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a b s t r a c t

Ensuring the performance of wastewater treatment processes is important to guarantee that the
final treated wastewater quality is safe for reuse. However, bacterial concentration present along the
different stages of treatment process is not easily measured routinely for the plant operators. In this
paper, a moving horizon sensing approach based on neural networks is proposed to estimate the
bacterial concentration in wastewater sampled along different stages of the plant. Due to the difficulties
to measure the bacteria and the lack of a sufficiently large dataset, a Wasserstein generative adversarial
network (WGAN) is designed to generate synthetic data. The Wasserstein critic loss is computed on
a held-out validation set to evaluate the WGAN. Then, the generated data is used to train a long
short term memory (LSTM) neural network that is developed to predict the biomass concentration and
update the LSTM weights by a sliding window learning approach. Two datasets for WWTP are used to
test the proposed method: first, effluent concentrations simulated using a benchmark simulation model
no.1 (BSM) based on membrane bioreactor (MBR), where three different weather profiles of influent
data were considered then, sampled data from MBR plant at King Abdullah University of Science and
Technology (KAUST). Finally, the prediction results indicate that WGAN successfully generates realistic
samples that are used to train the LSTM neural network. In addition, estimation performance of the
proposed method is compared with a multilayer perceptron neural network (MLP-NN). Results showed
that the proposed method improves the bacteria estimation performance compared to MLP-NN.

© 2021 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND
license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

The main goal of a wastewater treatment plant (WWTP) is to
reduce pollutant concentrations and obtain clean treated wastew-
ater that can be reused to alleviate water scarcity. The activated
sludge process (ASP) is a biological treatment method commonly
utilized in WWTP. In the activated sludge process, active microor-
ganisms are responsible for the organic and nutrient removal
from wastewater. In addition, a certain portion of bacteria that
are originally present in the untreated wastewater, along with
settleable solids, settles down in the activated sludge blanket
when the water is retained in the activated sludge tank and in the
clarifiers. Depending on how the WWTP is operated, the super-
natant can be further disinfected by chemical oxidants (e.g. chlo-
rine or ozone) before it is discharged or reused. Having a high
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bacterial concentration in the final product water is detrimental
for the environment and for public health. It is therefore vital that
different stages of the WWTP are monitored for their ability to
remove bacterial contaminants.

However, in WWTP the variables that can be easily mea-
sured by appropriate instruments rely on physical or chemical
variables but there are essential key variables that cannot be
easily measured like the bacteria cell concentration. The offline
traditional laboratory analysis like counting or using flow cy-
tometry has a time-lag problem and cannot reflect the state of
the process in time. For example, heterotrophic and autotrophic
biomass concentrations require cultivation to enumerate, which
is tedious and time consuming. Also, flow cytometry was used for
bacteria cell counts but requires trained expertise to operate the
instrument to determine the concentration of bacteria [1]. Both
methods depend on lab setup and sample taking for estimation.
Therefore, estimation methods and soft sensing are effective way
to solve this problem [2,3]. These methods are able to accurately
estimate the non-easily measurable variables in WWTP which
would be beneficial for plant operators. In particular, there exist
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different methods for soft sensing of complex non-linear systems
which can be classified into two classes: model-based methods
and data-driven soft sensors.

A family of activated sludge models (ASM) were proposed
by the International Water Association (IWA) to model the ac-
tivated sludge process [4]. Similarly, for membrane bioreactor
(MBR)-based WWTPs, the ASM1 was revised and a benchmark
simulation model (BSM) was developed for control and esti-
mation purposes [5,6]. To estimate the biomass concentration
using the ASM1 model which corresponds to state variables,
observers can be designed to estimate these variables. How-
ever, observability for non-linear systems is a challenging task
and it is not always guaranteed. In [7,8] extended Kalman filter
and distributed Kalman filter have been used to develop con-
centration estimation using the ASM1 that is linearized around
typical state trajectories to test the observability. After lineariza-
tion, the non-linear ASM1 is considered to be observable only in
the neighborhood of the typical trajectories. However, for real
WWTPs ASM models require calibration for reliable operations.
Due to inaccessible ASM1 variables, [9] developed a model cal-
ibration and validation algorithm based on the reduced order
activated sludge model [10]. Model-based methods provide a
good strategy for estimation of the non-accessible variables in-
cluding bacterial concentration however they suffer from several
issues. One main problem is the non-accessibility of variables
that are important for model calibration and estimation. In addi-
tion, model-based methods are difficult to build for complicated
process, unable to express the actual process conditions and
they require prior knowledge [3,11]. Consequently, data-driven
estimation algorithms can be utilized to overcome the complexity
of implementing model-based methods on non-linear complex
process with many non-measurable variables.

