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ABSTRACT: Precise control of biological wastewater treatment
for nitrogen removal is diﬃcult because of the nonlinearity, timevarying, and time-consuming nature of the process. With due
emphasis on addressing the challenges involved in its eﬀective
implementation, this study developed an artiﬁcial neural network
(ANN) based soft sensor (SS) with a set of proposed thumb rules
for online forecasting of the concentrations of hard-to-measure
parameters (NH4+ and NO2−) from secondary easy-to-measure
variables, (reactor volume, dissolved oxygen, suspended solids,
pH, temperature, and ORP) in an Anammox based pilot plant.
Four hybrid neural networks (PCA-Kalman NN, PCA NN,
Kalman NN, and Non NN) were applied to identify net optimum
input vectors for the SS, using an appropriate quantity of samples
from the set of secondary variables. The proposed hybrid SS was tested on a sewage wastewater treatment plant operated using
a Matlab R2018a framework and validated using operational plant data. The results showed that the PCA-Kalman neural
network with R2 values of 0.9985 and 0.9263 for NH4+ and NO2−, respectively, is potentially a valuable tool for plant operators
in the selection of operational states to minimize cost and to eﬃciently predict important parameters that are prone to errors
due to a failure in online sensors.

1. INTRODUCTION
Nitrogen is one of the most essential nutrients of biosphere
and forms the large part of fertilizers and food products which
eventually ends up in wastewater. If left untreated it can lead to
number of environmental problems such as eutrophication,
groundwater contamination, toxic algal blooms, and gases that
can contribute to global warming.1,2 For mitigating its impact,
the use of anaerobic ammonium oxidation (Anammox) to treat
nitrogen-containing wastewater is considered to be an eﬀective
process because of the reduced sludge production, minimum
energy consumption, and the absence of additional organic
carbon requirements compared to conventional nitriﬁcation/
denitriﬁcation processes.3 Widely applied membrane bioreactor (MBR) and sequencing batch reactor (SBR) are
conﬁgured with high biomass retention capacity which is
essential for anammox process due to their slow growth
rate.4−6 However, the process simulation and control along
with the reaction mechanisms involved in the treatment
strategy are not entirely implicit. Advancement in mathematical modeling and the performance optimization of these
treatment systems have proven to be inadequate because of
their multiphysics properties and the intricacy of synergistic
eﬀects. Although the concentration of certain parameters such
as nitrogen concentration and chemical oxygen demand
(COD) can be measured in the laboratory, a signiﬁcant time
© 2019 American Chemical Society

delay ranging from minutes to hours is generally unavoidable.
Therefore, eﬀective eﬄuent quality control is diﬃcult, mainly
for advanced sewage treatment requiring more precise and
timely control along with eﬀective measuring devices.7−9
These devices are usually operated in an extreme environment
that require very stringent design standards and maintenance
protocols. However, the possibility of obtaining unpredicted
errors cannot be completely eliminated. The eﬃciency of
control policies can be hindered by the delays introduced
during the application of some measuring tools. Installation
and maintenance of a network of measuring devices dedicated
to monitoring a large plant are too expensive and can
signiﬁcantly aﬀect the total operating cost which can lead to
potential operability problems, where the operators are seldom
biased to reduce the total number of monitored parameters/
variables and/or the frequency of observations via infrequent
sampling of some process variables. In certain cases where
online sensors are not employed, variables related to product
quality are determined by oﬄine sample analyses in a lab-scale,
thus introducing signiﬁcant discontinuity and delays.10 To
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Figure 1. Process ﬂow diagram of the pilot plant.

