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A B S T R A C T

Water quality monitoring plays a vital role in the protection of water resources, environmental management, and
decision-making. Artificial intelligence (AI) based on machine learning techniques has been widely used to
evaluate and classify water quality for the last two decades. However, traditional machine learning techniques
face many limitations, the most important of which is the inability to apply these techniques with big data
generated by smart water quality monitoring stations to improve the prediction. Real-time water quality moni-
toring with high accuracy and efficiency for intelligent water quality monitoring stations requires new and so-
phisticated techniques based on machine and deep learning techniques. For this purpose, we propose a novel
approach based on the integration of deep learning and feature extraction techniques to improve water quality
classification. In this paper, was chosen the Tilesdit dam in Bouira (Algeria) as a case study. Moreover, we
implemented the advanced deep learning method - Long Short Term Memory Recurrent Neural Networks (LSTM
RNNs) to construct an intelligent model for drinking water quality classification. Furthermore, principal
component analysis (PCA), linear discriminant analysis (LDA) and independent component analysis (ICA) tech-
niques were used for features extraction and data reduction from original features. Additionally, we used three
methods of cross-validation and two methods of the out-of-sample test to estimate the performance of LSTM RNNs
model. From the results we found that the integration of LSTM RNNs with LDA, and LSTM RNNs with ICA yields
an accuracy of 99.72%, using Random-Holdout technique.
1. Introduction

Water is one of the key elements required for the survival of living
organisms since in both plant and animal species, water constitutes a
large proportion of the cell's living matter content. In fact the amount of
water on the Earth's surface is constant. It must be emphasized that the
water problem is not a problem of quantity but of flow. Water covers
more than 70% of the Earth's surface, yet only 1% of it is useable
freshwater [1]. Despite this small amount of freshwater, however, it
suffers from many pollution risks such as agricultural runoff, domestic
and industrial pollution, etc. [2]. The real catastrophe is that more than
800 million people have insufficient access to safe drinking water [3],
and nearly 2 million, mostly babies, die each year due to a lack of access
to safe drinking water [4]. Today, the degradation of freshwater quality
is one of the greatest environmental impendences [5,6], in addition to its
negative effects on human health and water sustainability, because
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water-borne diseases represent the top 10 causes of death worldwide [2],
among these diseases, the most deadly are diarrhea, malaria, trypano-
somiasis, intestinal worms infections, dengue and bilharzia. Water
quality monitoring plays an important role in environmental manage-
ment and protection of water resources. Many developing countries, still
rely on traditional methods to monitor water quality in most drinking
water production stations, although they are equipped with modern and
advanced equipment. The traditional methods are based on the knowl-
edge of different parameters of the raw water by chemical analyzes
carried out in the laboratory, to decide later on its state and to look for
the appropriate methods to make it drinkable. The disadvantages of these
methods are that they require the intervention of a human expert and a
long enough time. In addition to the disadvantage of having a relatively
long delay time, they do not allow to follow finely the evolution of the
quality of raw water.

In recent years, several techniques based on machine learning have
eria.
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Table 1
Descriptive statistics of the analyzed physicochemical parameters.

Variables Min Max Mean Standard deviation

pH 7,15 8,30 7567 0,25
EC 414,00 624,00 585,393 36,278
T� 9,70 24,20 16,13 3483
TU 1320 23,81 3835 2392
Mg 7290 47,628 22,268 4931
B 158,620 289,14 222,497 23,213
H 0,00 168,00 32,287 23,029
FTA 130,00 237,00 181,845 18,703
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been applied to assess and classify water quality [7,8], such as Support
Vector Machines (SVMs), Artificial Neural Network (ANN), k-Nearest
Neighbors (kNN) and Decision Tree. Among these techniques, SVM over
the past few years has gained great popularity in water quality moni-
toring field [7,9], and has been widely used in water quality classification
[9–14], this is because of SVM has a good generalization ability, high
classification accuracy and speed of execution, which makes it a good
water quality classification tool. However, in sensors-based drinking
water quality monitoring stations, especially those based on remote
sensing (RS) and Internet of Things (IoT), more and more big data are
produced at high speeds and irregular, which has made water quality
data complicated [15]. This has led to the emergence of many short-
comings with respect to traditional machine learning techniques when
dealing with this big data. The most important of them is that these
techniques cannot be applied with big data to improve the prediction.
Therefore must use new and sophisticated algorithms based on machine
learning techniques to process data in real-time with high accuracy and
efficiency [16]. The advanced deep learning techniques are the most
machine learning techniques that the big data applications benefited
from them in many fields such as Energy, Intelligent Transportation
Systems (ITS), Agriculture, etc. [17]. In recent years, a novel technique
from the Artificial Intelligence (AI) domain called Long Short Term
Memory Recurrent Neural Networks (LSTM RNNs) for time series pre-
diction has gained very popularity in the deep learning field [17,18], and
it has proven its highly efficient in dealing with big data [18]. LSTM
RNNs is a very good tool for time series prediction due to its ability to
model non-linear relationships and its ability to process
multi-dimensional data in a non-linear manner. LSTM RNNs has been
effectively implemented to water quality forecasting (regression) and
outperform both Support Vector Regression (SVR) and Autoregressive
Integrated Moving Average (ARIMA) [15]. However, its effectiveness has
not been tested and compared with traditional machine learning tech-
niques in water quality classification till now.

In this paper, we propose, in a detailed and in-depth study, how to use
the advanced deep learning method - LSTM RNNs to construct an intel-
ligent model for drinking water quality classification and compare it with
the robust SVMs model. These models are built based on the data of the
physicochemical parameters collected in 4 seasons during the period of
three years (2016–2018) from the drinking water quality monitoring
station of the Tilesdit dam in Bouira (Algeria). In order to have a good
performance, the preparation of data inputs needs a special treatment to
guarantee a well decision of the classifier. Dimensionality reduction has a
major impact on machine learner's performance. The use of useful fea-
tures (variables) can result in high performance, even if the machine
learner is simple, while the use of unhelpful features (variables) with
advance complex machine learner might lead to decreased performance
[16]. Therefore, the number of features must be reduced by extracting or
selecting only relevant and useful features. Dimensionality reduction can
be divided into feature extraction and feature selection. In this study, we
used principal component analysis (PCA), linear discriminant analysis
(LDA) and independent component analysis (ICA) techniques for feature
extraction, and used the correlation coefficient between variables
method for feature selection. Dimensionality reduction in this study is
used for two purposes: the first to increase the accuracy and reduce the
computational time of classification; and the second to cost-savings. Our
problem is how to estimate the performance of LSTM RNNs model.
Because LSTM RNNs models are specifically used for time series pre-
diction. In this study, we dealing with one of the most complex types of
time series which is water quality monitoring data. In fact, there is no
specific method to estimate the performance of these models, because
they depend mainly on the type of data used to construct the model. In
addition, there is significant controversy in the literature over the use of
cross-validation (CV) methods and the out-of-sample (OOS) test methods
to estimating the performance of time series prediction models. For this,
we used three methods of CV namely standard k-fold CV, Multiple
Train-Test splits and Blocked cross validation (CV-Bl); and two methods
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of the OOS test namely simple Holdout (OOS.H) and Random-Holdout.
In this paper, the integration of feature extraction techniques with

deep learning method - LSTM RNNs or SVM is proposed to perform the
water quality classification. The used techniques are employed to show
the performance of water quality classification. Various scenarios are
examined using real dataset of water descriptors, and the results are
compared to get the best performance of classification process. Never-
theless, there were no references which studied our approach in water
quality monitoring.

