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CHAPTER 1 
 

 

 

INTRODUCTION 

 

In recent times, Deep Learning and Machine Learning techniques along with signal 

processing have extensively used in various applications such as early detection of 

various diseases, satellite image segmentation, self-driving cars, natural language 

processing, object detection,  fault diagnosis of motor, medical image classification, 

weather forecasting  etc. Among these, biomedical field and condition monitoring of 

various machines in industry are two major areas for the application of Artificial 

Intelligence. Artificial intelligence and machine learning have been used effectively in 

detection and treatment of several dangerous diseases, helping in early diagnosis, and 

thus increasing the patient’s chance of survival. Deep learning has been designed to 

analyze the most important features affecting detection and treatment of serious 

diseases. Also various machine learning and deep learning algorithms have been used 

in industry for fault diagnosis, predictive maintenance of machines to increase the 

operational reliability and reduce costs. In this thesis three condition monitoring 

applications have been taken within which one application was from the biomedical 

field and other two were based on fault diagnosis. 

The structure of the thesis is as follows: 

(i) Chapter 2 has been proposed the Parkinson’s disease classification problem using 

audio signals. Several Deep Learning algorithms (VGG16, VGG19, DenseNet-121 

and Xception) have been introduced in this chapter to extract the features from 

Wavelet and Cross-wavelet scalograms which represented the time-frequency 

information about the audio signals. Multiple Machine Learning algorithms have been 

used for the classification from the extracted features. A majority voting ensemble 

technique has also been introduced in this chapter. 
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(ii) Chapter 3 demonstrated bearing fault classification problem using Deep Learning 

techniques namely Artificial Neural Network (ANN), Recurrent Neural Network 

(RNN), Long-short term memory (LSTM), Gated Recurrent Unit (GRU) and 

ConvLSTM. For this purpose, various time-domain and statistical features have been 

extracted which were fed into these deep learning models. A Weighted Average 

Ensemble technique has been deployed using these models to improve the model 

performance. 

(iii) Chapter 4 represented the bearing fault predictive maintenance problem which 

was stated that after how many cycles machine was going to fail. For this purpose, 

RMS value has been taken as condition indicator of the machine which has provided 

the information about machine’s health. LSTM has been used for this prediction 

problem because they are very good at handling time-series sequence. KernelRidge 

regression has also introduced for comparing its result with LSTM based model.  

(iv) The thesis has been concluded in chapter 5. 
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         CHAPTER 2 
 

 

 

Parkinson’s disease classification with Wavelet, Cross-wavelet 

Transform and Transfer learning using Machine Learning 

models 

________________________________________________________________ 

 

2.1  INTRODUCTION 
 

Parkinson’s disease (PD) is a slow and advanced neurodegenerative brain disease that 

damages brain cells. The disease is referred to as progressive since it gets worse with 

time and neurons in the brain are degenerated during this disease. PD impacts over 10 

million patients worldwide. Dopamine neurons are a specific type of neuron which are 

lost during PD. Dopamine regulates the control and flow of body movements. 

Dopamine, a tiny signaling substance produced by dopamine neurons, is crucial for 

enabling people to move normally. The degeneration of dopamine-producing cells 

results in the decreased level of dopamine production [1]. This causes the symptoms 

of PD. As PD progresses people lose control over their movement and coordination 

[2] . Although PD may be diagnosed at younger ages, the disease usually affects the 

age group of 40 to 75 years and most commonly the people over the age of 60 years. 

People with 55-75 years of age are more vulnerable to PD. Still, there has been no 

treatment which can prevent the disease’s progression [3]. 

 

There are four main symptoms of PD. The first symptom is tremor. Tremor usually 

starts in hands or arms; it may appear at rest and disappear when the affected body 

part is moved, yet it may be persistent in certain postures. The second symptom is 

slowness of movement, which is called bradykinesia. Slowness in movement appears 

in movements of arm, leg and body, reduces the ability to swing arms while walking, 

causes walking problems and leads to decrease in facial expression due to deformed 
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facial mimic muscles. The third symptom is stiffness in arms, legs and trunk, or in 

other words, rigidity. When a person bends their body parts, such as their arm, leg, or 

wrist, they may feel stiffness. The fourth symptom is postural instability, which causes 

increased forward bend of torso and shortened step length. Balanced problems are 

commonly observed in this symptom. These are four cardinal clinical features. Apart 

from these four cardinal clinical features, other symptoms may also appear. For 

example, the patient may have abnormal, smaller or shaky handwriting or may 

experience problems with writing signature. The patient may also suffer from slurred 

or slow speech. The main symptoms may be accompanied by reduced sense of smell, 

constipation, and changes in blood pressure. Another symptom is Rapid eye 

movement (REM) sleep behavior disorder which is usually defined as the dream 

enacting such as talking, yelling, kicking or punching during sleep. Shakiness is also a 

symptom of Parkinson’s disease.  

The Hoehn and Yahr (H&Y) scaling and the Unified Parkinson’s disease rating scale 

(UPDRS) and are two most common assessment scale for measuring and tracking the 

progression of PD [4]. H&Y scaling is categorized the progression of PD over time 

into five different stage according to the severity of the disease. Although progress is 

often gradual, it might differ from patient to patient. In first stage mild symptoms are 

appeared including tremor, other motor symptoms namely shakiness, stiffness, slowed 

down movements and postural instability which produces disability at one side of the 

body. Stage 2 symptoms make daily tasks more challenging, and there are movement 

issues on the body. Even slight movements can have an impact on posture and 

walking. Movements slow down a bit in stage 3. Patients are more likely to lose their 

balance, increasing their risk of falling. In stage 4, severe movement problems 

necessitate the need for a walker. Patients require significant assistance with daily 

tasks. Stage 5: The person requires a wheelchair and assisted living due to significant 

balance and mobility issues. Additionally, they might experience observable mental 

changes, delusions, or hallucinations.  

During the treatment of PD, numerous factors such as the patient’s age, stage of the 

disease and adverse effects of the medications used are taken into consideration. Early 
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intervention is critically important; the treatment should be started before dopamine 

reserves are depleted. There are certain medications are used to elevate and maintain 

dopamine levels. The progress of disease may be accompanied by findings such as 

depression and dementia. Such findings also need to be treated by medication. At this 

moment, there is no proper cure or treatment available for Parkinson’s disease. 

Treatment can only be done during the beginning part of the disease. The diagnosis 

cost is very high and finding early signs of Parkinson's disease is quite challenging 

because early symptoms are very similar with the other aging problems. Therefore 

various Deep Learning (DL) and Machine Learning models are used for the early 

detection of PD.   

PD is  also affected the alteration of voice and speech, 90% of PD patients face this 

kind of speech disability and vocal disorder in their earlier stages of PD [5]. PD can 

be affected speech in many forms such as pronounciation, spoken language output, 

production of voice etc [6–9]. Vocal chord atrophy and abnormalities in Parkinson's-

related hypokinetic dysarthria have been found in a number of unique patterns that 

can be seen with direct laryngoscopy. [10]. The most typical signs of Parkinson's 

disease include tremor in the voice, hoarseness, feeble and repetitive speech, air 

shortage, incorrect articulation, and silent voice. Slow initiation can also cause latency 

in response, which may be followed by rushes of speech. Over the course of the 

illness, a decline in reading rate is frequently noticed [11,12]. Voice analysis and 

determination of some speech parameters namely changes in voice frequencies 

(jitter), vocal cord pressure at the opening, amplitude of the volume, amplitude 

difference between voice cycles (shimmer), and so on, can be used to study speech 

and voice. PD patients had a shorter phonation time, more jitter, a smaller pitch range 

with higher threshold pressure during phonation [13]. Detection of PD using Audio 

based classification is a very popular technique in recent researches. Audio features 

were extracted by using various audio signal processing techniques like Mel 

Frequency Cepstral Coefficients (MFCC) from the audio signals of PD patients and 

then fed those extracted features to different machine learning algorithms for 

detection of PD. 
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In this chapter, Wavelet Transform (WT) and Cross-wavelet Transform (XWT) have 

been applied on the audio signals for time-frequency representation. WT and XWT 

provide the time-frequency scalogram images. Then pre-trained models like VGG16, 

VGG19, DenseNet-121 and Xception architecture have been applied individually on 

these scalogram images for the features extraction. The extracted features are then fed 

into various ML algorithms like Support Vector Machine (SVM), Logistic 

Regression, k-nearest neighbors (KNN) and Random Forest. The audio data set which 

contains the audio recordings of 21 healthy controls (HC) and 18 patients with 

Parkinson’s disease (PD) is utilized as a training set to examine how well these four 

machine learning methods perform in terms of important metrics including accuracy, 

recall, precision, f1-score and area under the curve (AUC score). The outcomes are 

highly competitive, and they can be applied to both detection and therapy. Further, an 

ensemble model (majority voting ensemble) using these four machine learning models 

is developed in this chapter which demonstrates higher performance compared to 

individual machine learning models. The detection models presented in this chapter 

can further be employed for other different diseases. Eight feature extraction based 

techniques have been proposed in this chapter, namely WT+VGG16, WT+VGG19, 

WT+DenseNet, WT+Xception, XWT+VGG16, XWT+VGG19, XWT+DenseNet, 

XWT+Xception. 

  

The remaining of the chapter is laid out as follows. A description of the literature 

review is presented in section 2.2. The description of the collected audio data has been 

mentioned in section 2.3. In section 2.4, a brief description of the proposed   

methodology has been mentioned. This section also contains various pre-processing 

steps on the audio data such as signal processing and features extraction.  The 

experimental results of different feature extraction techniques and machine learning 

models have been discussed in section 2.5. Section 2.6 contains conclusion and future 

scope of the proposed work. 
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2.2  LITERATURE  REVIEW 
 

 

For decades, scientists have been researching the impact of Parkinson's disease on the 

brain. EEG (Electroencephalography) recordings have been employed in many of 

these investigations to track the changes brought on by Parkinson's disease. Schlede 

discovered a relationship between cognitive deficits and the overall EEG (GTE) score 

in individuals with Parkinson's disease in 2011 [14]. GTE score is defined as a rating 

system for EEG examinations that can be used to assess various dementias. 

Swann assessed the SSRT (Stop Signal Reaction Time) of 15 PD vs 15 healthy 

persons using EEG recordings, ERP data and time-frequency representation in the 

same year [15].  

Klassen employed EEG recordings as a prognostic indicator for dementia progression 

in Parkinson's disease patients [16]. 

