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Abstract: This paper describes a comprehensive raw water intake selection decision support tool 
which has been developed for a dual source drinking water treatment plant (WTP) in South-East 
Queensland, Australia. The WTP receives water from small Little Nerang (LND) dam by gravity and 
from the upper intake of Hinze dam (HUI) via electrical pumps. The core part of the optimisation model 
can predict treatment chemical dosages and costs given the quality of the raw water source, through a 
number of data-driven, chemical and mathematical models. This prediction tool was run over an 
historical data set and it was found that an optimal intake selection would imply an increased use of 
the LND source. However, WTP operators typically minimise the LND usage due to its limited storage 
capacity and thus high depletion risk in case of intensive withdrawal rates and unfavourable weather 
conditions (i.e. no rain). As a consequence, a probabilistic data-driven model was also developed, 
which predicts, 6 weeks ahead, the most likely volume of LND. The model is based on historical data 
correlations and takes as inputs the seasonal streamflow forecast from the Bureau of Meteorology, as 
well as prescribed raw water intake volumes. A Monte-Carlo approach is used to account for 
uncertainty. Hence, whenever LND is selected as the optimal source, WTP decision-makers can 
select the optimal intake volume in order to minimise treatment costs, but also the risks of wasteful 
dam releases or depletion of LND. 
 
Keywords: Water treatment optimisation; nonlinear regression; water level prediction; optimisation 
model; Monte Carlo 
 
 
1 INTRODUCTION 
 
Drinking water treatment plants (WTP) are complex engineering infrastructures ensuring that the raw 
water drawn from e.g. a reservoir or a river will meet the specific drinkability guidelines defined by 
national regulators. Estimating the monetary cost associated with water treatment is fundamental for a 
practical planning approach for potable water supply (Abdullahi, 2013). The main variable costs are 
the cost of the chemicals to be dosed to improve the raw water quality, and energy costs to pump the 
water from specific intakes. 
 
Previous studies attempting to predict treatment chemicals (e.g. van Leeuwen et al., 2001; Maier et 
al., 2004; Abdullahi, 2013) were limited to one or few chemicals only, based on historical jar tests 
results. However, the recent diffusion of remote sensing tools such as Vertical Profiling Systems 
(VPS), collecting real-time vertical profiles of lake water quality every hour, allows for large sets of data 
to be collected and analysed; this, coupled with advancements in artificial intelligence and data-driven 
methods, provides a unique opportunity for analysing correlations between treatment chemicals 
dosages and water quality and, in turn, building prediction models that can suggest the optimal 
depth/reservoir from which to take the water in order to minimise treatment costs. 
 
For the location of this study, i.e. the Mudgeeraba WTP, such comprehensive model was developed 
(Bertone et al., 2016) and can reliably predict the best intake depth and the best reservoir among the 
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two options, that is Little Nerang Dam (LND) and the upper intake of Hinze dam (HUI), which would 
lead to reduced treatment costs (including pumping costs). This model is briefly presented in the next 
sections. However, the WTP operators could not fully rely on the model’s predictions, as there are 
further conditions which need to be accounted.  
 
In particular, despite LND often appears to be the most convenient source, mainly because of the 
avoidance of pumping costs, historically it has been underused. The final decision is biased towards 
HUI, as the relatively small LND water storage, which can be accessed without the need of pumps, 
can provide a backup source of raw water especially in emergency situations (e.g. power outage). 
However, at its full capacity, LND can provide water to the WTP for up to three months assuming no 
rain (Hamilton, 2015), while power failures would be fixed in a matter of days at most. Furthermore, by 
analysing historical volume and rainfall events data, it is evident that this management strategy was 
often overprotective, resulting in unnecessary extra treatment costs and frequent spills from LND 
(Bertone et al., 2016). 
 