2. Study area and data description

The Tilesdit dam is located geographically in the town of Bechloul, at
20 km southeast of Bouira Department. This dam is located between the
following cartographic and Lambert coordinates: Latitude: 35� 130 2200

North; Longitude: 4� 140 2300 East. It's characterized by a semi-arid
climate and an average downpour of about 440–660 mm/year. The
volume of reservoir of this dam at 167 million m3, it is designed to
control the tension that persists in the distribution of water in 12 com-
munes. According to the hydraulics department of the wilaya of Bouira,
the dam of Tilesdit is characterized by the following technical data:
Length: 425 m, Width in crest: 10 m and Height: 65 m.

In this paper, we seek to effect our approach for surface water quality
monitoring using several physicochemical parameters provided by some
measurement sensors installed in the station. These parameters were
collected from Tilesdit water production station during three years
(2016–2018). Our knowledge of the treatment process is limited to the
recorded data from this station. More quality parameters of the surface
water are every day measured, in addition to laboratory tests which are
carried out every week at all treatment levels. Directly after sampling,
Temperature (T�), pH, Electrical Conductivity (EC) and Turbidity (TU) are
measured in the field. These parameters are measured continuously at 3
times/day and at any level of the treatment process. Thereafter, the
samples are analyzed in the laboratory every week for their chemical
constituents such as Magnesium (Mg), Bicarbonate (B), Permanente Hard-
ness (H) and Full Title Alkaline (FTA). After taking the measurements, they
are compared with the drinking standards specified by the National
Water Resources Agency (NWRA) by an expert to determine the water
quality used. In the Tilesdit dam water production station, water quality
is classified into three categories according to the drinking standards
specified by the NWRA (Class I: upper, Class II: middle, Class III: lower).
In this study, the above measured data is used to analyze the relationship
among these parameters and to verify the water quality monitoring
model. Descriptive statistics for these selected parameters (physico-
chemical parameters) are given in Table 1.

3. Proposed multi-sensor monitoring system of water quality

In this study, the control, measurement and monitoring of water
quality may be considered as a pattern recognition problem (for LSTM
RNNs technique, this is called pattern recognition in time series).
Generally, it consists of data acquisition, signal processing, feature
extraction and selection including feature reduction, decision making of
water quality and process control. Our approach proposed for water
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quality monitoring used in this study which is based first by preparation
of database before inputting into classifiers. The control process is seen as
a pattern recognition problem, where classes correspond to different
states of water, and patterns represent the ensemble of the observations
or measurements of the parameters related to their characteristics. The
role of pattern classification techniques is to separate the data into
distinct classes. The classification process of water quality is carried out
by using LSTM RNNs and multi-class SVMs for a possible integration as a
decision-making tool in a multi-sensor water quality monitoring system.
The architecture of proposed system is presented in Fig. 1.

At the system level, it can be assumed that the different physic-
chemical parameters used are transformed into electrical signals start-
ing from the sensors, and transmitted to a processing and control unit
that provides acquisition, processing and analysis.

4. Proposed methods

In this paper, we present a performance assessment of the two arti-
ficial intelligence methods namely, LSTM RNNs and multi-class SVM.
Such approaches demonstrate maximal training efficiency and general-
ization in many application fields. The purpose of this work is to classify
water quality from independent variables, which in our case are physi-
cochemical parameters, into three distinct groups (Class I, Class II and
Fig. 1. Multi-sensor monitorin

3

Class III). Our proposed approach is based first on the preparation of the
dataset using feature extraction techniques (PCA, LDA and ICA) and
feature selection prior to input into classifiers. This step is performed to
remove the irrelevant features which are redundant. Then the data is
entered into the classifiers to perform the classification process.

4.1. Dimensionality reduction methods

In statistics and machine learning, dimensionality reduction is the
operation of reducing the number of variables through obtaining a set of
major variables that represent the original variables [19,20]. It can be
split into feature extraction and feature selection [21]. In machine
learning, dimensionality reduction technique is used to improve classifier
performance (predictive accuracy and/or reduce the computational time
of classification algorithms) [20,22]. A summary description of the
feature extraction and selection techniques used in this work is
presented.

4.1.1. Feature extraction
Feature extraction is transformation the data in the high-dimensional

space to a space of fewer dimensions that includes most of the valuable
information [20]. There are many well-known methods of feature
extraction, the most popular of which are PCA, LDA [19,20,23,24] and
g system of water quality.
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ICA [19,20,23]. Feature extraction is often based on the calculation of
cumulative variance [25,26].

4.1.1.1. Principal component analysis. Principal Component Analysis
(PCA) is a mathematical process that belongs to the Data Analysis divi-
sion [26,27]. This method is used to convert the set of correlated original
variables into a smaller number of uncorrelated variables [28]. Variables
resulting from the conversion process are called principal components
(PCs). The purpose of this process is to facilitate the interpretation of
complex data [29] by enabling the researcher and statistician to achieve
the optimal compatibility between reducing the number of variables and
the loss of the original information (variance) resulting from the reduc-
tion of the original dimensions. The principle of PCA is as follows [28,
30]:

Given a data matrix ðX ¼ ½x1; x2; :::; xn�TÞ, where n represents the
total number of samples and xi represents the ith sample. Estimate the
mean value of xi, denoted as μ, and thus, the mean value vector of X can
be written as:

μ¼E½X� ¼ 1
n

Xn
i¼1

xi ¼ ½μ1; μ2; :::; μn�T (1)

Subtract μ from X to centralize the matrix X, then the centralized
matrix xt is achieved:

xt ¼
Xn
i¼1

ðxi � μÞ¼ ½x1 � μ1; x2 � μ2; :::; xn � μn�T (2)

The standardization is generally used in this step instead of the
centering only.

Given a set of centered input vectors xtðt ¼ 1; :::; n and
Pn
t¼1

xt ¼ 0Þ,

each of which has m dimension xt ¼ ðxtð1Þ; xtð2Þ ; :::; xtðmÞÞT (usually
m < n). PCA linearly transforms each vector xt into a new one st by:

st ¼UTxt (3)

where U is the m � m orthogonal matrix whose ith column ui is the ith
eigenvector of the sample covariance matrix:

C¼ 1
n

Xn
t¼1

xtxtT (4)

In other words, PCA firstly solves the eigenvalue problem.

λiui ¼Cui; i ¼ 1; :::;m (5)

where λi is one of the eigenvalues of C. ui is the corresponding eigen-
vector. Based on the estimated ui, the components of st are then calcu-
lated as the orthogonal transformations of xt :

st ¼ uiT xt ; i ¼ 1; :::;m (6)

The number of PCs in st can be reduced by using the first eigenvectors
sorted in downward order of the eigenvalues.

4.1.1.2. Linear discriminant analysis. Linear Discriminant Analysis (LDA)
is a generalization of Fisher Discriminant Analysis (FDA), a method uti-
lized in pattern recognition and machine learning to find a linear com-
bination of features that classify or separate two or more of groups. The
resulting composition can be used as a linear classifier or to reduce the
dimensions before the classification process. Thus, similar to PCA, it can
be classified as one of the traditional approaches for dimensionality
reduction [26]. There are two types of LDA technique to deal with
classes: class-independent and class-dependent [31,32]. The type which
deals with class-dependent was applied in this study. The theory of this
technique is as follows [32]:

Given a set of N samples ½xi�Ni¼1, each of which is represented as a M-
4

length row, and XðN �MÞ is given as follows:

X¼

264 xð1; 1Þ xð1; 2Þ
xð2; 1Þ xð2; 2Þ

⋯ xð1;MÞ
⋯ xð2;MÞ

⋮ ⋮
xðN; 1Þ xðN; 2Þ

⋮ ⋮
⋯ xðN;MÞ

375 (7)

Compute the mean of each class μi ð1 � MÞ:

μi ¼
1
ni

X
xi2ωi

xi (8)

where ni represents the number of samples of the ith class and ωi rep-
resents ith class.

