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Abstract

The pH neutralization is regarded as one of the fundamental parts of industriacal
process. In electrochemical industry for example, heavy metals must be recovered (by
reducing the solubility of the metals) from waste streams by controlling the pH value to
prevent polluting the environment.

The pH neutralization shows strong finear characteristics because of feed condition.
Theoretically, the nonlinear effects for this process come from negative logarithm of
ionic hydrogen, where process dynamic occurs when the hydrogen ions increase or
decrease during neutralization procasd because of dynamic nonlinearity called the

O66sShapeb6b6 curve which consists of extreme

This study proposesa hybrid model and a Fuzzy Logic controller for anloe pH
neutralization pilot plant. The model isad to identify the ofine pH neutralization
p | a oharéacteristics and to improve the Fuzzy Logic controller decision outpat.
hybrid model is betweenneurefuzzy (ANFIS) identification techniqueand first
principle model.The identification technicgi uses training datasBbm experimental
datato map the neutralization response cufvem pH equal to 3 to 11. The first

principle model is based on material balances and chemical equilibrium equation.

The objectiveof the proposed model is to extetite robustness effeat the Fuzzy
Logic controller by predicting thecontrol action based on elme titrations
characteristicswithout having to redesign the model if plant undergoes different

conditions.The online model validation and controller performance analysis for hybrid



modeland Fuzzy Logiaontroller was conducted and compared. The lowalstes of
RMSE Root Mean Square of Error) and ISE (Integral Square of Famrerdesired to

justify thegoadness of proposed model and contralésmpectively.

In the experiment, thisybrid model (in nominal plant condition, RSME).1013 and in
altered plant condition, RMSE = 0.5616) gives best of fit for théinenneutralization
process. Theroposed Fuzaz Logic controller with inverséhybrid model is able to
handle the nonlinearitgnd robustness issues for thelime pH neutralization. In set
point tracking analysis, it shows best performafi&E = 35.032 comparedo normal
Fuzzy Logiccontroller (ISE= 157.652) and PID controller (ISE =195.365). Thus, the
proposed hybrignodeland theproposed Fuzzy Logicontroller can be used effectively

in on-line/off-line studies of the dynamic behaviour of the pH neutralization pilot plant.



Abstrak

Peneutralan pH dianggap sebagai salah satu daripada babalyzgian asaproses
kimia di industri. Dalam industri elektrokimia sebagai contoh, logam beexti
dipisahkan (dengan mengurangk&eterlarutan logam) dari aliran sisa dengan
mengawal nilai pHbagi memegah pencemaran alam sekit&eneutralan pH
menunjukkan circiri tak linear yang kat adalah kerana kadar keadadiran masukan.
Secara teori, kesan tak linear bagi proses ini datang daripada logagtyatf ion
Hidrogen, di mana dinamilproses berlaku apabilen Hidrogen peningkatan atau
penurunan semasa proses peneutradfanses ketaklelurusan dinamiki dipanggil

"bentukS" terdiridaripada rantau sensitivitielampau dan kekurarsgnsitiv.

Kajian ini mencadangkan satu model hibridan pengawal Fuzzy Logicntuk
peneutralan pH secara-tine pada loji perintis. Hybrid model ini digunakamtuk
mengenal pasti chtiri peneutralan pH secara-tinedan model indapatmeningkatkan
keputusan keluaran pengawal Fuzzy Logic. Model diladalahkombinasi antara
neurefuzzy (ANFIS) dan model pmsip pertama.Teknik pengenalan yang
menggunakan dataset latihan daripddtaeksperimen adalah bagi tujuan pememetaan
keluk tindakbalas peneutralan pH daripada ph 3 hingga pH 11. Model priasiQ y
pertama adalah berdasarkan persamaan keseimbangan lamanpersamaan

keseimbangan kimia.

Objektif model yang dicadangkan bertujuamtuk melanjutkarkesan kekukuhan dalam
pengawal Fuzzyogic. Hal ini dapat dijayakan denganeramalkartindakankawaln
yang bersesuaiaterdasarkan chtiri titratan dalam talian tanpa pl&@ merekabentuk

semula model atau pengawal jika loji perintierdbah keadaan yang berbeza.



Pengesadn model dalam talian daaralisis prestasi pengawal bagi model hibddn
pengawaFuzzy Logic telah dijalankan datibandingkan. Nilai terendabagi RMSE
(RootMeanSquare Error) dan ISE (Integral of Square Error) addiledhendakuntuk

menunjukkarkebaikan model yang dicadangkden pengawal masiagasing.

Dalam eksperimenmodé hibrid (padakeadaan lognominal, RSME= 0.1013dan
dalam keadaan logi yang diup&®MSE = 0.5616) memberikan yang
terbaikyanglayak untuk proses peneutralanlore. Pengawal fuzzy logic dengan
model hibrid songsang yang dicadangkan adalah manemangani isisu
ketaklelurusan dan kekukuhan bagi peneutralan pkhenDalam analisis pengesanan
titik set, iamenunjukkan prestasi yang terbaik (ISB5.032) berbandingpengawal
fuzzy logic yang biasa (ISE = 1%b2) dan pengawal PID (ISE = 1965). Oleh itu,
model hibridlanpengawal fuzzy logic yang dicadangkan boleh digunakan secara
berkesan dalam kajian kelakuan dinamik bagi lognpisrpeneutralan pH secara-on

line /off-line.
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Chapter 1 : Introduction

1.1 Researchbackground

The need for control in chemical plant is to ensure the production floor performs
smaothly. The concern of control is to ensure that prosesgbles like temperature,
pressure and flows are performing at nominal state. The plant behaviours are dynamic in
nature, they can affect other factors such as safety, environmental, and proclhstson

if they are not properly controlled.

1.2 Problem statement

The pH neutralization process is widely applied in Chemical Engineering such as in
coagulatiorflocculation, oxidatiorreduction, solvent extraction, hydrolysis and

electrolysis reaction, powegeneration, and so on.

In pH neutralization plant, the need for a good controller is of the upmost important.
The pH neutralization is hard to control and modélere arevarious difficulties when
controlling pH in orline chemical plants. The difficuis are high nonlinearity effect,
large time delay, unknown composition of mixture, uncertainty conditions, sensitive

controlaction at neutralization point and many more.

The pH neutralization shows strong nonlinear characteristics because of feed
components. It is because of ion interactions in mixing tank reactor. In theory, the
nonlinear effects for this process come from negative logarithm of ionic hydrogen. The
process dynamic occurs when the hydrogen ion increases or decreases during

neutraliation process.

16



Large time delay is another problem in controlling pH value. This effect is caused when
the mixing vessel for neutralization process is too large. The reaction between acid and
base would take some time before it reaches the desired statefdre, the time delay
plays an important role for the success in model design. The proper selection -of input

delay at empirical model design can overcome this problem.

The pH neutralizatiowharacteristic responses vamth the ionic strength in acidnd

base solution. In general, strong acid and strong base would give different
characteristics compared with weak acid and weak base reaction. In practice, pH plants
are easily exposed to many variations since the compositions in supply solution are not
standard. For instance, in effluent water treatment, treated stream contain inconsistence
ionic strength which gives difficulty to design a general model and control. As a result,

the model and the controller have to be redesigned to fit with the newioondit

The described problems in modelling and control of pH neutralization above would
make developing general model and control impossible. However, many researchers
identified this problem and proposed advanced solutions that improved the control
performance and robustness issue related ttirepH neutralization. The findings are
mainly on solving robustness issue and eliminate nonlinear barrier in designing
advanced controller (Details on recent study on model and control of pH neutralization

areLinefature ReviewoO chapter).

17



1.2.1 Hybrid modelling and control

The study examined several models related with pH neutralization characteristics. The
designed models are not necessarily in mathematical equation or single type model. It
can be in graphical bl&cpresentation, parametric equations, a combination of different
model techniques or many more. The aim is to design a good model that is used to

improve the advanced controller quality to solve the problem as mentioned before.

A hybrid model is a combiti@mn technique between two different methods. In general,
it is like marriage affiliation that cooperates to couprthe disadvantages between two
models. Thus, we designed a hybrid model, which produced great prediction of pH

value (as shMenhhodoiBgyéawmod AResulto ch

The control system used in this study is from a feedbzmk that drives the error of
setpoint and processariable to zero. The important part in this loop is the controller
element since other elements (futaintol-element, measuringlement and process)

are already considered in preliminary pilot plant design. It is the focus of the research

besides model development andliore implementation.

This study selected a Fuzzy Logic controller as the contreleament in the loop. It is
selected because Fuzzy Logic has the capacity in handling nonlinear issues The
chall enge of this controller is thae the
controlled plant. Except for this challenge, Fuzzy Logic is a universal controller, which
can be expanded by using other controller mechanicsweltyfor instance PID. In this

study, we designed a controller based on Mamdani and Sugeno type furzydafend

the control performances were observed. After comparing the performancssleate

Sugeno type fuzzy inference since it shows a good performance and it has the capacity

18



to combine with the designed hybrach mod:
Met hodol ogyo chapter). As a result, a no

extent of controller quality for ehine pH neutralization.

1.2.2 On-line pH neutralization control

The study used a pilot plant to study the pH neutralization prodessnsists of a
continuous stirred tank reactor (CSTR) with recycle stream, feed tank for acid and base,
acid and base pipeline, and many more (Ww

chapter).

This study carried out eline control based on feedbadkop mentioned before. A
computer managed the complete feedback loop by receiving the pvacedsde (in
voltage signal) from Measuring Element (pH transmitter), compute the cawctioh
based on the designed controller, and sends the cactioh {n voltage signal) to
Final Element (contreValve) by data acquisition hardware. This cycle is repeated

continuously until the control system stops.

The online investigation is far different from the simulation study. It is a real test to
prove the degined controller works and performs in real condition. Not rreedhyanced
controllers succeed in real implementation. It is because of over specification or under

specification of the control requirements.

In model design, an open loop experiment is caried The open loop control is the
same as in feedback loop but the comrérion is coming from human command
instead of controller. The acid and base flow rate (input) and pH response (output) are

observed. The dataset for-bne pH neutralization is allected from several input

19



output variations. This dataset is called training and checking dataset, which is used to
design an empirical model by identificat
chapter. The designed model holds if and only if thedition fits with orline

validation of pH at pilot plant (with or without disturbance).

1.3 Theresearch objectives

This study is about model and controller design felima pH neutralization.

The objectives are:

(1) To design a hybrid pH neutralizatiorodel and validate elne,

The purpose of designing the hybrid model and Fuzzy Logic controller is to get a robust

and a good fit of model that holds thelore characteristic of pH neutralization. As this

model holds, an advanced controller as welt@strolstrategies could perform better

compared with inaccurate and-twbust pH neutralization model.

(2) To improve a Fuzzy Logic controller by modified Fuzzy Inference System using

Model Identification technique for eime pH neutralization.

Thedesign involves a standard Fuzzy Logic control structure and System Identification

by ANFIS method.

20



1.4 Researchscope

This study needed fundamentals on process control, Fuzzy Logic and Model
Identification theory. The ideas of fuzzy set theory and Flzmyic are discussed and
detailed discussion on Process Control theory, pH Neutralization, Fuzzy Logic and
Model Identification could be referred &stablish literature@McMillan & Cameron,

2009, (Shinskey, 199y (Zadeh, 1994, and(Lennart, 201D

This research focused on the following motive$:pil neutralizationmodelling, (2)

analysis and controller design, (3) andlime implementation.

Modelling is a technique to design a model that represents ideal conditions of a physical
plant. It describes the physical interactions of model parametedsini the plant. In this
study, the first principle of mass and energy balance from conservation law is used to
get the physical model. The study also examines the other modelling technique,
covering the empirical modelling techniques for pH neutralimatishich is neural

fuzzy model (ANFIS). From these techniques, we designed a hybrid model-liaeon

pH neutralization. The selections, justification, and model development is discussed in
several chapters in this dissertation. As the outcome, the hylode! is obtained and
analysed for controller design purposes.

This study conducted a qualitative and quantitative analysis for Fuzzy Logic controller.
In the quantitative point of view, the analysis covered performance controller for set
point tracking ad load rejection. While for the qualitative measure, offset, overshoot,
and time response is typical criteria for a good quality controller. In general, good
quality controllers could give procesariable response with less overshoot, fast time
responseminimum offset and able to keep the performance for any variation of
disturbance. As this standard follows, the designed controller should perform at the

desire state and within allowable limit without any problem.
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In overall outline, the dissertationasganized as follows;

Chapter 1 describes an introduction to the study background, problem statement,
hybrid modelling and Fuzzy Logic controller, and-lore implementation of pH
neutralization. This chapter states the objectives and highlights theyhofile study.
Chapter 2 is dedicated to literature review, which looks at of related work by other
researchers in pH neutralization modelling and control. It starts with reviewing a basic
concept of process control system in pH neutralization. Thislimafed by recent pH
neutralization study based on ideas, problems, and hybrid mechanic, which have been
successfully implemented in literature. This chapter ends with analysis used by other
researchers on model and controller performances.

