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ABSTRACT Peak-load management is an important process that allows energy providers to reshape load
profiles, increase energy efficiency, and reduce overall operational costs and carbon emissions. This paper
presents an improved decision-tree-based algorithm to reduce the peak load in residential distribution
networks by coordinated control of electric vehicles (EVs), photovoltaic (PV) units, and battery energy-
storage systems (BESSs). The peak-load reduction is achieved by reading the domestic load in real time
through a smart meter and taking appropriate coordinated action by a controller using the proposed algorithm.
The proposed control algorithm was tested on a real distribution network using real load patterns and load
dynamics, and validated in a laboratory experiment. Two types of EVs with fast and flexible charging
capability, a PV unit, and BESSs were used to test the performance of the proposed control algorithm, which
is compared with that of an artificial-neural-network technique. The results show that using the proposed
method, the peak demand on the distribution grid can be reduced significantly, thereby greatly improving
the load factor.

INDEX TERMS Electric vehicle, energy management, EV management, peak load management, peak
shaving.

NOMENCLATURE
EV2G Available energy of EV to shave the peak
Dloadi Total customers’ load
CTb Off-peak-hour electricity price
CTp Peak-hour electricity price
SOCmax Maximum state of charge (SOC) of the EV
SOC2 The SOC level when EV can start vehicle-to-

grid (V2G)
SOCEV SOC of the EV at a particular time
U (t) The rate of charging in V2G (0 ≤ U (t) ≤ Pavi )
V (t) The rate of discharging in V2G
Pi Available power from a PV unit
Spv Capacity of the installed PV module
VBt Terminal voltage of the BESS
Cint Available SOC of the BESS initially
αex The available power from PV module after

supporting grid load
CESS BESS capacity expressed in Ah
1Ci The charge loss of the BESS

I. INTRODUCTION
Traditionally, electrical power systems are designed to bal-
ance the consumers’ instantaneous energy demand, resulting
in poor utilization of electric infrastructure for a substantial
proportion of the time. Moreover, the aggregated peaks in
power demand necessitate substantial overcapacity in the size
of the power generators, transformers, transmission and dis-
tribution lines, and the protection circuitry [1]–[3]. Further-
more, power generators able to respond rapidly to the rapid
changes in demand associated with these peaks are more
expensive than baseload generators. Consequently, the cost
of meeting short-term demands is relatively expensive and
increases the net production costs for the industry.

In future, it is expected that traditional electricity gener-
ation systems will be replaced by small-capacity distributed
generators. Additionally, electric vehicles (EVs) and stand-
alone battery energy storage are expected to become increas-
ingly common, enabling a fundamental change in the way
electrical energy is managed and utilized. Coordination of
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several intermittent sources and loads to manage generation
and peak demand to maximize the system’s utilization and
reliability whilst minimizing cost presents a significant chal-
lenge.

The prevalence of battery storage in both stationary and
mobile (EV) installations is rapidly increasing due to contin-
uing reductions in battery prices [1]. The increasing penetra-
tion of EVs in future smart grids will be a challenge as well as
an opportunity for power grids. If managed intelligently, they
can be used to limit the peak grid demand [1]–[3]. It has been
shown that battery storage, either in EVs or in fixed domestic
installations, can be utilized to reduce the peak grid load by
managing their discharging and charging during periods of
peak and off-peak demand, respectively [1]–[5]. As both EVs
and stationary (e.g. domestic) battery energy storage systems
(BESSs) become more common, e.g. with redeployment of
used EV batteries [12], the storage resources available for
managing loads will increase in size and diversity.