Figure 2. Schematic diagram representing the steps for the model development.

parameters (treatment cost, total nitrogen removal, and the
water quality indexes) should be simultaneously considered for
wastewater treatment. This work focuses on the development
of SS techniques that can be used to estimate important hardto-measure water quality parameters based on other parameters using the correlation between them. In particular, we
focused on the pretreatment/preprocessing of noisy data
(using the Kalman ﬁlter) and selected the best feasible model
for the state in comparison with existing approaches. This
study proposes a hybrid neural-network-based SS for
estimating wastewater quality parameters and addressing
shortfalls. A hybrid technique as a preprocessing stage that
incorporated principal component analysis (PCA) with a
neural network was used for an operational sewage treatment
plant. Enhanced prediction capability with reduced neural
network overﬁtting was achieved using the hybrid ANN
technique. The results obtained illustrate that the proposed
technique was quite eﬀective in extracting useful data from

mitigate these shortfalls, SSs in combination with the smart
controls have been developed to estimate the primary variables
based on other easily measured variables.11,12 Recently, softcomputing models, including genetic algorithms, ANNs, fuzzy
logic, and adaptive-network-based fuzzy inference systems,
have experienced increasing attention and popularity in
modeling of biological wastewater treatment (BWWT)
processes.13−16 Apart from the techniques mentioned above,
neural networks (NNs) are among the best-known black-box
predictors. Black-box programming such as the extended form
of the Kalman ﬁlter and ANNs are more favored for the
development of SSs because of the ease with which they can
describe complicated BWWT processes17,18 compared to
mechanistic methods. The complex structure of the blackbox models makes it possible to represent a wide variety of
processes by establishing highly nonlinear correlations between
input and output variables. Furthermore, to apply a suitable
optimization paradigm to a model, a number of important
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Figure 3. Steps involved in the pretreatment of data.

redundant data and in the description of the nonlinearity of
complex WWTP.

with the mean values of the parameter of interest. A diﬀerent
approach could be to omit the data samples that contain
parameters with missing values. In addition, using linear
interpolation to estimate a missing value is quite problematic if
several sequential values are missing between the previous and
subsequent existing values. In this study, the retrieved data was
subjected to initial scrutiny by performing preliminary
examination to identify the prominent variations in the data
(e.g., functionalities, taxonomies, redundancies, and time
delays that exist between observations and variables). Problems
related to missing data, outliers, and learning outside the
boundary condition of the instruments were also identiﬁed.
Furthermore, representative operations (transients and seasonal disturbances, steady states, and periodicities) were also
considered. The inspection involved substantial expertise and
manual work in the core processes, along with an extensive
investigation of scatter plots, histograms, and time series data.
Pretreatment of Plant Data. In SS development, the
quantity and quality of the data along with their highdimensionality can be a limiting factor. Hence, it is essential to
pretreat the data before processing using the SS model. The
retrieved sensor eﬄuent data stored in the data repository
could fetch default (redundant) values due to plant shock load
or sensor failure. This default data needs to be removed by
applying appropriate methods. Before the SS in the plant were
utilized, the default values obtained from the data repository
were ﬁrst subjected to manual pretreatment and then
pretreated/preprocessed using the Kalman ﬁlter (which is
embedded in the model) to ensure the removal of the
remaining unnecessary data by minimizing the root-meansquare error. Figure 3 shows a pictorial representation of the
steps involved in obtaining the pretreated data.
2.3. Design a Process Model. The critical step in the SS
development process model design mainly involves two tasks,
i.e., the selection of the model structure and validation and the
training and testing. An important consideration is that the
models should be perfect, as well as computationally eﬀective
and simple, with good interpretable outcomes that result in
reduced maintenance cost. While executing a task, it is

2. MATERIALS AND METHODS
2.1. Reactor System. An anammox-based pilot-scale
wastewater treatment plant that was researched and developed
by Yeungnam University and Doosan Heavy Industries &
Construction, Ltd., was used as a source to obtain information
for model validation and training in this work. The system
constituted an equalization basin (34 m3) followed by a 29 m3
sequencing batch reactor (SBR), collection tank (3 m3), and
physical micro-organism separator (PMS). The SBR average
working volume was 25 m3 with a volumetric exchange rate of
30%. The total nitrogen removal rate (NRR) was 1.16 kg
NH4+ − N m−3 day−1 with an inﬂuent total nitrogen loading
rate (NLR) of 1.32 kg TN m−3 day−1 at an 8 h hydraulic
retention time (HRT). The mixed liquor suspended solids
(MLSS) in the reactor was 7.6 g MLSS L−1. Figure 1 illustrates
the process ﬂow diagram of the pilot plant in operation.
2.2. Model Development Procedure. A data-driven SS is
often described in terms of an input−output process model.
Easy-to-measure parameters are taken as model inputs which
can be in the form of measurements, plant output signals, and
occasionally as numerically encrypted expert knowledge. The
model outcomes consist of data related to the hard-to-measure
parameters. The procedure involves various autonomous steps
(data acquisition, pretreatment of data/preprocessed data,
model design, and model validation) involving an iterative
process to ensure that the optimum design is considered before
SS implementation.
Figure 2 shows the schematic diagram representing the
overall steps followed in developing a SS.
Data Acquisition. SCADA-based software CIMON was
used for data collection and storage of routinely acquired
laboratory data in the data acquisition system of the plant. A
strategy is needed for the replacement of missing data that
cannot be addressed with most elementary data-driven
techniques. In an approach for imputation data that is basic
and inadvisible but usually applied, missing values are replaced
9554
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Figure 4. Detailed procedure for model design including model structure selection, training, validation, and testing.

