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ABSTRACT

Advanced pattern recognition of a machine learning classifier function, aka

the black box allows automated machinery fault diagnosis and outperforms classic

decision-making mechanisms. Nonetheless, the black box supervised learning is

subject to overfitting when the usefulness of statistical input features is unknown,

and results in biased prediction. An established genetic algorithm (GA) feature

selection (FS) iteratively searches and extracts quality feature subset as the classifier

input targeting fitness function prediction error minimisation. However, static genetic

parameters are prone to premature convergence in multi-objective optimisation,

while manual parameter tuning is computationally expensive. Thus, this study

proposed an optimisation methodology based on adaptive search space strategy with

a customised parameter tuning mechanism and stopping criteria revision to improve

local convergence and prediction e�cacy. By embedding an exploration-exploitation

cycle as a function of the iterative fitness, Self-Tuning Linear Adaptive GA (Stella

GA) adjusts the standard genetic parameters in parallel. Assuming convergence is

detected via unique static fitness evaluation threshold, linear-additive-gain-increment-

control equations gradually increase mutation rate and population size in an attempt

to enhance population diversity. Alternatively, conservative genetic setting is initiated

upon the global best score update to exploit the new search space neighbourhood.

Stella GA alters parameters recursively until the hybrid stopping criteria is met to

allow the tracking of floating genetic variables in preventing premature termination

and computation explosion. As demonstrated in multi-objective optimisation problem

with five machinery fault diagnosis benchmarking datasets, Stella GA generated feature

subset candidate population capable of deterring premature convergence. A prediction

benchmarking against modern classifiers (Deep Learning) and classic FS alternatives

(GA, Binary Particle Swarm Optimisation and Neighbourhood Component Analysis)

indicates the proposed Stella GA consistently returned classifier with desirable e�cacy

in accuracy (maximum 4.5% increment in hydraulic system) and confusion matrix

statistical indicators (maximum 0.0974 increment in Matthews Correlation Coe�cient

for pumps), with the optimal feature reduction (maximum 58.59% in rotor fault

diagnosis). This result suggests that Stella GA yielded optimal machinery fault

diagnosis by further decrement in model overfitting, and the removal of manual tuning

and unstable parameter feedback.
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ABSTRAK

Pengelasan corak hasil dari fungsi pembelajaran mesin berciri kotak hitam

membolehkan diagnosis kesalahan mesin secara automatik dan mengalahkan

mekanisme klasik dalam membuat keputusan. Tetapi, kualiti ciri input statistik belum

dikenalpasti dalam pembelajaran berselia yang bersifat kotak hitam, dan menyebabkan

masalah berlebihan. Algoritma genetik (GA) merupakan satu kaedah pemilihan ciri

(FS) berfungsi memeriksa dan mengekstrak ciri input subset berdasarkan kualiti secara

rekursif untuk tujuan pengurangan kesalahan ramalan. Namun, tetapan parameter

GA yang statik mudah terdedah kepada penumpuan lokal, manakala melaraskan

parameter secara manual memerlukan kos komputasi yang tinggi. Jesteru, penyelidikan

ini memperkenalkan cara pengoptimuman baharu mengenai strategi mencari ruang

secara adaptif dengan mekanisme penyelarasan khas untuk paramater genetik bersama

dengan penyemakan kriteria untuk berhenti, supaya memperbaiki penumpuan lokal

dan pencapaian ramalan. GA secara penyesuaian diri dan linear adaptif (Stella

GA) mengubah nilai parameter secara selari dengan melampirkan kitaran explorasi-

eksploitasi sebagai fungsi pencapaian kecergasan. Kitaran explorasi-eksploitasi

menerimapakai persamaan linear penambah gandaan kawalan bagi menambahbaikan

kepelbagaian populasi dengan melaras kadar mutasi dan saiz populasi jika penumpuan

lokal dikesan dengan ambang unik untuk penilaian kecergasan yang statik. Tetapan

konservatif diaktifkan ketika skor terbaik dikemaskini untuk mengekspoitasi ruang

