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Abstract — This paper presents the development, at the
simulation level, of three automatic systems for
wastewater pH control. These systems were built using
conventional control methods (Proportional-Integral-
Derivative — PID) and also advanced control techniques
(fuzzy logic, artificial neural networks-ANN and
adaptive neuro-fuzzy inference systems-ANFIS). For
each of the developed systems it is achieved a description
and a presentation of the simulations results. The goal of
this paper is the analysis of the developed systems
performance, using specific criteria within a
comparative study.
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l. INTRODUCTION

For processes control, conventional methods are
used (PID, Gain-Scheduled PI/PID) along with
advanced methods, some of these belonging to
artificial intelligence (Al) domain, such as: fuzzy
logic, adaptive neuro-fuzzy inference systems
(ANFIS), artificial neural networks (ANN) and
knowledge based methods (expert systems - ES and
data mining techniques). The behavior (the high
nonlinearity) of the studied process, namely the
wastewater pH neutralization process from a
wastewater treatment plant (WWTP), determines the
usage of a conventional control method or an
advanced one.

Among the conventional control methods, the
most used is PID algorithm for which various
applications in treatment processes control are
presented in literature. According to this algorithm, a
conventional continuous controller generates the
command through the current error processing [1, 2].
As the majority of the treatment processes are
nonlinear, the usage of PID algorithm raises a number
of issues. For instance, in the case of wastewater pH
neutralization process, the problems are related to: the
high nonlinearity, the extremely high gain (K;) in the
pH neutral zone (pH~7) and the high precision of the
neutralizing agents dosage, with direct consequences
on the actuators (dosage pumps).

In literature it is presented a set of PID algorithm
applications in treatment processes control. So, in the

papers [3, 4, 5 and 6], the PID-based algorithm was
applied for pH neutralization process control, proving
to be ineffective due to the process high nonlinearity.
The proposed solution, to compensate this PID
disadvantage, was the combination of PID algorithm
with Al techniques or with cascade control. In the
papers [7, 8 and 9], the PID-based algorithm was also
applied to the control of the activated sludge treatment
process. Also in this case, PID was ineffective due to
the process nonlinearity and the lack of process
knowledge, the solution being the usage of PID
combined with fuzzy logic. Shaw in paper [10] states
that PI/PID controllers are operating with maximum
efficiency when the controlled process is linear and
does not cope with the nonlinearity of the treatment
processes. So, for high nonlinear processes it is
recommended the usage of nonlinear controllers,
instead of linear ones [2, 11 and 13].

The Gain-Scheduling PID algorithm  was
developed to compensate the disadvantages of
traditional one. This type of control is possible only
when the controlled process is very well known, fact
very hard to achieve in the case of some of the
wastewater treatment processes (such as pH
neutralization and the biological processes). Some
examples from literature of Gain— Scheduled PID
usage in wastewater processes control, especially in
pH control are presented in papers [13, 14, 15 and 16].

Due to the fact that a fuzzy controller (based on
fuzzy logic) can use the WWTP human operators
knowledge (under a set of heuristic rules form),
instead of mathematical models, the processes control
using such controllers is more suitable than the
conventional control methods (PID). A fuzzy
controller becomes itself a logical model that
summarizes the operator actions in a certain situation.
According to [17], [18], [19], [20], [21] and [22], the
control using fuzzy logic presents multiple advantages,
among which the most important is the fact that it can
be applied for complex, nonlinear processes, whose
models are not known or are presenting a parameters
variation. The disadvantage of fuzzy logic would be
the fact that the rules and membership functions (MFs)
process is time consuming and requires a lot of
knowledge.
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In literature is presented a set of fuzzy logic
applications in wastewater treatment processes control,
such as: the control of chemical (pH neutralization
process) and biological processes (activated sludge
process, anaerobic digestion, and aeration process),
froma WWTP [17, 18, 19, 20, 21, 22 and 23].