Compute the total mean of all data ð1 � MÞ:

μ¼ 1
N

XN
i¼1

xi ¼
Xc
i¼1

ni
N
μi (9)

where c represents the total number of classes, and N represents the total
number of samples is calculated as follows:

N¼
Xc
i¼1

ni (10)

Calculate between-class matrix SBðM � MÞ:

SB ¼
Xc
i¼1

niðμi � μÞðμi � μÞT (11)

➢ For each class, separate lower-dimensional space is calculated to
project its data on it through the following operations:

Compute within-class matrix of each class SWi ðM � MÞ:

SWi ¼
X
xi2ωi

ðxi � μiÞðxi � μiÞT (12)

Construct a transformation matrix for each class ðWiÞ as follows:
From (eq. (11) and (12)), the matrix Wi that maximizing Fisher's

formula defined in (eq. (13)) is calculated as follows, Wi ¼ S�1
Wi
SB.

arg max
W

WTSBW
WTSWW

(13)

This formula can be reformulated as in (eq. (14)):

SWW ¼ λSBW (14)

The eigenvalues ðλiÞ and eigenvectors ðViÞ of each transformation
matrix ðWiÞ are then calculated, where λi and Vi represent the calculated
eigenvalues and eigenvectors of the ith class, respectively.

Sorting the eigenvectors in descending order according to their cor-
responding eigenvalues. The first k eigenvectors are then used to
construct a lower dimensional space for each class Vi

k.
Project the samples of each class ðωiÞ onto their lower dimensional

space ðVi
kÞ, as follows:

Yi ¼ xiVi
k ; xi ε ωi (15)

where Yi represents the projected samples of the class ωi.

4.1.1.3. Independent component analysis. Independent Component Anal-
ysis (ICA) is a method of data analysis that identifies statistics, neural
networks and the processing of signals. It is notoriously and historically
known as a blind source separation method [30], but has subsequently
been applied to various problems. One of these issues is the dimension-
ality reduction problem, to build a good data classifiers. Thanks to the
wonderful results it gives, ICA has been used in many fields including
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medical signals, biological assays [33], and chemistry [34]. Also, the ICA
technique in data reduction is better than PCA [35], since PCA gives
uncorrelated components and ICA gives independent components (ICs),
it should be noted that independence is a much stronger property than
uncorrelatedness [36]. Independence here means that the information
carried by one component cannot be deduced from other components
[28]. The general ICA model is given by:

x¼As (16)

where x ¼ ½x1; x2; :::; xn�T is known to be the matrix of observed signals,
s ¼ ½s1; s2; :::; sn�T is the matrix of unknown source signals (ICs), and A is
an unknown constant matrix, called the mixing matrix. If matrix A col-
umns are denoted by aj the model can be therefore presented as:

x¼
Xn
i¼1

aisi (17)

The ICA goal is to estimate s by:

s¼Wx (18)

so that the components in the s matrix are as statistically independent as
possible. W is called the matrix m � m unmixing.

The ICs of a data set are find by minimizing the mutual information,
maximizing the non-gaussianity or using maximum likelihood estimation
method [37,38]. Among these three methods, maximizing the
non-gaussianity is the best and the most widely used method [39], and
therefore it was chosen for use in the current study. There are many ICA
algorithms [38]. One of the best methods is the fixed-point-FastICA al-
gorithm [30], since FastICA is much faster than Gradient-based algo-
rithms that have linear convergence [37]. This algorithm will now be
described briefly.

The first step is to preprocessing themeasured data vector x because it
is useful before attempting to estimate W [40]. This phase has two main
steps:

First, the obtained signals should be centered by subtracting their
mean value μ:

bx¼ x� μ (19)

where bx is the mixture signals after the centering step.
Second, they are whitened, which means they are linearly trans-

formed so that the components are uncorrelated and have unit variance
[37,40]. Whitening can be performed via eigenvalue decomposition of

the covariance matrix as following, VλVT ¼ EfbxbxTg. Where bx is the
centered data, V is the matrix of orthogonal eigenvectors and λ is a di-
agonal matrix with the corresponding eigenvalues. This step is called
decorrelation. The whitening is done by multiplication with the trans-
formation matrix:

P¼Vλ�
1
2VT (20)

Thus:

~x¼Pbx (21)

where ~x is the whitened or sphered data and λ�
1
2 is calculated by simple

component wise operation as follows, λ�
1
2 ¼

8><>:λ
�1

2
1 ; λ

�1
2

2 ; :::; λ
�1

2
n

9>=>;, this step

is called scaling. The whitening phase is as well called sphering, since the
data becomes rotationally symmetrical like a sphere after the scaling step
[37].

The covariance of the whitened data EfbxbxTg equals the identity

matrix, and the mixing matrix ~A ¼ PA is orthogonal ð~AT ¼ ~A
�1Þ. The
5

matrix for extracting the ICs from ~x is now denoted ~W , so W ¼ ~W
T
P.

Thus:

s¼Wx ¼ ~W
T
Px (22)

To calculate ~W , each column vector wi is initialized and then updated
so that ith independent component ðyi � si ¼ wT

i ~xÞ may have great non-
gaussianity. One method of measuring non gaussianity is by maxi-
mizing negentropy and it is the most used method [40,41]. Negentropy is
depend on the information theoretic quantity of differential entropy
[36]. The (differential) entropy H of a random vector y with density f ðyÞ
is defined as:

HðyÞ¼ �
Z

f ðyÞlog f ðyÞdy (23)

A gaussian variable has the largest entropy among all random vari-
ables of equal variance [36]. To obtain a measure of non gaussianity that
is zero for a gaussian variable, the negentropy J is defined as follows:

JðyÞ¼H
�
ygauss

�� HðyÞ (24)

where ygauss is a gaussian random vector of the same correlation (and
covariance) matrix as y. The negentropy is estimated as follows:

JðyÞ∝½EfGðyÞg�EfGðvÞg� (25)

∝ denotes proportionality, but as we are only interested in the wi that
maximizes JðwT

i ~xÞ, the actual value at the maximum is not important
[40]. y is supposed to be of unit variance and zero mean, and v is a
gaussian variable of unit variance and zero mean, thus the term EfGðvÞg
is a constant. GðyÞ is a non-quadratic function. The best option of GðyÞ
depends on the problem, but common used functions are:

G1ðyÞ¼ 1
a1

logðcoshða1yÞÞ (26)

G2ðyÞ¼ � 1
a2

exp
��a2y2

�
2
�

(27)

G3ðyÞ¼ 1
4
y4 (28)

where 1 � a1 � 2, a2 � 1 are constants. Among these three functions, G2

is a good general-purpose contrast function and was therefore selected
for use in the present study.

Hyv€arinen [39,42] introduced a very simple and highly efficient
fixed-point algorithm for ICA, also gave a detailed explanation on esti-
mating wi and extracting ICs, using the fixed-point-FastICA algorithm.

Note: the percentage of the total variation in the data can be deter-
mined as:

tm ¼Total Variance of H
Total Variance

¼ 100�
Pm

i¼1λiPn
i¼1λi

(29)

where m is number of components that contribute a given percentage of
the total variation in the data, and H ¼ fv1; :::; vmg is the lower dimen-
sional space.

Choosing the typical values for tm range between 70% and 95% [26,
43].

4.1.2. Feature selection
The name of the feature selection in machine learning, known as

variable subset selection, is the selection of a subset of relevant variables
[44,45] for use in model construction (classification or regression). The
correlation coefficients between variables are often used for selecting the
appropriate variables in water quality monitoring [46–48].
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4.2. Classification methods

4.2.1. Deep learning using Long Short Term Memory Recurrent Neural
Networks

Recurrent neural networks (RNNs) are a type of Deep Learning net-
works [49,50], where they contain rings (repetitions) within networks
giving it is memory effect processes (the previous information is used to
estimate the value that follows). These networks are very useful in
identifying the subsequent sequence of certain data (predicting the next
value of the string), where they retain some important features of
sequential data. RNNs can also perform the classification task for every
element of a time sequence, with the output being depended on the
previous computations [51]. Fig. 2, illustrates the standard RNN archi-
tecture and an unfolded structure with t time steps.