models based on the ordinary least-squares approximation. In
addition, partial least-squares (PLS) and principal component
regression (PCR) are the most commonly used methods. The
dynamic nature of process data can be captured using recursive
and adaptive extensions of PLS and PCR,20 whereas in the
presence of nonlinearities, nonlinear extensions of kernel-like
KPLS and KPCA21 can be used. Among the most popular
methods are the ones based on supervised ANNs22,23 and
neuro-fuzzy systems.24 In the present study, a supervised ANN
method is used with four methods, namely, PCA-Kalman,

important to optimize the process model parameters in terms
of generalization performance by validating the outcomes using
autonomous data sets prior to testing. Figure 4 represents the
entire procedure for model design.
Model Structure Selection. The simplest regression
techniques use linear model ﬁtting, assuming the reality of a
linear input−output correlation. Rigorously used methods that
relate to multivariate statistics provide an interpretable
explanation on the inputs that aﬀect the output.19 Multiple
linear regression (MLR) is sometimes accurate for linear
9555
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The following are a few of the assumptions made for
choosing the appropriate number of hidden layers as well as
variance:
(1) A general rule of thumb was adopted for calculating the
number of hidden layers (HL) in this study26,27 as

PCA, Kalman, and Non NN. The ANN technique is a network
of neurons connected to each other and arranged in layers. The
incoming signals are transformed nonlinearly by neurons using
an activation function, and the result is then distributed to
further neurons. The input−output correlation was encoded in
the connection weights and modiﬁed to decrease the error
between the targets and the network outputs. In particular,
feedforward neural networks (FFNN) are quite popular in the
area of sewage treatment and have been extensively used for
this purpose.23 However, in this study, a hybrid model PCAKalman FFNN is used.
Validation, Training, and Testing of the Process Model.
Before applying a model to a new set of unseen observations,
the model undergoes training to facilitate estimation of its
basic parameters and validation to optimize its metaparameters. In model validation, the developers estimate the
eﬀectiveness of the performance of the model on new data, and
therefore, validation is an extremely signiﬁcant phase in SS
development. In this work, since suﬃcient data were available,
a validation set was selected and used to evaluate the model
calibrated on the training set after ﬁxing its optimum set of
meta-parameters. Eventually, the process model outcome was
evaluated on an autonomous test data set.
However, in some cases, it may be quite diﬃcult to attain
suﬃcient historical data for training the model according to the
aforementioned procedure. In such a situation, it is suggested
that the SS developer should use an error assessment
procedure, such as the widely used procedure in crossvalidation.25 The most common application is to predict the
primary process variables involved in wastewater treatment
systems for the data-derived SSs. Biological oxygen demand
(BOD), chemical oxygen demand (COD), and total
suspended solids (TSS) concentration were the most popular
predicted outputs in earlier SS applications. However, recent
studies have focused more on the estimation of nutrient
concentration. This indicates that present-day sewage WWTPs
are no longer designed simply for biological treatment; instead,
there is also a focus on nutrient removal. Hence, the
acquisition of reliable data on nutrient concentration is
essential for plant operators for the eﬀective functioning of a
modern plant. With respect to the batch and pilot systems, the
main target was to forecast nutrient concentration during
anoxic and aerobic phases using online measurements, e.g., pH,
dissolved oxygen (DO), oxidation reduction potential (ORP),
reactor volume, TSS, and temperature as the key model inputs,
and then to control the length of the phases by employing the
estimates. The ANNs modeling technique utilized the desired
outputs for rebuilding, especially FFNNs, along with multivariate statistical methods based on PLS.
A ﬂow diagram (Figure 4) represents the steps involved in
model validation, training, and testing, in which a viable range
of data were selected based on the sequential trends of
complete multiple cycles. In the case scenario where the range
of cycles seemed to have an unidentical trend (as in T1 and T2
shown in Figure 3), the step was repeated to select a feasible
range. Raw data (14266 data points) were utilized for model
validation. These data points were divided according to the
established standard into a training set and validation set as
80% and 20% of the total data points, respectively, using six
easy-to-measure input variables and one hard-to-measure
output variable, such as ammonical nitrogen (NH4+) and
nitrite (NO2−).
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where i = 1, 2, 3, ..., m for input (easy to measure) and j = 1, 2,
3, ..., n for output (hard to measure) variables.
(2) Hidden layers should be less than twice that of the input
layer:26,28,29
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(3) A variance (Var) number should be 70−90% of a
number of input layers:30
m

