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ABSTRACT
Continuously monitoring and managing 
manganese (Mn) concentrations in 
drinking water reservoirs is of paramount 
importance for water suppliers, as 
high soluble Mn levels can lead to 
the discoloration of potable water. 
Traditional Mn management involves 
regular manual water sampling and 
laboratory analyses. In cases where 
critical Mn concentration thresholds 
are exceeded, appropriate treatment 
procedures are adopted. Despite  
the Mn level currently being manually 
sampled throughout the year, in many 
subtropical monomictic lakes – such as 
Advancetown Lake on the Gold Coast 
– Mn concentrations in the epilimnion, 
where the water is drawn for potable 
use, are usually only elevated during 
winter, with the onset of partial or  
full lake destratification. 

Vertical profiling systems (VPS) have 
been installed in Seqwater’s stored water 
reservoirs to continuously collect physical 
parameters such as: water temperature; 
specific conductivity; turbidity; pH; 
REDOX; chlorophyll-a, blue-green algae; 
and dissolved oxygen. These may be used 
to accurately determine the transport 
processes of Mn within the lake system. 
Therefore, a historical database of VPS 
and Mn laboratory testing data provides 
the opportunity to develop a data-driven 
prediction model that can autonomously 
forecast seven days in advance the Mn 
concentrations at the drawn-off depth for 
water treatment plants.

In this study, a VPS was employed 
alongside physically collected water 
quality data, and analysed to deliver 
data-driven predictive models associated 
with the real-time VPS data collection. 
These models were able to forecast 

future Mn concentrations up to seven 
days ahead with correlation coefficients 
higher than 0.83 for an independent 
test dataset. Importantly, the peak 
concentrations in the epilimnion during 
lake destratification were predicted 
with correlation coefficients of greater 
than 0.90. The models also display the 
probabilities of the Mn to exceed critical 
thresholds, thus assisting operators in 
Mn treatment decision-making. 

Such a tool is highly beneficial for 
water suppliers, as the cost and time 
spent monitoring Mn concentrations 
can be significantly reduced and more 
proactive forecasting and planning for 
elevated levels of Mn can be enabled.

Keywords: Vertical profiler systems, 
automation, remote monitoring, 
manganese, prediction, lake 
destratification.

INTRODUCTION
MANgANeSe AND  
wATeR TReATMeNT

Elevated manganese (Mn) levels in drinking 
water supply reservoirs are a water 
quality issue faced by many water utilities. 
Mn concentration in lakes or reservoirs 
is determined by a range of chemical, 
physical and biogeochemical processes. 
In the case of productive lakes, usually 
high Mn concentrations are evident 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 for Mn 
management, the raw water is usually 
drawn from the epilimnion rather 
than from the nutrient and metal-rich 
hypolimnion, since the dissolved Mn level 
is usually well below critical thresholds 

in this layer. However, many reservoirs 
located in subtropical climates are prone 
to particular conditions that cause partial 
or full destratification and a short-term 
elevation in the concentration level of 
Mn in the epilimnion (i.e. > 0.02mg/L). 

While elevated Mn periods may only 
occur during a short two- to four-week 
period in winter, manual weekly sampling 
and laboratory testing of soluble Mn 
concentrations is often completed all 
year round as a precautionary measure 
by treatment plant operators in order 
to meet monitoring requirements. In 
these short-term periods of elevated 
manganese, treatment plant operators 
often treat the raw water using pre-
filtration chlorination for moderate 
levels, while for higher concentrations 
permanganate dosing is employed.  
If the raw water was not treated to a 
required standard, the Mn-rich water 
would be distributed to customers, 
leading to discoloration and issues  
that may diminish the confidence of  
the customers in the water supplier. 
Hence, understanding the Mn cycle  
and predicting critical events is of major 
interest for water treatment managers.

