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ABSTRACT

This project is about the comparative study between model efficiency between support
vector machine (SVM) and parallel OBF-NN model. To demonstrate the concept, basic
support vector regression (SVR) model is developed as nonlinear model identification. Best
parameter and option for SVR model is selected in order to construct optimum model
performance. The study is developed using selected case study, which is using van de vusse
reactor datasets. The data consist of input and output than applicable to perform simulation
as training and validation data. Lastly, an OBF-SVR model is developed that use OBF
model as linear part and SVR model as nonlinear part align in parallel. The performance of
each developed model is tested in their performance in validation to approach real system
value. The developed OBF-SVR model is compared with OBF-NN model and the

deviation between each model is investigated.
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CHAPTER 1

INTRODUCTION

1.0 BACKGROUND OF STUDY

The world technology has been developed so fast as a result of well knowledge
application and implementation in complexity. In chemical engineering, the some chemical
process has reaches it advance capability that make a process unpredictable, unstable, and
promote lots of uncertainty in measurement parameters. This kind of process is specifically
called non-linear system.

Non-linear system is a system that produces output indirectly proportional to the input
in a process mechanism. In mathematics, non-linear system is an equation that has high
polynomial and not easy to be solve. There are various applications of non-linear system in
industry such as distillation column, catalyst operation, and pH meter [1] that need best
control mechanism to ensure the system can perform their designed purposes. System
identification studies has found some excellent mathematical method on modeling and
approximating capabilities including neural networks that frequently used to control
unsteady parameters and stabilizing equilibrium point for chaos dynamic system [2].
Besides, Vapnik and coworker have introduces support vector machines (SVMs) as a
statistical learning theory. SVM has reported in some paper as an excellent model to
search for classification and regression on large complex data sets. These two model neural
network and support vector machine was believed to have certain benefit for modeling

non-linear system and advance process control.



1.1PROBLEM STATEMENT

Predictive model are valuable tool for system designers. It’s allowing them to capture
and reuse knowledge data that related to their system by training and modeling. Support vector
machine have recently become famous as a method for data training and learning in science and
engineering. There are many research have been done to study the application of SVM such as
in text categorization, computer vision, and bioinformatics [3]. In fact, SVM is preferred in
engineering application because its classification can be done very well [3].

SVM can provide better sample generalization and deliver unique solution compare to
neural network since the optimality problem is more convex [4]. Besides, SVM can solve small-
sized classification problems and produce high prediction ability. In contrast, investigating
residual-based sequential identification of parallel linear and non-linear model approach has
carried out previous research on parallel OBF-NN. Throughout the study, Orthonormal Basis
Filters (OBF) neural network was selected to represent the linear subsystem.

It was stated that OBF model are widely being used in linear system identification [1].
OBF model are describes to have some great features as their parameters can be easily
estimated using linear least square method. Furthermore, they are consistent in parameters that
useful for most open loop identifications problems and estimation of time delays can be easily
performed. In this paper, some advantages in common for SVM and parallel OBF NN is
compared to investigate which model have more efficiency for identification. The case study of
this project will be related to designing a CSTR reactor by using SVM and OBF-NN model in
prediction of input and output for dynamic process of a reactor.



1.20BJECTIVE OF STUDY

Support vector machines and neural network both have significant benefit and specialties.
This study is aimed to critically compare the modeling efficiency between support vector
machines (SVMs) model and parallel OBF-NN model. The scope of study about this
carry out by using Van de Vusse CSTR case study

In order to observe the difference, each model will be developed for both linear and
nonlinear part. The development of OBF NN model has been done and the data and
analysis of the model has been published, so that, this paper will focus more on the
development of OBF-SVM model.

Besides, this study also aimed to figure out the best support vector machine’s variant that can
be comparable with neural network model. Instead to find understanding about the variant, it

is also good to learn how to develop the simulation using specific tools in MATLAB

Lastly, the objective of this study also aimed to compare SVM model and OBF-NN model in

their estimation and extrapolation capability.



