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Abstract

Finding the global optimum of an unknown system has attracted a great deal of in-
terest in many engineering problems. In this setting, meta-heuristics are very com-
mon and efficient approaches for solving complex real-world problems in Global
Continuous Optimization Problems (GCOPs) as they can approximate solutions
without any need for mathematical assumptions such as differentiability. The appli-
cation of global continuous optimization methods is essential in many engineering
applications where an optimization problem has certain properties such as unreli-
able derivatives and/or black-box nature. Meta-heuristic based optimizations, as one
of the promising approaches in global continuous optimization, have a slow rate
of convergence. Hybridization frameworks are investigated as a potential way of
enhancing the optimization speed, and the quality of solutions.

Fuzzy linear regression analysis is a powerful tool to model the input-output re-
lationship for forcasting purposes or studying the behavior of the data. The existing
challenges in fuzzy linear regression are, dealing with non-transparent fitness mea-
sures, outlier detection and spread increasing problem. The application of global
continuous optimization is investigated to tackle these issues. We propose an Un-
constrained Global Continuous Optimization (UGCO) method based on tabu search
and harmony search to support the design of Fuzzy Linear Regression models (FLR).
The proposed approach offers the flexibility of using any kind of an objective func-
tion based on the client’s requirements or requests and the nature of the data set,
and then attains its minimum error.

Fuzzy linear analysis may lead to an incorrect interpretation of data in case of
being incapable of dealing with outliers. Both basic probabilistic and least squares
approaches are sensitive to outliers. In order to detect outliers, we propose a two
stage least squares approach based on global continuous optimization which outper-

forms some issues that exist in other methods. In both the first and second phases,

Vi
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the minimization of the model fitting measurement is achieved by hybrid optimiza-
tion which gives us the flexibility of using any type of model fitting measures re-
gardless of being continuous, differentiable, or transparent.

Some of the fuzzy linear regression models suffer from constantly increasing
spreads of the outputs with the increase in the magnitude of the inputs. Such mod-
els are known to have the so-called spread increasing problem. We introduce a
model, obtained by the application of hybrid optimization, which is capable of hav-
ing variable spreads for different input variables regardless of their magnitute. The
proposed approach is also compared and contrasted with other models in terms of

the number of parameters, the flexibility of spreads, and errors.



Acknowledgements
List of Publications
Abstract

List of Figures

List of Tables

1 Introduction

1.1 Overview . . . . . . . . i e
1.2 Contributions . . . . . . . . . ... ... ... ..

1.3 Organization . . . .. ... ... ..........

2 Global continuous optimization

2.1 Global continuous optimization . . ... ... ..

2.2 When to use global continuous optimization

2.3 Global continuous optimization approaches

2.3.1 Meta-heuristics based approaches . . . . .
2.3.1.1 Genetic Algorithms . ... ...
2.3.1.2 Tabusearch . ...........
2.3.1.3 Harmonysearch . ........
2.3.1.4 Simulated annealing . . . .. ..

2.3.2 Direct search strategies . . . . .. ... ..
2.3.2.1 Nelder-Mead . ..........
2.3.2.2 Patternsearch. . ... ... ...

2.3.3 Surrogatemodels . . ... ... ... ...

viil

Contents

iv

vi
xi

xiii



CONTENTS X

2.4 Hybridization methods in meta-heuristics based approaches . . . . . 23
2.4.1 Hybridization frameworks in meta-heuristics . . . . . ... .. 25
2.5 Application of global optimization for fuzzy regression . .. ... .. 28
2.6 SUMMATY . . . . v vttt e e e e e e e 31
3 Fuzzy linear regression 33
3.1 Fuzzylogic . .. ... . ... ... 33
3.1.1 Fuzzy sets and fuzzy numbers . . . . . .. ... ... ... 34
3.1.2 Fuzzy arithmetics . . . . ... ... ... ... ... L. 36
3.1.3 Fuzzy similarity measures . . . ... ... ... ......... 37
3.2 Fuzzyregression . . . . . . . ... ... ... e 39
3.2.1 Linear programming approaches . .. ... ... ... ..... 41
3.2.2 Leastsquare approaches . . . . ... ... ............ 44
3.2.3 Comparison between least square and linear programming ap-
proaches . . . . .. ... ... 46
3.3 Challenges in fuzzy linear regression . . . . .. ... .......... 47
3.3.1 Fitnessmeasure . . . .. ... ... ... ... ... 47
3.3.2 Outlier detection . . . ... ... ................. 48
3.3.3 The spread increasing problem . . .. ... ... ... ..... 49
34 Summary . . . ... 49

4 Approaching fuzzy linear regression by global continuous optimization 50

4.1 Tabu-Harmony search optimization . . . . .. ... ... ... ..... 51
41.1 TheUGCOmethod . ... ... .................. 52
4.1.1.1 First Phase: TabuSearch . . . . .. ... ... ... .. 52
4.1.1.2 Second Phase: Improved harmony Search . . . . . .. 55