 Yuvaraj et al. introduced the intensity and frequency of EEG readings during 

emotional to distinguish between PD and healthy controls in 2014. The researchers 

applied 14-channel EEG readings from 20 PD and 30 healthy persons [17]. They have 

achieved 95% accuracy in their result. Later that year, they released another work in 

which they classified the different emotions based on the EEG readings of 20 

Parkinson’s disease patients and 20 healthy controls. They have classified six basic 

human emotions such as happy, sorrow, anger, disgust, fear, and surprise. Two ML 

algorithms such as SVM and KNN have been deployed to detect the disease using 

three HOS features. These features are bi-spectral magnitude average, normalized bi-

spectral entropy and normalized bi-spectral squared entropy [18]. They have also 

introduced ten-fold cross-validation on testing set for increasing robustness in the 

result. 

 Yuvaraj et al. estimated 13 features from the previously used dataset to classify 

between PD patients and healthy controls, building on their earlier work from 2016. 

They reported accuracy of 99.62 percent and specificity of 99.25 percent [19].  
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In 2017, Liu et al. [20] employed a three-way decision model to detect the PD patients 

using EEG signals. They have applied the Discrete Wavelet transform (DWT) on EEG 

signals and extracted sample entropy which was used as a feature. They have used 

EEG reading from 42 PD and 42 healthy persons in their work. This work contains 

three stages for the analysis of EEG signals and then three-way decision model was 

used for the detection of PD.  

DL applications in EEG signals have received some attention in recent years [21]. Oh 

et al. [22] employed a Convolutional Neural Network (CNN) for the PD classification 

in 2018. Their proposed CNN Model contained 13 layers which was used for training 

the dataset. Their algorithm had a specificity of 91.77 percent and an accuracy of 

88.25 percent. 

 For HC and PD patients, Obukhov et al. computed the time–frequency characteristics 

of central EEG electrodes, interruption of the main rhythm and the appearance of 

rhythms within the frequency range of 4-6 Hz were employed as indicators for the 

early diagnosis of PD [23].  

The difficulty to access the SN region in the brain is one of the key challenges in 

diagnosing PD. Many researchers have recently tried to mimic the electrical potential 

using actual EEG data from Parkinson's patients, at the basal ganglia [24].   Following 

the simulation, they classified distinct stages of the disease based on the combined 

strength of beta and alpha rhythms. This research has shown while participants 

engaged in activities that release dopamine in order to improve categorization 

accuracy. The classification will be more challenging if the dopamine level is low; 

nevertheless, rest state data is considerably easier to get. Instead of focusing on 

channel localisation, we make use of far more advanced characteristics.  

The analysis of voice signals to obtain acoustic characteristics has been presented as a 

scientifically valid and painless treatment for PD identification in several publications 

[25]. Using machine learning methods, Sakar BE, et al. [26] discovered that prolonged 

vowels carry adequate Parkinson’s Disease discriminative information.  
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Wodzinski M [27] used Saarbrucken Voice Database (SVD) and PC-GITA database   

to detect PD using a transfer learning (ResNet) based architechture. For this work, 

each audio signal was taken as 0.5 second of duration. Audio spectrograms  from the 

PC-GITA database [28] utilised for categorization. Then pre-trained ResNet 

architecture has been deployed for the classification. The network has been trained 

using ImageNet and SVD database. For all layers, Stochastic Gradient Descent has 

been used with learning rate of  0.0005 and for the dense layers, learning rate was 

taken as 0.008. For pre-training the network with SVD database momentum and 

minibatch size have taken as 0.95 and 64 respectively. The cross-entropy loss was 

employed as the loss function. This proposed model was pre-trained for 2000 epochs. 

Testing accuracy shown in this paper is more than 90%. 

DL models are coupled with ML approaches in Zahid, et al. [29] to detect PD patients. 

They have used short-time Fourier transform to find the spectrograms from the audio 

recordings of HC and PD patients. Then features were extracted from the 

spectrograms using Alexnet architecture. These extracted features were then fed into 

SVM, Random Forest and multilayer perceptron to detect the PD. In this work 

features were also directly extracted from the audio signals, namely 12 Mel-Frequency 

Cepstral Coefficients (MFCCs), various time-domain features (maximum value, 

standard deviation, energy and average value) of phonation and prosody. The features 

were then fed into machine learning models. With this methodology they have 

achieved the maximum accuracy of 84.6% with Random Forest. 

The detection of vocal disorders in individuals with PD is proposed by Trinh et al. 

[30]. In this work, The SVD and The Spanish Parkinson’s Disease Dataset (SPDD) 

have been used. Short-time Fourier transform (STFT) has been introduced to get time-

frequency spectrogram images. Then input spectrogram images of dimension 28x28x3 

were passed through three convolution layers followed by one max-pooling layer. In 

their proposed model, first convolutional layer contains 16 filters with kernel size of 

3x3 and ‘same’ padding. The remaining two convolutional layers contains 32 and 64 

filters respectively with same kernel size and ‘same’ padding. The image size at the 

output of convolutional operation was 28x28x64. Then the output activation map has 
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been passed through one max-pooling layer with kernel size of 2x2. Output image 

after this max-pooling operation was flatten and total 50,176 features were extracted 

which were fed into three dense layers with 128, 64 and 1 neurons respectively. This 

CNN model which has been deployed in this work provided accuracy of 95%.  

 

2.3        DATASET DESCRIPTION AND PREPARATION 

 

 

The audio dataset which was used for PD classification was obtained from the Mobile 

Device Voice Recordings at King’s College London (MDVR-KCL) [31]. From 

September 26 to September 29, 2017, this dataset has been collected at King's College 

London (KCL) Hospital, Denmark Hill. For the voice recordings, an examination 

room was used with a (10m x 10m) room space and a 500-millisecond reverberation 

duration. Because the voice recordings were made in a practical situation of making a 

phone call like the participant places the phone close to his or her favored ear and 

speaks into the microphone. 

The audio recordings of 21 healthy controls (HC) and 18 patients with PD are present 

in this dataset. The audio recordings were recorded by using a Smartphone (Motorola 

Moto G4). To execute the recorded audios on the smartphone, a "Toggle Recording 

Software" was created which has the same features as the i-PROGNOSIS smartphone 

app's voice recording module. It is also available as an independent android app. 

Because of that the speech collecting service runs on the recording device’s 

background and also activates voice recordings based on the Smartphone's on- and 

off-hook signals. The audio recordings in the database are stored in the WAVE (.wav) 

file format. The audio recordings are comprised of two different text passages, which 

were mentioned in description of the dataset. 

In this chapter, only those audio recordings were used which contains the first text 

passage. Each audio recording was assessed by using H&Y scale, UPDRSII-5 and 

UPDRSIII-18 scale ratings.  H&Y rating was categorized the PD patients into three 

stages (2, 3 and 4) and remaining 21 Healthy Controls (HC) is labeled as ‘0’ in the 
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dataset. Audio recording files present in this dataset are represented by the patient’s 

id, H&Y rating, UPDRSII-5 and UPDRSIII-18 rating respectively. As an example, 

audio file name ‘ID31_hc_0_1_1’ depicts 31st person who is a healthy control with 

H&Y rating of 0, UPDRSII-5 rating of 1 and UPDRSIII-18 rating of 1. Parkinson's 

disease and voice loss are related but not identical, because of that this audio file 

represents HC person whose UPDRS rating is more than 0. 

 In this chapter, Healthy Controls (HC) were represented by binary label ‘1’ and PD 

patients were represented by binary label ‘0’. It is a binary classification problem.  

Sampling rate and bit depth of each audio signal is 44.1 kHz and 16 Bit respectively. 

From each audio recording, multiple 10-second clips have been taken for 

classification. Total 229 audio clips (128 audio clips of HC and 101 audio clips of PD) 

with 10 second duration were used for this analysis. Among 229 audio clips, 80% 

audio (102 audio clips of HC and 81 PD patient’s audio clips) have been taken as 

training data and remaining 20% audio (26 audio clips of HC and 20 PD patient’s 

audio clips) have been taken as testing data.  

 

 

2.4  METHODOLOGY 
 

In this section, data pre-processing steps and different classifiers which were used for 

the classification have been discussed. Data pre-processing consists of mainly two 

steps, namely signal processing and features extraction. For features extraction two 

signal processing techniques, namely Wavelet Transform and Cross-wavelet 

Transform along with transfer learning architectures (VGG16, VGG19, DenseNet-121 

and Xception) have been deployed. In the classification part, different ML algorithms 

namely SVM, KNN, Random Forest, Logistic Regression and majority voting 

ensemble have been mentioned.  

 

2.4.1   DATA PRE-PROCESSING 

 

Data pre-processing contains mainly two steps,  



Page | 20  
 

a) Signal Processing, 

b) Features Extraction. 

 

 

2.4.1.1   SIGNAL PROCESSING 

 

Two Signal processing techniques have been used for extracting time-frequency 

scalograms from recorded audio signals, namely (i) Wavelet Transform, (ii) 

Cross-wavelet transform. 

 

 

2.4.1.1.1   CONTINUOUS WAVELET TRANSFORM 

 
 

Wavelet Transform overcomes the limitations of Fourier Transform[32]. Wavelet 

Transform provides better result for non-stationary signals than the traditionally used 

Fourier Transform. In non-stationary signals, for a certain time-duration, frequencies 

are varied with time. Fourier Transform (FT) is only appropriate for stationary signals 

where frequency domain information is required. Time information of the signal is 

lost because it converts the signal from time-domain to frequency-domain, which is 

ideal for stationary signals. But for non-stationary signals, it is not ideal because time 

domain information is required along with frequency-domain representation. Without 

time-domain information, it is hard to determine when a certain event occurred.  

Audio signals are mainly non-stationary signals [33]. The STFT was developed to 

address Fourier Transform’s poor time resolution problem which provides time-

frequency scalograms of the signal. A portion of a non-stationary signal can be 

presumed to be stationary using STFT. Then a fixed length of window function is 

taken and move it along the signal from start to end and take a Fourier Transform at 

each stationary section. Time and frequency resolutions are constant because the 

window length is fixed for entire length of the signal. The time resolution of a narrow 

window is good, but the frequency resolution is low, while a wider window has poor 
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time resolution but good frequency resolution. To overcome this problem Wavelet 

Transform was introduced.  

Multi-resolution analysis is the result of using the Wavelet Transform (WT) to break 

down a signal into multiple frequencies at different time resolutions.. At high 

frequencies, it has good time resolution but poor frequency resolution. However, 

frequency resolution is good at low frequencies but time resolution is poor. Wavelet 

works as a window function in Wavelet Transform. The wavelet's width and central 

frequency can be altered, and it can move across the signal by changing scale 

(1/frequency). The expanded wavelet is more effective at resolving low frequency 

signal components with poor time resolution (large values of scaling). Shurnken 

wavelet has a superior time resolution and is better at resolving high frequency 

components of the signal (small values of scaling). The Wavelet Transform is defined 

as: 

 

 

𝑊(𝑠, 𝜏) =  ∫ 𝑓(𝑡)
1

√|√𝑠 |

+∞

−∞

𝛹∗ (
𝑡 − 𝜏

𝑠
) 𝑑𝑡 

(2.1) 

𝑊(𝒔, 𝝉) is the continuous wavelet transform of the audio signal, generated from a 

mother wavelet Ψ(t). Scale factor and translation factors are represented by ‘s’ and ‘τ’. 

