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ABSTRACT 

Water of adequate quality and quantity is the key to health and integrity of the environment 

and fundamental to good water supply. Achieving water quality and quantity objectives can 

conflict and has become more complicated with challenges like, climate change, growing 

populations and changed land uses. Therefore, a multi-objective optimisation strategy is 

required for achieving optimal water quality and quantity outcomes from a water resources 

system. This study uses a multi-objective optimisation approach to illustrate the trade- offs 

occurring when water quantity and quality in a reservoir system are optimised. Taylors Lake, 

part of the Grampians Reservoir System in Western Victoria, Australia was chosen as the case            

study for this research as it is quite complex and includes many contemporary water resources 

challenges seen around the world, such as high turbidity and salinity. 

The objective functions are set in a way to maximise the water quantity available for supply, 

while minimising the deviation of quality parameters from the accepted limits. The water 

system is modelled using eWater Source® modelling platform, while optimisation is 

undertaken                        using NSGA-II optimisation technique. Daily time step data over a ten-year period 

was used in this work. Various optimisation runs were performed with different population 

sizes and                 generations to seek out the best trade-off curve. The optimisation results indicate 

trade-offs between salinity, turbidity, and quantity. Key findings for this case study show that 

through optimisation, stored water never exceeded 19,000 ML even though the storage 

capacity was 27,000 ML indicating a significant loss of water to improve quality, or 

alternatively, a potential  asset re-design opportunity. This research study provides an insight 

to simultaneous management of water quality and quantity and reveals that selective harvesting 

can be a viable   option to improve water quality in the reservoir, however, this is at the cost of 

water                                  quantity. 
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INTRODUCTION 

 

Management of complex water resource systems from planning to operation is very challenging with many 

objectives and considerations that regularly need to be made, this often can be critical. Therefore, the use of 

a combined simulation and optimisation modelling is becoming a common approach for water managers to 
represent the complexity of the system (Rani & Moreira, 2010). Optimisation is popular technique used in 

water resource studies, especially for complex reservoir systems (Ahmadi et al., 2015; Kerachian & 

Karamouz, 2006; Rani & Moreira, 2010). Optimisation of water resources systems generally covers optimum 
operational decisions, water allocation and planning, and system design. Initially these aspects were addressed 

as single objective optimisation problems due to computational constraints. But in last two decades, with 

improved optimisation techniques, multi-objective approaches are increasingly applied to assess the trade-
offs between competing objectives in water resource systems; for example, pumping costs and water quality 

in optimal operating of water distribution system. 

 

Multi-objective optimisation has been applied in various types of reservoir management (Amirkhani et al., 
2016; Babamiri & Marofi, 2021; Kerachian & Karamouz, 2006). This includes, managing hydropower 

reservoirs (Arsenault & Côté, 2019; Koch et al., 2016; Qin et al.,   2020), and allocation of water for the 

environment (Gerten et al., 2013; Suen & Eheart, 2006).  
 

Optimisation in managing the trade-off between water quality and quantity in reservoir has also been widely 

studied (Chaves & Kojiri, 2007; Shokri et al., 2014). However, the focus of most studies has been on the 
quality of water released from reservoirs (Aalami et al., 2018; Castelletti et al., 2014). There are fewer studies 

which focus on strategies to capture water to meet quantity and quality objectives. This study aims to address 

this gap by employing multi-objective optimisation approach to optimize the quality and quantity of water 

stored in a reservoir. 
 

The NSGA-II genetic algorithm is chosen for this study (Deb et al., 2002).  This approach has been 

successfully applied to multi-objective optimisation problems related to water resources and has wide 
acceptance by researchers as a baseline algorithm for optimisation (Coello et al., 2007; Deb et al., 2002; 

Zitzler et al., 2003). Genetic algorithms function well when determining complex, nonaligned, and 

discontinuous problems and can perform both global and local searches and can use parallel computing to 

diminish run time (Nanda & Panda, 2014; Reed et al., 2013).  Genetic algorithms can be directly linked to a 
simulation model and do not require simplification of the optimisation problem. Therefore, they have been 

widely used together with simulation models in water resource planning (Nicklow et al., 2010; Rani & 

Moreira, 2010). Usage of an established simulation model provides assurance in the results and can be then 
linked to other planning processes to represent a common system behavior (Labadie, 2004).   A key property 

of the NSGA-II approach is that it permits a population of solutions to maintain diversity and converge 

towards the Pareto- optimal front. Pareto-optimal front is set of nondominated optimal solutions. Pareto fronts 
helps to anticipate and determine trade-off, while carrying out search among the compromise solutions, and 

to take decisions based on goals (Goel et al., 2007).  