Data-driven methods have been developed and successfully
applied for soft sensing in industrial processes [3], such as Partial
Least Square (PLS) regression, Artificial Neural Network (ANN)
and Deep Neural Network (DNN). PLS regression requires large
data and weak in non-linear processes. Whereas, ANN and DNN
have the ability to approximate non-linear continuous function
which make them suitable for non-linear processes. In wastew-
ater treatment industry, an artificial neural network is used for
online bioreactor state estimation [12]. Similarly, in [13] a Mul-
tilayer Perceptron Neural Network (MLP-NN) is developed to
predict effluent contaminations for performance evaluation using
influent concentrations. Also, a Stacked Autoencoder with Neural
Network (SAE-NN) is proposed to estimate effluent Biochemical
Oxygen Demand (BOD) [14]. Nevertheless, the previous learning
methods are static under the hypothesis of steady state and static
process. In fact, real wastewater treatment processes are always
dynamic. Therefore, dynamic data-driven soft sensing methods
are developed such as Recurrent Neural Network (RNN) and
its improved version Long–Short Term Memory (LSTM) neural
network that are well suitable for dynamic processes. However,
vanilla RNN has short memory which causes vanishing gradi-
ents to overcome this drawback the LSTM neural network was
proposed in [15]. The LSTM has the advantage of saving long de-
pendency and control how to forget information compared to the
RNN. In addition, the LSTM neural network is used in wastewater
treatment processes for denoising and control purposes [16,17].
Besides, the author in [18,19] introduced a prediction of effluent
violations with LSTM neural network and the results showed
an advantage of using LSTM than MLP-NN. Another dynamical
process where LSTM outperforms PLS, dynamic PLS, dynamic ANN
and simple RNN is a real case of coal gasification process [11].

For the lack of a soft sensing method to estimate the bacte-
ria in WWTP and challenges in the model-based methods, this
motivates the design of an online soft sensing of bacteria in

WWTP. A crucial key challenge was the lack of experimental
data thus a deep generative model was designed. In this work, a
Wasserstein generative adversarial network (WGAN) is designed
to generate training data due to the lack of real data and time
consuming process of counting the bacteria cells. In addition, a
long short term memory neural network is proposed to estimate
bacterial concentration from measurable variables. As a result,
WWTP performance can be assessed by measuring the bacterial
concentrations at different phases of the treatment process. The
proposed method is tested to predict the influent and effluent
bacteria cells count in samples obtained from WWTP located at
King Abdullah University of Science and Technology (KAUST). This
is in addition to the effluent concentrations simulated using the
MBR model. It is worth noting that the proposed method can
be applied as a virtual sensor for bacteria estimation in WWTP
considering parameters tuning for better accuracy. The presented
paper contains the following contributions:

• Design a generative model for feasible data generation by
Wasserstein generative adversarial network.
• Develop an online estimation algorithm for bacterial con-

centration using LSTM.
• Propose an assessment indicator for WWTP based on bacte-

rial concentration.

This paper is organized as follows: In Section 2, the problem
formulation is described and KAUST WWTP is introduced. The
BSM-MBR mathematical model used for effluent simulation is
presented in Section 3. Section 4 shows the synthetic data gen-
eration by WGAN. Then, the smart sensing of bacteria along with
prediction results are presented in Section 5. Finally, concluding
remarks of the proposed methods are presented in Section 6.

2. Problem formulation

The objective is to estimate the bacterial concentration in
wastewater treatment plants. The difficulties to measure the
bacteria and the lack of data poses a real challenge for neural
network based estimation. To deal with this issue, a genera-
tive model based on Wasserstein generative adversarial network
(WGAN) has been developed to generate realistic data that is used
in training a long short term memory (LSTM) neural network.
Then, the proposed LSTM neural network is utilized to estimate
the bacterial concentration for two different WWTPs. First, is a
hypothetical WWTP based on the BSM-MBR where a mathemati-
cal model and influent data are used to simulate the process and
obtain the biomass concentration. Second, is a real WWTP located
at KAUST where the data is sampled.

In this section, the membrane bioreactor (MBR)-based wastew-
ater treatment plant located at KAUST is introduced. The general
plant characteristics of KAUST MBR are described in the first
subsection. The datasets used to evaluate the proposed method
are detailed in the second subsection.

2.1. MBR plant characteristics

The plant layout of KAUST MBR is represented in Fig. 1. The
flow diagram shows three tanks: anoxic tank 1, aerobic tank 2
and membrane tank 3. The influent wastewater enters tank 1 and
is drained from tank 3. The air is injected in tank 2 to supply
sufficient oxygen to the process through fine air bubble blower.
Also, tank 3 is supplied with oxygen through coarse air bubble
blower for fouling mitigation. Then, the sludge is recycled from
the last tank to the first tank to enhance denitrification of the
nitrate. The total capacity of the plant is 1500 m3. The volume
of anoxic, aerobic and membrane tank are 350 m3, 380 m3 and
770 m3 respectively.
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Fig. 1. Flow diagram for the membrane bioreactor located in KAUST which
shows the water flows from anoxic tank 1 where the influent enters to be
drained as effluent in membrane tank 3. In addition, to the air flows from the
bubble diffusers to the aeration tank 2 and membrane tank where the water
recycled to the anoxic tank

