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ABSTRACT 
Conventional power systems are predominantly composed of centralised large-scale 

generation sites that provide electricity to a large number of customers in a top-down 

unidirectional fashion and through transmission and distribution networks. To increase 

penetration of Renewable Energy Resources (RES) into this traditional power system and 

promotion of Distributed Energy Resources (DER) concept as an effective solution to 

deal with the challenges being faced in the conventional power system such as the energy 

losses, peak demand, peak generation, the infrastructure depreciation, and environmental 

effect, Microgrid (MG) concept is introduced. MG is defined as a locally controlled small 

unit of the power system that usually is in interaction with the main grid and is regarded 

as the building blocks of future Smart Grids (SGs). However, these systems are also 

capable of operating independently and isolated from the main grid, particularly in remote 

areas where access to the main grid is impossible or there is a disruptive event on the 

power system. The emergence of cutting-edge advances in the energy conversion and 

energy storage technologies and their commercial availability as well as introduction of 

various lucrative grid services that both grid and customers can benefit from derived the 

planners and engineers to further expand the flexibility, resilience and efficiency of MGs. 

To achieve this, Multi-Energy Microgrid System (MEMGS) concept as an expanded 

definition of MG was introduced to improve the efficiency of conventional energy 

systems, reduce air pollution as well as energy utilisation. MEMGS incorporates various 

energy technologies such as axillary boiler, gas turbine, RESs, thermal and battery energy 

storage systems that are fed by multiple energywares such as gas and electricity to supply 

multiple types of demands simultaneously such as electrical, heating and cooling loads. 

However, the integration of clusters of various technologies and concurrent delivery of 

different energy services causes additional complexities into the modelling and 

optimisation of these systems due to the potential interactions of energy vectors and 

various technologies at the consumer level.   

The economic viability of MGs and MEMGSs rely on the configuration and operating 

management of the technologies. Therefore, is a need to develop an effective and efficient 

planning framework that can handle the interaction complexities and nonlinearities of the 

system, determining the most appropriate architecture, selecting the energy conversion 

and energy storage technologies and energy supply alternatives from a candidate pool. 



 

v 

 

This thesis aims at addressing these challenges by initially developing a comprehensive 

and accurate dynamic model for MGs and MGESs components, investigating the 

technical and economic aspects, the nonlinear behaviour, maintenance and degradation 

phenomena, and uncertainties associated with technologies through Mixed-Integer Linear 

Programming (MILP) and Mixed Integer Quadratic Programming (MIQP). Then the 

established model is employed to establish and propose a multi-objective linearised 

planning optimisation approach. The architecture and choice of equipment of MEMGSs 

involve various elements such as availability and costs of the energy sources and 

equipment, and characteristics of the energy demand. Considering these factors, the 

proposed strategy allocates the size of the components utilised in the MGs and EMMGSs 

while meeting the defined performance indices such as degradation factor, reliability and 

grid power fluctuations smoothing indices. Once, the configuration and capacity of 

components are optimally determined, efficient energy management is required. The last 

part of this research focuses on energy management system scheduling and optimisation 

where the EMS scheduling module for MGs and MEMGSs are inspected considering the 

Time of Use tariff, peak shaving and valley filling functions, degradation of energy 

storage devices, along with the operating criteria and cost of the energy conversion units. 

Moreover, a real-time EMS solution is provided to deal with intermittent behaviour of 

RESs while participating in arbitrage market. The real-time EMS manages the energy 

flow optimally according to the acquired real-time data and its deviation from the original 

schedule attained in the scheduling optimisation stage. The primary objective of the EMS 

module development is to maximise profit while improving the performance of the 

MEMGSs. Throughout this research, the MILP and MIQP optimisation approach is 

adopted to achieve a fast convergence while avoiding complexity and long computation 

time that would cause due to the nonlinear behaviour and complex interaction of the 

technologies. Finally, having a practical insight into the challenges and concerns with 

connection adjacent MGs in distribution networks, an efficient centralised EMS 

optimisation framework is proposed to cope with the limitations and optimise the 

performance of the system, considering power losses, voltage deviations and nonlinear 

degradation of the components. The primary objective of this section of research is to 

achieve the optimal techno-economic solution.  
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1. INTRODUCTION 

1.1. Motivation  

Traditional utility grids are essentially centralised systems where the power flow is 

unidirectional; the electricity is generated at large concentrated power plants and 

delivered to customers through transmission and distribution systems. In centralised 

electricity generation systems, where the generation sites are predominantly located in 

areas that are geographically distant from the load being supplied, the security and 

efficiency of the system have been always a concern to planners and network operators.  

However, the drastic increase in energy demand due to industrialisation and a 

burgeoning population, along with remarkable advancements in harvesting Renewable 

Energy Sources (RESs), has inspired experts to introduce novel concepts and 

technologies that provide further flexibility, security, efficiency and reliability of energy 

supplies. Further, Smart Grids (SGs) have proven to be an innovative and effective 

concept to address the current and future shortcomings of conventional distribution 

networks. Implementing this concept transforms conventional utility grids from passive 

unidirectional networks with Distributed Energy Resources (DER) into active 

bidirectional systems. However, accomplishing this transformation using current 

infrastructure has created new challenges concerning the compatibility of incorporated 

technologies, the stability of the supply, its security and its flexibility. To facilitate this 

transition, the Microgrid (MG) concept is introduced as a building block for SGs in low-

voltage distribution networks, accommodating the integration of DER into the 

conventional utility grid.  

From the perspective of the grid, an MG is defined as a controllable subsystem 

comprising distributed energy sources such as RESs, Dispatchable Generators (DGs), 

Energy Storage Systems (ESSs) and controllable loads that are operated in a controlled 

manner [1]. MGs are capable of operation in the grid-connected mode, which is the 

predominant system configuration, or independently from the utility grid – also referred 

as to islanding mode – which is often the case in rural areas or when a fault has occurred 

within the utility grid. As an expansion to the MG design approach, Multi-Energy 

Microgrid Systems (MEMGSs) are proposed to incorporate various energy concepts – 

namely power, thermal storage and gas – that could be crucial in integrated energy 

networks.  
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These MEMGSs integrate multiple energywares at the input to feed various energy 

converters that are intended to deliver different forms of energy to the loads. This 

incorporation of energy resources to satisfy the energy demand requirements leads to 

improved energy efficiency, reliability, flexibility and resilience in the energy supply [2]. 

Further, MEMGSs are essentially hybrid MG systems capable of meeting multiple types 

of energy demands – such as electrical and thermal loads – simultaneously. Furthermore, 

MEMGSs can potentially increase the penetration of renewables into conventional 

distributed energy systems, mitigating the environmental issues associated with 

conventional power plants [7]. Finally, implementing MEMGS can effectively reduce 

energy production costs while meeting load requirements and improving the technical 

performance of the system, if an efficient and smart Energy Management System (EMS) is 

designed and implemented. Therefore, in terms of planning and operating performance, 

MEMGSs offer a more viable techno-economic and environmental solution than traditional 

and independent energy systems. These unique features of MEMGSs make them a suitable 

candidate for integration with SGs.  

The incorporation of MEMGSs in the utility grid paves the way for implementing SGs, as 

they provide flexibility and a greater degree of control over the parameters of a conventional 

distribution network. However, expanding their application comes at the cost of increased 

complexity owing to the potential interactions between energywares and various 

technologies. Because MEMGS is an expanded definition of MGs, they can also be operated 

in connection with the grid and in a standalone manner (isolation mode). To obtain an in-

depth understanding of MEMGS, we can utilise the energy-hub concept to distinguish the 

energy flow within the system. Considering a cogeneration system, two energy hubs can be 

distinctly identified – the heating and electricity hubs. These hubs are virtual aggregation 

points of different types of produced energy; in this case, electrical power and heat. The 

energy vector at the inputs of these systems can include diverse types of energywares such as 

gas, diesel, RES and imported electricity from the main grid. 

 MEMGs offer excellent energy efficiency by capturing the heat – a by-product of the 

electricity generation process – and utilising it for the simultaneous supply of multiple 

types of energy demands. This will lead to significant economic benefits in comparison 

to conventional independent heat and power production plants. However, deciding on the 

most suitable configuration of MEMGSs has always been a challenging issue due to the 

nonlinear and complex interactions between different energy converters. There are 

several factors that affect the selection of the technology and capacity of the equipment 

in an MEMGS system, such as the abundance and availability of resources, energy-
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demand profiles, investment costs, technical specifications and the operating constraints 

of energy converters [3–5]. Therefore, the optimal sizing of MEMGSs necessitates the 

establishment of a techno-economic model of the components and the relationships 

between energy conversion technologies and ESSs. The optimal coordination of energy 

converters within a system is of utmost significance to these systems, as the operating 

costs of elements directly affect the total cost of the cogeneration system, and hence, its 

payback period over the long-term [4,6]. Furthermore, the architecture and coupling 

factors of units depend on the demand features, cost of energywares and techno-

operational constraints of the components.  

In addition to the complexities stemming from the potential interactions of different 

technologies and the dynamics of Energy Storage Systems (ESSs), the integration of RESs 

into MEMGSs leads to new issues regarding the randomness of generation owing to the 

intermittent nature of these resources. Therefore, to mitigate the impact of this intermittent 

generation of RESs on the operation of MGs and MEMGSs, and to enhance the exploitation 

of RESs, the development of an EMS is essential for the economic management of the 

operations of the system and to satisfy the technical performance criteria whilst maintaining 

the generation–demand balance. 

In order to maximize the benefits of various energy conversion and ESS technologies, the 

implementation of a dispatch scheduling framework within the EMS is essential. The dispatch 

scheduling block is responsible for determining the operating setpoints of individual elements 

in the system, subject to the operating constraints of the utilised technologies and economic 

considerations. In general, this module is responsible for obtaining the energy flow in the 

system and managing the contributions of each element to meet the demand in the most 

economical manner. To achieve this goal, several approaches have been investigated, 

including dynamic programming, artificial intelligence-based EMS, heuristic and 

metaheuristic optimisation-based techniques and rule-based scheduling EMS. 

To guarantee the most economical operation of the EMS, it is vital to identify the cost 

components that contribute to operation costs and the revenue of the system. In this context, 

the total operating cost of the system can be divided into a few constituents: the first part 

includes the operation and maintenance costs attributed to energy conversion units and ESS 

technologies, and the second includes the associated costs with the main grid. The first part 

of the operation cost is dynamic, and is a function of several factors including the variable 

efficiency, the duration and magnitude of the generation and the on–off transition state. On 

the other hand, the costs related to the utility grid can follow different market policies. 

Generally, there are two main types of electricity pricing policies –the Time-of-Use Tariff 
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(ToU) and Real-Time Pricing (RTP) [7]. The ToU can be mathematically described as a 

stepwise function whose interval criteria are certain periods during the day. More precisely, 

the price that the customers are charged for power depends on the time for which that power 

transaction is performed. The RTP policy, however, varies depending on the demand and 

available generation at each point in time. This price is dynamically determined by the 

National Electricity Market (NEM) and is updated every 5 minutes (dispatch interval); the 

prices are settled every 6-dispatch interval (30 minutes), also referred to as the trading interval 

[8]. The price determined at each trading interval is what the customers are charged. Both of 

these pricing policies are applied to commercial customers depending on the scale of their 

consumption. This scheme encourages costumers to contribute to maintaining the demand–

generation balance and preventing voltage and frequency deviations. This creates a great 

opportunity for large-scale commercial MG and MEMGS as customers to increase their 

revenue.  

Once the cost elements of the main cost objective of the system are identified, an 

optimisation block must be integrated with the scheduling module. The optimisation module 

ensures that the decision-making in the scheduling block is optimal. In the literature, many 

approaches are reported for EMS optimisation, heuristic-based optimisation, stochastic 

programming, Model Predictive EMS (MPEMS), Mixed-Integer Linear Programming 

(MILP), Mixed-Integer Quadratic Programming (MIQP) and Mixed-Integer Nonlinear 

Programming (MINLP), to name a few [9]. 

When multiple adjacent MGs are connected, a Multi-Microgrid (MMG) is formed. 

Linking geographically close MGs provides a more flexible, stable and reliable power 

supply. The MGs in this network can share surplus generated power in cases of power 

deficits or failure. Furthermore, the MMG configuration mitigates the impacts of the 

intermittent supply of RESs and accommodates the integration of these variable and 

uncertain energy resources. However, adding or removing power from the main grid 

requires certain criteria to be followed to prevent potential adverse impacts on the grid 

parameters, including voltage and frequency. Small deviations of these parameters from 

the standard range are compensated by primary control systems. However, greater 

deviations should be mitigated at the tertiary control level using EMS. For instance, in 

accordance with the AS/ANZS 4777 standard, the converters should be capable of 

responding to voltage changes at the output terminals of the device to increase the number 

of systems connected to the grid without any adverse impact on the grid voltage [10]. To 

enable the technologies to respond according to the voltage-distortion range, it is 

mandatory for these devices to have a voltage-response function embedded in them. 
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Considering this implemented function within the energy converters can potentially make 

power-sharing solutions infeasible in practice. 

In summary, there are numerous challenges faced when enhancing the penetration of 

RESs and integration of MGs, MEMGs and MMGs into the conventional utility grid, as 

discussed above. These challenges include – but are not limited to – the design and 

planning stage of these systems, as well as the efficient energy management and control 

of these devices in the presence of system dynamics and complex interactions between 

the system elements. This research investigates these issues by considering the techno-

economic aspects surrounding them.  

1.2. Research Objectives  

The primary aims of this research are to initially investigate the optimal planning strategy for 

MGs and MEMGs. Next, the optimal energy management of MGs, MEMGS, and MMGs is 

studied, considering the technical and economic aspects of the system. To achieve these aims, 

the following steps are conducted:  

1. Developing an accurate model of the elements utilised in MGs and MEMGSs that 

reflects their transitional and dynamic behaviour is the main objective of this research. 

To achieve this, an investigation into the operating principle of individual 

components is necessary. Furthermore, understanding the nonlinearities associated 

with efficiency, maintenance and degradation of energy storage devices is essential. 

The randomness and uncertain nature of generation, along with the availability of 

generations units, is explored to define the technical performance indices.  

2. Realising the relationships between components within the system and establishing a 

mathematical time-series based model that represents the interactions of energy 

conversion units and energy storage system to sustain the demand–generation 

balance. In this stage, the load characteristics, RES generation, market pricing policy 

and other technical design and performance parameters – such as reliability and grid 

power deviations – are considered.  

3. Developing a multi-objective planning optimisation framework to determine the 

capacity and types of elements to minimise the total cost of the system while 

enhancing its performance. To achieve this, the model developed in the second 

objective is utilised and the capital cost, maintenance cost and operating costs of the 

individual components are taken into account. At this stage, owing to the existing 
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nonlinear and uncertain behaviour of the system – which potentially increases the 

computational burden of calculation – are transformed into linear and quadratic 

optimisation problems. Different optimisation approaches, including deterministic 

and stochastic techniques for the sizing optimisation of components, is evaluated by 

implementing these techniques on Renewable Microgrids (RMGs) and MEMGs. To 

ensure the globality of the optimal solution the MILP and MIQP optimisation 

algorithms are employed in this research.  

4. Developing a dispatch scheduling optimisation module for incorporation into an 

efficient EMS for MGs and MEMGs, which considers the operating conditions of 

dispatchable units, EES dynamic behaviour depreciation and maintenance cost, the 

demand and renewable characteristics. Furthermore, a real-time energy management 

algorithm based on the Model Predictive Control (MPC) strategy is designed for a 

large-scale grid-connected commercial MG that is equipped with a large battery 

storage system. This property of the MG qualifies it to participate in the arbitrage 

market. An evaluation of the performance of the developed EMSs is performed 

through the simulation platform, which uses the Matlab software along with IBM 

CPLEX studio, where the OPTI toolbox is employed.  

5. Expanding the functionality of the MG EMS into a centralised EMS system for MMG 

that is responsible for the optimal management of energy in an MG network. The 

impact of transmission losses, voltage deviations and practical operating limitations, 

in addition to the time-variant nonlinear characteristics of the energy conversion 

units, is investigated. The ToU pricing policy and variable degradation cost of ESS 

are considered when forming the objective function of the EMS optimisation 

problem. Further, the performance and operation of backup generators, which are 

used in cases of system failure or power deficits, are evaluated.  

1.3. Research Scope  

To achieve the goals defined in section 1.2, the followings requirements must be met:  

• Collecting the information required to be fed into the planning optimisation algorithm 

and EMS, including the heat- and electrical-energy demands, and solar PV and wind-

power forecast data, which can be accessed through the central data acquisition 

system implemented for the practical MG developed at Griffith University.  

• Additionally, the technical characteristics of the actual energy conversion unit – such 

as Combined Heat and Power units (CHP), auxiliary boilers, as well as the utility 
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pricing data for both ToU and RTP – should be investigated. Characterising the 

electricity and heat energy demands using the design value and annual energy demand 

are other requirements for this research. 

• The planning optimisation framework is written in Matlab and Python, in conjunction 

with IBM CPLEX Studio and the OPTI Toolbox. To facilitate the local storage and 

uninterrupted access to the forecast and actual arbitrage prices that are available from 

the Australian Energy Market Operator (AEMO), a local database that is 

autonomously updated in real-time is developed using the Python and MySQL 

programming languages. Then, the output of this database is plugged into the real-

time Model Predictive EMS (MPEMS). 

1.4. Contributions  

In this research, a comprehensive modelling approach is proposed for the elements 

utilised in MGs and MEMGSs. The operating model of the components, including their 

nonlinear time-variant behaviour, is initially developed using the time-series based 

approach. Further, to expand the model, the uncertainty associated with the energy 

demand and renewable generation – caused by imprecise forecasts and the intermittent 

behaviour of the system – is investigated. Finally, a relaxation framework to linearise the 

nonlinearities in the system is proposed to facilitate the implementation of planning 

optimisation and the EMS algorithm. Therefore, the nonlinear programming optimisation 

problem is converted into convex MILP or MINQP with linear constraints, leading to a 

faster convergence speed.  

Then, the developed model is employed to propose a planning optimisation framework 

for three different case scenarios, aimed at assessing different influential factors on the 

sizing-optimisation problem. 

In Australia, particularly in Queensland, many commercial buildings have currently 

installed solar PV systems, along with the power electronic devices required for exporting 

generated power. However, owing to the high cost of energy storage devices, many of 

these distributed generation systems are not optimally managed. This obviously causes 

instability in the main grid and leads to non-optimal operation of the MG. As a part of the 

development of the planning optimisation framework, two different approaches –

deterministic and stochastic-based optimisation – are investigated to determine the size 

of the ESS, which is the most crucial and expensive component in MGs. The deterministic 

planning optimisation approaches investigated here are heuristic and MIQP with 
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linearised constraints. Initially focusing on RMGs consisting of RESs, loads and upstream 

grids, a practical heuristic approach to achieve the optimal capacity of ESSs in grid-tied 

renewable microgrids is proposed, using peak-shaving and energy-saving techniques. 

However, if the system is designed to satisfy critical loads, the load profile has the most 

prominent influence on battery sizing. In the second technique proposed, an MIQP based 

two-layer optimisation technique is presented to allocate the most appropriate size of the 

ESS, with the aim of cost reduction for a grid-connected hybrid MG comprising 

dispatchable generators, RESs and ESSs. Although these two methods are efficient and 

practical even for large-scale problems with several DERs, the uncertainty and nonlinear 

characteristics of their components are not taken into account. Therefore, a multi-

objective stochastic-based optimisation framework is proposed to investigate the 

influence of the intermittent behaviour and stochastic availability of the dispatchable 

generators, the grid power fluctuations as well as the degradation of ESS on the solution 

of the planning optimisation problem. Following this, the developed planning 

optimisation framework is expanded for use with MEMGSs consisting of electricity and 

heating hubs. The developed multi-objective optimisation approach investigates the 

influence of power fluctuations and energy storage system dynamics on the optimal 

architecture of MEMGSs. 

Another contribution of this thesis is the development of a nested MIQP-based modelling 

approach to co-optimise the capacity and EMS schedule of MGs, encompassing the 

dispatchable generators, RES, critical loads and main grid. The inner layer aims to reduce 

the operating costs of the MG by solving the Unit Commitment (UC) problem. In this 

layer, the variable operating costs of the ESS, the peak-demand cost, and the costs for 

power drops have been taken into account. On the other hand, the outer layer minimises 

the investment costs of the ESS. The Particle Swarm Optimisation (PSO) and MIQP 

methods are employed to solve the outer-layer and inner-layer problem, respectively. As 

the actual generation and demand value deviate from the forecasted values – which is the 

assumption for the previously developed MG EMS – an MPEMS is proposed for large-

scale commercial buildings. To be able to participate in the arbitrage market, participants 

are required to meet certain definitions, created by the AMEO. The proposed MPEMS is 

a real-time MILP algorithm that considers the dynamic nature of RTP pricing policies 

and energy storage degradation, with the aim of profit maximisation. Providing the 

system with the long-term and short-term predicted parameters, a local database is 

developed using the Python and MySQL programming languages.  
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To expand the EMS designed for MGs with dispatchable generators, an efficient EMS 

for MEMGSs that are intended to supply heat and electricity is proposed. The interactions 

between the energy conversion units and ESSs (thermal and battery), nonlinear efficiency 

and depreciation cost are considered in the model. To deal with the nonlinearities and 

time-variant nature of the optimisation problem, a time series based MIQP method is 

proposed. Analysing the performance of the proposed MEMGS EMS, the effectiveness 

and efficacy of the approach is verified. 

The final contribution of this thesis is the development of a centralised MMG EMS to 

optimally manage the power flow in an MG network, to not only obtain the most 

economical operation of the MGs but to also address the voltage fluctuations on the nodes. 

The proposed approach satisfies the technical operating constraints, considering the 

battery energy-storage depreciation, transmission losses and the dispatchable units’ 

characteristics. Furthermore, owing to the high computational time required to solve the 

nonlinear optimisation problem, the MMG is modelled in the form of an MIQP to enhance 

the efficiency of the proposed approach. The obtained results demonstrate that 

considering voltage constraints has a significant impact on the optimal power flow 

solution of the MGs, as it maintains the voltage variation on the nodes to within a certain 

range, in accordance with the AS/ANZS 4777 standard. 

 

1.5. Thesis Outline  

This thesis is prepared in partial fulfilment of the requirements for the degree of Doctor of 

Philosophy (PhD). It is divided into six chapters. The first chapter provides a general 

overview of the field, introducing the challenges and problems affecting it and, subsequently, 

proposing some solutions. Furthermore, the objectives and scope of the research are described 

in this chapter. The outline of the rest of this thesis is as follows.   

Chapter 2 provides a comprehensive review of existing literature on this topic. The chapter 

initially provides a general overview of MEMGSs and MGs, highlighting the potential 

benefits of utilising these systems. Subsequently, various modelling techniques are discussed. 

Following this, the existing planning MG and MEMGS optimisation approaches are 

reviewed. Furthermore, the hierarchical control architecture and different configurations of 

EMSs are described. The energy management framework, unit commitment and economic 

dispatch problems, along with various optimisation algorithms, are discussed. Finally, the 
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advancements in EMS strategies, optimal scheduling and real-time EMS are described in 

detail.  

In Chapter 3, the mathematical models of individual components – including RESs, energy 

storage systems and dispatchable energy conversion units – are developed. The energy 

demand and upstream grid characteristics are discussed in detail. Furthermore, a stochastic 

approach and linear-programming framework are developed to mitigate the uncertainties and 

nonlinear behaviours associated with the components of the MGs and MEMGs.  

The focal point of Chapter 4 is the architectural design and planning of the MGs and 

MEMGSs. The optimal size and types of elements are determined according to the demand 

and grid characteristics. This chapter initially considers MGs to investigate the performance 

of the various planning optimisation approaches by analysing the operating performance of 

the components and evaluating their performance indices. Then, the proposed techniques are 

expanded and utilised for designing the optimal configuration of actual MGMESs. Therefore, 

a multi-objective planning optimisation strategy, employing the MIQP algorithm, is proposed 

to determine the capacity, types of energy conversion and ESS (both thermal and battery), 

while minimising the cost.  

Chapter 5 presents different strategies for the design and implementation of EMSs in 

MEMGSs and MGs. Two main EMS optimisation frameworks are investigated in detail, 

including the scheduling and optimisation of EMSs. Identifying the technical criteria and the 

cost factors contributing to maximising profit, the nonlinearities that affect the performance 

of the EMS and economic viability of the system are modelled in the form of mixed-integer 

quadratic programming. Furthermore, a multi-objective real-time EMS framework for grid-

connected MGs – with the aim of profit maximisation – is developed in the presence of 

dynamic pricing. Finally, a centralised EMS for a distributed MG network, considering the 

voltage fluctuations, is proposed in this chapter.  

Chapter 6 concludes the thesis, summarising the key contributions along with 

recommendations for future work in this field. 
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2. BACKGROUND AND EXISTING 

WORK 

2.1. Introduction 

Conventional energy networks, such as gas and electricity networks, are implemented 

and operated independently. In addition to the adverse environmental impacts of 

conventional energy production methods, they suffer from low energy security, high 

operation costs, low energy efficiency and low robustness [1]–[3]. To resolve the 

aforementioned issues, Multi-Generation Plants (MGP), also called Multi-Energy 

Microgrid Systems (MEMGSs), consisting of several renewable resources, distributed-

electricity units and heat-generation units have been introduced. These units are the 

expanded forms of MG systems that incorporate other sources and technologies to 

enhance the efficiency, reliability, resilience and stability of the energy supply and the 

main grid [4]. The key feature of these systems is their potential to capture the heat 

produced as a by-product of electricity generation to satisfy the thermal or cooling 

demand, improving the sustainability of energy production. Deploying energy-efficient 

technologies in MEMGS will ultimately lead to techno-economic and environmental 

benefits, as well as improvements in energy supply security and efficiency.  

 

Figure 1 The conceptual schematic representation of the MEMGS 

The coupling of multiple energy converters, such as gas turbines as primary movers 

and absorption chillers or heat pumps as the secondary movers, facilitates the 

decentralisation of generation systems that are supplied by different energywares, such 
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as gas, water, hydrogen and distributed heat. In essence, the structural configuration 

adopted, the employed energy-converter technology and the corresponding energy 

carriers at the inputs define the flexibility, economic profitability and extent of efficiency 

improvements. The conceptual schematic of a typical MGMES is shown in Fig. 1, where 

multiple energy vectors are supplied to the system – namely renewables, electricity from 

the upstream grid, water, natural gas and hydrogen – along with multiple energy output 

demands, including electrical, heating and cooling demands. The MEMGSs are the 

primary generation blocks in Smart Grids (SGs).  Depending on the requirements of the 

energy carrier and energy demand, the architecture of MEMGSs can vary. Amongst 

various existing MEMGSs [5], [6], Combined Heat and Power (CHP) systems, so-called 

cogeneration systems, have received considerable attention owing to their flexibility and 

security in energy provision. This is primarily because of their high overall energy 

utilisation efficiency, which can reach up to 80% [7], [8]. These features result in 

economic and environmental benefits [5]. The integration of Renewable Energy 

Resources (RESs) and traditional energy production methods in cogeneration systems 

create a large number of variables, including the physical limitations regarding energy 

carriers and energy resources. Hence, both the design and planning of these systems 

requires significant attention to consider all factors contributing to CHP operation. 

Significant research has been carried out into this topic and several techniques have been 

proposed to achieve both optimal equipment capacities and the optimal operating 

schedule of CHPs, which is further discussed and particularly focused on in the following 

sections.  

In addition to the design and planning of MEMGSs, the operational management of 

the resources and energy storage devices is of utmost importance, as the adopted strategy, 

its efficacy, and its practicality will justify the economic profitability of these systems. It 

is important to note that the operational management of the components within the 

MEMGS system plays an important role in the long-term economic viability of the 

project.   

2.2. Multi-Energy Microgrid System Modelling Approaches 

Generally, MEMGSs are modelled based on the energy flow analysis method, 

segregating the energy hubs and energy carriers according to the type of energy demand 

[9]. This approach focuses on the steady-state of devices rather than the transitional or 

dynamic characteristics of the system. However, the energy-flow model provides 
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adequate accuracy at the initial design and planning stage. Considering energy-flow 

theory as the modelling technique, at the lower hierarchy of modelling, the CHP can be 

modelled either statistically or by employing a time-series dynamic approach; each 

technique has its own applications and advantages [10].  

In the literature, different models have been developed, considering various technical 

and economic aspects of MEMGSs to help design the system components and scheduling 

approaches that can address reliability and economic concerns. In [11], the authors 

employed the coupling algorithm, based on statistical modelling, to model and determine 

the optimal MEMGS configuration, taking into account economic, energy and 

environmental objectives. Furthermore, [5] introduced a new concept on the statistical 

modelling of MEMGSs, considering the dependency of energy carriers on each other, 

which will lead to efficiency improvements and operational cost reductions for MEMGSs. 

The papers [12] and [13] proposed a time-series based generic model using energy-flow 

and energy-hub concepts, considering the conversion efficiency of the devices as a 

function of the load and their operating conditions. In [14] and [15], the authors reported 

a robust optimisation approach to solve the energy-hub operation scheduling problem, 

with the aim of cost reduction and satisfaction of the technical requirements. In these 

works, the uncertainty parameters have been taken into consideration. 

Employing the energy-flow and statistical model provide adequate accuracy at the 

design stage, including component capacity allocation and configuration, and the 

distribution management system can be developed as in [16]. In contrast, the time-series 

approach and energy-hub concept offer a more accurate modelling technique in which the 

dynamic and variable operational constraints of energy carriers are taken into 

consideration [8]. Nevertheless, taking the dynamic characteristics of the MEMGS 

equipment into account increases the complexity of the optimisation problem and 

converts it into a nonlinear programming (NLP) problem. However, only a few of the 

previous studies have taken the cost associated with the on-off state transition of the 

generators and output variation constraints into account. 

2.3. Planning and Design of Multi-Energy Microgrid Systems 

2.3.1. Significance of Energy Storage Systems  

Microgrids (MG), as a part of smart grids and a specific form of MEMGSs, offer 

several advantages to modern power distribution systems. From the grid's perspective, an 
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MG is defined as a controllable subsystem, comprising distributed energy sources such 

as Renewable Energy Sources (RESs), dispatchable generators (DGs), Energy Storage 

Systems (ESSs), and controllable loads [17], [18].  Although MGs enhance the efficiency 

and flexibility of the smart grids, they introduce new challenges to costumers in terms of 

optimal planning and operational management. These issues stem from the intermittent 

nature of RESs and demand requirements, as well as uncertain generation characteristics 

of the DGs. To overcome these new challenges, ESSs are employed in conjunction with 

RESs and DGs, compensating for the generation uncertainties in MGs. The ESS captures 

the produced energy during the availability period of generation units and dispatches this 

energy in the event of power outages and during the off-peak period [19], [20], resulting 

in improvements in system reliability and security.  In addition to this, ESS can contribute 

to peak-load management, voltage and frequency regulation, power-quality 

improvements and higher RES penetration [21]–[23]. The technology of the ESS depends 

on the desired application and performance, such as Battery Energy Storage Systems 

(BESSs), Thermal Energy Storage (TES) and Hydrogen Storage (HS) [24]. Fig. 2 

illustrates the potential advantages of employing energy storage systems in MEMGS. 

However, BESSs, in particular, are investigated in this study for dealing with electrical 

demand and commercial availability at a reasonable cost.  

 

Figure 2. Potential advantages of employing ESSs in MEMGSs 

Nevertheless, owing to the high capital costs associated with BESSs and their short 

lifespan in comparison to the other MG components, it is important to find an optimal 

size to avoid wastage of resources and inefficiency. To accomplish this, different 

indicators and criteria can be defined according to the primary objectives and 

requirements of the system. These BESS capacity optimisation criteria can be classified 
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into four different categories – economic, technical, environmental and hybrid metrics 

[25], [26]. 

2.3.2. Planning optimisation techniques for microgrids 

Currently, in Australia – particularly in Queensland – many commercial and residential 

buildings have already installed solar PV systems along with the power electronic devices 

required for exporting and importing power into and from the main grid. However, owing 

to the high cost of energy storage devices, many of these distributed generations are not 

optimally managed. This obviously causes instability in the main grid and non-optimal 

operation of MGs.  

In previous studies, several techniques have been reported to optimise the capacity of 

BESSs in MGs, depending on the application requirements. The proposed optimisation 

approaches can be categorised into four main groups – probabilistic, analytical, artificial-

intelligence (AI) based and hybrid methods. Another technique of classification involves 

the factors and components considered in constructing the objective functions. 

Probabilistic-based techniques such as chance-constrained, stochastic and robust 

optimisation-based approaches are suitable in cases where limited historical data is 

available, and the uncertainty of variables must be taken into account. For instance, a 

Monte Carlo simulation-based method is proposed in [27] to determine the optimal 

capacity of hybrid energy storage by testing a large number of scenarios. The hybrid 

energy storage system – involving heating energy storage and battery energy storage – 

enables the system to quickly respond to power peaks while extending the lifetime of 

energy storage and enhancing the reliability of the system. In another study [28], the 

authors established a stochastic model to determine the most suitable capacity of BESS 

that results in maximum economic profits in a power grid integrated with wind 

generation. Accommodating the intermittent generation of wind, the stochastic model is 

converted to a deterministic optimisation problem by employing the point-estimation 

method. This transformation results in a smaller computational burden and faster 

convergence. Chance-constrained models are established to account for the random 

behaviour of RESs, as employed in [29] and [30], in both the optimal power-flow 

scheduling and capacity determination of BESSs. In [29], researchers developed a 

chance-constrained optimisation technique where the random fluctuation of wind 

generation is handled by creating various scenarios using Monte Carlo simulation. The 

optimal operation of the BESS is obtained according to the operating strategy. Then, at 
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each iteration of the genetic algorithm, the compliance of the solution with the chance 

constraints is tested.  

In [28], the authors proposed the chance-constrained optimisation problem to optimise 

the size of the BESS, considering the forecast errors attributed to both wind generation 

and demand. Two types of constraints – scenario generation and transmission range-

related constraints – were defined and transformed into deterministic constraints to 

enhance the operational reliability of the algorithm. Further, the stochastic programming 

technique is widely employed to model the uncertain nature of renewable sources and 

prediction errors – as reported in [28], [31] and [32] in the form of single-, two- or multi-

stage programming, respectively. In two-stage or multi-stage programming, the decisions 

at each stage are taken according to the possibilities from the previous stage. Another 

study [32] investigated a two-stage stochastic approach to optimise the BESS capacity 

for islanded MGs, considering the volatility of RES generation and demand-forecast 

error. To solve the established stochastic optimisation model, a mixed-integer linear 

method is employed. The main drawback of probabilistic approaches is the high 

computational burden imposed by the analysis of a great number of generated scenarios. 

Analytical methods, so-called deterministic techniques, are implemented to calculate 

various system configurations and criteria. Although these methods are applicable in 

some cases, their computational performance is significantly affected when considering 

multiple objectives. A study [33] presented a two-step analytical BESS capacity 

optimisation method for a data centre, to maximise the profit while also increasing the 

reliability of the system. The first stage of the process accounts for BESS degradation and 

grid-associated costs when calculating the monthly profits and losses. The second stage, 

however, increments the battery capacity to obtain the difference in energy costs as a 

result of charging and discharging. A repetitive-based analytical algorithm to compute 

the annual profit and payback period and facilitate decision-making regarding the optimal 

capacity of energy storage has also been proposed [34]. Moreover, the authors investigate 

the worst-case scenario to determine the optimal size of the BESS by averaging the 

historical demand profile. 

Artificial intelligence (AI) based algorithms are improvements on conventional 

analytical methods, where the search space is refined after each iteration, leading to high 

performance [19], [35], [36]. These algorithms are classified into recursive approaches, 

such as dynamic programming and heuristic methods – which include particle-swarm, 



 

18 

 

genetic or bat algorithms. However, the main shortcoming of these methods is the 

possibility of converging at the local optimum. For instance, researchers in [19] adopted 

a double-layer BESS size optimisation strategy to minimise the MG operating cost and 

investment cost attributed to the BESS. The mesh adaptive direct search algorithm is used 

to solve the sizing model, whereas an improved particle-swarm approach is used to 

address the economic-dispatch problem. Furthermore, a study [36] has addressed the 

BESS capacity optimisation problem by employing a three-stage operation strategy, 

focusing on cost optimisation and profitability enhancement of MGs. The economic 

dispatch at each stage of the proposed multi-stage operation strategy is defined as a 

separate objective function including continuous-run, power-sharing and switching 

modes, which occur under different operating conditions. The outer layer of the 

optimisation is responsible for fulfilling the BESS sizing criteria using a particle-swarm 

algorithm, whereas the inner layer is used to obtain the most economic operation schedule 

by solving the above objectives using mixed-integer linear programming and linear-

programming algorithms. 

Hybrid methods, which are a combination of the aforementioned techniques, allow the 

algorithm to mitigate the drawbacks of using just one algorithm, and provide an effective 

and quick solution to the BESS sizing-optimisation problem. In manuscript [37], a bi-

level stochastic optimisation model is developed to determine the optimal size of a BESS 

in an MG consisting of a PV, load and upstream grid. Considering the degradation cost 

of the BESS and uncertainty of PV generation, the operating cost is minimised in the 

lower layer and the upper layer optimises the capacity of the BESS. These optimisation 

techniques are applicable to MEMGS planning, where not only the capacity of the energy-

storage elements is determined but also the technology and size of the prime movers and 

secondary movers are optimised. The classification summary of the optimisation 

approaches described above, along with their advantages and shortcomings, are shown in 

Table 1. 
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Table 1.Classification summary of the optimisation approaches 

Optimisation 

technique 
Significant features Advantages Limitations 

Probabilistic  

 Using standard deviations of system 

performance 

 Annual average monthly performance 

 Convolution technique using PDF 

 Lowest complexity 

 Ascertains the worst-case 

scenario 

 

 Locality of the optimal solution  

 Oversizing could occur  

 

Analytical 

 Computational models that describe the 

hybrid system size as a function of its feasibility 

 Hybrid optimization 

 

 Performance can be 

assessed for a set of possible system 

architectures or a particular size 

of the components 

 Optimality is determined 

through a single- or multiple-

performance 

index 

 Requires a significant amount of 

historical data 

 Limited number of scenarios can be 

computationally handled  

 

Iterative  

 Recursive process-based method that stops 

when the best configuration is reached according to 

design specifications 

 Evolutionary algorithm Genetic Algorithms 

(GAs); particle-swarm and meta-heuristics 

approaches are the stochastic global search and 

optimization technique 

 Capable of dealing with 

nonlinearities 

 Can compensate for a lack 

of information  

 

 In an iterative process, each particle 

continuously records the best solution thus 

far; hence, the method is computationally 

expensive 

 Only has a single objective 
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 Trade-off between exploration and 

exploitation  

Hybrid 

 Combination of different iterative methods  

 Incorporated with analytical approaches  

 Capable of solving multi-

objective optimisation problems 

 Includes both deterministic 

and probabilistic criteria 

 Improved convergence time 

 Self-adaptive balancing 

between exploration and exploitation 

of the search algorithm 

 High flexibility  

 Inefficiency in algorithm 

exploitation  
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In addition to the optimisation approach used, the BESS capacity optimisation problem 

can be categorised according to the factors considered in the operating model. For 

instance, in papers [22], [38] and [39], the authors proposed methods to optimally 

determine the BESS capacity for both islanded and grid-connected MGs, where achieving 

a target reliability level is the primary objective due to supplying critical loads.  

Furthermore, another study [40] reported a comprehensive approach to allocating the 

most appropriate power rate and capacity of the BESS for an MG considering the impact 

of BESSs on system reliability, the factors affecting BESS degradation and the optimal 

operation of the DGs. The primary focus of the study was on maximising economic profit. 

In these studies, not all of the aforementioned economic factors have been considered; for 

instance, the costs associated with peak and valley were not considered in the operating 

costs of the MG. 

On the other hand, other studies [35], [41] have solely considered the price of 

electricity and battery-degradation costs in the objective function, aiming to reduce the 

operation and investment costs of MGs. Further, some publications [23], [42], [43] have 

investigated the BESS sizing-optimisation in an MG by solving the unit-commitment 

problem while considering the volatility of wind power as the RES. In [42], the impact of 

switchable loads on the capacity and power ratings of the BESS and optimal scheduling 

of MGs is specifically studied. However, the authors have not assessed the impact of the 

intermittent characteristic of RES, reliability and BESS depreciation on the optimal size 

of the BESS. The significance of the Time of Use (TOU) tariff on the optimal size of the 

BESS, for both residential and industrial loads – with the goal of maximising profit – is 

addressed in [44]. Although the authors consider the cyclic degradation of the BESS, peak 

shaving and valley filling – which incur significant operating costs – are not implemented 

in the proposed method. The sizing and coordination of the BESS in MGs consisting of 

RESs and conventional generating units, with the aim of lowering the operating costs by 

alleviating the peak power and managing the energy consumption, are explored in [43], 

[45]. The major shortcoming of the approaches proposed in these papers is either the 

negligence of BESS depreciation, grid fluctuations or the impacts of reliability on the 

optimal size of the BESS.  

2.3.3. Energy Converter Size Optimisation in MEMGSs 

There are several factors involved in selecting the technology and capacity of the 

equipment employed in a cogeneration system, such as the abundance and availability of 
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resources, energy-demand profiles, investment costs, technical specifications and the 

operating constraints of the energy converters [46]–[48]. Therefore, the optimal sizing of 

cogeneration systems necessitates establishing a techno-economic model of the 

components and the relationships between energy converters. The optimal coordination 

of energy converters within a system is of utmost significance as the operation costs 

directly affect the total cost of the cogeneration system, and, in turn, its payback period 

over the long-term [47], [49].  

Furthermore, the architecture and coupling factors of units depend on the demand 

features, cost of energywares and techno-operational constraints of the components. A 

cogeneration system is generally composed of combined heat and power (CHP) units and 

ancillary boilers (AB) as the primary and secondary energy converters, respectively, and 

an ESS. Cogeneration systems are capable of operating in both stand-alone and grid-

connected modes. The grid-connected system has garnered significant research interest 

in recent years owing to its high reliability, flexibility and security in supplying power 

[10], [50]. The performance of the cogeneration system is affected by the operational 

constraints and efficiency of the energy-conversion units. The efficiency of an energy 

converter is a dynamic function of the temperature and output power at which the device 

is operating [51]. Moreover, the dynamic behaviour of the equipment, particularly ESS 

units, plays a crucial role in the optimal sizing of the components. 

Another important factor affecting commercial and industrial grid-connected systems 

is the power fluctuations of the upstream grid [43], [52]. Since utility companies are 

required to respond to the demand at any given time, peak demand for a short period 

forces the utility grid to dispatch more generation units, imposing a high cost on the 

network. To compensate for this excess cost, customers are charged for the gap between 

their average and peak-demand value [53].  

2.3.4. Optimal planning strategies for CHP systems  

Several previous studies have focused on operation strategies and the structural 

planning of cogeneration systems, taking the environmental, technical and economic 

aspects into account. However, most authors have merely considered the technical and 

economic perspectives associated with the sizing and optimal scheduling of cogeneration 

systems without addressing the impact of ESS degradation and grid-power fluctuations 

[11], [54], [55]. The general structure of CHP systems is shown in Fig. 3. 
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Figure 3.Typical structure of a CHP system 

In one study [56], the authors introduced a multi-level optimisation approach, the first 

level of which evaluates all possible configurations through a combined cost and energy 

utilisation objective function. The second and third level, on the other hand, assess the 

optimised configuration and apply modifications wherever necessary. This study focuses 

on the economic viability of the cogeneration system in a district heating network; 

therefore, it considers a seasonal planning approach where the grid power fluctuations, 

and the dynamic and nonlinear operation of elements in the system are not addressed. 

Several other studies [3], [48], [57], [58] have focused on the existing uncertainties in 

electricity and gas dynamic pricing, the generation of renewables and energy demand 

using probabilistic methods, while attempting to lower CO2 emissions. However, in [3], 

[48] and [57], the authors have not considered ESSs in their structural optimisation 

models. Moreover, in [58], the authors not only ignored the impact of power fluctuations 

and BES degradation on the optimised solution but also employed a nonlinear model to 

solve the established planning problem. In [59], the authors presented a two-layer 

framework using the Dynamic Programming (DP) optimisation strategy for configuration 

design and operation of hybrid energy plants to simultaneously minimise the carbon 

emissions and total cost of the system. The first stage of the proposed method aims at 

maximising the economic profit and minimising the carbon emissions over the lifetime 

of the project by selecting a random structure at a minimum investment cost, whereas the 

second stage focuses on the optimal scheduling of the equipment with the objective of 

reducing the operating costs. Similarly, in [60] and [61], the authors used an adapted 

Genetic Algorithm (GA) and MINLP as the inner and outer layers, respectively, of the 
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proposed two-stage cooptimisation technique to determine the optimal size of the 

components for optimised operation of the system. A similar approach is adopted in [62], 

with an emphasis on the net-zero emission constraint as the environmental factor and the 

demand response to determine the sizes and types of the components. However, none of 

the abovementioned articles account for the mitigation of power variations and the 

degradation of BESs. Furthermore, employing a nonlinear modelling approach results in 

computational complexity and a longer convergence time.  

On the other hand, [63] proposed a robust optimisation method to optimally integrate 

various energywares, considering the intermittency of renewable energy sources. 

Furthermore, [2] assessed the impact of climate at the location of trigeneration systems, 

so-called Combined Cooling, Heating and Power (CCHP) systems, on the size and choice 

of components by analysing different scenarios to address the optimal element-sizing 

problem. The equipment selection is based on minimising the objective function, which 

solely considers the energy-consumption costs. A similar approach was developed in [64] 

and [65] to optimally schedule the operation of the components within a distributed 

network, with the aim of minimising operation costs and environmental damage. The 

nonlinear transmission constraint of natural gas is approximated using a linear piecewise 

function to convert the MINLP to linear form. However, no energy storage is included in 

the investigated structure. In [66], the authors addressed the optimal selection and 

capacity of energy converters, considering the reliability of supply as well as cost 

minimisation. Further, in [67] and [68], researchers developed a sizing and placement 

algorithm in which the operation and investment costs of cogeneration systems are 

minimised in a distributed system. The costs associated with power losses, the voltage 

profile and energy outages, along with their related constraints, are included in the 

optimisation model. A multi-criterion fuzzy-based decision-making approach has also 

been proposed to deal with the complexity of selecting the proper configuration from the 

energy source pool, considering ecological and environmental impacts [69]. However, 

the authors merely inspected the choice of energy-source technology rather than the 

detailed component specifications. 

  Further, several research papers have focused on the optimal dispatching of energy 

converters in a cogeneration system, considering the economical or environmental 

aspects of the system [7], [12], [70], [71]. In [7], the authors proposed an operational 

model for CCHP units, taking the demand response and dynamic operation of energy 

storage into account. However, the variable operating costs of energy storage and the 
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variable maintenance cost of conversion units have not been considered. Further, in [72], 

the authors proposed a unit-commitment based approach to optimally schedule a multi-

energy conversion system along with energy storage. 

2.4. Multi-Energy Microgrid Systems Energy Management  

2.4.1. Hierarchical control architecture  

Owing to the increasing energy demand in recent decades, MEMGS are envisioned as 

key components in smart grids. The important feature of MEMGSs is their capability of 

providing a sustainable, reliable, high performance and economically beneficial energy 

supply. The availability and abundance of energy sources, such as renewables and fossil 

fuel, at the potential geographical location of each MEMGS determines the technology 

and size of the components, as discussed in the previous section. The integration of 

various energy sources facilitates the resolution of issues associated with conventional 

centralised energy plants, such as low resilience and reliability, high losses, and 

significant greenhouse emissions. 

To improve the exploitation of renewable energy sources and the efficiency of 

MEMGS, designing an efficient system that can control the MEMGS parameters is 

essential [73]. In this context, the control system structure constitutes of three key 

hierarchical levels – primary, secondary and tertiary controller levels – as shown in Fig. 

4. 

The primary control system is a localised control system that is mainly responsible for 

the implementation of power-sharing; real-time monitoring and protection strategies; 

voltage and frequency stability; and current-phase, voltage-phase and amplitude control. 

To accomplish these functions, a continuous, fast response with high time resolution is 

required. These systems are constantly communicating with the upper control level, the 

so-called secondary controller.  

Nevertheless, if the network-parameter deviations are greater than a certain range, the 

secondary controller regulates these fluctuations caused by sudden variations in loads or 

energy generated by the generation units. In other words, the sudden great imbalances 

between generation and demand that would lead to significant deviations in system 

parameters – namely voltage and frequency – are compensated by the secondary 

controller by implementing active and reactive power control [74]–[76]. 
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Figure 4. Hierarchy of the control system structure 

Tertiary control systems are positioned at the top of the control hierarchy pyramid and 

referred to as the supervisory-control units, which calculate the active and reactive power 

setpoints for the secondary controller. These setpoints are obtained by participating in the 

energy market and considering the efficiency-related variables along with reliability, fault 

management, etc. In other words, the tertiary controller is equipped with efficient and 

complex optimisation algorithms and the mathematical model of the system, which allow 

it to solve the economic-dispatch and unit-commitment problem, with the primary aim of 

operating-cost minimization while meeting technical criteria.  

The primary aim of Energy Management Systems (EMSs) is to determine the 

economic dispatch of all generating units as well as energy-storage devices within the 

Distributed MEMGS (DMEMGS) to reduce the operating cost while meeting the energy 

demand.  

2.4.2. Distribution configurations of energy management systems   

A Distributed Multi Energy Microgrid System (DMEMGS) consists of two or more 

MEMGS and upstream electricity and heat networks. The DMEMGS tertiary control 
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systems can be classified into direct and indirect approaches in terms of the feeder 

topology with respect to the main grids and one another, as described in [77].  

The chief issue with using DMEMGS is the stabilisation of the electricity network 

characteristics, namely voltage and frequency, at the Point of Common Compiling (PCC). 

The PCC is the point at which the electricity hub within the MEMGS is connected to the 

upstream electricity grid as an input to supply the electrical demand to the energy 

converters that transform electricity to other forms, such as cooling and heating energy. 

The power flow control for the aforementioned DMCE structures is performed through 

either centralised, distributed or decentralised power-management systems.  

 

Figure 5. Centralised control strategy architecture with multiple MEMGSs 

Decentralised control strategies are used in feedback multiple input multiple output 

control systems that require no communication infrastructure. In this configuration, a 

controller is responsible for making decisions for the assigned individual subsystems 

based on aggregated local information. Therefore, despite the provision of relatively 

stable control, the optimality and security of the system cannot be guaranteed, leading to 

poor performance.   

In contrast to decentralised controllers, centralised controllers – which rely on the 

communication channels – provide a suitable platform for the implementation of voltage- 

and frequency-stabilisation strategies [78].  
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Although centralised controllers facilitate smooth control and power transfer between 

the DMEMGSs and provide higher flexibility and predictability at a low cost, they suffer 

from low reliability [79]–[81].  In the centralised MEMGS control-system architecture, 

information is fed back to the controller for making decisions at the centre, as represented 

in Fig. 5. Analysing the collected information, including the state of charge of energy 

storage, renewable generation, voltage and frequency values, a decision is made at the 

centre and the control signals are transmitted through the communication channel to the 

MEMGSs.  

  

Figure 6.Distributed control strategy architecture with multiple MEMGSs 

On the other hand, distributed control architectures – also referred to as hybrid 

decentralised control strategies – benefit from the distribution of computations burden 

and communication complexity. This approach allows the controller to enhance the 

overall performance of the system, as the controllers connected to each MEMGS can 

communicate and exchange information. However, there is a trade-off between the 

communication burden and performance. 

As stated in Chapter 1, this study particularly focuses on the supervisory layer of the 

energy-management system. Hence, solving the unit-commitment and optimal-dispatch 

problems is the primary task of the tertiary control system. The following sections 
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investigate existing approaches, their limitations and important parameters that can 

influence the optimal solution, and consequently, the performance of the MEMGS. 

2.4.3. Energy management system framework 

EMSs primarily comprise two main layers: the supervisory layer and inner layer [82], 

as shown in Fig. 7. The supervisory layer, which is at the higher level of the management 

hierarchy, is responsible for the day-ahead planning based upon the predicted energy 

demand and RES generation.  
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Figure 7. Energy management system framework 
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On the other hand, the inner layer is assigned to control the MEMGS equipment 

according to the instantaneous demand values and RES powers, along with the inevitable 

deviation of these variables from the scheduled values. 

The function of the optimised scheduling algorithm implemented in the EMS is to 

optimally dispatch and solve the unit-commitment problem for the MEMGS. The core 

assumptions of offline stochastic approaches are the perfect forecasting of RESs, demand 

and market prices. However achieving accurate predictions in practice is very difficult 

owing to the intermittency and uncertainty of renewables, volatility in load demand and 

randomness of the market price [83]–[85]. 

Various strategies and mechanisms to optimise the operation of an MEMGS have been 

investigated in previous studies. In [86], an EMS for an MEMGS was devised, to transfer 

the power fluctuations into the gas network with the purpose of ensuring power stability 

and reliability while reducing the operational costs. Further, the nonlinear multi-energy 

coupling of the MEMGS was taken into account. To solve the optimisation problem, a 

two-stage optimisation algorithm based on MINLP was employed. In [75], the authors 

introduced a two-layer hierarchical optimisation approach to optimally manage the 

energy flow in an MEMGS network consisting of several MEMGSs. The inner layer was 

assigned to schedule the operation of each MEMGS individually, whereas the outer layer 

was responsible for the optimal management of the network with the aim of cost 

reduction. To solve the optimisation problems, a mixed-integer linear algorithm was 

employed. The dynamic pricing policy, the nonlinearity of fuel consumption, 

maintenance costs and the physical constraints of the generators were also considered. 

In [87], a scheduling strategy to determine the optimal operation of an MEMGS is 

proposed, with the primary aim of operational cost minimisation. This method takes the 

ESS degradation and fuel costs of the dispatchable generators into account. To solve the 

optimisation problem, MINLP was employed. The drawbacks of this method include not 

accounting for the variable efficiency of the fuel cost and the conversion efficiency of the 

dispatchable generators. It also neglects the operational constraints of the generators. In 

[88], a multi-objective optimisation approach is developed to reduce the operation costs 

and carbon emissions while improving the efficiency of the MEMGS. The proposed 

model considered the spinning reserve, the fuel-cost models of the energy converters and 

physical characteristics of the energy converters.  However, this method considered 
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neither the ageing of the ESS nor the peak and valley cost when reducing the costs of the 

system.  

2.4.4. Unit commitment and economic dispatch  

The Unit Commitment (UC) and economic dispatch module can be regarded as a 

subsystem of the EMS that determines the operation schedule of generation units such 

that the load requirements are satisfied [89], [90]. The technique employed to solve the 

UC problem may differ depending on various factors, such as the load type, which can 

be either deterministic or stochastic [91], and the types of constraints of the problem [92]. 

The constraints of the UC problem are determined according to the primary objectives of 

the system, such as profit maximisation, supply security, the reduction of environmental 

effects or time taken [92], [93]. 

Several critical criteria must be considered when solving the UC problem, including 

operating reserves, ramp times, initialization costs and network security [94]. With regard 

to the system security, in case of failure of an operating generator, it is necessary to 

quickly compensate for the deficit power using available and synchronized power [95]. 

To achieve this, operative reserve capacity is considered in microgrid networks. The 

operative reserve consists of spinning reserves and non-spinning reserves (supplemental). 

The generators intending to provide these reserves should be capable of reaching their 

promised capacity within 10 minutes [96]. Therefore, this is alternatively called the 10-

min reserve capacity [97]. Further, generators are not able to instantaneously produce 

power when they are switched on or immediately cease production when they are 

switched off; the time taken to begin and cease production differs according to the 

generator type. This limitation arises owing to thermal stress and the mechanical 

limitations of the equipment [98]. It plays a significant role in meeting the power demand 

during the transition time of generator failure. The physical limitations explained above 

impose two additional costs on the system: start-up and shutdown costs. Once a generator 

is started, it consumes power at its input without initially generating power at the output. 

In other words, the shutdown and initiation of a generator increase the costs of the system.  

The operation of generator units is optimised from economic, environmental and 

security perspectives [90], [92]. However, economic benefits have been always of interest 

to power-production companies. As a matter of fact, it is the primary cause of establishing 
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UC problems. Solving UC problems increases profitability as well as reliability of the 

system. 

Significant research has been carried out to improve the performance of unit 

commitment and dispatch solution algorithms by improving the operational model of the 

dispatchable generators and reducing the complexity of the problem [89]–[92], [94], [95], 

[99]. Some research effort has been dedicated to microgrids consisting of both renewable 

resources and conventional generation units, along with energy-storage systems to 

mitigate the intermittency of RESs. To reduce the complexity of the problem, initially, a 

grid-connected MG consisting of RESs, dispatchable generators (DGs) and ESSs to meet 

the load requirement is considered, as shown in Fig. 8. The quantity and type of DGs 

depend on the load characteristics, the availability of the fuel, the budget limit and other 

factors [100]. The RESs shown in Fig. 8 includes solar Photovoltaic panels (PV) and 

Wind Turbines (WTs). 

 

Figure 8. Conceptual diagram of an MG architecture consisting of dispatchable energy conversion 

devices – so-called dispatchable generators – an ESS and RESs 

Different microgrid configurations and optimisation techniques increase the 

complexity of the UC problem; therefore, different approaches are developed based upon 

the requirements of the system. In [101], an improved genetic algorithm is used to address 

the UC problem for an MG, in both islanded and tied-grid operating modes. The objective 

function is to minimise the operation costs, while that of the grid-connected mode is to 

maximise profit. In [102], the authors proposed an extended priority list (EPL) technique 

consisting of two stages to solve the UC problem. In the first stage, a priority list (PL) 

approach is employed, wherein the operational constraints of units are ignored, and in the 

second step, the operational constraints are applied to the primary PL using a modification 
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algorithm, with the aim of cost minimisation. On the other hand, in [103], a combined 

constraint logic programming (CLP) and branch and bound (B&B) strategy is proposed 

to solve the UC problem and achieve a superior configuration in less time. However, this 

approach does not guarantee a globally optimal solution. 