 

Salinity and turbidity are considered to have a significant impact on water quality and this impact has been 
widely studied (Lintern et al., 2018).  Both are an issue in Taylors Lake, therefore they have been selected for 

this study.  They are also both reasonably straightforward to model as they are conservative (i.e., non-reactive) 

(Mala-Jetmarova et al., 2015a).  The NSGA-II model requires that both of these water quality parameters be 
expressed in milligram per liter.   Therefore, salinity and turbidity were converted to total dissolved solids 

(TDS) and total suspended solids (TSS) respectively to carry out the study. 

 
The purpose of this study is to use multi-objective optimisation to illustrate the trade-offs between the quality 

and quantity of water in a reservoir. The paper also comprehensively explores the sensitivity of the multi-

objective algorithm parameters. 



METHOD 

 

    Study area 

 

The Grampians reservoir system in Victoria, Australia is chosen as the case study for this research as it 

includes many contemporary water resource challenges such as water scarcity and water quality 

variability (Carroll et al., 2012; Godoy et al., 2012; Mala-Jetmarova et al., 2015a). The Grampians 

system covers an area approximately 10% the size of Victoria, i.e., an area approximately 17,500 km2 

which makes it a very important system to be studied. The system includes 11 interconnected reservoirs 

and many other weirs and regulating structures (see Figure 1). Research studies related to management 

of both water quality and quantity in this system have not taken place in the past making it an ideal case 

study location. 

Specifically, water quantity and quality interactions of Taylors Lake, which is one of the eleven 

reservoirs of the Grampians system, has been investigated. 

Taylors Lake is an off-stream reservoir located 20 km south-east of Horsham. The reservoir plays an 

important role in supplying water for agriculture, domestic consumption, and environmental flows to 

the Wimmera River.  It is also used for recreational purposes and is a secondary source of water supply 

to Wimmera Mallee Pipeline System (WMP) (W. Godoy & Barton, 2011; GWMWater, 2016).  

Taylors Lake has the potential to receive water from multiple sources of differing quality and quantity 

which means there is an opportunity to selectively harvest water to meet quality and quantity objectives.  

 



 
 

Figure 1: The Grampians Reservoir System (Source: adapted from GWMWater, 2019). 

 

Multi-objective Optimisation Problem Formulation 

 
This section deals with the development and formulation of the multi-objective optimisation approach 

to address the issues related to water quantity and quality in Taylors Lake. The adopted approach can 

be summarized in three steps: 

 
1) Identify the operating rules that govern the operation of the system.  

2) Select objective functions for those variables to be maximised or minimised. 

3) Include real world limits or constraints such as, channel capacity and storage capacity. 

 
Objective Functions 

 
The aim of the multi-objective optimisation process is to find operating rules that perform optimally in 

terms of management objectives. The management objective for this study looks at both water quality 
and quantity. Therefore, two types of objectives were used which are water quantity and water quality. 



Water quantity objective 

The water quantity objective aims to maximise the volume of water in the reservoir. So, the water  

quantity objective function was formulated as, 

Maximum Storage Water Volume = max (αV + I1 + I2 + I3 – O) Eq (1) 

Where, αV = volume of water in the reservoir (ML), α = fraction of V (maximum reservoir capacity), 
V = maximum reservoir capacity (ML), I1 + I2 + I3 = total flow rate at the common inlet channel (ML/d), 

O = discharge rate from the reservoir (ML/d). 

 

Water quality objective 

Water quality objective aims to meet the water quality requirements of various customer groups. The 

parameters considered for optimisation were salinity, and turbidity, as they are the key water quality 

determination factors in the area. Separate water quality objective functions were designed for each of 

those parameters. The water quality parameters are prescribed by the guidelines and are specified as 

lower and upper bounds/limits of the constituent concentrations in the optimisation model. 

The objective function of salinity deviation was formulated as shown below, 

Minimise Salinity (TDS) deviation =   ∑ max [0, max (Smin – S, S- Smax)] Eq (2) 

Where, Summation is performed over planning period, S= salinity(mg/L), Smin = lower limit of 

salinity (mg/L) (i.e., 0 mg/L), Smax = upper limit of salinity (mg/L) (i.e., 125 mg/L).  

