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ABSTRACT The accurate forecast of wastewater treatment plant (WWTP) key features can comprehend
and predict the plant behavior to support process design and controls, improve system reliability, reduce
operational costs, and endorse optimization of overall performances. Deep learning technologies as proven
data-driven soft-sensors should be developed for WWTP applications to tackle the process of non-linearity
and the dynamic nature of environmental data. This study adopts deep learning-based models as softsensors to forecast WWTP key features, such as influent flow, influent temperature, influent biochemical
oxygen demand (BOD), effluent chloride, effluent BOD, and power consumption. We constructed six deep
learning models derived from long short-term memory (LSTM) and gated recurrent unit (GRU), namely
traditional LSTM and GRU, the exponentially smoothed LSTM, and the adaptive version of LSTM and
smoothed LSTM. The employment of a smoothed LSTM technique is expected to reduce the outlier
effect and to improve forecasting accuracy. Meanwhile, the usage of adaptive deep models will enhance
the capabilities of the LSTM to quickly and accurately follow the trend of future data. We compared
the performance of these models with Bi-directional LSTM (BiLSTM) and the seasonal decomposition
using local regression. The historical records from a coastal municipal WWTP in Saudi Arabia are used to
verify the investigated models’ effectiveness. The proposed models provide promising forecasting results but
require no assumptions on the data distributions. In terms of efficiency, GRU based models converge faster
than LSTM based models. In terms of accuracy, the LSTM soft-sensor shows overall the optimal result for
all key features followed by the exponentially-smoothed GRU and LSTM. By contrast, the adaptive models
achieved the lowest forecasting performance compared to the other models. These findings will benefit
practitioners to achieve data-driven WWTP management.
INDEX TERMS wastewater treatment plant, soft-sensor, deep learning, long short-term memory, gated
recurrent units

I. INTRODUCTION

Modern wastewater treatment plants (WWTPs) are crucial
in minimizing aqueous pollution and maximizing reclaimed
water resources for the challenge of global dimensions [1].
Though challenged by stringent discharge standards, power
consumption budgets, and water reuse regulations, WWTPs
have to employ integrated physical, chemical and microbiological unit processes to improve treatment performances.

Moreover, the composition of incoming wastewater and
the types of installed facilities are variant among different
WWTPs in different seasons [2].
To remove pollutants, maintain effluent quality, and conserve energy consumption during the plant-scale treatment
processes, operators of WWTPs observe various water quantity and quality parameters. Therefore, sensors are involved
to monitor those parameters and further indicate the status
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of treatment processes from the plant level to the unit process
scale, which is offering voluminous amount of environmental
multivariate time-series data [3].
Due to the complex composition of wastewater and the
convoluted mechanisms of treatment systems, as well as the
non-linear, dynamic, and periodic nature of environmental
data, modeling is inevitable to comprehend and predict the
plant behavior in different scenarios and applications [4],
[5]. Models can support process design and controls, improve system reliability, reduce operational costs, evaluate
greenhouse gas emissions, and endorse optimization of overall performances [6], [7]. Forecasting wastewater treatment
characteristic parameters in advance would reveal process
downstream product qualities, effectively guide control actions, set cornerstones for further assessment models, flag
potential abnormal events when deviating from model predictions, and support practitioners’ cost-effective optimized
decision making [3], [8].
Previously, kinetic models together with simulated data
are developed and proposed, providing good solutions in
constructing the complexity of the activated sludge processes
and in forecasting the biological treatment efficiencies [9].
Though offering promising results, they demand expert
knowledge of various systems and subsystems. Besides, they
are case-specific and heavily conditional on the design of
WWTPs, which restricted their generalization [10].
Recently, soft-sensors are prevalently adopted to give reliable predictions and flexible modifications [11], [12]. Softsensors are statistical methods based on relatively accessible
information and historical data, that may effectively infer
or predict wastewater treatment characteristic parameters to
facilitate cost-effective control [3]. Compared to hard-sensors
such as selective electrodes or ex-situ analyzers, soft-sensors
are based on the identification of numerical relationships, and
are therefore economic but not requiring skilled staffs. Since
real-time reporting of wastewater treatment characteristic parameters are difficult but wanted, soft-sensors are introduced
to estimate process variables that are not directly accessible,
to avoid long analyzing duration and expensive investment
cost [13]. Applications in WWTPs showed short response
time, compatibility with conventional hard sensor networks,
and good transferability [14]. Additionally, soft-sensors may
be challenged in practice due to the lack of transparency and
the calibration or fine-tuning requirements.
As a popular time series model, autoregressive integrated
moving average (ARIMA) model is applied for forecasting
daily influent flow at five stations across North America [15].
However, though parametric models such as ARIMA and its
variants can provide satisfying forecasts when time-series
data shows regular variations, the forecast quality would
deteriorate when there exists irregular fluctuations. To alleviate this limitation, non-parametric models, such as machine
learning, have been introduced. One of the most popular softsensors categories is artificial neural network (ANN) [16].

