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ABSTRACT: The main challenge in Wastewater Treatment Plants (WWTP) by activated sludge
process is the reduction of the energy consumption that varies according to the pollutant load of
influent. However, this energy is fundamentally used for aerators in biological process. The modeling
of energy consumption according to the decision parameters deemed necessary for a good control of
the active sludge process namely the removal yields of parameters pollutant such as Biological
Oxygen Demand (BOD), Chemical Oxygen Demand (COD), Suspended solids (SS) and Ammoniac
(NH4") that must meet the required standards. To achieve this objective, a coupling of two
approaches, the principal components analysis (PCA) method and Adaptatif Neural Fuzzy Inference
System (ANFIS) model was envisaged, in the aim to improve the performance of fuzzy reasoning.
Indeed, PCA as a factorization tool allowing the reducing of the variable that allows the reduction
of the complexity of the studied phenomenon. The neuro-fuzzy learning from the data projected
on the principal axes allows the improvement of the model, both in learning and validation periods.
The comparative study between ANFIS model, regression PCA model and coupling PCA-ANFIS
method applied to the raw data was effected. The results indicate a significant improvement in the
validation criteria obtained in the coupling PCA-ANFIS model compared to the other models
for the learning and validation periods. The result shows that the coupling PCA-ANFIS can be used to extract
information from data and to describe the nonlinearity of complex wastewater treatment processes.
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INTRODUCTION

The awareness of the environmental problems caused hand, and the will to improve and to preserve the quality
by the discharges from activated sludge process on the of the receiving environments on the other hand, has led
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the adoption of stricter regulatory standards. The respect
for the standards of discharge, and consequent
overconsumption of energy [1], constitute the main
challenge of the wastewater treatment plant operators.
Thus, although the main objective of wastewater
treatment services is the treatment of effluent discharged
into receiving environments, the reduction of energy
consumption is gradually becoming a subject of interest.
The most important part of the energy consumption is
due to the aeration of the basin by agitators. For a large
station, the energy consumption of aeration would
represent 60% of the consumption [2-5]. In this context,
the modeling of biological processes has been the subject
of intensive research activities.

The scientific community to model the dynamic
biochemical reactions occurring in Activated Sludge
Process (ASP) reactors establishes Activated Sludge
Models ASM, developed by the International Water
Association, as standards. ASM1, ASM3 [6] address
carbon and nitrogen degradation under aerobic and
anoxic conditions, while ASM2, and ASM2d [7] address
the phosphorus removal. These deterministic models are
suitable for well-defined systems. However, for more
complex problems, these models become less efficient.
Indeed, the empirical models developed to describe
biological processes, have a several limitations and suffer
from major challenges i) the large numbers of parameters
used, and which are unable to simultaneously process
variations on more than one or two key variables of
the process [8], ii) the need to measure, analyze and control
certain concentrations and characteristic variables of
the effluents, and the lack of real-time availability
of information on the conditions functioning, iii)
the absence of reliable and directly accessible measurements,
the inaccuracy of the measurements which lead to
difficulties in the choice of the structure of the models,
vi) Moreover, these models reflect the mechanism and
kinetics of the reactions involved [9] they contain a large
number of kinetic and stoichiometric parameters that
should be determined by specific laboratory tests and/or
process operation, and they may not be practical for
plants control [10], especially in developing countries.
The accurate description of the system therefore results
in highly complex equations which may not be very useful
from a practical and operational point of view. To remedy
this, we used Artificial Intelligence (Al) models that
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allow from the input and output history data, of the given
process, to extract the required knowledge.

In order to improve the wastewater treatment
performance, Al, can overcome the restrictions of the
traditional modeling methods and efficiently approximate
any nonlinear processes, have been utilized for
simulation, prediction and modeling, Al tools are
appropriate for a nonlinear processes [8, 11] ; Indeed,
Neuro-fuzzy models can provide a human knowledge on
the operation of the processes on the basis of which
monitoring and control strategies can be developed,
taking into account the data available upstream and
downstream of the wastewater treatment plant.