Chapter 3 givesa detailed work method of our study. It consists of the models, hybrid
model, and Fuzzy Logic controller design development. Neural fuzzy modelling
(ANFIS) is described in detail. This chapter starts with models and controller design
consideration. Thenit provided the design of a conventional PID (Proportional
IntegratDerivative) controller, Fuzzy Logic controller, and the proposed hybrid Fuzzy
Logic controller. This chapter also describes the method for conducting analysis for
model and controller pasfmances. The specifications of instrumentation and hardware,
and online experimental setup are provided at the end of the chapter.

Chapter 4 caters for model and controller performance results, which are obtained from
simulation and o#line study. The rsults are mainly on controllability for spoint
tracking and disturbance rejection. The robustness issues are discussed in last
subsection in this chapter.

Chapter 5 discussed the observations of results taken from the previous Result chapter.
The discussion focused on controllability, and observation of quality for the designed
models and controller.

Chapter 6is to conclude the study objectives, novelty and posgililee work.
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Chapter 2 : Literature Review

This chapter describes relevant issues to achieve research objectives in pH
neutralization. It includes the process introduction, type of controller used, modelling
and controller technique used and analysis method. viérsothe pH neutralization

model and control development from simulation telioe basis.

2.1 Introduction to process control system

Process control terms only apptp chemical engineering automation as in petro
chemical and others continuous chemical preese&Chuet al, 1999, It differs from
other control engineering applications and yet shares the same theory. In general,
process control is different from other engineering applications because it deals with
process time delays, large time constants, uncertainty, nonlineanty,unmodel
behaviourHopgoodet al. (2002 has classified mtess control into three types

1. Open loop control

2. Feed forward control

3. Feedback (closed loop) control

Before process control and automation, plant operator adjusts the plant parameters
manually (open loop process control, see Figure 2.1a). It maytraightforward and

easy to use manual control but it becomes problematic for complex unit operations.
Furthermore, its limitation is due to human error and quality of the control action.

Feed forward is a corrective action that gave control action fordutsponse (see

Figure 2.1b).
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However, process control system in closed loop, promises an automatic control strategy

with less human effort for the plant operator.

Disturbance Disturbance

Input Output Input Output
.—’ S p :
System —> _’®_’ System o

(a)

Feedback -

(¢)

Disturbance
L Feed forward
Input Output

System

(b)
Figure2.1: Process Control Systetype
(a) Open loop (b) Feemrward (c) Feedback

Process control system as shown in Figure 2.1c is a feedback closed loop process
control. It has process as unit operation to be controlled, measurements such as
transmitter (process variable) in unit ogton, reference, controller, and manipulative
variable (final element) such as opening valve, heating element and so on. The main
objective in process control is to bring the process variable to reference point by tuning
manipulative variable. In many @ control system haglant output y(t) which
measuran measurement block and compared to reference block as an error e(t). Then,
e(t) is fed into controller block so that controller can calculate control output, u(t),
before final element block decideolu much of the manipulated variable should be

used. These processes will continue until the desired reference value is obtained.
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In theory, process control must have four components to completelabgsdt is a
process (model or real physical plamdntroller, actuator, and sensor. Figure 2.2 shows

a typical block diagram for the clogsop.

Controller mechanism d(t)
AL load

o« Comparator N +

) 4 Final |, ¥(t)
Controller control Process

Set point _ element Controlled
Beoot variable
%0 Measuring

Measured variable | ¢lement

Figure2.2: Typical process closeop in processontrol system
(Coughanowr & LeBlanc, 2008

2.1.1 Model and physical process
Model is relatively describing the physical process dynamic behaviour. The depth of
considerations in modelling could present better plant characteristic. In some cases,
good model would make the engineer or researcher more comfortable in implementing
realprocess plant. However, models are difficult to obtain and normally have limitation
on present the plant characteristic due to unknown relationship, complex system or
hardware limitation.In literature, there are several methods to model the process
systen. There are;

1. Physical relationship by considering the conservation of law

2. Empirical relationship by utilizing the heuristically data

3. Parameters approximation from physical relationship and heuristic data
Mathematical derivations of following applicati@re based on physical relationship of
first principle of mass and energy balance. The model represents the process dynamic as
pre attempt to design the controller and implements to online applications. Dynamic
behaviour, can be used to perform a perforceaanalysis for selected plant beforehand

for instance, stability analysis.
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2.1.2 Controller and advanced controller
Controller is the brain of the process control system. It should have an adequate control

action to maintain and kept the desired process \altiee plant.

Controller study in process control engineering has become more attractive topic as
computing technology evolved. Many techniques have been found in literature regard to
process control. This field never becomes saturated topic since sharce absolute
method in control problem and in addition, difference @drave different control
solution. Researcher has disclosed many suggestions, improvement, and finding in

classical to modern method in process control engineering.

Any control syste utilizes an advanog controller in control strategy, which above a
classical Proportional, Integral, and Derivative (PID) controller can be classified as
advancd control system. In this study, Fuzzy Logic (FL) is selected as advanced
controller since itnherit classical and modern method in it framework. Fuzzy Logic has
been studied for decade in various fields of studies. In process control, Fuzzy Logic
promises a good aaiion for modelling and contr@ chemical process plant. While, the
Fuzzy Logicframework is a linguistic based, make it closed to human knowledge
compared to others control strategy available in literature. In this study, basic Fuzzy
Logic system has been carried out and a novel control stratedyFugey Logic is
proposed. Nevertlhess, PID controller is designed for comparing control performance

and effectiveness to propose control system.
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2.2 Current study of pH neutralization process

In the past decades, several models for pH neutralization were developed from lab to
industrialscale. A rigorous approach to model the pH neutralization has been studied in
controlled stirred tank reactors, by assuming aweked tank, isothermal and
electrically neutral solutioMcAvoy, 1972 . The model is gained from mass balances
and chemical equilibrium. The modelling approach offered iir therk is strong acid

and strong base. Later, the developed model is extended from modelling to control
purposesy Wright andKravaris(1995. Their work simplifiedthe model derivation by
taking the overall ionic activity in aqueous mixture as a linear-dirdér equation.
While the logarithm of remain concentration of hydrogen ion (nonlinear affect) is
treated after the linear equation. This approach is validubeca Br o n sbase d 6 s

idea is followed.

Gustafssoret al. (1995 us ed Br o nlmseaeddadcsobtaircthedpH neutralization
model. Their research encompassed the chemistry otbasigl neutralization model to

be used in controbpplications.The effects of dissociation constant, ionic strength and
temperature have been considered in their developed model. Additionally, their study is
useful to build nonlinear pH models regardless of acidikalinity level or aai-base
solution consisting of metal complexes and solid. However, in real implementation, pH
neutralization plants are subjected to many unknown ionic activities and compositions,
which may increase the model complexity. On the contrary, the mathematdal m
alone is not enough to reproduce real plant performance of certain processes and it is

not accurate for online applications.
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Recently, many researchers identified pH neutralization molelusirg advanced
modelling techniquegAkessonet al, 2005 Altinten, 2007 Chaudhuri, 2001Tan et

al., 2005 Wang & Zhang, 2011 The advanced modelling approach is used to reduce
model development, to include the-model parameters and to study its complex
behaviour. In addition, the empirical model held by this technique can give an exact
characteristic of modelled process and solve the robustness issue relatdohéopbh
neutralization. With evolution of computing technology, achieving the best fit of

empirical model is not impossible.

Many tools can be cooperated using computational algorithm to gain the best empirical
model. For instanceMwembeshi et al. (2001, 2009 i nt r oduced 606Gl o
Principlesd of pH neutrali zat ioaward Meora e | w
Networks arrangement intended for networks testing and training .The networks were
trained (Levenberdlarquardt and heuristic gradient optimization) by using pastinput
output in the dataset to emulate the titration characteristic. Aparttfraintheir Neural

Network models demanded the reaction invariant species, chemical equilibrium, and
electreneutrality as identical with research bylcAvoy (1972. Unfortunately, the
network strategies are usually different for each types of-lzaseé neutralization
process. Thus, the systemllwmot be robust, as the network has to be redesigned

according to the system being modelled.

On the other hand, Fuzzy Neural approaches were used to model the pH neutralization
characteristi¢Nie et al, 1996. Three techniques in fuzzy neural model were proposed.

It included the unsupervised selfganizing counter propagation algorithm, the
supervised selbrganizing counter propagation algorithm, and the geliving adaptive

vector quantization algorithm.h& model of tweoutput variables employed reaction
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invariant ideas where the prediction represented in the study are the liquid level and pH.
The approaches appear effectively compared with the others especially in modelling
accuracy and it is suitable faeattime applications. However, the fuzzy neural
modelling has certain limit, as it requires personal with expertise in specific computing

skills, knowledge, and capable of developing and regulating the complex model.

Genetic Algorithm approaches havdsa been used to search for optimized
configuration of Takagbugenno Fuzzy model which is optimized by hybrid learning of
Genetic Algorithm to produce a good mo@Ean et al, 2005. The pH model designed

by Genetic Algorithnmoptimization which correlatese titration between weak acid and
strong base has numerous advantggémng & Zhang, 2011 This Algorithm was used

to get the transposed modelWe i ner 0 s c othefeuwgalizatiart equatior) for o f
titration process. The purpose is to find the nonlinear equation parameter, which
represents the ionic base concentration. However, in the pH neutralization plant, the
base flow rate is typically analogous to the acid flate, and may reduce the Genetic
Algorithm ability to fix the estimate parameters in titration curve. Therefore, it may give

interference to the developed model.

Another method to model the pH neutralization is by using Wiener arrangement
(Figueroaet al, 2007 Gomezet al, 2004 Kalafatiset al, 1995.Their models were
structured by designed dynamic linear subsystem in Wiener model and combined the
subsystem with static nonlinear block. The least squares method was used to find the
characteristic for static nonlinear block. The empirical model isaciewnized by the

acid and base streams as input variables and pH value (denotes in acid and base molar

concentration) as the output variable.
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In general, artificial intelligent methods are applicable to replicate fedefihed,
unknown and complex sysites (Hussain, 199P In modellng, this technique is a useful
tool in order to study the characteristic of unknown plant with high degree of model fit
with unpromising robust frameworks. However, a mathematical model is more robust
than empirical model if enough correlation is used,ibist difficult to gain because of

several reason&uttisupakorret al, 2007).

While in the pH neutralization control, there are many literatures had been established
in implementing advance controllGoodwn et al, 1982 Graebeet al, 1999,
(Gustafsson, 1994 (Henson & Seborg, 1994.u & Tsai, 2007, (Narayananet al,

1997, (Sunget al, 1998, (Lee et al, 200), (Boling et al, 2007, (Figueroa et al,

2007 and(Salehiet al, 2009. Apparently, most of them have taken pH neutralization

process as a benchmark to feature those criteria.

Yi and Chung (1995 has introduced systematically design fuzzy controller. This
method is robust compares to design and proven stable since it treat controller as a
universal gain that drive procesgariable converge to reference value [1] . It could be
extended to an advance fuzzy logic controller which adapting controller output with
advance method. Like Lyapunov analysis, sliding gain technig(fajin& Sasi Kumar,

2010, selftuning gainmethodin (Meech & Jordon, 1993&nd many more.

Galanet al. (2000 have implemented pH neutralization control in real time by using
multi linear modelbased control strategies. His succeed to control pH process according
to several linear regions in the pH process with PI controller with scheduling parameter.
It has shown thathe conventional Pl controlles capable to give a good performance

either in set point tracking or disturbance rejectidrtse drawback in their medd is
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obtaining the scheduled parametdrisese parameters are according to regions and the
conventional Pl parameter itself. Usually experience operator easily obtains all of this
parameter.

Min et al. (2006 have expressed their idea by proposing universal learning network
(ULN) algorithm into model predictive controller (MPC) to stabilize pH control scheme
with long time delay. Apart from that,Figueroaet al (2007 studied on adaptive
controller based on LaguerRBNVL Wiener model. In their research, Laguerre model
was used to represent linear dynamic model while PWL model was implied to describe
nontlinear dynamic model. However, throughout thegea&rch, they just emphasized on
the systemds stabil ity i nsSalehaetal (2009 have apt i
presented a simple fuzzy adaptive controller where the control lawomasicted based

on dynamic equations of inpoutput. In their paperthey also focus on the
performance of sqtoint tracking and load rejection in the pH neutralization system.
Since they compared proposed fuzzy adaptive controller with conventional PI
controller, their system appeared to be more outperformed compared with Pl controller
like previous researchVale et al. (2010 proposed Model Reference Adaptive
Controller (MRAC) consists of fixed and variable adaptive gain embedded with
HammersteidlWiener model. Their MRAC was introduced to improve the effect of dead
zone on actuator by evaluating the process performance via overshoot, settling time, and
Goodchart metric. Despitesome advances, their proposed controller yet had few
weaknesses since they just emphasized on the instrumentation errors instead of
assessing controllerdés capability toward

involvement of process and instmentation deficiencies.
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As an alternative controlVangandZhang(2011) developed LaguerseSSVM Wiener
modelwhich Nonlinear Model Predictive Controll¢NMPC) based on strong aclohse
equivalent technique. As referred to identify Lagud&r%&VM Wiener model, the
performance of sqtoint tracking was morored. Mismatch correction term was
embedded in their controller to compensate with the ptaodel incompatibility and
unknown disturbances. In their study, they used value of mean absolute errors, mean
squared errors, and sum squared errors to depisethgoint tracking errors. Since the
analysis of robustness properties is still bestdered as an unsolved probleherefore

it application on the certain processes in order to maintain the system at a desired steady

state point may not be succeeded.

