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The effluent total phosphorus (ETP) is an important parameter to evaluate the performance of wastewater
treatment process (WWTP). In this study, a novel method, using a data-derived soft-sensor method, is proposed
to obtain the reliable values of ETP online. First, a partial least square (PLS) method is introduced to select the
related secondary variables of ETP based on the experimental data. Second, a radial basis function neural network
(RBENN) is developed to identify the relationship between the related secondary variables and ETP. This RBFNN
easily optimizes the model parameters to improve the generalization ability of the soft-sensor. Finally, a
monitoring system, based on the above PLS and RBFNN, named PLS-RBFNN-based soft-sensor system, is
developed and tested in a real WWTP. Experimental results show that the proposed monitoring system can
obtain the values of ETP online and own better predicting performance than some existing methods.

© 2017 The Chemical Industry and Engineering Society of China, and Chemical Industry Press. All rights reserved.

1. Introduction

During the recent decades, the increasing awareness about the
negative impact of eutrophication to the qualities of water bodies has
led to more stringent wastewater treatment requirements and regula-
tions [1]. In wastewater treatment process (WWTP), Phosphorus (P) is
of particular interest because of the major concern for elevated levels of
P in many natural waterways. Along with nitrogen, excessive P concentra-
tions will promote eutrophication and the associated detrimental envi-
ronmental impacts. To control eutrophication, a major requirement for
improving the performance relies on the online measurements of
effluent total phosphorus (ETP) [2,3]. However, the online values of ETP
are hard to measure [4,5].

To measure the values of ETP online, the physicochemical detection
methods have been developed [6]. For example, an ion chromatography
was developed to detect the values of ETP in the oil wastewater [7].
A compact portable flow analysis system, including an ultra-violet
photo-reactor and a spectrophotometry method, was introduced for
the rapid measurement of ETP in [8]. Moreover, a microfabricated cobalt
electrode was designed for detecting the values of ETP in [9]. For these
above methods [7-9], the results show that they could obtain the values
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of ETP online with suitable accuracy in the laboratory conditions or
some special detecting stations [10]. However, there are several limita-
tions of these methods, such as expensive capital and maintenance
costs, as well as time-delayed responses [11,12].

In recent years, since the large amount of process data have
been routinely measured and collected in modern WWTPs, the data-
derived soft-sensor method has been considered as an interesting
alternative for measuring the values of water qualities online [13]. A
data-derived soft-sensor method is an input-output model, where the
inputs usually consist of easy-to-measure variables in the form of plant's
signals. For example, a self-validating soft-sensor method was proposed
to predict the values of biological oxygen demand (BOD) with the
capability of performing self-diagnostics, self-reconstruction and online
uncertainty measurement [14]. In addition, a soft-sensor, based on the
multi-sensor water quality monitoring system, was used to monitor
the chemical oxygen demand (COD) and total suspended solids (TSS)
concentrations of the effluents in a real WWTP [15]. Due to the
unknown input-output relationship, neural networks, originally
inspired by the abilities of human beings to perform many complicated
tasks with ease, have been usually used to model complex relationships
between inputs and outputs [16]. For example, an adaptive network-
based fuzzy inference system was developed to predict suspended
solids (SS) and effluent COD of a paper mill wastewater treatment
process [17]. A soft-sensor, combining the multi-layer neural network
and the multi-way principal components analysis, was developed for
predicting the values of ETP in a full-scale WWTP [18]. The results
show that this soft-sensor can improve the predicting capability. How-
ever, in most real WWTPs, most of the input variables, such as the
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influent TSS, influent BOD, and influent total phosphorous, cannot
be measured online. To predict the values of ETP with some easy-to-
measure variables, a soft-sensor, based on a feed-forward back-
propagation neural network (FBNN), was designed and applied to
a small scale municipal WWTP [19]. The results demonstrate that
the proposed soft-sensor method can significantly improve the estima-
tion accuracy than some existing methods. However, since the soft-
sensor method combines the FBNN with auto-regressive exogenous
(ARX), it is time-consuming to adjust the parameters of the soft-
sensor method [20]. Although neural networks have been successfully
used in predicting the effluent qualities of WWTPs [21-23], the
parameters adjustment of the soft-sensor methods is still an open
problem [24,25].

