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ABSTRACT 
Water utilities around the world have adopted raw water treatment procedures in order 

to deliver to consumers the water that meets the drinking water quality standards set by 

national or international regulations.  The raw water not only must be purified from 

harmful constituents that can cause waterborne diseases, but aesthetical standards must 

also be maintained to avoid customer complaints, which would reduce the confidence of 

the community towards the drinking water supplier. Potable water having a high 

concentration of manganese is one of the most widespread aesthetic issues reported by 

customers. 

Manganese in reservoirs is a trace metal typically present in small amounts. However, 

concentrations as small as 0.1 mg/L can cause water discoloration, staining, and even 

metallic taste. Many international drinking water standards set the upper acceptance limit 

to 0.05 mg/L for water delivered to the consumers; yet many water utilities such as 

Seqwater, in South East Queensland, Australia, usually target concentrations of manganese 

dissolved in the treated water lower than 0.02 mg/L, in order to avoid potential adverse 

customer reactions to discoloured water. The manganese removal procedure usually is 

limited to pre-filter chlorination, but for very high manganese levels, the addition of 

potassium permanganate is performed, because of the faster oxidation reaction. 

Manganese concentrations are often monitored all the year round, but in subtropical, 

warm monomictic reservoirs such as Advancetown Lake (i.e. main research domain of this 

study), high soluble manganese levels in the surface layer of the reservoir (i.e. where the 

raw water is typically drawn from and redirected to the treatment plant) are recorded 

only during winter, when the lake stratification is broken; the lake circulates vertically and 

nutrient-rich bottom waters reach the top. During these critical winter months, 

manganese concentrations exceed the fixed threshold, and extra treatment is necessary.  

Water quality monitoring in Advancetown Lake is typically performed on a weekly basis 

by field water samplings and subsequent laboratory analysis. This procedure is resource 

intensive and is a significant annual cost for Seqwater. Nevertheless, in 2008 a Vertical 

Profiling System (VPS) has been installed near the dam wall and remotely collects, with a 

3-hour frequency and 1-metre interval, vertical profiles of key-parameters such as water 
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temperature, dissolved oxygen, conductivity, turbidity, pH, or redox potential. While the 

VPS can measure these various important water quality parameters, it is unable to directly 

measure manganese concentrations in the water column near the raw water offtake. 

Nonetheless, the manganese cycle in a lake has been extensively studied in the past, with 

most of parameters affecting changes in manganese being automatically collected by the 

VPS. Hence, the availability of the predictors of manganese and the desire for Seqwater to 

reduce their laboratory testing program gave rise to this PhD project to develop a VPS-

based data-driven model, which is able to predict soluble manganese concentrations. 

Furthermore, the manganese concentration will be forecasted up to 7 days in advance. 

Firstly, the developed data-driven statistical model was able to accurately forecast the 

water temperature differential between the surface and bottom (representing the strength 

of the stratification) 7 days ahead by using the current differential and air temperature 

forecast only; then, the output of this module was used as an input to a new part of the 

model to forecast soluble manganese concentrations in the epilimnion of Advancetown 

Lake. The statistical performance achieved was R2=0.74 for the 2012 validation set, and 

R2=0.58 and R2=0.76, respectively, for the 2013 and 2014 real-time applications (i.e. using 

real air temperature forecasts). Moreover, the number of correct warnings/no warnings 

(i.e. when thresholds for pre-filter chlorination or permanganate dosing were expected to 

be exceeded) was extremely high (i.e. average higher than 81%). In forecasting water 

temperature, the model was shown to be more suitable than process-based models 

(namely, DYRESM) due to the need for a low number of weather inputs that would need to 

be forecasted in turn and would add uncertainty.  

The model was then encapsulated into a decision support system (DSS), able to 

automatically retrieve the latest data from the VPS and from the weather forecast website, 

pre-process the data, run the manganese prediction model, and display the outputs with 

the support of a graphical user interface, created following the suggestions of the water 

treatment plant operators. Other important information, such as lake level or water 

temperature at each gate of the intake tower, is displayed. The successful development of 

such a VPS-based manganese decision support system led to substantial monetary saving 

for Seqwater, due to a drastic reduction in conventional water quality monitoring. 

Beneficially, this intelligent tool represents an added value for the VPS, which is now able 

to provide a forecast for another water quality parameter that cannot be directly 

measured by the VPS. Moreover, a numerical model was also developed, to estimate 

vertical velocities and diffusivities values in the water column based on water 

temperature and conductivity data measured by the VPS, which provide detailed 

information of reservoir mixing processes.  
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The novel prediction modelling approach, whose core being a recursive data-driven input-

output selection and forecasting, was also generalised and applied to another case-study 

(i.e. dissolved oxygen forecast 7-days ahead), reaching high accuracy (R2=0.8) and proving 

to be applicable for a high number of environmental forecasting problems.  

The results of this Ph.D. research have strong implications for water utilities and water 

businesses as the developed manganese forecasting model drastically reduced the cost 

and time involved in traditional lake water quality monitoring activities, and enhanced the 

dynamism and proactivity of the drinking water treatment management. Furthermore, the 

recursive input-output forecasting approach can be applied to other parameters and it 

represents a novel, valid alternative to more consolidated environmental process-based 

models, particularly when a medium-term forecast (e.g. 7 days) is required. Finally, the 

extensive analysis of the collected data, especially regarding the manganese cycle, mixing 

processes and partial/full turnover events, is of interest to limnologist and lake scientist 

and an added value to the existing body of scientific knowledge. 

The outcomes of this Ph.D. study also set the foundations for further research; the 

recursive input-output forecasting approach can be rearranged for other lakes and 

parameters, thus adding further potential to exploit the high amount of data collected by 

the automatic monitoring tools (i.e. VPS) and potentially leading to further reduction in 

costs and improvement in water treatment decision-making for the water utilities.  As a 

consequence, further research will focus on improving the current model, as well as 

developing new models and decision support systems for other water quality parameters 

of concern, in both similar and different types of reservoirs. 
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CHAPTER 1 

Introduction 

1.1 Research background 

The delivery of safe and good quality drinking water to customers is a challenging task for 

the water supply industry. Yet this represents a human right which is expected to be 

constantly guaranteed (Gleick, 1998), especially in developed countries.  

In recent decades, research and innovation has helped water utilities to meet the 

requirements established by national and international regulations. However, sometimes, 

high levels of contaminants at the water supply sources (e.g. reservoirs) can be suddenly 

and unexpectedly detected and, as a consequence, the water supplied to the population 

may not meet the health and aesthetic standards. This outcome is due to the complexity of 

the hydrodynamic and biogeochemical processes of the reservoirs. Some of the reservoirs’ 

processes are understood and can be modelled for assessment of the effects of global 

warming or of the effectiveness of new water management strategies (e.g. Trolle et al., 

2011; Helfer et al. 2011), however they usually cannot be reliably forecasted for the near 

future, due to the high number of inputs and uncertainties to be predicted as well. This is 

proven by the limited amount of previous studies focusing on short-term forecast of 

reservoirs variables. 

One chemical element of paramount concern for many water utilities, whose cycle and 

concentrations are strictly related to the reservoir’s hydrodynamic and biogeochemical 

behaviour, is manganese. Elevated soluble manganese (Mn) concentrations in drinking 

water can create aesthetic problems, such as discoloration (typically black or brown), 

odour, and a metallic taste to the water. Also, according to the Australian Drinking Water 

Guidelines (2011), levels higher than 0.5 mg/L represent a threat to health.  In order to 

avoid customers’ complaints regarding the taste or stains resulting from the water, 

concentrations lower than 0.05 mg/L are desirable; nevertheless, many water utilities, 

such as Seqwater, the main bulk water supplier in the South-East Queensland region 
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(SEQ), Australia, typically try to maintain the concentration level in treated water to below 

0.02 mg/L as recommended by Kohl and Medlar (2006).  

The technologies and processes used by Seqwater to remove the contaminants from the 

raw water, and to improve water quality, are similar to those used all around the world. 

The most widely applied water treatment process, known as conventional treatment, is a 

combination of coagulation, flocculation, sedimentation, and filtration, and is used by the 

majority of Seqwater’s treatment facilities (Seqwater, 2011). 

At the Molendinar water treatment plant (WTP), which receives water from Advancetown 

Lake, the main location of this research project, the raw water is immediately dosed with 

hydrated lime and carbon dioxide to adjust the pH and add alkalinity. The process then 

involves flocculation, performed by adding the coagulant aluminium sulphate in order to 

make the particulate matter in the water congregate together. The water then flows over a 

cascade that mixes the water with the required chemicals, and then the clarifiers, where 

the coagulated agglomerates form larger and heavier particles, and settle to the bottom 

after a slow mixing. The clarified water is then drawn from the top of the clarifier and 

directed to the filters. The filters, consisting of a layer of filter coal on the top of a layer of 

filter sand, on top of a layer of gravel, entrap any particle that escapes the clarification 

process. Finally, the finished water is dosed with sodium hydroxide for disinfection and 

sodium hypochlorite to correct the pH. The chemicals, added to the water at various 

stages, enable the processes, which effectively prevent potentially harmful contaminants 

in raw water, to treat the water exiting the WTP. When high soluble Mn levels are detected 

at the source, chlorine or potassium permanganate is added to the water to oxidise the Mn 

into its insoluble form, enabling its precipitation and, thereby, facilitating its removal.  

In subtropical deep reservoirs, such as Advancetown Lake, in the hinterland of the Gold 

Coast, Mn concentrations are usually low in the top layer of water, called the epilimnion 

layer. This layer is usually warmer and rich in oxygen: hence the soluble Mn in the 

epilimnion is oxidised, thus precipitating downwards to the bottom layer. This bottom 

layer, called hypolimnion, is colder, with poorly dissolved oxygen: here, the level of soluble 

Mn is much higher. Such a situation, along with a number of other issues (anoxic waters 

typically lead to lower water quality and increased level of nutrients), justifies the 

withdrawal of water from the upper level. This withdrawal is achieved through the use of 

an intake tower. However, particularly during winter, water turnover can mean that the 

waters from the hypolimnion can rise and reach the surface, thus bringing sudden and 

sharp increases in Mn to the withdrawal level. During these times, the challenges faced by 

the water treatment process are significant, for example, the soluble Mn concentration 

must be quantified in order to calculate the right amount of oxidiser to be used. Utilities 
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that are unable to adequately meet the treatment requirements could input manganese-

rich water to the costumers, leading to (at least) colour/odour issues which can cause 

customers complaints and therefore a negative perception of the water utility among the 

community, beside possible financial/regulatory penalties. 

Water suppliers are, therefore, required to set up reliable, efficient, practical and safe 

methods to monitor Mn and, if possible, predict its concentrations. Traditionally, in 

Seqwater reservoirs, weekly lake water samplings are routinely conducted to monitor the 

lakes most important physical and chemical parameters. The samples are collected at 

different depths with a depth sampler and then transported to a laboratory for further 

testing. This procedure is costly and time-consuming. Recent installations of Vertical 

Profiling Systems (VPS) in a number of Seqwater reservoirs have facilitated the 

improvement of this monitoring activity. These tools have the ability to collect, 

automatically, multiple times per day, full water column profiles of parameters, such as 

temperature (T), Dissolved Oxygen (DO), pH or redox potential (ORP). Then the collected 

data are sent to the Seqwater servers, where they can be accessed in real-time by the 

operators and other end-users.  

However, despite its indisputable benefits, VPS cannot measure the Mn directly; hence 

weekly manual water samplings are still deemed necessary. Interestingly, the Mn cycle in 

lakes, and the parameters affecting it (e.g. T, DO, ORP, and pH), have been both widely 

studied and well known. As most can be measured by the VPS, there is the potential for an 

intelligent VPS-based prediction tool which could predict the current and future values of 

Mn, with a good degree of accuracy. Such a tool would have the remarkable facility to 

reduce or eliminate manual samplings, reduce laboratory costs, and improve efficiency 

during times of decision-making. 

The Mn cycle in a reservoir is very complicated, since it realises chemical and physical 

reactions and phenomena, which interact with each other and with other external factors. 

For this reason, the prediction of a parameter, encapsulated into such a system, might 

seem an unrealistic task, especially for process-based models. Fortunately, in the last few 

decades, data-driven modelling approaches have become fruitful arenas for scientists 

endeavouring to manage and interrogate large and complex environmental datasets. The 

much faster processing times of modern computers allow for the use of large sets of data 

and the realistic and feasible modelling of environmental systems, including prediction. As 

a consequence, recent studies have been able to apply data-driven models to 

environmental and hydrological systems, obtaining promising results (e.g. Bowden, 2003). 
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While not disregarding other possible techniques (e.g. process-based numerical models), 

for the present research, data-driven models (in particular, statistical and probabilistic) 

were deemed to be suitable as the foundation for creating an efficient intelligent tool 

capable of predicting the Mn level into a reservoir. Thus, such a model will be 

encapsulated into a Decision Support System (DSS), which will automatically update the 

model’s predictive capacity, and display them in a Graphical User-friendly Interface (GUI). 

1.2 Problem formulation 

Mn in reservoirs must be monitored so that the water can be treated, as necessary, when a 

too-high concentration level is detected, and meet the health and safety requirements and 

regulation of drinking water. In Seqwater reservoirs, despite the presence of the VPS, 

soluble Mn monitoring is conducted on a weekly basis for lake samplings and laboratory 

analyses. However, as stated earlier, these procedures are expensive and time-consuming. 

Additionally, the VPS cannot fully replace the manual samplings; this further limits their 

economic value.  Nevertheless, it appears that Mn concentrations are directly or indirectly 

affected by most of the parameters that are collected by the VPS, such as temperature, DO 

or pH (e.g. Calmano et al., 1993; Nürnberg, 1988; Howard and Chisholm, 1975; Dodds, 

2002; Johnson et al., 1995; Howe et al., 2004; Faulkner et al., 1996). 

An opportunity exists for a reduction in the number of weekly water samplings in a 

reservoir, as well as a better usage of the VPS data. The overarching goal of the PhD study 

was to develop a data-driven Mn prediction model that uses the existing available VPS 

data, and which can be encapsulated into a DSS, including a GUI. The benefit of the 

developed model will be its ability to forecast soluble Mn concentrations a number of days 

ahead. The main value of the model is economic, achieved through a reduction in the 

costly and time-consuming lake samplings and laboratory analyses. Additional benefits 

include the increased value of the VPS, the ability to completely replace traditional 

samplings and predict, indirectly, new parameters (i.e. Mn), and the introduction of a more 

proactive water treatment management by providing an early warning system for 

improved decision-making. 

1.3 Research objectives 

To create an accurate data-driven model, the data first needs to be collected and analysed. 

Thus, stage one of the project involves completing these tasks, and undertaking 

appropriate statistical analysis, to identify the Mn predictors. Once the dynamics of the 

systems are understood, the data-driven model that best fits this system can be created. 

After the model is tested and validated, a GUI can be created and inserted into the DSS. 

Hence, the main objectives of the project are: 
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1. To gain a full understanding of the hydrodynamics of a subtropical water reservoir 

such as Advancetown Lake, its Mn cycle, and identify the predictors of soluble 

manganese. To achieve this understanding, historical VPS data and weekly 

samplings data were collected and analysed. 

2. To develop a Mn prediction model, which is able to forecast a number of days 

ahead soluble Mn concentrations in the epilimnion of Advancetown Lake, by 

retrieving the latest-day VPS data. 

3. To apply the same modelling approach to other lakes/locations for further 

validation. Samplings data were available for another location in Advancetown 

Lake, and for a smaller reservoir (i.e. Little Nerang dam). 

4. To create a GUI for Advancetown Lake lower intake, easily interpretable by the 

end-users (e.g. water treatment plant operators), updated with the model results. 

5. To create and implement a DSS which automatically extracts the latest VPS data 

(as well as other essential input data), pre-processes the data, incorporates them 

into the Mn model, and displays the model outputs through the GUI. 

1.4 Research scope 

The decision support system to predict manganese concentrations in subtropical water 

reservoirs was developed and applied to one main case study (Advancetown Lake, lower 

intake) and two secondary applications (Advancetown Lake, upper intake; and Little 

Nerang Dam). The reason for this approach rested with the availability of the VPS data. For 

example, the data were available for the Advancetown Lake, lower intake, since 2008, 

while the VPS data were only available for the other two locations for 2014, when the 

equipment was installed. The VPS data are essential for the formulation of reliable models 

and for the creation of the complete, automated DSS. The creation of the new DSS, for the 

other two locations, will be possible when enough data (at least 3 to 4 years) will become 

available, for model calibration’s purposes. Importantly, for the forecasting model, it is 

also essential to know the weather forecasts; hence, the model’s performance is 

proportional to the accuracy of the local weather forecasts. 

In the current study, the application of the model was also limited to subtropical warm 

monomictic reservoirs, i.e. reservoirs that typically circulate fully once per year, during 

winter. The model predicts soluble Mn in the epilimnion of the reservoir as it is this level 

from which the water is usually taken. Notably, the same approach could be applied to 

other reservoirs where Mn issues occur, for example, due to other phenomena (e.g. wind). 

However, in these instances, the prediction horizon may have to be shortened if the 

weather forecasts are limited and unreliable.   
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1.5 Research design and method overview 

In order to achieve the 5 main objectives of this Ph.D. research, the first activities of this 

study involved the collection and analysis of pertinent data.  

Data were made available by different organisations (mainly Seqwater and BoM). Lake 

data came mainly from one VPS installed near the lower intake tower; this provides the 

main source of input data for the model. Other water quality data, including historical Mn 

concentrations, came from the traditional weekly samplings performed over the course of 

many years. Weather data were also collected, as well as river data. 

In order to achieve Objective 1, the approach involves firstly a review of the pertinent 

literature to gain a full and comprehensive understanding of the mixing processes and of 

the Mn cycle in similar lakes. Subsequently, the collected data need to be pre-processed 

(e.g. recalibration from different locations, selection of ideal frequency such as daily) and 

analysed. For this research study, a time series analysis approach was deemed 

appropriate. A number of statistical tests needed to be performed to understand the 

features and correlations of the data. The development of a one-dimensional process-

based model helped in understanding the mixing properties of Advancetown Lake. 

The results of the data analysis process were used in order to achieve Objective 2, that is 

the Mn model development. Data-driven modelling approaches were considered more 

suitable for such a forecasting problem and the possibility of forecasting key-input first, 

and then the final output in turn, was explored. This approach was also conceptualised 

and repurposed for potentially any kind of environmental forecasting problem. Data 

division must be performed in order to create a validation set where to test the model 

performance. Real-time validations were also planned for the 2013 and 2014 winter 

turnover events. Objective 3 employs a similar method to the previous objective. 

In order to develop a GUI (Objective 4) that will be actually used on a daily basis, end-

users must be involved in the conceptualisation of the interface. Therefore, a number of 

meetings were held, where the WTP operators provided suggestions on the type of data 

and graphical features to display. Finally, the whole DSS (Objective 5) was developed, in 

order to have the GUI updated in real time with the latest Mn prediction resulting from the 

latest collected input data. A data extraction and pre-processing code was created in order 

to retrieve the inputs for the Mn model, whose predictions then feed the GUI. A number of 

meetings with Seqwater IT experts was planned and conducted in order to decide the 

most suitable data transfer method and to verify its reliability. 
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1.6 Research novelty and significance 

The novelty and significance of this Ph.D. research is observed in: 

 The conceptualisation of a recursive input-output forecasting approach for data-

driven modelling and forecasting, which typically outperforms process-based 

models in case of short to medium term environmental forecasting problems; 

 The development of a data-driven Mn prediction model able to forecast future high 

Mn concentrations in a subtropical water reservoir using one-dimensional, 

remotely collected data; 

 The implementation of a DSS with associated GUI displaying the model outputs, 

enabling the WTP operators to see in real-time the forecasted Mn concentrations 

based on the latest VPS data and without the need of performing manual lake 

samplings. 

The published literature regarding Mn modelling in lakes typically focuses on the 

importance of some specific parameter (e.g. DO or pH) in affecting the Mn levels, but very 

few studies tried to model the full Mn cycle and, importantly, no previous research was 

undertaken in order to predict future Mn concentrations. This can be due to the difficulty 

in forecasting all the input variables that would be part of a process-based model. 

However, the algorithms and modelling approaches used in this research, in particular the 

recursive input-output forecasting algorithm, overcome the requirement of a high number 

of input data typical of the process-based models by exploiting the limited available data 

and achieving high accuracy. Thus, for the first time a Mn forecasting model, with 

associated GUI, was successfully developed, leading to a more dynamic water treatment 

management, added value to existing monitoring instrumentation and monitoring cost 

reductions for the bulk water supplier (Seqwater). 

The novel modelling approach is of great benefit for environmental modellers, who only 

rarely tried to forecast important water quality variables into the future. The high amount 

of data autonomously collected in a number of lakes by remote sensors such as VPS are 

often stored away with no cost-benefit. The achievement, for the first time, of a reliable 

prediction model based on one-dimensional VPS data paves the way for further 

exploitation of these databases. In particular, the input-output forecasting algorithm may 

be successfully applied for other forecasting problems; thus, future environmental 

modelling studies could now increase the focus in trying to forecast water quality few days 

ahead, which would be of higher interest for water utilities when compared to real-time 

modelling.  
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Finally, the comprehensive data analysis, focusing especially on the Mn cycle, mixing 

processes and the effects of combinations of partial and full lake turnovers in a subtropical 

reservoir, provides outcomes and conclusions that increase the pertinent body of 

knowledge, and it is of special interest for limnologist and lake scientists. 

1.7 Thesis outline 

The thesis is composed of 9 chapters. Chapter 1 introduces the background of the project, 

and highlights the research objectives and scope. Chapter 2 describes the pertinent 

literature related to the project. Chapter 3 defines the methods applied to achieve the 

project’s objectives. Chapters 4 and 5 show the results of the data analysis, with respect to 

the lake hydrodynamics and the Mn cycle. Chapter 6 illustrates, in detail, the created Mn 

prediction model, while Chapter 7 defines the creation of an algorithm that can generalise 

the modelling approach applied to the development of the Mn forecasting model. Chapter 

8 highlights its extension to other case studies and the creation of the DSS with a GUI. 

Chapter 9 presents the research conclusions, outlining the achievements of the current 

research and setting directions for future research. Chapters 1, 2, 3  and 9 are traditional 

thesis chapters, while Chapters 4, 5, 6, 7 and 8 are reformatted peer reviewed journal 

publications.  

Chapter 2 firstly outlines the manganese cycle in a stratified lake, highlighting the 

importance of different lake variables, and the behaviours in affecting it. Next, the 

modelling techniques are presented in a short but clear description of the main modelling 

techniques typically applied in environmental studies, along with a discussion of previous 

research applying those models. Lastly, the stepwise procedure, created to allow for the 

wise selection of the most appropriate data-driven model, is described. 

Chapter 3 focuses on the formulated research methods. The scheme provides the main 

research activities and outputs of the various objectives identified by the project. These 

objectives are described in more detail, namely, the analysis of the two sets of data; the 

model’s development, generalisation, and extension to other case studies and the DSS 

development and, finally, the long-term assessment of the mixing regime shift. Also, the 

locations of this study are presented.  

Chapter 4 extensively describes the mixing processes for Advancetown Lake emanating 

from the analysis of the collected data. Firstly, the mixing processes are introduced and 

the previous modelling attempts for similar studies are described. Secondly, the research 

methods are illustrated, in more detail, including the development of the one-dimensional 

model for analysing the diffusion and advection. Finally, the results are presented and 

conclusions drawn. Likewise, Chapter 5 presents a very similar structure, with a special 
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focus on understanding the manganese cycle in Advancetown Lake, with previous studies 

illustrated, the building of a similar one-dimensional model described, and the results and 

conclusions presented.  

Chapter 6 represents the core of this research project. After the introductory paragraphs, 

the methods involved in the development of the manganese prediction model are 

illustrated. The results section provides the model, with its acceptable level of accuracy. 

The novel modelling approach created a new algorithm, including the whole data pre-

processing, input selection and forecasting, and model development and application. The 

novel model allows for the generalisation of the novel approach to any forecasting 

problem. This algorithm is described in detail in Chapter 7. 

Chapter 8 extends the outcomes of Chapter 6 by describing the development of additional 

models for two other locations, and their validation. It also describes the results of further, 

real-time validations for the original model (undertaken in 2013 and 2014). Then, the 

development of the DSS, its data extraction and pre-processing code, prediction model, 

and GUI (displaying the model results) are highlighted.  

Finally, Chapter 9 concludes this thesis by highlighting the main findings. The benefits for 

the water industry, the contributions to the literature in the areas of water treatment, 

water monitoring and statistical modelling, are presented and discussed, along with the 

limitations of the current study and the directions for future work. 
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CHAPTER 2 

Literature review 

 

 

2.1 Introduction 

A review of the existing theoretical and applied knowledge was undertaken to explore 

efficient methods with which to analyse the data, develop an appropriate model, and 

implement a reliable DSS. To acquire a clear understanding of the problem, and of the 

benefits coming from successful project outcomes, the first stage involved becoming 

familiar with water quality monitoring and standard treatment procedures, as briefly 

described in the previous chapter. To correctly interpret the analysed data, the second 

stage involved obtaining an adequate knowledge background regarding the behaviour of 

Mn in lakes. To choose, or create, the best-performing model for the available dataset, the 

third stage involved reviewing a range of available modelling techniques, previously 

applied in the environmental/hydrological field. To understand the pros and cons of the 

various types of DSS, and to identify existing limitations and issues, as well as latest 

improvements, the last stage involved a review of previous DSS applications. The 

outcomes of the literature review are presented in the following sections. 

2.2 Limnology and manganese 

2.2.1 Overview 

The manganese level plays a very important role in the reservoir water purification 

processes; manganese in high levels can result in water discolouration and odour. 

Importantly, much higher levels may lead to health problems for consumers (World 

Health Organization, 2011), such as neurological diseases (Bouchard et al., 2011), or 

respiratory tract problems.  
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Manganese is the twelfth most diffused element on the Earth’s crust, as both a free metal 

and a compound (often bounded with iron). In freshwater, however, it is commonly 

present in smaller quantities than other metals, such as iron. Its oxidation states range 

from -3 to +7; its chemistry is very complex, and depends, in particular, on pH and ORP 

(Figure 2-1). Interestingly, the presence of other substances, such as bicarbonates or 

sulphates, can also play a part. In Figure 2-1, the orange shaded area represents the ideal 

pH and redox potential conditions for the formation of soluble Mn; it is the chemical form 

of major concern for the WTP. 

  

Figure 2-1 ORP-pH diagram for manganese in aqueous solution (adapted from 
Hem, 1963) 

 

However, the total Mn load into a lake or a reservoir is not constant during the year; its 

variation depends on many factors, both internal and external to the lake system and, in 

the case of stratified reservoirs, it is remarkably different between the epilimnion (the top, 

warmer layer of water, usually with higher pH and dissolved oxygen) and the hypolimnion 

(the bottom layer, usually anoxic and acidic). It has a similar cycle and reactions to iron 

(Martin, 2003), but slower, more gradual transport processes (Grinham et al., 2012). 

Manganese also has a slower oxidation rate (Engebrigsten, 2010). 
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The manganese cycle can be synthesised using the following scheme or process (Figure 2-

2). The thick blue line in Figure 2-2 symbolises the borderline between epilimnion and the 

deeper hypolimnion. The separation between the two is not very clear, and another layer 

called the metalimnion, with a high gradient of temperature, oxygen and other chemical 

parameters, is usually present in the intermediate position. The colour of the variables is 

green if, usually, its value is high; whereas red represents very low values. The colour of 

the connection arrows is green if an increase of the first variable implies an increase of the 

second one; while it is red if an increase of the first variable causes a decrease in the 

second one, or vice versa. The thicker dashed lines go to the big green arrow, which 

represents the lake turnover, when waters from the bottom travel to the top and vice 

versa. 

2.2.2 Manganese cycle: biogeochemistry 

In the epilimnion, the waters are usually warmer and rich in oxygen, mainly because of the 

long wavelength of solar radiation that interacts with water molecules, transferring 

energy into them, and determining the water heating. The visible range (400–700µm) of 

the radiation is used for the photosynthesis, mediated by the algae and other organisms 

present in the top layers. After penetrating the water, the radiation is transmitted only to a 

certain depth. The illuminated layer of water is called the euphotic zone (Tundisi and 

Matsumura, 2011); it is proportional to, for example, the dissolved substances (which 

determine water colour) and the suspended sediments in that water (Bertoni, 2011). Into 

the illuminated layer, CO2 is consumed and O2 is produced. Hence, despite a decrease in 

the DO solubility with increasing water temperature, typically the epilimnion is rich in DO. 

Additionally, winds help oxygenate the waters in the top layers (Tundisi and Matsumura, 

2011). Eventually, solar radiation, through its positive influence on the formation of algae 

and photosynthesis activity, influences both the oxygen level and the pH. The presence of 

algae and photosynthesis usually means a higher pH level since acidic CO2 forms (such as 

HCO3-) are removed (Dubinsky and Rotem, 1974). 

Under these conditions (high DO and pH), the soluble manganese is oxidised (Stumm and 

Morgan, 1981), with changes to the insoluble form (e.g. MnO2 –manganese dioxide); then it 

precipitates to the lower layers, until reaching the hypolimnion. This reaction is very slow 

for pH levels, lower than 8.5/9 (Howe et al, 2004; Johnson et al., 1995), and oxidation and 

precipitation can take days, with a contributing factor being the low molecular weight of 

the Mn (Zaw and Chiswell, 1999). Previous studies (e.g. Johnson et al., 1995) show how, 

under proper conditions (i.e. high water temperatures, with an optimum at around 30°C) 

bacteria play a central role in soluble Mn oxidation, with reactions being much faster than 

for chemical ones. 
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Figure 2-2 The manganese cycle in a stratified lake  
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Due to this oxidising environment, the level of soluble manganese (i.e. Mn2+) in the 

epilimnion is usually low, while the level of manganese dioxide should be higher, a result 

of the continuous oxidation of the soluble form and its gradual precipitation downwards 

to the hypolimnion (Dojlido and Best, 1993).   

The hypolimnion, the bottom layer, is usually colder than the epilimnion. The DO is not 

produced, since light cannot penetrate to these depths and photosynthesis does not occur 

here.  Further, the oxygen available in these layers is consumed by the microbial oxidation 

of organic matter (Bertoni, 2011), with a rate of depletion depending on the volume of the 

reservoir and the level of organic matter present for metabolism (Macdonald, 1995). For 

productive lakes, the DO consumption rate is high, thus leading to hypoxic or anoxic 

conditions before the end of the stratification. Bacteria also lower the pH through acidic 

reactions (Socolofsky and Jirka, 2004). Moreover, when they deplete the oxygen, some 

species of bacteria start a denitrification activity (Tundisi and Matsumura, 2011), creating 

an even more acidic environment. When the NOx forms are depleted, the bacteria then 

start reducing the manganese dioxide (Tundisi and Matsumura, 2011; Engebrigsten, 

2010). Furthermore, the acidic pH creates a reducing environment that favours the 

reduction of the MnO2 into the soluble Mn2+ form (MnO2 + 2H+ → Mn2+ + H2O + [O]) 

(Calmano et al., 1993). The reduced MnO2 comes from the epilimnion by precipitation 

(Hulth et al., 1999), but mostly from the nutrient-rich bottom (Fisher et al., 2005, Grinham 

et al., 2012) and the suspended sediments, where the low pH and low ORP create the best 

conditions for the dissolution of soluble manganese into the water. The dissolution rate 

depends on many factors. For instance, reactions are faster with a more acidic pH level 

(Martin, 2003). Other studies indicate that more than 90% of heavy metals in aquatic 

systems are bound on particulates, such as suspended matter and sediments, and that the 

two master variables influencing their mobilisation are pH and ORP (Howe et al., 2004; 

Calmano et al., 1993). ORP-pH charts for manganese show how the lower the redox 

potential, the higher the level of Mn2+ (Motyka and Czop, 2008; Hem, 1963). Thus, low pH 

and low ORP are suitable for the formation of soluble manganese, even though anoxic 

conditions play a basic role. 

The sediment-water interface is very important for all chemical and biological cycles: 

erosion, deposition, and resuspension of sediments depend on the turbulence, viscosity 

and irregularities of the bottom (Tundisi and Matsumura, 2011). Manganese 

concentration in waters depends largely upon the nature of the rocks and soils in the 

water catchment (Dojlido and Best, 1993) and, to a lesser extent, only on the contribution 

of effluents. The coefficients of molecular diffusion for ionic solutions in a porous medium 

are of the order of 10-8/10-3 cm2/s (Tundisi and Matsumura, 2011). Previous work reports 
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(e.g. Chiswell and Huang, 2003) that DO plays an important role for manganese release 

from sediments, which occurs during stratification periods when, for that case study, the 

DO drops below about 1.5 mg/L. Other studies (e.g. Carlson et al., 1997) identified that, for 

a specific reservoir, dissolved Mn was detected only when DO was < 3mg/L, and the 

concentration increased whenever DO < 2mg/L. 

The importance of DO was also identified in other studies, such as similar rates between 

manganese increases and DO depletions at the sediment-water interface (e.g. Delfino and 

Lee, 1971), and the reduction of the anoxic sediment areas being proportional to the 

reduction of iron and manganese from the water column (e.g. Engebringsten, 2010.  

Despite this, Chiswell and Huang (2003) explained that the processes related to sediments 

are very complex, and the water measurements at some (even small) distance from them 

do not imply a correct valuation. This can be a limitation, since, in reservoirs, a significant 

portion of the biogeochemical cycles of many nutrients occur in the sediments and the 

interstitial water (Tundisi and Matsumura, 2011). Despite bottom sediments being usually 

mentioned as the major source of manganese during the stratification seasons, other 

studies (e.g. Davison, 1981) found that the major source of manganese, unlike iron, is the 

dissolution from particulate material present throughout the water column.  

In conclusion, soluble manganese is usually undetectable in the epilimnion. However, after 

the onset of thermal stratification, waters in the deeper layers of the hypolimnion are 

usually much richer in manganese, which is continuously reduced from its insoluble to 

soluble form. This has been proven in several case studies, some of which were cited in 

Dojlido and Best (1993). Mn molecules diffuse throughout the hypolimnetic volume; 

however, once they reach the thermocline, the diffusion cannot go further because of the 

different densities and biogeochemical properties. 

2.2.3 Manganese cycle: transport processes 

In temperate or subtropical lakes the temperature is always high and rarely drops to 

values around 0 °C. When winter ends, and solar radiation and air temperatures increase, 

the water temperature of the top layers increases in turn, in proportion to the depth and 

level of DO (through the processes explained above). The water presents ‘stratification’, 

both thermal (i.e. warmer water at the top) and chemical (i.e. oxygen-rich waters in the 

epilimnion and nutrient-rich waters in the hypolimnion) (Tundisi and Matsumura, 2011). 

The layer with the highest temperature gradient is called the thermocline. This usually 

corresponds to where the highest DO gradient occurs; but if they differ, the ‘oxycline’ can 

be defined as the layer at which the oxygen drops the most. 
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In particular occasions, the thermal stratification can be completely broken by external 

forces, thus causing a full lake circulation, or “turnover”. Usually, the turnover event leads 

to the even distribution of chemical and biological constituents throughout the water 

column, with the top layers enriched in nutrients from the hypolimnion through 

mechanisms, such as turbulent diffusion (Nürnberg, 1988). Similarly, this is valid for 

manganese, with the concentrations in the epilimnion suddenly becoming high 

immediately subsequent to a turnover event. For water resource management 

applications, an understanding of the underlying physical processes that drive mixing, as 

well as their interactions within a water reservoir, is necessary for effective water quality 

management (Ji, 2008).  

A warm monomictic lake presents a full circulation of its waters once per year, during 

winter (Tundisi and Matsumura, 2011). Previous studies (e.g. Howard and Chisholm, 

1975) recorded a continuous and consistent increase in the manganese level in the bottom 

water after stratification, reaching its maximum immediately before the overturn. As soon 

as the overturn occurs and the circulation starts, the manganese from the bottom waters is 

mixed and transported throughout the water column, creating temporary, relatively high 

levels of manganese in the upper waters (Calmano et al., 1993). After this action, the 

manganese load tends to become low during the destratification period. A quick oxidation 

and subsequent elimination of reduced compounds from the hypolimnion occurs, 

sometimes as rapidly as over a couple of days (Macdonald, 1995). This change happens 

with the breakdown of the temperature gradient which allows better water circulation 

and mixing. Then, the water masses, particularly the hypolimnetic anoxic ones, become 

more oxygenated. The Mn2+, stored in those deep layers, through the introduction of 

oxygen, is oxidised quickly to insoluble oxides, which then precipitate and accumulate in 

the bottom sediments (Dojlido and Best, 1993). The remaining manganese, which could 

not precipitate quickly enough, is washed away with the outflow. Further, it is not quickly 

replaced, as there is no reduction from the sediments because of the high temporary 

oxygen concentration. 

The overturn tends to occur following a decrease in radiation, and then in the temperature 

of the epilimnion. This means that the bottom layers are no longer denser and, therefore, 

the resistance to mixing is very low. As a consequence, colder, denser epilimnetic waters 

gradually sink down to the hypolimnion, thus, in turn, bringing the hypolimnetic waters 

towards the surface. Moreover, strong wind events or rainfall events, with associated high 

river discharge, have the capability to accelerate the water mixing (and, therefore all of its 

properties, such as oxygen or nutrients) from the top to the bottom (Zhang and Chan, 

2003; Tundisi and Matsumura, 2011).  
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When solar radiation and air temperature increase again, the water temperature rises at 

the top and creates a density gradient between the top and the bottom. Consequently, 

stratification gradually restarts, the resistance to water mixing increases, and the 

equilibriums previously described are slowly recreated. The duration of the circulation 

varies according to the type of lake, that is, lakes with small surface areas, and those 

protected from the wind, may completely mix for only a few days, while large lakes can 

circulate for weeks. 

Other forms of local mixing can also occur during stratification; for example (Tundisi and 

Matsumura, 2011): 

 Wind can induce internal waves in the thermocline and hypolimnion, as well as 

convection currents, such as the Ekmann spirals. 

 Wind can also cause sediment re-suspension (see also Abesser and Robinson, 

2010). 

 Turbulences in the epilimnion can create seiches (i.e. standing waves) in the 

metalimnion, which have the potential to immediately collapse. This is the Kelvin-

Helmholtz instability. 

 If the reservoir is very big (width >5km), the Coriolis affect must be taken into 

account, as it can produce horizontal or vertical oscillations. Nevertheless, for 

medium-sized dams, such as Advancetown Lake, this phenomenon is negligible. 

 Horizontal displacements also exist, caused by high river discharge, heavy rainfall 

events, or other forms of turbulence.  

 Rainfall events, with the introduction of colder and denser water, create vertical 

local mixing. Hence, during summer, high rainfall events (accompanied by strong 

winds and a cold front) can lead to partial mixings, allowing some nutrients to 

escape into the epilimnion. 

 Local epilimnetic circulations at night can occur during summer because of the 

reduction in the thermal gradient. 

 The outflow (e.g. from the spillway/intake tower in the case of a reservoir) can 

create advection currents (which increase density) and, if the outflow is at the 

bottom, this can create persistent oxygenation. 

The overall mechanism of possible introductions of mechanical energy into a lake, which 

trigger turbulence, can lead to water mixing as illustrated in Figure 2-3. 
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Figure 2-3 Turbulence in a reservoir (Tundisi and Matsumura, 2011) 

 

Due to the close interrelationships of the atmosphere and a lake, it is important to monitor 

the relationship between climatic factors (such as solar radiation), wind and precipitation, 

and events in the lake (such as thermal structure, vertical and horizontal circulation) 

(Tundisi and Matsumura, 2011). Often, the data are collected and stored with limited cost 

benefits, as part of them is not used, or they are inadequate to predict water-quality 

parameters (Zaw and Chiswell, 1999). For example, previous studies conducted in 

Advancetown Lake (Zaw and Chiswell, 1999) could not identify any relevant long-term 

statistical correlation between soluble/insoluble manganese and any other traditionally 

measured water quality parameters. 

2.2.4 Conclusions  

The main factors influencing Mn levels, according to the pertinent literature, are presented 

in Table 2-1 below. It is evident that the epilimnion, from which the water is drawn, 

should have very low manganese levels, at all times, except during those periods in which 

the epilimnetic waters are mixed with the bottom, nutrient-rich ones because of some 

turbulent phenomena. Hence, the main influencing factors, although limited to particular, 

short periods of the year, are the presence of mixing phenomena and, by consequence, the 

level of manganese contained in the hypolimnion when the mixing occurs. Tables 2-2 and 

2-3, respectively, display the predictors for these two main factors (i.e. lake circulation and 

hypolimnetic soluble Mn). Each variable, included in the tables, has its own cycle. This 

cycle depends on many factors and, as shown in the manganese cycle scheme in Figure 2-

2, the causal relationships are not straightforward. Rather, they often have multiple 

secondary and backwards effects that make the systems very far from having a clear, 
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linear causal chain. While the following tables represent a significant simplification, they 

are helpful in synthetizing the principal factors involved in the Mn cycle, and facilitate an 

understanding of the lake data analysis. 

Table 2-1 Main soluble Mn predictors in the hypolimnion  

SOLUBLE MANGANESE HYPOLIMNION 

Predictor Importance 
References 

Insoluble Mn 

hyp 

H 
Tundisi & Matsumura, 2011; Davison, 1981; Hulth et al., 1999 

DO 
H 

Tundisi & Matsumura, 2011; Chiswell & Huang, 2003; Martin, 

2003; Engebristen, 2010; Delfino & Lee, 1971 

pH 
H 

Tundisi & Matsumura, 2011; Motyka & Czop, 2008; 

Calmano et al., 1993; Martin, 2003; Hem, 1963 

ORP H 
Motyka & Czop, 2008; Calmano et al., 1993; Hem, 1963 

Fe M 
Martin, 2003; Engebristen, 2010 

NOx M 
Tundisi & Matsumura, 2011; Engebristen, 2010 

External loads L 
Tundisi & Matsumura, 2011; Macdonald, 1995 

H = high; M= medium; L = low; hyp=hypolimnion  

Table 2-2 Main lake turnover predictors  

H = high; M= medium; L = low 

LAKE CIRCULATION 

Predictor Importance 
References 

Solar radiation H 
Macdonald, 1995 

Wind H 
Tundisi & Matsumura, 2011; Macdonald, 1995 

Hypolimnetic 

temperature  
M 

Nürnberg, 1988 

Rainfall M 
Tundisi & Matsumura, 2011; Socolofsky & Jirka, 2004 

Inflow/outflow M 
Tundisi & Matsumura, 2011; Socolofsky & Jirka 2004 
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Table 2-3 Main soluble manganese predictors in the epilimnion  

SOLUBLE MANGANESE EPILIMNION 

Predictor 
Importance References 

Soluble Mn hyp + 

turnover 

H Calmano et al., 1993; Nürnberg, 1988; Howard & Chisholm, 

1975; Dodds, 2002 

DO 
M Johnson et al., 1995 

Fe 
M Martin, 2003; Engebristen, 2010 

Nox 
M Tundisi & Matsumura, 2011; Engebristen, 2010 

pH 
L Howe et al., 2004; Faulkner et al., 1996; Johnson et al., 1995 

H = high; M= medium; L = low; hyp=hypolimnion  

2.3 Modelling environmental systems 

2.3.1 Overview 

For a long time, experts have been trying to understand and model environmental 

systems, as well as attempting to predict future behaviours. As a consequence, a number of 

models, pertaining to different categories, have been created and refined. Two such 

environmental models have been defined: process-based and data-driven. The data-driven 

models, unlike the process-based models, involve mathematical equations that are not 

derived from the real, physical processes; rather they are derived from an analysis of the 

time series data. Recent developments in computational intelligence and machine-learning 

techniques have substantially expanded the capabilities of empirical models. The data-

driven modelling consists, in the main, of analysing the data of a system and finding 

connections between the system’s state variables, without explicit knowledge of the 

physical behaviour of the system and, thus, of a sensible justification of the detected 

correlations. Data-driven approaches have been applied of both well-known and newer 

statistical models, such as regression, ARIMA, and Artificial Neural Networks (ANN). 

Linear regression analysis focuses on the estimation of the relationships between an 

independent variable and a number of dependent variables. The method typically used to 

determine the model’s parameters is the method of least squares, which however is 

sensitive to heteroskedasticity (variance not constant over time) and nonnormality, as 

well as ignoring nonlinear correlations (Hogg, 1979). Another suitable method, the 

principal component analysis, can also be used for estimating regression coefficients; yet, 
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again, the normality assumption is made and only linear correlations are assumed. 

However, this limitation can be overcome by using nonlinear regression techniques, with 

nonlinear coefficients, sometimes changing over time (Chatfield, 2003), where the sum of 

squares must be minimised with iterative processes. In the case of medium or long-term 

forecasts, causal analysis techniques, such as regression models, are preferred over those 

time-series techniques (such as exponential smoothing) that only take into account 

previous recent observations of the same series. Moreover, regression analysis can 

sometimes be used for inferring causal relationships between independent and dependent 

variables, even though this could lead to illusions and false relationships (Armstrong, 

2012). The regression model, therefore, should be validated by an expert of the real 

system, who could distinguish between real and misleading relationships.  A valid, 

temporal-based variant of a regression model is a nonlinear autoregressive exogenous 

model (NARX), where the model estimates the current value of a time series based on past 

values of the same time series, as well as current and past values of exogenous time series 

(i.e. external inputs), and an error term. The model function is non-linear, such as 

polynomial or a neural network (described below). 

Another broad class of statistical models includes the ARIMA models (Montgomery et al., 

2008). They are, in theory, the most general class of models for forecasting a time series 

which can be made to be “stationary” by differencing (if necessary). A random stationary 

variable can be viewed as a combination of signal and noise; an ARIMA model works as a 

“filter” that tries to separate the two components and, then, the signal can be extrapolated 

into the future to obtain forecasts. It is possible to include exogenous inputs up to a certain 

lag, defined after analysing the cross-correlogram. In this case, the model is named 

ARMAX. This method is superior to a simple autoregression of the y for short-term 

forecasts, but for long-term forecasts (say of more than three time steps), the uncertainties 

are summed up and the performance suffers (Montgomery et al., 2008). 