2.3 Controller for pH neutralization

2.3.1 PID controller

A conventional controller is commonly found in chemical plants and had made great
contributions in process control applications. This controller is based on mathematical
framework with combination of 3 funcins: gain error, integral error and derivative
error. The beauty of this controller is that it can be implemented independently of
proportional gain, P controller, gaintegral, Pl controller, ganderivative, PD
controller, or gairintegralderivative, PD controller. For example, the mathematical
framework of PID controller is derived as:

(2.1)

u(t) = K,e(t) + K, fe(t)dt 3 Kd%e(t)

Where Ky, Kj andKq are PID constant parameters. In theol, is proportional gain is
meant for lifting process variable value; iK integral gain to reduce oscillation effect

and Ky is derivative gain used to eliminate offset between process variable and
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reference parameter. This combination is onéhefkarliest control strategy in process
control. It has been tested in many amdions and still maintains a good reputation
compared to other controller in literature. A PID controller is commonly used in many
industries nowadays and over 90% of the controllers in chemical industries today are
PID controllers (or at least some fowhPID controller like a P or Pl controller) .This
approach is often viewed as simple, reliable, and easy to understand. A standard design
method for PID controller can be found in many literatures either from mathematical
formulation or from empirical thnique. Establish empirical method like Ziegler
Nichole can be used to design this controller perfectly. Tuning formulation for PID
parameter also can be found in Col@won theory.

However, thesé&inds of controllers have difficulty in handling complexageess plant.

This framework is only capablef handling linear process plants, while for nonlinear
system, only at certain region, which has been linearized, could be implemented.
Furthermore, other data except error are ignored because they do ndb fthen
mathematical framework in the controller and this valuable informatiaasted.

Therefore, the study used advanced controller such as Fuzzy Logic system to control
nonlinear and complex process. Next section described a Fuzzy Logic Controller that
utilizes historical data from the plant and conventional controller it will performs better

control action as in objective control plant.

2.3.2 Fuzzy Logic controller

fAs complexity rises, precise statements lose meaning and meaningful statement loses
precisiordi Zadeh(1965).

Fuzzy logic controller is widely known among researchers and a lot of fintisngs

been made in process control applications. The implementation of linguistic variables

l i ke Al owo or fAhigho make f uiteynhsusehdlde m f

appliances or industrial practice. This controller is used in many ways in control
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application from simple to complex control system. For instance, Fuzzy Logic was
established ages ago in a washing machine produced by LG, Electrolmaapanore.

This application is used to monitor conditions inside the washing machine by using
sensors. By implementing this controller, a machine can adjust setting parameter to
ensure the best performance is achieved. As a result, user can save mauycing r

water and energy as low as possible.

Fuzzy control is established and well documenteddeh(1965. Fuzzy Logic system

has inspired researchers and engineers until today. His work is based on formulating a
human language command to a standstlof knowledge based. At initial step, this
fuzzy systenrequiresa set of input and output variables based on the requirement of the
process system known as a membership function. In general, the more variables taken
into the system more precise the oler will be. In contrast, more rules should be
supplied to system and sometime it makes fuzzy system with an abundant of
unnecessary rule. The next stegasdeterminethe type of membership function like
triangular, trapezoidal and many more (seel@ @l below for some examples of the
membership function). For example, by using triangular form we can represent large
bounded values normally O and 1.

This study designetivo types ofFuzzy Logic controllewhich based on Sugeno and

Mamdaniinferences gstem

2.3.3 Mamdani type fuzzy logic controller

Mamdani 6s type fuzzy inference is the fi
fuzzy set theoryKing and Mamdani (1977 hasproposed Fuzzy Logic inference to
control steam engine. It has an easy approach to utilize linguistic knowledge in
designing Fuzzy Logic controller. The reasare that no mathematical equation is
required and it straightforward procedure in mapping knowledge information into a

fuzzy set.
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2.3.4 Sugeno type fuzzy logic controller
On the other hand;akagiandSugend1985 , andSugencandKang (1986 proposed a
Sugenoods fuzzy inference. Il tds an equat.i
design.
Many researchers preferred this fuzzy inference since it can cooperate with
mathematical analysis, adaptive technique, and it is a computational load effectives.
Fuzzy inferences have three similar components between both types above. They are:

1. Membership funddns and linguistic variables,

2. Logical operations and

3. Fuzzy ruitdemadse, dnif
Membership function (MF) is a linguistic set represented by geometric shape and is
used for a conversion between crisp value and linguistic value. MF is an item inside
inputoutput variables and it holds properties like name, range, and type. Both type
either Mamdani or Sugeno, used same approaches in defining membership functions

(Emamiet al, 2000).

In Fuzzy Logic controller, we can specify as many as membership function in input
variables. However, it will be a burden on controller performance since possible unique
rule is power of number membership function to input variable. Membershiidns
for input variables can be selected as iable 2.1(Tanaka & Wang, 2002as shown

below.
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Table2.1: Membership functions
Membership Functions | Graphical lllustrations

4
0, x<a
075
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5 , asx<h -
; = J
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x—a 0.75
, asx<bh
b-a
2 05
flxab,ed)=41 1, bx<c}
2 0.25
, c<x<d
d-c¢ 5
0 dsx 0 2 4 6 8 10
trapmf. P=[157 8]
2
—(x—c)

f(xo,c)=e 20

0 2 4 6 8 10
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Although there is a lot of membership function typeliterature, Table 2.1 showthe

most commonly found in Fuzzy Logic controller membership functions.

However, Sugenob6s defined fuzzy output
di fferent from Mamdani 0s appr oagromial I n
function in the input variables x and y or constant value. While, Mamdani used same
approaches in defining membership function as in input variables.

Fuzzy logic is known for logical operator like AND, OR and NOT. These operators
actually describeg-uzzy Logic reasoning in general. In Fuzzy Logic controller, this
operator is used as a connector between input and outpoberghip functions. The
purposeof logical expression is to evaluate each membership functions value either 1

(completely true) o0 (completely false) or range between 0 and 1. For simplicity,
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standard logical expression is used and is defined as in Table 2.2.

Table2.2: Logical expression used in Fuzzy Logic controller

Method Operation
AND min
OR max

Operator AND and OR method is used for input variables relationship reasoning. AND

met hod is evaluated wusing fAimino operat.i
Il nstance, crisp value f oO. 1 niprut ivifiinadgeiyg hvoa
and Arateo is 0.0 in AnoChangeo MF range.

Herror (Xerror) X Marate (Xrate) = Herrol(-0.1) X Lhate(0.0)

i f Aerroro is midHi gh AND Aratebo
where AmidHi ghd and AnoCh amantpership fursctiooin e 0 |
fuzzy i nput variables for fAerroro and Ar
Membership functions and operators designed above are subjected to linguistic
commands (fuzzy rules) to produce conclusions. A Fuzzy rule base consists of
antecedent and ceaquent as human interpretation of event and action. There are many
options to write fuzzy rule in Fuzzy Logic controller. For example, heurigtiemation
from established controller likBID controllercould be used. The usefuiformation

like openinga control action at saturation conditions at a certain set @oiot, from set

poi nt and process variable and fsoo adire.rr o

i nput (3 MF), Arateo (3 MF) and Avalveo
Rule1:l f rfoerev eiHi gh AND firated is increase t
Rule2:l f Aerroro is zero AND dalfepee 0 i s i nc
Rule3:l f fAerroro is +veHigh AND Arateo is
Rule4:!l f AerweHiogh sANDiI 8rdecrease then fAval
Rule51 f Aerroro is zero AND frateo is dec
Rule6:lfierroro i s +veHigh AND Arateo is de
Rule7:l f ferweHiogh sAND fr attheedn ifsv anlovCehda nigse f
Rule8l f fAerroro is zero AND Arateodo is noC
Rule9:l f fAerroro is +veHigh AND Arateo i s
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However, Sugenods fuzzy rule can be writ!H

Rulel:l f fAerweHiogh sSAND firateo i sixixppjcr ease |
Rule2:l f fAerroro is zero AND fxxagx)eo i s inc
Rule3:l f Aerroro is +veHigh AND skt ed i s
Rule4:l f ferweHiogh sAND efcr ®@taess@® it dyxxp)iival veo
Rule51 f Aerroro is zero AND fidgxakpko i s dec
Rule6:l f Aerroro is +veHigh AND dxn®t eod i s
Rule7:1 f ferweHiogh sAND fr attheedn ifsvA&ipylehda nigse f
Rule8I f fAerroro is zero AND drgaxixo i s noC
Rule9:!l f Aerroro is +veHigh AND ®Erexp)eodo i s

Wherefj(x1,x2) = Ai*x1 + Bj*x2 + G and A, B and C are constant parameter in output

functions,fj for i = 1 to 9, while, x and » is crisp value for error and rate respectively

(Gurocak & de Sam Lazaro, 1994nique possible rules that can be generated in both
fuzzy rules are nine since membership functions power to number of inputs.
In process control, Fuzzy Logic system can be used either in process modelling or
proces control. In controller perspective, Fuzzy Logic controller is a universal
controller that can be implemented in linear to nonlinear systems. In standard form,
Fuzzy Logic system has four elements as shown in Figure 2.3.
They are:
i.  Fuzzificationi a proces for converting crisp inputs into membership labels in
fuzzy set.
ii. RuleBasei stored fuzzy rule knowledge in fuzzy set
iii.  Inference mechanisiina mapping mechanism for active membership functions
between input, output, and fuzzy rule to produce several conclusions.
iv.  Defuzzificationi a compilation of active conclusions given by fuzzy inference

system into a single crisp control action.
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Fuzzy Logic Controller

— | Defuzzification —'—>

System

FFuzzification J

Figure2.3: Fuzzy Logic controller
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Rule-Base
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|
|
| Fuzzy Inference
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Crisp Input |
|

In Figure 2.3, a typical Fuzzy Logic controller used in many process control literature is
presentedFilev & Yager, 1994 Maeda & Murakami, 19880but & Ozgen, 2008 In

this study, two inputs and one output are used in our Fuzzy Logic controller and for this
reason;jt will be described later in Fuzzy Logic controller design section. Actually, the
number of input and output can be as much as possible depends on control system

requirement. Meanwhile, the Fuzzy Logic controller operation for

39



X1 X
error = -0.0459 rate = .0 0427

05 05 -01
error = -0.0459 rate = -0.0427

0.1

valve = 3.75

Figure2.4: Fuzzy Logic controller operation procedure

As seen in Figure 2.4, Fuzzy Logic controller processes the crisp input into control

action as output depending on fuzzy inference defasatier. The crisp input gxand

X2) could trigger any number of rules and gives several conclusions associated with the

membership functions range. Then Fuzzy Logic controller concludes only single crisp
value by defuzzification method. This method intésaa numeric value resulting from
condition in fuzzy inference mechanism and conclusion in-lvake. Defuzzification

represents action taken by controller in individual control loop cycle. Based on
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Mamdani 6s type, t hfieatiom metho@& as sleowrein ddble 213 f u z

(Tanaka & Wang2003.
Table2.3: Mamdani defuzzification method type
Type Mathematical form Graphical form
m_aH
' flx) xdx
Centre of Cod = “min
Area *man
| Flx)ax
Xr-nin
Modified if(x) e
Centre of rmCoA = o
Area | Fixha
Centre of _ Co.-ﬂla-real +Coﬁlzareaz +...+Coﬂnarean
sSums final = areay +areas +... tarea,
Centre of
; Hyly + X oot E|L
Maximum final = 1u1u1 +i2u2+...+unn :
I n Sugenods defuzzification method, conti
L wif,

control action = ——
W,

wheref; is the output function andjwis the fuzzy rule firing strength fdy that is being

triggered(Tanaka & Wang, 2002 Fuzzy rule firing strength, jw can be diéned as a

combination of fuzzyperator (AND/OR) and input membership functiong, (A is

error and rate) , and cée written as

w; = AndMethod(jerrofX1), HratdX2))
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The motivation on developing the Fuzzy logic controller is becthesgechniquecan

give a good performance in controlling complex chemical plant such as fermentation
process, neutralization process and many more. Furthermore, it utilizes human
knowledge rather than mathematical methods, which makes it more close to ¢ne syst
problem. For this reason, a conventional controller is less attractive than Fuzzy logic

controller because it only satisfies linear process systems and simple plants.

As conclusion, Fuzzy logic control provides a formal methodology for representing,
mani pul ati ng, and i mplementing humands he
controller into a process control system, it will minimize error in feedback closgd

control system with less overshoot, eliminate offset and reduce oscillation effect.