carian terbaru. Stella GA meminda parameter secara rekursif sehingga memenuhi

kriteria untuk berhenti untuk memastikan parameter dalam lingkungan supaya

penamatan pramatang dan peningkatan computasi yang mendadak dielakkan. Seperti

yang diperlihat dengan lima set penanda aras diagnosis kesalahan mesin dalam

masalah pengoptimuman pelbagai objektif, Stella GA menjana calon populasi ciri

subset yang mampu membendung penumpuan pramatang. Dibandingkan dengan

pelbagai pengelasan moden dan FS klasik, Stella GA menjana keberkesanan dalam

ramalan yang paling kosisten, dalam ketepatan (maksimum kenaikan 4.5% dengan

sistem hidraulik), petunjuk statistik matriks kekeliruan (maksimum kenaikan 0.0974

dalam pekali korelasi Matthews dengan pam) dan pengurangan ciri di tahap optimum

(maksimum 58.59% dengan diagnosis kesalahan di pemutar). Keputusan menunjukkan

Stella GA menghasilkan ramalan optimum dengan pengurangan masalah berlebihan,

penyingkiran penyelarasan manual dan maklumbalas parameter yang tidak stabil.
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CHAPTER 1

INTRODUCTION

1.1 Overview

Fault diagnosis is the process involving the continuous monitoring of degrading

machines to observe and detect various types of errors and their exact location. Fault

diagnosis is conducted by subjecting machinery operating signals from sensors to

statistical analysis in order to analytically determine behaviour changes via digitised

equipment or visual inspection. During the lifespan of a machine, fault diagnosis

is pivotal in providing a health status overview and knowledge of fault severity, if

any, to determine whether condition-based maintenance is required. Typical condition-

based maintenance classes include periodic, preventive, and predictive types, which are

accompanied by a series of corrective measures if necessary. In the 2016 annual U.S.

census, maintenance and repair expenditure amounted to approximately US$ 50 billion.

Consequently, predictive maintenance is deemed to be the most e�ective maintenance

practice as it successfully reduces at least 15% of the total maintenance costs [1].

The latest trend in fault diagnosis adopts data mining techniques as a result of

the advancement of digital signal processing and Internet of Things sensor instruments

[2]. While it is estimated that 33 zetabytes of data volume were generated worldwide in

2018, this figure is predicted to swell in the future [3] (see Figure 1.1). Consequently,

the management of the generation of big data involves a new level of sophistication in

signal and pattern processing measures. To this end, machine learning (ML) algorithms

are a domain of Artificial Intelligence (AI), which provide automated decision-making

process that analyse and correlate dataset details with embedded training function. The

training process develops and returns a classifier as a function of the input features

consists of an algorithmic reasoning sequence. A pretrained classifier specialises in

pattern recognition problem solving with better prediction accuracy than that of general

practice.
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Figure 1.1 Annual size of data files produced globally

2



The integration of AI data mining in predictive maintenance is projected to

experience a significant increase over the next five years, from 28% to 66%, due to

attractive financial returns in industry applications [4]. Profitability in the form of

asset productivity is expected to increase as much as 20%, while maintenance costs

and manufacturing detraction rate are capable of further reductions of 10% and 30%,

respectively.

Su�cient reports acknowledge the convenience of AI in fault diagnosis with

regard to economic e�ciency. In response to the need for automated fault diagnosis in

the field of predictive maintenance, the development of robust and futuristic classifiers

by means of algorithmic technology is currently of research interest. In this regard,

ongoing studies have focused in many ways on classifier optimisation to tackle existing

bias and overfitting complications that hinder the prediction performance.

1.2 Problem Statement

For the application of fault diagnosis, the operating signals are useful

information in indicating the targeted machine conditions numerically. To establish

the mathematical relationship between the input (sensor signals) and output (machine

status), the function of ML is to generate a unique classifier via input-output dataset

training process. ML algorithms are favourable due to their ability to recognise

complex, hidden statistical patterns which are beyond the grasp of visual inspection

or conventional methods. Nonetheless, in the event of the unknown quality of input

features when a ?A8>A8 knowledge is absent, ML black box training easily lead to

unwanted overfitting. In particular, overfitting is mainly induced by the overdesigning

of the classifier structure, along with the undermining of noisy signals [5].