CHAPTER 2

2.0. LITERATURE REVIEW

The world technology has been developed rapidly resulting a process to reaches it
advance capability that make them unpredictable, unstable, and promote lots of uncertainty in
measurement parameters. This kind of process is called non-linear system. Nonlinear system is
a system that produces output indirectly proportional to the input in a process mechanism. In
mathematics, non-linear system is an equation that has high polynomial and not easy to be solve.
There are various applications of non-linear system in industry such as distillation column,
catalyst operation, and pH meter [1] that need best control mechanism to ensure the system can
perform their designed purposes. Best approach to develop a model is by defining them into two:
fundamental white box model and black box model. The hybrid model are combination of these
two model called grey box [1,4]. Support Vector Machines (SVM) is one of the black box model
used in nonlinear system identification. Vapnik and co-worker have introduces SVM as a
statistical learning method that has reported in some paper as an excellent model to search for
classification and regression on large complex data sets.

In order to enhance data analysis, supervised learning machines was introduced. As a
branch of artificial intelligence, learning machines work on data training and learn from it to
classify data. In real system, learning machine will improve its performance from experiences
and it might be able to discover the relationship between inputs attributes and a target attribute.
The relationship is referred as a model in a structure and it is usually describe the phenomena lies

in dataset that useful for predicting of targeting value attributes and input attributes [6].

2.0.1 Support vector machines (SVMs)

One of the best-supervised learning methods is Support Vector Machines
(SVMs) [7]. SVM is widely well known on its ability for classification and regression. SVM
Is a classification technique based on statistical learning theory [8]. That was applied with great
successful in many challenging linear and non-linear classification problems and on large

data sets [5]. SVM and its variants also being specified as kernel based model. It has been



studied intensively and applied to various pattern classification and function approximation
problems. Pattern classification is to classify some object into one of the given categories

called classes.

For a specific pattern classification problem, a classifier, which is computer
software, is developed so that objects are classified correctly with reasonably good accuracy.
Inputs to the classifier are called features, because they are determined so that they represent
each class well or so that data belonging to different classes are well separated in the input
space. In general there are two approaches to develop classifiers: a parametric approach [8] in
which a prior knowledge of data distributions is assumed, and a nonparametric approach, in
which no a priori knowledge is assumed. Neural networks [9-11], fuzzy systems[11], and
support vector machines [5, 6, 12-15] are typical nonparametric classifiers. Through training
using input and output pairs, classifiers acquire decision functions that classify an input into one

of the given classes [16].

2.2 Areas of application

Due to development of SVM, it was being used in many areas for variety of application
including handwritten digit recognition, object recognition, speech recognition, predictions [29]

text categorization, color based classification, bioinformatics [8] and etc. [5].

2.3 SVM variants

SVM has been widely used since the need for model identification in technology has
increase. Basic SVM also being developed to increase their performance in satisfying the

function of model usage. These are some examples of SVM variants [17]:

Least square support vector machines

Linear programming support vector machines
Sparse support vector machines

Performance comparison of different classifiers
Robust support vector machines

Bayesian support vector machines

N o a b~ wDdoE

Incremental training



2.4 Kernel based method

It is an approach for a problem by mapping the data into a high dimensional feature space.
Each coordinate is corresponding to one features of the data items that transform the data into a
set of point in Euclidean space where various of method can be implemented to discover the

relationship between the data [8].

2.5 Advantages and disadvantages of SVM

SVM can provide better sample generalization and deliver unique solution compare to
neural network since the optimality problem is more convex [4]. Besides, SVM can solve small-
sized classification problems and produce high prediction ability [17]. SVM also has benefit
as it produce sparse solution which is the solution is expressed by small portion of training
data [4]. In contrast, SVM also produce some weaknesses, It is sensitive to noise; a
relatively small number of mislabeled examples can dramatically decrease the performance
[16]. Even though they vyield very accurate solutions, they are not preferred in online
applications where classification has to be done in great speed. This is due to the fact that a large
set of basic functions is usually needed to form the SVM classifier, making it complex and

expensive [3].

2.6 Parallel OBF-NN models

Non-linear system identification has been widely developed in all field of technology
include control, instrumentation, power systems, communication systems, signal processing,
neuroscience, and in satellite communications, etc.[11]. The scope of the development has
focused on non-linear built with static nonlinearity and linear dynamics. The most common

non- linear model that has control-based strategies is neural networks (NN) model.