2.2. Datasets

In this work, two WWTP datasets were used for data gen-
eration and bacteria estimation. First, is the influent data from
the IWA group that is used to simulate the BSM-MBR [20]. Three
influent profiles are considered depending on the weather condi-
tions which are: dry, rainy and stormy weather. The data contains
influent concentrations and flow rate sampled every 15 min for
14 days period. The rainy profile contains one week of dynamic
dry weather influent data and a long rain event in the second
week whereas two storm events are imposed in the second
week of the stormy weather dataset. Second, is sampled data
from KAUST WWTP where the influent and effluent data are
measured from Aug 2018 to Jan 2020 on a monthly basis. The
variables measured on-site by the plant operators are: turbidity,
conductivity, total suspended solids (TSS), total dissolved solids
(TDS) and chemical oxygen demand (COD). Plant operators are
unable to measure bacterial concentration in the wastewater on-
site. To obtain the data needed for bacteria estimation, cell count
is determined in the lab using flow cytometry based on protocols
described earlier [21].

3. Modeling of the BSM-MBR

The BSM1 was proposed in [20] and it has been adopted for the
MBR-based WWTP in [6]. For the purpose of this paper, the MBR
mathematical model used to simulate effluent concentrations is
briefly described. Then, the simulation procedure to generate
the effluent concentrations and variables considered for bacteria
estimation are presented.

3.1. Mathematical model

As proposed in [6], the plant configuration consists of 5 tanks,
2 anoxic tanks followed by 3 aerobic tanks. The air is injected into
the aerobic tanks through fine bubble aeration in tanks 3 and 4,
while air is injected through coarse aeration in tank 5. The ASM1
is used to describe the biological phenomena, the system dynam-
ics are expressed using the pollutant and sludge mass balances
with the nonlinear dynamic equations in Table 1. In ASM1, 13
different concentrations are considered as state variables lumped
in Zi. All system variables are described in Appendix A.

Zi = [SI , SS, XI , XS, XBH , XBA, XP , SO, SNO, SNH ,

SND, XND, SALK ].

Table 1
Nonlinear system dynamics.

Ż1 =
1
V1

(
QfeedZfeed + QintZ4 − (Qfeed + Qint )Z1 + V1Sρ(Z1)+ q1

)
,

Ż2 =
1
V2

(
(Qfeed + Qint )(Z1 − Z2)+ V2Sρ(Z2)+ q2

)
,

Ż3 =
1
V3

(
(Qfeed + Qint )Z2 + QrZr − (Qfeed + Qint + Qr )Z3 + V3Sρ(Z3)+ q3

)
,

Ż4 =
1
V4

(
(Qfeed + Qint + Qr )(Z4 − Z5)+ V4Sρ(Z4)+ q4

)
,

Ż5 =
1
V5

(
(Qfeed + Qr )Z4 − (Qfeed − Qw)Ze − (Qr + Qw)Z5 + V5Sρ(Z5)+ q5

)
,

Such that ρ(Zi) ∈ R8×1 is the reaction rate vector where
Zi ∈ R13 × 1 is the concentrations of the ith tank and S ∈ R8×13
is the stoichiometric matrix. ρ(Zi) and S can be obtained from
the Petersen Matrix introduced by Petersen [22]. The Petersen
matrix is presented in Appendix B where the left column is the
basic process, the right column is the reaction rates and the other
columns represent the stoichiometric matrix. The default values
of the biokinetic parameters proposed in [4] are adopted here.
In addition, the aeration model proposed in [6] has been used
to obtain the value of qi containing the Oxygen Transfer Rate
(OTR). The aeration model and model parameters are shown in
Appendix C

3.2. Effluent simulation

The MBR model is simulated using the influent dataset for
the BSM1 to obtain the effluent concentrations. The simulation
is done using MATLAB built-in function called ode15s due to the
stiffness nature of the model. Three types of data were gener-
ated from different weather profiles: dry, rain and stormy. The
simulation starts by implementing an open-loop simulation using
flow-weighted concentrations and average influent flow rate for
100 days to obtain the steady state values. Then, the steady state
values are used as initial conditions in the dynamic simulation.
Effluent concentrations are obtained by running the dynamic
simulation for the system over 28 days. Specifically, the first 14
days of the dynamic simulation are fixed where dry influent data
is considered for all weather profiles whereas the influent data
is changed based on the weather condition for the next 14 days.
The dynamic simulation procedure is well described in [20]. The
main assumption is that the membrane is not ideal, that is one
percent of the solids is not retained by the membrane. In this
work, effluent COD and TSS are defined as inputs to the proposed
estimation method to the biomass concentrations (XBH , XBA). As
introduced in [20] the effluent COD and TSS are calculated from
the effluent concentrations as follows:

COD = SI + SS + XI + XS + XBH + XBA + XP , (1)

TSS = 0.75(XI + XS + XBH + XBA + XP ). (2)

4. Methods

In this part, neural network based estimation for bacterial con-
centrations is introduced. First, the features used to estimate the
bacterial concentrations are described. Then, a data generation
algorithm based on WGAN is designed and the evaluation of this
algorithm is presented. Finally, LSTM neural network is developed
for the prediction of bacterial concentration. Fig. 2 represents a
schematic diagram describing the proposed method for sensing
bacterial concentrations in WWTP.
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Fig. 2. Neural Network Based Sensing of Bacteria in Wastewater Treatment Plants.