ANN is a significant artificial intelligence approach simulating biological neurons, that may approach multivariate nonlinear functions. By stacking and linking multiple layers of
neurons to mimic input-compute-output functions, ANN can
capture data patterns and be employed for simulation, prediction, and optimization [17]. ANNs are frequently adopted in
the experimental designs to remove contaminants during the
water/wastewater treatment. In [18], a data-driven approach
based on the k-nearest neighbor (k-NN) is considered for
predicting water qualities at WWTP named suspended solid,
total nitrogen, chemical oxygen demand, and total phosphorus. They highlight that the k-NN can provide a reasonable
prediction of water qualities in dry weather. However, the
prediction performance of k-NN has deteriorated under wet
weather. In [19], Guo et al. compared two machine learning
models namely ANNs and support vector machines (SVMs)
in predicting effluent concentration in a WWTP in Ulsan,
Korea. Daily water quality data and meteorological data are
used to construct the two models. Results showed that the
SVM model outperformed the ANN models in this case
study. However, shallow methods are generally not suited
to uncover implicit and relevant information [20]. That lead
to increase the attention to developing more powerful approaches to exploit and deal with this explosion of big data.
In recent years, with the development of deep learning
models, several methods have been introduced to improve
the forecasts of time-series data in different domain applications [21]–[23]. Deep learning models can be obtained
by concatenating multiple layers into the neural network
structures [24], which enables them to automatically extract
relevant information from voluminous dataset with limited
human instruction [25]. Until recently, few studies have
explored the deep learning technologies in the prediction of
wastewater treatment characteristic parameters [26]. Since
the methodology has successfully reshaped multiple research
areas including smart city and urban computing, it should be
considered to advance the forecasting models in WWTPs.
For instance, Dairi et al. considered the one-class support
vector machine, combined with deep learning methods to
detect influent measurements that affect treatment units states
of WWTP. They used recurrent neural networks (RNNs)based model to learn time-dependent and extract relevant
features from multivariate time series, and applied a oneclass SVM algorithm to detect abnormal events in influent
measurements (e.g. seawater intrusion, water supply shutdown, discharge from construction area, and lift station
maintenance/flushing). Bhattacharjee et al. used an RNNbased approach for predicting BOD and nitrate [27]. This
study is conducted based on a single source of inlet water
and a relatively stable inlet water quality. Chaabouni et al.
constructed a method based on a convolution network-based
model to predict visual saliency in videos [28]. Results highlight the satisfying prediction performance and the highly
dynamic content of the model. Wang et al. applied an integrated long short-term memory network (LSTM) algorithm
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to identify water pollutants properties and to trace industrial
point sources of pollutants [29].
In this paper, we would build deep learning forecasting
models as soft-sensors for wastewater treatment key features, including influent flow, influent temperature, influent
biochemical oxygen demand (BOD) concentration, effluent chloride concentration, effluent BOD concentration, and
power consumption during the treatment. Inflow shows the
overall treatment workload, together with aeration demands
and costs [14]. Temperature as a hydrological variable is a
key factor in biological reactions with a close connection
to the further prediction of microbial water quality [30],
[31], and is also an important input for potential heat recovery models [32]. Influent and effluent BODs are classical
measures of organic compound contents in raw and treated
wastewater. They are closely monitored and controlled,
which is contributing predominantly to energy consumption
and operational expenditures. Standard BOD measurement
methods provide real values but may take five days to evaluate via biochemical reactions, which is asking for capable
BOD forecasting models [6], [26]. Effluent chloride is controlled by chlorine disinfection before discharge or reuse for
hygiene reasons. This important parameter is influenced by
several factors, including pH, temperature, suspended solids,
which is adding randomness to its modeling [33]. Power
consumption during the treatment is an overall assessment
of the WWTPs’ performances in reaching multiple discharge
standards given various influent conditions. This parameter,
as mainly attributed to pumping and aeration systems, is
directly linked to maintenance costs and greenhouse gases
emissions [10]. The univariate forecasting soft-sensors of
the above variables can provide references to estimate treatment results, guide processes monitoring, support data-driven
decision-making, and provide inputs for further multivariate
models [34]. In this time-series forecasting study, recurrent
neural networks derived deep learning models, including
long short-term memory and gated recurrent units (GRU),
along with their modifications, are selected as data-driven
soft-sensors to forecast the time series of aforementioned
variables. Specifically, to eventually improve the forecasting
performance of LSTM and GRU, their adaptive versions
are investigated. To decrease the forecasting error that may
be produced by outliers and noise measurements, the exponential smoothed LSTM and GRU models are built. The
performance of the above methods is compared with the
Bi-directional LSTM (BiLSTM) and the seasonal decomposition using local regression (SDL) as a traditional time
series model. The real data from a Saudi Arabia coastal
municipal WWTP is used as a case study in evaluating the
proposed forecasting methods. We are seeking both accurate
and fast predictions in forecasting the typical non-linear, nonGaussian, dynamic, periodic, and hetero-skedastic univariates by virtue of the contemporary deep neural networks.
The next section presents the involved WWTP dataset and
provides the GRU and LSTM modeling essentials. Section III