As shown in Fig. 2 is the structure of RNN which includes input layer,
hidden layer and output layer. The nodes in hidden layer are fully con-
nected, the output of the hidden layer also becomes the input of the
hidden layer at the next time. Xt is the input at tth time. Yt is the output at
tth time. ht is the state of hidden layer at tth time. Wxh is the weight be-
tween input layer and hidden layer, Wyh is the weight between hidden
layer and output layer, Whh is the weight between current hidden layer
and hidden layer at next time.

In theory, RNNs are supposed to carry information until a long time.
But in practice they have difficulties learning long-range dependencies,
because it is very difficult to propagated all this information when the
time step is too long [52]. When the network contains a large number of
deep layers, it becomes untrainable (loss of information). This problem is
called: vanishing gradient problem [53]. The neural network updates the
weights using the gradient descent algorithm [49,52]. The gradients
become smaller as the network progresses to the lower layers. If the
gradient stays constant, means there is no improvement. The model
learns from the change in the gradient, this change affects the output of
the network. However, if the difference in the gradient is very small (i.e.,
the weights change a little), the network will not be able to learn any-
thing [52].

To overcome this problem, Sepp and Schmidhuber [54], improved
RNNs by creating an architecture called Long Short Term Memory
(LSTM). LSTM provides the network with past information relevant to a
more recent time [55]. The network uses a better structure to identify
and transmit information to later. A schematic of a unit of the LSTM
RNNs used in this work can be seen in Fig. 3.

ft ¼ σ
�
Wf :½Ct�1; yt�1; xt� þ bf

�
(30)

it ¼ σðWi:½Ct�1; yt�1; xt� þ biÞ (31)

Ot ¼ σðWO:½Ct�1; yt�1; xt� þ bOÞ (32)

Ct ¼ ft*Ct�1 þ it*Z (33)
Fig. 2. Standard RNN architecture and an
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Z¼ tanhðWC:½yt�1; xt� þ bCÞ (34)

yt ¼Ot*tanhðCtÞ (35)

where xt is input vector, yt is state of the output units, Ct is cell state
vector,W and b are parameter matrices and vector, ft , it and Ot are forget
gate, input gate and output gate vectors. σ is sigmoid function and tanh is
a rescale logistic sigmoid function between - 1 and 1 [18].

4.2.2. Support Vector Machines (SVMs)
SVMs are a relatively new statistical learning technique, proposed by

V. Vapnik in 1995. It allows to address very different problems like the
classification, the regression and the density estimation [57,58]. But
most of SVMs are used for classification. The essential idea for SVM is to
project non-linearly separable input space data (belonging to different
classes) into a high-dimensional space called feature space, so that the
data becomes linearly separable. In this space, the optimal hyperplane
construction technique is used to calculate the classification function that
separates the classes. Training the SVM is a quadratic optimization
problem [59].

4.2.2.1. Basic SVM (binary classifier). Suppose given the training sam-
ple: S ¼ fðx1; y1Þ; …; ðxm; ymÞg, where xi 2 Rd and yi 2 f� 1; 1g. It is
assumed at first that there is a linear separator to distinguish positive
examples þ1 from negative examples � 1. We know that the search for
such a separator in the input space χ returns to look for a hypothesis
function f ðxÞ ¼ wTxi þ b such as [60]:

wTxi þ b
�

> 0
< 0

⇒ yi ¼
�þ1
�1

(36)

where b is a constant and w is a vector with M-dimensions. The constant
b and the vector w are utilized to determine the position of separating
hyperplane.

This separator is valid on the learning sample if: 8 1 � i � m; yif ðxÞ >
0 ⇒ 8 1 � i � m; yi ðwTxi þ bÞ > 0.

The function f ðxÞ corresponds to the equation of a hyperplane in the
input space χ of normal vector w. The distance from a point x to the

hyperplane of equation f ðxÞ ¼ wTx þ b is equal to: f ðxÞ
kwk , where k w k is

the Euclidean norm of the vector w. When there is a linear separator
between the training points, there is usually an infinity. We can then
search among these separators for the one that is (in the middle) of the
two examples and counter-examples points clouds.

This optimal hyperplane is defined by:

Argmax
w; b

min
� k x� xi k : x2Rm; ðwTxþ bÞ¼ 0; i¼ 0; …; m

�
(37)

that is, the hyperplane that increases the minimum distance to the
unfolded structure with t time steps.



Fig. 3. Long Short-Term Memory recurrent neural network architecture [56].
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training examples (Fig. 4).
The objective of the SVM is to find a separator that minimizes the

classification error on the learning set, this means increasing the margin
of the hyperplane. In other words, we have to solve the problem of a
quadratic optimization according to which relates the parameters w, b
[59]:8>>>>><>>>>>:

Min
w

1
2
k wk2 þ C

XM
i¼1

ξi

s:t: yiðwxþ bÞ � 1� ξi

ξi � 0; i ¼ 1;…; n

(38)

where ξi is slack variable, measuring the distance between the margin
and the examples xi that lying on the wrong side of the margin [28], and
Fig. 4. The structure of a basic SVM.
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C is a strictly positive constant that allows the compromise between the
number of classification errors and the width of the margin.

By using the multipliers of Lagrange αi, we get the following dual
problem [59]:8>>>>><>>>>>:

Max
αi

LðαÞ ¼
XM
i¼1

αi � 1
2

XM
i;j¼1

αiαjyiyj
�
xi:xj

�
s:t:

Xn
i¼1

αiyi ¼ 0; 0 � αi � C

(39)

where αi are solution of (eq. (39)).
On the other hand, SVMs can also be used in non-linear classification

tasks with application of kernel functions Kðxi:xjÞ that define a nonlinear
mapping from the input space to higher dimensional feature space [61].
The dual problem becomes as following [62]:8>>>>><>>>>>:

Max
αi

LðαÞ ¼
XM
i¼1

αi � 1
2

XM
i;j¼1

αiαjyiyjK
�
xi:xj

�
s:t:

Xn
i¼1

αiyi ¼ 0; 0 � αi � C

(40)

where αi are solution of (eq. (40)).
The necessary and sufficient condition for an optimal αi according to

Karush-Kuhn-Tucker (KKT) theorem is [59,63,64]:

αiðyiðw:xi þ bÞÞ¼ 0; 8i 2 M (41)

Solve (eq. (41)) is αi ¼ 0 or yiðw:xi þ bÞ ¼ 1. The last term corre-
sponds to the Support Vectors (SVs), which is equivalent to Ref. [59]:

SVs¼fxi that αi > 0g (42)

The decision function is given by Ref. [65]:

f ðxÞ¼ sign

 XM
i;j¼1

αiyiK
�
xi; xj

�þ b

!
(43)

Any function that satisfies Mercer's conditions can be utilized as a
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kernel function to calculate a dot (scalar) product in feature space [28].
There are different kernel functions used in SVM such as [65,66]:

Linear kernel:

K
�
xi; xj

�¼ xTi :xj (44)

Polynomial function:

K
�
xi; xj

�¼ �γxTi :xj þ r
�d (45)

Radial Basis Function (RBF):

K
�
xi; xj

�¼ exp
�
� k xi � xjk2

2γ2

	
(46)

Sigmoid kernel:

K
�
xi; xj

�¼ tanh
�
γxTi :xj þ r

�
(47)

where d; r 2 N and γ 2 Rþ are constants.
The most used kernel functions are RBF and polynomial [59].