2.3.5 Neural-Network

Neural network (NN) is an artificial intelligent system replicated from the human brain
neuron conceptMcCulloch and Pitts(1943 found neural network concepby
performing mathematical processing of neuron like brain activity. Their concept
represented the activity of individual neurons using simple threshold logic elements, and
showed how interconnected network units could perform the logical operations. Then
Rosenblat{1962 make a generalization in neuron connection called preceptor, which is
a binary classifier, which map input, x into outpf(k) in artificial neural network
system.

a) Neural network structure

Neural network system consists of several nodes in input layer, hidden layers and

output layer as shown in Figure ZNrgaardet al, 2000.
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input layer hidden layer output layer

ufk-1]
ulk-2]
y[k-1]
y[k-2]

alkl

Figure2.5: Architecture of neural network
An input node with several variations of delay is link together to form a hidden layer to
generate output value based on assigned weights (see Figure 2.6) in training dataset.
The determination of inpudelay is one of key factor tachievea good systemWhile,
additional hidden layer would cost computational burden to increase, increasing
perceptron relation as number of node increase in power to number of layer.
b) Neural network mechanism
The operation of neural network to produces an output is asviollo
Let us consider only one node in hidden layer for the mathematical operational purposes
as in Figure 2.§Nrgaard et al, 200Q.

o)
ufk-1] O—OQ-E/

ulk-2] @

b (bias)

Activation
Function

Output

\‘./'—b s —p Q[KI
k-2 " Summing
V[ ] k3 Junction
Iuput Synaptic
signals Weights Threshold O

Figure2.6: Synapse operational in single node in hidden layer

Input signals are combined into a summing junction according to establish synapse

weightvaluewt o produce i ntpegasval activity val ue
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Finally, the output, g k] i's evaluated b

and bias, pas shows

glk]l =0 (v, + b)

A t hr es h oy dould beuimroduded as an énhancement to the activation

function. The resulting value, g[k] is an inputth@ output layer to produce final output,

of neur al net work system and the mathenm
before.

As seen above, every neuron (node) consists of established weight like biological
neuron in human brain. This weight is thee called information of action in the input
system. Thus, training neural network system using ioptput dataset is required to

establish weight values to match process system. Additional parameters like desired
output d and error gare required to benplemented inside neural network architecture

as shown in Figure 2(Nrgaard et al, 2000.
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Figure2.7: Neural networkearning architecture
Learning operation is to determimg at every synaptic weight and it can be described
as follows

!
J p— 4 . .
Wiy =W 5 +LR-e;- X,

4
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Wh e r g, is prévious synapse weight, learning rét®), g is an error between

desired and output value ang X input data into neural network. The mechanism of

neural network learning is known as back propagation method and it is the simplest
among available methods in the literature. Detailed information regarding to operational

neural network and trainingan be found in open neural network literature.

c) Neural network in control system

Neural network has a great influence in the process control field. Like Fuzzy Logic
system, the framework does not require mathematical representation on process system
asdescribed above. The capability of neural network has excited many researchers in
especially in nonlinear behaviour, time variant problem, and noisy conditions. A
promising performance of accuracy is the key factor why network is most favoured
among otherAl systems. A lotof literature can be found regarding neural network
either in process modelling or in control engineering. This technique has benefited
many applications especiallg Chemical Engineering fielddussain(1999 provided

an extensive review of the various applications utilizing neural network technique. In
that article, neural networks are categorized under three major control schemes; inverse
model based control, predictive control and adaptive control methods.

Hussain and Kershenbaufh999 have succeeded in implementing a neural network
control system for a chemical reactor both in simulation and experiment based. In their
finding, neural network give outstanding performances compared to conventional

control system.
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2.4 Hybrid system

The hybrid system is a combination of more than one technology used to obtain a
problem solution. It designed to reduce a particular technology limitation and inherit its
advantages. In theory, the hybrid maybe classified into sesaedjories as sequential,
auxiliary, and embedded hybrigRajasekaran & Pai, 20R4These classified hybrids

are described based on the interaction of technologies.

The most common interaction between the technologies is using sequential hybrid. The
interaction between it and second technology is a quéased solution as shown in
Figure 2.8 below. The swdblution from first technology is transferred to the second

technology, which produces the final solution to the problem.

J]npul&
P }"{j ]
i C ) i _::'Tl:c hr:mlng‘_v A
| s K |
} » !
i N — !
! C v __j'Tt:chrl}nlngy B
i o !

J(Eulpul&
Figure2.8: Typical sequential hybrid of two methods

Auxiliary hybrid as in Figure 2.9 is another way to combine two technologies. The
interaction is divided into two parts, which is primary and secondary technology. The
secondary (tdmology B) is providing an additional s@olution while a primary
technology is working to produce the final output. This hybrid techniqueseésl
commonly for adaptive control strategy. The controller is being supported by an
approximate algorithm to pdoce a sulsolution that gives suggestion, while the

controller produces final output for control action.
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Figure2.9: Typical auxiliary hybrid of two methods

While, embedded hybrid simultaneously produseissolution and the final solution is
managed by technology desired most. This mechanism can be found in the most soft
computing method where in the method structure is composed of mamgesbds

that gave suisolution before the final output is compuléeuratNetwork, Fuzzy Logic

is one of the softomputing tools used hardly in this hybrid. The perceptron (for
NeuratNetwork) or the fuzzy inference (for Fuzzy Logic) is a soéthod which
produces the subolution while the fuzzy inference compute thieral output by
considering the neuron weight (for NeuNgtwork) and fuzziness input (for Fuzzy

Logic) in to the summation equation.

g L -
7 \.____\chchriulugy A
< A :

S
U\ [~ Technology B

\”l.

J()ulpuls

Figure2.10: Typical embedded hybrid of two methods
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2.4.1 Adaptive Neural Fuzzy Inference System (ANFIS)

ANFIS is a mixture of softomputing tool between Neurbletwork and Fuzzy Logic.

The technology behind this controller is mainly from the Fuzzy Logic system and the
NeuratNetwork tools for optimizing the configuration of thezky inference system.
ANFIS can be classified as auxiliary hybrid since it uses primary and secondary hybrid.
ANFIS technique has been introducedJang(1993 by wusing Sugenods

with neural network method.

Sugenobs Fuzzy Logic system has the abil
output function while it embraces all Fuzzy Logic system ability like mapping
nonlinearity, uncertainty and variation over time in complex plant behaviour and fuzzy
knowledge can be obtained from human experience. However, Fuzzy Logic controller
has it drawback.For instance, it is difficult to determine the exact fuzzy rule
relationship and membership functions as complexities of the plant increased.
Furthermore, an extensive effort is needed in describing system behaviour since more

rules are needed to tune aatiagly for a good Fuzzy Logic controller.

For neural networks, to find appropriate input and output relationship (perceptron) of
the process is difficult since oxeurianl nmda
In online implementation, neural twerk is the most expensive cost solution compared

to other technologies. It requires many data in regard to the process, and data used must
represent plant dynamics, and if not, this technique will have trouble in predicting
output. Besides, effective nall network structure is sometime hard to construct when

dealing with a complex system.
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Thus, a combination of fuzzy system and neural network can improved the problems
related in each technology. Although the main framework of ANFIS is Fuzzy Logic, but
the configuration of Sugenob6és fuzzy infe
The neural network technique can be used as a learning mechanism in input and output
dataset. The learning knowledge could be utilized to generate a Fuzzy Logic diles an
membership functions, which conventional Fuzzy Logic may took extra work.
Indirectly, development activity of Fuzzy Logic controller for complex is reduced

significantly.

2.4.2 ANFIS architecture

I n gener al ANFI S architectur gpelrwsyLdagbe s a

system with polynomial output functiof(X,y) of input variables, x, y where i is the

number of fuzzy rules used as shown in Figure pAtitiré Jonegt al, 1989.

IF Aisx AND Bisy then Output is f:
/\ [N f=pxeaye,
1 b L2} N,
X Y
IF Aisx AND Bisy then Outputis f,

- N 1 B
/—\ AND. W, f=pX+qy+h,
—ILX Y
x y |
Deffuzification
- w I+ W,
Wt w

=W+ W1,

Figure2.1l: Sugenoods t sysieen withpaynomiallowtpyt function

layer 1 layer 4

layer 2 layer 3 vL

layer 5

Figure212 Equi val ent ANFI S architecture to
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The ANFIS architecture follows the feed forward neural network and is trained using a
sypervised learning mechanism. The learning objective is to find the consequent
equation parameters that fit inpatitput dataset. As shown in Figure 2.fi§ structure

has 5 working layers as briefly described below:

=

Input layer

2. il nput mfo | ayer

w

Rule laye

4. AOut putmfo | ayer

o

Output layer

Layer 1: Input layet is used to convert crisp value of x and y to label as used in input

membership function. The output of this nodg,i©

O1,1=Hai(X) fori=1,2 and @ = pgj-2 (y) forj =3,4

As described ifChapter 3, input membership function can be selected from several
types (Refer to Table 4.2).

Layer 2 fi 1 h s uusenh ftod caldulaty ehe weight,; wf relationship
membership functions. The output of this node is relationship weight betweerxinput

andy.

(), =w = iy [_\'l.i..fﬂa (v), i=L2

2 i

Layer 3: Rule layef is used to combine consequent action with input relationship. As

from previous layer, this layer works to combine several active rules in fuzzy inference

system and gives outputg@s total average weight.
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Layer t4:utimdids ubed gsam adaptive platform to adjust consequent output

parameter in ANFIS framework. The outputy, @rom this node performs consequent

action in each active fuzzy rule.
(‘}4.1' = E.?‘J = E( pj"t + {?I .}: + r: )

Layer 5: is used to compute overall output function to fonaput in ANFIS system

Oi. :ZIL :M

|

As described above, layer in ANFIS has similar working structure as neural network in
designing fuzzy inference system. The adaptive mechanism works to adjust consequent
constant parameter within several iterations by reducing batween overall ANFIS

output and supplied output data set. Thus, any fitting mechanism can be used to find
consequence parameters, for instance, gradient descent, least squares method, genetic

algorithm, particle swarm or hybrid between those techniques.

2.4.3 Inverse ANFIS model

An accurate technique in connecting the input and output for a process plant is a major
attraction in the ANFIS research. ANFIS is an attractive solution where it allows human
knowledge to be used automatically to determine the coattain,u for conventional

Fuzzy Logic controllers. ANFIS provides satisfactory results in dynamic mapping
process plant and this technology can be used in the control plants at any desired set
point. In this study, the ANFIS model is designed to givergmpate control action for

fuzzy logic controller based on the inverse model response where the input and output

relations at online dataset is reversed.
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Initially, input and output dataset are prepared in open loop plant. In process plant
model identification using ANFIS, input data is a manipulating variable, u and the
output is process variable, y. ANFIS model then is validated in real time to guarantee
the trained model could predict the process variable, y for any given inputs, u. In order
to design an inverse model controller, the dataset is inversed by changing the input
output orientation, for instance, input dataset for ANFIS controller is taken from output
dataset of model, and output dataset for ANFIS controller is from input modettdatas
By doing this inversed dataset, the controller would predict control action, u for any

desired process variable in process control system.
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Chapter 3 : Modelling of pH
Neutralization process

3.1 Model and controller designs considerations

It is important to specifpg control objectives and design considerations beforehand

because it would give a systematic optimized design approach.

The interested parameters are like -tisge, overshoot, and tracking specifications. In
this study, the controller objectives areathieve less overshoot, fastest rise time, less
oscillation, and reduced robustness affects. To achieve the objectives, several technical

ideas are considered.

First, designed controller must be able to operate for nonlinear process behaviour. This
sve'y cruci al consideration for selected
chapter, we listed several recent controllers that were used in pH neutralization control
system. Fuzzy Logic controller is selected since it has the capacity to deal with
nonlinear process behaviour. Detailed description wilgiven in the next sectiorf

this chapter. The concerned of nonlinearity for pH neutralization is at the set point of
interchange regions. This is because the need of the control action is tliffaren
neutralization region, a very small control action is required while requiring a large
control action at acid and base regions. This need will give a problem to linear

controllers like PID controller but not for Fuzzy Logic controller.
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Second, thelesigned controller must be able to reduceutidesign factodue to aged
plants or altered parameters. This consideration is an optional for many controlled plant
engineers since the controller could be redesigned according to new working
parameters. bwever, it will be noreconomic for the production floor to skhddwn and
redesign the controller. Therefore, the designed controller must be abler¢ase
robustnesslue toun-design factors as mentions above

The success of a robust controller is tedeto the plant dynamic accuracy. Next, model
accuracy is another aspect to achieve in the controller objectives. The designed model
must be able to give accurate prediction ofline pH value during control system
implementation (at nominal odifferent working conditions). The robust controller
depends on the accuracy of this model. It is importance to improve the robustness in
Fuzzy Logic controller. Hence, hybrid model is introduced to give accurate model for
ortline prediction.

Other considerationsilvbe discussed in the following sections.