In the last decades, much attention has been given to ANN (Montgomery et al., 2008). This 

nonlinear, flexible mathematical model takes its name from its attempt to simulate the 

operation of neurons in the brain. Such networks have a number (usually two or three) of 

linked layers of artificial neurons, including one input and one output layer. The measured 

variables (including exogenous inputs and the past observations of the time series to be 

predicted) are given to the input layer and processed by one or more intermediate layers 

(called hidden layers) to produce one or more outputs. Figures 2-4 represent a network 

with two hidden layers artificial neurons. It also possible to distinguish between different 

categories of ANN, for instance static (i.e. feedforward) and dynamic (i.e. recurrent). The 

output of a dynamic system is a function of past outputs and past inputs. Recurrent neural 
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networks (RNN) are powerful tools for sequence learning and prediction since they are 

able to memorize the past information and therefore, learn and predict dynamic 

properties of certain behaviours (Rastovic, 2012). 

Because of the possibility to use nonlinear activation functions, ANN can capture nonlinear 

relationships between the inputs and outputs. In case a linear activation function is 

instead used, and if the network is in its simplest form (a two-layer feedforward network), 

then ANN is just another representation of a traditional multilinear regression model 

(Breiman, 1996). However it can be customised in a very flexible manner and reach the 

degree of complexity and nonlinearity desired. It also possible to represent the 

relationship between events in time by developing a Time-Delay ANN, where the weighted 

sum of inputs presented to the activation function is modified by introducing delays, with 

different weights given to inputs with different delays (Waibel et al., 1989). 

 

 

Figure 2-4 Feedforward ANN architecture with two hidden layers (Priddy and 
Keller, 2005) 

 

2.3.2 Process-based models applications 

Another  approach can be chosen, which implies the avoidance of stochastic models, and 

the use of methods in which a given set of variable states is uniquely determined by 

certain parameters of the model, and by the previous states of those variables. Unlike the 

traditional statistical techniques in which the variables are stochastically related, it is 

common practice to refer to deterministic models as those that use precise physical and 

mathematical laws to determine the relationships between variables. In the natural 
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science sector, this means that a system can be reduced to a set of equations and 

parameters, determined by analysing the real system. Usually, assumptions are made and 

the model is idealised to simplify the system being described (see, for instance, the 

concept of ‘ideal gas’). These so-called ‘process-based’ deterministic models, as the name 

implies, are based on the physics and chemistry of the environmental system to be 

described. Usually, these models are extended to three dimensions to represent the whole 

spatial structure of the system. Laws and parameters interact with each other and, once 

new inputs are given to the model, the equations compute a new output, based only on 

scientific laws. Many of these models are static; meaning, that they do not work with time. 

If the time dimension is included in the analysis then the model is said to be dynamic. 

Process-based modelling differ from statistical modelling because, even though statistical 

modelling generates a numerical result, the approach is not statistical-numerical, but is 

rather dictated by the real system itself, and allows a clear explanation of that system. 

Statistical models do not provide an exact number, but are usually only how the output 

reacts when other features are changed (Bendoricchio and De Boni, 2005). 

In particular circumstances (e.g. a large enough dataset), it could be convenient to 

describe a system with a process-based model. It is a system described by mathematical 

laws, with deterministic parameters defined by real experiments and, therefore, will 

always give the same output when the same inputs are presented. The applications of 

mathematical modelling in natural science are several. Newton’s laws are one famous 

example, as well as the theory of relativity, which extends the limits of Newton’s findings.  

Focusing only on the last few decades and the water management sector, many research 

studies have been performed, particularly focusing on the development of hydrodynamic 

models. For example, Chen and Lee (1991) developed a deterministic hydrodynamic 

model for predicting the water flow in a freshwater estuary. The finite element method 

was used to solve the shallow water equations, obtaining outputs with only small 

discrepancies from the targets. In Mark et al. (1996), a deterministic sediment-transport 

model was coupled with a hydrodynamic model to predict the location of sediment 

deposits in a sewer system. The authors concluded that the resulting model could be used 

to predict the location of sediment deposits with a good degree of accuracy.  

Bendoricchio and De Boni (2005) predicted the variation of nutrients and trophic index 

distribution in the Lagoon of Venice as a consequence of an increase in hydraulic 

dissipation at the Lagoon outlets, coupling a deterministic model with a statistical one. The 

results showed how the integration of a statistical model, that can detect the correlations 

between variables, is a promising means of dealing with datasets that are not as detailed 

as otherwise necessary for a more complex and dynamic deterministic water-quality 
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model. Hossain and Imteaz (2009) coupled a rainfall-runoff model with a water-quality 

model to predict total suspended solids, nitrogen and phosphorus in a Queensland 

(Australia) catchment. Several of their parameters and equations were determined from 

the literature. 

Chung et al. (2009) coupled many hydrodynamic, water-quality and sediment-

resuspension models to predict the interactions between bed sediments and the water 

column in a lake, where the wind was the main factor for water mixing. Their prediction 

used mathematical formulations (e.g. erosion rates) and coefficients that had to be 

determined. In another study, Richards et al. (2010) computed the prediction of soft-tissue 

copper bioaccumulation in a coastal oyster through the use of a deterministic model able 

to integrate submodels coming from different disciplinary areas. In their study, Blondel et 

al. (2010) predicted sea waves using a deterministic nonlinear wave propagation model. 

They also underlined how few previous studies had used nonlinear models for that 

problem, with the majority having been devoted to linear theories of wave propagation. 

While Jayaweera and Asaeda (1993) built a mathematical model for DO in lakes, the model 

could not forecast DO concentrations in the future, unless all future input values were 

known. Additionally, Patterson et al. (1985) coupled a vertical mixing model with a DO 

budget model for Lake Eire; they observed the importance of turbulent mixing in the 

distribution of DO through the water column. 

Further, water temperature was found to be a key parameter in deterministic models, 

such as in Caissie et al. (2007). They obtained high accuracy in their research, with errors 

mainly concentrated in those periods when snowmelt was an important factor. Helfer et 

al. (2011) made use of an existing, worldwide applied one-dimensional processed-based 

model, (i.e. DYRESM), to calculate the water temperature and evaporation rates of a 

reservoir to assess different strategies for evaporation reduction.  

Importantly in relation to the current study, Johnson et al. (1991) created a mathematical, 

time-dependent model for simulating the manganese cycle in a Swiss lake. The model 

made use of differential equations, including all the main processes affecting the formation 

and transportation of soluble and particulate manganese, such as eddy diffusion, outflow, 

flux from the sediment, oxidation in the water column, and coagulation with subsequent 

sedimentation. However, the equations in this model did not include the mixing in the 

epilimnion (the oxygenated top layer of water, the depth of which varies during the year, 

thus, implicitly, including the turnover mixing). While the model did manage to predict the 

Mn concentration fairly well for two years in different months (during stratification), the 

model was calibrated making assumptions on some constants and, therefore, its reuse 

must be approached with caution and be recalibrated for other lakes. 
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Among the systems considered for the current research are several successful applications 

of deterministic models in environmental science systems. However, because they 

typically present several inputs, they were deemed as not ideal for the study’s short-term 

forecast, due to the need of forecasting the inputs in turn, thus adding uncertainty prior to 

running the model. Instead, process-based models were identified as more suitable for, for 

example, climate change studies, which, typically, involved future inputs time series 

manually created according to different hypothesised scenarios. An example is provided 

by Trolle et al. (2011), who observed increased eutrophication (and, thus, possible higher 

nutrients loads) for three different lakes when future expected air temperature 

increments were considered by the model.  

2.3.3 Data-driven models applications 

Data-driven modelling has proven its applicability to various water engineering problems, 

especially when it is difficult to build knowledge-driven models. Bearing in mind that 

several other types of models and techniques in this field exist (e.g. Fuzzy Rule-Based 

Systems, Genetic Algorithms, Chaos theory, Agent-Based Modelling, and so on), previous 

studies focused on innovative techniques, such as ANN, or rely on traditional models, such 

as Multiple Linear Regression (MLR). Nevertheless, hybrid models were often constructed, 

in which other data-driven techniques (e.g. genetic algorithms) or process-based 

equations were assimilated into the main technique; for instance, ANN model (e.g. Yitian 

and Gu, 2003; Bowden et al., 2002; Cigizoglu et al., 2003;  and the Evolutionary Polynomial 

Regression from Giustolisi and Savic, 2006, 2009). 

Models, such as ANN, have been extensively applied for classification or prediction in 

many fields, such as financial and environmental. Hundreds of applications to predict 

water quality or quantity can be found in the recent literature (e.g. Maier et al., 2010). A 

starting point is the research of Bowden (2003), which adopted an ANN model for the four 

week prediction of the concentration of cyanobacteria in the River Murray, Australia. 

Developing a ‘General Regression Neural Network’, based on some of the most advanced 

techniques for that time, Bowden (2003) proved the robustness of ANN in forecasting the 

incidence of cyanobacteria. His work followed the research trend of the previous five years 

(1996–2001), when hundreds of ANN models were developed. Yet, his application was 

quite original, as most existing models dealt with the prediction of river flow (e.g. Khalil et 

al., 2001), predictions of more than one river flow (e.g. Kim and Barros, 2001; Karunanithi 

et al., 1994; Joorabchi and Zhang., 2007; Araujo et al., 2011), rainfall (e.g. Burian et al., 

2001), rainfall prediction in multiple locations (Kuligowski and Barros, 1998), and 

rainfall-runoff (Minns and Hall, 1996). Additionally, water-quality models had been 

developed (e.g. Zhang and Stanley, 1997), however, they usually tried to model 
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parameters, such as salinity and pH (e.g. Bastarache et al., 1997, who attempted to model 

both of these), rather than real particles or nutrients lying in the water. This trend towards 

a greater number of applications regarding water ‘quantity’ (e.g. river flow) rather than 

quality was confirmed by Maier et al. (2010). They reviewed 210 journal papers from 

1999 to 2007 related to the use of ANN for the prediction of water variables, and found 

that about 190 related to water quantity (such as river flow) and only 20 related to 

quality. 

Moreover, other models have been used in the past. ANN is not the only possible effective 

model that can be applied for prediction. Nevertheless, the best prediction tool, according 

to the features of the data, needs to be chosen. For instance, if the data are linear, then a 

traditional model, such as linear regression, might be more appropriate. Additionally, 

traditional regression techniques allow a better identification of casual relationships 

between inputs and outputs, unlike black-box approaches, such as ANN. As a result, 

several statistical models other than ANN have been used to predict variables in the 

hydrology and water resources field. Koch and Smillie (1986) used simple linear 

regression after a log transformation of data for water quality, sediment, and stream flow 

forecasting. In another study, a multiple linear regression (MLR) model was applied to 

predict total bed material load (Sinnakaudan et al., 2006), obtaining a coefficient of 

determination of 0.63 in the validation set. Box-Jenkins approaches for prediction of 

water-quality parameters have also been applied (e.g. Jayawardena and Lai, 1989; Worral 

and Burt, 1999), obtaining satisfactory results. Rocha et al. (2009) also applied MLR in 

order to predict DO and chlorophyll-a concentrations in 25 lakes of the Upper Parana 

River floodplain, in Brazi. They also identified the inputs with strong positive (e.g. pH or 

nitrate) or negative (e.g. water temperature, conductivity) correlations to DO. Another DO 

prediction model, based on regression, had already been built by El-Shaarawi (1984) three 

decades previously. He also focused on its depletion rate and the probability of anoxia; 

thus, he was able to identify the most relevant inputs as well. A newer study, by Raman 

and Sunilkumar (1995) applied both an autoregressive model and an ANN, for the 

prediction of inflow to two Indian reservoirs; they obtained satisfactory results with both 

methods. Other studies (e.g. De’ath and Fabricius, 2010) showed how other statistical 

models, such as boosted regression trees, can be highly effective in the analysis of complex 

ecological data.  

A particular sub-category of statistical models, applied for environmental predictions, 

includes probabilistic models, such as the Bayesian networks. These networks provide a 

systematic method for structuring probabilistic information, about a situation, into a 

coherent whole (Darwiche, 2010). These models are a compact representation of the 
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probability distribution that tends to be too large to be handled using traditional 

specifications from probability and statistics. Their structure is made by a directed acyclic 

graph in which the nodes represent the variables, linked between them through arcs that 

symbolise dependent relationships between the variables. The strength of these 

relationships is determined through the use of conditional probability tables (CTP) 

attached to each node. A CTP specifies the probability that a certain variable will be in a 

particular state, given the state of the parent nodes; that is, the nodes that directly affect a 

given node. It is possible to substitute the a priori beliefs of one or more nodes with real 

observations and, through the Bayes’ theorem, the a priori probabilities of the other nodes 

are updated.  

Since many systems can be represented with a Bayesian network, the fields of application 

are diverse, ranging from speech recognition and document classification, to decision-

making problems. Cheon et al. (2009), for instance, used a Bayesian network for the 

prediction of rare high ozone concentration events. They compared the performance with 

a statistical model, such as a decision tree, resulting in a smaller forecast error. In their 

paper, a list of advantages for this method compared to traditional models was reported, 

including the fact that it can make a good combination of data information and previous 

knowledge of the process. Additionally, it can overcome the complexity and nonlinearity of 

the problem described, and it can deal with missing and noisy data. Borsuk et al. (2004) 

simulated many aspects of the eutrophication process in a river estuarine using a Bayesian 

network able to integrate other sub-models of different kinds (e.g., process-based, 

multivariate regression and expert judgements). 

In conclusion, various data-driven models have been created and implemented in the past 

for environmental modelling problems, with none of them proving an evident superiority. 

The choice of the best model must be taken according to features of the analysed system 

and the available data.  

2.4 Procedure for data-driven model development 

To develop the best performing data-driven model for time series analysis forecasting 

(which is the goal of the current project), several key-activities must be undertaken before 

and after the model’s creation. The following chart illustrates the steps that should be 

followed by a data-driven modeller. 

2.4.1 Problem Definition  

Much of the ultimate success of a forecasting model in meeting the users forecast 

expectations is determined in the problem definition phase (Montgomery et al., 2008). 
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This step involves developing a deep understanding of how the forecast will be used. In 

this phase, some important concepts must be defined, for example, the desired frequency 

of the forecast (e.g. daily or weekly), the horizon or lead time, the level of accuracy 

required, and the type and quantity of data required. In addition, to avoid any 

inconvenience or misunderstanding in later phases, the methods of collecting or 

transferring data, and the form of the final output, should be arranged at this stage. 

 

 

Figure 2-5 Stepwise procedure for time series analysis and forecasting 

 

2.4.2 Data Collection 

The data collection phase includes obtaining the relevant temporal history of the variables 

that are to be forecasted, as well as the information on potential predictor variables. It is 

very important to get only the relevant variables, avoiding useless or redundant 

information. This selection activity can be divided into two parts. The first is a theoretical - 

or logical - selection, made by experts of the process involving the variable to be predicted, 

who can suggest which variables are not involved from a ‘real-world’ point of view (this 

avoids finding spurious correlations later). The second part involves the statistical 

analysis of the variables. 
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Often, it is necessary to deal with potential outliers, missing data, measurement errors, 

and other kinds of data collection problems (Montgomery et al., 2008; Chatfield, 2003). If 

bounded to acceptable limits, these problems can be handled using special techniques, as 

well as the experience and good sense of the forecaster. It is also important to know 

whether the data collected are to be registered for that day or the day after. For example, 

rain data are often collected the morning of the day after. In this case, the time series 

needs to be shifted backwards by one day. 

2.4.3 Data Analysis 

In the data analysis step, the features of the data are identified. This phase can be divided 

into many actions. First, a data summary must be made in which at least the mean, 

variance, skewness, and kurtosis are calculated to give a general idea of the distribution of 

each variable.  

Secondly, a graphical representation and analysis of the available data becomes of basic 

importance in developing a forecasting model; most of the broad general features of a time 

series can be seen visually (Montgomery et al., 2008). Features, such as trend or 

seasonality (e.g. diurnal, weekly or annual), are usually easy to see with a time-series plot. 

A first visual idea about the stationarity can also be obtained before performing specific 

tests. Moreover, the visual inspection allows for the ability to detect discontinuities and 

outliers, and to determine whether data transformation is necessary. 

Where there is more than one variable of interest, scatter plots may be useful in displaying 

pairwise relationships between variables (Montgomery et al., 2008). Even though scatter 

plots cannot establish causal relationships, they can display how the variables vary 

together in the historical data set. The resulting distribution helps in detecting 

nonlinearities. In these cases, the data transformation is recommended when wishing to 

obtain linear relationships. 

Testing the time series for normality is also important. A good way to assess normality 

from a visual point of view is to plot a histogram; however, some normality tests can also 

give a more definitive answer. The most frequently used tests are the Jarque-Bera test 

(Jarque and Bera, 1987), which is based on skewness and kurtosis (Hill et al., 2011), and 

the Lilliefors Test, which is an adaptation of the Kolmogorov-Smirnov test (Lilliefors, 

1967). The Anderson-Darling test can also be used (Stephens, 1974). Detecting and 

deleting outliers before performing these tests is essential, but it must be remembered 

that sometimes outliers are extreme, but valid data points (Chatfield, 2003): they simply 

remove the normality assumption from the dataset. 
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Assessing the bimodality of the frequency distribution of a time series can be very 

important, as it may explain nonnormality. For example, the data can be divided to create 

two normal distributions, or to be appropriately transformed (Baker, 1930). To assess 

bimodality, it is common to make use of the following coefficients: the bimodality 

coefficient (BC), Hartigan’s dip statistics (HDS), or the difference in Akaike’s information 

criterion (AIC) (Freeman and Dale, 2013). The BC is based on the empirical relationship 

bimodality with skewness s and kurtosis k (which are the third and fourth statistical 

moments of a distribution). A bimodal distribution is assumed to have a very low kurtosis, 

an asymmetric character, or both. Therefore, BC, which is proportional to  
𝑆2+1

𝑘
, will be 

high in the case of bimodality. Precisely, the BC ranges between 0 and 1, and the values 

higher than 0.555, suggest bimodality (SAS Institute, 1989). The HDS is calculated by 

taking the maximum difference between the observed distribution of data and a uniform 

distribution that is chosen to minimise that maximum difference (for more information 

see Hartigan and Hartigan, 1985). Finally, the AIC is a well-known goodness-of-fit measure 

of a statistical model, with lower values indicating a better fit. It is possible to fit the 

observed data with a unimodal or a bimodal Gaussian mixture distribution model and, if 

the bimodal Gaussian model gives a smaller AIC than the unimodal, then the time series is 

better described by a bimodal distribution (McLachlan and Peel, 2000). 

It is also important to check whether the series is stationary or evolutionary.  Typically, if 

not otherwise specified, a stationary time-series is “weak” stationary; process is said to be 

N-order weakly stationary if all its joint moments up to order N exist and are time 

invariant. However, a time series is said to be strictly stationary if its properties are not 

affected by a change in the time origin (Montgomery et al., 2008); that is, if the joint 

probability distribution of the observations (yt; yt+k) is the same as the observations (yt+n; 

yt+k+n). If a series is nonstationary, then it is better to exclude them if a regression model is 

used, to avoid spurious regression (Hill et al., 2011). A criterion to check if a series is 

stationary is to use the sample autocorrelation function, which comes from the definition 

of the autocorrelation coefficient. The autocorrelation coefficient with the lagged time 

series k (𝜌𝑘) indicates the degree of correlation between the values of the series {yt}, 

separated by k lags; it is defined as the covariance between yt and yt-k divided by the 

product of their standard deviations: 

ρk =
Cov(yt;yt-k)

σ(yt)σ(yt-k)
        (2-1) 

A value of 1 means that a perfect positive correlation exists, -1 perfect negative correlation 

and 0 no correlation. The collection of the values of ρk for k = 0, 1, 2, 3… is the 
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autocorrelation function (ACF). Since the data are limited to a maximum time T, the real 

ACF cannot be determined, but the sample ACF can be calculated. A rule of thumb is that at 

least 50 observations are required (T > 50) to give a reliable estimate of the ACF, and the 

individual sample autocorrelation coefficients might be of interest, up to k = T/4 

(Montgomery et al., 2008). The sample ACF is important to understand if a time series is 

stationary, as its sample ACF function (‘autocorrelogram’) is usually randomly positive or 

negative, with values near zero. The ACF also allows for the detection of a trend or 

seasonality in data, with a slowly decaying ACF pattern in the case of a trend, and a 

sinusoidal pattern in the case of seasonality. These behaviours are both evidence of 

nonstationarity. Further, it is recommended normalising the time series before building 

the autocorrelogram, to provide a scale-free measure of the strength of the statistical 

dependence. 

 

Figure 2-6 ACF, when a trend (a), or seasonality (b), is present in the data  

 

A more immediate method for checking the stationarity is to plot the series, split the series 

into different groups, and check the mean and variance for each value. Although small 

differences can be disregarded (Kantz and Schreiber, 1997), it is worthwhile to perform 

tests, such as the ANOVA, to check the significance of the changes. If an autoregressive 

model is to be used, the Dickey-Fuller test (or other unit roots tests) can be used. This test 

determines whether a unit root is present in the characteristic equation of the process. If it 

is, the process is nonstationary; thus, it is appropriate to transform the series by 

differencing (Dickey and Fuller, 1979). 

The ACF can also help in detecting seasonalities. In the case of a sinusoidal pattern in the 

ACF, values out from the significance are bound at important lags (e.g. 7 for weekly data, 

or 365 for daily data); they indicate a strong correlation with the values from the past 

cycles or seasons (Agresti and Finlay, 1997; Joorabchi et al., 2007). The results can be 

verified by overlapping different cycles (years, days, or hours, according to the length of 

the cycle) to check the similarities. Another means to detect hidden periodicities is the 

performance of a spectral analysis using the ‘periodogram’. This plot, named by Schuster 
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(1898), is an estimate of the spectral density of a signal and approximates the time series 

with a sum of sinusoidal functions, for which the coefficients for each frequency need to be 

calculated. If some frequencies have high coefficients, then a periodicity would have been 

found. Similarly, in case the time series results being nonstationary, then wavelet analysis 

is a common tool for analysing local variations of power, although it has often wrongly 

considered as a tool producing qualitative-only results (Torrence and Compo, 1998). 

In this phase it is important to determine whether nonlinearities are present. This result 

helps to decide whether a nonlinear model will be more suitable than a classic linear one. 

ANN, in particular, is recommended whenever the system is nonlinear, while simpler 

methods (such as a linear regression model) are usually better in the case of a linear 

process (Bowden, 2003). As already mentioned, unusual patterns in the scatter plots could 

mean nonlinear relationships between the variables or lagged variables. Similarly, 

asymmetries in the time-series plots are evidence of a nonlinear series (e.g. the different 

slopes of the peak in the river discharge function, due to a sudden increment and a slower 

depletion). Heteroskedasticity (i.e. variance changing over time, or according to 

increments of another variable) is another property characteristic of the nonlinear 

processes (Patterson and Ashley, 2000), and it has to be eliminated using particular 

models (e.g. autoregressive conditional heteroskedastic process, or ARCH) or by using 

data transformation, such as the log transformation (Montgomery et al., 2008).  

Other tests can be used for testing the nonlinear structure of a time series, such as the 

Brock Dechert Scheinkman test, or simply known as the BDS test (Brock et al., 1987). This 

is the most popular test of nonlinearity; however, it is more suitable for analysing 

residuals of linear models because of its power to detect remaining dependencies, or 

omitted nonlinear structures. The tests assess the null hypothesis of independent and 

identically distributed time series against an unspecified null hypothesis. It can test the 

presence of nonlinear dependence, provided that any linear dependencies have been 

removed (by, for instance, taking the first difference of the natural logarithms).  

2.4.4 Data Pre-processing 

Once the data have been analysed, they may need to be pre-processed to transform them 

to more suitable inputs for the model. The stationarity condition can be verified in the 

previous phase; that is, if a series is nonstationary, most of the classical models cannot be 

used because they have been derived from the stationarity assumption (e.g. the ARMA 

family). Further, for other usually more flexible models, such as ANN, stationarity is a 

desirable assumption, even though it is possible to deal with any nonstationary time series 

and to obtain good results with particular techniques (e.g. Kim et al., 2004). Hence, when 
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stationarity is not verified, it is better to transform the data. The most common 

transformation for this purpose is differencing (Montgomery et al., 2008), typically used 

for eliminating trends or seasonalities.  

In addition to undertaking data differentiating, data transformation is also recommended. 

For example, in the presence of heteroskedasticity or positive skewness, a log 

transformation can be a more suitable model to be used. Other transformations might be 

necessary, particularly for those predictors for which the scatter plots or lag plots produce 

a particular nonlinear relationship (e.g. a quadratic). After transformation, the scatter plot 

should be linear, thus giving a high cross-correlation coefficient among the variables. 

Sometimes, if the data are not linear, it is possible that the output behaves differently, 

according to whether or not a certain input assumes values higher or lower than a certain 

threshold. It is therefore important in this phase to verify the presence of possible 

thresholds by performing certain statistical tests (e.g. as described by Tsay, 1998), or 

appropriately splitting the dataset in a way that improves, remarkably, the correlations. 

Another potentially necessary data transformation is the smoothing transformation; it is 

undertaken when the data show a high volatility from the plots, thus hiding regular 

patterns that may be useful for detecting relationships in the model.  

Previous research (e.g. Porporato and Ridolfi, 2001) strongly recommended testing the 

advantage of including very noisy variables, since the disturbance to the reconstruction by 

noise may be greater than the benefit engendered by the additional information. Also, the 

need for smoothing is clear when, from a temporal analysis, it arises that the highest cross-

correlation coefficients are given by long series, indicating that the averaging of the groups 

of data will enhance the correlation. The most common smoothing techniques involve the 

use of moving averages, or moving medians, to give less or more importance to the 

outliers (Montgomery et al., 2008). Exponential smoothing, according to Montgomery et al. 

(2008), is similar to moving the averages; however, it also gives varied importance to each 

older or newer observation. Further, through the use of a proper coefficient, the last 

observations usually have more weight than the previous ones. If the data are also 

bimodal, some transformations are possible (Baker, 1930) in order to obtain normal 

distributions. Another technique used to achieve better results with an ANN model is 

histogram equalisation (Bowden, 2003), in which the data are divided into different bins, 

according to their value. This procedure does not work well in the presence of too many 

common values, or on new independent data. In some cases, a simple linear 

transformation, to rescale the data in a proper range, gives better results than a histogram 

equalisation in a test set (Bowden et al., 2003).  
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Finally, for a later model validation, the data need to be divided into a training set, which is 

used to identify the relationships between the time series and the predictors, and a test 

set, which is used to check whether the model performs well with new, unknown data. In 

ANN models, the training set tends to be further divided to create an additional validation 

set, which is used to stop the training procedure according to specific criteria. The division 

follows a number of rules. Thus, the training set is usually twice the size of the test set, and 

the different sets must have similar statistical properties, namely, their mean and 

variance. However, there is not a fixed rule in the division, with the importance of a right 

choice directly proportional to the complexity of the target function relative to the sample 

size (Kearns, 1997). Cigizoglu and Kisi (2005) showed that good performance could be 

achieved with only a few inputs, provided that the statistics of the training and testing data 

are similar. An ANOVA test to check whether the mean is significantly the same is 

recommended. In the case where the statistics are different, a new division is necessary 

for a good forecast to be achieved. Further, the extreme values in the training set should be 

included, since many models (including ANN) are good at interpolating but not at 

extrapolating. A technique widely used for a good data division, particularly for ANN 

models, is the use of genetic algorithms.  

2.4.5 Inputs Choice 

To avoid redundant information or time series showing spurious correlations it is 

important for the model to receive only essential inputs. Parsimony is, therefore, an 

essential criterion in choosing a model. Further, excessive computation time should be 

avoided, even though, with advances in computer processing power, this problem is 

becoming less important. However, it is still better to select only the information that can 

actually help in the prediction. 

Additionally, when attempting to identify causal relationships between variables the 

cross-correlation function can be used; this involves the collection of the cross-correlation 

coefficients for all lags of interest. Similar to the autocorrelation coefficient, it can be 

defined as:  

𝜌𝑥𝑦,𝑘 =
𝐶𝑜𝑣(𝑥𝑡;𝑦𝑡−𝑘)

𝜎(𝑥)𝜎(𝑦)
        (2-2) 

with 𝜎(𝑥)𝜎(𝑦) equal to the product of the standard deviations of the two time series x(t) 

and y(t), respectively. Note that if x(t) = y(t) for all t, then the cross-correlation function is 

simply the ACF. If y(t-k) is positively correlated to x(t), then the cross-correlation 

coefficient will be close to 1, and y(t-k) should be included as an input in the forecasting 

model. 
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As correlation functions can only detect linear correlations, it is important to carefully 

analyse the scatter plots between the variables and the lagged variables (called lagplots) 

to detect important nonlinear correlations. Important lags are those with 

cross/autocorrelation-coefficients higher than 0.65 (Cohen et al., 2007); or they occur 

when clear nonlinear correlations arise from a lagplot. Further, the same coefficients and 

plots can be calculated for the moving averages of the same variables, or for the 

weekly/monthly/annual means, to determine whether the correlation improves. As 

validated by previous studies (e.g. Worner et al., 2002), this kind of temporal analysis 

enables the best temporal sequence to be found, that is, the group of lags of a certain 

variable is most correlated to the time series to be forecasted. 

Another good technique to use to overcome the limitations of the correlation coefficient is 

the Partial Mutual Information (PMI) criterion (Sharma, 2000), which is used to find the 

strength of the relationship between the output and inputs at various lags. PMI is 

proportional to the logarithm of the joint density between the x and y distributions, 

divided by their marginal densities. It is calculated for each input at each lag to find 

significant information to include in the model. The PMI is can adequately capture all 

dependencies (linear and nonlinear); it is a model-free approach, with no need of 

assumptions about the underlying model structure. 

A respectable method to cluster similar inputs together, while avoiding feeding the model 

with redundant information, is the use of Self-Organising Maps (SOM). If two inputs have 

strong correlations with the output and also with each other, then the SOM will cluster 

them into the same group; one of them would be the redundant predictor. Also, this step 

can be performed by calculating cross-correlations (and analysing scatter diagrams for 

nonlinear relationships) between the inputs themselves. If two predictors have a 

correlation of 0.96, for example, only one can be included in the model (Agresti and Finlay, 

1997) to avoid multicollinearity and an overlap of information. 

Nevertheless, stepwise input choice procedures exist, where one input is added after 

another, then checked to see if the model’s performance improves. Moreover, a ‘top-down’ 

approach can be performed; this approach starts with all the inputs, then they are reduced 

to eliminate those that do not improve the forecast. Hence, it is important to select 

appropriate performance measures. However, the coefficient of determination R2 is not 

suitable because it tends to increase every time an input is added. The adjusted R2 takes 

this phenomenon into account; better performance indices would be the mean squared 

error (MSE) or the root mean squared error (RMSE). According to the literature review, 

other widely applied performance coefficients are the Bayes information criterion (BIC) 

and the AIC (Montgomery et al., 2008). 
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2.4.6 Model Choice 

There is a wide choice of linear and nonlinear forecasting models. The best model arises 

out of the data analysis and the project objectives. A description of the main 

characteristics (and the most extensively applied data-driven models) was given in the 

previous paragraphs. Being cognisant of these other models and hybrid models, the 

following table, created by the researcher, presents a list of the suitability of the various 

models, according to the statistical features of the data.  

From the table it can be seen that the most suitable models, in general, are ANN or 

Regression Trees. Yet, with proper data transformations, most of the problems related to 

non-normality, non-stationarity, or even non-linearity could be overcome. The regression 

models also become a valid alternative because of the clearer interpretation of the input-

output relationships when compared to black-box models. 

Table 2-4 Data-Driven model choice 

Data analysis 
Exponential 

smoothing 

Regression ARMA ANN Regression 

Tree 

ARCH 

Small database       

Non normality       

Non stationarity       

Non linearity       

Heteroskedasticity       

Important 

predictors 

      

Seasonality       

Long-term forecast       

Past similar studies       

 

However, often the best model cannot be selected a priori, but the knowledge of the 

underlying system can help in choosing the most appropriate one. The development of at 

least two distinct models, for comparison purposes, is also recommended, as done for 

instance by Şahin et al. (2013).  
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2.4.7 Model Check, Validation and Improvement 

There are many methods for evaluating the performance of a forecasting model. First, the 

model that generally fits the historical data best is not necessarily the best forecasting 

method for new data (Montgomery et al., 2008). Indeed, this can lead to over-fitting 

(where the model is able to reproduce the historical pattern well, but is unable to 

generalise the relationships found for new data). Therefore, although the model is 

calibrated on a training set of data, the performance must be evaluated on a set of data 

previously separated from the rest of the time series (namely, the test series).  

One of the most common and most widely used performance criteria is the mean squared 

error, which is an estimator of the variance of the one-step-ahead forecast error. Yet, to 

quantify how relatively big the error is, it can be better to consider relative performance 

indexes, such as the mean absolute percent forecast error; it is also common to divide 

errors into different categories (e.g. 1–10%, 10–20% relative error, and so on). 

Another widely used performance criterion is R-squared statistics, which explains how 

much of the variance is attributed to the model. It ranges between 0 and 1 and, maximising 

this index means minimising the sum of the squared residuals. However, since the latter 

always decreases by adding new parameters to the model, this encourages over fitting. 

Therefore, very high R-squared statistics do not mean a good out-of-sample forecast, and 

thus R2 is not always a reliable performance index, as also proven by famous examples 

such as the Anscombe's quartet (Anscombe 1973). 

Thus, it is suggested that a better criterion is the ‘adjusted’ R-squared statistics (Theil, 

1961); by using this index, the model performance now also depends on the number of 

parameters p. This criterion is able to evaluate the degree of the linear relationship, but is 

not recommended for use with nonlinear models, as it works only with least squares 

estimators. Hence, unless the nonlinear relationships are avoided using data 

transformation, and then a linear model is used, the adjusted R2 statistics should be 

avoided; or at least, with a scatter plot yobserved/ypredicted, it should be checked whether some 

kind of nonlinear relationship is still extractable (refer again to the Anscombe’s quartet, 

which highlights the importance of data visual inspection).  

Another criterion, used in previous studies (e.g. Cha et al., 2009), where the nonlinear 

models, such as ANN, were used, is the scatter index, which is given by the RMSE, divided 

by the mean of the observations, for normalisation purposes. The closer to one, the more 

scattered the yobserved/ypredicted plot will be, leading to a lower performance. The closer to 

zero, the closer the plot will be, and the better the performance.  
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Two other important criteria that penalise the inclusion of new parameters are the AIC 

(Akaike, 1974) and the Schwarz (or Bayesian) Information Criterion (SIC) (Schwarz, 

1978): 

𝐴𝐼𝐶 = 𝑙𝑛 (
∑ 𝑒𝑡

𝑇
𝑡=1

𝑇
) +

2𝑝

𝑇
            (2-3) 

𝑆𝐼𝐶 = 𝑙𝑛 (
∑ 𝑒𝑡

𝑇
𝑡=1

𝑇
) +

𝑝∙𝑙𝑛(𝑇)

𝑇
             (2-4) 

Where 𝑒𝑡 is the forecast error at each time step t, p is the number of inputs and T the total 

number of time steps. From the above, it seems that the best, most ‘consistent’ criterion is 

SIC, because it carries a heavier size adjustment penalty, while the others do not penalise 

the addition of the parameters heavily enough (Montgomery et al., 2008). However, many 

variations have been made (e.g., the ‘corrected’ AIC) to improve them. The best 

recommendation is to use more than one, or even a combination; also, the targeted 

performance indexes should be created and used to measure the effectiveness of the 

model in achieving the predetermined specific objectives. 

Nevertheless, before evaluating the best model, each of them should be checked and, 

possibly, improved. First, the residuals must be analysed. Usually it is assumed, through 

empirical evidence and some theoretical justifications, that the time series of forecast 

errors follows a normal distribution (Montgomery et al., 2008). However, in nonlinear 

models, it can as easily be not normal or bimodal (Chatfield, 2003). Normality, therefore, 

should be checked, either by constructing a normal probability plot, or by the use of a 

statistical test, such as the Anderson-Darling test, which is said to be one of the most 

effective in assessing normality (Stephens, 1974). Nevertheless, the choice is wide and 

other statistical tests, such as the Shapiro-Wilk test (Shapiro and Wilk, 1965), and others 

described in the data analysis paragraph, can be used. 

If the forecast manages to detect all the hidden structures and patterns in the data and 

performs well, then the sequence of forecast errors should be structureless, with the 

sample ACF looking like random data. If the error time series consists of uncorrelated 

observations and has constant variance, this is said to be ‘white noise’ (Montgomery et al., 

2008). It is possible to statistically check this with a Portmanteau test such as the Ljung–

Box test (Ljung and Box, 1978), or general goodness-of-fit statistics, which tests how well 

the ACF fits the ACF of white noise. In the case of regression analysis (Chatfield, 2003), it is 

possible to apply the Durbin-Watson test statistics to detect the presence of 

autocorrelation in the residuals (Durbin and Watson, 1950). If the value is higher than R2, 

then the regression is usually spurious. 
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It is very important to obtain white noise (or ‘Gaussian white noise’ if it is also normally 

distributed) in the error time series. In this case, the best error forecast would be zero. 

Hence, the best observation forecast will be error-free. If the error is not white noise, then 

some structure remains hidden and has not been extrapolated. In the case of MLR, it is 

possible that some omitted data was important if, after adding it, all the coefficients 

associated with the other inputs change significantly (Hill et al., 2011). Further, it is 

important to plot the residuals against the observations and for each input to detect 

relationships that were previously disregarded. Importantly, a funnel shape in scattering 

residuals against the observations (that is, error variance increasing with the observation 

value) could mean that a data transformation (such as a log transformation) was 

necessary, or that the weighted least squares approach should be used (Montgomery et al., 

2008). 

As mentioned earlier, if the residual time series is not white noise, this suggests missing 

data. Interestingly, this could also imply the inclusion of irrelevant outputs, despite 

previous appropriate input choices. In the case of regression analysis, it is possible to 

check the weights assigned to each variable. The same operation is possible for ANN, even 

though it is more complicated. The significance of the weights can be reassessed. This can 

be performed with a sensitivity analysis; each time, one parameter in the inputs is 

modified (e.g., ±5%), and the change in the output is assessed. This variation can be 

amplified in the output (in which case the input is very important), or the result can be 

insensitive to that change (in which case the variable is not important). To deal with 

nonlinear responses, other approaches are recommended, such as the variance-based 

sensitivity analysis (Saltelli et al., 2008) in which the variance of the output is decomposed 

in fractions that are attributed to an input or a set of inputs. 

Sometimes, despite good correlations, it is possible to notice a delay in the prediction. This 

can be a relevant problem when a forecast is needed, since it means that the model uses 

past values as a future prediction, thus not providing any relevant output. Porporato and 

Ridolfi (1997) have argued that a delay in the prediction may not be completely 

attributable to the model, but may also be partially accounted for by the noise in the data 

and the low frequency in sampling. Further, that performance could be enhanced by 

interpolation and noise-reduction techniques. Another way to improve the performance, 

in the case of using a model with exogenous inputs, is to include the prediction of some of 

them, if they are available with enough reliability. 
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2.4.8 Model Deployment 

Once the model achieves a satisfying degree of precision, it is ready to be used. 

Nevertheless, the obtained accuracy has to be maintained. Two main features characterise 

the models that can survive over the long term. First of all, it has to be ductile (Porporato 

and Ridolfi, 1997) so that it can be easily updated and, if necessary, modified to handle 

new data. This is particularly important in environmental modelling as most of the 

environmental systems are not static and future model recalibrations will be most likely 

necessary to maintain reliability.  

Secondly, a good monitoring system is very important. One of the simplest ways to 

monitor a forecasting model is by using Shewart control charts (Montgomery et al., 2008).  

These charts plot forecast errors versus time, with a centre line representing the average 

forecast errors and a set of control limits, usually placed at three standard deviations of 

the forecast errors above and below the centre line. Usually the forecast error tends to 

fluctuate around the centre line, but if the errors exceed the limits one or more times, 

something in the system or the model has changed, and the model needs to be controlled, 

modified and updated. 

Often, the model outputs need to be displayed in a clear way for the end-user, who 

typically is not a scientist or a modeller. Thus, the use of GUI, or more comprehensively a 

DSS, is required; importantly, this is valid for process-based models too. However, the end-

users must be identified in a timely manner and be involved in the DSS development, with 

a high degree of participation (McIntosh et al., 2011).  

Three levels of people tend to be involved in the DSS (Rizzoli and Young, 1997): the 

scientists, developing the model; the managers, that is, the decision-makers; and the 

stakeholders. These groups must work jointly for a better delivery of the expected outputs. 

Moreover, it is also important to maintain continuous interaction between the scientists, 

end-users, and IT specialists (Van Delden et al., 2011). The general lack of engagement 

with stakeholders and decision-makers has been identified in the past (Soncini-Sessa et al., 

2003) as one of the major causes of failure in developing an optimal DSS.  

In particular, the ultimate goal of the DSS for the current project, and especially the GUI, is 

to display, in real-time, the outputs of the model in an understandable way for the end-

users. Hence, it will be designed for the user’s needs and capabilities (McIntosh et al., 

2011). Van Delden et al. (2011) explained that, in reality, few DSS are in actual use because 

of lack of transparency for the end-users For example, the algorithms or complex models 
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often are not trusted, even though they have proved their effectiveness (Rizzoli and Young, 

1997).  

Therefore results must be shown in a clear, concise, direct and simple fashion (McIntosh et 

al., 2011; Zhang et al., 2013; Stewart and Purucker, 2011). Furthermore, maintenance and 

update is necessary (Van Delden et al., 2011). As a consequence, the model developers will 

need to be able to access the GUI, or the DSS, in order to undertake further recalibration 

and validation activities. 

2.5 Conclusion 

The main project goal of the current study was to develop a VPS-based model that was 

able to forecast soluble Mn concentrations in the epilimnion of two relatively small 

subtropical warm monomictic reservoirs. 

The Mn cycle in such a category of lakes depends on a high number of chemical, physical 

and meteorological variables. Only a few previous studies (e.g. Johnson et al, 1991) have 

tried to model such a complex system, and no attempts of medium-term forecasts, such as 

few days, were found in the literature review. Process-based models, such as coupled 

hydrodynamic-sediment transport models, could model such a system, but they are not 

recommended for a few-days ahead forecast, mostly due to the high number of inputs that 

could be forecasted in turn. Moreover, the features of the available data (e.g. frequency, 

same location) do not allow a comprehensive understanding of the localised mixing 

phenomena which might act on the lake at different times, depths or locations. However, a 

broader picture can be made, and the main mixing processes (such as winter circulation) 

can be identified. This mixing process is also what typically leads to the highest soluble Mn 

concentrations in the epilimnion during the year. As a consequence, a full understanding 

and modelling of the winter lake circulation can, in turn, assist in an estimation of the Mn 

peak concentrations. 

To achieve such a goal, data-driven models were chosen for the study over the process-

based models, due to their higher capability for medium-term forecasts. When no relevant 

lagged inputs can be found, then input forecasting becomes necessary. Thus, it could be 

determined that a model with few inputs might be the preferred option due to the lower 

uncertainty introduced when forecasting the (few) inputs. Before selecting the best model, 

from the review of the pertinent literature it was noticed the importance to follow the 

illustrated stepwise procedure, as well as an extensive analysis of the data in order to 

better understand the real physical processes , as well as the statistical features of the time 

series. In this way, the most sensible model structure could be more easily selected. 
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Also, the importance of clearly displaying the outputs was highlighted in the previous 

chapters. For this reason, the DSS and GUI were developed in strict collaborations with the 

end users and IT experts. 

The current research, to the Author’s knowledge, that is, the forecast of Mn concentrations 

in a lake a number of days ahead, is deemed to provide elements of novelty, as no previous 

similar model was found in the literature. Perhaps one reason for such a study not being 

undertaken previously is the complicated nature of such a system. However, because of 

the fairly well-established knowledge of correlations between each single parameter and 

Mn concentrations, as well as lakes mixing dynamics, and because of the proven 

effectiveness of data-driven models in yielding high prediction performance for 

environmental prediction applications, it was concluded that there was the potential for 

the creation of such a Mn forecasting model, and associated DSS. 
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CHAPTER 3 

Research methods 

 

3.1 Introduction 

In this chapter, the methodology applied in the current research project is detailed; 

specifically, the main activities undertaken to meet the research objectives are listed and 

explained (see Figure 3-1). 

The final goal of this research project was the development of a DSS which was able to 

forecast soluble Mn concentrations in the epilimnion of subtropical, warm monomictic 

drinking water reservoirs. The DSS was created to assist water treatment operators by 

enabling a more proactive Mn removal and allowing a reduction of the traditional 

monitoring procedures with related economic benefits. In order to achieve such a goal, a 

number of other objectives were identified and achieved first. 

Firstly, since Mn concentrations are affected by the lakes mixing behaviour, it is important 

to understand the mixing processes, and their causes and effects. This was the first 

objective; the available data allowed for the case study to focus on Advancetown Lake 

(also known as Hinze Dam), next to the lower intake (HLI). A one-dimensional 

deterministic model was used, based mainly on the temperature and conductivity of the 

VPS data, which helped quantify the diffusion and convection phenomena. Secondly, the 

same understanding process was undertaken regarding the Mn cycle in the HLI (Objective 

2). The knowledge acquisition from past studies and data, from the results of Objective 1, 

were the first step in the process. The collection and analysis of the available data allowed 

for the identification of the main predictors of soluble epilimnetic Mn, as well as the 

creation of the Mn diffusion model.  

With the completion of the first two objectives, and the correlations found between the 

inputs and the target, the relevant variables were selected to be included in the model and, 
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as a consequence, the proper model structure was developed (Objective 3). This 

development was possible because of the knowledge acquired from previous modelling 

applications and the features of the data. By dividing the historical dataset, the model was 

calibrated and then the performance was evaluated on a validated set of data. The output 

was a 7-days ahead forecasting model, which formed the core of the DSS. 

A secondary goal was the generalisation of the data pre-processing, input selection, and 

model choice approach applied to achieve Objective 3. The forecasting inputs were 

thought to be necessary for this type of problem; a full algorithm, able to, if necessary, use 

input forecasts to predict a target variable, was developed. A code was written which was 

able to receive a given number of inputs, to pre-process them and, according to the 

prediction horizon and desired performance, to forecast some of them in order to improve 

the accuracy (Objective 4). In this way, the procedure applied for the Mn prediction could 

be applied, in the future, to any type of similar forecasting problem. A case study was used 

for the model validation. 