Var(x) ≤ (70 − 90%) ×

∑ Ini
i

(3)

where x is a random variable.
Optimum results were achieved by validating the plant to
approximately 85−95% using the aforementioned rule of
thumb. Thus, the ﬁndings of the current study are
representative and could also be applied to any nonlinear
plant to achieve optimum results.

3. RESULTS AND DISCUSSION
The most popular sensors in wastewater treatment processes
have high accuracy, quick response, and are cost-eﬀective.
However, the sensors that are generally installed in BWWT
plants typically quantify easy-to-measure variables such as ﬂow
rate, temperature, DO, BOD, or total dissolved solids (TDS).
Strict restrictions with regard to the eﬄuent discharge
standards of the primary variables are often imposed by
legislation.31,32 In optimization strategies, some of the water
quality parameters, especially the COD, are usually measured
oﬄine in a laboratory. This poses signiﬁcant diﬃculties in the
measurement phase which leads to a signiﬁcant delay and
reduced reliability of the process. In terms of the other key
parameters, such as NO3−, TSS, NH4+, and NO2−, expensive
sensors are typically required because the monitoring of these
parameters is often compulsory due to regulations regarding
wastewater treatment plants. The foremost reason for the
limited use of online sensors for these signiﬁcant parameters is
directly associated with instrumentation, operation, and
maintenance costs. An additional critical issue is that apart
from the lack of skilled personnel, current commercial sensor
systems are diﬃcult to sustain and are not best suited to the
expertise of the end users for the intended processes. To
overcome the drawbacks mentioned above, this study
advocates the practice of using sensors to obtain primary
variable values from secondary variables, deﬁned as a software
sensor or soft sensing technique, as one of the most feasible
solutions.
3.1. Characterization of the Input Variables. The use
of SSs could be a possible solution to overcome the
shortcomings associated with the online wastewater sensors
which are expensive devices and are also associated with
operation and maintenance costs. Hence, in the development
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Figure 5. Online sensor measurement values of the input variables.

cost, accurate, and reliable way. An approach based on the
black-box model that links the plant output variables with the
corresponding sampled input variables was used instead of the
phenomenological model or ﬁrst-principles model to develop
the SS. Since ANNs have been shown to be worldwide
approximators;35 an ANN-SS was used to set up the dynamic
bonding between the primary and secondary parameters in a
reliable and economical way.
In the current study, a forecasting model was built that
incorporated PCA and Kalman- neural network to forecast
complex patterns and to simulate an understanding of the
bonding between input and output parameters (Figure 6).
The experimental results including the data sources obtained
by online and oﬄine measurements were used for the model
training. The real and predicted results are shown in Figure 7.
Figure 7a illustrates a comparison of the learning of the eﬄuent
ammonium concentration between the actual and predicted
values. Figure 7b shows similar trends for the total nitrite
concentration. Evidently, the ﬁgure clearly shows that most of
the predicted data follow the trend of the experimental data
with high accuracy and that the experimental points were
precisely modeled using the designed network. The reduction
in the accuracy of the actual and predicted trend in the case of
nitrite concentration compared to the ammonium concentration can be attributed to sensor failure encountered during
the entire duration of the study.
The optimal structure of the NN is composed by changing
the number of neurons in the hidden layer. By comparing the