3.2 pH neutralization model designs

This study developed a hybrid model from first principle mathematical model and
Fuzzy Logic model with Neural Network mechanism. The study propose a hybrid
mechani¢ which managing the models contribution to achieve best agreement in
dataset. The study designed a pH neutralization model based on Figure 3.1. In the
mixing tank, strong acid (HCI) flow rate and strong base (NaOH) flow rate are mixed
which produced a dymaic behaviour in pH characteristic. The study is to predict the

pH value for this problem by using hybrid modelling.
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NaQH: Fb litre/min HCL; Fa litre/min
CBo mol/litre CAomol/litre

+ v

Qutlet: Ft litre/min
CA mol/litre
C8 maol/litre
{:
{

pH electrode

Figure3.1: Basic design of studied pilot plant

3.2.1 Mathematical model

The mathematical modébr pH neutralization process is based on material balances
and chemical equilibrium equation. The model folldiisAvoy (1972 andWright et

al. (1991) works. The mathematical model bases obtained fromstrong acid
(Hydrochloric) and strong base (Sodium Hydroxide) reaction according toeFsglr
Assumptions for the model are instantaneous reaction;me#id, constantiensity
mixture, and no formation of solids during experiment. Unstesale kinetic model

for pH neutralization is written as in Eq.3.1 below. Wherés\tank volume, Fis acid

flow rate, | is base flow rate, £ and G is a concentration for acid and

baserespectively.

* C. G
E = —EF — (FR4F)x

de vy

(3.2)
x=—-2", a,(pH) - x; (3.2)
Gustafssorand Waller (1983 define Eq.3.2 as the overdditationic-concentrationn
mixed tank The aj(pH) is identified for strong acid ad, and strong base as +1
(Wright et al, 199). Thus,x is the remained ionic concentration in the mixtwgen

acid and base is neutralizedhere xis an ionic concentration of reactants.
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In aqueoussolution, mixture of ion hydrogen and Hydroxide is electrically neutral.
Therefore, electrmeutrality and wateequilibrium theories is used to express

electrolyte disassociations (Eq. 3.3) by considering the system is in aqueous solution,

isothermal reatn at temperature 29C, and water equilibrium constant,,K at
1x10™*

x = [H*] - Ko
*= ) s (3.3)

Then, kinetic model from Eq. 3.1 can be updated based on hydrogen concentration as

in Eq.3.4.

a - - CAD_ i K e g +1 1 By
(o=t )= CC - Y+ R 4 [H*] 4

CBr.\
F,
vy [H*] vy [H +]) b (3_4)

Eq. 3.4 is a nonhomogeneous and nonlinear differential equétioumerical tool like

Eular or RungeKutta method can be used to solve this equation. The complete pH
neutralization model is gained after solving Eq.3.4 and used that solved value at time, t
into Eg.3.5 in which pH value is calculated by taking theatdgm of hydrogen

concentration, as below:
PHm(t;FaFo) =- logio([H']) (35)
The inputs force that is affecting the pH characteristic is mainly because of the inlet

flow rate. Therefore, in this model, acidgJfand base () flow rates are inputsignal,

and pH value is the outpsgtgnal for the model while the rest are constants. The
nominal operating parameters are referred to in Tabldshaket al, 200J).

Table3.1: Nominal operating conditions of pH neutralization

Parameter Symbol Value Unit

Acid flow rate Fa 3.5+0.1 litre/min
Base flow rate Fp, (5to 13) 0. litre/min
Initial condition of HCI Chao 0.003 mol/litre
Initial condition of NaOt  Cago 0.003 mol/litre

Volume of mixing tank v, 100 litre
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3.2.2 ANFIS model

Fuzzy Logic is an attractive technique for pH neutralization modelling. The study used
Fuzzy Logicto gain empirical model of pH neutralization. It provided a rrulbidel
frame for nonlinear behaviour modelling. The model is gained by assigns three crisp
inputs and one crisputput with respect to the Eq. 3.6. The Fuzzy Logic has four parts:

fuzzification, fuzzy inference, rukbase, and defuzzificatiq@adeh, 1995

In model identification, the inptdrisp value can be in many forms, like flow rate,
concentrations, speed of agitator, volume, and more. The possibleoutput
candidates for the empirical model are flow rate and pH value (see Figure 3.1). In this
study, three inputs (from aclubse flow rates) and one output (from pH valse)sed
respectively. These inputsitput have crisp values. The inpuisp values are
converted input into fuzzinput values. The fuzzinputs are designed by using two
genealized bellshaped curve membersHimctions, which are represented, by
Eq.3.6, Eq.3.7, and EQq.3.8 while the output is referred to Eq.3.9. The inputs range is

between minimum and maximum inputs in the dataset as referred to Figure 3.2 below.

Fa—c

AE) =+

a

2, | fimn(Fa): a= 1.981;b=2;c =0
)= fimex(F1); a= 1.981;b = 2;c = 3.963 (3.6)

“’)-1 a {f:,msn(F3)= a= 1.981;b=2;c =0

= Fg—c
f2(F) (1+| a fomax(Fs); a= 6967;b=2;c =13930 (3.7)

f3 (FB) — (1 + IFB -c Zb)_1 _

a

fomae(Fs);i a= 6967;b=2;c=13930 (3.8)

Figure 3.2 below shows the plotted inouttput dataset from elne open loop
investigation. The experiment was conducted by using nominal operating conditions as
in Table 3.1. The data are collected by using6R21 multichannetlataacquisition

hardware at sampling time ofskecond.
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Figure3.2: Inputoutput dataset for online pH neutralization

The inputs are the flow rate at different tiche | @)yfrong the dataset (dine

measured data). The tirgelay selection for flow rate can be chosen at any delayed
time in dataset. For example, the acid and base flow rates can be selected at-any time
delay which is from-1 to -N (N is the total row in dtaset). Therefore, the output
membership functiors writtenas in Eq. 3.9 below. The optimized tirdelay selection

is the key to gain best fit of model besides adjusting constant coefficient (A, B, C, and
D) in Eqg. 3.9.

pH,(k)=AF,(k— 1)+ BF,(k—1,) +C F,(k—13) + D (3.9)

In inputs selection, constant coefficients (A, B, C and D) are initialized as one, while
time-delay is obtained from viewing open loop response (Fig.3.2). According to Figure

3.2, the effective timelelay is betweenl to -80 seconds. Root Mean Square Erro
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(RMSE) is usedas objective function (Eq.3.10 below) to compare the predicted pH

value for ten different timelelay candidates for three inputs.

llilk‘::-.(,_ PH‘(;‘) = pHp ‘:k:'t)
\‘l N (3.10)

] = RMSE =
Where pH(k) is online pH value in dataset from k = 1,2,3 to N, which N is total
number in dataset. The chosen tideday for(y and( (as in Eq. 3.9) is at72th and-

73th secondgespectively for , and for( is at -40th seconddor F,. These three inputs

combination gives the lowest value (RMSE = 0.2459) according to FigurevBich

gives the best fit of real data in dataset.
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Figure3.3: Sequential input selection for three inputs fro candidates

3

The rulebase for the model is composed by taking maximum relationship attmesy

inputs. The rulébase is eight unigue logical combinations that are from 3 inputs and

two membership functions?()z The rules are listed as in Table 3.2.

59



Table3.2: Eight unique combinations among uip and output for fuzzy rulease

AND Input2 isfy miFe-72)
AND Input3 isfs miFg-73)

AND Input2 isfy max (Fe-72)
AND Input3 isf3 ni(Fs-73)

If Inputl isf; miFa-40)

Rule#1: then output is pi{k)

Rule#2: then output is pk{k)

If Inputlisf; mafFa-40)

Rule#3: then output is pk{k)

Rule#4: then output is pk{k)

AND Input2 isf, min (Fe-72)
AND Input3 isfz maFgs-73)

AND Input2 isf, max (F-72)
AND Input3 isf3 ma(Fs-73)

If Inputlis f; miFa-40)

Rule#5: thenoutput is pH(k)

Rule#6: then output is pk{k)

If Inputlis f; ma(Fa-40)

Rule#7: then output is pkKk)

Rule#8: then output is pk{k)

The fuzzyoutput is linear functions consisting of fuziput membership function.
Eq.13 can be elaborated to eidifferent cases as Eq.3.11

pHp.i(k) = A; F(k—14) + B, F,(k—1,) + C; F,(k—13) + D, (3.11)

wherei=1,21t0 8
The coefficient function (A Bj, C; andD;) are the gains that are needed to be optinfiaed

best fit of pH neutralization dataset. The complete construction of fuzzy model can be

seen at Figur8.4, which have three parts (input, rule, and output) as desanibeizzy

Logic.

Input

Rule Outputmf

Rule P Cutputmf

Rule No1 pHp1(k)

Rule # Outputmf

Rule No2 PH;2(k)

Rule # Outputmf

Rule No3

pHp3(k)

Rule $1 Outputmf

Rule No4

pHpa(k)

Rule - Outputmf

Qutput

- Output —.@
»>

Rule No5 pHps(k)

Rule

| Outputmf

Rule No8 PHps(k)

Rule

—p{ Outputmf

Rule No7 pHp (k)

Rule p—»{ Outputmf

Rule No8 PHps(k)

pHp(k)

Figure3.4: ANFIS model structure
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Figure 3.4 shows likeness to ideas in NetNatwork (N-N) architecture (see Section
2.3.4). In NN, inputsignals are combined at summing junction and the node output

(internatactivity value) is calculated by multiplying the synapse weightevébr each

signal respectivelyln neurefuzzy case, synapse weight is the coefficient, @, C;,
and Q) while the summing junction is &q.15 which combines the active ridase

with the synapse weight at each fuZaputs to produce a crisp outpudlue (phh(k)).

As in NeuralNetwork identification,neurefuzzy have to train the synapse wieig
with the online dataset (Figure 3.2). Leasjuare method (learning algorithm)used
to get the optimized synapse weight (Ai, Bi, Ci, and Di) by iteratively reducing the

cost of objective function (Eqg.14) for entire fuzglyucture (Table 3.3Table3.

Table3.3: Optimized coefficients of ANFIS outpdainction

[ Ai Bi Ci Di

1 0.3524 0.5574 0.03086 0.167

2 1073 0.06756 -0.006016 -0.1915

3 -0.05421 1.057 -0.5296 0.9288
4 1337 0.4237 0.3674 -9.853
5
6
7
8

0.8138 -0.4955 0.4823 4.041

1.255 0.1555 -0.2992 0.7469
0.7408 0.2627 0.0578 0.1502
0.1921 0.7397 0.05951 -0.2554

The final layer (control output) gives a value saynmingall conclusion valueslt

is described as

Output = ‘pHp(k) = X, W:pHp_:(k) i=12,...k (3.12)
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3.2.3 Hybrid ANFIS and mathematical model

A hybrid is also known as a combination of several techniques. This study used two
different techniques, which is a combination of mathematical model and empirical
model.Lennart(2010c | assi fi ed t hesldiedlgreg dc onloaed arsa
with a combination of firsprinciple model i p u r e ) ar isaft eodnputing model

(bl 3.cko

Let us consider the dynamic continuous time mathematical model and empirical model

as in Eq.3.5 and Eq.3.12 respectivelypabw.

dx
dt

= Ax + Bu

Yma () = Cx (3.13)

Yo oll) = Dozt — &, Y+ Dozt —t )+~ + Bt —t. ) FEult—t,)+ (3.14)
Eu(t—t,)+ ~-+Eu(t—t, )

The mathematical modglEq.3.13) is a typical physical first order continuous time
domain model which presenting EQ.3.5. Next, EQ.3.14 is an empirical model
constructed by historical dataset based on a modelled plant that present 3112. Bot
models have different mechanics in predicting the response of the plant. Mostly,
Eq.3.13 represents a theoretical formulation and Eq.3.14 is on identification from best
fit of dataset. This study proposes a hybrid mechanic that can combine both methods

and give better dataset agreement compared to standalone rtudedtudy proposes a

two hybrid mechanics which suitable for combining the mathematical and empirical

model.
First is a parallel hybrid that i s ma n
summati on of output weight I's al ways equal
to one.

Y1 () = Z[Vma1 () (@) +ym2(x(t —ta)u(t —t))A-a)] (3.15)
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The y1(t) is output for hybrid model from combination of Eq.3.13 and Eq.3.14. The

structure is simple and f ast orfufictioe, whichbr i d
the value, leading the prediction toward the theoretical idea or training model. Thus, it
has a capacity of predicting the procesgput value within its robustness limitation.

Second, the proposed hybrid structure is constructed Img usodel performance

weight of individual model. The hybrid model output is calculated as in Eq.3.16 where

the individual out put is evaluated accor
v (k) - Zy:izwz‘f(x-“)z] (3.16)
..hZ Z‘;\'zlﬂ-’z

. . th .
The structure above is for combining several models. Everynodel has been

aasigned to a peg)thatcanrhaaocorstaniver a fgriction. EqY3.16 is

more flexible in managing the output contribution because the summation of weight

can be greater that one.

The proposed hybrid structures above canrbatéd as a static or dynamic equation
depending on its weight. Static equation is from a constant weight while, the dynamic
equation is depended on the functions used. The function can be implemented from on
dynamic equation. Furthermore, proposed hybtidcture can used as-bne adapting

gain for adaptive controller studies. However, the adapting mechanism requires

additional algorithms to perform a dynamic adjustment Hirembasis.

The individual models have several advantages and disadvaritageANFIS model

is used to predict the pH value based on the real plant characteristics, while the
mathematical pH model is used to calculate the theoretical pH values. ANpli&ate

the dynamics of a pH plant, which depends on training dataset (Fi@yrd Be motive

of introducing the mathematical and ANFIS model is to give better pH value
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prediction. Subsequently, the hybrid model would extent the robust properties from
nominal working condition. The variations are acid and base concentrationsy reacto
volume, mixing agitator speed, unknown compositions, and many more durlimgon

implementation.