The next goal was the repetition of the same process to create Mn prediction models for 

two additional case studies where the data were available, namely Hinze Dam, next to the 

upper intake (HUI), and Little Nerang Dam (LND). The case studies helped prove the 

applicability of the created model to other similar case studies. 

The final goal was the DSS that was developed for the main case study (HLI); it involved 

the assistance of IT experts. This approach allowed for the automation of the process by 

creating a code able to automatically collect the newest relevant data from the VPS, to pre-

process them, to feed the Mn model, and to display the outputs in a GUI accessible by the 

operators at the WTP.  

3.2 Understanding the mixing processes in HLI  

The first stage of the current research involved the assessment of the main mixing 

processes affecting Advancetown Lake.  

Advancetown Lake, also known as Hinze Dam, is located in the Gold Coast hinterland 

(153.28°E, 28.06°S); it is the main drinking water supply for the Gold Coast region. The 

dam, built in 1976, is located across the Nerang River (precisely, immediately downstream 

of the confluence between the Nerang River and the Little Nerang Creek); it created a 

storage capacity of 42,400 ML. 
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Figure 3-1 Main research objectives  

 

The dam was subsequently raised in 1989, and then significantly upgraded in 2011, where 

it reached its current maximum capacity of 310,730 ML, with an average depth of 32 

metres. The surface area and the catchment area are 15 km2 and 207 km2, respectively. 

Water from Advancetown Lake is drawn from two locations. The main intake, namely the 

lower intake (HLI), consists of an intake tower next to the dam wall; the water is gravity 

fed through a single outlet conduit to a pump station located below the dam wall. The raw 

water is then pumped, for a short distance, to a 7 ML header tank, and then it is gravity fed 

through a 1200mm pipeline for approximately 16km to the Molendinar WTP. This plant 

can treat up to 180 ML of raw water per day and provides most of the drinking water for 

the Gold Coast population. The secondary intake, namely the upper intake (HUI), is located 

upstream in the eastern branch of the lake; it draws and redirects water to a smaller WTP 

located in Mudgeeraba (two km east of the reservoir). This plant was completed in 1969 

and can treat 110 ML per day. The intake towers have gates at mostly 5-metre intervals 

(DERM, 2010). They can be opened and closed according to the water quality, as measured 

at different depths.  
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Figure 3-2: Advancetown Lake and Little Nerang Dam map with the locations of 
HLI, HUI and LND. 

An extensive review of the pertinent body of literature (described in Chapter 2, as well as 

summarised in Chapter 4) allowed for the identification of the mixing phenomena 

typically occurring in similar lakes. The most significant phenomena implied the upward 

movement of Mn-rich waters, that is, the winter lake circulation. This process typically 

lasts weeks or months, hence could be analysed through the available historical data. 

Other processes, such as internal waves, required the measurement of water temperatures 

and/or velocities, with a frequency in the order of seconds. However, due to the much 

higher frequency of the available data, these phenomena were not considered.  

The data for this study were made accessible by Seqwater by providing historical database 

with the results of the monitoring programs. Extensive monitoring is a core component of 

responsible storage and catchment management. Traditional monitoring programs focus 

on monitoring at fixed intervals (usually on a weekly basis); that is, physically collecting 

water samples using boats, returning them to the laboratory for analysis, and then 

reporting on the results. These business-as-usual monitoring activities are time-

consuming and expensive, and they are not in line with current water-quality values. 

Seqwater’s latest monitoring programs also introduced innovative technologies which 

provide real-time, web-based access to the condition of the reservoirs. An intensive 

network of remote water-quality instruments, called Vertical Profiling Systems (VPS), has 

been deployed across several dams, allowing consistent monitoring of water-quality and 

catchment conditions, and greatly improving the data collection process. The VPS 

deployed in some of Seqwater’s main reservoirs, including Advancetown Lake, now 
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monitor water quality at multiple depth levels, 24 hours, 7 days a week, and provide high-

quality data that can be accessed remotely. Importantly, the automated monitoring system 

significantly reduces the costs and time associated with sending monitoring crews out into 

the field; it also detects short-term events routinely missed by traditional field sampling 

programs. In 2005, similar tools were applied in Ireland (Rouen et al., 2005), and are 

proving their value and potential for further application in other catchments around the 

world.  

According to Rouen et al. (2005) such a system consists of: 

 One or more monitoring stations that are used to constantly monitor the weather 

and the vertical variations of the chemical–physical parameters of the reservoir. 

Different versions are used, including: a ‘cage’ version (in which the electronic 

components are mounted in waterproof cases, housed, in turn, into a waterproof 

box fabricated in stainless-steel); a ‘pumped version’ (in which the water is 

abstracted by a hydraulic pump); and an automatic water quality–monitoring 

station (comprising a floating platform with batteries and data loggers housed in 

waterproof cases, and the probe working underneath) The latter represents the 

solution adopted in the Seqwater reservoirs (Figure 3-2). 

 One remote station that receives, analyses and stores the information collected by 

the monitoring stations  

 Communications tools, used for data transfer. This can be done through a GSM data 

modem and a telephone network (when there is no network coverage, data can be 

transferred via a low power UHF radio link to a convenient ‘shore station’ 

connected to the network), although recent instrumentations are provided with 

several wireless data transmission options. 

The VPS used by Seqwater are produced by YSI (http://www.ysi.com/index.php), a 

developer and manufacturer of sensors, instruments, software, and data collection 

platforms for environmental water-quality monitoring and testing. The data probe used in 

the monitoring station was the ‘YSI 6600v2-4’, which can measure, simultaneously: 

conductivity (and salinity); temperature; depth/level; pH; redox potential; dissolved 

oxygen; turbidity; chlorophyll-a, and blue-green algae. Full specifications of the YSI probe 

is detailed on their company website (see: http://www.ysi.com/productsdetail. 

php?6600V2-1). 

 

http://www.ysi.com/index.php
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Figure 3-3 Vertical Profiling System structure 

The monitoring involves the whole water column, with a 3-hour frequency and 1-metre 

vertical resolution. The more recently installed VPS can actually perform full water 

column samplings every hour. The data are transferred to, and stored in, the Seqwater 

server, access to which requires authorisation. The vertical profiles of the measured 

parameters are displayed for the operator (this output is easily understandable and the 

lake dynamics are visually represented in a clear way).  

The collected historical data were available for the period from September 2008 (when 

the VPS was installed) till November 2012. However, two successive updates were 

performed during the course of the project, thus eventually including the 2013 and 2014 

data. The VPS data included water temperature and conductivity (in order to estimate 

water density), with a 3-hour frequency, for the whole water column, at a vertical 

resolution of one metre. The weekly data from the manual water samplings were 

available; they were believed to be unnecessary considering the higher temporal 

frequency of the VPS data. The weather data were also obtained from the Australian 

Bureau of Meteorology (BoM) for periods and locations that changed according to the 

variable. The river inflow data were collected from the Department of Energy and 

Resources Management (Queensland Government) (DERM). The list of the original set of 

data was collected and used for Objective 1 (Table 3-1). On an average, the percentage of 

missing data was 15%.  
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Table 3-1 Data collected for Objective 1 

Variable 
Source Method Frequency Period 

Water temperature Seqwater Water sampling Weekly 
2000–2012 

 Seqwater VPS 3-Hourly 
2008–2012 

Conductivity Seqwater Water sampling Weekly 
2000–2012 

 Seqwater VPS 3-Hourly 
2008–2012 

Inflow DERM Free data Daily 
2007–2012 

Outflow Seqwater Measurement Daily 
2008–2012 

Solar radiation BoM Free data Daily 
2000–2012 

Rainfall BoM Free data Daily 
2000–2012 

Wind speed BoM Data with fee Daily 
2000–2012 

 Seqwater VPS 3-Hourly 
2008–2010 

Wind direction BoM Data with fee Daily 
2000–2012 

 Seqwater VPS 3-Hourly 
2008–2010 

Relative humidity BoM Data with fee Daily 
2000–2012 

Cloud cover BoM Data with fee Daily 
2000–2012 

Air temperature (max and min) BoM Free data Daily 
2000–2012 

Air temperature  Seqwater VPS 3-Hourly 
2008–2010 

 

Before analysing the data, data pre-processing was undertaken for particular 

circumstances. For instance, for the statistical analysis, and searching for correlations, the 

VPS data were averaged on a daily basis, in order to obtain equal frequency with the BoM 

and DERM data. Another pre-processing phase involved the nearest-neighbours 

interpolation for missing data. When several days were missing, a linear interpolation was 

performed with the closest available information. Some cyclical noise was added to obtain 

a more realistic system. This single imputation technique was used instead of a multiple 

imputation technique: The knowledge from the literature identified the best way of filling 

the missing values, in the most sensible way. Multiple imputation techniques have been 

successfully applied to fill the missing data in surveys (e.g. Binder and Sun, 1996; Rubin, 

1987), or financial time series. However, they have some disadvantages, such as a much 

higher computational and storage space requirement. Multiple imputations also created a 

new time series for each possible value considered, with different probabilities, which was 
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then averaged after being analysed using standard methods. This was a good process 

especially when the dataset were small, or when there were few missing values. 

Nevertheless, this was not the case for the VPS database.  

When the VPS data for the wind ended (2010), the data used in the study was obtained 

from the BoM. The data came from different stations; however, most of the data were from 

a weather station in Advancetown Lake (up to 2011). As the station was closed in 2011, 

the data from the nearest station (i.e. Gold Coast Seaway, located about 30 km east) were 

used for the most recent years. The Gold Coast Seaway is a much windier location as it is 

on the coast, the wind data were used after being recalibrated, based on the difference in 

mean and variance.  

When the air temperature data ended (2010), a weighted average between the maximum 

and the minimum air temperatures, collected by the BoM, was performed. Further 

recalibration showed a mean difference in the average daily temperatures of 1 degree 

Celsius. 

The data analysis began with a visual inspection of the time series of interest. The water 

temperature, plotted at different depths, clearly showed the summer stratification, with a 

strong temperature gradient during the warmer months, and the winter circulation, with 

the gradient going to zero. The air temperature was shown to be strongly correlated to the 

water temperature, while the presence of the annual hysteresis cycles was, as expected, 

observed due to the different specifics in the heat of the water and air. The wind, rain and 

river flow appeared to cause only minor mixings, being localised in the surface waters or 

at the depth of the inflow intrusion.  

Finally, a one-dimensional model of the vertical transport and mixing processes was 

developed, based on VPS data for water temperature and conductivity. Using simplified 

and discretised advection-diffusion equations for the heat transport, it was possible to 

calculate the vertical velocities and diffusivities coefficients at each depth and time of the 

VPS samplings. Details of the model development and of the data analysis are provided in 

Chapter 4. The results showed how vertical diffusion is the main process driving vertical 

mixing, especially during the winter circulation. 

3.3 Understanding the Mn cycle in HLI 

Once the mixing behaviour of the lake was assessed, along with the importance of the 

variables, such as air temperature, in predicting water temperature, and its surface-

bottom differential, the second objective began. It related to the assessment of how these 

processes, as well as the lake biogeochemistry, affected the Mn cycle in HLI. The review of 
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the pertinent literature, as described in Chapter 2, confirmed that the winter 

destratification usually lead to high Mn concentrations in the surface layer of water (i.e. 

where the prediction is required). Additionally, pH, DO and ORP play a central role in Mn 

production or depletion. Other parameters, such as algae, conductivity, or chemical 

elements (e.g. Iron (Fe) or Nitrogen (N) and Phosphorus (P)) were identified as playing an 

indirect influence on the Mn cycle. Table 3-2 illustrates the variables collected for 

Objective 2. 

In terms of Objective 1, data pre-processing activities were performed, such as the 

interpolation of the missing data. Moreover, in order to enable an appropriate statistical 

analysis, it was necessary to use daily-averaged VPS data, as well as interpolating the 

water sampling data to increase the frequency on a daily basis. This approach was justified 

from a physical point of view, since the diffusion processes were rather slow. Thus, no 

strong daily variations were expected and, for the same reason, the daily variations of the 

VPS variables (such as water temperature) were considered irrelevant to the problem.  

As a consequence, the visual inspection and the statistical analysis of the data were 

consistently performed and followed the same procedure adopted for Objective 1. The 

soluble Mn concentration was assessed in the hypolimnion. It was found to be mainly 

dependent on the DO level, as well as on the pH and ORP, which determined the speed of 

the biogeochemical reactions between the different manganese oxidation states and, thus, 

affected increases or decreases in the soluble Mn loads. In contrast, the Mn level in the 

epilimnion was principally affected by the transport processes from the hypolimnion. 

Hence, it was related to the strength of the thermal stratification, with high concentrations 

recorded solely during the winter lake circulation. Since this process was deeply evaluated 

in Objective 1, the conclusion was promising for the creation of a Mn prediction model. 

The value of the peak concentration was found to be proportional to the amount of Mn in 

the hypolimnion and to the temperature of the water column at the beginning of the 

circulation period (i.e. when the temperature became uniform throughout the depth).  

A model, similar to the one created in Objective 1, was developed, based on the advection-

diffusion equations for Mn transport, in order to quantify vertical velocities and 

diffusivities. It was confirmed that, during winter, the level of turbulence was significantly 

higher than during the stratification season. 
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Table 3-2 Data collected for Objective 2  

Variable 
Source Method Frequency Period 

Mn (sol, tot) Seqwater Water sampling Weekly 
2000–2012 

Iron (sol, tot), N (tot, oxidised), P (tot) Seqwater Water sampling Monthly 
2000–2011 

Phosphorus (orthophosphate) Seqwater Water sampling Monthly 
2000–2008 

Apparent colour Seqwater Water sampling Weekly 
2000–2011 

True colour, algal count Seqwater Water sampling Weekly 
2000–2012 

ORP, pH, DO (total, %saturation) Seqwater Water sampling Weekly 
2000–2012 

ORP, pH, DO (total, % saturation) Seqwater VPS 3-Hourly 
2008–2012 

Turbidity, Conductivity, Air T Seqwater VPS 3-Hourly 
2008–2012 

Chlorophyll-a, BGA Seqwater VPS 3-Hourly 
2008–2012 

Wind speed and direction Seqwater VPS 3-Hourly 
2008–2010 

Wind speed and direction BoM Data with fee Daily 
2000–2012 

Relative humidity, cloud cover BoM Data with fee Daily 
2000–2012 

Solar radiation, Rainfall, Max/Min Air T BoM Free data Daily 
2000–2012 

Inflow DERM Free data Daily 
2007–2012 

Outflow Seqwater Measurement Daily 
2008–2012 

 

 

3.4 Mn prediction model creation for HLI 

After achieving Objectives 1 and 2, a detailed physical and statistical assessment of the 

main factors, involved in determining the soluble Mn concentration in the epilimnion of 

HLI, was available, and the modelling activities began.  

Firstly, due to the prediction horizon required (7 days), it was decided that a process-

based model was not appropriate. These models were very accurate in real-time, when the 

values of required by the inputs were available. However, the forecasted values of all the 

inputs were required for the 7-day-ahead prediction. These were either not available, or 

not perfect, thus adding uncertainty, even before running the model.  

Therefore, a data-driven statistical model was deemed to be appropriate for the 

forecasting problem of this research project. A conclusion for Objective 2 was that the 
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solubility of Mn concentration in the epilimnion was strictly related to the strength of the 

stratification, with high loads only during winter, when the temperature differential ΔTw 

between epilimnion and hypolimnion was at its minimum. This relationship was 

confirmed through a strong nonlinear correlation between the two unlagged time series. 

As a consequence, rather the directly forecasting the Mn concentrations, which would 

have been extremely complicated, it was decided to forecast ΔTw first, and then convert it 

to the Mn value through a nonlinear regression model.  

The water temperature, unlike the Mn, was more easily forecasted. Again, a process-based 

model was not deemed the best choice due to the higher number of inputs (e.g. air T, wind, 

rain, cloud cover, solar radiation, etc.) that would have had to be forecasted, in turn. 

Instead, it was decided to develop a data-driven statistical model, which included the most 

relevant inputs. As Leonardo da Vinci is quoted as saying, “simplicity is the ultimate form 

of sophistication” (Granat, 2003). This statement has relevance for the proposed model 

since, despite the few inputs considered, and a lower performance than process-based 

models when working in real-time modelling, the introduction of uncertainty was limited 

when forecasting 7-days ahead. The result was superior accuracy, despite its apparent 

simpler structure. Importantly, according to the conclusions of Objective 1, only one input 

was able to explain much of the variance of the model predicting water temperature; this 

variance was air temperature. Fortunately, air temperature can be forecasted by the BoM 

with higher accuracy than other parameters (such as wind or rain).In conclusion, the 

forecast of water temperature, with nearly 100% accurate air temperature forecasts, was 

proved to be very reliable.   

The output of this first part of the model was given as an input for the second part, a 

nonlinear regression model able to convert ΔTw  in soluble epilimnetic Mn. Next, the peak 

concentration was then corrected by a third part of the model that, as found as in the 

conclusion of Objective 2, could calculate it, based on the soluble Mn stored in the upper 

hypolimnion, and water temperature at the onset of the circulation.  

The regression coefficients were estimated in a calibration set (2008-2011) and the model 

was tested in a validation set, through predicting the 2012 peak events. As described in 

Chapter 6, the model reached a high level of accuracy. Subsequently, the model was tested 

again in 2013 and 2014 using actual air temperature forecasts, collected on a daily basis 

from the BoM website,  reaching again appreciable reliability (see Chapters 6 and 8). 
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3.5 Generalisation of modelling approach 

After the model was developed, calibrated and verified, it was deemed important to 

generalise the novel modelling approach in such a way it could be used to forecast any 

target variable with any set of input data.  

The first part of the algorithm related to the pre-processing of the data. This process was 

partially done for the case study by visual inspection of the data (i.e. a hyperbolic 

correlation between Mn and dTW was noticed through the scatter plots). However, with 

the goal to create a full code able to automatically detect any kind of correlation (i.e. 

linear/nonlinear), the manual visual inspection of scatter plots was not allowed. Hence, a 

number of nonlinear input transformations were performed and considered as added 

inputs. The data were also automatically normalised and divided into a calibration set and 

a validation set. Also, the inputs time series were shifted into the past of a number of time 

steps equivalent to the desired prediction horizon. 

The most important part of the full algorithm was the input addition part. For the case 

study, a higher forecasting performance was reached by forecasting the inputs (i.e. dTw). 

In order to automatically assess if the input forecasts were needed, and to perform the 

process, the following procedure was translated into a computer code (as outlined below): 

 Choose prediction horizon (e.g. 7 days) and target performance (e.g. R2=0.7). 

 Run the algorithm: lagged inputs selection, prediction computation, and 

performance calculation. 

 If the target performance is achieved, no input forecast is required; if the target 

performance is not achieved, reduce the prediction horizon (i.e. from 7 to 6 days) 

and run the model again; repeat this step until target performance achieved or 

prediction horizon = 0. 

 If the prediction horizon was reduced in the previous step, the inputs used with a 

lag lower than the initial lag need to be forecasted in turn (for instance, if the 

prediction horizon was reduced to 5 days, and one input with lag = 5 was used, 

then this must be forecasted 2 days in advance in order to guarantee that the 

original prediction horizon 5+2=7 days is maintained). This means, repeat the 

whole illustrated procedure for input forecast. 

By developing an algorithm that automatically performs the pre-processing, the input 

selection, and the possible forecast and target prediction, the created model can be applied 

to any forecasting problem, where nonlinear correlations are expected and the input 
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forecasts necessary. However, it was recommended that the process involve experts of the 

modelled system in order to analyse and interpret the results from a physical point of 

view.  

The model was applied to the case study to prove its effectiveness (Chapter 7). Because of 

the large amount of VPS data available for HLI, there was the potential for the DO 

prediction in the hypolimnion of the HLI. If successful, this model would be useful, in turn, 

for the original Mn model, especially since the DO concentration strongly affected the Mn 

production in the hypolimnion of HLI. 

3.6 Mn model application to HUI and LND, and DSS development 

After the development of the Mn model for the first case study (HLI), and the 

generalisation of the modelling approach, the model was extended to two other case 

studies, namely HUI and LND.  

Little Nerang Dam (153.28°E, 28.14°S) is situated on the Little Nerang Creek, directly 

upstream of Advancetown Lake. It was completed in 1961 and was the first source of 

potable water for the Gold Coast region. It is now only a secondary source of drinking 

water, with a maximum capacity of 6705 ML, a surface area of 0.44 km2, and a catchment 

area of 35.2 km2. The maximum water depth is 36.2 m, with an average of 14.8m. The 

water, drawn from Little Nerang Dam (LND), flows by gravity pipeline to the Mudgeeraba 

WTP (DERM, 2010), which receives raw water from the upper intake of Advancetown 

Lake (HUI) as well. 

For these locations, the VPS were installed only recently (March 2014 for HUI, and 

September 2014 for LND). Hence the historical VPS dataset was too short to build reliable 

models. Nevertheless, weekly manual water samplings results were available (HUI, as for 

HLI, since 2008; for LND, since 1990), and so the lower-frequency preliminary models 

could be built. When at least 3 years of historical VPS data was available, the models were 

recalibrated and refined. The meteorological data were the same as available for the HLI; 

no weather station in the LND was present. 

These two locations presented, as a consequence of being shallower and, therefore, less 

stable than HLI, more unpredictable behaviours, with extra Mn spikes both in winter and 

in summer. However, the same, strong, nonlinear correlation with soluble Mn in the 

epilimnion and dTw were detected. Thus, very similar models, from a structural point of 

view, could be developed. Because of unreliable or missing data, the validation years for 

HUI and LND models were 2012 + 2014, and 2011 + 2012, respectively. Strong 

correlations were found between the peak concentrations and the water temperature or 
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day of lake-turnover. For all locations the Mn samplings were limited to a superficial layer 

of the water column (i.e. 24m for HLI, 18m for HUI and LND). However, since the 2013 

winter samplings were performed throughout the whole water column, it would appear 

that better assessments of the Mn winter mixing and of the peak concentrations would be 

possible in future.  

Finally, the Mn model for HLI was encapsulated into a DSS, including a GUI (Chapter 8). 

Since the HLI model, by the end of this research project, was the only VPS-based model, 

this represents the only location where an automatic update of the forecasts with the 

latest VPS data was possible. Firstly, a GUI was created. During the process, meetings with 

the end-users (i.e. water treatment operators) were organised to develop a user-friendly 

interface, with the model outputs displayed clearly. This output included a choice between 

the exact prediction values or the probabilities of extra treatment being necessary. Also, 

the graphics (e.g. the representation of the dam and reservoir, the colours to use, etc.) and 

the extra information to be displayed (e.g. water level, temperature, gates’ relative 

location) were discussed. The researcher’s engagement with the end-users was deemed 

essential for the successful delivery of the model results.  

At the other end of the DSS, the automatic data collection, extraction and pre-processing 

was set up. In terms of the GUI, a number of meetings, this time with Seqwater IT experts, 

were organised to identify the best way to obtain the VPS data (e.g. email, “cloud” 

software). The air temperature forecasts were easily obtained from the BoM website, for 

free. Importantly, the operators and modellers had the opportunity to manually access the 

DSS for modifications (e.g. recalibration) and for possible manual data entry. Moreover, an 

algorithm was developed to extract from the raw VPS data and the BoM forecasts the input 

variables required (e.g. dTw, average air temperature over the next week). 

Thus, the DSS can: 

 Automatically retrieve the data from different sources (e.g. VPS email, BoM 
website); 

 Transform the raw data and obtain the inputs required to the Mn model; 

 Feed the Mn model with the required inputs and run the model; and 

 Display the Mn model prediction through a GUI. 
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3.7 Summary 

This chapter examined the overarching research design, as well as the research methods 

applied to satisfy each different research objective. The first steps regard knowledge 

acquisition and identification of gaps in the literature. A comprehensive analysis of the 

collected data also allowed a thorough understanding of mixing processes and Mn cycle 

for the locations of this research study. The prediction model development, which was also 

generalised to be applied to any similar forecasting problem, followed an extensive review 

of literature pertaining to the environmental modelling field, which allowed identifying 

the best approach according to the features of the collected data. Finally, the development 

of an appropriate DSS and associated GUI was the result of continuous consultation with 

different stakeholders, the model developer and IT experts. Chapters 4 to 8 also provide 

detailed descriptions of the specific research methods applied for the different objectives. 
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Analysis of the mixing processes in the subtropical Advancetown 

Lake, Australia 

Abstract: This paper presents an extensive investigation of the mixing processes occurring 

in the subtropical monomictic Advancetown Lake, which is the main water body supplying 

the Gold Coast City in Australia. Meteorological, chemical and physical data were collected 

from weather stations, laboratory analysis of grab samples and an in-situ Vertical Profiling 

System (VPS), for the period 2008-2012. This comprehensive, high frequency dataset was 

utilised to develop a one-dimensional model of the vertical transport and mixing 

processes occurring along the water column. Multivariate analysis revealed that air 

temperature and rain forecasts enabled a reliable prediction of the strength of the lake 

stratification. Vertical diffusion is the main process driving vertical mixing, particularly 

during winter circulation. However, a high reservoir volume and warm winters can limit 

the degree of winter mixing, causing only partial circulation to occur, as was the case in 

2013. This research study provides a comprehensive approach for understanding and 

predicting mixing processes for similar lakes, whenever high-frequency data are available 

from VPS or other autonomous water monitoring systems. 

 

4.1  Introduction 

Continuously monitoring and understanding the physical and biogeochemical cycles of 

lakes or reservoirs used for drinking water purposes is vital for water suppliers. A limited 

understanding of these cycles often leads to inadequate management practices and an 

increased prevalence of raw water sourced from surface waters failing to meet drinking 

water standards with conventional treatment, which in turn significantly diminishes the 

confidence of the community in the water service provider.  

Typically, the most important physical and chemical parameters of a water storage 

reservoir are monitored on a regular basis. However, these data are often collected and 

stored without any consideration for its decision-making purposes, thereby adding little 

value (Zaw and Chiswell, 1999); poor data collection techniques and organisation are 

typically recognised as being the main causes of inefficient reservoir management (Mohan 

et al., 1996). Hence, there should be more strategic consideration of the use of collected 

and stored data for the purpose of gaining a complete understanding of the physical and 

chemical processes of the reservoir.  
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The most important parameters currently monitored, to which many other chemical and 

physical processes are related, are water temperature, dissolved oxygen and pH. More 

specifically, the chemical processes and the activities of organisms in a lake are both highly 

dependent on the seasonal thermal cycle of the lake (Dodds, 2002). For subtropical lakes, 

the temperature is always relatively high and no layer in the water column will ever drop 

below 4°C. In these lakes, the water column is usually thermally and chemically stratified 

for most of the summer, spring and even autumn with a warmer, oxygen-rich surface layer 

called the epilimnion and a colder, oxygen-poor bottom layer called hypolimnion (Tundisi 

and Matsumura, 2011). Solar radiation causing heating of the surface waters of the lake 

and photosynthesis is the key driver of both thermal and chemical stratification processes. 

Photosynthesis also aids the removal of acidic CO2 forms such as HCO3- resulting in a 

more alkaline pH level in the epilimnion. In the deeper, more acidic hypolimnion, the 

photosynthesis does not occur and the oxygen is depleted through microbial oxidation of 

organic matter (Bertoni, 2011) or bacteria respiration and denitrification activities 

(Socolofsky and Jirka, 2004; Tundisi and Matsumura, 2011). Such a reducing, hypoxic 

environment is typically rich in nutrients, mainly because of precipitation from the 

epilimnion (Hulth et al., 1999) or flux from the sediments (Fisher et al. 2005). Under 

stratified conditions, the water of the epilimnion and the hypolimnion are well separated 

by the transition layer, called metalimnion, and the level of nutrients in the epilimnion is 

low. However, turbulent events such as rainfall or strong winds can create mixing and 

bring high nutrients loads to the surface waters. In particular, strong and persistent wind 

events, coupled with a long fetch, induce internal and surface seiches (Bertoni, 2011) and 

even sediment re-suspension (Abesser and Robinson, 2010). These events are magnified 

during winter, when the gradient of water temperature drops along with the solar 

radiation and air temperature; colder, denser water plumes precipitate from the 

epilimnion downwards towards the hypolimnion (Bednarz et al., 2011). Strong winds can 

accelerate this mixing process (Zhang and Chan, 2003). Ultimately, the difference in the 

water temperature at all levels in the water column approaches zero and the lake 

destratification occurs. Subtropical lakes and reservoirs destratifying once per year during 

winter are called warm monomictic, while if they only partially mix they are called 

meromictic (Tundisi and Matsumura, 2011). During the period of destratification, the 

water is well mixed vertically with most of its chemical and biological constituents 

typically having similar concentrations throughout the entire water column (Nürnberg, 

1988). Understanding the mixing processes leading to stratification or destratification is 

crucial for water suppliers as certain water constituents (e.g. manganese) in the 

epilimnion, where the water is drawn from, can fluctuate significantly in this period, 
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making it more challenging for treatment plant operators to ensure that this water can 

achieve drinking water guidelines before being distributed.  

Because of the importance of these phenomena, several studies have been completed. Elçi 

(2008) investigated the structure of thermal stratification and its effects on the water 

quality of a Turkish reservoir, focusing on the dissolved oxygen and turbidity variations. 

This study had a comprehensive dataset of field measurements that enabled a deep 

understanding of the relationships between meteorological factors and water quality 

parameters through a series of non-dimensional indexes and multivariate analysis. The 

results indicated how air temperature and lateral flows affect the dissolved oxygen 

concentrations, while rain and wind mostly influence the turbidity levels. Tuan et al. 

(2009) explored water mixing in a shallow Japanese lake. Their study utilised non-

dimensional “stratification strength” indexes, basic statistical analysis and heat exchange 

equations to model the water mixing process. In such a shallow lake, the diurnal 

stratification was mostly affected by wind action, with thermal heating playing a minor 

role during strong wind events. In cases where the lake has high horizontal velocities, 

three-dimensional numerical models derived by multiple data collection points in the 

reservoir are often necessary (Akitomo et al., 2004; Akitomo et al., 2009; Kitazawa, 2012). 

However, where horizontal velocities are relatively slow, a one-dimensional analysis can 

provide reliable results, and are often preferable when the water quality problem being 

examined is near the location of the data collection system as was the case in this study.  

In the present study, the research location is Advancetown Lake, which supplies most of 

the water to Gold Coast City in Queensland, Australia. Large amounts of in-situ Vertical 

Profiling System (VPS) data were collected approximately 150 m from the dam wall 

(indicated in red in Figure 4-1) since 2008 at a 3 hourly recording interval. Additionally, 

grab samplings were collected and analysed on a weekly basis. Because of the features of 

the data, which were collected continuously at various depths at the same location, the 

mixing dynamics of a one-dimensional vertical profile could be created. Applying the more 

commonly implemented VPS technology and associated streamed data to model the 

mixing dynamics of such a sub-tropical reservoir has not yet been presented in the 

literature.  

Advancetown Lake present similar depth and inflows characteristics of other reservoirs 

where one-dimensional models were applied assuming horizontal homogeneity (see e.g. 

Helfer et al. 2011);   hence, VPS data can be appropriately inputted into one-dimensional 

time-dependent dynamic equations in order to calculate vertical velocities and diffusivity 

coefficients. The high frequency (3 hours) of the VPS data guarantees stability to such a 

numerical model, which could not have been implemented in cases where only traditional 
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lower-frequency sampling data are available. Moreover, VPS data also enables further 

analysis of intra-daily mixing processes, such as night-time mixing during winter or 

surface wind mixing during summer. Furthermore, multivariate and non-dimensional 

analyses were performed using algorithms that were able to automatically calculate the 

extent of correlation between different variables. Ultimately, a one-dimensional study of 

internal waves was included too. The proposed methodology aims to make the most of this 

form of collected data (i.e. high-frequency one-dimensional data) for reservoirs of similar 

characteristics (i.e. medium-size, relatively deep, subtropical) in order to provide a better 

understanding of the causes and effects of the mixing processes affecting similar lakes. 

4.2 Methodology 

4.2.1 Research domain 

Advancetown Lake  (153.28° E, 28.05° S, Figure 4-1), also known as Hinze Dam since the 

lake was dammed, supplies most of the water to Gold Coast City (Queensland, Australia), 

which has a population of around 500,000 inhabitants.  The dam was originally 

constructed in 1976 (42,400 ML water storage capacity), upgraded in 1989 (161,070 ML) 

and again in 2011. In the most recent upgrade the dam wall was raised a further 15 metres 

(from 93.5 to 108 m), doubling the capacity of the reservoir (310,730 ML) and providing 

increased water security and flood mitigation. Figure 4-2 shows the stored volume in the 

reservoir from 1985 to 2013. After the 2011 upgrade, the surface area increased from 9.72 

km2 to 15 km2, while the catchment area covers 207 km2 including the Numinbah Valley 

and Springbrook Plateau and is mostly contained within state forests and national parks. 

The two main inflows are the Nerang River and the Little Nerang Creek, which also 

represents the outflow of a smaller dam, Little Nerang. The average residence time, 

calculated as the ratio between the reservoirs’ volume and the average inflow to the dam, 

was 920 days prior to the upgrade of the dam, but with the recent doubling of the 

reservoir capacity, this retention time also doubled (1775 days) since the reservoir 

reached its full capacity during the 2013 summer wet season, and the average flow did not 

change.  An intake tower with gates every 5 metres, located next to the dam wall, draws 

the water from the most convenient depth, redirecting it to the closest treatment plant, 

situated 10 km northeast of the reservoir. The water treatment and distribution from 

Advancetown Lake are managed by Seqwater, which is the main bulk water supplier in 

South-East Queensland.  
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Figure 4-1 Advancetown Lake map; A is VPS location, red line is the dam wall 
location 

 

 

 

Figure 4-2: Time series of Advancetown Lake volume from 1986 to 2013. 

 

Presently, water quality is primarily monitored through laboratory analysis of manual 

water samplings on a weekly basis. Also, since 2008 an in-situ Vertical Profiling System 

(VPS) was installed. This VPS consists of a YSI probe suspended by a cable to a floating 

buoy which is automatically winched up and down the water column and collects water 

quality parameters such as water temperature, dissolved oxygen, pH, conductivity, redox 

potential and turbidity. Collected data are transmitted via telemetry for the whole profile 

every 3 hours. The VPS location, which is positioned near the intake tower (see point A in 
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Figure 4-1), is also near the location of the weekly water samplings; although the average 

depth of the reservoir is 32 metres, the sampling site is more than 50 metres deep. 

Through an effective collaboration with Seqwater, historical data from Advancetown Lake 

were made available, mainly from weekly manual water samplings and from the VPS. The 

data were typically collected close to the lower intake tower of the reservoir. Data from 

the manual samplings cover the period 2000-2013, while the VPS was installed in 2008. 

For the sake of consistency, this paper focuses on the aligned manual and VPS data for the 

2008 to 2013 period. Weather conditions for Advancetown Lake were collected from 2000 

to 2011 from the Australian Bureau of Meteorology (BoM) (air temperature, solar 

radiation, rainfall, wind speed and direction, cloud cover). However, a weather station 

connected to the VPS provides air temperature and wind data every 3 hours since 2008. 

River inflow data were obtained from the Department of Energy and Resources 

Management of the Queensland Government (DERM).  

4.2.2 Data statistical analysis 

The VPS data were pre-processed and analysed by filtering and sorting: that is, algorithms 

were created in order to extract, from the raw database, data under a time series format. 

Subsequently, it was possible to detect trends and seasonal or daily variations. Also, 

statistical tests were performed to detect nonlinearities, such as the BDS test (see Brock et 

al., 1996), and nonnormalities, such as the Jarque-Bera (Jarque and Bera, 1987) and the 

Lilliefors test (Lilliefors, 1967). Multivariate analysis was performed to find the highest 

correlation coefficient between each pair of variables, by optimizing the lag (i.e. the delay 

from time t) and the span (i.e. the number of time steps) of the moving average. 

Specifically, an algorithm was implemented for performing a multilinear regression 

analysis between all the possible pairs (X(t), Y(t)) within an analysed time series by 

calculating: 

𝑅𝑝,𝑘,𝑚,𝑗,𝑛 =
𝑐𝑜𝑣(𝑋𝑝,𝑘,𝑚,𝑌𝑝,𝑗,𝑛)

𝜎𝑋𝑝,𝑘,𝑚
𝜎𝑌𝑝,𝑗,𝑛

     (4-1) 

where  𝑋𝑝,𝑘,𝑚 =
∑ 𝑋(𝑝−𝑘−𝑖)𝑚

𝑖=0

𝑚
  and 𝑌𝑝,𝑗,𝑛 =

∑ 𝑌(𝑝−𝑗−𝑖)𝑛 
𝑖=0

𝑛
; p is the time index for data X and Y; 

k and j are indexes representing the lag at which the times series are considered; m and n 

are indexes representing the span of the moving average considered;  𝑐𝑜𝑣(𝑋𝑝,𝑘,𝑚, 𝑌𝑝,𝑗,𝑛) is 

the covariance between 𝑋𝑝,𝑘,𝑚 𝑎𝑛𝑑 𝑌𝑡𝑝𝑗,𝑛;  𝜎𝑋𝑝,𝑘,𝑚
 and  𝜎𝑌𝑝,𝑗,𝑛

are the  standard deviations of 

𝑋𝑝,𝑘,𝑚 and 𝑌𝑝,𝑗,𝑛. 

Moreover, scatter plots of each variable against another enabled a visual interpretation of 

any linear and nonlinear trends that may have been present. All of these analyses helped 
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in understanding the causal relationships between the physical / chemical variables of the 

reservoir and thus enlightened a clearer picture of the dams’ mixing processes. 

4.2.3 Lake mixing dynamics 

One-dimensional hydrodynamic models have been widely used in lake studies, assuming 

that the water bodies comply with the one-dimensional approximation in that the 

destabilizing forces variables (wind, surface heating and plunging inflows) do not act over 

prolonged periods of time (Imberger and Patterson, 1981; Han et al., 2000; Gal et al., 2003; 

Helfer et al. 2011). Typically, the models predict the vertical distribution of temperatures, 

salinity and density in lakes and reservoirs by using empirical or published diffusion 

coefficient. However, in the present study in Advancetown Lake, the hourly vertical 

profiles of temperature, salinity and density have been continuously collected for 5 years. 

All VPS data, therefore, can be applied to calculate the mixing coefficients in a one-

dimensional model assuming the one-dimensional approximation is valid.  

The continuity to be satisfied for the 1D model is as the following: 

𝜕𝜌(𝑡,𝑧)

𝜕𝑡
+

1

𝐴(𝑧)

𝜕(𝜌(𝑡,𝑧)𝑤(𝑡,𝑧)𝐴(𝑧))

𝜕𝑧
= 0     (4-2) 

with 𝜌(𝑡, 𝑧) and 𝑤(𝑡, 𝑧) being the water density and the vertical velocity at depth z and 

time t; A(z) is the lake cross-section at depth z which is assumed to change over depth, but 

not over time. In the present study, the VPS collected the temperature and conductivity in 

the water column; therefore the water density can be calculated through an empirical 

relationship, as in Millero and Poisson (1981):  

𝜌 = 𝜌0 + 𝐴 ∙ 𝑆 + 𝐵 ∙ 𝑆
3

2⁄ + 𝐶 ∙ 𝑆2     (4-3) 

where 𝜌 is the density of the water [kg/m3]; 𝜌0 is the density of pure water, function of the 

water temperature [kg/m3]; 𝑆 is the salinity of the water [psu], which can be calculated as 

a function of conductivity,  and A, B and C are coefficients that are functions of the water 

temperature. 

The simplified advection-diffusion equation for heat transport can be written as: 

𝜕𝑇(𝑡,𝑧)

𝜕𝑡
=  

1

𝐴(𝑧)
 

𝜕

𝜕𝑧
(𝐴(𝑧)𝐷(𝑡, 𝑧)

𝜕𝑇(𝑡,𝑧)

𝜕𝑧
) −

𝑤(𝑡,𝑧)

𝐴(𝑧)

𝜕(𝐴(𝑧)𝑇(𝑡,𝑧))

𝜕𝑧
+

1

𝐴(𝑧)𝐶𝑤

𝜕(𝐴(𝑧)𝐻(𝑡,𝑧))

𝜕𝑧
      (4-4) 

where 𝑇(𝑡, 𝑧) is the water temperature at depth z and time t; 𝐷(𝑡, 𝑧) is the vertical 

diffusivity at depth z at time t; A is the lake cross-section at depth z; 𝐻(𝑡, 𝑧) is the heat 

source term due to heat exchange with the atmosphere (the heat exchange of inflow and 
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outflow is ignored) and Cw is volumetric heat capacity of water . Equation (4-2) can be 

discretised as: 

𝜌𝑖
𝑛+1−𝜌𝑖

𝑛

∆𝑡
+

1

𝐴𝑖

𝜌𝑖+1
𝑛 𝑤𝑖+1

𝑛 𝐴𝑖+1−𝜌𝑖
𝑛𝑤𝑖

𝑛𝐴𝑖

Δ𝑧
= 0      (4-5) 

where the superscript n is an index for time and subscript i is an index for depth (i=1 is the 

bottom depth); Δ𝑧 is the distance between two adjacent layers, Δ𝑡 is the time step, 𝐴𝑖  is 

the cross-sectional area of layer i. With the boundary condition that 𝑤1
𝑛 = 0, 𝑤𝑖+1

𝑛  can be 

calculated by using Equation (4-5). The water column was discretised with Δz = 1m.and a 

time step of Δt = 3600 s.  

The advection term in Equation (4-4) can be discretised as: 

𝑤(𝑡,𝑧)

𝐴(𝑧)

𝜕(𝐴(𝑧)𝑇(𝑡,𝑧))

𝜕𝑧
=

1

2
(

𝑤𝑖
𝑛−|𝑤𝑖

𝑛|

𝐴𝑖

𝐴𝑖+1𝑇𝑖+1
𝑛 −𝐴𝑖𝑇𝑖

𝑛

𝛥𝑧
+

𝑤𝑖
𝑛+|𝑤𝑖

𝑛|

𝐴𝑖

𝐴𝑖𝑇𝑖
𝑛−𝐴𝑖−1𝑇𝑖−1

𝑛

𝛥𝑧
)  (4-6) 

Substituting the calculated velocities from Equation (4-5), the vertical diffusivity 𝐷𝑖+1
𝑛  can 

be evaluated using the discretised Equation (4-4). Thus, such 1D model can be applied to 

calculate the vertical velocity 𝑤(𝑡, 𝑧) and the diffusivity 𝐷(𝑡, 𝑧) for each layer z and each 

time step t by applying all VPS data, in particular temperature data and conductivity.  

Subsequently, the Péclet number was calculated (Vyazmin et al., 2001): 

𝑃𝑒 =
𝐿𝑤

𝐷
     (4-7) 

with L being the characteristic length. In unstratified flows, the characteristic length is the 

mean water depth; in a stratified lake, the length scale is the thickness of the selected 

epilimnion or hypolimnion layers. Whenever the Péclet number is higher than 1, advection 

can be considered dominant over diffusion; on the other hand, when it is less than 1, 

diffusion is more important than advection.   

Moreover, since the lake circulation controls other transport processes in the lake, several 

lake indexes have been calculated to determine how stable the water column is (see e.g. 

Tundisi and Matsumura, 2011, for a list). These indexes include the Brunt-Väisälä 

Frequency (buoyancy frequency, N) and the Schmidt Stability Index, SSI, illustrated in 

Equations (4-8) and (4-9) respectively, as in Yu et al. (2010). 

𝑁2 =
−𝑔∆𝜌

𝜌∆𝑧
    [𝑠−2]            (4-8) 

𝑆𝑆𝐼 =
1

𝐴0
∫ 𝐴(𝑧)(𝑧 − 𝑧𝑔)(𝜌(𝑧) − 𝜌𝑔)𝑑𝑧             [

𝑘𝑔∙𝑚

𝑚2 ]
𝑧𝑚

𝑧0
         (4-9) 
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where g is the gravity force [𝑚
𝑠2⁄ ]; ρ is the water density [𝑘𝑔 𝑚3⁄ ]; 𝐴𝑜 is the surface area 

of the lake [𝑚2]; 𝑧 is the depth [𝑚]; 𝑧𝑚 is the maximum depth [𝑚]; 𝑧0 is the water surface 

depth [𝑚]; 𝐴(𝑧) is the lake horizontal area at depth 𝑧 [𝑚2]; 𝜌(𝑧) is the water density at 

depth 𝑧 [𝑘𝑔 𝑚3⁄ ]; 𝜌𝑔  is the density at depth 𝑧𝑔 [𝑘𝑔 𝑚3⁄ ]; 𝑧𝑔 is the depth to the centre of 

gravity of the stratified lake [𝑚], calculated as in following: 

𝑧𝑔 =
∫ 𝐴(𝑧)𝜌(𝑡,𝑧)𝑧𝑑𝑧

𝑧𝑚
𝑧0

∫ 𝐴(𝑧)𝜌(𝑡,𝑧)𝑑𝑧
𝑧𝑚

𝑧0

     (4-10) 

Figure 4-3 gives a graphical representation of most of the variables present in the previous 

equations.  

 

Figure 4-3: Schematic diagram of a lake, including a density vertical profile 

 

The Brunt-Väisälä Frequency represents the angular frequency at which a vertically 

displaced parcel will oscillate within a statically stable environment. The Schmidt Stability 

Index, on the other hand, represents the amount of work to be done by the wind, or other 

sources of work (such as artificial destratifiers) to overcome thermal stratification, and it 

is intended to provide a number for the lake as a whole (Schmidt, 1928). 

Ultimately, a one-dimensional analysis of internal waves was performed by plotting 

different isotherms over time; the higher the fluctuation over a small time scale (e.g. 
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during one day), the stronger the internal waves. If strong internal waves are detected 

around the thermocline, this could lead to mixing processes between the nutrient-rich 

hypolimnion and the epilimnion. The period of the internal waves due to density 

differentials between the epilimnion and hypolimnion was calculated using the following 

equation as in Kanari (1975): 

τ = 2𝑙 [
𝜌(ℎ1+ℎ2)

∆𝜌(𝑔ℎ1ℎ2)
]

1
2⁄

        (4-11) 

where ∆𝜌/𝜌 is the fractional density difference between the two layers, ℎ1 and ℎ2 the 

thicknesses of the layers, g the gravity force and l the effective length of the lake (2 km).  