of the SS for predicting nutrient concentration, six easy-tomeasure parameters were taken as input variables. Figure 5
shows the characteristic plots of the six variables used.
In this study, in the selection of the most appropriate
secondary parameters for SS development and estimation
purposes, a PCA methodology was used33 that is based on
multivariate statistical technique. This was followed by the
method described by Zamprogna et al.34 The sensitivitymatrix-based methodology was used to measure the degree of
sensitivity of each easy-to-measure variable (pH, DO, temperature, ORP, and so on) with respect to the hard-to-measure
variables (NH4+ and NO2−).
Table 1 provides the details of the characteristics of the
secondary variables observed during the study period.
3.2. Soft Sensor Development. A system based on a soft
sensing technique is developed for predicting online values of
primary parameters such as the concentration of ammonical
nitrogen and nitrite at the eﬄuent stream using the online
values of secondary parameters as the input values in a low
Table 1. Wastewater Characteristics Used for Developing
Hybrid SS

minimum
maximum
average

volume
(L)

T (°C)

pH

DO
(mg L−1)

SS
(mg L−1)

ORP
(mV)

17.74
24.51
22.24

30.44
34.17
32.83

6.59
7.04
6.87

0.15
0.74
0.26

0.95
12.87
9.18

−82.10
64.06
16.08
9557
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Figure 6. Pretreatment of data using the Kalman ﬁlter.

Figure 7. Prediction results of eﬄuent NH4 − N and NO2 − N concentration.

structure of the neural estimator. Secondary variables were
ﬁnally selected from the set of sensors installed on the pilotscale plant.
3.3. Soft Sensing Models. This study successfully applied
an FFNN. Speciﬁcally, FFNN framework contains one (or
multiple) input layer(s), one (or multiple) hidden layer(s), and
one output layer (Figure 6). Each layer has processing
elements (number of nodes) that are linearly linked by its
weights to the neighboring layer nodes. The weights are
adjusted by the training process to reduce the gap between the
calculated output and output produced by FFNN. Based on
this adjustment, the NN learns the input−output behavior of
the system. Each of the variables were folded to the range −1
to 1 prior to training. The folded data are propagated to the
output layer via hidden layers after entering the nodes of the
input layer.

performance of network conﬁgurations in the training and
testing process, it was determined that six neurons with an
associated one hidden layer gave the best results. MATLAB
functions were used in the model design, including the
validation and training of the neural estimator as reported in de
Canete et al.36 After integrating certain modiﬁcations in the
code to improve accuracy, the NN tool in-built feature of the
MATLAB R2018a framework was used by incorporation with
PCA and Kalman ﬁlter in building a hybrid SS. These
modiﬁcations were based on the selection of the exterior
conﬁguration for approximation, i.e., together the number of
delayed inputs with delayed outputs. The NN tools assist the
end user to validate the selected models from I/O data. They
also facilitate selecting among other training algorithm,
validation procedures, and secondary variables. However, the
main diﬃculties are associated with the choice of the
secondary variables for use in determining the complete
9558
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Figure 8. Model veriﬁcation and comparison of NH4+ and NO2− based on four methods: (a, b) PCA-Kalman NN, (c, d) PCA NN, (e, f) Kalman
NN, and (g, h) Non NN.