The neuro-fuzzy methods, namely the adaptive
neuro-fuzzy systems (ANFIS) were developed from
the need to compensate the disadvantage of fuzzy
systems (the permanent updating process of MFs and
of a consistent data base is time consuming). A
solution was the addition of the artificial neural
networks to fuzzy systems, because of their capacity to
adapt, being obtained the so-called adaptive neuro-
fuzzy systems. According to [24, 10, 25, 26 and 27],
the ANFIS present multiple advantages, from which
the most important is the usage of an ANN (that
comes with the capacity to adapt) in the automatic
process development of the fuzzy inference system
(FIS), respectively in the rules and MFs development.
This approach has gain more popularity in the
industrial domain. According to literature, the ANFIS
are applied in chemical processes control from a
WWTP and also at continuous stirred tank reactors
(CSTR) level [28, 29, 30, 31 and 32].

Due to their many advantages, the ANN can be
trained to become process estimated models, can
model and control environmental processes with
essential nonlinearities, are equipped with a set of
intelligent  features (learning, adaptation, fault
tolerance and abstraction) and are used to solve
complex problems from various areas (including
chemical engineering), especially in the control of
wastewater treatment processes [10, 12, 33, 34 and
35]. In literature, it can be found a number of
applications of ANN in wastewater treatment process
modeling, prediction, monitoring and control [36, 37
and 38].

The knowledge based methods (the expert systems
and data mining techniques) are also applied in
processes control. Some of the ES advantages are [39,
40 and 41]:

e The combination with other methods (fuzzy
logic, ANFIS).

e Can work as a controller similar with a fuzzy
controller.

e Can maintain a knowledge base about the
WWTP processes and abnormal situations.

e Are a very useful tool in the operation,
management, design and control of the
technological processes.

o Are effective in the case of treatment
processes with significant disturbances.

The data mining (DM) techniques can be used in
the monitoring and control of wastewater treatment
processes (the anaerobic process, wastewater pH
neutralization) and also in various projects, as Telemac
[42, 43, 44 and 45].

Other applications of DM were identified in papers
[46], [47], [48] and [49], this technique being used in:

knowledge discovery (rules extraction), environmental
database management, analysis of a plant emissary
pollution level, efficiency analysis of a WWTP
mechanical step and in the quality analysis of a
WWTP effluent.

The paper is organized as follows:

e A short description of the wastewater pH
neutralization process from the studied
industrial refinery.

e The development of an automatic system (AS)
using PID algorithm, named SRApHPID for
wastewater pH control and the interpretation
of the simulations results.

e The development of an automatic system
using fuzzy logic, named FuzzypHControl for
pH control and the interpretation of the
simulations results.

e The development of an automatic system
using artificial neural networks, named
ANNpHControl for pH control and the
interpretation of the simulations results.

e A comparative study of the developed
systems.

I. THEWASTEWATER PH NEUTRALIZATION
PROCESS

In the considered Romanian refinery, the
wastewater pH neutralization process takes place in
the chemical step of the Wastewater Chemical and
Biological Treatment Plant (WCBTP), respectively in
an admixture-reaction tank. According to the plant
operating manual, the hydrated lime (Ca(OH),), with a
concentration (C,) of 10% is used as a chemical agent
to neutralize an acid pH and the sulfuric acid (H,SO,),
with a concentration (C;) of 95% for neutralizing an
alkaline pH [50]. In the first compartment of the
admixture-reaction tank it takes place the mechanical
mixing of the wastewater with the chemical agents,
while in the second one the pH neutralization process
occurs. After that, the neutralized wastewater is
directed to the plant biological step [50]. In table 1 the
following parameters are presented: F, — the H,SO,
flowrate with concentration C; (95%), F, — the
Ca(OH), flowrate with concentration C, (10%) and
the volume of the admixture-reaction tank (V -liters).