In recent years the applications of BESSs have signifi-
cantly increased for domestic energy management at various
capacities and scales. A super-capacitor based electric city
bus along with battery storage systems is used [4] to mitigate
the grid voltage imbalance. In [4] an energy storage system
is used to regulate both the frequency and the voltage level.
However, the supercapacitor is a very expensive option. Liu
et al. [5] use plug-in electric vehicles (PEV) for demand-
side management (DSM) using a Bayesian game-theoretic
approach. The DSM schedules the household energy con-
sumption to reduce the customers’ energy expense. It could
be further investigated using other types of energy resources
(e.g. battery storage) in a household scenario with con-
tinuous types of Bayesian-game approach. The researchers
in [6] use the electric vehicle to improve a building’s power-
consumption profile. Additionally, it proposes the usage of
PVs to mitigate any negative impacts due to the fast charging
of EVs. However, the proposed system can be improved by
adding a detailed performance analysis with the absence of
EVs. Research described in [7] contributes to flatten the day-
time power consumption of a university building using charge
scheduling of the EVs in a parking lot. However, further stud-
ies need to be carried out to understand its performance for
different types of load patterns. A simple role-based method
is proposed in [8] to minimize the domestic peak load using
an EV. However, the performance of the proposed algorithm,
in view of a system’s uncertainty, is not clear. An individ-
ualized electricity pricing policy is used in [9] to maintain
a flexible energy demand. This individual energy price [9],
or utility-defined prices [10], [11], are used to schedule the
customers’ energy demand optimally to reduce the peaks in
energy demand. However, further research needs to examine
more closely the impacts of these price-based algorithms
on the stability of the distribution networks. The reuse of
old EV batteries for domestic-side energy management is
investigated in [12]. One source of weakness in this reuse is
that it could increase the frequency of maintenance, which
could affect the overall energy savings.

Some cross-sectional studies [13]–[17] were conducted to
utilize EVs and PV units to support the domestic load demand
and to reduce the impact of PV units. Alam et al. [13] and
Sehar et al. [14] propose a PV impact-minimization technique
using bidirectional vehicle-to-grid (V2G) energy transfer by
EVs.

Since the study did not consider the response time of
the PV units on a sub-second scale, the performance of the
system remains unclear in the case of a quick PV power-
generation variation. In similar research, BESSs instead of
EVs are used [15] to minimize the impact of rooftop PV
units on a domestic system. Again, the granularity of the
data reading remains a problem. The deployment of a BESS
(e.g. from EVs) on a larger scale (at the grid level) for the
distribution-network load support is investigated in [16]. It
was not possible to assess the battery degradation rate and the
percentage of peak shave; therefore it is unknown if this usage
is beneficial from an economic point of view. The researchers
in [17] and [18] use a combination of BESSs and PV units
to mitigate the power-quality issues (e.g. voltage, frequency)
of a domestic system. Further experiments, using a broader
range of loads and storage (e.g. EVs), could shed more light
on the performance of the proposed algorithm. A different
combination of battery storage with EVs is studied [19]–[21]
to manage the domestic load demand. Considerably more
work will need to be done in that research to understand the
uncertainty due to EVs and weather-dependent loads. This
battery storage is also strategically used [22] in a larger-scale
(e.g. commercial buildings) load support.

The precise mechanism to fully understand the relationship
between the percentage of load support, battery capacity and
the battery state of charge (SOC) is yet to be investigated.
A comprehensive study in [23] investigates the usage of EVs
in a microgrid to provide load and power quality support,
where the performance of the system with different types of
load patterns needs to be analyzed in further investigations.
Various load-shifting [24]–[26] techniques are used to control
residential appliances to reduce the peak energy demand
and the consumers’ energy cost. Further investigation and
experimentation into this load-shifting-based technique in
the nominal controllable-load scenario are strongly recom-
mended. Akram et al. [27] propose a hybrid microgrid system
consisting of wind, battery, and supercapacitor to reduce
energy cost and greenhouse emission. This study was limited
by the absence of EVs and their uncertainty analysis. The
researchers in [28] and [29] focused on utilizing renewable
energy sources, especially PV units, to manage residential
peak loads and electricity costs. The study is limited by the
lack of information on the real-time weather impact and the
effects of load-pattern change on the performance of the pro-
posed algorithm.

Overall, most researchers to date have focused on manag-
ing the load in domestic microgrids, considering either the
impact of EVs or the management of PV units with domestic
BESSs at various scales. A hybrid system consisting of a
PV, EV and BESS will be commonly used in a low-voltage
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distributed system, but their impacts on domestic peak-load
management are not yet investigated in a real scenario. Addi-
tionally, research to date has not yet investigated the impact
of weather and season on the peak-load reduction process for
a long period, as a household consists of a range of weather-
dependent loads. Moreover, most of the previously modeled
systems were tested for only a short period of time, and that
is why the effectiveness of the load-reduction process for a
longer period in a real scenario remains unclear. Furthermore,
much uncertainty still exists about the relationship between
the battery state of charge (SOC) and the peak-grid-load
shave.