most eﬃcient and promising model for predicting the
concentrations of ammonium and nitrite ions.
Table 2 further reiterates that the hybrid NN method
involving the preprocessing of inputs to NN by using Kalman
ﬁlter displayed the most accurate prediction capability with R2
values of 0.9985 and 0.9263 for NH4+ and NO2−, respectively.
The RMSE of the hybrid models using PCA is lower than that
of other NN. A lower RMSE value implies that the forecasting
model is the best ﬁt for completely describing the relationship
between water quality parameters. Without pretreatment/
preprocessing, both the NN method and regression model
cannot properly capture the nonlinear characteristics of a noisy
system. The R2 values represent the variance fraction explained
in the operational data by forecasting the model. By integrating
the NNs, the performance of forecast was greatly enhanced
compared to the NN model.
Thus, based on the results obtained, it can be postulated that
the hybrid method that incorporates the merits of diﬀerent
methodologies can be a better substitute for the modeling of a
nonlinear system with noisy data compared to models based
on an individual approach.
3.4. Soft-Sensor Applications in the BWWT Plants−
Hybrid Models Adopted Elsewhere. An in-depth study was
conducted to compare the various soft-sensing hybrid methods
applied elsewhere and their predicted variables (Table 3).
Hybrid models developed by combining diﬀerent modeling
approaches provide interesting alternatives for SS design. Such

The performance of the prediction model was evaluated in
terms of the root-mean-square error (RMSE) criterion. The
RMSE performance index was deﬁned as
RMSE =

sum(yreal − ypredicted )2 /∑ DPs

(4)

where yreal represents the real values, ypredicted represents the
corresponding forecasted values, and DPs is the number of
samples (data points).
In Figure 7, the RMSE values of the training data sets for
NH4+ − N/NO2− − N were 4.775/4.692, and testing data sets
for NH4+ − N/NO2− − N was 2.421/1.017.
The measured data versus the prediction values of NH4+ −
N and NO2− − N from the four NN models are shown in
Figure 8. A total of four models based on four methods,
namely, PCA-Kalman NN (Figure 8 a, b), PCA NN (Figure 8
c, d), Kalman NN (Figure 8 e, f), and Non NN (Figure 8 g, h),
were applied to evaluate and identify the most suitable
approach among these four models for utilization in soft
sensing.
Linear ﬁtting curves were obtained to identify the most
suitable model. Figures 9a and 9b show the results of the linear
ﬁtting of the data based on the four methods PCA-Kalman
NN, PCA NN, Kalman NN, and Non NN along with the
respective R-values. The model suitability and best ﬁt were
observed to be in the order of PCA-Kalman NN > PCA NN >
Kalman NN > Non NN, and the R-squared (R2) values
indicated that the hybrid model, PCA-Kalman NN, was the
9559
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Figure 9a. Linear ﬁtting of data for NH4+ and NO2− based on the PCA-Kalman NN and PCA NN methods.

performance was achieved by a hybrid NNPLS model, which
was also capable of isolating and detecting process faults. In a
SS model development by Hong et al.42 by hybrid MPCAFFNN with ARX structuring the real-time approximation of
NO3 − N, NH4 − N and PO4 − P concentrations in a lab-scale
SBR were achieved. The model presented an impressive
forecast capability with normal validation sets using straightforward online input data measurements, whereas an unsatisfactory forecast was obtained with abnormal data sets. Kim et
al.43 used multiway principal component analysis (MPCA) for
extracting information from single-day batch process data of a
municipal ASP, to be used for the input variable selection of
the FFNN model. These hybrid MPCA-FFNN methodologies
were used for the SS prototype of the eﬄuent concentrations
of TN, TP, and COD. However, the results of testing showed a
lack of accuracy in predictions, although the model still
followed the trends of the measured data. It is possible that the
estimation performance could have been improved by using
more frequent data sets. Integration of an adaptive-networkbased fuzzy inference system (ANFIS) and self-organizing map
(SOM) methods were investigated by Rustum44 for approximating eﬄuent concentrations (TSS and BOD) in a sewage
ASP. The model using the SOM method was able to extract