TABLE I. CHEMICAL STEP REACTANTS PARAMETERS [50, 51]
C1 CZ
[liters [mol/ [liters [mol/
Il T piers) | M| T pigerg)
[25 - [5000- 40
300] 95 17.74 7000] 10 15 00

In figure 1 is presented the block diagram (the
admixture-reaction tank with compartments, a pH-
meter, one stirrer, two dosage pumps) of the
wastewater pH neutralization process, in the author
vision.
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Figure 1. Wastewater pH neutralization process block diagram

For the process of wastewater pH neutralization
from the studied Romanian refinery a mathematical
model from literature was chosen, respectively the
mathematical model presented in paper [52]. The main
equations of the model are:

dea

V-=FRC—-(FR+FRla O
df
Vi =RCG-(R+RE @

In equations (1) and (2), F, represents the acid
stream flowrate with concentration Cy, F, represents
the alkaline stream flowrate with concentration C,, V
is the pH neutralization compartment volume, while o
and [ are the concentrations of acid and alkaline
components in neutralization basin [50, 51].

As was shown in paper [51], the pH neutralization
process has a strong non-linear behavior within the
entire F; and F, domain and the reactants dosage
precision is very high, with direct consequences on the
actuators (dosage pumps).

I1l.  THE SRAPHPID AUTOMATIC SYSTEM
DEVELOPMENT

The automatic system SRApHPID PID-based was
developed using MATLAB 7.9/Simulink environment.
Actually, was implemented a PI controller (derivative
T4 component was set to zero), adjusted for both
operating situations (acid and alkaline pH control).
The goal was to verify if there is or not a pair of tuning
parameters (Kg, T;) available on the entire pH domain.

In the case of SRApHPID adapted for alkaline pH
control was considered F, constant and F; variable,
while in the case of acid pH control, was considered F;
constant and F, variable. The control law that was
used in this case is given by relation (3).

c=cD+KR(e—|—%f;edt+Td:—: 3)

The architecture of SRApHPID automatic systems,
presented in figure 2, has the following components:
pH set point (pH=7), the PID controller, the process

model, the flowrates F; and F, and the measured pH
value at the process output.

—
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Figure 2. SRApHPID arhitecture

First, it was made the tuning of the PID controller
in various points of the pH domain, respectively were
determined the controller tuning parameters (Kg, T;)
for alkaline and acid pH domains. The tuning
parameters, presented in paper [51], were determined
using relations (4) and (5).

Kr X Ky=0.9 @)

T=x ©)

Figures 3 and 4 describe the results of the

simulations made with SRApHPID system for both

cases (alkaline and acid pH), using the tuning
parameters presented in paper [51].
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Figure 3. Simulated process response times at F1 step change
(SRApHPID results for alkaline pH control)
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Figure 4. Simulated process response times at F2 step change
(SRApHPID results for acid pH control)

As it can be observed in figure 3 and figure 4, the
SRApHPID automatic system ensures null steady state
error (ey) and response times between 5 and 6 hours
(alkaline pH case) and around 5 hours (acid pH case),
using the determined tuning parameters [51]. This
response times can be improved through Kg adjusting
(the increasing of its value) or T; adjusting (the
decreasing of its value). The results obtained using the
adjusted tuning parameters (presented in table Il and
table 111) for alkaline and acid pH are those presented
in figure 5 and figure 6.

TABLE II. SRAPHPID (ALKALINE PH CASE)
SIMULATIONS RESULTS-ADJUSTED TUNNING
PARAMETERS
No Initial parameters Adjusted parameters

) transient time [hrs] transient time [hrs]

1 5h50min 5h37min

2 7h12min 6h2min

3 6h25min 5h39min

4 6h29min 5h50min

5 6h57min 4h54min

6 6h3min 5h23min

TABLE III. SRAPHPID (AciD PH CASE) SIMULATIONS

RESULTS-ADJUSTED TUNNING PARAMETERS

No Initial parameters Adjusted parameters
) transient time [hrs] transient time [hrs]
1 5h26min 4h15min
2 5h32min 4h31min
3 5h39min 4h22min
4 5h32min 4h9min
5 5h28min 4h9min
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Figure 5. SRApHPID (alkaline pH case) simulations results using
the adjusted parameters
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Figure 6. SRApHPID (acid pH case) simulations results using the
adjusted parameters