The hybrid modek (Eq.3.17 and EqQ.3.18) for pH neutralizatiane designedoy
combining Eqg.3.5 and Eqg.3.12. Both models are considered in discreet tinagndom

which sampling time (h) is one second as in dataset (Figure 3.2).

pHyy (k) = X[pHn(k; Fycy, Fyaor)(@) +pH,(k)(1—a)] (3.17)

or

pH,, (k) = (me'PHm(k:FHcl-F.::ao.q:""(wp) pHp (k) (3.18)
Wmtwy

Where, for two models, the weight can be written as

a=—m 1—a= —=¢
Wmtwyp and 7 Wy F Wy

Thus, the hybrid model design can be seen as

pHy, (k) = pH,(k; Fycr, Fyaon) (@) +pH,(k)(1—a)
(3.18)

= pH,,(k; Fyq, "vaOH) " +pH (k)

wm+wp

Weight (U) is proportion to each model

t

be selected from a constant number or function. Figure 5 indicates the influence strength

between mathematical and nedwvazy model. The RMSE for hybrid model increds

with increments of the weight (U). This

influenced by both models, which at nominal condition, nduray model gives better

prediction (less RMSE), compared with the mathematical model (high RMSE).
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RMSE

0 0.1 02 03 04 05 06 07 03 09 10
welght

Figure3.5: Hybrid model RMSE values with different weight selection

The weight (U) equal to zero means that

neurafuzzy model, while the weight whe PH,(Ki Fyicy, Fyaon) (0) +pH, (K)(1-0)

is equal to one means that the hybrid model is totally influenced by the mathematical
model. These two cases give a correlation to decide the best weight at a particular time
for hybrid model to achieve lowest RMSE. Thus, the weight is selected frontdime
time resulting in a dynamic weight profile. Eq. 3.19 is used to assign the dynamic
weight as a function of absolute error from two models (Math and Nearg) since
absolute error shows the magnitude of error deviated from tlireodataset.

min(|emaenl.€anrisl)
sum([|emaenl : leanrisl )

if lematn| > leanris!

a = f(lemaenl, €anFis]) = (3.19)

max (|emaen| leanrisl)
sum ([|emaenlil €anris| )

otherwise,

As conclusion, the hybrid model predicts pH value based on performance of
mathematical and newfazzy model. Selecting best weight from each model will give
good prediction of hybrid model with lowest RMSE. In nominal working condition, the
lowest weaght is preferred since neufazzy model predicts better than mathematical

model. However, when working at new condition, nefuzzy may not perform well.
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Then, a right weight € [0.1] is used to compensate for the nefupzy limitation.
Therefore, the dynamiweight (Eq.19) could select the appropriate weight, which

calculates by deviation magnitude fromlore dataset with models output.
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Chapter 4 : Controllers design for pH
neutralization process

4.1 Conventional PID controller design

Conventional PID controller hagandard mathematical expression. It is a combination
of Proportional action, Integral action and Derivative action as in Eq. 4.1. As describe in
Literature Review section as,

u(t) = K,e(t) + K, [e()dt + K, ﬁe(t) (4.1)

The PID controller design has many methods to follow. This study umskdtrial
practical method for controlling pH at 7. Since PID controller is only for linear

processes, therefore the design configuration only works around pH 7.
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The design is follows;

SetpH=46.5.
I=100000.
D=0

Find the best P for
closed-loop system from

6.5t07.
T

SetpH=46.5.
P = best value,
D=0

Find the best I for
closed-loop system from

6.5t0 7.
5

SetpH=46.5.

P = best value,

I = best value,

D=0

Find the best D for
closed-loop system from
6.5t07.

v

SetpH=46.5,

P = best value,

I = best value,

D = best value

Apply best P, I and D
for closed-loop system
from 6.5 to 7.

Is control
performance ok?

Is Sluggish?
Adjust P value.

Is offset?
Adjust I value.

Is oscillatory?

Adjust D value.

Figure4.1: PID controller tuning
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The PID controller has been tuned according tdira control performance by using

step in Figure 4.1. The tuning parameter can be obtained as in Table 4.1. The
methodologies of conducting those controllers tuning are not describethils.d@ne

can found in many literatures about those tuning method.

Table4.1: PID tuning parameters
PID controller P | D

Try and error tuning 0.002 12 5

ZieglerNichole Tuning
Cohencoon Tuning

4.2 Fuzzy logic controller design

Fuzzy Logic (Fuzzy Logic) controller design and analysis is discussed in this section.
Fuzzy Logic Controller is described as a decigimaking system that works in the
linguistics framework. Fuzzy Logic was been introduced4adeh, 965), a founder of

fuzzy set theory. In daily activities, fuzkygic has been practisédiea without realizing

it. In conventional fuzzy system, fuzziness has average of 0 to 1. However, in Fuzzy
Logic controller, it has ranges from 0 to 1 and it hasesnatic approaches that different

from conventional fuzzy idea.

Fuzzy Logic system has a framework called fuzzy inference sydigmbésed on

Zadeh fuzzy set. It is a fuzzy methodology for mapping linguistic knowledge into fuzzy
set systems. In Fuzayogic controller,fis framework is used to map input signal into

l i ngui stic | abel s such as Aferror o, Ar at
consequent action into crisp value know as control action. Fuzzy Logic system used
human experience informah, as knowledge regarding open loop characteristic on pH

modelling from previous section.
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4.2.1 Fuzzy Logic control strategy

Feedback control strategy is desired for all applications control system in this study. In
feedback loop control (in Figure 4.2), error variable is normally used as a Fuzzy Logic
input. This variable is an essential parameter for guiding the controlezhieve the
desireds et poi nt . I n theory, Aerroro i s defi

to process variable value, e(t) = ii(ty(t).

+~ o u y
Fuzzy logic -

- Plant
4d | rate a
’ Controller
at

Y

Figure4.2: Feedback closed loop system with Fuzawtroller.
In addition, error could be extended into rate of error. Since human understand literally
how f ast error changes from certain poi
another state of Fuzzy Logic input that is interesting to studii@nféedback control
Ssystem. Label Arateo is defined as chang
known asa gradient oferror; either error is increasing or decreasing from previous
state. Thus, t hese t er narerused io this €rategy. There i e

input label for the Fuzzy Logic controllerischoses fAer ror 06 and fAr at e

While Fuzzy Logic controller output (u) can be from any state variables like current,
voltage, flow rate, heat supplied and many more, but iilshwze related to manipulated
variable in control systemThe @eningvalve as controller output (manipulated
variables)is usedsince the opening is a function of flow rate in pH neutralization
control system. In the pilot plant, openinglve depends owmoltage supplied into a
valve transducer. It will convert the voltage to air pressure in psi. Range o to 10miliVolt
is applied for 0% open to 100% open respectively. Therefore, voltage is selected as

out put state in Fuzzy Uabehpi c controll er b
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4.2.2 Selection of input and output membership functions
Feedback contr ol system is applied in th

Logic controller. The error signal is the same as input in PID controller and for Fuzzy

Logic controller; error is mappednto linguistic variabled i ke W@Azer oo, Ane
Apositiveo for mini mal number of fuzzy m
al | bounded error signal from control sy
| abel eaasseflioncrinoChangeo and fAdecreasedo

label (membership) in first input (error) and second input (rate) could be more that
suggested number. It could give more computational load but smooth controller
performance.

TheoutputfromFuz zy Logi ¢ c osdividedihtd Sdabels((memiaetsivipd 0 )
which i s fAcl osedo, Asmal |l Openo, Ami dOpen:
flow rate valwue (litre/ min) bet ween weach

has almost no ghificant difference.

Design of Fuzzy Logic controller is begun by letting data Aetand crisp value, x

(Aerror o, Airateo and Aval veo) into cont |

might be expressed as:

A =k |-1<x <1),A = |-I<x <DandA =(x |0<x <10.

error error error rate rate rate valve valve valve

However, in fuzzy inference system, data seh@s an extension to classical data set

which includes each crisp valug mto MF equations for all elements in;.AThis

membershigunction equatias map each elemeimt X; (X is crisp value for all ranges

in MF) into membership value between 0 and 1 as shown below:

error = (Xerron U-AEI’I’OI' (Xerror) | )QEWOFN Xerror)

Arate= (xrate, UArate (Xrate) | XrateN Xrate) and

Avalve ) (Xvalve, HAvaIve (Xvalve) | Xvalve N ><valve)-
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where pj is MF equation of label represented by a geometrical shape. As initial design,

triangular shape as input MF is used to convert crisp input value by using function

below aerror (Xerror), Harate (Xratd):

s (X
0 if xi S a -veMid 1”‘4'( ")
x;—a
ifa<x; <b
v_Jb—a
!J'A:'(‘xi)— & — X
ifb=x.<c
c—b f ’
0 ifx;=c
0.2 -0.1 0 x"
b c

Where a, b, c is triangular shape parametersiah@ not e as #fAerror o
graphical MF shape and parameter for inputs variable can be obtained below (Figure 4.3
and Table 4.2) respectively. Triangular shape is favoured initially, because it easy to

construct and gives good performance.

I I
~vetfigh -veMid Good +veMlid +vetligh

input variable “error”

(@)

input variable "rate™

(b)

Figure4.3: Graphical illustration of inputs membership function;
(a) i nput variable fierroro (b)
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Table4.2: MF input variableparameter and values.

Name i= fHerr i= Ar at
Range Min: -0.5; Max: 0.5 Min: -0.1; Max: 0.1
No Name a b ¢ Name a b C

-veHigh -0.8 -0.5 -0.1 increase -0.18 -0.1 -0.02
-veMid -0.2 -0.1 O noChang -0.08 0 0.08
Zero -0.01 0 0.01 decrease 0.02 0.1 0.18
+veMid 0 0.1 0.2
+veHigh 0.2 05 0.8

g b~ W DN

l nput fAerroro contatktvnesHi  hMF afman dit+tiverHs gw i
cover up error valwue I f pH valuewseMefleéere
and fA+veMi do i sorvhlerin smal scale While &tgd e kaloefthe
controlleroutput valueshould be maintained because the crisp value at moment shows
that the Fuzzy Logic controller has achieutad control objective. On thether hand,

only 3 MF are required for input Arateo.
can be either increase, decrease or no change.

Figure 4.4 shows the procedure to design the MF as described above.

Tsan )
=

Add fis variable -

v

Define MF: name,
shape and range

no

If fis variable
sufficiently defmed

end

Figure4.4: Membership function design procedure
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423Mamdani 6s fuzzy inference system desig
As described previously (Section 4.2.2),

di fferent compared t o Sug eamshapeisthpsereasoutpd a

membership function, gvalve(Xvalve) for Fuzzy Logic controller because Gaussi&mape

inherits nonlinear behaviour compared to triangular shape. It can be described as

follows:

Ravaive(Xpaive)

IA halfOpen

Havaive (xva:z:s) =e 2c*

Where 0 and ¢ aonstant@hiah sam beafoundsirhTalgeed.3, and is
illustrated as in Figure 4.5. Gaussian shape is selected because this equation provides

smooth transition response to control valve.

| T
fullClose ittieOpen halfOpen largeOpen fullQpen

output variable “valve™

Figure4.5: Graphical illustratioo f o ut put member ship fun

Table43: Mamdani 6s output MF: wvariabl es
Name Aval
Range  Min: 0; Max: 10
No Name 0 e
1 fullClose 0.7 O
2 littleOpen 0.7 2.5
3 halfOpen 0.7 5.0
4 largeOpen 0.7 7.5
5 fullOpen 0.7 10
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In pH neutralization control case study, the final element of the control system is control
valve and it ranges between 0 to 10 millivolt crisp inputs value. As in gpliaaat,
interval of 2 millivolt issignificant opening different for base flow rate to take action.
For instance, 2.1milivolt has no significant change in base flow rate compared to
4milivolt. The next step for Fuzzy Logic controller design is to construct the control

command rles based on input and output MF defined earlfewzzy rules for

Mamdani 6s i nference system are:

Rulel:l f fAerweHiogh SAND firated is increase t
Rule2:l f Aerroro is zero AND fArateodo is inc
Rule3:l f Aerroro is +veHigh AND fArateodo is
Rule4:l f fAerweHiogh SAND firatedo i s decrease t
Rule51 f Aerroro is zero AND fArateo i s dec
Rule6:l f fAerveHOghsAMD Arateo is decrease
Rule7:l f AerweHiogh SAND Arateo is noChange t
Rule8I f Aerroro is zero AND fAratedo is noC
Rule9:l f fAerroro is +vE€&HiagplweANDemr dtvad vied

In the list of fuzzy rules above, Rule #8 is the most importnte t guarantieghe

Fuzzy Logic controlleto meet the desired control objective. Determinabbthefuzzy

rules can be hard for a new plant but it isyetor an established plasincestationary

state and dynamic response of the pa@etavailable during plant operatiokt the pilot

plant, to achieve stationary state (error is zero and rate in not change), flow rate of
NaOH must be the same as HCMilwoate, since both concentration is the same at feed
storage tank. Rule #8 only caters at stationary state with maintain reference and process
variable value.