Al models are adapted to the context defined above,
with the aim of optimizing energy consumption of
aeration basins in ASP that consumption exceeds 70% of
total energy consumption. Al is a computing method
which mimics the human brain and nervous system.
It is a mathematical structure, which is capable of
approximating arbitrarily complex nonlinear processes [12]
that relate the inputs and output of any system [13].
In contrast to ASM models, the Al models have
a dynamic nature and evolutionary, and the most
significant advantage is that no precise mathematical
model is needed [14], which can well approach any
nonlinear continuous function and overcome the
shortcomings of traditional control that over depend
on accurate mathematical model [15]. Al models are based
only on inputs and outputs of the process, without any
regard to physical, chemical and biological knowledge of
the process. They are therefore of a descriptive nature.
These are based on the principle of extracting knowledge
from information observed, reflecting the history
of human intelligence that gives a powerful predictive ability
to describe complex phenomena, such as biological treatment
and has real-time solutions to STEP manager.

Al models involved the use of Artificial Neural
Networks (ANN), where no priori knowledge for a system
is required, and has the ability to learn a relationship
between the outputs and the inputs for a system.
To develop a process using ANN, it requires suitable
network architecture and appropriate data training [16, 17].
Fuzzy inference system (FIS) [13, 18, 19], Genetic
Algorithms (GA) use random search for optimization
of a fitness function by means of the parameters space
coding [10, 20-22].
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The Adaptive Neuro-Fuzzy Inference System (ANFIS)
model combines the suitable properties and diminishes
the disadvantages of the ANN and FIS techniques [10, 18].
The conventional technique neural network is powerful
because it can learn to represent data trends are complex
and can be used to learn the fuzzy decision rules.
Nevertheless, there are limits to the realization of
heuristic reasoning problem. However, the use of logical
rules is excellent in this area, but is generally weak as
regards the acquisition of knowledge and can take into
account uncertainty and impreciseness in the data.
In this work, to take advantage of both methods, Adaptative
Neural and Fuzzy Inference System (ANFIS) techniques
were combined to develop a "Neuro-fuzzy" modelin other
words neural fuzzy or Adoptive Neuro-Fuzzy Inference
Systems (ANFIS) allow overcoming limitations
in parameter optimization which offers appealing features.
Some research has been carried out on fuzzy neural
approach to determine the amount of recycled sludge
in the aeration basin while respecting discharge standards
with minimal operational costs [23, 24]. Other research
developed a neuro-fuzzy model to predict the nitrate
concentration in the anoxic zone by controlling
the recirculation flow with elimination of the nitrogen
in the anoxic phase [25]. The modeling of suspended solids
according to the biological and chemical demand for
oxygen by fuzzy controller system was carried
out[26,27]. Fuzzy logic was used to model the
elimination of inorganic matter by minimizing energy
consumption [28].

The mastery of the activated sludge treatment process
is to determine the optimal values of decision parameters
to eliminate the pollution load contained in wastewater
(organic and inorganic) respecting the discharge
standards required by the environment. In order to
improve the performance of these methods, the ANFIS
model was applied to determine the energy to deploy
especially into the aeration basin. This model determines
the aeration profile of the reactor that minimizes energy
consumption while respecting the specific constraints
(regulatory discharge standards) [1, 29-32]. despite
the considerable contribution of the IA in explaining
the phenomenon, the problem remains complex because
of the large number of inputs and outputs implemented.

The large number of pollution parameters, in a
WWTP making their use difficult for modeling purposes.
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Therefore, having a large number of input parameters
can be considered as one of the main common problems
for modeling processes using these techniques.
To resolve this problem, a Principal Component Analysis (PCA)
are used [14, 33]. In order to further reduce the complexity
of the phenomenon to model, a factorization of dominant
parameters was performed (PCA) that extracts required
information from large input vectors through data
preprocessing.