In [95], the available techniques to address the UC problem – considering the 

intermittency of RESs – are investigated.  To solve the UC problem, various algorithms 

have been used, including Dynamic Programming (DP) [104], Lagrangian Relaxation 

(LR), and Priority Lists (PLs) [102], [104]. However, increasing the number of generators 

exponentially increases the number of possible solutions and the complexity of the UC 

problem. Later, evolutionary algorithms were introduced to determine the best generator 

configuration, with the aim of reducing computational time and operating costs, as 

explained in [105] and [106]. Generally, these methods can be categorised into four main 

types: heuristic and classical or mathematical, meta-heuristic and hybrid [95]. The 

heuristic method is simple, and its convergence time is short. However, it is inaccurate, 

and the optimal solution might not even be achieved. The table below summarises and 

compares the classical algorithms proposed to solve the UC problem. 
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Table 2. Comparison of classical algorithms to solve the UC problem 

Category Method Advantages Disadvantages 

Classical 

Dynamic Programming [104], 

[107] 

Solution feasibility/Can solve 

problems of different sizes owing to the 

simplicity of model modification/  

Commitment time interval 

limitations/Suboptimal scheduling 

might be achieved/Time-dependent 

start-up cost 

Difficult to include constraints 

affecting a single unit/Suboptimal 

treatment of minimum up- and down-

time constraints  

Lagrangian Relaxation [102], 

[104] 

Easy to modify the model/Capable of 

handling different types of constraints and 

characteristics of a particular utility 

Does not satisfy system-wide 

constraints/Cannot optimally deal with 

sensitivity problems  

Stochastic/Quadratic/Mixed 

Integer Linear and Mixed Integer 

Quadratic [108] 

It guarantees optimal solutions at 

minimum total costs/Can solve UC and 

economic load dispatch 

simultaneously/Flexible and accurate 

modelling/Obtains a globally optimal 

solution. 

Higher computational costs in 

comparison to deterministic 

approaches  

Branch and Bound [103] 
Can achieve optimal solutions for 

problems of limited size 

Rapid increases in processing time 

with increases in the problem size  

Nonlinear Programming [109] 
Can model power-generation 

characteristics in detail  

Increases the complexity and 

dimensions of the problem  

Meta-Heuristic Artificial Neural Networks [90] 

Capable of modelling nonlinear 

features of the system/Can handle large-

scale and complex problems with related 

parameters  

Rapid augmentation of computing 

time with increases in the size of the 

problem. 
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Simulated Annealing [90], [93] 

Simple implementation/Gradual 

improvement of the given initial 

solution/Independence of the final 

solution from the starting point/Can 

optimally converge to the solution 

Long processing and computation 

times 

Genetic Algorithm  [101] 
High flexibility in time-dependent and 

coupling-constraint modelling 

High computation time/Does not 

guarantee a globally optimal solution 

Particle Swarm [110] 

Capable of solving nonlinear 

problems/ Is easy to implement/Fast 

convergence time 

Candidate solutions are encrypted 

as real numbers. However, control 

variables vary in discrete form, leading 

to significant errors/Slow convergence 

in the local search process 

Fuzzy Logic [111], [112] Can handle qualitative interpretations. 
Not capable of handling large-scale 

systems 

Hybrid Meta-Heuristic [113], 

[114] 
 

High speed/Accurate solutions/Global 

solution is achieved 
Requires complex fine-tuning  
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2.4.5. Energy management optimisation strategies  

In addition to the deployed control structure and control strategy, the power losses and 

efficiency of power electronic devices are two important factors that affect the quantity 

of power being transferred or converted in MGs. There is significant research on power-

flow optimisation strategies as the main responsibility of the tertiary control system in 

MGs. 

In [115]–[118], the optimal operation management of components in MGs that are 

connected to a single feeder was investigated. These studies primarily focused on 

improving the economic viability, reducing carbon emissions, and enhancing the 

efficiency of MGs while meeting the operation criteria of the components. In [115], the 

economic feasibility of the MG was enhanced through peak shaving and a net-zero energy 

balance strategy using MILP; in [116], the authors utilised a rolling-horizon approach to 

address the existing uncertainties in renewable generation and demand forecasts, as well 

as demand-side management. However, these publications failed to address the issues 

associated with voltage fluctuations, energy storage depreciation, and transmission losses. 

In [82] and [117], the authors adopted an MILP-based economic dispatching strategy 

to optimally schedule the distributed generation units and energy storage devices within 

MGs, considering the impact of cyclic degradation of the energy storage. 

Some articles employed a stochastic programming approach, which is a validated 

framework to compensate for errors in forecasting parameters, in combination with other 

control techniques such as the receding horizon [119] or MINLP [120]. This helped 

effectively mitigate the operating costs of the MG. Nevertheless, the voltage deviations 

and transmission losses were neglected in these studies. Furthermore, the conducted 

research in [81] proposed a real-time deterministic power flow optimisation approach to 

centrally control multi-energy storage systems located on different feeders of a distributed 

MG system. The primary objective in these articles was to decrease the operating cost 

while satisfying the demand and taking the impact of ToU tariff, transmission-line losses 

and the time-varying behaviour of distributed generation into consideration. In [121], 

energy management was performed on a distributed MG network by constructing a 

nonlinear multi-objective optimisation problem to simultaneously minimise the operation 

cost and net emissions. In the study, the authors considered the demand response and 

criticality of the demand. However, the main shortcoming of these studies is that the 
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voltage variations associated with the magnitude of the import/export power would limit 

the operating region of the power electronic devices. This would subsequently impact the 

optimal dispatch schedule of the DMG. 

On the other hand, other studies [122]–[125] have focused on addressing the main 

shortcomings of centralized control, deploying complex decentralised control strategies 

to minimise the operation costs of the distributed MG systems, considering various 

parameters such as the wear cost of the components, the demand-response program and 

the stochastic behaviour of the load and renewable resources. In [122] and [123], a 

sequentially coordinated control strategy is suggested to distribute the computational 

burden among individual controllers, achieving optimal operation of the components 

while meeting the load demand. The proposed control system consists of 𝑛 + 1 

controllers corresponding to each MG, along with a central system that serves as the 

central power flow controller. In [124], the authors developed a multi-agent based 

distributed energy management algorithm for hybrid multi-MG systems using non-

cooperative game theory. The study primarily focused on efficiency improvements and 

reductions in energy costs and computational time, considering energy storage 

depreciation and power losses.  

In contrast, some papers have focused on the effect of the stochastic nature of 

renewable energy sources and demand to enhance the reliability and security of the power 

supply [125], [126]. In [125], a decentralised control system is presented for a distributed 

MG system consisting of PVs and energy storage units, which utilises the branch-flow 

model to construct a convex quadratic function. Nevertheless, a majority of the reported 

strategies have neglected the voltage fluctuations on the buses – which are proportional 

to the magnitude of the power being transmitted – voltage limits and nonlinear efficiency 

of the converters, which directly correlate to the power at the input and the nonlinear 

transmission losses as a function of the power flowing through the feeder. Furthermore, 

some of the employed optimisation techniques, such as the rule-based and rolling-

horizon-based systems, are unable to attain a globally optimal solution.  

Table 3 provides a summary of the most widely applied control algorithms at the 

tertiary level in the control system hierarchy and their corresponding significant features.  

 



38 

Table 3. Most commonly used control algorithms at the tertiary level in control systems 

Control algorithm Applicability 

Dynamic programming 

 The optimisation algorithm is based on splitting the problem 

into smaller sub-problems 

No standard model, more difficult for complex models 

Provides the globally optimal result 

Model Predictive Control 

(MPC) 

 Used for studies in scheduling and near real-time operation that 

consider uncertain parameters and constraints 

Heuristic and meta-

heuristic optimization 

Considers the network’s technical constraints 

Works with single- and multi-objective functions 

Considers uncertainties 

Provides a locally optimal solution 

Mixed-integer linear 

programming 

Takes a short time to obtain the solution 

Models the discrete operation of some power components 

Start-up and shut-down costs 

Quadratic programming 
The objective function has quadratic terms 

Has a standard model, easy for implementation 

Mixed-integer nonlinear 

programming 

Considering the network’s technical constraints 

Works with single- and multi-objective functions 

Provides a globally optimal result 

2.4.5.1. ESS Scheduling System 

A typical energy management system comprises loads, distributed energy resources – 

including distributed generators – and ESSs, which can operate in either isolated or tied-

grid configurations [85], [127]. Depending on the available resources, a combination of 

two or more types of renewable energies may be used in a renewable microgrid (RMG) 

to improve the reliability and efficiency of the system [120]. The RMG systems are 

designed to operate either in standalone or grid-connected modes. Isolated RMGs are 

suitable for remote areas, where access to the power grid is not feasible or electrification 

is expensive. On the other hand, the main purpose of using grid-tied RMG systems is to 

mitigate electricity bills and provide secure power systems in the event of outage [129]. 

The time-variability of renewable resources, such as wind and solar power, prevents 

RMGs from reaching their maximum potential. 

The ESS plays an important role in the MG Energy Management System (EMS) in 

terms of optimal scheduling of the charge/discharge rate and time. Scheduling of the ESS 

can affect the total cost of the MGs as it reduces the energy purchased from the grid and 
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the operational costs by managing the peak/off-peak hour load consumptions and demand 

charges through peak shaving [23], [42], [130].  

In previous studies, various approaches have been proposed to determine the optimal 

operation of ESSs, with the aim of benefit maximisation and improvements in penetration 

of the RESs. In [131],  a hybrid scheduling system to manage the power flow of the ESS 

is introduced. In this control strategy, two genetic algorithms, along with a fuzzy-expert 

system, are employed to determine the optimal schedule. The first genetic algorithm 

determines the fuzzy rules and the other adjusts the membership function of the fuzzy 

system. 

Further, in [132] and [133], a method for the optimal scheduling of the ESS is 

proposed, which takes the reliability constraints into consideration. This method employs 

a dynamic programming approach to achieve optimal operation of the microgrid 

equipment while fulfilling the load requirements at a minimum electricity cost. It also 

reduces the stress on the ESS and subsequently prolongs the lifetime of the BESS.  

In [134], the authors employed Model Predictive Control (MPC) to optimally plan the 

operation of the ESS, with the aim of prolonging its lifecycle. The ESS degradation – 

which is a nonlinear function of various factors such as the operating temperature, state 

of charge, maximum depth of discharge and the current rate – is modelled using a 

piecewise function. The objective of the study was to minimise the cost while prolonging 

the lifespan of the ESS. The optimisation problem was solved using the MIQP method. 

In [135], a rule-based control algorithm was proposed to schedule the operation of the 

ESS for a renewable microgrid consisting of a wind farm and solar PV. In this system, 

the current and SOC of the ESS were maintained within a certain range; hence, the 

lifetime of the ESS increased significantly.  

In [136], the authors proposed a fuzzy-logic based controller to obtain the optimal 

operation of an ESS considering real-time energy pricing. The input variables of the 

control system were the energy price, power generated by RESs and load requirements. 

This technique, however, did not consider the variables related to the ESS lifetime and 

energy price variations.  

In [137], the authors presented a real-time strategy to optimally schedule the operation 

of ESSs in a renewable microgrid by employing a forecast-less charge controller for the 

ESS. The proposed method comprises a rolling-horizon, fuzzy-logic rule-based controller 
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and a self-adaptation control system to tune the membership function. This technique 

facilitates high-speed calculations owing to the simplicity of the fuzzy system. However, 

the main disadvantage of this approach is the dependency of the optimal solution on the 

initial values, conditions and other parameters such as past performance of the ESS. In 

[138], an optimal scheduling approach is proposed for a renewable microgrid consisting 

of a wind turbine, solar PV and fuel cell as renewable resources. By applying the Virtual 

Power Point (VPP) concept, the optimal dispatch of the of ESS units in the system was 

achieved. This method takes the generation cost as the primary goal of the optimisation, 

subject to technical constraints. To solve the optimisation problem, an MILP method is 

applied. In [139], an energy-management strategy is introduced, which applied a unit-

commitment and rolling-horizon technique, further drawing comparisons between UC-

based EMSs and a hybrid RHUC system. This technique applies an MILP technique 

based on the developed forecasting model to solve the optimisation problem. To forecast 

the load demand two days ahead, an artificial neural network is employed. The drawbacks 

of the two aforementioned studies are that they neglect the ageing and degradation of the 

ESS.  

In [82], the authors propose a predictive energy management system to optimally 

control the operation of the ESS. This approach considers the associated degradation cost 

as a function of the DOD. The developed hierarchical dispatch model consists of two 

layers: the inner layer minimises the operation cost, and the outer layer mitigates the 

variations caused by forecasting errors. In [140], a predictive energy management system 

is presented for a PV + ESS system in an isolated configuration. The study aimed to 

reduce outage durations through pre-emptive shedding of the load and predictions of the 

RES energy production. The SOC of the ESS and the probability of outages are predicted. 

In [141], an optimal scheduling system for ESSs is suggested, with the aim of 

maximising profit. In the proposed algorithm, economic savings are maximised by 

controlling the discharge/charge time of the ESS, considering a real-time pricing policy. 

Although this method provides effective economic insight for managing the operation of 

the ESS, it considers neither the operational model nor degradation factors of the ESS. 

The second drawback of this method is the limited number of price ranges over the 

operating horizon. In [142], the authors present an interval-based optimisation approach 

to optimally schedule the operation of microgrid equipment such that profit is maximised. 

The developed scheduling strategy considers the ToU tariff as well as the uncertainties of 

load and RES forecasting. The major drawback of this method is neglecting the battery 
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ageing and degradation factors of the ESS; further, it does not consider the transitional 

constraints and costs associated with generators. 

In  [143], a scheduling method for ESSs is proposed by solving the security unit 

commitment (SCUC) for a day ahead. The Lagrangian relaxation method is employed to 

achieve an optimal plan for the charging and discharging of the ESS. In [144], a control 

algorithm for multiple ESSs is designed, with the aim of peak shaving in a network. The 

proposed strategy does not consider variable operational costs and the type of ESS. 

Further, uncertainties in load prediction have not been taken into account. In [145], the 

authors proposed a two-stage stochastic scheduling strategy for a microgrid including 

dispatchable generators and RESs. The first stage of this algorithm is to determine the 

optimal solution according to the historical data one day in advance. On the other hand, 

the second stage of the algorithm mimics the real-time operation of renewables. The main 

objective of this approach is cost minimisation and enhancements to the reliability of 

onsite RES production. 

2.4.5.2. Real-Time Energy Management Systems 

Although the integration of RESs into MEMGS systems along with ESSs leads to 

economic profit, the volatility and intermittency of RESs create reliability and stability 

issues if they are not managed effectively [78]. Several approaches have been reported in 

research to address the MEMGS scheduling problem a day in advance, as described in 

section 2.4. These strategies are developed based upon the forecasted load profile and 

RESs; therefore, they are at higher levels in the EMS hierarchy. To mitigate the 

instantaneous variation in energy production of RESs – which can affect the performance 

of a system – it is necessary to design a real-time energy management system (RT-EMS) 

[85], [146]. In order words, the primary task of the RT-EMS is to control the operation of 

the MEMGS from economic and technical perspectives [139]. To achieve this, the RT-

EMS performs a short-term operation scheduling process and makes decisions based on 

the predicted values and measured values [85].  

In [84], a RT- EMS optimisation is proposed for a grid-tied MEMGS consisting of a 

wind turbine, diesel generator and ESS. The primary objective of the developed RT-EMS 

is to minimise the energy costs, power fluctuations and import-power deviations. The 

developed algorithm employs the predicted data for the next two days. In paper [148], the 

authors introduced two different methods to design a real-time RT-EMS with the aim of 

reducing the costs and minimising the deviations from the day-ahead schedule. The 
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objective of the first method, which is categorised as an optimisation-based approach, is 

to minimise deviations from the original schedule. This method is preferable when 

dealing with complex constraints, but is time-consuming. On the other hand, the second 

method, which is a heuristic approach, dispatches the energy that deviates from the 

schedule to controllable DGs and ESS, in consideration of the economic perspective. This 

method has a rapid response to variations and is applicable when dealing with too many 

DGs. In [83], a model based on stochastic optimal energy flow is proposed, which applies 

the Lyapunov optimisation method and aims to reduce long-term operational costs. This 

method satisfies the voltage-tolerance and demand-balance constraints, while 

simultaneously minimising energy loss. 

In paper [149], the authors designed an RT-EMS system based on a predictive-control 

algorithm that solves the steady-state and transient control optimisation problems. This 

technique is applicable for both islanded and grid-connected systems, with fast responses 

to system variations. The proposed strategy takes dynamic pricing and peak costs into 

consideration. The main drawback of the system is that it neglects the ESS degradation 

factor, which affects the optimal operation of the MEMGS. Further, in [150], a real-time 

fuzzy-based control system is proposed for a hybrid renewable energy system, with an 

emphasis on cost minimisation and stability enhancement. The RESs are given the highest 

priority and ESS energy is only used when no peak is predicted to mitigate the load 

fluctuations.  

In [151], the design procedure and implementation of an RT-EMS are given, which 

uses the Genetic Algorithm (GA) to reduce the operational costs and carbon emissions 

while increasing RES penetration. The established fitness function considers the 

operating costs and transitional cost of the dispatchable generators, along with the energy 

tariff. In [152],  the authors propose an offline optimisation algorithm to achieve optimal 

operation of the ESS in an MEMGS in real-time. Initially, offline optimisation is 

performed using the predicted energy profile, assuming that it is perfectly forecasted. 

Subsequently, a sliding window-based strategy is applied to modify the optimised 

solution from the offline algorithm according to the acquired real-time data. The primary 

aim of this technique is to minimise the operational costs of the system. However, this 

technique considers a priori statistical assumptions, which are not guaranteed in practice. 

In [153], the authors proposed a method based on model predictive control (MPC) to 

optimally manage the MEMGS components, with the aim of cost minimisation. This 
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method applies a statistical approach to obtain the load and renewable forecast, based on 

which the generation schedule is optimised. Then, the MPC algorithm uses the optimal 

solution to control the MEMGS in real-time. Further, in [146], a particle-swarm 

optimisation (PSO) based RT-EMS is reported, with the objectives of operational cost 

reduction, operational efficiency maximisation of the RES and environmental-emission 

reduction. The demand and RES production values were considered to be constant during 

the sampling interval, which was about 3 minutes.   

In [155], a fuzzy controller consisting of 25 rules to optimally control the MEMGS 

components, including RESs, was devised. The primary objective of this RT-EMS was 

to minimise the power fluctuations and maintain the energy of ESS within certain limits. 

It was assumed that neither the load nor the RES was controllable. The design parameters 

of the system, including the rules and membership functions, were optimised using an 

offline optimisation procedure. The significant feature of this method was its quick 

response to energy demand variations, considering the secure ESS power and energy 

limits. In [156], the authors present an online EMS control technique to minimise 

operational costs, carbon emissions and power losses. The RT-EMS applied a non-

dominated sorting genetic algorithm to address unit-commitment and economic load-

dispatch problems. Although the proposed method was accurate, the interval optimisation 

time was 15 minutes, which is fairly high.  

 

 

 

 

 

 

 

 



 

44 

 

2.5. Summary 

This chapter provided a comprehensive literature review on MEMGSs and MGs, 

including their component modelling, planning optimisation frameworks and algorithms, 

EMS technologies and relevant optimal control strategies. It is shown that MEMGSs and 

MG modelling approaches are divided into statistical-based and time-series dynamic 

based modelling techniques. Then, a review on planning and design optimisation 

strategies is conducted, where the architecture design approaches for ESS and energy-

conversion units are separately explained. Furthermore, different configuration design 

techniques for a CHP system, as the most common form of MEMGSs, are reviewed. 

Subsequently, the control system hierarchy utilised in MEMGSs and MGs is discussed. 

Various EMS configurations – including centralised, decentralised and distributed EMS 

architectures – are listed, along with their advantages and shortcomings. Following this, 

the EMS framework – including inner and supervisory layers along with their relevant 

control strategies for operation scheduling of ESSs – and dispatchable energy conversion 

units in MGs and MEMGs, along with their optimisation algorithms are categorised and 

discussed.  
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3. MULTI-ENERGY MICROGRID 

SYSTEMS MODELLING 

3.1. Chapter Overview 

This chapter explores various approaches for deriving the mathematical model of the 

components commonly utilised in a MEMGS. In modelling of the components, two 

primary objectives are followed including the simplicity of the model, and closely 

reflecting the nonlinear, stochastic behaviour of the components. However, 

oversimplifying the mathematical expression of operating conditions of a component may 

result in losing the accuracy in modelling technical characteristic of the components. On 

the other hand, modelling the nonlinear and stochastic nature of components would lead 

to complexity of mathematical expressions and hence computational burden. Therefore, 

there is a trade-off between the level of complexity and accuracy while modelling the 

components. The following sections in this chapter investigate the most appropriate 

modelling approach for each component depending on their application and contribution 

of their characteristics in planning and control of MEMGSs. 

The distributed energy resources and components are modelled using a time-series 

approach to accurately reflect the dynamic behaviour. Preserving the existing nonlinear 

operation characteristics of elements while effectively reducing the complexity of the 

model, linear approximation techniques in the form of MILP and MIQP are adopted. 

Similarly, the wear cost of ESSs is mathematically described as a MILP and MIQP model. 

Furthermore, the uncertainty associated with the system elements including the 

dispatchable generators, RESs and load is inspected in this chapter. Taking the intrinsic 

nonlinearity and uncertainties related to the system element into account whilst evaluating 

the performance of the system at the planning and operation management stages allows 

the planners to consider the stochastic behaviour and availability of the components. This 

will lead to making a techno-economic decision on the configuration and type of the 

elements in MEMGSs at the design stage and dispatch schedule at the operation control 

stage.  For instance, the uncertainty modelling which is dynamically calculating the 

outage probability of induvial units and will result in opting the best operating decision 

of the unit so that the reliability and resiliency, and stability criteria are met.  
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3.2. Component Modelling 

3.2.1. Renewable energy sources 

Over the last few decades, the energy sources have been continuously evolving, from 

non-renewable resources such as fossil fuel and coal which were the only sources for the 

provision of energy required for the industry as well as household. However, with the 

rapid climate changes in the last half of the century, researchers have been overwhelming 

performing research on sustainable energy resources, developing new technologies and 

commercialising these technologies towards a non-renewable free future [1].  

Renewable energy resources can produce clean energy, lessening the CO2 pollutants 

and environment pollution. Even though renewable energy resources are diverse and 

never-ending resources, the limited supply of these resources and some hurdles and 

challenges associated with the exploitation of these resources. The feasibility and 

reliability of these resources are the two major concerns that the researchers and engineers 

have been addressing them over the years.  To overcome these challenges and enhance 

the utilisation of renewables, new concepts and technologies such as Smart Grids are 

introduced to integrate these resources with the conventional energy generation methods 

for reducing the dependency of energy production on non-renewable sources [2], [3]. 

There are a variety of renewable energy resources (RES), namely wind, solar, tidal, 

geothermal, hydropower, etc. However, there exist several factors contributing to the 

selection of RESs of which the geographical location of the harvesting site, the 

implementation cost and the required specific conditions, maintenance cost, construction 

materials, scale, security issues, etc. For instance, hydropower or hydro pump storage are 

two of the most mature renewable power source and energy storage technology that has 

been widely used. However, the implementation and applicability of these plant or storage 

system require certain geotechnical and geological assessment.  

On other hand, when it comes to the applicability, accessibility, and relatively less 

geotechnical considerations with great flexibility in project scale capability, the choices 

would be limited to only a few options including photovoltaic and wind turbines. These 

technologies are less space occupying and have been commercialised at a reasonable cost. 

Hence, in this research, the focus is on wind turbines and solar PV as renewable energy 

resources.  
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1.1.1.1. Wind Turbine 

Wind Turbine is regarded as one of the most mature and cost-effective renewable 

energy harvesting machines. Nowadays, with several energy resources emerged, there is 

an ongoing competition between wind turbines and other sources of energy. Hence, the 

continues improvement if the performance characteristics are of utmost significance. 

Furthermore, the lifetime, reliability, and maintenance cost of these wind energy 

conversion systems (WECS) are determinative factors in the design and development of 

these energy generation systems. 

The type of the WECS varies depending on the position of the rotating axis including 

the vertical axis and horizontal axis wind turbines, and the employed technology in the 

generators [4]. Amongst the emerged WECS technologies, the variable-speed variable-

pitch wind turbines, namely double-fed induction generator-based wind turbines, as well 

as permanent magnet synchronous generators-based wind turbines have attracted 

remarkable attention due to their great performance efficiency and flexible control 

capability. These technologies are further investigated in the literature and are not the 

focus of this study. However, the common characteristic of these wind energy harvesting 

technologies is the randomness of generated power at any given time that is caused by 

the volatile and intermittent nature of the wind energy.  

The wind is an intermittent source of energy depending on the land terrain at a 

particular location, the weather variations and its height with respect to the ground level. 

Hence, capturing the wind speed (𝑣) is essential to forecast the wind power generation. 

There are many approaches proposed to model wind variations [5], [6]. The Weibull 

probability distribution function is the widely used and most appropriate characterisation 

method to predict the wind speed as expressed below: 

𝑓(𝑣) = (
𝑘

𝑐
) (
𝑣

𝑐
)
𝑘−1

. 𝑒−(
𝑣
𝑐)
𝑘

(1) 

where 𝑓(𝑣), c, and k are the wind distribution function, scale parameter in 
𝑚

𝑠
 which is

proportional to the average wind speed, and shape parameter. The shape parameter is 

calculated according to the distribution of the wind speed and is normally determined 
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between 1 and 3 and the more volatile and variable the wind speed is, the smaller this 

quantity will be.   

At the design stage, the calculation of the potential harvested wind power is an 

important task. To accomplish this task, collecting the wind data including the speed as 

well as direction is essential. However, as the weather station might be located at a 

different height than the actual prospect height, it is required to extrapolate the wind 

profile at a different height using: 

 
𝑣ℎ𝑎
𝑣ℎ𝑏

= (
ℎ𝑎

ℎ𝑏
)
𝛼

 (2) 

where 𝑣ℎ𝑎, ℎ𝑎,𝑣ℎ𝑏 and ℎ𝑏 represent the wind speed at the height which it is measured 

for heights a and b, respectively. 

Given that the prediction of wind speed is achievable, the output power of the wind 

turbine can be obtained by calculating the kinetic energy content of the wind that can be 

captured by the blades of the wind turbine at any particular time as represented below: 

 𝑃𝑊𝑇 =
1

2
𝜌𝑎𝑖𝑟 × 𝐴𝑠𝑏 × 𝑣 

3 (3) 

where 𝜌𝑎𝑖𝑟 , 𝐴𝑠𝑏, 𝑣 
3 respectively denote the air density, the area the is swept by the 

rotating blades and the wind speed. However, it is obvious that the extraction of all of this 

potential power is impractical due to the losses involved in the conversion process 

namely, the mechanical or gearbox losses, the rotor and shaft efficiency, and power 

electronic devices efficiency. To account for these losses a performance coefficient,𝐶𝑝 ,  

is defined and multiplied by 𝑃𝑊𝑇 to obtain the generated output power 𝑃𝑊𝑇
𝑜𝑢𝑡 as expressed 

in the following: 

 𝑃𝑊𝑇
𝑜𝑢𝑡 =

1

2
𝐶𝑝 × 𝜌𝑎𝑖𝑟 × 𝐴𝑠𝑏 × 𝑣 

3 (4) 

The important characteristics of WTs are the rated power and rated speed, denoted by 

𝑃𝑟 and 𝑣𝑟, respectively. The real data for wind speed, 𝑣(𝑡) for a duration of one year can 

be collected from the weather station located at the site of the understudy project. The 

output power of WT, 𝑃𝑊𝑇 is described as in (1) and can be represented as in Fig. 9 [7]. 
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 𝑃𝑊𝑇(𝑡) =

{
 

 
0                                      𝑣(𝑡) < 𝑣𝑐𝑖 𝑜𝑟 𝑣(𝑡) > 𝑣𝑐𝑜

𝑃𝑟 ×
𝑣(𝑡) − 𝑣𝑐𝑖
𝑣𝑟 − 𝑣𝑐𝑖

             𝑣𝑟 ≤ 𝑣(𝑡) ≤ 𝑣𝑐𝑖

𝑃𝑟                                      𝑣𝑟 ≤ 𝑣(𝑡) ≤ 𝑣𝑐𝑜

 (5) 

 

 

Figure 9. Operating Curve of wind turbine 

As demonstrated in Fig. 9, there are 3 main operating points on the wind speed axis in 

the operating curve of a wind turbine including the cut-in, cut-out and rated speed. The 

corresponding generated power at the rated speed is the rated capacity of the wind turbine. 

The cut-in speed value at which the turbine can start generating power at the output. In 

contrast, the cut-out speed is the marginal value beyond which the operation of the wind 

turbine is unsafe.   

1.1.1.2. Solar photovoltaic  

There are various solar PV technologies available in the market, namely thin film, 

monocrystalline and multicrystalline silicon. Many efforts have been dedicated to 

improving the efficiency and reduce the dimensions of the PV modules in the commercial 
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range at a low price. The choice of the type of PV technology depends on the application 

of the system in which they are employed.  

 

In order to model the solar PV modules as a renewable generation unit, it is imperative 

to identify the parameters impacting the produced power of a single array. The amount of 

generated power at the output of PV arrays depends on the operating point voltage and 

maximum power point which are a function of the temperature of the array, the solar 

irradiation captured and PV characteristics. The broadly used equivalent circuit model of 

a PV cell is comprised of a current source implying the current induced by irradiation 

(𝐼𝑝ℎ), connected in parallel with a diode (D) and a shunt impedance (𝑅𝑠ℎ). These elements 

are connected to a resistor in series (𝑅𝑠) representing the existing structural and material 

losses as demonstrated in the Fig. 10 [8]–[10]. The I-V characteristic of solar PV arrays 

can be expressed using: 

 𝐼𝑝𝑣 = 𝐼𝑝ℎ − 𝐼0 × (𝑒
𝑉𝑝𝑣+𝑅𝑠.𝐼𝑝𝑣
𝑉𝑡ℎ.𝛼 − 1) −

𝑉𝑝𝑣 + 𝑅𝑠𝐼𝑝𝑣
𝑅𝑠ℎ

 (6) 

 

Figure 10. Equivalent circuit model of a PV cell 

where 𝐼𝑝𝑣, 𝐼0, 𝑉𝑝𝑣, are 𝑉𝑡ℎ respectively the output current of the PV array, diode 

saturation current, the output voltage of the solar array, and the thermal voltage of the 

array as explained in details in [9]. The solar-induced current (𝐼𝑝ℎ) can be defined as a 

function of light density ratio (𝐺𝑟), the temperature coefficient (k), the ambient 

temperature during operation (𝑇𝑎), and the rated current at the test condition (𝐼𝑇𝐶) which 

explains the dependency of the PV arrays on temperature and solar irradiation.  
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 𝐼𝑝ℎ = 𝐼𝑇𝐶 . 𝐺𝑟[1 + 𝑘. (𝑇𝑎 − 25°)] (7) 

The above equations determine the I-V characteristic of the PV array. The 

implemented Microgrid facility at Griffith University utilises 14 kW of monocrystalline 

SunPower and 1.5 kW of multicrystalline Kyocera PV arrays. The I-V curve for the 

SunPower E20 series is demonstrated in Fig. 11 to represent the dependency of PV output 

with temperature and light intensity.  

 

Figure 11. The current-voltage curve for SunPower E20 series Solar array [11] 

Nonetheless, in some cases, as reported in [12], the dependency of PV generation and 

operating temperature may be neglected to simplify the calculation. Hence, the PV array 

output power is expressed as the multiplication of efficiency and solar radiation as 

represented below:   

 𝑃𝑃𝑣(𝑡) = 𝑁𝑝𝑣 . 𝜂𝑃𝑣. 𝑆. 𝐺(𝑡) (8) 

where 𝑁𝑝𝑣, 𝜂𝑃𝑣 , 𝑆, and 𝐺(𝑡) are number of panels, the efficiency of PV panels (%), 

the area of a PV array (m2) and 𝐺(t) the instant solar radiation in 𝑤/𝑚2, respectively. 

The generated power of the PV arrays can be achieved employing the collected 

irradiation data as a time series and substituting these values in the described equations. 

The calculated generated power in the form of time series is utilised to train the long term 

and short forecast algorithms.  
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3.2.2. Energy Storage Systems Dynamics 

As explained above, utilisation of renewables in smart grids brings several 

environmental and economic benefits compared to the traditional energy production 

methods due to their inexhaustibility, low maintenance cost, chipper energy and etc. 

However, the greatest hurdle for the exploitation of these resources is their randomness 

and intermittent behaviour that turn them to an unreliable and volatile energy source. To 

compensate for this shortcoming of renewable energy sources and effectively enhance 

the penetration of these resources in MEMGSs that are the constituting blocks of smart 

grids, energy storage systems (ESS) are employed.  

The primary task of the ESS in the energy system is to sustain the balance of the 

generated power and demand. In other words, employing ESSs allows storing the excess 

generated energy over the generation peak period and deliver this energy to the system 

when there is energy deficit or economically beneficial. Indeed, it turns the uncertainty 

feature of renewable resources into controllable and dispatchable energy sources, 

resulting in reliability, security and resilience enhancement of the energy supply.   

There exist various energy storage solutions, namely mechanical, chemical, electrical, 

thermal, electrochemical devices that can be incorporated into the MEMGSs depending 

on the type of energy requirement on the customer end. However, there are some 

limitations and considerations associated with each technology that determines the 

suitability of particular energy storage for a particular MEMGS as classified and 

explained in details in [13]–[15]. For instance, the energy conversion efficiency, the 

feasibility of implementation, the associated cost, and scale of required capacity are some 

of the many crucial selection criteria for opting the technology of the energy storage 

system. In this study, however, the focus is on providing energy for small scale 

commercial and residential buildings and hence, two types of energy storage devices, 

including battery, and thermal storage devices are investigated and modelled. 

3.2.2.1. Battery energy storage  

Battery energy storage technologies can be categorised according to their techno-

economic characteristics including the energy density, round trip efficiency, lifetime and 

environmentally friendliness and their involved costs [15]. Some of these technologies 

that are being employed in the industry are Lithium-ion (Li-ion), sodium sulphur (Nas), 

nickel-cadmium (Ni-Cd) and lead-acid, amongst which the Li-ion and lead-acid batteries 
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are the most commonly used ones. Lead-acid batteries have a short life span and require 

regular maintenance. The efficiency of lead-acid ESS is approximately 85 percent and 

high safety standards. They have a lower price as compared to other technologies. On the 

other hand, Lithium-ion batteries offer high energy density and low weight, and a life 

span of 5 to 15 year with high efficiency. However, due to their susceptibility to fire, 

careful protection is required [16].    

In order to design the structure of the MEMGS incorporated with energy storage 

systems and developing the energy management system, it is required to model their 

dynamics. To attain the equivalent dynamic operation model of ESS, the energy-flow 

modelling approach is widely utilised.  

This model reflects the dynamic energy variation of the ESS and is a function of 

charging/discharging storage power rates, charging and discharging efficiencies and State 

of Charge (SOC) of the ESS. The following ESS modelling approach and parameters 

apply to the thermal storages according to the energy-flow modelling principle. 

The operation energy model of the ESS determines the State of Charge (𝑆𝑂𝐶𝐸𝑆𝑆) at

each time instant, including the charging power (𝑃𝑐ℎ,𝐸𝑆𝑆), and discharging power

(𝑃𝑑𝑖𝑠,𝐸𝑆𝑆) at the previous time step as expressed in (6).

𝑆𝑂𝐶𝐸𝑆𝑆(𝑡) = 𝑆𝑂𝐶𝐸𝑆𝑆(𝑡 − 1)

+ (𝑃𝑐ℎ,𝐸𝑆𝑆(𝑡 − 1). 𝜂𝑐ℎ,𝐸𝑆𝑆 −
𝑃𝑑𝑖𝑠,𝐸𝑆𝑆(𝑡 − 1)

𝜂𝑑𝑖𝑠,𝐸𝑆𝑆
) . 𝛥𝑡 

(9) 

In the developed energy model of the ESS, the charge (𝜂𝑐ℎ,𝐸𝑆𝑆) and discharge (𝜂𝑑𝑖𝑠,𝐸𝑆𝑆)

efficiencies are taken into account. The operating time horizon (T) is usually considered 

to be 24 hours with a time interval (𝛥𝑡 ) of 1 hour. Besides the ESS energy model, the 

characteristics of the ESS are bounded with the given ranges in (10), (11) and (12), 

respectively. 

𝑆𝑂𝐶𝑚𝑖𝑛 ≤ 𝑆𝑂𝐶(𝑡) ≤ 𝑆𝑂𝐶𝑚𝑎𝑥 (10) 

0 ≤ 𝑃𝑐ℎ,𝐸𝑆𝑆(𝑡) ≤ 𝛽𝐸𝑆𝑆
𝑐ℎ (𝑡). 𝑃𝑐ℎ,𝐸𝑆𝑆

𝑚𝑎𝑥 (11) 

0 ≤ 𝑃𝑑𝑖𝑠,𝐸𝑆𝑆(𝑡) ≤ 𝛽𝐸𝑆𝑆
𝑑𝑖𝑠 (𝑡). 𝑃𝑑𝑖𝑠,𝐸𝑆𝑆

𝑚𝑎𝑥 (12) 
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 𝛽𝐸𝑆𝑆
𝑑𝑖𝑠 (𝑡) + 𝛽𝐸𝑆𝑆

𝑐ℎ (𝑡) = 1 (13) 

where superscripts max and min indicate the maximum and minimum limits for 

variables. The defined binary variables, 𝛽𝐸𝑆𝑆
𝑐ℎ (𝑡) and 𝛽𝐸𝑆𝑆

𝑑𝑖𝑠 (𝑡) are to decide whether the 

ESS is charging (𝛽𝐸𝑆𝑆
𝑐ℎ (𝑡) = 1) or discharging (𝛽𝐸𝑆𝑆

𝑑𝑖𝑠 (𝑡)).  Since the simultaneous charge 

and discharge operation of the energy storage is infeasible, the last equation above is 

developed to ensure this. 

The degradation of the BESS refers to the deterioration in the performance of BESS 

under a given operating condition. This degradation is reflected through the capacity 

fading and reduction in the number of lifecycles which is caused by the changes in the 

functional properties as described in [17], [18]. The degradation of BESS consists of two 

elements; including calendric and cycle ageing [19].  

The cycle ageing is primarily dependent on the Depth of Discharge (DOD) of BESS, 

where DOD is defined as the energy in one charging or discharging event with respect to 

the full capacity. The battery lifetime, 𝐿(𝐷𝑂𝐷) with respect to DOD is formulated as in 

(4). 

 𝐿(𝐷𝑂𝐷) = 𝑎 × 𝐷𝑂𝐷−𝑏 ×𝑒(−𝑐×𝐷𝑂𝐷) (14) 

where 𝑎, 𝑏, and 𝑐 are curve-fitting coefficients. In addition, the operation of BESS 

imposes costs on the system, as the cost is mainly dependent on DOD.  

In addition to the DOD variations, the discharge rate affects the lifecycle of BESS as 

if the discharge rate is increased, given that the operating temperature is maintained at a 

constant value, the cycle life losses will be increased exponentially and can be described 

by the following equation [20]: 

 𝐿(𝐷𝑅) = 𝐿(𝐷𝑅𝑚𝑖𝑛) × (1 −  𝑑 × 𝑒
(𝑔×𝐷𝑅)) (15) 

where d and g are the coefficients reflecting the deterioration of the battery lifecycle with 

respect to discharge rate (DR).  The 𝐿(𝐷𝑅𝑚𝑖𝑛) is the maximum number of cycle-life at 

the minimum discharge rate, which is normally is considered as small as 0.5C. combing 

the impact of the two aforementioned factors will result in variable degradation depending 

on the rate at which the battery is discharging and the DOD of the battery. The following 
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curve that is plotted for lithium iron phosphide (A type of lithium-ion batteries) clearly 

illustrate these relationships. 

It can be noted that the relationship between the discharge rate and lifespan losses can 

be approximated by a linear regression equation to simplify the exiting nonlinearity while 

developing the mathematical model. 

 

Figure 12. The cyclic life degradation of LiFePO4 versus DOD and discharge rate [21] 

Alternatively, the impact of DOD on the lifecycle of the battery can be represented as 

the total amount of energy that can flow through the battery before it requires replacement 

[22]–[24]. The quantity of throughput energy (𝐸𝑡𝑝) is function of power rates, the ambient 

temperature, and DOD [25] as formulated below: 

 𝐸𝑡𝑝(𝐷𝑂𝐷) = 𝐸𝑛𝑜𝑚 × 𝐷𝑂𝐷 × 𝐿(𝐷𝑂𝐷) (16) 

The BESS operation cost, Cop(DOD) is described as follows [26], [27]. 

 𝐶𝑜𝑝(𝐷𝑂𝐷) =
𝐶𝑐𝑎𝑝

2. 𝐿(𝐷𝑂𝐷). 𝐸𝐵𝐸𝑆𝑆. 𝐷𝑂𝐷. 𝜂𝑐ℎ. 𝜂𝑑𝑖𝑠𝑐ℎ
 (17) 

where  𝐶𝑐𝑎𝑝 is BESS price. Applying the above equation to a Li-Ion battery, the 

operational cost is calculated for a specific DOD. For instance, 𝐶𝑜𝑝(0.7) means the BESS 
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cycles between 30% and 100% SOC. Thus, different operation costs are considered for 

charge and discharge with different DODs in each cycle.  

However, due to the nonlinearity of the introduced equations, implementation of the 

depreciation effect will add to the complexity of the problem. To avoid this, the existing 

nonlinearities should be relaxed for reflecting the ESS degradation effect on the planning 

and operation of the system. The linearization method employed for this purpose is 

proposed in section 3.1.2 

As outlined above, the degradation of battery is related to the number of cycles as well 

as the DOD values at each event. Capturing the occurrence of charge and discharge events 

provides the control and effectively minimise the number of charge/discharge cycles. To 

accomplish this, two sets of binary variables are defined including 𝜆𝑐ℎ
 𝑠𝑡𝑟(𝑡), 𝜆𝑐ℎ

 𝑒𝑛𝑑(𝑡), 

𝜆𝑑𝑖𝑠
 𝑠𝑡𝑟(𝑡), and 𝜆𝑑𝑖𝑠

 𝑠𝑡𝑟(𝑡). The variables with charging subscripts (ch) indicate whether a 

charging process is initiated or finished at each time instant and the decision variables 

with discharging subscripts (dis) indicate the same for discharging cycles.  

 𝑉𝑎𝑟𝑝𝑐 = [𝜆𝑐ℎ
𝑠𝑡𝑟(𝑡)𝜆𝑐ℎ

𝑒𝑛𝑑(𝑡)𝜉𝑑𝑖𝑠
𝑠𝑡𝑟(𝑡)𝜉𝑑𝑖𝑠

𝑒𝑛𝑑(𝑡)] (18) 

Introducing the new variables to identify the charge/discharge events, the number of 

cycles can be effectively reduced by assigning an appropriate weight (𝜔) to either of these 

variables in an objective function. Similar to the charge and discharge status variables 

(𝛽), only one of these complementary variables can be equal to 1 at each instant. 

Therefore, the combination of these binary variables along with the charging and 

discharging status variables can determine the number of cycles.  

To incorporate the defined 𝑉𝑎𝑟𝑝𝑐  variables to the existing energy storage model, they 

need to be assigned to the starting and ending points of the charging and discharge cycle 

of the energy storage operating curve. In other words, the status sequence of these binary 

variables along with the charging (𝛽𝐸𝑆𝑆
𝑑𝑖𝑠 (𝑡))/discharging (𝛽𝐸𝑆𝑆

𝑑𝑖𝑠 (𝑡)) variables determine the 

occurrence of a charge and discharge cycle. The operating principle of the proposed 

method is tabulated in Table 1 by investigating all possible permutations of variable 

sequences. 

As stated in Table 1, there are 7 impossible sequences due to the infeasibility of either 

concurrent occurrence of charge and discharge event whether in the previous or the 

current time instant. As the proposed technique is based on the memory of events for as 
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long as a time step before, the immediate operation status change is detectable as shown 

in yellow colour in the table. To implement the proposed model, the required constraints 

should be incorporated into the energy storage model: 

 𝛽𝐸𝑆𝑆
𝑐ℎ (𝑡) − 𝛽𝐸𝑆𝑆

𝑐ℎ (𝑡 − 1) = 𝜆𝑐ℎ
𝑠𝑡𝑟(𝑡) − 𝜆𝑐ℎ

𝑒𝑛𝑑(𝑡) (19) 

 𝜆𝑐ℎ
𝑠𝑡𝑟(𝑡) + 𝜆𝑐ℎ

𝑒𝑛𝑑(𝑡) ≤ 1 (20) 

 𝛽𝐸𝑆𝑆
𝑑𝑖𝑠 (𝑡) − 𝛽𝐸𝑆𝑆

𝑑𝑖𝑠 (𝑡 − 1) = 𝜉𝑑𝑖𝑠
𝑠𝑡𝑟(𝑡) − 𝜉𝑑𝑖𝑠

𝑒𝑛𝑑(𝑡) (21) 

 𝜉𝑑𝑖𝑠
𝑠𝑡𝑟(𝑡) + 𝜉𝑑𝑖𝑠

𝑒𝑛𝑑(𝑡) ≤ 1 (22) 

 𝛽𝐸𝑆𝑆
𝑐ℎ (𝑡) − 𝑃𝑐ℎ,𝐸𝑆𝑆(𝑡) ≤ 0 (23) 

 𝑃𝑑𝑖𝑠,𝐸𝑆𝑆(𝑡) ≤ 𝛽𝐸𝑆𝑆
𝑑𝑖𝑠 (𝑡) (24) 
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Table 4. The total permutations of the variables pertinent to the partial cycle detection of energy storage 

Num Validity 𝛽𝐸𝑆𝑆
𝑐ℎ (t − 1) 𝛽𝐸𝑆𝑆

𝑐ℎ (t) 𝛽𝐸𝑆𝑆
𝑑𝑖𝑠 (t − 1) 𝛽𝐸𝑆𝑆

𝑑𝑖𝑠 (t) State Transition 𝜆𝑐ℎ
 𝑠𝑡𝑟 𝜆𝑐ℎ

 𝑒𝑛𝑑 𝜉𝑑𝑖𝑠
𝑠𝑡𝑟(𝑡) 𝜉𝑑𝑖𝑠

𝑒𝑛𝑑(𝑡) 

1 Yes 0 0 0 0 idle → idle 0 0 0 0 

2 Yes 0 0 0 1 idle → discharge 0 0 1 0 

3 Yes 0 0 1 0 discharge → idle 0 0 0 1 

4 Yes 0 0 1 1 discharge → discharge 0 0 0 0 

5 Yes 0 1 0 0 idle → charge 1 0 0 0 

6 No 0 1 0 1 Impossible - - - - 

7 Yes 0 1 1 0 discharge → charge 1 0 0 1 

8 No 0 1 1 1 Impossible - - - - 

9 Yes 1 0 0 0 charge → idle 0 1 0 0 

10 Yes 1 0 0 1 charge → discharge 0 1 1 0 

11 No 1 0 1 0 Impossible - - - - 

12 No 1 0 1 1 Impossible - - - - 

13 Yes 1 1 0 0 charge → charge 0 0 0 0 

14 No 1 1 0 1 Impossible - - - - 

15 No 1 1 1 0 Impossible - - - - 

16 No 1 1 1 1 Impossible - - - - 

 



 

71 

 

 

To constitute the objective function to minimise the partial cycle, the weight 𝜔 is to 

be assigned to either the peaks or valleys indicator variables of the energy storage 

operation curve, representing the associated cost with each partial cycle as described 

below: 

 𝑚𝑖𝑛 (𝐽 =∑𝜉𝑑𝑖𝑠
𝑠𝑡𝑟

𝑇𝐻

𝑡=1

× 𝜔) (25) 

To verify the efficacy and effectiveness of the developed battery storage dynamic and 

degradation model, it is applied to a 3MWh battery storage. As depicted in Fig. 13., the 

operating horizon is 24 hours, equivalent to 48 timesteps with an interval of 30minutes. 

It is assumed that the initial energy storage of the battery is equal to the final energy left 

in the battery as shown in the first graph that demonstrates the energy variations in the 

battery. The second and third graphs represent the dynamic values of 𝜆𝑐ℎ
𝑠𝑡𝑟(𝑡) and 𝜆𝑐ℎ

𝑒𝑛𝑑(𝑡), 

corresponding to the charge/discharge status variations of the battery.  

 

Figure 13. The dynamic operation of energy storage and the status indicator variable 

pertaining to partial degradation model 

Similarly, the last two graphs show 𝜉𝑑𝑖𝑠
𝑠𝑡𝑟(𝑡), and 𝜉𝑑𝑖𝑠

𝑒𝑛𝑑(𝑡) variables that are the 

beginning and ending points of discharge events, respectively.  
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3.2.2.2. Thermal energy Storage 

Thermal energy storage (TES) is considered as a key component in MEMGSs for 

effective utilisation of the cogenerated heat from electricity generating units.  The surplus 

generated thermal energy is stored in a medium in the form of heat or converted into 

cooling energy and consumed to meet the heat or cooling demand, leading to an increase 

in efficiency and reliability of the system while reducing the operating cost of the system 

[28]–[30]. 

There exist various types of TES in terms of the employed material and technology 

among which sensible heat, latent heat, and thermochemical technologies TESs are the 

most common ones. The state of the medium including liquid, gas, and solid used in TESs 

to conserve energy is another decisive factor in capacity and energy density. The material 

phase based on which the TES is operating determines the thermal conductivity or heat 

transfer coefficient and thusfore the charge/discharge rating of the energy storage [31]. 

However, the associated cost with the material and its physical states are two 

determinative criteria in opting the most suitable material and technology of the TES [28].  

The classification of the TES according to the utilized technology and state of material of 

the medium is represented in Fig. 14. 

 

Figure 14. Heat storage media technology and media classification 

A brief description of the operating principle of the types of TESs in the above 

classification. Basically, all materials have the capability of conserving heat because of 
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their physical properties including the mass and their specific heat capacity for a given 

constant pressure. The physical law to calculate the absorbed heat by a medium is 

commonly expressed as follows: 

 𝑄𝑠 = 𝑚 × 𝐶𝑝 × (∆𝜃) (26) 

where ∆𝜃, 𝐶𝑝 and 𝑚 imply the temperature change in the material, the specific heat, 

and mass of the material, respectively. This effect is referred to as sensible heat and is the 

operating principle of TES of this category. The specific heat and the mass along with 

thermal conductivity and diffusivity of the utilized medium in TES determine the 

efficiency, capacity and power rating of the TES as described above. Of the common 

materials used for sensible heat-based TES are oil, water, metal, and graphite.  

Latent heat TESs working principle is based on the phase transition in the used 

medium. For instance, for the solid-liquid type of this type of TES, the absorption of the 

heat is involved in liquification of material from solid-state and solidification of the liquid 

while delivering back the absorbed heat [32]. The material state transition occurs at the 

melting temperature and a reverse process allows withdrawing the stored heat. In other 

words, heat is stored in the transformation process and can be formulated as below: 

 

𝑄𝑙ℎ,𝑡𝑜𝑡 = 𝑚 × 𝐶𝑝
𝑠𝑜𝑙𝑖𝑑

 
× ∆𝜃𝑠𝑜𝑙𝑖𝑑→𝑙𝑖𝑞𝑢𝑖𝑑 +𝑚 × ∆ℎ𝑚

+ 𝐶𝑝
𝑙𝑖𝑞𝑢𝑖𝑑

 
× ∆𝜃𝑙𝑖𝑞𝑢𝑖𝑑→𝑠𝑜𝑙𝑖𝑑 

(27) 

𝑄𝑙ℎ,𝑡𝑜𝑡, 𝐶𝑝
𝑠𝑜𝑙𝑖𝑑, and 𝐶𝑝

𝑙𝑖𝑞𝑢𝑖𝑑
 denote the total latent energy stored, the specific heat if the 

material in the solid-state and liquid state respectively. Furthermore, ∆𝜃𝑠𝑜𝑙𝑖𝑑→𝑙𝑖𝑞𝑢𝑖𝑑 are 

the difference between the temperature of the medium in the solid phase and melting 

temperature and  ∆𝜃𝑙𝑖𝑞𝑢𝑖𝑑→𝑠𝑜𝑙𝑖𝑑 imply the same temperature difference but for the 

solidification process. ∆ℎ𝑚 is the latent heat of the medium during the liquification 

process during which the temperature of the substance does not change. Since the heat 

result from the solid to solid phase transformation process is relatively smaller than the 

solid-liquid phase change, they are not as widely used in TESs [33]. The state transition 

phenomena of thermal storage material can be visually represented as in Fig. 15.  

The thermochemical heat base TES utilise the materials that basically absorb and 

release the heat through a reversible chemical reaction, so-called endothermic and 

exothermic. During the heat absorption process, the medium that is a compound material 
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is separated and while recovering the stored heat, the two segregated components are 

combined again. The storage density of this type of TES is significantly larger than the 

other two types of TES [34].  

 

Figure 15. The state transition process of TES medium including melting and freezing [35] 

The thermochemical heat base TES utilise the materials that basically absorb and 

release the heat through a reversible chemical reaction, so-called endothermic and 

exothermic. During the heat absorption process, the medium that is a compound material 

is separated and while recovering the stored heat, the two segregated components are 

combined again. The storage density of this type of TES is significantly larger than the 

other two types of TES [34].  

TESs allows the MEMGSs to temporarily store the surplus energy in the form of 

cooling or heating at a lower capital and maintenance cost, environmentally friendly, and 

higher flexibility. However, they cannot supersede the battery energy storage systems due 

to the intrinsically slow response, high thermal losses, and lower efficiency [36]. As such, 

the selection of the technology of the TES and the primary application of these storage 

systems are of utmost importance. The seasonal usage of TES, using refrigeration or air-

condition technology depending on the dominant surrounding temperature to minimise 

the losses, the duration of stored energy, operating temperature range of the medium are 

some of the parameters that should be taken into account when opting the type and 

technology of the TES in an MEMGS. 

Nevertheless, installation of TESs in MEMGS offers several benefits including 

addressing the peak load shifting by contributing in meeting electrical, thermal or cooling 
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demand requirement during the peak period, reducing the energy cost, enhancing 

reliability and flexibility as discussed earlier in this section. 

Irrespective to the employed technology and thermal material, the generic dynamic 

model of TES can be developed by applying the energy flow concept, similar to that of 

battery storage. According to this principle as already explained the stored energy in the 

TES is described by considering the sequences of time instant as a discrete dynamic 

function as formulated below: 

 

𝑄𝑇𝐸𝑆(𝑡) = 𝑄𝑇𝐸𝑆(𝑡 − 1) × (1 − 𝜕𝑇𝐸𝑆)

+ (𝑃𝑐ℎ,𝑇𝐸𝑆(𝑡 − 1). 𝜂𝑐ℎ,𝑇𝐸𝑆 −
𝑃𝑑𝑖𝑠,TES(𝑡 − 1)

𝜂𝑑𝑖𝑠,𝑇𝐸𝑆
) . 𝛥𝑡 

(28) 

where 𝑄𝑇𝐸𝑆, 𝑃𝑐ℎ,TES, 𝑃𝑑𝑖𝑠,TES, 𝜂𝑐ℎ,TES,𝜂𝑑𝑖𝑠,TES denote the thermal energy content, 

charging and discharge power ramps, charging and discharging efficiency of the TES, 

respectively. 𝜕𝑇𝐸𝑆 the energy loss coefficient of TES that in fact is reflecting the self-

discharge phenomenon. Furthermore, the power ramp limits constraints that are 

established below, must be incorporated into the TES energy-flow model. 

 0 ≤ 𝑃𝑐ℎ,𝑇𝐸𝑆(𝑡) ≤ 𝛽𝑇𝐸𝑆
 (𝑡). 𝑃𝑐ℎ,𝑇𝐸𝑆

𝑚𝑎𝑥  (29) 

 0 ≤ 𝑃𝑑𝑖𝑠,𝑇𝐸𝑆(𝑡) ≤ (1 − 𝛽𝑇𝐸𝑆
 (𝑡)). 𝑃𝑑𝑖𝑠,𝑇𝐸𝑆

𝑚𝑎𝑥  (30) 

 𝑄𝑇𝐸𝑆
𝑚𝑖𝑛 ≤ 𝑄𝑇𝐸𝑆

 (𝑡) ≤ 𝑄𝑇𝐸𝑆
𝑚𝑎𝑥 (31) 

The heat loss coefficient of the thermal storage is defined as the amount of heat that is 

lost within a certain period and is directly correlated with the medium employed in the 

storage, the difference of storage surrounding, and medium temperature as described as 

follows: 

 𝜕𝑇𝐸𝑆 = √σ0 × (
𝑄𝑇𝐸𝑆
𝑚𝑎𝑥

𝐶𝑝 × ρ × ∆𝜃
)

3

 
(32) 

where 𝑄𝑇𝐸𝑆
𝑚𝑎𝑥and 𝜌 are receptively the capacity of thermal storage and density of the 

medium used in the TES. 
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Assuming that the temperature difference, ∆𝜃, is maintained at a constant value, the 

above nonlinear equation can be approximated by a second-order polynomial function as 

shown in the following equation where the loss coefficients 𝛼𝑇𝐸𝑆, 𝛽𝑇𝐸𝑆, and 𝛾𝑇𝐸𝑆 are 

calculated according to the specific heat and density of the medium as well as the 

temperature difference.  