Vertical waves velocities induced by internal waves was approximated by using the 

formula of Pernica et al. (2013):  

𝑤 = 2𝜋𝜆𝑓     (4-12) 

with 𝜆 being the internal wave amplitude and f its frequency. 

4.3 Results and Discussions 

4.3.1 Inter-relationship of the parameters 

Table 4-1 summarises the results of the pre-processing of the data, focusing on the factors 

affecting the water column temperature differential, defined in Equation (4-13): 

∆𝑇𝑤(𝑡)

∆𝑧(𝑡)
=

𝑇𝑤,𝑠𝑢𝑟𝑓(𝑡)−𝑇𝑤,𝑏𝑜𝑡(𝑡)

𝑧𝑟𝑒𝑠(𝑡)
              (4-13) 

where 𝑇𝑤,𝑠𝑢𝑟𝑓(𝑡) is the water temperature at the reservoir surface at time t [°C]; 𝑇𝑤,𝑏𝑜𝑡(𝑡) 

is the water temperature at the bottom of the reservoir at time t [°C]; and 𝑧𝑟𝑒𝑠(𝑡) is the 

depth of the reservoir at time t [m]. 
∆𝑇𝑤(𝑡)

∆𝑧(𝑡)
  can be considered a good indicator of water 

mixing, since it shows high values when the stratification is strong, but it goes to zero 

during mixing.  

Specifically, Table 4-1 shows the results of the selected statistical tests, namely Jarque-

Bera, Lilliefors, BC and BDS tests, and also the calculated correlation coefficients for the 

possible predictors of the water column temperature differential, optimised by the best lag 

and moving average.   
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Table 4-1 Correlation coefficients between water temperature differential and possible 

predictors, at the best lag and best moving average span. 

Main predictors 

Statistical analysis Relevance in prediction 

JB 

test 

Lilliefors 

test 
BC BDS Literature 

Regression analysis 

Best R Lag 

(days) 

MA 

(days) 

Solar radiation 
F F 0.40 14.8 H 0.88 21 14 

Wind 
F F 0.49 16.8 H 0.07 0 1 

Air temperature 
F F 0.54 6 H 0.91 7 7 

Rain 
F F 0.61 5.4 M 0.07 0 1 

Inflow 
F F 0.76 15.3 M 0.04 0 1 

Outflow 
F F 0.47 7.5 M 0.01 0 1 

F= False (normality assumption false) 
MA= Moving average span  
BC >0.555= Bimodality (BC=Bimodality Coefficient) 
BDS >1.96= Non linear dependencies (BDS statistics from the BDS test) 
H= high; M= medium; L= low 

 

Firstly, it is possible to notice from the results of the aforementioned tests shown in Table 

4-1 that all the analysed time series present complexities as they are typically nonlinear 

(as often can be expected for environmental time series), non-normal and bimodal in case 

of rainfall and inflow; the latter was expected for variables such as rain, whose values 

include a large amount of zeros, and a number of values substantially different from zero 

when there are significant precipitation events. Inflow is strictly related to the amount of 

rain; hence they follow the same bimodal behaviour. Variables such as air temperature or 

radiation, which follow a seasonal cycle with values gradually changing over time, did not 

have the same bimodal characteristics. The detected complexities highlight the 

importance of integrating the calculation of 𝑅𝑡,𝑘,𝑚,𝑗,𝑛 by Equation (4-1) with the analysis of 

the scatter plots in order to consider possible nonlinear relationships between variables. 

Figure 4-4 shows the scatter plots between 
∆𝑇𝑤(𝑡)

∆𝑧(𝑡)
  and the possible predictors. It can be 

seen how neither linear nor nonlinear correlations are present between 
∆𝑇𝑤(𝑡)

∆𝑧(𝑡)
 and rain, 

wind, inflow or outflow, thus indicating how their impact in triggering the full lake 
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circulation is limited in Advancetown Lake.  On the other hand, there are clear linear 

dependencies between values of air temperature or solar radiation and the water column 

temperature differential, thus indicating a strong relationship between water 

heating/cooling and mixing processes. These correlations improve further by considering 

the best lags and moving average spans indicated in Table 4-1. 

 

Figure 4-4: Scatter plots of vertical water temperature gradient and most likely 
predictors ((a): air temperature; (b): solar radiation; (c): wind; (d): outflow; (e): 

rainfall; (f): river inflow).  

 

In addition to the previous analysis, the relationships between the possible inputs and the 

strength of the thermocline have been calculated. The strength of the thermocline is 

defined as the maximum slope of the temperature profile, measured in °C/m. Following 

previous studies discussed in Kirillin (2002), a thermocline is present only if the thermal 

gradient of the layer is > 1°C. The results show how the thermocline is expectedly much 

stronger in summer and disappears in winter. The maximum strength reached varies each 

year, but are predominately within the range of 1 to 1.5 °C/m. The correlations found were 

similar to the ones of the analysis with  
∆𝑇𝑤(𝑡)

∆𝑧(𝑡)
, however by considering the daily variation 
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of the strength of the thermocline, it was possible to notice nonlinear correlations between 

this index and high rainfall events. In particular, the following relationship was shown to 

have a correlation coefficient of 0.48 at lag=0: 

∆

∆𝑡
(

∆𝑇𝑤,𝑡ℎ(𝑡)

∆𝑧,𝑡ℎ(𝑡)
) = − 0.41 ∙ ln 𝑅𝑎𝑖𝑛 + 1.51        (4-14) 

where 
∆

∆𝑡
(

∆𝑇𝑤,𝑡ℎ(𝑡)

∆𝑧,𝑡ℎ(𝑡)
) is the daily variation of the thermal gradient at the thermocline 

[°C/(m·day)], and 𝑅𝑎𝑖𝑛 [mm] represents high precipitation events (i.e. > 40 mm/day). 

Hence, for any high rainfall event that usually occurs in summer, there is an exponential 

drop in the strength of the thermocline and therefore of the stratification. In conclusion, 

this second type of analysis allows detecting the importance of variables such as rain to 

trigger turbulent events that may be able to reduce the lakes’ thermal stability and cause a 

partial mix of the water column. Nevertheless, analysis of historical data showed that such 

events were not able to induce a full mix in the lake outside of the critical winter period 

when the thermocline is already weak. 

4.3.2 Lake mixing dynamics 

From the conclusions of the data analysis, it is clear how the thermal cycle, which affects 

the strength of stratification and thus the intensity of the mixing processes, is strictly 

related to the air temperature and to the solar radiation, even though sporadic events such 

heavy rainy days can diminish the thermal stability. Figure 4-5 shows the relationship 

between water temperature at different depths and air temperature, besides other 

parameters.  

First of all, it can be noticed how the waters of the hypolimnion and epilimnion have the 

same temperature during winter, when the lake circulation occurs, thus confirming that 

Advancetown Lake is a warm monomictic reservoir circulating every winter. During the 

rest of the year, the epilimnion is warmer, reaching a maximum temperature differential 

with the hypolimnion during summer. It seems that the relationship between water 

temperature and air temperature is different between the warming season and the cooling 

season; during the latter, the air temperature cycle clearly anticipates the surface water 

temperature cycle. 

Contrariwise, the figure shows how rainfall events are significant only during summer, 

when the stratification is at its peak, thus leading only to partial water mixings through 

high inflow events. This process could be numerically quantified through Equation (4-14) 

as shown previously. 
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Figure 4-5: The time series of various parameters in Advancetown Lake from 
2008-2012: (a) air temperature and depth average water temperatures (0-6m, 

6-12m, 12-24m); (b) rainfall; (c) inflow; and (d) transformed wind = wind·fetch2 
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Similarly, the wind is not very relevant in triggering the mixing. In Figure 4-5(d), the 

values of the transformed wind are the wind speed component (W) multiplied by the 

squared value of the fetch (f) where they act, to take into account of the wind direction. 

Different combinations of wind and fetch (e.g. w*f, w*f2, w2*f, w2*f2, log(w)*f and so on) 

were also tested, and the reported transformation (w*f2)  yielded a slightly higher, despite 

still relatively low, correlation with water temperature than the other transformations. It 

can be seen how the wind is unable to accelerate the water mixing during the cooling 

season, which is rather a gradual process consisting of colder, denser surface water 

sinking downwards: thus, Advancetown Lake can be defined as “hydrologically deep”, 

meaning that it is deep enough to prevent the wind action from destratifying the liquid 

mass (Straškraba et al., 1993). Only during the second week of August 2010, after a first 

mixing occurred, a number of very significant wind events were able to mix the whole 

water column again. Overall, the air temperature appears to be the dominant predictor. 

A study of internal waves was performed through the analysis of different isotherms. In 

Figure 4-6, five isotherms located at around the depth of the thermocline during a period 

of two weeks in summer 2009 are represented. For this particular season, the internal 

wave period was calculated to be approximately 3 hours and the vertical velocity was 0.3 

mm/s. It can be noticed how the amplitude of the waves is relatively small (λ < 1m), thus 

the vertical mixing in the metalimnion due to internal waves is typically limited.  

 

 

Figure 4-6: Isotherms analysis for Advancetown Lake between 5th and 18th 
January 2009. 
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Additionally, during very windy days such as on the 9 January 2009 (see Figure 4-6, wind 

speed > 6 m/s for over 6 hours), it is shown how the wind has the power of creating a 

thicker surface mixed layer, pushing down the thermocline, which also becomes stronger 

(the 4°C differential was located within a 3-metre layer, but after the wind event the 

gradient was contained in a 1-metre layer only). Thus the wind can have a strong power in 

mixing and deepening the epilimnion. However, the deepening only affects a few metres of 

the lake’s total depth of around 50m at the VPS location. The lakes’ depth implies that a 

high amount of work is required to fully mix it in periods of strong density stratification, 

which cannot be displaced by the wind only. 

As a further confirmation of the unlikelihood of summer wind events being able to trigger 

a lake circulation, the calculated SSI and Brunt-Väisälä Frequency are shown in Figure 4-7. 

The SSI figure shows that, because of the strong density gradient present during 

stratification, a huge amount of work would be required to cause a destratification. The 

required amount of work increased even further after the 2012 “Stage 3” dam raising 

completion due to the significant increase in the reservoir volume.  

As it can be seen from Figure 4-8, even though the strength of the stratification or the 

vertical thickness of the thermocline did not change significantly, the cross-sectional area 

A(z) of the layers where the thermocline is present became bigger, since they are situated 

at higher elevations; hence, by applying the formula for SSI, the index value increases, as 

well as the stability of the water column. With the approaching of winter, the density 

gradient becomes weaker and weaker, thus enabling weaker and weaker wind events to 

mix the whole water column. However, the mixings were recorded only when SSI ≅ 0, 

meaning that even in extreme water column instability situations the applied wind stress 

was not strong enough to complete the mixing. Similar results were achieved by studying 

the Brunt-Väisälä Frequency, with the amount of work needed to break down the density 

gradient gradually decreasing during the cooling season.  
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Figure 4-7: Schmidt Stability Index and buoyancy frequency calculated at the 
surface for Advancetown Lake between October 2008 and June 2013. Local 

peaks/drops in buoyancy frequency due to sporadic critical salinity values in 
certain layers. 

 

 

Figure 4-8: Summer water temperature profiles before/after dam upgrade, 
Advancetown Lake 
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In Figure 4-9, the surface vertical velocity 𝑤𝑠 was calculated using 
𝜕𝜂

𝜕𝑡
+ 𝑤𝑠(𝑡) = 0 and 

plotted with the water column height and the rainfall time series. It can be noticed how 

there are sporadic important advection phenomena during heavy rainfall events during 

summer (e.g. February 2010 and 2012, January 2013), due to also the increased inflow, 

which is implicitly accounted by the water column height. However, it must be emphasised 

that the average vertical velocity values in the water column over the study period are in 

the order of 10-9 m/s. However, Figure 4-10 shows that the diffusivity values are in the 

range of 10-5 - 10-3 m2/s. The calculated Peclet number has confirmed that the diffusion 

mixing is the dominant process in Advancetown Lake. The convection term in Equation (4-

4) can be ignored.   

 

Figure 4-9: Time series of calculated (a) vertical surface velocities, (b) water 
column height and (c) rainfall in Advancetown Lake, 2008-2013. 
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Figure 4-10: Averaged seasonal profiles of vertical diffusivities. 

Interestingly, through the application of the developed one-dimensional model it is 

possible to localise the onset of the winter turnover events; this is clear from Figure 4-11, 

where vectors representing diffusivities at different depths are plotted along with the 

water column temperature differential. As an example, it is possible to notice, at the end of 

May 2011, how suddenly high diffusion processes are present in the whole water column, 

rather than in the first 10-15m only. During the same time steps, the water column 

temperature differential reached its minimum values, and a full lake circulation began. 

 

Figure 4-11: Time series of (a) column temperature differential, (b) vector plot 
diffusivity coefficients for the top 23m from the surface in Advancetown Lake, 

2008-2012. 
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4.3.3 Effect of volume and extreme events in mixing processes 

Figures 4-12 (a) and (b) show respectively the dissolved oxygen concentration and the 

water temperature in Advancetown Lake for the period from May to September 2013, 

which included the 2013 winter turnover; it can be noticed how the volume of the dam 

increased in February 2013 (see Figure 4-2) to its new full capacity. 

 

Figure 4-12: (a) Dissolved oxygen (mg/L) and (b) water temperature (ºC) for 
Advancetown Lake between May and September 2013 (3-hours frequency; 0 to 

48 metres depth). 

 

The higher volume implies a higher amount of work needed to mix the whole water 

column, as it was shown through the SSI calculation. As a consequence of this, and of 

higher than normal winter temperatures (average minimum July temperatures and 

maximum August temperatures 2ºC higher than 1992-2012 average values recorded in 

Gold Coast Seaway by the BoM), the figures show that only a partial mixing occurred. The 

water temperature of the water column was uniform for only a few nights in June, when 

the surface temperature typically drops an extra 0.5 °C compared to daytime. This might 

have enabled short-term mixings with the lower layers, with the colder surface waters 

sinking down towards deeper layers. However, because of the calculated velocities, few 

cold nights do not provide sufficient time for a full circulation to occur. Because the cold 

nights were followed by warmer-than-usual days, a weak stratification constantly took 

place during daytime, thus interrupting the transport processes occurring between 

surface and deeper layers. Usually, the whole column has the same temperature for at 

least one month, thus providing enough time for a full mixing. Moreover, through the 

dissolved oxygen concentrations it can be seen that there was a gradual mixing 
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downwards, but it did not affect waters deeper than 30 metres. An increase in oxygen 

level in July in the very bottom waters was recorded, most likely due to the intrusion of 

well-oxygenated water coming from the shallower littoral areas. Figure 4-13 shows typical 

summer-winter vertical profiles for the upgraded dam; it can be noticed how in winter a 

very weak stratification persisted (0.8 ºC between top and bottom waters), and that was 

enough to limit the water mixing. Evidence of this process occurring is illustrated by the 

winter dissolved oxygen profile, which shows unexpected heterogeneous concentrations 

though the water column, while typically, if a full turnover occurs, almost homogenous 

concentrations from top to bottom is to be expected. Local negative peaks (at 6m in 

summer and 13m in winter as shown in Figure 4-13(b)) are most likely caused by oxygen 

intrusions coming from the river. 

 

 

Figure 4-13: Typical summer and winter (a) water temperature (ºC) and (b) 
dissolved oxygen (mg/L) profiles for Advancetown Lake in 2013 (post dam 

upgrade). 

 

 

4.4 Conclusions 

A comprehensive analysis of the available field data for Advancetown Lake was 

performed. A one-dimensional model determining the relative contribution of diffusion 

and advection was implemented, as well as an analysis of internal waves and the 

calculation of indices describing the mixing of the waters in the reservoir.  
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The main conclusions of the research study are the following: 

 Advancetown Lake, prior the recent upgrade, could have been classified as a warm 

monomictic lake, with one full circulation occurring during winter encompassing 

the whole water column, and a propensity for partial mixings after summer 

turbulent events. 

 The driving forces of the mixing processes are substantially different between 

summer and winter. In summer, rainfall, river inflow and wind can trigger partial 

water mixings. High inflow events create partial water mixings at the depth of the 

intrusions, heavy rain exponentially weakens the thermocline, and strong wind 

events can mix and deepen the epilimnion. However, the winter full lake 

circulation is driven by thermal instability of the water column only, since no high 

rainfall events occur during this dry season. Furthermore, wind does not appear to 

play a role in triggering the lake circulation; this is because Advancetown Lake can 

be classified as “hydrologically deep”, requiring significant work by forces such as 

wind to mix such a body of water, when compared to shallower lakes.  

 Because of the high correlation between lagged, smoothed values of air 

temperature, solar radiation and water temperature, there is potential for 

predicting the strength of thermal stratification up to 10 days ahead with a 

multivariate statistical model. Reliable air temperature forecasts, along with the 

use of a seasonal model were shown to further improve correlation coefficients. 

Moreover, it was possible to extract some nonlinear correlations between sporadic 

local drops in the thermocline strength and heavy rainfall events. Thus, by having 

reliable air temperature and rainfall forecasts, it would be possible to predict the 

strength of the thermal stratification for Advancetown Lake with a reasonable 

accuracy. 

 The vertical mixing processes are driven mainly by diffusion, while advection plays 

only a minor, negligible role. The diffusion is higher during the winter circulation, 

while it is at its lowest during summer, because of the stability induced by a strong 

thermal stratification.  

 The implemented one-dimensional model can be applied in real time to calculate 

diffusivities any time a new vertical profile of temperature and conductivity has 

been collected by the VPS, thus adding value to this tool and enabling better 
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understandings of the mixing processes affecting the lake at any given time of the 

year. 

 Internal waves located at the thermocline tended to be faster (0.3 mm/s) than 

velocities induced by vertical mixing processes; however, their amplitude is too 

limited to enable considerable mixing between the upper and lower metalimnion. 

 During 2013, which is post the dam upgrade, the higher volume increased the level 

of resistance to a full lake circulation as demonstrated by an increase in SSI values; 

this characteristic was further compounded by a warmer-than-usual winter during 

that circulation period. As a result, only a partial mixing was evident in the top 30 

metres of the reservoir. Hence, in 2013, Advancetown Lake behaved more like a 

meromictic lake. Future work analysing the 2014 circulation processes will seek to 

confirm whether the dam upgrade has predominately transitioned the lake 

characteristics from a monomictic to a meromictic regime. 

With the continuous monitoring of the features of the reservoir through the VPS, the 

analysis of the next winter circulation events will be of great interest. Meromixis leads to 

the formation of a constantly anoxic deep layer called monimolimnion, which contains an 

increased level of nutrients (Boehrer et al., 2009). In case of cold weather extremes 

leading to monimolimnetic overturns, those nutrients will reach the top, oxygenated layer 

called mixolimnion, where the water is usually drawn and redirected to the treatment 

plant, thus implying several issues for the water supplier. Two main changes brought to 

meromixis in 2013: the increased reservoir’s volume, which augmented the resistance to 

water mixing, and the warmer winter, which implied warmer waters and thus more work 

required for breaking down the thermal stratification. If the warmer winter had been the 

main factor, then average winter temperatures would lead to a full circulation again in 

2014, regardless of the higher volume; on the other hand, if the increased volume had 

been the main factor, then most likely Advancetown Lake will be predominately exhibit 

meromictic characteristics in the future.  

4.5  Implications and Future Research Directions 

Having a good understanding of the physical properties of a water storage reservoir is 

pertinent for dam and water treatment plant operators. Also, changes to the catchment 

area and reservoir dimensions, as in the case with the recent Advancetown Lake upgrade, 

have implications on the future characteristics of the lake and need to be carefully 

monitored and studied in advance of any unexpected nutrient build-up combined with 

different circulation events that may result and have detrimental effects to the water 
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quality drawn from the reservoir for potable use purposes. This study, through the use of 

the high-frequency VPS data, enabled a deeper understanding of the processes related to 

mixing events in different seasons in Advancetown Lake. In 2014, further analysis will be 

undertaken to understand whether recent changes in lake circulation characteristics will 

be sustained or the lake reverts back to its historical monomictic state.   

For Advancetown Lake and its supplied Gold Coast City region, there are a number of 

aspects that need to be carefully monitored and modelled in the future to ensure that dam 

operators can proactively address and mitigate future potential problems originating from 

the following: 

 The expected increase in average temperatures could lead to warmer winters and 

constant meromixis, with very high concentrations of nutrients stored in the 

monimolimnion. 

 Climate change will also bring to more frequent drastic events such as floods and 

droughts. In the case of drought, the volume of the reservoir will decrease, thus 

making a full circulation more likely; in the case of extreme floods, then rain and 

extremely high inflow events might play a more important role and increase the 

mixed layer depth during the partial mixing events than in the past. 

 The expected rapidly increasing population in the Gold Coast City region will result 

in an increased demand for potable water, thus potentially leading to a decreased 

average volume in the dam at any point in time. 

Further studies are required to better assess the relative importance of reservoir volume 

and air temperature in limiting the lake circulation processes, and to link these features 

with climate change and urban development scenarios. Such scenario analysis, supported 

by available empirical data, will enable predictions of the future likelihood of 

Advancetown Lake exhibiting either monomixis or meromixis characteristics in a 

particular year.  
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Statistical analysis and modelling of the manganese cycle in the 

subtropical Advancetown Lake, Australia 

Abstract: Monitoring and understanding the manganese cycle in a drinking water 

reservoir is important for water authorities, since most water treatment practices aims to 

remove elevated soluble manganese concentrations to avoid discoloration of potable 

water supplied to customers. In the present study, a detailed statistical analysis of 

available meteorological, physical and chemical data for a subtropical monomictic 

Australian reservoir (Advancetown Lake in South-east Queensland) was completed. It was 

concluded that the soluble manganese concentration in the hypolimnion is mainly 

dependent on the dissolved oxygen level and also on the pH and redox potential, which 

determine the speed of the biogeochemical reactions between different manganese 

oxidation states. In contrast, the manganese level in the epilimnion is mainly affected by 

the transport processes from the hypolimnion; hence, it is related to the strength of the 

thermal stratification, with high concentrations recorded solely during the winter lake 

circulation. The value of the peak concentration was found to be proportional to the 

amount of manganese in the hypolimnion and to the temperature of the water column at 

the beginning of the circulation period - that is, when the temperature becomes uniform 

throughout the depth. It was noticed that for this lake system, that prevalent wind or rain 

events do not have sufficient energy to bring manganese into the epilimnion by mixing 

processes, due to the presence of a low-Mn buffer layer below the thermocline. This study 

has enabled a better understanding of the manganese cycle for a typical subtropical, 

medium-sized reservoir (approximately 300,000 ML) as well as presents a novel 

alternative approach to its monitoring. Further, the strong correlations found through the 

performed data analysis set the foundations for the creation of a data-driven manganese 

prediction model. 

 

5.1 Introduction 

5.1.1 Manganese and water treatment 

The chemical element manganese (Mn) comprises 0.1 per cent of the Earth’s crust (Emsley 

2001) and it can be observed in oxidation states ranging from –3 to +7. The most stable 

valence states are +2 and +4; hence the most naturally occurring Mn forms are dissolved 

Mn(II) and particulate Mn(IV) (Kohl and Medlar 2007). In lakes and reservoirs, Mn can be 

present in both soluble and insoluble forms; its production, suspension, precipitation, 
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mixing and interactions with other elements are complex and generally ruled by factors 

such as pH, redox potential (ORP), dissolved oxygen (DO) and level of turbulence. Despite 

not being a health issue, high Mn concentrations in drinking water cause aesthetical 

problems such as black or brown colouring or, with very high levels, a metallic taste 

(Raveendraan et al., 2001). Typical standards (such as that fixed by the United States 

Environmental Protection Agency) for soluble Mn are 0.05 mg/L; however, recently, some 

water utilities have been targeting 0.015/0.2 mg/L to avoid any customer complaints 

(Kohl and Medlar, 2007), and Seqwater (the water authority that manages Advancetown 

Lake) require treated water manganese to be <0.02 mg/L. 

A better understanding of the Mn cycle in a water reservoir and the variables affecting it 

would allow the water authority to manage Mn treatment more efficiently. Many studies 

and experiments have been conducted in the past, but the focus was often to examine the 

importance of single variables or processes (e.g. Johnson et al., 1995; Carlson et al., 1997; 

Bratina et al., 1998).). A conceptual model of generalised transport mechanism for iron 

and Mn was developed already three decades ago by Davison (1985), but it focused on 

oxidation/reduction reactions by assuming a well-defined redox boundary and not 

addressing hydrologic conditions, biological uptake, and interactions with dissolved 

organic matter. Only a few studies (e.g. Johnson et al., 1991) have taken into account the 

overall Mn cycle, typically using process-based models requiring the calibration of a high 

number of physical parameters. Remarkably, to the authors’ knowledge, few or no studies 

have quantitatively analysed the Mn behaviour during the lake destratification that, in 

monomictic lakes such as Advancetown Lake, usually occurs once per year. This event 

dramatically changes the lake structure, leading to an even distribution of physical and 

chemical parameters (Nürnberg, 1988). As a consequence, the main objectives of this 

research study are: 

• Collecting an extensive amount of data from several sources and over several years 

for Advancetown Lake, Australia. 

• Undertaking a comprehensive statistical analysis of the collected data. 

• Applying data-driven modelling approaches in order to identify Mn cycle 

predictors and quantify the correlations. 

• Conducting further winter lake samplings, and  developing a one-dimensional 

model for velocities and diffusivities coefficients estimation, to help gaining a 

better understanding of the Mn cycle especially during lake mixing periods. 
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• Understanding the effects of extreme events (e.g. partial followed by a full lake 

circulation) on the Mn cycle. 

• Devising an optimal Mn monitoring routine. 

Although the study is limited to Advancetown Lake, it provides a general assessment of the 

Mn behaviour in subtropical, relatively deep monomictic lakes, focusing especially on 

understanding and predicting the timing and peak concentrations during winter 

circulations. 

5.2 Background 

5.2.1 Manganese cycle: biogeochemistry 

The key processes involved in a lake’s Mn cycle are summarised in Figure 5-1. During the 

stratification season, there are evident differences in Mn concentration between the 

epilimnion and the hypolimnion. In the epilimnion, the incident radiation allows 

photosynthesis to occur and the level of DO is high, although higher water temperatures 

decrease its solubility. The presence of algae also means higher pH because of the removal, 

through photosynthetic assimilation, of acidic CO2 forms such as HCO3– (Dubinsky and 

Rotem, 1974). Under these conditions, the soluble Mn is oxidised (Stumm and Morgan, 

1981) into insoluble forms such as Mn dioxide, which precipitates downwards into the 

hypolimnion.  

This reaction is slow for pH lower than 8.5/9 (Howe and Mancolm, 2004; Johnson et al., 

1995) but with high water temperatures (with an optimum at 30°C), bacteria play a 

central role in the oxidation reaction, making the reaction much faster (Johnson et al., 

1995). The occurrence of Mn is largely dependent on two groups of bacteria: oxidising 

bacteria (which convert soluble Mn(II) into particulate Mn(IV)) and reducing bacteria 

(which provoke the opposite reaction), with the direction of the cycling strictly related to 

the DO level (Kohl and Medlar, 2007).  

In conclusion, soluble Mn in the epilimnion is usually low, and insoluble Mn, since it 

quickly precipitates, is typically present in small amounts. In the colder hypolimnion, light 

cannot penetrate and algae can neither develop nor produce oxygen through 

photosynthesis. Therefore, unlike the epilimnion, under stratified conditions the bottom 

waters are typically acidic (because acidic carbon dioxide forms are not assimilated) and 

contain low or no DO for bacteria respiration.  

Interestingly, when oxygen levels are depleted, bacteria obtain the oxygen they need 

through denitrification (Tundisi and Matsumura, 2011) and later through Mn reduction 
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(Engebrigsten, 2010), thus forming and releasing dissolved Mn(II) in the water column. 

Both the low pH (Calmano et al., 1993) and the anoxic conditions (Chiswell and Huang, 

2003) are considered important for Mn reduction. Carlson et al. (1997) found that, for a 

particular reservoir, when the DO level was < 3 mg/L, dissolved Mn was present, and 

when the level fell below 2 mg/L, the Mn concentration increased.   
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Figure 5-1: schematisation of the Mn cycle in a reservoir: green connections: increase in x increases y; red connections: increase in x 
decreases y; dashed connections: processes affecting lake circulation; upper box: epilimnion; lower box: hypolimnion; rectangles: variables 

part of the cycle; ovals: external inputs; (1): lake turnover; (2): Mn precipitation; (3): Mn oxidation; (4) Mn reduction 
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The Mn oxides mainly come from the bottom of the reservoir or suspended sediments, by 

precipitation from the epilimnion through the rivers, or groundwater (Kohl and Medlar, 

2007; Tundisi and Matsumura, 2011). Hence, during stratification, the soluble Mn level in 

the hypolimnion gradually increases, with molecules diffusing throughout the 

hypolimnetic volume. Once the molecules reach the border with the epilimnion, the 

diffusion cannot go any further because of different densities and properties.  

5.2.2  Mn cycle: transport processes 

The biogeochemical reactions predominantly affect the Mn cycle under stratified 

conditions only, when the transport processes are limited. Previous studies (Howard and 

Chisholm, 1975) have recorded a continuous and consistent increase in Mn in the bottom 

water after stratification, reaching its maximum immediately before the subsequent 

overturn of the lake. As soon as the overturn occurs and free circulation begins, Mn from 

the bottom water is mixed and transported throughout the water column. This process 

creates a temporary escalation in the concentration of soluble Mn in the upper waters 

(Calmano et al., 1993). After this, the Mn load is usually low during the destratified period; 

an elimination of reduced compounds from the hypolimnion can occur in just a few days 

(Macdonald, 1995). This occurs because, with the breakdown of the temperature gradient 

allowing better water circulation and mixing, the water masses—particularly the 

hypolimnetic anoxic ones—become more oxygenated. The great amount of soluble Mn 

stored in these deep layers, through the introduction of oxygen, is quickly oxidised to 

insoluble oxides, which then precipitate and accumulate in the bottom sediments (Dojlido 

and Best 1993). The remaining Mn that could not precipitate quickly enough is washed 

away with the outflow and not replaced quickly, as there is no reduction from the 

sediments because of the high temporary oxygen concentration. 

5.3 Research Method 

5.3.1 Research domain and collected data 

Advancetown Lake (Figure 5-2), also called Hinze Dam (153.28°E, 28.06°S), is a 

subtropical reservoir located in South-east Queensland, Australia. It supplies most of the 

water provided to the Gold Coast region. The dam was originally constructed in 1976 

immediately downstream of the confluence between the Nerang River and the Little 

Nerang Creek, creating a storage capacity of 42,400 ML. However, two subsequent 

upgrades (the last one, ‘Stage 3’, completed in 2011) raised its capacity to the current 

310,730 ML (Figure 5-3) with an average depth of 32 m. The surface area is 9.72 km2 

while the catchment area covers 207 km2, including the Springbrook Plateau and 

Numinbah Valley, and is mostly contained within state forests and national parks. An 
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intake tower located next to the dam draws water from the most convenient depth at five-

metre intervals, redirecting it to the closest treatment plant, situated 10 km north-east of 

the reservoir. 

 

Figure 5-2: Advancetown Lake map 

Currently, water quality is primarily monitored through laboratory analysis of manually 

collected, weekly water samples. Nevertheless, in 2008, an in-situ Vertical Profiling System 

(VPS) was installed. The VPS consists of a YSI sonde attached by a cable to a floating buoy 

that is automatically winched up and down the water column to collect water quality 

parameters such as temperature, DO, pH, conductivity, ORP and turbidity. Collected data 

for the whole profile is transmitted via telemetry every three hours. The VPS, which is 

positioned near the intake tower (see green point A in Figure 5-2), is also near the location 

of the weekly water samplings; although the average depth of the reservoir is 32 m, the 

sampling site is more than 50 m deep. 

 

Figure 5-3:  Advancetown Lake storage volume, 1986-2013 (adapted from 
Bertone et al., 2015) 
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Table 5-1: sources and features of the available data  

Variable 
Source Method Frequency Period 

Colour (true, apparent) 

Seqwater 

Water sampling Weekly 
2000–2011 

Manganese (soluble, total) Water sampling Weekly 
2000–2013 

Iron (soluble, total) Water sampling Monthly 
2000–2011 

Nitrogen (total, oxidised) Water sampling Monthly 
2000–2011 

Phosphorus (total) Water sampling Monthly 
2000–2011 

Phosphorus (orthophosphate) Water sampling Monthly 
2000–2008 

Algal count Water sampling Weekly 
2000–2012 

Outflow Measurement Daily 
2008–2012 

DO (total,%) 

Seqwater 
and VPS 

Water sampling, VPS*** Weekly, 3-Hourly 
2000–2012 

Water temperature Water sampling, VPS*** Weekly, 3-Hourly 
2000–2012 

Turbidity, pH, ORP Water sampling, VPS*** Weekly, 3-Hourly 
2008–2012 

Conductivity VPS*** 3-Hourly 
2008–2013 

Chlorophyll-a VPS*** 3-Hourly 
2008–2013 

Blue-green algae VPS*** 3-Hourly 
2008–2013 

Air temperature  VPS*** 3-Hourly 
2008–2013 

Wind speed and direction VPS*** 3-Hourly 
2008–2013 

Relative humidity, cloud cover 

BoM** 
 

Data with fee Daily 
2000–2012 

Air temperature (max, min) Free data Daily 
2000–2013 

Solar radiation, rainfall Free data Daily 
2000–2013 

Inflow DERM** Free data Daily 
2007–2012 

*Australian Bureau of Meteorology  

**Department of Energy and Resources Management, Queensland Government  

***Vertical Profiling System, Advancetown Lake 

Seqwater, the bulk water authority in South-east Queensland, provided historical physical 

and chemical data for Advancetown Lake, collected both through water samplings and by 

the VPS. Other parameters were collected from the Australian Bureau of Meteorology 

(BoM) and the Department of Energy and Resources Management of the Queensland 

Government (DERM). Table 5-1 provides a list of the available data. 
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The data collected manually were limited to a depth of 24 m. This was found to be a minor 

problem for many physical parameters (VPS data showed little variation below 24 m), but 

extra Mn samplings were collected during the 2013 and 2014 winter circulations from a 

depth of 0 m to 45 m, 2 or 3 times per week, to better understand the mixing behaviour of 

the reservoir. Since no significant intra-daily variations were noticed, daily data was 

chosen as the ideal frequency for this analysis. As the manual samplings were taken at 9 

a.m., VPS data were considered at the same time, for consistency. Interpolation of higher 

frequencies data was performed. 

Analysis of the collected data was performed. First, statistical analyses were undertaken in 

order to detect the presence of nonlinearities, nonnormalities and other forms of 

complexities. A detailed list of the statistical tests performed is available in Bertone et al. 

(2015). These tests help in quantifying the statistical features of the data. They were 

performed on the time series of each available chemical, physical or meteorological 

variable and most of them appeared to be nonnormal and nonlinear, and often bimodal. 

Transformations and combinations of original time series data were created in order to 

increase the number of possible relevant inputs. For instance, water temperature data 

were recombined in order to create a new variable described as water temperature 

differential, which can be calculated using Equation 5-1: 

∆𝑇𝑤(𝑡) = (𝑇𝑤,𝑠𝑢𝑟𝑓(𝑡) − 𝑇𝑤,𝑏𝑜𝑡(𝑡)) 𝑧𝑟𝑒𝑠(𝑡)⁄    (5-1) 

where: 

𝑇𝑤,𝑠𝑢𝑟𝑓(𝑡) = water temperature at the reservoir surface at time t [°C] 

𝑇𝑤,𝑏𝑜𝑡(𝑡) = water temperature at the bottom of the reservoir at time t [°C] 

𝑧𝑟𝑒𝑠(𝑡) = depth of the reservoir at time t [m]. 

Second, algorithms performing multiple linear and nonlinear regression analyses were 

applied in order to find correlations between Mn concentrations and possible physical and 

chemical input candidates, as detailed in Bertone et al. (2014). 

5.3.2 Manganese mixing dynamics assessment 

Since Advancetown Lake’s residence time is relatively long (920 days before the 2011 

upgrade), due primarily to its high volume and relatively low discharge rate, the 

horizontal velocities of the reservoir are low. As a consequence, the calculation of vertical 

velocities and diffusivity coefficients related to the soluble Mn could be performed through 

the use of a one-dimensional time-dependent model consisting of systems of simplified 
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advection-diffusion equations for Mn transfer, where the source/sink term is ignored 

(since Mn data coming from inflows and outflows was not available). The general equation 

for Mn transport, modified from Johnson et al. (1991), is: 

 
𝜕𝑀𝑛

𝜕𝑡
=  𝐷(t, 𝑧)

𝜕2𝑀𝑛

𝜕𝑧2 − 𝑤(𝑡, 𝑧)
𝜕𝑀𝑛

𝜕𝑧
+

𝐹

𝐴

𝜕𝐴

𝜕𝑧
− 𝑘𝑀𝑛    (5-2) 

where: 

Mn is the soluble Mn concentration 

𝐷(𝑡, 𝑧) is the vertical diffusivity of layer z at time t 

𝑤(𝑡, 𝑧) is the vertical velocity of layer z at time t 

F is the sediment flux of soluble Mn, depending on a threshold oxygen concentration 

A is the lake cross-section 

k is the oxidation rate of soluble Mn to Mn oxide, depending on another threshold oxygen 

concentration. 

Mn oxidation by oxygen is typically extremely slow (Johnson et al., 1991) if compared with 

the first two terms, particularly during the critical winter lake circulation period. Also, the 

sediment flux represents a boundary condition. Hence, for the upper layer of the reservoir 

(i.e. where data were collected) the 1D model presents only two terms on the right hand 

side and it can be used for calculating velocities and diffusivities. In order to do this, the 

finite difference method was deployed, as described in Bertone et al. (2015): by 

discretising Equation 5-2 and applying the continuity condition it was possible to calculate 

velocities w and diffusivities D for each time t and layer z considered. 

The 24 m water column which was being continuously sampled (i.e. 3 hourly data 

recording intervals) by the VPS, and provided vertical resolution data of Δz = 3 m (i.e. 9 

layers of 3 m).  The frequency of the manually completed laboratory tested water 

samplings was weekly, which was understandably much less frequent than the automated 

VPS data collection sequence. Because of the limited amount of experimental data, 

especially regarding sediments and physical parameters to be calibrated (e.g. k), the 1D 

model was used only to clearly explain the Mn cycle and the processes affecting it; yet 

data-driven approaches were used for Mn prediction and relationships quantifications. 

Additionally, to better highlight the mixing dynamics, the thermocline, oxycline and 

‘mangancline’, which are respectively the depths with the maximum gradient of 
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temperature 
𝜕𝑇

𝜕𝑧
, DO concentration 

𝜕𝐷𝑂

𝜕𝑧
 and soluble Mn concentration 

𝜕𝑀𝑛

𝜕𝑧
, were calculated 

over time and represented graphically. Since they are typically located within the most 

turbulent water layer, studying their variation over time and the relative location among 

them will help to increase the understanding of turbulence mechanisms and particularly 

the transport processes between the epilimnion and hypolimnion. 

5.4 Results 

5.4.1 Seasonal variations of Mn cycle 

Recent studies (Bertone et al. 2015) showed that Advancetown Lake typically presents a 

gradually stronger stratification from September to April/May, while during the winter 

months (May to August), the mixing and transport processes become faster and stronger 

because of the lake circulation. These mixing dynamics also affect the Mn seasonal cycle. 

Figure 5-4 shows the soluble Mn concentrations in the top 24 m of the dam for the period 

2008–12. The increase in the dam volume during summer 2012 is noteworthy. It is 

evident that Mn values in the epilimnion (which, during the stratification season, includes 

the first 6 m of this dam) are close to zero during stratification, and become higher only 

during winter circulation, when a uniform distribution is achieved.  

This is made clearer in Figure 5-5, which shows the Mn concentrations from 0–24 m taken 

at one-week intervals during a typical turnover event. As expected, at the onset of the lake 

circulation, Mn concentrations in the hypolimnion are high, with an evident gradient at 

around 15–18 m. Then, because of the mixing of waters, part of that Mn is able to reach the 

top layers, causing a clear reduction of concentration in the hypolimnion and an increase 

in the epilimnion.  

This finding reinforces those of Bertone et al. (2015) who showed that diffusion (i.e. the 

main mixing process in Advancetown Lake) becomes relevant below the epilimnion only 

during destratification. With the onset of the new stratification, the Mn in the epilimnion is 

oxidised, while in the hypolimnion, the newly formed reducing conditions allow the 

beginning of a new production cycle.  
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Figure 5-4: Soluble Mn (mg/L) colour map top 24 m, related to the evolving 
reservoir’s elevation; grey colour: NaN 

 

 

Figure 5-5: Soluble Mn vertical profile concentrations, turnover 2011, 
Advancetown Lake 
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It is noteworthy that the thermal stratification does not perfectly match the chemical one. 

Figure 5-6 shows how, for long periods of the year, the oxycline is shallower than the 

thermocline; conversely, the mangancline is deeper. Hence, although the layers adjacent to 

the thermocline have different physical properties and seem not to mix, the chemistry of 

the whole metalimnion is heterogeneous and each element presents its own distribution, 

ruled by different biochemical cycles. As a consequence, the researcher must keep in mind 

that layers immediately above the thermocline could be unexpectedly anoxic. 

Alternatively, these findings demonstrate that, during summer stratification, when the 

thermocline lays some metres above the mangancline, there is a layer below the 

thermocline where the soluble Mn concentration remains as low as in the epilimnion. 

Thus, local sporadic extreme weather events (e.g., heavy rain or strong winds), which can 

mix the surface waters and push the thermocline down, do not seem to affect the Mn 

concentration in the epilimnion, since the created turbulence would need to affect much 

deeper waters to involve layers with high Mn loads in the mixing process. 

 

Figure 5-6: The maximum gradient of temperature, DO and Mn concentration, 
i.e. thermocline, oxycline and “mangancline” locations, 2008-2012 

 

5.4.2 Impact of DO, pH, ORP and rain 

From Figure 5-4, it is evident that the level of soluble Mn in the hypolimnion (i.e., from 

about 12 m downwards) gradually increases during the stratification months (especially 

from December, when DO is almost completely depleted, to May). The increase in 

concentration is believed to be caused by reduction reactions from the sediments (bottom 

and suspended). In Figures 5-7 and 5-8, which show the DO and pH levels of the dam, it is 
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evident that the hypolimnion during stratification is acidic and anoxic, which represents a 

highly reducing environment.  

 

Figure 5-7: pH colour map top 24 m, related to the evolving reservoir’s 
elevation; grey colour: NaN 

 

 

Figure 5-8: DO (mg/L) colour map top 24 m, related to the evolving reservoir’s 
elevation; grey colour: NaN 

 

Further, Figure 5-9 shows that suspended insoluble Mn is present only during and 

immediately after the lake circulation, when oxygen can reach greater depths and oxidise 

the soluble Mn. After this, the concentration of insoluble Mn is rapidly depleted and almost 

all of it becomes soluble. The lack of suspended insoluble Mn during stratification leads to 

the conclusion that most of the soluble Mn, which gradually increases in concentration 

over time, comes through reduction from the bottom sediments. 
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Figure 5-9: Depth-averaged Mn soluble/insoluble in the hypolimnion (12-24m) 

 

It is not only pH and DO that play an important role in the Mn cycle; ORP is also vital. In 

Figure 5-10, it is evident that the ORP in the hypolimnion usually decreases during 

summer and autumn to reach negative, reducing values, thereby boosting the Mn 

reduction process. Interestingly, during 2012 (i.e., immediately after the ‘Stage 3’ upgrade 

was completed and the volume increased), the ORP did not drop below zero. As a 

consequence, the soluble Mn production was limited (see Figure 5-4). 

 

Figure 5-10: smoothed ORP time series for the epilimnion (0-6m), 9 meters 
depth, and hypolimnion (12-24m) 
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Although previous studies (e.g. Zaw and Chiswell, 1999) proved that heavy rain and 

related high discharge can bring high Mn concentrations, Figure 5-11 demonstrates that, 

during summer extreme events, the Mn concentration in the hypolimnion decreased 

rather than increased in value. This could be explained by the river introducing well-

oxygenated waters into the hypolimnion, rather than bringing high Mn loads, causing the 

oxidation of an amount of soluble Mn that was previously produced. From Figure 5-4, it is 

evident that the epilimnetic Mn concentration is not affected either, since high values are 

recorded only during winter. This can be explained by the location of the mangancline 

(typically deeper than the thermocline). As mentioned before, this implies that if rain (or 

wind) events created mixing in the epilimnion and pushed the thermocline down, in most 

cases there would be still a buffer layer in the upper hypolimnion with limited or no Mn. 

Only very extreme events would be able to create a much deeper mixing involving the 

mangancline depth; such events did not occur in the study period.  

 

Figure 5-11: Soluble and insoluble hypolimnetic Mn (12-24m) and river 
discharge, Advancetown Lake, 2008-12 

 

5.4.3  Turnover events and peak concentrations 

Figure 12 shows the soluble Mn in the surface waters over the 2000–2012 period. As 

expected, the peak values are due to the lake turnover during winter. Unexpectedly, the 

peak concentration in the epilimnion is not directly proportional to the Mn present 

underneath. For instance, Figure 5-4 shows that in 2012, the concentration in the 

hypolimnion was low, but the epilimnetic peak had a similar value to previous years. This 

could be explained by the lack of data below 24 m, resulting in only partial information 

about the hypolimnetic concentrations. Also, horizontal intrusions have not been included 
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in the modelling since only 1-D data was available; however this factor is not likely to be 

critical since the horizontal velocities are limited due to the high residence time. Despite 

these study limitations, the data and analysis procedures were sufficient to determine that 

the percentage of hypolimnetic Mn able to reach the epilimnion during the turnover event 

was proportional to the water column temperature at the onset of the lake circulation 

(Figure 5-13; it must be noticed that, prior VPS installation, only samplings from 0 to 24 

metres depth were taken, hence it is assumed that at the onset of the circulation, the 

temperature of the waters below 24 m is the same of the layer above, even though very 

small gradients might have been still present). Since mixing processes such as turbulent 

diffusion are stronger with higher temperatures, lake circulations that occurred with 

warmer waters brought more soluble Mn to the surface layers. 