discusses the model fitting results and comparisons. Lastly,
conclusions are drawn in section IV.
II. MATERIALS AND METHODS
A. WASTEWATER TREATMENT PLANT DESCRIPTION

A coastal municipal WWTP located in Saudi Arabia is
investigated for this study, as in Fig.1. Aiming at water
reuse for irrigation, this WWTP employs the anoxic-aerobic
unit treatment processes followed by the membrane microfiltration tank and chlorination. To develop flexible ANN
soft-sensors for diverse situations, we take six univariate key
WWTP features into consideration. Influent flow, influent
temperature, and influent BOD concentration are sampled
from incoming municipal wastewater, to represent initial
working conditions that WWTPs are facing. Effluent chloride
concentration and effluent BOD concentration are sampled
from the irrigation water, to represent the quality of final
products. Power consumption is the overall summary of
energy input or greenhouse gas emissions to meet required
standards given initial conditions. We retrieved daily time
series of seven years (from 2010 to 2017) for the mentioned
six features. The univariate forecasting soft-sensors of above
variables can provide references to estimate treatment results,
guide processes monitoring, support data-driven decisionmaking, and provide inputs for further multivariate models.

FIGURE 1. The coastal municipal wastewater treatment plant (WWTP).
Biologcially purified wastewater are filtered by membrane modules, after which
permeates are chlorinated and collected for irrigation.

The descriptive summary of the wastewater characteristic parameters is tabulated in Tab 1. The WWTP receives
4332.38 m3 /d wastewater on average, while the peak value
3
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could reach 11122.00 m3 /d during rainy seasons and the
minimum could reach 1978.00 m3 /d during vacations. As a
WWTP located in equatorial area, the water temperature may
fluctuate around 30.08 ◦ C, while the BOD concentration of
the inflow is around 99.00 mg/L. The effluent BOD concentration is controlled around 3.75 mg/L. To reuse the permeate
for irrigation, the effluent chloride concentration is raised
to 475.47 mg/L averagely. The overall power consumption
is oscillating between 1727 kWh/d to 21850 kWh/d. Such
contrasting extreme values are showing possibilities for finer
control and are demanding better forecasting models.
TABLE 1. Summary of the six key features in a WWTP.

mean
sd
min
quartile.l
median
quartile.h
max
skew
kurtosis

InFlow_BOD
99.00
34.71
18.00
73.00
99.00
120.00
400.00
0.79
3.37

InFlow_Total
4332.38
684.48
1978.00
3911.00
4415.00
4798.00
11122.00
0.11
4.02

InFlow_Temp
30.08
1.55
24.75
28.80
30.33
31.40
33.20
-0.39
-0.93

Irr_BOD
3.75
1.32
1.00
2.80
3.70
4.50
13.80
0.94
3.91

Irr_Cl
475.47
139.95
41.00
412.00
489.00
558.00
1450.00
0.16
3.99

Power_Treatment
10836.79
1216.08
1727.00
10540.00
11019.00
11405.00
21850.00
-0.47
9.71