 𝜕𝑇𝐸𝑆 = α𝑇𝐸𝑆 × (𝑄𝑇𝐸𝑆
𝑚𝑎𝑥)2 + β𝑇𝐸𝑆 × 𝑄𝑇𝐸𝑆

𝑚𝑎𝑥 + γ𝑇𝐸𝑆 (33) 

In addition to the dynamic energy model, the energy level in the storage devices must 

be between the maximum depth of discharge and the total capacity of the energy storage 

at any given interval. Furthermore, the charge and discharge rates should be constrained 

within a certain range. Alternatively, the heat loss coefficient can be approximated by 

linear regression as described in [37]–[39]. 

3.2.3. Dispatchable Energy Conversion Devices 

Although incorporating various energy carriers at the input of MEMGS enables the 

energy conversion devices (ECD) to cover the inherent shortcomings of one another [40], 

this integration of electricity and heat energy converters results in the interdependency of 

the conversion units. This interaction significantly affects the optimal operation of the 

cogeneration unit and its economic viability, which subsequently will have a great impact 

on the optimal capacity of the components. The elements utilised in cogeneration systems 

can be classified into three main types; direct energy supply from an upstream grid, 

converters, and energy storage [41]. Converter devices are used to transform the energy 

or energy carriers to the required form of energy such as gas boilers, heat pump, and gas 

turbines.  

3.2.3.1. Generic Operation model 

Regardless of the technology of ECDs, their operational model involves the power 

range, ramp up (𝑅𝑢𝑝𝑗), ramp down 𝑅𝑑𝑛𝑗 , and minimum on and off time (𝑈𝑇𝑗 and 𝐷𝑇𝑗) 

limits. To account for output power limits of ECDs, the following constraints must be 

taken into consideration as described below: 

 𝑃𝑗
𝑚𝑖𝑛 × 𝑈𝑗

 (𝑡) ≤ 𝑃𝑗
 (𝑡) (34) 
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𝑃𝑗
 (𝑡) ≤ 𝑃𝑗

𝑚𝑎𝑥 × 𝑈𝑗
 (𝑡) (35) 

where the variables with superscript 𝑚𝑎𝑥 and 𝑚𝑖𝑛 denote the upper and lower bounds of 

the corresponding variables. Furthermore, 𝑈𝑗
  is a set binary variable vector implying the

commitment status of unit 𝑗 at each time instant. 

The initial operating conditions for DG units are considered to be at rest for the 

operation horizon and the superscripts 𝑚𝑖𝑛 and 𝑚𝑎𝑥 denote the upper and lower bounds 

of decision variables. 

𝑅𝑑𝑛𝑗 ≤ 𝑃𝑗
 (𝑡) − 𝑃𝑗

 (𝑡 − 1) ≤ 𝑅𝑢𝑝𝑗 (36) 

𝑃𝑗, 𝑅𝑢𝑝𝑗, and 𝑅𝑑𝑛𝑗 are output power, ramp up limit, and ramp down limit of unit 𝑗,

respectively. The index T implies the number of time steps in the operation horizon in 

hours. 

𝜏𝑗(𝑡) ∗ 𝑈𝑇𝑗 ≤ ∑ 𝑈𝑗
 (𝑡)

ℎ+𝑈𝑇𝑗

𝑡=ℎ+1

(37) 

𝛶𝑗
 (𝑡) ∗ 𝐷𝑇𝑗 ≤ ∑ 𝑈𝑗,𝜔

 (𝑡)

ℎ+𝑈𝑇𝑗

𝑡=ℎ+1

 (38) 

𝜏𝑗
 (𝑡) = 𝑈𝑗

 (𝑡) − 𝑈𝑗
 (𝑡 − 1) (39) 

𝛶𝑗
 (𝑡) = 𝑈𝑗

 (𝑡 − 1) − 𝑈𝑗
 (𝑡) (40) 

𝜏𝑗
 (𝑡) + 𝛶𝑗

 (𝑡) ≤ 1 (41) 

where 𝐷𝑇𝑗, 𝑈𝑇𝑗, imply the minimum uptime and minimum downtime of unit 𝑗. 𝜏𝑗,𝜔
 (𝑡)

and 𝛶𝑗,𝜔
 (𝑡) are the startup and shutdown status indicators of unit 𝑗 at a specific time. As

expressed in the above equations, either of these variables can be equal to one at each 

time step. 

Therefore, if both 𝜏𝑗
 (𝑡) and 𝛶𝑗

 (𝑡) variables are equal to zero, the commitment status

of the unit 𝑈𝑗 has remained unchanged with respect to previous time instant.
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In addition to the technical constraints of the ECDs, the nonlinear efficiencies of the 

ECDs (𝜂𝑗) should be included in the model. For instance, the heat and electricity dynamic 

efficiencies for a typical CHP system as the installed ECD in MEMGS can be expressed 

through the characterization of the supplied energyware and generated output energy. The 

widely used method to account for the nonlinearities of the ECDs efficiencies of the DGs 

is the approximation of the consumed fuel by the generator using a quadratic function. 

The consumed fuel curve is then employed to derive the dynamic efficiency of the ECD. 

 𝐹𝑗
 (𝑡) = 𝛼1,𝑗 . (𝑃𝑗

 (𝑡))
2
+ 𝛼2,𝑗 . 𝑃𝑗

 (𝑡) + 𝛼3,𝑗  (42) 

 𝜂𝑗
 (𝑡) =

𝑃𝑗
 (𝑡)

𝐹𝑗
 (𝑡) × 𝐸𝐶𝑗

 (43) 

where α1,𝑗, α2,𝑗, α3,𝑗 are the coefficients that relate the input and output of the system 

according to the ECD characteristics. The α3,𝑗 represents the amount of fuel to be 

consumed to keep the unit running and not generating any output [42], [43]. 𝐹𝑗
 (𝑡) and 

𝐸𝐶𝑗 denote the amount and energy content of the fuel fed to unit 𝑗, respectively. These 

design parameters are either provided by the manufacturer, historical records achieved 

from the operation of the ECD, or conducting experiments to calculate the ECD 

efficiency.  

Assuming that the stated quadratic function is the best fit for the input-out curve of the 

ECD, and adequate statistical data on the fuel consumption and generated power is 

available, the coefficients pertinent to the dynamic fuel consumption of the ECD is 

determined using the least square approach [4], [44].  

The least-square method is regarded as a deterministic parameter estimation approach. 

In this regression approach, a set of coefficients is initially defined as estimators and then 

it is aimed to minimise the error function which is the sum of squared errors.  

Given that 𝑁 number of data, pair is available where each data set consisting of two 

values representing the relationship of consumed fuel as the input and the corresponding 

generated power as the output. Since a second-order polynomial function is presumed to 

be the best curve to approximate input-output characteristic, an error value, 𝛥𝐹𝑛,𝑗 can be 

computed for each pair of data as described below: 
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𝛥𝐹𝑛,𝑗
 (𝑡) = (𝛼1,𝑗 . (𝑃𝑛,𝑗

 (𝑡))
2
+ 𝛼2,𝑗 . 𝑃𝑛,𝑗

 (𝑡) + 𝛼3,𝑗) − 𝐹𝑛,𝑗
 (𝑡) (44) 

The estimators 𝛼 are computed so that the sum of the squared errors is minimized as 

described in the following merit function.  

𝑚𝑖𝑛 (𝐹𝐶 = ∑(𝛥𝐹𝑛,𝑗
 (𝑡)2)

𝑁

𝑛=1

) (45) 

Minimizing the above error function necessitates carry out the first derivative of 𝐹𝐶 

to locate the extrema points where the derivative is equal to zero. The derivative of the 

above objective function should be taken with respect to the defined coefficients. Solving 

the above equations yields three linear equations with respect to the introduced coefficient 

variables as follows: 

[
 
 
 
 
 
 
 
 
∑(𝑃𝑛,𝑗

 (𝑡))
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𝑁

𝑛=1

∑(𝑃𝑛,𝑗
 (𝑡))

3
𝑁

𝑛=1

∑(𝑃𝑛,𝑗
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2
𝑁

𝑛=1

∑(𝑃𝑛,𝑗
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𝑁

𝑛=1

∑(𝑃𝑛,𝑗
 (𝑡))

2
𝑁

𝑛=1

∑𝑃𝑛,𝑗
 (𝑡)

𝑁

𝑛=1

∑(𝑃𝑛,𝑗
 (𝑡))
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𝑁

𝑛=1

∑𝑃𝑛,𝑗
 (𝑡)

𝑁

𝑛=1

𝑁
]
 
 
 
 
 
 
 
 

[

𝛼1
𝛼2
𝛼3
]

=

[
 
 
 
 
 
 
 
 
∑𝐹𝑛,𝑗

 (𝑡)(𝑃𝑛,𝑗
 (𝑡))

2
𝑁

𝑛=1

∑𝐹𝑛,𝑗
 (𝑡)(𝑃𝑛,𝑗

 (𝑡))

𝑁

𝑛=1

∑𝐹𝑛,𝑗
 (𝑡)

𝑁

𝑛=1 ]
 
 
 
 
 
 
 
 

(46) 

Collecting the statistical input-output information of an ECD and establishing the 

above linear equations, the dynamic fuel consumption of the generating unit is described 

by a quadratic equation.  

As explained before, the conventional energy generation techniques that would 

separately produce heat or electricity are inherently inefficient as the only 30% of the 

energy content of the fuel can be exploited. In contrast, the efficiency of MEMGSs where 

the thermal, cooling and electrical energy are concurrently produced using the same 
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amount of fuel that would be consumed in conventional energy generating systems is 

higher. However, a thermal performance does not guarantee a high electricity efficiency 

in a CHP system and hence two intercorrelated efficiencies are calculated [45]. This will 

result in creating an operating region where the CHP operating point is optimally set by 

solving the multi-carrier unit-commitment optimisation problem [46]. The output of a 

typical CHP system can be defined as below: 

𝑃𝐶𝐻𝑃,𝑒
 (𝑡) = 𝜂𝐶𝐻𝑃,𝑒

 (𝑡) × 𝐹𝐶𝐻𝑃
 (𝑡) × 𝐸𝐶𝑔𝑎𝑠 (47) 

𝑃𝐶𝐻𝑃,ℎ
 (𝑡) = 𝜂𝐶𝐻𝑃,ℎ

 (𝑡) × 𝐹𝐶𝐻𝑃
 (𝑡) × 𝐸𝐶𝑔𝑎𝑠 (48) 

𝑃𝐶𝐻𝑃,𝑒
 , 𝑃𝐶𝐻𝑃,ℎ

 ,𝐹𝐶𝐻𝑃
 , 𝐸𝐶𝑔𝑎𝑠 are respectively the generated electricity, cogenerated heat,

consumed fuel, and gas energy content of gas as the input energyware.  

3.2.3.2. Economic characterization 

Aside from, the technical operating criteria that reflects the behaviour of the ECDs, 

the economic perspective associated with them should be taken into consideration when 

determining the optimal planning and operation of MEMGSs. The economic 

characterization of ECSDs involves three types of cost, comprising of investment or 

capital cost, degradation or maintenance cost, and operating cost that depending on the 

objective of the problem to be addressed should be considered in the ECD model.  

The investment cost is a crucial and determinative factor when it comes to designing 

the architecture of the MEMGS, the type and size of the ECDs and energy storage devices 

and it consists of capital and installation cost. Although the installation cost is defined as 

a nonlinear function of the capacity of the system, due to its relatively small impact on 

the investment cost compared to the component capital cost, the total investment cost, 

𝐶𝑡𝑜𝑡
𝑖𝑛𝑣𝑠, for 𝑀 units of 𝑗 different can be expressed as a linear regression of the size of the

component as below: 

𝐶𝑡𝑜𝑡
𝑖𝑛𝑣𝑠

 
=∑∑ 𝛾𝑚,𝑗 × (𝐶𝑗 × 𝐶𝑎𝑝𝑚,𝑗)

𝑀

𝑚=1

𝐽

𝑗=1

(49) 

where 𝛾𝑚 and 𝐶𝑎𝑝𝑚,𝑗 are the binary decision variable allocated to the installation status

and investment cost for 𝑚th unit of type j, respectively. 
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As mentioned earlier, the investment cost along the operating and maintenance costs 

of each ECD plays a crucial role in adopting the most suitable size and type of 

components. Nonetheless, the are several factors contributing to the economic viability 

of proposed architecture.  

 To ensure the economic profitability of the annualized parameter is calculated for each 

element [47]. Therefore, the total annualized cost of the project, 𝐶𝐴𝑛𝑛𝑢𝑎𝑙𝑖𝑠𝑒𝑑, is defined 

as follows: 

 𝐶𝐴𝑛𝑛𝑢𝑎𝑙𝑖𝑠𝑒𝑑 = 𝐶𝑅𝐹 × 𝐶𝑡𝑜𝑡
𝑖𝑛𝑣𝑠 + 𝐶𝑂&𝑀 (50) 

where the 𝐶𝑂&𝑀, 𝐶𝑡𝑜𝑡
𝑖𝑛𝑣𝑠, and 𝐶𝑅𝐹 are the total operation and maintenance cost, the total 

investment cost, and capital recovery factor, respectively.  

The capital recovery factor is a ratio that translates the present value of successive 

payments over a fixed period. The present value is implying a series of future cash flows. 

The capital recovery factor is related to the real interest rate 𝑟 and the lifetime of the 

project 𝐿 as described below: 

 𝐶𝑅𝐹 =
𝑟 × (1 + 𝑟)𝐿

(1 + 𝑟)𝐿 − 1
 (51) 

The real interest rate of an investment cost is translated to the difference between the 

annual interest without and with annual inflation rate 𝑖 and can be achieved using: 

 𝑟 =
𝑟𝑛 − 𝑖

1 + 𝑖
 (52) 

The annual interest rate without considering the inflation rate is referred to as the 

nominal interest rate, denoted by 𝑟𝑛. 

The maintenance cost associated with components includes the scheduled 

maintenance, so-called fixed maintenance and variable maintenance costs [48]. The 

scheduled or calendric maintenance cost is a function of the operation time of the 

component and performed after a certain period of operation. On the other hand, the 

variable maintenance cost is directly related to thermal stress and how extensively a 

component is operated. In other words, this cost is associated with the delivered energy 

($/kWh) [49]. In this research, since the planning horizon covers a short period in which 
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the average value of loads is considered, the impact of the variable maintenance cost will 

be more significant. The total maintenance cost of the ECDs at time slot 𝑡, denoted by 

𝑓𝑡𝑚𝑐, can be described as a dynamic function of its output power, as formulated follows:

𝑓𝑡𝑚𝑐(𝑡) =∑((𝛾𝑗 × 𝜂𝑗
 (𝑡) × 𝐹𝑗

 (𝑡) × 𝐸𝐶𝑔𝑎𝑠 × 𝜂𝑗) × 𝐶𝑀𝑗)

𝑗

∗ 𝛥𝑡 (53) 

where 𝐶𝑀𝑗 implies the maintenance cost of the component of type 𝑗.

Although the cost and operational models of ECDs vary one from another, they are 

generally modelled based on their common features. The cost attributed to the operation 

of ECDs consists of three main cost elements: the startup and shutdown costs which are 

referred to the status transition cost, 𝐶𝑇𝑟𝑛,𝑗, and fuel costs ( 𝐶𝐹,𝑗(𝑡)) as formulated below.

𝐶𝑡𝑜𝑡
𝑜𝑝𝑡(𝑡) =∑𝐶𝑇𝑟𝑛,𝑗(𝑡) +  𝐶𝐹,𝑗(𝑡)

𝑗

+𝑓𝑡𝑚𝑐(𝑡) (54) 

Changing the commitment status of an ECD imposes an additional operating cost on 

the system. This is caused by thermal and mechanical limitations, which extends the 

starting up and shutting down process duration. Therefore, to minimise the total operation 

cost, it is required to consider this cost component in the operating cost function as 

described in the equation above. To consider this cost, as represented earlier the auxiliary 

binary variables (𝑈𝑗) for two consecutive time instants are used to determine the startup

and shutdown status of the ECDs: 

𝐶𝑇𝑟𝑛,𝑗(𝑡) = 𝑆𝑡𝑟𝑗 ∗ 𝜏𝑗
 (𝑡) + 𝑆𝑑𝑛𝑗 ∗ 𝛶𝑗

 (𝑡) (55) 

where 𝑆𝑡𝑟𝑗 and 𝑆𝑑𝑛𝑗 is the startup and shutdown costs of the particular unit (𝑗). The

total fuel cost is calculated by aggregating the amount of fuel consumed by the ECD 

multiplied by the corresponding fuel cost rate  𝐹𝑅𝑗
  in over each time step.

 𝐶𝐹(𝑡) =∑(𝐹𝑗
 (𝑡) × 𝐹𝑅𝑗

 )

𝑗

× 𝛥𝑡 (56) 

3.2.4. Energy Demand 

The energy demand is a crucial parameter in MEMGSs as its characteristics are of 

foremost importance in determining the operating strategy of the energy conversion 
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devices. As such, the demand properties have a significant impact on the performance 

and energy sources exploitation.   

In essence, the energy demand is intrinsically a dynamic parameter and hence varies 

over the operation horizon. The energy demand required for a particular building is a 

function of its geometrical and physical structural feature namely, building dimension, 

type of isolation material, the weather condition and etc. Depending on the technical and 

economic objectives, the degree of impact of demand on the most suitable solution for 

the planning and operation control is diffident. This section introduces the important 

features and parameters of demand that should be taken into consideration.  

There exist various tools for estimating the energy need, performing energy analysis 

and heat demand simulation such as EnergyPlus and DOE-2. This software requires the 

building physical properties related to mechanical mechanism utilised, and etc to 

calculate the thermal and cooling energy demand in such a way that the temperature is 

sustained at a target setpoint. This is achieved by considering the exchange rate for 

ventilation and thermal transmittance of the structure as well as climate information [50]–

[52].  

Nonetheless, the aforementioned software to predict the energy usage requires 

extensive building information and hence tending to be computationally expensive, 

complex and time-consuming. Furthermore, due to the heavy dependency of the models 

on the structure parameter, the developed model for a building is inapplicable to other 

building and thusfore an exclusive model should be established for each individual case 

[52]. Therefore, in this research, the historical profile is statistically analysed to predict 

the pervasive pattern of demand requirement of the building for both short- and long-term 

[53].  The energy demand modelling narrows down into two loads, including thermal 

demand and electrical demand as illustrated in Figs. 15 and 16.  Although in some studies, 

the cooling load is treated as a separate load requirement, the conversion devices, namely 

absorption chiller and electric chiller consume either electricity or the co-produced heat 

to supply the cooling demand and hence the cooling energy demand can be combined to 

that of thermal or electricity. 

Typically, there are two types of electrical loads including critical and non-critical 

loads. The critical load needs to be noninterruptedly served, despite the volatility and 

randomness of the renewable resources and are shedded expect for emergency 
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contingencies. On the other hand, the non-critical loads may be shedded for stabilisation 

of the network such as frequency restoration and maintaining the load-generation balance. 

From controllability point of view, loads can be categorised into two groups including 

interruptible and shiftable loads. The interruptible load is defined as the amount of 

demand that can be shedded and the shiftable load is the part of the load that can be 

differed and consumed in a later time [54].  

 

Figure 16. Thermal load fluctuations throughout the year with an hour interval 

Due to the dynamic nature of load feature, it fluctuates greatly during the day and 

different seasons due to external factors such as weather condition changes as stated 

earlier [55]. it is required to develop a model to predict its behaviour. There exist several 

techniques to model the load characteristics including the statistic, dynamic, composite, 

statistical, and artificial intelligence-based approaches [56]. However, since it is assumed 

that load is composed of active part and MEMGSs and the power quality is approximately 

at unity, in this study the proposed approach for forecasting load is established only for 

active loads and will be explained in chapter 5 in details. Nevertheless, the proposed 

method is applicable to the loads with composing of both reactive and active parts.  

The load properties namely the peak load, average consumption, the seasonal 

variations magnitude, daily fluctuation range, minimum demand and many other 

statistical values can greatly affect the configuration, the capacity and power ratings of 

both ECDs and energy storage systems at the design stage. Furthermore, to meet the 

technical criteria and targeted performance indices, the operation of the elements energy 
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storage devices is tremendously affected, and subsequently the operation of ECDs due to 

the interdependency of operation of the components. Thusfore, to capture all these 

fluctuations and pertaining statistical information, the electricity demand for a 

commercial load at Griffith university over a year is considered in this study. The 

sampling time is opted to be one hour to take the hourly load variations into consideration 

as demonstrated in Fig. 16. 

Figure 17. Electricity load fluctuations throughout the year with an hour interval 

 As depicted in Fig. 16, the electricity demand is confined between roughly 170 kW 

as the maximum and 58 kW as the minimum values. The seasonal variation of demand 

especially during the spring season is more noticeable than the fluctuations throughout 

other seasons, due to the operation of cold air and hot-air conditioning systems during 

cold and warm seasons. 

3.2.5. Upstream Grid modelling and associated costs 

There are two major types of electricity pricing policies, including the Time of Use 

(ToU) tariff and the real-time pricing policy that is widely adopted. The ToU tariff can 

be either dynamic which the prices are updated every day and are fixed throughout the 

day or static which customers are charged based on fixed prices during different periods 

of the day [28]. As the pricing policy would not affect the performance of the developed 

power flow optimisation algorithm, the static ToU tariff is adopted in this paper as 

depicted in Fig. 17. 
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Figure 18. A typical Time of Use (ToU) tariff pricing policy 

ToU tariffs are set for a fixed period that mainly introduced to residential and small 

commercial customers. Utilizing the ToU tariffs, the customers are encouraged to use 

electrical energy during the off-peak period rather than peak periods. The process of 

mitigating the impact of large energy blocks over a certain period through shifting it 

forward or backward in time until the power supply can readily fulfil the additional 

demand is called peak load shifting. The primary intent of performing such a process is 

to flatten the required generation capacity by the means of regulating the demand flow. 

In the case of flexible and constable loads, this can be accomplished by advancing or 

delaying the loads in the system. However, if the regulation of the load flow is 

unachievable through the loads, ESS will be employed to perform the peak shifting 

process as represented in Fig. 18. The peak load shifting can be alternatively referred to 

as peak shaving or peak smoothing. 

The electricity distributor companies impose the peak cost as an additional cost per kW 

to the customers, which is significantly greater than the energy usage charges. This cost 

is usually applied per month and the greatest imported power is employed to calculate 

this value. Furthermore, the fluctuation of the grid power leads to instability in voltage 

and frequency of the network which may damage the loads when dealing with sensitive 

loads such as a data centre or laboratory equipment [57], [58]. Reducing the gap between 

the peak and valley values is an effective practice to lessen the grid power variations, 

resulting in less operating costs.  
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Figure 19. The impact of implementing the peak-load shifting strategy using the energy storage 

system 

To mitigate the fluctuations of the power purchased from the grid, the GV index which is 

defined as a measure to indicate the distribution of power purchased from the grid with 

respect to its average value should be decreased. The GV index can be calculated by the 

following equation and the smaller it is, the lower power deviation from the average value 

[59]. 

𝐺𝑉 =
√1
𝑁
∑ ∑ (𝑃𝐺

𝑡 −
1
𝑁
∑ ∑ 𝑃𝐺

𝑡
𝑡𝑑 )

2

𝑡𝑑

1
𝑁
∑ ∑ 𝑃𝐺

𝑡
𝑡𝑑

(57) 

where N is the total number of time steps over the planning horizon and is achieved by 

𝑁 = 𝐷 × 𝑇.  

In contrast to ToU pricing policy dynamic pricing, also referred to as electricity spot price, 

is the real-time price in the marketplace at which a given the electricity is purchased or 

sold for immediate delivery.  

The spot market is the mechanism that Energy Market Operator (EMO) practices to 

balance the generation of electricity from power stations with the real-time demand 

requirement. The spot price determines the quantity of the electricity the market demands 
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at any time instant to maintain the physical power system in balance. More precisely, 

when the spot price increases, generators ramp up their output or more expensive 

generators turn on to sell extra power to the market. For instance, a gas peaker or pumped 

hydro plant may dispatch in, or a fast-response ESS may inject power to the system. 

Conversely, when the demand requirement decreases, the spot price would follow the 

same trend and consequently decreases because more expensive generators are shut down 

or produce less power as depicted in Fig.19.  

Figure 20. Demand and Spot price plotted in the dispatch time frame for QLD on 9th of July 2020 

The spot market mechanism is updated every 5 minutes, referred to as dispatch 

interval, and the final MWh cleared determines the clearing price, so-called dispatch 

price. The trading interval is a 30 minutes timeframe, comprising of six dispatch intervals 

during which the spot market transaction is settled with spot trading price.  The spot 

trading price is a quantity that is basically calculated by averaging the 5-minutes dispatch 

prices within six successive dispatch intervals. The primary intent of introducing the 

trading price settlement concept is to make a smoother spot price indicator than dispatch 

price.  

3.3. Uncertainty Modelling and Reliability Assessment 

The inherent uncertainty characteristic of energy generation units, as well as demands, 

poses a great challenge to the prediction of stochastic variables with a degree of 
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confidence and accuracy. This degree of volatility and the difference between the 

forecasted values and actual values will subsequently impact the MEMGSs operation in 

various timescales, including long and short terms or even real-time, turning to a 

hindrance to the promotion of sustainability in MEMGSs. Therefore, the existing 

uncertainties in generations should be addressed by developing appropriate prediction 

tools for the availability of ECDs, renewables, and energy demands. The presence of 

generation and demand uncertainties have a great impact not only on the operation of the 

power system at energy management level but also on the architecture and component 

selection at the design and planning stage. 

Recently, the energy systems with great penetration of renewable resources, the 

traditional deterministic strategies for planning and energy management optimisation 

may not be adequate depending on the primary objectives and complexity of the problem. 

Accounting for the inherent intermittent and randomness properties of energy production 

units, stochastic procedures are adopted to deal with stochastic variability and variability 

of the components. Nonetheless, the deterministic methods outperform the stochastic 

decision-making process in terms of the computational burden and convergence time 

since the stochastic techniques investigate a set of scenarios that are statistically 

representative of the random variables. The following sections provide a detailed 

presentation of stochastic techniques and its application in satisfying the reliability 

metrics as a crucial technical objective in planning and energy management optimisation 

of MEMGSs.   

3.3.1. Energy Demand Duration Curve 

The load duration curve is a statistical-based analysis tool when it comes to reliability 

evaluations and consist of daily measured peak demand values that are rearranged in 

descending order as illustrated in Fig 20. The load duration curves provide adequate 

information to be able to judge on various alternative technologies serving the load and 

estimating the operating cost of the power system. Additionally, the baseload capacity 

value of which the load always exceeds can be conveniently identified. Calculating the 

area below the load duration curve yields the total annual energy consumption. For 

instance, the base load for the following plotted electrical load is equal to 110 kW and 

hence the demand is always beyond this threshold value throughout the year. 

Furthermore, the peak magnitude, fluctuation range and severity of the load profile can 
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be inferred from this curve. The metric utilized to signify the severity of load variation is 

called the load factor that is defined as the ratio of the average load to the observed peak 

load over a certain period.  

Figure 21.Electrical load duration curve 

The load following capacity region defined as the area enclosed between the baseload 

and peak load signifies the fluctuations in the demand. This region is regarded as mid-

priced energy as the MEMGSs adjusts the generation according to these variations to 

maintain the load- generation balance. The more vigorous these fluctuations are, the 

larger load following region is created which consequently results in higher operating 

cost due to the more frequent starting up and shutting down units. To recapitulate, the 

load duration curves are effective analysing tools for the reliability evaluation, estimation 

of energy production cost and unit commitment policy at the planning stage, particularly 

for large scale power systems.  

3.3.2. Capacity Outage Probability Table 

The Capacity Outage Probability Table (COPT) is an effective analytical approach to 

evaluate the generation adequacy of an MEMGS. COPT is a recursive based modelling 

technique, utilising the outage probability of geniting unit associated with their forced 

outage rates (FOR) [60].  
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The FOR of a generating unit, commonly known as unit availability, is to model its 

stochastic behaviour and defined as the fraction of time that the unit will not function 

when it is called upon, excluding scheduled maintenance time and idle time. The FOR 

can be calculated using the following: 

 𝐹𝑂𝑅 =
∑𝑜𝑢𝑡𝑎𝑔𝑒 𝑡𝑖𝑚𝑒

∑ 𝐼𝑛 − 𝑠𝑒𝑟𝑣𝑖𝑐𝑒 𝑡𝑖𝑚𝑒 + ∑𝑜𝑢𝑡𝑎𝑔𝑒 𝑡𝑖𝑚𝑒
 (58) 

Having defined the FOR, the steady-state availability of a conventional ECD, denoted 

by 𝐴𝐸𝐶𝐷,𝑗, is commonly described as a function of the expected repair and failure rates, 

represented by 𝜇𝑗 and 𝜆𝑗, respectively [60], [61].  

 𝐴𝐸𝐶𝐷,𝑗 =
𝜇𝑗

𝜇𝑗 + 𝜆𝑗
 (59) 

Alternatively, the availability of an ECD can be expressed in terms of two-time 

quantities including Mean Time to Failure (MTTF) and Mean Time to Repair 𝑀𝑇𝑇𝑅 

which are the multiplicative inverse of 𝜆𝑗 and 𝜇𝑗, respectively. The Mean Time Between 

Failures (MTBF) or cycle time (T) can also be inferred as a new parameter in reliability 

studies as stated in the following equations: 

 𝐴𝐸𝐶𝐷,𝑗 =
𝑀𝑇𝑇𝑅𝑗

𝑀𝑇𝑇𝑅𝑗 +𝑀𝑇𝑇𝐹𝑖
 (60) 

 𝑇 = 𝑀𝑇𝐵𝐹𝑗 = 𝑀𝑇𝑇𝑅𝑗 +𝑀𝑇𝑇𝐹𝑖 (61) 

Defining the cycle time for the availability of a unit, the cycle frequency can be 

concluded as the inverse value of T and represented by 𝑓 =
1

𝑇
 . The introduced parameters 

above are associated with two-state and departed state (three-state) model of an ECD that 

implies the availability status of the corresponding unit and can be graphically represented 

as in Fig. 22. 
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Figure 22. Two-state availability model for an ECD unit 

Practically speaking, to collect the outage data of a unit, instead of computing the 

outage rates directly, the cycle frequency and the repair time of the ECD is recorded over 

the certain course (usually a year equivalent to 8760 hours) using which the outage 

parameters described above are attained.  

Apart from the two-state model, multistage outage models can also be employed to 

reflect the stochastic behaviour and availability of an ECD. The three-state or departed 

state as shown in Fig. 23, is the most commonly used model amongst the multistage 

outage models as previously mentioned. 

Figure 23. Three-state (departed) model presentation of an ECD unit 

The partial failure mode of ECD unit is defined as the transitional state between 

complete operational and complete failure states that the ECD unit is still capable of 

generating power when an outage event occurs. However, in practice, it’s is difficult to 
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obtain the outage information related to the transition or departed state. Furthermore, it is 

generally aimed to fully repair the ECD in such a way that it can return to complete 

operational state rather that departed state in the occasion of ECD failure. Hence, it is a 

rational assumption to ignore the partial performance of the ECD in departed state and 

consider a two-state space diagram for the reliability model of the generation units [61]. 

Having explained the associated outage rates and FOR of ECD, the total generation 

capacity within a system can be computed according to their individual attributed 

availability probabilities. The table that can be formed to represent the available 

generation under every possible scenario associated with their respective probability of 

occurrence is called the COPT. There are three main approaches to determine the 

individual probability of the possible scenarios including Binominal Distribution, 

Convolution, and Recursive techniques which will be discussed in the followings. 

Adopting two-state reliability model for the ECDs and the fact that there are two states to 

represent the operationality status of the generation unit, is the key feature in calculating 

the respective individual probability of each outage scenario (𝑖). Assuming that the 

availability of an ECD is attributed to a probability (FOR), the following statement to 

calculate the individual probability (𝑃𝑖) of the outage scenarios can be established.

𝑃𝑖 =∏  {

𝐹𝑂𝑅𝑗

(1 − 𝐹𝑂𝑅𝑗)𝑗

(62) 

The binominal distribution method is basically the discrete form of a normal 

distribution which investigates all the possible combinations of outage capacities and 

hence, the processing time of this method depends on the number of ECDs in the system. 

As a result, this method may not be efficient in case of an MEMGS system with several 

numbers of ECDs. 

The discrete convolution technique is indeed the alternative name for the binominal 

distribution calculation process. The convolution of two discrete functions can be 

described as:  

𝑃(𝑍 = 𝑧) = ∑ 𝑃(𝑋 = 𝑘). 𝑃(𝑌 = 𝑧 − 𝑘)

+∞

𝑘=−∞

 (63) 
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Where 𝑋 and 𝑌 are the random variables, representing the availability status of the two 

units, and 𝑍 = 𝑋 + 𝑌, representing the distribution function of the targeted outage 

scenario. The k variable in an arbitrary integer variable to enable the convolution operator 

slides the time-dependent availability function on the other one.  

Nonetheless, the method might be cumbersome and hence the Furrier Transform (FT) 

method can be employed instead [60], [62]. In FT convolution method it is aimed to use 

the individual Probability Mass Function (PMF) of each ECDs and convolve these 

functions to achieve the occurrence probability of each outage scenarios. The PMF or 

Probability Density Function (PDF) is defined as a function that presents the probability 

of a discrete random variable at an exact value. For instance, if the FOR for a 100-kW 

diesel generator is equal to 0.02 the PMF diagram can be shown as two impulse functions 

as in Fig. 24 where P is representing the shift in the capacity outage vector to the right. 

 

Figure 24. PMF or PDF for the outage probability of an ECD 

 𝑃𝑀𝐹𝑗 = 𝐹𝑂𝑅. 𝛿(𝑥) + (1 − 𝐹𝑂𝑅). 𝛿(𝑥 − 𝑃) (64) 

Considering multiple ECDs results in the same number of outage capacity PMFs. To 

release the individual probability of the outage scenarios requires convolving the FT of 

the independent PMF functions according to their operation status using the following 

equation where j and m denote the indices for two different ECDs. 
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𝑃(𝑍 = 𝑧) = 𝑃𝑀𝐹𝑗 × 𝑃𝑀𝐹𝑚

𝑗 ≠ 𝑚 ∈ {1,… , 𝐽} 
(65) 

Implanting the FT based convolution algorithm for a system comprising of three ECDs 

with nominal capacities of 90, 70, and 80 kW and corresponding 0.01, 0.03, and 0.02 

FOR values, the COPT is obtained as in Table 2. The first column and second column 

represent the outage and maximum generation capacities available in the MEMGS in each 

scenario. In addition to the individual probability of each scenario, the cumulative 

probability is an appropriate comparative metric which describes the probability of 

occurrence of each scenario with respect to other scenarios and is represented in this table. 

𝑃𝑐(𝑍 ≤ 𝑧) =∑{
𝑃𝑠  𝑖𝑓 𝑍 ≤ 𝑧

0  𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒𝑠
(66) 

Table 5.  COPT attained by implementing the FT based convolution approach 

Outage Capacity Generation Capacity Number of Unavailable Units Individual Probability Cumulative Probability 

0 180 0 0.94109 0.941094 

20 160 1 0.029106 0.029106 

70 110 1 0.019206 0.009506 

90 90 1 0.009506 0.019206 

90 90 2 0.000594 0.000294 

110 70 2 0.000294 0.000594 

160 20 2 0.000194 1.94E-04 

180 0 3 6e-06 6.00E-06 

𝑃𝑠 denotes the individual probability that corresponds to scenario 𝑠 in which 𝑍 is equal

to the capacity outage.  

The recursive algorithm is a more comprehensive method to calculate multi-state 

uncertainty models that provide the operators and planners with the capability to calculate 

the COPT more easily if an additional unit is included or an existing one is removed as 

explained in the literature [60], [61] in details and are out of the scope of this research. 

3.3.3. Stochastic Modelling 

In planning, unit commitment, and dispatch schedule optimisation problem in which 

the uncertainty of the ECDs and RESs are time-variant parameters, it is required to 

account for availabilities of these units in over the planning or operation horizon. The 

two-state discrete Markov modelling is a concept is often used to describe the process 
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wherein a transition occurs between two distinctive states and the probability of the 

transitioning to a certain state at any given time is dependent only dependent on the 

previous state [63], [64]. In order to make the state transitioning a solely time-dependent 

process, it is assumed that the probabilities of movement from one particular state to 

another specific state are constant. For an ECD with two distinguishable operation states 

(up and down), the illustrative conceptual diagram can be shown as in Fig. 25. 

 

Figure 25. Two-state Markov model at stationary in a single time interval 

As demonstrated above, assuming that the ECD is initially in fully operational mode (UP), 

two possibilities may occur in the next time interval; either remain in service (UP) with a 

probability of ρ𝑗,(𝑈→𝑈)
  or transition to Downstate ρ𝑗,(𝑈→𝐷)

 . As such, the sum of the two 

probabilities must be equal to 1. Similarly, if the ECD is not in service at instant 𝑡, then 

there will be two possible outcomes for the following step, either a successive failure 

(Downstate) or operational to UP state.  

 𝜌𝑗,(𝑈→𝑈)
 + 𝜌𝑗,(𝑈→𝐷)

 = 1 (67) 

 𝜌𝑗,(𝐷→𝐷)
 + 𝜌𝑗,(𝐷→𝑈)

 = 1 (68) 

For the second time step, depending on the previous state the new possibilities with 

corresponding probabilities can be inferred and this recursive process continues until the 

end of the planning or operation horizon. These sequences of consecutive time-dependent 

probabilities can be represented by a tree diagram. This practice becomes impracticable 

when the time horizon extends or a combination of ECDs are aimed to be evaluated. To 

overcome this challenge the stochastic algorithms are employed in conjunction with 

sampling approaches such as Monte Carlo Simulation. For instance, the multivariate 

distribution sampling for variables with stochastic and random nature is an effective 
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approach to account for the systems with several time-dependent variables namely, 

dynamic pricing the solar PV or wind power generation, demand and etc. This algorithm 

creates a scenario tree from the observations (historical profile) with an attributed 

probability of occurrence. Then, the number of scenarios is reduced according to the 

corresponding probability of each scenario as described in [65]. 

3.3.3.1. Scenario Generation and scenario reduction 

As described earlier, the reliability model of an ECD is characterized using the failure 

and repair rates associated with the unit over a long period (𝑇𝐻). The 𝑇𝐻 for calculating 

the MTTF and MTTR parameters has commonly been adopted to be 8760 hours 

equivalent to one year. Due to the stochastic behaviour of ECDs in terms of availability, 

the time to repair and failure functions with an exponential distribution can be represented 

as follows [66]. 

𝑓(𝑡𝑢𝑝) = 1 − 𝑒𝜆×𝑡
𝑢𝑝

(69) 

𝑓(𝑡𝑑𝑛) = 1 − 𝑒𝜆×𝑡
𝑑𝑛 (70) 

where 𝑡𝑢𝑝, and 𝑡𝑑𝑛the random time variables of the exponential distribution, implicating

the time to repair and failure of a unit. Performing the inverse transformation technique, 

the above equations can be expressed in terms of the random variables, 𝑡𝑢𝑝 and 𝑡𝑑𝑛.

𝑡𝑢𝑝 = −𝑀𝑇𝑇𝑅 × ln(1 − 𝑟) (71) 

𝑡𝑑𝑛 = −𝑀𝑇𝑇𝐹 × ln(1 − 𝑟) 

𝑟~𝑈(0,1) 

(72) 

where r is a random sample picked from a uniform distribution between 0 and 1. The 

dynamic sequence of operation states can be created by selecting this random variable (r). 

Having introduced the Markov model and stochastic behaviour of the ECDs, the 

conditional probability matrix, representing the transitional probability associated with 

𝑗𝑡ℎ ECD can be formed as follows.



 

98 

 

 

 𝜌𝐴𝐸𝐶𝐷,𝑗
𝑡 = [

1 − ρ𝑗,(𝐷→𝑈)
𝑡 ρ𝑗,(𝐷→𝑈)

𝑡

ρ𝑗,(𝑈→𝐷)
𝑡 1 − ρ𝑗,(𝑈→𝐷)

𝑡 ] (73) 

 ρ𝑗,(𝐷→𝑈)
𝑡 = 𝐹𝑂𝑅𝑗 ∗ (1 − 𝑒

−(μ𝑗−λ𝑗)(𝑡−𝑡0)) (74) 

 ρ𝑗,(𝑈→𝐷)
𝑡 = (1 − 𝐹𝑂𝑅𝑗) ∗ (1 − 𝑒

−(μ𝑗−λ𝑗)(𝑡−𝑡0)) (75) 

where 𝜌, 𝑗, 𝑡, and 𝐴 are the probability of state change of ECD unit, ECD unit index, and 

time index in hour respectively. 𝐷 and 𝑈 denote the unavailability and availability states 

of the unit 𝑗.  

3.3.3.2. Monte Carlo Simulation method 

Analytical procedures express the understudy system by mathematical model and 

equations that reflect all the system states in the state space to assess the reliability 

metrics. On the other hand, statistically, simulation methods estimate the reliability 

indices by simulating the actual stochastic process and random behaviour of the system.  

Among the simulation methods, the Monte Carlo Simulation (MCS) is a widely 

implemented technique to imitates the random and stochastic behaviour of the system and 

hence treating the problem as a series of real experiments. There are merits and demerits 

in both methods. Monte Carlo simulation usually requires a large amount of computing 

time and is not used extensively if alternative analytical methods are available. 

Nonetheless, it can include any system effect or the system process which may have to 

be approximated in analytical methods. It can also evaluate indices and probability 

distribution functions that analytical methods are incapable of [67], [68]. Using random 

variable sampling from the system space state, two different sampling approach for MCS 

are introduced including the Non-Sequential Monte Carlo Simulation (NSMCS), and 

Sequential Monte Carlo Simulation (SMCS). The NSMCS select the random samples 

from the system state independently of the periods in which they occur. On the other 

hand, the SMCS as pick the samples the next system state and thus advancing variable 

periods per iteration. In other words, the NSMCS represents the State Space of the system 

whereas the SMCS assumes the chronological representation. 



99 

Considering the uncertainties of the ECDs and RESs necessitates adopting a stochastic 

method to generate a set of various scenarios with their corresponding assigned weights. 

These weights represent the probability of occurrence of each scenario and reflect the 

uncertainty of the generators. To achieve this, the Monte Carlo Simulation (MCS) as a 

random sampling approach is employed due to its simplicity and independence of the 

number of samples from the degree of accuracy [69]. Each scenario determines the 

availability status of generating units at each time step of the temporal horizon. A two-

state Markov Chain model as discussed in the previous section and the Probability 

Distribution Function (PDF) is used to achieve the probability of ECDs' availability state 

and RESs generation at each time instant [70]. The PDF for the produced wind power can 

be obtained using the Weibull distribution and the wind turbine output power equation 

described in section 3.1 and the PV generation PDF can also be attained using statistical 

analysis of the historical profile. 

The SMCS, so-called state duration sampling approach is a time-expensive approach but 

more accurate method than the NSMCS for reliability evaluation of a system. This 

approach assumes that the system, regardless of the employed technology or type of the 

components, is a combination of their states which can be individually inferred from the 

failure and in-service rates of the components [71]. 

State duration sampling method basically consists of four steps:  

• Specifying the initial state of all the components. It is generally assumed that all

the elements are initially at in-service state (UP state).

• Simulating the sequential state transition model of all the components as

developed in section 3.2.3. The following figure is obtained by performing the

sequential state transition model for an ECD unit.

• Creating the chronological system state transition cycle through combining the

state transition processes

• Repeat the second step in the temporal horizon considered.
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Figure 26. Availability Status of an ECD using the sequential state transition model 

On the other hand, the non-sequential MCS, the state sampling procedure is 

implemented wherein a vector of random selections of time intervals are generated to 

construct the non-chronological system state model. In this method, the behaviour of 

generating units including the renewable energy source namely, wind turbine and solar 

PV is modelled by the means of the components’ FOR and PDFs associated with the 

renewables generating units. The random vector is generated uniformly random numbers 

to adequately reflect the intermittent behaviour of renewables and stochastic nature of 

ECDs as described in [72]. 

Employing MCS procedure, even though generating a large number of scenarios 

reflects the behaviour of the system more accurately, it increases the computational 

complexity and processing time. Therefore, it is essential to lessen the number of 

generated scenarios so that the selected scenarios would reasonably represent the system 

uncertainty. In this paper, the fast-forward selection method based on Kantorovich 

distance has been implemented for reducing the number of scenarios.  

The probability assigned to each scenario affects the degree of contribution of that 

scenario in the objective function. The probabilities of the reduced scenarios can be 

represented as a matrix as stated in the following matrix. 

 𝑅𝑒𝑑𝑢𝑐𝑒𝑑 𝑠𝑐𝑒𝑛𝑎𝑟𝑖𝑜𝑠 = [𝜌1 𝜌2 … 𝜌𝑠 … 𝜌𝑟𝑠] (76) 

where 𝑟𝑠 and 𝜌𝑠 are the total number of reduced scenarios, the probability corresponding 

to scenario 𝑠, respectively. 
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3.3.4. Reliability metrics definitions 

The reliability of energy systems is defined as the degree to which the performance of 

the employed ECDs allows delivering interruptible energy to the loads. To provide the 

decision-makers and planners with a robust measure to evaluate the technical 

performance of the energy systems whilst determining the technology and capacity of 

components and adopting energy management strategy. The reliability evaluation is of 

utmost importance at the distribution level and particularly at the design and planning 

stage of MEMGSs. Typically, the reliability indices can be classified into two main 

categories according to the reliability aspect being examined for an energy system. There 

are two reliability aspects including adequacy and security [67], [73], [74]. The security 

aspect of reliability deals with the dynamic issues such as faults and contiguities that 

cause sudden disturbances and subsequently affect the stability of the system and several 

indices are introduced to measure these stochastic behaviours of the energy systems, 

namely the System average Interruption Frequency Index (SAIFI), System Average 

Interruption Duration Index (SAIDI), etc.  

On the other hand, the adequacy aspect of energy system merely investigates the ability 

of the system to deliver the energy required by the customer. This category of reliability 

measure evaluates the steady-state stability of the system by establishing the probability-

based generation-balance indices. As this study is focusing on the planning and energy 

management system design of MEMGSs system 

Various calculation approaches are employed to describe the adequacy based or 

energy-oriented reliability performance of energy systems, including Loss of Load 

Probability, Loss of Load Expectation, and Energy Not Supplied at the most common 

ones which are explained in the followings. 

Loss of Load Probability (LOLP): Loss of Load (LOL) refers to the occurrence of 

the situations when there is an insufficient generation to supply the loads. In other words, 

the LOLP implicates the probability of the states that the generation capacity is inadequate 

to meet the energy demand and is achieved by multiplication of probabilities of the 

unavailable generation capacities as formulated below: 
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𝐿𝑂𝐿𝑃 =∑(∑ 𝜌𝑠 ×
𝜏ℓ
𝑇

𝑠∈𝑠𝑡ℓ

)

𝑁𝑙𝐿

ℓ=1

 (77) 

where 𝜌𝑠, 𝜏ℓ, 𝑁𝑙, and 𝑇 denote the corresponding probability to the outage scenario 𝑠, the

duration of the outage for the ℓ𝑡ℎ load level in the failure scenario 𝑠𝑡, the total number of

load levels, and the total period over which the LOLP is computed, respectively. 

Loss of Load Expectation (LOLE): The LOLE evaluation index describes the 

projection on the average duration of the inability of MEMGS to serve the load over a 

certain course of time. From the mathematical point of view, the LOLE is the expected 

value of loss of load calculated on an annual basis (𝑇) and in days/year unit. 

𝐿𝑂𝐿𝐸 = 𝐿𝑂𝐿𝑃 × 𝑇 (78) 

In MEMGSs system where the energy systems are supposed to satisfy different types 

of loads such as thermal, electricity and cooling, this index can be either individually 

defined or integrate the loss of loads in each sector (electricity, heating, and cooling), 

attributing appropriate influence weight to them [75], [76].  

Expected Energy Not Served (EENS): This index is alternatively referred as 

Expected Energy Not Delivered (EEND) and indicates the average amount of energy that 

is not delivered to the customer due to the insufficient generation throughout a certain 

period as shown in the following equation:  

𝐸𝐸𝑁𝑆 =∑(∑ 𝜌𝑠
𝑠∈𝑠𝑡ℓ

× 𝐿𝑐(𝑠)) × 𝜏ℓ

𝑁𝑙

ℓ=1

(79) 

where 𝐿𝑐(𝑠) represent the curtailed load due to the failure that occurred in scenario s.

3.3.5. Reliability modelling in Mixed Integer Linear Programming 

(MILP) Implementation 

To provide an uninterruptible power supply to the load, the reliability requirement has 

to be satisfied. Various forms of indices such as Expected Load Not Supplied (ELNS), 

Loss of Load Probability (LOLP) and Loss of Load Expectations (LOLE) are introduced 
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to evaluate the reliability of a power system as described in detail in section 3.2.4. 

Nevertheless, in this section, the LOLE as the reliability metric is only implemented in 

MILP as the other metrics can be derived from this index. 

To implement the reliability in the MEMGS system, the load curtailment (Θ) should 

be constrained by the demand value at each time as shown in the below equation.  

0 ≤ Θs
𝑚,𝑑,𝑡 ≤ 𝑃𝐿

𝑚,𝑑,𝑡 (80) 

where 𝑚,𝑑, 𝑡 are indices for the month, day and hour, respectively and 𝑃𝐿
  represent the

electrical load requirement. In cases of critical loads, the power deficiency can incur a 

significant cost on the system. 

The strategy to achieve the desired reliability index for a particular application depends 

on the type of loads. For instance, if an MEMGS is designed to supply critical loads, then 

a target LOLE value (𝐿𝑂𝐿𝐸𝑚𝑎𝑥) should be fulfilled as a constraint in the planning or

operation schedule optimisation problem. 

𝐿𝑂𝐿𝐸 =∑∑∑ρs. 𝑦𝑠
𝑚,𝑑,𝑡

𝑇

𝑡=1

𝐷

𝑑=1

rs

s=1

≤ 𝐿𝑂𝐿𝐸𝑚𝑎𝑥 (81) 

To consider the LOLE index, a binary variable (𝑦𝑠
𝑚,𝑑,𝑡

) is required to indicate the load

curtailment occurrence at any given time. The variable C is a large constant number to 

make the conditional constraint work. 

Θs
𝑚,𝑑,𝑡 ≤ 𝐶 ∗ 𝑦s

𝑚,𝑑,𝑡 (82) 

𝐶 ∗ 𝑦𝑠
𝑚,𝑑,𝑡 − Θs

𝑚,𝑑,𝑡 ≤ 𝐶 − 1 (83) 

However, loads consist of both critical and non-critical parts and the fixed reliability 

method may not be economically effective to achieve the optimal BESS size and 

operation scheduling. In this paper, to address this issue, the critical portion of the demand 

which should be satisfied at all time is considered as the lower limit of load curtailment 

variable at each time instant. Furthermore, a cost coefficient called Value of Lost Load 

(VOLL) is considered in the objective function to take the impact of reliability into 
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account. This technique allows the optimisation algorithm to decide on the reliability 

degree of the system while meeting the critical load demand.  

 CΘ =∑ρs

𝑟𝑠

𝑠=1

∗ (∑∑∑Θω
𝑚,𝑑,𝑡

𝑇

𝑡=1

𝐷

𝑑=1

𝑀

𝑚=1

∗ 𝑉𝑂𝐿𝐿) (84) 

where CΘ denotes the cost associated with the curtailed load. It should be noted that the 

above procedure and stated equations are established for the electricity hub. However, 

they can be modified to be used for heating and cooling energy hubs as well. 

3.4. Nonlinearity and Relaxation Framework 

The existing nonlinearities in energy performance including fuel consumption, 

degradation related curves, the decaying losses of energy storage, the transmission 

associated losses, etc, can be readily implemented using nonlinear programming 

techniques. However, this strategy is computationally and timely expensive, and in some 

cases may lead to the lack of convergence in the solution. The convergency problem in 

nonlinear problem stems from the imprecise definition of the model that may lead to the 

high sensitivity of the system with respect to the independent variable of the nonlinear 

function. To overcome this issue, it is essential to approximate the nonlinear relationships 

of the variables with linear functions 

3.4.1. Piece-Wise Linearization 

Piecewise linearization techniques appear in a wide range of system modelling 

applications and optimisation problems. The piecewise linear expressions are commonly 

useful while dealing with the cases involving either inherently piecewise linear 

relationships namely installation cost of ECDs that varies depending on the size and 

technology of the system in a stepwise fashion or approximating single variable 

nonconvex nonlinear interactions as a linear discrete piecewise functions with multiple 

criteria [77]–[79]. 

Nonetheless, this estimation of nonlinearity and nonconvexity creates an error that is 

measurable over a discrete set of points. 

The piecewise linear approximation of a nonlinear function is attained by introducing 

𝑘 number of sampling coordinates on the 𝑦 axis (break points) that corresponds to a 

certain value on 𝑔(𝑦) axis [80]. The newly constructed piecewise function is evaluated 
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through the breakpoints on 𝑦 axis, with �̂�1 and �̂�𝑘 coinciding with the left and right

extremes of the y domain as in Fig. 27. The function is then approximated by 𝐾 number 

of constant segments. More accurately speaking, the approximated function will comprise 

of (𝑘 − 1) criteria, wherein for any given value on 𝑦 axis as the independent variable, 

let’s say �̂� , that falls within two consecutive  intervals, �̂�𝑚 ≤ �̂� ≤ �̂�𝑚+1, the dependant

variable is approximated by convex combination of 𝑔(�̂�𝑚) and 𝑔(�̂�𝑚+1).  In this research

two different linear approximation approaches are investigated. 

3.4.2. piecewise constant approximation of the curvature 

Assume a curvature function as represented in Fig. 27. In this approach, the difference 

value between the area under the curve and the area below the piecewise constant function 

with a certain number of points are to be minimised. This technique, so-called special-

ordered set of type-1 basically involves a set of variables, of which one member can only 

take a non-zero value at most, and other variables must be equal to zero. More precisely, 

from a set of possibilities that are expressed as a separate criterion, one value can be only 

valid at each arbitrary point within the minimum and maximum limits of the independent 

variable.  

Figure 27. conceptual representation of piecewise constant approximation technique 

It is evident that introducing a higher number of breakpoints or for a better word, the 

higher number of sub-functions with certain domains will result in higher precision in the 

estimation of the nonlinear function. Nevertheless, the greater number of breakpoints 

comes at a cost which is the dramatic increase in the computational burden due to the 
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necessity to define more variables. Therefore, there is a trade-off between the accuracy 

of the approximation and the complexity of the problem.  

Let’s consider the nonlinear function demonstrated in Fig. 27. According to the 

description above, this nonlinearity can be estimated by mutually exclusive alternatives 

in increasing order. The 𝑦 axis implies the independent variable and 𝑔(𝑦) is the value of 

the function. It should be noted that this approach is inapplicable in modelling 

multivariate functions. Any arbitrary point on the discretised diagram can be the shown 

by a coordinate as below. 

(�̂�𝑖 , 𝑔 (�̂�𝑖))      for  𝑖 ∈ 1,2, … ,  𝑘 (85) 

Defining any given point on the nonlinear curve as paired data as above, the discrete 

piecewise function can be constructed as the integration of the pieces as expressed as 

below where k is the number of segments over the maximum and minimum 𝑦 domain. 

𝑔(𝑦) =∑𝑔 (�̂�𝑖). 𝑥𝑖

𝑘

𝑖=1

(86) 

where 𝑥𝑖 denotes the weight variable attributed to coordinate 𝑖. The discrete function can

take only one of the k possible values weighted by the variables 𝑥𝑖, of which only one can

be non-zero, and that must have the value one. 

𝑥1 + 𝑥2 +⋯+ 𝑥𝑘 = 1 (87) 

To achieve the optimal consecutive intervals, the error between the target value and 

approximated value should be minimised. As each consecutive step function create a 

triangle with the original function, the error can be obtained by calculating the integration 

of their areas. The objective function of the proposed method is formulated in 89 and can 

be solved through NLP optimisation algorithm. 

𝑔 (�̂�𝑘−1)
𝑚𝑎𝑥 = 𝑔 (�̂�𝑘)

𝑚𝑖𝑛 (88) 

𝑀𝑖𝑛 [∑
(𝑔(�̂�𝑘) − 𝑔(�̂�𝑘−1)). (�̂�𝑘 − �̂�𝑘−1)

2

𝐾−1

𝑘=1

] 
(89) 
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where �̂�𝑘, �̂�𝑘−1, 𝑔(�̂�𝑘), and 𝑔(�̂�𝑘−1) denote the two consecutive intervals on part-load

ratio axis and their corresponding efficiencies, respectively. 

As an instant, let’s consider the performance of ECD that is correlated with the generated 

power. The ECD is treated as a black box, fed by one or more energywares and supplying 

energy demand requirement. The efficiency of an ECD is not equal to its design value 

and depends on the part load ratio and thus can be defined as a nonlinear function of its 

generated power [81]. Therefore, the conversion efficiency or coefficient of performance 

of an ECD is expressed as:  

𝜂𝑗 = 𝑓 (𝑃𝑗(𝑡)) (90) 

where 𝜂𝑗,𝑃𝑗(𝑡) are efficiency and generated output power at time instant t for converter

unit 𝑗. To linearise the nonlinearity of the efficiency function stated above, the piecewise 

constant approximation technique is adopted as shown in Fig. 28. Calculating the optimal 

distance between two successive independent variables on the part load ratio axis for 20 

of segments (Ns), the original and approximated stepwise function is represented in the 

following figure. is computed to achieve an accurate approximation of the nonlinear 

efficiency. 