ADvANCeTOwN LAke

This case study focuses on Advancetown 
Lake, bounded by Hinze Dam (153.28°E, 
28.06°S), which is a subtropical 
monomictic reservoir located in South-
East Queensland (SEQ) (Figure 1). It 
is the largest water supply reservoir 
servicing the Gold Coast region, which 
has a population greater than 500,000. 
Moreover, it is connected to the SEQ 
Water Grid, a water supply scheme for 
the whole of SEQ, in order to respond 
to drought seasons by redirecting water 
from regions with an oversupply to 
regions that are lacking. 
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Its current reservoir capacity is 
310,730ML, after a recent upgrade 
(Stage 3, 2011) that doubled the previous 
volume. The average depth is 32 metres 
and the surface area is 9.72km2, while 
the catchment area covers 207km2 of 
terrain, which is mostly national park. The 
two main inflows are the Nerang River 
and Little Nerang Creek, coming from 
another smaller reservoir named Little 
Nerang Dam. 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 is distributed to Molendinar 
Water Treatment Plant located 10km 
north-east. The State Government-
owned entity, Seqwater, is the bulk water 
supplier for the most of the SEQ region 
and owns and operates Advancetown 
Lake and its associated potable water 
treatment plants.

ReMOTe AUTONOMOUS 
veRTICAL PROfILINg SySTeMS

In 2008, a remote autonomous Vertical 
Profiling System (VPS) was installed in 
Advancetown Lake close to the Hinze 
Dam intake tower. Vertical profilers are 
automatic recording systems that provide 
a fast, direct and reliable means for 
monitoring a range of physiochemical 
parameters in the reservoir. The YSI  
VPS consists of:

•	 One or more monitoring stations used 
to constantly monitor the weather and 
the vertical variations of the chemical–
physical parameters of the reservoir. The 
VPS currently installed in Advancetown 
Lake is an automatic water quality-
monitoring station, comprising a four-
point moored floating platform with 
on-board batteries and data loggers 
housed in waterproof cases. The system 
is powered by solar panels, which 

provide enough charge to operate 
data logging systems and power a 
mechanical winch that raises and lowers 
the water quality instrumentation 
through the water column, with the 
maximum depth determined by on-
board depth-sounding equipment to 
ensure the sonde never touches the 
bottom (Figure 2).

•	 The YSI Water Quality Sonde 
Instrumentation (YSI 6600v2) (Figure 
3), consists of a central instrument 
body with a range of water quality 
probes that are mounted into the 
end of the bulkhead to collect water 
quality information on the following 
parameters: specific conductivity 
(salinity); turbidity; dissolved oxygen; 
REDOX potential; water depth; water 
temperature; chlorophyll-a; and 
blue-green algae. Probes with optical 
windows have mechanical wipers to 
ensure that sensing windows are clean, 
facilitating long-term accurate sonde 
deployments on the VPS.

Figure 3. YSi 6600v2 water quality sonde.

•	 Data transfer for both water quality 
and weather station information occurs 
through telemetered 4G GSM data 
modems to a central remote systems 
computer for automated database 
storage and quasi real-time web-based 
information display.

While the VPS can remotely provide 
treatment plant operators with a range 
of water quality parameters every three 
hours (the time taken to profile the entire 
reservoir depth at 1m intervals, allowing 
appropriate probe settling time at each 
depth), the device is not able to directly 
measure soluble Mn concentrations in 
the reservoir. However, a number of the 
VPS measured parameters, such as water 
temperature and dissolved oxygen, have 
been reported in the literature as being 
highly correlated with Mn (Calmano et 
al., 1993; Kohl and Medlar, 2007). Such 
relationships provided the opportunity 
for the creation of an intelligent tool 
that could utilise the existing VPS data 
to predict future Mn concentrations 
(up to seven days). Such a tool could 
significantly reduce costly Mn sampling 
and laboratory testing requirements and 
improve Mn treatment decision-making.

MANgANeSe PReDICTION 
MODeL DeveLOPMeNT
DATA COLLeCTION

Seqwater, the industry partner of the 
project, provided a comprehensive 
historical dataset for the project: 13 years 
(2000–2013) of laboratory testing data 
from weekly manual water samplings 
performed next to the dam wall from 
a depth of zero to 24m in three-metre 
intervals. This dataset included: water 
temperature; pH; conductivity; dissolved 
oxygen; REDOX potential; turbidity; 
colour; and soluble and particulate Mn. 
VPS data was collected at a time interval 
of three hours with a vertical spatial 
interval of 1m. The collected parameters 
include: water temperature; conductivity; 
pH; dissolved oxygen; turbidity; REDOX 
potential; chlorophyll-a; and blue-green 
algae. Weather data was collected from the 
Australian Bureau of Meteorology (BoM) 
(www.bom.gov.au). For the purpose of this 
study, only data after 2008 has been used 
for analysis, due to the alignment of both 
the VPS and laboratory testing data sets.