The objective function for turbidity deviation was formulated as shown below, 

Minimise Turbidity (TSS) deviation = ∑ max [0, max (Tmin – T, T- Tmax)] Eq (3) 

Where, Summation is performed over planning period, T= turbidity(mg/L), Tmin = lower limit of turbidity 

(mg/L) (i.e., 0 mg/L), Tmax = upper limit of turbidity (mg/L) (i.e., 25 mg/L) 

 

 
Decision Variables 

 
In optimisation, decision variables can be changed within the set of operating rules. The operating rules 

in this study are percentage opening of the regulating structures of the inlet channel. Decision variables 
are generally numerical values which can be either discrete (a set of values) or real/continuous (a range 

of values). For this study there are three inflow channels in total. For the purposes of optimisation these 

decision variables have feasible continuous value ranging from 0 to 1 (representing 0 or 100% opening 

of the channel). 

 
Constraints 

 
There are three types of constraints in this study. They are storage capacity of the reservoir, inlet channel 

capacity and outlet channel capacity. 

 
 

 

 

 

 

 

 

 

 

 

 



Model implementation 

Solution Scheme 

The solution methodology integrates the simulation engine and optimisation engine in one software tool 

eWater Source ®. The software eWater Source ® version 4.11.0 (Blackmore et al., 2009) has been chosen 

for this study as it combines a genuine hydrologic simulation engine with inbuilt optimisation tool (Insight) 

and is adopted as Australia’s National hydrological modelling platform under an agreement of     Council of 

Australian Governments and expected to replace the existing river system models in Australia (Yang et al., 

2017). The tool has been tested and evaluated with demanding water quality controls and procedures 

(Tennakoon et al., 2007). 

Source® is used to execute water balance and water quality simulations over 10 years period. Water quality 

parameters considered are conservative (non-reactive) constituents. Insight on other hand carries out the 

optimisation run with three objective functions, and decision variables. The solution flowchart (see figure 
2) describes how the simulation and the optimisation engine works in sync. 

 
 

Start Insight

Initialise the parameters of NSGAII (i.e. 
configure insight)

Creating a random parent population ( each 
individual in a population size N is created by 

selection, mutation crossover.)

Each individual (in this case combination of inflow 
sources) undergoes simulation run

Values of OF s and DV s needed for statistically 
evaluating OF s are passed from Source to 

Insight

Processing of DV s and OF s from current and 
previous generation

Stopping criteria
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END
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                     Figure 2: Solution Flowchart. 
 

 

 

 

 



System Simulation 

 
A representation of the study area in a node- link format was designed. It represents how the water passes 

from source to the reservoir and then to end users. Different nodes representing inflow, storage, inlet/outlet 

capacity, pickup points from the river and confluence emulate the real-world circumstances in the software 

interface.  
 

The tool allows for the construction of a model using node link format and then by choosing and joining   

generation and transport component models from a range of options. Even though the model incorporates its 
own rainfall/runoff generation to simulate flows, input of constituent concentrations is required to calculate the 

constituent load (Bartley et al., 2012). A function editor is used to design functions to determine/represent the 

objective functions, decision variables, and operating rules. These functions regulate system variables or other 
functions to determine their value and are then applied to the appropriate nodes and links in the network. The 

optimisation model investigates the functions that represent decision variables and objective functions to 

perform optimisation. Figure 3 shows the study site represented in the software interface using nodes and 

links. 
 

Each node is connected to the other node using straight through routing link. Each node is then configured 

according to the data available. The input data set consists of daily flow data for the three inflow sources on 
a daily time step. The input dataset included reservoir operational data, meteorological data, inflow data and 

salinity and turbidity data on a daily time step over 10-year period from 2010-2019. Reservoir operational 

data and meteorological data were used to configure the reservoir, Taylors Lake. The controlled splitter nodes 

were configured to assure that streamflow does not exceed the channel capacity. The confluences were 
designed as unregulated control. The gauge nodes in the model assisted in maintaining the water balance of 

the system. Finally, the water user node was assigned with the demand water/ outflow volume. The splitter 

node played an essential role. Required quantity of water passes through the effluent branch in the next node 
and the rest of the water passed through the straight branch to the gauge node (returning to the 

mainstream/river). 

 

 



 
 
 

Figure 3: Node-link representation of the study site. 