 

Figure 5-12: Surface soluble Mn concentrations, Advancetown Lake, 2000-2012 

Interestingly, a higher correlation (R2 = 0.70) between the aforementioned variables was 

found by considering only the most recent years. It must be remembered that, because of 

the Stage 3 dam upgrade construction, the reservoir has dramatically changed over the 

last few years, affecting the previously well-established chemical and physical equilibria; 

for this reason, limiting the analysis to the most recent years could provide more 

trustworthy relationships. A reliable assessment of the importance of the reservoir’s depth 

was not completed because of the lack of Mn data below 24 m. A good correlation was 

found between the percentage of soluble hypolimnetic Mn going to the epilimnion and the 

Julian day of the commencement of the turnover event (considered as the first day when 

soluble Mn in the epilimnion is higher than 0.02 mg/L). This was expected, since an early 

turnover is usually related to high water column temperatures; hence, the two different 

inputs considered for predicting the percentage of hypolimnetic Mn going to the 

epilimnion (i.e. water column temperature and Julian day of the beginning of the turnover 

event) are directly correlated. 
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Figure 5-13:  Relationship between percentage of hypolimnetic Mn going to the 
epilimnion during the turnover and water column temperature at the onset of 

the turnover, Advancetown Lake, 2000-2012 (Bertone et al., 2014) 

Figure 5-14 plots the epilimnetic Mn peaks together with the depth-averaged water 

temperature at layers 0–6 m, 6–12 m and 12–24 m. It is evident that there is a strong 

relationship (except for a small discrepancy in winter 2010) between the gradient of 

water temperature and peak in Mn; when the gradient of temperature (and, in turn, 

density) is broken, waters are free to circulate and bring nutrients into the epilimnion.  

 

Figure 5-14: Water temperatures (0-24m) and soluble epilimnetic Mn, 
Advancetown Lake, 2008-2012 

Scatter plot analysis revealed a relationship between Mn and water temperature but this 

was not confirmed as a statistically significant linear relationship. However, a significant 

non-linear correlation existed between Mn and the water temperature differential (as 
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described in Equation 5-1). Particularly, the hyperbolic transformation (Equation 5-3) had 

the highest correlation with Mn concentrations in the epilimnion: 

 ℎ𝑦𝑝∆𝑇𝑤(𝑡) = (1 + ∆𝑇𝑤(𝑡))−3     (5-3) 

The correlation between ℎ𝑦𝑝∆𝑇𝑤(𝑡) and the soluble epilimnetic Mn, calculated by the 

implemented algorithm, yielded an R2 = 0.67. The correlation becomes higher when 

coupled with the peak concentration estimations of Figure 5-13. This confirms the 

hypothesis that Mn is brought upwards through water circulation when the thermal 

stratification is extremely weak. No relevant correlations were found between high Mn 

concentrations and wind, indicating that the circulation process leading to high soluble Mn 

concentrations in the epilimnion is driven by sinking of colder surface waters; this process 

can be simply described through Equations 5-1 and 5-3. 

5.4.4 Extreme events 

The extra samplings performed during the 2013 winter turnover over 2–3 days confirmed 

the results of the one-dimensional model by recording relatively slow Mn mixing 

dynamics and demonstrating that a weekly sampling frequency was appropriate; in fact, 

the 2013 turnover proved to be even slower than the previous ones. As a further 

consequence, the linear interpolation of weekly data for application in the one-

dimensional model (Equation 5-2) was not considered to diminish model accuracy 

significantly. Figure5-15 shows three vertical soluble Mn profiles, taken at three-week 

intervals, over the main peak event. It is evident that only the top 30 m were affected by 

the mixing process; along with water temperature and DO profiles, this demonstrates that 

because of the increased reservoir volume and a warmer than usual winter, the lake did 

not mix completely, retaining high soluble Mn concentrations at the bottom. Since the 

water below 30 m stayed anoxic, the soluble Mn was not oxidised and deposited on the 

bottom sediments as usual. Although Figure 5-12 demonstrates that, in the most recent 

years, soluble Mn surface concentrations during the turnover event appeared to be on a 

long-term decreasing trend, meromictic years such as 2013 (which also recorded 

relatively low Mn peak concentrations) could mean a further build-up of concentrations of 

Mn in the hypolimnion that eventually will be circulated upwards to the surface waters 

and instigate periods where there are extreme epilimnetic Mn concentrations in instances 

when a complete turnover occurs again. These considerations found confirmation during 

the 2014 winter circulation. Because of average winter temperatures, a full turnover 

occurred again; it was noticed that, at the onset of the circulation, the total soluble Mn 

concentration in the water column was 7.4 mg/L, while the total initial concentration in 

2013 was only 5.1 mg/L. The discrepancy of 2.3 mg/L represents the remaining amount of 
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soluble Mn recorded at the end of the 2013 partial circulation, which was not oxidised and 

redeposited as usual during a full turnover. This higher than normal Mn amount led to a 

peak in the epilimnion of 0.32 mg/L during the 2014 turnover, the highest since 2007 and 

much higher than over the previous 6 years, when a full circulation occurred.  

 

Figure 5-15: Soluble Mn vertical profile concentrations, June 2011. Solid lines: 
extra sampling location. Dashed line: routine sampling location 

5.5 Results Summary 

In Table 5-2, the importance of variables affecting the Mn cycle described in the literature 

is compared with the results of this field investigation. The following are the key findings 

of this research: 

 The Mn cycle was confirmed to be completely different between epilimnion and 

hypolimnion. The soluble Mn in the hypolimnion gradually increases during the 

stratification season, where anoxic and acidic conditions, along with low ORP, 

create ideal conditions for the release from the bottom sediments that proved to 

be the major Mn source. The lack of insoluble Mn in the hypolimnion for most of 

the stratification season suggests that reduction from the suspended sediments is 

limited.  

 River inflow, which was expected to be a source of Mn, actually showed the 

opposite effect, decreasing the Mn load overall; this could be due to the intrusion 

of well-oxygenated waters, limiting Mn production and washing away the Mn 

stored in the hypolimnion at that time. 
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 Rainfall (or wind) events, which are also typically suspected to produce mixing and 

bring Mn in the epilimnion, from where Seqwater usually draws water for drinking 

water purposes, did not actually induce Mn increases. The presence of a buffer 

layer below the thermocline where the soluble Mn concentration is typically close 

to zero was noticed. This ‘buffer’ zone was deemed to be the main reason that the 

effect of heavy rainfall and strong winds was mitigated at Advancetown Lake.  

 

 A strong correlation between the temperature differential of the water column and 

the occurrence of the epilimnetic Mn peak was found. Moreover, a reliable 

prediction of the peak value can be obtained through the relationship between 

soluble hypolimnetic Mn and water column temperature at the onset of the 

circulation. Thus, a prediction on the timing and peak concentration of soluble Mn 

in the epilimnion appears possible, based on statistical analysis results.  

 

 Mn samplings of the full water column during the 2013 and 2014 circulation 

events showed how the Mn cycle presents slow variations even during strong 

mixing periods; it is thus recommended that the water authority (i.e. Seqwater) 

continues the Mn monitoring activity on a weekly routine in winter, while the 

frequency can be reduced significantly during stratification. However, it is deemed 

very important to conduct full-depth column samplings, especially before the 

onset of lake circulation and during this critical event. 

Table 5-2: Comparison of Mn sol hypolimnion, Mn sol epilimnion and lake turnover 

predictors’ relevance, literature vs. real measurements 

Main predictors Mn sol hypolimnion 
Relevance in prediction 

Literature Advancetown Lake dataset 

Insoluble hypolimnetic Mn H Missing data 

DO H H 

pH H H 

ORP H 
H (but higher with Mn insoluble) 

FE M M (but not anticipating) 

NOx M L 

Inflow and Rain L M (but opposite from expected) 
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Main predictors lake turnover Relevance in prediction 

Literature Advancetown Lake dataset 

Solar radiation H H 

Wind H L 

Air temperature H H 

Rain M H in summer 

Inflow M H in summer 

Outflow M L 

 

 

Main predictors Mn sol epilimnion Relevance in prediction 

Literature Advancetown Lake dataset 

Lake turnover 
H H 

Soluble hypolimnetic Mn during 
turnover 

H L 

DO 
M L 

Fe 
M M 

NOx 
M M (but not every year) 

pH 
L L 

H = high (R2>0.6) M= medium (0.4< R2<0.6);  L = low (R2<0.4) 

5.6 Study Implications 

The research findings have implications for water treatment authorities, limnologists and 

environmental modellers. 

For the water treatment authority, it was noticed that a weekly Mn sampling frequency 

during the critical winter period was sufficient, as the Mn cycle in subtropical, relatively 

deep monomictic reservoirs such as Advancetown Lake, does not exhibit behaviours 

which would be undetected by higher frequency monitoring. 

On the other hand, even though the soluble Mn concentration gradually increases with 

depth, full water column samplings are deemed necessary at least during the circulation 

period. Such full-depth measurements will allow for the following: (1) measurement of the 

total Mn concentration at the onset of the turnover and thus having an estimate of the 

expected peak in the epilimnion (using the calculated statistical correlations); (2) 



Chapter 5  – The Mn cycle in HLI 

 
110 

detection of any partial circulation that might be occurring; and (3) quantification of any 

retained soluble Mn at the onset of the new stratification cycle, which would assist in 

assessing potential risks associated with extreme Mn events during the following winter 

circulation. Interestingly, the constantly low epilimnetic soluble Mn concentration 

recorded during the stratification period implies that it would be possible to reduce the 

monitoring program and associated costs during this time of the year.   

For limnologists, besides the well-established correlations with pH or DO, it was important 

to assess the limited influence of heavy rain or strong winds in increasing surface Mn 

levels compared to previous studies (e.g. Zaw and Chiswell, 1999). It is believed that the 

reason is given by the buffer layer between thermocline and mangancline, where 

mangancline in practice represents the layer where noticeable Mn concentrations are 

firstly recorded. Future studies in other lakes might confirm if the buffer layer actually 

plays a central role in mitigating the impact of rain and wind. Also of interest was the 

study of two successive winter turnovers, namely a partial one (2013) and a full one 

(2014). It was confirmed through numerical analysis that any residual Mn from the 

original circulation event will be an addition to any further load reaching the epilimnion 

during the next full circulation along with the Mn load produced from the sediments 

during the stratification season. Hence, early warnings for extremely high Mn 

concentrations near the surface in 2014 were determined, and the influence of these high 

initial concentrations contributing to the peak Mn concentration event during lake 

turnover was confirmed. Partial circulations could become more frequent in the future 

with expected increased air temperatures due to global warming. More frequent 

occurrences of partial turnover events could lead to a higher prevalence of scenarios 

where there are also very high Mn loads in the epilimnion during full circulations. 

For environmental modellers, it has been demonstrated in this study how appropriate 

statistical analysis and data-driven modelling can overcome data-related limitations 

typical of process-based models. We were indeed able to find high correlations and 

potentially forecast Mn concentrations in the epilimnion based only on water temperature, 

with a Mn dataset limited to the top 24 m of the lake. To the authors’ knowledge, timely 

prediction of soluble Mn peak concentrations in the epilimnion has not yet been attempted 

for such reservoirs, with most of the previous research studies (e.g. Johnson et al., 1995; 

Carlson et al., 1997) focusing on single processes affecting Mn. Often, data is limited for 

building a reliable deterministic model; however, data-driven approaches can overcome 

the data availability limitations of these models. This study paves the way for expanding 

on this foundation of data-driven prediction modelling research for the prediction and 

forecasting of a range of other water quality parameters.  
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5.7 Conclusions 

This research study provides a comprehensive assessment of the Mn cycle in a typical 

subtropical monomictic reservoir. Specifically, it was able to identify which chemical or 

physical variables affect Mn concentrations in the water column, particularly the critical 

epilimnion where the water is drawn for treatment purposes. The behaviour was found to 

be remarkably different between surface and deep waters, with Mn concentrations 

determined by biogeochemical reactions in the hypolimnion (main predictors: DO, pH and 

ORP) and transport processes in the epilimnion (main predictors: Mn in the hypolimnion, 

water temperature and water column temperature differential).  

By critiquing these two phenomena separately, it was possible to link the Mn behaviours 

during two completely different seasons, namely, stratification and circulation, and to 

detect the Mn cycle predictors throughout the year and for different chemical/physical 

environments.  

The adopted data-driven approach overcomes the limitations imposed by process-based 

models, especially related to parameters calibration and to the large amount of required 

data.  

Additionally, since a strong correlation between lagged air temperature and water 

temperature was found, there are opportunities to create a Mn forecasting model by using 

air temperature forecasts to predict water temperature and in turn Mn concentrations in 

the epilimnion, from where the water is typically drawn. This model could assist Seqwater 

operators to achieve better-planned Mn treatment and removal. 
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Intelligent data mining of vertical profiler readings to predict 

manganese concentrations in water reservoirs 

Abstract: Continuously monitoring and managing manganese (Mn) concentrations in 

drinking water supply reservoirs are paramount for water suppliers since high soluble Mn 

loads lead to discoloration of potable water. Despite the Mn level currently being manually 

sampled throughout the year, in subtropical monomictic lakes such as Hinze Dam, critical 

Mn concentrations in the epilimnion, where the water is drawn, are typically recorded 

only during winter lake circulation. A vertical profiling system (VPS) installed can 

continuously collect physical parameters that determine the transport process of Mn in 

the lake. Therefore, a long-term historical database gives opportunities for the 

development of a Mn prediction model. In the present study, VPS and sampling data were 

collected and analysed, and prediction models applying nonlinear regression techniques 

and data-driven equations were developed and assessed. They were able to accurately 

forecast future Mn concentrations from 1 to 7 days ahead and in particular the critical 

peak concentrations in the epilimnion during the lake destratification. The model also 

displays the probabilities of the Mn to exceed certain key-thresholds, thus assisting 

operators in Mn treatment decision-making. Such a tool is very beneficial for the water 

supplier, since costly and time-consuming water samplings for monitoring Mn 

concentrations can be avoided, thus relying only on the real time VPS-based model 

outputs. 

 

6.1 Introduction 

An elevated manganese (Mn) level in drinking water supply reservoirs is a widespread 

water quality problem faced by many water utilities. Mn concentration in a lake or 

reservoir is controlled by chemical, physical and biogeochemical processes with, in the 

case of eutrophic, warm monomictic lakes, which are thermally stratified for most of the 

year, usually high concentrations in the anoxic hypolimnion, which is the deepest layer of 

the lake, and low concentrations in the well-oxygenated epilimnion or top layer (Kohl and 

Medlar, 2007). As a consequence, in many reservoirs, the water is usually drawn from the 

epilimnion rather than from the nutrient-rich bottom waters, since the dissolved Mn level 

is in a safe range. The Mn monitoring is usually performed by weekly manual water 

samplings and subsequent laboratory analyses. However, with winter approaching, the 

thermal stratification becomes weaker and weaker until a destratification occurs, driven 

by wind and/or thermal convection. The lake circulation leads to an almost uniform 
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distribution of chemical and biological constituents throughout the water column, with the 

top layers enriched in nutrients from the hypolimnion (Nürnberg, 1988) through 

mechanisms such as turbulent diffusion. Mn concentrations not acceptable for drinking 

purposes are typically recorded during this event (Calmano et al., 1993). As a result, the 

water supplier must treat the raw water accordingly: pre-filter chlorination and for higher 

concentrations the addition of potassium permanganate are the most widely applied 

strategies to oxidise the soluble Mn, which precipitates and can be easily removed. If the 

raw water were not treated to a required standard, the Mn-rich water would be 

distributed to the customers, leading to discoloration and possibly odour issues that can 

diminish the confidence of the customers in the water supplier. Hence, understanding the 

Mn cycle and predicting critical events is one of the major concerns for drinking water 

suppliers. 

Interestingly, few studies have been conducted to try to fully model the Mn cycle. 

Importantly, to the authors’ knowledge, no studies have attempted to predict future Mn 

concentrations. Several prediction models have been applied over the years for different 

environmental problems, but as pointed out by Maier et al. (2010), with regards to 

recently widely applied models such as artificial neural networks (ANN), the vast majority 

of them deals with water quantity more than water quality issues. Besides, the typically 

modelled water quality parameters are pH or salinity (e.g., Bastarache et al., 1997; Zhang 

and Stanley 1997) with few studies related to nutrients. An interesting model was created 

by Bowden (2003), which adopted an ANN to predict the peak concentrations of 

cyanobacteria in the River Murray, Australia. Process-based models have been widely 

applied in the environmental sector whenever enough data were made available. 

Nevertheless, attempts to model the Mn cycle, with particular focus on the rapid transport 

processes towards the epilimnion during the lake destratification, were not present. One 

of the few studies found in the literature was completed by Johnson et al. (1991), who 

created a mathematical model for simulating the Mn cycle in a Swiss lake. The model made 

use of differential equations including the main processes affecting the formation and 

transport of soluble and particulate Mn, such as eddy diffusion, outflow, flux from the 

sediment, oxidation in the water column and coagulation with subsequent sedimentation. 

However, because of the several inputs required, it is not ideal for short-term forecasts. 

In summary, the creation of a model focusing on the prediction, up to 1 week ahead, of the 

soluble epilimnetic Mn concentration represents a novel research goal. Moreover, the 

creation of such an intelligent tool that is able to remotely collect and numerically process 

readily available VPS provisioned data to predict Mn concentrations would result in a cost 
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benefit to the water supplier through a reduction in the number of water samplings and 

laboratory analyses required. 

6.2 Methods 

6.2.1 Research domain and data collection 

The study domain is Hinze Dam, which is also called Advancetown Lake (153.28°E, 

28.06°S), which is a subtropical, eutrophic monomictic reservoir located in South-East 

Queensland, Australia (Figure 6-1). It is the largest water supply reservoir servicing the 

Gold Coast region, which has a population greater than 500,000. 

Figure 6-1: Hinze Dam map; ‘A’ represents VPS location. 

 

Its current capacity is 310,730 ML after a recent upgrade (‘Stage 3’, 2011) that doubled the 

previous volume and the average residence time (which was previously 920 days) The 

average depth is 32 metres and the surface area is 9.72 km2, while the catchment area 

covers 207 km2 of terrain which is mostly national parks. The two main inflows are the 

Nerang River and Little Nerang Creek, coming from another smaller dam named Little 

Nerang Dam. The water is drawn from the most convenient depth (typically around 3–6 

metres below the surface) through an intake tower located close to the dam wall, and it is 

distributed to the nearest potable water treatment plant located 10 km northeast. 
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Through an effective collaboration with Seqwater, the main bulk water supplier for South-

East Queensland, data collected from Hinze Dam were made accessible. Data were 

collected from different sources, mainly from manual water samplings and from a YSI 

vertical profiling system (VPS). Manual water samplings were performed next to the dam 

wall from 0 to 24 metres on a 3 metres interval on a weekly basis and the results from 

2000 to 2013 were collected. This dataset included water temperature, pH, conductivity, 

dissolved oxygen (DO), redox potential (ORP), turbidity, colour, soluble and particulate 

Mn. On the other hand, data from the VPS begins in 2008, when the VPS was placed close 

to the intake tower. The VPS consists of a buoy and a probe that can be located at any 

depth in the water column for effective data acquisition. The collected information can 

then be transmitted back to Seqwater’s computer systems. At Hinze Dam, VPS collects data 

at a time interval of 3 hours and a vertical spatial interval of 1 metre. The parameters 

include water temperature, conductivity, pH, DO, turbidity, ORP, chlorophyll-a and blue 

green algae. Because of the smaller time interval for the collected VPS data, manually 

sampled Mn data were aligned to this dataset using linear interpolation. 

Weather data were collected from the Australian Bureau of Meteorology (BoM). Some 

weather data were available from a local weather station located next to Hinze Dam, but 

this dataset was incomplete so recalibration of data from the nearest BOM weather station 

located at the Gold Coast Seaway (30 km northeast) was performed. Weather data 

included air temperature, wind speed and direction, solar radiation and rainfall. The dam 

inflow data were received from the Queensland Government Department of Energy and 

Resources Management (DERM). 

6.2.2 Data pre-processing and analysis 

Time-series graphs for all of the variables were visually inspected, in order to check 

whether the relationships described in the literature are confirmed by the real data for 

Hinze Dam. Once each relationship was examined, statistical analyses were performed, in 

order to reveal any significant correlation between variables. The performed analyses 

included: linearity tests; stationarity tests; general statistics; autocorrelograms and 

crosscorrelograms; scatter plots; bimodality tests; seasonality tests; heteroskedasticity 

tests; and normality tests. 

Specifically, the presence of nonlinearities was assessed through the BDS test (Brock et al. 

1987), which can also test the presence of nonlinear dependencies between variables, 

provided that linear ones have been removed. Moreover, two different tests to assess 

normality were performed, namely the Jarque–Bera test (Jarque and Bera, 1987), based on 

skewness and kurtosis, and the Lilliefors test (Lilliefors, 1967), which is an adaptation of 
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the Kolmogorov–Smirnov test. Finally, the bimodality can be assessed by use of different 

coefficients, such as the bimodality coefficient (BC), Hartigan’s dip statistics (HDS), or the 

difference in Akaike’s information criterion (AIC) (Freeman and Dale, 2013). Since the BC 

is based on skewness and kurtosis, this test was chosen to be the most appropriate index, 

consistent with other tests such as the aforementioned Jarque–Bera test. 

As expected for an environmental system, time series analysis presented several 

complexities. The usually high skewness and kurtosis lead to positive results for the test 

for bimodality, with BC higher than 0.555 (i.e., the threshold level to detect bimodality) for 

most of the time series of Mn, dissolved oxygen, turbidity and hypolimnetic water 

temperature. Besides, bimodality is a sign of non-normality. As a consequence, all of the 

bimodal time series are also not normal according to the Jarque–Bera and Lilliefors tests. 

Moreover, other variables, which did not show evidence of bimodality, proved themselves 

to be not normal with the aforementioned tests. Ultimately, the application of the BDS test 

to detrended and deseasonalised data, along with visual analysis of autocorrelograms and 

crosscorrelograms, shows the presence of nonlinearities and nonlinear relationships 

between most of the time series. On the other hand, high linear correlations were found 

between air temperature and water temperature time series, despite the fact that a 

hysteresis cycle was noticed, mainly because of the thermal inertia of the water mass. 

However, the hysteresis is rather small, because of the relatively small volume of the 

reservoir. 

Despite the presence of nonlinearities, through plotting the soluble Mn values against all 

the possible predictors it was possible to understand which type of nonlinearity links the 

variables together. The most interesting results are shown in Figure 6-2, representing a 

clear hyperbolic correlation between the soluble epilimnetic Mn data against the 

difference of water temperature between the surface and the bottom (ΔTw) after 

normalisation. This result could have been expected because of the theoretical cycles of 

those variables in warm monomictic lakes found in the literature and confirmed in Hinze 

data (Figure 6-3). No significant changes in the variables’ cycles can be noticed after the 

volume upgrade. Soluble Mn shows high concentrations in the epilimnion only during 

winter turnover, when the water temperature of the whole water column reaches the 

same value and hence ΔTw goes to zero. The analysis of other variables such as dissolved 

oxygen (DO) and pH (always high in the epilimnion) showed that the production of soluble 

Mn is not supported by the oxic, alkaline epilimnetic environment, thus justifying the low 

Mn level throughout the stratification season; however, they could not provide significant 

correlation, since the winter peaks are unaffected by the biogeochemistry of the 
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epilimnion. Iron appeared to have a similar but slower cycle to that of Mn, but it could not 

be sufficiently correlated for a statistically significant Mn forecast. 

In addition, a relationship was found between the percentage of hypolimnetic Mn going 

into the epilimnion during the winter circulation and the water column temperature (Tw) 

just before the onset of the circulation, which is constant throughout the water column 

(Figure 6-4). Higher water temperatures lead to less dense waters and stronger mixing 

processes such as turbulent diffusion, therefore more soluble Mn can go to the surface 

layers before oxidation and precipitation occur throughout the water column because of 

the temporary presence of DO at any depths. Due to the recent dam capacity upgrade, the 

reservoir has evolved towards a new equilibrium, which among other changes showed 

smaller epilimnetic soluble Mn peaks. The equation related to the last five years was 

considered to be more appropriate and reliable to describe the future peak events. By 

analysing DO (decreasing right after the turnover until fully depleted in early summer), pH 

(typically acidic) and ORP (decreasing during the stratification season) it was evident that 

the production of soluble hypolimnetic Mn is predominately resulting from the 

biogeochemistry relationships of these three factors. However, our exploratory studies 

revealed that epilimnetic Mn prediction was predominately a function of the temperature 

gradient of the water column (i.e., mixing momentum) and these hypolimnetic Mn 

biogeochemistry relationships were of much less significance in this upper layer where 

water was drawn for treatment. 

 

Figure 6-2: Scatter plot of soluble epilimnetic Mn with ΔTw(t)/Tmax(t) for Hinze 
Dam from 2008 to 2013. ΔTw is the difference of water temperature between 

surface and bottom; Tmax is the maximum water temperature of the water 
column at time t. 
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Figure 6-3: Time series soluble epilimnetic Mn and water temperature at 
different depths for Hinze Dam between 2008 and 2012. 

 

 

Figure 6-4: Relationship between Mnep /Mnhyp and Tw for Hinze Dam over the 
2000–2012 period. Mnep is the peak concentration of soluble Mn in the 

epilimnion during the turnover event; and Mnhyp is the concentration of soluble 
Mn stored in the hypolimnion (data limited to 24 m) just before the beginning of 
the circulation event. Tw is the temperature of the water column at the beginning 

of the circulation event (when ΔTw =̃ 0 hence water column temperature is 
assumed uniform). 
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6.2.3 Model development 

Once the statistical analysis was completed and the features and correlations of the data 

assessed, it was possible to derive the most appropriate model and its key input 

parameters (see Figure 6-5). According to the results of the statistical analysis, no good 

correlation between Mn and any predictors at lag > 7 days was found; hence no individual 

variable is able to predict the soluble Mn in the epilimnion 1 week ahead. However, a 

strong correlation between Mn and ΔTw was evident at lag 0 days. Also, very high 

dependencies were found between air and water temperature, with correlation decreasing 

with increasing lag. After careful assessment, the model required three data processing 

modules or parts to be created to ensure an accurate and reliable Mn prediction.  

 

Figure 6-5:  Model structure and core analysis parts. 

The three model parts are described below: 

 Model Part 1: completes analysis of the current water column temperature 

difference and the forecasted air temperature up to 1 week ahead (collected from 

the BoM) and outputs the water column temperature difference 1 week ahead. 

 Model Part 2: takes the output of Part 1 (i.e., ΔT(t+7)) and by using the hyperbolic 

correlation relationship shown in Figure 6-3, it will yield a prediction of the 

soluble Mn in the epilimnion 7 days ahead. 
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 Model Part 3: where Part 2 predicts the beginning of the lake turnover event, 

through the correlations shown in Figure 6-4, the future peak Mn value will be 

corrected using the amount of Mn stored in the hypolimnion at the beginning of 

the turnover event, measured through manual water sampling. 

The variables shown in Figure 6-5 are defined as: 

𝑇𝑎𝑖𝑟
̅̅ ̅̅ ̅(𝑡) =

1

7
∙ ∑ 𝑇𝑎𝑖𝑟(𝑡 + 𝑛)7

𝑛=1  = air temperature forecast from 1 to 7 days ahead, collected 

from the BoM; 

∆𝑇(𝑡) =
∑ 𝑇(𝑧,𝑡)6

𝑧=1

6
−

∑ 𝑇(𝑧,𝑡)24
𝑧=12

13
 = current water temperature difference between epilimnion 

(simplified as the top 6 m) and hypolimnion (simplified as the layer between 12 and 24 m, 

since there is no relevant temperature difference below 24 m); 

ΔT(t+7) = water temperature difference prediction 7 days ahead; 

𝑇(𝑡) =
∑ 𝑇(𝑧,𝑡)24

𝑧=1

24
 = average water column temperature (first 24 m yields better 

correlation); 

Mnsol,hyp(t) = current average soluble Mn stored between 12 and 24 m; and 

Mnsol,ep(t+7) = average soluble Mn stored between 0 and 6 m, 7 days ahead. 

 

For Part 1, different categories were taken into account, focusing particularly on statistical 

and physical models. Modelling water temperature is an issue that has involved many 

research studies in the past. A good amount of them made use of physical models: for 

instance, Caissie et al. (2007) modelled river water temperature using a deterministic 

model, obtaining good results, with errors concentrated during the snowmelt season. 

Interestingly, Helfer et al. (2011) made use of an existing, worldwide-applied processed-

based model called DYRESM to calculate the water temperature and evaporation rates of a 

reservoir in order to assess different strategies for evaporation reduction. The use of 

deterministic models provides a comprehensive study of the system, but the application of 

the physical equations involved (e.g., net heat flux) requires a remarkable amount of 

inputs (e.g., saturated vapour pressure, air–water vapour pressure, air temperature, wind 

velocity, atmospheric pressure, cloud cover, boundary conditions, etc.). Moreover, the vast 

majority of the previous researches did not try to forecast the water temperature into the 

future, which would be a harder task; future water temperature prediction requires the 
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calculation of the forecasted value of each input value, thus compounding the level of 

uncertainty associated with each forecast to the final model error. 

Hence, a simpler statistical model, with a reduced number of inputs, was considered to be 

the best option. Reducing the number of inputs was achieved by calculating the cross-

correlation coefficients at different lags for smoothed data with a moving average method 

and variable span. Despite the fact that the cross-correlation coefficient gradually 

decreased by increasing the lag, it was discovered that smoothing data increase the level 

of correlation. In particular, a 7-days ahead air temperature moving average was found to 

provide the best correlation with the epilimnetic water temperature, and also with the 

whole water column temperature. Smoothed solar radiation provided good correlations 

too, but it was assessed to be a redundant latent variable of air temperature so was not 

required. Wind, rainfall and river inflow proved to have only short-term effects; besides, 

high rainfall and inflow events are typically recorded during the wet season in summer, 

thus not affecting the winter turnover event. In conclusion, a model based only on the air 

temperature forecast proved to have the potential for good performance, since air 

temperature is one of the easiest meteorological variables to forecast, and a 1-day error 

can be greatly reduced in importance by smoothing the whole week of forecasts. 

For Part 2 of the model, a relatively simplistic statistical nonlinear regression model was 

selected. This model applied the hyperbolic correlation (Figure 6-3) to yield a good 

estimate of the soluble Mn in the epilimnion by making use of the known water column 

temperature. 

Where in cases that Part 2 of the model predicts the onset of a critical event (i.e., 

prediction above 0.02 mg/L), then Part 3 of the model will make use of the data-driven 

equation shown in Figure 6-4 to produce a correction coefficient that is applied to the 

output of Part 2. The developed equation related to the last five years of data was decided 

to be more appropriate, because of the recent Hinze Dam upgrade work which has slightly 

changed the dam’s hydrodynamic and biogeochemical properties. 

All prediction models need to be validated. In most time series forecasting studies, this is 

usually achieved by dividing the dataset into a training set, where the model is built, and a 

test set, where the performance is assessed. In this way, problems such as ‘overfitting’ (i.e., 

where a model has very high accuracy for the training set, but making predictions with 

new data is very poor) are avoided. This type of validation has been completed in this 

study. Moreover, a second form of validation has also been performed in this study, where 

the tested model is also used to predict the lake turnover event in 2013, and the accuracy 

examined. 
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Model validation was considered fundamental because, as Milly et al. (2008) asserted, 

‘stationarity is dead’ since a changing climate and human activities means that it is more 

likely that future environmental cycles will be different from those of the past. 

Interestingly, this is particularly true for Hinze Dam, since the reservoir was recently 

upgraded and its volume gradually increased over the last wet seasons, thereby changing 

some of the characteristics of the dam mixing processes. The creation of a model that is 

flexible enough to handle change is crucial for the long-term validity of the intended 

intelligent Mn prediction tool. 

The last part of this research is related to the model deployment. It is important that any 

developed Mn prediction tool is user-friendly and its outputs can be easily interpreted by 

treatment plant operators for decision-making. The creation of a prototype user-friendly 

graphical user interface (GUI) that could be utilised by dam operators was completed in 

the final stage of this project. 

6.3 Results and Discussion 

For Part 1 of the model, because of the hysteresis cycles between air and water 

temperature (Figures 6-6 and 6-7), a threshold seasonal autoregressive model (TSAM) 

was created. 

 

Figure 6-6:  Scatter plot air temperature – epilimnetic water temperature, Hinze 
Dam, 2008–2013. 
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Figure 6-7: Scatter plot air temperature – water column temperature difference, 
Hinze Dam, 2008–2013. 

The model is able to detect seasonal change (i.e., warming, cooling, winter), and to relate 

air and water temperature accordingly, using relevant equations. In this way, 

nonlinearities related to the hysteresis cycle are accounted, thus improving the final model 

performance. The model was calibrated using a training set of data (i.e., 2008–11) and the 

performance was tested on an independent set of data (i.e., 2011–12). Equation (6-1) 

presented below describes the TSAM: 

𝛥𝑇(t + 7) = 𝛥𝑇(t)  + 𝐴𝑖 ∙ (𝑇𝑎𝑖𝑟
̅̅ ̅̅ ̅(𝑡) − 𝑇𝑒𝑝(t)) + 𝐵𝑖     (6-1) 

where: 

𝛥𝑇(𝑡 + 7) is the predicted water column temperature difference 7 days ahead; 

𝛥𝑇(𝑡) is the current water column temperature difference; 

𝑇𝑎𝑖𝑟
̅̅ ̅̅ ̅(𝑡) =

1

7
∑ 𝑇𝑎𝑖𝑟(𝑡 + 𝑛)7

𝑛=1  is the mean predicted air temperature (collected from the 

BoM) from 1 to 7 days ahead; 

𝑇𝑒𝑝(𝑡) is the current water temperature in the epilimnion; 

Ai and Bi are coefficients calculated by linear regression analysis, which change according 

to the season, expressed by the index i described below: 

i = 1: warm season (for Hinze Dam, September to February); 
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i = 2: cooling season (for Hinze Dam, March to May); and 

i = 3: winter season (for Hinze Dam, June to August). 

The derived regression coefficients for TSAM are A1 = 0.4272, A2 = 0.2701, A3 = 0.2248, B1 

= 0.7505, B2 = 0.2328 and B3 = 0.4367. 

Hence, by calculating the difference in temperature between the surface waters and the 

surrounding average air for the next 7 days, the model can interpret historical data and 

the seasonal characteristics in order to simulate the degree of heat exchange and predict 

the water column temperature with high accuracy. The correlation coefficient for the 

independent test set was 0.97. Figure 6-8 illustrates that there is a very good match 

between the historical and modelled data. Although the only input is air temperature, 

previous studies (Livingstone and Padisàk, 2007) already stated that it can be considered 

the main variable affecting the heat balance of the surface layers of a lake, implicitly 

including other factors, thus the high correlation found by the model is reasonable. There 

are very few prediction discrepancies evident in this figure, except on the few occasions 

when there were sudden drops in water column temperature differential that occurred 

during summer. These unusual events were not related to the air temperature, but due to 

mixing processes instigated by very high precipitation events. Evidently, these unusual 

events are not critical to the model’s goal to predict unacceptable Mn concentrations in the 

epilimnion, as very high precipitation events do not typically occur in the study region 

during the critical winter turnover event, when Mn peaks are recorded in the epilimnion. 

 

Figure 6-8: The actual and predicted by TSAM water column temperature 
difference for Hinze Dam, 2008–13. 
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The application of ANN was also explored and tested for prediction accuracy comparison. 

ANN were reasonably accurate overall, but had much higher variability than the simpler 

empirical model: with the application of the hyperbolic transformation included in Part 2 

of the model, the variability would increase exponentially. Moreover, a physical model was 

developed using DYRESM software, yielding good results for the training set but poor 

results for the test set, where there was much more uncertainty related to the multiple 

input forecast data that needed to be included thereby compounding errors. This 

limitation applies to any process-based models, where complexity and the required 

multitude of inputs is a performance-limiting factor for forecasting problems. In summary, 

exploratory assessments of more complex prediction tools revealed that developed 

empirically derived time-series forecast models may be more fit-for-purpose for this 

particular forecasting problem. 

The results of TSAM were provided as input to Part 2 of the Mn prediction model. A 

hyperbolic transformation of the normalised values of the difference in the water column 

temperature was computed, yielding Equation (6-2). 

𝑀𝑛𝑠𝑜𝑙,𝑒𝑝(𝑡) = [
((

1

1+∆𝑇(𝑡)
)−𝑚𝑖𝑛(

1

1+∆𝑇(𝑡)
))

(𝑚𝑎𝑥(
1

1+∆𝑇(𝑡)
)−𝑚𝑖𝑛(

1

1+∆𝑇(𝑡)
))

]

3

∙ (𝑚𝑎𝑥(𝑀𝑛𝑠𝑜𝑙,𝑒𝑝) − 𝑚𝑖𝑛(𝑀𝑛𝑠𝑜𝑙,𝑒𝑝)) +

𝑚𝑖𝑛(𝑀𝑛𝑠𝑜𝑙,𝑒𝑝)       (6-2) 

where: 

𝑀𝑛𝑠𝑜𝑙,𝑒𝑝(𝑡) is the value of soluble Mn in the epilimnion at time t [mg/L]; 

𝑚𝑎𝑥(𝑀𝑛𝑠𝑜𝑙,𝑒𝑝) is the maximum value of soluble Mn in the epilimnion within the historical 

set [mg/L]; and 

𝑚𝑖𝑛(𝑀𝑛𝑠𝑜𝑙,𝑒𝑝) is the minimum value of soluble Mn in the epilimnion within the historical 

set [mg/L]. 

∆𝑇(𝑡) =
∑ 𝑇(𝑧,𝑡)6

𝑧=1

6
−

∑ 𝑇(𝑧,𝑡)24
𝑧=12

13
      (6-3) 

where: 

𝑇(𝑧, 𝑡) = water temperature at depth z at time t [°C]; and 

z = water depth [m]. 
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Equation (6-2) produced a correlation coefficient (R) with the soluble epilimnetic Mn of 

0.74 for the test dataset. With the application of the peak soluble Mn correction coefficient 

(Part 3 of model), the correlation coefficient results further improved. 

Figure 6-9 shows the output of the model for the test set, which includes the peaks related 

to the untrained 2012 winter Hinze Dam circulation event. The correlation coefficient 

achieved for the test dataset was higher than 0.86. Moreover, it can be seen in the figure 

how all of the three main peaks occurring during the lake turnover event were predicted 

well. This prediction outcome was very pleasing since the historical dataset used for 

training only had one main peak per turnover event recorded. The prediction of this 

unique event is a robust validation of the model, since it was able to adapt to the evolving 

physical environment of the reservoir. 

 

Figure 6-9: Prediction of soluble epilimnetic Mn of the final model. Test set 
(November 2011–January 2013) Hinze Dam. 

Given that the overarching goal of the prediction model was to provide water treatment 

operators with a user-friendly tool to know well in advance when elevated soluble Mn 

concentrations would need to be treated, another performance index was derived. Noting 

that pre-filter chlorination is applied for soluble Mn concentrations in the raw water when 

it is higher than 0.02 mg/L, the following indexes were determined to better quantify the 

performance of the model: 

A. Number of correct no warnings: when both the actual and predicted 

concentrations were lower than 0.02 mg/L; 

B. Number of correct warnings: when both the actual and predicted concentrations 

were higher than 0.02 mg/L; 
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C. Number of false no warnings: when the predicted concentration was lower than 

0.02 mg/L, but the actual value was higher; and 

D. Number of false warnings: when the predicted concentration was higher than 0.02 

mg/L, but the actual value was lower. 

Table 6-1 presents the findings of an assessment of the prediction model for the above 

soluble Mn thresholds indexes for the Hinze Dam test dataset. Count categories C and D 

are incorrect threshold predictions. 

Table 6-1 Soluble Mn threshold range warnings count 

Warning type No. of events Percent of total events (%) 

A. Correct no warning 204 69.9 

B. Correct warning 63 21.6 

C. False no warning 16 5.4 

D. False warning 9 3.1 

Total 292 100.0 

 

Hence, with only 8.5% (5.4 + 3.1 = 8.5%) of incorrectly predicted warnings for operators, 

the prediction model shows strong promise for being a very robust Mn decision-making 

tool. Following the above same principles, other models were built in order to predict the 

soluble epilimnetic Mn at shorter timeframes, namely 6, 5, 4, 3, 2 and 1 day ahead. Slightly 

different coefficients in the equations were derived, and similar prediction accuracy was 

obtained to the 7 days ahead prediction. 

It must be said that the model was created using actual air temperature values, thus 

assuming a perfect air temperature forecast. In order to overcome this limitation, a 

sensitivity analysis was carried out. First, the weather forecasts provided by the BoM were 

collected over a period of two months, and an average error of 1.1 °C was recorded, both 

for the minimum and the maximum air temperature forecast calculation. Second, white 

noise (i.e., a series of uncorrelated random values with constant mean and constant 

variance) with values included between [−2.2; 2.2] was added to the air temperature time 

series used in the test set, in order to account for the uncertainty related to the weather 

forecast. Although the calculation of Tw(t+7) was not affected, the correlation coefficient 

for the Mn prediction 7 days ahead dropped from 0.86 to 0.80. However, to counteract this 

slight reduction in reliability, more specific and reliable weather forecast data can be 



Chapter 6  – Mn prediction model development 

 
130 

requested from BoM, thus reducing this error and increasing prediction accuracy closer to 

those for the perfect air temperature forecasts. 

The model was prepared by May 2013, and it was used for predicting soluble Mn 

concentrations during the course of the 2013 winter turnover event (Figure 6-10). This 

was the second stage of model validation using newly collected data. Although a small, 

early spike in soluble epilimnetic Mn, not associated with the turnover dynamics, was not 

detected, the model managed to predict 7 days ahead the beginning of the soluble 

epilimnetic Mn main peak event with only 1 day discrepancy. Since the inputted actual 

sampled Mn concentration data in the model were collected on a weekly basis, the model 

was trained using weekly data interpolated to a daily series; thus an error of 1 day is 

understandable given this limitation in the sampled input data. Moreover, the model 

predicted a peak soluble Mn concentration of 0.12 mg/L whereas the actual peak soluble 

concentration was 0.13 mg/L. The difference between the predicted and actual result is 

only 7.7% providing further evidence of the robustness of the model. From Figure 6-10 it 

can be noticed how the 2013 winter turnover was slower than the previous ones; this 

could be due to the increased volume of the dam. In fact, for the first time, this dam 

reached its new full capacity during the 2013 wet season, thus increasing its thermal 

stability with follow-on influences to transport mechanisms. Future data collection and 

turnover analyses will help in understanding if a recalibration, leading to a dam post-

upgrade version of the model, is necessary. 

 

Figure 6-10: Prediction of soluble epilimnetic Mn of the final model. Test set 2 
(November 2012–August 2013) Hinze Dam. 
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6.4 Conclusions 

A threshold seasonal autoregressive model (TSAM) incorporated with high-hyperbolic 

data-driven equations and peak correction equations was built in order to forecast up to 7 

days ahead the concentration of soluble Mn in the epilimnion of Hinze Dam. The model, 

based on water temperature and forecasted air temperatures, achieved a correlation 

coefficient of 0.86 when predicting the winter 2012 lake circulation test set key features of 

the critical peak event. Specifically, the model was able to suitably predict the beginning of 

the critical event, the peak Mn concentrations and the presence of multiple peaks.  

A second validation step applied the model to predict the 2013 winter turnover event, also 

achieving a high correlation coefficient of 0.76 despite the different dynamics of the 

upgraded dam. The model forecasted the 2013 winter turnover main peak event with high 

accuracy, both in terms of the timing of the event and in the peak concentration 

estimation. Importantly, the key feature of the model is that it will become even more 

accurate over time as more data become available. With its simple structure, the model 

yielded better Mn forecasting performance than the more complex and widely used 

process-based models. Thus, autonomous data-driven approaches for forecasting some of 

the key water quality parameters such as epilimnetic Mn offer a novel alternative to 

traditional methods and also more pro-active water quality operational management and 

decision-making. 

The model can also display outputs for dam operator decision-making purposes. 

Presently, a simple soluble Mn threshold warning system has been developed, but in the 

future a user-friendly GUI will be developed and utilised by water treatment plant 

operators. It will have a range of cost- and time-saving benefits for the water supplier, 

including a reduction in the amount of unnecessary pre-filter chlorination, much less 

costly and time-consuming weekly in situ Mn samplings and associated laboratory analysis 

will be required in the future, and more reliable operator decision-making. 

Future work aims to further validate the model accuracy with 2014 data, build a user-

friendly Mn decision support system, and also expand the model capabilities by applying it 

to other reservoirs where different Mn cycles present new potable water treatment 

challenges. 
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Data-driven recursive input-output multivariate statistical 

forecasting model: Case of DO concentration prediction in 

Advancetown Lake, Australia 

Abstract: A regression model integrating data pre-processing and transformation, input 

selection techniques and a data-driven statistical model, facilitated accurate seven day 

ahead time series forecasting of selected water quality parameters. A core feature of the 

modelling approach is a novel recursive input-output algorithm. The herein described 

model development procedure was applied to the case of a seven day ahead dissolved 

oxygen (DO) concentration forecast for the upper hypolimnion of Advancetown Lake, 

Queensland, Australia. The DO was predicted with an R2 > 0.8 and a NRMSE of 14.9% on a 

validation data set by using 10 inputs related to water temperature or pH. A key feature of 

the model is that it can handle nonlinear correlations, which was essential for this 

forecasting problem as most of the input time series necessitated nonlinear 

transformations of the original data. The pre-processing of the data revealed some 

relevant inputs that had only six days lag, and as a consequence, those predictors were in-

turn forecasted one day ahead using the same procedure. In this way, the targeted 

prediction horizon (i.e. seven days) was preserved. The implemented approach can be 

applied to a wide range of time-series forecasting problems in the complex hydro-

environment research area. The reliable DO forecasting tool can be used by reservoir 

operators to achieve more proactive and reliable water treatment management.  