Mother wavelet is a simple oscillatory function of finite duration that integrates to 

zero and is square integrable, which means it has finite energy and meets the 

admissibility condition. Other window functions can be generated by using the mother 

wavelet. Different types of mother wavelets are present namely, 

(a) Symlet3,  

(b) Daubechies3, 

(c) Morlet, 

(d) Mexican Hat, 

(e) Meyer 
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The admissibility and regularity conditions are the most significant qualities of 

wavelets, and these are the properties that gave wavelets their name. Admissibility 

criterion is defined as, 

∫
|𝛹(𝜔)|2

|𝜔|
𝑑𝜔 <  +∞ 

 

(2.2) 

 

The Fourier Transform of Ψ(t) is Ψ(𝜔). According to this condition, Ψ(ω) disappears 

at zero frequency, i.e. 

|𝛹(𝜔)|    𝜔=0
2 = 0 

 

(2.3) 

 

This implies that wavelets must have a spectrum that is similar to that of a band-pass 

filter.  

As the DC gain of the wavelets at zero frequency is zero, so the wavelet’s average 

value in time domain must be zero, 

∫𝛹(𝑡)𝑑𝑡 = 0 

 

(2.4) 

 

As a result, it is a oscillatory function which implies that mother wavelet is a wave. 

 In both the temporal and frequency domains, the wavelet function should have some 

smoothness and concentration, according to the regularity criterion. It states that 

wavelet transform decreases quickly with decreasing scale. These both conditions 

together provide the wavelet transform. 

Figure 2.1 represents the continuous wavelet transform (wavelet scalogram) of a 

recorded audio signal. 
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Fig 2.1. Magnitude spectrum of wavelet transform of an audio signal 

 

2.4.1.1.2   CROSS-WAVELET TRANSFORM 

 

The XWT is the Hadamard product of the wavelet transform matrix of the two signals 

[34]. The XWT is defined as follows if x(t) and y(t) are two time-domain signals: 

 

 
𝑊𝑥𝑦(𝑠, 𝜏) = 𝑊𝑥(𝑠, 𝜏)𝑊𝑦∗(𝑠, 𝜏) (2.5) 

𝑊𝑥(𝑠, 𝜏) and 𝑊𝑦(𝑠, 𝜏) are the wavelet transforms matrix of two signals respectively.  

‘s’ and ‘τ’ are scale factor and translation factors. Cross-wavelet scalogram shows 

regions in time-frequency plane where two waveforms have high common power. One 

audio signal has been considered as the reference signal. Then Cross-wavelet 

transform has been applied between the reference signal and other audio signals. Each 

audio signal including reference signal has been taken as 10 seconds of time duration. 

Reference audio signal was considered as x(t), while other audio signals were defined 

as y(t). In this chapter, audio signal of a HC was taken as reference signal. Morlet 

wavelet is taken as mother wavelet for the cross-wavelet transform. This choice of 

mother wavelet is solely based on the problem's nature. Magnitude of  𝑾𝒙𝒚(𝒔, 𝝉) and 
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phase angle (∅) is defined as 𝑡𝑎𝑛−1
𝐼{𝑤𝑥𝑦}

𝑅{𝑊𝑥𝑦}
 . R{𝑤𝑥𝑦} and I{𝑤𝑥𝑦} are real and 

imaginary value of the Cross-wavelet spectrum respectively. Figure 2.2 shows the 

Cross-wavelet scalogram between the audio signal of HC and PD patient. The Cross-

wavelet spectrum between HC and HC is shown by figure 2.3. 

 

 

  

 
Fig 2.2. Cross-wavelet spectrum between HC and PD patient 
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Fig 2.3. Cross-wavelet spectrum between HC and HC 

 

 

2.4.1.2   FEATURES EXTRACTION USING TRANSFER LEARNING 

 

Feature extraction is one of the most important step in ML and DL classification 

problem. Extracted features are then fed into different ML algorithms for the 

classification. Feature extraction is done by converting raw signal (audio, image, 

video) into the numerical features while maintaining the raw original data set's 

metadata. Features can be extracted manually or automatically by using deep 

learning models from original signals. Different time domain and statistical (Root 

mean square, kurtosis, skewness, crest factor, form factor, maximum and 

minimum value), frequency domain (Fast Fourier Transform coefficients, mean 

frequency, signal-to-noise ratio, spectral moment, energy) and time-frequency 

domain (Mel frequency cepstral coefficients, wavelet, cross-wavelet) features are 

extracted manually. In this chapter, pre-trained DL models such as VGG16, 

VGG19, DenseNet-121 and Exception have been used to extract features from 

scalogram images. 
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2.4.1.2.1    VGG16 MODEL FOR FEATURES EXTRACTION 

 

VGG16 is one of the most preferred Convolutional Neural Network (CNN) 

architecture and it is trained on ImageNet database which contains more than one 

million images [35]. It has 13 convolutional layers along with 3 fully-connected 

layers [36]. In this chapter, 3 fully connected layers have been dropped and used 

the remaining model as feature extractor. All the convolution layers in VGG16 are 

having a kernel size of 3 x 3, stride of 1 and padding is ‘same’. Max-pooling layer 

is used after every stack of convolutional layers which has a kernel size of 2 x 2 

and stride of 2. 

VGG16 model has been used for features extraction from the wavelet and cross-

wavelet scalograms. These time-frequency scalograms are a fixed-sized 224 x 224 

x 3 RGB image. Image normalization was done by dividing every pixel of the 

RGB scalogram images by 255. Then each normalized image was passed through 

2 convolutional layers which contains 64 filters followed by ReLU activation 

function. Then the activation map was passed through the max-pooling layer. The 

shape of the activation at the output of the max-pooling layer was 112 x 112 x 64. 

Then it was passed through the second stack of convolutional layers and one max-

pooling layer. Convolutional layers in the second stack contain 128 filters. The 

shape after the max-pooling layer was 56 x 56 x128.  This was followed by the third 

stack with three convolutional layers of 256 filters and one max-pooling layer. The 

output shape was 28 x 28 x256 . Then it was passed through two stacks of three 

convolutional layers and each stack has one max-pooling layer.Convolutional layers 

of each stack contains 512 filters and the output at the end of was 7 x 7 x 512. 

Then the activation map of size (7 x 7 x 512) was flatten and at the output we got 

a feature vector of size (7 x 7 x 512= 25088) features. This vector was used as the 

feature vector for Parkinson’s disease classification. For each scalogram RGB 

image, 25088 features were present. 
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Fig. 2.4.  Features extraction using VGG16 from Wavelet and Cross-wavelet Scalograms 

In this figure, Wavelet scalogram has been used for feature extraction using VGG16. 

In the similar way, features were extracted from the Cross-wavelet scalogram images. 

 

 

2.4.1.2.1.1    CONVOLUTION 

 

The mathematical combining of two functions to generate a third function is 

referred to as "convolution." When this occurs, two pieces of data are combined. 

In CNN, convolution is conducted on the input data using a filter or kernel to 

build a feature map. Convolution is performed by moving the filter over input and 

a matrix multiplication is performed at each position, and the result is added to the 

feature map.  

Suppose a kernel is taken for convolution operation with 3 x 3 shape. Now the 

element wise multiplication is done between the kernel and a 3x3 sized area of the 

input image’s matrix. Then the summation is done over this section to get the one 

element of output feature map. This convolution is taken place repetitively by 
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moving the kernel over input image and output feature map is occurred. This 

feature map contains important information about the image. 

An RGB image with shape of n x n x 3 is considered. Kernel size is taken as k x k. 

Then the shape of feature map is given as: 

𝑓 =  
𝑛 − 𝑘 + 2𝑝

𝑠
+ 1 

 

(2.6) 

f x f x 1 is the shape of the feature map. Strides (‘s’) is defined as how many 

pixels the filter will shift. Padding (‘p’) is also a important component in CNN. 

Two types of padding is present, ‘valid’ padding and ‘same’ padding. In valid 

padding, no padding is occurred and input image is same as it was. In ‘same’ 

padding, zeros are padded at the outside of input image matrix in such a way that 

the shape of input image and feature map is same. Multiple filters are used to 

improve the feature map's depth.  

 

 

 

Fig 2.5. Convolution operation  
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2.4.1.2.1.2    POOLING LAYERS 

 

Pooling layers reduce the size of feature map. Because of pooling layers width 

and height of the feature map reduces but the depth of the feature map remains 

same. It reduces the computational complexity to a certain extent in the process of 

obtaining the most important features from feature maps.  

Two types of pooling layers are present in the study, namely max pooling and 

average pooling. A pooling layer with shape of 2 x 2 is considered. Max pooling 

results the maximum value of the pixels in the part of the image covered by the 2 

x 2 layer. Average pooling provides the average value of that image’s portion. 

Max pooling is better than average pooling in terms of extracting dominant 

features.  Figure 2.6 depicts the max pooling and average pooling operation on the 

feature map. 

 

Fig. 2.6. Max pooling and Average pooling operation 

 

 

2.4.1.2.1.2    RELU ACTIVATION FUNCTION 

 

An activation function determines whether or not a neuron should be fired or 

activated. It causes a neuron's output to become nonlinear. 
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In CNN, Rectified Linear Unit (ReLU) is the most prevalent activation function, 

which is expressed as: 𝒇(𝒙) = 𝐦𝐚𝐱(𝟎, 𝒙). If x is greater than zero then the output 

produces x, whereas x is less than zero then output will be zero. Figure 2.7 introduces 

the ReLU activation function. 

 

Fig 2.7. ReLU activation function 

Since the mathematical process is simpler and the activation is sparser, ReLU is not 

computationally expensive than certain other typical activation functions like tanh and 

Sigmoid. If the input x is less than zero, there's a good probability that a certain unit 

won't fire at all. Sparsity also reduces noise and overfitting, as well as more compact 

models with higher predictive value. Neurons in a sparse network process significant 

information to the next layer. As an example, if a neuron which is responsible for 

identifying a certain object in a object classification model should not be triggered if 

the image is human face. 

Another benefit that ReLU has is that it converges faster. When x>0, slope of the 

ReLU is one and it does not increase as x increases. As a result, ReLu does not suffer 

from the vanishing gradient problem like the other activation functions, such as 

Sigmoid or tanh.  