Fig. 3. Correlation matrix of the input data. On the right is the effluent data correlation which shows a high correlation between (turbidity, TSS) and (conductivity,
TDS). On the left is the correlation matrix for the influent dataset.

4.1. Data preparation

For developing an efficient and accurate neural network esti-
mation method input features and output data need to be pre-
pared sufficiently. In this work, two datasets were used to evalu-
ate the proposed method: simulated data base on the BSM-MBR
and the experimental data from KAUST WWTP. The simulated
data consists of COD, TSS and the biomass concentrations (XBH ,
XBA) where the correlation is illustrated in Eqs. (1) and (2). There-
fore, COD and TSS are used as input variables to estimate the
biomass concentrations. However, the correlation between the
biomass and measured variables (COD,TSS) is not always well
defined in real WWTP. For the real sampled dataset of KAUST
WWTP, the correlation between features is computed for influent
and effluent concentrations to remove redundant features. The
correlation matrices are presented in Fig. 3 where the effluent
correlation matrix shows that conductivity is highly correlated
with TDS and turbidity correlates with TSS. Hence, using all of
them can be computationally costly and add no further informa-
tion. Consequently, to develop the WGAN and LSTM for KAUST
WWTP conductivity and TSS were neglected from the effluent
concentrations. Table 2 shows the input features used in the
estimation of bacterial concentrations. In addition, BSM-MBR and
KAUT WWTP datasets are normalized between (−1, 1) to obtain
accurate estimation.

4.2. Wasserstein generative adversarial network

Training neural network predictive models require a suffi-
ciently large dataset [23]. For some applications collecting data

Table 2
Input features used to train WGAN with the corresponding datasets.
Features Dataset

BSM-MBR KAUST-MBR

Dry Rain Storm Influent Effluent

Turbidity ✓
Conductivity ✓
TDS ✓ ✓
TSS ✓ ✓ ✓ ✓
COD ✓ ✓ ✓ ✓ ✓

is either impractical, hard or inefficient. Due to the challenges
in measuring bacteria cell counts to train the neural network for
bacteria prediction, a Wasserstein generative adversarial network
(WGAN) is proposed for synthetic data generation. Generative
adversarial network (GAN) was first introduced in [24] when
two neural networks were used for data generation. First is the
discriminator network D which classifies the data into real or fake
data. Second, is the generator network G that generates samples
intended to be from the distribution of the data pr by sampling
points from the latent space Γ ∼ p(γ ). The purpose of this
method is to generate fake data that is almost similar to the
real ones by faking the discriminator model. However, vanilla
GAN shows some limitations such as unstable training, mode
collapse and meaningless learning curves that are not correlated
to the sample quality. Therefore, WGAN was proposed in [25]
to overcome these limitations. A schematic diagram of WGAN is
presented in Fig. 2.
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Algorithm 1 WGAN-GP with λ = 20, ncritic = 5 and α = 0.0001,
m=(4,32) [25]
Require: λ, the gradient penalty weight. α, the learning rate. m,

the batch size. ncritic , the number of iterations of the critic per
generator iteration

Require: Ω0, initial critic parameters. θ0, initial generator’s
parameters.

1: while θ has not converged do
2: for t = 0, . . . , ncritic do
3: for j = 0, . . . ,m do
4: Sample real data x ∼ pr .
5: Sample latent variable Γ ∼ p(γ ).
6: Random number ϵ ∈ U[0, 1].
7: x̃← Gθ (Γ ).
8: x̂← ϵx+ (1− ϵ)x̃
9: Lj ← DΩ (x̃)− DΩ (x)+ λ(||∇x̂DΩ (x̂)||2 − 1)2

10: end for
11: Ω ← Adam(∇Ω

1
m

∑m
j=0 L

j, Ω, α)
12: end for
13: Sample a batch from latent variable

{Γ (j)
}
m
j=1 ∼ p(γ ).