So, the initial Pl controller tuning parameters
required some adjustments. The adjusted parameters
led to a quality control (was reached the pH set point,
null error, smaller transient times, without oscillations)
and it was observed that Kg has high variations on the
entire pH domain (1:30000 order). It is very difficult
to find a (Kg, T;) pair available on the entire pH
domain, on each domain being available another pair
of tuning parameters, fact that is an important
disadvantage of applying PID for such a process.
Therefore, it is not recommended the usage of PID
control for such nonlinear process. A solution consists
in applying Al techniques for pH control, such as:
fuzzy logic, adaptive neuro-fuzzy inference systems
and artificial neural networks and also the usage of
more advanced PID control techniques (the so called
Gain-Scheduled PI/PID), to overcome the process
nonlinearity problem. In papers [13], [15] and [53] is
presented a Gain-Scheduled controller for such
processes. But, even this type of controller doesn’t
ensure a quality control in the case of high nonlinear
processes. Therefore the control with Al techniques
(fuzzy logic, ANFIS and ANN) is recommended and
presented next.
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IV.  THE FuzzYPHCONTROL AUTOMATIC SYSTEM
DEVELOPMENT

In this section is presented the automatic system
FuzzypHControl, based on a fuzzy controller
RpHFuzzy of Sugeno type, system developed using
Fuzzy Logic Toolbox from Matlab 7.9/Simulink.

In the figure 7 the FuzzypHControl system
architecture is presented, a system that has the
following components:

e  The pH set point (pH;=7);

e A fuzzy controller (RpHFuzzy) of Sugeno
type, with one input (the error defined as the
difference between pH set point (pH;) and the
pH value at the process output e=pH;-pH) and
one output represented by the pump opening
degree (EE_opening_degree) for hydrated
lime Ca(OH), dosage;

e An actuator (EE), namely the dosage pump for
hydrated lime (Ca(OH),), for acid pH
adjustments. It must be mentioned that the
control of an alkaline pH was also made
through the command of the same actuator,
because in practice, in almost all situations,
the alkaline neutralization agent is used, the
acid neutralization agent (H,SO,) being very
expensive and corrosive.

e The process represented by a mathematical
model from literature, for wastewater pH
neutralization process [52].

RpHFuzZzy
(sugeno) fu)

J— EE_opening_degree

Figure 8. RpHFuzzy controller arhitecture

In table IV the membership functions (MFs) are
presented for the controller input (error).

TABLE IV. INPUT (ERROR) MFS
ME MF parameters values
pH MF Error
type 3 by g;
. | ERB . trian j
basic M higher qular -5.375 g.54 -3.781
basic trian -
=<8 | high | gular | 43 | 341 | 2068
2
basic | ERB - trian -
ME | MU guiar | 288 | 250 | -1.685
m
D 3
. ERB trian 0.007
basic MIC small qular -1.911 | -1.58 298
neutr ERF Ver trian
MIC Yo | gular | -1.056 | 0 1.056
al i small
ERA trian | - 158
acid MIC | small gular | 0.0074 ' 1.911
M 2
A 6
. ERA - trian
acid | e | mediv ) i | 1ees | 20 | 268
D m 3
. ERA . trian 341
acid M high qular 2.068 2 43
. ERA . trian 454
acid M higher qular 3.781 3 5.375

The output EE_opening_degree (the controller
command) is described in table V. The negative sign
represents the controller method to indicate the pH
domain in which the process is at the current time.

TABLE V. OuTPUT (EE_OPENING_DEGREE) MFS
pH MF MF value

BASIC EEpHB4 -0.0213

BASIC EEpHB3 -0.0142

BASIC EEpHB2 -0.0071

BASIC EEpHB1 -0.007

NEUTRAL EEpH 0.00707

Figure 7. SRA FuzzypHControl arhitecture ACID EEpHA1L 0.01415

For developing the fuzzy Sugeno type controller ACID EEpHAZ2 0.0142
(RpHFuzzy), with the architecture from the figure 8, ACID EEOHA .
was used the Fuzzy Logic Toolbox from MATLAB. c PHA3 0.0213
For the contro_ller Simulink |_mplement_at|0n was used ACID EEpHA4 0.0284

the Fuzzy Logic Controller with Rule viewer block.