4.2.2.2. Multi-class SVMs. SVMs are in their binary origin. However,
real-world problems are in most cases multiclass. The term multi-class
means a classification involving more than two classes. Multiclass sup-
port vector machine methods reduce the multiclass problem to a
composition of several two-class hyperplanes making it possible to draw
the decision boundaries between the different classes. These methods
break down the set of examples into several subsets, each representing a
binary classification problem. For each problem a separation hyperplane
is determined by the binary SVM method. During the classification, a
hierarchy of binary hyperplanes is constructed which is traversed from
the root to a leaf to decide on the class of a new example. Many proposals
have been made to reformulate the SVM in a multi-class framework. The
two best known methods are: “one-against-all” and “one-against-one” ap-
proaches [61,67].

	 One-against-All (OAA) approach

It is the simplest and oldest method. According to Vapnik's formula-
tion [68], it consists in determining for ith class a hyperplane f ðwi; biÞ
separating it from all the other classes, where i ¼ 1; :::;N. This class i is
considered to be the positive class ðþ1Þ and the other classes to be the
negative class ð � 1Þ, which results, for a problem with N classes, in N
binary SVM. The SVM of the ith class solves the following problem [61,
67]:

Min
wi ;bi ;ξi

1
2
k wik2 þ C

XN
i¼1

ξijðwiÞT (48)

subject to:8>>><>>>:
ðwiÞTφ�xj�þ bi � 1� ξij; if yj ¼ i;

ðwiÞTφ�xj�þ bi � 1� ξij; if yj 6¼ i;

ξij � 0; j ¼ 1; :::; N;

(49)

The function of decision is given by Refs. [60,61,67]:

fiðxÞ¼ arg max
i¼1; …; N

�
wT

i φðxÞþ bi
�

(50)

	 One-against-One (OAO) approach

OAO approach consists in using a classifier for each pair of classes.
Instead of learning N decision functions, the OAO method discriminates
each class from each other class, so NðN�1Þ=2 decision functions are
learned. For training data from the ith and the jth classes, we solve the
8

following binary classification problem [61,67]:

Min
wij ;bij ;ξij

1
2
k wijk2 þ C

X
t

ξijt ðwijÞT (51)

subject to:8>>><>>>:
ðwijÞTφðxtÞ þ bij � 1� ξijt ; if yt ¼ i;

ðwijÞTφðxtÞ þ bij � �1þ ξijt ; if yt 6¼ i;

ξijt � 0; j ¼ 1; :::; N;

(52)

During classification, an input vector x is presented to all classifiers
constructed. The output of each SVM provides a partial vote concerning
only the couple of classes ðwi; wjÞ. Considering that each SVM calculates
an estimate of the probability, the simplest classification rule can be
written [69]:

f ijðxÞ¼ ðwij 	φðxtÞÞ þ bij; ði< j�NÞ (53)

Voting strategy is used for classification. If sgnðf ijðxÞÞ ¼ 1, then
voteðiÞi¼1; …;N of class i add 1, otherwise voteðjÞ of class j plus 1. The new
sample x is classify using the NðN�1Þ=2 standard SVM decision function
fijð 	Þ, and the corresponding votes are recorded. The decision function is
gained as follows [69]:

f ðxÞ¼ arg max
i¼1; …; N

fvoteðiÞg (54)

5. Results and discussion

5.1. Variables selection

In this section, we will reduce the dimensions of the input variables
and determine the appropriate variables to build a good classifier by
features extraction based on cumulative variance and features selection
based on the correlation between variables. From features extraction
using PCA, LDA and ICA, we can know that there is a change from data
features. The selection of features will be based on the following two
conditions:

	 Variables are selected by selecting one variable in each factor and has
the highest correlation value (positive or negative) with this factor.

	 Will be the selection priority to the parameters that have physical
sensors, since these parameters are measured directly from the sen-
sors installed in the station, and measured continuously and at any
level of the all treatment process such as pH, EC, T� and TU, this al-
lows us to create an intelligent monitoring system that works
permanently and continuously. Unlike chemical parameters that are
measured once a week and measured by complex and very expensive
means in laboratories such as Mg, B, H and FAT, this does not allow us
to create an intelligent control system that works permanently and
continuously.

To implement this phase a total of 122 samples are obtained from 8
variables of water quality data. Fig. 5 represents the temporal evolution
of the descriptor parameters of raw water quality (Station Tilesdit).

5.1.1. Variables selection with PCA
The first step in PCA is to standardize the data (z-score). “Standard-

ization”means subtracting the sample mean from each observation, then
dividing by the sample standard deviation. This centers and scales the
data. Fig. 6 represents z-score variability of data.

The vertical line (red) within each box displays the average of the
normalized values for the parameter. The vertical lines (black) which in
lie beyond the boxes represent the minimum and maximum values. For
example, in case of Permanent hardness (H), the median z-score value is



Fig. 5. Temporary evolution of descriptor parameters for the raw water quality (Tilesdit station).
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0, whereas, the minimum and maximum z-score values are approx. �1.4
and 2.4 respectively. The ‘þ’ symbol represents the outliers values, and
the whiskers expand to the most extreme data points that are not
considered outliers.

The goal of estimate z-scores are obtaining a set of linearly trans-
formed scores. After estimation of z-scores, the parameters are then
subjected to PCA. PCA method was used to reduce the feature dimen-
sionality that contains 75% variation of eigenvalues. Also, we can un-
derstand that there is a change from data features to components which
Fig. 6. z-score vari
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are uncorrelated. The original data and the first three PCs are plotted in
Figs. 7 and 8 respectively. From Fig. 8, it can be observed that the data
cluster for three classes are separated.

Table 2 and histogram data depicted in Fig. 9 represent PCA appli-
cation for the total dataset. From Fig. 9 can be seen a fast decrease in
eigenvalues. We can also note that the first four components in Table 2
represent 84.682% of total variance proportion.

Selecting 75% of the total variance means choosing the first four
factors:
ability of data.



Fig. 7. Original data.

Fig. 8. Feature extraction using PCA.
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	 Factor one (32.070%), in this factor, EC, B and FAT show strong
positive loading.

	 Factor two (27.933%), in this factor, T� and H show strong positive
loading.

	 Factor three (14.048%), in this factor, TU shows strong positive
loading.

	 Factor four (10.630%), in this factor, pH shows positive loading.

This is illustrated in Table 3. This table, represents the correlation
between variables, eigenvalues, variance proportion (%) and the cumu-
lative variance proportion for the four first principal components. We can
10
observe that F1 (PC1) correlates positively with EC (0.736), B (0.867)
and FAT (0.854). However, F2 (PC2) correlates positively with T� (0.780)
and H (0.704). While F3 (PC3) correlates positively with TU (0.729) only.
F4 (PC4) correlates positively with pH (0.516) only.

Finally, we can only maintain the parameters pH, EC, T� and TU to
build an intelligent model.

5.1.2. Variables selection with LDA
As we mentioned earlier, LDA technique finds a linear combination of

features that best separate given classes of original data. Can be utilized
as a linear classifier or to reduce the dimensions before the classification



Table 2
Descriptive statistics of the created principal components.

F1 F2 F3 F4 F5 F6 F7 F8

Eigenvalues
2.566 2.235 1.124 0.850 0.572 0.328 0.266 0.059

Percent of total variance proportion
32.070 27.933 14.048 10.630 7.156 4.098 3.323 0.742

Cumulative percent of total variance proportion
32.070 60.004 74.052 84.682 91.838 95.935 99.258 100

Variables eigenvectors obtained through the PCA application
pH �0.572 �0.464 �0.253 0.516 �0.080 0.286 0.196 0.000
EC 0.736 0.300 �0.374 0.081 0.263 0.327 �0.211 0.003
T� �0.037 0.780 �0.100 �0.446 �0.283 0.224 0.225 0.005
TU �0.260 �0.473 0.729 �0.275 0.071 0.295 �0.100 0.004
Mg 0.381 0.479 0.430 0.478 �0.442 0.026 �0.127 �0.014
B 0.867 �0.411 0.107 �0.028 0.014 0.006 0.198 �0.167
H �0.032 0.704 0.419 0.272 0.459 �0.021 0.205 0.019
FAT 0.854 �0.450 0.086 �0.002 �0.071 �0.009 0.156 0.175

Fig. 9. Histogram of the principal component eigenvalues.