14: θ ← Adam(∇θ
1
m

∑m
j=0−DΩ (Gθ (Γ ), θ, α))

15: end while

Instead of the binary cross entropy loss, WGAN approximately
minimizes the Earth Moving (EM) distance between the distribu-
tion of the data pr and distribution of the generated data pg under
the optimal critic. The gradient penalty scheme of WGAN [26]
is adopted such that the minmax problem of the value function
becomes:
min
G

max
D

L(D,G)

= Ex̃∼pgD(x̃)− Ex∼prD(x)+ λEx̂∼px̂ (∥∇x̂D(x̂)∥2 − 1)2,
(3)

where x̂ ∼ px̂ is uniformly sampled between x and x̃ which
are pair of points from the data distribution pr and generator
distribution pg respectively. For a differentiable function D is
considered 1-Lipschitz if and only if it has gradients with norm
at most 1 everywhere [26]. After generating the data the critic
will criticize the input data for how real or fake it is. Unlike the
vanilla GAN where the discriminator only outputs probabilities
to classify the real and fake data. The Wasserstein generative
adversarial network with gradient penalty (WGAN-GP) procedure
is shown in Algorithm 1.

Remark 1. The value function (3) measures the EM distance
which is the difference between two probability distributions.
Hence, if pg moves too far from the other side of the pr the loss
can be negative.

4.3. WGAN evaluation

Multiple experiments have been done to choose the critic
and generator architectures. We designed the critic to have two
layers with (20,10) ReLU activation functions, dropout layer and
a linear output layer. The generator is designed to have one
layer with 10 ReLU activation functions, a batch normalization
layer and a linear output layer. The input to the generator is a
latent variable sampled from a normal distribution with latent
dimension equals to the data dimension. In all experiments, we
found that the penalty coefficient λ = 20 works well across
different datasets. Also, ADAM optimizer with learning rate α =
0.0001 is used to find the optimal weights for the generator and

critic networks [26,27]. In all experiments, we used 20% test set to
evaluate the WGAN and train on 80% of the data. However, batch
sizes of 4 and 32 were found to work well for the KAUST dataset
and BSM-MBR dataset respectively. All hyper-parameters used to
develop WGAN are defined in Algorithm 1.

There are many evaluation metrics for GANs as illustrated
in [28] with different evaluation objectives each has its pros and
cons. In this paper, we evaluated the performance of the WGAN
in generating good samples using two methods. First, Wasserstein
critic loss on a held-out test set compared to the loss of training
samples. The Wasserstein critic loss of all the experiments is
shown in Fig. 4. Second, inspired from [29] we evaluated the
WGANmodel by the ability of the LSTM neural network to predict
the bacterial concentrations where the training is done using
generated data then tested with WWTP data. This evaluation
strategy demonstrates the ability of synthetic data to be used for
real applications. The results of the predictions are presented in
the next Section 5.

4.4. Long short term memory

The LSTM neural network was first proposed by [15] to over-
come the vanishing gradients problem in RNN. In comparison,
the LSTM has the advantage of saving long dependency and
control how to forget information. In fact, the comparative exper-
iment in [11] showed that the LSTM neural network outperform
the PLS, dynamic PLS, dynamic ANN and simple RNN. In ad-
dition, the static PLS gives the worst performance compared
to dynamic methods which shows the advantage of dynamic
methods in dynamic industrial processes. Due to its simple struc-
ture dynamical PLS gives the worst performance compared to
other dynamical methods. Also, the simple RNN has recurrent
structure which gives an advantage to show better performance
over dynamical ANN that cannot save the sequences and control
the information. Furthermore, the comparison showed that the
LSTM neural network gives satisfactory performance and ability
to handle complex dynamic processes. Similarly, the nature of
WWTP which is a dynamical process, the LSTM neural network is
proposed to estimate the bacterial concentration and model the
temporal behavior and dependence of bacteria concentration in
MBR-based WWTPs. The LSTM cell uses two kinds of activation
functions tanh and sigmoid which outputs Mt and Ht memory
state and hidden state at time step t as follows:

Ht = tanh(Mt )Ot , Mt = σ (FtMt−1 + ItCt ), (4)

such that Ot is the output gate, Ft is the forget gate, It is the input
gate and Ct is the candidate they are defined as:

Ot = σ (xtUO
+ Ht−1WO). (5)

Ft = σ (xtUF
+ Ht−1W F ), (6)

It = σ (xtU I
+ Ht−1W I ), (7)

Ct = tanh(xtUC
+ Ht−1W C ), (8)

where the cell receives the input vector Xt , hidden state Ht−1 and
memory state Mt−1 from previous cell at time step t − 1. U and
W are the corresponding wight matrix for the input vector and
hidden state respectively. Fig. 5 represent the LSTM unit.

In this work, an LSTM layer with 4 units followed by a linear
output layer is designed to estimate bacterial concentration at
time t that is {Xt−3, Xt−2, Xt−1, Xt} are the corresponding input
vectors to each unit. In all experiments, ADAM optimizer is used
with mean square error loss and learning rate α = 0.0001 to train
the LSTM neural network [27].
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Fig. 4. The WGAN critic loss for training and validation. All experiments show that both of the losses converge to zero. The upper plots are for the BSM-MBR datasets
such that: (a) for the dry weather profile; (b) for the rainy weather profile; (c) for the stormy weather profile. The lower plots represent the KAUST-MBR where (d)
for the influent concentrations; (e) for the effluent concentrations.