models comprising the improved activated sludge model
(ASM) 1-FFNN models were used in the study conducted
by Côté et al.37 for predicting the concentrations of DO, TSS,
COD, and NH4 − N with optimum precision in a sewage
activated sludge process (ASP). Cohen et al.38 modelled
process parameters in a reactor with beef and dairy sewage
water based on fuzzy and FFNN methods. Although, the
model did not facilitate precise predictions, it seemed to be
suitable for addressing regular process trends. Choi and Park,39
in their research, proposed a PCA-FFNN hybrid system for
approximating an industrial ASP inﬂuent TKN concentration.
It was reported that the overﬁtting problems of the FFNN
models could be reduced using the hybrid technique. Several
modeling techniques were applied by Lee et al.40 for a pilotscale process treating coke wastewater to estimate COD, SS,
mixed liquid suspended solids (MLSS), and cyanide
concentration. The authors concluded that the best prediction
performance was provided using phenomenological FFNN
models by a parallel hybrid technique. Lee et al.41 aimed at
estimating the process variables of an ASP for coke WWT,
which combined process knowledge and an ASM1 phenomenological model incorporating a number of PLS and ANN
methods. Their outcome showed that the best prediction
9560
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Figure 9b. Linear ﬁtting of data for NH4+ and NO2− based on the Kalman NN and Non NN methods.

Table 2. Method(s) Comparison Based on the R2 Value
R2 value

RMSE
s. no.
1
2
3
4

method(s)

NH4

NO2

NH4+

NO2−

performance

PCA-Kalman
NN
PCA NN
Kalman NN
Non NN

2.7

1.5

0.9985

0.9263

optimum

3.1
4.8
3.9

1.5
1.8
2.0

0.9629
0.9493
0.9553

0.9126
0.8461
0.7743

optimum
average
average

+

4. CONCLUDING REMARKS
In this investigation, a hybrid modeling (PCA-Kalman and
FFNN) technique was utilized to estimate an unknown
parameter (NH4+ − N and NO2− − N) by establishing the
water quality correlation among easy-to-measure parameters.
Attention was focused on the pretreatment of noisy data and
the description of nonlinearity. With regard to SSs, it was
observed that in the modeling of the interrelated noisy data,
preprocessing using PCA facilitated a decrease in the
dimensionality of the input parameters. The approach was
more eﬀective compared to the traditional methods such as
multivariate regression and ANN, which are less eﬀective in
modeling the noisy data with a nonlinear relationship. The
results demonstrate that the novel hybrid PCA-Kalman-NN
method exhibited precision and high estimation accuracy in
predicting with R2 values 0.9985 and 0.9263 for NH4+ and
NO2− eﬄuent concentrations, respectively. Furthermore, the
design model can optimize the stability of the Anammox and
the nitriﬁcation/denitriﬁcation process, along with providing
guidance for actual prediction. If the experimentation and
implementation approach is utilized, the proposed hybrid
ANN modeling framework can be adopted to other wastewater
treatment processes with speciﬁc modiﬁcations to facilitate
toxicity and fault monitoring in BWWT processes. This would

−

and eliminate noisy data. The group of de Canete et al.31 found
PCA and NN to be the most suitable for predicting COD,
TNN, and TSS (this model yielded the second-best results in
our ﬁndings). In a recent study conducted by Xie et al.3, a
model based on nondominated sorting genetic algorithm-II
(NSGA-II) and PCA-LSSVM was developed for an up-ﬂow
anaerobic sludge blanket (UASB) system for lab-scale analysis.
In this study, soft sensing on the pilot scale wastewater
treatment plant was employed, and it was observed that the
PCA-Kalman NN hybrid model was most suitable for direct
applications.
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Table 3. Various Soft-Sensing Hybrid Methods Applied Elsewhere and Their Predicted Variables
soft-sensing method(s)

applicationa

process

predicted variable(s)

ref

ASM1 + FFNN
FFNN + fuzzy logic
PCA + FFNN
FFNN, ASM1 + FFNN
FFNN, RBFN, PLS, QPLS, NNPLS
MPCA + FFNN
SOM + ANFIS
MPCA + FFNN
PCA + NN
PCA-LSSVM + NSGA-II
PCA + Kalman + FFNN

M
M, I
I
I
I
L
M
M
M
lab
M, P

ASP
SBR
ASP
ASP
ASP
SBR
ASP
ASP
ASP
UASB
SBR

COD, DO, SS, NH4+ − N
COD, TN
TKN
MLSS, SS, COD, cyanide
MLSS, SS, COD, cyanide
NH4+ − N, NO3− − N, PO4 − P
BOD, SS
COD, TN, TP
COD, TNN, SS
NH4+ − N, TN
NH4+ − N, NO2− − N