In this study, a data-derived soft-sensor method, including a partial
least square (PLS) method and a radial basis function neural network
(RBENN), is investigated to measure the values of ETP online. The PLS
method is used to select the most suitable process variables for the
data-driven soft-sensor method to rise the accuracy and reduce
computing time. Meanwhile, the RBFNN algorithm is developed to
model complex relationships between the process variables and ETP.
Moreover, based on the soft-sensor method, an online monitoring
system is designed and tested in a real WWTP. The results demonstrate
that the proposed online monitoring system owns better performance
than the results in [7,8,26].

2. Methods
2.1. Hardware setup

The experimental setup is shown in Fig. 1 based on a real anaerobic
anoxic oxic (A%/0) WWTP (about 120 m3-d~1). It is located at the R&D
center of Gaobeidian WWTP which is one of the largest municipal
WWTP in China. The A2/0 WWTP consists of two anaerobic tanks, two
anoxic compartments, and four oxic compartments. Meanwhile, the
mechanical mixers are installed in anaerobic and anoxic tanks to ensure
well-mixed conditions. The influent tank is used to subside the content
of suspended solids by gravity, and the settler tank is designed to
remove the flocs of biological growth. Moreover, the sludge will be
removed from the bottom of settler tank if the effluent water is
discharged from the surface of the same tank.

In this study, the online monitoring system consists of two parts: the
online instruments and the soft-sensor method. The online instruments
are used to measure the easy-to-measure variables from different tanks
of the A?/0 process, including the dissolved oxygen concentration (DO),
oxidation-reduction potential (ORP), TSS, pH, ammonium nitrogen
(NH4-N), nitrate nitrogen (NOs-N), and temperature (T). All the instru-
ments are operated in a continuous measurement mode to ensure the
frequency of data collection, and the measured data are stored in their
own memories. Since importing data through the SD-Card or the USB
ports is time-consuming and low efficiency, a data recorder is installed
to record the data from the online instruments and directly import the
data into the computer automatically. In addition, since there is no
direct contact between the wastewater treatment process and the
data recorder, the transmission error can be ignored and the mainte-
nance cost is acceptable. Further, following the data recorder, a soft-
sensor mode, embedding the PLS method and the RBFNN together, is
designed for predicting the values of ETP.

2.2. Data-derived soft-sensor

The proposed data-derived soft-sensor can be described as an input-
output process model, in which the inputs consist of easy-to-measure
variables and the output is the online predicting values of ETP. In this
soft-sensor model, the online instruments will consistently collect and
transmit new data to the soft-sensor method. Then the soft-sensor
will update its parameters to follow the change of data online. The
steps and methodologies of the data-derived soft-sensor method are
shown in Fig. 2, and the main techniques are briefly introduced in the
following section.

2.2.1. Data collection and data transmission

The first step in the proposed data-derived soft-sensor method is the
data collection, which is to obtain the process data. To ensure the consis-
tency and authenticity of the input data, the process data from this A%2/O
WWTP are routinely recorded and stored in the database.

In this data-derived soft-sensor system, a hardware system,
including the online instruments and the transmission component, is
set up (refer to Fig. 1). Nine process variables (as well as their collecting
points, main apparatus and instruments, and sampling frequency),
measured from the A%2/0 WWTP, are listed in Table 1. The sensors of
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Fig. 1. Schematic diagram of the monitoring system.
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Fig. 2. The typical steps and methodologies of the data-derived soft-sensor.