Therefore, in this research, a coordinated combination of
EVs, PV units and BESSs is considered, using real-time real-
istic load data, to reduce the domestic peak load. An improved
decision-tree based algorithm for coordinated control of PV
units, EVs and BESSs is presented, and results of numerical
simulations is reported using real-time grid data and current-
model EVs (Nissan Leaf and Tesla) which show a substantial
reduction in peak grid demand, by up to 96%. Moreover,
the effectiveness and the robustness of the proposed system
is tested under various uncertainties, weather and seasonal
conditions, for 15 consecutive days. Additionally, an artificial
neural network has been used to optimize the system and
compare its behavior with the proposed decision-tree-based
system. Both the decision-tree-based algorithm and an artifi-
cial neural network have been chosen due to their simplicity
and ease of implementation. In summary, the importance and
originality of this study are to:

• develop an improved decision-tree-based algorithm
which can reduce the grid demand and enable grids to
operate in a more efficient and economical way;

• identify a coordinated control approach to address the
challenges faced by system operators to manage dis-
tributed EVs, batteries and PV units, and investigate
the effect of their coordinated response on peak-load
reduction;

• investigate the peak-reduction process under real
weather and seasonal conditions by considering
weather-dependent loads and source dynamics for a
longer period;

• analyze the impact of various types of EVs and their
charging mode on peak-demand reduction in a real-time
load pattern;

• design and implement an artificial neural network-based
peak-demand reduction technique and compare its per-
formance with that of the decision-tree-based algorithm;
and

• develop a relationship between the state of charge of a
battery and the percentage of peak-demand reduction.

The outline of this paper is as follows: Section III provides
an overview of the system with component specification.
Section IV describes the proposed control algorithm embody-
ing EV charge management and the peak-load management
technique. Results showing the peak-shaving capability of

the system with either of two commercially available EVs
(with significantly different battery capacity) are given in
Section V. The performance of the proposed algorithm com-
pared to other algorithms is investigated in Section VI. Exper-
imental results are presented in Section VII, followed by a
discussion in Section VIII and conclusion in Section IX.

II. SYSTEM OVERVIEW AND COMPONENT
SPECIFICATION
A schematic of the proposed system is depicted in Figure 1.
The system comprises three potential energy sources: a PV,
a domestic battery storage system, and an EV. The PV and
battery storage are attached to the common AC bus through
an inverter, and the EV is connected through a V2G-capable
charger.

FIGURE 1. Overall schematic of the proposed system.

A controller connected to the domestic meter and the BESS
reads the load pattern and battery state-of-charge (SOC) data.
Depending on the load conditions, capacity, and the available
energy of the sources (PV, EV and battery), the controller will
cause the battery and EV to charge and discharge, from the
PV/grid and the AC bus, respectively.

The specifications of the components used in system
simulations are detailed in the following subsections and
in Table 1.

A. PV AND BESS SPECIFICATION
The solar cell used in the smart-grid smart-city (SGSC)
project [37], [38] had the specifications listed in Table 1.

TABLE 1. Numerical values for PV and battery used to model the system.

B. EV SPECIFICATION
A Nissan Leaf and a Tesla EV with V2G functionality
were chosen for comparison of their utility in peak shaving.
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The capacity of the Nissan Leaf is 24 kWh (equivalent to
117-148 km travel, i.e. 3.03-3.84 mile/kWh) [3] and Tesla
is 90 kWh (439-557 km). It is assumed that every day the
vehicle leaves home at 7 AM and returns home at 5.30 PM,
having a single trip (distance 30 km) and without a charging
facility at work. Battery charge-management decisions are
shown schematically in Figure 2. For example, to allow for
emergency use of the EV, and to preserve battery perfor-
mance, the EV battery will never be discharged below a state
of charge (SOC) equivalent to 25 km of range.

FIGURE 2. Segmentation of EV battery charge-discharge control algorithm
according to SOC and mileage.

The values of SOC1 and SOC2 are determined by the bat-
tery capacity and the EV owner’s travel plans in the following
two ways.

1) PERCENTAGE BASED
Vehicle owner can define which percentage SOC they want
to set for SOC1 and SOC2.

2) MILEAGE BASED
User can define the SOC level equivalent to the range required
to be kept in reserve. For example, if the user is planning a trip
of 90 km, then they can define SOC2 = 115 km.

III. LOAD-MANAGEMENT ALGORITHM
In this section, we define the algorithm by which each of the
components in the system is managed.

A. EV CHARGE MANAGEMENT
The EV charge control will be in one of three modes, depend-
ing upon the EV’s SOC and the load conditions. The charge
and discharge modes are defined in detail below, and the key
parameters used are summarized in Table 2.