Fig. 5. Scheme of the LSTM cell with sigmoid recurrent activation for each gate
and tanh activation functions.

5. Estimation of bacterial concentration

We tested the performance of the proposed method on two
cases: a hypothetical case using simulated dataset from the BSM-
MBR and real case using experimental dataset sampled from
KAUST WWTP. Both datasets were splitted into (80%, 20%) for
training and testing to generate synthetic data by WGAN. Then,
a sliding window LSTM neural network is trained on generated
data to predict the bacterial concentrations in WWTPs. The LSTM
prediction performance is compared with a multilayer perceptron
neural network (MLP-NN). In all experiments, we generated syn-
thetic datasets for training and the available WWTP datasets used
for testing where both have the same size. Hence, we divided the
data into (40%, 10%, 50%) for training, validation and testing. In
particular, the training and validation have been done on the gen-
erated data whereas the testing was performed on unseen data
as walk-forward testing on WWTP datasets. The walk-forward
testing records the bacteria concentration after estimation to
update the weights of the neural network which mimics real
case situations. For the training and testing a batch of size 1 is
implemented where a single batch is the input features for a
lagging window of size 4. The number of LSTM units is chosen to
be equal to 4 to guarantee better performance and the window
size is chosen to match the LSTM for sufficient performance.
Hence, bacterial concentration at time t is predicted using inputs

at {t − 3, t − 2, t − 1, t}. Whereas, multiple experiments showed
that MLP-NN with a hidden layer of size 10 gives satisfactory
performance compared with different MLP structures.

Remark 2. The window size is balanced between computational
cost and prediction performance. The larger the window size
more computations are required and may result in over-fitting.
Also, the process is working dynamically where smaller window
size guarantee more accurate estimation.

The experiment was conducted on a desktop, with Intel i7
@3.40 GHz, 16 GB RAM and Nvidia GeForce GTX 1080. The soft-
ware environment is Windows 10, Python 3.7, CUDA 11.0, Tensor-
flow 2.3 and Keras 2.3.1. Training time of LSTM ranges between
5 to 10 min while the testing time ranges from 1 to 2 s. In fact,
training the neural network based on sliding window with batch
size of 1 takes longer time than larger batch size. In order to
mimic the online real case situation we trained the LSTM with
a batch size of 1. The stopping criteria is based on the Root
Mean Square Error (RMSE) loss that is computed for training and
validation to avoid overfitting.

Table 3 Shows the prediction performance of the two esti-
mation methods for BSM-MBR and KAUST WWTP using three
different metrics. They are the Normalized Root Mean Square
Error (NRMSE), Mean Absolute Error (MAE) and Mean Absolute
Percentage Error (MAPE). To obtain low variance results each
structure is trained 10 times and the mean is reported for all
metrics. When the BSM-MBR plant is considered it is observed
that the LSTM is offering NRMSE less than 1, unlike the MLP-NN.
In addition, the LSTM improves the MLP-NN performance by an
average of 14% in the influent case and 11% in the effluent case
for the KAUST-MBR plant. Therefore, the LSTM neural network
outperforms the MLP-NN in terms of prediction performance.
This improvement is motivated by the fact that LSTM’s ability to
learn the dynamic behavior and time dependency of the process
due to its memory.

5.1. BSM-MBR hypothetical plant

We tested the performance of the LSTM on the simulated
datasets for the BSM-MBR hypothetical plant. The effluent biomass
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Table 3
NRMSE, MAE and MAPE testing error of the LSTM and MLP-NN along with the improvements.
Plant Dataset Estimation method NRMSE (%) MAE MAPE (%)

KAUST-MBR
Bacteria cell counts

Influent
MLP-NN 5.79 0.58 5.02
LSTM 4.94 0.50 4.32

Improvement (%) 14.76 14.14 14.02

Effluent
MLP-NN 8.80 0.59 6.68
LSTM 7.56 0.53 6.02

Improvement (%) 14.10 10.29 9.92

BSM-MBR
(XBH , XBA)

Dry profile
MLP-NN (0.8, 0.93) (0.25, 0.022) (0.66, 0.76)
LSTM (0.62, 0.7) (0.21, 0.017) (0.54, 0.59)

Improvement (%) (23, 25) (17, 22) (18, 22)

Rain profile
MLP-NN (0.90, 1.17) (0.29, 0.03) (0.75, 0.95)
LSTM (0.56, 0.92) (0.17, 0.02) (0.44, 0.61)

Improvement (%) (37, 21) (40, 32) (41, 35)

Storm profile
MLP-NN (1.07, 2.49) (0.35, 0.05) (0.89, 1.7)
LSTM (0.82, 0.9) (0.14, 0.02) (0.34, 0.5)

Improvement (%) (23, 64) (60, 70) (62, 70)

Fig. 6. Biomass estimation from TSS and COD for BSM-MBR. In the upper part, the effluent heterotrophic biomass concentration is predicted for the different weather
profiles. The lower part shows the effluent autotrophic biomass estimation. (a) represent the dry weather conditions; (b) is the rain weather condition; (c) is the
stormy weather conditions. The red dotted line represents the predicted concentration and the solid blue line is the observed concentration. (For interpretation of
the references to color in this figure legend, the reader is referred to the web version of this article.)