B. LONG SHORT-TERM MEMORY (LSTM) NEURAL
NETWORKS

Over the last decades, recurrent neural networks have been
applied exponentially in machine learning and are considered to be one of the most efficient tools for solving timedependent forecasting tasks. Among RNN models, it is worth
mentioning the long short term memory which is the most
popular and suitable for time series data forecasting [35]. As
primarily designed by Hochreiter and Schmidhuber, LSTM
are still being actively developed in a wide range of applications [36]–[39]. LSTM possesses a great capacity in
describing long-term dependencies and can cope with the two
common problems facing traditional RNNs, namely the exploding and vanishing gradient problems. Essentially, LSTM
is convenient to understand and implement, and less sensitive
to gap length compared to ANN models, hidden Markov
models or other sequence learning methods in several forecasting application domains.
Basically, LSTM models are composed of cell blocks that
contain the input gate, the forget gate and the output gate.
The role of the three gates is to control the movement of
information into and out of the cell, while the cell memorizes
values over arbitrary time periods [37]. The basic structure of
RNN-LSTM is depicted in Figure 2.
It is worth pointing out that the RNN-LSTM has two inputs
working simultaneously, namely the new arrival input, Xt ,
and the hidden state of the past time step, Ht−1 , (Figure 2).
The available information is then used to compute the output
via the fully connected layer by using its activation function
(e.g., tanh, sigmoid, softmax, and Adam). Therefore, the
output of each gate can be obtained through logical operation
and nonlinear transformation of inputs.
We let Xt denote the input vector, h refers to the number of
hidden units, Ht−1 represents the hidden state at time point
t−1, and Ht be the output vector. The mathematical formulas

FIGURE 2. Diagram illustration of an LSTM unit.

summarizing the connections between the inputs and outputs
of the RNN-LSTM model are:

where Wxi , Wxf , Wxo Wxc , Whc , and Whi , Whf , Who are
the weight parameters and bi , bf , bc , and bo are bias parameters, ◦ denotes the element-wise multiplication. Estimating
Ct can be done by using information from memory cells
Ct−1 and C̃t .
Of course, the LSTM model showed good performance
for learning long-term dependencies more easily than the
conventional recurrent neural network [37]. Another variant
of RNN has been developed to address the challenge of long
term dependencies is discussed next.
C. GATED RECURRENT UNIT (GRU) NEURAL
NETWORKS

Gated recurrent unit model is a gating mechanism in recurrent neural networks, proposed by [40]. GRU is considered as
a variant of LSTM, for it is similar to the LSTM but has less
parameters: it combines the forget gate and input gate into
an update gate. The GRU shows comparable performance
to LSTM in sequence modeling with less parameters and
difficulties. Figure 3 presents the basic structure of the GRU.

FIGURE 3. Diagram of a gated recurrent unit (GRU).

The GRU introduces the reset gate and updates the gate
to change the calculation methods for hidden states in the
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RNNs. Figure 3 indicates that the input vector Xt and the
hidden state of previous time point Ht−1 are the inputs for
the reset and update gates. Essentially, the output is obtained
through the fully connected layer with a sigmoid activation
function. Similarly, it is considered that there are h hidden
units, and, for a given time point t, the input is Xt , and the
hidden state of the last time step is Ht−1 . Then, the reset gate
Rt , the update gate Zt , and the hidden state Ht are being
computed as:

Rt = σ (Xt Wxr + Ht−1 Whr + br )


 Z
= σ (Xt Wxz + Ht−1 Whz + bz )
t
e t = tanh (Xt Wxh + (Rt ◦ Ht−1 ) Whh + bh ) .
H



et
Ht = Zt ◦ Ht−1 + (1 − Zt ) ◦ H
(2)
where Wxr ,Wxz , Whr , Wxh , and Whh denotes weight parameters and br , bz , and bh refer to bias parameters. At
each time point t, the actual update gate Zt is utilized for
combining the past hidden state Ht−1 and actual candidate
hidden state H̃t .
Overall, the attractive features of the GRU model are the
shorter training time compared to the LSTM and the fewer
parameters that the GRU model possesses compared to the
LSTM.
D. BIDIRECTIONAL LSTM (BILSTM) MODEL