Table 1
The information of the process variables in the A>/0 WWTP

Parameters Unit Collecting points Collecting sensors Sampling frequency
Temperature °C Anaerobic tank (S1) SensoLyt7001Q 1 min
ORP, mV Anaerobic tank (S1) SensoLyt700IQ 5 min
DO, mg-L~! Oxic tank (first tank, S2) TriOxmatic7001Q 5 min
DO, mg-L~! Oxic tank (last tank, S3) TriOxmatic7001Q 5 min
TSS g-L7! Oxic tank (last tank, S3) ViSolid7001Q 5 min
ORP, mV Settler (S4) SensoLyt700I1Q 5 min
pH - Settler (S4) SensoLyt7001Q 1 min
NH4-N mg-L~! Settler (S4) AmmoLyt700IQ 5 min
NOs-N mg-L~! Settler (S4) NitraLyt700IQ 5 min

the process variables are operated in a continuous/online measurement
mode in this study. Meanwhile, the real values of ETP are collected by
the laboratory analysis, and the sampling frequency of ETP is 5 min.
Moreover, a data transmitting system has been designed to transmit
the data directly between the sensors and the PC-computer.

2.2.2. Variable selection

In WWTPs, the data of the plants are redundant and possibly
insignificant to calculate the measurements of the hard-to-measure
variables. Moreover, in many situations, the computational capability
of the soft-sensor methods cannot handle too many inputs. The quantity
of the data with high-dimensionality restricts the development of
soft-sensor methods. Therefore, it is necessary to pre-process the data
before they are processed by a soft-sensor. A possible approach to
overcome the dimensionality problem is variable selection, which is
used to choose the easy-to-measure secondary variables that are most
informative for the process, as well as the variables that provide high
generalization ability.

The variable selection is to eliminate the useless process variables
and choose the important variables, which is a crucial stage for soft
senor methods since a model with too many inputs may lead to over
fitting and time consuming. In fact, the most commonly used techniques
for the variable selection are multivariate linear techniques [27]. For
example, the principal component analysis (PCA) [28,29] and PLS
[30,31] have been widely applied to obtain a low-dimensional subspace.
PCA can extract feature information from the original data source, and
form a new set of uncorrelated data with lower dimension. However,
the PCA technique fails to extract the explanatory information of
the input variables corresponding to the model output. On the
other hand, PLS can extract principle components from inputs to form
a new matrix (score matrix) that are maximally uncorrelated among
themselves and maximally linear dependent between the input and
output variables [32]. In addition, the output can be represented by
the original input variables after the essential components are chosen.
Thus, the PLS technique is utilized to select the secondary variables for
predicting the values of ETP in the proposed data-derived soft-sensor
method.

Suppose that there is a data set {X, y}, where X is an n x o data matrix
with a being the number of independent variables and n the number of
samples, and y is the corresponding dependent variable vector with size
n x 1. The underlying assumption of PLS is that the observed data are
generated by a system or process that is driven by a small number of

latent variables. In the following, PLS adopts a two-step strategy to
generate a functional relationship between X and y:

X=TP" +E=Y ¢ tp] +E, (1)

y=UQ" +F=3{ uq +F, ()

where T, P and E are the score matrix, loading matrix and residual
matrix of X block. U, Q and F are the score matrix, loading matrix and re-
sidual matrix of y, t;, p;, u; and q; (i = 1, 2, ..., a) are the corresponding
vectors of T, P, U and Q, « is the total number of available secondary
variables.

The above two equations formulate a PLS outer model. A least
squares regression is subsequently performed on the extracted
orthogonal latent variables. The input and output score vectors are
then related by:

u; = bt;, 3)
where
uiTt,-
=i 4
(e, (4)

b; is the ith regression coefficient, and the vector of the regression
coefficients is b = [by, b, ..., bs|". Then, the predictors for the output
variable can be selected in descending order of the magnitude of b:

b
Rselect H ﬁ;ﬁlﬂ H ’ (5)

where bgee; iS the vector of the regression coefficients of the selected
variables, Rseject is the importance of the selected variables. More
predictors will be selected when the threshold of Rseject is larger.