In this chapter, ReLU activation function has been introduced after each convolution 

layer. 
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2.4.1.2.2    VGG19 MODEL FOR FEATURES EXTRACTION 
 

VGG19 is a CNN architecture which was proposed by [37]. This architecture 

consists 16 convolutional layers along with 3 fully-connected layers and it is also 

trained on ImageNet database. Last three fully connected layers have been 

dropped and remaining 16 convolutional layers have been used as the feature 

extractor. All the convolution layers in VGG19 are having a kernel size of 3 x 3, 

stride is 1 with padding is ‘same’ followed by ReLU activation function. Then 

Max-pooling layer is used after every stack of convolutional layers with a kernel 

size of 2 x 2 and stride of 2. 

Wavelet and Cross-wavelet scalogram images (RGB ) of size 224 x 224 x 3 were 

taken as the input to the VGG19 feature extractor. Then image normalization was 

done similarly as it has been mentioned in section 2.4.1.3.1.  Then each 

normalized image was passed through first stack of 2 convolutional layers which 

contains 64 filters followed by ReLU activation function. Then the activation map 

was passed through the max-pooling layer. The shape of the activation at the 

output of the max-pooling layer was 112 x 112 x 64. Then it was passed through 

the second stack of 2 convolutional layers and one max-pooling layer. Each 

convolutional layer in the second stack contains 128 filters. The shape after the 

max-pooling layer was 56 x 56 x 128.  This was followed by the third stack with 

four convolutional layers of 256 filters and one max-pooling layer. The output 

shape was 28 x 28 x 256 . Then it was passed through two stacks of four 

convolutional layers and each stack has one max-pooling layer. Convolutional 

layers of fourth and fifth stack contains 512 filters. The output at the end of the 

feature extractor was 7 x 7 x 512. 

The activation map of size (7 x 7 x 512) was then flattened, yielding a feature 

vector of size (7 x 7 x 512) 25088 features as the output. This vector was utilised 

as a feature vector in the classification of Parkinson's disease. 
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Fig. 2.8.  Features extraction using VGG19 from Wavelet and Cross-wavelet Scalograms 

 

 

2.4.1.2.3    DenseNet-121 MODEL FOR FEATURES EXTRACTION 

 

DenseNet-121 architecture is a dense CNN model which was proposed by (Huang 

& Liu, 2017) [38]. This architecture consists of four dense blocks, three transition 

layers, convolution and max-pooling layer along with fully connected layers. 

Fully connected layers have been dropped for feature extraction.  

In DenseNet-121 architecture, every normalized Wavelet and Cross-wavelet 

scalogram image of size 224 x 224 x 3 has been passed through a convolutional 

layer which has kernel size of 7 x 7 and stride is 2 with 64 filters. The resulting 

image had a resolution of 112 x 112. Then it was passed through a max-pooling 

layer which had a kernel size of 3 x 3 and stride 2. So the image's resolution was 

again reduced by half (56 x 56). Then it was passed through four dense blocks and 

between two dense blocks one transition layer was present. First dense block was 

made up of two convolutional layers that have been repeated by 6 times. One 
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convolutional layer had 3 x 3 kernel and other had a kernel size of 1 x 1 with 

‘same’ padding and stride 1. The second, third, and fourth dense blocks were 

similarly built up of two convolutional layers that were repeated 12, 24, and 16 

times. Each transition layer had one convolutional layer with a kernel size of 1 x 1 

and one average pool layer with kernel size of 2 x 2 and stride of 2. So after every 

transition layer resolution of the image was decreased by two. Figure 2.9 

represents features extraction using DenseNet-121 architecture.  

 

 

 

 

 

 

 

 

 

Figure 2.10 shows the architecture of dense block. In dense block all the dense units 

were directly connected with the subsequent dense units and newly generated features 

were also passed to subsequent dense units. So the shallow features of previous dense 

units were reused and efficiently employed again and again. Vanishing gradient 

problem with DenseNet-121 architecture can be reduced to a certain extent. Between 

two layers in dense block, one bottleneck layer with kernel size of 1 x 1 and one 

convolutional layer with kernel size of 3 x 3 for convolution operation were present. 

Each layer has been followed by batch normalization (BN) and ReLU activation. 
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Fig. 2.9.  Features extraction using DenseNet-121 from Wavelet and Cross-wavelet   

Scalograms 
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 Fig. 2.10.  Diagrammatic representation of dense block  

Figure 2.11 shows the structure of transition layer. 

 

 

 

Fig. 2.11.  Transition layer 

 

 

 

2.4.1.2.4    XCEPTION MODEL FOR FEATURES EXTRACTION 

 

Xception is a transfer learning based CNN model which has been trained on ImageNet 

database. This architecture was proposed by (Chollet F. )[39]. It is an extreme version 

of Inception V3 model which is used depth-wise separable convolution rather than 

conventional convolution process. In depth-wise separable convolution, two 

convolution processes are present, namely depth-wise convolution and point-wise 

convolution instead of one single convolution. In depth-wise convolution, convolution 

is done at every channel of the original image. Suppose an RGB image is taken which 

has 3 channels. A filter with kernel size of 3 x 3 is considered for the depth-wise 

convolution operation. Now for performing convolution operation, 3 individual 3 x 3  

Dense 

Block 
1 x1 conv 

2 x 2 average 

pool, stride2  

Dense 

Block 
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filter is required. Point-wise convolution is done by 1 x 1 convolution to compress the 

output of depth-wise convolution over the depth. This architecture reduces the 

computational complexity. In Inception V3 model point-wise convolution is used at 

first on the input image and then depth-wise convolution is used on each of the depth 

spaces from each of those input spaces. Xception model simply reverses this process. 

It first applies depth-wise convolution and then point-wise convolution is applied. 

Between these two convolutions, no non-linear activation function is introduced. 

Figure 2.12 demonstrates the architecture of Xception model. 

 

 

For feature extraction using this model, Wavelet and Cross-wavelet scalogram images 

of shape 224 x 224 x 3 has been reshaped to 299 x 299 x 3. Then each image has been 

passed through entry flow, middle flow and exit flow as shown in the figure. The 

middle flow was repeated for 8 times. Fully connected layers and Logistic Regression 

classifier have been dropped for extracting the features. A vector size of 2048 

dimensions was then fed to the different ML models for classification. 

 

Fig. 2.12. Exception model architecture 
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2.4.2    CLASSIFICATION 

 

Extracted deep features from the Wavelet and Cross-wavelet scalogram images 

using VGG16, VGG19, DenseNet-121 and Xception model were then feed into 

different ML algorithms, such as Random Forest, Logistic Regression, SVM and 

KNN. Then Majority Voting Ensembling technique has been introduced on these 

models to improve the evaluation metrics (accuracy, precision, recall, F1-scoe and 

AUC score). All the above mentioned ML algorithms have been discussed in this 

section. 

 

 

2.4.2.1    RANDOM FOREST 

 

Random Forests is a well-known classification and regression algorithm that is 

capable of effectively categorizing large datasets. An ensemble of decision trees is 

generated via the Random Forests method. The primary premise of ensemble methods 

is to put weak learners together in order to create a strong learner [40]. The data is 

inputted at the top of the tree, and as it descends, it is sampled at random, but with 

replacing into successively smaller sets. Random Forest selects base features from a 

random set of features. It generates highly uncorrelated classifiers and trades variance 

with bias. The following steps can be used to implement the RF algorithm. 

1. For b=1 to  B : 

(i) From the training data, create a bootstrap sample Z* of size N. 

(ii) The next steps should be repeated iteratively for each terminal node of the tree 

until the minimal node size nmin is attained in order to grow a random forest tree Tb.       

(a) From the p variables, choose m variables at random. 

(b) Choose from the m, the best variable or splitting attribute. 

(c) Create two daughter nodes by splitting the node. 
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 2. produce the ensemble of trees{𝑻𝒃}𝟏
𝑩. 

B is the total number of decision trees. Total m training data points are available 

and from which p variables are taken as bootstrapped data.  

 

 

2.4.2.2    SUPPORT VECTOR MACHINE 

 

The support vector Machine (SVM) are arguably the most well-known supervised 

learning algorithm which is used for both classification and regression problem 

and it is specialised for a lower number of training samples. SVM was proposed 

by VN Vapnik [41]. The basic principle of SVM is to identify an optimal hyperplane 

in the feature plane which acts as a decision boundary. This decision boundary 

separates the data points between different in the feature plane. It tries to put a linear 

boundary between the two classes, indicated by a bold line, and orients it so that the 

margin is maximised, i.e. the separation in between boundary and the closest input 

data in each class is maximum. 

 Let’s consider a binary classification problem which has two class labels such as 

class1 and class2. Now m data points with n features are taken which are divided 

between class1 and class2. Input vector can be expressed as Xj = [x1j, x2j, x3j,….., xnj] , 

and j is varied from 1 to m. Output can be expressed as y(j) = {-1,1}. Consider the data 

points are linearly separable. So SVM tries to put an optimal hyper plane in the n-

dimensional feature plane which divides the data points between two classes. Two 

classes are separated by that hyperplane. The separating hyper plane can be described 

as: 

𝑔𝜃 = 𝜃𝑇𝑥 + 𝜃0 
 

(2.7) 

Where θ ϵRn is a weight vector and θ0 is bias. These two parameters determine the 

separating hyper plane between two classes. 

Margin in SVM is an unsigned distance which defines the smallest distance between a 

data point x(j) and a separating hyper plane H as 
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𝛾 = 𝑚𝑖𝑛𝑗=1,2,..,𝑚 𝑑(𝑥
𝑗, 𝐻) 

 

(2.8) 

𝒅(𝒙𝒋, 𝑯) is the unsigned distance between j-th point and the hyper plane. γ defines the 

margin value. 𝒅(𝒙𝒋, 𝑯) can be expressed as: 

𝑑(𝑥𝑗 , 𝐻) =  
|𝑔𝜃(𝑥

(𝑗))|

‖𝜃‖2
 

 

(2.9) 

The signed distance between the data points and separating hyper plane can be 

expressed as: 

𝑑𝑠𝑖𝑔𝑛𝑒𝑑(𝑥
𝑗 , 𝐻) = 𝑦(𝑗)  (

𝜃𝑇𝑥𝑗 + 𝜃0
‖𝜃‖2

) 

 

(2.10) 

If 𝒅𝒔𝒊𝒈𝒏𝒆𝒅(𝒙
𝒋, 𝑯) ≥ 0, SVM correctly classifies x(j) , otherwise it misclassifies the data. 

 

Fig 2.13. The optimized hyperplane in SVM 

 

SVM tries to maximize the margin, so the optimization problem can be given as: 



Page | 39  
 

maximize    γ 

subject to  𝑦(𝑗)  (
𝜃𝑇𝑥𝑗+𝜃0

‖𝜃‖2
) ≥ γ 

 

(2.11) 

This optimization problem is not easy because γ depends upon θ and θ0 and 
𝟏

‖𝜽‖𝟐
 is 

non-linear.  