Figure 28. linearisation of normalised efficiency of a typical ECD using constant piecewise 

approximation method 
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3.4.3. piecewise continuous linear approximation of the curvature 

The piecewise continuous linear approximation, so-called Special Ordered Set of 

type Two (SOS2) consists of a set of consecutive variables in which not more than two 

adjacent members are allowed to be non-zero in the feasible space. Similar to the 

piecewise constant approximation techniques, the constructed sets are mutually 

exclusive of each other. Furthermore, the members are not subject to any other discrete 

conditions and the sets are individually grouped together consecutively in the data. 

The SOS2 approach was developed introduced to find the globally optimal solution of 

the problems encompassing piecewise linear approximations to a non-linear function of 

a single argument. 

Assume the single-variable nonlinear function 𝑓(𝑦) represented as a dotted curve in 

Fig. 29. Any point on this curve over the closed intervals of [�̂�𝑖 , �̂�𝑖+1] can be described

as paired data, representing the coordinate of the point:  

(�̂�𝑖 , 𝑓 (�̂�𝑖))      for  𝑖 ∈ 1,2, … ,  𝑘 (91) 

To implement the SOS2 linear approximation of single variable nonlinear/nonconvex it 

is essential to define a non-negative continuous variable vector with 𝑁 + 1 element, 

denoted by 𝑊 and 𝑤𝑖 elements, each one of which indicates the continuous weight

variables at each interval. 

Figure 29. conceptual representation of piecewise continuous linear approximation technique 
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 𝑌 = ∑ �̂�𝑖𝑖

𝑁+1

𝑖=1

× 𝑤𝑖 (92) 

where N implies the number of linear pieces of the nonlinear function. The summation 

multiplied by the corresponding intervals (𝑁 + 1 number of intervals) represents the 

independent variable (𝑦). 

 ∑𝑤𝑖

𝑁+1

𝑖=1

= 1 (93) 

The coefficients are the endpoints of the 𝑁 + 1 interval in the function. Variable Z 

translates to dependent variable or 𝑓(𝑦)  and is defined as the summation of all 

piecewise functions at their breakpoint (intervals), reflecting the relationship between 

the independent variables and the dependent variable. 𝑍 can be either included in the 

objective function if it implies a cost or an equality constraint if it is a decision 

 𝑍 = ∑(𝛾𝑖 + 𝜆𝑖 × �̂�𝑖) × 𝑤𝑖

𝑁+1

𝑖=1

 (94) 

where 𝛾𝑖 and 𝜆𝑖 are the intercept and slope of the line corresponding to the 𝑖𝑡ℎ segment 

of the piecewise approximation. The calculated value of 𝑍 is not accurate if, for example: 

𝑤1 = 0.5 and 𝑤4 = 0.5. The constraint required to be imposed is that at most two of the 

𝑤𝑖 can be nonzero, and the two nonzero 𝑤𝑖 must be adjacent. This is known as SOS-2 

constraint, that is, a special-order set of type 2 constraint. The SOS-2 constraint can be 

modelled using a set of instrumental binary variables, 𝛽  whose purpose is to enforce the 

SOS2 conditions overweigh variables 𝑊. For this purpose, the following constraints are 

developed in which the 𝑖 and 𝑗 denote two segments that are not adjacent. 

 𝑤𝑖 ≤ 𝛽𝑖 (95) 

 ∑𝛽𝑖

𝑁+1

𝑖=1

≤ 2 (96) 

 𝛽𝑖 + 𝛽𝑗 ≤ 1 (97) 

 

𝑗 > 𝑖 + 1 

(𝑖, 𝑗) ∈ {1,… ,𝑁} 

(98) 
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3.5. Summary 

In this chapter the times-series dynamic modelling approach is adopted to propose a 

generic MILP and MIQP based model for individual components that are potentially 

utilised in MGs and MEMGs, considering the uncertainty and the nonlinearities 

associated with the system elements. First, the model of wind turbine and solar PV 

systems are described as the two commercialised types of RESs. Following that the ESS 

dynamic model is established for both battery energy storage and thermal energy storage 

using MILP approach. Furthermore, the nonlinear degradation phenomenon in ESSs are 

described and an effective linear model is proposed. The energy conversion units dynamic 

and nonlinear behaviour is modelled and the energy demand characteristics, as well as 

the cost associated with the utility grid, is explained in detail. Further expanding the 

model of the components, the uncertainty concerning the components and demand is 

discussed and a stochastic approach and MILP reliability model is proposed to deal with 

them. Lastly, the nonlinear parameters of the system such as the efficiency of generators 

are linearised using the proposed techniques. The developed model is later utilised in the 

two following chapters to propose the optimal planning optimisation and optimal EMS 

frameworks. 
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4. MULTI-ENERGY MICROGRID

SYSTEMS ENERGY PLANNING 

4.1. Chapter overview 

This chapter investigates the planning optimisation of MG and MEMGSs and MGs. As 

detailed in chapter 2, there are three main approaches for the structural design 

optimisation and the determination of the type and capacity of the components in an 

energy system: analytical, deterministic and stochastic approaches. Analytical techniques 

are usually iterative algorithms that are relatively fast and always feasible to solve. 

However, the computational performance of these techniques is significantly affected 

when considering multiple objectives. Deterministic decision-making techniques are 

developed based on the assumption that the forecasted values exactly match the actual 

values; hence, the prediction error is neglected. The major advantages of employing 

deterministic programming are that it facilitates the implementation of detailed models of 

the components with the nonlinear behaviour as the number of required decision variables 

and parameters are fewer than those of stochastic approaches. Therefore, they are less 

time-consuming and less computationally expensive than stochastic approaches. In 

contrast, stochastic decision-making techniques benefit from creating various scenarios 

and specifying the probability of occurrence of each scenario to reflect the uncertainty of 

the decision variables. Although stochastic planning techniques can provide a more 

economically viable and reliable solution because they account for uncertainties, they are 

more time-consuming and complex than deterministic approaches. Furthermore, 

stochastic techniques provide planners with the flexibility of defining the reliability and 

resilience parameters, which are dependent on the stochastic behaviour of the system 

components.  

In this chapter, the sizing of energy-storage systems in MGs are initially investigated 

using an analytical approach in section 4.2.1. This section particularly focuses on grid-

connected renewable microgrid systems. This method is expanded on in section 4.2.2 to 

consider the operation of dispatchable generators and to model the components’ operation 

criteria and associated costs. In this section, the optimal operation and dispatch schedule 

of the elements in the system is obtained by implementing and solving the unit-

commitment problem. Finally, a multi-objective stochastic optimisation approach is 
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utilised in section 4.2.3 to consider the uncertainties associated with component failure 

and generation uncertainty. In this section, several performance indices are defined to 

evaluate and adjust the performance of the system at the planning stage. Finally, a similar 

design and planning principle as that in the previous section is applied, and a multi-

objective planning approach in the presence of grid-power fluctuations and dynamics of 

energy storage systems is developed to optimise the operation, size and type of the 

components in a cogeneration system acting as an MEMGS. In this section, the nonlinear, 

complex interactions and interdependencies between the energyware vector at the input, 

energy conversion devices and energy requirements at the output of the system are 

linearly modelled to improve the performance of the planning optimisation framework. 

Furthermore, the energy-storage dynamics, degradation factor and nonlinear maintenance 

cost associated with the various technologies available in the candidate pool are 

considered.  
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4.2. Microgrids and Multi-Energy Microgrid Planning 

Optimisation 

4.2.1. Optimisation of battery energy storage capacity for a grid-tied 

renewable microgrid 
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Abstract—There are various hurdles in using Renewable
microgrids that have to be dealt with such as intermittency of
output power as well as reliability of the system. Battery energy
storage has been widely addressed as a solution to overcome the
limitations of renewable energy resources. Besides, it effectively
enhances the system performance and maximises economic profit.
Therefore, optimal sizing of battery energy storage is a crucial
task at the design stage to reduce operational cost and increase
the system reliability. The aim of this paper is to propose a
practical approach to achieve the optimal capacity of energy
storage for a grid-tied renewable microgrid through peak shaving
and energy saving techniques. However, if the system is designed
to satisfy critical loads, the load profile has the most prominent
influence on the battery sizing. Once the size of the battery energy
storage is determined, two different scenarios are defined to verify
the effectiveness of the proposed technique. In this paper, the
renewable-microgrid system comprises wind turbine, solar panel,
battery storage and a backup diesel generator in case of critical
load presence. The problem is analysed throughout a year with
24 time steps for each day. The results confirm the effectiveness
and functionality of the method from the cost minimisation and
optimal operation perspectives.

Keywords—Sizing Optimisation, Battery Energy Storage Sys-
tems, Battery Sizing, Microgrid, Renewable Energies

I. INTRODUCTION

Recently, there have been remarkable efforts on harvesting
renewable energies and integrating them to generate electricity
as they are pollution free and social friendly [1]. However,
in order to address the economic, and reliability concerns
whilst meeting the required energy demand, it is essential
to construct a secure infrastructure by deploying innovative
theories and techniques to overcome the restrictions of these
resources [2], [3]. Depending on the available resources, a
combination of two or more types of renewable energies may
be used in a renewable microgrid (RMG) in order to improve
reliability and efficiency of the system [4]. The RMG systems
are designed to operate either standalone or grid connected.
The isolated RMGs are suitable for remote areas where the
access to the power grid is not feasible or electrification cost
is expensive. On the other hand, the main purpose of using
grid-tied RMG systems is to mitigate the electricity bill and
provide a more secure power system in outage contingencies
[5]. The time-variability of renewable resources such as wind
and solar power hampers the RMG to achieve their maximum
potential. Battery Energy Storage Systems (BESS) play a

crucial role in such systems as they absorb surplus energy
as long as the energy carriers are available and inject the
energy into the load whenever it is required [6]. Peak shaving
is regarded as another significant advantage to the RMG
system equipped with BESS. When it comes to peak shaving,
electrical loads are categorised into two types including flexible
and uncontrollable loads [7]. The controllable load can be
shifted to off-peak times for the purpose of peak shaving. By
contrast, the peak shaving in RMGs with uncontrollable loads
is merely performed through BESS [8]. Therefore, using BESS
along with RMGs turns the uncertain renewable resources into
dispatchable ones. Besides, the BESS improves the reliability
of the system and brings economic advantages. However,
this component can significantly increase the investment cost
of the system and therefore, selecting the proper capacity
is a delicate task [9] and various features from technical
and economical aspects should be taken into consideration.
From the economic perspective, it is aimed to reduce the
investment cost of BESS, maintenance cost, and the electricity
bill [7]. This has led to forming BESS optimisation problem.
In the literature, various techniques to obtain the optimum
size of BESS have been reported such as artificial intelligence,
iterative, and analytical approaches, each one of which takes
different constraints and parameter into account to determine
the size of the BESS as elaborated in [10]. Depending on the
available information and the desired operational and economic
criteria to meet the requirement of the system, technique can
be combined with each other to achieve a precise result. For
instance, a double-layer optimisation has been introduced in
[11], in which the authors employed a Mesh Adaptive Direct
Search (MADS) optimisation approach as the outer solver
and Improved Particle Swarm Optimisation (IPSO) as the
inner solver for a RMG system consisting of wind turbines,
solar panels and microturbine generators [11]. Nevertheless,
combining these approaches will lead to more complexity and
longer optimisation time.

On the other hand, the iterative approach investigates
all possible configurations for a given RMG based on the
load profile and operational and economic constraints of the
components. In this method, the size of each component is
linearly varied to find a solution that meets the operational
expectations of the system [10]. Once a feasible configuration
is identified, it will be economically compared with other
possible solutions to decide whether it grants the maximum
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benefit or not whilst satisfying the operational requirements of
the system [12]. The authors adopted the iterative technique in
[5] to determine the size of the component in a grid-tied system
comprising a photovoltaic system and BESS. Afterwards, the
computed possible configuration is economically evaluated by
the means of indices such as Excess Power Ratio (EPR) to
achieve the optimal solution [5].

In the literature, the energy saving has been solely consid-
ered as the main contributing element in profit and the cost
associated with peak demand which has a tremendous impact
on the BESS size, has been neglected. However, in this study,
a practical BESS sizing method based on the benefit resulted
from both peak shaving and energy saving using the historical
load profile has been proposed. This approach satisfies the
BESS sizing problem criteria from technical and economical
perspectives. In section II, the model and characteristics of
the components utilised in the MG are discussed in details.
In section III, the elements associated with battery cost and
the proposed algorithm to calculate the optimal size of the
BESS are expressed. Section IV discusses about applying the
proposed techniques to two different scenarios in order to
perform cost analysis and evaluate the effectiveness of the
method. The last section concludes the paper according to the
obtained results.

II. THE MICROGRID COMPONENT MODEL AND

CHARACTERISTICS

The proposed renewable energy system encompasses the
following componentry; wind turbine, PV panels, and a BESS
which are linked to the utility grid (grid-tied system) through
converters to satisfy the energy demand and a backup generator
to cover up the generation deficit during outage.

Figure 1. The basic structure of a renewable microgrid system with backup
generator

The importance of backup generators is revealed when
dealing with critical loads, that require continuous supply,
a diesel generator might be considered to meet the load

demand in emergency occasions. The conceptual architecture
of this system is illustrated in Fig. 1. The BESS not only
can improve the RMG performance and reduce the electricity
bill by employing an scheduling optimisation approach, but
also supplies the load for a certain period during outage
contingencies.

A. Photovoltaic Model

The generated electricity at the output of PV panels and
wind Turbines are in accordance with the solar irradiation
and wind speed profiles. The generated power of PV arrays
(PoutPV

) is usually defined as a function of PV efficiency and
solar radiation and given by (1). The effect of temperature
fluctuations on the output power of PV arrays have been
neglected in this study [5].

PoutPV
(t) = NPV .ηPV .S.I(t) (1)

where NPV , ηPV , S, and I(t) are number of panels, efficiency
of PV panels (%), the area of a PV array (m2) and I(t) the
instant solar radiation, respectively.

B. Wind Turbine Model

The available power at the output of a Wind Turbine (WT),
denoted as PoutWT

(t), is dependent upon wind velocity and is
often described as a piecewise function as in (2).

PoutWT
(t) =

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

0 v(t) ≤ vci
0 vco ≤ v(t)

NWT .Prated.
vk
(t)−vk

ci

vk
rated−vk

ci

vci ≤ v(t) ≤ vrated

NWT .Prated vrated ≤ v(t) ≤ vco
(2)

where Prated denotes the rated power at rated wind speed
vrated. vci and vco are the upper and lower marginal wind
speed range at which the WT generates power and k is the
shape factor in Weibull distribution used for wind energy
characterisation [13].

C. BESS Model and Constraints

The BESS is commonly modelled based on its energy
status at each time step and its operational constraints. There
are maximum and minimum limitations for charged and dis-
charged energy as well as charge and discharge power rates that
should be within certain ranges as indicated in (3). Besides,
charging and discharging cannot be happening simultaneously.
Therefore, the step function U(t) is defined and multiplied to
the charging and discharging powers to avoid this as in (3).

0 ≤ Pcharge(t) ≤ P charge
max .U(t)

0 ≤ Pdischarge(t) ≤ P discharge
max .(U(t)− 1)

EBESS(Min) ≤ EBESS(t) ≤ EBESS(Max)

(3)

where Pcharge(t), Pdischarge(t), EBESS(t) represent charg-
ing power and discharging power rates at each instant time,
respectively. EBESS(t) is the remained energy in the BESS
at time t. The initial and ultimate charge of the BESS should
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be equal in a complete cycle which is commonly considered
to be 24 hours as stated in (4) [1], [6].

24∑
t=1

(Echarge(t)− Edischarge(t)) = 0 (4)

The generic dynamic model of energy transfer in a BESS is
described as in (5).

EBESS(t+ 1) = EBESS(t).β − Edischarge(t) + Echarge(t)

β = (1− δBESS)
(5)

Edischarge(t) =
Pdischarget(t)

ηdischarge
.Δt (6)

Echarge(t) = ηcharge.Pcharge(t).Δt (7)

where Δt implies the time interval. (5) defines the energy of
the BESS at the next time step EBESS(t+1) as a function of
its energy level EBESS(t), discharging energy Edischarge(t)
and the charging energy Echarge(t) at the present time. (6) and
(7) define the discharged and charged energy at time interval
Δt respectively. ηcharge, ηdischarge, and δBESS indicate the
charging efficiency, discharging efficiency, and the energy loss
ratio of the storage correspondingly.

D. Load Characteristic of Building G39-Griffith University

Energy demand is intrinsically a time dependant variable as
it fluctuates greatly during the day and different seasons due
to external factors such as weather condition changes [14].
In order to cover all these fluctuations, electricity demand for
a period of a year is considered in this study. The sampling
time is opted to be 1 hour to take the hourly load variations
into consideration. Therefore, there exist 8760 time steps for
the whole period to be examined for the purpose of BESS.
In this study, the load is uncontrollable and peak demand can
not be shifted to an off-peak time. Therefore, peak shaving
is only achievable through scheduling the operation of BESS.
The actual commercial load profile was collected from building
G39 at Griffith University. As it is clear from Fig. 2, the peak
demand does not go beyond 200 kW except for two days when
it reached to 202 kW.

Fig. 2(a) shows the peak load demand value for each day
which represents how gradually the demand varies in different
seasons, whereas Fig. 2(b) illustrates the maximum hourly
demand over the period of one year. As it can be concluded
from these figures, the minimum demand during the day is
around 7 am and the demand before 8 am is as nearly half
as load demand between 10 am to 8 pm and thereafter, the
demand has dropped again.

E. Technical Specifications of Components

The proposed WT is a vertical axis type which can generate
5 kW power at its rated speed 5 [m/s], with a cut-in and cut out
wind speed of 3.5 [m/s] and 15 [m/s], respectively. In order
to meet the load demand and in accordance with the wind
potential of the location, 4 WTs with a total power capacity
of 20 kW are going to be installed. Considering the effective
available area and the load demand profile, a PV module
consists of 317 polycrystalline type panels manufactured by
Canadian Solar with a nominal power of 320 W for each panel
to generate a total power of 100 kW has been proposed.

(a)

(b)

Figure 2. The peak load demand variations throughout a year (a). Maximum
load demand at every hour for a year (b)

III. PROPOSED BESS SIZING METHOD

The primary criteria for battery sizing in island RMGs is
to meet the load demand during the the time when renewable
resources are unavailable (days of autonomy). Therefore, they
often require higher battery capacity as compared to the grid-
connected RMGs [5]. However, in grid-tied systems, the BESS
is employed for the purpose of cost reduction through shaving
the peak demand as well as storing the redundant generated
power and selling it at the most profitable time.

Nevertheless, if the load of the RMG is critical, the power
supply should be maintained all the time. Therefore, it is
necessary to determine the BESS capacity so that it could
supply the load for a certain time to protect the operating
devices and create the abundant time for backup generator to
start up. The worst scenario occurs when neither renewable
resources nor electricity grid are available. Another significant
factor contributing in BESS sizing problem is battery cost min-
imisation. The BESS cost mainly includes installation cost and
maintenance cost. The purchase and installation cost are one-
time costs whereas maintenance cost is an annual parameter
and is maintained for the whole life time period of the BESS.
Taking the Capital Recovery Factor (CRF) into consideration,
the total cost of BESS (TCBESS) can be calculated through
(8) and (9).

CRF =
Ir.(1 + Ir)LT

(1 + Ir)LT − 1
(8)

TCBESS =
(
FC.CRF +

LT∑
y=1

(CMaintenance.αy)
)
.CBESS

(9)
where Ir, LT , CMaintenance, FC, CBESS , and αy are
interest rate, life time of the BESS, maintenance cost, one-
time cost, the capacity of the battery bank, and inflation rate
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for maintenance cost, respectively.

The electricity provider companies charge their customers
for the highest demand within a month in $/kW and the annual
saved cost from peak shaving is denoted by APSS. The Annual
Total Benefit (ATB) can be found using (10). The APSS is
obtained within 12 month (m) and the benefit from saving
energy is achieved for 365 days (d) and 24 time slices (t) per
day. Although the benefit increases as the peak decreases, there
is trade-off between benefit and TCBESS .

APSS =
12∑

m=1

(
max(PmBPS

)−max(PmAPS
)
)
.T rfP

ATB =
365∑
d=1

( 24∑
t=1

Trf(t)E .Pdischarge(t).Δt
)
+APSS

(10)
where PmBPS

, PmAPS
, TrfP , and Trf(t)E are peak of

demanded power before peak shaving, peak of demanded
power after peak shaving for an individual month, the energy
tariff at time instant (t), and peak tariff, respectively.

The Payback Period (PBP) is defined as the time period
which takes for the BESS to return its invested cost and
thereafter till the end of life time period, it makes profit. The
PBP is dependent on the annual profit resulted from employing
BESS which encompasses two components: the annual profit
from energy savings and peak demand reduction. The PBP can
be found using (11).

PBP =

∑LT
y=1

(
ATB.Iry

)

TCBESS
(11)

The proposed iterative algorithm determines the optimum
BESS capacity based on the two aforementioned costs as
illustrated in Fig. 3. Initially, the load profile, solar radiation,
and wind speed profile are used to calculate the generated
power at the output of PV and WTs using (1) and (2),
respectively. Then, the initial capacity of BESS is set to 0,
meaning that the RMG is without BESS. The load is primarily
supplied by the generated power from renewable resources
and the remaining load demand is satisfied through the grid
and BESS. Therefore, the demanded load that our algorithm
is dealing with is ΔPload(t).

ΔPload(t) = Pload(t)− PPV (t)− PWT (t) (12)

It is assumed that the BESS is fully charged at the initial
state. The proposed method detects the peak values during the
day and shaves them at each iteration until the BESS reaches to
its depth of discharge (DOD) value using (5). Since the BESS
can have a full cycle of charge and discharge as discussed in
(4) and the discharge of BESS occurs during peak hours, it is
charged during off-peak hours. This procedure continues for all
days of the year and consequently the monthly peak values are
effectively reduced. Once the iteration for a year is completed,
the BESS capacity is incremented by a BESS capacity step
(ΔCBESS) and the whole process is repeated all over again
till it reaches to the determined maximum BESS value. Finally,
the maximum total benefit for all possible BESS values are
calculated and plotted against BESS capacity variations and
the optimum BESS size can be concluded.

Figure 3. Flowchart of the algorithm to achieve the optimal size of the BESS

IV. CASE STUDIES AND COST ANALYSIS

The hourly output power of WT and PV are achieved
from wind speed and solar radiation profile acquired from the
available weather station installed at Griffith University-Gold
Coast Campus. At the design stage, it is desired to install 4
WTs with the specifications mentioned in section II. Fig. 4
represent the estimated PV and WT power calculated from
(2) and (14) and the load demand variations on a typical
day. The actual load profile was achieved from building G39
located at Griffith University-Gold Coast Campus. The load of
this building is regarded as commercial load according to the
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application of the building.

There are two main dynamic pricing policies imposed by
electricity distribution companies including Real Time Pricing
(RTP) and Time of Use (TOU) tariffs[15], their advantages
and disadvantages of which are discussed in [16]. In this
study, the TOU scheme is adopted as the commercial buildings
are charged by the grid. However, neither of these polices
affect the underlying concept of proposed approach. The TOU
plan defines certain time periods namely as peak and off-peak
times and each one of which has its corresponding price. In
Queensland state, customers are charged 9.7 ¢ per kWh during
the peak time (between 7 am to 8 pm) and 6.6 ¢/ kWh over
the off-peak period (from 20 pm to 7 am). The monthly peak
cost is about 24$ per kW.

Figure 4. The generated power by PV and WTs and load demand on a typical
day

The interest rate is assumed to be 5% and the battery life
time is 8 years. The one-time cost for the proposed Lithium-
ion battery is estimated about 600$ per kWh and its annual
maintenance cost is approximated to be 20$ per kWh. The
charging power rate, discharging power rate, and depth of
discharge are selected as 20 kW, 15 kW and 10% CBESS ,
respectively. The Total Benefit (TB) for the whole life period
of the battery can be found using (13). The TB consists of
annual total benefit minus BESS maintenance and investment
cost. TB is in $ and the minimum BESS capacity is set at 0.

TB = LT × (ATBLT −MCLT − FC) (13)

A. Scenario A: Critical Load

As explained in section III, it is desired to determine the
BESS so that it could be able to satisfy the load over a certain
time (autonomous time period) in worst situation. The worst
case scenario occurs when the power grid and renewable power
are unavailable for any possible reason. At this situation, those
loads which are highly sensitive to power disconnection, are
vulnerable and therefore, the BESS should back up the load.
However, in such systems, it would not be economic if the
maximum load demand was considered for battery sizing. The
proposed solution in these cases is to hourly average the load

within 24 hours for the whole period of collected data which in
this case is one year. In this paper, the backup duration for the
battery in worst case scenario is determined to be 4 hours as the
operating laboratory facilities and equipment in the understudy
building take three to four hours to complete the showdown
process. Besides, this time period provides abundant time for
running and stabilisation of the backup generator. The hourly
average demand for a year is calculated as shown in Fig.
5 and the minimum battery capacity for autonomous time
(CBESSAT

) is determined as follows:

CBESSAT
≥ PAvmax

.TA (14)

where PAvmax and TA denote the maximum averaged load
demand, and autonomous time period, respectively. As it is

Figure 5. The hourly averaged load demand within one day for whole year

clear from Fig. 5, the maximum averaged power is obtained
at 105 kW and therefore the averaged energy demand at the
peak for four hours is 420 kWh. This size of battery can
guarantee the necessary time window for switching off process
of vulnerable equipment and running the backup generator.
In this approach, the averaged values have been taken into
consideration and not the maximum power demand in an
individual day in order to reduce the cost of the battery while
assuring that the BESS can cover the load for 4 hours in most
of the days and situations.

B. Scenario B: Cost Optimised Battery Capacity

In the second scenario, it is assumed that there is no
concern regarding the equipment damage due to power dis-
connection and rather the economic perspective is regarded
as the primary objective of the BESS sizing problem. In this
condition, the introduced algorithm is applied to calculate the
optimum capacity of the battery bank.

As discussed earlier in section III, the PBP along with total
benefit after payback period (TBAPBP ) are considered as the
determinant factors in this scenario. The BESS range is set
between 0 to 420 kWh with 5 kWh increment (ΔCBESS) for
each iteration to achieve more accurate BESS size. Applying
the proposed algorithm on the given RMG, the benefit varia-
tion, TBAPBP , versus battery capacity changes are achieved
as shown in Fig. 6.
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Figure 6. Total benefit after payback period versus capacity changes

The TBAPBP increases significantly as the BESS capacity
is increased. However, this upward trend starts to slowing down
but still ascending till reaches to its peak value. At this point,
the BESS capacity at which the maximum achievable benefit
for the given RMG configuration is obtained which in this case
is equal to 170 kWh and the corresponding TBAPBP equals
to 63150$. After this point, increasing the BESS acts inversely
on TBAPBP , because the higher size of the battery, the longer
time PBP or in other words, it takes more time to cover the
TCBESS .

Figure 7. The Payback period versus battery capacity variations

In order to find out the payback time period of the BESS
capacity at which the maximum benefit is yielded, the PBP is
plotted against BESS size variation as shown is Fig. 7. The
payback period is achieved to be approximately 3.5 years and
since the battery life time is 8 years, the predicted pure benefit
will be counted for 4.5 years.

V. CONCLUSION

The optimal size of the BESS for a RMG system with
regard to economic perspective was determined using the

proposed iterative battery sizing method. The proposed BESS
optimisation technique was performed for two scenarios. In
the first scenario, the hourly averaged load for the whole data
period was considered to determine the BESS capacity. In the
second scenario, the BESS size was determined by considering
the maximum benefit at minimum cost by the means of peak
shaving and energy saving techniques during peak times. The
proposed algorithm revealed that the TB versus BESS has a
peak value at which the BESS capacity is optimum.
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Abstract—This paper presents a battery capacity optimisation
method with the aim of investment and operational cost reduction
for grid-connected microgrids consisting of dispatchable genera-
tors, renewable energy resources and battery energy storage. The
operating cost of grid-connected commercial Microgrids is mainly
associated with the purchased energy from the grid and monthly
peak demand. Hence, mitigating the peak value by the means of
battery energy storage and dispatchable generators during the
peak period can effectively reduce the operating cost. However,
due to the high cost and short life span of the battery energy
storage systems, the optimum design of energy storages is of
the utmost importance to the Microgrids. This paper proposes
an efficient iterative method with an inner unit commitment
optimisation layer to achieve the optimised battery capacity. In
order to implement the inner unit commitment optimisation,
the Mixed Integer Quadratic Programming (MIQP) optimisation
algorithm is applied and CPLEX solver is chosen to solve the
optimisation problem. This approach is applicable and beneficial
when dealing with high demands as it economically distributes
the load requirement between the battery and dispatchable
generators. Finally, the proposed method is applied to determine
the battery capacity of the experimental Microgrid at Griffith
University. The simulation results for the understudy case verified
the efficiency and effectiveness of the proposed approach.

Keywords—Battery Energy Storage Systems, Unit Commitment,
Battery Capacity Optimisation, Grid-Connected Microgrid, Renew-
able Energies

I. INTRODUCTION

Microgrids (MG) are defined as small-scale combined en-
ergy systems to localise the electricity production by the means
of various generators [1]. Microgrids are principally composed
of Distributed Generators (DG), Renewable Energy Resources
(RES) and loads. Battery Energy Storage Systems (BESS)
have been frequently addressed as a potential candidate to
solve the MGs issues such as the uncertainty and intermittency
of renewable resources, wide load fluctuations, frequency and
voltage instabilities [2], [3]. Addressing these issues will lead
to reliability and security improvement [4], [5]. The prime
function of the BESS is to absorb the excess energy being
produced by RESs and return the stored energy while the
system lacks energy which could occur as a result of a high
demand or power drop for a short period [6]. Hence, the BESS
should be able to cover the load demand in the case of power
deficiency and emergency. Even though a massive BESS size
provides higher flexibility and reliability, the investment cost
and operational life span of the battery restrict the profit that
can be achieved through the BESS. Therefore, besides the

technical criteria, the economic limitations should be taken
into account whilst designing the BESS for the MGs [2], [7].

In order to address the BESS optimal sizing problem in an
MG, various approaches have been proposed as summarised
in [8], each one of which focusing on a particular aspect
of the MG leading to form different solution strategies. The
optimal BESS size was achieved based on energy and power
balance with an emphasis on meeting the load requirement
up to a definite level of reliability in [9], whereas, in [10] the
priority is to reduce the effect of RESs uncertainty at the output
power and convert it to a DG. In some cases, the primary
aim is to reduce the MG operational cost and therefore the
BESS capacity is configured so that the maximum benefit is
obtained [11]. In order to reduce the operating cost of the
MG, it is essential to ascertain the optimal schedule of the
generators which necessitates solving Unit Commitment (UC)
optimisation problem. The UC problem involves determining
the optimal configuration of DGs and scheduling BESS [4]. In
[2], the optimal operational management was considered as the
objective of the grid connected MG and only the price of the
purchased power has been taken in to account. The authors in
[3] addressed the BESS sizing problem using UC optimisation
approach from the utility companies’ perspective for the MG
networks and subsequently considering similar criteria as in
[2]. Although in [4], the UC optimisation method was proposed
to determine the BESS capacity for a grid-connected MG,
the peak shaving cost element has not been included in the
cost function of the MG. In this paper, the UC optimisation
approach is used for peak shaving and energy cost reduction
to determine the BESS capacity for a grid-tied MG.

To solve the UC problem, various methods have been
reported such as Dynamic Programming (DP) [12], Lagrangian
Relaxation (LR), and Priority List (PL) [13]. However, in-
creasing the number of generators would increase the number
of possible solutions and the complexity of the UC prob-
lem exponentially. Later on, evolutionary algorithms were
introduced to find the best generators’ configuration with the
aim of computational time and operating cost reduction as
explained in [14] and [13]. In this manuscript, the Mixed
Integer Quadratic Programming (MIQP) approach is used to
solve the UC optimisation problem.

In this paper, it is aimed to achieve the optimum BESS
capacity for an MG including DGs and RESs through the
operational scheduling of generators and BESS of the MG. The
rest of the paper is as follows. In section II, the contributing
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components to the operating cost of the MG are explained
and then, the objective function and solution strategy are
constituted accordingly. The cost involved with the BESS is
expressed in this section. In section III, the developed solution
is applied to a case study to verify the effectiveness of the
proposed method. The achieved optimised BESS, as well as
MG operation over the scheduling horizon, are discussed in
the result and analysis section. Finally, the last section draws
some conclusions based on achieved results.

II. THE MICROGRID CONFIGURATION AND

PROBLEM FORMULATION

A grid-connected MG typically consists of RESs, DGs, and
BESS to meet the load requirement as illustrated in Fig. 1. The
quantity and types of the DGs can be varied depending on
the load characteristics, the availability of the fuel, the budget
limit and other factors [15]. The RES represented in Fig. 1
encompasses solar photovoltaic panels (PV) and Wind Turbine
(WT).

Figure 1. General architecture of a commercial microgrid.

The DGs should be supplied by fuel to operate whereas WT
and PV are cost free energy sources. The BESS is utilised to
store the excess RESs generated energy and deliver this energy
during high demand time. The BESS, RESs, DGs, and utility
grid are to fulfil the commercial load requirement through AC
Bus at all time.

A. Unit Commitment Optimisation Problem

For the purpose of BESS sizing, it is essential to identify
the contributing elements to the BESS cost and the technical
criteria and constraints of the MG that should be satisfied.

In the MG, each generator unit has different operational
cost and hence, their configuration at each time step determines
the system operational cost. The sum of the operational cost
within a certain period results in the System Scheduling Cost
(SSC) which should be minimised while specifying the BESS
capacity for the MG. To minimise the SSC, the UC optimi-
sation problem should be solved for the MG. This approach
guarantees the superior configurations at each time instant t,
in which the minimum operating cost is imposed.

The SSC optimisation problem is solved for a certain
short period of time. In this paper, the operation period is
considered to be 24 hours. The expenses involved with the
SSC optimisation problem encompasses mainly the fuel cost

of DGs, the shutdown and start up costs, the BESS operational
cost, and the cost of power exchange with the grid. The fuel
cost function for every individual unit differs from other units
and fuel consumption at each time instant depends on the
output power of the unit at that time. The fuel cost for DGs
is commonly modelled as a quadratic function as in (1).

F (P (t), j) = αj .P
2
j (t) + βj .Pj(t) + γj (1)

where the Pj(t) is the output power of the jth unit at time
step t. α, β, and γ are cost coefficients for a particular unit.

In order to calculate the SSC as stated in (2), the transition
status and the fuel cost of DGs are taken into account at
each time step as starting or shouting down the units will be
costly. The transition cost can be varied for each individual
unit according to its type and technical specifications. Another
component associated with the SSC is the exchanged power
between MG and the utility grid that should be included in
calculation as formulated in (11). The status of the previous
time instant for each unit is investigated to decide whether to
charge the start up or shutdown cost at each time step.

SSC =

T∑
t=1

( N∑
j=1

(
F (P (t), j).Uj(t) + Stj .(1− Uj(t− 1))

.Uj(t) + Sdj .(1− Uj(t)).Uj(t− 1)
)
+ TEC(t)+

Cop.PBESS(t)

)

(2)
where T, N, Uj(t), and TEC(t) denote the operating time
horizon, the total number of DGs, the operational status of the
DG j and the total electricity cost exchanged with the utility
grid at time t, respectively. The start up and shutdown cost of
the jth unit at time step t, the BESS power at time t , and the
operational cost of the BESS are represented by Stj and Sdj ,
PBESS(t), and Cop, respectively.

The PBESS(t) is defined as a function of discharging
power (Pdis(t)) and charging power (Pch(t)) of the BESS as
in (3).

PBESS(t) = Pdis(t)− Pch(t) (3)

The aforementioned objective function is subjected to the
following constraints. First and foremost, according to the
energy conservation law, the sum of the generated power
should be equal to the consumed power at each time instant
as stated in (4).

N∑
j=1

(
Pj(t).U(t)

)
+ PPV (t) + PWT (t) + PBESS(t)

+Pgrid(t) = Pload(t)

t ∈ {1, 2, ..., T} & j ∈ {1, 2, ..., N}

(4)

where PPV (t), PWT (t), Pload(t), and Pgrid(t) imply in-
stantaneous amount of PV output power, WT output power,
load, and the purchasing power from the grid, respectively.

Spinning Reserve (R(t)) is defined as the maximum avail-
able synchronised power of all DGs plus the available power
in the BESS (Pmax

BESS(t)) that can be delivered to the load at
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each time slice as in (5). The R(t) is commonly considered as
a fraction of the load at each time step.

N∑
j=1

(
Pmax
j .Uj(t)

)
+ Pmax

BESS(t) + (Pmax
grid (t)− Pgrid(t))

≥ Pload(t) +R(t)

& t ∈ {1, 2, ..., T}
(5)

Power generation and ramp rate constraints for each unit
should be taken into consideration as stated in (6) and (7).

Pmin
j .Uj(t) ≤ Pj(t) ≤ Pmax

j .Uj(t)

t ∈ {1, 2, ..., T} & j ∈ {1, 2, ..., N} (6)

Rdown
j ≤ Pj(t)− Pj(t− 1) ≤ Rup

j (7)

where Pmin
j and Pmax

j denote the minimum and maximum

output power of the unit j. Pj(t − 1), Rdown
j , Rup

j are the
output power of unit j at previous time step, the ramp down
and ramp up rates of unit j, respectively. The ramp rates are
in kW/minute.

The charging and discharging power rates, as well as the
BESS energy, are limited as in (8).

0 ≤ Pch(t) ≤ Pmax
ch .B(t)

0 ≤ Pdis(t) ≤ Pmax
dis .(B(t)− 1)

EBESS,Min ≤ EBESS(t) ≤ EBESS,Max

(8)

where EBESS(t), P
max
ch , Pmax

dis , EBESS,Min, EBESS,Max

are the BESS energy at time t, maximum BESS charging
power rate, maximum BESS discharging power rate, minimum
energy that must remain in the BESS all the time, and the
maximum energy that the BESS can store, respectively. B(t)
is the binary variable which decides whether the BESS is
charging or discharging [16]. The initial and ultimate energy
of the BESS should be equal within a complete cycle [17],
[4].

Einitial = ET (9)

The energy exchange model of the BESS as represented in
(10) determines the available energy at each time instant. This
model is a function of charging and discharging rates, time (t),
the available energy at the previous time step EBESS(t− 1),
charging (ηch) and discharging (ηdis) coefficients.

EBESS(t) = EBESS(t− 1).(1− δBESS)

+(Pch(t).ηch − Pdis(t)

ηdis
).Δt

(10)

where δBESS and Δt represent the energy loss ratio of the
BESS and time interval. In this paper, the Δt is considered
equal to 1 hour over the study period.

As the introduced UC optimisation problem contains
quadratic terms as well as integer and continuous variables, the
Mixed Integer Quadratic Programming (MIQP) solvers with
CPLEX optimiser in MATLAB platform has been employed
to minimise the SSC.

B. Proposed BESS Sizing Method

In order to determine the BESS capacity at which the mini-
mum cost is imposed to the MG, the proposed UC optimisation
method is iteratively performed for the MG for various BESS
capacities. The flow chart of the proposed algorithm is depicted
in Fig. 2.

Figure 2. Flowchart of the algorithm to achieve the optimal size of the
BESS.

At the first stage, the input variables including WT instant
generated power, PV instant power, and the load profile are set.
Then, the BESS is set to its minimum amount. Afterwards, the
minimum cost and optimum scheduling of the MG is obtained
over the operating period using the developed optimisation
model in the previous section. In the next step, for the purpose
of cost evaluation of the MG, the expenses associated with
the BESS as well as the operational cost of the MG which is
influenced by applying the BESS should be taken into account.
This variable is represented by Total Cost (TC) and can be
calculated through (2), (12), and (13).

At each iteration, the BESS capacity range is inspected and
if it is less than its maximum value, it will be incremented by
ΔCbess and the operating cost minimisation stage is repeated
again till the BESS capacity reaches to its maximum amount.
It is noteworthy that the proposed algorithm is to be executed
over a certain period of time. In this paper, the optimisation
time is considered to be 24 hours. The TC varies as the size of
BESS changes. Therefore, the optimum size of the BESS can
be concluded at the point where the TC is minimum. In (2),
the total electricity cost (TEC) is calculated according to the
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total energy exchanged with the grid plus the monthly peak
power as formulated in (11). Although the greatest demand
is only accounted for the entire month, the price is far more
expensive as compared to the energy cost (EC(t)). Hence, it
extensively contributes to the TEC.

TEC = EC(t).Pgrid(t) + PC.Pload,Peak (11)

where PC is the price of the peak for a month $/kW and
Pload,Peak is the peak load of the month.

As the cost and the profit made by the BESS are associated
with its capacity, it is assumed that other components and
their size have already been specified. The BESS cost includes
capital cost (CC) and operational cost, both of which are pro-
portional to the BESS size (CBESS) [3], [4]. The capital cost
consists of installation and purchase costs, and the operational
cost covers the maintenance cost (CM ) during the life span (L)
of the BESS. In this cost model, the annual interest rate (r)
has been taken into account. Finally, the total cost of BESS
per day (TCPD) can be achieved using (12).

CC =
r.(1 + r)L

(1 + r)L − 1

TCPD =
1

365

(
CC + CM

)
.CBESS

(12)

The TC consists of two main elements comprising SSC and
TCPD as expressed in (13). The SSC reduces by increasing the
BESS capacity, whereas the TCPD increases linearly. The SSC
variation versus BESS size is dominant up to a certain point
with respect to the TCPD increase. Thereafter, the TCPD will
become more significant than the financial impact of the BESS
on the SSC an therefore by increasing the BESS size, the TC
increases subsequently. The capacity at which the minimum
TC is yielded will be the optimised size of the BESS for the
MG.

TC = SSC + TCPD (13)

III. RESULTS AND ANALYSIS

The TEC calculation in (11) reveals that reducing the
peak value lessens the bill remarkably. Mitigating the peak
by the BESS is a common practice being used in MGs and
obviously the higher peak for a longer period, the larger BESS
capacity is required. However, if the difference between the
monthly peak and average value was massive, then increasing
the BESS capacity to cover the monthly peak would be quite
unreasonable as they are costly components with regard to their
short life period as calculated in (12).

These reasons have become the motivation to introduce
a technique with the help of DGs in conjunction with the
BESS to reduce the cost of the MG while satisfying the
technical criteria. In this section, the MG components, their
technical features, and the characteristics of the understudy
commercial load profile are explained. In the second part,
the operation of the DG’s and the variation of BESS energy
after applying the SSC optimisation technique are examined
in details. Afterwards, the expenses and benefits related to
the BESS are analysed and the procedure to determine the
BESS capacity is discussed. Finally, the performance of the

MG, its financial benefit and its effect on the load profile will
be scrutinised.

A. Case Study

In this study, it is aimed to specify the BESS capacity
for a grid-connected MG which is expected to meet the load
demand of three commercial buildings at Griffith University-
Nathan Campus (N44, N74 and N79). The MG comprises the
following components: 4×5 kW WT with a total generation
capacity of 20 kW at their rated wind speed, 94×320W
polycrystalline PV panels with a maximum power generation
of 30 kW, a single unit of Microturbine (MT) manufactured by
Capstone Cooperation with a power range of 0 to 30 kW with
a start up time of 15 minutes and a 30 kW diesel generator.
The capital cost for the proposed Lithium-ion type BESS, the
annual maintenance cost and interest rate are assumed to be
$700 per kWh, $20 per kWh and 5%, respectively. The BESS
technical specifications are tabulated in Table I.

TABLE I. THE BESS PARAMETERS

Description Value Unit
Charging Rate 20 kW

Discharging Rate 10 kW

Life Time 3 Years

Charging Efficiency(ηc) 95 %

Discharging Efficiency(ηd) 95 %

Depth of Discharge(DOD) 10 %

The load profiles of the aforementioned buildings were
collected through the central data acquisition system of Griffith
University. It should be mentioned that the building N79 is
still being constructed, but due to its close similarity with G39
located in Gold Coast Campus with respect to the building
application and architecture, the load profile of G39 was used
in the calculation, instead. The total load for the day on which
the peak demand has been observed is illustrated in Fig. 3. As
it is clear from Fig. 3, the demand reaches to 340 kW at peak
hour and minimum demand has been observed between the
time 3 am to 7 am with the power of 223 kW and the average
power is about 270 kW.

Figure 3. The total load profile of the day with the highest demand for the
buildings N44, N74 and G39.

According to the Time of Use (TOU) pricing policy for
commercial units in Queensland, customers are charged for
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the energy purchased from the grid and the highest monthly
peak according to the prices stated in Table II.

TABLE II. THE ELECTRICITY TARIFF OF COMMERCIAL LOADS

Description Period Price Unit

Purchased Energy Price
7 AM to 8 PM 9.7 ¢/kWh
8PM to 7 AM 6.6 ¢/kWh

Peak Price Monthly 24 $/kW

B. Unit Commitment Results

The proposed method was employed to determine the
optimum BESS capacity for the above MG and load profile. In
this scenario, the BESS in conjunction with DGs are supposed
to reduce the cost by operating during the peak period. As
it is obvious from the load profile shown in Fig. 3, during
the peak demand which falls between 3 pm and 8 pm, the
BESS is expected to be intensively discharging to compensate
the power shortage. During this time which the peak value
is far greater than the average demand, the deficit power is
distributed between diesel generator and MT as well as the
BESS.

As explained earlier, using the DGs could be more eco-
nomical and efficient in the case of peak shaving, otherwise,
they would not be cost worthy unless it is desired to utilise
them as the backup generators. The operating status and output
power of the DGs are practically related to the BESS energy
at the time of the peak occurrence as well as the duration of
the peak demand. As it is shown in Fig.4, the generators are
run based on their operational cost during high demand period.
In the occasion of this scenario, the DGs inject energy to the
load for approximately 70 kWh over the peak time. The MT
is initially run to provide 10 kW power to the load and as the
demand climbs up, the output power of MT is risen up till it
reaches to its maximum power (30 kW). Since the demand is
still increasing, the diesel generator is activated to compensate
the rest of the power deficiency.

Figure 4. The operating status and generated power by MT and diesel
generator over the operating period.

In the proposed method, the BESS serves as a DG and
therefore it treats similar to the DG, but with regard to its
constraints. The energy variations of the BESS at its optimum
capacity is depicted in Fig. 5.

Figure 5. The BESS energy variations over the course of the day.

According to the underlying concept of this method, if the
difference between the peak value and the typical variation
range is massive, the scheduling objective function discussed
in (2) seeks for the optimum configuration of DGs and BESS
in which the total cost is minimised. The BESS is charged up
to 158 kWh during the off peak time and discharged during
the high demand period between 3 pm to 8 pm reaching to the
depth of discharge (DOD) value at 16kWh. In other words, the
UC optimisation gives higher priority to peak demands than the
purchasing energy price and if no high demand is observed,
the energy price will be the decisive factor in charging and
discharging status of the BESS.

C. Battery Sizing and Cost Analysis

Considering the operating cost of DGs and the BESS cost,
the proposed algorithm applies different BESS capacities and
calculates the minimum attainable cost of the MG to yield
the optimum BESS capacity. As the SSC is optimised through
the inner optimisation layer at each iteration of the algorithm,
the TC is calculated according to the specified BESS capacity.
Fig.6 illustrates the TC variations as defined in (13) for various
BESS configurations.

Figure 6. Total scheduling cost of the MG versus BESS capacity.
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According to Fig. 6, the optimal size of the BESS is equal
to 160 kWh as the TC is minimum ($7267). As it is clear
from Fig. 6, the TC initially starts decreasing by increasing
the BESS size. However, it is not always the case as the TC
ascends after a certain BESS capacity at which the TCPD cost
outweighs the profits that BESS brings to the MG.

In order to represent the effectiveness and efficiency of the
proposed technique, the purchasing power from the grid after
applying the method and the original demand are compared in
Fig. 7. As it is conspicuous, the WT and PV are generating
power all the time and they reached to their maximum power
generation between 10 am to 3 pm. As the SSC objective
function is to schedule the operation of the BESS and DGs,
these units only contribute to the load when it is economically
profitable for the MG. This strategy has led to alleviation of
the purchased power from the grid throughout the period. As
shown in Fig. 7, the peak power is reduced from 340 kW
to 272.4 kW and subsequently the benefit resulted from peak
reduction is obtained to be $1622.4.

Figure 7. The peak shaved load profile.

IV. CONCLUSION

The optimal capacity of the BESS for a grid-tied MG
comprising of DGs and RESs is determined by applying a two-
layer optimisation method. The generic optimisation model of
the system was initially developed and then applied to the
MG at Griffith University. In order to achieve the optimal
size of the BESS, the operating cost, the cost of the BESS
and also the cost of DGs were taken into consideration.
The understudy MG consists of WT and PV as renewable
generators, MT and diesel generator as DGs. Applying the
proposed two layer optimisation technique to the MG, a BESS
unit with 160 kWh capacity was achieved. The operation of
the BESS and generators were optimised via the developed
inner UC optimisation layer such that the designed MG reduces
the power variation range over the entire study period. The
DGs and BESS participate to satisfy the load when it is
economically beneficial to the MG. Consequently, the total cost
of the MG is minimised by applying this strategy. The cost and
performance analysis of the MG verified the effectiveness and
efficiency of the represented method.
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A B S T R A C T

High penetration of renewable energy sources (RES) in distributed Microgrid (MG) systems provides significant

economic and environmental benefits. Nevertheless, the intermittent nature of RESs is the greatest challenge in

the efficient utilisation of these resources. Using Battery Energy Storage Systems (BESS) in MGs is proposed as an

effective solution to mitigate the fluctuations of RESs power generation. However, BESSs are expensive com-

ponents with a short lifetime and therefore, they should be optimally sized according to the characteristics and

requirements of MGs. This paper proposes a BESS sizing approach to determine the capacity and power rating of

the BESS in a Grid-Connected MG, taking economic and technical criteria as well as the uncertainty of dis-

patchable generators (DG) and RESs into consideration. The technical requirements include the degree of re-

liability, BESS degradation, and operating constraints of the DGs. On the other hand, the cost factors associated

with the utility grid including peak cost, valley cost, and Time of Use tariff (TOU) are taken into account. In this

paper, a multi-objective mixed-integer quadratic model is developed to include the aforementioned parameters

in the BESS capacity optimisation algorithm. Inspecting the impact of the considered parameters on the optimal

size of the BESS and total cost of the MG, four case scenarios are studied. The first two scenarios evaluate the

effect of the BESS depreciation, whereas the third and fourth scenarios investigate the impact of grid volatility

(GV) and reliability indices on the optimal solution. The obtained results from the case studies verify the ef-

fectiveness of the proposed BESS sizing method.

1. Introduction

Microgrids (MG) as a part of smart grids offer several advantages to

modern power distribution systems. From the grid's point of view, an

MG is defined as a controllable subsystem, comprising distributed en-

ergy sources such as Renewable Energy Sources (RESs), dispatchable

generators (DGs), Energy Storage Systems (ESSs), and controllable

loads [1,2]. Even though MGs enhance the efficiency and flexibility of

the smart grids, they introduce new challenges to the costumers in

terms of optimal planning and operation management. These issues are

primarily caused by the intermittent nature of RESs and demand re-

quirement as well as generation uncertainty of the DGs. To overcome

the new challenges, ESSs are employed in conjunction with RESs and

DGs, compensating for the generation uncertainties in MGs. The ESS

captures the produced energy during the availability period of gen-

eration units and dispatches this energy in the event of a power outage

or during the off-peak period [3,4], resulting in reliability and security

enhancement. In addition to this, ESS can contribute to peak load

management, voltage and frequency regulation, power quality

improvement, and higher RESs penetration [5–7]. The technology of

the ESS depends on the application and desired performance which can

be of any type such as Battery Energy Storage Systems (BESS), Thermal

Storage (TS), Hydrogen Storage (HS) and etc. [8]. However, BESSs are

particularly studied in this study due to dealing with electrical demand

and their commercial availability at a reasonable cost.

Nevertheless, owing to the high capital cost associated with BESS

and its short lifespan compared to the other MG's components, they can

be unjustifiable if they are oversized or may not be able to fulfil the

system requirement if undersized. Addressing the BESS sizing problem,

different indicators and criteria can be defined according to the primary

objectives and requirements of the system. These BESS capacity opti-

misation criteria can be classified into four different categories, in-

cluding economic, technical, environmental, and hybrid metrics [9,10].

In the literature, several techniques have been reported to optimise the

capacity of BESSs in MGs, depending on the application and the defined

indicators. The proposed optimisation approaches can be categorised

into four main groups, including, probabilistic, analytical, artificial

intelligence (AI) based and hybrid methods. Another classification can
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be made according to the factors and components considered in con-

structing the objective functions. Probabilistic based techniques such as

Chance-Constrained, stochastic and robust optimisation based ap-

proaches are suitable in cases which a limited historical data is avail-

able and uncertainty of variables is taken into account. For instance, a

Monte Carlo Simulation-based method is proposed in [11] to optimally

determine the capacity of hybrid energy storage by creating a massive

number of scenarios. The hybrid energy storage consisting of heating

energy storage and a battery energy storage enables the system to

quickly respond to the power peaks while extending the lifetime of the

energy storage and enhancing the reliability of the system. In another

study [12], authors established a stochastic model to allocate the most

suitable capacity of BESS that results in maximum economic profit in

the power grid integrating with wind generation. Accommodating the

intermittent generation of wind, the stochastic model is converted to a

deterministic optimisation problem by employing point estimated

method. This transformation results in less computational burden and

faster convergence. Chance Constrained models are established to take

account for randomness behaviour of RESs as it is employed in [13,14]

in both optimal power flow scheduling and capacity determination of

BESS. Researchers in [13] developed a chance-constrained optimisation

technique where the random fluctuation of the wind generation is

handled by creating various scenarios using Monte Carlo simulation.

The optimal operation of the BESS is obtained according to the oper-

ating strategy. Then, at each iteration of the genetic algorithm, the

compliance of the solution with the chance constraints is tested.

However, the authors in [11] proposed the chance-constrained opti-

misation problem to optimise the size of the BESS, considering the

forecast errors attributed to both wind generation and demand. Two

types of constraints including scenario generation and transmission

range related constraints were defined and transformed into determi-

nistic constraints to enhance the operational reliability of the algo-

rithm. Stochastic programming technique is widely employed to model

the uncertain nature of renewable sources as well as prediction errors as

reported in [11,15], and [16] in the form of a single, two or multi-stage

programming. In the two-stage or multi-stage programming the deci-

sion of each stage is taken according to the realisation of possibilities

from the previous stage. Manuscript [16] investigated a two-stage

stochastic approach to optimise the BESS capacity for islanded MGs

considering the volatility of RESs generation as well as demand forecast

error. To solve the established stochastic optimisation model, a Mixed-

Integer Linear method is employed. Nevertheless, the main drawback of

probabilistic approaches is the high computational burden imposed by

analyses of the great number of generated scenarios.

Analytical methods, so-called deterministic techniques, are im-

plemented representing the calculation for various system

Nomenclature

PL load demand

Pwt wind turbine power generation

Strj startup cost for unit j

BESS cost per kWh for BESS

DG total operating cost of DGs

ch BESS charge power efficiency

dis BESS discharge power efficiency

rt round trip efficiency of BESS

j failure rate for unit j

max power-capacity upper correlation coefficient

min power-capacity lower correlation coefficient

μj repair rate for unit j

number of reduced scenarios

Cvalley valley cost

Ccap BESS energy rating cost

CDOD cost per kWh for BESS

CG energy cost imported from grid

Cpeak peak cost

Cpr BESS power rating cost

CICBESS budget limit for BESS

DTj minimum down time for unit j

EBESSmax maximum energy capacity of BESS

EBESSmin minimum energy capacity of BESS

L lifetime of project

LOLEmax LOLE target value

PGmax upper limit of power exchanged with the grid

PGmin lower limit of power exchanged with the grid

Pjmax upper power limit of unit j

Pjmin lower power limit of unit j

Ppv PV power generation

r interest rate

Rdnj ramp down limit for unit j

Rupj ramp up limit for unit j

Sdnj shutdown cost for unit j

UTj minimum up time for unit j

VOLL value of loss of load

t time interval

D number of days

d index for day

j index for dispatchable unit

M number of month

m index for month

N total number of steps over planning horizon

T number of hours

t index for hour

BESS cost per cycle for BESS

BESS BESS degradation cost

GV grid volatility associated cost

G total grid associated cost

j, availability of unit j in scenario

j power efficiency of unit j

che charge process ending indicator

chs charge process initiation indicator

load curtailment cost

BESS BESS capital cost

O operating cost

T total cost

probability of occurrence of scenario

j probability of state change of unit j

j startup indicator for unit j

load curtailment in scenario

j, shutdown indicator for unit j

ch BESS charging process indicator

dis BESS discharging process indicator

Aj steady state availability of unit j

APj availability probability of unit j

DOD depth of discharge of BESS

EBESS BESS energy

FCj fuel consumption of unit j

GV grid volatility index

Lcycle BESS lifecycle

PBESSmax power rating of BESS

Pch charging power of BESS

Pdis discharging power of BESS

PG grid power

Pj output power of unit j

Uj commitment status of unit j

y load curtailment occurrence indicator of scenario
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configuration and system criteria. Even though these methods are ap-

plicable in some cases, their computation performance is significantly

affected when considering multiple objectives. Paper [17] presented a

two-step analytical BESS capacity optimisation method for a data centre

to maximise the profit whilst increasing the reliability of the system.