A great number of new hybride intelligent techniques
have been constructed, such as PCA-ANFIS
hybridization was studied by several authors using
the PCA as data clustering tool, example includes the work
of Huang [14] that used principal component analysis
(PCA) to identify model architecture and extract
and optimize the fuzzy rule of the network performance,
The system includes an ANFIS predictive model and
an ANFIS controller in order to improve them by reducing
and optimizing the number of rules in other words,
the PCA has been used for the projection of individuals
on the main axes. Some research is based on reduction of
number of variables by PCA then applied to the ANFIS
on the reduced variables [10].

The aim of this work is to determine the correlation
between input parameters of elimination yields such as
BOD, COD, SS, NH4+ and energy consumption as
output parameters for an urban WWTP in order to
minimize the energy consumption. In this objective,
a novel approach basis on coupling PCA-ANFIS that
was designed to provide better predictions and to optimize
the energy consumption in activated sludge process.
ANFIS- PCA coupling consists in modeling the main axis
translating most the variable to be explained according to
the other main axes consisted of explanatory variables,
in other term, projected data matrix on the vectorial space
engendered by the raw variables projected in a new
orthonormal basis engendered by principal components
(PC). in this study, a comparison between three models
was effected: the regression model PCA, the ANFIS
model and the coupling PCA-ANFIS.

DESCRIPTION OF MODELING TOOLS
Principal Component Analysis (PCA)

The analysis of databases using PCA method
is promising for industrial applications because they treat
data in a multivariate manner, reduction of many
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variables, identification of structures that explain
the most relevant variance of the data and for clustering
analysis. The objective of PCA is to provide simple tools
and readable representation of information processed
allowing highlighting raw data possible links existing
between variables (in term of correlation). PCA can be used
to i) Give indications onto the nature, the strength and
the relevance of these links, to facilitate their
interpretation and discover what are the dominant
tendencies of the data set; ii) Reduce effectively
the number of dimensions studied [34] (thus to simplify
the problem), by seeking to express the most faithfully
possible the original data detected through relationships
between variables.

Multivariate statistical methods are capable of
handling collinearities among large numbers of variables
and, at the same time, they compress the information of
many variables into a few uncorrelated principal
components or latent variables [35].

The PCA is a statistical method analysis that reduces
the size of a data matrix. Indeed, it transforms the first set
of data in the second set in smaller size compound of new
variables, which are linear combinations of the original
variables. The purpose of the PCA is to identify linear
relationships among the different variables of the system,
using the input and output data of the system.

In computational terms, the principal components are
found by calculating the eigenvectors and eigenvalues
of the data covariance matrix. This process is equivalent
to finding the axis system in which the covariance matrix
is diagonal. The eigenvector with the largest eigenvalue
is the direction of greatest variation; the one with the second
largest eigenvalue is the (orthogonal) direction with
the next highest variation and so on [33].

The PCA considers "P" variables for which we
arrange of "N" individuals. The individual "i" is
described by the vector belonging to RP.

X; ={X;/j=1to P} (1)

The term X is a real number that represents
the measurement of the variable X; on individual i.
On an individual, there are a number of variables.

The variable "j" is described by the vector R™:

Xj={X;/i=1to N| )
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The matrix [X] resulting of the crossing " NxP "
constitutes the matrix of data.

The covariance matrix between X; and Xyvariables
is given by:

N JR—
COV(Xj,Xk)Z%Z(X” =X )% (X = Xic ) 3)
P

The initial variables undergo, sometimes, a change
in reduced centered variables in order to reduce
the distortion of valuable scales and to make dimensionless
variables on the other hand. The matrix of covariance,
in this case, describes the matrix of correlation between
variables X; and Xk and it is given by:

_Cov(Xj,Xk)_
Cor(Xj,Xk)—Sj—Sk— @
N _
> (X=X )% (X X )
il j=1LP ; k=LP

We note that:
[A]={Cor(X;,X), j=1,P; k=1,P} ©)

Note that the correlation matrix [A] is a symmetric
matrix definite positive, it is, therefore, diagonalizable.
The correlation matrix is replaced by a diagonal matrix
noted [D] by reducing the number of variables necessary
to describe individuals with a minimal loss of information
[33].