2.2.3. Model design

In the model design process, the model structure will fit the specific
application task, and the model parameters will determine the general-
ization abilities of the data-derived soft-sensor. Due to their simple
topological structure and universal approximation ability, the RBFNN
algorithm has been widely used in nonlinear system modeling and
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control [33]. Moreover, the RBFNN algorithm does not need any
assumptions about the functional relationship between the dependent
and independent variables [34]. Besides, the RBFNN algorithm has
been proved with high accuracy, robustness to noise, as well as high
computational efficiency [35,36]. Thus, a RBENN is used to design the
soft-sensor model in this study.

As shown in Fig. 3, the structure of the basic RBFNN consists of one
input layer, one output layer, and one hidden layer. To better illustrate
the predicting method, a multi-input single-output (MISO) RBFNN
model is used. A single output RBFNN with K hidden neurons can be
described as follows

I() = X w0k (x(E)), (6)

where x and y are the input and output of RBFNN respectively, wy is the
connecting weight between the kth hidden neuron and the output
neuron, and 6y, is the output function of the kth hiddenneuron, which
can be described as

O (x(t)) = e~ l[xO-mO[[/oF) 7)

Input layer

Hidden layer Output layer

Fig. 3. The structure of a RBFNN.

In the above formula, ||x(t)-p(t)|| should be changed to ||x(t)-
w(t)||? where p is the center vector of the kth neuron, and ||x(t)-
I (t)|] indicates the Euclidean distance between x and p, 0y is the
width of the kth neuron, e(t) is the current predicting error of RBFNN

e(t) = y(t)—y(®), (8)

y(t) is the output of the neural network and y(t) is the system output for
the current input sample x at time t. The training algorithm for p = [,
W, ... 1", 0 = [0q, 0o, ..., O], and w = [wq, Wy, ..., wi]T is similar to
the description in [37], and is omitted here.

The performance of the soft-sensor method is evaluated by the root
mean-square -error (RMSE), which is defined as

T
RMSE(T) = | = > /(=3 (1))?, 9)
t=1

where T is the number of samples for the test set. The predicting

performance of RBFNN will be discussed in the next section.
Meanwhile, the percentage predicting accuracy is another key

criterion to evaluate the performance of the soft-sensor method

~ =

T
P(T) = 1 D (1—e(0)/y(0) x 100%, (10)
t=1

where p(T) is the predicting accuracy and e(t) is the error between the
real output y(t) and the output of RBFNN j(t).

2.3. Experimental procedures

In summary, the procedure of the proposed PLS-RBFNN-based soft-
sensor method includes the following steps:

Step 1: In the beginning of the procedure, routinely acquire and store
the historical and online process data in the data acquisition
system of the plant.

Step 2: Preprocess the data to deal with missing values, and scale each
variable to have zero mean and unit variance.

Step 3: Select the secondary variables by the PLS technique.

Step 4: Divide the data into the training samples and testing samples.

Step 5: Set the initial parameters of RBFNN randomly. Train and test
the RBFNN-based model by using the adaptive computation
algorithm in [35] with different sets of data to find the best
RBFNN-based model and ensure its performance.

Step 6: Complete the model design of the PLS-RBFNN-based soft-
Sensor.

Step 7: Apply the proposed PLS-RBFNN-based soft-sensor to a real
WWTP to predict the ETP values.

Step 8: Update the PLS-RBFNN-based soft-sensor regularly until reach
the stop situation.

Following the above procedures, the proposed data-derived soft-
sensor method is then applied to predict the values of ETP in a real
WWTP. For our proposed PLS-RBFNN-based soft-sensor, the conver-
gence of RBFNN with respect to the parameter adjusting is an important
issue and needs careful investigation. When the proposed PLS-RBFNN-
based method is applied to a real WWTP, new data of ETP will be
acquired through time, and the parameter adjusting strategy would be
crucial for a successful application. As shown in [37], the convergence
of the proposed RBFNN can be demonstrated. This means that the
learning algorithm proposed in this paper can guarantee the conver-
gence of the PLS-RBFNN-based soft-sensor when new data of ETP are
collected and used for model updating.