 

So this problem can be generalized as: 

minimize   
𝟏

𝟐
‖𝜽‖𝟐 

subject to 𝑦𝑗(𝜃𝑇𝑥𝑗 + 𝜃0)  ≥ 1 
 

(2.12) 

The data points which are closer to the separating hyper plane, known as support 

vectors. Support vectors have an impact on the   position and orientation. The 

margin between two classes can be maximized using support vectors. If the data 

points are not linearly separable, then the classification problem becomes non-

linear and a linear separable hyper plane is insufficient to adequately distinguish 

the two classes. The classification features are generated from the original data 

using nonlinear mapping. So for nonlinear classification problem, kernel functions 

transform data points on a high dimensional feature plane where the data points 

are linearly separable. Some kernel functions which are used in SVM are linear 

functions, radial basis functions and polynomial functions. 

Radial Basis function can be expressed as: 

𝑘(𝑥1, 𝑥2) =  𝑒
−
‖𝑥1−𝑥2‖2

2𝜎2  
 

(2.13) 

Where σ2 is the width. C and σ2, these two parameters influence evaluation 

metrics of the classifier. In this chapter RBF kernel has been used for 

classification. 
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2.4.2.3    LOGISTIC REGRESSION 

 

A supervised machine learning approach called logistic regression is employed for 

classification problems and it evaluates the relationship between labels (dependent 

variables) and one or more independent features. Let’s consider a binary classification 

problem with m input data points which have two independent features. Binary 

classification represents two class labels 1 and 0, where Y ∈ {0,1}. Input vector can be 

expressed as x ⃗ = {(𝑥1
(1)

, 𝑥2
(1)

), (𝑥1
(2)

, 𝑥2
(2)

),…….,(𝑥1
(𝑚)

, 𝑥2
(𝑚)

)} and output vector is y ⃗ = 

{y(1), y(2), y(3), y(4),….., y(m)}. Logistic Regression’s job is to predict the output either 0 

or 1. Now Linear Regression tries to fit an optimal usually least-squares fit to some 

given data using weights which are linear.  Output of simple Linear Regression model 

can be expressed as:  

𝑧 = 𝑤0 + 𝑤1𝑥1 +𝑤2𝑥2 
 

(2.14) 

 

Now for classification problem, all data have to be squished between 0 and 1. For that 

purpose, sigmoid function (σ) is used. Output of Linear Regression model is fed to the 

sigmoid function which can be expressed as: 

𝜎(𝑧) =  
1

1 + exp (−𝑧)
 

 

(2.15) 

As z tends to ∞, σ(z) tends to 1 and if z tends to –∞,  σ(z) tends to 0. At z=0, σ(z) 

=0.5. This is also a monotonic function.  

Figure 2.14 represents the sigmoid activation function. 
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Fig. 2.14. Sigmoid Activation Function 

Predicted output from the Logistic Regression can be given as:  

𝑦̂ = 𝜎(𝑤0 +𝑤1𝑥1 +𝑤2𝑥2) 
 

(2.16) 

Where ŷ ∈ [0,1]. ŷ can also be interpreted as p(y=1|x). It defines that the probability of 

y is label 1 for a given input data. 

For z > 0, ŷ > 0.5. Then the point is labeled as class 1. It also means that probability of 

that point to present in class 1 is greater than 0.5. 

 For z < 0, ŷ < 0.5. Then and the probability of that point to present in class 1 is less 

than 0.5. So the point is labelled as class 0.  

 

 

2.4.2.4    K-NEAREST NEIGHBORS 

 

The k-Nearest Neighbors (KNN) is a non-parametric, supervised learning 

algorithm which is used for both classification and regression problem. This 

method does not make any assumption about the mapping function between the 



Page | 42  
 

output dependent variables and input independent features. In the feature space, 

the input consists of the K closest training instances. It uses majority voting to get 

more accurate result. 

For an example, a binary classification problem is considered where two classes 

(0 or 1) are present and k is assumed as 3. k represents how many nearest 

neighbors have to consider. Now a new test point is taken into the feature space. 

Three data points have to find out from the feature space those are nearer to the 

new test point based on eucledian or manhattan distance. Among these three 

points, if two points are coming from the label 1 and one point is from the label 0, 

then the new point is considered as the label 1.  

 

 

2.4.2.5    MAJORITY VOTING CLASSIFIER 

 

Majority voting classifier is an ensemble ML algorithm that incorporates 

predictions from several different machine learning models. This algorithm might 

be utilized to improve model performance with the intention of exceeding any 

individual model in the ensemble. In this technique, predictions from many 

machine learning models are combined in a voting ensemble. It can be applied to 

problems involving classification and regression. It can be used for both 

classification and regression problem. In regression problem, predictions from all 

the machine learning models are taken as average. In classification problem, 

predictions are taken from the majority vote of all machine learning models. 

Majority voting classifiers are of two types, such as Hard Voting and Soft Voting. 

Hard voting entails adding up all of the predictions for each class label and 

predicting the one with the most votes. Soft voting entails adding up the 

anticipated probabilities for each class label and predicting the one with the 

highest likelihood.  
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2.4.3    FLOWCHART OF THE PROPOSED METHODOLOGY 
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Fig. 2.15. Flowchart of proposed methodology 
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2.5    EXPERIMENTAL RESULTS 

 

In the previous section proposed methodology (data) of the Parkinson’s disease 

classification has been discussed. In this section, accuracy, recall, precision, f1-score 

and area under curve (AUC) were used to evaluate the performance of different ML 

classifiers.  

Confusion Matrix : 

Confusion matrix is table which a way of evaluating how well a machine learning 

algorithm performs in a classification problem when the output can include two or 

more classes. It is a matrix which includes four different parameters of true and 

predicted class labels. 

 

                                                             

                                                                 

                                                                       P 

                                                                                                                                   N 

                                                             

                                                                       N 

 

                                                              

                                                                                           P                              N                  

                                                                                              PREDICTED CLASS                                                                     

  Fig 2.16. Confusion Matrix                                                 

where, 

TP : True Positive,  TN : True Negative,  FP: False Positive,  FN: False Negative 

In this chapter, PD was taken as P (Positive) and HC was taken as N (Negative). 

True Positive : 

If the predicted class label by ML classifiers is positive, which is same as the true 

class label, then it is known as True Positive (TP). For PD classification, TP 

 

       TP 

 

     FN 

 

FP 

 

  

      TN 

      ACTUAL  CLASS 
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represents that the person has Parkinson’s disease and machine learning classifier also 

predicts the same. 

True Negative : 

These are the accurately predicted negative class labels, indicating that neither the 

actual class label nor the predicted class labels are positive. E.g. If the predicted class 

and true class tell the same thing that the person has the Parkinson’s disease, then the 

outcome is True Negative (TN). 

False Positive: 

It is a result when the model forecasts negative class inaccurately. E.g. If the ML 

classifiers predict class label as PD but the true class label is HC, then the result is 

False Positive (FP). FP should be less as it decreases the performance of classifiers. 

 False Negative: 

It is a result when the model forecasts positive class inaccurately. E.g. If the ML 

classifiers predict class label as HC but the true class label is PD, then the result is 

False Positive (FP). FP should be less as it also decreases the performance of 

classifiers. 

The evaluation metrics are given as follows: 

Accuracy: 

The easiest performance metric to understand is accuracy, which is just the proportion 

of properly predicted observations to all observations. Accuracy is an excellent 

indicator, but only when the total number of the false positive and false negative are 

nearly equal in the datasets. 

𝑨𝒄𝒄𝒖𝒓𝒂𝒄𝒚 =   
TP +  TN

TP +  TN +  FP +  FN
                     

(2.17) 

 

   

Precision: 

It is the percentage of correct positive classifications (True Positives) from cases that 
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are predicted as positive. E.g. It shows how many people are accurately identified as 

having Parkinson's disease out of all the predicted PD patients. 

𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏 =     
TP

TP +  FP 
                                  

(2.18) 

 

   

Recall: 

It is the percentage of correct positive predicting classifications (true positives) from 

cases that are truly positive. E.g. It shows how many people are accurately identified 

as having Parkinson's disease out of all the actual PD patients. 

𝑹𝒆𝒄𝒂𝒍𝒍 =    
TP 

TP +  FN
   

(2.19) 

 

f1-score: 

By calculating a classifier's harmonic mean, the F1-score combines its precision and 

recall into a single metric. f1-score is a better evaluation metric than accuracy when 

the data set distribution is uneven (amount of false positives and false negatives are 

not same).  

𝒇𝟏 − 𝒔𝒄𝒐𝒓𝒆 =    
2 ∗  (Recall ∗   Precision)

(Recall +  Precision)
               

(2.20) 

 

Area Under the ROC Curve (AUC): 

Area Under the ROC Curve (AOC) is a crucial tool for diagnosing test assessment. 

and is a plot between the true positive rate or sensitivity (
𝐓𝐏

𝐓𝐏+𝐅𝐍
) and the false positive 

rate (
𝐅𝐏

𝐅𝐏+𝐓𝐍
) for the various diagnostic test cut-off values that could be used. It is used 

in the cases of binary class classification. AUC score ranges between 0 and 1. An 

AUC score of 0.0 indicates a model with 100% erroneous predictions, whereas an 

AUC score of 1.0 indicates a model with 100% correct predictions. 
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2.5.1 WAVELET TRANSFORM + VGG16 BASED RESULT  
 

This section shows the evaluation metrics, confusion matrix and AUC graphs of ML 

classifiers based on Wavelet Transform and VGG16 based extracted features. 

Table I.  represents the evaluation metrics of different ML classifiers which were used 

for PD classification problem.  

Algorithms Accuracy Precision Recall f1-score 

Random Forest 0.89 0.86 0.90 0.88 

SVM 0.93 0.95 0.90 0.92 

Logistic Regression 0.89 0.86 0.90 0.88 

 KNN 0.93 0.90 0.95 0.93 

Soft Voting 

Classifier 0.96 0.95 0.95 0.95 

 

Table I. Performance evaluation of different classifiers based on Wavelet Transform+VGG16 

based extracted features 

For SVM, hyperparameter C has been chosen as 13 and ‘rbf’ kernel has been used. 

The number of trees (n_estimators) was chosen as 200 in the Random Forest. For 

KNN, 8 nearest neighbours (n_neighbors) have been chosen. Soft Voting classifier 

has been used as majority voting ensembling. 

From Table I, it has been shown that Soft Voting Classifier has provided the 

maximum accuracy of 95.65%. It has also provided good precision, recall and f1-

score with a value of 0.95. Before applying majority voting ensemble, SVM and KNN 

have provided the maximum accuracy of 93.47%. But with KNN algorithm False 

Negative (FN) is 1, where with SVM algorithm FN is 2. From figure 2.19 it has been 

shown that KNN’s AUC score (0.937) is better than SVM’s AUC score (0.931). So 

KNN has provided better classification result than SVM. It has been noticed that 

majority voting ensemble improved the evaluation metrics of the classification. 