The [D] matrix is obtained after resolution of
the following polynomial equation:

Det(A—2,1)=0 (6)

Where:

[17: is the Identity Matrix with (PxP) dimension.

A are called the eigenvalues and represent
the diagonal values of the diagonal matrix [D].

These new variables are called principal components
(PCs). PCs, Ratter Fj, represented as a linear combination
of the X; variables, which are calculated from
the eigenvectors of the correlation matrix:

(A—Kll)szo (7
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ANFIS model

Adaptive Neuro-Fuzzy Inference System (ANFIS) is
a multilayer feed-forward network, which uses theneural
network and fuzzy reasoning to map inputs into an
output. It is a fuzzy inference system (FIS) implemented
in the framework of adaptive neural networks [25].
It represents a useful neural network approach for
the solution of function approximation problems. Data-driven
procedures for the synthesis of ANFIS networks
are typically based on clustering a training set of numerical
samples of the unknown function to be approximated.
Since their introduction, ANFIS networks, have been
successfully applied to classification tasks, rule-based
process controls, pattern recognition problems [18].

The fuzzy inference system is composed of fuzzy
rules, based on a fuzzification of the input and output
parameters followed by a supervised learning of these
rules, using the neural networks that allows a weighting
of these rules:

a) A clustering technique (K-means) was used for
the fuzzification of input and output parameters
for the determination of the number of clusters (low,
medium, high ...).

b) To optimize the number of rules to be considered,
a weighting of fuzzy rules resulting from fuzzy
classification is performed by supervised learning using
the single-layer neural networks.

Since the model is dynamic, any new information
introduced will affect the fuzzy reasoning and may
change the weighting of the rules.

Coupling PCA -ANFIS

The prediction capability of Al techniques strongly
depends on the status of the training data. If there are
noise and uncertainty in the training data, a problem of
over-fitting often arises. Since Al techniques use only
input and output data observed from the target system,
it is necessary to extract required information from large
and noisy input vectors through data preprocessing.

The PCA can be considered as a statistical model.
A static model derived from a statistical analysis by PCA
alone for the reproduction of the variable to explain,
the energy to consume, to express in the form of a linear
combination of the main Principal components (PC).
The ANFIS model considered as a dynamic model,
also applied, on initial variables based on supervised learning.
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The present work aims to couple between the static model
and the dynamic model by ANFIS.

PCA-ANFIS hybridization was studied by several
authors using the PCA as data clustering tool, example
includes the work of Hang [18] that used principal
component analysis (PCA) to identify model
architecture and extract and optimize the fuzzy rule of
the network performance, the system includes
an ANFIS predictive model and an ANFIS controller
in order to improve them by reducing and optimizing
the number of rules. Other researchers used PCA
to the data before processing the model used in the Pc main
components in order to eliminate outliers, in other
words, the PCA has been used for the projection of
individuals on the main axes.

A PCA model was constructed to obtain the
projection initial axis that was used in learning data
by ANFIS to simulate the energy consumption schematically
in the following figure.

With the aim of appreciating the functioning
of the plant, we are interested in the Energy consumption
(explained variable) necessary to achieve the treatment
objectives expressed by elimination yields on
(explanatory variables) (Yss, Ycop, Ygob, YNH4).

DESCRIPTION OF THE ACTIVATED SLUDGE
PLANT

The activated sludge plant is located in Boumerdes
coastal area 50 Km east of Algiers. It is intended for
purifying urban sewage of the city of Boumerdes and
neighboring municipalities.

The pretreated water is directed to 3 aeration basins
that are mixed with an aerated biomass and kept in
suspension; each basin comprises 3 aerators that provide
oxygen to the mixing. We get mixed liquor composed
of flocculated sludge and treated water directed to
the clarifiers where the solids settle and are separated
from treated wastewater. In output thereof, the biomass
is separated by decantation; a part of the biomass is
recirculated in the basins. The excess biomass is removed
from the system and constitutes the secondary sludge.
At the end of the process, the clarified water passes into
a concrete structure ensure prolonged contact between
the water to be disinfected and chlorinated water. At the exit
of the plant, Water is discharged into the natural
environment.
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Figl: Schematic of PCA-ANFIS

The analysis of wastewater characteristics in the
WWTP is carried weekly. Pollutant parameters such as
BOD, COD, NO3", NH4*, NTK and PO4* are measured
at the site of the plant.