TABLE 2. Numerical values used to model the system.

Case 1: (SOCEV < SOC1, for (Dloadi > DLoadN or Dloadi <

DLoadN ))
In this mode, the EV SOC is less than the acceptable

limit SOC1. If the sum of all loads is higher than the
demand limit, DloadN , the additional demand is provided by
the BESS. Additionally, EV charging is categorized into
either rapid or flexible charge patterns. Flexible charging
provides the maximum available power to the EV after all
other loads have been served. The rapid charge rate u(t)max ,
is independent of the load, and requires input from the
grid.

Rapid charging rate u (t)

= u (t)max , SOCEV <SOC1,

for both DloadN >Dloadi and DloadN <Dloadi (1)

Flexible charging rate{
u (t)=DloadN −Dloadi , DloadN >Dloadi (2)

If u (t) ≥ 0 (DloadN > Dloadi ), the grid will provide the energy.
If u (t) ≤ 0 (DloadN < Dloadi ), the BESS will provide the
energy.
Case2: (SOC1 < SOCEV < SOC2, for (Dloadi <

DloadN or Dloadi > DloadN ))
In this scenario, the SOC level is in between SOC1 and

SOC2. Flexible charging is preferable in this case and u(t)
must be greater than zero if the net load is less than the
demand limit.

Flexible charging rate
{
U (t)=DloadN − Dloadi , U (t) > 0

(3)

If the net load is greater than the demand limit, then the
EV may remain idle or charging depending on the owner’s
settings (e.g. if the owner has any long trip planned for the
next day).

Rapid charging rate{
u (t) = u(t)max , SOC1 < SOCEV < SOC2 (4)

Case 3: (SOCEV ≥ SOC2, for (Dloadi < DloadN or Dloadi >

DloadN ))
If Dloadi ≤ DloadN , the EV may charge up to SOCmax

(if the owner has an immediate long trip planned) or
discharge.

Rapid charging rate U (t)

= U (t)max , SOCEV → SOCmax (5)

Flexible charging rate U (t)

=

(
DloadN − Dloadi

)
, U (t) > 0, SOCEV → SOCmax (6)

Discharging rate
{
V (t) = (Dloadi − DloadN ) (7)

If Dloadi ≥ DloadN , the EV can start V2G. For any
immediate trip plan the EV can charge to SOCmax supplied
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by the BESS.

Charging rate U (t)

=


U (t)max ,
SOCEV → SOCmax , rapid(
DloadN − Dloadi

)
,

U (t) < 0, SOCEV → SOCmax , flexible

(8)

Dicharging rate v (t)

=


0, when Dloadi = DloadN

Dloadi − DloadN , when Dloadi > DloadN

0, when Dloadi − DloadN ≤ 0

(9)

B. DECISION-TREE-BASED LOAD MANAGEMENT
In this section the proposed decision-tree-based algorithm
used to coordinate all system components to minimize the
peak load is described. The detailed architecture of the system
is illustrated in Figure 3.

FIGURE 3. Architecture of the proposed peak-load management system.

In Figure 3, all energy sources and the grid are connected
to a common AC bus. Various sensors, smart meters, and
converters (Conv- 1, 2, 3, 4) are connected to a controller.
Three converters (Conv-1, Conv-3, and Conv-4) are used to
connect the PV, BESS, and EV to the bus. Converter 1 is an
inverter (DC-AC) to connect the PV to the bus, and turns
ON when the output power of the PV (Spv · Pi > 0) is
greater than zero. The power flow (input-output current) of
this converter depends on the domestic-load-demand curve
and the PV-power-generation curve. Converter 2 is a uni-
directional DC-DC converter, and turns ON to charge the
battery when the PV has extra power after supplying the
load. Converter 3 is a bidirectional AC-DC/DC-AC converter.
It provides bidirectional energy flow from/to the BESS and
the AC bus to charge-discharge the battery. Converter 4 is a
bidirectional converter (AC-DC/DC-AC) to connect the bus
and the EV.