Figure 2.17 shows the confusion matrix of ML classifiers.  
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Fig 2.17. Confusion matrix using different Machine Learning classifiers based on Wavelet 

Transform and VGG16 based extracted features 

Figure 2.18 represents the AUC graph and AUC score of ML classifiers. From the 

figure it has been shown that Soft Voting classifier has provided the maximum AUC 

score of 0.956. 
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Fig 2.18. AUC graphs of different ML classifiers 
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2.5.2 WAVELET TRANSFORM + VGG19 BASED RESULT 

 

This section shows the evaluation metrics, confusion matrix and AUC graphs of 

different ML classifiers based on Wavelet Transform and VGG19 based extracted 

features. 

Table II.  represents the evaluation metrics of different ML classifiers which were 

used for PD classification problem.  

Algorithms Accuracy Precision Recall f1-score 

Random Forest 0.89 0.86 0.90 0.88 

SVM 0.89 0.83 0.95 0.88 

Logistic Regression 0.85 0.78 0.90 0.84 

 KNN 0.87 0.89 0.80 0.84 

Soft Voting 

Classifier 0.91 0.86 0.95 0.90 

 

Table II. Performance evaluation of different ML classifiers based on Wavelet Transform and 

VGG19 based extracted features  

For SVM, hyperparameter C has been chosen as 13 and ‘rbf’ kernel has been used. 

The number of trees (n_estimators) was chosen as 200 in the Random Forest. For 

KNN, 8 nearest neighbours (n_neighbors) have been chosen. Soft Voting classifier 

has been used as majority voting ensembling.  

From Table II, it has been shown that Soft Voting Classifier has provided the 

maximum accuracy of 91.30%. It has also provided good precision, recall and f1-

score of 0.86, 0.95 and 0.90 respectively. Before applying majority voting ensemble, 

Random Forest and SVM have provided the maximum accuracy of 89.13%. But SVM 

has provided better classification result than Random Forest with less FN (1) and 

better AUC score (0.898). It has been noticed that majority voting ensemble improved 

the evaluation metrics of the classification. 

Figure 2.19 shows the confusion matrix of all ML classifiers.  
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Fig 2.19. Confusion matrix using different Machine Learning classifiers based on Wavelet 

Transform and VGG19 based extracted features 

Figure 2.20 represents the AUC graph and AUC score of different ML classifiers. 

From the figure it has been shown that Soft Voting classifier has provided the 

maximum AUC score of 0.917. 
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Fig 2.20. AUC graphs of different ML classifiers 
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2.5.3 WAVELET TRANSFORM+ DenseNet-121 BASED RESULT 

 

This section shows the evaluation metrics, confusion matrix and AUC graphs of 

different ML classifiers based on Wavelet Transform and DensNet-121 based 

extracted features. 

Table II.  represents the evaluation metrics of different ML classifiers which were 

used for PD classification problem.  

Algorithms Accuracy Precision Recall f1-score 

Random Forest 0.87 0.85 0.85 0.85 

SVM 0.87 0.89 0.80 0.84 

Logistic Regression 0.83 0.80 0.80 0.80 

 KNN 0.83 0.83 0.75 0.79 

Soft Voting 

Classifier 0.89 0.94 0.80 0.86 

 

Table III. Performance evaluation of different ML classifiers based on Wavelet Transform 

and DenseNet-121 based extracted features  

For SVM, hyperparameter C has been chosen as 13 and ‘rbf’ kernel has been used. 

The number of trees (n_estimators) was chosen as 200 in the Random Forest. For 

KNN, 10 nearest neighbours (n_neighbors) have been chosen. Soft Voting classifier 

has been used as majority voting ensembling.  

From Table III, it has been shown that Soft Voting Classifier has provided the 

maximum accuracy of 89.13%. It has provided precision, recall and f1-score with a 

value of 0.94, 0.80 and 0.86 respectively. Before applying majority voting ensemble, 

Random Forest and SVM has provided the maximum accuracy of 87%. But Random 

Forest has provided better classification result than SVM with less FN (3) and better 

AUC score (0.867).  It has been noticed that majority voting ensemble improved the 

accuracy of classification.  

Figure 2.21 shows the confusion matrix of all ML classifiers.  
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Fig 2.21. Confusion matrix using different Machine Learning classifiers based on Wavelet 

Transform and DenseNet-121 based extracted features 

Figure 2.22 represents the AUC graph and AUC score of different ML classifiers. 

From the figure it has been shown that Soft Voting classifier has provided the 

maximum AUC score of 0.881. 
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Fig 2.22. AUC graphs of different ML classifiers 

 
Random Forest 

 
SVM 

 
Logistic Regression 

 
KNN 

 
Soft Voting Classifier 



Page | 56  
 

2.5.4 WAVELET TRANSFORM+ XCEPTION BASED RESULT 

 

This section shows the evaluation metrics, confusion matrix and AUC graphs of 

different ML classifiers based on Wavelet Transform and Xception based extracted 

features. 

Table IV.  represents the evaluation metrics of different ML classifiers which were 

used for PD classification problem.  

Algorithms Accuracy Precision Recall f1-score 

Random Forest 0.93 0.95 0.90 0.92 

SVM 0.91 0.90 0.90 0.90 

Logistic Regression 0.85 0.84 0.80 0.82 

 KNN 0.91 1 0.80 0.89 

Soft Voting 

Classifier 0.89 0.89 0.85 0.87 

 

Table IV. Performance evaluation of different ML classifiers based on Wavelet Transform 

and Xception based extracted features  

 

For SVM, hyperparameter C has been chosen as 13 and ‘rbf’ kernel has been used. 

The number of trees (n_estimators) was chosen as 200 in the Random Forest. For 

KNN, 8 nearest neighbours (n_neighbors) have been chosen. Soft Voting classifier 

has been used as majority voting ensembling.  

From Table IV, it has been shown that Random Forest has provided the maximum 

accuracy of 93.47%. It has also provided good precision, recall and f1-score with a 

value of 0.95, 0.90 and 0.92 respectively.  

Figure 2.23 shows the confusion matrix of all ML classifiers.  
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Fig 2.23. Confusion matrix using different Machine Learning classifiers based on Wavelet 

Transform and Xception based extracted features 

Figure 2.24 represents the AUC graph and AUC score of different ML classifiers. 

From the figure it has been shown that Random Forest classifier has provided the 

maximum AUC score of 0.932. 
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Fig 2.24. AUC graphs of different ML classifiers 
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2.5.5 CROSS-WAVELET TRANSFORM+ VGG16 BASED RESULT 

 

This section shows the evaluation metrics, confusion matrix and AUC graphs of 

different ML classifiers based on Cross-wavelet Transform and VGG16 based 

extracted features. 

Table V. represents the evaluation metrics of different ML classifiers which were used 

for PD classification problem.  

Algorithms Accuracy Precision Recall f1-score 

Random Forest 0.89 0.94 0.80 0.86 

SVM 0.80 0.74 0.85 0.79 

Logistic Regression 0.76 0.75 0.71 0.73 

 KNN 0.76 0.80 0.60 0.69 

Soft Voting 

Classifier 0.78 0.75 0.75 0.75 

 

Table V. Performance evaluation of different ML classifiers based on Cross-wavelet 

Transform and VGG16 based extracted features  

 

For SVM, hyperparameter C has been chosen as 13 and ‘rbf’ kernel has been used. 

The number of trees (n_estimators) was chosen as 200 in the Random Forest. For 

KNN, 3 nearest neighbours (n_neighbors) have been chosen. Soft Voting classifier 

has been used as majority voting ensembling.  

From Table V, it has been shown that Random Forest has provided the maximum 

accuracy of 89.13%. It has also provided good precision, recall and f1-score with a 

value of 0.94, 0.80 and 0.86 respectively.  

Figure 2.25 shows the confusion matrix of all ML classifiers.  
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Fig 2.25. Confusion matrix using different Machine Learning classifiers based on Cross-

wavelet Transform and VGG16 based extracted features 

Figure 2.26 represents the AUC graph and AUC score of different ML classifiers. 

From the figure it has been shown that Random Forest classifier has provided the 

maximum AUC score of 0.881. 
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Fig 2.26. AUC graphs of different ML classifiers 
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2.5.6 CROSS-WAVELET TRANSFORM+ VGG19 BASED RESULT 

 

This section shows the evaluation metrics, confusion matrix and AUC graphs of 

different ML classifiers based on Cross-wavelet Transform and VGG19 based 

extracted features. 

Table VI. represents the evaluation metrics of different ML classifiers which were 

used for PD classification problem.  

Algorithms Accuracy Precision Recall f1-score 

Random Forest 0.85 0.84 0.80 0.82 

SVM 0.83 0.80 0.80 0.80 

Logistic Regression 0.83 0.77 0.85 0.81 

 KNN 0.72 0.68 0.65 0.67 

Soft Voting 

Classifier 0.83 0.77 0.85 0.81 

 

Table VI. Performance evaluation of different ML classifiers based on Cross-wavelet 

Transform and VGG19 based extracted features  

 

For SVM, hyperparameter C has been chosen as 13 and ‘rbf’ kernel has been used. 

The number of trees (n_estimators) was chosen as 200 in the Random Forest. For 

KNN, 2 nearest neighbours (n_neighbors) have been chosen. Soft Voting classifier 

has been used as majority voting ensembling.  

From Table VI, it has been shown that Random Forest has provided the maximum 

accuracy of 84.78%. It has also provided precision, recall and f1-score of 0.84, 0.80 

and 0.82 respectively.  

Figure 2.27 shows the confusion matrix of all ML classifiers.  
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Fig 2.27. Confusion matrix using different Machine Learning classifiers based on Cross-

wavelet Transform and VGG19 based extracted features 

Figure 2.28 represents the AUC graph and AUC score of different ML classifiers. 

From the figure it has been shown that Random Forest classifier has provided the 

maximum AUC score of 0.842. 
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Fig 2.28. AUC graphs of different ML classifiers 

 
Random Forest 

 
SVM 

 
Logistic Regression 

 
KNN 

 
Soft Voting Classifier 



Page | 65  
 

2.5.7 CROSS-WAVELET TRANSFORM+ DenseNet-121 BASED   

RESULT 

 

This section shows the evaluation metrics, confusion matrix and AUC graphs of 

different ML classifiers based on Cross-wavelet Transform and DenseNet-121 based 

extracted features. 

Table VII. represents the evaluation metrics of different ML classifiers which were 

used for PD classification problem.  