37
38
39
40
41
42
44
43
31
3
this study

a

M = municipal wastewater; I = industrial wastewater; L = laboratory wastewater; and P = pilot plant wastewater.
Sequencing Batch Reactors Under Uncertainty. Ind. Eng. Chem. Res.
2018, 57 (29), 9571−9590.
(9) Barbu, M.; Santin, I.; Vilanova, R. Applying Control Actions for
Water Line and Sludge Line To Increase Wastewater Treatment Plant
Performance. Ind. Eng. Chem. Res. 2018, 57 (16), 5630−5638.
(10) Warne, K.; Prasad, G.; Rezvani, S.; Maguire, L. Statistical and
computational intelligence techniques for inferential model development: a comparative evaluation and a novel proposition for fusion.
Engineering Applications of Artificial Intelligence. 2004, 17 (8), 871−
885.
(11) Kaneko, H.; Funatsu, K. Smoothing-Combined Soft Sensors for
Noise Reduction and Improvement of Predictive Ability. Ind. Eng.
Chem. Res. 2015, 54 (50), 12630−12638.
(12) Yan, W.; Guo, P.; Tian, Y.; Gao, J. A Framework and Modeling
Method of Data-Driven Soft Sensors Based on Semisupervised
Gaussian Regression. Ind. Eng. Chem. Res. 2016, 55 (27), 7394−7401.
(13) Schmitt, F.; Do, K. U. Prediction of membrane fouling using
artificial neural networks for wastewater treated by membrane
bioreactor technologies: bottlenecks and possibilities. Environ. Sci.
Pollut. Res. 2017, 24 (29), 22885−22913.
(14) Borges, R. M.; Mattedi, A.; Munaro, C. J.; Franci Goncalves, R.
A modular diagnosis system based on fuzzy logic for UASB reactors
treating sewage. Water Sci. Technol. 2016, 74 (2), 309−17.
(15) Ghaedi, M.; Zeinali, N.; Ghaedi, A. M.; Teimuori, M.;
Tashkhourian, J. Artificial neural network-genetic algorithm based
optimization for the adsorption of methylene blue and brilliant green
from aqueous solution by graphite oxide nanoparticle. Spectrochim.
Acta, Part A 2014, 125, 264−277.
(16) Ou, H. S.; Wei, C. H.; Wu, H. Z.; Mo, C. H.; He, B. Y.
Sequential dynamic artificial neural network modeling of a full-scale
coking wastewater treatment plant with fluidized bed reactors.
Environ. Sci. Pollut. Res. 2015, 22 (20), 15910−9.
(17) Dochain, D.; Pauss, A. On-line estimation of microbial specific
growth-rates: An illustrative case study. Can. J. Chem. Eng. 1988, 66
(4), 626−631.
(18) Dochain, D.; Vanrolleghem, P. A. Dynamical Modelling &
Estimation in Wastewater Treatment Processes. Water Intelligence
Online 2005, 4, 9781780403045.
(19) Anderson, T. W. An Introduction to Multivariate Statistical
Analysis; John Wiley and Sons: Hoboken, NJ, 2003.
(20) Kadlec, P.; Grbić, R.; Gabrys, B. Review of adaptation
mechanisms for data-driven soft sensors. Comput. Chem. Eng. 2011,
35 (1), 1−24.
(21) Rosipal, R.; Trejo, L. J. Kernel partial least squares regression in
reproducing kernel hilbert space. J. Mach. Learn. Res. 2001, 2, 97−
123.
(22) Haykin, S. Neural Networks: A Comprehensive Foundation;
Prentice Hall PTR: 1998; pp 842.
(23) Haimi, H.; Mulas, M.; Corona, F.; Vahala, R. Data-derived softsensors for biological wastewater treatment plants: An overview.
Environmental Modelling & Software. 2013, 47, 88−107.
(24) Fuller, R. Introduction to Neuro-Fuzzy Systems 2000, XII−289.

consequently reduce the acquisition of costly and unreliable
devices for assessing plant nutrient concentrations.
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