Fig. 7. LSTM predictions of bacteria cell count for sampled data from the real plant at KAUST. On the left is the bacteria cell counts for the influent measurements.
On the right is the effluent bacteria cell counts predicted using turbidity, TDS and COD measurements.

(XBA, XBH ) is estimated using the effluent COD and TSS as input.
A total of 2688 samples over 14 days is used as a holdout testing
set to evaluate the estimation performance of the sliding window
LSTM. Fig. 6 presents the estimation results of effluent biomass
concentrations. The estimation of biomass for dry weather pro-

file is shown in Fig. 6.a that represents the observed biomass
concentrations contrast to the bacterial concentrations predicted
by the LSTM. Fig. 6.b and Fig. 6.c gives the estimated biomass
concentration for rainy and stormy weather profiles compared
with the actual concentrations. It can be seen that the rain events
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which happen after 20 days are estimated successfully. Also,
the overall estimated values follow the dynamics of the actual
concentrations. From the results, one can notice that the effluent
biomass is highly correlated to the COD and TSS.

5.2. KAUST WWTP

This subsection focuses on the real case of estimating the
bacteria concentration in KAUST WWTP. First, the influent con-
ductivity, TDS, TSS and COD were used as input to the LSTM to
measure the influent bacteria cell counts. Then, the effluent bac-
teria cell counts is estimated from the effluent turbidity, TDS and
COD. The experimental dataset contains 40 samples for influent
and effluent that are used for testing. The results of estimating
the bacteria cell counts in KAUST WWTP are shown in Fig. 7.
The plant influent and effluent bacteria cell counts estimation in
the log scale is shown in Fig. 7.a and Fig. 7.b respectively. The
results show good estimation is obtained even though the LSTM is
trained using synthetic data. Hence, the WGAN is able to estimate
the distribution of the real data and generate feasible samples for
the training of the predictive model.

6. Conclusion

In this work, bacterial cell number estimation in WWTP based
on sliding window neural networks is investigated. The WGAN
is adopted for data generation and training purposes. From the
evaluation of WGAN, the generator is able to generate realistic
samples and estimate the distribution of the real data. Then, the
sliding window LSTM neural network is developed for bacteria
prediction in influent and effluent of MBR-based WWTPs. For
validation, the real data sampled from KAUST-MBR and the sim-
ulated data from the mathematical model of MBR are used. A
MLP-NN is used to compare the bacteria prediction performance
where three metrics are considered (NRMSE, MAE and MAPE).
The prediction results show that the LSTM outperform the MLP-
NN interms of prediction error. Also, the LSTM with WGAN to
generate training data is able to model the bacterial concen-
trations in both MBR plants. This implies that our developed
method is able to assist plant operators in doing a real-time rapid
assessment of the cell density that are present in the wastewater
at different stages of their treatment process, hence providing
a quick assessment of the log removal efficiencies achieved by
their treatment unit and their final treated effluent water quality.
For generalization, the proposed algorithm has to be trained and
tuned for better performance.
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Table A.4
List of symbols and abbreviations..
SI Soluble inert organic matter (gCOD/m3)
SS Readily biodegradable substrate (gCOD/m3)
XI Particulate inert organic matter (gCOD/m3)
XS Slowly biodegradable substrate (gCOD/m3)
XBH Active heterotrophic biomass (gCOD/m3)
XBA Active autotrophic biomass (gCOD/m3)
XP Particulate products arising from biomass decay (gCOD/m3)
SO Dissolved Oxygen (gO2/m3)
SNO Nitrite and Nitrate Nitrogen (gN/m3)
SNH Free and Ionized Ammonia (gN/m3)
SND Soluble biodegradable organic nitrogen (gN/m3)
XND Particulate biodegradable organic nitrogen (m3N/m3)
SALK Alkalinity (mol/m3)

ηAOTE actual oxygen transfer efficiency (%)
ηSOTE standard oxygen transfer efficiency (%m−1)
QA airflow rate (Nm3/d)
OA,m mass percentage of oxygen in air (%)
OA,v volume percentage of oxygen in air (%)
µ clean to process water correction factor
CF correction factor for fouling of the air diffusers
β salinity-surface tension correction factor
Pd pressure at the bottom of the aeration tank (Pa)
Patm atmospheric pressure (Pa)
φ temperature correction factor for oxygen transfer
ρA density of air at standard conditions (gm−3)
ρsludge the density of sludge (kgm−3)
g gravitational acceleration (m s−2)
h depth of the aeration tank (m)
Oout volume percentage of oxygen in air leaving the surface of the

aeration tank (%)
Ssat,cwO dissolved oxygen saturation concentration for clean water at

sea level (gm−3)
Ssat,av,cw
O average dissolved oxygen saturation concentration for clean

water in an aeration tank for a given at sea level (gm−3)
OTR oxygen transfer rate (g/day)
y Aerator depth (m)
q Control input of oxygen transfer rate (g/day)

