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Abstract: Changes in water quality have a variety of economic impacts on human and ecosystem health.
The widespread use of in-situ high-frequency monitoring instrumentation enables a better characterisation of
water quality processes, leading to more meaningful decision making. The large amount of data collected
by the high-frequency sensors creates new opportunities for machine learning methods to better understand
data-intensive processes in aquatic ecosystems and improve data streams coming from sensors.
CSIRO’s DigiscapeGBR project aims to help protect the Great Barrier Reef (GBR) by enabling upstream
sugarcane growers to make better nitrogen fertiliser management decisions, supporting water quality improvements which are critical to meet ecological targets for protecting the health of the Reef’s ecosystems. Current
studies based on machine learning in the DigicapeGBR project to improve data and predict future water quality
are mainly focused on the following:
• Water quality prediction.
The development of reliable water quality predictions is critical for improving the management of
aquatic ecosystems. Predicting the response of coupled biogeochemical and physical systems is challenging due to the complexity and non-linearity of these systems. Thus, a machine learning approach
may be accurate in predicting water quality as it accounts for non-linearity.
• Water quality data imputation
Missing data are unavoidable in water quality monitoring systems. Most data analysis methods require
complete data as inputs. Incomplete data can produce biased or wrong results, with negative effects on
the conclusions drawn from the water quality data. Classical methods for filling gaps in the data perform
poorly when consecutive data points are missing. Thus, there is a need to compare the performance of a
machine learning approach against classical imputation methods.
• Water quality outlier detection
The data collected by environmental sensors can be noisy and have outliers due to sensor malfunction.
These anomalies make the data more difficult to analyse and interpret. Therefore, the identification of
atypical observations is an essential concern in water quality monitoring. Typical methods for outlier
detection have low detection rates given the high variability in water quality data. Thus, there is a need
to investigate the performance of a machine learning approach for outlier detection in water quality data.
In this paper, we introduce and summarise the machine learning based modelling work we have been investigating for solving the three challenges described above. For water quality prediction, neural network models
based on artificial neural network (ANN), recurrent neural network (RNN) and convolutional neural network
(CNN) have been developed to forecast changes in dissolved oxygen (DO) and other water quality variables in
rivers draining to the GBR. For water quality data imputation, we proposed a sequence-to-sequence imputation
model (SSIM) for recovering missing data in high-frequency monitoring systems. The SSIM uses the stateof-the-art sequence-to-sequence architecture, and the Long Short Term Memory Network (LSTM) is chosen
to utilise both the past and future information for a given time. For water quality outlier detection, we have
been investigating neural network models combined with the wavelet decomposition. All the models show
promising results in solving some of the challenges around water quality data management and prediction.
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1

INTRODUCTION

Deteriorating water quality has a variety of social, environmental and economic impacts. The widespread use
of in-situ water quality monitoring sensors has provided researchers with a wealth of water quality data, making data-driven modelling a possibility. Compared with process-based modelling methods, machine learning
approaches do not require prior physical, chemical or biological knowledge of the system being monitored.
Instead, they try to ”learn” the hidden patterns in the data by processing the huge amount of monitoring data
directly. Being able to reproduce these patterns not only allows prediction of water quality but also can be
used to improve data streams through overcoming issues such as erroneous data.
This paper explores the application of machine learning approaches in aquatic sciences. This specific context
of this work is to better understand and improve the quality of water discharged from coastal catchments into
GBR ecosystems (Thorburn et al. (2019)). This work was undertaken within the CSIRO Digiscape Future
Science Platform GBR Project (CSIRO (2019)).
2
2.1

APPLICATIONS OF MACHINE LEARNING IN WATER QUALITY
PREDICTION

Predicting the trend of water quality is a significant challenge in several fields of study such as prawn aquaculture (Rahman et al. (2019)) and pollution management (Chang et al. (2015)). Predicting water quality can
guide the implementation of management actions to maintain good water quality conditions (Thorburn and
Wilkinson (2013)).
Data-driven models have proved successful in predicting water quality. For instance, artificial neural networks
(ANN) have been used to successfully predict the chemical oxygen demand during river restoration in Wuxi
city, China (Ruben et al. (2018)). Given that changes in water quality are driven by the physical environment
and complex biogeochemical processes (Vilas et al. (2017)), data-driven predictions need to include variables
that account for both the physical and biogeochemical environment.

