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Evolutionary Wavelet Neural Networks in Data Classification and Dynamic

Control

by Maryam Mahsal KHAN

A wavelet neural network (WNN) is a combination of a neural network with
wavelet functions, and belongs to a special class of neural networks in the field of
machine learning. The interesting aspect of this type of network is that it has a single
hidden layer. The advantages of such an inherent property are two-fold: fast conver-
gence speeds and easy assessment of each neuron’s contribution towards prediction.

Despite the above advantages of WNNSs, the optimisation of their parameters and
the estimation of the number of hidden neurons have significant effects on their per-
formance. Not all WNN parameters are easily differentiable and are therefore usually
excluded from the training process. Currently, standard gradient-based algorithms
are used to optimise the different parameters of networks. Moreover, the initialisation
of hidden neurons plays a critical role in capturing the variability of data.

Evolutionary algorithms have been used as a gradient-free optimisation method
in many research problems where differentiability is unavailable or derivatives are
unreliable or impractical to obtain. Thus, evolutionary algorithms was the effective
choice for WNN parameter optimisation. Furthermore, in order to devise a bloat-free
evolutionary programming method, a Cartesian genetic programming (CGP) model

was used. Such models are based on the concept of using and evolving fixed resources
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such as nodes and their connections links. This phenomenon proves beneficial where
adaptability of hidden neurons is required, as its quantification varies from one system
to another.

The proposed evolutionary WNN (EWNN) was first applied to a standard two-
spiral task. This benchmark task provided a clear understanding of the operation and
response of EWNNSs, which highlights their potential for separating non-linear classes.

An EWNN was then applied to the classification of three publicly-available biomed-
ical datasets on breast cancer and Parkinson’s disease. The process of feature pruning
during the evolutionary process, and the effects of training all of the network param-
eters, were studied in detail.

To further improve the classification performance of EWNNSs, an ensemble EWNN
(EWNN-e) was proposed. In this method, a genetic algorithm was used to prune
trained EWNN classifiers for the three previously-investigated datasets. The EWNN-
e was found to be even more accurate than the independent EWNN classifier.

The performance of EWNN s in learning patterns of control behaviour in a bench-
mark control problem —the acrobot— was the final focus of this thesis. The perfor-
mance of any reinforcement learning algorithm is dependent on the space domain
it operates in, i.e. discrete or continuous, whereby a discrete action space is signifi-
cantly less challenging than a continuous one. In the context of EWNNSs, both discrete
and continuous action spaces were investigated. The performance of EWNNs were
compared with the state-of-the-art deep RL algorithm. The EWNNSs produced robust
acrobot controllers that were independent of the type of action space domain.

Keywords: Wavelet neural networks, Cartesian genetic programming, prediction

models, intelligent controllers.



Contents

Declaration of Authorship
Acknowledgements
Abstract

List of Figures

List of Tables

1 Introduction

1.1 Historyof Wavelets . . . ... ... ... .. ... .. .. ... .. ...
1.2 MajorChallenges . . . . ... ... .. ... ... .. .. ... .. ... ..
1.3 Research Objectives . . . . .. .. ... ... .. ... .. ... .. .....
1.4 Publications and Achievements . . . . . ... ... ... .. ........
1.5 Thesis Overview and Summary . . . . ... ... .. ...........

1.6 ChapterSummary. . . ... ... ... ... ... ... ... ...

Technical Background and Literature Review

2.1 Wavelet Neural Networks . . . .. ... ........ ... ........
21.1 Propertiesof WNNs . ... ........ ... .. .......
212 Learningin WNNs . . . . ... ... ... ... .. . L.
2.1.3 Initialisationofthe WNN . . . ... ... ... ..........
214 Applicationsof WNN . . ... ... .. ... .. ... .. ...

2.2 Neuroevolutionary Algorithms . . . . . ... ..... ... ........

221 Directrepresentations . . ... ... ... ... ... ... ...



2.2.2  Developmental Representation . . . . ... ............. 24

2.2.3 Indirect or Implicit Representation . . . . ... ... ... ... .. 25

2.3 Cartesian Genetic Programming . . . .. .. .. ... .. .. ... .... 25
24 ChapterSummary. . . . ... ... .. 27
Evolutionary Wavelet Neural Network 29
31 InsighttoWNNs ... ............................. 29
3.2 EWNN structure and evolutionary operators . . . . .. ... ....... 35
321 Algorithm Settings . . . ... ....... ... . ... ... ... 35
3.2.1.1 Common Genome Structure . . . ... ... ....... 35