The rest of fuzzy rules listed above is to drive the process variable (pH) to the desired
refererte point. It has two conditions when process variable is below (error is positive)
and above (error is negative) reference value. When error is positive, the mixing tank
requires more NaOH so the action is to increase the opening valve. Another case when

error is negative, the valve opening has to reduce in order to lessen the pH value in tank.
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424Sugenods fuzzy inference system design
The designed fuzzy inference system for
section. Ascontinuity from the previous Fuzzy Logic controller design, there are no
changes in input and output definition.
inference for output membership functions has a different approacRedall that,

Fuzzy Logic contro#é r has five out put | abel s,
Al argeOpenodoand AFul |l Openo. I n Mamdani 0 s
represented by geometrical functiorfSor simplicity, a constant value is used for
Sugenoods effica zirstgad ofmathéneatical equations. In this study, the

designed parameter finberenceS aamy leenfounddirs Talley4pde  f

below.
Table44. Sugenobés output MF: .wvariabl e p
Name Anvalve
Range Min: 0; Max: 10
No Name Value
1 fullClose 0
2 littleOpen 2.5
3 halfOpen 5.0
4 largeOpen 7.5
5 fullOpen 10
Next step after membership design is con:

inference has beetlesigned earlier and the process is same, thus the relation for rule

bef ore can be used to complete the fuzzy

are:
Rulel:l f AerweHiogh SAND fAirateo is increase
Rule2:l f fAerzreoroo AIND Arateo i s increase th
Rule3:l f Aerroro is +veHigh AND Arateo is
Rule4:l f fAerweHiogh SAND fArated i s decrease
Rule51 f Aerroro is zero ANROAriast é&a 0i s de
Rule6:l f fAerroro is +veHigh AND Arateo is
Rule7:l f fAerweHiogh SAND fArated i s noChange
Rule8Il f fAerroro is zero AND fArateodo i s no

Rule9: 1 f fAerroirgoh iASNDrviierHat e i s noChange
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4.3 Fuzzy Logic controller with ANFIS Model

4.3.1 ANFIS model design consideration
The motive to implement ANFIS in control system is to increase the quality of Fuzzy

Logic controller.

It can be achieved by using abng technique between model identification and Fuzzy

Logic controller.The nverse mathematical model and inverse ANFIS mmdeted

The interaction between these two techniques is auxiliary hybrid (as in Literature
review chapter Section 2.3.4). Inighhybrid, the primary technique (Fuzzy Logic
controller) works to produce contrattion by using suBolution from secondary
technique (inverse ANFIS modellhe Fuzzy Logic controlleis extendedy adjusting

the output membership function with ssblution from inverse ANFIS model. Figure
4.6 shows the closleop block diagram where inversed hybrid model is supplying the

suggested control action to the Fuzzy Logic controller.

pH SetPoint pH »
' \= error > Bigk Flap
Fa—

Fuzzy Logic
ontroller

pH Neutralization Plant

+——P pH,
— | pH,
— plra u

Ux
| inversed Hybrid model

Figure4.6: Proposed controller in feedback control of pH neutralization plant
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4.3.2 Inverse ANFIS model design
Fuzzy Logic with combination of ANFIS is an attractive technique to model pH
neutralization. It is becausi& provides a multmodel framework for modelling

nonlinear behaviour at different pH neutralization regions.

This subsectionis an extended step after ANFIS model identification as described at
previous suisection.The inverse ANFIS model is designedusing sme inputoutput
dataset as in model identificatiodowever, input and output orientation in the dataset
is inversedwherethe input is pH value andhe output is control action. As a result,

ANFIS produces an inverse behaviour of titration curve.

ANFIS training procedure is carried out as usual in ANFIS model identification. The
ANFIS architecture with three inputs and one output is desired to cover control action
dynamics during process control. The inputs are pH values at two different detays a
previous control action at time b is another input variable. While, the output of this

inversed ANFIS model is a predicted control action in millivolt.

Three input groups are chosen for ANFIS model which group no. 1 and 2 are for
previous output valugy(t-1), y(t-2),y(t-3) and y(t4) and input no 3 is for control valve
input signal u@l), u(t2), u(t3) to u(t6). After input is identified, 10 input candidates

are trained and checked by comparing selected delays with-oofut dataset for

three iteations and bedit RMSE for three inputs are known. Delay selection of inputs

is based on lowest root mean square error (RMSE) within three input groups as shown

in Figure 4.7.
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Figure4.7: Sequential inpuselection
Selected inputs are yff), y(t3), u(tl) with RMSE training = 0.2255 and RMSE
checking = 0.2729. Inversed ANFIS model as shown in Figure 4.8 has five components
consisting of three input variables, two membership functions in each variable, a
eight unique possible combinations of fuzzy rules, consequent output equation, and

output variable.

Rule | Linesr MF|

timit
Rulet il

Linear MF|

v

Rule

Rule2 out1mf2

Linear MF|

Rule

v

Rulea out1imf3

Rule P{Linsar MF

Ruled out1mf4

Rule Linesar MF|

out1mfs
RuleS

y

Linear MF|

Rule

1mf@
Rulet outtm

Rule PLinsar MF

RuleT out1mf7

Linear MF|

L 4

Rule

Rules out1mfs

Figure4.8: inverse ANFIS model structure
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4.3.3 Inverse hybrid model design

The design used a combination of inversed model from first principle and ANFIS.

Hybrid structure below is in a parallel configuration which is known as embedded

hybrid as shown in Figure 4.9. The inversed ANFIS model is used to estimate control

action fora pH value of real plant and inversed pH model is for calculation of control

action of pH value as theoretical basis. ANFIS has capabilities to replicate the dynamics

of inverse pH plant. By introducing mathematical model parallel to the ANFIS, the

invers&@l model will be more robust in choosing different acid flow rate during

offline/online process control investigation. Furthermore, additional variations like

concentration of acid/base and reactor volume could be captured in the proposed

controller.

On the

each

ot her

hand, hybrid weight

model . The range of 0 to

U

1

f

or U i

more to the hybrid model. A key success to this model depends on ANFIS prediction

valueandgbr i d wei ght, U, parameter
Fa
Mathematical
> O
PH; > Model

pH,

vy

Uy

v
;

ANFIS Model

> 1 -«

Figure4.9: Inversed hybrid model structure

as

descri
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4.3.4 Hybrid Fuzzy Logic Controller design

Intelligent controller that is being proposed in this study composed of hybedseo

mo d el and Sugenods Fuzzy Logic controlle
is used to combine both techniques to produce a hybrid intelligent controller that has

ability to adapt and react within allowable plant modification and disturbance.

input MF1

Rule
error Rule1 WTAVER
Rule Defuzzification
Rule2
Rule
el Sl Total FiringzergfFiring Strength?
Rule? Strength
output MF2
=] pHr
_L ‘F’:" u MidRange
— Ux output M
Inversed Hyorid Model |
good(Constant)
open(Constant)
Figure4.10: Proposed hybrid controller block diagram
Sugenobs Fuzzy Logic controller used in

system. Input membership has three membership functions, vihieh minimum

membershigunction thatcan be used for feedback loop control strategy.

-¥e ZEro +ye

1 ] 1 1 S 1 1 1 1

input varia_ble “error”
Figure4.11: FLC Input membership functions
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Figure 4.11 shows the input MF Fugzg togio r ) I

controller while, out put wvariable is a c
and Acloseod respectively. Open and cl ose
control action. However, A g o ahek process whetnn t i o
error i s zero. Hybrid inversed model i s

particular time within a specific control system conditions.
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Chapter 5: The pH neutralization
experimental setup

5.1 Control System Setup

5.1.1 Pilot plant design congderation

A good pilot plant design is important to achieve good control performance. In pH
neutralization, to reduce time delay is important since this would create instability in
model and control system. The time delay may be present at procestetayietank

size), delivery of reagent (acid and base), and measurement device (at pH electrode).

These delays can be minimized if pilot plant is designed properly.

Another importance issue is sensitivity of the fisl@ment (control valve). This is
becaise at neutralization region it needs a very small control action that require small
amount of reagent to pass through control valve. The proper control valve selection

during pilot plant design could give better quality of control performance.

Next, theenvironmental issue regarding the pilot plant effluent. The effluent from this

plant must be treated before it passes through to public drain.
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5.1.2 pH neutralization pilot plant

The neutralization pilot plant is located at Chemical Engineering Department,
University of Malaya. Figure 5.1, show process, and instrument diagram which

illustrate the experimental setup.

Control [~ """ -7 7TTTTTTTTT T -
panel AT
I <. ) S 2
—————— % ¢ ATO ¥p
Convarter R0O1 <
N Neutralization
DAQ . Reactor | o )
| |
Set point
L
I——'—‘—I V0o2-2 voo1-2

Base Tank Acid Tank

| 1
Vooz-1 POO3 PoD2 Vao1-1
Base Tank

Acid Tank

Computer/Controller

Drainage

Figure5.1: Process and instrumentation diagram for pH neutralization
It has 506liter holdup caacity in mixing a rector and 2@0er initial feed supply for

acid and base (Figure 5.2).

Figure5.2: Pilot plant for pH neutralization
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The mixing tank design and layout is important as describEdyure 5.1 Our tank has

two inlets flow and four outlets located in the tafike mixing tank has a recycle
stream which provides wellmix solution. The outlets stream is mainly to the
discharge the mixture in the tank. One located at the bottom oftathie for
maintenances purpose while the rest located at the side of the reactor vertically. The
height of holdup volume in the reactor is depending on the vertical outlet. The outlets
diameter is much bigger than the inlet diameter so it can guarantyhéheight is
always constant at desired level.

The experiment used 10i@er as a holdup volume. It is desired at this level since the
recommendation to have a good mixing condition is when liquid depth is equal to tank
diameter. The reason is to minimite traveling distant for reagents from the inlet. The
retention time for 10diter is 7 min that is calculated from volume divided by the flow
rate. In normal practice for liquiliquid reaction without solid formation, the retention
time (dead time) if'om 5 to 20 minutegMcMillan & Cameron, 200h

The highspeed axial mixing propeller is used at 25 rads per minute (rpm). It is to
reduce the dead time effect and enough to break the fluiceitisedtank. So that the

reagent goes to the bottom of the tank since the pH electrode is located at the bottom of

the tank. The dead timeg,tis 0.32min gained from holdup volume divided by the

summation of inlet flow rate and agitator pumping capacighasvn below.

Table5.1: Mixing tank details

Parameter Value Unit
Diameter 100 cm
Height 500 cm
Impeller speed 25 RPM
Impeller diameter 9 cm
Baffle 4

Impeller 3 blades butterfly type

Flow rate 9-14 Litre/min
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At the tank, static mixer (Figure 5.3) is installed. The purpose of this mixer is to reduce
dead time delay caused resident time distribution. In literature, the static mixture

reduces 80% of resident tinlelcMillan & Cameron, 200p

Influent Effluent

Figure5.3: Static mixture for acid and base before entering the reactor

5.1.3 pH sensor

The pH value is measured by pH electrode. The pH value is ebtitalren pHsensitive

glass having contact with the aqueous solution. Nerst equation is used to calculate the
potential energy generated from the exchange of hydrogen ion (prb&tween

hydronium ions in aqueous solutions.

The pH electrode used is from EBTH instrument hardware. It is located at the
bottom of the reactor tank. As in Figure 5.4, pH value is obtained inside the mixing

solution, which reduced transportation lag.

Figure5.4: pH transmitter usenh the pilot plant

86



The sensor location is important for pH neutralization control system. It sheuld
located at most representative, reliable, and fastest measurement. In our experimental
setup, it is located at close to the exit pipe line of the miseagtor. In this case, the pH
electrode can measure the pH value andré¢lagent hasufficient time to completely

mix before discharge so that it will increase ¢batrollerand modeperformance

5.1.4 Control valve

The rangeability for final elementis most importance. It determines the controller
performance since pH neutralization has-sensitive and sensitive control action. In
literature for normal strong acid and base, metering pump should in ratio 20:1 to 200:1
for control action over flow ta (McMillan & Cameron, 2005 In addition, linear valve

characteristic is preferred and using smart digital positioner is recommended.

Figure5.5: Control valves (acid and ase) used in the pilot plant

In the experiment, two units of control valve are used as in Figure 5.5. Both control
valves used is pneumatic type, which require air to opericacidse. The transducer is

located near the contrellve to convert the control action from millivolt to psig.
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5.1.4 Control system

The set point change is important. The pH response depends on the regions in titration
curve. Local linear behaviour would be expected if the set point at the flat portion of the
regions. However, the nonlinear controller must be used if the set point is located at two

different regions due to sensitive and rsmmsitive control action.

+ Sampler & Digital to
Analog to > Computer > analog > Plant >
digital converter and
Converter hold circuit

Figure5.6: Closedloop structure for otine gudy

The tracking specifications depend on process plant requirement as in Table 5.2.

Table5.2: Control objectives for sqioint tracking regions
pH neutralization region Process variable Tracking range

Acid pH 451t06.5
Neutralization pH 6.5t07.5
Base pH 7.5t010.5

As in Table 5.2 above, pH neutralization control system, range between 6.5 and 7.5 is

desired since neutralization point is within this range.