Algorithms Accuracy Precision Recall f1-score 

Random Forest 0.91 0.90 0.90 0.90 

SVM 0.87 0.85 0.85 0.85 

Logistic Regression 0.83 0.80 0.80 0.80 

 KNN 0.85 0.84 0.80 0.82 

Soft Voting 

Classifier 0.89 0.89 0.85 0.87 

 

Table VII. Performance evaluation of different ML classifiers based on Cross-wavelet 

Transform and DenseNt-121 based extracted features  

 

For SVM, hyperparameter C has been chosen as 13 and ‘rbf’ kernel has been used. 

The number of trees (n_estimators) was chosen as 200 in the Random Forest. For 

KNN, 9 nearest neighbours (n_neighbors) have been chosen. Soft Voting classifier 

has been used as majority voting ensembling.  

From Table VII, it has been shown that Random Forest has provided the maximum 

accuracy of 91.30% with precision, recall and f1-score of 0.90.  

Figure 2.29 shows the confusion matrix of all ML classifiers.  
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Fig 2.29. Confusion matrix using different Machine Learning classifiers based on Cross-

wavelet Transform and DenseNet-121 based extracted features 

Figure 2.30 represents the AUC graph and AUC score of different ML classifiers. 

From the figure it has been shown that Random Forest classifier has provided the 

maximum AUC score of 0.912. 
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Fig 2.30. AUC graphs of different ML classifiers 
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2.5.8 CROSS-WAVELET TRANSFORM+ XCEPTION BASED 

RESULT 

 

This section shows the evaluation metrics, confusion matrix and AUC graphs of 

different ML classifiers based on Cross-wavelet Transform and Xception based 

extracted features. 

Table VIII. represents the evaluation metrics of different ML classifiers which were 

used for PD classification problem.  

Algorithms Accuracy Precision Recall f1-score 

Random Forest 0.85 0.78 0.90 0.84 

SVM 0.89 0.86 0.90 0.88 

Logistic Regression 0.93 0.87 1.00 0.93 

 KNN 0.85 0.88 0.75 0.81 

Soft Voting 

Classifier 0.89 0.87 1.00 0.93 

 

Table VIII. Performance evaluation of different ML classifiers based on Cross-wavelet 

Transform and Xception based extracted features  

 

For SVM, hyperparameter C has been chosen as 13 and ‘rbf’ kernel has been used. 

The number of trees (n_estimators) was chosen as 200 in the Random Forest. For 

KNN, 8 nearest neighbours (n_neighbors) have been chosen. Soft Voting classifier 

has been used as majority voting ensembling.  

From Table VIII, it has been shown that Logistic Regression and Soft Voting 

classifier have provided the maximum accuracy of 93.47% with precision, recall and 

f1-score of 0.87, 1 and 0.93 respectively. They have also provided 0 FN case.   

Figure 2.31 shows the confusion matrix of all ML classifiers.  
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Fig 2.31. Confusion matrix using different Machine Learning classifiers based on Cross-

wavelet Transform and DenseNet-121 based extracted features 

Figure 2.32 represents the AUC graph and AUC score of different ML classifiers. 

From the figure it has been shown that Logistic Regression and Soft Voting classifier 

have provided the maximum AUC score of 0.912. 
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Fig 2.32. AUC graphs of different ML classifiers 
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2.6 CONCLUSIONS 

In this chapter, audio signals have been used for Parkinson’s disease (PD) 

classification. This chapter represented a feature extraction technique which 

involved Wavelet Transform and Cross-wavelet Transform with VGG16, VGG19, 

DenseNet-121 and Xception architecture. Then multiple Machine Learning 

algorithms were implemented for classification problem. 

 Wavelet Transform with VGG16 based feature extraction technique has provided 

the best evaluation metrics (accuracy, precision, recall, f1-score and AUC score). 

In this feature extraction method, Soft Voting classifier has provided the 

maximum accuracy of 95.65% with precision, recall and f1-score of 0.95. Other 

proposed feature extraction techniques have also provided satisfactory 

classification results. From figure 2.32, it has been noticed that Cross-wavelet 

transform with Xception based feature extraction method has produced 0 FN case 

with Logistic Regression and Soft Voting Classifier. In medical diagnostic 

problems, FN is more severe than FP. In this chapter, it has been noticed that 

Xception and DenseNet-121 architecture have extracted better features from the 

Cross-wavelet scalograms than VGG16 and VGG19. Due to this they have 

provided better evaluation metrics.   

These proposed feature extraction techniques have provided better classification 

result than the traditionally used Mel-frequency Cepstral Coefficients (MFCC) 

based featue extraction technique. 
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CHAPTER 3 
 

 

 

Bearing Fault Classification using Deep Learning Techniques 

________________________________________________________________ 

 

 

3.1  INTRODUCTION 

 

In the recent time, industrial automation has accelerated the use of sophisticated and 

contemporary machine tools. Rotating machines are the most critical equipment in 

today's modern industry setups. Since induction motors are inexpensive, simple to 

install, and require little maintenance, they are frequently employed in industry.  

These equipment's operating conditions must be maintained in order to avoid 

production interruptions and financial loss [1]. Rotating machines are operating for a 

long time of duration, because of that they have been suffered from various kinds of 

electrical and mechanical strains. Because of these electrical and mechanical stresses, 

various parts of machines like bearings, gears, windings are going to fail. Various 

studies state that more than 50% of the total number of failures is caused by bearing 

related faults [2]. So, fault diagnosis of motor bearings is significant for ensuring 

uninterrupted machine operation. Because of this, there is a greater need for creating 

fault detection and fault diagnosis systems for bearing failures in industrial 

applications to avoid serious malfunctions and increase the dependability of the 

industrial machines. 

Various stator, rotor and bearing faults in induction motor have been occurred because 

of mechanical stresses, frequent start of the motor at rated voltage, misalignment of 

bearings, abnormal connection and due to failure of insulation of the stator winding, 

over voltage, under voltage, overload, shorted rotor field winding, bearing and 
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gearbox failures. Inner race, outer race and ball bearing fault are frequently occurred 

in induction motor due to bearing failure.  

 Different types of fault which are occurred in induction motor can be classified as: 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig 3.1. Different types of fault in Induction Motor 

 

In recent times, Machine Learning (ML) and Deep Learning (DL) techniques are 

being deployed for classification of different machine faults. Because of different non 

linear operations in DL method, it can learn high level features to enable more 

thoughtful decision-making. In this chapter, outer race bearing fault has been 

classified using DL models. An ensemble DL model has been introduced by using 

weighted average method to increase the robustness of the classification. The detailed 

description of the dataset has been given in the section 3.3. The proposed 

methodology for the bearing fault classification contained three major steps, data 

preparation, features extraction and classification. From the vibration signal various 

time domain and statistical features namely maximum value, minimum value, 
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skewness, kurtosis, root mean square, crest factor etc have been extracted. The 

extracted were then fed into different deep learning algorithms for the classification. 

Four deep learning algorithms have been introduced in this chapter such as Artificial 

Neural Network (ANN), Recurrent Neural Network (RNN), Long-short term memory 

(LSTM) and Gated Recurrent Unit (GRU) for the classification purpose.  

The remaining of the chapter is laid out as follows: An overview of the literature 

review is presented in section 3.2. The description of the dataset has been mentioned 

in section 3.3. In section 3.4, a brief description of the proposed methodology has 

been mentioned. This section also contains various pre-processing steps data such as 

features extraction, data augmentation etc.  The experimental results of different deep 

learning models have been introduced in section 3.5. Section 3.6 contains conclusion 

and future scope of the proposed work. 

 

 

3.2  LITERATURE  REVIEW 
 

Rafia Nishat Toma and Alexander E. Prosvirin have proposed a methodology based 

on statistical features extraction and Genetic Algorithm (GA) for bearing fault 

classification in 2020 [2]. The researchers have extracted statistical features mean, 

median, variance, skewness, crest factor, Energy, kurtosis, variance etc from current 

signals of induction motor. Then important features were selected by using GA. Then 

features were fed into three different ML algorithms (KNN, Decision Tree, Random 

Forest) for the classification. All the three ML models have provided more than 97% 

of accuracy. Among these three ML models, Random Forest has provided maximum 

accuracy of 99.7% with a very good precision, F1-score, sensitivity and specificity.  

 Choug Abdelkrim and Mohamed Salah Meridje have proposed an adaptive neuro-

fuzzy inference system based technique for ball bearing fault classification [3]. They 

have extracted five features namely mean, standard deviation, maximum, minimum 

and geometric mean. Then the features were fed into the adaptive neuro-fuzzy 

inference system for classification. 

https://www.sciencedirect.com/science/article/pii/S2405844019357068#!
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A Discrete Wavelet Transform (DWT) based method using Random Forest and 

XGBoost algorithm has been introduced in [4]. They have taken current signal from 

the motor for the classification. Then the current signal was decomposed using three 

wavelets. sym4, db4 and haar wavelets were used for this purpose. Then statistical 

features were extracted from wavelet coefficients. For training and testing, Random 

Forest and XGBoost were used which have provided the accuracy more than 99%. 

Xgboost has provided the maximum accuracy of 99.3%. Both Random Forest and 

XGBoost classifier have provided good AUC score of 0.99. 

Pratyay Konar and Paramita Chattopadhyay have used Continuous Wavelet 

Transform (CWT) with SVM and ANN for bearing fault classification [5]. They have 

used ‘morlet’ and ‘daubechies10’ wavelet as mother wavelet. Then three features 

namely crest factor, kurtosis and RMS value has been extracted from the CWT 

coefficients for the classification. The features were then fed into SVM and ANN for 

classification. They have introduced different hyperparameter values c and gamma 

values and compared the result. They have found C= 2 and gamma= 0.2 has given the 

optimized result. 

 

3.3  DATASET DESCRIPTION  

The bearing dataset, which has been used in this chapter, was obtained from NASA 

Prognostics Data Repository. This dataset has been provided by the Center for 

Intelligent Maintenance Systems (IMS), University of Cincinnati (Lee et al., 2007) 

[6].  

This dataset contains vibration acceleration signal from the bearings. For creating this 

dataset, an AC motor has been used, from which a shaft was coupled. This shaft was 

rotating at a constant speed of 2000 RPM while having a 6000 lbs radial load mounted 

on it. It contained four bearings which were mounted on it and all the four bearings 

were force lubricated.   
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This dataset contains three test sets. For the first test set, two accelerometers were 

mounted on the bearing. For test set 2 and 3, one accelerometer has been used to get 

the vibration acceleration signal. All three test sets contain 2156, 984 and 4448 files 

respectively. Each file contains 1 second of vibration data. Sampling rate was set at 20 

kHz. It states that each file has 20480 data points for all four bearings in row wise. For 

test set 2 and 3, the recording time interval between two 1 second vibration data was 

10 minutes. For test set 1, the time interval was also 10 minutes (the first 43 files, 

however, were taken once every five minutes). After end of the experiment, fault has 

been appeared for all three test sets. For test 1, fault has been appeared in bearing 3 

and bearing 4.  For test set 2 and 3, an outer face bearing fault took place in bearing 2 

and bearing 3 respectively. In this chapter, test set 2 has been used for outer race 

bearing fault classification.  