3212 EvolutionStrategy . . . . ... .. ... ... .. ... 36

3.2.1.3 Initialisation of thenetwork . . ... ... ... ... .. 37

3214 Mutation . . ... ... oo 37

3.3 Proposed Algorithms . . . . ... ... ... L o o 39
3.3.1 Algorithm Al: One-dimensional WNN . . . .. ... .. ... .. 39
3.3.2 Algorithm A2: Multi-dimensional WNN . . . ... ... ... .. 41

3.3.3 Algorithm A3: Multi-dimensional WNN with Rotation . . . . . . 43

34

3.5

3.34 Algorithm A4: Self-evolving Multi-dimensional WNN with Ro-

tation . . . . . . e 45
3.3.5 Derived Algorithms . . . .. ... ... .. oL 46
Two-Spiral Task . . . . ... ... .. ... . L 51

3.4.1 Configuration 1: Constructing a WNN using (o, §) with a stan-
dard ¢ (Algorithm A2) . . . . ... .. ... ... .. L. 53
3.4.2 Configuration 2: Constructing a WNN using a radial ¢ (Algo-
rithm A2) . . . . 53
3.4.3 Configuration 3: Constructing a WNN using («, 5, R) with a
Standard v (Algorithm A3) . . ... ... ... ... . ... ... 55

Chapter Summary . . . . . ... ... .. L 56



4 Evolutionary One-dimensional Wavelet Neural Networks

4.1 Breast Cancer Detection . . ... ... ... ... ... ... ........
4.1.1 Database and features utilised . .. ... ... .. ... ......

412 RelatedWork . .. ... ... ...

413 Training and testingsets . . . . .. ... ... ... . ... ... ..
4131 Trainingon70%ofthedata. . . ... ... ........

4132 10-fold cross-validation . . . . . . ... ... .......

42 Experimentalsetup . .. ... ... ... ... .. L o oL
421 CGPANN parameters . . ... .... ... ... ..........

422 EWNNparameters . . . .. ... .. ... ... ... ...

423 NEAT parameters. . . . . ... ... ... ... ...........

43 Resultsand Discussion . . . . ... ... .. .. ..o Lo

44 ChapterSummary. . . . ... ... ... .. e

Evolutionary Multi-dimensional Wavelet Neural Networks

5.1 Breast Cancer Classification . . .. ... ... ... .. ..........
51.1 Training and TestingSets . . . . .. ... ... ...........
512 ExperimentalSetup. . . ... ... ... . ... . ... ...
513 Resultsand Discussion. . . . . ... ... .. ... ... .. ...

5.2 Sakar’s Parkinson’s Disease Dataset Classification . . . . . ... ... ..
52.1 Databaseand Features . . . . .. ... ... ... ... . ....
52.2 Training and TestingSets . . . . . ... ... ... .. .......
523 ExperimentalSetup. .. .. ... ... .. ... .. . L.
524 Resultsand Discussion . . . . ... ... ... ... ... . ...

5.3 Little’s Parkinson’s Disease Dataset Classification . ... ... ... ...
531 RelatedWork . .. ... ... ...
53.2 ExperimentalSetup. . ... ... .. ... . ... . . 0L
53.3 Resultsand Discussion. . . . . ... ... ... ... ... .. ...

54 ChapterSummary. . . . ... .. ... ..

xi



Xii

6 Evolutionary Wavelet Neural Network Ensembles

6.1 EnsemblePruning. ... ... ............ .. .. ... .. ..
6.2 ExperimentalSetup . . ... ... ... .. ... . .. o oL
6.2.1 Datasets . . ... .. ...
6.2.2 Parameter Settings . . . ... ... ... . ... . ... .. ...
6.3 Resultsand Discussion . . . ... ....... ... .. ... . ... ...
6.4 ChapterSummary. . . . .. ... .. ... ...
7 Evolutionary Wavelet Neural Networks in Control
71 Background . .. ... ... ..
7.1.1 Deep Reinforcement Learning . . . .. ... ... .........
7.1.2 NeuroevolutioninControl . .. ... ... ... ... .......
7.2 The Acrobot Control Problem . . . .. ... ... ... ...........
721 Related Work . ... .. ... .. ...
7.3 ExperimentalSetup . . ... .. ... ... ... . L
731 EWNN Configuration . ... .....................
7.32 DNN Configuration . . ... .....................
74 Results& Discussion . . . . ... ... ... oo
741 EWNN - Discrete actionspace . . ..................
742 EWNN - Continuous actionspace . . . ...............
743 DNN-TRPORLalgorithm . ... ..................
75 ChapterSummary. . . .. ... ... ... .. .. .
8 Conclusion
8.1 Main Research Contributions . . ... ... ... ... ... ........
82 FurtherWork . ... .. . .. ...
8.2.1 Reducing Rotation Computational Time . . . . . . ... ... ...
822 EWNNsonHugeDatasets . .. ...................
8.2.3 Other Ensemble Approaches . . . . ... ... ...........
8.2.4 Analysis of Complex Control Tasks . . . . ... ..........