Table 3
Correlation between variables, eigenvalues, variance proportion (%) and the
cumulative variance proportion in the four PCs.

Inputs (variables) Factors (PCs)

F1 F2 F3 F4

pH �0.572 �0.464 �0.253 0.516
EC 0.736 0.300 �0.374 0.081
T� �0.037 0.780 �0.100 �0.446
TU �0.260 �0.473 0.729 �0.275
Mg 0.381 0.479 0.430 0.478
B 0.867 �0.411 0.107 �0.028
H �0.032 0.704 0.419 0.272
FTA 0.854 �0.450 0.086 �0.002

Eigenvalues 2.566 2.235 1.124 0.850
Variance proportion (%) 32.070 27.933 14.048 10.630
Cumulative variance proportion (%) 32.070 60.004 74.052 84.682
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process. The main purpose of LDA in this work is to implement dimen-
sionality reduction (feature extraction) while preserving as much of the
class discriminatory information as possible. The first three discriminant
analysis are plotted in Fig. 10, it can be observed that the clusters for
three classes are well separated. Nevertheless, the performance of LDA is
better than PCA does in clustering of each class.

Table 4 and histogram data shown in Fig. 11 represent LDA appli-
cation for the total dataset. From Fig. 11, it can be seen that only two
discriminant function coefficients have been extracted, since the canon-
ical variants are c-1, if the number of variables is larger than c, in other
11
words, LDA reduces dimensions to c-1. The reason is the transformation
of X to Y is done through projecting the samples in X onto a hyperplane
with dimension c-1. Where c is the number of classes (in this case we
have c ¼ 3).

In Table 4, we listed the correlation between variables, eigenvalues,
variance proportion (%) and the cumulative variance proportion for the
first two factors. From this table, we can note that the first two factors
represent 100% of total variance proportion:

	 Factor one (98.483%), in this factor, TU shows strong negative
loading, whereas EC and T� show positive loading.

	 Factor two (1.517%), in this factor, pH shows positive loading,
whereas EC, Mg, B and FAT show negative loading.

We can observe also that F1 correlates positively with EC (0.433) and
T� (0.564), and negatively with TU (�0.942). While F2 correlates posi-
tively with pH (0.324), and negatively with EC (�0.309), Mg (�0.663), B
(�0.556) and FAT (�0.475).

Finally, we can only maintain the parameters TU and EC to build an
intelligent model.

5.1.3. Variables selection with ICA
The main goal of using ICA in this work is to perform dimensionality

reduction (feature extraction). This is done by extracting source signals
(ICs) and mixing coefficients from the matrix of mixture signals, by
calculating a linear transformation that maximizes a criterion measuring
of the statistical independence between the sources. ICs are linear com-
binations of the initial variables, with maximum non-gaussianity and
thus maximum independence.

At first, we normalize the data between 0 and 1, since the FastICA
algorithm is very sensitive to outliers. Then we apply PCA which is a
preprocessing phase of the ICA algorithm. Fig. 12, displays the scatter
plot for the data studied in this work. Fig. 12(a), shows the scatter of the
original mixtures forms an ellipse. Fig. 12(b), represents the projection of
the mixture signals onto the PCA space, this leads to rotate the principal
components to be aligned with the X1 and X2 axes and hence the ellipse is
also rotated. After the whitening step, we observe that the contour of the
mixture signals forms a circle, this is because the signals have unit
variance, as shown in Fig. 12(c).

Now we can apply the FastICA algorithm to extract the ICs. ICA was
used to reduce the feature dimensionality that contains 75% variation of
eigenvalues. The first three ICs are plotted in Fig. 13, it can be seen that
the clusters for three classes are well separated. Nevertheless, ICA per-
formed better than PCA in clustering of each class.

Table 5 and histogram data depicted in Fig. 14 represent FastICA
algorithm application for the total dataset. From Fig. 14 can be seen a fast
decrease in eigenvalues. We can also observe that the first three com-
ponents in Table 5 represent 79.253% of total variance proportion.



Fig. 10. Feature extraction using LDA.

Table 4
Descriptive statistics of the created discriminant function coefficients.

F1 F2

Eigenvalues
1.392 0.021

Percent of total variance proportion
98.483 1.517

Cumulative percent of total variance proportion
98.483 100

Variables eigenvectors obtained through the LDA application
pH �0.283 0.324
EC 0.433 ¡0.309
T� 0.564 0.115
TU ¡0.942 �0.049
Mg 0.240 �0.663
B �0.112 �0.556
H 0.133 0.213
FAT �0.120 �0.475

Fig. 11. Histogram of the discriminant function coefficients eigenvalues.
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Selecting 75% of the total variance means choosing the first three
factors:

	 Factor one (35.270%), in this factor, EC shows strong positive
loading, whereas TU shows negative loading.

	 Factor two (34.025%), in this factor, only TU shows strong positive
loading.

	 Factor three (9.959%), in this factor, T� shows strong positive
loading, whereas B shows negative loading.

Table 6, represents the correlation between variables, eigenvalues,
variance proportion (%) and the cumulative variance proportion for the
three first independent components. We can observe that F1 (IC1) cor-
relates positively with EC (0.896) and negatively with TU (�0.634).
However, F2 (IC2) correlates positively with TU (0.756) only. While F3
(IC3) correlates positively with T� (0.880), and negatively with B
(�0.529).

Finally, we can only maintain the parameters EC, TU and T� to build
an intelligent model.

5.2. Training and classification

In this work, we used the two methods explained above namely LSTM
RNNs and SVMs multi-class in data training and classification. The
hardware and software used to perform our simulation experiments are:
an Intel Core TM i3 and 2.40-GHz CPU processor with 4-GB RAM
memory. For the LSTM code, we have programmed it ourselves, and for
the SVM algorithm, we have used kernel method package [70].

The LSTM RNNs architecture used in this work for training and
classification, contains a sequence input layer followed by an LSTM layer.
The network ends with a three fully connected layer, a softmax layer, and
a classification output layer to predict class labels. Experimentally we
used two hidden layers of LSTM RNNs (since the training time would
increase with a large number of neurons and iterations, as we use only
the CPU).

Concerning to SVMs, the Gaussian RBF and polynomial are used as
the basic kernel function. These kernel functions share two basic pa-
rameters: the first is the bound on the lagrangian multipliers C, and the
second is the conditioning parameter for quadratic programming method



Fig. 12. Visualization for mixture signals of the data studied in this work during
the whitening step. (a) Scatter plot for the mixture signals, (b) the projection of
mixture signals onto the PCA space, i.e., decorrelation, (c) mixture signals are
scaled after the whitening step to have a unit variance.

S. Dilmi, M. Ladjal Chemometrics and Intelligent Laboratory Systems 214 (2021) 104329
γ. Additionally, polynomial kernel also contains parameter d related to
degree of polynomial. These parameters play a crucial role in perfor-
mance of SVMs. Therefore, must selection these parameters carefully and
correctly. In this study, a standard grid search is used to determine the
proper kernel parameter of d ¼ f1; 2; 3g, C ¼ f2�3; 2�2; :::; 27g and γ ¼
f2�13;2�12; :::; 2�3g. In addition to all this, the SVMs-based multi-class
classification is applied to perform the classification process using one-
against-one and one-against-all approaches.