Research has discovered that NN have high efficiency in data learning from complex
process with nonlinearity significant [1]. The most famous type of NN implemented in process
control are recurrent neural networks (RNN) and feed forward neural network or Multi-Layer
Perceptron (MLP)[18]. Instead of having great efficiency, NN also have some weakness as they
have poor extrapolation capability in regions outside training. To solve this problem, two
solution was suggested which is using dynamic nonlinear model and utilize wiener model

structure with NN as the static nonlinear subsystem [1]. Weiner model has been commonly used



in industrial nonlinear system and it consists of dynamic linear part together with static non-

linear part.

One of the common classes for subsystem is Orthonormal Basis filters (OBF) model
that have some advantages which is more parametric and require efficient optimization method
[19] and involve complex structure including the usage of two types of input designs [20]. OBF
models have recently found widespread applications in linear system identification [1]. OBF
models have several characteristics that make them very promising for control relevant system
identification. Their parameters can be easily estimated using linear least square method. They
are consistent in their parameters for most practical open-loop identification problems and time
delays can be easily estimated and incorporated into the model. To model the nonlinear
subsystem, MLP NN is chosen due to its simpler structure and fewer parameters in

comparison to RNN.
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Figure 1 OBF-NN model configuration

2.7 Nonlinear Autoregressive Model process with exogenous input (NARX)

One of black box model called Nonlinear Autoregressive model process with exogenous

input (NARX) has been proved to show promising qualities from dynamic system applications. It



has been implemented in wide area of chaotic time series as input for neural network, in relation

with number of neurons, and training algorithm that verified it performance [11].

NARX is said to have exogenous input that cause the model to relate current value to
past value of the same series and both current and past value of the driving series. Besides, time
series prediction is to predict one or more parameter and variable in future point in time. This
is a special case of function estimation that capable to figure out underlying functional

relationship between previous and next figure up value.
2.8 Support Vector Classification

Support vector machines are famous in classification implementation to solve problems. It
has been found to be effective with their decision-making and remarkable robust performance in
dealing with noisy data [29][30]. SVC operates by separating dataset of binary label for training
with a hyper-plane and uses it to identify information of the datasets. Wise selection of kernel
type will determine the performance of SVC in solving problems, example kernel: polynomial,

Gaussian radial basis, hyperbolic tangent, and etc. [8].

The application of SVC has been widely been used in sensors, text and face detection,

bioinformatics, and more.

Figure 2: The separating hyper plane



2.9 Least square support vector machine (LS-SVM)

Least square support vector machine (LS-SVM) is one of SVM variant that has wider
range of implementation in solving nonlinear system. LS-SVM is the advance version of standard
SVM that deal with classification and regression as discussed previously [25]. It is discussed to
be effective in solving both linear and nonlinear equation. A study done by Jiepin state that LS-
SVM is more effective as compared to basic SVM model in term of generalization [33].

functional
interface

&a;a) —————— tunelssvm | trainlssvm simlssvm

object oriented
interface

plotlssvm

Figure 3: Configuration of LS-SVM model

2.10 Support Vector Regression SVR

SVM also can be performed in regression instead of classification. It was found that SVR
has the capability to minimize the generalization error bound in order to achieve generalized
performance and also perform minimization in observed training error [28]. The pure SVR model
used for estimation and validation of a non-linear system in problems involving regression tend to
map input data to high dimension space to compute optimal regression function in the. For train
and test model, 25% data will used to perform validation randomly. Support vector regression was
found to operate by searching hyper-parameter C, gamma, and epsilon to correspond to final

model and selected kernel function [29].

There are difficult to determine the fixed optimal value for those parameters but the
recommendation said it can be obtained directly from training data and estimated noise level [29].
In order to improve SVR model in prediction, it is a good practice to use multi-attribute analysis
by group. Support vector regression (SVR) has its role at discovering nonlinear structure that
present unseen in sample data and the assumption is taken for error distribution using regression
[28]. SVR has become tools in many fields such as in financials and time series prediction,

approximation in engineering analyses, convex quadratic programming and etc. [28].