The first stage of the process accounts for BESS degradation and grid

associated cost to calculate the monthly profit and losses. The second

stage, however, increments the battery capacity and obtain the differ-

ence in energy costs as a result of charging and discharging of the

battery. Paper [18] proposed a repetitive-based analytical algorithm to

compute the annual profit and payback period to make a decision on

the optimal capacity of the energy storage. Moreover, the authors in-

vestigate the worst-case scenario to determine the optimal size of the

BESS by averaging the historical demand profile.

Artificial intelligence (AI) based algorithms are the improved and

advanced version of the analytical method where the searching space is

refined after each iteration that leads to fast performance [3,19,20].

These algorithms are classified into recursive approaches such as dy-

namic programming and heuristic methods such as particle swarm,

genetic or bat algorithms. However, the main shortcoming of these

methods is the possibility to converge at the local optimum. For in-

stance, researchers in [3] adopted a double-layer BESS size optimisation

strategy to minimise the MG operating cost and investment cost at-

tributed to the BESS. The Mesh Adaptive Direct Search to solve the

sizing model whereas an improved particle swarm approach is used to

address the economic dispatch problem. Furthermore, publication [20]

has addressed the BESS capacity optimisation problem by employing a

three-stage operation strategy, focusing on the cost optimisation and

profitability enhancement of the MG. The economic dispatch of each

stage of the proposed multi-stage operation strategy is defined as a

separate objective function including continuous run, power-sharing

and switching mode which occurs in different operating conditions. The

outer layer of the optimisation is responsible for fulfilling the BESS

sizing criteria using a particle swarm algorithm whereas the inner layer

is to obtain the most economic operation schedule through solving the

above objectives using mixed-integer linear programming and linear

programming algorithms.

Hybrid methods which are a combination of the aforementioned

techniques allow the algorithm to cover the drawbacks of one another

and provide an effective and fast performance solution to the BESS

sizing optimisation problem. In manuscript [21], a bi-level stochastic

optimisation model is developed to determine the optimal size of BESS

in an MG consisting of PV, load, and upstream grid. Considering the

degradation cost of the BESS and uncertainty of the PV generation, the

operating cost is minimised in the lower layer and the upper layer

optimises the capacity of the BESS.

In addition to the employed optimisation approach, the BESS ca-

pacity optimisation problem can be categorised according to the factors

considered in the operating model. For instance, authors in papers

[4,6,7] proposed a method to optimally determine the BESS capacity

for both islanded and grid-connected MGs where achieving a target

reliability level is the primary objective due to supplying critical loads.

Furthermore, paper [22] has reported a comprehensive approach to

allocate the most appropriate power rate and capacity of the BESS for

an MG considering the impact of BESS on system reliability, factors

affecting on BESS degradation, and optimal operation of the DGs. The

primary focus of [22] lies in maximising economic profit. In these

studies, none of the aforementioned economic factors has been con-

sidered. However, the costs associated with peak and valley were not

considered in the operating cost of the MG.

On the other hand, articles [19,23] have solely considered the

electricity price and battery degradation cost in the objective function,

aiming to reduce the operation and investment costs of the MGs and

publications [5,24,25] investigated the BESS sizing optimisation in an

MG through solving unit commitment problem while considering the

volatility of wind power as the RES. In [24], the impact of switchable

loads on the capacity and power ratings of the BESS and optimal

scheduling of MGs are specifically studied. However, authors have

overlooked the impact of the intermittent characteristic of RES, relia-

bility, and BESS depreciation on the optimal size of BESS. The sig-

nificance of Time of Use (TOU) tariff on the optimal size of BESS for

both residential and industrial loads with the goal of maximising the

profit is inspected in [26]. Although authors in publication [26] con-

sider the BESS cyclic degradation, the peak shaving and valley filling

that would impose significant operating cost are not implemented in the

proposed method. Sizing and coordination of BESS in the MGs con-

sisting of RESs and conventional generating units with the aim of les-

sening the operating cost through the alleviating the peak power and

managing the energy consumption are explored in [25,27]. The major

shortcoming of the proposed approaches in these papers is either the

negligence of BESS depreciation, grid fluctuations or reliability impact

on the optimal size of BESS.

This paper investigates a hybrid optimisation approach to obtain the

optimal capacity and power rating of the BESS in an MG, considering

DGs uncertainties as well as renewable power's intermittency. As there

is a trade-off between the computational burden and resolution of the

results, a multi-objective hybrid optimisation approach is adopted to

minimise the BESS investment and MG operating cost while satisfying

the operating criteria.

The main contributions of this paper can be stated as follows:

(1) This paper establishes an uncertainty model to represent the sto-

chastic availability of the dispatchable generators by employing the

two-state Markov Chain model. Furthermore, the intermittent

generation of renewables, DGs availability, and demand scenarios

are created using Monte-Carlo Simulation over the planning hor-

izon.

(2) A multi-objective stochastic model that considers the nonlinear

depreciation and partial cycle of the BESS, the grid fluctuations and

reliability index, is developed. In contrast to double-layer BESS

capacity optimisation techniques, the developed model performs

two functions simultaneously including: Optimising the BESS op-

eration and determining the optimal capacity of the BESS. Avoiding

the complexity and maintaining the accuracy of the solution, the

existing nonlinearities are formulated by linear criteria and quad-

ratic functions.

(3) The effectiveness of the proposed multi-objective approach to de-

termine the optimal size of BESS for MGs with uncertain renewables

and DGs are demonstrated through the defined case studies.

Moreover, the level of impact of the grid power fluctuations, re-

liability, and ESS dynamic wear factors on the optimal solution are

comprehensively investigated.

The rest of the paper is organised as follows: The proposed frame-

work to address multi-objective BESS optimisation problem is discussed

in Section 2. In Section 3, the decision variables and cost elements are

identified and the optimisation model is developed. The effectiveness

and applicability of the proposed approach are demonstrated in Section

4, describing the simulation results and investigating different scenarios

to realise the effect of each factor on the optimal size of BESS. Finally,

the conclusion of this paper is drawn in Section 5.

2. BESS size optimisation framework

The optimisation framework can be divided into three main stages

as illustrated in Fig. 1. In the first stage, the uncertainties associated

with generating units are modelled through producing a certain number

of scenarios associated with a probability distribution. The scenarios

information resulted from the first stage along with the economic and

operating limitations of the MGs, upstream grid pricing policy, and

demand profile are then imported to the second stage.

In the second stage, the imported information from stage one is
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utilised to develop a quadratic optimisation model for the MG. The

nonlinear economic and operational constraints associated with the

DGs, grid, and BESS are converted into linear constraints at this stage.

The GV, load curtailment, and constraints related to the BESS depre-

ciation are also established at this stage. A multi-objective function,

aiming at minimising the BESS capital cost while minimising the MG

operation cost over the planning horizon is formed in the third stage

where a cost coefficient (weight) is assigned to each objective. These

weights may vary based on the degree of importance of each factor in

different MGs. In the next stage, the developed optimisation model is

transferred to a Mixed Integer Quadratic Programming (MIQP) opti-

misation algorithm to obtain the optimal capacity and power rating of

the BESS. The following section elaborates on each stage of the pro-

posed algorithm in detail.

3. Problem formulation

3.1. Stage1: uncertainty model of generating units

Considering the uncertainties of the DGs and RESs necessitates

adopting a stochastic method to generate a set of various scenarios with

their corresponding assigned weights. These weights represent the

probability of occurrence of each scenario and reflect the uncertainty of

the generators. To achieve this, Monte Carlo Simulation (MCS) as a

random sampling approach is employed due to its simplicity and in-

dependency of the number of samples from the degree of accuracy [28].

Each scenario determines the availability status of generating units at

each time step of the temporal horizon. A two-state Markov Chain

model and the Probability Distribution Function (PDF) are used to

achieve the probability of DGs' availability state and RESs generation at

each time instant [29]. The probability of availability of each DG at a

given time step, denoted by APjt , can be described in a matrix form as

follows:

=AP
1

1j
t j D U

t
j D U
t

j U D
t

j U D
t

,( ) ,( )

,( ) ,( ) (1)

where , j, t , and A are the probability of state change of DG unit, DG

unit index, and time index in hour respectively. D and U denote the

unavailability and availability states of the unit j. The failure ( j) and

repair rates (μj) of each DG are used to calculate the steady state

availability (Aj) of the jth DGs.

= ( )A e1j D U
t

j
μ t t

,( )
( )( )j j 0

(2)

= ( )A e(1 ) 1j U D
t

j
μ t t

,( )
( )( )j j 0

(3)

The generated power by renewable sources is sampled based on

their corresponding PDFs. Even though generating a large number of

scenarios reflects the behaviour of the system more accurately, it in-

creases the computational complexity and processing time. Therefore, it

is essential to lessen the number of generated scenarios so that the se-

lected scenarios would reasonably represent the system uncertainty. In

this paper, the fast forward selection method based on Kantorovich

distance has been implemented for reducing the number of scenarios.

The probability assigned to each individual scenario affects the degree

of contribution of that scenario in the objective function. The prob-

abilities of the reduced scenarios can be represented as a matrix as

stated in (4), where and are the total number of reduced scenarios,

the probability corresponding to scenario , respectively.

=ReducedScenarios [ . . . . . . ]1 2 (4)

3.2. Stage 2: economic and operation model

3.2.1. Dispatchable generators model

To develop the operation model of the DGs, the power range, ramp

Fig. 1. Proposed framework to solve the BESS optimal sizing problem.
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up (Rupj), ramp down (Rdnj), and minimum on and off time (UTj and
DTj) constraints have been taken into consideration as described in Eqs.
(5)–(10), respectively. The availability status of jth DG in each scenario,
denoted as j w, , represents the stochastic availability of the DG as a set

of binary variables, corresponding to a probability of occurrence. The

initial operating conditions for DG units are considered being at rest for

each scenario.

P U P P Uj
min

j
m d t

j
m d t

j
m d t

j
max

j
m d t

j
m d t

,
, ,

,
, ,

,
, ,

,
, ,

,
, ,

(5)

Rdn P P Rupj j
m d t

j
m d t

j,
, ,

,
, , 1

(6)

where the superscriptsmin andmax denote the upper and lower bounds
of decision variables. Pj, Uj Rupj, and Rdnj are output power, commit-
ment status, ramp up limit, and ramp down limit of unit j, respectively.
The indices M , D, T , imply the number of months, days, time steps in

hours, and scenarios considered in the planning horizon.

= +

+

UT Uj j
d t h
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j
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,
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,
, ,

j

(7)

= +

+

DT UY j
m d t

j
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,
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j

(8)

= U Uj
m d t

j
m d t

j
m d t

,
, ,

,
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,
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(9)

+ Y 1j
m d t

j,
, ,

, (10)

where DTj, UTj, imply the minimum up time and minimum down time

of unit j. j
m d t
,
, , and Y j

m d t
,
, , are the startup and shutdown status indicators

of unit j at a specific time. As expressed in (10), one of these variables
can be equal to one at each time step. Therefore, if both j

m d t
,
, , and Y j

m t
,
,d,

variables are equal to zero, the commitment status of unit Uj has re-
mained unchanged with respect to previous time instant. In addition to

the technical constraints of the DGs, the nonlinear efficiencies of the

DGs ( j) are included in the model. However, adding this parameter

would require and intensive computational process. Approximating this

nonlinearity by a piecewise function approach to linearise the power

efficiencies of the DGs increases the number of variables exponentially

that would subsequently increase the calculation time [30]. To avoid

this, the efficiencies of the DGs are approximated by a quadratic

function of its output power in this paper as shown in (11).

= + +P P·( ) ·j
m d t

j j
m d t

j j
m d t

j
, ,

1,
, , 2

2,
, ,

3, (11)

The associated cost with the operation of the DGs consists of the

startup, shutdown, and fuel costs (FCj) as in (12) where Strj and Sdnj are
the startup and shutdown costs of unit j. The fuel cost of a particular DG
can be modelled as a quadratic function of its generated power as

formulated in (13).

= + +FC P Str Sdn YDG
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j
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= + +FC P P· ·j
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j
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, , 2

2,
, ,

3, (13)

3.2.2. Grid operation model

The upstream grid as a source of power is modelled from the end

user's point of view. As the capacity of the transmission line is limited,

the following constraints for grid power (PG) are defined:

P PPGmin G
m d t

G
max

,
, ,

(14)

In addition to the above constraint, the power balance equality

should hold at every time step to guarantee that the load requirement is

met at all times. The power balance equation is established according to

the availability status of generating units over each scenario .

= + + + + +P P U P P P PL
m d t

j
j
m d t

j
m d t

j
m d t
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m d t
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m d t
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,
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(15)

where PBESS, Pwt , Ppv, and PL represent the BESS power, generated PV
power, generated wind turbine power, and demand value, respectively.
m d t, , shows the curtailed load variable at a given time in a scenario.

The charging and discharging power of the BESS are considered as

separate variables for simplicity of implementation of BESS degradation

model in the optimisation problem.

The electricity distributor companies impose an additional cost per

kW which is significantly greater than the energy usage charges. This

cost is usually applied per month and the greatest imported power is

employed to calculate this value. Furthermore, the fluctuation of the

grid power leads to instability in voltage and frequency of the network

which may damage the loads when dealing with sensitive loads such as

a data centre or laboratory equipment [19,31]. Reducing the gap be-

tween the peak and valley values is an effective practice to lessen the

grid power variations, resulting in less operating costs. To mitigate the

fluctuations of the power purchased from the grid, the GV index which

is defined as a measure to indicate the distribution of power purchased

from the grid with respect to its average value, should be decreased.

The GV index can be calculated through (16) and the smaller it is, the

lower power deviation from the average value [32].

=

( )
GV

P P

P
N d t G

d t
N d t G

d t

N d t G
d t

1 , 1 , 2

1 ,
(16)

where N is the total number of time steps over the planning horizon

and is achieved by =N M D T . Nevertheless, implementing the

described concept adds to the complexity of the problem by turning it to

a nonlinear problem. To overcome this challenge, two new variables are

introduced into the model; the monthly maximum and minimum

power. Assigning appropriate weights for the maximum Cpeak and

minimum grid power Cvalley to these variables in the objective function
will reduce the gap between the peak and valley values throughout the

planning horizon. In other words, the optimisation algorithm schedules

the operation of BESS to sustain the imported power from the grid

within a range near to its average value. As opposed to the peak cost

that is determined by the utility grid, the valley cost is obtained by

calculating the averaged monthly cost associated with reinitiation of

the affected loads after the outage incidents from historical data.

= +P C P Cmax( ) min( )GV m G
d t

Peak
m G

d t
valley,

,
,
,

(17)

Apart from the GV index, energy usage contributes to the electricity

bill. In this paper, the uncertainty involved in market pricing is ne-

glected and the cost related to the energy is achieved through (18)

where theCG implies the energy price purchased from the grid per kWh.

= C P t·G
m d t

G
m d t

G
m d t

,
, , , ,

,
, ,

(18)

3.2.3. Battery operation and degradation model

The BESS operation can be modelled through establishing the en-

ergy flow equations. The energy of BESS at each time step (EBESm d t
S

, , ) is a

function of its instant power and the stored energy in the previous time

step as expressed below:

= +E E P
P

t(1 ) ( · )·BESS
m d t

BESS
m d t

dec ch
m d t

ch
dis
m d t

dis

, , , , 1 , ,
, ,

(19)

where Pchm d t, , and Pdism d t, , are instant charging and discharging power of

the BESS. ch and dis represent the BESS charge and discharge effi-

ciencies, respectively.

The energy and power rating of the BESS are considered to be in-

terrelated to each other through coefficients as shown in (20). The

degree of this relationship depends on the BESS technology. In this
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paper, lithium-ion batteries are only investigated due to their ad-

vantages over other technologies such as high round-trip efficiency,

longer life cycle and a high depth of discharge (DOD) with respect to

their investment cost.

P E Pmin BESS
min

BESS
max

max BESS
max

(20)

The charging and discharging power, as well as the BESS energy,

must not exceed the maximum and minimum values. Two binary

variables named ch and dis are assigned to indicate the charge and

discharge status of the BESS. If the BESS is at idle state, both of these

variables are equal to zero, otherwise, only either of these variables is

equal to 1 at each time step as represented in (22). The charging power

and discharging power are proportional to the power rating of the BESS

and this relationship is expressed by charging and discharging power

coefficients.

E E EBESS
min

BESS
t
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max

(21)

+

P P
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ch BESS
t

ch BESS
max
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,

,

,
,

,
,

(22)

The ageing process lowers the performance of the BESS as its ca-

pacity and power diminish over time. This process, known as calendar

ageing, is caused by stress factors such as the ambient condition of the

BESS and State of Charge (SOC).

On the other hand, the intensive usage of BESS will result in ac-

celerating the cycling degradation process and is defined as a function

of various operating parameters such as the energy flow exchange,

DOD, and the number of charge/discharge cycles [33-35]. Therefore, to

consider the impact of BESS degradation on the total cost of the MG, it

is required to determine the associated per-unit costs of the BESS [34].

For this purpose, the BESS lifespan is expressed as the total amount of

energy flowing through in and out of the BESS until the capacity is

faded to the level that the BESS needs to be replaced. The total

throughput energy is inversely proportional with DOD [36]. Con-

sidering the energy round trip efficiency of the BESS ( rt), the cost of

delivered energy per kWh ( BESS) is defined as follows:

=

EBESS
BESS

BESS
max

rt (23)

Moreover, the BESS lifecycle (Lcycle) has an inverse exponential re-
lationship with DOD as in (24) where the coefficients a, b, and c depend

on the BESS technology. The DOD level at each charge/discharge pro-

cess implicitly indicates the stress implied on the BESS. In other words,

a higher DOD level is translated to a shorter lifespan of the BESS.

Therefore, optimising DOD will lead to the extension of both the life-

cycle and throughput lifetime of the BESS.

=L a DOD expcycle
b c DOD

(24)

To consider the effect of cyclic ageing on the optimal size of BESS, it

is essential to calculate the cost per cycle corresponding to the DOD

value ( BESS) as expressed in (25).

=

L DOD( )BESS
BESS

cycle (25)

However, due to the nonlinearity of the introduced factors, im-

plementing BESS degradation would add to the complexity of the

problem. To avoid this, two sets of binary variables are defined, namely

chs
d t
,
, and che

d t
,

, . These variables indicate whether a charging process is

initiated or finished at each time instant. Given that, the number of

cycles can be effectively reduced by assigning an appropriate weight

(Cdpc) to either of these variables in the objective function. Similar to
the charge and discharge status variables, only one of these variables

can be equal to 1 at each instant. Therefore, the combination of these

binary variables along with the charging and discharging status

variables can determine the number of cycles. Further details of linear

modelling of BESS can be found in [34].
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To determine the status of variables chs, , che
d t
,

, , it is required to

consider the following conditions in the model.

= = = =

= = =

1 If 0 and 1 or 1
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, ,

ch,
m,d,t 1
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m,d,t

(28)

Since the energy of the BESS at the end of each day is considered to

be equal to its initial value, the sum of the charging and discharging

power of the BESS should be equal over the temporal horizon. To re-

duce the degradation cost, the DOD value also needs to be maximised.

To implement this, the daily minimum value of EBESS variable is in-
cluded in the objective function with a proper weight (CDOD) that re-
presents the associated cost with DOD. Therefore, the BESS operating

cost ( BESS) for each scenario can be expressed as in (29).

= + +

= = =
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pcd BESS
m d t
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1 1 1
,

m, , , , , ,

(29)

3.2.4. Load curtailment and reliability constraint

The load curtailment should be constrained by the demand value at

each time as shown in (30).

P0 m d t
L
m d t, , , ,

(30)

However, in cases of critical loads, the power deficiency can incur a

significant cost on the system. To provide an uninterruptible power

supply to the load, the reliability requirement has to be satisfied.

Various forms of indices such as Expected Load Not Supplied (ELNS),

Loss of Load Probability (LOLP) and Loss of Load Expectations (LOLE)

are introduced to evaluate the reliability of a power system [37]. Al-

though increasing the BESS capacity would improve the reliability of

the system and reduce the operation cost of the MG, it would also in-

crease the investment cost linearly. On the other hand, an undersized

BESS will result in a less reliable system as it would not be capable to

meet the load demand during outage contingencies. Therefore, there is

a trade-off between cost and reliability in BESS sizing problems.

The strategy to achieve the desired reliability index for a particular

application depends on the type of loads. For instance, if an MG is

designed to supply critical loads, then a target LOLE value (LOLEmax)
should be fulfilled as a constraint in the BESS optimisation problem as

described in (31).

=

= = =

LOLE y LOLE.
d

D

t

T
m d t

max
1 1 1

, ,

(31)

To consider the LOLE index in the BESS sizing problem, a binary

variable (ym d t, , ) is required to indicate the load curtailment occurrence

at any given time. The variable C is a large constant number to make

the conditional constraint work.

C ym d t m d t, , , ,
(32)

C y C 1m d t m d t, , , ,
(33)

However, loads consist of both critical and noncritical parts and the

fixed reliability method may not be economically effective to achieve

the optimal BESS size and operation scheduling. In this paper, to ad-

dress this issue, the critical portion of the demand which should be

satisfied at all time is considered as the lower limit of load curtailment

variable at each time instant. Furthermore, a cost coefficient called

Value of Lost Load (VOLL) is considered in the objective function to
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take the impact of reliability into account as described in (34). This

technique allows the optimisation algorithm to decide on the reliability

degree of the system while meeting the critical load demand.

=

= = = =

VOLL( )
m

M

d

D

t

T
m d t

1 1 1 1

, ,

(34)

3.3. Stage 3: objective function

As described in the previous section, to address BESS sizing opti-

misation problems, different objective functions are included in this

paper; capital cost ( BESS), MG operating cost ( O), and load curtail-

ment cost ( ). The total cost of the BESS sizing optimisation problem

can be expressed as in (35).

=
+

+

+ +
r r

r
. (1 )

(1 ) 1T BESS
L

L O
(35)

where r and L denote the interest rate and lifetime of the project. The
capital cost is referred to as onetime expense and is proportional to the

power rating and capacity of the BESS as described in (36).

= +C E C PBESS cap BESS
max

pr BESS
max

(36)

Ccap, EBESSmax , Cpr , and PBESSmax are BESS cost per kWh, maximum energy

capacity of BESS, BESS cost per kW, and maximum power capacity of

BESS.

In BESS sizing problems, from the customer's point of view, it is

desired to consider the budget limitation (CICBESS). The following eco-
nomic constraint is considered in the BESS optimisation problem.

CICBESS BESS (37)

The MG operation cost involves three main elements including the

operation cost of DGs, the grid associated cost, and BESS operating cost

which were described in detail in previous sections.

= + + +

= = = = =
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,
, ,

,
, ,

,
(38)

The developed mixed integer model contains at least a quadratic

term in the objective function or constraints, transforming it into an

MIQP problem which is a special case of the nonlinear problems. In this

paper, CPLEX solver which utilises the branch and cut method is em-

ployed to solve the established BESS capacity determination problem.

4. Simulation results and discussion

In this section, the developed generic model is tailored to the MG

represented in Fig. 2 to verify the effectiveness and applicability of the

proposed approach. The understudy Multi-MG system encompasses a

100 kW PV module and a 10 kW Wind turbine as renewable generating

units. Furthermore, a gas turbine and a diesel generator are employed

as dispatchable generators and it is desired to determine the optimal

size of the centralised battery bank.

The technical specifications of the generating units are tabulated in

Table 1. Amongst various BESS technologies introduced to the market,

the lithium-ion based BESSs are a potential candidate for MG applica-

tion due to their high energy density, lightweight, and low self-dis-

charge rate [38].

Constructing a linear BESS degradation model, the throughput

lifetime, as well as the lifecycle-DOD curve is transformed into a pie-

cewise function using NOMAD nonlinear algorithm [39]. Each criterion

of the created piecewise function implies the dependent variable within

a certain interval of the independent variable as illustrated in Fig. 3

where the achieved DOD intervals corresponds to the number of life-

cycle and throughput lifetime. In this paper, the lifecycle and

throughput curves are each approximated by 10 piecewise criteria to

avoid extensive computational complexity and long processing time.

The technical parameters of the BESS that is to be used in this research

and its attributed investment cost are given in Table 2.

As stated in (38), in this paper, the grid cost for commercial con-

sumers includes peak cost and import/export energy cost as shown in

Table 3.

Fig. 2. Configuration of the Multi-MG understudy.
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4.1. Case studies

In order to evaluate the performance of the proposed approach and

analyse the impacts of the proposed technical criteria on the optimal

size of the BESS, four different case studies are investigated as depicted

(4).

In Case A-1, the performance of the developed BESS sizing method

is assessed, excluding the cost attributed to grid power fluctuations and

excluding the reliability index. The operating cost of BESS is described

as a linear function of the charge/discharge power. Furthermore, the

operating constraints of the DGs described in Section 3 are considered.

Case A-2, however, includes proposed constraints established for vari-

able BESS degradation. In addition to the constraints, the cost compo-

nents related to the cyclic-degradation and DOD are included in the

objective function as expressed in (38).

In case B, the grid power fluctuation is effectively mitigated by

considering the proposed GV index. As mentioned in the previous sec-

tion, regulating the power exchanged with the grid will lessen the op-

eration cost. Lastly, not only the impact of BESS degradation and GV

index but also the impact of reliability index on the optimal operation

of the MG is investigated in case C.

4.2. Case studies for impact assessment of the proposed technical criteria on

cost optimisation

This section performs the proposed BESS optimisation algorithm for

the cases described in Table 4. The achieved results in this section

provide a clear insight for the planners to decide on the important

factors that affect the most proper size of BESS for an MG according to

the system requirement.

4.2.1. The impact of BESS degradation on cost optimisation

The proposed sizing optimisation algorithm is implemented for the

following two cases to realise the degree of significance of BESS de-

gradation on the optimal capacity of the BESS in an MG.

Case A-1: The BESS degradation cost is approximated with a linear

function. The depreciation of the BESS is expressed as a constant

coefficient, increasing proportionally with the magnitude of charging

and discharging power. Additionally, the maximum DOD value is

considered to be constant at 90%. As demonstrated in Fig. 4, the op-

timal capacity and power rating are obtained 619.12 kWh and 97.4 kW

respectively. The total cost at BESS optimal size is achieved to be

22780$. Even though incurring a constant cost on charging/discharging

power rates improves the optimality of the solution, it does not thor-

oughly reflect the cyclic degradation of the BESS, resulting in BESS

replacement earlier than the excepted time. Furthermore, taking the

depreciation factors into account will change the optimal scheduling of

the BESS to obtain the minimum system cost. As the GV and reliability

constraints are not included in this case, the optimisation algorithm

minimises the operation cost by reducing the purchased energy from

the grid as described in (18).

Case A-2: As depicted in Section 3, the degradation of BESS is

achieved by considering the number of lifecycles and throughput en-

ergy that vary depending on the DOD. More accurate lifetime estima-

tion of BESS allows the planners to decide on the most proper size of the

BESS over the long term. As illustrated in Fig. 3, reducing the DOD

prolongs the BESS lifetime. The extensive charging and discharging of

the BESS lessen the throughput lifetime which describes the total

amount of energy that the BESS can store and deliver before requiring

replacement. To account for the throughput lifetime of BESS, the partial

energy exchange that occurs at each charge and discharge event are

included in the degradation model as modelled in Section 3. The pro-

posed model minimises the number of partial cycles which ultimately

results in lifetime extension of the BESS. Fig. 4 draws a comparison

between the optimal BESS capacity obtained for case A-1 and case A-2

to realise the impact of degradation on the optimal size of the BESS. The

energy capacity and maximum power rate of the BESS are achieved to

be 558 kWh and 81.94 kW, receptively. The total cost of the MG and

optimal DOD of the BESS are 23880$ and 75%. Comparing the first and

second case scenarios reveals that due to imposing BESS degradation

cost, the MG operation cost is decreased by a slower rate and hence, the

optimal capacity of the BESS is less than the one achieved in case A-1.

Table 1

Characteristics of generators of Microgrid.

Unit# Fuel Type Capacity (kW) Ramp Up/Down Limits (kW)

1 Gas 0–100 0–55

2 Diese 0–80 0–65

3 Wind 0–10 –

4 Solar PV 0–100 –

Fig. 3. The lifecycle and throughput lifetime versus DOD variations for the

utilised lithium-ion battery [40].

Table 2

BESS characteristics.

Description Value Unit

Round trip efficiency 95 %
Min Depth of Discharge 10 %
Power Rating Cost 250 kW$/
Capacity Rating Cost 600 kWh$/

Table 3

Grid associated costs.

Description Value Unit

Energy Cost (Peak period) 10.68 kWh¢/
Energy Cost (off-Peak period) 5.8 kWh¢/
Energy Export Cost 5.3 kWh$/
Peak Power Cost 24 kW$/
Valley Cost 10.5 kW$/

Table 4

Case studies to assess the proposed technical criteria.

Case Studies BESS Degradation Grid Volatility Reliability

Case A-1 Linear No No
Case A-2 Nonlinear No No
Case B Nonlinear Yes No
Case C Nonlinear Yes Yes

R. Garmabdari, et al.

143



4.2.2. The impact of GV on cost optimisation

In addition to the BESS degradation, GV can have a great effect on

the determination of the optimal size of BESS and its operation sche-

dule. The GV index as mentioned in the previous section indicates how

great the grid power fluctuations are from its average value over the

planning horizon. The more deviation from the average power, the

higher operating cost is incurred on the MG due to the peak and valley

costs explained in Section 3. This case study is defined to evaluate the

impact of GV index, considering the BEES degradation criteria. Em-

ploying the proposed strategy, the BESS power and capacity are cal-

culated to be 46.68 and 114.07 respectively. The GV index is achieved

0.051% which has been improved by approximately 85% compared to

case A-2.

Fig. 5 presents the effect of adding a BESS with different capacities

to the understudy MG on the total cost. The notable decrease in the

capacity of BESS compared to the previous case is due to the fact that an

excessive decrease in the consumed energy will not necessarily decrease

the operation cost. Excessive usage of the BESS will increase the gap

between the peak and valley values, leading to instability of the grid.

Therefore, installing a great battery capacity may have an adverse effect

on the operating cost in grid-tied MGs if this index is overlooked.

4.2.3. The impact of reliability index on cost optimisation

The inclusion of reliability criterion accounts for the costs involved

with the shaded load. Adjusting the cost coefficient of the power

shortage indicator, so-called VOLL, determines the degree of im-

portance of this index. Therefore, allocating a greater coefficient will

result in a higher degree of reliability. In order to investigate the impact

of reliability on the optimal size of the BESS, the availability rate of the

DGs and of renewables are used to initially generate 1000 scenarios

over the planning horizon. Then, this number is reduced to 5 scenarios

to alleviate the computational burden as described in Section 3. The

reduced scenarios along with their corresponding probabilities are re-

presented in Table 5. In this case scenario, the BESS degradation model,

GV and reliability indices are considered and the results are compared

with case C.

Including the reliability criteria and solving the problem for the

generated scenarios, the optimal capacity of the BESS and power rating

are obtained equal to 162.87 kWh and 74.73 kW. The GV, reliability

criterion, and DOD are calculated to be 0.056%, 0.15 days/year, and

80%, respectively.

As plotted in Fig. 6, there is a significant increase in the optimal

capacity of the BESS as compared to case B due to considering the

unavailability of the DGs and stochastic behaviour of wind and PV

power generation in the optimisation problem. In other words, the BESS

absorbs power during the availability period of DGs and renewables

and inject this power when the operating components cannot meet the

load demand which will result in reliability enhancement of the MG.

The total cost of the MG at the optimal capacity is achieved to be

19,875 as depicted in Fig. 6.

Fig. 4. The impact of the proposed degradation model on BESS optimal capa-

city.

Fig. 5. The impact of the proposed GV factor on BESS optimal capacity.

Table 5

Reduced Scenarios.

Scenario# 1 2 3 4 5

Probability 0.843 0.0828 0.0251 0.0309 0.0173

Fig. 6. The impact of reliability index on BESS optimisation.
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4.3. The impact of reliability on GV

In the last two case scenarios where the GV associated cost is in-

cluded, the GV index varies by increasing the BESS capacity as shown in

Fig. 7. Considering the GV criteria in the BESS capacity optimisation

reduces the grid power fluctuations significantly to 0.051 and 0.056 for

case B and case C, receptively. In case B where the reliability of the

supply is not considered, this index decreases significantly as the pri-

mary objective of the algorithm is to minimise the operating cost

through minimising the amount of energy imported from the grid and

the amplitude of the instant power.

On the other hand, once the reliability index is included in case C, a

trade-off between the reliability index and GV index is established. In

other words, due to the inclusion of the cost element associated with the

curtailed load the proposed optimisation model requires deciding on

the priority of each function to minimise both objectives simulta-

neously.

4.4. Remarks and discussion

In this section, the results of the defined case scenario are compared

to highlight the role of the introduced indices in the determination of

the optimal capacity of BESS as demonstrated in Table 6. In scenario A-

1 where the degradation of BESS is modelled as a linear function, the

optimised capacity and power rating of BESS is greater than that of case

A-2 with a dynamic nonlinear degradation model. Comparing these

results, including the cyclic degradation and DOD value on the lifetime

of BESS reduces the capacity and optimal power rating of the BESS. The

maximum DOD value is also reduced as the higher DOD value will

exponentially reduce the lifetime of the BESS and therefore higher

degradation cost. This increase in degradation cost reduces the slope of

the total operation cost of MG, which consequently results in a slightly

higher cost. Therefore, considering the cyclic degradation resulted in

9.9% reduction in the optimal capacity of the BESS and 75% DOD.

In case-B, however, where the constraints GV criteria is added to

reduce the grid power fluctuations, both optimal size and total cost of

BESS are tremendously reduced. As opposed to the previous cases (A-1

and A-2) that the optimal BESS size was calculated solely by minimising

the energy cost, in Case B the operation cost is reduced not only by

reducing the consumed energy but also the peak and valley costs. In

case A, the power purchased from the grid fluctuates severely, whereas

in Case B, the grid power is maintained within an optimal range, re-

sulting in total cost minimisation. Therefore, the inclusion of the GV

index decreased the capacity to 114.07 kWh which is equivalent to

79.5% reduction compared to the previous case. Furthermore, the op-

timised DOD of the battery determined to be 85%, indicating that a

greater DOD value is more economical than increasing the BESS ca-

pacity. The achieved results confirm that the effect of GV index is more

significant than the degradation cost.

In this paper, the decision on the load curtailment is made by the

proposed algorithm as described in Section 2 based on the specified cost

coefficient (VOLL) to the amount of curtailed load. Varying this coef-

ficient implicitly changes the degree of reliability significance in the

optimisation algorithm. Including the reliability constraints in the

model increases the capacity and power rating of BESS as the cost of

load curtailment increases the operation cost significantly. Further-

more, the impact GV index becomes less significant compared to case B

and hence, it is slightly decreased at the optimal BESS size. Therefore,

considering various availability scenarios and their corresponding PDF

has increased the BESS size. As a result, including the reliability ob-

jective function in the BESS optimisation model led to 42% and 60%

increase in the optimal capacity and power rating of BESS, respectively.

5. Conclusion

This paper proposes a hybrid optimisation model to determine the

optimal size of BESS by addressing the optimal BESS operation pro-

blem. The developed model not only considers the BESS degradation

factors, the variable efficiency and operation constraints of DGs, but

also the GV index as a measure to reduce power fluctuations and im-

prove power stability. The achieved results show that the GV index has

the highest impact on the determination of the BESS capacity with

nearly 80%. The second significant factor is the reliability index as it

increased the capacity and power ratings of the BESS with 40% and

60% with respect to the case without considering reliability.

Furthermore, it is realised that the effect of BESS degradation on the

optimal size of the BESS is not as significant as the other two factors.

However, it is up to the planners to decide on the importance of various

factors in the BESS sizing problem depending on the MGs requirements.

In this paper, the performance of the proposed BESS optimisation ap-

proach was verified through simulation and it is planned to verify these

results through experiments as the future work.
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A B S T R A C T

In recent years, multi-generation systems (MGS) have been at the centre of attention for 
incorporating various energy sources and technologies to provide a reliable and sustainable 
energy supply. However, deciding on the most suitable configuration and optimal 

operation strategy of MGS has always been a challenging issue due to the nonlinear and 
complex interactions between different energy converters. Cogeneration solutions offer 

excellent energy efficiency through the coproduced heat from the electricity generation 
process. This will lead to significant economic profitability compared to conventional 

independent heat and power production plants. This paper presents a mixed-integer 
quadratic based multi-objective structural design strategy for grid-connected cogeneration 

systems comprising combined heat and power (CHP) devices, ancillary boiler, and energy 
storage devices in presence of nonlinear and dynamic behaviour of the energy storage 

systems. The power fluctuations smoothing index (PFSI) and energy storage depreciation 
factor (ESDF) are defined to effectively mitigate the power grid fluctuations and extend 

the lifetime of the energy storage systems. Presenting three case scenarios, the obtained
results demonstrate the efficacy and applicability of the developed technique and reflect 

the impact of the introduced factors on the optimal configuration and operation of 
cogeneration systems.

1. Introduction

Conventional energy networks such as gas and electricity are
traditionally implemented and operated independently. In addition 

to the adverse environmental impacts of conventional energy 
production methods, they suffer from low energy security, high 

operation cost, low energy efficiency, and low robustness [1–3].

In order to resolve the aforementioned issues, multi-generation 
plants consisting of several renewable resources and distributed 

electricity and heat generation units were introduced. The key 
feature of these systems is the potential capability of capturing the 

coproduced heat associated with electricity generation to satisfy the 
thermal or cooling demand, hence improving the sustainability of 

* Corresponding author.
E-mail address: rasoul.garmabdari@Griffithuni.edu.au (R. Garmabdari).

energy production. Deploying energy-efficient technologies in 
multi-generation systems (MGS) will ultimately lead to techno-

economic and environmental benefits as well as energy supply 
security and efficiency improvement. Among various MGSs, 

cogeneration systems are effective and feasible solutions to harness 
the excess generated heat in commercial and residential buildings. 

There are several determinative factors involved in selecting the 
technology and capacity of the equipment in a cogeneration system 
such as the abundance and availability of the resources, energy

demand profiles, investment cost, technical specification and 
operating constraints of the energy converters [4–6].

Energy 
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Nomenclature Total 

Abbreviations Superscripts
AB Ancillary Boiler Shutdown 
CCHP Combined Cooling, Heating and Power System Startup
CHP Combined Heat and Power Status transition
CR Capacity Rating Maximum 
DOD Depth of Discharge Minimum 
DP Dynamic Programming 
ESDF Energy Storage Degradation Factor Latin symbols
ESS Energy Storage System Available reserve
GA Genetic Algorithm Cost 
MGS Multi-generation System Capacity rating decision variable
MINLP Mixed-Integer Linear Programming Specific heat capacity
MIQ Mixed Integer Quadratic Model Depth of discharge of energy storage
MIQP Mixed-Integer Quadratic Programming Time interval
PFSI Power Fluctuation Smoothing Index Temperature difference 
PR Power Rating Energy content of energy storage
RES Renewable Energy Sources Electricity demand
SOC State of Charge Energy storage degradation factor
TES Thermal Energy Storage Consumed fuel
UC Unit Commitment Heat demand

Interest rate
Indices Project lifetime 

Energy storage technology Power
Energy conversion unit technology Grid power fluctuations smoothing index
Renewable energy source Power rating decision variable
Time Ramp-down rate
Available technologies of CHP units Ramp-up rate
Energy conversion unit number Energy storage state of charge 
Available technologies of AB units T Planning horizon
Number of available AB Weighting factor
Number of available CHP units , , Coefficients 

Subscripts Greek symbols
Battery storage system Fuel consumption coefficient
Capital Loss coefficient 

ch Charging state of energy storage Energy storage power rating coefficient 
dis Discharging state of energy storage Boolean variable indicating installation status
e Electricity generation Small number 

Energy conversion unit Boolean variable indicating commitment status 
Energy storage system Efficiency 

 Export Continuous ancillary variable
 Upstream grid-related parameter Large number 
 Natural gas Density of energy storage medium 

h Heat generation Heat energy loss ratio 
 Import Battery energy loss ratio

 Maintenance Boolean decision variable
 Operation Energy storage operating capacity coefficient
 Thermal storage Component available reserve 

Therefore, the optimal sizing of cogeneration systems necessitates 

establishing the techno-economic model of the components and the 
relationships between energy converters. Optimal coordination of 

energy converters within a system is of utmost significance as the 
operating cost of elements directly affects the total cost of the 

cogeneration system and hence its payback period over the long-
term [5,7]. Furthermore, the architecture and coupling factors of 

units depend on the demand features, cost of energy wares, and 

techno-operational constraints of the components. A cogeneration 

system is basically composed of Combined Heat and Power (CHP) 
units and Ancillary Boilers (AB) as the primary and secondary 

energy converters and Energy Storage Systems (ESS).

Cogeneration systems are capable of operating in both stand-

alone and grid-connected modes. The grid-connected system has 
increasingly become the centre of interest in recent years due to the 

high reliability, flexibility and security in supplying demand [8,9].
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The performance of the cogeneration system is affected by the 
operational constraints and efficiency of the energy conversion 

units. The efficiency of an energy converter is a dynamic function 
of the temperature and output power at which the corresponding 

device is operating [10]. Moreover, the dynamic behaviour of the 
equipment, particularly ESS units, play a crucial role in optimal 

sizing of the components.

Another important factor that comes to attention when dealing 

with a grid-connected system in commercial and industrial cases is 
the power fluctuations of the upstream grid [11,12]. Since the 
utility companies are required to respond to the demand at any 

given time, therefore a peak demand for a short period urges the 
utility grid to dispatch more generation units that would impose a 

high cost on the network. To compensate for this excess cost, 
customers are charged for the gap between their average and peak 

demand value [13].

In the literature, abundant studies have been carried out on 

operation strategies and structural planning of cogeneration 
systems, taking the environmental, technical and economic aspects 

into account. In previous studies, authors have merely considered 
the technical and economic perspective associated with of sizing 

and optimal scheduling of cogeneration systems without taking the 
impact of ESS degradation and grid power variations into account 

[14–16].

In publication [17], authors introduced a multi-level 

optimisation approach, the first level of which evaluates all various 
possible configuration through evaluating a combined cost and 

energy utilisation objective function. The second and third level, on 
the other hand, assess the optimised configuration and apply 

modification where necessary. 

This study focuses on the economic viability of the 

cogeneration system in a district heating network and hence 
considering a seasonal planning approach where the grid power 

variations, dynamic and nonlinear operation of elements in the 
system are overlooked. Refs [6,18–20] have mainly dealt with the 

existing uncertainties in electricity and gas dynamic pricing, the 
generation of renewables and energy demand, using probabilistic 

methods, while mitigating the CO2 emissions. Nonetheless, 
authors in [6,18,19] have not considered ESS in their structural 
optimisation model. Moreover, publication [20], not only ignored 

the impact of power fluctuation and BES degradation on the 
optimised solution but also employed a nonlinear model to solve 

the established planning problem. Authors in [21] have presented a 
two-layer framework using Dynamic Programming (DP) 

optimisation strategy for configuration design and operation of 
hybrid energy plants to simultaneously minimise the carbon 

emissions and total cost of the system. The first stage of the 
proposed method aims at maximising the economic profit and 

minimising the carbon emission over the lifetime of the project 
through selecting a random structure at minimum investment cost, 

whereas the second stage focuses on the optimal scheduling of the 
equipment with the objective of operating cost reduction. Similarly, 

papers [22,23] adapted Genetic Algorithm (GA) and Mixed-Integer 

Nonlinear Programming (MINLP) as the inner and outer layers of 
the proposed two-stage cooptimisation technique to determine the 

most proper size of the components and optimal operation of the 
system. Paper [24] opted a similar approach with an emphasis on 

net zero emission constraint as the environmental factor and 
demand response to determining the size and type of the 

components. However, in none of the above articles, the mitigation 
of the power variations and degradation effect of BES are taken 

into account. Furthermore, employing a nonlinear modelling 
approach would result in computational complexity and longer 

convergence time.

On the other hand, publication [25] proposed a robust 
optimisation method to optimally integrate various energy wares, 

considering the intermittency of renewable energies. Furthermore, 
paper [26] inspected the degree of impact of climate at the location 

of trigeneration systems so-called Combined Cooling, Heating and 
Power (CCHP) systems, on the size and choice of components 

through analysing different scenarios to address the optimal 
element sizing problem. The equipment selection is based on 

minimising the objective function which solely considers the 
energy consumption cost. A similar approach was developed in 

[27,28] to optimally schedule the operation of the components 
within a distributed network with the aim of operation cost and 

environmental minimisation. The nonlinear transmission constraint 
of natural gas is approximated by a linear piecewise function to turn 

the MINLP into a linear form. However, no energy storage is 
included in the investigated structure. Authors in publications [29]

addressed the optimal selection and capacity of energy converters, 
considering the reliability of supply as well as cost minimisation. 

Researchers in [30,31] developed a sizing and placement algorithm 
in which the operation and investment cost of cogeneration systems 

are minimised in a distributed system. The costs associated with 
power losses, voltage profile, and energy outage, as well as their 

related constraints, are included in the optimisation model. Paper 
[32] has reported a multi-criterion fuzzy-based decision-making 

approach to deal with the complexity of selecting the proper 
configuration out of the energy source pool, considering the 

ecological and environmental impacts. However, the authors 
merely inspected the choice of the technology of energy sources 

rather than the detailed components’ specifications.
On the other hand, several research papers have focused on the 

optimal dispatching of energy converters in a cogeneration system, 
considering the economical or environmental aspects [33–36]. The 

authors in [34] proposed an operational model for CCHP units, 
taking the demand response and dynamic operation of the energy 

storage into account. Nevertheless, the variable operating cost of 
energy storage and variable maintenance cost of conversion units 

have been neglected. The researchers in [37] propose a unit-
commitment based approach to optimally schedule a multi-energy 

conversion system in incorporation with energy storage.

To address the shortcomings of the previous studies, this paper 
presents a multi-objective optimisation framework to 

simultaneously obtain the most techno-economical architecture as 
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well as the operation strategy of cogeneration systems. A thermal 
and battery energy storage to facilitate the grid integration and 

enhance the penetration of renewables are included in the 
configuration that their optimal capacity and power rating are to be 

achieved. To this end, the proposed model takes the dynamic 
behaviour of the energy storage devices, the depreciation cost and 

the operating criteria of the energy converters into account. 
Furthermore, the grid power fluctuations, as well as the degradation 

of BES, are effectively reduced through introducing Power 
Fluctuation Smoothing Index (PFSI) and Energy Storage 

Degradation Factor (ESDF). The primary aim of this method is to 
effectively lessen the investment cost while fulfilling the operating 

criteria and improving the performance of the cogeneration system. 
To achieve this, a new Mixed-Integer Quadratic (MIQ) model is 

developed to address the optimal dispatch problem and structural 
design problem with a second-order multi-objective function 

subjected to a set of nonlinear and complex operation and sizing 
criteria that are linearised to avoid computational complexity. 

The rest of this paper is organised in four sections as follows: 
In the second section, the architecture of the understudy 
cogeneration system is described in detail. Furthermore, a generic 

mathematical model, as well as operational constraints of the 
components, are developed. In section 3, the objective function 

subjected to the established constraints in section 3 is derived.
Section 4 investigates three different case studies to verify the 

effectiveness and applicability of the proposed approach. 
Furthermore, the impact of introduced objective terms is inspected 

by performing sensitivity analysis. Lastly, section 5 concludes the 
paper.

2. Cogeneration System Architecture

Although incorporating various energy carriers at the input 

enables the energy conversion devices to cover the inherent 
shortcomings of one another [9], this integration of electricity and 

heat energy converters results in the interdependency of the 
conversion units. This interaction significantly affects the optimal 

operation of the cogeneration unit and its economic viability, which 
subsequently will have a great impact on the optimal capacity of 

the components. The elements utilised in cogeneration systems can 
be classified into three main types; direct energy supply from an 
upstream grid, converters, and energy storage devices [38].

Converter devices are used to transform the energy or energy 
carriers to the required form of energy such as gas boilers, heat 

pump, and gas turbines.

On the other hand, energy storage systems are employed to

store the excess produced energy and dispatch it during the peak 
demand period to effectively reduce the energy consumption cost 

[1,2,12]. However, owing to their high investment cost and short 
lifetime compared to other conversion units, oversizing or under-

sizing of these elements will reduce the economic profitability of 
the cogeneration system. Hence, optimal size determination of 

these components is very paramount in the planning and operation 
of cogeneration systems.

As demonstrated in Fig. 1, the understudy system is a hybrid 
grid-tied cogeneration system encompassing renewable generation 

units, CHP generators, battery and Thermal Energy Storage (TES) 
units, and upstream grid connection. This system utilises the 

cogenerated heat from units of CHP generators, the heat 

produced by units of AB, and the discharged heat from the 

thermal storage to satisfy the heat demand. The electrical load, 
however, is supplied by the imported electricity from the grid, 

electricity produced by renewable resources generated electricity 
from CHP units, and discharged power of battery storage.

3. Generic Operating Model of Cogeneration System

Determining the type and optimal capacity of the elements from
a range of available technologies entails establishing the operating 

model of the candidate elements as well as developing the 
relationship between the energy carriers at the inputs and energy 

demands at the outputs of the system.

3.1. Energy conversion units

The output power of the CHP units is determined through the 

following equations where and are respectively the

electricity and heat conversion efficiencies.

(1)

(2)

where , denote the electricity and heat

generated by the CHP unit. , , , and represent available

technologies of CHP, the total number of available CHP units to be 
installed, fuel consumption coefficient, and the total amount of 

consumed fuel, respectively. is defined as a set of binary 

variables, indicating the installation status of the candidate 

elements. The temperature of hot water demand for domestic use is 
assumed to be around 50º, this temperature can be regulated by

mixing cold water with the hot water [6]. In this study, the heat 
demand implicates the thermal energy required by the building so 

that the hot water and space heating is always delivered at a
sufficiently high temperature by utilising actual CHP components.

Similarly, the output power of the AB, , is defined as a

function of the fuel it consumes at instant as formulated below:

(3)

where and are available technologies of AB, and the total 
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Figure 1. The structure of the understudy cogeneration system. 

number of available AB units to be installed. 

Regardless of the technology of the energy converters, their 
operational model involves expressing several technical parameters 

including ramp rate limits, upper and lower output power bounds.

Since the installed units of the same type are operating in a 

parallel configuration, increasing the number of units linearly 
increases the ramp rates and output power capacity limits of the 

corresponding unit. Therefore, the maximum and minimum power 

of -type unit, which are respectively denoted by and ,

can be determined using Eq. (4).

(4)

where and are the installation indicator variable of the

unit of type and output power of unit at the time instant .

On the other hand, to constrain the ramp rates of the units, 
installation and commitment status variables of the energy 
converters should be both equal to one for an increase in the ramp 

limit of unit .

For instance, if number of units of type are installed, but 

only a few of them are operating at instant , then the ramps limits 

would be equal to the sum of ramp limit values of the activated 

elements. This statement can be formulated as in Eq. (5).

(5)

where and are the ramp-up and ramp-down rates of

particular unit . The decision variable represents the

commitment status of unit of type at time that will be further

explained in section 4.

3.2. Energy storage system model

The operation of the BES device is described by a dynamic 
model through which the stored energy in the storage device at any 

given interval is calculated as expressed in Eq. (6).

(6)

where , , and represent the amount of energy

left in the storage, charging efficiency, and discharging efficiency 

of the BES, respectively. denotes the energy loss ratio which is 

negligible for BES compared to that of TES.

The energy content of TES is expressed using a dynamic 
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function which is similar to that of BES as describe in equation Eq. 
(7).

(7)

where , , , and represent energy content,

charging efficiency, discharging efficiency, and energy loss ratio 

of the TES, respectively.

The energy loss coefficient of the thermal storage which has a 

relationship with the capacity of the thermal storage has a 
significant impact on the instantaneous energy level of the thermal 

storage. The heat loss coefficient of the thermal storage is defined 
as the amount of heat that is lost within a certain period and is 

directly correlated with the medium employed in the storage, the 
difference of storage surrounding, and medium temperature [39] as 

described in Eq. (8).

(8)

where , , , and are receptively the nominal capacity

of thermal storage, specific heat, the density of the medium, and 
temperature difference. Assuming that the temperature difference, 

, is maintained at a constant value, the above nonlinear equation 

can be approximated by a second-order polynomial function as 

shown in the following equation where the loss coefficients , ,

and are calculated according to the specific heat and density of 

the medium as well as the temperature difference. 

(9)

In addition to the dynamic energy model, the energy level in the 
storage devices has to be between the maximum depth of discharge 

and the total capacity of the energy storage at any given interval. 
Furthermore, the charge and discharge rates should be constrained 

within a certain range. As the charging and discharging events 

cannot occur simultaneously, a binary variable ( ) needs to

be defined to ensure that the energy storage is either in charging or 
discharging mode.

Nevertheless, since the capacity and power rating of the energy 
storage are two decision variables, the charge and discharge power 

limits that are unknown should be related to these variables. To 
establish this correlation, the proposed constraints from Eq. (10) to

Eq. (12) must be satisfied.

(10)

(11)

(12)

where , and the maximum and minimum values of the

design parameter for the power rating of energy storage of type 

( ). The maximum and minimum values of the design

parameters for the energy storage are determined based on 
available physical space or other unforeseen circumstances that 

might limit the physical installation of the energy storage. ,

imply the upper bound power range coefficients for charging

and discharging rate of the energy storage and are expressed as a 
fraction of unity. The power range coefficients define the 

relationship between the maximum charge/discharge power rating 
of the energy storage to the determined nominal power of the 

battery ( ). For instance, if the power rating of the energy

storage is equal to value and the upper bound power coefficient 

for charging, , is equal to 0.5, then the maximum charging

power cannot exceed . The same concept applies to the upper 

bound power coefficient for discharging ( ) and the design 

parameter  to infer the maximum discharge power rate of

the energy storage as expressed in Eq. (11).

Nevertheless, the multiplication of the binary charge/discharge 

status variable ( ) and the power rating design variable,

, in Eqs. (10) and (11) turns the sizing problem into a

nonlinear optimisation problem. To avoid this, the equivalent linear 
constraints of these multiplications is developed by adding a new 

set of continuous variables, , as stated in Eq. (13) to Eq.

(16).

(13)

(14)

(15)

(16)

In addition to the limitations on the power of energy storage, its 

energy level should be confined to the lower and upper limits. As 
this range varies according to the optimal capacity rating of the 

energy storage ( ), a maximum operating capacity

coefficient is introduced to the model. This new variable is selected 
between zero and one and its relationship with the capacity design 

parameter ( ) is defined as a linear constraint, as shown in

Eq. (17).
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(17)

and represent the depth of discharge of the energy

storage and maximum operating capacity coefficient, which is 
selected within zero and one.

3.3. Energy flow balance

The aggregation point of the energy flows that involves the 

energy conversion units and energy storage devices is referred to 
as an energy hub as depicted in Fig. 1. To ensure that the installed 

components satisfy the heat and electricity demands over the 
planning horizon, the generation-demand balance at each energy 

hub must hold at every time interval.

(18)

(19)

where , , and imply the generated electricity

by RES, electricity demand, and heat demand at time instant .

Besides the energy balance, the amount of gas fuel purchased 

from the distribution network is limited. To include this limitation 
in the model, the following constraint should be satisfied:

(20)

3.4. Available reserve and utility grid constraints

The loads connected to the cogeneration system are categorised 

into two types: critical loads that require continuous and reliable 
supply and non-critical loads. In order to ensure that the system is 

capable of meeting the critical loads in case of sudden changes in 
demand, the available reserve constraints are imposed while 

determining the optimal size of components. The available reserve, 

denoted by for energy hub , is defined as the maximum

level of deliverable energy during each interval and is computed by 
aggregation of the difference between the maximum capacity of the 

operating devices and their corresponding generated power at 

instant as formulated in Eq. (21).

(21)

The above inequality applies to both electricity and heating 
hubs and it only includes the components contributing to supplying 
the demand requirement corresponding to the relevant hub.

However, the developed constraint in Eq. (21) contains Min-
function that leads to nonlinearity in the model. In order to 

overcome this challenge, a set of continuous decision variables and 
linear inequalities corresponding to each component are defined to

calculate the available reserve value for each unit at each time step. 
The inequalities Eq. (22) to Eq. (25) guarantee that the 

corresponding available reserve variables do not exceed the 
maximum ramp-up and nominal capacity of the units at each time 

step. Similarly, these conditions are applied to the energy storage 
components. The available reserve values for the energy storage 

devices are limited to the maximum discharge power and the 
instant energy content of the corresponding storage unit.

(22)

(23)

(24)

(25)

where , and are respectively the available reserve

values for the unit of type , and energy storage device of type

at time .

Adding the above constraints, the nonlinear available reserve 
inequality described in Eq. (21) is replaced with Eq. (26) and Eq. 

(27) for power and heating hubs, respectively.

(26)

(27)

In addition to the operational constraints, the instant power 

exchanged with the grid should be constrained as represented in 
Eqs. (28) and (29).
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(28)

(29)

where and imply the upper bounds for importing and

exporting power. Since simultaneous import and export of power 

from or to the grid is practically infeasible, a binary variable, ,

is included in the model to avoid this event.

4. Optimisation Model

4.1. Objective Function

The aim of the cogeneration system planning optimisation 
problem is to determine the size of the components, which results 

in minimum total cost ( ). The total cost includes two main

elements: the investment cost and operation cost ( ). A planning

optimisation problem aims at selecting the most proper components 
from a pool of candidate devices to form the optimal configuration 

of the cogeneration system. The selection process and structure 
determination are performed based on the energy demand features, 

technical characteristics of the energy converters, and their 
corresponding capital and operation costs. Therefore, it is 

necessary to model all the available components in the pool and 
specify the limitations of the energy carriers. In order to represent 

the installation status of each component, a binary variable is 
assigned to each element in the pool as described in section 3. The 

objective function of the cogeneration system component sizing 
optimisation problem can be expressed as in Eq. (30).