The controller in feedback contrsystem is to reduce error between plant and reference

value. Figure 5.7 below shows a control system strategy used in this study.
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5.2 Experimental work procedures

5.2.1 Open loop study

The focus of this section is to describe the steps that being carried out in open loop
experiment. The dynamic profile of neutralization can be obtained through these steps.
The experiment starts with preparing the feed tank as in nominal operating @onditi
(Refer Table 3.1). At this step, there are no flows for both input streams. It can be done
by sending 0 milivolt to the control valves through control system user interface. On the
other hand, the mixing reactor has to be maintained at 25 rpm agitqe@d and
recycle pump is switching on. The open loop study should begin with pH value of 3
(same pH value as in HCL feed tank) atneind at pH of 11 (same pH value as in NaOH

feed tank).

Next, open the HCL stream line control valve about 10% openirig.vEive will give

the mixing reactor in acid condition. After sometime, gives step change input of 0 to
100% opening to NaOH stream line control valve. This step will increase the pH value
in mixing reactor. Observe and monitor the pH changes by platiegl time signal by

using software interface in computer. The open loop study finish when pH value in
reactor saturated.

This open loop procedure has to be repeated at different input step change according to
objective of the investigation. The need &peat this procedure is musttlife datais

usedas a training dataset in modelling identification.
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5.2.2 Closed loop study

As discussed previously, closed loop study is a feedback control system. It has a
complete control system block and it objective ibtimg the present value to a desire
setpoint value. The objective can be achieved by design the controller appropriately
according to the pH neutralization plant condition and control strategy used.

The procedure in this section can be used for a seckrséd loop control system
investigations which is carried out in this research. At preliminary step, the plant should
be in a close loop mode and plant condition should be at nominal condition (refer Table
3.1). This step can be checked by verifying tigna at the control panel with the
computer interface. Firstly, bring the mixing reactor at saturation pH value by setting a
setpoint block at user interface. Nexthe studyperforms a controller investigation like
servo (sepoint change) and regulatofdisturbance rejection) case study.

For servo case, acid stream line control valve should be maintained as in Table 3.1. The
reason is because, for a servo case, we need to see the effegbahtsehange only

and by maintaining the flow rate of acithe deviation of disturbance is equal to zero.
The servo case starts with severalmaht changes as described earlier.

For regulatory case, it start when pH value for the mixing reactor at saturation. The
disturbance shdd be introduced at this statk this study, the disturbance can be
introduced by changing the acid flow rates differ from the nominal condition.

This study ended by obtains the raale profiles.
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Chapter 6 : Result and Discussion

6.1 Models validation

6.1.1 Mathematical model

The mathematical motdle der i v e-d h gp eve s ¢ uirsv e, whi ch
logarithm function. In Figure 6.1, the designed mathematical model produced a
characteristic of pH neutralization. It shows the model is nonlinear with several
dynamic regions. At first region (pH <,6slow response is observed while very fast
response at second region (6<pH<8). At third region, slow response is detected and the

pH is saturated at pH 9.6.

i

T T T
— —— - Mathematical Model (RMSE = 0.7365)
On-line Dataset (Nominal working condition) |~ ecame==="]

10

pH

2 1 1 1 1 1 1
20 40 60 80 100 120
Time, s

Figure6.1: Mathematical model profile of pHeutralization (RMSE = 0.7365)

The profile draws a theoretical boundary along the titration curve (same dataset as in
neuraefuzzy model). Figure 6.1 shows that the mathematical model is able to give pH
value with RMSE = 0.7365. The model usinglo®e data(signal from aciebase flow

rate) is fed into the model equatiohhe deviation of theoretical profile with real
experimental profile maybe cause of the assumption made in theory development. It
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showsan offset but it enough to show the profile is in sigpial curve which is basic

theory of strong acid and strong base neutralization.

6.1.2 ANFIS model

The online dataset was obtained by fixing the acid flow rate at (5.0 £ 0.1) litre/min and
introducing a step change from (0 to 13.0£0.1) litre/min flow ratehferbiase in input

flow rate. The signal was channelled to the fuzzy logic block, which contained the
ANFIS configuration, and the pH profile was recorded. At nominal working condition,
neurcfuzzy model gives best prediction for-bne dataset with RMSE ©.0833. It
indicates that the model is capable to predict the pH value if same condition is used as
in ANFIS training. Figure 6.2 shows that the nefumzy model is held at trained

condition.

10 T T T T T T
On-line Dataset (Mominal working condition) <
= ANFIS Model (RMSE = 0.0833) o

pH

e il 1 1 1 1
20 40 60 g0 100 120
Time, s

Figure6.2: Comparison Training Dataset with ANFIS predict{&MSE = 0.0833

6.1.3 Hybrid model and comparative analysis
By using both model output predictioribe hybrid modeis implementedy taking the
weight with an initial value of 0.6. This shows that the hybmddel has a 40%

influence from neurduzzy model and 60% from mathematical model and gives a
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RMSE of 0.4446 (Figure 6.3).

11

T T T T T

T
----- «+ Hybrid Model (weight = 0.6, RMSE = 0 44486)
10 =—==-Mathematical Model (RMSE =07365) | = _cm==—T="" .
On-line Dataset (Nominal Condition) A
< ANFIS model (RMSE = 0.0833)

pH

| 1
20 40 60 30 100 120
Time, s

Figure6.3: Dynamic model profiles of pH neutralization at nominal working condition

However, the hybrid model with dynamic weight is the best model, which produced a
RMSE of 0.1013 as in Figure 6.4. The weight is always changing depending on
magnitude of models error. The -bne data signal was channelled to mathematical
model equatiorand neureguzzy model framework. The profile was observed and at
normal working condition, neurfuzzy model is accurate compared to mathematical
model. Thus, the dynamic weight value is always less than 50%, which showed that the

hybrid model was influered by the neurfuzzy model.
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Figure6.4: Nominal working condition profiles for Mathematical, ANFIS, and Hybrid

model
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6.2 Controller Tests

The controllability is the most common criteria for analysicafitroller performance.

In continuous time application, controllability is known as the capability for a designed
controller to reach a reference point from one point to another and hold the point when
disturbance occur. Thus, it is necessary to conclhdedesigned controller is able to
drive (Set point Tracking) and maintain (Disturbance rejection) process variable in

control system at desired point.

6.2.1 Setpoint tracking: PID controller

The result in Figure 6.5 shows that PID controller is able to ttaelpH value at pH 6

and 7 but not at pH 8. Large overshoot occurred in the system before system reached
steady state. Time response for pH to settle down from step change of 6 to 7 is around

150 seconds.

£ T T T T T T
g5
B -
75+
I
? L
B.5 1
i :MNMN.«\‘ P
55 | | | | | |
u} 200 400 500 800 1000 1200
‘WD T T T T i
-
0 ] ] ! i
u} 200 400 B00 800 1000 1200
15 F T T T T T =]
55 WMJ\/V 1
:1
.ﬂ- 5 %
“ ot ] | M
] 200 400 B00 Bo0 1000 1200
B 1 1 I 1 1 I
c
S WWWWWW‘WMWWWW
i

L 1 L L 1 L
0 200 400 500 800 1000 1200
Timeis)

Figure6.5: Set point tracking by using PID controller
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In Figure 6.5 above, the control action value is stable at neutralization region (pH = 7)
and acid region (pH = 6) but not at base region (pH = 8). At base region, controller is
not stable since it vaas from minimum to maximum. At this region process variable

produces continuous oscillation with increment decay ratio. Acid flow rate is remaining
constant with small magnitude of noise. According to Figure 6.5, the control action at

steady state is 5 thvolt.

6.2.2 Setpoint tracking: Fuzzy Logic controller

The controllability for set point tracking of controller is tested in pH neutralization
range 6.5 to 7.5. Pilot plant is maintained at pH before applying a unit step 7.5, 6.5 and
7.0 for reference valués shown in Figure 6.6, Fuzzy Logic controller can track the
step change of pH from 7 to 7.5. The medium overshoot occurs and decay ratio is

reduced until procesgriable (pH) reaches steady state.
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Figure6.6: Set point tracking by using Fuzzy logic controller
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The set point tracking study is continued at acid region (pH = 6.5). The result shows, at
this region Fuzzy logic controller can perform well. The same performance has been
recorded at neutralizatoregion (pH = 7). It shows medium overshoot and reduced

decay ratio. The time response for Fuzzy Logic controller is 150 seconds. The control

action in Figure 6.6 above is populated at range 2 to 5 millivolt for steady state.

6.2.3 Setpoint tracking: Hybrid Fu zzy Logic controller

In Figure 6.7, Hybrid Fuzzy Logic controller successfully in tracking the set point at

several changes. The set point step is used at timagdhAZ(}h, and 708] seconds.

From pH profile, there are no overshoots in base and teatian regions. The

response time is 90 seconds for step change from 7.2 to 8, while there is a large

. h . .
response time at second step change. A{ 42€ronds, a little overshoot is observed

and time response is 90 seconds.
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Figure6.7: Set point tracking by using Hybrid Fuzzy Logic controller

98



6.2.4 Disturbance rejection: PID controller

In Figure 6.8, the disturbance occurs at time 1480 seconds following increment in step
change for acid flow rate. Thacrementis from 5.7 to 8.3 litre/min. This disturbance
produces a change in processiable (pH). At this time pH value drops by 0.1. The
PID controller gives the corrective action to compensate for the disturbance by

increasing the flowate of base from 2.8 #6 litre/min.
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Figure6.8: Disturbance rejection by using PID controller
The corrective action is carried out but it fail to bring the pH at 7 until the acid flow rate

returned at initial condition (5.7tfe/min).
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6.2.5 Disturbance rejection: Fuzzy Logic controller

In Figure 6.9, the disturbance has occurred at several time span. First, the disturbance at

time 156h, 24dh,306h, 36C}h, and 5481 seconds. The disturbance changes are in range

of 1.5 to 6 litremin. The process variable is maintained by Fuzzy Logic controller,

which gives immediate corrective action. There is no change in the pH profile after

disturbance is introduced.

7.2
7.1

T T T

]

M MAM.

T T T

b

T 7

B9

Ww-awr PRy ww

6.8
100

250

SDD

1
350

4DD

600

150

QDD

u, volt
[} b
——

450 SDD 550
8 T T T T T
| W HN‘,_A/
1 1 1 I | 1
450 GDD

600

Fh, Litnin

Fa, L/min

500

350 550

Time (s)

Figure6.9: Disturbanceejection by using Fuzzy Logic controller
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In Figure 6.9, Fuzzy Logic generates more frequent control action to reject the
disturbance. It gives the flow rate not stable and keeps changing from time to time. The
control action produce flowates in range of.5 to 5.8 litre/min whilghe flow rate of

base at 0.5 to 3.8 litre/min.
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6.2.6 Disturbance rejection: Hybrid Fuzzy Logic controller

Figure 6.10 shows, disturbance occurred once at tirrtlré sdrond. The large step

change disturbance from 5.7 to 11 litre/nénobserved. The procesariable show

decreasescillationwhich lead the system to steady state.
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Figure6.10: Disturbance rejection by using Hybrid Fuzzy Logic controller

In Figure 6.10, the flow rate dfase is in range 4.7 litre/min. The large response time is

detected for Hybrid Fuzzy Logic controller to reject the disturbance affect.
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6.2.7 Setpoint tracking comparison

The controllability for set point tracking of controller is tested in péutralization

range 6.5 to 7. This range is identified as the most challenging in pH neutralization
process. As shown in Figure 6.11, all controllers succeed to reach desired set point. PID
controller has largest overshoot and fastest time response @htpasthers controller

followed by Fuzzy Logic and Hybrid Fuzzy Logic controller.

Online Set Point Tracking Comparison of pH Neutralization Control System
T I

78+ \ -
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¥ Hybrid Intelligent Contraller
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Figure6.11: Set point tracking result of déme pH neutralization

Integral SquareError (ISE) is used to find the goodresf the controllers above. The
lower the ISE number shows that controller is better compared to other controllers.
Table 6.1 shows that Hybrid Fuzzy Logic Controller has lowest ISE number which
mean it this controller produces less error at achievingahpoint 7.

Table6.1: ISE comparison for set point analysis among the controllers

Controller ISE
PID Controller 195.365
Fuzzy Logic Controller 157.652

Hybrid Fuzzy Logic Controller 35.032
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6.3 Controller performances on Robustness issues

In Figure 6.12 below, the procegariable drops drastically after adding 1M HCI into

the reacting tank at time lﬁ&econds. The pH value drops from steady state (pH = 7)

to pH 6.3. The Hybrid Fuzzy Logicontroller isable to give thecorrectiveaction to

compensate for the sudden change in the reactor.

Figure6.12: Robustness study by using Hybrid Fuzzy Logic controller
(Altered effect in mixing reactor by adding 5mCH 1M)

In Figure 6.12, shows thecrements otontrol actiondue toa sudderdrop of reactor
concentrationlt goes back to 5 millivolkvhich aprevioussteady stateontrol action In
Figure 6.13, the problem happens when the controlled stream betagged. At the
first attempt, the clog start at 10% and the Hybrid Fuzzy Logic controller give
maximum control action to contrehlve but it fails to bring up the procegariable. It

is because the amount of NaOH entering the mixing reactor is not hertoug
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