4.2 Modeling fuzzy linear regression analysis as a global continuous op-
timization problem . . . ... ... o oL 59
4.3 Method’s configurations . . . ... ... ... ... 62
4.4 Summary . . . ... 66

5 Performance evaluation of the proposed fuzzy linear regression analysis

method 67
5.1 Numeric input-symmetric fuzzy outputresults . . ... ... ... .. 67
5.2 Symmetric fuzzy input-fuzzy outputresults . . . . . .. ... ... .. 81
5.3 Numeric input-asymmetric fuzzy outputresults. . . . . .. ... ... 85

54 Summary . . . ... 85



CONTENTS

X
6 Approaching outlier detection and spread increasing problem by global
continuous optimization 87
6.1 Outlierdetection . . ... .. ... ... ... ... ... .. 88
6.1.1 Outlier detection approaches . . . ... ... ... ... .... 89
6.1.2  Outlier detection with global continuous optimization . . . . . 91
6.1.3 Results . . ... ... ... .. 93
6.1.3.1 small dataset with outliers happening in the spreads 94
6.1.3.2 large dataset with outliers happening in both centers
andspreads . . ... ... ... .. ... ... .. ... 95
6.2 Spreadincreasing problem . . . .. ... ... oo o000 100
6.2.1 Anti-spread increasing approaches . . . . . .. ... ... ... 100
6.2.2 Drawbacks of the existing methods . . . . . ... ... ..... 104
6.2.3 Anti-spread increasing approach based on global continuous
optimization . . . . . . .. ... L o 105
6.2.4 Experimentalresults . ... ... ... ... . ... ... 107
6.3 Summary . . . . ... e 108

7 Real-world applications of global continuous optimization and fuzzy lin-

ear regression analysis 109

7.1 Real-world application: The design of a pressure vessel . . . ... .. 109
7.2 Application of fuzzy regression to prediction of quality of service . . 113
7.2.1 Why fuzzy linear regression for quality of service prediction . 113

7.2.2 Trust prediction based on fuzzy regression. . . . .. ... ... 115

7.2.3 Experiments . . . . .. ... L oo 117

7.3 Summary ... 122

8 Conclusions and future work 123
8.1 Conclusions of eachchapter . . ... ... ... ............. 123
8.2 Futureresearchdirection . . . . . ... ... ... ............ 125

A Appendices 128
A.1 Optimization results for benchmark functions . . . . . ... ... ... 128
A.2 Mathematical formulation of the benchmark function . ... ... .. 140

A.3 Fuzzy outputs and the errors by Shakouri and Nadimi approach [1] . 142

Bibliography

144



2.1

2.2
2.3

2.4

3.1
3.2

3.3

4.1

4.2

5.1

5.2

5.3

5.4

List of Figures

Hybridization strategies for diversification and intensification (taken
from [2]) . . . 26
An example of the simple divers-intens drawback (taken from [2]) . . . 28
The computationally expensive example for iterative divers-intens hy-
bridization strategy (taken from [2]) . .. ... ... ... ... ... 29
An example for divers-semiintens-intens hybridization strategy (taken
from [2]) . . . 30

The fuzzy set of the comfortability of the temperature (derived from [3]) 34
An example of the non-intersected area of two fuzzy numbers which
is used in the numerator of the objective function given in equation
(6.3) (derived from [4]) . . . . . . .. 38
[lustration of Tanaka et al. model [5] (derived from [4]) . . . ... .. 42

Generaing neighbors and tabulating areas based on DF and SF (taken

from [6]) . . . . .. 54
Modelling of a FLR problem regarded as an UGCO problem (taken
from [6]) . . . . e 59

The sorted generated errors (4.9) for 1,000 separate runs for data set
given in Table 5.1 obtained by the proposed method (taken from [6]) . 69
The estimated fuzzy function for the data given in Table 5.1: a com-

parative analysis involves six other models available in the literature

(taken from [6]) . . . . . . .. 70
The convergence of the error for the best model over the data set in
Table 5.7 (taken from [6]) . . . . . . . . . . ... ... 77
The convergence of the error for the best model over the data set in
Table 5.11 (taken from [6]) . . . . . . . . . . ... ... ... ... 77

X1



List oF FiGUuRrEs xii

5.5 The estimated fuzzy function for the given data in Table 5.16 (taken
from [6]) . . . . 83

5.6 The estimated fuzzy function for the data set given in Table 5.19
(taken from [6]) . . . . . . . . 86

6.1 Comparison between Chen’s estimated model [7] and our approach
over Dataset 1 (takenfrom [8]) . . . . . . .. ... ... ... ...... 95
6.2 An example of a semi-linear fuzzy regression model (taken from [9]) . 106

7.1 The structure of the pressure design with its effective variables on
total cost (taken from [2]) . . . . . . . ... 112

7.2 The comparison of the trust of two web services before defuzzifica-
tion (taken from [10]) . . . . . . . . . . . ... 121

7.3 An example where a traditional method and an inexact method may
vary in the result (taken from [10]) . . . ... ... ... ... ..... 121



List of Tables

2.1 Timeline of innovation in global continuous optimization . . ... ..
4.1 Parameter settings for both phases of the proposed method . . . . ..