 

 
 

 

Multi-objective Optimisation 

 
Water resources systems are managed and operated for the benefit of a range of interests including 
consumptive users, for recreation, and the environment. Many of these interests for water are conflicting 

and non-commensurable which can be formulated as multi-objective optimisation problem. When more 

than one objective function is involved in an optimisation problem the task of finding optimal solution 

is known as multi-objective optimisation (Deb et al., 2002). In this case, multi-objective algorithms are 
engaged to optimise simultaneously multiple objectives. There is a search for a set of optimal solutions, 

also called “Pareto-optimal set” containing “non-dominated” solutions, which are equally good or 

equally important (Deb et al., 2002). The concept of domination is used to decide which solution is 
better among any two given solutions and finally a non-dominated solution represents the outcome of 

multi-objective optimisation (Deb et al., 2002). 

 



The NSGA - II algorithm is available in the Source® (Blackmore et al., 2009) software tool also used 

for simulation. The algorithm is directly linked to the simulation module. The work involves 

performance and sensitivity analysis of the NSGA-II parameters: population size, the number of 
generations, crossover, and mutation. Population size in genetic             algorithm represents set of solutions 

(set of chromosomes). A population consist of individuals and in this case, individuals are the possible 

values of the decision variables. Generation number determines better quality offspring chosen through 
selection, crossover, and mutation. So, the greater the generation number the better the outcomes 

obtained. Crossover and mutation help to improve the offspring generation with combination of good 

quality chromosomes (solutions). Crossover involves partial exchange of information between pair of 

chromosomes and mutation makes random change in one of the chromosome locations.  The extent of 
randomness and crossover can be controlled with a probability parameter.  A feasible range for each 

parameter was identified based on preliminary testing (refer Table 1). 
 

 

Table 1: NSGA-II parameter settings. 
 

Parameters Parameter setting Comment 

Population size 40; 100; 200 Values based on preliminary testing 

Generation number 5; 10; 25 Values based on preliminary testing. 

Probability of mutation 0.3; 0.5; 0.7 *0.3~1/3, where the value of 3 represents 

the number of decision variables (Deb et 
al., 2002). 

Probability of crossover 0.8; 0.9; 0.95 Values based on recommendation. 

 
 

The objective functions and the decision variables were declared in the simulation model as expressions.  

These objective functions and decision variables were then added /selected in the optimiser to run the 

process. The default settings for the NSGA-II Source implementation were used with a random seed 

value for first generation. Other default settings used were probability of crossover 0.9, probability of 

mutation 0.5.  

 

While carrying out the preliminary runs, the water quality results were above the acceptable limits. To 

overcome the issues of generating higher values of water quality parameters, scaling of objective 

functions was considered as an alternative (Mala-Jetmarova et al., 2015b). The two water quality 

objective functions were linearly scaled down to ensure that the numerical values of two objective 

functions falls within the range of their acceptable limits. In this study the water quantity objective 

functions provide a high-end value whereas the water quality parameters values were at the lower end. 

There is wide difference in magnitude of numerical values of two objective function leading to 

computational problem, to adjust the values it was required to scale down the water quality objective 

functions. Hence the salinity objective function was multiplied by 0.2 factor and turbidity objective 

function was multiplied by 0.6 factor to obtain the values within the threshold range recommended in 

State Environment Protection Policy ((SEPP) State Environment Protection Policy (Waters), 2018). 

 
NSGA-II parameter settings were systematically arranged into 18 parameter settings combination. All 
parameter settings were analysed with scaled water quality objective functions and non-scaled water 

quantity objective functions. In first stage the sensitivity of population size and generation number was 

tested with constant mutation and crossover probability. Default values of probability of crossover and 
mutation were used. Those values of population size and generation number were selected based on 

preliminary testing. The results obtained were visually compared and well performing population size 

and generation number have been selected. In the second stage of sensitivity analysis the selected 

population size and generation number were applied for the analysis of probability mutation and 
crossover. A single run was performed for each parameter setting combination. 

 



Sensitivity analysis of the model was carried out to determine how much sensitive the solution output 

is (i.e., Pareto fronts in this case) to changing model parameters (e.g., population size). To evaluate the 
sensitivity of a solution a particular model parameter was changed while keeping other parameters 

constant.  

 
 

RESULT AND DISCUSSSION 

This section provides insights into the model analysis using daily inflow data from July 2010 to 

December 2019. The optimisation outcomes for various population sizes and number of generations are 

illustrated in Figure 4. Figure 4a depicts the storage volume levels against water quality parameters such 

as turbidity and salinity for a population size of 40 and generation numbers 5, 10 and 25. Similarly, 

Figure 4b and c show the optimised values for population sizes 100 and 200, respectively. 
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Figure 4: Pareto fronts for varying population sizes and generation numbers. 