To address the drawbacks caused by overfitting, feature selection (FS) is carried

out to elect a representative input subset combination from a superset consisting of

common statistical signatures. Current FS evaluation tasks can be categorised into

filter, wrapper, and embedded functions. In this regard, genetic algorithm (GA) is a

heuristic optimisation technique inspired by Darwin’s theory of evolution. Typically,

3



GA employs three types of genetic operators in creating an iterative candidate population

that targets global optima for the desired fitness function, until a pre-defined stopping

criteria is met. The GA feature selection criteria are generally reflected in fitness

function as the relevancy of the feature input subset to the prediction performance.

Nonetheless, GA has the tendency to encounter local convergence in a multiple

local optima situation, in particular of machinery fault diagnosis applications, where the

global optima is unknown. Investigations has suggested that the premature convergence

that occurs in GA is likely to be due to stationary genetic operators settings. Identical

genetic parameters over simulation time are expected to be inadequate to adapting to

the need for search space exploration and exploitation, given both circumstances are

equally important in global optima probing [6]. Furthermore, preset stopping criteria

overlook the optimisation development in the form of iterative fitness value update is

vulnerable to premature termination and computation explosion.

As optimisation is problem-dependent, general parameter guidelines are not

applicable to unique machinery fault diagnosis conditions. Exercising manual

parameter tuning is not only tedious, but also computationally demanding given there

is an exponential increase in possible combinations of genetic variables [7]. The

e�ectiveness of trial-and-error parameter tuning for better classifier performance is

uncertain. On top of an unlikely global best solution and nonexistent universal GA

parameter setting, feature selection is further complicated by a non-trivial trade-o�

between genetic information tracking and computation e�ort. High mutation rate is

required for large population fitness evaluation to reduce overdependent on elitism

which is considered redundant with repetitive, identical candidates. Vice versa,

overreliance on a mutation event leads to information loss.

Accordingly, extensive research on a parameter tuning mechanism

corresponding to classifier optimisation has been implemented in an e�ort to avoid

undesirable premature convergence. Nevertheless, a complete adaptive tuning package

covering the essential aspects from the genetic operators settings to revision of the

stopping criteria is visibly lacking. This negligence eventually places the stability of

4



the parameter tuning model at risk, and subsequently returns a suboptimal machinery

fault diagnosis solution.

1.3 Research Questions

As a summary from problem statement, numerous challenges on the current ML

fault diagnosis related technology development remain. The list of queries is outlined

in sequential order, as follows:

1. Uncertain input feature quality presents an overcomplex prediction pattern,

noted as the overfitting, and a�ects decision making in the overdesigned

classifiers. What action could be able to measure feature quality and improve

underperformance as a whole?

2. The rigid searching approach provided by a constant parameter setting in classic

GA is susceptible of unwanted local convergence. Without laborious manual

tuning, what are the alternatives to revise genetic parameters, regardless of

classifier selection as fitness function?

3. An additional computation is required to perform parameter tuning. How to

modify interrelated GA variables without premature termination or computation

explosion since trade-o� between computation cost and genetic information

tracking is inevitable?

4. FS is a multi-objective optimisation problem involves choosing a subset of input

in the interest of prediction e�cacy. How to interpret multi-objective analytical

performance changes yield from an adaptive parameter mechanism embedded

GA compare to existing FS methods?

5. With the aim to reduce model overfitting due to static GA parameter generated

local convergence, what is the significant take away from current wrapper-based

FS parameter tuning research?
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1.4 Objectives of the Study

The following describes the objective of research, aligned to the questions:

1. To develop a novel FS methodology for minimising feature quality-induced

overfitting. The e�ectiveness of overfitting reduction in feature subset trained

classifier is numerically express as prediction error decrement with over 16.6%

feature reduction percentage.

2. To design an adaptive parameter tuning mechanism as a function of iterative

fitness feedback in replace of static genetic parameters, with the aim to detect

and overcome local convergence. The proposed GA method capable of deploy

feasible global optima searching strategy which is absent in classic GA.

3. To embed an iterative search space exploration-exploitation cycle and stopping

criteria revision for interrelated genetic parameter tuning and monitoring while

prevent computation explosion and loss in information tracking.

4. To improve general purpose ML fault diagnosis regardless of classifiers using

adaptive version of GA. The proposed GA FS is benchmark against existing

FS and end-to-end ML package to identify optimal classifier which return

minimum prediction error in four repository datasets and laboratory controlled

experiment.