The previously discussed deep learning models possess a
causal structure, that is the state at time point t catches
solely information from past (x1 , . . . , xt−1 ) and present input
data, xt . In the LSTM, the actual state is reconstructed
via the backward context, however, the forward context,
which presents a relationship with the actual state, is not
ignored. Now, we present the idea of the bidirectional LSTM
model [41], [42]. Compared to the LSTM model that passes
the input data through the network in one direction from past
to future (forward), the BiLSTM processes the input also
in the backward direction from the future to the past.This
approach employs both future and past data while LSTM and
the other neural networks use only historical data. Accordingly, improved accuracy in state reconstruction is achieved
by BiLSTM that merges the desirable features of both bidirectional RNN [41] and LSTM [42]. The BiLSTM processes
the input in two ways including normal time order (past to future) and time-reversed (future to past) this technique makes
it able to discover more complex time-dependent features.
The forward and backward hidden states are represented by
−
→ ←
−
Ht , Ht respectively in the following equations:
−
→
→
−
− + H t−1 W→
−→
− + b→
−)
Ht = A(Xt Wx→
H
HH
H
←
−
←
−
− + H t−1 W←
−←
− + b←
−)
Ht = A(Xt Wx←
H
HH
H
→
−
←
−
−
− + bO
Ot = H t W→
+ H t W←
HO
HO

(1)
(2)
(3)

where W and b are respectively weights matrix and bias
vector, the activation function is expressed by A, which is

usually the sigmoid denoted by σ, or hyperbolic tangent
denoted by tanh, or ReLU. The output represented by O
←
−
is produced based on the two directions backward H and
→
−
forward H .

FIGURE 4. Basic illustration of BiLSTM.

E. DATA PREPROCESSING: EXPONENTIAL
SMOOTHING

WWTP data collected using sensors can be easily contaminated by noise and outliers. Accordingly, these data should be
filtered or smoothed to reduce noise, to remove outliers and
to enhance data quality. Numerous filters have been proposed
and developed in the literature for time series denoising.
In this paper, an exponentially weighted moving average
(EWMA) filter is applied to the collected data to smooth the
data and remove outliers.
The EWMA filter takes the form of a first-order process,
and can be expressed as

st = νxt + (1 − ν)st−1
(3)
s0 = µ0
where xt is the observation at time t, St is the filter output at
time t, and ν ∈ [0, 1] is the smoothing parameter that defines
the depth of the memory of EWMA.
F. THE PROPOSED FORECASTING WORKFLOW

This study is about modeling, and forecasting of WWTP key
features using deep learning-based models. The schematic
presentation of the proposed forecasting framework is depicted in Figure 5. This forecasting framework is performed
in two parts: training and online forecasting. First, we smooth
the WWTP key features using the EWMA filter to reduce
the effect of noise measurements and outliers. Then, we split
the smoothed time-series data into a training sub-data and a
testing sub-data. We use the training data to build the investigated deep learning models. In this study, the parameters
of the deep learning models are tuned by minimizing the
loss function via the Adam optimization algorithm based on
training datasets. After fitting, the trained models will be used
to forecast the future trends of the WWTP key features using
the testing data. Overall, the deep learning-driven forecasting
5
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models learn the temporal correlation hidden among the
WWTP key features and are expected to reveal and capture
the future trend based on previous records.
III. RESULTS AND DISCUSSION

In this section, we would firstly analyze the key features
dataset and then present forecasting assessments and discussions.
A. WWTP DATA ANALYSIS