 

7.1 Introduction 

7.1.1 Dissolved oxygen cycle in drinking water reservoirs 

Oxygen is an essential element for most of forms of life; specifically, the oxygen dissolved 

in a body of water (DO) influences the majority of the biogeochemical processes occurring 

in it. The solubility of oxygen depends partly on the water temperature, with higher 

solubility in colder waters. Typically, subtropical lakes and reservoirs such as 

Advancetown Lake, which was case study location for this study, are thermally stratified 

for most of the year, forming a top layer of warmer, less dense waters called the 

epilimnion, and a colder, denser bottom called the hypolimnion. The transition layer, 

where the highest temperature gradient is recorded, is called the metalimnion. 
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Oxygen production occurs in the epilimnion, where solar radiation enables photosynthesis 

to occur. Oxygen consumption, on the other hand, is much higher in the hypolimnion, 

where the DO level is markedly lower than in the epilimnion, despite its higher solubility 

due to colder waters (Tundisi and Matsumura, 2011). In the hypolimnion light penetration 

is limited and photosynthesis in turn is limited too due to the fact the algae can hardly 

develop, even though they can move between layers using internal buoyancy. This implies 

a lower pH (because of high CO2 and composite forms, not dissociated because of the 

absence of photosynthesis) and no production of oxygen. Moreover, DO is completely 

consumed (in the case of productive lakes) by the microbial oxidation of organic matter 

(Bertoni, 2011), with a rate of depletion depending on the volume of the reservoir and the 

amount of organic matter present for metabolism (Macdonald, 1995).  

As a consequence, during the stratification season, hypolimnetic waters usually record a 

gradual depletion of available DO; in cases of eutrophic lakes, this leads to anoxia, with 

important consequences including additional challenges to water treatment. Previous 

research reports that DO plays an important role for the release of bottom sediments, 

which occurs during stratification periods when the dissolved oxygen drops below critical 

levels; for example, Chiswell and Huang (2003) reported a remarkable release of 

manganese from the bottom sediments for DO levels below 1.5 mg/L. Other studies also 

found similar relationships between increases in manganese and DO depletion at the 

sediment-water interface (Delfino and Lee, 1971). During winter, when epilimnetic waters 

cool down and sink and a full lake circulation occurs, anoxic, nutrient-rich waters can 

reach the top layer, leading to high nutrient loads throughout the whole water column. 

Since nutrients must be removed before they reach consumers’ taps, it is essential for 

water treatment organisations to understand the storages dynamic DO cycle and its 

implications for other element cycles. The purpose of this research was to predict seven 

days ahead DO concentrations in the upper hypolimnion of Advancetown Lake, which is 

located in South-East Queensland, Australia.  

7.1.2 Review of dissolved oxygen prediction models 

There are a number of previous studies that seek to predict DO concentrations in lakes 

and reservoirs. Akkoyunlu et al. (2011) applied Artificial Neural Networks (ANN) to 

estimate DO concentrations in a Turkish lake with respect to depth rather than time. 

Jayaweera and Asaeda (1993) built a mathematical model for DO in lakes, but the model 

cannot predict future concentrations unless all future input values are known. Moreover, 

Rocha et al. (2009) applied multiple regression models to predict DO and chlorophyll-a in 

25 lakes of the Upper Paranà River floodplain. Their study found that pH, nitrate and lake 

area all had relevant positive correlations with DO values, while water temperature and 
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electrical conductivity had negative correlations. Ranković et al. (2012) attempted to 

predict DO concentrations in reservoirs using adaptive network-based fuzzy inference 

systems with the optimal combination of model inputs selected based on final model 

performance. EI-Shaarawi (1984) applied regression models to predict the DO depletion 

rate and probability of anoxia in the hypolimnion of the Central Basin of Lake Eire, 

noticing how the main variables affecting these phenomena are water level and total 

phosphorus. Since the model was applied only during stratification seasons, the 

importance of water temperature (particularly the temperature differential between the 

top and bottom of the lake, which is a good detector of lake circulation) was only partially 

recognised. However, later studies on the same lake (Patterson et al., 1985) coupled a 

vertical mixing model with a DO budget model, thus recognising the importance of 

turbulent mixing in the distribution of DO throughout the water column.  

All these models aimed to understand the relative importance of the possible inputs, but 

they did not aim to forecast future concentrations. Only few research studies also tried to 

achieve such a goal: Xu and Liu (2013) predicted DO concentrations in a freshwater pond 

one hour ahead (t=1) with the use of a wavelet ANN fed with the input at time t=0. 

Another example is given by Coopersmith et al. (2011), who forecasted DO and probability 

of hypoxia in multiple points of a reservoir one day ahead. However, both of these studies 

have short-term prediction horizons, while the aim of this project is to enable a  seven 

days ahead DO forecast. 

7.1.3 Review of hydrological forecasting models 

To the authors’ knowledge, there has been no attempt to build a DO forecasting model 

with prediction horizons as long as seven days. However, in the hydro-environmental 

field, medium to long-term forecasting models have been created to predict a number of 

parameters. In order to achieve that, in recent decades multi-step-ahead (MS) techniques 

have been applied; these MS techniques can predict time series values several time steps 

into the future, and can be divided into direct (where a model predicts directly n steps 

ahead with n the prediction horizon) or recursive (where the output of a one-step-ahead 

model is given as an input to the same model to predict two steps ahead and so on until n 

is reached) variations. Direct models usually perform better (e.g., Ji et al., 2005), since in 

recursive models the performance decreases with an increase in the prediction horizon 

due to the accumulation of error.  

An application in the hydrologic field is given by Cheng et al. (2008), who predicted 12 

steps ahead the monthly discharge from a Chinese hydropower plant using an improved, 

ANN-based MS model. However, for both the Cheng et al. (2008) and Ji et al. (2005) model 
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only a single dependent variable was used.  A second example is provided by Zaldívar et al. 

(2000), who forecasted high waters at Venice lagoon using both direct and recursive 

nonlinear neural networks; it was underlined how, for recursive univariate models, the 

error propagates and performance dramatically decreases, every time the forecasted 

output is given as a new input. Lekkas et al. (2001) tried to overcome the problem by 

using real-time error updating techniques. On the other hand, however, Bertone et al. 

(2014) recently developed a data-driven model to predict manganese concentrations in 

Advancetown Lake seven days ahead, also using predicted inputs (i.e. water and air 

temperatures). Limiting the number of dependent variables in the model, especially those 

that were based on less reliable future forecasts (e.g. rain or wind), provided better 

performance than the more complex modelling approaches, such as physical, process-

based models (Helfer et al., 2011, Bertone et al., 2014).  

7.1.4 Persuasion for data-driven models for forecasting applications 

Despite more complex models (such as, often, process-based models) being accurate for 

real-time modelling since they included several inputs and processes, they usually 

performed poorly for medium-term forecasts (such as seven days), since all the input 

variables must also be forecasted, adding a degree of uncertainty even before running the 

model itself. Moreover, several studies have been conducted where data-driven models 

have been successfully applied to estimate or forecast hydrological variables. Such data-

driven models often incorporate pre-processing algorithms or optimisation techniques in 

order to enhance their reliability and performance. Among the models, neural networks 

are widely used, for instance for algal blooms forecasting (Recknagel et al., 2002) even 

though for the same problem, other models such as regression trees can be successfully 

applied (Jung et al. 2010). Regarding model optimisation, Abrahart et al. (1999) used an 

iterative learning approach to remove unimportant components, as well as optimisation 

strategies to make the neural network more efficient to run. Similarly, quicker simulations 

can be obtained by removing superfluous or redundant points in the input time series, 

with use of subtractive clustering methods or genetic algorithms (Sannasiraj et al., 2004, 

Doan et al. 2005). Other data pre-processing techniques include data transformation 

(Bowden et al., 2003, Joorabchi et al, 2007), which is particularly important for neural 

network models, and the use of singular spectrum analysis (Sivapragasam et al., 2001) in 

the case of input time series containing several repetitive values (such as rain, which is 0 

for several time steps of a time series). Giustolisi and Savic (2006, 2009) recently 

proposed a new data-driven technique that is based on evolutionary polynomial 

regression (EPR), where genetic algorithms are used for estimating the best combination 

of parameter inputs (i.e. which inputs to include, and how to combine them together); it is 
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also possible to use nonlinear transformations of the inputs, but not a combination of 

different transformations at the same time.  

However, in cases where a sufficiently robust model needs to utilise a number of 

forecasted inputs (calculated by associated sub-models) as presented by Bertone et al. 

(2014), there are presently limited reported studies focusing on the hydrological field. Han 

et al. (2007) worked on a flood-forecasting model and noticed how the inclusion of 

unlagged rain input data would have substantially increased the prediction accuracy, but 

no attempt to predict rainfall was completed by the authors. In another study, Tsanis et al. 

(2008) and Joorabchi and Zhang (2009) attempted to forecast the groundwater level by 

including rainfall forecasts linked to historical seasonal averages. While this approach has 

some merit, since seasonal averages may be adequate for slower processes such as 

groundwater replenishment, such an approach would be inadequate where daily or 

weekly forecasts are needed since there is high rainfall variability within each season. 

7.1.5 Applying a novel data-driven modelling approach for forecasting DO in 

reservoirs 

The use of modelled, forecasted inputs proved to be a promising inclusion to the current 

model as, unlike the traditional MS recursive techniques, the error propagation is kept 

limited due to the following two main reasons:  

 The model is not univariate, but multivariate. Therefore it does not rely on the 

previous output forecast only, but mainly on other inputs which can be either 

forecasted or not. Also, it is not the output to be forecasted for the following time 

step, but only some inputs are predicted in case a lower lag would drastically 

increase the accuracy. 

 There is no summation of n models errors, where n is the number of time steps 

ahead required for prediction. There is only one direct model forecasting the 

inputs and one direct final model forecasting the required output; hence only two 

errors need to be summed thereby limiting the error propagation. 

For the present study, since DO concentration in the hypolimnion has been shown to be 

affected by only a few main parameters and decreases approximately linearly throughout 

the stratification (Dobson and Gilbertson, 1971; Charlton, 1979; Anderson et al., 1984), a 

data-driven model was deemed appropriate for this forecasting problem. A seven days 

ahead statistical model was applied, extending the methodology of Bertone et al. (2014). 

This data-driven approach includes algorithms for data pre-processing, a variable input 

selection process, and variable input forecasts in those cases where the near real-time 
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inputs do not yield a satisfactory performance. The inclusion of secondary input-

forecasting sub-models, besides being novel in this particular formulation, follows the 

recommendation of Solomatine and Ostfeld (2008) who emphasised the importance of 

hybrid models and in particular the use of sub-models to better identify sub-processes. An 

advantage of the proposed forecasting approach is that it is completely automated, thus 

not requiring human intervention (e.g. visual inspection of correlations such as in previous 

studies such as Lees (2000)). Moreover, unlike EPR, different linear and nonlinear input 

transformations are considered during the same model run, thus allowing a more 

comprehensive investigation of potential outputs to be conducted in a relatively short 

amount of time.  

7.2 Methods 

7.2.1 Research domain 

The location of this study is Advancetown Lake (153.28°E, 28.06°S), also known as Hinze 

Dam (Figure 7-1). It is located in South East Queensland (SEQ), Australia. Its current 

capacity is 310,730 ML, after a third upgrade of the dam was completed in 2011, raising 

the dam wall a further 15 metres. This reservoir services the City of Gold Coast, which has 

a population greater than 500,000. Moreover, it is connected to the SEQ Water Grid, a 

water supply scheme covering all of SEQ, designed to respond to drought seasons by 

redirecting water from regions with an oversupply to regions in need (Spiller 2008).  

The lake’s average depth at full capacity is 32 metres, while its surface area is 

approximately 15 km2. The catchment area, mostly within national parks, covers 207 km2 

of terrain; the two main inflows are the Nerang River and the Little Nerang Creek, the 

latter also being the outflow from another dam, Little Nerang Dam, the oldest reservoir 

servicing the Gold Coast region. An intake tower, located next to the Hinze dam wall, 

draws the water from the most suitable depth based on reservoir water quality at the time 

of extraction and redirects it to the closest treatment plant in Molendinar, which is 

approximately 10 km north-east of the reservoir. The reservoir treatment operations are 

managed by Seqwater, which is a Queensland Government-owned authority, which is 

responsible for bulk water supply for the SEQ region. 

7.2.2 Data collection 

Currently, water quality is primarily monitored though laboratory analysis of water 

samples collected manually on a weekly basis. However, in 2008 a Vertical Profiling 

System (VPS) was installed near the intake tower (green point A in Figure 7-1). 
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Figure 7-1: Advancetown Lake map; A is the location of the VPS 

This VPS consists of a YSI probe suspended by a cable to a floating buoy which is 

automatically winched up and down through the water column and collects water quality 

parameters every metre including: water temperature, DO, pH, specific conductivity, redox 

potential (ORP) and turbidity. Collected data for the whole profile is transmitted via 

telemetry every two hours back to a central data repository for collation, analysis and 

display. Through an effective collaboration with Seqwater, the data from the VPS and from 

the manual water samplings was made available for this research project. Data from the 

manual water samplings, which are more comprehensive, exists for a longer period of time 

(i.e., 2000–2013), but it is limited to 24 metres depth, collected at three-metre intervals. 

VPS data typically was collected for the whole water column, but cannot measure the 

complete range of parameters relevant to this study. Hence, for the sake of consistency, 

the data used in this study comes from the period 2008–2013 from depths of 0–24 metres. 

In addition, weather data for the same period was collected from the Australian Bureau of 

Meteorology (BoM) and from a small weather station installed on the VPS buoy. Finally, 

the river inflow data was obtained from the Department of Energy and Resources 

Management of the Queensland Government (DERM). 

7.2.3 Model development 

In order to predict DO concentrations in the upper hypolimnion of Advancetown Lake, a 

number of techniques for data pre-processing, variable input selection, data post-

processing, and a multiple regression model, were combined to create the final forecasting 

model named ALMO (preprocessing ALgorithms + regression Models). Although ALMO 

was specifically applied for DO prediction in Advancetown Lake in this present paper, it 
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can be applied for the prediction of other independent variables at any predetermined 

number of time steps ahead.  The logical flow chart of ALMO is shown in Figure 7-2. 

 

 

Figure 7-2: ALMO flow chart 

 

The DO forecast model’s input parameters are the relevant data, such as pH or water 

temperature, which can be defined as xi= {xi (tj-l) …,x
i
(tj-2) ,xi (tj-1) , xi(tj)} , where 

i=1 , 2, 3… is the index for various parameters, 𝑡𝑗 represents the current time, and l is the 

maximum lag to be considered in the inputs, according to the knowledge the researcher 

has of the system and the computational time that can be accepted. The higher the l 

chosen, the bigger the input matrix will be and the longer the simulation; however, for 

some particular prediction problems, where it is known that there might be a high 

correlation between the independent variable and a certain dependent input variable at a 

high lag, it can be useful to select a high l. In order to further reduce computational time, a 

preliminary analysis of the available data is recommended in order to exclude those 

variables that are not correlated with the target vector.  
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The target or independent variable to be predicted (i.e. DO in this model) can be defined 

as: 

yO= {y(tj+1),y(tj+2),…,y(tj+n)}     (7-1) 

where n is the number of time steps ahead of the forecast (i.e., the prediction horizon). The 

desired statistical performance of the forecasting model is fixed by the user. After this, the 

inputs are pre-processed, including data normalisation and division between a calibration 

and a validation set. Normalising the data within a certain range (e.g., between 0 and 1) 

gives the opportunity to assign the same importance to each input, rather than 

overestimating the importance of inputs with a higher magnitude and underestimating 

inputs with a lower magnitude. The elements of the input variable vectors 𝒙𝒊 can be 

normalised as: 

xi
*(tj)=

xi(tj)-min (xi)

max(xi)-min (xi)
         (7-2) 

where 𝑡𝑗 represents any time step of the input time series and max(xi) and min(xi) are, 

respectively, the maximum and minimum values of the time series xi considered. 

In order to account for nonlinear correlations, a number of nonlinear transformations are 

applied to the inputs. These created time series will update the input matrix. Although a 

number of default nonlinear transformations (e.g., hyperbolic, logarithmic, exponential, 

etc.) are predetermined, the user can modify or add more nonlinear transformations 

according to the results of the data analysis.  

The normalised input xi
*(tj) is transformed to ui(tj), vi(tj), wi(tj) using, among others, the 

following nonlinear transformations equations:  

  ui(tj)=exi
*(tj)         (7-3) 

vi(tj)=log (xi
*(tj))         (7-4) 

wi(tj)=
1

(1+xi
*(tj))

3       (7-5) 

 

The processed input matrix after the nonlinear transformations will include the original 

time series as well as all the nonlinear elaborations: 

X=[X1,X2,  Xi   , …]     (7-6) 
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where: 

Xi=[xi
*   ui   vi   wi…  ]        (7-7) 

represents the original and nonlinear transformation time series for each normalised 

input. 

The final aspect of the pre-processing of the data is the division of the inputs and target 

time series into a calibration and a validation set. The percentages of the data in the 

calibration and validation sets are decided by the researcher; this procedure allows for 

testing of the prediction performance on an independent data set in order to avoid 

problems such as over-fitting (i.e., the model fitting the calibration set very well, but 

performing much more poorly when new data are presented).  

Subsequently, an iterative input selection algorithm is applied (circle 1 in Figure 7-2), 

following previous studies by Castelletti et al. (2011). This is based on estimating the 

relative contribution of each input candidate in predicting the target y through the 

application of regression models. In order to do so, the Normalised Root Mean Squared 

Error (NRMSE) is calculated using the following formula: 

NRMSE=

√∑
(yOi

-yMi
)
2

yOi

m
i=1

m
      (7-8) 

where m is the number of time steps included in the calibration set, 𝑦𝑂 is the target time 

series for the calibration set, and 𝑦𝑀 is the time series of the output of the performed 

regression analysis.  

The inputs are ranked according to their performance; the best performing input (i.e., the 

one yielding the least NRMSE, called NRSMEmin) is selected and stored, and the residuals 

εmin= yOi
-yMi

 are calculated. If the target NRMSE is not achieved, a new iteration of the 

algorithm is then performed, by estimating which input among the remaining candidates 

best fits the residuals through the use of the same predefined regression model. The 

iterative process is repeated until the target performance, defined by a certain 

predetermined value of NRSME, is reached, and thus the set of selected input variables is 

defined and stored in a matrix called Xmod. One of the advantages of this procedure and in 

particular of the application of the residuals as the next target is avoiding 

multicollinearity; in fact, once one input has been selected, all the variables highly 

correlated with that input will become useless when the next residuals will be targeted, 

and thus the rankings will have to be reconsidered. The input addition algorithm logical 



Chapter 7  – Generalisation of modelling approach 

 
144 

steps are illustrated in Figure 7-3. According to the inputs that have been selected, the 

equivalent of Xmod for the validation set is prepared by another algorithm. 

 

Figure 7-3: Input selection algorithm flow chart (circle 1 in Figure 7-2) 

When the iterative input selection procedure is completed, the model’s forecasting 

performance is then assessed using the validation data set. Model users can decide to 

whether to use NRMSE as their performance index, or to also calculate R2. For this specific 

case study, an R2 >= 0.8 was selected as a target performance; this standard of performance 

was chosen because in environmental systems, the level of uncertainty is often high. In the 

case where the target statistical performance level cannot be achieved in the desired 
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forecasting timeframe (seven days ahead), the model will gradually reduce n in order to 

assess whether an acceptable performance can be achieved by reducing the prediction 

horizon (as can be sensibly expected, since a forecast closer in time will involve less 

uncertainty). Hence, n is iteratively reduced and the previously described procedure 

repeated, until the input selection algorithm yields an acceptable validation performance.  

When the desired R2 is reached, in order to guarantee that the prediction will still be valid 

as many time steps ahead as was originally decided despite the n reduction, the same 

forecast procedure will be applied to each input selected after the reduction of n, to show a 

delay from yO which is lower than the originally established prediction horizon. The 

number of time steps ahead of each input forecast will be equal to the number of n 

reductions before that input was found (e.g., if n was reduced twice before finding a 

certain relevant input, then this means that the selected input must be forecasted two 

steps ahead). The same input selection algorithm will be adopted. The outputs of this input 

forecast procedure will substitute the original associated inputs in Xmod. So if, for instance, 

we have to predict yO(tj+7), and ALMO found that the relevant inputs are ui(tj-1), vj(tj-3) and 

wk(tj+2), then obviously wk(tj+2) must also be calculated using inputs at time t or older; 

hence ALMO will then also be able to select the best inputs and run a prediction model for 

wk(tj+2), and the results will be used as one of the inputs for the prediction of yO(tj+7). 

Finally the regression model is run again for the validation set by using the updated Xmod. 

The final model output and performance are displayed and saved. 

In the present study, the model used for prediction was a multivariable linear regression 

model, since nonlinearities were already considered by the initial nonlinear input 

transformations, as in Equations (7-3)–(7-5). Castelletti et al. (2011) take nonlinearities 

into account through the application of a nonlinear (tree-based) model; however, since 

Bertone et al. (2014) showed that nonlinear models such as ANN may yield high volatility 

in the residuals; this could be detrimental in cases where forecasted variables must be 

used as inputs for the target prediction. In this case, the volatility would increase 

exponentially, since the inputs themselves will already show high volatility in their 

residuals, before even running the nonlinear model for the target forecast. Thus, following 

the outcomes of Bertone et al. (2014), a linear regression model, which typically yields 

smoother outputs, was chosen to be more appropriate for this research study. This model, 

if applied to time series forecasting, can be described by the following equation: 

yM(tj+n)=a0+ ∑ ai,1xi
*+ ∑ ai,2ui+ ∑ ai,3vi+

l
i=1 ∑ ai,4wi+…+ εl

i=1
l
i=1

l
i=1   (7-9) 

where n is the prediction horizon and l is the maximum lag, ai,k are the regression 

coefficients for the k regressors, a0 is the intercept and ε represents the error term. The 
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model is linear because Equation 7-9 is a linear function of the unknown parameters ai 

(Montgomery et al., 2012). The equation can be summarised as: 

y=A*Xmod+ ε      (7-10) 

where A is a vector containing the unknown regression coefficients (with 𝑎0 in the first 

row), Xmod is a matrix containing the input time series after the input selection procedure 

and a time series of 1 in the first column, and 𝜺 is the residuals time series. 

The method used to determine the model parameters is the method of least squares, 

which aims to determine A in order to minimise the sum of squares of the difference 

between the target values and the model outputs. In order to do so, the following equation 

will be solved: 

A=(Xmod'Xmod)-1Xmod'y     (7-11) 

The target performances chosen had a NRMSE of 0.096 during the calibration process and 

a R2 of 0.8 for the validation set. The calibration set counted for 70% of the data and the 

validation set for the remaining 30%. These proportions for data division have been 

widely applied in several previous studies (see Ismail et al. 2011), proving to be an 

efficient division for calibration and validation purposes. The chosen n was seven time 

steps, while l was decided to be three to contain the computational time. Since daily data 

was adopted, one time step corresponds to one day. 

7.3 Model Results 

7.3.1 Raw data analysis and inputs pre-selection 

In the present study, the above-presented ALMO is used to forecast DO, one the most 

important water quality parameters for water storage dams. In lake dynamics analysis, the 

lake is always divided into three typical layers, the epilimnion (0–6 m in the case of this 

study), metalimnion (6–12 m) and upper hypolimnion (12–24 m). In Figures 7-4, 7-5 and 

7-6, the time series of the depth-averaged DO in the upper hypolimnion of Advancetown 

Lake is plotted along with other relevant time series. The described variables can be 

defined as follows: 

Xhyp= ∫ X(z)dz
24

12
       (7-12) 

Xmet= ∫ X(z)dz
12

6
     (7-13) 

Xep= ∫ X(z)dz
6

0
      (7-14) 
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where X represents the generic variable; subscripts hyp, met and ep stand for upper 

hypolimnion, metalimnion and epilimnion; and z represents the depth in metres. In this 

study, data were collected at every three metres, so that the depth vector Z was used for 

discretisation: 

Z=[z1  z2  z3  z4  z5  z6  z7  z8 ]= [0 3 6 9 12 15 18 21 24]   (7-15) 

The water column temperature differential between the upper hypolimnion and 

epilimnion layers was defined as follows: 

∆Tw=Twep-Twhyp    (7-16) 

From Figure 7-4, the behaviour of the average DO concentration in the upper hypolimnion 

(12–24 m) for the target time series can be analysed. It can be noted that the depletion 

rate follows a linear pattern, and progresses from its maximum value occurring during 

stratification, when upper, well-oxygenated waters enter the hypolimnion, to around 

December, when the hypolimnion becomes anoxic and the increase in nutrients (such as 

manganese) can be noticed as soon as the DO level drops to about 2 mg/L (Figure 7-5). As 

expected, the pH behaviour, even if less pronounced in its extremes, follows the DO trends: 

during winter circulation, as the upper waters with higher pH enter the layer in question, 

the pH rises. Nevertheless, bacteria activity causes the pH to decrease when the circulation 

is over.  

 

Figure 7-4: DOhyp and pHhyp time series, Advancetown Lake, 2008–2012 
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Figure 7-5: DOhyp and Mnsolhyp time series, Advancetown Lake, 2008–2012 

 

Figure 7-6: DOhyp and ΔTw time series, Advancetown Lake, 2008–2012 

 

During the stratification season, the DO shows a linear, gradual decrease. However, at the 

onset of the circulation period, its level sharply increases. It was decided that a good 

variable describing the strength of the stratification and, in turn, the commencement of the 

lake circulation was the water column temperature differential ΔTw between epilimnion 

and upper hypolimnion, as described in Equation 7-16. When ΔTw is high, the stratification 

is strong and the DO level decreases until anoxia is reached. If ΔTw is at approximately 
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zero, meaning that the epilimnetic waters have similar temperature (and density) to the 

hypolimnion, then lake circulation is occurring and the DO concentration increases. Figure 

7-6 clearly displays this inverse relationship, which, through proper linear and nonlinear 

transformations (e.g., hyperbolic), will be detected by the model.  

All the other available time series were visually inspected. In order to reduce 

computational time, the most relevant ones were selected to be part of the model’s input 

matrix (Table 7-1).  

Table 7-1: Input matrix 

Input 
Variable 

X1 
ΔTw 

X2 
Air temperature 

X3 
Water temperature hyp 

X4 
pH hyp 

X5 
pH met 

X6 
Conductivity hyp 

X7 
Redox potential hyp 

X8 
Turbidity hyp 

 

7.3.2 Prediction model outcomes 

With all the model parameters determined and the input matrix prepared, ALMO was run 

in order to predict depth-averaged DO concentrations in the upper hypolimnion of 

Advancetown Lake. The model used 16 different transformations of the 8 pre-selected DO 

predictor variables, creating a total of 128 input candidates time series, each counting 

1435 data point with the time step of a day (from October 2008 to October 2012). For 

model training and testing purposes, the 1435 daily time steps were divided in a 70% to 

30% ratio (i.e. 1005/430) as described in the Model Development section). Using Matlab 

R2012a software on an Intel®Core™ i5-2400 CPU @ 3.10 GHz processor, ALMO took 

approximately 16 minutes to perform the simulation, with most of the time (more than 15 

minutes) spent over the calibration phase. Nine variables were selected as relevant inputs. 

The general equation describing the ALMO regression model outputs is: 

DOhyp(tj+7)= ∑ aisi(ti)
9
i=1 +a0      (7-17) 
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where 𝑠𝑖 are the time series vectors contained in Xmod created after ALMO input selection, 

𝑎𝑖  are the respective regression coefficients, and 𝑡𝑖 the lags of the i relevant inputs 

𝑠𝑖 selected by ALMO.  

Table 7-2 gives a list of the final inputs 𝑠𝑖 selected by the model with the respective lag ti 

and regression coefficients ai, described in Equation 7-17. The respective NRMSE reached 

when that input was added to the regression is also shown in Figure 7-7. The order 

reflects the ranks of the input, as can be noticed by observing the relative NRMSE 

reduction (Figure 7-7); the first input addition implies most of the performance achieved 

with the addition of 𝑠2 producing an NMRSE reduction of 0.032, while the addition of 𝑠9 

only implies a reduction of 0.001, and from 𝑠10 the performance improvement was 

negligible. As a consequence, for this case study, it was decided to retain all the first 9 

inputs, as 𝑠10 did not imply any noticeable increase in performance; however, if the user 

was willing to accept only a slight reduction in forecasting accuracy, a simpler model could 

have been developed with just a few key variables.  

Table 7-2: Prediction model’s final inputs 

Input name Variable ai ti 
NRMSE 

s1 
(1+ΔTw)-5 6.131 tj-3 0.152 

s2 
(1+Twhyp)-5 4.244 tj-3 0.110 

s3 
pHhyp

3 1.608 tj+1 0.106 

s4 
(1+ΔTw)-5 -1.654 tj+1 0.103 

s5 
ΔTw3 -0.540 tj-1 0.101 

s6 
(1+Tair)-5 -0.621 tj+1 0.099 

s7 
(1+pHhyp)-5 0.994 tj-2 0.098 

s8 
(1+pHmet)-5 0.984 tj+1 0.097 

s9 
ΔTw3 -1.160 tj+1 0.096 

s10
a 

(1+Tair)-5 -0.498 tj-3 0.096 

a0 = intercept = -1.278 

a = first excluded variable, as it did not decrease NRMSE 
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Figure 7-7: NRMSE reduction after each input variable is added to the forecasting 
model 

It can be noted how only nonlinear transformations of the original inputs were considered 

relevant by the model, and this reflects well the uncertainty and lack of linearity of 

environmental systems such as lakes. The most important inputs (five of the first six), as 

expected from the preliminary visual inspection of the data, are related to the lake 

circulation, and altogether help in modelling the nonlinear spikes in DO concentrations at 

the beginning of the turnover event. The pH, in both the upper hypolimnion and 

metalimnion, was also a relevant input. Other variables such as specific conductivity, 

turbidity or redox potential did not help in improving the model performance. 

Although the forecast must be performed for seven days (t+7), the model had to use as 

inputs several variables with a reduced lag (t+1), thus implying the necessity for their 

forecast too. Hence, each of those variables was forecasted in turn (one day ahead) and the 

results were substituted into the recorded time series in order to estimate the real final 

performance.  

Figure 9 displays the model’s forecasted DO concentrations in comparison with the 

measured DO values for a validation set (from August 2011 to October 2012, 

corresponding to the final 30% of the period considered). Validation yielded a respectable 

R2=0.804 and NRMSE=0.149 level of accuracy. Interestingly, the least performing segment 

is caused by an unpredicted rapid spike in concentration at the end of January 2012. The 

discrepancy in model accuracy is made even clearer when assessing seasonal 

performances, as detailed in Table 7-3. 
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Table 7-3: Seasonal NRMSE 

Period 
Dates NRMSE 

Winter/Spring DO depletion 
2 Aug 2011 – 2 Dec 2011; 

20 Aug 2012 – 25 Sep 2012 
0.071 

Summer/Autumn hypoxia 2 Dec 2011 – 2 May 2012 
0.197 

Autumn/Winter oxygenation 2 May 2012 – 20 Aug 2012 
0.115 

 

Figure 7-8 plots the model results against the observed values for the three different 

periods of time detailed in Table 7-3.  DO was forecasted with high accuracy during the 

period where DO was decreasing. However, during the period of very low DO 

concentrations, there was a lack of any appreciable correlation due to the aforementioned 

spike. A consistent underestimation can also be noticed for low DO levels during the 

increasing DO concentration period, probably still related to the same unusual, sharp 

increase.  

 

Figure 7-8: Scatter plots of observed v. forecasted DO values during the 
decreasing DO period, the low DO period and the increasing DO period 

The unusual peak was caused by an extremely heavy precipitation event, which led to a 

partial mixing of the reservoir and the intrusion of oxygenated waters from the river and 

the epilimnion. This atypical event did not occur previously within the calibration data set; 

hence the model could not predict it. It is reasonable to predict or hypothesise that, over a 

validation set that does not include extreme weather events, the model performance 

would be even higher. Alternatively, if both river inflow and temperature data were 

available, it would be possible to use them, or a combination of them, as extra inputs for 

the model. However, a similar event would still have to be present in order to allow the 

model to learn to detect similar event occurrences in future validation data. In case such 

event was included in the calibration dataset, ALMO would have given more importance to 

meteorological variables such as rain at time t+6 or t+7, thus implying the difficult 
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challenge of reliably forecasting rain 6-7 days ahead. This could compromise the accuracy 

of the final DO prediction, as rain, unlike e.g. air temperature, is difficult to be accurately 

predicted. Nevertheless, as only very extreme wet weather events have the power to 

induce mixing and affect DO in Advancetown Lake, it might be necessary to predict only 

those extreme events (e.g. rainfall > 100mm) without having to correctly quantify its exact 

amount.  Hence, the use of imperfect weather forecast potentially would not substantially 

jeopardise the final reliability of ALMO for DO prediction in Advancetown Lake. 

Predictably, the output time series is seven time steps longer. Therefore, ALMO can be 

effectively used for real-time DO prediction seven days ahead, given that all the required 

inputs are provided.  

 

Figure 7-9:  DOhyp real/forecasted time series for the Advancetown Lake 
validation dataset 

 

7.4 Discussion 

The Model Results section showed how ALMO was successfully applied for the DO 

forecasting case study. Forecasting DO in an intermediate layer of a reservoir is 

challenging due to the complexity of the mixing and biogeochemical reactions occurring in 

it. Yet, the ability to reliably estimate DO 7-days ahead is highly beneficial for the 

Advancetown Lake water operators, as it would enable proactive raw water offtake gate 

level selection to occur.  
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The installation of remote water quality monitoring instrumentation (e.g. VPS) in drinking 

water reservoirs is becoming more commonplace and will exponentially expand the 

quantum of lake and weather data available for analysis and decision-making. Due to the 

high installation and running cost of these systems, there is increasing pressure from the 

water utilities for exploiting such databases for enhanced reservoir and treatment 

management purposes. The formulation and application of data-driven modelling 

approaches such ALMO provides bulk water utility operators with a reliable forecasting 

tool that selects its own model predictor variables and sufficiently accounts for different 

types of nonlinearities that may be evident in the data. Moreover, its user-friendliness 

enables the modeller to adjust, for example, the target performance or the number of 

nonlinear transformations, in order to optimise computer processing time. Moreover, 

since ALMO is a purely data-driven approach, able to detect a number of linear or 

nonlinear correlations at different lags between any time series presented, it can be 

applied to forecast a wide range of independent variables for a number of feasible time 

step horizons. However, readers should be cautioned that the approach requires a basic 

knowledge of the environmental system being investigated as well as sufficient data 

availability in order for ALMO to derive accurate forecasts of the independent variable.  

ALMO is a novel, practical and user-friendly approach for time series forecasting of 

independent water quality variables. After a careful review of contemporary modelling 

approaches in this field, a hybrid model was constructed comprising of analytical 

techniques/approaches such as non-linear data transformations, linear regression, and 

recursive input-output forecasting modelling techniques.  

Other popular approaches were trialled to examine their fitness-for-purpose for this 

forecasting problem but exhibited deficiencies that prevented their inclusion; two 

examples include: (a) ANN models were not suitable for this forecasting application since 

sub-model outputs are used as inputs for another sub-model, with ANN outputs typically 

presenting higher variance and thus tending to increase the likelihood of error 

propagation, as argued in Bertone et al. (2014); (2) ALMO better handled the numerous 

data transformations needed for this problem when compared to the evolutionary 

polynomial regression. Overall, ALMO is a sensible addition to the current suite of 

environmental modelling techniques available, and has particular merit for similar 

applications to that presented herein (i.e. week ahead forecast of a particular independent 

variable using a remote lake monitoring system). 
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7.5 Conclusions 

An innovative ensemble of data processing algorithms coupled with a prediction model 

(ALMO) has been built. Its main features are: takes into account nonlinearities; only 

relevant inputs are selected; the user can define the prediction horizon and the maximum 

lag, along with the target performance; if the target performance is not reached, the model 

automatically reduces the prediction horizon in order to reach a better correlation by 

using inputs closer in time with the output; and if and when the target performance is 

reached, then the model will forecast those added inputs too.  

The formulated modelling procedure has far reaching potential for application in a range 

of time series forecasting problems in different fields. In the case study presented here, the 

model effectively predicted DO concentrations one week ahead in Advancetown Lake with 

R2>0.8. The high correlation was reached by decreasing the prediction horizon from seven 

to six days and building secondary one-day ahead forecasting model for those new 

selected inputs. Hence, the indirect approach firstly introduced in Bertone et al. (2014) 

and formalised in a comprehensive manner herein represents a novel way to increase 

forecasting model performance. Furthermore, the introduction of nonlinear input 

transformations was essential for an accurate forecast, as could have been expected for an 

environmental system. It should be stressed that user knowledge of the environmental 

system being investigated is essential to develop a prediction model using the herein 

described approach since the inclusion of the right inputs that are physically or chemically 

related to the output is essential for performing a reliable model simulation that avoids 

unjustified random high correlations. 

Successfully predicting DO concentrations in a reservoir one week ahead is of paramount 

importance, since this parameter is highly correlated with critical nutrient cycles. The 

implemented data-driven forecasting tool can serve as an early warning system for 

Seqwater operators to more proactively address critical DO conditions. Future work will 

focus on the application of the model to different reservoirs and water parameters, on the 

reduction of the computational time when using large input matrices, and on the creation 

of a user-friendly interface that clearly displays outputs and warnings. 

Acknowledgements 

The authors are grateful to Griffith University for support for Mr Bertone and to Seqwater 

for their technical and financial support to this collaborative project. 

 



Chapter 7  – Generalisation of modelling approach 

 
156 

Author contributions 

The author Edoardo Bertone conducted the collection and analysis of the data, 

conceptualised and developed the new modelling technique, validated it through the DO 

case study and drafted the paper. Assoc. Prof. Rodney A. Stewart helped in interpreting the 

results and edited the paper. Assoc. Prof.  Hong Zhang helped in refining the model 

structure, reviewed the results and edited the paper. Dr. Cameron Veal helped in refining 

the model structure, and edited the paper. 

 

 



Chapter 8  – DSS development 

 
157 

CHAPTER 8 

DSS development 

Statement of contribution to co-authored published paper 

This chapter includes a co-authored peer-reviewed paper under review. The bibliographic 

details of the paper, including all authors, are: 

Bertone E., Stewart R.A., Zhang H., Bartkow, M., Hacker, C. “Decision support system for 

manganese forecasting and proactive treatment in sub-tropical water reservoirs”. 

Environmental Modelling and Software, submitted January 2015. 

My contribution to the paper included collecting and analysing the data, reviewing the 

pertinent literature, conceptualising the Mn prediction model, engaging the operators in 

the design of the DSS, and drafting the paper. 

Signed:                Date: 11/6/2015 

Edoardo Bertone 

Countersigned:           Date: 11/6/2015 

Co-author: A./ Prof. Rodney Stewart (principal supervisor, Griffith School of Engineering) 

Countersigned:              Date: 11/6/2015 

Co-author: A./ Prof. Hong Zhang (principal supervisor, Griffith School of Engineering) 

Countersigned:           Date: 11/6/2015 

Co-author: Dr. Michael Bartkow (Team Leader, Catchment and Sustainability, Seqwater) 

Countersigned:          Date: 11/6/2015 

Co-author: Charles Hacker (Griffith School of Engineering) 



Chapter 8  – DSS development 

 
158 

Decision support system for manganese forecasting and proactive 

treatment in sub-tropical water reservoirs 

Abstract: Manganese monitoring and removal is essential for water utilities in order to 

avoid supplying discoloured water to consumers. Traditional manganese monitoring in 

water reservoirs consists of costly and time-consuming manual lake samplings and 

laboratory analysis. However, vertical profiling systems can automatically collect and 

remotely transfer data on a range of physical parameters that affect the manganese cycle. 

In this study, a manganese prediction model was developed, based on the profiler’s 

historical data and weather forecasts. The model effectively forecasted seven-day ahead 

manganese concentrations in the epilimnion of Advancetown Lake (Queensland, 

Australia). The manganese forecasting model was then operationalised into an 

automatically updated decision support system with a user-friendly graphical interface 

that is easily accessible and interpretable by water treatment plant operators. The 

developed tool resulted in a reduction in traditional manganese monitoring costs while 

ensuring proactive water treatment management. 

 

8.1 Introduction 

8.1.1 Manganese and water treatment 

High manganese (Mn) concentrations in drinking water reservoirs are one of the major 

concerns for many bulk water suppliers, since they can cause aesthetics problems such as 

black or brown colouring or, with very high levels, a metallic taste (Raveendraan et al. 

2001) of the water supplied to the customers. Typical standards (such as those fixed by 

the United States Environmental Protection Agency) for soluble Mn are 0.05 mg/L; 

however, recently, some water utilities have been targeting 0.015/0.02 mg/L to avoid any 

customer complaints (Kohl and Medlar 2007), and Seqwater (the main water authority in 

South-East Queensland, Australia) requires soluble Mn to be <0.02 mg/L in treated waters. 

As a consequence, understanding the Mn cycle in a lake or reservoir is of paramount 

importance for the water utility, in order to potentially predict when high Mn 

concentrations will occur. Typically, in case of subtropical, warm monomictic reservoirs, 

which are thermally stratified for most of the year, Mn concentrations are very low in the 

epilimnion (i.e. the upper, warmer layer of water) (Kohl and Medlar 2007). On the other 

hand, in the typically colder, acidic and anoxic lower layer, called the hypolimnion, the 
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insoluble Mn is stored in the bottom with suspended sediments reduced to their soluble 

form. In the hypolimnion, soluble Mn concentrations gradually increase over the 

stratification season. In reservoirs such as Advancetown Lake, an offtake tower allows for 

raw water to be withdrawn from the most suitable depth, which on most occasions is 

around the midpoint of the epilimnion due to high Mn and other nutrients loads in the 

hypolimnion and possible high algae concentrations at the water surface. However, during 

winter, the stratification is broken and a full lake circulation occurs; the lake circulation 

leads to an almost uniform distribution of chemical and biological constituents throughout 

the water column, with the top layers enriched in nutrients from the hypolimnion 

(Nürnberg 1988) through mechanisms such as turbulent diffusion. Thus, during this 

period, the soluble Mn present in high amounts in the hypolimnion spreads out through 

the water column. Critical Mn concentrations are also detected in the epilimnion, therefore 

effective and timely Mn removal procedures must be implemented. In Seqwater Water 

Treatment Plants (WTP), whenever the detected soluble Mn concentration exceeds 0.02 

mg/L, pre-filter chlorination takes place in order to remove the excess Mn; in case of much 

higher Mn loads (i.e. > 0.18 mg/L, but in practice based on the operators’ experience), the 

addition of potassium permanganate hastens the oxidation and removal of Mn from the 

water. 

Typically, in South-East Queensland (SEQ) reservoirs, Mn is monitored through weekly 

manual lake water samplings and subsequent laboratory analyses. In recent years, Vertical 

Profiling Systems (VPS) have been installed in several of the regions’ water supply 

reservoirs. The VPS consists of a YSI Sonde suspended by a cable to a floating buoy which 

is automatically winched up and down the water column in order to collect a range of 

water quality parameters such as water temperature, dissolved oxygen (DO), pH, 

conductivity and redox potential, which are relayed via telemetry for the whole profile 

every 3 hours. While the VPS has enhanced traditional water quality monitoring practices, 

it is not able to measure Mn concentrations, thereby still necessitating the continued 

costly and time-consuming manual samplings and analyses of Mn levels. Since previous 

studies (e.g. Calmano et al. 1993, Carlson et al. 1997) showed correlations between some 

of the parameters measured by the VPS and Mn concentrations, there is potential for the 

development of a Mn prediction model and a related VPS-based Decision Support System 

(DSS) that is able to forecast Mn concentrations a few days in the future in order to make 

better water treatment decisions. Such a Mn DSS will significantly reduce Mn monitoring 

costs and also promote a more proactive water treatment management regime. 
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8.1.2 Existing water quality parameters prediction models and DSS 

Interestingly, only a few studies have been conducted that have attempted to completely 

model the Mn cycle (e.g. Johnson et al. 1991). Importantly, to the authors’ knowledge, no 

studies have attempted to predict future Mn concentrations. Several prediction models 

have been applied over the years for different environmental problems, but as pointed out 

by Maier et al. (2010), with regards to particular categories of extensively implemented 

models such as artificial neural networks (ANN), the vast majority of them deals with 

water quantity more than water quality issues. Besides, the typically modelled water 

quality parameters are pH or salinity (e.g., Bastarache et al. 1997; Zhang and Stanley 

1997) with limited focus on nutrients. Additionally, few studies have attempted to forecast 

these parameters more than one day ahead in the future. Interesting exceptions are given 

by Bowden (2003), which adopted an ANN to predict 4 weeks ahead the peak 

concentrations of cyanobacteria in the River Murray, Australia, and by Yabunaka et al., 

(1997), who forecasted algal concentrations in a Japanese lake seven days ahead. ANN-

based models are now commonly found in the literature (see e.g. Zaldívar et al., 2000; 

Lekkas et al., 2001; Recknagel et al., 2002; Joorabchi and Zhang, 2007; Tsanin et al., 2008) 

but also other techniques such as regression trees have been applied (e.g. Jung et al. 2010). 

Traditional regression models are still relevant for many applications; for example, 

Giustolisi and Savic (2006) developed an innovative approach using regression models for 

data pre-processing and input selection. Moreover, multivariate statistical techniques are 

still commonly used, especially where there is a need to simplify the analysis of complex 

data sets (Shrestha and Kazama, 2007). Process-based models have been widely applied in 

the environmental sector whenever enough data were available. Nevertheless, attempts to 

model the Mn cycle, with particular focus on the rapid transport processes towards the 

epilimnion during the lake destratification, were not present. One of the few studies found 

in the literature was completed by Johnson et al. (1991), who created a mathematical 

model for simulating the Mn cycle in a Swiss lake. The model made use of differential 

equations including the main processes affecting the formation and transport of soluble 

and particulate Mn, such as eddy diffusion, outflow, flux from the sediment, oxidation in 

the water column and coagulation with subsequent sedimentation. However, because of 

the several inputs required, it is not ideal for short-term forecasts. Process-based models 

are instead better for understanding intricate long-term potential impacts of changing 

conditions such as those linked with climate change studies; an example is given by Trolle 

et al. (2011) who noticed increased eutrophication (and thus possible higher nutrients 

loads) for three different lakes when future expected air temperature increases are 

considered by the model.   
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DSS have often been created around hydrological and water quality models for different 

purposes, with the main goal of assisting end-users with easy model usage and clear 

interpretability of the results. However, most of the created environmental DSS are used 

for analysis of different possible policies/choices of the decision-makers (McIntosh et al., 

2011). Examples are given by the catchment modelling software proposed by Argent et al. 