1.5 Scope of the Study

This subsection defines the coverage of current research to deliver a significant

outcome. The scope is arranged in the sequence flow of analysis, from pinpoint targeted

field, data acquisition, programming software development and implementation to

result validation, as below:

1. The investigation focuses on machinery multiclass fault diagnosis applications

to distinguish normal and abnormalities with continuous and discrete variables.
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Figure 1.2 Problem Statement and Objective of Study

The contributions of related technology subfields are acknowledged and room

for improvement is identified.

2. Data analysis involves common degraded conditions acquired from the

integrated components of machines. Four repository datasets targeting

hydraulic system, pumps, robots and centrifugal pumps as multiple input-

multiple output tribological systems. Laboratory controlled experiment with

SpectraQuest machinery fault simulator study the fault-induced dynamic

behaviour under various speed and fault severity. Time domain signals are

harvested in the form of vibration, current, temperature, speed, operating

frequency, internal pressure, volume flow, and torque under distinctive health

conditions. A list of proven statistical features extracted time series waveform

in accordance to sensor locations and directions.

3. The programming algorithm conceptual design is developed in the Matrix

Laboratory (Matlab) software integrated development environment (IDE). The
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classifier options are classic ML algorithms ranging from Artificial Neural

Network (ANN), :-Nearest Neighbors (:-NN), Support Vector Machine (SVM)

and Deep Learning (DL) which have been proven to be useful as fitness function

in data-driven prediction. Next, FS choose a feature subset with wrapper and

filtering method to train classifiers.

4. FS benchmarking demonstrates the severity of overfitting e�ect and the

e�ectiveness of a relevant feature subset. Numerous statistical analysis

measures prediction outcome, confusion matrix statistical indications and

feature reduction percentage to rigorously validate the e�cacy of the feature

subset trained classifiers. The feasibility of the proposed FS technique in

overcoming local convergence is also observed and discussed in detail.

1.6 Thesis Outline

The outline of the study is divided into four sequential chapters:

1. First, a thorough review of recent relevant research is conducted. The literature

review explicitly covers the fundamental workings and breakthrough of the

feature selection technique, the novelty of available parameter tuning channels,

as well as key points to take away. The research gap is identified during this

stage.

2. Second, a comprehensive research methodology discusses the strategy used

to implement and verify the proposed GA operating parameter self-tuning

mechanism. In addition, a blueprints summary of the research methodology in

the form of process flow is tabulated.

3. Third, the background of repository dataset and experimental studies in time

domain is discussed, followed by corresponding evaluation results in detail.

Extensive comparisons and the reasoning underlying the validation of the feature

selection outcomes are emphasised under a consolidated conclusion.

4. Finally, the conclusion and recommendations for future work are presented

specifically based on the complete findings.
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Appendix A Neighborhood Component Analysis: Pseudo code

Algorithm 1 Neighborhood Component Analysis in feature coe�cient evaluation

Input: NCA operating parameters, training and testing datasets
Output: Feature weight coe�cient, F

Initialisation : Load F = {1}, 2 R 5 40C , training and testing datasets
1: regularisation term _ tuning via cross-validation
2: select _ with the least classification loss

LOOP Process
3: for (4C C = 1 to # do
4: for B0<?;4 9 = 1 to # ^ C < 9 do
5: distance, 3F between G 9 and '4 5 (GC) (2.17)
6: probability of G 9 as reference GC : %C 9 (F) (2.19)
7: average leave-one-out probability, %C (F) (2.20)
8: average leave-one-out probability of classification/regression accuracy,

�D=2(F)
9: end for

10: end for
11: for �40CDA4 A = 1 to 5 40C do
12: for (C4? 1 to ;8<8C do
13: loss function, ; (HC , H 9 ) minimisation
14: weight coe�cient, F̂A minimisation (2.22)
15: �D=2(F̂) maximisation (2.21)
16: if �D=2(F̂)(C4? () �D=2(F̂)(C4?�1 then
17: FA = F̂A
18: else

(C4? = (C4? + 1
19: end if
20: end for
21: end for
22: return F =0
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Appendix B Binary Particle Swarm Optimisation: Pseudo code