Let the efficiency of converters 1, 2, 3, and 4 be η1, η2, η3,
and η4, respectively. The controller will continuously read the
load data through the smart meter, and put the peak and off-
peak load time into two sets. The time set of the load curve
of a day is

Tload curve = Tp ∪ Tb (10)

FIGURE 4. Graphical representation of EV and battery charging and
discharging with respect to the load condition.

where peak load time set Tp = N {t1, t1 + 1, t1 +
2, t1 + 3 . . . .., t2}, and off-peak load time set Tb =

M {t3, t3 + 1, t3 + 2, t3 + 3 . . . . . . , t4}. t1 and t3 are the ini-
tial times when peak and off-peak start. t2 and t4 are
the final times when peak and off-peak end. N and M
are the peak and off-peak load occurrence frequencies per
day.

At any particular time slot (ith) (i = 1, 2 . . . , tN ), the total
load demand is Dloadi , the peak load Tp occurs when Dloadi >

DloadN , and the off-peak load Tb occurs when Dloadi < DloadN .
Generally, DloadN can be set to any value below or equal
to the maximum PV power capacity. The value of DloadN
at different levels of peak shaving can be found in detail
in Figure 11.

Let the current of the BESS in a certain time slot
(peak or off-peak) be xt1 , . . . . . . ., xt2 and xt3 , . . . . . . ., xt4 . If
xi < 0 then the BESS charges, and if xi > 0 then the BESS
discharges [8], [10], [29].

The amount of energy transactions during peak and off-
peak hours from BESS and EV are controlled according to
their SOC and load conditions by the equations as depicted
in Figure 4.

The charging and discharging is an exponential function of
time and SOC level, which will increase the battery lifetime
if it never reaches to 100% or 0%. Let the instantaneous max-
imum peak value of the load at the ith time slot be Ppeak,maxi ,
and the instantaneous minimum peak value be Ppeak,mini , then
the peak load is Pshavei = Ppeak,maxi − DloadN , and the power
available to charge the EV and BESS from the grid is Pavi =
DloadN − Ppeak,mini . Let the amount of energy the EV can
discharge be Edisev = (SOCmax − SOC2) ∗ Batterycapacity,
then the controlled discharging of BESS and EV to minimize
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FIGURE 5. Flow chart of the controller algorithm.

the peak load PEV ,BESSs is

PEV ,BESSs =

{
Edisev

(
1− e−SOC

EV
i=t1,t1+1,........,t2

)}
+

{
CESS

(
1− e

−SOCBESSi=t1,t1+1,........t2

)}
. (11)

In (11) SOCEV
i=t1,t1+1,........,t2

, and SOCBESS
i=t1,t1+1,........,t2

are the
SOC of the EV and BESS, respectively, in any time segment.
Let the amount of energy the EV needs for charging be Echev
when SOCEV < SOC2. Then the controlled charging of
the BESS and EV during off-peak hours using the available
power from the grid, PEV ,ESSch , is

PEV ,ESSch =

{
Echcv

(
e

1
−SOCEVi=t3,t3+1,.......,t4

)}

+

{
CESS

(
e

1
−SOCBESSi=t3,t3+1,.......,t4

)}
(12)

Depending on the load conditions, PV power is used to charge
the BESS, and/or supply power to the AC bus. WhenDloadi =

N (SPV · Pi · η1), the PV provides all its power to the load. If
Dloadi < N (SPV · Pi · η1), the instantaneous load demand is
less than the available PV power. So, the excess power from
the PV modules (αex) is calculated by the following;

αex =


N (SPV · Pi · η1)− Dloadi ,

when N (SPV · Pi · η1) > Dloadi and i ∈ Tb
0,

when N (SPV · Pi · η1) ≤ Dloadi and i ∈ Tb
(13)

When Dloadi ≥ N (η1SPVPi), the PV does not have available
power to shave the peak. The additional demand is supplied
by the EV and BESS.
The load cost in both peak and off-peak hours is∑

i∈T p
CTp · D

load
i +

∑
i∈T b

CTb · D
load
i (14)

The BESS charging cost during base hours is

CintVBt − η2
∑

i∈TB αex

η3
CTb (SOCPV · η4) (15)

The charging and discharging of the BESS and EV are
controlled as described in the following relationships.