The rules that are describing the current problem
are presented in table V1.
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TABLEVI.  FUZZY RULES e When error= 4, meaning the wastewater pH is
No. error EE_opening_ degree 3 (strong acid), the command C=0.0246.
1 ERBFM EEpHB4 In table VII and figure 11 are presented the results
of the simulations supplied by FuzzypHControl
2 ERBM EEpHE3 automatic system for the case of acid pH control (was
3 ERBMED EEpHB2 considered F1;260I|ters/hr (constant) and the starting
value for F, being 6150 liters/hr).
4 ERBMICA EEpHB1
t
h TABLE VII.  FuzzyPHCONTROL SIMULATIONS RESULTS FOR
5 £| ERFMICA | V| EEpH ACID PH CONTROL CASE
6 ERAMICA N | EEpHA1 No. . Transient time
. . pH domain
simulation (Ttr)
7 ERAMED EEpHA2 1 2707 Shrs36min
322 7 .
8 ERAM EEpHA3 2 ~ 4hrs55min
9 ERAFM EEpHA4 3 A1l w1 3hrs45min
514 V7 _
A A 4 2hrs28min
After implementing the fuzzy rules from table VI,
the obtained rules viewer from figure 9 represents a 5 6197 1hr48min
map of the whole fuzzy inference process.
error . EE_opening_degres - 0.00704
S N ] 5
N VA LT ] 78
- 1] LT ] z° ]
- L L] e ]
) I 1] :.
efror = pHl-pl 0.0263 +H0L.0334 n 1 L
Fuzzy controller output domain “o 1 2 3 4 5 & ]
Titne [hrs)

Figure 9. Rule viewer

Figure 10 represents, in a compact way, all the
information from the process and shows, under a
graphical form (Surface Viewer), the
EE_opening_degree dependence on the input error.

i3

02

001

EE_opening_degree

[ £

e1rofr

Figure 10. RpHFuzzy controller Surface Viewer

The graphic from figure 10 can be interpreted as
follows:

e When the error=0 (pH;=pH), the Ca(OH),
dosage pump opening degree is 0.00704.

e When error= - 4, meaning that the wastewater
pH is 11 (strong basic), the command C= -
0.0175.

Figure 11. FuzzypHControl automatic system response times
(transient times Ttr) for acid pH control case

As it can be observed in table VII and the figure
11, the FuzzypHControl automatic system supplies
very good results from any point of acid pH domain,
meaning that the pH set point was reached and the
error is zero.

In the table VIII and the figure 12 are presented the
results of the simulations provided by
FuzzypHControl automatic system for the case of
alkaline pH control (F;=260liters/hr was considered a
constant) and the starting point for F, being
6149liters/hr).

TABLE VIIl.  FUZZYPHCONTROL SIMULATIONS
RESULTS FOR ALKALINE PH CONTROL CASE

No. . Transient time
simulation pH domain (Ttr)

1 8.06 4 7 22min

2 9.77 N 7 34min

3 10.81 N4 7 1hr28min
4 11.76 47 2hrs40min
5 12.85 W/ 4hrs12min
6 13.13 A7 4hrs38min
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Ti:l.ne [hrs]

Figure 12. FuzzypHControl automatic system response times
(transient times Ttr) for alkaline pH control case

As it can be observed in table VIII and figure 12,
the FuzzypHControl supplies good results from any
alkaline pH domain point, namely the pH set point
was reached and the error is null.

Therefore, the automatic system FuzzypHControl
having implemented the developed fuzzy controller
RpHFuzzy, assures the acid and alkaline pH control
from any pH domain point. Using fuzzy logic, was
developed a controller that works on the entire pH
domain, a thing difficult to achieve using PID control,
because of the process high nonlinearity.