RESULTS AND DISCUSSIONS

In order to rationalize the energy consumption
of an activated sludge treatment plant, a modeling by three
means was performed for the description of a
phenomenon so complex and evolving as biological
treatment applied to an urban water purification plant.

Application of PCA model

The problem thus defined in the wvector space
generated by the initial variables, characterized
by a large number of parameters, is transformed into a smaller
space (factored) generated by the principal components.

An inverse transformation via the passage matrix
allows the communication of information between
the two species, besides the variable to explain (En).

The components that rate of explanation considered
low will be neglected for this purpose, which contributed
to the simplification of the problem thus defined.

A Principal Component Analysis (PCA) was performed
on the daily data table, which contains 9 variables and
250 observations, after removing all non-concomitant
data.

It has been found in previous works that
the performance of the purification process of our WWTP
is related to the removal of organic matter : BOD, COD,
and SS, mainly characterized by domestic water, and
excessive removal of SS, BOD and COD more than
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the required standard has been found [8, 33]. Therefore,
we only considered the organic parameters (BOD, COD,
and SS). The energy is related to the removal of organic
matter as well as the elimination yield of NH* expressing
the degree of nitrification.

With the aim of appreciating the functioning
of the plant, we are interested in the Energy consumption
(explained variable) necessary to achieve the treatment
objectives expressed by elimination vyields on
(explanatory variables) (Yss, Ycop, Yeop, YnH4).

The energy ratio (En (Kwh/m?®)) represents the report
between the energy consumed and the flow entering
the station.

For the purpose of simulant, the energy consumed,
PCA modeling was performed. The data collected for this
purpose including the parameters yield: Yss, Ycop, Ysop
and Ynua that results from grouping them with energy,
by application of PCA, are the input parameters;
the output parameter is energy ratio (En).

We construct a linear PCA, from the training data,
which can express the initial variables after centered-
reduced this latest on a new basis Ortho normed
generated by the main components. The variable energy
(En) is expressed by the main axis F2, while variables SS,
BODs, COD and IVH ;" are expressed by the main axes F1, F3.
We expressed En depending on the main axes (F1, F3).

From the matrix of the cosine squares of variables, we
deduct that:

- The axis F1 explains respectively the elimination
yields of SS, BOD, and COD.

- The axis F2 explains the energy ratio.
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Fig 2: Projection of the input/output variables on the axis (a) F1, F3 (b) F1, F2.

- The axis F3 explains the drawdown of NH4*.

The equations obtained from the multiple regression
of each axis are given in the following:

The matrix of thepassage is given in following:

F1 [045 043 056 041 033 Yes
F| | 010 -059 -0.14 0.05 0.80 || Ysop
R |=|-063 —004 —0.02 077 044 || Yeop | (8)
Fo| | 052 060 —-003 -039 051 Yuy,
F] 033 038 081 -026 0.08]En

The energy is explained by the main axis F2.

The equation of this model given as follows:

En=0.77 Yss-0.37 Ycop + 0.7 YNHa

The first principal’s components (F1, F2, F3)
were taken, with an explanation rate of 80%. We write
the elimination yield (i) as a function of the Fi (F1, F2,
and F3), among others the variable to explain energy.

[ Yes 045 0.11 -0.63
Yeop | |044 059 -0.04|[F
Ycop |=]0.56 —0.14 —0.02 || F, 9)
Yuu, | [041 000 077 || F
E 034 0.78  0.00

sim |

Replacing F1, F2, and F3 with their equations the
energy equation will give as a function of 5 variables

(YSS’YBOD »Ycops Y, » E”) (10)
Eqp = 0.24Ygs +0.32Yp0p +0.082Yeop +
0.18Yyy, +0.73En
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The Input parameters are calibrated with the output
parameter (En) for PCA model. The performance of the
model is tested during the test period to judge its
predictive ability. The validation criteria of the model,
both during the learning period and during the validation
period, are shown in the Table 1.