(2009) and Stewart and Purucker (2011), where the target user is an investigator 

interested in characterising contamination, or by the model proposed by Soncini-Sessa et 

al. (2003), applied to an Italian Lake to assist the decision-maker to calculate the amount 

of water to be released over the next 24 hours. Also, Touma et al. (1995) developed a DSS 

with associated Graphical User Interface (GUI) for scenario analysis on air quality, built on 

a C++ environment. In other cases, the DSS was mainly designed and used within 

spreadsheets (e.g. Jolma et al., 1997). Often, manual input data is necessary (such as 

meteorological forecasts, see Zhang et al., 2013). Nevertheless, some DSS have been 

implemented in order to display in real-time the models results; this is the case of Quinn et 

al. (2005), who encapsulated a DO forecasting model into a DSS, whose features include: 

(1) ability to enter the continuously collected data through land line phone modem, 

cellular phone or satellite; (2) computer programs able to automatically retrieve data and 

parse them into model-friendly formats; and (3) GUI, allowing mouse usage and results-

related colours, to facilitate inspection of real time and forecasted data. 

8.1.3 Project objectives 

The study had three main objectives as described below: 

1. Development of seven-day ahead Mn forecasting model: The foundation objective of the 

study was to forecast Mn concentrations in the epilimnion of Advancetown Lake (next 

to the lower intake) seven days ahead by mainly relying on real-time data collected by 

the VPS. If such a model can be built, traditional manual water samplings will be 

unnecessary and thus substantial economic benefits could be achieved. Moreover, by 

providing early warnings one-week ahead, more proactive water treatment 

management can be guaranteed. To the authors’ knowledge, no previous Mn models 

attempted to predict Mn concentrations one week ahead, thus this is an element of 

novelty for this project. 

2. Create a DSS and associated GUI for proactive Mn treatment management: Often models 

are developed without translation into a useful tool for practitioners. Therefore, a key 

objective of this study was to also develop an effective DSS that is able to automatically 

collect and process data in near real time from different sources, run the Mn model 

and display to water treatment operators the forecasted values via a user-friendly GUI. 
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In line with the views of Quinn et al. (2005), an important purpose of the DSS will be to 

enable the end users to access a real-time updated GUI displaying the model results.  

3. Application and validation of Mn forecasting model at two other dam offtakes: Finally, 

two other Mn models were developed in the study to demonstrate the wider 

applicability of the model and associated software tool: (1) upper intake of 

Advancetown Lake; and (2) the smaller Little Nerang Dam storage. These models are 

preliminary since they have been built using only the available weekly historical Mn 

water sampling data for future forecasts correlated with predictor variables, since VPS 

installations at these locations have only recently been completed. In the future, as VPS 

datasets are expanded, these models will be recalibrated and a DSS also created. 

8.2 Research Method 

8.2.1 Research domain  

Advancetown Lake (Figure 8-1), also called Hinze Dam (153.28°E, 28.06°S), is a 

subtropical reservoir located in SEQ, Australia. It supplies most of the water provided to 

the Gold Coast region. The dam was originally constructed in 1976 immediately 

downstream of the confluence between the Nerang River and the Little Nerang Creek, 

creating a storage capacity of 42,400 ML. However, two subsequent upgrades (in 1989 and 

2011) raised the dam wall, providing the current “Stage 3” maximum capacity of 310,730 

ML and an average depth of 35 m. The surface area is 15 km2 while the catchment covers 

an area of 207 km2. Two main intakes are located in Hinze dam: the lower intake (HLI) is 

located next to the dam wall, and it used to supply water to the Molendinar WTP, situated 

10 km north-east of the reservoir and providing most of the water for the Gold Coast 

population; the upper intake (HUI), located upstream in the eastern branch of the lake, 

draws and redirects water to the a secondary WTP located in Mudgeeraba, 2 km east of 

the reservoir. The water is drawn through the use of intake towers from the most 

convenient depths at five-metre intervals.  

Directly upstream of Advancetown Lake lies Little Nerang Dam (153.28°E, 28.14°S), which 

was completed in 1961 and was the first source of potable water for the Gold Coast region. 

It is now only a secondary source of drinking water, with a maximum capacity of 6705 ML, 

a surface area of 0.5 km2 and a catchment area of 35.2 km2. The water drawn from Little 

Nerang dam (LND) is also redirected to the Mudgeeraba WTP. VPS are located near the 

HLI, HUI and LND raw water offtakes; these are the key data sources underpinning the Mn 

forecasting model described below. 
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8.2.2 Data collection 

Currently, water quality is primarily monitored through laboratory analysis of manually 

collected, weekly water samples. Nevertheless, in 2008, an in-situ VPS was installed next 

to the lower intake of Advancetown Lake. More recently, a VPS has been installed also next 

to the upper intake (March 2014), as well as in Little Nerang dam (September 2014). 

Seqwater provided historical physical and chemical data for Advancetown Lake and Little 

Nerang dam collected both through water samplings and by the VPS. Typically, though, the 

manual samplings are limited to the upper part of the water column: for instance, in the 

lower intake, samplings were conducted up to 24 m depth even though the maximum 

depth is about 50 m. Yet, the Mn monitoring routine was changed during the course of this 

study, and during winter 2013 and 2014 full water column samplings and laboratory 

analyses were undertaken for Mn every 2-3 days. Furthermore, missing weather data 

were collected from the Australian Bureau of Meteorology (BoM), whereas river inflow 

data were taken from the Department of Energy and Resources Management of the 

Queensland Government (DERM). Overall, approximately six years of historical Mn 

concentration, meteorological and hydrological data was compiled into a large database 

for the purpose of preliminary data mining and trend analysis. 

 

Figure 8-1: Advancetown Lake and Little Nerang Dam map with the locations of 
HLI, HUI and LND. 
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8.2.3 Data analysis and trend identification  

The VPS, meteorological and manual samplings data were pre-processed and analysed by 

filtering and sorting: that is, algorithms were created in order to extract, from the raw 

database, data in a time series format. Subsequently, it was possible to detect trends and 

seasonal or daily variations. Since the intra-daily variations were not deemed to be 

relevant for the purpose of this study, daily data was chosen as the ideal frequency for this 

analysis. Interpolation of higher frequencies data (e.g. 3-hours frequency VPS data) was 

performed. 

Also, statistical tests were performed to detect nonlinearities, such as the BDS test (see 

Brock et al., 1996), and nonnormalities, such as the Jarque-Bera (Jarque and Bera, 1987) 

and the Lilliefors test (Lilliefors, 1967). Moreover, scatter plots of each variable against 

another enabled a visual interpretation of any linear and nonlinear trends that may have 

been present. Multivariate analysis was performed to find the highest correlation 

coefficient between each pair of variables (X(t), Y(t)), by optimizing the lag (i.e. the delay 

from time t) and the span (i.e. the number of time steps) of the moving average. Following 

recent work by the authors (Bertone et al. 2015), the calculated correlation coefficient can 

be determined by Equation (8-1): 

𝑅𝑡,𝑘,𝑚,𝑗,𝑛 =
𝑐𝑜𝑣(𝑋𝑡,𝑘,𝑚, 𝑌𝑡,𝑗,𝑛)

𝜎𝑋𝑡,𝑘,𝑚
𝜎𝑌𝑡,𝑗,𝑛

              (8-1) 

 

where  𝑋𝑡,𝑘,𝑚 =
∑ 𝑋(𝑡−𝑘−𝑖)𝑚

𝑖=0

𝑚
  and 𝑌𝑡,𝑗,𝑛 =

∑ 𝑌(𝑡−𝑗−𝑖)𝑛 
𝑖=0

𝑛
; t are the time indexes for data X and 

Y; k and j are indexes representing the lag at which the times series are considered; m and 

n are indexes representing the span of the moving average considered;  𝑐𝑜𝑣(𝑋𝑡,𝑘,𝑚, 𝑌𝑡,𝑗,𝑛) is 

the covariance between 𝑋𝑡,𝑘,𝑚 𝑎𝑛𝑑 𝑌𝑡,𝑗,𝑛; 𝜎𝑋𝑡,𝑘,𝑚
𝑎𝑛𝑑 𝜎𝑌𝑡,𝑗,𝑛

 are the standard deviations of 

𝑋𝑡,𝑘,𝑚 𝑎𝑛𝑑 𝑌𝑡,𝑗,𝑛 . The variables X(t) and Y(t) can also represent nonlinear transformations 

of original data, whenever a nonlinear trend was noticed from the scatter plots.  

All of these analyses helped in understanding the causal relationships between the 

physical and chemical variables of the reservoir and thus enlightened a clearer picture of 

the Mn cycle and parameters affecting it. Subsequently, regression analysis was performed 

between soluble Mn and relevant predictor variables.  

8.2.4 Model selection and validation 

Following the identification of key Mn predictor variables, time-series trends, etc., an 

appropriate modelling algorithm that could incorporate them together into a Mn 
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forecasting model needed to be selected.  According to the review of previous research, 

data-driven models represent the most ideal solution for such short-term forecasting 

modelling problems. Process-based models were also considered, but since they include 

several input variables, they are not recommendable for a seven-day ahead prediction, 

because of the cumulative loss in accuracy related to the input predictions required before 

running the model. Hence, data-driven approaches were deemed to be more appropriate 

for this research study; this is also due to the reduced amount of Mn data (i.e. only down to 

24 m depth), which is a limitation for building a comprehensive process-based model.  

Model selection was largely driven by the particular features of this problem and the 

correlations of the input time series. Moreover, the possibility to create an overall data-

driven model that consisted of different “sub-models” employing different techniques was 

explored since hybrid models can often yield high reliability as well as provide a better 

understanding of the processes involved (Solomatine and Ostfeld, 2008). This is especially 

true in this study: it is known how the Mn cycle is related to the strength of the 

stratification, with lake circulation bringing high Mn loads in the upper layer, where the 

water is typically drawn from. Bertone et al. (2015), using a similar dataset, proved that 

the strength of the stratification in Advancetown Lake could be reliably predicted using 

few inputs (e.g. air temperature and rainfall). Thus the possibility of forecasting the degree 

of stratification first, and Mn concentrations in turn, was explored.  

Model validation is an important step for the development of a reliable environmental 

prediction model. Model validation is often achieved by dividing the historical dataset into 

a training set, and an independent validation data set that is used to check model 

performance; a typical sample division is 70/30 or 80/20. For this study, the historical 

data set was divided in a calibration set ranging from October 2008 to September 2011, 

and a validation set from October 2011 to September 2012. For this project, real-time 

validations for the HLI model were also performed by attempting to forecast the critical 

2013 and 2014 spikes in Mn concentrations during the lakes typical winter turnover 

event. Model validation is crucial for developing a trustworthy model since it has been 

asserted that ‘stationarity is dead’ (Milly et al., 2008) due to mainly a changing climate and 

human activities; this means that it is more likely that future environmental cycles will be 

different from those of the past. Interestingly, this statement is true for Advancetown 

Lake, due to the recent dam upgrade which has led to a substantial increase in water 

storage over the last few wet seasons, thereby changing some of the characteristics of the 

dam mixing and biogeochemical processes. For instance, the increased water level implies 

an increased benthic interface which will mature and establish favourable conditions for 

reducing bacterial cultures in the first few centimetres of the soil in an area previously 
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aerobic all year round, thus leading to possibly progressively higher Mn concentrations 

over the first few years after upgrade. The creation of a model that is flexible enough to 

handle change is of paramount importance for the long-term validity of the intended Mn 

prediction model. 

8.2.5 DSS and GUI development 

The final necessary objective of this research project was to develop a DSS and associated 

user-friendly GUI for deployment at the Hinze Dam WTP operator station. This final goal 

included four main tasks: (1) create a data extraction code in order to retrieve data from 

different sources; (2) create a data preprocessing code in order to provide the inputs to 

the Mn model in the required format; (3) create a code to autonomously run the Mn model 

to generate the forecast Mn concentrations for each day for seven days ahead; and (4) 

create a user-friendly GUI that displays the continuously updated model outputs.  

In order to achieve a satisfactory final product, a number of meetings with the different 

stakeholders and end-users (e.g. treatment plant operators, water quality professionals, 

technical officers, software engineers) were organised in order to create the most suitable 

version of DSS and GUI. End-users must be identified at the start of the project and 

engaged into the DSS development through a participatory process (McIntosh et al., 2011). 

In particular, three different levels of people involved in the DSS can be identified 

following the advice of Rizzoli and Young (1997): the scientists, developing the system; the 

managers who are the decision-makers; and the stakeholders. These groups must work 

together, and it is also important to build continuous interaction between scientists, end-

users and IT specialists (Van Delden et al., 2011). The general lack of engagement with 

stakeholders and decision-makers has been noticed in the past (Soncini-Sessa et al., 2003) 

and it is one of the major causes of failure in developing an optimal DSS. Following this 

advice, from the commencement of this project the research team have endeavored to 

maintain continuous contact with WTP operators, Seqwater IT experts, project managers 

and other stakeholders that will benefit from the final DSS. Such efforts have ensured that 

this research has gone beyond purely the production of academic publications to the re-

engineering of water quality treatment practices. 

In particular, the ultimate goal of the DSS was to display, in near real-time, the outputs of 

the model through the creation of a GUI, clearly understandable for the end-users, since 

they are the practitioners that need to feel that this tool makes their work more 

manageable and efficient (Oliver and Twery, 1999). The GUI was therefore designed for 

the user’s needs and capabilities (Mcintosh et al., 2011). Few DSS are in actual use, 

because of lack of transparency for end-users (Van Delden et al., 2011); often algorithms 
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or complex models are not trusted even though they have been proven to be effective 

(Rizzoli and Young, 1997). Therefore results must be shown in a clear, concise, direct and 

simple fashion (McIntosh et al., 2011; Zhang et al., 2013; Stewart and Purucker, 2011; 

Nguyen et al. 2014).  Furthermore, it is important to understand who is going to use it and 

not to forget that maintenance and updating will be necessary (Van Delden et al., 2011). 

Finally, the best option for data acquisition and transfer was assessed after workshops 

with stakeholders and IT specialists. A range of options were available with different 

advantages and disadvantages, such as the usage of phone modems or satellite to collect 

the input data (Quinn et al., 2005), the compression of the outputs, which are then sent to 

the server to update an appropriate webpage (Zhang et al., 2013), or the remote execution 

of the model, with results transferred to local clients (Rizzoli and Young, 1997). A 

complete review of IT options was undertaken during a stakeholder workshop and an 

appropriate solution was determined. 

8.3 Model development 

8.3.1 Model input parameter identification 

Typically, environmental systems are heterogeneous and complex (Rizzoli and Young, 

1997) and these issues were again confirmed by the herein performed statistical analysis, 

which yielded similar outcomes for the three different locations. Often, the time series 

data were not normal according to the Jarque–Bera and Lilliefors tests and some of them 

(e.g. Mn, DO, turbidity and hypolimnetic water temperature) also presented as being 

bimodal. Moreover, the BDS test was applied to data after de-trending and de-

seasonalising them and, along with visual analysis of auto-correlograms and cross-

correlograms, the results showed that most of the time series are nonlinear or present 

nonlinear correlations between them. On the other hand, air temperature was found to be 

highly linearly correlated to surface water temperature time series; interestingly, a 

hysteresis loop was noticed (Figure 8-2) mainly because of the thermal inertia of the 

water mass. When calculating the 30-day moving average for both air and surface water 

temperature, the 30-day moving average of variable x is determined by Equation (8-2): 

�̅�(𝑡) =
1

30
∙ ∑ 𝑥(𝑡 + 𝑛)14

𝑛=−15        (8-2) 

It can be indeed seen that during the warming months (i.e. from August to January, red 

arrow), air temperatures are typically higher than water temperatures as the water needs 

a long time to warm up. However, during the cooling season (i.e. February to July, blue 

arrow), air temperatures are typically lower than water temperatures, again because of 

the slow responsiveness of the water to thermal variations. 
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Figure 8-2: Scatter plot of 30-days moving average air temperature with 30-days 
moving average epilimnetic water temperature for HLI from 2008 to 2013.  

 

Despite the presence of nonlinearities, visual data inspection was performed to detect any 

link between the Mn cycle and possible predictors, and understand which type of 

nonlinearity links the variables together, by taking into account scientific knowledge about 

the system. Interestingly, by creating a new time series named ΔTw, representing the 

difference of water temperature between the lake surface and the bottom, this showed a 

significant hyperbolic correlation with soluble epilimnetic Mn (Mnsol,ep) after normalisation 

by scaling between 0 and 1 (Figure 8-3). This trend has emerged since warm monomictic 

lakes such as Advancetown Lake or Little Nerang dam have high Mn concentrations only 

during the lake destratification; that is when water temperature becomes uniform and 

ΔTw, tends to zero (Figure 8-4).  
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Figure 8-3:  Scatter plot of normalised soluble epilimnetic Mn with normalised 
ΔTw(t)/max(Tw(t)) for HLI from 2008 to 2013. ΔTw(t) is the difference of water 

temperature between surface and bottom at time t; max(Tw(t)) is the maximum 
water temperature of the water column at time t. 

 

 

Figure 8-4: Time series soluble epilimnetic Mn and ΔTw(t)/max(Tw(t)) for HLI 
from 2008 to 2013. ΔTw(t) is the difference of water temperature between 

surface and bottom at time t; max(Tw(t)) is the maximum water temperature of 
the water column at time t. 
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The time-consuming data pre-processing and trend exploratory analysis, conducted by the 

engaged scientific and hydrological experts involved in the research, was essential to 

ensure that meaningful time series relationships could be revealed before a model was 

created. Preliminary qualitative analysis involving system experts may become essential 

in complex systems (Bennett et al., 2013), as a trap of many complex data-driven models, 

despite the recent development of a number of input selection algorithm (e.g. Galelli et al., 

2014) is that the input variables selected for the model may not actually reflect true 

relationships between variables and will likely fail to be valid when applying to future 

scenarios, unless the statistical correlations are proved to be meaningful for the real 

system too. In fact, it can be stated that designing statistical models (including data and 

relevant correlations selection) implies a mechanistic conceptualisation of the system 

(Robson, 2014).   

The analysis of other variables such as DO and pH (always high in the epilimnion) showed 

that the production of soluble Mn is not supported by the oxic, alkaline epilimnetic 

environment, thus justifying the low Mn level throughout the stratification season in the 

epilimnion; as a consequence, their influence for a Mn prediction model is limited, since 

high concentrations are due to mixing phenomena, regardless of DO or pH levels during 

those periods. Iron appeared to have a similar but slower cycle than that of Mn, however it 

did not provide a sufficiently strong correlation to be used for Mn forecasts; additionally, 

since iron is also manually sampled, it would not be a useful input for a VPS-based Mn 

model.  

Ultimately, in order to better predict the peak Mn concentration in the epilimnion, a 

relationship, illustrated in Equation (8-3), was found between the amount of Mn going 

from the upper hypolimnion to the epilimnion during the winter turnover and the water 

column temperature at the onset of the circulation, which is relatively constant 

throughout the water column: 

𝑀𝑛𝑠𝑜𝑙,𝑒𝑝

𝑀𝑛𝑠𝑜𝑙,ℎ𝑦𝑝
= 0.029 𝑇𝑤 − 0.436       (8-3) 

Where Mnsol,ep is the peak concentration of soluble Mn in the epilimnion during the 

turnover event; and Mnsol,hyp is the concentration of soluble Mn stored in the hypolimnion 

(data limited to 24 m) just before the beginning of the circulation event. Tw is the 

temperature of the water column at the beginning of the circulation event (when Δsw =̃ 0 

hence water column temperature is assumed uniform). Specifically, higher water 

temperatures lead to less dense waters and stronger mixing processes such as turbulent 

diffusion, therefore more soluble Mn can go to the surface layers before oxidation and 

precipitation occur throughout the water column due to its oxygenation after contact with 



Chapter 8  – DSS development 

 
171 

the atmosphere. The equation, resulting from the regression analysis of only the last 5 

years of data, yielded a correlation of R2=0.70 which was higher than considering the full 

historical database of peak concentrations (i.e. 2000-2012). This can be caused by a 

shifting equilibrium brought by the dam upgrade, with typically proportionally lower Mn 

loads reaching the epilimnion; however, the model will be recalibrated in the future, when 

more post-upgrade data becomes available. Similar correlations were found for LND, 

while for HUI a higher correlation was found between peak concentration and Julian day 

of onset of the turnover. A later turnover means more time for the Mn to be produced in 

the hypolimnion, thus leading to higher peaks in the epilimnion. 

In conclusion, by analysing DO (decreasing right after the turnover until fully depleted in 

early summer), pH (typically acidic) and ORP (decreasing during the stratification season) 

it was evident that the production of soluble hypolimnetic Mn is predominately caused by 

the biogeochemical relationships between these three predictor variables. However, data 

analysis showed a completely different behaviour in the epilimnion with soluble Mn 

predominantly a function of the temperature gradient of the water column (i.e., mixing 

momentum) and the biogeochemistry being less significant in this upper layer where 

water was drawn for treatment. Beneficially, this characteristic meant that a relatively 

simple seven-day ahead epilimnetic Mn forecasting model could potentially be created, 

since water temperature can be more easily forecasted than DO, pH or ORP, as it has a high 

correlation with air temperature. 

8.3.2 Model architecture 

As a consequence of the identified relationships between different variables, the most 

suitable model structure was chosen and it is illustrated in Figure 8-5.  

The variables shown in Figure 8-5 are defined as: 

𝑇𝑎𝑖𝑟
̅̅ ̅̅ ̅(𝑡) =

1

7
∙ ∑ 𝑇𝑎𝑖𝑟(𝑡 + 𝑛)7

𝑛=1  : average air temperature forecast from 1 to 7 days ahead;  

∆𝑇𝑤(𝑡) =
∑ 𝑇𝑤(𝑧,𝑡)6

𝑧=1

6
−

∑ 𝑇𝑤(𝑧,𝑡)24
𝑧=12

13
 : current water temperature difference between 

epilimnion (simplified as the top 6 m) and hypolimnion (simplified as the layer between 

12 and 24 m, since there is no relevant temperature difference below 24 m); 

∆𝑇𝑤 (t+7) : water temperature difference prediction 7 days ahead; 

𝑇𝑤(𝑡) =
∑ 𝑇𝑤(𝑧,𝑡)24

𝑧=1

24
 : average water column temperature (first 24 m for consistency with 

Mn sampling maximum depth and because of the very limited temperature variation 

below 24m); 
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Mnsol,hyp : average pre-turnover soluble Mn stored between 12 and 24 m; (for HUI and LND 

the deepest layer is 18m);   

Mnsol,ep : average pre-turnover soluble Mn stored between 0 and 6 m; (for HUI and LND the 

deepest layer is 18m);   

Mnsol,epPEAK : average soluble Mn stored between 0 and 6 m at its peak during the predicted 

next turnover event; and 

Mnsol,ep(t+7) : predicted average soluble Mn stored between 0 and 6 m, 7 days ahead. 

 

 

Figure 8-5: Model structure and core analysis parts.  

Because of the strong nonlinear correlation detected between the target variable Mnsol,ep 

and ΔTw (Figure 8-3, R2=0.55 after hyperbolic transformation of ΔTw), it was decided to 

build a nonlinear statistical model able to take advantage of such correlation. As a 

consequence, in order to not only predict, but also to forecast Mn seven-days ahead, it was 

decided to forecastΔTw one week in advance and then calculate Mnsol,ep(t+7) in turn. As a 

result, the model consists of three data processing modules or parts in order to ensure an 

accurate and reliable Mn prediction. The three model parts are described below: 

 Model Part 1: completes analysis of the current water column temperature 

difference ΔTw and the forecasted air temperature up to 7 days ahead (collected 

from the BoM) and outputs ΔTw(t+7). 
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 Model Part 2: takes the output of Part 1 (i.e., ΔTw(t+7)) and by using the hyperbolic 

correlation relationship shown in Figure 8-3, it yields a prediction of Mnsol,ep(t+7), 

normalised by scaling between 0 and 1. 

 Model Part 3: where Part 1 predicts the beginning of the lake turnover event 

(formally quantified, according to historical data analysis, with ΔTw(t+7) < 0.3 °C), 

then the future peak Mn value is corrected in two possible ways: either through 

the correlation shown in Equation (8-3), using the amount of Mn stored in the 

hypolimnion at the beginning of the turnover event, measured through one manual 

water sampling or by considering the Julian day of the beginning of the turnover 

event, when predicted by Part 1. A preliminary part of Module 3 assesses which 

option yields the highest performance. As mentioned previously, for HUI the Julian 

day of turnover event gave a higher correlation, while for HLI and LND the Mn 

stored in the hypolimnion was a better predictor. The forecasted peak Mn 

concentration estimate is then adjusted by adding the pre-turnover concentration 

recorded in the epilimnion (typically about 0.01 mg/L, but on some occasions 

concentrations as high as 0.1 mg/L were recorded prior turnover due to 

phenomena assumed to be, for instance, internal waves).  

The full model works as follows: 

1. Data are collected from two different sources: the BoM website and the VPS; 

2. The collected data are then elaborated by the preprocessing modules in order 

to provide the necessary model inputs (i.e. 𝑇𝑎𝑖𝑟
̅̅ ̅̅ ̅(𝑡) and ΔTw) in the correct 

format; Tw(t) is also calculated and stored in case it is needed by the following 

processes; 

3. Model Part 1 is run; ΔTw(t+7) is calculated; 

4. Different actions are completed depending on whether the turnover event is 

predicted (i.e. ΔTw(t+7) < 0.3 °C) or not; if it is predicted, then go to step 5; if it 

is not predicted, go directly to step 11; 

5. The expected Julian day of the turnover (i.e. the first Julian day when ΔTw(t+7) 

< 0.3 °C is predicted to occur) is stored; operators are warned to collect the 

annual Mn sampling; 

6. The pre-turnover Mn sampling results are retrieved; 

7. A pre-processing module calculates Mnsol,ep(t) and Mnsol,hyp(t); 
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8. Two different peak estimation models are generated and assessed using the 

calibration set of data; one used Mnsol,hyp(t) and Tw(t) as inputs and the other 

used only the day of beginning of the turnvoer event. The model yielding the 

highest performance is the candidate for Model Part 3, and it is selected in this 

step through a preliminary Model Part 3 algorithm (“Best peak model 

assessment” in Figure 8-5); 

9. Another data processing module uses Mnsol,ep(t) to calculate a possible 

adjustment of the peak concentration, as previously explained; 

10. Model Part 3 is run; Mnsol,epPEAK is calculated; 

11. Model Part 2 is run; the normalised (i.e. scaled between 0 and 1) Mnsol,ep(t+7) 

are calculated and denormalised by using the predicted peak concentration 

value in case the turnover was predicted. 

The model primarily makes use of data collected only by the VPS and the BoM website. 

However, for better Mn peak concentration forecast accuracy for HLI and LND, one annual 

manual Mn sampling will still be necessary, at the onset of the turnover event as predicted 

by the model, in order to quantify the concentration of Mn in the hypolimnion and 

therefore enabling an assessment of the peak concentration. It should be noted that one 

single Mn sample and associated laboratory testing is not too onerous and is considerably 

less than the current weekly sampling program. 

For Part 1 of the model, because of the hysteresis loop shown in Figure 8-2 between air 

and water temperature, it was noticed that a threshold seasonal autoregressive model 

(TSAM), able to detect different relationships between air and water temperatures during 

different seasons (e.g. warming or cooling), would yield the highest forecasting 

performance. This was indeed confirmed by the TSAM model yielding a R2=0.91 in the 

validation set compared to R2=0.85 of a simple linear regression model which did not take 

into account different seasonal behaviours.  Equation (8-4) illustrates how the forecast is 

computed: 

∆𝑇𝑤  (𝑡 + 7)  = ∆𝑇𝑤(𝑡)  + 𝐴𝑖 ∙ (𝑇𝑎𝑖𝑟
̅̅ ̅̅ ̅(𝑡) − 𝑇𝑒𝑝(t)) + 𝐵𝑖     (8-4) 

where: 

𝑇𝑒𝑝(𝑡) is the current water temperature in the epilimnion; 
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Ai and Bi are coefficients calculated by regression analysis by splitting the whole 

calibration dataset into different seasons, expressed by the index i described as: (a) i = 1: 

warming season (for HLI, August to January); and (b) i = 2: cooling season (for HLI, 

February to July). 

Hence, by calculating the difference in temperature between the surface waters and the 

surrounding average air for the next seven days, the model can interpret historical data 

and the seasonal characteristics in order to simulate the degree of heat exchange and 

predict the water column temperature differential. To support this model choice, a similar 

simple water temperature model has been applied in another recent study (Piccolroaz et 

al., 2013) with satisfactory performance. 

Once Part 1 of the model predicts ΔTw(t+7), this value is entered into Model Part 2, which 

is able to calculate an estimate of Mnsol,ep(t+7) by using Equation (8-5) (edited from 

Bertone et al., 2014):  

𝑀𝑛𝑠𝑜𝑙,𝑒𝑝(𝑡 + 7) =

[
((

1

1+∆𝑇𝑤 (𝑡+7)
)−𝑚𝑖𝑛(

1

1+∆𝑇𝑤 (𝑡+7)
))

(𝑚𝑎𝑥(
1

1+∆𝑇𝑤 (𝑡+7)
)−𝑚𝑖𝑛(

1

1+∆𝑇𝑤 (𝑡+7)
))

]

3

∙ (𝑚𝑎𝑥(𝑀𝑛𝑠𝑜𝑙,𝑒𝑝) − 𝑚𝑖𝑛(𝑀𝑛𝑠𝑜𝑙,𝑒𝑝)) + 𝑚𝑖𝑛(𝑀𝑛𝑠𝑜𝑙,𝑒𝑝)

                      (8-5)   

where: 

𝑚𝑎𝑥(𝑀𝑛𝑠𝑜𝑙,𝑒𝑝) is the maximum value of soluble Mn in the epilimnion within the historical 

set [mg/L]; and 𝑚𝑖𝑛(𝑀𝑛𝑠𝑜𝑙,𝑒𝑝) is the minimum value of soluble Mn in the epilimnion 

within the historical set [mg/L]. 

The Mnsol,ep forecasts are scaled between 0 and 1; hence, Model Part 3 is necessary in order 

to obtain a reliable estimate of the actual peak concentration during the winter circulation 

event. As previously explained, this part of the model can be different between locations, 

depending on which predictor gives the highest correlation with historical peaks 

concentrations.   

8.3.3 Model validation 

In this study, model performance was assessed in two ways: (1) a classical statistical 

performance index, namely the coefficient of determination R2; and (2) a practical 

performance index T%, which shows how reliable are the models for their ultimate goal, 

i.e. timely prediction of extra water treatment due to high soluble Mn concentrations 

during winter turnover. The chosen index is the percentage of correct warnings or no 
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warnings, assuming that a correct warning or no warning is given when a level 

respectively higher or lower than a threshold x, is correctly predicted. Mathematically, this 

practical performance index T% is firstly calculated at each time step (i.e. T(t)) as follows: 

Table 8-1 T assessment criteria 

Criteria Ypred(t) < x Ypred(t) > x 

Yreal(t) < x T(t)=1 T(t)=0 

Yreal(t) > x T(t)=0 T(t)=1 

 

Where for this specific problem, Ypred(t) and Yreal(t) are respectively, the Mn concentration 

predicted by the model at a given time t and the measured Mn concentration at the same 

time t. The threshold was fixed to x = 0.02 mg/L (i.e. the threshold for application of pre-

filter chlorination), since permanganate dosing is rarely applied and a well-defined 

threshold does not exist yet. The value of index T(t) is calculated for every t of the 

validation set, where the total number of time steps is n. The final value of the 

performance index over the whole validation set is calculated using Equation (8-6): 

𝑇% =
∑ 𝑇(𝑡)𝑛

𝑡=1

𝑛
        (8-6) 

The index will be 1, or 100%, in cases where correct warnings/no warnings have been 

provided for the whole validation dataset, or 0 in cases where false warnings/no warnings 

have been given for each prediction in the validation set. 

This is an important index, since most of the times the operators are less concerned with 

the exact Mn value, but they want to know if extra treatment procedures must be 

activated. Moreover, this kind of index is able to condense in a single number the overall 

behavior of the model in terms of critical conditions (Bennett et al., 2013), by unveiling the 

number of false alarms, missed alarms, or correct warnings/no warnings.  

In order to assess the performance of Model Part 1, only the coefficient of determination 

was used, as this module predicts water temperature only, which is not operationally 

important but is fundamental for a correct Mn prediction by Model Parts 2 and 3. The 

validation was performed firstly by dividing the historical dataset and using the last 30% 

of data as an independent test set. For more details about the first model validation, the 

reader can refer to Bertone et al. (2014). Interestingly, the model exhibited higher 

statistical performance for longer prediction horizons: precisely, the R2 for the 1-day 
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ahead and 4 days ahead model were, respectively, 40% and 90% of the R2 for the 7 days-

ahead model; this is due to the capacity of longer moving averages to smooth extreme 

values. This will be reflected when air temperature forecasts will be used, since if a certain 

day the forecast were wrong, the error would be mitigated when considering the average 

prediction for the total of the next seven days. Also, destabilising effects of other events 

such as heavy rain or strong wind are mitigated as well over longer-term predictions: this 

is instead not true for shorter term (i.e. < 3 days) forecasts, where indeed the performance 

was exponentially lower. For comparison purposes, a one-dimensional physical model was 

developed using the DYRESM software, created by the University of Western Australia 

(Imberger and Patterson, 1981). The model yielded good results for real-time prediction 

of epilimnetic water temperature (R2=0.91), but the performance was much lower in the 

case of seven days ahead forecasts (the discrepancy between observed and modelled 

epilimnetic water temperature was over 5°C at the end of the simulation for the study 

period, i.e. March-April 2013), where there was much more uncertainty related to the 

multiple input forecast data (i.e. not only air temperature, but also wind, rain, inflow, solar 

radiation, etc.) that needed to be included thereby compounding errors. This limitation 

applies to any process-based models, where complexity and the required multitude of 

inputs is a performance-limiting factor for forecasting problems. Therefore, data-driven 

models including fewer inputs proved to be more successful for this particular application. 

ANN models were also explored, but they resulted in higher variance in the model 

predictions, which was amplified through the hyperbolic transformation conducted in Part 

2 of the model, thereby yielding unacceptable accuracy (i.e. R2 < 0.3 in the validation set 

for Mnsol,ep(t+7)  prediction). 

8.3.4 DSS design 

The Mn prediction model created for HLI was then encapsulated into a DSS as illustrated 

in Figure 8-6. The DSS included four main components: (1) data extraction component; (2) 

data pre-processing component; (3) Mn prediction model; and (4) GUI. 

The GUI program was developed using Embarcadero’s ‘RAD Studio’ (Delphi) environment. 

The coding was largely written in Object-Pascal, with some routines coded in Object 

Oriented C++. The GUI application was primarily developed for the MS-Windows 

operating system. However, the cross platform compiling ability of the RAD Studio means 

that the program can easily be re-compiled for Apple, Android, or Linux systems.   
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Figure 8-6: DSS logical flow chart 

The necessary data were collected from different sources, namely: (1) the BoM website 

through the service “MetEye”, able to provide air temperature forecasts for any location in 

Australia; (2) the latest VPS data, retrieved from a file attached to an email sent routinely 

ona daily basis; and (3) the annual Mn sampling data, which are manually entered by the 

WTP operators after the sampling has been conducted, following the GUI warning of an 

upcoming turnover.  

8.4 Model results 

8.4.1 Hinze dam lower intake  

The HLI model (that is, the model applied for Advancetown Lake, lower intake) was first 

validated by dividing the historical dataset and predicting an independent test set of data, 

namely the critical 2012 winter lake turnover event. As shown in Bertone et al. (2014), the 

model yielded R2=0.74 in forecasting Mnsol,ep(t+7)  for the validation set, and was able to 

predict all the main features of the winter peak events (e.g. beginning and end of the peak, 

presence of multiple peaks, peak concentrations), thus showing flexibility in presence of 

unexpected events (i.e. for instance the presence of multiple peaks). 
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From 2013, the model was applied in real-time using newly collected VPS data and 

forecasted air temperature. The results for the 2013 and 2014 winter turnovers 

predictions are illustrated in Figs. 7a and 7b. The bars below the figures represent the 

value of the performance index T, with green representing T(t)=1 (i.e. correct warning or 

no warning) and red representing T(t)=0 (i.e. false warning or no warning). 

 

Figure 8-7: Mn model real-time application results for HLI, 2013 (a) and 2014 
(b) 

It can be noticed how, despite the use of air temperature forecasts, the beginning of the 

full circulation event leading to the main Mn peak was well predicted in both years, with 

predicted sharp increases leading to the main peaks matching the real sharp increases. For 

the validation shown in Figure 8-7, the peak Mn concentration was predicted 4-5 days 

earlier than the actual peak; however, historical Mn data were collected on a weekly basis, 

therefore discrepancies in the predictions of less than seven days should not be 

considered solely a model error. The increased frequency (2-3 days) of the winter Mn 

samplings since 2013 will enable an increased performance and understanding of higher-

frequency Mn variations in Advancetown Lake. The coefficient of determination R2 was 

0.58 and 0.62 for winter 2013 and 2014, respectively. Considering the full year, with the 

constantly low Mn concentrations during the stratification season, R2 increases to 0.76 for 

2014.  

The main peak event concentration was accurately predicted in 2013, while in 2014 was 

underestimated by approximately 0.05 mg/L or 20%. This was due to the very high 

concentration recorded in 2014, consequently leading to a model extrapolation (i.e. 

prediction of values outside the boundaries recorded in the historical data used to create 

the model). There is also a limitation related to the available Mn data in the historical 
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dataset, which was only collected to a depth of 24 m (i.e., less than half of the maximum 

depth of the dam at its full capacity). As mentioned above, in 2013 and 2014, full-water 

column Mn samplings have been performed over winter: the inclusion of these full-depth 

data will assist in recalibrating Model Part 3, thereby ensuring that model accuracy further 

improves.  

It can be noticed from Figure 8-7 how early high Mn concentrations were recorded for 

both winters, leading to incorrect operational predictions (i.e. red bars) in the pre-

turnover period. This phenomenon, which was never recorded in the historical dataset, 

could be due to a change in the lake characteristics after the recent upgrade. Future 

studies will analyse these events and possible causes (e.g. internal waves) in order to 

understand if enough data and forecasting potential are available for incorporating these 

concentration predictions in the model. However the main peaks related to the turnover 

were correctly forecasted. Additionally, the model provided correct early warnings for the 

beginning of the full circulation, which is of high relevance for the treatment operators, 

since other important physical and biogeochemical lake parameters for treatment are 

subjected to sudden and drastic changes during this period of instability.  

Analysis of Model Part 1 showed how, despite the use of slightly inaccurate air 

temperature forecasts, the onset of the lake circulation was correctly predicted for both 

years. This reinforces the authors’ view that in some cases a less complex data-driven 

model for n days-ahead predictions can be preferable to more complex and resource 

intensive physical models.  

8.4.2 Hinze dam upper intake and Little Nerang dam  

In Figure 8, the performance of the model built for HUI has been assessed over the 2014 winter 

turnover event (i.e. where reliable data was available). 

It can be seen that the magnitude of the main Mn peak event was accurately predicted: this 

resulted to be an important achievement of the model, since such a high peak 

concentration was not present in the historical database and thus the model, unlike for 

HLI, proved to be effective in extrapolating results outside the boundaries of the training 

dataset. This might imply that Model Part 3 working with Julian day of turnover as input is 

more flexible than Model Part 3 working with hypolimnetic Mn as input (as for HLI). 

 

 

 



Chapter 8  – DSS development 

 
181 

 

 

Figure 8-8: | Mn model application results for HUI, winter 2014 (note: some 
missing Mn sampling data) 

However, some inaccuracy related to Model Part 1 resulted in a delayed prediction of such 

a peak. Moreover, as for HLI, an early peak not due to the full lake circulation could not be 

forecasted with the present historical dataset. There is also a 3-week period of missing or 

unreliable sampling data in June where it was not possible to assess the performance and 

provides a partial justification for a limited performance during the pre-turnover period. 

As for HLI, a better understanding of other phenomena such as internal waves, as well as 

higher-frequency full water column Mn samplings, could explain these concentrations and 

might be implemented in an updated model, if a reliable seven-day forecast of any new 

predictors could be achieved. 

In Figs. 9a and 9b, the LND model was validated for winter 2011 and 2012. There was not 

enough reliable data available to validate the model at this site for the winter season of 

2013 and 2014.  

The timing of the lake circulation was well predicted for LND in 2011 (Figure 9a), 

especially for the first main Mn event (even though two peaks were predicted rather than 

only one higher peak). High concentrations, though, persisted for a few weeks despite the 

end of the circulation. Overall, the model performed with reasonably good accuracy 

(R2=0.65). 
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Figure 8-9: Mn model results for Little Nerang dam, 2011 (a) and 2012 (b) 

In 2012, two of the three main peaks (i.e. the ones related to the full circulation) were 

accurately predicted (Figure 9b), even though the second one was delayed, due to a delay 

in the water temperature predictions compared to real values. This might be due to lower 

air temperatures in LND compared to the Gold Coast Seaway (where historical data was 

available and used to build the model, about 25 km away from the dam); building up a 

historical set of air temperature data for LND measured by the weather station of the VPS 

will enable future recalibration of Model Part 1 without the need to rely on currently 

applied historical correlations. The first Mn peak, which was not directly associated with 

typical lake destratification processes, might be caused by similar phenomena described 

above for Hinze dam; future work will be conducted to better understand the causes of 

these rarely occurring spikes in manganese.  

Overall, for the model applied at HUI and LND, it was noticed how Model Part 1 (water 

temperature differential prediction) yielded the highest prediction errors when compared 

to Model Parts 2 and 3; this is due to the fact the HUI and LND are shallower locations and 

thus more unstable and more easily affected by other mixing phenomena. Again, future 

studies will help in improving these secondary models by evaluating the possibility to 

incorporate other inputs (such as wind or rain) in the model structure. Moreover, the 

installation of VPS is also enabling the creation of extensive repositories of air 

temperature data, which will likely increase Model Part 1 performance.   



Chapter 8  – DSS development 

 
183 

8.4.3 Models performance summary and discussion 

Table 8-2 provides a summary of the model performance when compared to the validation 

datasets. For HLI, high coefficients of determination were achieved for both the real-time 

validation sets, using air temperature forecasts. The performance for the historical 

validation set (i.e. with measured air temperature data) was assessed in Bertone et al. 

(2014) to be R2=0.74. A higher statistical performance was reached in 2014 (R2=0.76), 

however a higher number of correct warnings/no warnings (83% verse 71%) was 

achieved in 2013. For HUI, the performance was lower, due to prediction issues previously 

highlighted. Nevertheless, although the model achieved a performance of only R2=0.43 for 

HUI, it was able to provide correct warnings for 79% of the days in 2014. For the LND 

model, coefficient of determination values for 2011 (R2=0.65) and 2012 (R2=0.47) were 

acceptable but required improvement. Furthermore, the percentage of correct warnings 

and no warnings was high (i.e. 79% for 2011 and 88% for 2012). It must be remembered 

that the HUI and LND models were built using only historical weekly sampling data, and 

the recent installation of the VPS, which is capable of collecting data every hour along with 

winter full water column Mn samplings, will enable the construction of more accurate 

models for these locations in the future. It is expected that by addressing the above-

mentioned limitations through future model refinements, higher prediction accuracy 

values (e.g. R2>0.8 and 90% correct Mn threshold warnings) could reasonably be achieved. 

Table 8-2 Mn models performance quantification 

Validation period and site R2 T% 

HUI 2014  (May-Aug) 0.43 79% 

HLI 2013   (Jan-Sept) 0.58 83% 

HLI 2014   (Jan-Sept) 0.76 71% 

LND 2011 (Jan-Nov) 0.65 79% 

LND 2012 (Jan-Nov) 0.47 88% 

 

8.5 DSS deployment 

The GUI application, i.e. the final output of the whole DSS, generates an image that 

resembles an idealised cross section of the dam. The application utilises RAD Studio’s 

various shape and drawing functions to generate the image. These drawing commands in 

turn (when compiled to an MS-Windows system) encapsulate the MS-Windows Graphics 
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Device Interface (GDI) functions. The drawn image fully resizes to any user-selected size, 

with text and images appropriately scaling for the current image size. The image can be 

copied to the clipboard for pasting into other applications, and can be saved to a file in 

various user selected graphic formats (such as bitmap, JPG, GIF, and PNG). An example of 

the GUI output is provided in Figure 10.  

 

 

Figure 8-10: GUI for Mn prediction model for HLI 

This GUI image displays the (brown) earth dam base, the (grey) concrete dam wall, with 

the varying height (blue) dam water level. The dam wall (grey) image gives the location of 

the available water collection gates, with the active gate marked in green. The numerical 

depth of each gate, along with the water temperature at each respective gate, is also 

displayed. The future seven-day predicted Mn concentrations are displayed as both 

numerical values, and as coloured arrow bars, on the image. The colours represent Mn 

concentration levels and what decision threshold range they belong to as described below: 

 Mn at acceptable level < 0.02 mg/L (green): Mn concentrations occur below this 

level for most days for HLI except during an approximate 4-6 week period related 

to the winter turnover event. WTP operators can use normal mandatory pre-filter 

chlorination levels during these periods. 

 Mn at a warning level between 0.02 – 0.18 mg/L (yellow): Mn concentrations will 

fall into this range during the winter lake turnover event. Mn concentrations 

exceeding 0.02 mg/L in the raw water are aesthetically displeasing to customers 
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and WTP operators will need to increase pre-filter chlorination of raw water when 

in this range. 

 Mn at a critical level > 0.18 mg/L (red): when soluble Mn concentrations exceed 

this threshold WTP operators may need to dose using potassium permanganate to 

guarantee a minimum soluble Mn residual in the treated water.  