CHAPTER 3

METHODOLOGY

3.0 Procedures

This chapter will explain the methodology that is used to achieve the objective of the research.
The aim of the research is to configure out which model will produce better efficiency toward
input and output design of CSTR reactor by classification. Data analyze by both model is
compared and further study on the comparison trend and factor will be carried out. The

methodology can be represented in following chart:

Literature review and collecting
information

Data collection and Learn Data
Handling

Develop proposed model

Compare and analyze result
from model simulation

10



3.0.1 Literatures Review & Collecting Information

At this point, the supervisor and student have reach agreement on the evaluation work plan,
establishing a clear and mutual understanding of how the project is to be carried out and what is
to be achieved. Information obtained from journal, textbook and research paper. The
information collected is then analyzed and distilled into credible, reliable and useful results for

presentation.

3.0.2 Data collection and Learn Data Handling

Previous research has been done to study effectiveness of OBF-NN compare to basic neural
network model. Same data input will be used in this project to measure which model would be
the best in effectiveness. But, the data need to be learned to avoid any misunderstanding and

uncertainties associated with the data.

3.0.3 develop SVM model
Modeling technique needs to be selected to ensure accuracy to the experimental data. The
variety of parameters can give effect to the behavior of the developed system.
1. Propose a case study
2. Gather information and dataset
3. Develop pure linear support vector regression (SVR) model
4. Select best option of SVR model
5. Develop parallel OBF-SVR model
6

Run simulation for developed model

3.0.4 Compare and analyze result from simulation.

The capability of SVR model is compared with published data of OBF-NN model; this will
review problem statements, objectives, and make judgments based on results. All figures and
result for analysis is taken and lists properly to thoroughly observe the differences. Besides,
some listed factors of measurement is critically analyze for best explanations regarding the

result. The result will be discussed for discussion and recommendation.

11



3.0.5 Proposed Recommendation

Outcome of this project, we will know which predictive model have more efficiency properties
and advantages for designing selected process. We will propose a set of recommendation in
the end of this project based on result achieved in this investigation. This recommendations
and mitigations are very essential to the future development of the process design and process

control in engineering development.

3.1 Model Structure and development

3.1.1 Parallel OBF SVR model

Parallel OBF SVR model is a black box model that use combination of linear-plus-SVR
models. It uses residual from a linear model to be applied in SVR model to improve
nonlinearity in nonlinear system. The benefit of having parallel combination is to improve
nonlinear model that perform worse that linear model and produce overall nonlinear model
that has better or as good as linear model. The model involves the usage of residual that

inherit the characteristics of the original system. [1]

3.1.2 Parallel OBF SVR model

Model structure:

Consider a general nonlinear output error (NOE) model structure expressed as:

y(k) = fu(k —1),...,.u(k —m),...,9(k —m)) + e(k) (D

Where e (k) refers to the system white noise. A general linear model structure, on the other

hand, may be represented as:

y(k) = G(q)u(k) + e(k) (2)

Without generality (1) and (2) can be combined to get:

v(k) =G(qulk) + f(u(k — 1), ...,u(k —m), .., y(k —1),..,5(k —m) + e(k) (3)

Where y, refers to the predicted residuals of the linear model, Y, = Vineasures - Viinear -

12



Equation 3 represents a parallel structure in which a linear model is combined with linear
model presented by f (). For this study, orthonormal basis filters (OBF) is selected as linear
model. It has some characteristics which is their parameters can be easily estimated using linear
least square method. They are consistent in parameters for in many open-loop identification

application and time delays can be estimated easily. The OBF model is expressed as

N

y() = ) ol @ | =ul0 +el) @

j=1

Where N is the number of orthonormal basis filters, c;are the optimal OBF model parameters,
L;(q) are the orthonormal basis filters, ¢ is the forward shift operator, u(k) is the input to the

system, and e(k) is the system white noise.

For nonlinear model, support vector regression is used expressed as:

I
f0) =) (@ = k(@) +b  (5)
i=1

Where C is positive constant known as regularization parameter. There are dual variables are
subject to constraints 0 < a;, a; < C, and kernel function K (x,x"). The sample points that

appear with non-zero coefficient in equation 5 are called support vectors (SVs).