V. THE ANNPHCONTROL AUTOMATIC SYSTEM
DEVELOPMENT

The automatic system ANNpHControl, that uses
an artificial neural network controller (ANN
Controller), was developed using the Neural Network
Toolbox from MATLAB  7.9/Simulink. The
ANNpHControl system architecture is presented in
figure 13, a system that has the following components:

e An ANN controller with two inputs (the pH
set point pH;=7 and the measured pH value at
the process output). The controller output is
represented by the Ca(OH), dosage pump
command (Fy).

e An actuator (EE), namely the dosage pump for
hydrated lime (Ca(OH),) necessary for the
control of an acid pH. It must be mentioned
that the control of an alkaline pH was also
achieved through the command of the same
actuator, for the same reasons mentioned in
the case of fuzzy control.

e The process represented by the wastewater pH
neutralization process mathematical model.

The used ANN was trained (by Levenberg-
Marquardt algorithm) and validated (the validation
data followed the training data) to represent the
process dynamics. The error (the difference between
the process output and the ANN output) was used as
the ANN training signal. It was generated a number of
one hundred training data sets, while the number of
epochs for training the ANN was one hundred. An
ANN very well trained was obtained, therefore it was
used as the controller of the ANNpHControl automatic
system.

Figure 13. ANNpHControl system arhitecture

In table IX the simulation results supplied by
ANNpHControl system are presented. First of all, it
was considered the acid pH control case (F; constant,
F1=260 liters/hr) and the starting point for F, was set
to 6150 liters/hr. As it can be observed in figure 14
and in table 1X, the control system assures null steady
state error (ey) and the response times between one
and six hours.

TABLE IX. ANNPHCONTROL SIMULATIONS RESULTS
FOR ACID PH CONTROL CASE

No. H domain Transient time
simulation P (Ttr)
1 270 X7 6hrs
2 3'22/' ! 5hrs32min
3 4.11/ 7 4hrs27min

5.14 7

4 / 3hrs4min
5 6'19; ! 1hrs

‘S. -]

Time [hrs]

Figure 14. ANNpHCONTROL automatic system response times
(transient times) for acid pH control case

As it can be observed, the ANNpHControl system
supplies good results from any pH domain point,
namely the pH set point is reached and assures null
error.

In table X are presented the results of the
simulations made with ANNpHControl system for
alkaline pH control case (was considered F; constant,
F1=260liters/hr and the starting point for F, was set to
6149 liters/hr).
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As it can be observed in table X and figure 15, the
ANNpHControl system assures null steady state error
(es) and response times between one and six hours.

TABLE X. ANNPHCONTROL SIMULATIONS RESULTS
FOR ALKALINE PH CONTROL CASE
No. H domain Trnsient time
simulation P (Ttr)
1 8.06 \ 7 1hr33min
2 9.77 \ 7 2hrs40min
3 10.81 \7 3hrs29min
4 11.76 \ 7 5hrs9min
5 12.85 \ 7 5hrs54min

Time [hrs]

Figure 15. ANNpHCONTROL automatic system response times
(transient times) for alkaline pH control case

The ANNpHControl system, having implemented
the developed ANN controller, assures the alkaline pH
control from any pH domain point.

Therefore, it was developed a controller (ANN
Controller) based on an ANN, that works on the entire
pH domain. This is an advantage of using ANN
controllers, unlike the PID ones, that are very difficult
to implement to operate on the entire domain of a
controlled parameter.

VI. A COMPARATIVE STUDY OF THE DEVELOPED
SYSTEMS

In this section is achieved a comparative study
(presented in table XI) of the developed systems for
wastewater pH control, using conventional techniques
(PID algorithm) and also artificial intelligence
techniques (fuzzy logic, ANN and ANFIS). The
systems performance analysis was achieved using the
following criteria: the steady state error (egy), the
supplied transient times (Ty), the systems controller
operating on the entire pH domain, the solving of the
wastewater pH neutralization process nonlinearity
problem, the usage of heuristics in the system
controller development process and the time
consumption associated to the development process of
the analyzed systems.

It must be mentioned that the system
ANFISpHControl, developed by the author, was

presented in paper [51], where are also presented the
results of the simulations.