Figure 1. Advancetown lake map; the green “A” represents VpS 

Figure 2. Schematic of a YSi automatic 
Vertical profiling System for water 
quality monitoring, complete with 
automated weather station.
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DATA ANALySIS

In order to assess the relationships 
between soluble Mn and its possible 
predictors, exploratory analysis was 
firstly conducted to reveal significant 
linear or non-linear correlations between 
paired sets of model predictor variables, 
as well as with the independent variable 
Mn. Despite the presence of non-
linearities and weak linear correlations, a 
strong non-linear, hyperbolic relationship 
was noticed between soluble epilimnetic 
Mn and water temperature differential 
between the top and bottom of the 
reservoir (ΔTw).

Water temperature and, more 
specifically, the temperature gradient of 
the water column (ΔTw), was determined 
to be the most important predictor 

of soluble Mn concentrations in the 
epilimnion. In the case of the subtropical 
Advancetown Lake, spikes in Mn in the 
epilimnion are almost solely linked to the 
lake circulation process in winter (Figure 
4), where the surface waters cool down 
and sink downwards into the hypolimnion, 
allowing Mn-rich bottom waters to reach 
the epilimnion and enter the intake 
tower. It was also found that the amount 
of Mn going from the hypolimnion to 
the epilimnion during the circulation 
process is proportional to the reservoir 
water temperature at the beginning of 
the turnover event, since processes such 
as turbulent diffusion are enhanced with 
higher temperatures.

Based on this exploratory statistical 
analysis, the prediction of elevated Mn 

in the epilimnion using the VPS data was 
confirmed to be ideal for development of 
a data-driven Mn future prediction model.

MODeL PARTS

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 5). As no variable 
was found to have the capacity to affect 
the Mn concentration one week ahead, 
it was decided to focus first on the water 
temperature prediction seven days ahead 
and, secondly, on Mn prediction by 
taking advantage of the strong non-linear 
correlation between Mn and ΔTw. 

After careful assessment, the model 
required three data processing modules 
or parts to be created to ensure an 
acceptable, accurate and reliable  
Mn prediction. 

•	  Model part 1: Completes analysis of 
the current water column temperature 
difference and the forecasted moving 
average air temperature up to one week 
ahead (collected from the BoM), and 
outputs the water column temperature 
difference one week ahead.

•	 Model part 2: Takes the output of 
part 1 (i.e. ΔTw(t+7)) and, by using the 
hyperbolic correlation between Mn 
and ΔTw, it will yield a prediction of 
the soluble Mn in the epilimnion  
seven days ahead.

•	 Model part 3: Where Part 2 predicts 
the beginning of the lake turnover 
event, 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 a single 
manual water sampling that would be 
collected by the dam operator. This 
additional step is not mandatory but 
improves the accuracy of the peak 
prediction.

Part 1 of the model explored the use 
of both deterministic physical models 
and data-driven statistical models. The 
use of deterministic models provides a 
comprehensive study of the system, but 
the application of the physical equations 
associated with them (e.g. net heat flux) 
requires considerable input variables 
(e.g. saturated vapour pressure, air-
water vapour pressure, air temperature, 
wind velocity, atmospheric pressure, 
cloud cover, boundary conditions etc.). 
Moreover, deterministic physical models 

Figure 4. Time series soluble epilimnetic Mn and water temperature at different 
depths for Advancetown lake between 2008–2012.

Figure 5. Model structure and core analysis parts.
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tended to compound prediction errors 
when using future predicttions of the 
many input variables. Therefore, a 
simpler data-driven statistical model 
with a reduced number of inputs was 
considered to be the best option. 

In particular, a seven-day predicted 
air-temperature moving average was 
found to provide the best correlation 
with the epilimnetic water temperature, 
as well as with the whole water column 
temperature differential. 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; high rainfall 
and inflow events are typically recorded 
during the wet season in summer, thus 
not affecting the winter turnover event 
and elevated Mn concentration in the 
epilimnion. 

In conclusion, a data-driven Mn 
prediction model correlated only with the 
seven-day predicted moving average 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 one-day error can be greatly reduced 
in importance by smoothing the whole 
week of forecasts.

As a consequence, because of  
the hysteresis cycles between air and 
water temperature due to different 
heat capacities, a threshold seasonal 
autoregressive model (TSAM) was 
created. 