The WWTP key features dataset contains daily measurements of influent flow, influent temperature, influent BOD
concentration, effluent chloride concentration, effluent BOD
concentration, and power consumption, from September 1st,
2010, to September 1st, 2017. Each series contains 2557
observations. We displayed the time series in Fig 6.
The statistical summary of each variable is inherited here
from the Table 1. The skewness and kurtosis metrics are used
for assessing the asymmetry and flatness of the distribution
of key features time series. Gaussian distribution is typified
by its kurtosis equal to 3. Distributions that are more peaked
than the normal distribution possess kurtosis larger than
3; distributions that are flatter than normal distribution are
characterized by kurtosis less than 3. On the other hand,
skewness checks the asymmetry of the measurements around
the sample mean. Basically, negative skewness indicates that
the data is skewed to the left side, while positive skewness
indicates that the data spread out more to the right. The other
metrics (i.e., mean, standard deviation and quartiles) provide
information related to the location and spread of the dataset.
We can infer from the Table 1 that the WWTP key features
data are non-Gaussian distributed and exhibit a wide range of
standard deviations.
To further assess the time dependency in the training
datasets, the autocorrelation function (ACF) of each variable
is illustrated in Figure 7. ACF quantifies the correlation of
a given process variable with itself at differing time lags,
which could anticipate the time period length between two
successive maxima. Figure 7 shows the significant presence
of a yearly cycle (seasonality) in inflow temperature, together with relatively high autocorrelations in other process
variables. This periodicity is a typical pattern observed in
environmental datasets [43], [44].

data are compared to the original data, not with the
smoothed data.
• LSTM-update: In this model, the parameters of the
LSTM model are updated recursively for new arriving
observations. This permits dynamically adjusting the
model to describe new testing data, and well-capturing
features in the time series, which enhances the forecasting quality.
• LSTM-EWMA-update: This strategy applies the
LSTM-Update model to the smoothed data based on the
EWMA filter.
For performance comparisons, root mean squared error
(RMSE), mean absolute error (MAE), and mean absolute
percentage error (MAPE) are adopted to quantify the forecasting performances of key features measurements at the
WWTP.
v
u n
u1 X
(yt − ŷt )2 ,
(4)
RM SE = t
n t=1
Pn
M AE =

t=1

|yt − ŷt |
,
n

(5)

n

100 X yt − ŷt
%,
M AP E =
n t=1
yt

(6)

where yt are the actual values, ŷt are the corresponding estimated values, and n is the number of measurements. Lower
RMSE, MAE or MAPE values represent more accurate forecasting performances. Furthermore, we shall investigate the
distribution of forecasting errors via histograms.
First, each model is trained with the training measurements. Then, we forecast key features using the fitted models
for the incoming testing dataset. Here, testing data consist of
one year of daily data from Sep 1st, 2016 to Sep 1st, 2017.
Parameters of the constructed LSTM and GRU models based
on training datasets are presented in Table 2.

B. FORECATING RESULTS

This section will compare the forecasting performances of
different combinations of RNN-based models and EWMA
filters. Specifically, six RNN-based models are presented and
compared.
•

LSTM and GRU-based EWMA models: These adopted
models, at first, apply the EWMA filter to smooth the
raw datasets to remove outliers, and then fit the LSTM
or GRU model to the smoothed data for forecasting. It
should be noted that to assess forecasting performance
of LSTM-EWMA and GRU-EWMA, the forecasted

TABLE 2. Tuned parameters in the GRU and LSTM models.

As illustrations of training processes, the evolutions of the
RMSE as a function of the number of iterations in LSTM
and GRU are displayed in Figure 8. We can observe the
convergence of the RMSE when the number of epochs is
reaching 100, while the GRU model converges much more
efficiently than the LSTM model. Therefore the GRU would

6
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FIGURE 5. Workflow of the proposed deep learning-driven forecasting procedure.

FIGURE 6. Time series plots of the training dataset from WWTP key features.

FIGURE 7. ACF of the training dataset from WWTP key features.

require less amount of training data to fit and still work well
in cases when the size of training dataset is limited.
Figure 11 illustrates the histograms of the forecasting
errors from each model for each variable (i.e., influent
flow, influent temperature, influent BOD concentration, effluent chloride concentration, effluent BOD concentration, and
power consumption.) The forecasting error is defined as the
difference between the measured value yt and the predicted
value ŷt . The error analysis highlights that the forecasting
accuracy obtained by the considered deep learning models

FIGURE 8. Evolution of the RMSE value at the training stage for (a) LSTM, (b)
GRU, and (c) BiLSTM.

can satisfy practical needs and can be useful for full-scale
municipal WWTPs.
The forecasting capabilities of the six deep learning models are assessed via RMSE, MAE, and MAPE (see Table 3).
To summarize the assessments, the averaged metrics are
tabulated and sorted by MAPE as per model in Table 4, and
as per series in Table 5. The barplot of MAPE values is shown
7

VOLUME 4, 2016

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI
10.1109/ACCESS.2020.3030820, IEEE Access
T. Cheng et al.: Forecasting of Wastewater Treatment Plant Key Features using Deep Learning-Based Models: A Case Study

3

(a) InFlow.Total (m /day)
LSTM.Update
LSTM.EWMA.Update

8000

LSTM
LSTM.EWMA

2000

4000

3

GRU
GRU.EWMA

6000

InFlow.Total (m /day)

10000

Obs.
Hist.Obs.