— Nonlinear

SN
System }/

. OBF N l

Figure 4: OBF-SVR model configuration
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3.1.3 Parameter estimation

The model is developed using based on residual generated from data training, it is an
interesting perspective as there are cases where residuals are not due to randomness and
probably contained real character of the system. In that case, high correlation in residuals is
observed in order to indicate the failure of the model to capture full characteristic and behavior
of investigated system. The sequential identification structure proposed for the residuals-based
parallel OBF-NN models is illustrated in Figure 2. The linear OBF model is identified first, and
the nonlinear SVR model is then developed using training data with the predicted residuals.
The pseudo-independent nature of this parallel structure allows both the models to capture the

essential characteristics of the underlying process separately and hence more accurately.

Given a set of nonlinear data to be identified [u(k), ym (k)], the algorithm can be described as

follows:

1. Develop a parsimonious OBF model using methods described by to get y;.
2. Calculate the predicted residuals using 9, = y,,, — ¥4
3. Develop the SVR model using standard BP algorithm with x(k) = [(u(k -1).. u(k —

m),9,(k — 1)) ... 9.(k—m)]asinputsand (k) as outputs of the model.

The usage of residuals provides another interesting perspective. In [2], it is stated that there are
cases where residuals are not due to randomness and may actually inherit the characteristics of
the original system. Under such circumstances, a high correlation in the residuals is usually
observable, indicating the failure of the model to capture the full characteristics of the

underlying system.

14



3.2 GANTT CHART

Detail /week 1 ‘2 3 ‘4 5 6
Development of support vector X | X | X | x |Xx

machine model

10

11

Development of parallel OBF-SVR X

Comparative study of OBF-NN &
OBF-SVR

Extrapolation study

No ‘ Activity

1 Perform SVM model study

2 Develop SVM model

3 Test model using dataset

4 Compare with published data

5 Compare performance between SVM
and NN model

15




CHAPTER 4

4.1 The case study

The estimation and identification function of the proposed SVR model are compared with
basic SVR model and parallel OBF NN model using nonlinear van de Vusse reactor
datasets that consist of input and output data which is widely being implemented in
identification and control strategies. The basic SVR model is identified using 75% data for
training and 25% data for validation as was normally done by pure linear OBF and
parallel OBF NN model. The quality of SVM identification depends on proper tuning of
model parameters, in this case, kernel selection with their complexity parameter and
regularization parameter, which is C and & The basic structure of SVR model is
configured with OBF model in parallel and the developed model is in term of performance
is compared with developed OBF-NN model. In the van de Vusse reactor, reactant A is to
be converted to desired product B, but the product B turn out to product C as a by
product. in accordance to the reaction, a high-order parallel reaction occurs that convert

reactant A to by-product D.

k1 k2
A-B-C

k3
2A-D

The description of mathematical model of the reactor using ordinary differential equation

(ODE) is as follow:

dditA - q?:(CAo = Ca) — k1 — ko Cf
dd% = qv:CB —kiCy — k,Cp
% _ mclcpc Qe — A U(T, —T.))

16



The net heat reaction (AH,) for above reaction is expressed as:

AHr = Ahlkch + Ah’ZkZCB + Ahgkng

ki(T,) = ko jexp (R_T:)' forj =123

Where k, ; represents the pre-exponential factors and Ej are activation energies. Fixed

parameters of the system are taken from literature.

4.2 ldentification

This section explains the input and output data for the identification of selected case study

l_
I,
l_
I,
l_
I,

01 1 L
000 2000

',

1 1 1 il
5000 5000 7000 000

F

E

Figure 5: input & output data for training and validation

The simulated data is generated by training 6752 data and 2250 data for testing. The nonlinear

system identification is carried out for the SISO system by considering the dynamic characteristics
from the changes in the space velocity, Fv = qr /Vr (h_1 ), and the product outlet concentration,

CB (kmol/m3). In development of parallel SVR model, the residual from train and test data also

being included to improve the identification.
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4.3 Results and discussion

This section explains the development of parallel OBF-SVR models and their behavior on
dealing with datasets. Both linear and nonlinear part of the model is constructed and the
performance for each development is executed using selected data as simulation.