 

From the figures, it is evident that with increase in storage volume, the salinity levels are increasing 

while the turbidity levels are decreasing. This clearly shows that there are trade-offs involved when 

trying to meet both water quantity and quality objectives. Moreover, it can be observed that for the 

population size of 200, pareto fronts are more closely aligning for all generation numbers. Generation 

number 10 was identified as the appropriate generation size as the convergence of Pareto fronts are 

achieved with not much computational time loss. When the generation size was increased to 25, the 

computational time was found to increase substantially. And the result suggests that there is not much 

difference in output when comparing generation 10 and 25. Therefore, the combination of 200 

population size and 10 generation size as shown in Figure 5 was selected as the suitable candidate from 

the optimisation outcomes. 

Smin: 0mg/L, Smax: 125mg/L and Tmin: 0mg/L, Tmax: 25 mg/L 



 
 

 

 

Figure 5: Pareto fronts of population size 200 and generation number 10. 

 

 
Figure 5 shows that the average optimum storage volume ranges between 5,000 ML and 19,000 ML. 

The salinity level ranges between 50 mg/L and 150 mg/L, while that of turbidity falls between 10 

mg/L and 25 mg/L. As observed in the previous figures, with increase in storage volumes the salinity 

level increases and turbidity decreases. 

Further sensitivity analysis in terms of mutation and crossovers were carried out using the selected 

population and generation size combination. The water quality and quantity levels for various 

mutations and crossovers are shown in Figure 6. 
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Figure 6: Pareto fronts for varying mutation and crossover values. 

Smin: 0mg/L, Smax: 125mg/L and Tmin: 0mg/L, Tmax: 25 mg/L 

 



From the Figure 6, it can be inferred that the optimisation outcomes are not significantly affected by 

the mutation and crossover changes. Among the mutation and crossover parameter settings, default 

mutation setting of 0.5 and crossover setting of 0.9 are found to be suitable for the study. Thus, the 

sensitivity analysis helps to identify the ideal combination of population size and generation number to 

achieve optimal water quantity and quality outcomes. 

The outcomes from the optimisation study indicates the possibility of selective harvesting of inflows as 

a   reservoir operational strategy. Based on the study results, the storage manager can decide which inflow 

source to harvest to meet the quantity and quality objectives. But attaining a good water quality comes 

at the cost of water quantity. With selective harvesting option in place there is significant loss of water      

intake from the sources resulting in decreased storage volume. 

The study output also shows an implication towards the asset management and its associated cost. The 

work indicates a potential asset re-design opportunity as most of the storage is never used at its full 

capacity most of the time. Even, the inflow volume decreases from its full channel capacity with 

increasing quality restrictions indicating some unavoidable cost associated with the maintenance of the 

inlet such as removing weeds, dredging etc. 

 

 

CONCLUSION 

This work focuses on achieving optimal water quantity and quality solutions for a water resources 

system involving a storage reservoir and contributing waterways. The multiple objectives are set in such 

a way   as to maximise water harvest while minimising deviations from stipulated water quality limits. 

Storage volume level is used as a water quantity (availability) indicator, while salinity and turbidity are 

used as quality indicators. In this study, the decision variables are opening levels of the regulating 

structures. Sensitivity analysis is also carried out to determine the model sensitivity to different 

parameters like population size, generation numbers, mutation, and crossover probabilities. 

Analysis was undertaken using the NSGA-II genetic algorithm.  Considering the parameters for this 

algorithm, the following were adopted: a population size of 200 with a generation number of 10 and 

default values of mutation setting of 0.5 and crossover setting of 0.9. These allowed for the identification 

of a clear Pareto set of solutions. The optimal storage volume over the 10-year simulation period ranged 

between 5000 ML to 19,000 ML, when constraining water quality within acceptable levels. 

This paper demonstrates that an optimisation approach, which allows for selective harvesting of system 

inflows, may be a useful tool for water managers. Outcomes are expected to assist water managers and 

operators to find and better understand their trade-offs when trying to achieve optimal water quantity 

and quality objectives. Future work aims for the development of a more formalised planning tool to 

streamline decision making regarding reservoir operation. The limitation of the work is availability of 

good data. The water quality data contains much uncertainty therefore future work involves carrying 

out uncertainty analysis. 
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