Thus, there is potential for a volume prediction model which, based on (medium-term) rainfall forecast, 
can maximise the use of LND especially around wet weather periods. This paper mainly focuses on 
the development and validation of such model, although an overview of the main features of the core 
part of the decision support tool presented in Bertone et al. (2016) is provided.   
 
 
2 MATERIALS AND METHODS 
 
2.1  Study location and data collection 
 
The Mudgeeraba WTP (Figure 1) is the second largest drinking water treatment facility in the Gold 
Coast region, Queensland, Australia, as it can treat a maximum of 110 ML/day of raw water (Rogers et 
al., 2008). This is withdrawn from two reservoirs (HUI and LND), which are located about 3 and 8 
kilometres west and south-west of Mudgeeraba, respectively. Three electric pumps transfer up to 87.4 
ML/day of water from HUI (maximum capacity: 310,730 ML) to the header tank, where the water then 
flows by gravity to the Mudgeeraba WTP, at a rate of up to 74 ML/day. With regards to LND (6,705 
ML) instead, a 8-km long gravity raw water main transports the raw water to the Mudgeeraba WTP. 
Two intake towers are used to draw the reservoir water from a number of gates (9 for HUI and 5 for 
LND) located at different depths. 
 

 
Figure 1 Locations of LND, HUI and Mudgeeraba WTP (see green dot) 
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Seqwater, the main bulk water supplier in the South-East Queensland region, and custodian of the 
Mudgeeraba WTP, provided historical water quality datasets for the current study. The data from the 
two reservoirs included manual weekly samplings from 2008 to 2014. Additionally, the data from the 
recently installed VPS were provided. A VPS consists of a buoy with a probe underneath which is 
automatically winched up and down and collects, with a 1-hour frequency and 1-metre interval, vertical 
profiles of key-parameters such as water temperature, dissolved oxygen, conductivity, turbidity, pH, 
and redox potential. Moreover, daily data for the Mudgeeraba WTP, for the period 2010-2014, were 
also available. This consists of raw water quality data (which slightly differs from the lake water quality) 
and treatment chemicals dosage data.  
 
Focusing on the necessary inputs for the development of the LND medium-term volume forecasting 
model, additional data were collected. Daily rainfall data for the period 1926-2015 were collected from 
the Australian Bureau of Meteorology (BoM). Monthly river flow data starting from 1890 were made 
available by Seqwater; however, in order to have higher frequency data, the daily flows (which would 
be “inflow to LND” only after the construction in 1961) from 1890 to 2011, simulated with a hydrologic 
model, were collected from the Department of Science, Information Technology and Innovation 
(DSITI) of the Queensland Government. A good match between recorded monthly, and simulated 
monthly totals of daily data, was estimated. Recorded and simulated spill amounts were also collected 
from Seqwater for 35 critical rainfall events affecting the LND catchment from 1967 to 2015. Seqwater 
also provided other critical data such as historical LND volumes, environmental flow, and outflow to 
the Mudgeeraba WTP (daily from 1999). Evaporation data were not available, but it was assumed that 
these water losses could be estimated through regression analysis by considering the values of other 
available meteorological variables (e.g. solar radiation, wind speed/direction). 
 
 
2.2 Chemicals and pumping cost prediction 
 
The first step to create a comprehensive intake optimisation Decision Support System (DSS) for the 
Mudgeeraba WTP was the development of data-driven models to predict the required dosage (and 
thus cost) of each treatment chemical based on the raw water quality. The detailed methodology to 
reach this task is described in Bertone et al. (2016). Essentially the main steps were: 

1. Data analysis and relationships identification, through techniques such as regression analysis 
and self-organising maps; 

2. Models development: relationships between water quality and chemicals dosages were 
quantified using linear/nonlinear regression models, as well as hybrid models determining the 
dosage of certain chemicals in order to achieve optimum pH/alkalinity conditions based on the 
Caldwell/Lawrence diagrams for pH and CaCO3 equilibrium (Caldwell and Lawrence, 1953); 