Algorithm 2 BPSO feature selection evaluation

Input: BPSO operating parameters, training and testing datasets
Output: Feature subset %14BC

Initialisation : Load BPSO operating parameters (Table 3.11),
training and testing datasets
LOOP Process

1: for !>20C8>= 64= = 0 to >?C 64= do
2: for %0AC82;4 B8 = 1 to ?>? B8I4 do
3: Assign ?0AC82;4 position/binary sequence, GB8 (64=) (2.26)
4: Classifier training with training dataset contains feature subset only
5: Prediction and validation with testing dataset, 5 D=2(GB8 (64=))
6: if ( 5 D=2(GB8 (64=)) < (existing best classification score for B8, 5 D=2(%B8)) _

(64= = 0) then
7: update %B8 = GB8 (64=)
8: if ( 5 D=2(GB8 (64=)) < existing global best classification score, 5 D=2(%14BC))

_ (64= = 0 ^ B8 = 1) then
9: update %14BC = GB8 (64=)

10: end if
11: end if
12: end for
13: Update ?0AC82;4 velocity, EB8 (64= + 1) (2.27)
14: Transform EB8 (64= + 1) to E

0
B8
(64= + 1) (2.28)

15: Update ?0AC82;4 position/binary sequence, GB8 (64= + 1) (2.29)
16: Check stopping criteria:
17: if (64= () opt gen)_ ( 5 D=2(%14BC) = 0) then
17: 1A40:

18: end if
19: end for
20: return %14BC ^ stopping message =0
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Appendix C Genetic Algorithm: Pseudo code

Algorithm 3 GA feature selection evaluation

Input: GA operating parameters, training and testing datasets
Output: Feature subset 5 40C⌧�

Initialisation : Load GA operating parameters (Table 3.10),
training and testing datasets
LOOP Process

1: for ⌧4=4A0C8>= = 0 to >?C 64= do
2: for 20=3830C4 = 1 to ?>? B8I4 do
3: Classifier training with training dataset contains

feature subset only
4: prediction and validation with testing dataset, 5 D=2( 5 40C⌧�)
5: if (iterative best classification score, 68C4A < existing global best classification

score, 614BC) _ (⌧4=4A0C8>= = 0 ^ 20=3830C4 = 1) then
6: update 614BC = 68C4A , 5 D=2, and 5 40C⌧�

7: end if
8: end for
9: Check stopping criteria:

10: if (⌧4=4A0C8>= () >?C 64=) _ (614BC () 0) _ (Meeting maximum
⌧4=4A0C8>= of converged fitness value) then

11: 1A40:

12: end if
13: end for
14: return 5 40C⌧� ^ stopping message =0
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Appendix D Self-Tuning Linear Adaptive Genetic Algorithm: Pseudo code

Algorithm 4 Stella GA parameter tuning

Input: ⇡8BC 614BC , 2>= 8C4A, 2>= <0G, 608C4A , C⌘A4B⌘>;3, 64= 8C4A ^ >?C 64=
Output: ⇡8BC 614BC , 2>= 8C4A, 2>= <0G, 608C4A , C⌘A4B⌘>;3, 64= 8C4A ^ >?C 64=

Initialisation : Load Stella GA operating parameters (Table 3.10)
0: while Run Algorithm 3 do
1: Check convergence status for current ⌧4=4A0C8>=:
⇡8BC = current average Score - current Best Score

2: if (⇡8BC < ⇡8BC 614BC) then
3: update ⇡8BC 614BC = ⇡8BC, >?C 64= + = 1, & 2>= 8C4A + = 1
4: if (2>= 8C4A () 2>= <0G) then
5: Exceed allowable convergence generation limit: 1A40:
6: end if
7: end if
8: Check fitness update:
9: if (iterative best score, 68C4A < existing global best score, 614BC) then