TABLE XI. COMPARATIVE STUDY OF THE DEVELOPED
SYSTEMS
AS | ora FuzzypH ANN ANFIS
LN pHPID Control pH pH
Criteri Control Control
st null null null null
high smaller than | better than | smaller
those those than those
supplied by | supplied supplied
SRApHPID | by by
SRApHPI | SRApHPI
5 D, but not | D; similar
= better than | to  those
S those supplied
a supplied by
by FuzzypH
FuzzypHC | Control
— ontrol and
w
£ ANFISpH
] Control
= 4hrs9mi
gi‘n':}i“s thedsmin..5 | | 1hS4min..
T hr36min B Shes38min
k=]
o
<
4hrs54
L | min.h 22min... 1hr33min.. | 25min..4h
2 £52min | 4he38min | ShrsS4min | rs40min
§
<
The
controller
operating o yes yes ves
on the
entire  pH
domain
The
neutralizat
ion pH § §
no yes yes yes
process
nonlinearit
y solving
Heuristics
usage no yes yes yes
System Time Time Time Is not time
developing | consumi . . consumin
COl’lSllmll’lg consummg
process ng g

As it can be observed in table XlI, in the case of a
SRApHPID system, although the steady state error is
null, the transient times are high, even after the
adjusting of the tuning parameters (Kg, T;). The
SRApHPID main disadvantage is the fact that the PID
controller doesn’t work on the entire pH domain. It
was observed that it is very difficult to find a pair (Kg,
T;) available on the entire pH domain, on each
subdomain being available another pair of tuning
parameters. Plus, the modifying of the controller
tuning parameters on a subdomain affects the
parameters on the other subdomains. Even when it is
used a Gain-Scheduled PID controller (by which it is
solved the PID controller operating problem on the
entire pH domain), a quality control is not obtained
because of the neutralization process strong
nonlinearity.
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Another disadvantage of the system SRApHPID is
the fact that, in its development process, is not used
the heuristic knowledge of the human expert in
domain. There are known only the control law that is
used, the fact that T, parameter can be equal with zero
and the way of determining the tuning parameters.
Only through a wvery good knowledge of the
wastewater pH neutralization process (at a detailed
level), a powerful controller can be developed and that
works on the entire domain of the controlled parameter
(pH). This fact is available also in the case of Gain-
Scheduling PID, which implies the detailed and
beforehand knowledge of the process operating.

The system FuzzypHControl ensures a quality
control for acid and alkaline pH, meaning that the pH
set point was reached, the error was zero, and the
transient times are considerably smaller as opposed to
the ones supplied by SRApHPID. The most important
advantage of the FuzzypHControl system is the usage
of a fuzzy logic controller (RpHFuzzy), also
developed by the author. Through this controller that
works on the entire domain of the controlled parameter
(pH), it is solved the neutralization process
nonlinearity problem. Another advantage is the usage
of heuristics (the human expert’s knowledge in
domain) in the fuzzy controller development.
Therefore, it was no need for a rigorous process
modeling. It was sufficient a fuzzy rule base defined
by the human expert in domain, through which was
achieved a very good description of the controlled
process. The disadvantage of the FuzzypHControl
system is represented by the fact that the fuzzy
controller (RpHFuzzy) developing process was time
and effort consuming.

The ANNpHControl system ensures a pH control
with better performance than the SRApHPID system,
but not better than that supplied by FuzzypHControl
and ANFISpHControl systems. The advantage, as in
the case of FuzzypHControl and ANFISpHControl
systems, it is given by the operating of the developed
controller (ANN Controller) on the entire parameter
(pH) domain. It was observed that the developed
controller works better when it has a training data set
big enough at its disposal. The system developing
process was time consuming, because the time period
dedicated to ANN training was high, but once the
training was achieved, good results were obtained.