91
92
93
94
95
96
101

103
103
103
104
105
107
108
108
110
112
112
116
118
120



8.2.5 Other Research Avenues

Bibliography






XV

List of Figures

1.1
1.2

2.1
2.2
2.3
24

3.1
3.2
3.3
34
3.5

3.6
3.7
3.8
3.9
3.10
3.11
3.12
3.13
3.14

Different types of wavelet functions and their frequency responses. . . . 2
Structure of a Wavelet neural network. . . . . ... ... ... .. ... .. 4
Properties of a Wavelet neural network. . . ... ... ... ........ 14
Different typesof wavelons. . . . . .. ... ... ... ... . L. 16
Different responses of a Morelet wavelet function. . . . . ... ... ... 16
Example of a CGP genotype and phenotype. . . ... ... ... .. ... 26
Effect of changing the dilation parameterina WNN. . . . . . .. ... .. 30
Effect of changing the translation parameterina WNN. . . . . . ... .. 31
Effect of changing the rotation parameterina WNN. . .. ... ... .. 31
Three different types of wavelet functions and their frequency responses. 32

Example of a one-dimensional and multi-dimensional dilations and trans-

lations. . . . . ... 33
Radial responses of three common wavelet functions. . . . . .. ... .. 34
EWNN genome specification. . . . .. ... ........ .. ....... 35
Standard representation of wavelons. . . ... ... ... .. ... .. .. 39
General composition of a one-dimensional EWNN wavelon genome. . . 40
General composition of a one-dimensional EWNN output genome. . . . 41
Example of a one-dimensional EWNN genome. . . .. .. ... ..... 42
General composition of a multi-dimensional EWNN wavelon genome. 43
Example of a multi-dimensional EWNN genome. . ... ... ... ... 44
General composition of a multi-dimensional EWNN genome with rota-

tionparameter. . . .. ... ... L 45



XVi

3.15

3.16

3.17

3.18

3.19

3.20

3.21

4.1

51

52

5.3

54

6.1

6.2

7.1
7.2

General composition of a self-evolving EWNN output genome. . . . . . 46
Population of a self-evolving EWNN structures with random outputs OL 47
Training set of points of the two-spiral benchmark task. . . . . . ... .. 52
Responses of a EWNN with 20 wavelons in the hidden layer on the
two-spiral task with a Morelet wavelet function. . . . ... ... ... .. 54
Responses of a EWNN with 30 wavelons in the hidden layer on the
two-spiral task with double derivative of Gaussian as a wavelet function. 54
Responses of a two-wavelon EWNN on the two-spiral task with radi-
ally symmetric Morelet wavelet functions. . . . . . . ... ... ... ... 55
Responses of a EWNN with 20 wavelons in the hidden layer on the

two-spiral task with rotation parameter and a Morelet wavelet function. 56
Feature selection of the evolved one-dimensional EWNNs. . . . . . . .. 67

Fitness graph of two structures of EWNN on the DDSM dataset with
rotationenabled. . . ... ... . Lo 74
Comparison of the average number of mutations of EWNN parameters
onthe DDSMdataset. . . ... ... ... . ... .. ... .. ..... 75
Comparison of the frequency of the wavelet function ) used in the final
genotypes of the winning structures on the DDSM dataset. . . . . . . .. 76
EWNN response (rotation enabled) of the best genotypes for both train-

ing strategies on the Sakar’s Parkinson’s dataset. . . . . . ... ... ... 82

Cumulative number of occurrences of the different dimensions of wavelons
for stand-alone EWNN; and for the ensemble EWNN-¢e, for the three
datasets using 10-fold cross-validation. . . .. ... ... ... ...... 98
Average number of connections per feature within the EWNN and its

ensemble EWNN-e, for DDSM, LPD, and SPD datasets, respectively. . . 99

The acrobot control problem. . . . ... .... ... ... .. ....... 105

Torque responses of acrobot controllers with different wavelet functions. 113



7.3

74

7.5

7.6

7.7

7.8

7.9

7.10 Snapshots of a successful acrobot DNN controller on the height task.

Average swing-up times at each evolutionary step of fifty independent
evolutionaryruns.. . . ... ... ...
Behaviour of the best EWNN swing-up controller in the height task and
hand-stand acrobot control tasks. . . . . .. ..... ... ... .. ...
Average minimum and maximum torque ranges of the EWNN s for the
different wavelet functions. . . . ... ... ... ... o o oL
Average swing-up times at each evolutionary step for height and hand-
stand acrobot control tasks. . . . . . ... L L oo oL oL
Behaviour of the best EWNN swing-up controller in the height and hand-
stand acrobot control tasks. . . . . .. ... Lo oo oo
Average swing-up times and best swing-up times on the height task for
adeepneuralnetwork. . . ... ... oL o Lo oo
Average swing-up times and best swing-up times for a deep neural net-

work on the acrobot hand-stand task. . . . . . . . . . ... ... .. ... .