∀i ∈ Tp,

{
xi < 0 when N (SPVPiη1) > Dloadi

xi ≥ 0 when N (SPVPiη1) ≤ Dloadi
(16)

The power provided to theAC bus by the BESS cannot exceed
the total load, as the system described here was not designed
to return energy to the grid. Additionally, the charge of the
battery should not exceed the limit CESS and must not fall
to zero. If the total power provided by BESS, EV, and PV is
1Dloadi , the system is constrained by the following criteria:

Dloadi −1Dloadi ≥ 0, ∀i ∈ Tp (17)

CESS ≥ (C int −
∑j

i=t1,t1+1
1C i) ≥ 0, ∀j ∈ Tp

(18)

CESS ≥ Cint ≥ 0 (19)

The charge loss of the BESS at a particular time (e.g. ith time
segment) is1C i, and its polarity defines the charge/discharge
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FIGURE 6. Grid architecture for the test location in Nelson Bay, NSW, Australia. (OHL- Overhead line, UGL- Underground line).

condition. The charge loss is calculated using

1C i

=


(
20 ∗ x i
CESS

)γ (CESS/20
N

)
, when

SPVPiη1
N

≤ Dloadi

xi
N
, when

SPVPiη1
N

≥ Dloadi

(20)

Here γ is the rate capacity coefficient, and CESS
20 is a reference

current which is determined by the manufacturer based on
Peukert’s Law [8], [31]–[34].

A flow chart summarizing the decisions made by the
controller depending on the state of the system is shown
in Figure 5.

IV. CASE STUDIES ON A REAL NETWORK
In this section, the proposed system and the control algorithm
described in Section II are tested in managing the grid peak
load. A real power-distribution network, located in Nelson
Bay, NSW, Australia, is used to verify the effectiveness of
the developed coordinated control algorithm. Nelson Bay
climate data was used to investigate the generated output of
the PV units, and the weather-dependent load. The network
description, demand, and insolation data were obtained from
the ‘Smart Grid, Smart City (SGSC)’ database [37]. The

network is relatively large with 17,000 consumers [37], [38]
and is serviced by two substations located in Nelson Bay and
Tomaree [37]. The loads in this area are mostly residential,
rural, and light industry. This region is powered through long
feeders and experiences additional seasonal loads [37], [38].
A single-line diagram of the distribution network where the
proposed system is tested is depicted in Figure 6 [37], [38].

The efficacy of the proposed system and control algorithm
in limiting the peak grid load was tested for several cases with
different combinations of BESS capacity (0, 4 kWh or 8 kWh)
and EV (Leaf 24 kWh, or Tesla 90 kWh), as described in the
following sub-sections.

A. COORDINATED RESPONSE OF PV, EV AND BESS
(SMALLER SIZE-4 kWH)
The aim of this case study is to compare the effectiveness
of the developed control algorithm in reducing the domestic
peak load with a single 2.5 kW PV, 4 kWh BESS, and one of
two EVs, i.e. (i) a Nissan Leaf, or (ii) a Tesla. The optimized
reduced grid load is plotted in Figure 7, together with the
normal load without an EV and charge-discharge control
system, for comparison. From Figure 7, it is evident that with
the Nissan Leaf the peak load was reduced by approximately
25%, with load factor 39.9%. However, as would be expected,
the larger Tesla battery enabled the peak load to be reduced
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FIGURE 7. Analysis of the combination of PV, EV, and 4 kWh battery.

FIGURE 8. Analysis of the combination of PV, EV, and 8 kWh battery.

FIGURE 9. Load condition with controlled Tesla EV and Nissan Leaf EV, participated in V2G when SOCEV > SOC2.

more by 68.5%, with load factor 54.5%. In Figures 7, 8, 9 the
power consumption by the BESS and EV during off-peak
hours is observed to be less than that of the peak-shaving
power because the excess energy of the PV after providing
to the AC bus is directly transferred to the battery through
converter 2. If that PV power is not enough to charge the
BESS only then the excess energy is drawn from the common
AC bus.

B. COORDINATED RESPONSE OF PV, EV AND BESS
(LARGER SIZE-8 kWh)
The goal of this case study is to analyze the impact of the bat-
tery size on the peak demand reduction. In this case the same
combination of PV and EVs was modeled, but with a larger
BESS of 8 kWh. Figure 8 shows that with the Nissan Leaf
the peak load was reduced by 53%, with load factor 48.6%,
and that with the Tesla the peak load was reduced by 96%,

with load factor 74.7%. In this case the larger BESS provided
additional charge-discharge flexibility and enabled substan-
tial additional reductions in peak load, especially when used
with the Nissan Leaf, for which doubling the BESS doubled
the percentage reduction in peak load.