3. Total costs estimation: after predicting the dosages of each chemical, it was then possible to 
calculate the total chemicals cost as well as the pumping cost, which was also predicted 
based mainly on the inflow from HUI. As a result the total variable treatment costs can be 
estimated; 

4. Monte-Carlo approach for determination of optimal blend of raw waters: As final step, a 
number of simulations (n=10,000) is run where different combinations of raw waters from 
different intakes are assumed (e.g. 70% from LND Gate 1 and 30% from HUI Gate 3). The 
scenario resulting in the minimum total cost is saved and represents the optimal intake choice. 
 

 
2.3 LND volume prediction  
 
Applying a water balance approach for modelling LND volume implies that its storage volume variation 
is determined as the difference between inflows and outflows. However, due to the fact not all the 
inflow and outflow data are explicitly available (for instance evaporation), there would be a difference 
between volume variations estimated by balancing the available inflow/outflow data and the measured 
historical volume variations. Thus, models need to be built to predict these differences.  
 
A number of data-driven models were generated and tested to predict the LND volume variation one 
week ahead based on available inflow/outflow data. Eventually, the best performing model was a 
threshold autoregressive nonlinear model, containing logarithmic, exponential, and quadratic terms, 
based on the systems of equations (1 and 2) below: 
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{
𝐿𝑁𝐷𝑉𝑜𝑙𝑓𝑖𝑛 = 𝐿𝑁𝐷𝑉𝑜𝑙𝑖𝑛 + 𝑒(0.4494∙ln(𝐼𝑛𝑓𝑙)+2.41) − 𝑆𝑝 − 𝑒𝑛𝑓𝑙 − 𝑊𝑇𝑃𝑖𝑛𝑡                                      𝐼𝑛𝑓𝑙 ≤ 2000 (1)

𝐿𝑁𝐷𝑉𝑜𝑙𝑓𝑖𝑛 = 𝐿𝑁𝐷𝑉𝑜𝑙𝑖𝑛 + 6 ∙ 10−5 ∙ 𝐼𝑛𝑓𝑙2 − 0.11 ∙ 𝐼𝑛𝑓𝑙 + 185.7 − 𝑆𝑝 − 𝑒𝑛𝑓𝑙 − 𝑊𝑇𝑃𝑖𝑛𝑡    𝐼𝑛𝑓𝑙 > 2000 (2)
 

 
Where: 

𝐿𝑁𝐷𝑉𝑜𝑙𝑓𝑖𝑛 = Final volume of LND (at the end of the week) [ML] 

𝐿𝑁𝐷𝑉𝑜𝑙𝑖𝑛 = Initial volume of LND (at the start of the week) [ML] 

𝑆𝑝 = Spill amount from the top of the dam wall [ML/week] 

𝑒𝑛𝑓𝑙 = Environmental flow [ML/week] 

𝐼𝑛𝑓𝑙 = Inflow from Little Nerang Creek [ML/week] 
𝑊𝑇𝑃𝑖𝑛𝑡 = Raw water from LND drawn to the Mudgeeraba WTP [ML/week] 

 
Combining the two different nonlinear models helped taking advantage of the benefits of each of them, 
as the first equation could follow much closely small/average volume variations, but could not predict 
extreme volume increases due to heavy rainfall events, which were instead accurately forecasted by 
the second quadratic regression model. The overall regression model performance was R

2
=0.78. 

 
In order to predict n weeks ahead, the regression model was tested and applied n times sequentially. 
After the full model was developed, the optimal n was calculated to be 6. This means that predicting 
six weeks ahead provided a temporal horizon long enough to be very useful for operational purposes, 
but at the same time not too long to result in unacceptable cumulative error. 
 