(a) Multi-layer artificial neural network for (b) The workflow of predicting DO by using (c) 90 mins ahead DO prediction in the wet
predicting DO.
ANN and MI.
season (1/4/2014-30/4/2014).

Figure 1. Water quality prediction model based on multi-layer ANN and MI.

ANN based model. We proposed a predictive water quality model based on multi-layer artificial neural
network and mutual information (MI) (Zhang et al. (2019a)). MI is used to evaluate and choose the most
relevant water quality input variables by taking into account the non-linear relationships between the variables.
A multi-layer ANN model is built to learn the levels of representations and approximate complex regression
functions (Figure 1a).
Compared to other ANN-based modelling work (Sarkar and Pandey (2015)), we proposed a systematic way
to select appropriate water quality inputs for the specific water quality predictive task (Figure 1b). Unlike the
Pearson correlation coefficient which is commonly used to determine the relationship between variables, MI
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is more general and contains information about all linear and non-linear dependencies between variables. In
addition, the multi-layer ANN with the dropout mechanism is proved to have superior capabilities to traditional
shallow neural networks in preventing overfitting and capturing non-linear temporal correlations (Hinton et al.
(2012)).
In this study, water quality data collected from Baffle Creek, Australia was used in an experiment to test the
accuracy of our ANN model. Climate in North Queensland is characterized by wet and dry seasonal patterns.
In general, the wet season spans from November to April and the dry season spans from May to October. In
the wet season test illustrated in Figure 1c, the concentration of dissolved oxygen (DO) increases from around
4.0 mg L−1 to nearly 7.5 mg L−1 within the first month and thereafter fluctuates between 5.5 and 7.0 mg L−1 .
During this period, our multi-layer ANN model is effective in predicting the diurnal pattern as well as the
long-term variability. Also, the multi-layer ANN model has a quick response when DO concentrations start to
change.
Our model had superior R2 scores than the single layer ANN, support vector regressor and linear regression
models in predicting DO 90 mins or 120 mins into the future from the last observed data in both the dry and
wet season. The results indicate that our multi-layer ANN model can provide accurate predictions for the
trend of DO in the upcoming hours and is a useful supportive tool for water quality management in aquatic
ecosystems.
RNN based model. Recurrent Neural Networks (RNN) are able to exhibit a dynamic temporal behaviour
by establishing connections between units form a directed cycle. Compared to a feed-forward neural network,
RNN has information travelling in both directions. Computations derived from the earlier input are fed back
into the network, which is critical in learning the non-linear relationships between multiple water quality
parameters.
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We proposed a predictive water quality model based on a combination of a kernel principal component analysis (kPCA) and recurrent neural network (RNN) (Zhang et al. (2019b)). Water quality parameters are reconstructed based on kPCA method, which aims to reduce the noise from the raw sensory data and preserve
redundant information. With the RNN’s recurrent connections, our model can dynamically operate on input
information as a trace of acquired previous information.
As exhibited in Figure 2a, the structure of the RNN model across time can be expressed as a deep neural
network with one layer per time step. Because this feedback loop occurs at every time step in the series, each
hidden state contains traces not only of the previously hidden state but also of all past hidden states as long
as memory can persist. The workflow is depicted in Figure 2b. Firstly, the kPCA method is implemented on
the collected water quality data. Principal components are constructed and used as new inputs to the RNN
model. After training and testing the RNN model, the concentration of DO in the upcoming time steps can be
estimated.
We evaluated our kPCA-RNN model on DO data collected from Burnett River, Australia. The kPCA-RNN
model achieved R2 scores up to 0.91, 0.82 and 0.67 for predicting the concentration of DO in the upcoming 1,
2 and 3 hours, respectively. In the 3 hours ahead prediction (Figure 2c), around 93 % of the results were within
±10 % range of the original observations. In addition, compared to other baseline models such as standard
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ANN and support vector regressor, the proposed kPCA-RNN model achieved the best predictive accuracy
over different scenarios. Our model showed a high-level of accuracy in predicting temporal changes in DO
and temperature. Future investigations need to assess its performance in predicting variables such as turbidity
and nitrate, which are characterised by higher inherent uncertainty.
CNN based model. As well as recurrent based neural networks, we also investigated using convolutional
neural network (CNN) based modelling techniques for long-term water quality prediction.
Compared to RNN, Temporal Convolutional Networks (TCN) can capture longer-range patterns using a hierarchy of temporal convolutional filters (Lea et al. (2017)). Instead of using recurrent structure to maintain
temporal dependencies, the TCN applies various size of convolutional filters to obtain the temporal dependencies at different time scales. Also, the dilated convolutions (Van Den Oord et al. (2016)) increase the receptive
field significantly so time series data with long historical observations can be fully used.
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Figure 3. Multi-task temporal convolutional network for predicting water quality.