C. COMPARISON OF PEAK REDUCTION BY USING TWO
DIFFERENT TYPES OF EV
The main aim of this case study is to compare the perfor-
mance of the two different types of EV, i.e. Nissan Leaf
and Tesla, on peak-demand management without any extra
battery. The battery capacity for the two EVs is compared
in Figure 10. For both EVs the SOC level for V2G operation
was set to 85% of total capacity. The results in Figure 9 reveal
that the peak grid load is reduced, but not as much as with
some fixed battery storage.
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FIGURE 10. Capacity comparison between Nissan Leaf and Tesla EV.

D. SYSTEM UNCERTAINTY INVESTIGATION
The proposed algorithm can perform well with any type of
load pattern. The charging and discharging of the battery and
EV is controlled according to the battery capacity, SOC, and
the peak load value, regardless of the load pattern. There-
fore, even if the system is placed in higher peak-load con-
ditions or in any uncertainty, it will shave the amount of peak
load based on the proposed algorithm. The set point (DloadN )
to identify the peak and off-peak load is best set between the
average and maximum power generation of the PV, which
is well above the minimum point of the load demand. If the
value of the set point is lower than that value, the BESS and
EV will not get enough power to charge, hence affecting the
peak shaving. The relationship between the set point (DloadN )
and the peak shave is illustrated in Figure 11.

The effectiveness of the proposed system under various
load conditions during summer and winter is also investi-
gated. Figure 12(a) shows the load conditions with and with-
out the proposed system during winter, and 12(b) in summer.
From the figures it is clear that the proposed system shows its
robustness even with different load-case scenarios.

V. COMPARISON WITH THE ARTIFICIAL
NEURAL NETWORK
The peak-load management by the proposed control algo-
rithm is compared with that by the artificial neural network
(ANN). ANNs are useful for highly nonlinear applications
[30], [35], [36]. The neural-network technique used in [35] to
estimate the li-ion battery capacity fade is used in this system,
and is known as a ‘‘nonlinear autoregressive with exogenous
input (NARX) feedback network’’.

In order to evaluate the performance of the ANN-based
NARX model, 5 × 2304 data have been used as training
and 1 × 2304 data have been used as a target. The training

FIGURE 11. Peak-shaving performance as a function of the threshold
value, DLoad

N , dividing ‘‘peak’’ and ’’off—peak’’ conditions. The value of
DLoad

N used in all other calculations is shown as ‘‘∗’’.

FIGURE 12. Robustness of the proposed algorithm, (a). system
performance during winter, (b). system performance during summer.

data are based on the EV SOC, EV trip plan, BESS SOC,
weather-dependent PV power generation, and load conditions
of the real network. To analyze the peak-load management
by the battery, EV, and PV, various post-processing such as
confusion matrix, error histogram, and mean-squared error
validation performance are analyzed. The training error of the
ANN is 1.29% (cross-entropy error is 1.68%), the validation
error is 2.33% (cross-entropy error is 2.72%) and the testing
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FIGURE 13. Comparison of the proposed decision-tree-based algorithm with the artificial neural network.

cross-entropy error is 2.75%. From the results, it can be seen
that the ANN-based loadmanagement provides similar trends
in peak-demand reduction to the proposed method. From this
comparison in Figure 13, it is clear that the proposed method
is feasible and effective in reducing the peak demand and
is simple and easy to implement, although in some cases
the ANN-based method provides slightly better performance.
This is because an ANN uses several layers and neurons to
best fit the data. Each neuron calculates the weight of the
incoming signal (i.e. strength) and the required minimum sig-
nal strength for activation. The model accuracy is evaluated
by the sum of the squared errors (SSE) which defines how
closely the predicted data fits the real data. The model will
always try to minimize the SSE by changing the rules through
neuron activation [35], [36]. However, in some cases ANN
still does not provide good performance due to its error in
various stages, e.g. cross-entropy error during training stage is
1.68%, cross-entropy error during validation stage is 2.72%,
and cross-entropy error during testing stage is 2.75%.

VI. EXPERIMENTAL SETUP
Various experiments are carried out to validate the proposed
algorithm as shown in Figure 14 (a-b) and Figure 15 (a-c).
The experiment in Figure 14 (a-b) is conducted in a low-
power DC environment. A programmable power supply is
used as a main grid. Two lead-acid batteries are used as the
BESS and electric vehicle. The first one is a Remco lead-
acid battery with a terminal voltage of 12.70 V used as the
BESS. The second one is a Genesis lead-acid battery with a
terminal voltage of 12.312V used as the EV. A programmable
load is used to generate the real-case power load. The bat-
tery connections are controlled by the NI Data acquisition
Kit, Arduino UNO kit, and the relay. Since, in the pro-
posed system, the terminal voltage remains constant, there-
fore the current varies based on the load conditions. While
the load takes power from the programmable power supply,
the current drawn from the grid is 1.2 A, with an equivalent
power of 14.74 W. When the BESS is connected, the grid
power demand reduces to 10.24 W, and when the EV is
connected (Genesis lead-acid battery), the grid load demand
again decreases and becomes 7.27 W.