According to the Environmental Quality Standards of water, we used
for this phase a complete real database consisting of 1200 samples. Our
problem is how to estimate the performance of LSTM RNNs model. It is
known that when we can assume independence and an identical distri-
bution (i.i.d) between observations, the use of standard k-fold cross-
validation (CV) is typically the most appropriate method. The issue is
that LSTM RNNs models are frequently used for time series data in the
widest sense, e.g. actual time series, texts, etc. These kinds of dataset are
13
auto-correlated most of the time, i.e. they depend on the order of events.
The water quality monitoring data are the time series data and greatly
affected by seasons with obvious seasonal diversity [71]. Consequently,
the standard k-fold CV technique cannot be applied directly to time series
data, since it leads to theoretical and practical problems. The reason is
that this technique the dependency between observations is not taken
into account since the standard k-fold CV assumes that the values of the
time series are i.i.d [72]. On the other hand, there is considerable con-
troversy in the literature regarding the use of CV to estimate the per-
formance of time series prediction models. Some argue [73–75] that the
use of CV methods (including the standard k-fold CV) to estimate the
performance of time series prediction models is normal and that their
performance better than use the out-of-sample (OOS) test methods.
Others argue [72,76] that these techniques cannot be applied to estimate
the performance of real-world time series prediction models, and these
techniques can only be used with stationary and artificial time series,
whereas in real-world time series, where time series is more complex
than time series in the artificial world, the CV is not recommended used,
and the out-of-sample (OOS) test methods and in particular adopt a
randomized approach with the OOS test are recommended used. For this,
we used three methods of CV and two methods of OOS test:

	 Regarding CV methods: the first method is standard k-fold CV with k
¼ 5 and 10. In k-fold CV generally, the dataset is first divided
randomly into subsets of equal size. The k-fold CV takes the data
sample, leaves a part out for testing and trains the model on the rest
(k-1 folds). This process is repeated k-times until the entire dataset is
covered; the second method we have used v-fold CV (Multiple Train-
Test splits) suitable for time series case [77]. The method involves
repeating the process of splitting the time series into train and test sets
v-times (in this study we used 5-fold CV, i.e. 5 splits). The test size
remains fixed while training set size will increase for every fold, with
respect the order of time series data; and the third method is the
Blocked cross validation (CV-Bl) procedure [76]. This method is
similar to the standard CV. But in this procedure, the time series is
divided into k-blocks of equal size without initial random shuffling,
with the natural order of observations is kept within each block. In
this study we divided the data into 5-blocks.

	 Regarding OOS test methods: the first method is the simple Holdout
(OOS.H). In the OOS.H method, the first 70% of the time series data
are used for training and the subsequent 30% are used for testing; and
the second method is Random-Holdout. This method creates a
random non stratified partition for holdout validation on n observa-
tions. Random-Holdout method, randomly selects approximately n�
p observations to holdout for the test (evaluation) set. The parameter
pmust be a scalar, where 0 < p < 1. In this study, 70% of the data is
used for training and 30% of the data for testing.

In order to evaluate the performance of our models, the accuracy
(Acc) criterion is used and it is defined as follows:

Acc¼ TPþ TN
TPþ TN þ FPþ FN

(55)

where TP, TN, FP and FN are true positive, true negative, false positive
and false negative respectively.

5.2.1. Classification using LSTM RNNs
In this section, we present and discuss the results of data classification

using LSTM RNNs and feature extraction techniques. In addition, we will
evaluate and compare the performance of the methods used to estimate
the performance of models of the classification. The results of this study
can be shown in Tables 7–12. In these tables, we listed the feature
extraction technique, classification rate for testing, training and testing
time. The results described in these tables were obtained by using single
layer LSTM RNNs, the number of neurons in the hidden layer (Hiddnum)



Fig. 13. Feature extraction using ICA.

Table 5
Descriptive statistics of the created independent components.

F1 F2 F3 F4 F5 F6 F7 F8

Eigenvalues
0.085 0.082 0.024 0.021 0.014 0.008 0.005 0.002

Percent of total variance proportion
35.270 34.025 9.959 8.714 5.809 3.320 2.075 0.830

Cumulative percent of total variance proportion
35.270 69.295 79.253 87.967 93.776 97.095 99.170 100

Variables eigenvectors obtained through the ICA application
pH �0.211 0.075 �0.430 0.123 �0.061 �0.323 0.467 0.201
EC 0.896 0.062 �0.144 �0.095 0.036 0.297 �0.359 �0.053
T� 0.275 �0.121 0.880 �0.073 0.248 �0.021 �0.138 �0.385
TU �0.634 0.756 �0.021 �0.015 �0.143 0.031 �0.151 0.074
Mg 0.123 �0.078 �0.008 0.037 0.914 �0.288 �0.651 �0.889
B 0.109 �0.025 �0.529 �0.223 �0.226 0.501 �0.664 0.118
H �0.051 �0.046 0.258 �0.177 0.580 0.314 �0.304 �0.156
FAT 0.105 �0.028 �0.499 0.136 �0.204 0.495 �0.678 0.047

Fig. 14. Histogram of the independent component eigenvalues.

Table 6
Correlation between variables, eigenvalues, variance proportion (%) and the
cumulative variance proportion in the three ICs.

Inputs (variables) Factors (ICs)

F1 F2 F3

pH �0.211 0.075 �0.430
EC 0.896 0.062 �0.144
T� 0.275 �0.121 0.880
TU �0.634 0.756 �0.021
Mg 0.123 �0.078 �0.008
B 0.109 �0.025 �0.529
H �0.051 �0.046 0.258
FAT 0.105 �0.028 �0.499

Eigenvalues 0.085 0.082 0.024
Variance proportion (%) 35.270 34.025 9.959
Cumulative variance proportion (%) 35.270 69.295 79.253
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¼ 100, the number of iterations (epochs) ¼ 200, batch size ¼ 27 training
examples and the time step ¼ 7 h.

As seen in Table 7, the classification rate using OOS.H ranged from
98.06% to 99.17%. Whereas in Table 8, the classification rate using



Table 8
Classification using single layer LSTM RNNs with Random-Holdout method.

Feature extraction
technique

Classification rate
(%)

Training time
(s)

Testing time
(s)

PCA 99.44 253.42 0.22
LDA 99.72 137.78 0.08
ICA 99.72 170.58 0.13

Table 9
Classification using single layer LSTM RNNs with Multiple Train-Test splits
method.

Feature extraction
technique

Classification rate
(%)

Training time
(s)

Testing time
(s)

PCA 97.60 164.20 0.09
LDA 97.80 114.36 0.08
ICA 97.70 142.52 0.08

Table 10
Classification using single layer LSTM RNNs with CV-Bl method.

Feature extraction
technique

Classification rate
(%)

Training time
(s)

Testing time
(s)

PCA 97.92 315.93 0.12
LDA 97.92 195.39 0.08
ICA 98.50 251.55 0.1

Table 11
Classification using single layer LSTM RNNs with 5-fold CV method.

Feature extraction
technique

Classification rate
(%)

Training time
(s)

Testing time
(s)

PCA 98.50 299.16 0.09
LDA 98.75 152.94 0.07
ICA 98.58 209.98 0.1

Table 12
Classification using single layer LSTM RNNs with 10-fold CV method.

Feature extraction
technique

Classification rate
(%)

Training time
(s)

Testing time
(s)

PCA 98.58 356.78 0.08
LDA 98.66 175.16 0.04
ICA 98.75 251.94 0.06

Table 13
Classification using two layers LSTM RNNs with Random-Holdout method.

Feature extraction
technique

Classification rate
(%)

Training time
(s)

Testing time
(s)

PCA 97.22 354.92 0.34
LDA 98.61 251.58 0.22
ICA 97.50 307 0.23
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Random-Holdout ranged from 99.44% to 99.72%. While in Table 9, the
classification rate using Multiple Train-Test splits ranged from 97.60% to
97.80%. Whereas in Table 10, the classification rate using CV-Bl ranged
from 97.92% to 98.50%. In Table 11, the classification rate using 5-fold
CV ranged from 98.50% to 98.75%. Then, in Table 12, the classification
rate using 10-fold CV ranged from 98.58% to 98.75%.