(30)

where the denotes the total capital cost of the components

including the conversion and storage units. The mathematical 

expression in the parenthesis in Eq. (30) represents the capital 
recovery factor which is defined as the uniform amount is to be paid 

annually over the lifespan ( ) of the project at the discount rate 

.

4.2. Capital Cost Model

The capital cost of components comprises two main cost 

elements: the capital cost of the energy conversion units and energy 
storage devices as described in Eq. (31). The capital cost of the 

energy converters is calculated per unit and nonlinearly increases 
by the size and technology of the selected devices while the capital 
cost of the energy storage devices is a linear function of their size 

as shown in Eq. (31) and Eq. (32).

(31)

where the , , and denote the capital cost of energy

storage of type , installation indicator variable of storage , and 

capital cost of energy converter of type , respectively.

The capital cost of energy storage devices is computed 

according to their energy capacity and charge/discharge power 
rating as expressed in Eq. (32).

(32)

where , respectively represent capacity rating cost in

$/kWh, the capacity, power rating cost in $/kW of the energy

storage device.

4.3. Operating Cost Model

The operating cost is regarded as a dynamic nonlinear function 

due to its dependency on different parameters including the demand 
profile, maintenance cost, efficiency, and fuel cost of the 

components. This nonlinear nature of structural planning and
economic dispatch of cogeneration systems enhances the 

complexity and prolong the computing time of the optimisation 
problem. To avoid this, a Mixed Integer Quadratic Programming 

(MIQP) approach with linear constraints is proposed in this paper. 
In order to minimise the operating cost over the planning horizon, 

the economic dispatch and unit commitment (UC) problem is 
formed to perform power flow optimisation on the candidate 

cogeneration system configurations at each iteration of the 
algorithm.

The operating cost is composed of several elements including 
the cost associated with energy exchanged with the utility grid, cost 
of gas purchased from the network, maintenance cost, and status 

transition cost of energy converters as expressed in Eq. (33).

(33)

where , , , , and are the

import electricity price, exported electricity price, imported power, 

exported power, and total operation cost of energy converters 

during interval. The last two terms in Eq. Eq. (33) are the grid 

power fluctuations smoothing index ( ) and energy storage 

degradation factor ( ), respectively. 

4.4. Grid power fluctuations smoothing index (PFSI)
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The grid power fluctuations, as described in section 1, impose 
an additional cost on the consumers. To mitigate these variations, 

the range of grid power fluctuation needs to be quantified. To 
address this issue, the PFSI is defined as a quadratic function that 

reflects the deviation of the imported power from its average value 
over the planning horizon as formulated in Eq. (34). Minimising 

this index regulates the grid variations, resulting in a more stable 
demand and lower operating cost. Since the imported power at each 

time instant is a decision variable in the cogeneration system 
component sizing problem, the PFSI can be considered either as a 

constraint or a term in the objective function of the optimisation 
problem. In this study, however, it is defined as an objective 

function as expressed in Eq. (34) and combined with operating cost
and capital cost objectives.

(34)

where represents the power fluctuation cost coefficient,

which should be proportionally assigned. Including this index in 
the objective function establishes a trade-off between the variation 

range of the grid power and the size of the components.
Alternatively, the PFSI can be modelled as a constraint in the unit 
commitment and economic dispatch optimisation problem to 

sustain the grid power variations within certain limits. 

4.5. Energy storage degradation factor (ESDF)

As described in section 1, even though the energy storage 
devices are the key components in cogeneration systems due to 

their significant contribution to reducing the energy demand and 
improving the PFSI, their extensive operation would exponentially 

reduce their lifetime. In order to avoid the excessive and instant 
fluctuations in the energy level of the storage units, the ESDF is 

introduced to the objective function.

The degradation of the energy storage devices is proportional 

to the amount of power flowing in or out of the device, the state of 

charge (SOC) level at instant . A low SOC level reduces the 

lifetime of the energy storage significantly as explained in [40] in 
detail. Therefore, to minimise the depreciation of energy storage 

units, the ESDF is defined as a quadratic function of charge and 
discharge power with respect to the maximum power rating and the 

minimum SOC level of ESS over the planning horizon as described 
in Eq. (35).

(35)

, , and are the charging power, discharging

power, and cost coefficient related to the SOC level of the battery 

storage. represents the associated coefficient with the power

flowing in and out of the BES.

4.6. Energy conversion unit cost model

To model the dynamic operation of energy converters, 

maintenance, and fuel cost of the candidate components should be 
taken into consideration. The total cost attributed to the operation 

of energy converters, represented by in Eq. (33) can be

expressed as follows:

(36)

where , , and are the natural gas price, fuel

consumption coefficient of the unit of type , and status
transition cost, respectively.

The total maintenance cost of the energy converters at time slot 

, denoted by , can be described as a dynamic function of its

output power, as formulated follows:

(37)

where and imply the efficiency and maintenance cost of

the component of type .

Changing the commitment status of a conversion unit imposes 
an additional operating cost on the system. This is caused by 
thermal and mechanical limitations, which extends the starting up

and shutting down process duration. Therefore, to minimise the 
total operation cost, it is required to consider this cost component 

in the objective function as described in Eq. (38). For this purpose,

a set of auxiliary binary variables ( ) representing the commitment 

status of the energy conversion units are introduced to identify the 
transition status of the units over two consecutive time instants.

(38)

where and are the startup and shutdown costs of the

particular unit . Defining the commitment status variables, the 

relationship between these variables and the unit installation status 
variables must be established. This correlation can be expressed as 

a conditional constraint so that if only one of the variables in the 
commitment status variable set for a unit is set to 1 over the entire 

planning horizon, the installation status of the corresponding unit 
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should be set to 1, as shown below:

(39)

To implement the aforementioned conditional statement in the
MIQP, it needs to be converted into a series of linear constraints. 

As both installation ( ) and commitment status ( ) variables

are binary, the following constraints are proposed to linearise this 
conditional statement.

(40)

(41)

where is selected as a fraction of 1, whereas is greater than the 

total number of available units to ensure that the model is able to 

handle the conditional statement stated in Eq. (39).

5. Simulation Results and Numerical Analysis

The developed MIQP optimisation model is implemented in the 
Matlab platform and solved using the CPLEX solver package. In 

this study, the proposed framework converts the naturally nonlinear
functions, namely, maximum and minimum of a subset of decision 
variables, into linear functions using linear implementation 

techniques. The linear implementation techniques express the 
nonlinearities in the form of linear equations to avoid employing 

nonlinear programming methods that are time-consuming and 
complex to solve. In other words, the nonlinear functions are 

linearly described through introducing several linear equations and 
sets of auxiliary binary or continues variables. The linear 

implementation techniques do not create any errors in the results. 
However, there is another linearisation technique, so-called linear 

approximation, for converting single-variable nonlinear functions
into linear functions. The linear approximation techniques may 

lead to small errors that are negligible and will not impact the 
optimality of the solution as investigated in [41].

The optimal size of the components of the understudy 
cogeneration system is obtained for three different case studies to 

evaluate the applicability and performance of the proposed method. 
Furthermore, the impact of the introduced parameters on the 

optimal solution is investigated by defining three case scenarios as 
tabulated below.

Table 1. Case studies defined for investigation of the proposed cogeneration system 
sizing approach

The first case scenario optimises the capacity and configuration 
of the cogeneration system in which neither the ESS degradation 

factor nor the grid power fluctuations index is considered in the 
model. Case B, however, is designed to realise the significance of 

grid fluctuations in the grid-connected cogeneration system by 
considering the PFSI. In case C, the ESDF is included in the 

developed optimisation model to evaluate the impact of ESS 
degradation on both optimal structure and operation of the 

cogeneration system.

The understudy cogeneration system consists of electricity and 
heating hubs. The energy carriers, including natural gas, electricity 

imported from the grid, and renewable sources must satisfy the 
thermal and electricity demands. The energy converters utilised in 

the system are assumed to be CHP units and gas boilers. The type 
and number of available candidates and their corresponding 

installation costs considered in this study are listed in Table 2. In 
addition to the monetary aspect of the available units, their 

technical characteristics play a determinative role in the optimal 
sizing and operation of the cogeneration system. As shown in Table 

2, these technical characteristics that confine the operation of the 
components directly affect the optimal solution of unit commitment 

problem, and consequently the operating cost.

In order to improve the economic viability of the cogeneration 

system, thermal storage linking to the heating hub and battery 
storage connected to the electricity hubs are utilised. The economic 

and technical characteristics of the candidate energy storage device 
are illustrated in Table 3. In this table, the power rating (PR) and 

capacity rating (CR) costs are provided per kW and kWh units, 
receptively.

The proposed approach optimises the nominal capacity and 
power rating of the ESSs as well as the technology and number of 

required energy converters that can meet the thermal and electrical 
load requirements at minimum cost. To realise the impact of 

individual factors on the optimal configuration of the cogeneration 
system, the same number of elements and characteristics are 

considered in all the defined case studies.

Figure 2. Electrical and thermal demands over the course of a dayCase Scenarios ESDF Included PFSI Included
CASE A No No
CASE B No Yes
CASE C Yes Yes

157



Preprint submitted to Energy 

Table 2. Economic and technical specifications of the candidate components

Table 3. Energy storage rated costs and their operating properties

ESS type PR Cost CR Cost [ Charge/Discharge Efficiency [%] Min. DOD [%]

Thermal storage 30 200 95 10
Battery storage 150 530 95 10

Electrical and thermal load profiles, as well as the energy prices, 

are counted as three influential factors in the component sizing 
problem. In this paper, the average electricity and heat demand 

curves, generated solar PV and wind turbine power are utilised as 
depicted in Figs. 2 and 3. 

Nonetheless, if the demand variations are significant for 
different days or seasons of a year, seasonal load classification or 

data clustering approach can be employed to estimate demands 
with an acceptable degree of certainty at a given day to reduce the 

optimisation horizon for the optimal cogeneration system sizing 
problem [42]. In this paper, the temporal horizon of the 

optimisation problem is 24 hours.

Figure 3. Renewables generation over the planning horizon

Considering the aforementioned technical and economic 

characteristics of the candidate elements, the first case scenario 
inspects the performance of the proposed approach when both 

ESDF and PFSI are neglected.

In this case, one CHP unit of type A ( ) and one AB unit of

type A ( ) are required to meet the thermal and electrical load.

Furthermore, utilising energy storage devices in the energy hub 

makes the system more economically viable as they store the 
generated surplus energy and inject this energy when it is 

financially beneficial. The BES stores the excess power generated 
by RESs or CHP units, whereas the thermal storage stores the 

cogenerated heat produced by the CHP devices. In this case, the 

optimal capacity and power of the TES are obtained at 416.35 kWh

and 273.92 kW, respectively. The size of energy storage depends 
not only on the electricity and gas market prices but also the 

thermal and electricity load curves. Tables 4 and 5 represent the 
optimal configuration and size of the ESSs for the understudy 

cogeneration system in the defined case studies.

Table 4. Optimal configuration of the cogeneration system in different case 
scenarios

In scenario B, the defined PFSI is considered in the developed 
model to alleviate the costs associated with grid power variations. 

However, the ESS degradation index is neglected. From the grid’s 
perspective, wide fluctuations in the demand would destabilise the 

grid, incurring further operation costs to respond to the changes. 
Therefore, a proportion of this cost is imposed on the consumer to 

penalise the extreme demand fluctuations and encourage the 
consumers to regulate their importing power. As the defined PFI is 

implemented as a term in the main objective function with a 
pertaining weight, the grid fluctuations can be effectively reduced,

proportional to the assigned weight as represented in Fig. 4. The 
figure on the left illustrates the impact of weight variation on the 

power purchased from the grid after performing the operation 
optimisation. In this figure, different colours denote various 

assigned PFSI weights. The figure on the right, however, shows the 
sensitivity of PFSI with respect to PFSI weight variations.

Table 5. Energy storage unit power and capacity rating for different case scenarios

Description/Component CHP type A CHP type B Boiler type A Boiler type B Unit
Available units 5 5 5 5 -

35 37 - - %
40 38 75 82 %

Max. Power 500 600 300 450

Max. RU /RD 120 150 240 350

Installation Cost 221000 237200 75000 100000 $

Cases CHP AB
A
B
C

Cases A B C
BES PR [kW] 0 236.16 213.94

BES CR [kWh] 0 674.48 406.50
TES PR [kW] 273.92 220.31 211.44

TES CR [kWh] 416.35 446.27 444.17
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As described in Section 4, the planning of the cogeneration 
system is formulated as a multi-objective optimisation problem, 
constituting of multiple objectives including the defined PFSI. The 

cost associated with each objective determines the degree of 
importance of each individual object. In the case of PFSI, the 

attributed weight determines the degree of significance of PFSI the 
main objective function.

Analysing Fig. 4 (b), the variation of PFSI weight within 0 to
0.25 results in low sensitively of PFSI to PFSI weight and 

normalised PFSI of unity. Similarly, varying the PFSI weight 
values between 0.75 to 1, the PFSI will remain at 0, implicating a 

low sensitivity of PFSI to PFSI weight. However, the greatest 
sensitivity of PFSI to PFSI weight appears when the PFSI weight 

falls between 0.25 and 0.75. Within this range of PFSI weight, the 
normalised PFSI varies between 0 and 1. It should be noted that the 

normalised PFSI variation rate is higher in the lower side of 0.25-
0.75 range. 

Each curve represented in Fig. 4 (a) yields a data point 
illustrated in Fig. 4 (b). In Fig. 4 (a), the reflection of PFSI weights

is represented on the grid power fluctuations. The grid power does 
not vary significantly over the first (0-0.25) and last range (0.75-1) 

of normalised PFSI weight as opposed to the middle range (0.25-
0.75) where the peak demand is shaved and the deep valleys are 

filled.

The statistical analysis for grid fluctuations including the 

maximum and average grid power values versus variations of PFSI 
weight to reflect the importance degree of PFSI is obtained over the 
planning horizon as shown in Fig. 5. In this figure, the three distinct 

areas are identified as explained above. Within each region, the 
calculated value may vary within a limited range as calculated in 

Fig.5. As it is evident from Fig.5, the fluctuation range within the 
first and last regions for variations in both average grid power and 

max grid power is very small and do not exceed 2.2% at the highest 
due to the low sensitivity of PFSI in these regions. On the other 

hand, in the second region, the variations in the average grid power 
and max grid power parameters are comparatively wide 

(approximately 9% at the highest) due to the high sensitivity of the 
system within this range as previously described. 

Figure 5. Statistical comparison of grid fluctuations parameters in three 
different variation regions of PFSI

In case C, both ESS degradation factor and grid fluctuations 
index are included in the objective function. Implementing the 

proposed MIQP approach, the optimal capacity and power rating 
for BES and TES are obtained 213.94 kW, 406.5 kWh, 211.44 kW, 

and 444.17 kWh, respectively which are less than the values 
calculated for scenario B. Comparing case B and C, it can be 
inferred that the impact of ESS degradation index is less compared 

to the PFSI. On the other hand, the optimal structure of the system 
is similar to case B except for the CHP unit type B that provides 

greater power compared to type A as its maximum power and 
ramp-up limit are greater. Although the efficiency of CHP type B 

is slightly less than type A, it is relatively more expensive. 
Therefore, due to the impact of ESS degradation on the optimal 

operation of the cogeneration system, the algorithm prefers to 
lessen the size of the BES and TES while increasing the size of 

CHP units. 

In scenario C that the degradation of BES is modelled through 

associating an appropriate coefficient to the ESDF in the objective 
function, the ESS power and capacity ratings have decreased 

compared to the scenario B. It should be noted that the PFSI factor 
is considered in both the case B and C.  The ESS depreciation index 

affects the optimal operation of conversion units to reduces the ESS 
power and capacity ratings as the extensive operation of ESS would 

not be economical unless it effectively lessens the electricity or gas 
cost.

(a) (b)
Figure 4. Impact of PFSI on the purchasing power from the upstream grid: (a) Grid purchased power variations for different PFSI weights (b) Variations of PFSI index 
versus PFSI weight values
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The calculated optimal structure of the cogeneration system 

consists of one CHP unit of type A and one unit of type A ( ) as

stated in Table 4. The optimised configuration of the understudy 
system is demonstrated in Fig. 6. The TES parameters are also

affected by including ESS depreciation factor (ESDF) due to the 
trade-off between ESSs associated costs and the costs of energy 

carriers at the input of CHP. As a result, the TES power and
capacity are slightly decreased.    

Figure 6. Structure of the optimised cogeneration system

Besides the size of ESSs, solving the unit commitment problem 

for each candidate solution ensures that the optimal solution will 
result in economic dispatching while satisfying the technical 

requirements. The optimal energy variations for BES and TES, and 
the power exchanged with the upstream grid which are achieved by 

addressing the unit-commitment problem for all three scenarios are 
demonstrated in Figs. 7 to 9, respectively.

Figure 7. Optimal operation of thermal energy storage for different scenarios

The optimal operation of components depends on the cost of 
energy carriers, the PFSI, and degradation factor coefficients as 

well as heat and electricity load demands. The BES stores energy
during the off-peak period and when the CHP converter is running 

to meet the thermal demand and deliver this energy over the peak 
period. 

Considering PFSI in the optimisation model, a trade-off 
between the energy cost and power fluctuation range is established 

and hence affecting the operation of the ESSs devices as illustrated 
in Figs. 7 to 9. As it is clear from Table 4 and 5, considering the 

PFSI in the optimisation model and ignoring the depreciation factor 
substantially increases the size of the energy storage units, resulting 

in less investment on the energy conversion units.

Figure 8. Optimal operation of battery energy storage for different scenarios

As demonstrated in Fig. 7, in case A where neither PFSI nor 

ESDF are included in the objective function, the stored energy in 
the TES follow the thermal and electricity demand patterns. If the 

peak period of thermal demand overlaps with that of electricity 
demand, the CHP unit along with the upstream grid contributes to 

the electricity load. However, due to high thermal demand, the 
output of the CHP unit increases to meet the thermal demand 

concurrently. The inclusion of PFSI objective in the optimisation 
model in case B leads to a substantial change in TES energy 

variation. The primary reason for this significant change is rooted 
in the change of CHP unit commitment duration and output power 

magnitude to mitigate the grid power fluctuations as represented in 
Fig. 9. These variations can be obviously observed in Fig. 8, 

wherein the BES is charged during the off-peak period and 
dispatched the stored energy during the high peak demand to 

minimise the PFSI for case B, in contrast to case A in which no 
BES is required.

Figure 9. Grid operation for different scenarios

The impact of ESDF on the cogeneration system planning and 
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operation optimisation is revealed through implementing case C. 
Since the depreciation of the BES directly affects its operation and 

consequently, the commitment status of the other elements in the 
cogeneration system, the extensive usage of energy storage will 

increase the operation cost. Besides, as explained earlier, including 
the ESDF and PFSI in the objective function establishes a trade-off 

between the two performance indices. Hence, the BES capacity is 
lessened compared to case B and the operation of BES and TES is 

slightly changed during the valley and peak periods, causing the 
PFSI to increase. A similar pattern is obtained in grid operation as 

shown in Fig. 8.

6. Conclusion

This paper presented a MIQP based optimisation approach for 

sizing and scheduling of cogeneration systems, considering the 
degradation of battery energy storage as well as grid fluctuations. 

The proposed method solves a unit commitment problem to 
optimise the cogeneration system configuration while meeting the 

operating criteria of the candidate components. In order to take the 
BES degradation phenomena into account, the quadratic factor, 

ESDF is defined and included in the objective function, relating the
sizing parameters to operating variables. Furthermore, the PFSI is 

introduced to reflect the variations of the grid power. Considering 
this index with appropriate weight in the objective function will 

optimally mitigate the grid fluctuations. To investigate the level of 
impact of PFSI and ESDF on the optimal structure of the 

cogeneration system, the developed model was implemented for 
three case studies. The obtained results confirmed the performance 

and applicability of the proposed approach for planners to 
optimally determine the structure of cogeneration systems.
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4.3. Summary 

In this chapter, the planning optimisation frameworks for determining the size and type 

of the components within gird-connected MGs and MEMGSs are proposed. In the 

planning and design stage, several factors contribute to the size and type of components 

namely, the availability of energywares, the technical characteristics of the elements 

available in the candidate pool, the maintenance and depreciation cost associated with the 

components and the capital cost of the individual components. Furthermore, to enhance 

the penetration of RESs and mitigate their impact of intermittent behaviour on the main 

grid a new performance index is introduced. From the costumer’s perspective, the 

reliability of the system becomes crucial when dealing with critical loads and hence 

considering reliability performance metrics will be required. This chapter initially 

investigates the sizing of ESS in MGs using heuristic and MILP approaches, considering 

RESs and dispatchable generators operating conditions. Expanding the developed model, 

the uncertainties associated with generation units, the impact of the defined grid 

fluctuation smoothing index, the component degradation factor, and reliability in 

planning optimisation are investigated. Furthermore, expanding the applicability of the 

developed planning optimisation approach, the capacity and type of all components 

within an MEMGSs is proposed in which the energy storage dynamics and grid power 

variations are considered. To avoid the computational complexity, ensure the 

convergence of the optimisation problem, and global optimality of the solution, the 

dynamic nonlinearities and uncertainties associated with the components are relaxed 

using linear implementation and linear approximation techniques described in section 3. 

To recapitulate, this chapter focuses on developing planning and components sizing of 

MGs and MEMGSs considering the technical characteristics, performance indices and 

economic aspect of the system. 
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5. MULTI-ENERGY MICROGRID

SYSTEM ENERGY MANAGEMENT

OPTIMISATION

5.1. Chapter Overview 

In terms of planning and optimising the capacity and type of components in MGs and 

MEMGSs, an energy management system (EMS) is investigated in this chapter. The 

chapter is divided into six sections. The first section provides an overview of the chapter, 

along with the issues addressed in it. The second and third sections focus on designing an 

effective EMS for MGs consisting of dispatchable generators, RESs, the main grid and 

the ESS. Two types of EMS strategies are investigated in these sections, considering 

different cost factors and parameters in the proposed scheduling model. Section 2 

evaluates the performance of a scheduling optimisation framework in which a nested 

optimisation algorithm is proposed to simultaneously determine the size of the ESS and 

optimise the dispatch schedule of the dispatchable generators, RESs and ESSs. The 

scheduling problem is addressed using a unit-commitment approach, where the operating 

status and the magnitude of the output power of the dispatchable unit are defined as the 

decision variables to be determined optimally. Furthermore, the ESS’s variable operating 

costs, the fluctuations of RES generation, peak costs, power drop costs, operating costs 

of dispatchable units and ToU – as the energy-pricing policy – are considered in this 

study. The proposed EMS scheduling optimisation model is implemented using the MIQP 

approach. However, the developed EMS optimisation framework is constructed based on 

the assumption that there will be no changes in the weather conditions, and hence, no 

forecast error. Nevertheless, to facilitate real-time operation in the presence of changes in 

the weather conditions, a model predictive EMS is proposed in section 3. There are 

several advantages of employing MPEMS in comparison to the historical-based technique 

that was discussed in section 2. Implementing the MPEMS framework enables the 

planners to design multivariable cases by assigning different relative importances to each 

input and output, along with considering the constraints automatically when future 

references are known.  Moreover, the MPEMS strategy incorporates both forecasts and 

newly updated information. The model predictive or rolling-horizon EMS is an effective 

solution owing to its intrinsic constraint-handling capability. As the primary objective of 
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the EMS is to obtain the most economical solution while satisfying technical criteria, it is 

essential to identify the cost components attributed to each element in the MGs and 

MEMGs. Thus far, the ToU tariff is generally adopted as the electricity pricing policy, in 

addition to the implementation of peak-shaving and valley-filling functions; the proposed 

EMS would minimise the operation cost by reducing energy consumption. However, in 

large-scale commercial cases, where the RESs generation capacity is potentially greater 

than the demand requirement, costumers tend to participate in an arbitrage market with 

dynamic pricing. This provides the customers with a great opportunity to enhance the 

profitability of the system by trading electricity with the market. In section 5.2, an 

MPEMS framework – in the presence of dynamic pricing is proposed to optimally 

manage the power transaction with the gird, considering the volatile nature of demand, 

generation and dynamic pricing. 

The intermittent generation of distributed energy resources, energy prices and the energy 

demand within an MG can pose a great challenge for maintaining energy-demand balance 

and consequently the stabilisation of supply parameters. To mitigate this challenge, the 

microgrid concept is extended to multi-microgrid networks (MMGs), which are also 

referred to as distributed MG systems (DMG). Connecting multiple MGs within the same 

geographical area allows the system to share the power within the system and enhance 

the penetration of RESs in modern smart grids; this, in turn, improves the efficiency of 

the system. However, this integration of multiple MGs introduces new challenges to the 

energy management strategies adopted for sharing power within DMGs and trading it 

with the main grid. To this end, sections 4 and 5 of this thesis particularly focus on 

addressing these issues by developing an energy-management framework to obtain the 

optimal operating schedule of elements within DMGs. In section 4, a centralised optimal 

power flow controller is proposed to minimise the operation cost of DMGs while 

satisfying the technical constraints, considering battery energy storage depreciation, 

transmission losses and the dispatchable units’ characteristics. Owing to the significant 

computational time required to solve the nonlinear optimisation problem, the distributed 

microgrid system is formulated as a mixed-integer linear problem. To investigate the 

performance and functionality of the proposed approach, it is applied to an actual case 

study at Griffith University, consisting of four MGs.  

 Nevertheless, the injection or absorption of power into or from each node in the DMG 

network leads to voltage instability in the system, which can potentially damage the loads 
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or cause power outages. Further expanding on the proposed approach in section 4, 

improving its practicality and effectiveness, a novel mathematical model for power-flow 

optimisation in an EMS for MG networks is proposed in section 5, to not only obtain the 

most economical operation of the MGs but also address the voltage-fluctuation issue at 

the nodes. Furthermore, existing nonlinearities and the variable degradation of the ESS 

device are modelled in the form of a Mixed Integer Quadratic Programming (MIQP) 

problem to enhance the efficiency of the proposed approach and reduce the computational 

burden of the optimisation algorithm.  

The final section of this chapter investigates the energy management strategy in an 

MEMGS consisting of electricity and heating hubs. Although the integration of various 

energy vectors, energy-conversion techniques and energy-storage technologies enhances 

the efficiency, flexibility and reliability of the system, the potentially complex 

interactions of the energy vectors and technologies become more challenging to mitigate. 

Developing a generic and accurate dynamic operating model that considers the variable 

efficiencies and the costs associated with the transitional status of energy converters and 

ESSs facilitates the proposal of an energy-management strategy. Its performance is 

investigated by applying it to University Research Facility as the commercial load.

This chapter constitutes of the following peer-reviewed published and unpublished 

papers: 

 R. Garmabdari, M. Moghimi, F. Yang, E. Gray, J Lu, “Energy storage sizing

and optimal operation analysis of a grid-connected microgrid”, In Sustainability
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Systems and Technologies, Volume 131. pp. 247-257

 R. Garmabdari, M. Moghimi, F. Yang, J. Lu “Model Predictive Energy

Management System in Presence of Dynamic Pricing, IEEE International

Conference on Smart Grids and Energy Systems (SGES-2020), August 2020 (will

be submitted)

 R. Garmabdari, M. Moghimi, F. Yang, E. Gray, J Lu, “Optimal Power Flow

Scheduling of Distributed Microgrid Systems Considering Backup Generators”,

IEEE International Conference on Power and Energy Systems, 2019, Perth,
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5.2. Energy Storage Sizing and Optimal Operation Analysis of 

a Grid-Connected Microgrid 

This section is the following peer-reviewed published paper: 

 R. Garmabdari, M. Moghimi, F. Yang, E. Gray, J Lu, “Energy storage sizing

and optimal operation analysis of a grid-connected microgrid”, In Sustainability

in Energy and Buildings 2018 Book series. KES-SEB 2018. Smart Innovation,

Systems and Technologies, Volume 131. pp. 247-257
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My contribution to this paper includes the conceptualization of the paper to develop the 

mathematical energy management optimisation strategy, data curation, formal analysis, 

Investigation, and methodology implementation. Furthermore, I derived the results, 

performed the analysis and validated the results. I wrote the paper and was the 

corresponding author of the paper. 
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Abstract. Due to the multi-task functionality of Energy Storage Systems
(ESSs), they are an indispensable component of Microgrids (MGs). ESSs ease
the intermittency of Renewable Energy Sources (RESs) and power fluctuations
of the power grid. Moreover, employing ESSs reduces the operating cost of
MGs and enhances the reliability of the system. However, the challenging
aspects of employing these devices are their high cost and limited lifetime
duration. Therefore, optimising the size of ESS is an utmost of importance. This
paper proposes a nested optimisation strategy to obtain the optimal capacity of
ESS for a grid-connected MG with critical loads. The inner layer aims to reduce
the operating cost of the MG by solving the Unit Commitment (UC) problem. In
this layer, the variable operating cost of ESS, peak demand cost, and cost of
power drop have been taken into account. On the other hand, the outer layer
minimises the investment cost of the ESS. The Particle Swarm Optimisation
(PSO) and Mixed Integer Quadratic Programming (MIQP) methods are
employed to solve the outer layer and inner layer problems, respectively. The
application of the proposed method to a real case study with critical loads
verified its effectiveness and functionality. Moreover, the optimal operation of
MG devices is achieved by solving the UC problem.

Keywords: Battery energy storage systems � Unit commitment
Battery sizing � Renewable energies � Microgrids

1 Introduction

Employing Energy Storage System (ESS) in the Microgrids (MGs) is frequently pro-
posed as a solution to enhance power quality and mitigate the intermittency issues of
RESs [1, 2]. Besides, due to the fast response of ESS, it can compensate the power
shortage caused by sudden power variations [3]. From the economic perspective, ESS
plays a vital role in alleviating the operating cost of the MG as it can alleviate the peak
in the event of peak occurrence [2, 4]. It can also benefit from the pricing policy,
storing energy at off-peak periods and injecting it during peak hours [1]. In addition to
the technical and economic benefits that the ESS provides to the MGs, it can lessen the
fuel consumption of Distributed Generators (DGs) and consequently reduce the carbon
emissions [4]. Nevertheless, capacity allocation and optimal dispatching of ESSs in the
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P. Kaparaju et al. (Eds.): KES-SEB 2018, SIS 31, pp. 247–257, 2019.
https://doi.org/10.1007/978-3-030-04293-6_25169



MG requires utmost attention as they are expensive components and their lifetime is
limited [2, 4]. Thus, even though a larger ESS capacity yields lower operating cost, the
investment cost can be unreasonable [3].

Adopting an effective strategy to determine the optimal capacity of ESS depends on
various factors such as configuration and characteristics of the MG components,
controllability and load characteristics [5]. In the literature, different approaches have
been reported to determine the optimal size of the ESS. In [6], authors focused on
developing a comprehensive model to optimise the ESS capacity for an MG, consid-
ering the depth of discharge (DOD), the configuration and the number of ESS units.
However, none of the costs associated with peak shaving and valley filling has been
taken into account. Furthermore, papers [3, 7, 8] investigated the ESS size optimisation
through minimizing the operational cost of the MG, solving the unit commitment
(UC) and dispatching plan problem, but neither variability of the operational cost of the
ESS nor peak shaving cost have been considered. In paper [8], an iterative algorithm is
designed to achieve the optimal capacity of the ESS in which at each iteration, the UC
problem is solved to minimise the operating cost. However, the peak and valley costs
and the operating cost of ESS have been ignored. Authors in [9] inspected the most
suitable ESS capacity with the focus on the profit maximisation through scheduling
MG and considering the demand response scheme. However, none of these works have
considered the aging of the ESS. Although papers [10, 11] focused on operating cost
minimisation by including the peak shaving and valley filling functions, aging of ESS
and their associated costs have been overlooked. There are different factors influencing
the size of the ESS in an MG including the characteristics of the employed DGs, the
utility pricing policy, the fuel cost of the DGs, and the contribution level of RESs in
supplying the demand. In this study, all of the mentioned factors are investigated over a
certain course of operating time in the worst-case scenario through solving UC
problem.

Addressing UC problem is crucial in MGs because it does not only minimise the
operational cost but also reduces the probability of DG failure [12]. In the past, many
researches have been carried out to investigate the optimal dispatching of the MG
equipment and solve the UC problem applying different methods [7, 8, 13]. Basically,
the objective function and constraints of the UC problem are established to fulfil the
economic, environmental and technical criteria of the MG [14]. The available UC
optimisation techniques are classified into three categories: conventional, non-
conventional and hybrid. The advantages and drawbacks of these techniques are dis-
cussed in detail in [13]. The main differences between these methods are the type of the
constraints, optimisation algorithm, and cost elements considered in establishing the
objective function. In [12], the UC problem with the aim of cost minimisation is solved
using Dynamic Programming (DP) for the real part and Max-Min Ant System (MMAS)
for the binary part of the problem. Although the resolution of the proposed algorithm is
higher than DP, it is difficult to model complex problems and the global optimal result
is not guaranteed. Authors in [7, 8], applied a Mixed Integer Linear Programming
(MILP) solver to schedule the operation of generating units to minimise the cost of an
MG including ESS. This method obtains the solution in a short time and also it allows
discrete modelling of the components.
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In this paper, a two-layer stochastic optimisation approach is proposed to obtain the
optimal ESS capacity for a hybrid MG. The Particle Swarm Optimization (PSO) as the
outer optimisation layer in conjunction with the Mixed Integer Quadratic Programming
(MIQP) method as the inner optimisation layer is deployed to implement the proposed
ESS sizing method. This paper focuses on the tied-grid operating mode of the MG
supplying a critical load. The variable efficiency of the ESS, peak shaving along with
valley filling functions which have great influence on the operating schedule of the
system are considered in the developed model. In Sect. 2, the configuration and
operating model of the MG are explained. Furthermore, the cost components consid-
ered in the objective function and proposed optimisation algorithm are described in this
section. Section 3 discusses the simulation results and draws a comparison between the
operation of the MG with and without considering the variability of ESS operating cost.
The conclusion of this paper is given in Sect. 4.

2 System Architecture and Modelling

A typical MG comprising of RESs, DGs, ESS, and loads can either operate in island
mode or connected to the upstream grid depending on the MG application, load
characteristics and other circumstances [1, 5]. This study develops a technique to
determine the best size of the ESS for a grid-connected MG consisting of Photovoltaic
(PV) panels and Wind Turbine (WT) as the RESs, Microturbines (MT) and Diesel
Generators as the DG units, ESS and commercial loads. These units are controlled by a
locally implemented Energy Management System (EMS) to ensure that load demand is
met at the minimum cost (Fig. 1).

2.1 Unit Commitment

Due to the benefits of employing ESS in the MG on the one hand and the afore-
mentioned technical and economic limitations on the other hand, the ESS sizing is
defined as a trade-off problem. In other words, as the ESS is utilized in conjunction
with RESs and DGs, the variations in the ESS capacity would change the operational
schedule of all units employed in the MG. Hence, allocating the most suitable ESS size

Fig. 1. The general configuration of a grid-connected MG
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is achieved by solving the UC problem according to the changes in ESS quantity. As
mentioned earlier, UC optimisation deals with the scheduling of the operation of the
generating units over a certain time horizon so that the technical criteria are satisfied
whilst the operating cost of the MG is minimised. In order to achieve the superior
dispatching plan for an MG, it is necessary to identify the associated costs and oper-
ating criteria of the individual units.

Cost and Operational Model of DG
Although the cost and operational models of DGs vary one from another, they are
generally modelled based on their common features. The cost imposed by a typical
dispatchable generator (wDG;iÞ including the fuel cost (wF;iÞ, the maintenance costs
(wM;iÞ, and the state transition cost of unit i (wTrn;i) as depicted in (1) where the
subscript i shows the unit number.

wDG;i tð Þ ¼ wM;i tð ÞþwF;i tð ÞþwTrn tð Þ ð1Þ

However, due to the insignificance of maintenance costs compared to the fuel costs
being consumed by DGs, it is normally ignored in the cost model. The fuel con-
sumption of a DG at each time interval is defined as a quadratic function of its output
power as expressed in (2).

wF;total tð Þ ¼
XJ

i¼1
Ai:P

2
DG;i tð ÞþBi:PDG;i tð ÞþCi ð2Þ

where wF;total tð Þ, PDG;i tð Þ, and J are the total fuel cost of the MG, output power of unit i
at time instant t, and the number of DGs employed in the MG, respectively. Ai, Bi, and
Ci denote the cost coefficients of unit i.

Due to the physical and thermal limitations of DGs, their starting up and shutting
down processes incur an additional cost to the system. Hence, a set of binary variables
is defined to indicate the on/off status of the units. The status change charges of DGs at
each time instant wTrn tð Þ is achieved using (3).

wTrn tð Þ ¼
XJ

i¼1
qSTRT ;i:ð1� ci t � 1ð Þ:ci tð Þþ qSHDN;i 1� ci tð Þð Þ:ci t � 1ð Þ ð3Þ

where qSTRT ;i, qSHDN , and ci denote the start-up cost, shutdown cost, and binary
variable corresponding to unit i. On the other hand, the operational model of DGs is to
reflect their actual behaviour and operational limitations including output power range
and power variation rates as shown in (4) and (5), respectively.

Pmax
DG;i �PDG;i tð Þ�Pmin

DG;i ð4Þ

Ddown
i �PDG;i tð Þ � PDG;i t � 1ð Þ�Dup

i ð5Þ

where Pmax
DG;i and Pmin

DG;i represent the upper and lower bounds of output power and Ddown
i

and Dup
i imply the ramp up and ramp down constraints of unit i at time step t.
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ESS Model
The operating energy model of the ESS determines the State of Charge (SOCESS) at
each time instant, including the charging power (Pch;ESS), and discharging power
(Pdis;ESS) at previous time step as expressed in (6).

SOCESS tð Þ ¼ SOCESS t � 1ð Þþ Pch;ESS t � 1ð Þ:gch;ESS �
Pdis;ESS t � 1ð Þ

gdis;ESS

!
:Dt ð6Þ

In the developed energy model of the ESS, the charge (gch;ESS) and discharge
(gdis;ESS) efficiencies are taken into account. In this paper, the operating time horizon
(T) is considered 24 h with a time interval (Dt) of 1 h. Besides the ESS energy model,
the characteristics of the ESS are bounded with the given ranges in (7), (8) and (9),
respectively.

SOCmin � SOC tð Þ� SOCmax ð7Þ

0�Pch;ESS tð Þ� bESS tð Þ:Pmax
ch;ESS ð8Þ

0�Pdis;ESS tð Þ� ðbESS tÞ � 1ð Þ:Pmax
dis;ESS ð9Þ

where superscripts max and min indicate the maximum and minimum limits for
variables. The defined binary variable, bESS tð Þ, is to decide whether the ESS is charging
(bESS ¼ 1) or discharging (bESS ¼ 0). In addition to the constraints above, the value of
SOC at the end of the operation period is set to be equal to its initial value.

To developing the operational cost model of the ESS, it is required to consider the
impact ESS degradation on the total operation cost of the MG. Generally, the lifetime
of the ESS is determined through either calendar lifetime, the cycle number assessment,
and its total discharged energy [15, 16]. In other words, various charge and discharge
rates of ESS imposes different operational costs on the MG that will affect the per-
formance of the ESS and subsequently the optimal solution of the UC problem. In
order to consider the variable ESS operational cost, it is approximated with a quadratic
function of charge and discharge power. Therefore, the total operational cost of the ESS
at each time instant (wESS tð Þ) can be described as in (10).

wESS tð Þ ¼ qmaxch;ESS

Pmax
ch;ESS

:P2
ch;ESS tð Þþ qmaxdis;ESS

Pmax
dis;ESS

:P2
dis;ESS tð Þ ð10Þ

where qmaxch;ESS, q
max
dis;ESS are the maximum charge and discharge operating cost of the ESS

at their corresponding highest charge (Pmax
ch;ESS) and discharge power (Pmax

dis;ESS) rates.
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Electricity Cost
The electricity cost comprises of two major costs: the energy and the peak demand
costs. Utility charges customers for their energy consumption according to the Time of
Use (TOU) tariff on a daily basis whereas the peak cost is calculated on a monthly
basis. The amount of monthly electricity cost (qMÞ is obtain through (11).

qM ¼
XDm

d¼1

XT

t¼1
Pgrid t; dð Þ:Cp;grid t; dð Þ:DtþCpeak:Ppeak ð11Þ

where Dm, d, Pgrid , Cp;grid , Ppeak, and Cpeak are the number of days in a particular
month, the day number, purchased power from the grid on day d, energy cost, peak
demand, and peak cost, respectively.

2.2 ESS Optimisation Method

The proposed optimisation method consists of two layers. The outer layer determines
the size of the ESS by minimizing its investment cost and the achieved operating cost
from the inner layer. To obtain that, the inner layer minimises the operating cost of the
MG by applying the allocated ESS size from the outer layer and solving the UC
problem.

Inner Optimisation Layer (UC Problem)
The inner optimisation layer is designed to minimise the operating cost of the system
(;), considering peak shaving and valley filling functions and the introduced costs of
the MG components in Sect. 2.1. The objective function of the UC problem is
demonstrated in (12).

; ¼
XT

t¼1
Pgird tð Þ:Cp;gird tð ÞþwESS tð ÞþwF;total tð ÞþwTrn tð Þ� �

:Dtþ
Cpeak:Ppeak þCpd:Ppd

ð12Þ

where Cpd and Ppd are the power drop over the optimisation time horizon and the
power drop cost. In addition to the operational constraints explained in Sect. 2.1, the
balance between the generated and consumed power are to be established as expressed
in (13).

Pgrid tð ÞþPPV tð ÞþPWT tð ÞþPESS;dis tð Þþ
XJ

i¼1
PDG;i tð Þ:ci tð Þ ¼ PL tð ÞþPESS;ch tð Þ

ð13Þ

where PPV tð Þ and PWT tð Þ are the power of solar PV and wind turbine at time step t,
respectively. In addition to the power balance equation, the spinning reserve capacity
(SR tð Þ), which is proportional to the load at each time instant, should be considered as
described in (17). This capacity is to cover the demand in the case of power outage.
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Pgrid tð ÞþPPV tð ÞþPWT tð ÞþPmax
ESS;dis tð Þþ

XM

i¼1
Pmax
DG;i tð Þ:ci tð Þ ¼ PL tð Þþ SR tð Þ ð14Þ

The defined UC problem includes quadratic terms because of applying variable
ESS operational cost, transitional costs and fuel cost function of DGs. To solve this
problem in Matlab platform, CPLEX MIQP solver is employed.

Outer Optimisation Layer (ESS Investment Cost Minimisation)
The daily investment cost of the ESS (CIpd) consists of three main components: capital,
maintenance (CM), and installation costs (CIns). The capital cost is composed of
capacity rating (Ccap) and power rating costs (CP). The installation cost depends on the
capacity of ESS (EESS), whereas the maintenance cost is proportional to the power
rating of ESS. The CIpd is achieved using (15).

CIpd ¼ r: 1þ rð ÞL
1þ rð ÞL�1

!
: CP:PESS þCcap:EESS
� �þCM þCIns

" #
:
1

365
ð15Þ

where r and L are the interest rate and the lifetime of the ESS. To solve the outer
optimization problem, PSO is employed. PSO algorithm is an effective method to solve
multi-dimensional optimization problems [17]. Due to simplicity and versatility of this
method, it has been applied to real-life optimization problems. The objective of the
outer layer is to minimise total cost (Ctot) of the MG constituted of two terms: the daily
investment cost of ESS and the operation cost of the MG. Therefore, the fitness
function and decision variables of PSO are expressed as (16) and (17), respectively.

MinX Ctotð Þ ¼ CIpd þ; ð16Þ

X ¼ PESS;EESSf g ð17Þ

The decision variables of the outer layer defined above are constrained to the
following ranges.

Pmin
ESS �PESS �Pmax

ESS ð18Þ

Emin
ESS �EESS �Emax

ESS ð19Þ

After initializing the PSO algorithm by random values for the position and velocity
of the particles at the kth iteration of the sizing optimization algorithm, the fitness
function of the nth particle is calculated. Afterwards, the local and global best positions
are calculated and updated. This process continues until the stop condition is met. The
stop condition is satisfied in case that the optimal power and capacity of the ESS are
achieved or the number of iterations exceeds the maximum iteration limit.
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3 Simulation Results and Performance Analysis

To analyse the performance and applicability of the proposed algorithm, it is applied to
a case study consisting of the following components: a 10 kW WT and a 20 kW solar
PV module as RESs, a Gas Turbine (GT) with the maximum power of 30 kW, and a
Diesel Generator with 50 kW maximum power generation capacity as backup units.
The generated power of this equipment along with upstream grid should provide power
for a research facility building (N74) located at Griffith University. The sensitive
equipment installed in this facility is highly vulnerable to damage by power fluctuations
and hence, it is regarded as a critical load. The load profile of the day on which the
maximum power variations observed is chosen to inspect the performance of the
developed algorithm. In this study, a lithium-ion ESS with an equal charge and dis-
charge efficiency of 95% and lifetime of 10 years have been considered. Furthermore,
the power rate, energy rate, and annual maintenance costs are assumed to be 300 $/kW,
650 $/kWh, and 30 $/kW, respectively. The annual interest rate is considered 5%.

In order to fulfil the peak shaving and valley filling functions, it is required to
include TOU pricing policy, peak cost and power drop costs in the objective function
of the UC problem. The costs of energy during off-peak and peak periods are 34 c/kWh
and 20 c/kWh, respectively. The monthly peak and power drop costs are 6 $/kW and
24 $/kW.

The objective of outer optimisation layer as described in (18) minimises the power
and energy rates of the ESS so that the operation criteria and load demand are met
throughout the operation horizon. The PSO algorithm iteratively specifies different
energy and power capacities for the ESS. At each iteration, the candidate solution is
applied to the inner optimisation layer and the achieved optimised operation cost is
returned to the PSO layer. Figure 2 represents the load profile after applying various
combinations of power and energies.

Applying the proposed algorithm, the ESS energy and power rates are determined
to be 54 kWh and 26.2 kW, respectively. Besides the cost of the ESS, the operation
cost of the MG obtained from the UC optimisation layer is taken into account in the
objective function of the outer layer.

The UC optimisation algorithm minimises the operating cost of the MG, consid-
ering the variability of the operation cost of the ESS, mitigating the peak and filling the
valleys as demonstrated in Fig. 2a. During the off period, when the RESs generation is
low and the power valley occurs, the ESS is charged through the upstream grid to fill
the valley from 165 kW to 174 kW and is discharged to alleviate peak power from
290.2 kW to 231.6 kW. In order to realise the influence of the variable operating cost
of the ESS on peaks and valleys, the same simulation is run for the same load profile of
the MG but with the constant operational cost of the ESS as depicted in Fig. 2b.

As illustrated in Fig. 2b, the ESS stores energy during off-peak periods and when
the demand is less than the peaks. The stored energy is injected to the load during the
high demand periods to fulfil peak shaving function. However, the charging and dis-
charging powers exceed the optimal values, creating virtual peaks. of applying a
constant operational cost for ESS. Therefore, considering variable operation cost for
ESS controls the charge and discharge processes of ESS according to the cost it
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imposes on the MG. This will lead to a smooth energy exchange in ESS as shown in
Fig. 3a. Depending on the depth of the valley and peak values, the charge and dis-
charge rate of the ESS varies within the certain ranges as described in (8) and (9). The
final energy of ESS at the end of the operating horizon returns to its initial value.

Fig. 2. The load profile before and after applying cost minimisation algorithm: (a) with
considering variable operation cost for the ESS (left), (b) without considering variable operation
cost for the ESS (right)

Fig. 3. (a) Energy variation of the ESS (left); (b) The operation and greeted power of DGs
(right)
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The operating status of the DGs and the amount of their generated power depend on
their associated costs and operating constraints. As illustrated in Fig. 3b, the GT is
dispatched at the time the peak period begins and once it reaches to its maximum power
capacity (30 kW), the diesel generator is initiated to provide the power deficit (15 kW).

4 Conclusion

Employing the proposed ESS sizing technique for a grid-connected MG composing of
DGs, RESs, and critical loads proved the effectiveness and applicability of the ESS in
cost reduction. In this paper, the variable operating cost of the ESS along with the peak
and power drop costs, and TOU tariff are taken into consideration. This will lead to a
more effective solution to the ESS capacity optimisation problem from both technical
and economic perspectives. Applying the two-layer optimisation method to MG
grantees that the optimised power and capacity rates of the ESS yield the maximum
profit at minimum cost. Besides, the proposed method takes the advantage of the
existing backup DGs to reduce the MG operating cost and power fluctuations
effectively.
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Abstract—With the increasing penetration of renewable energy
resources in energy systems and integration of distributed energy
systems, the energy generation is becoming further independent
from fossil fuels. However, the decentralisation of generation
introduces new reliability challenges to the system mainly due to
the intermittent nature of renewables. From the grid perspective,
the reliability issues that are caused by generation-demand
balance can be mitigated by participation of Microgrids (MG) in
various markets such as the arbitrage market. From the customer
perspective, contribution in arbitrage market can potentially
improve the economic viability of the system. In this context,
establishing an detailed model for reflecting the limitations and
operating behaviour of the Microgrid is essential. Furthermore,
tracking the fluctuations in generation of renewable energy
resources, energy demand, and dynamic pricing is of paramount
concern in economically controlling the power flow. In the light
of the above, this paper proposes model predictive-based energy
management system in presence of dynamic pricing, aiming
at minimising the operating cost and lessening the impact of
uncertainty on the day-ahead basis prediction while meeting the
demand requirement. The results prove the functionality and
applicability of the proposed framework to be employed for large
scale commercial MGs.

Index Terms—Energy management system, Arbitrage market,
model predictive control, Microgrid, Real-time control system

I. INTRODUCTION

An MG structure is commonly is formed by incorpo-

rating various technologies, namely conventional generators,

renewable energy sources (RESs), energy storage systems

(ESSs) and loads [1], [2]. Despite the potential benefits of the

integration of renewables in the system, the uncertain, volatile,

and time-variant characteristics of renewables and demand

introduce the greatest challenge to the MG as the balance

of generation and demand as well as economic operation

of elements which is directly impacted by these real-time

variations [3]. From the network perspective, the intermit-

tency of demand and generation potentially cause demand-

supply imbalance instability in the network parameters namely,

voltage and frequency, and hence the reliability is affected.

To cope with the created instabilities, the national electricity

market offers arbitrage market as an incentive based pricing

approach. The arbitrage market assists the system to always

sustain the supply and demand balance in real time. [4]–[6].

Energy Storage Systems (ESSs) are regarded as an indis-

pensable component in MGs. From the customer perspective,

integration of energy storage with RESs provides and effective

solution to flexibility, reliability and resiliency enhancement

of the system while minimising operating cost of the MG [2].

These components enables the system to store the generated

excess energy over the peak generation period when the

demand is low and discharge this energy when there is a

high demand. In other words, ESSs can shift the load from

peak period to off-peak period by managing the import/export

energy. Exercising the import/export period shifting using ESS

devices will result in a great operational revenue. To this end,

developing an effective energy management strategy that can

optimally manage the power flow in the system for achieving

the techno-economic objectives is essential [7], [8].

In the literature, several strategies for the development of

EMS technology have been reported. These proposed method

are commonly classified into two main categories including

offline EMS that primary aims at the meeting the techno-

economic criteria of the solution with the assumption that the

predicted values are accurate and the deviation of the actually

realised values from the predicted values are negligible.

There is abundant literature on the off-line based EMSs that

calculate the optimal operation of the MG components while

considering the technical constraints. For instance, authors

in [9]–[12] have employed deterministic-based optimisation

strategies to minimise the operation cost of the system by

considering the Time of Use (TOU) tariff, the operating cost

associated with dispatchable generators and energy storage

system, provided that the generation of distributed generators

and demand requirement are forecast accurately.Therefore, the

deterministic based EMSs overlook the time-variant nature of

RESs, demand and dynamic pricing. This can subsequently

results in inoptimality of the solution because of making

decisions over a long term (usually a day-ahead) under the

assumption of the perfect weather and demand forecast. In

contrast to the above studies, the researcher in [13]–[15] have

developed an off-line stochastic based optimisation approach

in which the forecast uncertainty margin is considered by

creating a sample-based scenario tree. Although this technique

is more reliable than the deterministic approach, they do not
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yet guarantee a practical and feasible solution in real-time

application where the fluctuations in generation of distributed

energy resources and the demand requirement may not match

the considered uncertainty range. Therefore, it is essential

to collect ample historical data for adequately estimating the

probability distribution of the uncertain parameters [16], [17].

Dealing with the shortcomings of conventional off-line-based

deterministic and stochastic EMS approaches and accounting

for the real-time variations in generation, demand and pricing,

various Real-time EMS (RTEMS) approaches are proposed

namely Fuzzy Logic based EMS [18], Rule Based EMS

[19], [20], and model predictive based EMS system (MP-

EMS) [21]–[23] are proposed. Authors in [18] presented a

non-complex RTEMS that make the decision based on 25

predefined rules to determine the response of the MG against

the variable parameters at input. However, despite simplicity

of the implementation of this techniques, it does not grantee

to obtain an optimal solution. Similarly, the rule-based EMS

system developed in [19], [20] considering Time of Use

(ToU) tariff and peak shaving function to make the control

decision. This method is formed using a heuristic techniques

that may not provide an optimal solution. The MP-EMS is

a real-time EMS (RT-EMS) that is able to produce sub-

optimal techno-economic solution [24]. The performance of

MP-EMS in the presence of RES volatility and operation

constrain has made it a potential candidate for controlling

multivariate systems, due to the continuous and real-time

adjustments of the outputs based on real-time measurements

of the varying inputs. Authors in paper [21] aims at smoothing

and controlling the power flow at node level considering the

randomness of distributed generation. In this paper, the focus

is on providing a technically feasible solution that does not

violate the constraint of the system rather than minimising the

cost. On the contrary, publication [22] investigates a novel

distributed MP-EMS interacting with each other to obtain

the optimal operation schedule of the MG components by

converting the centralised mixed integer problem into several

nonlinear and integer programming problem. The primary aim

of this technique is to achieve the optimal operation of MG

at minimum cost while satisfying the operating constraints.

Researchers in [23] presented the method for the implemen-

tation of the MP-EMS in a grid connected MG by addressing

the unit-commitment and economic dispatch using a Mixed

Integer Linear Programming (MILP) approach. The main goal

of this research is ensuring the feasibility and maintaining

the economic optimality of the solution. Nevertheless, in the

studies stated above the dynamic spot price market, and the

degradation of the energy storage have been overlooked.

In the light of the above and smoothing the operation of the

energy storage system while accounting for the fluctuations

associated with renewables and market prices, this paper

presents a MILP based MP-EMS approach to facilitate the in-

tegration of renewables and energy storage system to meet the

demand requirement and operating criteria while enhancing

economic profitability. In the proposed algorithm the charge

and discharge power of the ESS is determined in presence of

arbitrage market and ESS degradation phenomenon.

The reminder of this paper is organised as follows: section 2

provides a detailed insight into MP-EMS scheme and presents

its operation principle. Furthermore the architecture of the

understudy system is described in this section. In section 3

the detailed model of MG and objective function of the MP-

EMS is established. The simulation results are presented and

discussed in section 4.Lastly section 5 concludes the paper.

II. MODEL PREDICTIVE ENERGY MANAGEMENT SCHEME

A. operation principle

The MP-EMS also referred as to the receding horizon EMS

(RH-EMS), decides on the set values at each instant by the

projection of dynamic behaviour of the system according to

the current operating status and past generated control signals.

More precisely, the MPC strategy computes the control signal

sequence according to the developed dynamic model of the

system, predicting the response of the system to the manipu-

lated control variables [23], [25]. Therefore, the distortions

created in the input signals from the planned values are

compensated by applying the control signals in real-time. The

primary objective of this control system is to minimise the

operation cost and maximising the profit while satisfying the

operational constraints and ensure the feasibility of the solu-

tion. This control process can be conceptually demonstrated

as below.

Figure 1. The conceptual illustration of Model Predictive Control Strategy

As demonstrated above, the control signals are calculated

for a certain period in the future, called trajectory period or

prediction horizon. However, only the control signals corre-

sponding to the instant t is applied to the system. In the

next time step (iteration), the actual output of the system is

measured and accumulated to the past values and the entire

sequence is repeated at each time step to decide on the control

signal for the next time step [23], [25], [26]. This procedure of

decision making and moving forward in time with a constant

time frame is called receding or rolling horizon as stated

above.

B. System architecture

The understudy MG consists of a battery energy storage,

solar PV, electrical load, and the utility grid. Even though the

prediction of a day-ahead generation through the historical

data is possible, the forecast weather information and the dy-

namic electricity prices usually do not coincide with the actual
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Figure 2. The structural diagram of the proposed model predictive energy management system

values as explained in previous section. The proposed MP-

EMS strategy comprises of several blocks, including; Long-

term and short-term PV and demand forecasting modules,

long-term optimal scheduler and Model Predictive Controller

(MPC) unit. The long-term prediction modules are considered

to predict the renewable generation (PV) and load demand on a

day-ahead basis. In this study, it is assumed that the understudy

MG is connected to the grid and can participate in Australian

National Energy Market (NEM). The Australian Energy Mar-

ket Operator (AEMO) execute the forecast algorithm to update

the forecast values of the dynamic price every 5 minutes

(dispatch interval). The electricity spot price volatility is driven

by different factors including, supply and demand balance,

the difference between the scheduled generation and actual

requirement, the load profile characteristics, generation units’

outages whether due to scheduled maintenance or unexpected

failure, the wholesale commodity fuel price, and, of course,

weather condition [27]. The trading spot price is settled every

30 minutes (trading interval) by averaging the determined

dispatch prices [8]. Due to inaccessibility to the required data

for the prediction of spot prices and ancillary services, the

real-time arbitrage prices are retrieved at each time step from

the online repository and is stored in a localised database

from which the predicted values are provided to the long-

term scheduling optimisation module as well as MPC as

demonstrated in Fig.2.

supplying the long term predicted values into the scheduling

optimisation module, the grid transaction power flow and ESS

charge/discharge power over the corresponding prediction pe-

riod are determined. The objective function of the optimisation

modules in the MP-EMS is to minimise cost subjected to

the technical and economical constraints and considering the

degradation cost of energy storage. This block consequently

produces two reference signals: the grid power exchange

values, PLTS
grid , and ESS charge and discharge power PLTS

ESS

at each instant for a day-ahead. The remaining input signals

to the MPC are the outputs of the short-term predictors. These

blocks receive the current time measurements based on which

they predict the quantity corresponding to their inputs that are

updated at each iteration of the control routine.