As the model is based on inflow data as input, in order to get inflows for the next 6 weeks, the BoM 

Seasonal Streamflow Forecast (SSF) were used. SSF provided, for a number of catchments around 

Australia, the probability of having inflows below, near, or above the median value for the next three 

months. Thus firstly, these median values were calculated for the Little Nerang Creek (i.e. main inflow 

to LND). Also, different probability distributions were fitted to the probability density function (PDF) of 

the inflow data, and an exponential distribution was found to be the best fit to the inflow’s PDF. By 

using then the associated quantile function, it was possible to link a number between 0 and 1 to the 

equivalent inflow value. By knowing that the median value corresponds to a generated number x of 

0.5, three intervals were selected:  

 

 Below median inflow: 0<  x≤ 0.35 

 Near median inflow: 0.35<  x≤ 0.65 

 Above median inflow: 0.65<  x< 1 
 
These calculations are important as they indirectly allow accounting for the uncertainty associated to 
the SSF inflow prediction. A Monte-Carlo approach is thus used: 100,000 simulations are run, and in 
each simulation, 6 random numbers between 0 and 1 (one for each weekly inflow, required as input) 
are generated. These numbers however are not totally random, but they are selected with a frequency 
proportional to the probabilities stated by the SSF. That is, for each 100 random number generations, 
if the probability of below median inflow is, for instance, 25%, then 25 times the random number 
generated will be below, or equal to, 0.35 (according to the previously defined intervals). This quasi-
random number generation is a critical step for a reliable prediction which follows the SSF. 
 
The overall sequential procedure of the full hybrid regressive/probabilistic model is as follows: 
 

1. Specify planned outflow conditions such as environmental flow and daily raw water intake to 
the WTP; 

2. Generate a quasi-random number based on the SSF given by the BoM; 
3. Estimate the quasi-random equivalent weekly inflow value through quantile function; 
4. Apply the threshold nonlinear autoregressive model to calculate the final volume by adding 

the amount of water flowing into LND during the following week and removing the stated 
outflows; 

5. If the predicted volume is above the maximum LND capacity, assume LND Volume = LND 
maximum capacity and consider the excess inflow as spill; 

6. The week-ahead volume has been estimated; go back to Step 2 until week 6 is reached; 
7. Repeat Steps 2-7 until 100,000 simulations are run. 
8. Model outputs: (1) distribution of the 100,000 final LND volumes; (2) probability of 

high/medium/low volume; and (3) probability of high/low/no spill. 
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The data analysis and model development was mainly completed using Microsoft Excel while the full 
code described in Steps 1-8 was developed in the Matlab environment. An interactive graphical 
interface (GUI) was then developed and, by using Matlab Compiler, it could be shared and used as a 
stand-alone application. 
 
 
3 RESULTS 
 
3.1  Intake optimisation model 
 
As described in detail in Bertone et al. (2016), the model could reliably predict the total (treatment and 
pumping) variable costs of treatment. Since historical raw water quality data for alternative 
depths/locations were available, the optimisation model was run over these historical data and it was 
found that economic savings of over $70,000 per year could have been achieved with an optimal raw 
water source choice, which was mainly associated with an increased usage of LND. It was in fact 
estimated that even in case of much worse LND water quality, the extra pumping costs from HUI 
would imply higher total costs. Increased sludge disposal costs due to increased use of the chemical 
alum were also accounted for; an increased usage of LND was however still recommended most of 
the times. 
 
 
3.2 LND volume prediction model 
 
Five different historical scenarios were used to test the model. These are listed in Table 1. Those are 
quite different both in terms of initial conditions (e.g. initial dam volume, season) and in terms of 
weather events (e.g. future inflow) and operational behaviours (e.g. WTP intake).  
 