10: Update static candidate count: 608C4A = 0 ^ exploitation setting (Table 3.10)
11: else

update 608C4A = 608C4A + ?>? B8I4
12: end if
13: if static count exceed local convergence threshold: (608C4A > C⌘A4B⌘>;3) then
14: update exploration setting: 608=, <D (3.1), ?>? B8I4 (3.2), & C⌘A4B⌘>;3 (3.3)
15: update remaining evaluation number, 64= 8C4A=(3.2)⇥(>?C 64= � ⌧4=4A0C8>=)
16: end if
17: Check customised stopping criteria:
18: if (<D > <0G <D) _ (?>? B8I4 > <0G ?>?) _ (C⌘A4B⌘>;3 > 64= 8C4A) then
19: Exceed operating parameter upper limit: 1A40:
20: end if
21: Enable full exploration-exploitation cycle:
22: if (<D = 0.1) ^ (>?C 64= - current ⌧4=4A0C8>= < "8=8<D< ⇠>=E4A64=24 ⌧4=)

then
23: Allow room for convergence: >?C 64= = >?C 64=+"8=8<D<⇠>=E4A64=24⌧4=
24: end if
24: end while
25: return ⇡8BC 614BC , 2>= 8C4A , 2>= <0G, 608C4A , C⌘A4B⌘>;3, 64= 8C4A, >?C 64= ^

stopping message
=0
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Appendix E Hydraulic System Dataset Visualisation

Figure E.1 Hydraulic System: Pressure PS Reading

Figure E.2 Hydraulic System: Motor Power EPS1 Reading
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Figure E.3 Hydraulic System: Flow Rate FS Reading

Figure E.4 Hydraulic System: Temperature TS Reading

138



Figure E.5 Hydraulic System: Sensor Reading

Figure E.6 Hydraulic System: Optimal Feature Subset Vector
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Appendix F Pumps Mechanical Analysis Dataset Visualisation

Figure F.1 3D Scatter Diagram for Pumps Component Number, Type of Measurement
and Direction and Support

Figure F.2 Pumps Reading for Measurement: Current and Earlier
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Figure F.3 Pumps Reading for Class Output and Speed

Figure F.4 Pumps: Optimal Feature Subset Vector
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Appendix G Robot Execution Failures Dataset Visualisation

Figure G.1 Triaxial Sensor Reading for Condition: Normal

Figure G.2 Triaxial Sensor Reading for Condition: Collision

142



Figure G.3 2D Scatter Diagram for Robot Execution Failure Statistical Feature:
average and standard deviation

Figure G.4 3D Scatter Diagram for Robot Execution Failure Statistical Feature:
average, standard deviation and skewness
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Figure G.5 Robot Execution Failures: Optimal Feature Subset Matrix
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Appendix H Centrifugal Pump Residual Analysis Dataset Visualisation

Figure H.1 Centrifugal Pump Model Validation

Figure H.2 2D Scatter Diagram for Residual Statistical Feature: average and
maximum amplitude
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Figure H.3 3D Scatter Diagram for Residual Statistical Feature: average, maximum
amplitude and kurtosis

Figure H.4 Centrifugal Pump Residual Analysis: Optimal Feature Subset Matrix
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Appendix I MFS-RDS Bearing Specifications

Figure I.1 ER-K Ball Bearing Specifications
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Appendix J MFS-RDS Dataset Visualisation

Figure J.1 MFS-RDS Vibration Sensor Reading: Part 1

Figure J.2 MFS-RDS Vibration Sensor Reading: Part 2

148



Figure J.3 MFS-RDS Vibration Sensor Reading: Part 3

Figure J.4 MFS-RDS Vibration Sensor Reading: Part 4
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Figure J.5 MFS-RDS Vibration Sensor Reading: Part 5.

Figure J.6 2D Scatter Diagram for MFS-RDS Statistical Feature: average and
maximum amplitude
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Figure J.7 3D Scatter Diagram for MFS-RDS Statistical Feature: average, maximum
amplitude and skewness

Figure J.8 MFS-RDS: Optimal Feature Subset Matrix
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Appendix K Vibration Accelerometer Specifications

Figure K.1 Wilcoxon 780-A Sensor Specifications
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Appendix L OROS 16 channel instrument analyzer model OR36 V3 User

Manual

Figure L.1 OR36 V3 User Manual: Page 1
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Figure L.2 OR36 V3 User Manual: Page 2
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Figure L.3 OR36 V3 User Manual: Page 3
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Figure L.4 OR36 V3 User Manual: Page 4

156



Figure L.5 OR36 V3 User Manual: Page 5
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