We can conclude that the quality of the model
resulting from the PCA for the calibration part is average
and confirms the interpretation of the distribution of
the scatter plot around the trend curve.

The correlation coefficient is (63.86%) for the
validation period, a slight increase is observed with
regard to the R2 obtained in the calibration period,
therefore the correlation between the observed energy and
the simulated energy is average.

Development of ANFIS model

To approximate the function between the input and
the output of the system, the learning (supervised)
process must define the basis of the fuzzy rules; their
number, premises, and conclusion minimize the gap
between the desired outputs and those inferred by the
fuzzy set [19]. ANFIS used for estimation the energy
consumption in water purification plant, based on results
of PCA.

Adaptive-Network-based Fuzzy Inference System
(ANFIS) is a multi-layer feedforward network in which
each node performs a particular function on incoming
signals. The parameters associated with these nodes
are updated according to a given training data and a gradient
based learning procedure in order to achieve a desired

267



Iran. J. Chem. Chem. Eng.

(a) PCA Learning
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(b) PCA Validation
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Fig 3: Simulated energy correlations with the energy observed during (a) learning and (b) validation period (PCA model).
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Fig 4: Description of Ren's ANFIS model as a function of organic matter with clustering of data

input-output mapping. ANFIS [36,37] can be used
to optimize membership functions and has the advantage
of being able to construct fuzzy IF-THEN rules representing
these optimized membership functions [19].

Modeling is a valuable tool in both design and
operation and can be used for process optimization and
testing of control strategies in order to meet effluent
quality requirements at a reasonable cost. Neurofuzzy
modeling is performed to simulate the energy
consumption.

The ANFIS model chosen is Sugeno type with three
parameters of (Yss, Yeop, Ycop, Ynwa) Of input
parameters, the energy ratio (En) is an output parameter
(figure 4 (a)).

The architecture of ANFIS model is characterized
by four layers, each has several nodes (figurel (b)).
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The basic structure of ANFIS for prediction
is composed of four layers. The relationships between
elements are showed in Fig. 2.

Three membership functions associated with three
parameters are considered in this model. Each of these
functions consists of three premises. Clusterization
the input data are the considered parameter (see figure .1 (c)).
Fuzzy rules are made following to a fuzzification of input
parameters. The number of fuzzy rules is an equivalent
number of combinations of the premises.

The Input parameters are calibrated with the output
parameter (En) for ANFIS model. The performance
of the model is tested during the validation period to judge
its predictive ability.

From the curve of the learning data, we notice that some
points are distant from the first bisector, it means that the points
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Fig 5: Simulated energy correlations in the energy observed during (a) learning and (b) validation period (ANFIS).

were not simulated correctly, and that the deviation
between the observed energy and the simulated energy
is important.

The coefficients correlation of both learning and
validation periods are respectively 66 % and 68%(table
(1)), the correlation between the energy observed and
the energy simulated by Neuro-fuzzy model is average with
a slight improvement compared to the model resulting
from the PCA, and this confirms the interpretation
of the distribution of the scatter plot around the curve
of the trend. Therefore, the correlation between
the observed energy and the simulated energy is better.

Development of Coupling PCA-ANFIS approach

The input parameters, including the vyields of
parameters (SS, BODs, COD and NH*,) are reported and
calibrated with the output parameter energy ratio (Ren)
in the Fuzzy-Neural model.

In order to obtain our matrix of data calibration and
validations, we proceeded as follows:

e The data of the calibration part are those
obtained by ACP (matrix of the coordinates of the
observations)

e  The data of the validation part were calculated
from the transition matrix1.

The data matrix of the validation period is obtained
by replacing Yss, Yeop, Ycop, Ynrsand energy. Then
we pass to the simulation of the axis F2 by the Neuro-fuzzy
model.