5.1 Tanakaetal. dataset[11]. ... ... ... ... .............
5.2 The experimental result for 1,000 runs for the data set given in Table
5.1 by the proposed method (taken from [6]) . . . . . . ... ... ...
5.3 Comparative analysis of fuzzy models in Table 5.1 (taken from [6]) . .
5.4 The average and generated error of the estimated models for the given
data set in Table 5.1 (taken from [6]) . . . .. ... ... ... .....
5.5 Continue from Table 5.4 . . . ... ... ... ... . ... ..
5.6 Continue from Table5.4 . . . ... ... ... ... . ... ..
5.7 Kim and Bishu’sdataset [12]. . ... .. ... ... ... ........
5.8 The experimental result for 1,000 runs for the data set given in Table
5.7 (taken from [6]) . . . . . . ...
5.9 Models available in the literature for the data set in Table 5.7 (taken
from [6]) . . . .
5.10 The average and generated error of the estimated models for the given
data set in Table 5.7 (taken from [6]) . . . ... ... ... ... ....
5.11 Tanaka et al. house price dataset[5] . ... ... ... .........
5.12 The experimental result for 1,000 runs for the data set given in Table
5.11 (taken from [6]) . . . . . . . . . ...
5.13 Hong and Hwang’sdataset [13] . . . .. ... .. ... ... ......
5.14 Estimated models and their errors for the data set given in Table 5.13
(taken from [6]) . . . . . . ..
5.15 The experimental result for 1,000 runs for the data set given in Table
5.13 by the proposed method (taken from [6]) . . . . . ... ... ...

xiii



List oF TABLES Xiv

5.16 Sakawa and Yano'sdataset [14] . . . . ... ... ... ... ...... 82
5.17 The experimental result for 1,000 runs for the data set given in Table
5.16 (taken from [6]) . . . . . . . . . ... 82
5.18 Estimated models and generated errors for several models and data
shown in Table 5.16 (taken from [6]) . . .. ... ... ... ...... 84
5.19 Artificial asymmetric numeric input-fuzzy output (taken from [6]) . . 85

5.20 The experimental result for 1,000 runs for the data set given in Table
5.19 by the proposed method (taken from [6]) . . . . .. .. ... ... 86

6.1 Constant, increasing and decreasing spreads datasets with existence

of outliers (taken from [8]) . . . . . . . ... ... ... 94
6.2 The estimated error (4.9) of the best obtained model for the outliers

in the large dataset (taken from [8]) . . . . . ... ... ... ... ... 97
6.3 Comparison between different methods for the Datasets 1 and 2 (taken

from [8]) . . . . 99
6.4 The summary of the studies to tackle SIP (taken from [9]) . . . . . .. 103
6.5 Sought SIP-free models for different datasets in the literature . . . . . 107
6.6 Comparison of the SIP-free errors with FLR model on different datasets

in the literature . . . . . .. ... oL 107

7.1 Comparison of the best solution for the pressure design vessel by dif-
ferent methods (taken from [2]) . . ... . ... ... ... ... ..., 111

7.2 Web-service dataset; attributes and descriptions (taken from [15]) . . 118

7.3 Accuracy of the classifiers after removing WSRF (taken from [10]) . . 120

A.1 Effect of STTL and LTTL sizes on the convergence, speed and robust-

ness of the proposed method (taken from [2]) . . ... ... ... ... 130
A.2 List of various GCOMs used for the comparison (taken from [2]) . . . 133
A.3 The value of control variables (taken from [2]) . . . . . ... ... ... 134

A.4 Comparison between the proposed method and other GCOM:s for low
dimensional benchmark functions (n < 4) with small or medium in-
put domains (|la; - b;| <20, i =1,---,n) (taken from [2]) . . . ... ... 135
A.5 (Cont.) Comparison between the proposed method and other GCOMs
for low dimensional benchmark functions (n < 4) with small or medium
input domains (|a; —b;| <20, i=1,---,n) (taken from [2]) . . . . . . .. 136



List oF TABLES XV

A.6

A7

A.8

A9

(Cont.) Comparison between the proposed method and other GCOMs
for low dimensional benchmark functions (n < 4)with large input do-
mains (la; —b;| > 20, i=1,---,n) (taken from [2]) . . . . ... ... ... 137
Comparison between the proposed method and other GCOMs for
high dimensional benchmark input domains (n > 4) (taken from [2]) . 138
(Cont.) Comparison between the proposed method and other GCOMs
for high dimensional benchmark input domains (n > 4) (taken from [2])139
The incorrect reported fuzzy output given by Shakouri and Nadimi
in [1] for data set given in Table 5.7 versus the actual fuzzy outputs
(taken from [6]) . . . . . . . . e 143