III. ENERGY MANAGEMENT SYSTEM MODEL

The proposed MP-EMS is a discrete-time system equipped

with an efficient MILP optimisation algorithm which is per-

formed at each iteration of the control scheme. The control

action is taken at each time interval (Δk), considering the ar-

bitrage prices, demand and generation current measurements.

The framework of the proposed MPC procedure is illustrated

in Fig. 3. The historical profile is utilised to develop the the

day ahead prediction models for both demand and PV power

generation. The accuracy of the forecast models, as well as the

183



system operation model, are of utmost importance as they are

used to estimate the reaction of the system to the distortions of

the measured values from the optimised planned operation and

hence impacting the performance of the MP-EMS. The current

state of the system is measured and fed back to the controller

at each time instance. The response of the system achieved

over prediction horizon is optimised and the next optimal

immediate control action is applied to the system. Once, the

control strategy is executed for 24 hours, the measured values

are added to the historical profile.

Figure 3. The framework of the proposed discrete-time MPEMS

A. Objective function

The main objective of the MPEMS is to maximise the profit

and enhance the penetration of RESs into MG. To achieve

these, a MILP optimisation algorithm is adopted to minimise

the excursions of the real-time decisions from the globally

optimal setpoints planned at beginning of the day. Therefore,

as represented in 1, the objective function J encompasses three

main elements including the cost of energy transacted with the

upstream grid, the ESS depreciation cost and penalty for the

deviation of the scheduled optimal power over the trajectory

period (Ntrj) from the setpoints.

J(k) =

Ntrj∑
k=1

{(
Csp(k)× Pg(k) + Cop(k,DOD)

)
×

Δk + γ(k)× ∣∣Pess(k)− P lst
ess(k)

∣∣+
ζ(k)× ∣∣Pg(k)− P lst

g (k)
∣∣
}

∀k ∈ {i, i+N − 1}

(1)

where Csp, Pg , Pess, and k imply the market spot price,

the power exchanged with the grid, the power of the energy

storage, and the time index within the trajectory horizon

respectively. Furthermore, the term Cop(k,DOD) indicate the

cost attributed to the ESS that corresponds to its depth of

discharge (DOD) at each charge/discharge event. The param-

eters γ (k) and ζ (k) indicate the coefficients of the power

tracking over the control trajectory horizon. These coefficients

are positive and a fraction of one and are referred as to

tracking weight as they are assigned for tracking the error

caused by distortions of forecast values from the actual ones.

Furthermore, the sum of these two variables is considered to

be equal to unity.

γ (k) + ζ (k) = 1

γ (k) , ζ (k) ∈ {0, ..., 1} (2)

As formulated in 1, the deviations of the calculated actual

values from the planned values are expressed using an absolute

value which is a nonlinear function in nature. Therefore,

to transform these nonlinearities, two non-negative auxiliary

variables, Pg(k) and Pg(k) are introduced to the model and

the following linear constrains are formed.

Pg(k)− Pg(k) ≤ P lst
g (k) (3)

Pg(k) + Pg(k) ≥ P lst
g (k) (4)

Including the constraints 3 and 4, the error terms in 2 should

be substituted with the following linear equivalent expression:
∣∣Pg(k)− P lst

g (k)
∣∣ = ζ(k)× (Pg(k) + Pg(k)) (5)

Applying the same linear implementation technique, the

distortion of ESS power from the setpoint values can be

described as below:

Pess(k)− Pess(k) ≤ P lst
ess(k) (6)

Pess(k) + Pess(k) ≥ P lst
ess(k) (7)

∣∣Pess(k)− P lst
ess(k)

∣∣ = ζ(k)× (Pess(k) + Pess(k)) (8)

B. Microgrid Operation Constraints

The technical criteria of the components that reflect their

operating characteristics and behaviour are detailed in this

section. The generation-demand balance equation should be

maintained at any time instant to guarantee an uninterrupted

supply of demand as expressed in 9.

Pload (k) = PPV (k) + Pg (k) + Pess (k) (9)

where PPV and Pload denote the photovoltaic generation and

demand requirement.

The ESS dynamics is modelled through a transfer function

as described in 10, relating its energy content to the amount

of power absorbed or injected by ESS at each time interval. In

the constituted dynamic model, two coefficients, denoted by

ηdecay and ηess, are introduced to represent the energy fading

effect, also referred to as energy loss ratio, and energy storage

exchange power efficiency.

Eess (k) = Eess (k − 1) . (1− ηdecay) + Pess (k) .ηess (k) .Δk
(10)
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where Eess (k) denotes the ESS energy content at instant (k).

The ESS power efficiency can be further explained in detail

as a two-criteria piecewise function in terms of the round trip

efficiency of the energy storage (ηrt).

ηb (k) =

⎧⎨
⎩

√
ηrt Pess < 0

1√
ηrt

Pess > 0
(11)

In the above equation, the negative quantity of the variable

Pess implicates that the energy storage is being charged and a

positive value represents otherwise. The following constraint

is to ensure that the energy content of the energy storage is

maintained within the nominal capacity of the ESS as denoted

by EMax
ess , respectively.

EMin
ess ≤ Eess (k) ≤ EMax

ess (12)

The following constrain describes the variation range of ESS

power at instant k.

−min

(
PMax
dis ,

Eess(k − 1)− Emin
ess

Δk

)
≤ Pess(k) ≤

min

(
PMax
ch ,

EMax
b − Eess(k − 1)

Δk

) (13)

The Pg (k) stated in 1 denotes the transacted power with

the main grid and is obtained using the following 14 where

P Imp
g (k), PExp

g (k), ηtran, and δg (k) are the amount of im-

porting power, exporting power, efficiency of the transformer,

and the auxiliary binary variable to indicate the import/export

status.

Pg (k) =

(
P Imp
g (k)× δg(k)×−PExp

g (k)× (1− δg(k))

)

×ηtran

δg ∈ {0, 1}
(14)

C. Energy Storage Degradation

Energy storage units are degraded over time. This phe-

nomenon can affect the performance of the ESS and conse-

quently the operation of the microgrid. Hence, taking the de-

preciation factors into account and formulating them in terms

of cost is essential in evaluating the economic profitability of

the microgrid while designing the energy management system.

Several factors are affecting the degradation of battery

including the temperature at which the battery is operating,

the state of charge (SOC) level of the battery defined as the

remaining energy in the storage with respect to its full capacity,

the frequency of charging and discharging events. Apart from

the battery operation-related factors that impact on the battery

cyclic ageing, the storage capacity of the battery is deteri-

orated over time as well. Since practically the temperature

controller is usually integrated into the battery management

system (BMS), it is assumed that the operating temperature

of the battery is constant with respect to time. Hence, it is

a valid assumption to ignore the effect of temperature on

battery deterioration. The battery degradation cost can be

therefore achieved by continuously tracking the amount of

energy extracted from or injected to the battery at each time

interval using the ESS energy content variable. The DOD is

defined as the ratio of depleted energy in the storage after one

charging or discharging event to the full capacity of the energy

storage. Assuming that the rate of energy storage degradation

is linear with time, the lifetime of the ESS can be expressed

as a function of DOD as formulated below [28], [29]:

Less(DOD) = a×DOD−b × e(−c×DOD) (15)

where a, b, and c are curve fitting coefficient [28]. Given that

the power rate of the battery during each time step (Δk) is

constant, the operating cost is proportional to the amount of

power flowing into or out of the battery as formulated below.

Cop(k,DOD) =
Ccap

2× Less(DOD(k))× Eess × ηrt
(16)

where Ccap is the capital cost of the ESS. Therefore, the

degradation of the ESS can be integrated into the objective

function 1 as a cost term to establish a trade-off between the

system total cost and the degradation cost.

IV. SIMULATION RESULTS AND ANALYSIS

The proposed MP-EMS system is implemented for a grid-

connected MG comprised of a solar PV with a capacity of 1

MW and a 3MW ESS to supply a commercial load as depicted

in Fig. 1. The ESS technical specification is represented in

Table I and the simulation horizon is considered 24 hours with

30 minutes time interval.

TABLE I
ENERGY STORAGE SYSTEM TECHNICAL SPECIFICATION

Description Parameter Value Unit
Max. charging ramp PMax

ch 1.5 MW

Max discharge ramp PMax
dis 3.0 MW

Round trip efficiency ηrt 0.90 %
Depth of discharge DOD 80 %

As the forecast algorithm is out of the scope of this paper,

the distribution of error of the forecast values is employed

to infer the short term forecast values which will not be

explained here. The long-term forecast values for the solar

PV generation (left vertical axis) and demand (right vertical

axis) are represented in Fig. 4. As demonstrated in Fig. 4, it is

predicted that the peak period PV generation will occur from

10 AM to 3:30 PM while the peak demand period starts at

6:30 AM and continues until 7 PM. This graph denotes that

the demand and PV generation will have a peak period overlap

(10 AM to 3:30 PM). In addition to the generation and demand

value, the predicted and actually settled values for arbitrage

prices are represented in Fig. 5.

As it can be seen in Fig. 5, the market price generally

tends to be less volatile during the off-peak period during

which the demand is relatively less and more stable. However,

approaching the generation peak period, the market prices

start to slightly decrease whereas, during the peak period of

demand, the market price significantly increases due to the
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Figure 4. The long-term (day-ahead)prediction of demand and Solar PV
generation

need for providing more electricity and less renewable gen-

eration. Comparing the actual and long-term forecast values

indicates that they predicted values and actual values follow

a similar pattern. However, there are deviations between the

two values due to the unpredictable demand requirement in the

system. These distortions between the long term prediction

and real-time values are compensated by the proposed MP-

EMS framework to achieve the optimal operation of ESS. The

Figure 5. The arbitrage price for the day ahead forecast and actually settled
values

proposed MILP based MP-EMS is implemented in MATLAB,

resorted in CPLEX solver for the constructed optimisation

problem. Furthermore, the degradation of ESS is linearly

model using piecewise approximation approach explained in

[30]. The long-term forecast spot price, demand, and PV

generation is applied to the long-term scheduling optimisation

module. However, the real-time measured values indicate the

deviations of the predicted values from actual values which

would potentially reduce the profit. The implemented MP-

EMS, therefore, tries to maximise the profit by minimizing the

distortions between the setpoints obtained from the long-term

schedule optimisation module and the short-term scheduled

values that are calculated according to the short term predic-

tion module. The obtained grid power exchange for both long-

term schedule module which is performed every 24 hours is

reported in Fig. 6. The negative values on this graph represent

the amount of power being exported to the grid while the

positive values indicate that the MG is purchasing energy from

the gird. The reference values on this graph are achieved by

the long-term scheduling optimisation module. As illustrated

in Fig. 6, the MG is suggested to export power to the main grid

at 1 AM as the spot price and demand are quite low. Therefore

the ESS injects power to the gird to maximise the benefit as

shown in 7. However, as the energy price and demand start

slightly increasing, the exchange power remains at about 75

KW until 6 AM. This trend changes between 7 AM to 9 AM

that the spot prices are relatively low and hence the required

energy for the load is imported from the grid and energy

storage is charged. It should be noted that during this time

of the day the demand is at about 320 kW while there is no

PV generation. At about 12 PM that the spot price reaches

its minimum value throughout the day and PV generation is

high, the ESS is fully charged. At about 3 PM and between

6 to 8 PM that the spot price reaches its maximum value the

ESS exports its energy to the grid.

Figure 6. Tracking the reference setpoint for the exchange power with Grid

The reference values obtained from long term scheduling

optimisation module are tracked by developed MP-EMS as

illustrated in Fig. 6 in blue bars. The demand and PV

generation forecast and actual differences are less decisive

factors in the decision-making process compared to that of

spot prices, as they don’t fluctuate as widely as spot prices

and the generation capacity in large commercial cases is

greater than the consumption. As shown in Fig. 6, according

to the difference between the actual market prices and forecast

prices, the corrective decision is made over the periods in

which the gap between long term forecast and actual values

are greater. For instance, at 6 AM during witch the spot price

in real-time is decreased, the ESS starts charging from the

grid even though it has not been planned. As the demand

requirement gradually increases from 4 AM and there is no PV

generation until 6:30, the energy storage continues to supply
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the load. However, during the overlap of peak periods of PV

generation and demand (from 6:30 AM to 8:30 AM) that the

energy price is relatively low, the MP-EMS imports power

from the grid to both charge the ESS and supply the load.

Figure 7. Tracking the reference setpoint for the exchange power with Grid

As the difference between the forecast arbitrage prices and

actual values is not significant and they both follow a similar

trend with minor deviation and the penalty imposed on the

distortions from the planned values, the distortions from the

reference values that are planned by dispatch optimisation for

the day ahead is minimised. Performing the cost analysis the

profit gain from the long-term dispatch optimisation module

and MP-EMS are achieved 198.67 $ 209.3 $, respectively.

This proves that employing the MP-EMS not only ensures

the feasibility and stability of the control system but also

effectively increases the profitability.

V. CONCLUSION

In this paper, a mixed-integer linear approach is employed

to develop MP-EMS that to adjust the dispatch schedule of

the components in the presence of dynamic pricing. The case

study investigated in this paper is a large commercial load in

which the RES generation capacity is usually greater than the

energy consumption and hence there is always surplus gen-

eration. the proposed model, take advantage of two predictor

modules including the long term (for a day ahead) and short-

term. The aim is to adjust the planned operation setpoints

according to the real-time measurements so that the profit

gained from the arbitrage market is maximised. Applying

the proposed MP-EMS into an actual commercial case study,

the effectiveness and applicability of the developed MP-EMS

are verified. Further investigation is required to consider the

inevitable forecast disturbances that will be considered in

future work.
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Abstract—Due to the great renewable integration capability 
of Microgrids (MG), reliability, resiliency and stability 
improvement, MGs play a crucial role in the next generation of 
electrical power networks. Besides, MGs provide significant 
potential economic and environmental benefits. However, the 
intermittent nature of renewable sources necessitates utilising 
energy storage devices, which would impose new challenges to 
the energy management of MGs. This paper proposes a 
centralised optimal power flow controller to minimise the 
operation cost of distributed microgrid systems while satisfying 
the technical constraints, considering the battery energy storage 
depreciation, transmission losses, and dispatchable units’ 
characteristics. Due to the extensive computational time 
required to solve the nonlinear optimisation problem, the 
distributed microgrid system is formulated as a Mixed Integer 
Linear Problem. To investigate the performance and 
functionality of the proposed approach, it is applied to an actual 
case study at Griffith University, consisting of four MGs. The 
obtained results confirm the cost-effectiveness and applicability 
of the proposed model and control approach. 

Keywords—distributed microgrids, power flow optimisation, 
energy storage system, community microgrids, energy 
management system 

I. INTRODUCTION

The conventional electricity generation approaches where 
the electricity is generated at certain locations and transported 
to long distances, potentially increase the probability of power 
outage as well as power losses in transmission lines. In 
contrast, integrating distributed generation where electricity 
production is decentralised reduces the losses and enhances 
the power quality as well as reliability. The Microgrid (MG) 
concept was introduced to overcome the aforementioned 
challenges and is widely used to form distributed generation 
networks [1]. 

An MG is basically a localised small scale power grid with 
control capability, composing of dispatchable generating 
units, renewable units, and loads. The ever-increasing 
penetration of renewables in energy systems, as well as the 
significant growth in demand, has posed new challenges to the 
control and operation of MGs. These challenges such as 
reliability, power quality, voltage variations, and frequency 
instability are primarily caused by the intermittent behaviour 
of renewable sources and appear when the MG is connected 
to the upstream grid [2-4]. In order to overcome these issues 
and efficiently utilise Renewable Energy Sources (RESs) to 
meet the dynamic load requirement, Battery Energy Storage 
Systems (BESSs) are employed in MGs. The availability of 
energy storage devices in MGs provides the capability of 
implementing load shifting and peak shaving functions, 
leading to economic and environmental benefits. 

The control and management scheme of MGs is regarded 
as a multi-level control architecture. The objective of the 
primary control system is to stabilise the voltage and current 
at the operating point through controlling the power electronic 
devices. On the other hand, the secondary controller is to 

coordinate the power-sharing to provide reliable and 
economically beneficial operation of the MG. However, if the 
system is in grid-connected mode, the main purpose of the 
primary controller is to adjust the voltage and frequency 
deviations and synchronise the system. The tertiary control 
system known as Energy Management System (EMS) is to 
economically manage the operation of multiple MGs in 
conjunction with the host grid while satisfying technical 
operation criteria [5-7]. The focus of this paper is on the 
tertiary control system to achieve optimal operation of Multi 
Microgrid Systems (MMGS) in grid-connected mode.  

There exist extensive studies in the literature about energy 
management systems for MGs. Authors in articles [8, 9] 
proposed a method to economically optimise the operation of 
an MG through solving a single objective unit commitment 
problem for BESS and distributed generators. In addition, the 
Matrix-Real Corded Genetic Algorithm (MRCGA) is 
employed to solve the optimisation problem and perform load 
management. Articles [10, 11] employed a rule-based control 
strategy to accommodate the volatile behaviour of renewables. 
However, this method does not provide a globally optimal 
solution. Paper [12] has focused on alleviating the stress and 
extending the lifetime of the BESS, which subsequently leads 
to efficiency enhancement of the system. Authors in this 
research used a rule-based control approach incorporated with 
Particle Swarm Nelder Mead (PSNM) optimisation to 
guarantee global optimal and efficient performance of the 
EMS. Furthermore, researchers in paper [13] inspect the MG 
cost minimisation and environmental impact reduction by 
implementing a Fuzzy-Logic Expert approach as the BESS 
scheduler and running the second stage optimiser. 
Considering operation cost and emission cost, a multi-
objective linear optimisation problem is established to set the 
optimal set point of the MG components at each time instant. 
On the other hand, the primary objective of the developed 
EMS in paper [14, 15] is to improve the energy efficiency as 
well as to stretch the lifespan of BESS over the long term using 
the model predictive control strategy. To obtain the real-time 
optimal control signals of the developed Model Predictive 
Controller (MPC), the stochastic dynamic programming 
(SDP) approach is used. In addition, some previous studies 
investigated the optimal scheduling of MGs, taking the peak 
shaving, valley filling, and BESS operation costs into 
consideration as significant contributors to the MG operating 
cost [16-18]. Authors in [19] inspect the optimal power flow 
in the grid-tied MG including renewables and distributed 
generation units by establishing a trade-off between the 
economic benefit and the reliability of the system. 
Nevertheless, relatively less research has been carried out on 
the distributed optimal power-sharing in MGs. On the other 
hand, few other studies investigated the operation and 
scheduling of MGs in a distributed network considering 
economic, technical and environmental perspectives [6, 20-
22]. Authors in [6] have conducted research on the optimal 
operation of multi-microgrid systems including energy 
storage to obtain the minimum cost while fulfilling the 
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demand and technical criteria. Article [20] proposed a multi-
objective optimal power flow optimisation algorithm with the 
aim of cost minimisation and BESS lifetime extension for an 
MG with distributed generation and BESS units. The 
objective functions are then combined and converted to a 
single objective with corresponding weights to determine the 
degree of importance of each objective. Paper [22] has 
addressed the operation constrains violation associated with 
optimal power scheduling in an MMGS by including the 
detailed model of the components and implementing the 
decentralised control concept. Furthermore, in [21] a three-
stage multi-agent approach to schedule the power flow for an 
MG in islanding mode is introduced. The primary objective of 
this technique is to minimise the cost while increasing the 
security and reliability of the MG. However, the major 
drawbacks of these existing control methods are the local 
optimality of the solutions as in some cases such as the rule-
based, MPC-based or stochastic based EMSs. Moreover, 
despite taking distribution topology into consideration in 
some of the studies in the literature, the developed approaches 
neglected the BESS losses, operation cost of the BESS, and 
the technical characteristic of the dispatchable generators.  

To address the aforementioned shortcomings of the 
previous research and increase the penetration of renewables, 
this paper focuses on the EMS of a distributed microgrid 
system to maximise the economic profit, taking the BESS 
degradation, power losses and the technical operation criteria 
into account. The remainder of this paper is organised as 
follows: In Section II, the system architecture and the required 
EMS is described. Section III the mathematical model of the 
system and BESS dynamic model are developed. The 
simulation results and analysis of the proposed method are 
discussed in Section IV and finally, the conclusion is provided 
in Section V. 

II. SYSTEM ARCHITECTURE

As illustrated in Fig. 1, the system understudy consists of 
four low voltage AC buses each one of which is connected to 
various generation units, BESSs, and electrical loads. In 
practice, the geographical location of the generation units 
connected to buses are different and that leads to transmission 
losses. The MG can be operated in either islanding or grid-tied 
mode. The AC bus voltage within the MG is 400 V that are 
interconnected based on the adopted topology. In this 
configuration, Bus one is only linked to the upstream grid 
through an 11/0.4 kV -500 kVA transformer. 

The MGs that is planned to be implemented at building 
N34 (MG1) and N44 (MG2) consist of PV, BESS, load, and 
diesel generator with a backup function. The diesel generator 
is dispatched in the case of power deficiency in islanding 
mode or over during high peak demand period. On the other 
hand, buildings N74 (MG3) and N79 (MG4) which are 
connected to bus 3 and bus 4, are comprised of RES, BESS, 
and load. Due to the intermittency of RESs and demand, the 
surplus energy is stored and either shared to meet the load 
requirement or sold back to the grid.  

III. PROBLEM FORMULATION

A. System Modelling 

The power flow is bidirectional between the buses in the 
understudy distribution system and hence two variables for 
each bus bar are considered the injected and absorbed power 
of the corresponding bus.  

Figure 1.The architecture of a 4 bus microgrid 

 

where ,  , , and imply the

power flowing into bus j from bus i, the binary variable 
corresponding to the power flow orientation, the power 
flowing from node i to node j, and the transmission line 
capacity, respectively. when a particular bus is in importing 
power mode, its corresponding binary variable is equal to one 
and zero if it is exporting power. So, defining the exchanged 
power of node  as in Eq. 3, the power flow vector for time 

instants , , is formed as follows:

     (3) 

The architecture of the distributed microgrid as depicted in 
Fig. 1 can be represented as a system configuration matrix. In 
this matrix, the power losses are taken into account as a 
transmission coefficient , and the linkage between buses are 
defined as either -1, 0, or 1 for the exported power, no 
connection, and imported power, respectively. Although the 
transmission electricity losses are a function of the power 
flowing through the line, the length and material 
characteristics of the power line, in this paper, the static power 
losses are only considered.  

 

(5) 

To maintain the power balance between generation and 
consumption at individual nodes and the system as a whole 
during operation, the following set of equations should be 
included in the model.  
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where ,  ,and  respectively
represent the BESS discharging power, BESS charging power 
and load requirement. According to these equations, the power 
deficiency at any node is compensated through power sharing. 

Furthermore,  and  indicate the power

generated by  RES and output power of  DG at node  
and time step .  

B. DG Model 

The operation model of a DG is typically achieved by 

considering the output power constraints and power ramp 

limitations. The output power of each DG unit ( ) is

formulated in Eq. 7 to Eq. 10. As expressed in Eq. 10, the 

binary variable associated with power range limitations of the 

DG ( ) indicates its operation status at each time

instant. 

  (7) 

    (10) 

The dynamic thermal properties and mechanical 

limitations of DG units do not allow instantaneous changes in 

power generation, causing latency in the power production of 
the DG. To take this operational criterion into account, the 

following equations are included in the constraints of the 

model. 

where  and  respectively denote the ramp-

up and ramp-down limits of unit  on bus . Apart from the 

technical constraints, the related operating costs of running 

DGs should be identified. The most significant cost factors of 

DGs are fuel and state transition costs. The fuel cost  is

typically defined as a second-order function of produced 

power of the DG as in 13. 

where  coefficients vary depending on the type of the DG. 

To identify the state transition of a particular unit, the 

introduced binary variable of the corresponding unit is used as 

shown below. 

where , , and  denote the state transition cost,

the start up and shutdown costs of unit  on bus , 

respectively. 

The power losses due to the employed semiconductor-

based power devices and transformers are important and 
should be included in the model. Although these losses can be 

described as a dynamic function of the operating point of the 

device, they have a negligible impact as compared to the 

transmission line and other losses. Therefore, constant 

efficiency ( ) is considered for power-electronics based

devices to account for their losses. 

(15) 

where the  and  are the output and input

power of device  on  bus at time , respectively. 

The efficiency of a DG varies according to its output 

power. This nonlinear variation of efficiency is linearised 

using a stepwise function as described in [23]. Although a 
higher resolution of linearisation can be attained by 

introducing more segments, the number of required variables 

is accordingly increased, resulting in higher complexity and 

computational efficiency [24]. Assume the nonlinear function 

 denotes the efficiency function of the particular unit

 where the dependent variable is the produced output power. 

The linearised efficiency function can be approximated using 

Eq. 16 and Eq. 17. 

 

where , , and  represent the efficiency of

the which DG located at bus  at  break point, the step 

function shifted by , and the total number of intervals.

C. BESS Dynamic Model 

The BESSs are regarded as an indispensable component of 

distributed microgrids. The primary function of BESS is to 

store the excess energy at the time of peak generation of RESs 

and share this power with other buses to maintain the 

generation-demand balance on each node to enhance RES 

penetration and reduce the generation cost. The State of 

Charge (SOC) of BESS changes and can be described by a 

dynamic equation. The Eq. 18 shows the SOC level of the 

BESS connected to the node  at the time  ( ). 

 

where , ,  and  imply the energy loss

rate, time step, charging and discharging efficiencies of the 

BESS, receptively. 

The SOC of the BESS is maintained within a certain range 

according to the type, capacity, and application of the BESS 

as stated in Eq. 19. The charging and discharging power of 

each storage device cannot exceed the maximum charging and 

discharging rates. A binary variable, , is specified

to prevent the simultaneous charging and discharging events 

as expressed in Eq. 20 and Eq. 21. 
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In addition to the operation model, the cost associated with 

BESS degradation should be taken into consideration. The 

degradation cost is referred to as BESS operation cost and is a 

function of the depth of discharge (DOD) at each time instant. 

The DOD is defined as the ratio of the stored energy to the full 
capacity of the BESS after the occurrence of each charging or 

discharging event [25].  

 

Applying a similar approach as that used for linear 

approximation of DGs' efficiency curves, a piecewise linear 

function with multiple criteria is replaced with the above 

nonlinear operation cost. 

D. Optimal Power Flow Management 

The primary objective of the formed optimisation problem 

is to obtain the operation schedule of the microgrid within a 

certain period of  where the operation cost is minimised, the 

technical constraints and meeting the load demand are 

satisfied. To achieve this, the operation cost components have 

to be identified. 

The economic objective of the understudy system is 

composed of grid energy exchange cost, DG operation cost, 

and BESS degradation cost as demonstrated in Eq. 23. The 

energy exchange cost is calculated according to the TOU tariff 

and the dynamic operation cost of the BESS that corresponds 

to the DOD value of the battery after each time step. 

 

where , , , and  denote the total number of

buses of the distribution microgrid system, the cost of energy 

purchased from the grid, the profit obtained from selling 

electricity to the grid, and dynamic battery operation cost at 

the time instant , respectively. In this paper, the developed 

Mixed Integer Linear Programming problem is solved 

employing CPLEX solver in MATLAB platform. 

IV. CASE STUDY AND SIMULATION RESULTS

In this section, the specifications of the understudy system 

are initially explained and then the performance of the 

proposed power flow scheduling system is evaluated in two 

scenarios.  

The system under study consists of four buses as illustrated 

in Fig. 1 and four BESSs, as well as solar PV arrays, are 

connected to the corresponding buses. Furthermore, two 
diesel generators with backup function and capacity of 250 

kVA are attached to bus 1 and bus 2. The parameters of the 

understudy system are tabulated in Table I. 

The hourly output power of the PV units for a typical day 

in summer are collected from the data acquisition installed at 

Griffith University as shown in Fig. 2. Due to the different 

location of the MGs, the generation profiles of the PVs are 

different. The total PV generation during this particular day 

peaks at about 217 kW. 

TABLE I.  PARAMETERS OF THE DISTRIBUTED MICROGIRD 

Figure 2. Solar PV arrays Generation 

The electrical load profiles of the buildings vary according 

to their application as shown in Fig. 3. For instance, there are 

several laboratories equipped with measurement devices in 

the Science building (MG1) as well as Micro and 

Nanotechnology Research Centre (MG3). As the sensitive and 

highly accurate devices in these facilities, which require a 

certain operating condition, are continuously running, the 
fluctuations in demand are small as compared with the other 

two the load profiles. The total net demand in the understudy 

distributed microgrid system reaches to a maximum of 463 

kW. 

Figure 3. The dynamic loads of the facilities of the understudy case 

In this paper, two case scenarios are provided to validate 

the proposed model and control strategy including the Normal 

operation and Backup operation modes. 

A. Scenario A: Normal Operation 

In this scenario, the control algorithm is performed on the 

system when the upstream grid is connected to the MG 

network. The generated surplus power is stored in the BESS 

Description Microgrid # Value Unit 

Charge/discharge efficiency - 95 % 

Min depth of discharge - 10 % 

Energy storage power rating 
MG1-MG2-

MG3-MG4 

20-20 

30-20 
kW 

Energy Cost (Peak period) - 10.68 ¢/kWh 

Energy Cost (off-Peak period) - 5.8 ¢/kWh 

Diesel Generator Capacity MG1-MG2 250 kVA 

BESS Capacity 
MG1-MG2-

MG3-MG4 

100-90 

120-70 
kWh 

Solar PV Capacity 
MG1-MG2 

MG3-MG4 

110-50 

50-40 
kW 
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at each line during the off-peak period and injected back to the 

network either during the peak-period when providing energy 

from the grid is not profitable or when there is a power deficit. 

The proposed method initially attempts to store the energy in 

the BEES available on the same bus, however, if the BESS is 
full and the load is satisfied, the excess generated power is 

transmitted to the node with power shortage. The energy 

variations in the BESSs of the system are shown in Fig. 4. In 

the developed model, the initial energy of the batteries should 

be equal to the stored energy at the end of the operation 

horizon. Performing the proposed control algorithm, the 

operating cost of the distributed system is obtained equal to 

670.25. 

Figure 4. The energy variations of BESSs installed on the different buses 

Since in this study, the power losses of the transmission 

lines are considered, the power flows from the node with 

surplus power into the node with the power deficit that results 

in the minimum losses. As shown in Fig. 4 due to insufficient 

generated power and high demand, the batteries are 

discharged to supply the load and reduce the power purchased 

from the main grid. The batteries are charged during the peak 

PV generation period, and once again are discharged during 

the peak period to decrease the operating cost.

Figure 5. The power flow between different buses and the grid power 

The imported and exported power of the buses at each time 

step is determined by different factors, including the power 

requirement of the buses, the RES energy production, the 

TOU tariff, the BESS operation cost, and the fuel cost of the 

backup generator. The adjacent nodes that would cause fewer 

power losses have a higher priority with respect to the nodes 

that are physically farther away. As is illustrated in Fig. 5, the 

imported power from the grid is approximately constant from 

12 AM to 7 AM. The primary source of power to supply the 

load within this period is the main grid and the stored energy 

in the BESSs as there is a small generation. The imported 
power from the grid is shared among the buses depending on 

their distance from bus 1 (MG1). However, the excess 

generated power on bus 4 (MG4) is exported to other buses to 

mitigate the grid cost during the course of peak PV generation. 

In this study, the maximum RES generation is as half as the 

total demand and hence, the power exchange between the 

buses does not occur unless the energy production is higher 

than the demand on that bus. 

B. Scenario B: Backup Operation 

In this scenario, we assumed that power outage is 

scheduled to happen within a certain period which in this case 

is from 10 AM to 4 PM. However, the PV generation profile 

is assumed to be the same as the one considered in the normal 

operation.  

In case of a power outage, the diesel generators serving as 

the backup generators are activated to compensate the power 

deficiency. As demonstrated in Fig. 6 during the outage 

period, the imported power from the grid is dropped to zero 

and the power generated by the backup diesel generators 

connected to bus 1 (MG1) and 2 (MG2) is injected to the 
system as shown in Fig. 7. The surplus generated PV power 

of the bus 4 (MG4) is exported to bus 3 (MG3).

Figure 6. The power flow between different buses 

The power generation pattern of the backup generators is 

a function of the demand on the buses. As technical 

specifications of the utilised DGs in this case study are the 

same, their operating cost is identical. Therefore, the 
transmission losses and power deficit would be the 

determinative factor in determining their power contribution 

to maintain the power balance in the system. The maximum 

power of the backup DGs located at MG1 and MG2 are 

optimally achieved to be equal to 150 kW and 80 kW, 

respectively.  

Figure 7. The optimal scheduled power of the backup generators 

To further investigate the performance of the system, the 

obtained values at 2 PM are considered. At this point of time, 

the PV arrays installed at MG2 supplies about 35 kW of the 

corresponding demand of MG2 which is just under 86 kW. 
The stored energy in the BESS at MG2 and a portion of the 

194



generated power by the DG on bus 2 is utilised to meet the rest 

of the demand.  

V. CONCLUSION 

The integration of MGs, comprising BESS and RESs and 
backup generators provides an economically viable solution 
to reduce the cost and enhance the power stability and 
reliability is investigated. The optimal scheduling of the BESS 
and DGs in the distributed MG considering economic 
perspective is obtained utilising the proposed approach. In 
addition, the dynamic operation cost of the BESS and the 
variable efficiency of the DGs are approximated by a linear 
model. The DGs are activated when the demand exceeds the 
maximum capacity of the grid or the available energy in the 
BESSs are insufficient to meet the load requirement. The 
achieved results proved the effectiveness and practicality of 
the proposed power flow coordination algorithm to lessen the 
cost. 
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5.5. Voltage-constrained energy management framework for 

distributed microgrid networks 

This section is the following paper: 

 R. Garmabdari, W. Water, M. Moghimi, F. Yang, J. Lu “Voltage-Constrained

Energy Management Framework for Distributed Microgrid Network, IET

Generation, Transmission and Distribution, Aug 2020 (will be submitted)
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Abstract: Energy management systems (EMSs) significantly improve the performance of distributed Microgrids (MGs) as EMS
seeks for the optimal operation of the dispatchable and renewable generators as well as Energy Storage Systems (ESSs) which
minimise the operating cost of the system. However, the injection or absorption of power into or from each node in the MG network
leads to voltage instability of the system which can potentially damage the loads or cause power outages. This paper proposes a
novel mathematical model for power flow optimisation in an EMS for MG networks to not only obtain the most economic operation
of the MGs but also address the voltage fluctuations issue on the nodes. Furthermore, the existing nonlinearities and the variable
degradation of the ESS device are modelled in the form of a Mixed Integer Quadratic Programming (MIQP) to enhance the effi-
ciency of the proposed approach and reducing the computational burden of the optimisation algorithm. To prove the effectiveness
of the proposed method and the impact of including voltage constraints in the power flow optimisation problem in an EMS, two
case studies are designed. The obtained results represent that considering voltage constraints has a significant impact on the
optimal power flow solution of the MGs as it maintains the voltage variations on the nodes within the standard range.

1 Introduction

Due to the increasing electricity demand in recent decades, Micro-
grids (MGs) as the key component of smart grids have received
worldwide attention. The crucial feature of MGs is their capability
in providing a sustainable, reliable, high performance, and econom-
ically beneficial energy supply in smart grids. MGs are defined as
localised power network, consisting of distributed energy resources
capable of operating both in connection with and independent from
the traditional grid. The availability and abundance of energy sources
such as renewables and fossil fuel at the potential geographical loca-
tion of the MG determine the technology and size of the MG com-
ponents. The incorporation of various energy technologies provides
the opportunity to resolve the issues with conventional centralised
power plants such as low resiliency and reliability, high losses, and
high production of greenhouse emissions.

Nevertheless, the employment of MGs as a part of smart grid
development has introduced new challenges to the power systems
that are mainly caused by the volatile nature of renewable sources.
To overcome this issue, energy storage systems (ESS) have widely
been accepted as an effective solution to power instability at the out-
put of renewable energy sources. The utilisation of ESSs enhances
the penetration of renewable energies in power systems as they
compensate for their intermittent behaviour.

To enhance the exploitation of renewable energy sources and effi-
ciency of MGs, designing an energy management system (EMS) to
optimally control the operation of components in an MG is essential
[1]. The primary aim of EMS is to determine the output power of
the generation units within the Distributed Microgrid (DMG) system
to reduce the operating cost while meeting the load demand. How-
ever, the voltage at the point of connection of each MG to another
MG or the upstream grid which is hereafter referred as node volt-
age varies according to the import/export power and hence leading
to voltage deviations. Therefore, there is an intercorrelation between
the node voltage and exchanged power with the corresponding node
withing a DMG system, necessitating constant voltage and power
flow monitoring and control of the nodes.To accomplish this, three
hierarchies of control structure are pervasively employed [2]. This
structure composes of three key control systems including primary,

secondary, and tertiary controllers, which are primarily responsible
for voltage stability, compensating the voltage drop caused by the
primary controller, and power flow control, respectively [3–5].

A DMG consists of two or multiple MGs and the main grid. The
DMG tertiary control systems can be classified into direct and indi-
rect approaches in terms of the feeders topology with respect to the
main grid and one another as described in [6]. The power flow con-
trol for the aforementioned DMGs structures is performed through
either centralised or decentralised power management systems. Even
though the centralised controllers allow a smooth control and power
transfer between the MGs and provide higher flexibility and pre-
dictability at a low cost, they suffer from the low reliability [7–9].
However, the centralised controllers that rely on the communica-
tion channels provide a suitable platform for the implementation of
voltage and frequency stabilisation strategies [10].

Apart from the deployed control structure and control strategy,
the power losses and efficiency of power electronic devices are two
decisive factors in the quantity of power being transferred or con-
verted in MGs. There is abundant research in the literature focusing
on power flow optimisation strategies as the main responsibility of
the tertiary control system in MGs. Publications [11–14] investigated
the optimal operation management of components in MGs that are
connected to a single feeder. Authors in these papers have primar-
ily focused on improving the economic viability, carbon emission
reduction, and efficiency enhancement of the MGs while meeting the
operation criteria of the components. Paper [11] aims to enhance the
economic feasibility of the MG through peak shaving and net-zero
energy balance, using Mixed Integer Linear Programming (MILP)
method, whereas authors in [12] utilise a rolling horizon approach
to address the existing uncertainties in renewable generations and
demand forecast as well as the demand side management. However,
these publications failed to address the issues associated with voltage
fluctuations, energy storage depreciation, and transmission losses.

Papers [13, 14] adopted a MILP based economic dispatching
strategy to optimally schedule the distributed generation units and
ESS within MGs, considering the impact of cyclic degradation of the
ESS into account. Some articles employed a stochastic programming
approach which is a validated framework to compensate for errors in
forecasting parameters in combination with other control techniques
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such as the receding horizon [15] or Mixed-Integer Nonlinear Pro-
gramming (MINLP) [16] to effectively mitigate the operating cost of
the MG. Nonetheless, the voltage deviations and transmission losses
are neglected in these studies. Furthermore, the conducted research
in [9] proposed a real-time deterministic power flow optimisation
approach to centrally control multi-energy storage systems that are
located on a different feeder of a distributed MG system. The pri-
mary objective in these articles is to lessen the operating cost while
satisfying the demand and taking the impact of time of use (TOU)
tariff, losses of the transmission line, and the time-varying behaviour
of distributed generation into consideration. In [17], energy manage-
ment is performed on a distributed MG network through constructing
a nonlinear multi-objective optimisation problem to simultaneously
minimise the operation cost and net emission. In study [17], the
authors have considered the demand response and criticality of the
load. However, the main shortcoming of these studies is the voltage
variations associated with the magnitude of the import/export power
the would limit the operating region of power electronic devices.
This will subsequently impact on the optimal dispatch schedule of
the DMG.

On the other hand, researchers in publications [18–21] have
focused on addressing the main shortcoming of centralised con-
trol, deploying complex decentralised control strategies to minimise
the operation cost of the distributed MG systems, considering var-
ious parameters such as the wear cost of components, demand
response program and stochastic behaviour of load and renewable
resources. Articles [18, 19] suggested a sequentially coordinated
control strategy to distribute the computational burden amongst
individual controllers, achieving optimal operation of the compo-
nents while meeting the load demand. The proposed control system
consists of n+ 1 controllers that correspond to each MG and a
centralised power flow controller. Authors in [20] developed a multi-
agent based distributed energy management algorithm for hybrid
multi MG systems using non-cooperative game theory. This study
primarily focuses on efficiency improvement, energy cost reduction
and computational time of the EMS, considering the energy storage
depreciation and power losses. Alternatively, some papers have par-
ticularly dealt with the effect of the stochastic nature of renewable
energy sources and demand to enhance the reliability and security
of power supply [21, 22]. In [21], a decentralised control system
is presented for a distributed MG system consisting of PVs and
ESS utilising the branch flow model to construct a convex quadratic
function.

Nonetheless, majority of the reported strategies above have
neglected the voltage fluctuations on the buses which are propor-
tional to the magnitude of the power being transmitted, voltage
limits, the nonlinear efficiency of the converters and nonlinear trans-
mission losses. While efficiency of the converters are directly related
to their input power, the transmission losses are described as a func-
tion of the power flowing through the feeder. Furthermore, some of
the employed optimisation techniques such as MINLP are computa-
tionally extensive. The aforementioned shortcomings from previous
research are the motive to conduct this research.

This paper proposes a centralised tertiary control algorithm to
simultaneously maximise profit and efficiency of the system. Com-
pared to the existing methods, this paper features a detailed lin-
earised model of low voltage DMG network where the dynamic and
nonlinear behaviour of the components, as well as voltage variations,
are considered. The main contributions of the paper are outlined as
follows:

1.A linearly constrained Mixed-Integer Quadratic model is devel-
oped to determine the power dispatch of the components in
DMGs in presence of ESSs at minimum cost while main-
taining the node voltage within the standard range. For this
purpose, the relationship between import/export power and the
corresponding voltage deviations is linearly modelled.

2.The nonlinear transmission losses, dynamic operation and
degradation cost of the ESSs are linearly modelled to accurately
reflect the behaviour of the DMG system. Furthermore, the TOU
tariff policy is applied to consider the dynamic pricing effect

of the upstream grid into account while minimising the total
operating cost.

3.Employing the proposed framework, the voltage profile corre-
sponding to the power exchanged among the nodes are obtained
to verify the performance and applicability of the proposed
approach. Moreover, the impact of voltage fluctuations criteria
on power dispatch schedule solution is demonstrated through
designing two case scenarios.

The remainder of this paper is structured as follows: Section 2 pro-
vides an overview of the understudy DMG system. Furthermore, the
detailed structural, as well as components operational models, are
developed in this section. The relationship between node voltage
fluctuations and power flow variations is described and formulated
in Section 3. The simulation results considering the aforementioned
parameters is provided in section 4. A comparison is conducted
between the optimal solutions of the two defined case studies to par-
ticularly highlight the impact of considering voltage constraints on
the power flow optimisation problem. Finally, section 5 summarises
the achieved results and concludes the paper.

2 DMG System overview and modelling

A typical low-voltage microgrid distribution network consists of
multiple buses to each of one which several conventional dispatch-
able and renewable generators along with electrical loads can be
connected. The dispatchable generators (DGs) such as diesel gen-
erators and gas turbines are available upon the request to meet the
load retirement. In contrast, due to the intermittent behaviour of the
primary sources, the generated power at the output of these units
fluctuates randomly. Nonetheless, utilising the renewables energy
sources (RESs) in conjunction with ESS allows the system to treat
these intermittent energy sources as dispatchable units and hence
enhancing the penetration of RES in the distributed MG network.
The energy storage devices enables the system to store the surplus
generated power during the off-peak periods and deliver it to the
loads when there is a power deficit within the same bus or other
buses over the peak demand period. Improving the performance
and efficiency of the DMG system entails developing a power flow
optimisation algorithm, which is a substantial block in EMSs.

In this paper, a typical low voltage DMG system is investigated
as demonstrated in Fig. 1. The understudy system is composed of
four buses with different types of loads and generation unit capac-
ities. In this configuration, the upstream grid is directly connected
to bus 1. There are four PV arrays with four ESSs connected to
each bus through a three-phase four-wire converter. In addition to

Fig. 1: The architecture of the understudy distributed MG system
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these components, two diesel generators and two gas turbines are
attached to the buses as DGs. The three-phase four-wire systems are
preferable when dealing with unbalanced nonlinear loads with high
uncertainty, due to the fact that the unbalanced current would pass
through the neutral and this helps the system to maintain the voltage
variations within the satisfactory range. This will eventually lead to
the improvement of voltage regulation performance [23].

In this section, an expanded mathematical model for DMG sys-
tems is initially derived which is later employed to develop the
voltage-contained EMS framework for the understudy configuration
and evaluate the applicability and performance of the established
method.

2.1 System structure model

The connection of the nodes in an MG network determines the inter-
actions between the MGs and how they can share the power among
the nodes. In this paper, the link between the nodes is described
through a configuration matrix as in Eq. 1. The configuration matrix,
represented by Mconfig , is defined as a square matrix in which each
element Cn,m implies the direction of power flow from node n to
node m and the corresponding power losses as expressed as in Eq.
2.

Mconfig =

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎣

C1,G C1,2 · · · C1,m · · · C1,N
C2,G C2,2 · · · C2,m · · · C2,N

...
... · · ·

... · · ·
...

Cn,G Cn,2 · · · Cn,m · · · Cn,N
...

... · · ·
... · · ·

...
CN,G CN,2 · · · CN,m · · · CN,N

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎦

(1)

where n and m are the two different nodes (n �= m), and N is the
total number of nodes within the DMG ((n,m) ∈ {1, 2, · · · , N}).

Cn,m(t) = ωn,m(t).εn,m(t)

εn,m(t) = εm,n(t)

ωn,m(t) = −ωm,n(t)

(2)

where ωn,m and εn,m are the power flow direction coefficient and
power loss ratio of the power flowing from node n to node m,
respectively.

It should be noted that although the power loss ratio for both
directions of power flow is equal, the coefficient ωn,m (from n to m)
is the additive inverse of coefficient ωm,n (from m to n) as shown
in Eq.2. The coefficient ωn,m can be only an integer value between
-1 and 1 (ωn,m ∈ {−1, 0, 1}).

Applying the nodal analysis principle and assuming that the node
n is absorbing power from the node m the coefficient will be equal
to 1 (ωn,m = 1). However, when writing the equation from the node
m’ perspective, this coefficient will be equal to −1. Furthermore,
If there is no connection between the two nodes, the correspond-
ing coefficient will be equal to 0 (ωn,m = 0). Following the given
instruction above yields a matrix in which each row describes the
nodal equation for an individual node.

Forming the configuration matrix of the MG network, it is neces-
sary to introduce a decision variable vector for the power flow and
develop the related constraints to establish the power balance equa-
tions. The exchanged power (PX

n ) for node n at the time slot t is
described as below:

PX
n (t) = P imp

n,m (t)− P exp
n,m(t) (3)

Accordingly, the exchanged power vector can be represented as
in Eq. 2. The first element of this vector represents the power
transaction with the upstream grid and is denoted by PX

G .

PX(t) =
[
PX
G (t) PX

2 (t) · · · PX
n (t) · · · PX

N (t)
]T

(4)

As the importing and exporting of power can not be performed
simultaneously, a set of binary variables (βix) is introduced to the

model and the relevant constraints are established as expressed in
Eq. 5. Furthermore, the import/export power between the nodes n
and m is limited with the maximum capacity of the transmission
line between the two nodes as represented by Pmax

m,n in Eq. 5.

0 ≤ P imp
n,m (t) ≤ βix

n (t).Pmax
n,m

0 ≤ P exp
n,m(t) ≤ (1− βix

n (t)).Pmax
n,m

βix
n (t) ∈ {0, 1}

(5)

The total power that is locally generated at each node, denoted
by PGen

n (t), can be formulated as in Eq. 6. The generated power
at any given node n is composed of Rn renewable resources and
Kn number of dispatchable units. The generation of RESs can be
determined from the forecast algorithms that are out of the scope
of this paper. On the contrary, the power of the dispatchable units
is defined as a set of decision variables by solving the optimisation
problem. The generation vector of the DMG can be represented as
in Eq. 7.

PGen
n (t) =

∑
k∈Kn

PDG
n,k (t) +

∑
r∈Rn

PRES
n,r (t) (6)

PGen(t) =
[
PGen
1 (t) PGen

2 (t) · · · PGen
n (t) · · · PGen

N (t)
]T

(7)
where PDG

n,k (t), and PRES
n,r are the output power of dispatchable

unit k and the generated power by RES r that are installed in the

nth MG (node n).
In addition to dispatchable and RESs, ESSs inject power into the

local load or contribute to satisfying load demand located on the
other nodes when the local generation is insufficient, or it is eco-
nomically lucrative. The ESSs are charged either during the off-peak
period or when there is the excess generation within the MG net-
work. Aggregating the charge and discharge power of In number of
ESS that placed on the same node, the energy storage power denoted
by PES

n , at instant t can be represented by Eq.8.

PES
n (t) =

∑
i∈In

P dis
n,i (t)− P ch

n,i(t) (8)

where the P dis
n,i and P ch

n,i are charge and discharge power values for

ith energy storage located at node n, respectively. Therefore, the cor-
responding decision variable vector to determine these parameters
can be formed as in Eq. 9.

PES(t) =
[
PES
1 (t) PES

2 (t) · · · PES
n (t) · · · PES

N (t)
]T
(9)

Establishing the supply-demand balance equality ensures that the
generation meets the demand at all time both locally and within the
DMG as described as in 10.

PES(t) + PGen(t) +Mconfig.PX(t) = PL(t) (10)

where the demand requirement for the entire DMG at each interval is
defined through the vector PL(t) and the local demand at individual

node at the time step t is represented by PL
n (t) as expressed in Eqs.

11.

PL(t) =
[
PL
1 (t) PL

2 (t) · · · PL
n (t) · · · PL

N (t)
]T

(11)

2.2 Dispatchable generators model

The operating model of the dispatchable generators are formed by
considering the power range limits, ramp rate constraints, input-
output conversion curve, and on/off state transition model. The
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power range constraint determines the upper and lower limits of gen-
eration for the particular unit k installed at node n as formulated as
in Eq. 13.

PDG
n,k (t)− PDG,max

n,k .βDG
n,k (t) ≤ 0

PDG,min
n,k .βDG

n,k (t)− PDG
n,k (t) ≤ 0

βDG
n,k (t) ∈ {0, 1}

(12)

where PDG
n,k (t), PDG,max

n,k , PDG,min
n,k , and βDG

n,k (t) denote the

generated power, maximum and minimum generation capacity, and

commitment status binary variable for the kth dispatchable gener-

ator (DG) at nth node,respectively. The commitment status binary
variable that is defined for each DG in the DMG indicates the operat-
ing status of the DGs at each time instant. In order to relate the output
power variables of the DGs to the commitment status variables,
the following constraint should be included in the DGs’ operating
model.

βDG
n,k (t)− PDG

n,k (t) ≤ 0 (13)

The excessive thermal stress that can potentially caused by rapid
changes in the output power of DGs increases the maintenance cost
and failure probability of the DG. To prevent this excessive stress
and prolong the lifetime of the DG, manufacturers provide a ramp
up and ramp down rate range that the DGs can operate safely within.
To include these limitations the following constraints are added into
the system model.

PDG
n,k (t) ≤ PDG

n,k (t−Δt) + θDG,up
n,k

PDG
n,k (t) ≥ PDG

n,k (t−Δt) + θDG,dn
n,k

(14)

where θDG,up
n,k and θDG,dn

n,k show the ramp up and ramp down limits

for unit k at node n.
The relationship between the supplied fuel and output power of

DGs can be expressed as a quadratic function, implying the effi-
ciency of the DGs as formulated in Eq. 15. The coefficients an,k,
bn,k, and cn,k can vary depending on the technology of the DGs.

Therefore, the fuel cost associated with unit k at node n (Cf
n,k) can

be calculated as in Eq. 16.

FDG
n,k (t) = an,k.(P

DG
n,k (t))2 + bn,k.P

DG
n,k (t) + cn,k

Cf
n,k(t) = FDG

n,k (t).δDG
n,k

(15)

where Fn,k(t) and δFn,k represent the consumed fuel and fuel cost
rate of unit k at instant t.

In addition to the fuel cost, the state transition cost (Cst
n,k(t))

should be included in the operating model of DGs. To identify the
on/off state transition of the particular unit k, the commitment binary
variable of the corresponding unit is used as described below:

Cst
n,k(t) = (φsu

n,k.(1− βDG
n,k (t−Δt)).βDG

n,k (t)+

φsd
k,n.(1− βDG

n,k (t)).βDG
n,k (t−Δt)

(16)

where φsun,k and φsd
n,k are the cost attributed to changing the DG

state from offline to online and from online to offline, respectively.
Therefore, the total DGs operation cost at any given time, denoted
by χDG

tot (t), can be described as in Eq. 17.

χDG
tot (t) =

∑
n∈N

∑
k∈Kn

Cf
n,k(t) + Cst

n,k(t) (17)

2.3 Energy storage system model

The ESS model is composed of two sets of operating constraints,
reflecting the dynamic and physical limitations of the energy stor-
age device, irrespective of the employed technology. The operating

constraints of the ESS define the variation range of the charge and
discharge power as well as the state of charge (SOC) level. As for-
mulated in Eq. 18, the SOC of the ESSs are maintained between
SOCmin

n,i and SOCmax
n,i values to avoid a complete depletion of

energy storage and not to be charged more than it’s capacity.

SOCmin
n,i ≤ SOCn,i(t) ≤ SOCmax

n,i

{SOCmax
n,i , SOCmin

n,i } > 0
(18)

In addition to SOC level, the charging and discharging power rates
should be bounded by a certain range for each ESS. Furthermore,
concurrent charging and discharging of ESS is impracticable. To
implement this, a binary variable (βES

n,i (t)) is included in the deci-
sion variable vector and the ESS charging and discharging power
variables are related to this variable as formulated in Eqs. 19 and 20.

0 ≤ P ch
n,i(t) ≤ βES

n,i (t).P
ch,max
n,i

βES
n,i (t) ∈ {0, 1}

(19)

0 ≤ P dis
n,i (t) ≤ (1− βES

n,i (t)).P
dis,max
n,i (20)

where the superscript max and min denote the upper and lower
limits of the corresponding variables.

The dynamic of the ESSs is a function of the energy content at
the previous time slot, charging and discharging power at the current
time as given as follows in Eq. 21:

SOCn,i(t) = SOCn,i(t−Δt).(1− ρn,i)+(
P ch
n,i(t−Δt).ηchn,i −

P dis
n,i (t−Δt)

ηdisn,i

)
.Δt

(21)

where ρn,i, η
ch
n,i, and ηdisn,i are the self-discharge coefficient, charge

and discharge efficiencies, respectively.
The lifetime of a battery is determined through two main factors,

including the calendric and cyclic ageing. However, since the focus
of this study is to address the power flow optimisation problem in
DMGs over a short period (the planning horizon), the cyclic ageing
is merely considered. The overuse of the ESS would accelerate the
degradation process, leading to early replacement of the ESS. One
of the most influential parameters on the cyclic ageing of ESS is
DOD. Therefore, the ESS degradation process is modelled as a cost
component that relates the total capital cost of ESS to its DOD value
after each charge/discharge event as described in 22.

CES
n,i (DOD) =

CCES
n,i

2.ηrtn,i.CapES
n,i .α1.DOD1−α2

n,i .e−α3.DODn,i

(22)
where α coefficients are obtained from the lifetime cycle-DOD curve
and vary depending on the technology of the ESS. CCES

n,i and

CES
n,i (DOD) denote the capital cost and degradation cost of the

ESS i at node n. The round trip efficiency of ESS is an alternative
form of representing the efficiency of the energy storage and is sim-
ply obtained by multiplying the charge and discharge efficiencies as
represented in Eq. 23.

ηrtn,i = ηchn,i.η
dis
n,i (23)

However, the nonlinearity of the ESS degradation cost can expo-
nentially increase the complexity and computation time. To over-
come this issue, it is required to approximate this cost element with a
piecewise linear function. Introducing two sets of binary and weight-
ing variables (Bn,j , Wn,j ), the lifecycle of the ESS corresponding
to the DOD of the ESS can be expressed as follows:

CES
n,i (DOD) =

∑
j∈Jk

C(DODn,j).Wn,j (24)
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∑
j∈Jn

Wn,j = 1

Wn,j ≥ 0

(25)

where Jk is the total number of criteria in the piecewise function that
are used to approximate the ESS degradation cost and C(DODn,j)
represents the degradation cost at the endpoint of the interval of

the jth piece. The DOD value can be defined as a function of the
breakpoints and the weights as below:

DODn,i =
∑
j∈Jn

DODn,j .Wn,j (26)

In this linearisation approach, only two adjacent weighting vari-
ables are allowed to be nonzero at most. Implanting this condition,
the following constraints are included in the model.

Wn,j ≤ Bn,j (27)

∑
j∈Jn

Bn,j ≤ 2
(28)

Bn,j +Bn,j+1 ≤ 1 (29)

The minimisation of CES
n,i (DOD) over the planning horizon min-

imises the DOD level, leading to the optimal operation of the ESS as
represented in Eq. 30.