From the transition matrix, we obtain the following
model which will allow us to simulate the energy from
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a ANFIS-PCA coupling for the calibration part as well as
for the validation part:

Eqm = 0.34F, +0.83F,  —0.005F; +0.52F, —0.083F; (11)

In the ANFIS-PCA coupling, the variable Ren can be express
depending on the main axis as following:

Egpy = 0.34F, +0.68F, —0.35F, —0.187F, 12)

The Input parameters are calibrated with the output
parameter (En). The performance of the model of
coupling PCA-ANFIS is tested during the validation
period to judge its predictive ability. The validation
criteria of the model, both during the learning period
and during the validation period, are shown in the Table 3.

The best results with respect to the RMSE criterion
obtained with coupling PCA-ANFIS model for the
learning period (11.69) (Table (1)). A better measurement
of the energy stemming of coupling of models (PCA and
Fuzzy-Neural) hence the reduction of distortions between
the simulated and observed values is obtained. By against
the results from the PCA model is poor compared
to the results from the Fuzzy-Neural model.

Fig. 5 shows a good correlation of the energy values;
the correlation coefficient is better and the distortions
are decreased compared to the PCA model and Fuzzy-Neural
model. However, the correlation model performs better
during the learning period correlation coefficients
(approximately 88.36%) (Table 1).

According to the graphical representation of
the results of the coupling ANFIS- PCA modeling of
the validation part, the points are closer to the first bisector
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compared to the last two models (ANFIS-ACP). This
shows that the neuro-fuzzy ACP coupling model allowed
to simulate the energy well and that the difference
between the simulated energy and the observed energy is
low for most of the points of the sample. The ANFIS-
ACP coupling model allowed us to improve advantage
the results.

The developed PCA-ANFIS was compared with PCA
model and ANFIS ones, this research indicates a
significant improvement in the correlation coefficient
obtained for the PCA-ANFIS coupling (88.3%) compared
to the PCA model (60.60%) and ANFIS model (66.00%)
for the learning period, and a smaller RMSE 18,33
compared to PCA and ANFIS (19.43; 31.88) respectively
(as shown in Table 1). The result shows that the coupling
PCA-ANFIS can be used to extract information from data
and to describe the nonlinearity of complex wastewater
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treatment processes. Satisfactory results obtained with
the coupling PCA-ANFIS justify a high reasoning of this
approach and its capacity to optimize the energy
consumed during the aeration phase.

CONCLUSIONS

The proposed approach constitutes a methodology for
the data processing contained in the various observations
registered in a water-treatment plant in the aim of
extracting the maximum of useful information for
the understanding and the optimization of the treatment
process.

However, a comparison between different models
is making. First, a linear model by Principal Component
Analysis (PCA) was established. The unsatisfactory
results were found. To improve the results of the
modeling of this phenomenon, we used the second model
that is ANFIS. This has allowed improving the results.
In order to further improve the results, a coupling CPA
and ANFIS was established.

In order to minimize water treatment costs, while
maintaining an adequate level of performance,
we decided to combine the benefit of the Principal
Component Analysis (PCA) and the ANFIS model
in order to have better modeling of our phenomenon.
The results showed that coupling PCA-ANFIS applied
to energy consumption based on drawdowns pollution
parameters gave very satisfactory results, thus expressing
the higher qualities of coupling PCA-ANFIS, which
justifies the predictive power of the model developed.
Coupling PCA-ANFIS model is the best representation
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Table 1: Validation criteria for the learning and validation periods

/ PCA ANFIS ANFIS-PCA \
RMSE 30.95 19.64 11.69
Learning period
R? 60,60 66,00 82,43
RMSE 31.88 19.43 18.33
Validation period
R? 63,90 68,00 70,00 /

of our phenomenon, it can be used to extract information
from data and to describe the nonlinearity of complex
wastewater treatment processes.

Nomenclature
Al Artificial Intelligent

ANFIS Adaptatif Neuro Fuzzy Inference System
BOD Biological Oxygen Demand
COoD Chemical Oxygen Demand
PO~ -P Phosphorus
NHy — N Ammoniac
TKN Total Kjeldahl Nitrogen
NO7 —N Nitrite
NOgy —N: Nitrate
SS Suspended solids
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