Table 1 Features of the 5 different tested scenarios 

Scenario # 1 2 3 4 5 

Initial Month March October July  December January 

Average future 6-week intake [ML] 413 94 53 6368 43 

Historical average future 6-week 
intake [ML] 

772 655 390 1513 1481 

Random number generated 0.41 0.13 0.13 0.99 0.03 

WTP Intake [ML/week] 91 44 137 360 84 

Environmental flow [ML/week] 21 19 13 21 17 

Total Spill [ML] 0 0 0 1939 0 

Initial LND Volume [ML] 6881 6283 6485 6868 5088 

Final LND Volume [ML] 6847 6757 5940 6825 4689 

LND Volume change [ML] -34 474 -545 -43 -399 

 

Figure 2 illustrates the model outputs by running the model with the conditions established in the five 
scenarios of Table 1, against the real variations in volume recorded for those historical events. The 
numbers reported represent the most likely final volume (i.e. the most common final volume obtained 
out of the 100,000 simulations) predicted by the model. It can be seen how the model resulted in near 
perfect predictions of the most likely future volume for three of the five scenarios (i.e. Scenario #1, 3 
and 4). Moreover, for Scenario 4, a high chance (99.7%) of high (i.e. >1000ML) spill was also correctly 
predicted. For Scenario 2, the model underestimated the final volume, despite correctly predicting a 
volume increase, which was partially unexpected given the dry conditions. In Scenario 5 instead, the 
drop in volume was slightly underestimated. Overall, however, the most likely volume is always very 
close to the real historical final volume, and the use of Monte-Carlo simulations and probabilistic 
outputs helps in understanding and quantifying the uncertainty behind the model’s outputs.  
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Figure 2 Model’s prediction for the five tested scenarios 

 
Figure 3 illustrates the graphics and features of the latest version of the developed GUI. The 
histogram represents the probability distribution of the final LND volume, based on the results of the 
100,000 simulations. The two pie charts represent more intuitive outputs for the WTP operators, being 
respectively the probability of high/medium/low volume and high/medium/no spill.  
 
 

 
 

Figure 3 GUI outlook. Number in the top left (i.e. 1): month of the year; top-centre (i.e. 6500): initial 
LND volume in ML; blue number (i.e. 40): planned daily intake for the WTP in ML. 
 
 
4 CONCLUSIONS 
 
A hybrid prediction model, consisting of chemical, mathematical, and data-driven sub-models, was 
developed for a dual source WTP in order to estimate the dosages of the chemicals required to treat 
the raw water, and consequently the treatment costs (chemical dosage and pumping), based on 
recorded water quality. The model is then used to determine the best blend of source waters to 
minimise the costs.  
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Additionally, a hybrid nonlinear regressive and probabilistic model was built in order to forecast, six 
weeks in advance, the storage volume of one of the two reservoirs supplying water to the WTP. The 
model applies a Monte-Carlo – based approach, where a number of simulations are run, and each 
simulation generates six weekly “quasi-random” inflows, with values linked to the probabilities 
provided by the BoM seasonal streamflow forecasts. Based on the inflow values, a nonlinear threshold 
autoregressive model forecasts the expected storage volume variations, as well as the amount of 
water spilling from the dam wall (if any). The model was tested over different scenarios of historical 
data, under totally different initial and weather conditions; the results show how the model could 
consistently forecast the final volume with acceptable accuracy. 
 
The overall DSS will bring a number of benefits to the WTP operators and decision-makers. Firstly, the 
intake optimisation model can be used by the operators to determine the chemicals dosage based on 
the latest water quality data recorded by the VPS. This is especially important and practical whenever 
there are sudden weather variations or e.g. turbidity currents detected by the VPS, and thus the intake 
depth can be promptly adjusted by the operators according to the DSS indications. Additionally, as it 
has been already proved (Bertone et al., 2016) how an increased use of LND and decreased use of 
the energy-intensive HUI would considerably reduce the total treatment costs, it is now possible to 
devise the best raw water intake strategy over the medium-term timeframe in order to minimise both 
depletion and spill risk for LND, and thus minimise the energy costs in turn. This would eventually lead 
to substantial monetary benefits for Seqwater, as well as more proactive treatment operations. 
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