The ANFISpHControl system, developed by the
author in paper [51], ensures a very good performance
control (null error, small transient times). The transient
times are much smaller than the ones supplied by the
SRApHPID system and similar to the ones supplied by
FuzzypHControl system. As in the case of
FuzzypHControl system, the adaptive neuro-fuzzy
controller (R-ANFIS) developed by the author, works
on the entire domain of the controlled parameter (pH).
This way, the process nonlinearity problem was
solved. In addition to using heuristic knowledge under
a training data set form (obtained through the detailed
knowledge of the pH neutralization process), the
advantages of using adaptive neuro-fuzzy systems
(obtained by joining ANN to fuzzy systems) are
brought together. The system process developing was
not time and effort consuming, due to adding ANN

(theirs capacity to learn and to adapt) to fuzzy systems.
The automatically generated fuzzy system parameters
(the rules and the membership functions) were
calculated through learning (training) methods using
training data sets. In this way, the FuzzypHControl
system disadvantage is removed, if we can say so,
namely the explicit (manual) building of the rules base
and of the controller input and output membership
functions.

VIl. CONCLUSIONS

As was stated in [51], the pH neutralization
process from a refinery plant is a complex one,
because of its dynamic behavior and mostly of its high
non-linearity. Because of these characteristics, the pH
control by means of conventional techniques
(Proportional-Integral-Derivative — PID or Gain-
Scheduling PID) is not suitable for such a process.
A solution, as it was shown in the present paper and in
paper [51], is represented by the usage of artificial
intelligence techniques, such as: fuzzy logic, artificial
neural networks (ANN) and adaptive neuro-fuzzy
inference systems (ANFIS).

Regarding the PID control, it was concluded that it
is very difficult to identify a pair of tuning parameters
(Kg, Ti) available on the entire pH domain. This fact
makes the process of PID controller development
effort and time consuming, more than others methods.
So, it is not recommended the usage of PID control for
such a process, because on each domain is available
another pair of tuning parameters.

By using Al techniques, can be developed
controllers (fuzzy, ANN and ANFIS controllers) that
work on the entire parameter domain (in this case,
pH). This type of controllers, as a component of the
developed automatic systems, assure a quality control
(the pH reaches the pH set point, the supplied error is
small and the transient times T, correspond to those
registered in the studied plant), as results from the
comparative study (Table XI).

It was observed that the usage of adaptive neuro-
fuzzy systems, respectively the usage of neuro-fuzzy
systems, respectively the usage of neuro-fuzzy
controllers obtained through a Sugeno type fuzzy logic
system developing, training and testing were proved to
be a good solution for the wastewater pH
neutralization process control.

Also, the comparative study achieved by the
author, reveals that the most suitable Al method for
developing a pH controller is the one of adaptive-
neuro fuzzy systems. The automatic system
ANFISpHControl, developed by the author in paper
[51], system that uses an ANFIS controller, supplies a
quality control of an acid and alkaline pH, being
reached the pH set point and a null steady state error.
Through joining ANN to fuzzy systems, due to ANN
capacity to learn and adapt, the ANFIS parameters (the
set of rules, the membership functions) were obtained
through learning (training) methods using input-output
data sets. In this way, the fuzzy logic disadvantage is
eliminated, respectively the fact that the membership
functions and the rule base development are effort and
time consuming.
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The neuro-fuzzy control process relies exclusively
on the user experience in the domain and on the
human expert level of knowledge regarding the
analyzed process. This fact requires from the author a
raised level of knowledge of the analyzed process (the
wastewater pH neutralization process from the studied
industrial plant).

As a final conclusion, from the automatic systems
developed by the author in this paper and in paper
[51], the system that proved to be the most performing
for the process of wastewater pH neutralization is
ANFISpHControl. The quality control supplied by this
system recommends the usage of adaptive neuro-fuzzy
systems for high nonlinear process control (such as the
pH neutralization process). In addition to this, the
adaptive neuro-fuzzy systems can be combined with
other Al techniques, like knowledge based systems
(expert systems and data mining techniques). An
example of this type of system was developed by the
author in paper [51]. The author used this approach in
developing the neuro-fuzzy expert system named
SENFpHCTRL for wastewater chemical treatment
processes control.
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