We can observe that Random-Holdout shows the best estimate fol-
lowed by OOS.H, k-fold CV, CV-Bl and Multiple Train-Test splits
respectively. It is clear, the use of Multiple Train-Test splits, CV-Bl and k-
fold CV methods does not suitable for estimating the performance of our
models, since they ignore the temporal components inherent in the
problem. Obviously, use of the OOS test, and in particular use of the OOS
test with adopt a randomized approach (Random-Holdout method) is
better option as a method to estimate the performance of our models. In
addition, the results of this method are reliable and unbiased.

In case of use Random-Holdout, we note that the classification rate
with LDA and ICA is highest 99.72%. The PCA had lowest classification
rate 99.44%. ICA performs better than PCA because ICA finds the com-
ponents not only uncorrelated but independent. ICs are more important
than uncorrelated components in classification process, because the
negentropy in ICA can take into consideration the higher-order infor-
mation of the original inputs better than the PCA using the covariance
matrix.

The use of two layers LSTM RNNs did not improve the classification
performance, as shown in Table 13. The results shown in this table, were
obtained using Hiddnum ¼ 100 for each layer, epochs ¼ 200, batch size
¼ 27 training examples and the time step¼ 7 h. Based on Yang Liu's study
[18], this can be explained that the single layer LSTM RNNs can provide
accurate prediction for big time interval prediction.

5.2.2. Classification using SVMs multi-class
In this section, we present and discuss the results of data classification

using SVMs multi-class and feature extraction techniques, and we
introduce the effect of selection of kernel function, namely, Gaussian RBF
kernel and polynomial kernel. The selection of kernel function plays a
major role in determining the performance of SVMs. The purpose of using
the kernel function is to transform a data from input space to a higher
dimensional feature space. Incorrect selection of parameters d, C, and γ
can cause overfitting or underfitting problem. In this study, a standard
grid search is used to determine the proper kernel parameters d; C and γ.
For Gaussian RBF kernel we searched the range of parameters C ¼ f2�3;

2�2; :::; 27g and γ ¼ f2�13; 2�12; :::; 2�3g. For polynomial kernel we
evaluated pairs of ðd; C; γÞ from the range d ¼ f1; 2; 3g, C ¼ f2�3;2�2;

:::; 27g and γ ¼ f2�13; 2�12; :::; 2�3g. In order to estimate the perfor-
mance of our models, we used the standard 10-fold CV (since SVM is a
statistical learning technique. Thus, it assumes that the training examples
are i.i.d., in this case, it would be good to use the standard k-fold CV). The
results of this study can be shown in Tables 14–16. In these tables, we
listed the kernel function, strategy of multiclass classification with pa-
rameters selection, classification rate for testing, training and testing
time.

As seen in Table 14, the classification rate with PCA ranged from
95.17% to 99.25%. Whereas in Table 15, the classification rate with LDA
ranged from 97.84% to 99.43%. While in Table 16, the classification rate
with ICA ranged from 95.17% to 99.42%.

From these Tables we can observe:
Table 7
Classification using single layer LSTM RNNs with OOS.H method.

Feature extraction
technique

Classification rate
(%)

Training time
(s)

Testing time
(s)

PCA 98.06 288.63 0.19
LDA 99.17 173.45 0.11
ICA 99.17 212.45 0.16

15
	 The performance of polynomial kernel is better than Gaussian RBF
kernel for both one-against-one and one-against-all strategies.

	 When applying polynomial kernel: for one-against-one strategy the
classification rate with LDA is highest 99.43%with the proper pair ð1;
26; 2�9Þ, and ICA came second 99.42% with the proper pair ð1; 26;
2�10Þ. The PCA had lowest classification rate 99.25%with the proper
pair ð1; 25; 2�7Þ. These results represent the best classification rates
using SVM multi-class classification. For one-against-all strategy, the
classification rate using ICA and PCA with the proper pairs ð1; 27;
2�11Þ and ð1; 27; 2�9Þ respectively is highest 98%. The LDA had



Table 14
Classification using SVM multi-class and PCA.

Kernel Multi-class
strategy

Classification
rate (%)

Training
time (s)

Testing
time (s)

Polynomial ðd;
C; γÞ

One vs. One
ð1; 25; 2�7Þ

99.25 0.6 0

One vs. All ð1;
27; 2�9Þ

98.00 2.58 0.03

Gaussian RBF
ðC; γÞ

One vs. One
ð22; 2�11Þ

95.17 9.86 0

One vs. All
ð27; 2�6Þ

95.17 27.66 0.18

Table 15
Classification using SVM multi-class and LDA.

Kernel Multi-class
strategy

Classification
rate (%)

Training
time (s)

Testing
time (s)

Polynomial ðd;
C; γÞ

One vs. One
ð1; 26; 2�9Þ

99.43 0.56 0

One vs. All ð1;
27; 2�13Þ

97.92 1.98 0.01

Gaussian RBF
ðC; γÞ

One vs. One
ð27; 2�11Þ

97.92 2.69 0.01

One vs. All
ð25; 2�9Þ

97.84 6.87 0.1

Table 16
Classification using SVM multi-class and ICA.

Kernel Multi-class
strategy

Classification
rate (%)

Training
time (s)

Testing
time (s)

Polynomial ðd;
C; γÞ

One vs. One
ð1; 26; 2�10Þ

99.42 0.55 0.01

One vs. All ð1;
27; 2�11Þ

98.00 2.11 0.01

Gaussian RBF
ðC; γÞ

One vs. One
ð26; 2�13Þ

95.17 8.47 0

One vs. All
ð27; 2�8Þ

95.42 22.4 0.17
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lowest classification rate 97.92% with the proper pair ð1; 27; 2�13Þ.
	 When applying Gaussian RBF kernel: for one-against-one strategy, the
classification rate with LDA is highest 97.92% with the proper pair
ð27; 2�11Þ. The classification rate using ICA and PCA with the proper
pairs ð26; 2�13Þ and ð22; 2�11Þ respectively is lowest 95.17%. For
one-against-all strategy, the classification rate with LDA is highest
97.84% with the proper pair ð25; 2�9Þ, and ICA came second 95.42%
with the proper pair ð27; 2�8Þ. The PCA had lowest classification rate
95.17% with the proper pair ð27; 2�6Þ.

By comparing the performance of both LSTM RNNs and SVMs multi-
class in the classification, obviously, both LSTM RNNs and SVMs multi-
class using polynomial kernel and one-against-one strategy performed
well in data classification. However, LSTM RNNs’ performance better
than that of SVMs multi-class.

6. Conclusion and future work

In this paper, we have presented a performance evaluation of new
deep learning technique - LSTM RNNs for water quality classification. An
appropriate intelligent procedure based on the physicochemical param-
eters of surface water was proposed. The feature extraction step plays an
important role in improving the classification process. In this study, PCA,
LDA, and ICA techniques were successfully applied to extract useful and
relevant features. However, the clustering feature using LDA and ICA was
16
better than PCA does. After feature extraction, we performed variables
selection process. The correlation between variables technique was used
due to its reliability and simple.

LSTM was implemented with many methods of estimating the per-
formance of the models. The results indicate that the Random-Holdout
technique is a reliable and effective method for estimating the perfor-
mance of time series prediction models. In this study, the SVM was
selected as benchmark for comparison with LSTM model. The results
showed that the integration of LSTM with LDA, and LSTM with ICA gave
the best performance with 99.72% accuracy. According to this result, the
integration of LSTMwith LDA or ICA can serve as a promising alternative
for intelligent and automated monitoring of water quality in the future.

The future research work we will (1) use soft sensors in the existence
of the chemical parameters that cannot be measured continuously, (2)
use nonlinear feature extraction techniques such as kernel principal
component analysis (KPCA), kernel discriminant analysis (KDA) and
kernel independent component analysis (KICA), (3) test the classification
performance using new techniques of advanced deep learning such as
Gated Recurrent Units (GRU) RNNs and convolutional LSTM
(ConvLSTM).
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