Min

{
χES
tot =

∑
n∈N

∑
i∈In

CES
n,i (DOD)

}
(30)

where χES
tot implies the total operating cost of ESSs installed on

different nodes of MG network.

3 Voltage-constrained energy management
framework

Constituting the detailed structural and operating model of the
DMGs in section 2, this section introduces the proposed energy
management system framework considering the voltage profile vari-
ations and transmission losses. The main aim of this framework is to
minimise the operating cost whilst fulfilling the operating criteria of
the DMG components.

3.1 Multi-objective framework

The objective function (J) consists of three main cost elements; the
associated cost with the utility grid (χG

tot), operating cost of the DGs

(χDG
tot ), and ESS depreciation cost (χES

tot ) and can be formulated as
in Eq. 31.

J =
∑
T

(
χG
tot(t) + χDG

tot (t) + χES
tot

)
.Δt (31)

where Δt and T represent the time interval and the scheduling
period. The χG

tot is defined as the cost of exchanged power between
the grid and the DMG, denoted by superscript G, and can be
calculated using 32

χG
tot(t) = PG

imp(t).C
G
p (t)− PG

exp(t).C
G
s (t) (32)

The surplus power of one node can contribute to satisfying
the demand requirement of another node within the DMG. How-
ever, there are two crucial factors including transmission losses and
voltage variations that should be taken into consideration while
determining the optimal operating conditions of the elements.

3.2 Transmission losses

Supposing that the direction of power flow is from node n towards
m, the transmission losses between the two nodes plus the delivered
power to the node m should be equal to the amount of power that
is being injected into at the source node n. There are several phys-
ical factors that have a considerable impact on transmission losses
between two nodes such as the length, type, and material of the
transmission line. These physical features affect the resistance and
inductance of the line. The transmission losses can be expressed as
a nonlinear function of the current flowing through the transmission
line [24, 25]. As the length and characteristics of the line are prac-
tically constant parameters in a system, the power losses across the
transmission line between the nodes n and m can be defined as the
ratio of the difference between the injected power at the source n
and the delivered power at the destination node m to the power at
the source and represented by power loss ratio εn,m as formulated
below:

εn,m(t) =

∣∣∣∣∣P
X
n (t)− PX

m (t)

PX
n (t)

∣∣∣∣∣ (33)

According to the above definition, the power loss ratio varies
between 0 and 1. In other words, the greater difference between the
power at the source node n and the destination node m is the greater
power loss ratio will be. Therefore, if εn,m = 1 then100% of the
injected power is lost across the transmission line, and if εn,m = 0,
there are no losses and all the injected power at the sources is
delivered to the receiver node.

3.3 Voltage constraints

The voltage of a node in a DMG varies depending on the magnitude
of the power being injected or absorbed through to that node. How-
ever, the voltage profile variations result in power quality instability.
Furthermore, great fluctuations on the buses can potentially damage
the loads. Therefore, in order to address these issues, the voltage of
the nodes should be maintained within a certain range, ensuring the
stability of the voltage and power quality in the system.

Pn
X(t) =

Pm
X

1− εn,m(t)
(34)

The voltage of the source node which is exporting power is cal-
culated with respect to the voltage of the destination node that is
importing power. In other words, the deviation of the node voltage
from the grid voltage depends on the direction and magnitude of
the power flow into or out of the node as described in Eq. 35. For
instance, the voltage of the node that is exporting power is less than
that of the node that is importing power.

Vn(t) = Vph ±ΔVn (35)

where ΔVn and Vph are the voltage deviation and the grid voltage.
Using Eqs. 34 and Eq. 35, the voltage deviation can be derived as a
function of the transmitted power and power loss ratio as formulated
as follows:

ΔVn =

√
Pn
X

εn,m
×

√
Zloss (36)

To curtail the magnitude of the voltage variations and stabilise the
node voltages, the converters employed at each node between the
DC and AC buses should have the capability to operate in voltage
response mode. In accordance with AS/ANZS 4777 standard, the
converters should be capable of responding to the voltage changes
at the output terminals of the device in order to increase the number
of systems that can be connected to the grid without any adverse
impact on the grid voltage [26]. Given that the power can either
flow into or out of a node at any given time and referring to the
standard AS/ANZ4777, the maximum and minimum allowable volt-
age at the point of grid connection for either power flow directions
denoted by, Va, and Vd, are equal to 207 and 265, receptively. Due
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to this limitation at the grid connection point, the voltage of the other
nodes should subsequently be maintained within the same range as
represented below:

Va ≤ Vn(t) ≤ Vd (37)

Compensating for the great voltage deviations that could be
caused by extensive power transmission between the nodes, the
maximum output power level of the converters should be con-
strained through a volt-watt curve as illustrated in Fig. 2. This graph
demonstrates the power transmission coefficient (PTC) variations
within the maximum allowable voltage changes on the nodes in four
different regions.

Fig. 2: Volt-watt curve for converters according to standard ANZS
4777

The PTC indicates the maximum transferable power through con-
verter n and is defined as the ratio of the maximum output power
of the converter to its rated power that is dynamically changing as
expressed in 38.

CTrans
n (t) =

Pmax
n (t)

P rated
n

× 100 (38)

As illustrated in Fig. 2, regions 1 and 2 are representing the volt-
age variations with respect to the PTC values in importing mode,
whereas Regions 3 and 4 denote the same parameters’ relationship
in exporting mode. Assuming that the converter on the nth node is
in importing mode, the voltage of the node should be decreased with
respect to the voltage of the node m that is scheduled to export the
power, allowing the power to flow through from n to m. If the node
voltage falls within the range of Vd to Vb, the maximum transferable
power will be equal to the rated power of the converter (Region 1).
on the other hand, the PTC value declines linearly when the voltage
is set between Vb and Va (Region 2).

CTrans
n (t) =

{
0.01 Vb ≤ Vn(t) ≤ Vd
Vb−V a
Pb−Pa

× (
Vn(t)−Va

100 ) Va ≤ Vn(t) < Vb
(39)

In contrast to the importing mode, the flat region of the volt-watt
curve (Region 3) is positioned between Va and Vc where 100% of
the rated power of the converter can be injected to the line while the
converter is in exporting mode. However, increasing the node voltage
beyond Vc will linearly decrease the PTC value and subsequently
reducing the maximum transferable power capacity of the converter
(Region 4).

CTrans
n (t) =

{
0.01 Va ≤ Vn(t) ≤ Vc

− Vd−Vc
Pd−Pc

× (
Vn(t)−Vc

100 ) Vc ≤ Vn(t) ≤ Vd
(40)

It should be noted that the gradient of the PTC variations within
the regions 2 and 4 are constant and additive inverses of one another.
Last but not least, if the node voltage is either more than Vd or less
than Va, the converter is shut down and therefore the CTrans

n (t) will
be set to 0 to maintain the node voltage value within the standard
range as formulated below:

CTrans
n (t) = 0 Vn(t) < Va or > Vb (41)

To simplify the implementation of the above equations and asso-
ciate them with the import and export power variables, the equations
42 and 43 can be formed where α, Θ, γ and ε represent the slopes
of PTC and intercept value of the curve in the regions 2 and 4,
receptively.

P imp
n (t) ≤

{
P rated
n Vb ≤ Vn(t) ≤ Vd

(α× Vn(t) + Θ)× P rated
n Va ≤ Vn(t) < Vb

(42)

P exp
n (t) ≤

{
P rated
n Va ≤ Vn(t) ≤ Vc

(−γ × Vn(t) + ε)× P rated
n Vc ≤ Vn(t) ≤ Vd

(43)
In order to linearise the established conditional constraints in Eqs.

42 and43 that reflect the watt-curve behaviour of the converters,
three binary variables are introduced into the model to represent the

operating region of the converter. The first two variables, ζimp
n , ζexpn

are included to identify the operating region as expressed in 44 and

45 whereas the variable ζenbn represents the activation status of the
converter and is set when condition 41 is satisfied.

ζexpn (t) =

{
1 If Vc ≤ Vn(t) ≤ Vd
0 Otherwise

(44)

It can be inferred from the above expressions that ζimp
n is set

to 1 when the converter is operating in region 2; and 0 otherwise.
Similarly, ζexpn is 1 if the converter is exporting power in region 4;
and 0 otherwise.

ζimp
n (t) =

{
1 If Va ≤ Vn(t) ≤ Vb
0 Otherwise

(45)

Introducing the aforementioned variables, it is required to relate
them to other decision variables and parameters to make the model
functional. For this purpose, the following constraints are derived:

ζexpn (t)× Vc + (1− ζexpn (t))× Va ≤ Vn(t) ≤ ζexpn (t)×
Vd + (1− ζexpn (t))× Vc

(46)

ζimp
n (t)× Va + (1− ζimp

n (t))× Vb ≤ Vn(t) ≤ ζimp
n (t)×

Vb + (1− ζimp
n (t))× Vd

(47)

Equations 46 and 47 are the mathematical implementation of the
expressions 42 and 43, respectively to identify the operating region
of the converter n in both importing and exporting states.
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As mentioned earlier, if the node voltage value violates the stan-
dard limits, the converter should be switched off. This operating
condition can be described as in Eq. 48 and the related constraints
are derived as in 49 and 50.

ζenbn (t) =

{
1 If Vc ≤ Va(t) ≤ Vd
0 Otherwise

(48)

(Va − μ)× (1− ζenbn (t))× βix
n (t) + ζenbn (t)× Va + (1− ζenbn )×

βix
n (t)× Vd ≤ Vn(t)

(49)

Vn(t) ≤ (Vd +M)× (1− ζenbn (t))× βix
n (t) + ζenbn (t)× Vd+

(1− ζenbn (t))× βix
n (t)× (Va − μ)

(50)
where M and μ denote respectively very large and small numbers
that are added to constrain the voltage variations within Va and

Vd when the converter is activated. βix
n (t) represents the export-

ing status which is the logical not of βix
n (t) and is obtained using:

βix
n (t) = 1− βix

n (t).
Establishing the relationship among the node voltage variables,

region identifier binary variables, and converter activation status
variables in Eqs. 44-48, it is essential to associate these variables
with the import/export power variables. To achieve the mathematical
relationship between maximum transferable power and node voltage
value, a nested conditional statement should be implemented that
applies to both import and export mode of operation. Referring to
Eqs. 42 and 43, it is necessary to first decide on the operating mode
and then identify the operating region of the converter n. However,
as stated above, if the voltage of node n exceeds the standards oper-
ating voltage range at the time interval (t), the converter pertaining

to that node has to be disabled by ζenbn (t). Including constraints 51
and 52 will fulfil the described operation requirement.

P exp
n (t) + γ × Vn(t)× ζexpn (t)× βix

n (t)× ζenbn (t) ≤ ε× ζexpi (t)

×βix
n (t)× ζenbi (t) + Prated × (1− ζexp(t)× βix

n (t))× ζenbn
(51)

P imp
n (t)− α× Vn(t)× ζimp

n (t)× βix
n (t)× ζenbn (t) ≤ Θ× ζimp

i (t)

×βix
n (t)× ζenbi (t) + Prated × (1− ζimp(t)× βix

n (t))× ζenbn
(52)

In addition to the significant role of converters in the determina-
tion of the node voltages, the impact of DGs should be taken into
account as they try to maintain the voltage of the node to which they
are connected within certain limits. Although there are small fluctu-
ations in node voltage when the DGs are operating due to their slow
response time, they can be neglected due to the slow nature of the
energy management system. Therefore, the voltage of the node on
which the DG is operating can be considered as a constant voltage
(Vcons.). This operating criterion can be described as in 53.

βDG
n (t) =

{
0 Va ≤ Vn(t) ≤ Vd
1 Vcons. ≤ Vn(t) ≤ Vcons.

(53)

To derive the equivalent linear constraint of Eq. 53, the two
following inequalities should be added into the model:

(Vcons. − Va)× βDG
n (t)− Vn(t) ≤ −Va (54)

−(Vcons. − Vd)× βDG
n (t) + Vn(t) ≤ Vd (55)

The above constraints relate the DGs’ operating status variables to
node voltage in such a way that whenever a DG in the DMG is kicked
in, the voltage of node to which the DG is connected is set to the
nominal output voltage of the DG.

4 Simulation and numerical results

In order to evaluate the applicability and effectiveness of the pro-
posed EMS framework, two case scenarios are designed to highlight
the impact of voltage constraints on the DMG network operation.
In the following subsections, the system topology and technical
specifications are initially presented. Additionally, the developed
optimisation model is applied to the understudy system in two dif-
ferent scenarios. The first case scenario investigates the performance
of the proposed EMS without considering voltage constraints while
the second case scenario assesses the efficiency and effect of voltage
limitations on the optimal power flow in the understudy system.

4.1 System descriptions and specifications

The architecture of the system under study is composed of four MGs
as demonstrated in Fig. 1. As explained in section 2, each node is
equipped with an independent battery energy storage system of the
lithium-ion type to address the intermittency of renewable genera-
tions. The technical parameters of the employed ESSs are considered
as tabulated in Table 1.

Table 1 Energy storage systems parameters

Parameter Description Notations Value Unit
MG1,MG2,MG3,MG4

Charging efficiency ηch 95 %
Discharging efficiency ηdis 95 %
Capacity CapES 90,100,120,80 kWh
Max. discharging Power Pdis,max 30,35,40,15 kW
Max. charging Power P ch,max 20,20,25,10 kW
Min. state of charge SOSmin 10 %

In addition to the ESSs, two diesel generators are connected to
nodes 1 and 2 and two gas turbines installed at nodes 3 and 4 to
highlight the contribution of DGs to the loads at different nodes,
particularly during the outage periods. The technical characteristics
of the installed DGs are shown in Table 2.

Table 2 Characteristics of dispatchable units

Description Parameters Value Unit
MG1,MG2,MG3,MG4

Unit Type −− DisGen,DisGen,GT,GT −
Max. power PDG,max 250, 350,300,200 kW
Min. power PDG,min 0 kW
Startup cost φsu −,−,−,− $
Shutdown cost φsd −,−,−,− $
Ramp up rate θDG,up 80,55,45,65 kW/Δt

Ramp down rate θDG,down 45,65,75,65 kW/Δt

There are two types of electricity pricing policies that are widely
adopted for electricity billing, including the Time of Use tariff (ToU)
and the Real Time Pricing (RTP) at the market rate. The ToU tariff
can be either dynamic in which the prices are updated every day and
are fixed throughout the day or static in which customers are charged
based on fixed prices during different periods of the day [27]. As the
pricing policy would not affect the performance of the developed
EMS framework, the static ToU tariff is considered in this paper as
depicted in Table 3.

Table 3 Grid utility pricing policy

Description Period Time interval Cost Unit

Energy Cost Off-peak 10:00 PM-7:00 AM 23.3 ¢/kWh
Energy Cost Shoulder-peak 7:00 AM-3:00 PM 26.3 ¢/kWh

8:00 PM-10:00 PM
Energy Cost Peak 3:00 PM-8:00 PM 38.6 ¢/kWh
Feed-in tariff All day − 20 ¢/kWh
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Fig. 5: Cumulative demand and PV generation profiles of the
understudy MG network throughout a day

As stated in section2, four PV arrays as RESs with maximum gen-
eration capacities of 200 kW, 70 kW, 100kW and 80 kW are installed
in the MGs (nodes) 1, 2, 3, and 4 respectively. Supposing that the PV
generation forecast error is negligible, the PV profiles for the next 24
hours are achieved as illustrated in Fig. 3. Similarly, the load profile
for each MG is predicted for a day ahead, as shown in Fig.4.

Fig. 3: Renewable Generation over a course of 24 hours

The loads connected to the MGs have a peak period of 7 hours
starting from 9 AM to 6 PM, reach a total maximum value of 424
kW at 6 PM as demonstrated in Fig.5. However, the fluctuations in
the load requirement of MG2 compared to that of other MGs are
very slight because of the connected sensitive, accurate laboratory
facilities.

Fig. 4: Demand profiles of MGs throughout a day

4.2 Case study A: Power flow optimisation without
considering voltage constraints: normal mode

The first case study, hereinafter referred to as the base case scenario,
evaluates the performance of the power flow optimisation algorithm
without considering the voltage variations. In this scenario, the main
grid is connected to the network and therefore the ToU pricing policy
described in 4.1 is utilised in the optimal decision-making process.
Besides the cost of consumed energy, the battery degradation cost

as well as pertaining cost to the DGs as explained in section 2 are
considered in both case scenarios.

In the proposed power flow optimisation framework, the ESS
store the surplus generated energy from PV arrays during the off-
peak period and dispatch this energy to the local load or contribute
in satisfying demand requirement at other nodes. It should be noted
that, the initial stored energy of the ESS installed on the nodes 1,2,
3, and 4 are set to half of the maximum capacity of the correspond-
ing storage units. Furthermore, to ensure a full cycle operation of
the ESSs per day which prolongs the lifetime of the ESS, the SOC
values are constrained to be equal to the initial SOC.

Implementing the proposed algorithm without including the node
voltage control criteria, the energy of the ESSs in the MGs of the
understudy network are depicted in Fig.6. Due to the high output
generation (up to 100 kW at its peak) and predominantly less load
demand in MG3 compared to that of other MGs between 10 AM to 3
PM when the energy price is at a lower rate (shoulder-peak period),
the ESS in MG3 charges to its maximum capacity at 120kWh. Simi-
larly, the ESSs in MGs 2 and 4 follow the same principle for the same
reason. However, despite the high PV generation at MG1 (200kw),
this trend continues until 1 PM because of its high load demand.
Dividing the off-peak period in two parts; from 10 PM to 12 AM
and from 12 AM to 7 AM. During the first part of the off-peak period
all the ESSs are either in charging or idle mode to reach their cor-
responding initial energy level by the end of the day (12 AM). This
behaviour is consistent during the second part of the off-peak period
for ESSs in MG1 and MG3. However, the ESSs in MG2 and MG4
are discharged within the second part of the off-peak period.

Fig. 6: Energy variations in energy storage units throughout a day

In order to represent the contribution of generation sources as well
as the power shared amongst the MGs to fulfil the load requirement,
the achieved optimal power flow for each MG is illustrated individu-
ally in Figs. 7 to 10. During the off-peak period, the purchased power
from the grid at node 1 is exported to node 2 and 3 to satisfy the load
on the corresponding nodes as the electricity is at its lowest rate.
Due to the relatively lower demand from 4 AM to 8 AM, and lower
electricity price, the ESSs start to charge through the imported power
from the main grid and the DGs. The DGs are started up at each node
because of the power losses that would increase with pushing more
power through the line linking MGs to each other.

Fig. 7: Power flow and sources contribution to the load at MG1
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According to the architecture of the DMG, the power is
exchanged between the adjacent MGs.The farther away the MGs
are located, the less power is transferred to that MG as the physical
distance increases the impedance of the transmission line and sub-
sequently the losses. As it is shown in Figs. 7 to 9, during the high
generation period, as MG1 is equipped with a great PV capacity, the
surplus generated power is transferred to MG2 and MG3.

Fig. 8: Power flow and sources contribution to the load at MG2

Due to the lower demand in MG3 compared to other MGs, a
high demand in MG4, and lower PV capacity in MG4, the excess
generated power contributes in meeting the load demand in MG4,
particularly over the peak generation period. As shown in Fig. 9, as
the demand at MG3 drops dramatically during the peak period, the
imported power from MG3 is sufficient enough to satisfy the demand
and hence the DG3 remains inactive over this period. Furthermore,
the depreciation cost of the ESS in MG3, and the imported power
from MG1 causes the ESS 3 to remain in the idle state as depicted in
Fig. 6.

Fig. 9: Power flow and sources contribution to the load at MG3

In contrast, the demand in MG4 is relatively high in comparison
with MG2 and MG3 during high generation and peak period (from
8 AM to midnight). Furthermore, MG4 is physically located in the
farther distance and hence higher transmission losses. Therefore, to
achieve an optimally economic solution, the DG4 is kicked off to
fulfill the load in MG4 from 1 AM to 6 AM and is turned off as the
surplus power from MG3 is imported to MG4 and PV4 starts con-
tributing in load demand satisfaction. However, the DG4 is activated
again during the peak period to both satisfy the load and inject power
to MG3.

Fig. 10: Power flow and sources contribution to the load at MG4

4.3 Case Study B: Power Flow Optimisation with
Considering Voltage

As elaborated in section 3.3, the voltage of the nodes vary accord-
ing to the amplitude and direction of the power flowing in/out of the
nodes and the architecture of the MG network. Therefore, constrain-
ing the voltage variations on the nodes can have a significant impact
on the optimal power flow results. To accentuate the effect of consid-
ering voltage criteria in the optimal power flow solution in DMGs,
the case study B is introduced in which all the derived equations
stated in section 3.3 are considered.

In accordance with the standard AS/ANZ4777 the voltage con-
straints explained in section 3.3 are limited within the following
voltage range where Va, Vb, Vc and Vd in Eqs. 32 to 53 are set to
207, 220, 250, and 265, receptively. Furthermore, the phase grid volt-
age can swing between the same values. In this study, it is assumed
that once the DG connected to a node is switched on, the regu-
lated voltage (VCons.) of the corresponding bus will be set to 230
as formulated in Eqs. 51 to 53.

207 ≤ Vn(t) ≤ 265 (56)

Implementing the proposed approach on the understudy system rep-
resented in 1, the transferred power amongst MGs throughout the
planning horizon is achieved as depicted in 11. The Pn

X(t), defined
in Eq. 3 indicates the amount of power being imported if it is pos-
itive and exported otherwise. The MG4 is mainly exporting power
within the peak generation period (from 5 AM to 4 PM). In contrast,
it is noticeable that MG2 does not export power at any time over the
optimisation horizon and instead imports the power MG1 due to its
physical adjacency to MG1 which results in less power loss across
transmission lines.

Fig. 11: Power exchanged among the nodes over temporal horizon

As illustrated in Fig. 12, the optimal scheduled operation of MGs
implies that the significant proportion of the injected power to MG3
is generated by the DG4 that its activation period overlaps with the
exporting period of MG4. Moreover, the generator in MG3 is also
turned on for a short period of time to compensate for the power
deficit in MG3 as opposed to the case study A where DG1, DG2 and
DG4 were activated during different intervals and DG3 remains off
for the whole period.

Fig. 12: Power generated by DGs over the planning period
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The significant difference between the optimal solution of case
study A and B is stemmed from the fact that imposing voltage con-
straints limits the magnitude of the power being shared between the
nodes as increasing the absorbed or injected power will cause a rise
or drop in the voltages of the nodes. The changes in the voltage of
one node consequently affect the maximum allowable power flowing
into or out of other nodes. The voltage profile of the nodes over the
optimisation horizon is demonstrated in Fig. 13.

As depicted in Fig.13, the voltage of nodes 2 and 4 are sustained
at the DGs nominal voltage (230 Volts) during their operation period,
regardless of the generated power at their output. In addition to
this, according to the topology of the system, the differential voltage
between two connected nodes is determined based on the amplitude
and direction of the power flow between the nodes. Given that the
voltage of the node is importing has to be less than the node that is
exporting power, crossing the voltage profile values signifies a direc-
tion change in the power flow between the two connected nodes. For
instance, in this case, study, the voltage of node 3 between midnight
to 3 AM is more than the voltage of node 1, representing that MG3
is exporting power to MG 1 within this period and the slight differ-
ence between them indicates that this power is very small. However,
the voltage of node 1 becomes more than that of node 3 at 4 AM,
implying that MG 3 is importing power from MG1. Similarly, the
voltage value of node 4 is predominantly higher than node 3 and the
gap between the two voltage values are high between 1 AM to 4 AM
and From 4 PM to midnight, representing that MG4 is on export-
ing mode as it can be seen in Fig.11 and that this power is mainly
generated by DG4 as shown in Fig.12.

Fig. 13: Voltage profiles of nodes over temporal horizon

In addition to the economic profitability of employing ESSs in
DMGs, considering the node voltage constraints in the power flow
optimisation problem defines a voltage management role for the
ESSs. In order to have an optimal power flow solution, ESS is
required to absorb or inject power to decrease or increase the voltage
of the nodes if required. The energy variations in ESSs installed in
the MGs to achieve optimal power flow that minimises the operating
cost of the network while maintaining the node voltage within the
standard range is presented in Fig. 14.

Fig. 14: Energy variation in energy storage units throughout a day

Comparing the energy variations of ESSs of case study A and B
demonstrated in Figs.6 and 14 reveals that energy of ESS in MG4
remains almost constant between 1 to 4 AM and discharges dra-
matically after around 4 AM as DG4 is switched off and MG4 will
import power and hence requires dropping the voltage. However, as
the amount of imported power is reduced gradually, it adjusts the
node voltage accordingly through absorbing power. This concept is
applied to all the ESSs in the network. However, it should be noted
that the demand requirement of the nodes, PV generation as well as
the ToU tariff also affect the changes in the energy of the ESSs.

5 Conclusion

In this paper, an optimisation framework for centralised energy man-
agement system in an LV DMG has been proposed to minimise
the operation cost of the system while controlling the voltage of
the nodes and satisfying the operating criteria of the sources. Fur-
thermore, a detailed modeling approach is presented, enabling the
planners to express the topology of the system using a configura-
tion matrix. To implement the model, a MIQP approach with linear
constraints is adopted to deal with the nonlinearities in the system.
Evaluating the proposed framework, it is applied to a DMG with 4
MGs as the case study. The voltage stabilisation function is achieved
by establishing the relationship between the voltage and transferring
power based on AS/ANZ4777 standard. The achieved results veri-
fied that considering the developed voltage criteria can effectively
confine the voltage variations into the standard voltage range while
optimising the power flow within the DMG.
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Abstract—Multi Energy System (MES) concept was introduced
to improve the efficiency of conventional energy systems, reduce
air pollution as well as cost reduction. In addition, the flexibility
of MESs allows a higher penetration of renewable resources.
Basically, MES is a combined system to simultaneously produce
heat, electrical power and even cooling power. This system
benefits the advantages of both traditional and renewable energy
carriers. However, when it comes to optimal operation planning
of the utilised energy converters with the aim of cost reduction
and efficiency enhancement, the design of Energy Management
System (EMS) becomes more of a challenge. This paper proposes
a generic and accurate dynamic operation model considering
the variable efficiencies and the transitional status of energy
converters. It also includes the variability of the operational cost
of energy storages and demand response. The developed model
is applied to achieve the optimal dispatch plan and operation
of MES employed to provide power heat and electricity demand
for a university campus. The results verify the effectiveness and
functionality of the proposed method.

Index Terms—multi energy systems; system modelling; optimi-
sation; combined heating and power system

I. INTRODUCTION

The demand for energy is drastically increasing due to

industrialisation and burgeoning population, leading to the

introduction of new concepts and integrated microgrid systems

such as Multi Energy System (MES) [1]. These systems,

consisting of two or more energy converters, enhance the

system efficiency, alleviate the environmental pollution and

increase the reliability and flexibility in energy supply. In

addition, MESs have elevated the penetration of renewable

energy technologies in distributed energy applications [2]. In

order to lessen the carbon pollutant and enhance the efficiency

of the MES, the heating demand is produced simultaneously

along with electricity demand. Last but not least, employing

MESs could reduce the cost of energy production effectively

whilst meeting the load requirement.

University research facilities are considered as critical loads

due to the sensitive equipment operating in a certain condition.

Hence, providing a consistent and continuous power supply is

necessary to maintain these machines running in their required

condition such as the certain temperature level. Although using

renewables in conjunction with battery energy storage and

upstream grid delivers a stable power to the research facility,

they are still lacking to provide power in the occasion of

severe power fluctuations and power outage contingencies.

Thus, to deal with the shortcomings of renewable resources

and high dependency of microgrids on the upstream grid,

traditional dispatchable power generators such as gas turbines

are considered as a candidate solution. However, to improve

the technical, economic, and environmental performance of

these systems the multi energy concept is implemented by

which the optimal interaction between various devices are

defined [3].

Amongst various existing MESs [3, 4], Combined Heat and

Power (CHP) systems have received considerable attention due

to the flexibility and security they provide in energy supply,

owing to their high overall energy utilisation efficiency, which

can reach up to 80% [5, 6]. These features would consequently

result in economic and environmental benefits [4].

The integration of Renewable Energy Resources (RES) and

traditional energy production methods in CHP systems creates

a large number of variables, including physical limitations of

energy carriers and energy sources. Hence, both designing and

planning of these systems require utmost attention, considering

all factors contributing to the CHP operation as well as

equipment characteristics. In this regard, much research has

been carried out and several techniques proposed to achieve

both optimal equipment capacities and the optimal operating

schedule of the CHP.

Generally, the MESs are modelled based upon the energy

flow analysis method, segregating the energy hubs and energy

carriers according to the type of energy demand [7]. This

approach focuses on the steady state of devices rather than the

transitional or dynamic characteristics of the system. However,

the energy flow model provides an adequate accuracy at initial

design concept and planning stage. Considering energy flow

theory as the modelling technique, at the lower hierarchy

of modelling, the CHP can be modelled either statistically

or employing time series, each one of which has its own

applications and advantages [8].

In the literature, different models considering various tech-

nical and economic aspects of MESs to size the system com-

ponents and scheduling approaches to address the reliability

and economic concerns, have been developed. Authors in [9]

employed the coupling algorithm, based on statistical mod-

elling, to model and determine optimal MES configuration,

taking into account the economic, energy and environmental

objectives. Furthermore, paper [4] introduced a new concept

978-1-5386-5186-5/18/$31.00 © 2018 IEEE
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into the statistical modelling of the MESs, considering the

dependency of energy carriers to each other which will lead to

efficiency improvement and operational cost reduction of the

MES. The papers [10, 11] have proposed a time series based

generic model using energy flow and energy hub concepts

and considering the conversion efficiency of the devices as

a function of load and their operating conditions. Authors

in manuscripts [12] and [13] reported a robust optimisation

approach to solve the energy hub operation scheduling prob-

lem with the aim of cost reduction as well as satisfying

the technical requirements. In these works, the uncertainties

parameters have been taken into consideration.

Employing the energy flow and statistical model provide ad-

equate accuracy at the design concept stage including compo-

nent capacity allocation and configuration, and the developing

the of distribution management system as applied in [14]. In

contrast, the time series approach and energy hub concept offer

a more accurate modelling technique in which the dynamic

and variable operational constraints of energy carriers are

taken into consideration [5]. Nonetheless, taking the dynamic

characteristics of the MES equipment into account raises the

complexity of the optimisation problem and converts it to a

nonlinear programming (NLP) problem. However, none of the

previous studies have taken the cost associated with statue

change of the generators, and output variation constraints

into account. Since the main purpose of energy management

optimisation is to lessen the operation cost while elevating the

security in energy supply, considering all factors influencing

the operational cost of the system is of utmost importance.

In this paper, the operational model of CHP considering the

nonlinearity of conversion efficiencies, starting up and shutting

down constraints, ramp limitations, and storage power losses

of the equipment is developed. The nonlinear efficiencies

of energy carriers are approximated with a linear piecewise

function using NLP. This will turn the scheduling problem into

a Mixed Integer Quadratic Programming (MIQP) problem. Af-

terwards, the developed model is employed to solve scheduling

problem with the aim of operational cost minimisation whilst

meeting the technical criteria. In section II, the architecture

of the CHP understudy is introduced and the interconnection

between energy hubs and the components are formulated.

The objective function and operational constraints for dispatch

optimisation are explained in section III. In section IV, the

results and performance analysis of the system are discussed

and finally, the conclusion of this paper is given in section V.

II. COMBINED HEAT AND POWER SYSTEMS

The concept of CHP system as a type of MES is defined as

an integration of various energy converters to fulfil both the

heating and power requirement to the consumers [6]. These

systems utilise the by-product heat generated by the con-

ventional generators to meet the heating or cooling demand.

Besides, these systems increase the penetration of RES owing

to the stability and reliability enhancement of power supply.

The CHP concept allows utilising heating or cooling storage

systems along with battery energy storage systems (BESSs),

which ultimately results in efficiency and flexibility improve-

ment, cost reduction and mitigation of energy fluctuations.

A. System Architecture

As illustrated in Fig. 1, the understudy CHP system com-

prises of two sub energy hubs; power and heating. The RESs,

upstream grid, BESS and Gas Turbine (GT) are to supply the

electrical demand. The RES in this study consists of wind

turbines and solar PV. The Gas Boiler (GB) and co-product

heat of gas turbine in conjunction with the heat storage are to

meet the heat demand.

Fig. 1. General architecture of the understudy CHP system.

B. Energy Flow Modelling of CHP

Implementing the energy flow concept, the equivalent model

and the mathematical relationship between the energy convert-

ers are established. The gas flowing into the system provides

the fuel for both the GT and GB and this can be expressed as

follows.

Pgas = Pgt + Pgb (1)

where Pgt and Pgb are the gas being consumed by GT and

GB, respectively. The co-product heat (Hgt) is proportional to

the electrical power produced by the gas turbine with a heat

coefficient (ηh,gt) and the generated heat by the heat exchanger

(Hhe) is described as in2 and 3, respectively.

Hgt = Pe,gt.ηh,gt (2)

Hhe = Hgt.ηhe (3)

where ηhe denotes the efficiency of the heat exchanger. The co-

produced heat from GT along with the heat being produced by

GB (Hgb) supplies the heat load and charges the heat storage.

The resulted heat at the output of the GB can be formulated

as in 4 where ηgb is the efficiency of the GB.
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Hgb = Pgb.ηgb (4)

As demonstrated in Fig. 1 the efficiency of the transformer

(ηt), connecting the upstream grid (Pgu) into the CHP has

been taken into account and therefore the injected power to

the power hub from the grid (Pgrid) is calculated as below.

Pgrid = Pgu.ηt (5)

The generated power at the output of the GT (Pe,gt) can be

expressed as in 6 where Pgt and ηe,gt represent the consumed

gas and electricity production efficiency of the GT.

Pe,gt = Pgt.ηe,gt (6)

According to the energy flow approach and energy conser-

vation principle, the energy balance equation of each energy

hub can be established as in 7 and 8. As shown in Fig. 1,the

electrical power being injected at the power hub by wind

turbine (PWT ), Solar PV (PPV ), gas turbine (Pe,gt), BESS

discharging power and utility grid (Pgird) supply the load (PL)

and provide electricity for charging the BESS during off-peak

and cooling generators as formulated in 7.

Ppv + Pwt + Pgrid + Pdis,BESS + Pe,gt = Pch,CESS + PL

(7)

The heat balance equation at the heating hub is presented in

8 where Hch,HESS , Hdis,HESS and HL denote the charging,

discharging and the heating load, respectively.

Hgb +Hhe +Hdis,HESS = Hch,HESS +HL (8)

C. Energy Storage System (ESS) Modelling

Energy storage devices are used to shift the load at high

demand period to the off-peak period, leading to reliability,

flexibility and power quality enhancement of the MES. In addi-

tion, these devices provide economic benefits to the system. In

this work, heating energy storages system (HESS) and BESS

have been employed. Although the technology of these devices

are different, they can be modelled similarly using the energy

flow and state of charge concepts. The ESS devices regardless

of their type are modelled as follows.

SOCt
ESS = SOCt−Δt

ESS .(1− δESS) + (P t−Δt
ch .ηch,ESS

−P t−Δt
dis,ESS

ηdis,ESS
).Δt

(9)

SOCESS,Min ≤ SOCt
ESS ≤ SOCESS,Max

0 ≤ P t
ch,ESS ≤ λt.P

max
ch,ESS

0 ≤ P t
dis,ESS ≤ (λt − 1).Pmax

dis,ESS

SOCinit = SOCT

λ ∈ {0, 1}

(10)

where SOCESS , δESS , Pch, and Pdis represent the state of

charge, the energy loss ratio, charging power and discharging

power, respectively. ηch,ESS and ηdis,ESS are the charging

and discharging coefficients. The studying period (T) is broken

down into Δt intervals to perform optimisation algorithm in

discrete form. However, the operation of the ESS is con-

strained by technical criteria as stated in 10. The charging

and discharging power are constrained by Pmax
ch and Pmax

dis .

Moreover, the charging and discharging states can not happen

simultaneously and therefore a binary variable (λt) is defined

to prevent this from happening in the developed model. In this

model, the initial SOC of the ESS is considered to be equal

to the SOC at the end of the horizon.

D. Energy Converter Modelling

The dynamic behaviour and nonlinearities are significant

features of energy converters as they affect the operating

cost of the system remarkably and thus need to be taken

into consideration when establishing operating model. In this

paper, the efficiency of the equipment employed in the CHP is

defined as a nonlinear function of the output power. Taking the

nonlinear efficiency variations of the generators into account

will turn the linear optimisation to nonlinear programing

(NLP) problem, adding to complexity of the problem and

optimisation time. Furthermore, the global optimal solution

may not be achieved using NLP with numerous decision

variables. Therefore, in order to avoid such complications,

step piecewise approximation method is proposed to initially

convert the nonlinearity of the efficiency to multiple linear sub-

functions with certain ranges. To accurately approximate the

nonlinear efficiency as a piecewise step function, it is required

to determine the optimal consecutive intervals for a certain

number of pieces (Ns). In this technique, the minimum range

for the next step function (Y min
j−1 ) is equal to the maximum

range of interval of the previous interval (Y max
j−1 ) as described

in 11.
Y max
j−1 = Y min

j

j ∈ {1, 2, ..., Ns − 1} (11)

To achieve the optimal consecutive intervals, the error between

the target and approximated values is to be minimised. As

each consecutive step function creates a triangle with the

original function, the error can be obtained by calculating the

integration of the areas of these triangles as illustrated in Fig.2.

The objective function of the proposed method is formulated

in 12 and can be solved using NLP optimisation algorithm.

Min

{Ns−1∑
j=1

(y(xj)− y(xj−1))− (xj − xj−1)

2

}
(12)

where x(j), xj−1, y(xj), and y(xj−1) imply the two consec-

utive interval on part load ratio axis and their corresponding

efficiencies, respectively.

To implement the approximated piecewise function, the

efficiency of each step is considered as an individual converter

which its power is limited within its corresponding interval

range as shown in 13. However, only one of these sub-

converters can operate at each time instant as they should

reflect the behaviour of the original converter, leading to add
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Fig. 2. Linear step piecewise approximation of nonlinear efficiency
function

Ns binary variables (λk) into decision variable matrix. The

described constraint in 14 satisfies this condition at each time

interval. In this paper, Nomad Nonlinear algorithm in OPTI

solver in Matlab platform is used to optimise the intervals of

the piecewise function.

λk(t).Y
min
k ≤ Yk(t) ≤ λk(t).Y

max
k (13)

Ns∑
k=1

λk(t) ≤ 1 (14)

Due to the thermal stress and mechanical limitations of the

energy converters, the starting up and shutting down process

duration is extended and therefore changing the status of units

imposes an additional operating cost on the system. Hence, it

is required to consider this cost component in the objective

function. The incurred start-up (αstrn(t)) and shut-down cost

coefficients (αsdnn(t)) for the particular unit n, which is

modelled as several sub units, is obtained using 15 and 16

respectively.

αstrn(t) =

((
1−

Ns∑
k=1

(λk(t− 1))
)
.

M∑
k=1

(λk(t) (15)

αsdnn(t) =

((
1−

Ns∑
k=1

(λk(t))
)
.

M∑
k=1

(λk(t− 1) (16)

The associated cost with changing the status of energy con-

verters at each time interval is described as below, where

Cstr,j and Csdn,j are the start-up and shut-down costs of the

particular unit j, and M represents the total number of energy

converters.

Csc(t) =
M∑
j=1

αstrn(t).Cstr,j + αsdnn(t).Csdn,j (17)

The other constraint that need to be considered in the mod-

elling of energy converters is ramp rate limits. Basically, the

operation status of energy converters can not be changed

instantaneously and it would consume a certain amount of time

to reach to the desired output power owing to the maximum

tolerable thermal stress and mechanical characteristic, which

prolong the response time. These constraints, known as ramp

limitations, have been considered as demonstrated in 18.

Yj,t ≤ Yj,(t−1) +Δup
j

Yj,t ≥ Yj,(t−1) +Δdown
j

(18)

where Yj,t, Yj(t−1), Δ
up
j , and Δdown

j represent the output of

the unit j at time step t, the output of the unit j at previous

time step, the ramp up and ramp down limitations for unit

j, respectively. The output power of each unit should be

maintained within a certain range as described in 19 where

the Y max
j and Y min

j are the maximum and minimum range

of power for the particular unit j.

Y max
j ≤ Yj,t ≤ Y min

j (19)

E. Operation Scheduling Optimisation

The optimal operation of CHP systems determines the

required amount of energy carriers to satisfy the load demand

at minimum cost. In addition to the aforementioned cost

factors and operational constraints, fuel cost, electricity cost

being purchased from the grid, and ESS operating cost should

be included in the objective function. The electricity cost

comprises of two main elements; energy cost and peak demand

cost. Although the peak demand cost is monthly calculated,

it has a significant impact on the electricity bill [15]. The

objective function to minimise the operation cost is established

as in 20.

φ =

T∑
t=1

((
Pgrid(t).Cp,grid(t) + ΨFuel.Cgas(t)

)
.Δt

+Csc(t) +
∑
i

CESS,i(t) + Cpeak.Ppeak

(20)

where Cp,grid(t), i and Cgas(t) are the prices of the electricity

purchased from upstream grid, the number of hubs, and gas

purchased from gas network at time t. Cpeak, Ppeak, ΨFuel,

and CESS,i(t) denote peak demand, fuel consumption, and

ESS operating costs, respectively.

The fuel consumption of an energy converter is described

as a second order function of its produced power at the time

t as shown in 21.

ΨFuel =

M∑
j=1

Aj .P
2
j (t) +Bj .Pj(t) + Cj (21)

where Aj , Bj , Cj are the coefficients of fuel consumption of

unit j and Pj(t) shows the power being produced at time t.The

operating cost of the ESS can be approximated as a quadratic

function of its power rates as below where the Cmax
ch,ESS and

Cmax
dis,ESS imply the maximum operation cost of charging and
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discharging of the ESS at the highest charging and discharging

power rates.

CESS(t) =
Cmax

ch,ESS

Pmax
ch,ESS

.P 2
ch,ESS(t) +

Cmax
dis,ESS

Pmax
dis,ESS

.P 2
dis,ESS(t)

(22)

To solve the developed scheduling problem which is a Mixed

Integer Quadratic Programming (MIQP) optimisation, the

CPLEX solver in MATLAB platform has been employed.

III. SIMULATION RESULTS AND DISCUSSION

Developing an accurate mathematical model for multi en-

ergy systems significantly impacts on the optimal performance

of the energy converters. The variable efficiency, ramp rate

constraints, and state change limits of the equipment in energy

hub modelling reflect the dynamic behaviour of the system and

consequently will lead to a reliable optimal scheduling solu-

tion. The primary objective of operation optimisation in this

paper is to minimise the operating cost of the system. Hence,

the peak shaving function which tremendously contributes to

the total electricity cost as well as variable ESS operating

cost are taken into account. To verify the effectiveness and

functionality of the proposed model and schedule optimisation

approach, they are implemented to a CHP system designed

for a research facility centre at Griffith University-Nathan

Campus. The heat and electricity demands of the research

centre are acquired from the data acquisition system [16] as

illustrated in Fig.3.

Fig. 3. Heat and electricity demand during a day

The renewable power being injected to the system consists

of a PV power plant and 4 wind turbines with a total maximum

power of 150 kW and 40 kW, respectively. In this study, the

operation optimisation period is opted to be 24 hours. The

electrical load reaches to a peak period at about 400 kW

from 10 am to 5 pm whereas the heating peak demand falls

between 6 am to 2 pm. The heating and electricity demand

peak periods are overlapped between 10 am to 2pm in this

particular load. Implementing the optimisation technique, it

is supposed to satisfy both electricity and heat demands at

minimum cost while attenuating the electricity peak demand.

Employing the proposed dynamic model and performing the

optimisation algorithm, the dispatch plan and contribution

of each component to supply electricity demand is achieved

as illustrated in Fig.4.The amount of power purchased from

the grid during the peak period is maintained at about the

average value (200 kW) during the off-peak period to minimise

the peak cost. On the other hand, the gas turbine generates

more power during the overlapping peak period of heat and

electricity to take advantage of the co-produced heat to satisfy

the heat demand.

Fig. 4. Electricity production of components to meet electricity demand

The primary role of the BESS is to shave the peak demand

and reduce the cost. The energy variation of the BESS over

the operating horizon is demonstrated in Fig.5.

Fig. 5. BESS energy variation over the optimisation period

Considering the variable operation cost of the BESS and

energy loss ratio, the BESS absorbs energy during off-peak

period, reaching to its maximum capacity at 120 kWh, and

injects this energy during high demand period till reaching to

its depth of discharge value (DOD) at approximately 10 kWh.
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The BESS energy returns to its initial value (60kWh) at the

end of the operation optimisation period.

The optimal operation of the heat producing components

is demonstrated in Fig. 5. The heat exchanger produces heat

as long as the gas turbine is operating. The efficiency of

each equipment is converted into a piecewise function with

5 optimised intervals. To avoid creating any peak or valley in

electricity being purchased from upstream grid, the gas boiler

produces heat in case of high heat demand and as long as

the grid power is maintained within a certain range. However,

during the peak period the heat exchanger supplies a hight

proportion of heat during the overlap peak period.

Fig. 6. Heat production of components to meet heat demand

Fig. 7. HESS energy variation during the optimisation horizon

The HESS is charged during the off-peak period of the

heat demand to near its maximum capacity (95kWh) and

discharged during the peak period. It is noticeable that the

HESS starts charging during the overlap period because the

gas turbine covers most of both electrical and heat loads. After

8 pm both electricity and heat demand is reduced significantly

and hence, most of electricity is provided through the grid and

other components and therefore the heat stored in the HESS

is injected to the heat load.

IV. CONCLUSION

The integration of renewable energies, various type of en-

ergy storages and energy converters offer an effective solution

to lessen the costs, enhance efficiency and reliability. In this

paper, an accurate time series modelling approach is presented

in which the variable efficiency, state change limits and ramp

limits of the energy converters have been considered. Further-

more, variable operating cost of the energy storages and peak

cost are taken into account in the scheduling optimisation. The

presented results verified that the aforementioned parameters

has a significant effect on optimal operation of the CHP

system.
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5.7. Summary  

This chapter focuses on energy-management strategies and the identification of cost 

components that contribute to the optimal decision-making processes of EMS in MGs, 

DMGs and MEMGSs. To verify the effectiveness of the proposed approaches, several 

case studies are investigated. First, the MIQP-based EMS modelling and optimisation 

approach for an MG consisting of dispatchable generators, RESs, ESS and a critical load 

in grid-connected operation mode is presented; next, its economic performance is 

analysed. Subsequently, a real-time EMS framework for large commercial MGs, capable 

of participating in the arbitrage market, is developed and its performance is evaluated by 

implementing it on a real case study. Furthermore, the MILP-based EMS strategy and 

modelling approach for DMGs – comprising several MGs with distributed generation and 

backup generators – is investigated, considering distributed energy storage devices, 

transmission losses and the nonlinear behaviour of dispatchable generators. By extending 

the proposed DMG EMS approach, the relationship between voltage variations within the 

low-voltage DMG, which are caused by sharing power among the nodes within the 

system, is established considering the voltage-response mode criteria of the converters 

(in accordance with AS/ANZ4777 standards). Then, the developed nonlinear relationship, 

along with the dynamic and nonlinear behaviour of the components, are converted into a 

MIQP model where the constraints are linearly implemented. By implementing the 

proposed DMG EMS framework on a DMG with four nodes, the performance of the 

system is investigated. The final part of this chapter focuses on the development of an 

MEMGS EMS, where the interaction between energy vectors and various energy 

conversion technologies – including RESs, thermal and battery energy storage devices – 

is linearly modelled. The main goal of the EMS strategy is to achieve an operation 

schedule of components that results in a minimum operating cost. In summary, this 

chapter investigates EMS strategies that can effectively enhance the penetration of RESs 

into the modern grid while achieving techno-economic objectives.  
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6. CONCLUSION AND FUTURE

WORK 

6.1. Conclusion 

Conventional energy networks, such as gas and electricity networks, are traditionally 

implemented and operated independently. In addition to the adverse environmental 

impacts of conventional energy production methods, they suffer from low energy 

security, high operation costs, low energy efficiency and low robustness. In order to 

mitigate these issues, Multi-Energy Microgrid Systems (MEMGS), consisting of 

distributed energy resources (DER) and Energy Storage Systems (ESS), have been 

introduced. Furthermore, MEMGSs improve the resilience and flexibility of the energy 

supply. In a similar manner to MGs, these systems are capable of interacting with other 

grids and are independent of the grid in the grid-connected and islanding operating modes.  

The fundamental objectives of this study were two-fold, as follows: 

 To investigate and develop an architectural design strategy to optimise the

capacity of the components, including energy storage systems and energy

conversion devices, consequently improving the economic viability of the system

while fulfilling its technical requirements. This would specifically focus on

commercial buildings.

 To develop an efficient and effective solution for energy management systems in

MEMGSs that enables the system to operate in the presence of the intermittent

behaviour of renewable energy sources and the dynamics of energy storage

devices.

To achieve the above objectives, the mathematical model of individual components 

employed in an MEMGS – reflecting their dynamic operating conditions, nonlinear 

behaviour and associated uncertainties – is developed. Deterministic and stochastic 

methods are proposed to model the MG and MEMGS components. The existing 

uncertainty in renewable generation, as well as the stochastic availability of the energy 

conversion units, are addressed by utilising the two-state Markov chain approach and 

Monte Carlo sampling method. By generating a vast number of scenarios with the 

attributed probability of occurrence to accurately model the system uncertainty, the 
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computational complexity and processing time are reduced in such a way that the main 

features of the stochastic behaviour of the components are preserved. Furthermore, to 

reduce the effect of existing nonlinearities in the operation of the components and reduce 

the associated complexity, relaxation-approximation techniques are proposed to linearise 

the problem and convert non-convex problems to convex ones. Chapter 3 investigated the 

modelling techniques and offered an accurate mathematical model for the MEMG 

components, taking the aforementioned factors into consideration. Furthermore, the 

nonlinear cyclic depreciation associated with elements modelled in this chapter. 

The developed component model is then utilised to determine the optimal capacity and 

type of elements in the MG and MEMGS. Different approaches, including deterministic 

and multi-objective stochastic approaches, are proposed to determine the size of energy 

storage devices, which are the most expensive components in MGs. This can help reduce 

the capital cost of the system as described in sections 4.2.1 and 4.2.2. The characteristics 

and nonlinear degradation process of energy storage are linearly modelled, and their 

impact on the optimal size of ESSs is investigated. Furthermore, the grid-power 

fluctuations, which can potentially lead to grid instability, are modelled as a performance 

index. To enhance the reliability of the supply and avoid interruptions in supply critical 

loads, the reliability metric is also included in the proposed stochastic optimisation 

approach. The performance of the proposed techniques against the defined metrics and 

indices is investigated at the design stage as described in section 4.2.3. To expand the 

approaches proposed for MG planning optimisation, the complex interactions in the 

MEMGS – which comprises the Combined Heat and Power (CHP) units, ancillary boiler, 

thermal and battery storage systems – are modelled in the form of mixed-integer quadratic 

programming with linear constraints. The primary aim of the developed planning 

optimisation problem is to determine the most appropriate type and size of components, 

along with the system configuration that will result in total-cost minimisation and 

performance-criteria satisfaction. The obtained results in section 4.2.4 demonstrate the 

applicability and efficacy of the proposed planning optimisation frameworks in enhancing 

the economic viability of the MG and MEMGS system.  

To enhance the exploitation of renewable energy sources and the efficiency of MG and 

MEMGS, the design and development of an efficient EMS system to optimally control 

the operation of elements is essential. In chapter 5 of this thesis, a two-layer optimisation 

framework is proposed to moderate the dependency of the MG on the upstream grid, and 
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hence improve the stability of the system while minimising its cost as demonstrated in 

section 5.2. The dispatch schedule optimisation problem is addressed by forming a unit-

commitment problem, considering the peak-shaving function and filling the valleys; this 

mitigates power fluctuations. Effectively reducing the peak demands and valleys, along 

with energy imported from the grid, will result in cost minimisation.  

Considering the degradation of Battery Energy Storage (BES), an MIQP-based 

optimization strategy is employed to model the energy storage rather than an MILP-based 

optimisation approach. Incorporating BES in conjunction with RESs is a potential 

solution to reduce the costs of MGs. It can be seen when using the research centre as a 

case study with critical loads, that the reliability of the system becomes of utmost 

importance; investing in larger BESs will be justifiable as they are responsible for 

stabilising power variations, especially in cases of power outages. The performance and 

cost–benefit analysis are performed by calculating the annual payback period against the 

size of the BES as shown in section 5.2.   

Nevertheless, the developed EMSs utilise the deterministic optimisation approaches 

assuming that the demand and generation of the RESs are perfectly predicted. 

Furthermore, in commercial applications, participating in the trading market is a great 

opportunity to further improve the profitability of the MG. Considering the dynamic 

variations in trading prices, a Model Predictive EMS (MPEMS) strategy is developed in 

section 5.3 to account for the deviations in the forecast values from the actual values. The 

efficacy and effectiveness of the proposed algorithm are verified by implementing it on 

an actual case study with a commercial load.  

The Multi Microgrid System (MMG) structure enables the MGs to share power, 

maintaining the generation–demand balance at a minimum cost. In this context, a 

supervisory EMS system is required to monitor and control the power transactions 

between the MG nodes. To achieve this goal, a centralised EMS framework is proposed 

in section 5.4 to control the power flow in a distributed MG consisting of RESs, an ESS 

and dispatchable generators with a backup function. In this study, the dynamic 

depreciation costs, transmission losses and variable efficiency of dispatchable generators 

are modelled using the MILP optimisation approach. By performing the simulations for 

two case studies, including the normal and backup-operation mode, the cost-effectiveness 

and applicability of the proposed model and control approach are verified. 
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The injection or absorption of power by each node in the MMG leads to voltage instability 

in the system, which can potentially damage the loads or cause power outages. We 

proposed a new power-flow optimisation approach for MMGs to not only obtain the most 

economical operation of the MGs but also address the voltage fluctuation at the nodes, in 

accordance with the AS/ANZS 4777 standard. Furthermore, the existing nonlinearities 

and the variable degradation of the ESS device were modelled as an MIQP problem to 

enhance the efficiency of the proposed approach and reduce the computational 

complexity of the optimisation algorithm as demonstrated in section5.5. Two case studies 

were designed to assess the impact of considering voltage constraints on the performance 

of EMS. The obtained results indicate that considering voltage constraints has a 

significant impact on the optimal power-flow solution of the MGs as it maintains the 

voltage variation on the nodes within a certain range. 

As the final part of this research, a generic and accurate dynamic operation model that 

considers the variable efficiencies and the transitional status of energy converters is 

proposed to optimally manage the operation of an MEMGS that comprises thermal and 

electricity hubs to meet the heat and electricity demand of a university campus. In this 

approach, the variability in the operational cost of energy storage devices was considered. 

The developed model primarily aims at minimizing the operation costs of the system by 

providing the optimal solution to the dispatching schedule optimisation problem. The 

results presented in section 5.6 verify the effectiveness and functionality of the proposed 

method and confirm how the stored heat in thermal energy storage can effectively 

contribute to the peak-shaving strategy. 

6.2. Recommendations for Future Work 

The primary objective of this research was to develop an optimisation strategy to 

determine the most optimal techno-economic architecture of MG and MEMGS, with a 

focus on commercial buildings. Furthermore, effective and efficient EMS strategies were 

proposed to optimally control the operation of the MG and MEMGS elements while 

satisfying the technical criteria of the system. The research performed in this thesis can 

be further elaborated on in future research as follows: 

 The MEMGS developed in this study comprises heating and electricity energy

hubs as the main types of demands to supply. The key features of these systems

are their potential capability of capturing the heat as a by-product of electricity
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generation, improving the exploitation of renewable energy resources to satisfy 

thermal loads. However, there is great potential to even further improve the 

efficiency, flexibility and reliability of the system by integrating the cooling 

demand and relevant energy conversion units, namely electric chillers, absorption 

chillers and cooling energy storage systems.  

 In this study, the EMS system is developed under the assumption that the

deviation of forecast values from the actual values of generation and demand is

negligible. This may lead to inaccuracies in the decision-making process of the

EMS. To mitigate this shortcoming, a stochastic MPC strategy and robust

optimisation-based EMS system can be developed, considering the uncertainties

attributed to the forecast of DER and energy demand.

 The research conducted investigates the centralised EMS system in MMG systems

considering the dynamics of ESS, the voltage variations, variable losses and

degradation process of ESSs. However, the centralised controllers require a secure

communication infrastructure, which is impractical in real cases. In the future, a

hybrid EMS system should be developed with a distributed communication

architecture, where the central EMS monitors and manage the operation of

MEMGS by communicating with local EMSs as the interface between the central

EMS and MEMGSs. The most significant advantage of this approach is the high

level of operational security in cases of communication interruptions or failures.

 The EMS should be implemented on a laboratory-scale MG and MMG system to

assess its performance. Furthermore, the impact of the disturbance parameters,

including communication failures or communication delays between the localised

EMS and centralised EMS; the intermittent behaviour of RESs and the demand

forecast error should be investigated. This can be accomplished utilising PV

simulators, programmable DC sources and programmable loads, which are

available in the Griffith University laboratory. A primary droop control strategy

should be implemented on the SwitchGear control unit to control a four-leg

Semikron Semiteach inverter, resembling an MG unit. The SwitchGear control

unit is an embedded system with a DSP microcontroller that is equipped with the

Modbus communication module to accommodate the implementation of

communication architecture. The experimental platform prepared to conduct the

experimental verification of the proposed EMS is shown below.
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