The developed application utilises the mathematical formulas implemented by the model, 

to calculate the future Mn concentrations of the dam and display them in the GUI. The 

formulas require the current VPS data, the predicted weather data and one Mn sampling 

data to be performed before the winter lake turnover (Figure 8-6). The lake level is also 

retrieved from both the VPS and from the Seqwater website.  

By selecting the ‘update prediction’ button (or alternatively a menu option) a new window 

opens to allow for the acquisition of this data. The VPS data is automatically downloaded 

from a private Seqwater Internet location, as a Comma Separated Value (CSV) file. The 

comma-separated values are then loaded into the application, and stored in data arrays. 

The Hinze Dam data is collected from the public Seqwater dam operations web page. The 

particular web page is loaded, and displayed, in the window. The web page is then scanned 

for the data, which is then extracted and stored as variables in the application. The 

weather forecast data is obtained from the Australian Bureau of Meteorology (BoM) public 

weather forecasts web page. Similarly, the web page is loaded, displayed, and then 

searched for forecasted temperatures. The minimum and maximum forecasted 

temperatures for the next seven days is then extracted and stored to variables. 

Subsequently, the averaged air temperature for the following week is computed based on 

the collected data. Similarly, the ΔTw(t) variable is calculated based on the water 

temperatures collected from the VPS data, which are sent by email on a daily basis to a 

dedicated email address. The pre-processed inputs are supplied to the Mn model, which 

computes the updated Mn predictions displayed by the GUI. Even though this procedure 

can be manually done through the simple use of the “update prediction” button, 

predictions are automatically updated every day.  

8.6 Conclusions 

The need for a better understanding and control of the Mn cycle in drinking water 

reservoirs led to the development of a VPS-based DSS for Mn prediction in a number of 

SEQ reservoirs. 

For the main location of this study (HLI), VPS data and BoM air temperature forecasts 

were the main inputs for a soluble Mn prediction model that yielded high real-time 
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accuracy in predicting epilimnetic Mn peak concentrations in 2013 and 2014, as well as 

the timing of the full turnover events. The model was linked to a data acquisition/pre-

processing code, able to automatically provide the required inputs. Additionally, the model 

outputs are given to a GUI, which can be accessed in real-time by the WTP operators. The 

successful development and implementation of such a DSS enabled Seqwater to achieve 

substantial monetary savings by dramatically reducing the amount of weekly manual lake 

samplings and related laboratory analysis (i.e. approximately 75% reduction in samples 

taken). Furthermore, by knowing one week in advance the Mn concentrations, WTP 

operators can better prepare treatment solutions for incoming raw water with elevated 

Mn concentrations (e.g. additional chlorine and potassium permanganate dosing).  

Two other preliminary Mn prediction models were also developed for other close 

locations (HUI and LND). The model reached acceptable accuracy, but since VPS were only 

recently installed, a model recalibration (with expected improvement in performance) 

needs to be performed when a sufficient data repository of VPS data (e.g. at least three 

years) is available. Once the model has been finalised for these two locations, a DSS and 

associated GUI can be rapidly created using the same architecture designed for HLI. 

Despite the acceptable accuracy reached, further research is recommended in order to 

improve the model performance. In particular, full water column Mn samplings, which are 

now collected every winter with a high frequency, will allow a more statistically rigorous 

understanding of relevant parameter correlations related to the Mn mixing process. Also, 

experimental field studies could help in explaining high Mn concentrations in the 

epilimnion despite the presence of a weak thermal stratification.  

Although the model was specifically developed for two particular reservoirs, it is 

conceived that the developed research method could be adapted to any warm monomictic 

reservoirs for the short-term prediction of Mn or even other related parameters (e.g. iron).  

Acknowledgements 

Griffith University and Seqwater are acknowledged for the technical and financial support 

required to complete this collaborative project. The authors would like to thank Seqwater 

operators for participating in the DSS development. 

Author contributions 

The author Edoardo Bertone conducted the collection and analysis of the data, designed 

the conceptual prediction model, validated the model at multiple locations, and engaged 

the WTP operators in designing the DSS. Assoc. Prof. Rodney A. Stewart and Assoc. Prof.  



Chapter 8  – DSS development 

 
187 

Hong Zhang helped throughout the model conceptualisation process, reviewed the results 

and edited the papers. Dr. Michael Bartkow helped in obtaining permission for data 

collection and in engaging the WTP operators, and he edited the paper. Mr. Charles Hacker 

developed the GUI for HLI, and wrote the related paragraph of the paper. 

 



 



Chapter 9  – Conclusions, contributions and implications 

 
189 

CHAPTER 9 

Conclusions, contributions and 

implications 

 

 

9.1 Chapter overview 

In this chapter, the main goals, outcomes, benefits and limitations of the current research 

study are described. In Section 9.2, the main objectives of the PhD study are reiterated; 

subsequently, the research findings are summarised for the individual areas of research 

focus, namely: (1) the understanding of the mixing processes and Mn cycle in 

Advancetown Lake; (2) the creation of a Mn forecasting model; and (3) the development 

and deployment of a DSS. Section 9.3 details the contribution of this study to the existing 

body of knowledge in limnology and environmental modelling, as well as the practical 

benefits for water treatment management. Section 9.4 provides a synthesis of the research 

limitations, and as a consequence Section 9.5 offers suggestions for future extensions to 

the current research work. Section 9.6 is the closure of this final chapter, thus ending the 

whole PhD thesis. 

9.2 Research objectives and outcomes 

9.2.1 Overarching goal of PhD study 

The main goal of this PhD project was to derive a robust model that could provide a one-

week ahead forecast of Mn concentrations in subtropical water reservoirs using only 

available data sources that could be collected remotely 

Concerns from Seqwater WTP operators (and other bulk water entities) of incidences of 

very high soluble Mn concentrations causing taste, odour and discoloration of potable 

water distributed to customers was a key motivator of this study. Soluble Mn 
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concentrations are removed by oxidation with the addition of potassium permanganate 

(rarely, for very high Mn levels), or more commonly sodium hypochlorite, which needs to 

be dosed a few days in advance to take advantage of its full removal potential. As a 

consequence, predicting Mn concentrations up to one week in advance would potentially 

enable the WTP operators to undertake a safer and more proactive water treatment. 

Additionally, expensive lake Mn samplings could be avoided.  

Previous research over the past decades has established the relationships between Mn 

concentrations in lakes and the other physical or biogeochemical lake parameters. Most of 

them (pH, water temperature, ORP, DO) are measured in real-time by VPS, installed in the 

lake where the study was to be conducted (i.e. Advancetown Lake). The opportunity to 

harness the Mn-predicting capabilities of these correlated variables available from the 

VPS, meant that there may be the potential to significantly reduce the costly and resource 

intensive Mn testing program that was undertaken in reservoirs during the past decades. 

As a consequence, there was the strong potential for the development of a robust Mn 

forecasting model that could be remotely and autonomously updated in near real-time; 

hence, the current research was initiated.  

Based on the above rationale, the PhD goal was to develop a VPS-based Mn forecasting 

tool for Advancetown Lake, Australia. However, in order to achieve this overall goal, a 

series of logical research objectives and associated tasks needed to be crafted. The first 

activities to be undertaken were historical data collection and analysis; hence, the first 

objectives were related to the results of the data analysis process. Interestingly, they could 

be synthetised with the achievement of a good degree of understanding of the Mn cycle in 

Advancetown Lake, as well as the mixing phenomena, which were suspected to highly 

affect the Mn cycle in such a lake. On the other hand, once the Mn prediction model was 

completed, the last objective of the research was to encapsulate such a model into a DSS, 

which was automatically fed by the VPS and provided with a GUI displaying the forecast, in 

real-time at the WTP located at Molendinar, Queensland, Australia.  

Essentially, the main three objectives of the PhD research were: 

 Analysis and understanding of the Mn cycle and mixing processes in Advancetown 

Lake; 

 Conceptualisation and development of a one-week ahead Mn forecasting model; 

and 

 Development and implementation of a VPS-based DSS for improved Mn treatment 

management at Molendinar WTP. 
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By achieving the above three objectives, the traditional lake Mn samplings, and 

subsequent laboratory analyses, could be significantly reduced or even stopped. By using 

the automatically collected VPS data, the WTP operators could have access to reliable Mn 

forecasts for the upcoming week. This capacity has the added benefit of enabling a better-

planned management of high Mn concentrations entering the WTP, as the model allows a 

large time window for the operators to better estimate the correct timing and amount of 

chlorine dosing and even potassium permanganate in extreme Mn concentration cases.  

9.2.2 Mixing processes and Mn cycle in Advancetown Lake 

The first critical stage of the project was to identify the main lake processes affecting the 

Mn cycle and, as a consequence, the best input candidates for a Mn forecasting model.  The 

results of this arduous data collection, review and analysis stage were useful for the WTP 

operators and other Seqwater stakeholders as it enabled them to obtain a more 

comprehensive knowledge of the important processes occurring in Advancetown Lake. In 

Chapter 4, the methodology and results of the analysis of the mixing processes were 

discussed, while in Chapter 5 the focus was on the Mn cycle. 

The study proved how, prior to the recent (2011) upgrade, Advancetown Lake could have 

been classified as warm monomictic (i.e. fully circulating once per year during winter). 

After the upgrade, the increased stability implied that more work was required to break 

down the thermal stratification. Thus, when the air temperature stays above average 

consistently for a long period of time (as occurred in winter 2013 when the average 

June/July air temperature was 2°C above average) and the lake is near capacity (i.e. high 

volume) it is likely that only a partial lake mixing will occur. 

Whether full or partial, these circulation events strongly affect the cycle of nutrients, such 

as Mn. Further, the study showed that, during the stratification season, the epilimnion 

usually presents limited quantities of soluble Mn because of the high DO and pH levels. 

However, the lake turnover events also dramatically increased the soluble Mn 

concentrations near the surface.  

Because of the low nutrient concentrations detected in the epilimnion during most of the 

year, the cost of treating the water drawn from this layer was much lower than for the 

nutrient-rich deeper waters. This outcome was one of the compelling reasons that 

resulted in the operators typically taking the water from a near-surface level, all year 

round. As a consequence, the research focused on predicting the soluble Mn concentration 

in the superficial layer ranging from 0 to 6 meters depth. The critical feature expected by 

such a model was the ability to forecast peak Mn concentrations during winter circulation 

events.  
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Interestingly, although pH, ORP and DO proved to be important for estimating Mn 

concentrations in the hypolimnion, Mn in the epilimnion was mostly related to the mixing 

phenomena, and a strong nonlinear correlation was detected between Mn in the 

epilimnion and the water temperature differential ΔTw. The temperature differential was 

affected by vertical mixing, due mainly to the diffusion processes. A one-dimensional 

model was developed in order to calculate the vertical diffusivities coefficients. ΔTw was 

found to be slightly lowered by the partial mixing events during rainy summer days, but 

would only reduce to near zero only during winter circulation. Importantly, despite 

slightly affecting the level of stratification, rain and wind proved to have a limited effect in 

bringing critical Mn concentrations in the epilimnion at the lakes studied in this PhD; this 

is thought to be due to the presence of a buffer layer between the thermocline and 

hypolimnetic layers with high Mn levels. Thus, even if wind or rain-induced mixings in the 

upper layer occur, and the thermocline is pushed down, it will hardly reach layers with 

high Mn loads. Beneficially, a high correlation with lagged (7 days) air temperature was 

detected; a hysteresis loop was noticed due to the different specific heats of the water and 

air. Because of the acceptable accuracy of the air temperature forecasts, it was decided to 

use them to predict ΔTw, and, in turn, soluble Mn in the epilimnion, based on the forecasted 

ΔTw.  

9.2.3 Mn prediction model for Advancetown Lake 

The development of an accurate model able to forecast soluble Mn concentrations in the 

upper layer of Advancetown Lake was the core activity of this research project. Chapter 6 

describes in detail the background, methodology and results obtained by the created 

model. A part of Chapter 8 also discusses the latest prediction results (2013-2014), and 

the extension to two other case studies.  

As discussed in Chapters 4 and 5, ΔTw was deemed to be the main, and most important, 

input candidate to predict Mn in the epilimnion, due to the high nonlinear (hyperbolic) 

correlation detected. However, the study also required Mn to be predicted in the 

epilimnion 7 days in advance, and the high correlation existed only for unlagged variables 

(that is, both Mn and ΔTw at time t=0). Interestingly, ΔTw was found to have much better 

lagged predictors (e.g. air temperature) than Mn; hence, it was decided to firstly forecast 

the input candidate (i.e. ΔTw), and then to develop a second sub-model fed with the 

forecasted input in order to yield the final forecasts of Mn. This novel approach (i.e. using 

input forecasts to improve final accuracy) was later generalised to other similar 

environmental forecasting problems, with the theoretical aspects explained in Chapter 7. 

An algorithm was developed which enabled the automatic detection of the best inputs and, 

if necessary, provided forecasts for some of them in order to yield the highest accuracy. 
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The algorithm was applied for another application to demonstrate the usefulness of the 

novel method developed (i.e. 7-days ahead DO prediction in the hypolimnion of 

Advancetown Lake).  

The first part of the model was able to use air temperature forecasts to predict ΔTw(t+7), 

using a nonlinear seasonal model. The model accounted for different specific heats for air 

and water by using various coefficients for different seasons. For the real-time validation 

of the model for data from years 2013 and 2014, the accuracy was significant, with in 

particular a timely prediction of the onset of the circulation events even when using the 

forecasted values. Importantly, as described in Chapter 6, the model outperformed ANN, 

as the error variability in the ANN outputs was much higher and therefore increasing 

through the following model parts. Similarly, a regression tree model was developed and 

also underperformed the developed algorithm, since the model outputs time series 

presented a number of upwards or downwards sudden steps, consequence of a changed 

condition and thus different branch selection in the tree.  

The second part of the model used the predicted ΔTw(t+7) to estimate Mn(t+7) in the 

epilimnion through a nonlinear, hyperbolic correlation, which was adjusted by a peak 

concentration correction factor calculated by an independent model module. Firstly, the 

performance was verified on a validation set, with the model able to predict the main Mn 

spikes during winter 2012 with a R2 of 0.74. The timing and magnitude of the peaks were 

accurately predicted, as well as the atypical presence of multiple events.  

The model was implemented for real-time predictions from 2013. In addition to the 

uncertainty related to the use of air temperature forecasts, there was concern about 

possible deviations from the lake’s historical mixing behaviour, due to the fact that, for the 

first time, a new, full capacity was reached in summer 2013. However, the model still 

performed reasonably well, with a R2 of 0.58 and the features of the main winter peak 

accurately predicted. In 2014, a R2 of 0.62 was recorded for the winter period only 

(increasing to 0.76 by also including Mn predictions made during the less variable 

stratification season), even though the real Mn peak was higher and slightly longer than 

predicted. With future expansions to the Mn predictor database post dam-upgrade, future 

model recalibrations were expected to improve the model performance. 

Two similar models were developed for the upper intake of Advancetown Lake and for 

Little Nerang dam. The models were based on weekly samplings, as the VPSs were 

installed only in 2014. The performance was expected to increase when enough historical 

VPS data are available for recalibration. The developed preliminary models (especially the 

one for Little Nerang dam), however, managed to predict, with reasonable accuracy, the 
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winter peak events in the validation sets. On an average, the two models resulted in more 

than 80% of the correct warnings, where a correct warning is intended as a prediction to 

correctly estimate above or below the critical threshold (i.e. 0.02 mg/L). For the main 

model (Advancetown Lake lower intake), the percentage was 83% for 2013, with a drop to 

71% in 2014, mainly due to the underestimation of the winter peak.   

Overall, the performance achieved by the Mn model was adequate. The onset of the 

turnover events, as well as the Mn peak concentrations near the active gates of the intake 

tower could be reliably forecasted. Importantly, the model was based only on data (water 

temperature collected by the VPS and air temperature forecasts from the BoM website) 

that did not need to be manually collected and analysed in a laboratory. Thus the created 

model significantly reduced the requirement for Mn samplings, which was a core 

requirement of the industry partner to this research.  

9.2.4 DSS development and implementation 

The final study objective was focused on delivering practical and useful outcomes for the 

industry partner from the completed research. Specifically, this objective sought to 

develop a user-friendly DSS that incorporated the Mn forecasting model, which was linked 

to a GUI accessed through screens located at the WTP. The conceptualisation of the DSS 

and the associated GUI is discussed in Chapter 8. 

Regarding the data collection part, meetings with IT and technical staff from Seqwater 

were held to assess the most effective way to transfer VPS data to the model. It was 

decided that a daily email was to be sent to a specific email address with the latest VPS 

data. BoM forecasts were easily accessible from the BoM website. Weather forecasts for 

Advancetown were available through the BoM service “MetEye”, which provides down 

scaled weather forecasts for any location in Australia.  

The data preprocessing code extracts the raw data from the VPS and BoM website (e.g. 

water temperature at different depths, maximum and minimum daily air temperature 

forecasts) and calculates the required input variables for the Mn model (i.e. ΔTw and 

average air temperature for the upcoming week). The inputs were given directly to the 

model, which applied another set of analytical code following the data preprocessing one.  

The final output of the DSS was a GUI, with Mn forecasts constantly updated and displayed 

in near real-time at the WTP. The GUI screen layout was decided upon in collaboration 

with the WTP operators and stakeholders who provided suggestions and feedback for the 

creation of the most useful GUI, from an operational perspective. As a result of these 

stakeholder meetings, it was decided to collect and display further important information, 
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such as water level, water temperature at the different gates of the intake tower, and 

heights/depths of the gates. The image displayed by the GUI consisted of the dam wall 

(grey), the earth dam base (brown), and the changing water level (blue). The forecasted 

Mn values are shown in the epilimnion of the lake, with a green colour if the predicted 

level is below 0.02 mg/L, yellow if it is between 0.02 mg/L and 0.18mg/L, and red for 

higher concentrations. Overall, this final stage of the project ensured that research 

findings were relayed to WTP operators through a user-friendly GUI. The successful 

implementation of the DSS implied the achievement of all the main objectives of this 

research project and fulfilment of promised operational benefits for the industry partner 

Seqwater. 

9.3 Study contributions 

9.3.1 Contributions to existing body of knowledge 

Analysing and understanding the cycle of chemical elements, such as Mn in a lake, is a 

difficult task and, to date, past research is limited to the study of the relationships between 

Mn and single parameters, such as pH, DO or ORP. Most of these studies focused on the 

production and diffusion of soluble Mn, which occurs in the bottom sediments and in the 

hypolimnion, but they did not pay attention to Mn in the top layer. From an operational 

point of view, in dammed warm monomictic lakes equipped with a multiple-gates intake 

tower, this information is the most relevant as the water is typically drawn just below the 

surface. The created Mn model is operationally more useful than Johnson et al.’s (1991) 

model, where a system of equations was used to model Mn oxidation, flux from sediments, 

diffusion and so forth. However, the mixing that occurred during the lake turnover was not 

considered. Moreover, the model needed a number of mathematical variables that had to 

be calibrated for each lake. On the other hand, the Mn model developed in this study was 

able to predict Mn concentrations in the top layer of the lake all the year round using 

readily available data from existing VPS fleets, especially during the winter circulation. 

Even though the model needs to be recalibrated before being applied to other lakes, it 

relies mainly on water temperature only, and it does not need any constant to be 

determined. Additionally, soluble Mn concentrations can be forecasted one week in 

advance. To the author’s knowledge, no such forecasting model, with a 7-day prediction 

horizon, was developed in the past that could reliably predict Mn or other similar chemical 

lake parameters. This achievement was enabled by an accurate analysis of the mixing 

processes and Mn cycle for the research locations, and detection of the key input variables. 

Those mentioned analyses, separately published in 2 journal papers, also provide new 

insights into certain processes occurring in relatively deep warm monomictic lakes. For 

instance, it was noticed that a buffer layer existed between the thermocline and the lower 
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layers having high Mn concentrations, thus limiting the effect of extreme rain or wind 

events in increasing the level of epilimnetic Mn concentrations. Also, it was noticed that 

during the 2014 winter turnover event, the elevated epilimnetic Mn load during this 

mixing period was exactly the sum of the typical total stratification production and the 

residual Mn leftover from the 2013 partial turnover. What this finding implies is that lakes 

which only partially turnover for some years and then fully turnover in a colder winter 

season will have super spikes in epilimnetic Mn due to the aggregated hypolimnion 

concentration build-up that has occurred. Lastly, a developed one-dimensional model was 

able to calculate vertical velocities and diffusivities based on temperature and 

conductivity data measured by the VPS, and this model showed that diffusion is 

dramatically more important than advection in inducing mixing in Advancetown Lake. All 

these secondary findings are of interest to limnologist and enhance current knowledge of 

mixing and Mn dynamics in relatively deep warm monomictic lakes. 

From a modelling perspective, requiring a forecasting horizon as long as 7 days was a 

challenging task for such a chemical element. Most of the prediction models reported in 

the literature are numerical models for either understanding the relative importance of 

different processes or for long-term climate change studies. Data-driven models have been 

applied too, and few of them have tried to predict environmental variables n time steps 

ahead. However, the multiple inputs used were based on current or past values recorded 

for such variables; this is a limitation for problems such as Mn forecasting, where current 

or past input values would not be able to explain future Mn concentrations. In this study, a 

novel approach was used, consisting of identifying the key-inputs and forecasting them, in 

turn, in case there was no correlation with the lagged input time series. Specifically, ΔTw 

was the best input and, thus, it was forecasted one week ahead as well. Despite being a 

specific approach for this study, and provided that it was necessary to identify the inputs 

with the potential to be predicted, this novel modelling approach can be generalised for 

any kind of forecasting problem, as explained in Chapter 7.  

In recent decades, the number and size of available databases collected and made 

available has exponentially increased in a range of research fields; however, the cost-

benefit of collecting such ‘big data’ needs careful consideration. The need for developing 

models and techniques to effectively exploit those databases is also growing.  The 

developed technique to perform a 7-days ahead Mn prediction is novel and has not been 

attempted before. Moreover, the innovative recursive input-output forecasting algorithm 

described in Chapter 7 overcomes many of the difficulties often encountered when 

applying traditional modelling techniques. As already mentioned, the herein described 

data-driven modelling method and its various analytical components are adaptable to 



Chapter 9  – Conclusions, contributions and implications 

 
197 

other environmental parameters, and it may result in higher statistical reliability for 

predictions than: (1) process-based models wherever the available data is limited and (2) 

other data-driven techniques in case a short to medium term prediction is required. 

Undoubtedly, the developed modelling approach is pioneering for short-term water 

quality forecasting problems, and should be considered by other researchers addressing 

similar problems. 

9.3.2 Implications for water treatment management 

From an operational perspective, the developed DSS proved to be a useful tool for WTP 

managers and operators.  

Firstly, the Mn forecasting model was predominately based on water temperature data at 

different depths of the water column, remotely collected by the VPS, and on weather 

forecasts collected from the BoM website. The introduction of the model at Seqwater 

(industry partner) has resulted in a significant reduction (75% reduction) in manual lake 

samplings and an associated substantial saving in sampling and laboratory analyses costs 

(i.e. approx. AUD$40,000 per annum per sampling site). Widespread application of the 

model to other lakes having existing lake diagnostic systems governed by Seqwater and 

other bulk water utilities nationally and internationally could result a significant reduction 

in the requirement for costly and resource intensive samplings. 

Secondly, the prediction horizon (i.e. 7 days) provides the operators and decision-makers 

with a much longer window of time for assessment and intervention, as well as a more 

effective use of the pre-filter chlorination, which ideally should begin few (e.g. 2-3) days 

before the Mn actually reaches the WTP. This, along with a clearly understandable GUI, 

displayed with real-time updates in screens located at the WTP, enhanced the proactivity 

of Mn treatment management with better dosing of sodium hypochlorite and potassium 

permanganate and, in turn, safer water delivered to the consumers.  

Moreover, since the model relies mainly on the VPS or other lake diagnostic system data, it 

enhances the value proposition of existing and new field monitoring infrastructure by 

making them more intelligent and useful tools for predicting/forecasting water quality 

parameters that cannot be directly measured, such as Mn or diffusivities (as explained in 

Chapter 4). 

Despite being limited to Mn prediction, there is the potential for the application of such a 

modelling approach to forecast other parameters of possible concern (e.g. iron or colour). 

Moreover, for WTPs such as Mudgeeraba, which receives water from two sources (namely 

LND and HUI), such a DSS can be expanded and include an optimisation component that is 
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able to predict the ideal raw water source blend from the different lake offtake towers 

(and depths) in order to minimise the cost for water treatment. Such an endeavour will be 

undertaken by the researcher in postdoctoral studies. 

9.4 Research limitations 

The limitations of this study include the following: 

 The model has been successfully applied for a subtropical, medium-sized, and 

fairly deep reservoir; the main mixing events are recorded during winter and, 

typically, only one, full destratification occurs every year. Other reservoirs in the 

same region (e.g. smaller and shallower) could present different mixing 

phenomena (e.g. during high summer inflow events, or wind-induced internal 

waves). In those cases, even though a prediction could be still possible using the 

current model, it is expected that its statistical performance would reduce, as well 

as the prediction horizon, due to the difficulty in having reliable forecasts for the 

additionally required input parameters (e.g. required wind or rain forecasts 7 days 

in the future). Likewise, other lakes in other parts of the world (such as dimictic or 

meromictic lakes) will present different issues. They will need a completely new 

assessment.  

 The main benefit of such a model is the dependence on VPS data only; where the 

model is to be applied to another similar reservoir, if a VPS, or similar real-time 

remote sensing devices are not installed, then manual samplings will be still 

necessary (e.g. estimating water temperature or other model inputs) and, thus, the 

economic benefits will be limited. Also, a VPS provides a high-frequency historical 

database that sets the foundation for model calibration. Without a reliable and 

extensive historical data repository, it would be difficult to fully understand the 

lake processes and the performance would be limited (e.g. see the HUI and LND 

model, initially calibrated on weekly manual samplings, and with a lower 

performance than the main HLI VPS-based model). 

 The model was able to identify the main peak events with good accuracy, but there 

was no doubt that other mixing phenomena (e.g. internal waves) could not be 

interpreted by the model. This is due to the inability to forecast such secondary 

phenomena 7 days ahead. Hence, the model must be seen as a good early warning 

system, but could not be relied upon to provide high accurate predictions of Mn for 

all circumstances (e.g. highly unusual season).  

 The model requires routine model recalibrations to maintain its validity into the 

future; this is particularly important as the dam was recently upgraded and a new 

equilibrium still has to be reached. For instance, the benthic layer has changed, 
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with an upper layer of the sediment-water interface that is now in contact with 

anoxic waters for most of the time. It might take a few stratification cycles to 

establish equilibrium with reducing bacteria and, thus, a full production of soluble 

Mn during stratification.  

 Since historical Mn data were limited to the top 24m, it was impossible to gain a 

total understanding of the Mn production/diffusion, and of the full water column 

Mn mixing during winter. Thus the peak concentration estimation is potentially 

inaccurate, despite performing well so far. The full Mn water column samplings 

were taken on a 3-days basis during winter 2013 and 2014. This will be repeated 

for the next few years in order to recalibrate the peak concentration estimation 

model based on more accurate data.  

9.5 Future research directions 

The successful development and deployment of the DSS to forecast Mn has set the 

foundation for future research. This will focus not only in improving the current model, 

but also in extending the novel methodology by developing similar DSS for other 

lakes/parameters. 

9.5.1 Enhancement of the current model 

In relation to the model itself, future research needs to focus on the following activities: 

1. Peak concentration estimation improvement: once enough (i.e. for at least 5/6 

winter circulations) full water column Mn samplings data is collected, a deeper 

analysis of the complete Mn mixing phenomena will be possible. In addition, DO 

could be added to the model to better estimate the post-peak Mn depletion for 

those (few) cases when a full mixing is maintained for several weeks (such as in 

2014). 

2. Prediction of soluble Mn entering the WTP: importantly, the Mn is modelled at the 

reservoir, near the intake tower. The Mn concentration reaching the WTP, after 

more than 10km of exposure to the interior of the ductile iron pipeline is typically 

different to that recorded at the raw water offtake tower. In most cases it is lower, 

but there are some isolated occasions following a heavy summer rain where there 

are higher Mn concentrations at the WTP than the raw water offtake tower. This is 

mostly caused by the high vertical flows in the reservoir translating into high pipe 

flow velocities causing scouring of the metallic and other constituent film that has 

built up on this internal wall. Further research is required to understand the 

factors influencing the difference between the offtake and WTP Mn concentrations 

over this 10km water conveyance. 
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3. Prediction of Mn in the hypolimnion: operationally there might be limited benefits 

from creating such a model. Moreover, it would be challenging to predict many of 

the dependent (e.g. DO, pH or ORP) variables 7 days ahead. Nonetheless, if an 

accurate near real-time model of future Mn concentrations in the hypolimnion 

could be predicted, it would help to forecast peak concentrations in the epilimnion 

without the need of an annual, pre-turnover Mn lake sampling.  

4. Improved understanding of the winter full and partial lake circulation events: more 

study is required to unpack all of the factors influencing the timing and 

characteristics of the winter full and partial lake circulation event. 

5. Improvement of HUI and LND models: A VPS has been installed at the HUI and LND 

locations (i.e. mid to late 2014) providing an expanding repository of water quality 

data at these locations.  Over time, this dataset will be invaluable for improving the 

herein reported model’s prediction reliability as well as for determining the 

factors influencing summer peak events.  

9.5.2 Enhancement of the model generalisability 

In relation to the application of the model methodology to new prediction problems, 

future research should focus on the below three activities: 

1. Modelling the Mn cycle in other similar reservoirs: provided that a VPS or equivalent 

lake diagnostic system is installed and enough data are available, it would be 

possible to adapt the learnings and model created for this study to those 

reservoirs. 

2. Modelling the Mn cycle in different reservoirs: the method proposed in Chapter 7 

can be used for similar forecasting problems related to other reservoirs. However, 

the prediction horizon must be defined by system experts according to the type of 

inputs required. For example, if rain was deemed to be a critical input variable 

then typically a 7-day ahead forecast would not be very reliable, especially 

regarding the mm of rain expected. Thus, in this instance it would potentially be 

better to reduce the forecast horizon to 3 days to maintain a high level of model 

reliability. Rain and wind typically play a more important role in smaller or 

shallower reservoir; as a consequence it would be potentially possible to assign 

different weights to weather input variables (i.e. rain, wind, air temperature), with 

those weights changing according to the storage level (e.g. storage level 100% 

might imply more weight towards air temperature while storage level 20% could 

assign mush higher weights to rain and wind). However, as mentioned before, the 

prediction horizon might have to be reduced; also, wind can cause internal waves, 

which can be measured with only high-frequency instrumentation (higher than 
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VPSs) and thus limiting the benefits of such prediction model as further 

monitoring tools would be required anyway. Likewise, other reservoirs in other 

parts of the world would present different circulation patterns (e.g. dimixis,  

meromixis, etc.). While for dimictic lakes there is potential for the development of 

a similar model, for lakes that never circulate high Mn levels will originate from 

other physical or chemical processes that must be carefully studied and assessed 

on a case by case basis. Nevertheless, the modelling framework proposed in this 

Doctoral thesis can be applied to any reservoir, provided than enough data and an 

understanding of the underlying system is available.  

3. Modelling other lake parameters: most of the nutrients, despite having different 

diffusion/production rates, and being affected by different bacteria or other 

biogeochemical parameters, follows the same seasonal pattern as Mn, with high 

nutrients expected to reach the surface during winter turnover (for warm 

monomictic lakes). Hence, according to the priorities of the WTP, there is potential 

to extend the prediction to other elements not measured by remote water quality 

sensors. Additionally, other parameters, such as turbidity or colour are more 

related to high river inflow events; strong correlations between inflow and 

turbidity/colour were noticed for Hinze dam during the data analysis process. 

Therefore, there is potential for the development of turbidity and colour prediction 

models as well (most likely with a reduction in the prediction horizon), possibly 

linked to rainfall-runoff models. 

4. Extend the model to other water resources forecasting problems: since the modelling 

approach, as mentioned in Chapter 7, can be generalised to any forecasting 

problem, ALMO can be applied to other water resources forecasting problems or 

potentially even in other sectors (e.g. financial). 

9.6 Closure 

A DSS was developed which was able to forecast soluble Mn concentrations up to one 

week in advance in the upper layer of Advancetown Lake and remotely inform WTP 

operators of elevated levels through a GUI. The DSS consists of a data extraction and 

preprocessing code, a Mn prediction model, and a GUI displaying the model outputs. The 

core of the DSS, i.e. the Mn prediction model, is based only on data collected by a VPS and 

weather forecasts. The study was motivated by the potential to reduce lake samplings and 

laboratory analysis, and instigate a more proactive approach to water treatment 

management (i.e. WTP operators informed of spikes in Mn concentrations in advance). 

The PhD project was divided into a number of different activities. Firstly, an analysis of the 

collected data to understand the lake mixing phenomena (Chapter 4) and Mn cycle 



Chapter 9  – Conclusions, contributions and implications 

 
202 

(Chapter 5). Once the best inputs were identified, the Mn model could be built through an 

innovative procedure including input-forecasting (Chapter 6), and then validated. The 

procedure undertaken for building such a model was then generalised in order to be 

applied to any forecasting problem (Chapter 7). Eventually, the GUI and the rest of the DSS 

were developed, as well as two other preliminary models for different locations (Chapter 

8). 

The model was validated in real-time to predict the critical 2013 and 2014 peak Mn 

concentration events. Despite some discrepancies with the measured data, the model 

proved to be a good indicator of both Mn peaks in the epilimnion and the occurrence of 

lake full circulation during winter. The GUI was designed to be user-friendly and 

informative, and also provides further information (e.g. water level or temperature at 

different depths) to assist WTP operators to understand the contextual situation.  

The DSS enabled a substantial reduction in the expensive, time-consuming traditional 

samplings and analyses activities that were traditionally undertaken by Seqwater. 

Moreover, it enabled proactive Mn treatment decision management to be completed by 

WTP operators since they had the necessary warning needed to prepare for the elevated 

sodium hypochlorite or potassium permanganate dosing, which is necessary to oxidise 

and remove soluble Mn from the raw water before being distributed to customers. 

Historically, WTP operators used their tacit knowledge of the reservoir behaviour to make 

predictions of potential incoming Mn spikes to the WTP.  

Future research will explore new avenues for model improvement in the reservoirs 

studied herein and also seek to adapt the model to other sub-tropical drinking water 

reservoirs. For instance, the researcher seeks to explore the utilisation of secondary 

processes (e.g. internal waves) to enhance Mn forecasting accuracy and a better peak 

concentration estimation. Given that VPS technology is being installed in a number of 

reservoirs worldwide, the developed modelling approach has strong potential for 

adaptation and utilisation for a number of other reservoirs and also for a number of other 

chemical parameters (e.g. Fe). 

This PhD project enhanced current understanding of the Mn cycle in lakes or reservoirs. 

Specifically, it has contributed new knowledge to this topic by providing the first reliable 

7-day ahead Mn forecasting model. Likewise, the modelling approach includes a number of 

novel features that could be taken up by other environmental modellers having to deal 

with short-term forecasting problems. Finally, the practical deployment of the outcomes of 

the research enabled costs reductions and enhanced water treatment management at 
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Hinze Dam (operated by Seqwater), which has paved the way for future research and 

further accrual of benefits to the bulk water supply industry.  
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APPENDIX A: DATA STATISTICS 

 

Variable  Depth Mean Variance Skewness Kurtosis BCsample BC JB test 

Lilliefors 

test 

Stationarity 

from ACF 
BDStest 

Mn sol 0 0.0126 2.63E-04 3.2108 13.5197 0.84 0.84 F F NS 
25.4 

Mn sol 3 0.0125 2.48E-04 3.0986 12.7473 0.83 0.83 F F NS 
25.3 

Mn sol 6 0.0126 2.82E-04 3.1947 14.1099 0.79 0.79 F F NS 
26.2 

Mn sol 9 0.0175 4.44E-04 2.3336 7.9852 0.81 0.81 F F NS 
25.6 

Mn sol 12 0.0532 0.005 2.1064 6.9212 0.79 0.79 F F NS 
37.8 

Mn sol 15 0.1013 0.0166 1.8527 6.5696 0.68 0.67 F F NS 
38.9 

Mn sol 18 0.1376 0.0239 1.0916 3.0385 0.72 0.72 F F NS 
47.6 

Mn sol 21 0.1646 0.0326 1.0968 3.166 0.70 0.70 F F NS 
37.4 

Mn sol 24 0.1887 0.0381 1.124 3.4072 0.67 0.66 F F NS 
48.1 

Mn tot 0 0.0317 0.0012 1.9512 6.157 0.78 0.78 F F NS 
58.6 

Mn tot 3 0.0323 0.0012 1.9273 6.1214 0.77 0.77 F F NS 
60.2 
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Mn tot 6 0.0325 0.0012 1.9163 5.9961 0.78 0.78 F F NS 
58.6 

Mn tot 9 0.0426 0.0013 1.2968 3.7589 0.71 0.71 F F NS 
63.3 

Mn tot 12 0.0815 0.0051 1.6587 5.6562 0.66 0.66 F F NS 
66.2 

Mn tot 15 0.1288 0.0133 1.6463 6.0773 0.61 0.61 F F NS 
53.6 

Mn tot 18 0.1667 0.0206 1.0788 3.1985 0.68 0.68 F F NS 
58 

Mn tot 21 0.197 0.0287 1.1723 3.62 0.66 0.66 F F NS 
45.6 

Mn tot 24 0.222 0.0323 1.2075 3.7833 0.65 0.65 F F NS 
49.1 

DO 0 7.6331 1.4268 -0.3023 2.8136 0.39 0.39 F F NS 
12.3 

DO 3 7.6137 1.5188 -0.3069 2.729 0.40 0.40 F F NS 
16.1 

DO 6 6.2462 4.0676 -0.8064 3.4243 0.48 0.48 F F NS 
15.5 

DO 9 3.7364 6.8816 0.055 1.564 0.64 0.64 F F NS 
12.6 

DO 12 3.1308 6.0966 0.2445 1.582 0.67 0.67 F F NS 
15.6 

DO 15 2.6921 5.1008 0.4505 1.7686 0.68 0.68 F F NS 
15.1 

DO 18 2.4288 4.6319 0.5888 1.8395 0.73 0.73 F F NS 
17.4 
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DO 21 2.202 4.7248 0.6743 1.847 0.79 0.79 F F NS 
13.7 

DO 24 2.1312 4.5942 0.7142 1.916 0.79 0.79 F F NS 
16.9 

DO% 0 87.4996 218.2733 -0.7596 2.7469 0.58 0.57 F F NS 
10.9 

DO% 3 87.1196 229.3702 -0.7152 2.6187 0.58 0.58 F F NS 
15.2 

DO% 6 69.6094 481.7593 -0.8449 3.4443 0.50 0.50 F F NS 
15.6 

DO% 9 39.4891 746.0505 0.0399 1.566 0.64 0.64 F F NS 
12.7 

DO% 12 32.5553 650.4301 0.2337 1.5592 0.68 0.68 F F NS 
15.2 

DO% 15 27.7016 532.457 0.4215 1.7162 0.69 0.69 F F NS 
20.5 

DO% 18 24.8808 478.2296 0.5644 1.8016 0.73 0.73 F F NS 
16 

DO% 21 22.3931 486.1381 0.6684 1.8256 0.80 0.79 F F NS 
16.8 

DO% 24 21.6438 472.3732 0.7108 1.9023 0.79 0.79 F F NS 
16.5 

Inflow x 175.6421 3.12E+05 9.6724 123.6955 0.76 0.76 F F S 
13.3 

ORP 0 120.7281 1.49E+04 -0.4696 2.5113 0.49 0.49 F F NS 
17.1 

ORP 3 136.5746 1.44E+04 -0.4843 2.5392 0.49 0.49 F F NS 
19.7 
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ORP 6 155.6576 1.43E+04 -0.4953 2.5482 0.49 0.49 F F NS 
19.9 

ORP 9 149.5994 1.71E+04 -0.3796 2.276 0.50 0.50 F F NS 
19 

ORP 12 131.4393 2.32E+04 -0.4692 2.1794 0.56 0.56 F F NS 
14.8 

ORP 15 124.3366 2.54E+04 -0.4981 2.1763 0.58 0.57 F F NS 
15.8 

ORP 18 126.1741 2.56E+04 -0.5682 2.3311 0.57 0.57 F F NS 
17 

ORP 21 117.9155 2.55E+04 -0.4931 2.3502 0.53 0.53 F F NS 
16.4 

ORP 24 98.3661 2.83E+04 -0.2972 2.0139 0.54 0.54 F F NS 
19.7 

Rad x 18.8365 42.3198 0.1512 2.5271 0.41 0.40 F F NS 
14.8 

Rain x 4.7771 196.7256 6.7439 76.345 0.61 0.61 F F S 
5.4 

Sal 0 5.7283 0.6881 4.8127 50.5289 0.48 0.48 F F NS 
16.4 

Sal 3 5.7305 0.5858 4.9515 58.4397 0.44 0.44 F F NS 
13.6 

Sal 6 5.8455 0.6317 4.8777 51.9321 0.48 0.48 F F NS 
15.6 

Sal 9 6.065 0.6398 3.8246 41.2605 0.38 0.38 F F NS 
12.6 

Sal 12 6.2896 0.5949 3.3207 41.346 0.29 0.29 F F NS 
12.7 
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Sal 15 6.5012 0.5954 1.746 32.6106 0.12 0.12 F F NS 
13.4 

Sal 18 6.5865 0.6686 2.1793 34.2876 0.17 0.17 F F NS 
10.4 

Sal 21 6.715 0.6411 3.1789 39.4344 0.28 0.28 F F NS 
10.8 

Sal 24 6.8891 0.607 4.4052 42.903 0.48 0.48 F F NS 
8 

Tair x 20.111 15.0617 -0.3134 2.0358 0.54 0.54 F F NS 
6 

Tb 0 2.7971 11.359 6.5516 88.024 0.50 0.50 F F NS 
13.7 

Tb 3 2.7187 8.7608 3.2445 16.9818 0.68 0.68 F F NS 
12.4 

Tb 6 3.816 28.845 3.3181 15.9633 0.75 0.75 F F NS 
14.2 

Tb 9 5.4215 46.6257 4.0719 34.0418 0.52 0.52 F F NS 
16.1 

Tb 12 5.3186 40.7953 3.0328 16.9623 0.60 0.60 F F NS 
17.6 

Tb 15 4.0231 20.0262 3.4393 18.9213 0.68 0.68 F F NS 
17.8 

Tb 18 3.9442 18.5946 2.6458 10.5116 0.76 0.76 F F NS 
14.4 

Tb 21 3.5995 10.5372 2.5196 14.0117 0.52 0.52 F F NS 
17.2 

Tb 24 3.1808 5.235 1.885 10.6537 0.43 0.43 F F NS 
15 
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Tw 0 22.0805 14.7944 -0.1242 1.6572 0.62 0.61 F F NS 
8.8 

Tw 3 21.9574 14.4603 -0.116 1.6534 0.62 0.61 F F NS 
12.6 

Tw 6 20.9788 10.7839 0.0608 1.8263 0.55 0.55 F F NS 
15.1 

Tw 9 18.8915 5.3669 0.521 2.1381 0.60 0.59 F F NS 
13.9 

Tw 12 17.6313 2.8921 0.8905 2.6223 0.69 0.68 F F NS 
16.6 

Tw 15 16.898 1.8146 2.0003 6.3876 0.78 0.78 F F NS 
16.8 

Tw 18 16.6482 1.516 2.1723 6.8778 0.83 0.83 F F NS 
14.4 

Tw 21 16.443 0.9536 2.1709 7.2107 0.79 0.79 F F NS 
17.3 

Tw 24 16.2627 0.4192 1.6484 6.0526 0.61 0.61 F F NS 
16.3 

Wind x 2.3189 2.0539 0.9618 3.966 0.49 0.49 F F S 
13.8 

d 0 1002 1.8518 0.8384 5.6036 0.30 0.30 F F NS 
17.8 

d 3 1002 1.6835 0.6781 5.0252 0.29 0.29 F F NS 
16.2 

d 6 1002.4 1.3465 0.8521 6.7351 0.26 0.26 F F NS 
12.3 

d 9 1003 0.9117 0.7282 8.5537 0.18 0.18 F F NS 
11.6 
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d 12 1003.4 0.6406 0.4754 13.0924 0.09 0.09 F F NS 
14.6 

d 15 1003.7 0.5678 -0.5521 15.1082 0.09 0.09 F F NS 
13.8 

d 18 1003.9 0.5859 0.0237 18.2735 0.05 0.05 F F NS 
11 

d 21 1004 0.4899 1.6522 28.2376 0.13 0.13 F F NS 
12.6 

d 24 1004.2 0.3547 4.4911 46.0864 0.46 0.46 F F NS 
10.7 

pH 0 7.3429 0.3659 0.5586 2.6007 0.51 0.50 F F NS 
8.6 

pH 3 7.3612 0.385 0.4795 2.4619 0.50 0.50 F F NS 
10.5 

pH 6 6.9815 0.1953 0.7653 3.1938 0.50 0.50 F F NS 
12.4 

pH 9 6.5518 0.0769 -0.5269 5.2883 0.24 0.24 F F NS 
11.6 

pH 12 6.4649 0.06 -0.5475 4.9018 0.27 0.27 F F NS 
8.5 

pH 15 6.4439 0.0507 -0.5756 4.0344 0.33 0.33 F F NS 
12.1 

pH 18 6.4327 0.0471 -0.5236 3.3517 0.38 0.38 F F NS 
12.5 

pH 21 6.4293 0.0479 -0.592 3.1581 0.43 0.43 F F NS 
13.8 

pH 24 6.4463 0.0408 -0.5463 3.1821 0.41 0.41 F F NS 
13.2 
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APPENDIX B: GUI FUNCTIONALITIES 

1 – General GUI screenshot 
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2 – Main window for data collection 
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3 -  Main window for data collection; air temperature forecast obtained from the web 
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4 - Main window for data collection; air temperature forecast and dam level obtained from the web 
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5 – Window for model coefficients modification (for recalibration) 
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6 – Window for manual prediction update 

 



                Appendix B 

 
231 

7 – Critical lake instability warning 

 