Sep

Nov

Jan

Mar

Time

May

Jul

Sep

32
30
28
26

InFlow.Temp (degree Celsius)

(b) InFlow.Temp (degree Celsius)

Obs.
Hist.Obs.
Sep

Nov

GRU
GRU.EWMA
Jan

LSTM
LSTM.EWMA
Mar

Time

May

LSTM.Update
LSTM.EWMA.Update
Jul

Sep

400

(c) InFlow.BOD (mg/L)
GRU
GRU.EWMA

LSTM
LSTM.EWMA

LSTM.Update
LSTM.EWMA.Update

40.0%

Method

200

GRU
GRU.EWMA
LSTM

100

InFlow.BOD (mg/L)

300

Obs.
Hist.Obs.

in Figure 10 to visually assist the comparison of obtained
results by the six considered models. It can be observed that
no single model provides superior performance uniformly
for all key features, in terms of the three indicators (i.e.,
RMSE, MAE, and MAPE). The forecasting results support
that the GRU-EWMA forecasting model has higher accuracy
overall than the other models. This is mainly due to the fact of
feeding smoothed data via the EWMA filter, which removes
outliers observations. In addition, this can be attributed to
the great capacity of the GRU in efficiently learning timedependent times series data. In terms of the series, as listed
in Table 5, generally physical variables are more predictable
than chemical or biochemical variables. The temperature and
total inflow could be related to the more predictable hydrographic cycle, and the power consumption is directly related
to the total inflow. Though the effluent chloride is following
discharge standard, it is still hard to predict. BOD values are
inherently involving complicated biochemical processes and
are thus hard to forecast.
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FIGURE 10. Barplot of MAPE values obtained by each forecasting approach.
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FIGURE 9. Forecasting results of (a) influent flow, (b) influent temperature, (c)
influent BOD concentration, (d) effluent chloride concentration, (e) effluent
BOD concentration, and (f) power consumption. Predicted time series are
colored per different models, while the gray lines in the background are
historical observations in previous years.

Forecasting of WWTP key features can comprehend and
predict the plant behavior to support process design and controls, improve system reliability, reduce operational costs and
endorse optimization of overall performances. Deep learning
technologies as proven data-driven soft-sensors should be
developed for WWTP applications to tackle the non-linear,
dynamic, and periodic nature of environmental data. In this
study we established RNN-based models including LSTM
and GRU as soft-sensors to forecast WWTP key features,
such as influent flow, influent temperature, influent BOD,
effluent chloride, effluent BOD, and power consumption. We
employed the dataset from a coastal municipal WWTP. The
exponential smoothing filter is further involved to preprocess
the noisy raw data prior to deep learning. Models are assessed
via RMSE, MAE, and MAPE. The proposed models provide
suitable forecasting results but require no assumptions on
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FIGURE 11. Histograms of model forecast errors on (a) influent flow, (b) influent temperature, (c) influent BOD concentration, (d) effluent chloride concentration, (e)
effluent BOD concentration, and (f) power consumption.

the data distributions. In terms of efficiency, GRU converges
much more rapidly than LSTM. In terms of accuracy, the
GRU-EWMA soft-sensor shows overall the optimal result for
all key features.
Despite the promising forecasting results achieved, the
work carried out in this paper provides some directions for
future works.
• The trained model can be further incorporated into
optimization scenarios to offer data-driven strategies for
daily optimal WWTP operation, pollutant removal, and
cost reduction purposes.
• The environmental time series investigated contain significant temporal noises that could be further researched
by building multi-variate and multi-scale deep learning

•

models involving wavelet-based presentations.
Though built on plant-wise daily records, the model
training is still limited by the deficiency of data. We
would recommend future studies to consider sensor
network that can offer dataset with larger dimensions
and higher frequency.
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