4.3.1 basic support vector regression development

Basic SVR or pure SVR model is the first step before it comes to be compared. There are some
consideration need to be done in-term of SVR type and the selection of kernel. Perfect selection

of these options would give best parameter for better model performance.

Table 1: Validation performance for basic SVR options

SVM type Kernel MSE NRMS

Epsilon-SVR RBF 0.0060 0.6087
Epsilon-SVR Sigmoid 0.0061 0.6518
Epsilon-SVR Polynomial 0.0078 0.7394
Epsilon-SVR Linear 0.0059 0.6446
Nu-SVR RBF 0.0072 0.7107

As mentioned in literature review, improvement in SVR model can be done by model selection.
The selection basically done by the experts in two ways: configuring parameter and kernel
selection. Figure shows model estimation that compare prediction output value with real output
value. To determine best parameter, the accuracy of the model is calculated and compared.
From the result, Epsilon-SVR type SVM using RBF kernel is selected as it shows lowest MSE
and NRMS value. Same SVR model using linear kernel also shows promising result but it

requires longer time for train and test that give some drawback in-term of time efficiency.
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Figure 6: Epsilon-SVR model using RBF kernel

4.3.2 Parallel OBF-SVR development

In order to develop proposed OBF-SVR model, the linear OBF model is developed first.
The residual that comes from the linear OBF model is then being used by nonlinear SVR
model to be trained with the predicted residual. The performance of OBF model is show
below:

|
500 000 1500 2000 2500

Figure 7: model validation for linear OBF model
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Figure 8: model validation for parallel OBF-SVR model

The performance of linear OBF model has been improved when the linear part of the
model been replaced with SVR model. Linear OBF model shows 79% in plot fit whereas
OBF-SVR model shows 81% in plot fit between true values and model-estimated value.
Besides, RMSE value for OBF-SVR validation is 0.1873 whereas linear OBF model is 0.2043,
which indicate OBF-SVR model more promising than pure linear OBF model. The pseudo-
independent natures present of the parallel OBF-SVR structure enable both models to figure

out main characteristics of the process separately that can improve accuracy.

4.3.3 comparison between OBF-SVR with OBF-NN model

Developed parallel OBF-SVR model is then been compared with parallel OBF-NN model

taken from published data. The performance comparisons are done on the validation capability.

Figure 8: model validation for OBF-SVR & OBF-NN model taken from published data
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The validation of OBF-NN model shows 98% of plot fit which is far better than parallel OBF-
SVR model which is 81% in plot fit (refer figure 9). In difference with OBF-SVR, OBF-NN are
capable to predict accurately. The result indicates that the performance of OBF-SVR in

identification of a system is not as good as OBF-NN model.

CHAPTER 5

5.0 CONCLUSION

According to the study, parallel OBF-SVR model has been developed as an advance derivative
of support vector machine model. It has been tested for system identification for both linear and
nonlinear identification system and compared with published data of OBF-NN model. Based on
the result, it indicate that parallel OBF-NN model has better performance than OBF-SVR in
system identification as it have better prediction capability as well as generalization
performance. It is also can be stated that OBF-NN model show promising performance and has

great potential in model predictive control.

5.1 RECOMMENDATION

Result is reliable as all procedure in model development is done accordingly. In order to
improve the performance of OBF-SVR model, other option that influence model performance
need to be improved. The selection of kernel must be correctly based on the problem of study.
The SVR type also needs to be revised in their selection instead of kernel. Performing SVR
structure in-group attribute or multi-attribute analysis instead of single analysis also can do the
improvement. Another option for SVR development is by developing least square support

vector regression.
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Appendix
1.0 Option selection for basic SVR

-S (SVM type): 3 (epsilon-SVR) -t (kernel): 2- RBF
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-S (SVM type): 3 (epsilon-SVR)

-t (kernel): 1-polynomial
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-S (SVM type): 4 (nu-SVR) -t (kernel): 2-RBF

Nu-SVR takes long time to be executed

1.5
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2.0 residual trains for input and output data

v1 residula
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