We proposed a multi-task temporal convolution network (MTCN) for predicting multiple water quality variables (Zhang et al. (2019)). The MTCN is able to forecast various water quality constituents simultaneously
(Figure 3a). This enables knowledge sharing between multiple learning processes, and also reduces the required computing resources significantly. By adjusting the dilation factors and filter size, the MTCN can cover
a wide range of time series data by applying a hierarchy of filters with various size. In addition, the residual connections help to maintain the stability of the deep neural network by enhancing the information flow
through the initial layers to last layers in the deep neural network. The task-specific dense layers with a linear
activation function are added on top of the shared convolutional layers. Each dense layer is designed to focus
on learning the task-specific knowledge and generate the estimations for each of the water quality variables
separately.
Water quality data from the Burnett River was chosen to test the MTCN. In the experiment, the MTCN was
able to simultaneously forecast changing temperature and DO in the following two days (Figures 3c and 3b).
Instead of predicting various water quality variables independently, this multi-task learning approach forces
the model to extract the correlation between various water quality variables explicitly, making use of the prior
knowledge of the system. As a result, the MTCN yields half hourly predictions in the following day, so 48
outputs are generated concurrently. Compared to predictive models that produce a single or a few number of
predictions, the MTCN allows to capture diurnal changes in water quality. This gives managers more time to
put in place management operations.
2.2

IMPUTATION

Missing data are unavoidable in long-term and real-time monitoring networks due to issues such as network
communication outage, sensor failure or lack of maintenance. Although multiple methods have been proposed
for filling gaps in the data, most methods give poor estimates when multiple data points are missing. The
greater number of missing data points, the more difficult the gap to fill. To address this issue, some methods
reconstruct missing data based on other variables collected at the same time. When all variables have gaps in
the data, these methods cannot be applied. The performance of deep learning methods have shown promise for

494

Y. Zhang et al., Machine Learning Approaches to Improve and Predict Water Quality Data
data imputation. However, these methods rely highly on a large volume of training data. In many scenarios, it
is difficult to obtain large volumes of data from monitoring networks.
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Figure 4. Sequence-to-sequence Imputation Model (SSIM).

Hence, we proposed a new sequence-to-sequence imputation model (SSIM) for recovering missing data in
sensor networks (Zhang et al. (2019)). The SSIM uses the state-of-the-art sequence-to-sequence deep learning
architecture. In conjunction with Long Short Term Memory Network (LSTM), the memory and attention
mechanisms utilize both the past and future information for a given time. In addition, a variable-length sliding
window algorithm is developed to generate a large number of training samples from small data sets so that the
SSIM can be trained with small data sets.
The SSIM utilizes the sequence-to-sequence architecture with the attention mechanism as depicted in Figure
4a, where the encoder and decoder are two key functional components. The encoder processes an input time
series and maps it to a high-dimensional vector. The decoder takes input from the vector and yields target data
sequences. Also, the attention mechanism enables the decoder to learn how to focus on a specific range of the
input sequence for the differing outputs.
An example of the application of the SSIM is shown in Figure 4b. The missing data points are predicted by the
SSIM one by one from 17/8/2017 to 23/8/2017. Each time the model yields one output, it will combine this
output with the previous inputs to generate the next new output. The SSIM utilises the available information
both from the past and future time steps, which enhances model’s ability to capture the trend through a period.
Processing information from two directions can efficiently reduce accumulated predictive error.
Experimental results were presented to demonstrate that the proposed model can recover missing data sequences more accurately than other benchmark methods, such as ARIMA, Seasonal ARIMA, Matrix Factorization, Multivariate Imputation by Chained Equations and Expectation Maximization. The SSIM is therefore
a promising approach for filling gaps in the data obtained from wireless sensor networks. The SSIM has been
implemented into a cloud-based data imputation system for processing water quality sensor data in real-time.
2.3