FIGURE 14. Experiment in a low-power DC environment (a). Experimental
setup, (b). grid power status in various stages of peak-load management.

Another experiment is conducted in a high-power AC envi-
ronment, as shown in Figures 15(a) to 15(d).

The total experimental setup is shown in Figure 15(a).
It comprises a PV emulator, lithium-ion battery storage, pro-
grammable load, and power converters. The PV emulator pro-
vides a real PV power generation. The DC power from the PV
is converted to AC through a DC-AC inverter and connected
to a 230 V common AC bus. Four lithium-ion battery cells
are connected in series and in total make 24 V DC. This 24 V
DC is converted to 230 V for connecting to the common
AC bus through a bidirectional DC-AC/AC-DC converter.
A programmable load is used to generate the household load
curve. Since all the sources and the load are connected to a
constant-voltage common AC bus, current changes are based
on the power demand from the load. In Figure 15(b), the peak
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FIGURE 15. Experiment in AC environment, (a). Experimental setup,
(b). Peak load reduction by the battery and PV, and voltage condition
testing. (c). Peak load reduction by the battery and PV, and frequency
condition testing. (d). Peak load reduction during a sudden disconnection
of PV. In Figures (b-d), X-axis shows time and Y-axis shows voltage and
current.

TABLE 3. Summary of peak-shaving and load factor for various capacities
of the electric vehicle, BESS, and PV.

FIGURE 16. Graphical representation of the percentage of peak shave
with different capacity combinations of battery along with PV, EV.

load demand is supplied by the PV (5.1 A), battery (2.4 A)
and the grid (2.80 A), and the bus voltage is 230 V. The peak
load supported by the battery increases when the PV power
generation decreases, as shown in Figure 15(c). In this case
the frequency is maintained to the desired value, i.e. 50 Hz.
Since the PV is intermittent, its generation varies based on
the weather conditions. When PV power generation drops,
the additional power demand by the load is supplied by the
battery, as shown in Figure 15(d). In this case, the system
maintains the robust voltage magnitude.

VII. DISCUSSION
The main results of several case studies are summarized
in Table III and Figure 16. It is clear that the peak-shaving
capability increases with an increment of both fixed storage
and the EV battery’s capacity. Complete elimination of peaks
in the grid load is possible with only 8 kWh of storage if sup-
plemented by an EV with relatively large range if available at
times of peak hour. Even if the SOC2 set point is reduced
(as in Figure 11), the EV alone can reduce the peak load
completely depending on its availability. However, in most
cases, peak load occurs in the evening, when the EV might
not stay at home or might not have enough energy to transfer
back after coming from a long trip. Therefore, any small
capacity of fixed battery combined with the EV provides a
better result.

It should be noted that the results presented above were
obtained with only a narrow range of SOC for V2G opera-
tions. Furthermore, the fixed battery SOC was limited to be
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between 45% and 95%. It is possible that by relaxing these
values, or by allowing them to adapt, improved peak shaving
performance could be obtained, e.g. equivalent to utilization
of more battery storage. However, any such improvements
in performance may come at the cost of reduced battery
lifetime, or decreased range in the EV when needed.

VIII. CONCLUSION
An algorithm for coordinating the responses of PV genera-
tion, fixedBESS, and EVswithV2G capability was designed,
optimized and implemented for the reduction of the peak
domestic load. It was shown that under realistic circum-
stances the peak demand on the main grid can be reduced by
up to 96%. It is expected that the large battery capacity avail-
able in EVs will play a pivotal role in managing peak domes-
tic loads, and hence peak grid demand, resulting in improved
utilization of electricity infrastructure. This approach will
prove useful in expanding our understanding of how the peak
load can be managed under various load dynamics, weather
conditions, and uncertainties. A future aim of this research
is to include multiple players (e.g., EV charging facilities,
aggregator, utility grid, and transportation system operator)
in the problem formulation and optimization algorithm.
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