3. Experiment Studies and Results

This section presents and compares the results of the variable
selection and the predicting performance in two cases: one with all
the secondary variables and the other with the selected secondary
variables. Moreover, the performance of the proposed PLS-RBFNN-
based soft-sensor method is compared with some other existing
methods.

0.8 T T T T T T T T T

Regression Coefficient

T ORP; DO; DO, TSS  pH
Secondary Variables

ORP, NOz-N NH4N

Fig. 4. The regression coefficient of each parameter shown in Table 1.



S. Zhu et al. / Chinese Journal of Chemical Engineering 25 (2017) 1791-1797 1795

Table 2

The range of values of each process variables
Variables T/°C ORP;/mV DO,/mg-L~! DO,/mg-L~! TSS/g-L~! pH ORP,/mV NO;-N/mg-L~! NH4-N/mg-L~!
Range of values 22-26 (—100)-(—310) 0.5-1.7 1-3 2-35 6.2-7 (—150)-50 2-6 2-5

3.1. Variable selection results

As shown in Table 1, there are total nine process variables whose
values were collected directly by the online instruments. After the
abnormal data were removed, a dataset containing 800 samples,
corresponding to the real process operation (from 1st September 2014
to 3rd September 2014), is selected.

In order to unify the time series of the online and laboratory data, the
sampling frequency of all parameters is 5 min. The dataset is then
separated into a training set with 720 samples and a test set with 80
samples. The process variables that are used as the inputs of the soft-
sensor are selected according to the PLS technique. Fig. 4 shows the
results of the regression coefficients of the nine process variables.
Moreover, the value ranges/dispersions of the process variables are
shown in Table 2. As seen in Fig. 4, the regression coefficients of T, TSS,
pH, DO, and DO, are larger than the other the regression coefficients
of ORP;, ORP,, NH4-N, and NOs-N. To show the regression coefficients
more clearly, the details are listed in Table 3.

Table 3
Regression coefficient of every process variables

Variables T ORP; DO; DO, TSS pH ORP, NO3-N NH4-N
0435 0013 0120 0046 0719 0.127 0019 0.022 0.033

Regression
coefficient

Based on the analysis results in [31], the threshold of Rgeject iS
generally set between 0 and 1. Based on the features of the process
data and the characteristics of WWTP, the value of Rgeject iS set as 0.85
in this paper. As a result, the selected secondary variables are: T, TSS,
pH, and DO;. Therefore, four process variables are selected as the
secondary variables for predicting the values of ETP in the proposed
soft-sensor method.

3.2. Predicting performance

In this work, the predicting performance is evaluated and compared
by two cases: one with all the secondary variables (Case 1) and the
other with the selected secondary variables (Case 2). In Case 1, a 9-20-
1 RBFNN is built for predicting the values of ETP, and in Case 2, a 4-10-

w
2]

——Real Output
--=-RBFNN Output ||

w

N
No»

Concentration of ETP/mg-L']l
=
o

0 20 40 60 80
Numbers of Samples

@

1 RBFNN is generated. The number of neurons in the input layer is the
same as the number of input variables. In addition, the number of
neurons in the hidden layer is determined by the experimental results.
Figs. 5 and 6 show the predicting performance of the proposed PLS-
RBFNN-based soft-sensor in Case 1 and Case 2, respectively.

In order to evaluate the performances in Cases 1 and 2, the experi-
mental results are assessed and compared in terms of computational
time, the RMSE as defined in Eq. (8) and the predicting accuracy (p)
as defined in Eq. (9). The details are presented in Table 4. The results
in Table 4 show that the predicting performance of the proposed
PLS-RBFNN-based soft-sensor in Case 2 is better than that in Case 1.

Moreover, the proposed PLS-RBFNN-based soft-sensor is compared
with the other two methods: the compact portable flow analysis system
using ultra-violet photo-reactor and the spectrophotometry method [8]
and a soft-sensor method combining multi-layer neural network and
multi-way PCA [18]. To make the results comparable, all experiments
have been performed 20 times using the same data. The details are
shown in Table 5 in terms of the computational time and RMSE. For
the first method, the results show that the computational time of the
compact portable flow analysis system is bigger than that of the PLS-
RBFNN-based soft-sensor method. In addition, the predicting accuracy
the compact portable flow analysis system is lower than that of the
proposed method.