Equation (1) presented below 
describes the TSAM:

(1)

where:

•	  is the predicted water column 
temperature difference seven days 
ahead in °C 

•	  is the current water column 
temperature difference in °C 

•	  is the mean 
predicted air temperature (collected 
from the BoM) from one to seven days 
ahead in °C

•	  is the current water temperature 
in the epilimnion in °C

•	 Ai and Bi are coefficients calculated 
by linear regression analysis, which 
change according to the season.

By calculating the difference in 
temperature between the surface 
waters and the surrounding 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 with high 
accuracy. The correlation coefficient for 
the independent test set was 0.97.

For Part 2 of the model, a statistical 
non-linear regression model was 
selected. This model applied the 
hyperbolic correlation Mn - ΔTw to yield 
a good estimate of the soluble Mn in the 
epilimnion by making use of Equation 
2, where the predicted water column 
temperature of TSAM is considered  
as an input. 

(2)

where:

•	  is the value of soluble Mn  
in the epilimnion at time t+7 [mg/L]

•	  is the maximum value of 
soluble Mn in the epilimnion within the 
historical set [mg/L]

•	  is the minimum value of 
soluble Mn in the epilimnion within the 
historical set [mg/L].

Where in cases that Part 2 of the  
model predicts the onset of a critical 
Mn event (i.e. Mn prediction above 
0.02mg/L), then Part 3 of the model (i.e. 
a linear regression model) will produce  
a correction coefficient that is applied  
to the output of Part 2. 

MANgANeSe PReDICTION 
MODeL vALIDATION
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. 
Additionally, a second form of validation 
has been performed in this study, where 
the already-tested operative model was 
also used to predict the lake turnover 
event in 2013, and the prediction 
accuracy examined. 

Using the independent validation set  
of data, the model with the incorporated 
Part 3 correction was able to predict all 
the main features of the 2012 turnover 
event (i.e. beginning and end of the 
event, presence of multiple peaks, 
and peak concentration) with R=0.86. 
These results indicated that the model 
is remarkably robust, since the historical 
data set used for training only had one 
main peak per turnover event recorded 
since 2008. 

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 7). Also, despite ignoring a small 
early peak, the same model was able 
to predict the 2013 turnover event with 
good accuracy, both in terms of the 
timing of the event and in the  
peak concentration estimation. 

The correlation coefficient R decreased 
to 0.76 for the 2013 prediction. This is 
due to the reservoir reaching its new 
full capacity for the first time since the 
2011 upgrade, resulting in a change 
in its internal mixing processes. As 
a consequence, the model will be 
recalibrated after collecting further post-
upgrade data, enabling better future 
predictions. A key feature of the model  
is that its accuracy improves over time  
as more data becomes available.

The model can also display outputs 
for reservoir operator decision-making 
purposes. Presently, a simple soluble 
Mn threshold warning system has 
been created, but in the future a user-
friendly graphical user interface (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 much 
less costly and time-consuming weekly 
in situ Mn sampling and associated 
laboratory analysis, and more reliable 
operator decision-making.

BIg DATA IMPLICATIONS 
fOR wATeR TReATMeNT
Understanding and monitoring water 
supply reservoirs’ physical and chemical 
parameters is of paramount importance 
for dam and potable water treatment 
plant operators. The recent advent  
of remote monitoring sensor 
technologies, providing extensive 
datasets on a range of water quality 
and environmental parameters, not only 
creates opportunities to reduce some 
costly and time-consuming traditional 
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manual samplings and laboratory 
analyses, but also enables the creation 
of a suite of new data-driven models to 
predict a range of critical lake parameters 
(e.g. Mn in this study).

Such data-driven algorithms provide 
the foundations for user-friendly software 
tools that can be used by treatment plant 
operators for proactive water treatment 
decision-making (i.e. plan for an increase 
in chlorination dosing since Mn in 
expected to be elevated in three days). 

Reductions in precautionary manual 
sampling and laboratory testing 
regimes for some parameters could be 
significantly reduced if such data-driven 
approaches using already available 
real-time datasets can be adequately 
harnessed. Such reductions in water 
quality testing can result in significant 
cost savings for the water supply sector. 
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Figure 6. Model prediction of soluble epilimnetic Mn for winter 2012.

Figure 7. Model prediction of soluble epilimnetic Mn for winter 2013.
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