TSS Total suspended solids
TDS Total dissolved solids
COD Chemical oxygen demand
V Volume (m3)
ρ(Z) Reaction rate vector
S Stoichiometric matrix
Z Concentration vector
Qfeed Influent flow rate (m3/d)
Qint Internal nitrate recyclation flow rate (m3/d)
Qr Return activated sludge flow rate (m3/d)
Qw Waste flow rate (m3/d)

G Generator network
D Discriminator network
λ Gradient penalty wight
pr Real data distribution
L Wasserstein loss function with gradient panelty
pg Generator distribution
ReLU Rectified linear unit activation function
x̃ Generated data
Γ Latent space
p(γ ) Gaussian distribution
x̂ interpolated data between real and fake
σ Sigmoid activation function

Appendix A. Nomenclature

List of symbols and abbreviations (see Table A.4)

Appendix B. Petersen matrix of the ASM1

The ASM1 has Petersen matrix as follows (see Table B.5)
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Table B.5
Petersen matrix.
Process Component Reaction rates

SI SS XI XS XBH XBA XP SO SNO SNH SND XND SALK

Aerobic growth
of heterotrophs

−1
YH

1 −
1−YH
YH

−iXB −
iXB
14 ρ1 = µH

( SS
KS+SS

)( SO
KOH+SO

)
XBH

Anoxic growth
of heterotrophs

−1
YH

1 −
1−YH
2.86YH

−iXB
1−YH

(14)2.86YH
−

iXB
14 ρ2 = µH

( SS
KS+SS

)( KOH
KOH+SO

)
( SNO
KNO+SNO

)
ng XBH

Aerobic growth
of autotrophs

1 −
4.57−YA

YA
1
YA

−iXB −
1
YA

−
( iXB
14 +

1
7YA

)
ρ3 = µA

( SNH
KNH+SNH

)( SO
KOA+SO

)
XBA

Decay of
hetrotrophs

1− fP −1 fP iXB − fP iXP ρ4 = bHXBH

Decay of
autotrophs

1− fP −1 fP iXB − fP iXP ρ5 = bAXBA

Ammonification of soluble
organic
nitrogen

1 −1 1
14 ρ6 = kaSNDXBH

Hydrolysis of
entrapped organics

1 −1 ρ7 = kh
XS /XBH

KX+XS /XBH

[( SO
KOH+SO

)
+ηh

( KOH
KOH+SO

)( SNO
KNO+SNO

)]
XBH

Hydrolysis of
entrapped organic
nitrogen

1 −1 ρ8 = ρ7
XND
XS

Table C.6
BSM-MBR model parameters.
Parameter Unit Value

V1 ,. . .V5 m3 1500
Qint ,Qr m3/d 55338
Qw m3/d 200

β 0.95
g ms−2 9.81
OA,m 0.232
OA,v 0.21
Patm Pa 101325
ρA g/m3 1200
ρsludge kg/m3 1000
T °C 15
h m 5
φ 1.024
y m 3.5a–5b
ηSOTE m−1 0.02a–0.06b
CF 0.9a–0.7b
ω 0.05a–0.08b

a for coarse bubble aeration
b for fine bubble aeration

Appendix C. Aeration model

The aeration model has been proposed in [6] to allow differ-
entiation between coarse and fine bubble aeration. The BSM-MBR
dissolved oxygen is controlled via the control input qi which is
calculated as follows:

(qi)j =
{

OTRi j = 8, i ∈ {3, 4, 5},
0 otherwise (C.1)

where qi is a vector contain the Oxygen Transfer Rates (OTR).

OTRi = 24 · QAi · ρA · OA,m,i · ηAOTE,i, (C.2)

ηAOTE,i = ζiφ
T−20°C

(
βSsat,av,cw

O,i (T )− (Zi)8
Ssat,cwO (20°C)

)
, (C.3)

ζi = yi · ηSOTE,iµiCFi, (C.4)

Ssat,av,cw
O,i (T ) =

1
2
Ssat,cwO (T )

(
Pd
Patm
+

Oout,i

OA,v

)
, (C.5)

Pd = Patm + ρsludge · g · h, (C.6)

µi = e−ω· TSS1000 , (C.7)

Oout,i = 100
OA,v(1− ηAOTE,i)
1− OA,vηAOTE,i

(C.8)

The aeration model parameters for the coarse and fine bubble are
presented in (see Table C.6).
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