For the second method, the results illustrate that the performance
of the soft-sensor method based on MPCA and multi-layer neural
network is better than that of the compact portable flow analysis
system. However, the computational time and the RMSE are worse
than those of the proposed PLS-RBFNN-based soft-sensor method.
Moreover, the PLS-RBFNN-based soft-sensor method can save almost
15 s to obtain a reportable result in the continuous measurement
mode. This means that it can obtain over 210 measurement results
per hour. Further, the results demonstrate that the ETP trends in
WWTP can be predicted with acceptable accuracy using T, TSS, pH,
and DOy as the input variables.

4. Results Analysis
4.1. Results analysis

Figs. 5 and 6 show that the proposed PLS-RBFNN-based soft-sensor
method can predict the values of ETP online. Further, the performance

1.2

— Prediction Error

0.8

0.6

0.4

0.2

Prediction Error

-0.2

-0.4

0.8 20 40 60 80

Numbers of Samples
(b)

Fig. 5. The predicting performance in Case 1: (a) concentration of ETP, (b) predicting error.
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Fig. 6. The predicting performance in Case 2: (a) concentration of ETP, (b) predicting error.

Table 4
Comparison of the performance with different inputs (All results were averaged on 20
independent runs)

Input numbers Computational time/s RMSE Predicting accuracy
9 43.6 0.237 75%
4 16.8 0.104 83%

Table 5

Comparison of the performance with different methods (All results were averaged on 20
independent runs)

Methods Computational time/s RMSE
PLS-RBFNN-based soft-sensor method 16.8 0.104
Flow analysis system [8] 3139 -

MPCA-MLNN-based soft-sensor method [16] 30.1 0.530

@ The results are listed in the original papers.

of the proposed PLS-RBFNN-based soft-sensor method in Case 2 is
better than in Case 1, which means that the model with selected
secondary variables has smaller predicting error than the initial process
variables. The results in Table 3 demonstrate that the proposed
soft-sensor method with the selected secondary variables can obtain
better predicting accuracy with less computational time and smaller
RMSE, since it only takes 16 s to get a reportable result with an average
accuracy rate of 83%.

Moreover, compared to the other methods, the results in Table 5 show
that the proposed PLS-RBFNN-based soft-sensor method can achieve bet-
ter predicting accuracy and the computational time. From a practical
point of view, the predicting values with large errors undoubtedly have
a serious impact on the performance of further quality control loops
and deteriorate the performance of WWTP. Since the predicting values
of ETP will act as the feedback signal for the control loops. In addition,
another practical issue of a soft-sensor is its online computational cost
for a real application. Once the online instruments collect a group of
new samples, they are immediately fed to the soft-sensor as inputs.
However, it usually takes some time for computers to calculate the online
inference of quality indices. If the soft-sensor method is too complicated,
the computation time may be considerably long. The results in Table 5
demonstrate that the proposed PLS-RBFNN-based soft-sensor requires
much less computational time than the other methods.

5. Conclusions

The aim of this paper has been to develop a new data-derived soft-
sensor for predicting the values of ETP online in a real A%2/0 WWTP.

The PLS technique and RBFNN algorithm were designed to develop
the soft-sensor. The learning algorithm of PLS-RBFNN-based soft-
sensor could handle the characteristics of the nonlinear system. Further,
compared with the other methods, the proposed PLS-RBFNN-based
soft-sensor method can predict the values of ETP online with suitable
accuracy. Meanwhile, the monitoring system has been successfully
used to detect the values of ETP online in a real WWTP with short com-
putation time. Based on the predicting values of ETP by the proposed
monitoring system, an efficient model predictive controller (MPC) will
be designed for improving the treatment of WWTP.
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