OUTLIER DETECTION

The third problem addressed in our work is outlier detection. Identification of atypical observations is an
important element of water quality monitoring (Di Blasi et al. (2013)). The data collected by environmental
sensors can be noisy and have outliers due errors in the sensors or physical interference. These anomalies
make the data more difficult to analyse and interpret and have a significant impact on the implementation of
water quality management actions.
Though various outlier detection algorithms have been proposed, most of them cannot achieve good accuracy
when dealing with high-frequency water quality monitoring data with large fluctuations. Hence, to process the
anomaly observations from the real-time water quality monitoring streams we combined the neural network
based regression model with wavelet decomposition algorithms as illustrated in Figure 5.
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Figure 5. An outlier detection framework based on wavelet decomposition and neural network predictive
model. The upper and lower block describe the model training and inference phase, respectively.

Wavelet decomposition algorithms are well-known methods for capturing features of time series both in time
and frequency domains. By applying wavelet decomposition to the original signals, a wavelet family that is
correlated with the signal can be created. After that, wavelet denoising can be applied to the original signal to
eliminate high-frequency noise.
One commonly used idea in anomaly detection is based on predictive models (Hill and Minsker (2010)). In
this approach, one step ahead prediction is generated by learning from the previous observations. Then, the
upper and lower threshold of the valid observations are calculated. Outliers can then be removed based on the
threshold determined. Thresholds are most often based on statistical analysis of the data, but may also come
from historical data, experience or recommendation by a domain expert.
In the framework depicted in Figure 5, the water quality stream is first decomposed into a high-frequency
and low-frequency component. The low-frequency signal is used to train a neural network-based predictive
model while the high-frequency component is treated as noise. After obtaining a data-driven model with
high predictive accuracy, the threshold for outlier detection is calculated based on the residual error between
observations and predictions. In the inference phase, the well-trained data-driven model is applied to the target
data streams. At each time index, if the water quality observations and the predicted water quality value have
the residual errors higher than the threshold, the water quality observation at this time index is labelled as an
outlier.
Real-time nitrate data collected between 12/2016 and 8/2018 from the Mulgrave River (GBR) has been used
in testing our outlier detection framework. In the experiment, the nitrate data stream was first decomposed
into a high-frequency and low-frequency component. After that, an ANN model was designed to predict the
low-frequency signal and tread the high-frequency to be noise. The residuals of the true observations and
model estimations over the training region were calculated. The threshold was then taken to be the mean of
these residuals plus half a standard deviation. The results demonstrated that decomposition highlighted more
of the outliers in general. All components of the high-frequency signal were classified as outliers, which also
smoothed the sensor data. A challenge still remains in discerning outliers from infrequent extreme values that
may occur in response to an atypical event in the catchment (i.e. bush fire).
3

CONCLUSIONS

Water quality modelling is a valuable tool to investigate, describe and predict the ecological state of the aquatic
ecosystem. High-frequency water quality monitoring systems provide a vast amount of water quality observations, but these will require techniques to improve data streams and to predict trends in the data. In this
paper, we illustrated various machine learning based modelling techniques investigated in the DigiscapeGBR
Project (CSIRO (2019)) for solving three water quality challenges. Experimental results in different aquatic
ecosystems demonstrate the efficiency in applying machine learning in the field of water quality prediction,
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imputation and outlier detection.
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