Xxvii

121

. 121






List of Tables

4.1

4.2

4.3

44

4.5

4.6

4.7

51

52

5.3
54

5.5

Features and description used in the Digital Database for Screening
Mammography dataset. . . . ... ... ... ... .. ... .. .. ..
Performance of CGPANN with a 70%/30% split between training and

testing samples where the best was tested using 10-fold cross-validation.

Performance of EWNN & EWNN with linearity disabled on 70% Train-
ing and 30% Testing Dataset where the best is tested using 10-fold cross-
validation. . . . ... ... L L
NEAT algorithm parameters . . . . .. ... ... ... .. .........
Performance of NEAT using 70/30 split and 10-fold cross-validation
strategies on the DDSM dataset. . . . . ... ... ..............
Performance of neuroevolutionary algorithms. . . . ... ... ... ...

Comparison of different classifiers on the DDSM using 6 features . . . .

Performance of a multi-dimensional EWNN on the DDSM dataset us-
ing 50/50 split and 10-fold cross-validation strategies. . . . . . . ... ..
Performance comparison of different classifiers on the DDSM. . . . . ..
Parkinson’s disease dataset features and their descriptions. . . . . . . ..
Performance of multi-dimensional EWNN on the Sakar’s Parkinson’s

dataset using 10-fold cross-validation and leave-one-subject-out strate-

Performance of SVM classifier on leave-one-subject-out (LOSO) and 10-

fold cross-validation test strategies with Sakar’s Parkinson’s dataset. . .

Xix

63

68
70

77

81



XX

5.6

5.7
5.8

59

6.1
6.2

6.3
6.4

6.5

7.1
7.2

7.3

7.4

7.5

Comparison of techniques using leave-one-subject-out and 10-fold cross-
validation strategies with Sakar’s Parkinson’s Disease classification. . . 83
Parkinson’s dataset features and their descriptions. . . . ... ... ... 84
Performance of multi-dimensional EWNN on Little’s Parkinson’s dataset,
using a 10-fold cross-validation strategy. . . . . . .. ... ... .. .. .. 88
Comparison of techniques using 10-fold cross-validation strategies in

Little’s Parkinson’s disease classification. . . . . ... ... ... .. ... 89

Dataset characteristics. . . . . . . .. ... ... o Lo oo 94
Main parameter settings of the evolutionary wavelet neural networks

for the different case studies. . . . . ... ... ... ... ... ... 96
Performance of the ensemble EWNN on the different case studies. . . . . 97
Average number of active EWNNSs in an ensemble on 10-fold cross-
validated datasets. . . ... ... .. ... ... ... ... 100
Comparison of different ensemble and clustering classifiers on the DDSM,

LPDand SPD datasets. . . . . . . . . . . . . e 100

Parameters for an acrobot control problem. . . . ... ... ... ..... 106
Performance of EWNN on acrobot swing-up for the height and hand-
stand tasks in a discrete action space, under different parameter con-
tigurations of torque range, type of wavelet functions and maximum
numbers of wavelons. . . ... ... L o L o 111
Performance of EWNN on acrobot swing-up for the height and hand-
stand tasks in continuous action space, under different type of wavelet
functions and maximum numbers of wavelons. . . . . .. ... ... ... 112
Parameter settings for Trust Region Policy Optimization RL algorithm
on the acrobot control tasks. . . . . .. ... ... .. o o 0oL 112
Comparison of acrobot swing-up times by several methods reported in

the literature. . . . . . . . . . 122



List of Abbreviations

ANN
CGP
CGPANN
DDSM
DNN
EWNN
EWNN-e
LCA
NEAT
NN

PD

RL

SVM
TRPO
WNN
WT

Artificial Neural Network

Cartesian Genetic Programming

Cartesian Genetic Programming Artificial Neural Network
Digital Database of Screening Mammography
Deep Neural Network

Evolutionary Wavelet Neural Network
Evolutionary Wavelet Neural Network Ensembles
Latent Class Analysis

Neuro Evolution of Augmented Topology

Neural Network

Parkinson’s Disease

Reinforcement Learning

Support Vector Machine

Trust Region Policy Optimization

Wavelet Neural Network

Wavelet Transform

xx1