 

3.4   METHODOLODY 

In this section, data pre-processing step and classification of outer race bearing fault 

using DL techniques have been introduced. Data pre-processing step contains feature 

extraction and balance the imbalanced data. Some time domain and statistical features 

have been extracted from the vibration acceleration signal. Then balance the binary 

classification data (Normal and Outer race fault data), over sampling technique has 

been used on the training set. Then features were reshaped and fed into different DL 

algorithms for classification. 

 

3.4.1   DATA PRE-PROCESSING 

From the vibration acceleration signal which was obtained from the IMS bearing 

dataset, nine time domain and statistical features have been extracted namely 

maximum value, minimum value, mean value, standard deviation, RMS, skewness, 

kurtosis, form factor and crest factor. Test set 2 contains 984 files and each file 

consists of 20480 data points for a particular time instant. Maximum and minimum 
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value of 20480 points for a particular time instant have been taken as first two 

features. Average value of the 20480 data points for a particular time instant has been 

taken as the third feature (mean value). Standard Deviation is a statistical feature 

which can be calculated as: 

𝜎 =  √
∑ (𝑥𝑖 − 𝜇)2𝑛
𝑖=1

𝑛 − 1
 

 

(3.1) 

σ is defined as the standard deviation. n is the total number 20480 data points at a 

particular time instant. μ is the mean value of the 20480 points. Each data point is 

defined as xi. 

Other statistical features were skewness and kurtosis. The direction and extent of 

asymmetry in a normal distribution are revealed by skewness measurement. The 

mean, median, and mode are all the exact same in a symmetrical distribution. The 

degree of asymmetry or skewness increases with the distance between the mean value 

and the mode. There are two types of skewness present such as positive skewness and 

negative skewness. Skewness can be expressed as: 

𝑠𝑘𝑒𝑤𝑛𝑒𝑠𝑠 =  
∑ (𝑥𝑖 − 𝜇)3𝑛
𝑖=1

(𝑛 − 1) . 𝜎3
 

 

(3.2) 

Kurtosis refers to the degree of flatness or peakness in the region of a normal 

distribution. Three types of kurtosis are present such as Lepokurtic, Mesokurtic, 

Platykurtic. Kurtosis can be expressed as: 

𝐾𝑢𝑟𝑡𝑜𝑠𝑖𝑠 =  
𝜇4

𝜎4
 

 

(3.3) 

μ4 is defined as the fourth central moment. 

RMS value is defined as: 

𝑅𝑀𝑆 = √
1

𝑛
∑𝑥𝑖

2

𝑛

𝑖=1

 

 

(3.4) 
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Form factor is defined as the ratio of RMS value and average value. It has been used 

as a feature for the classification. Crest factor is defined as the ratio between peak or 

maximum value and RMS value. 

Plot of the features against time has been given below, 

 

Fig 3.2.  Plot between maximum value of the vibration acceleration signal for all one second 

time instant of four bearings and time stamp   

 

 

Fig 3.3.  Plot between Standard Deviation of the vibration acceleration signal for all one 

second time instant of four bearings and time stamp   
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Fig 3.4.  Plot between RMS value of the vibration acceleration signal for all one second time 

instant of four bearings and time stamp   

 

 

Fig 3.5.  Plot between skewness of the vibration acceleration signal for all one second time 

instant of four bearings and time stamp   

In test set 2 of the IMS bearing dataset, it has been mentioned that outer race fault has 

been appeared in bearing 1. From plots of the above four features, it has been shown 

that features were increasing abnormally in bearing 1 at the end of the experiment. So, 

it has been concluded that fault has been occurred in bearing 1. For each bearing, a 
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particular time duration (from '2004-02-13 00:02:00' to '2004-02-15 23:52:00') of 

vibration data have been taken as ‘normal’ label. For bearing 1, 432 files (432 data 

points with 9 features) have been taken for the classification. For each of bearing 2, 3 

and 4, 576 files (from '2004-02-13 00:02:00' to '2004-02-15 23:52:00') have been 

taken as ‘normal’ labelled data. So, total 2160 files (2160 data points with nine 

features) were present as ‘normal’ data. This particular time duration of data has been 

taken as ‘normal’ label because the above feature plots did not show any abnormality 

in the data during this time duration. Similarly from bearing 1, total 252 files (from 

'2004-02-17 12:32:00' to '2004-02-19 06:22:00') of vibration acceleration data have 

been taken as ‘fault’ label. Fault data have been taken from the bearing 1 because 

outer race fault has been appeared in the bearing 1. Total 2412 data points with 9 

features were present for this binary classification problem.  

From 2412 data points, training set, validation set and testing set has been splitted in 

the ratios of 0.72, 0.08 and 0.20 respectively. For training set, 1736 data sets were 

present with 1536 ‘normal’ data and 200 ‘outer race fault data’. This dataset was 

highly imbalanced which caused the DL models biased towards the ‘normal’ class 

because it contained more data points. That’s why over sampling has been applied on 

the training set to balance the two class labels. Over sampling has been used with the 

over sampling ratio of 0.8. After applying over sampling, total 2764 data points were 

present with 1536 ‘normal’ data and 1228 ‘fault’ data. In validation dataset, 193 data 

points with 178 ‘normal’ and 15 ‘fault’ data were present. In testing set, 483 data 

points with 446 ‘normal’ data and 37 ‘fault’ data were present. Then training, 

validation and testing set were reshaped for the classification. Then training set was 

used to train the DL models. Whereas validation set and testing set were used to 

validate and test the models respectively. 

 

3.4.2   CLASSIFICATION 

Feature extraction technique has been discussed in previous section. Extracted 

features were reshaped and fed into different DL algorithms such as ANN, RNN, 
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LSTM, ConvLSTM, GRU. An ensembling technique has been used to imrove the 

model performance using weighted average method. In the subsequent sections, 

different DL techniques have been discussed. 

 

3.4.2.1   ANN BASED CLASSIFICATION 

In ANN, biological neurons are modelled mathematically. A biological neuron’s 

equivalent mathematical model is shown in figure 3.6.  

x1             w1 

x2              w2 

xn             wn 

                                Cell body                                              Synapse 

Fig 3.6.  Mathematical representation of biological neuron 

Weights w1, w2, ......., wn denote the contribution of the inputs from the dendrons x1, 

x2, ......., xn respectively to the overall accumulation of signal Net, where Net = 

∑ 𝑤𝑖 𝑥𝑖
𝑛
𝑖=1 .   

When the neurons are connected in a topology to transfer signal in the forward 

direction and there is no looping. The topology of neurons is called feedforward 

architecture. The neuron is represented by the following figure: 

  

X1              w1 

                                                                                                                                  

X2            w2                                                                                                                                                                        

                w3  

        Xn                                                                                                                         Error  = Desired output –out 

∑𝑤𝑖 𝑥𝑖

𝑛

𝑖=1

 
Non-linear 

Activation 

Function 

 

Axon 

Net 

Out 

Net= 

∑ 𝒘𝒊 𝒙𝒊
𝒏
𝒊=𝟏

. 

 

f(Net) 

out 
Desired  Output 

Fig 3.7.  Representation of neuron in ANN  
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Then the feed-forward topology is represented by the following figure 

 

 

 

 
 

 

 

 

 

  

 
Fig 3.8.   Feed-forward topology 

This feed-forward topology consists of one input layer with 3 neurons, one hidden 

layer with 4 neurons and one output layer with 2 neurons. 

For learning in ANN, an energy function is constructed,  

𝐸 =  
1

2
 (𝑑 − 𝑜𝑢𝑡)2 

 

(3.5) 

d is the desired output and E is the energy function. 

This energy function represents a parabola. So in order to minimize the error, the loss 

function or energy function should be present at the global minima. That is done by 

weight updation using back propagation algorithm. For this purpose gradient descent 

learning is used, which can be expressed as: 

𝑤𝑖,𝑛𝑒𝑤 = 𝑤𝑖,𝑜𝑙𝑑 −  𝜂(𝜕𝐸/𝜕𝑊𝑖𝑗)  
 

(3.6) 

𝜂 = learning rate which is greater than zero. 

The energy surface of the weights consists of several minimas along with the global 

minima. While adapting the weights, if we get stucked at one of the local minima, 
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then obtained weights are wrong. Because also at the local minima gradient of the 

surface is zero. So weight adaptation will be stopped. But main objective is to reach at 

the bottom of the surface. 

This is done by adding momentum to the weight adaptation equation, so that weight 

adaptation will be continuing. 

The updated learning equation is 

𝑤𝑖,𝑛𝑒𝑤 = 𝑤𝑖,𝑜𝑙𝑑 −  𝜂 (
𝜕𝐸

𝜕𝑊𝑖𝑗
) + 𝛼 ∆𝑤𝑖𝑗 

 

(3.7) 

where ∆wij= wij(old)- wij(old-1) is the momentum term. 

In this chapter for ANN based classification, two hidden layers have been used with 

32 and 16 neurons respectively. At first the training and validation dataset with 9 

features were passed through a hidden layer which contained 32 neurons followed by 

ReLU activation function. Now the major problem of the deep learning algorithm is to 

adjust itself extremely well to the training distribution, this ability is known as 

generalization which causes overfitting of training data. For avoiding the overfitting 

problem, the regularization techniques are used. That’s why in this hidden layer L2 

regularization have been used with a penalty factor of 0.0001. The regularization 

strength has been set during training by evaluating the model on the validation set. 

Then the activation map was passed through a dropout regularization with a dropout 

rate of 50%. This has been used to reduce the flexibility or variance of the model. 

Then the output was passed through the second hidden layer which contained 16 

neurons followed by ReLU activation function and second dropout regularization with 

the dropout rate of 50%. L2 regularization has also been used in this layer. Then it was 

going to the output layer. Output layer had two neurons followed by softmax 

activation function for the classification. Softmax activation function has been used 

because it has allowed for the prediction of one class from another incompatible class 

in binary classification problem. For multiclass classification, softmax function 

converts all output scores into normalized probability distribution. For this binary 

class classification, softmax function can be expressed as: 
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𝑠(𝑧𝑖) =
𝑒𝑧𝑖

∑ 𝑒𝑧𝑗2
𝑗=1

 

 

(3.8) 

s(zj) is softmax function. Because it is a binary class classification problem, j is varied 

from 1 to 2. 

One of the most used loss function in deep learning is the cross entropy loss which is a 

term that comes from information theory, and it is used to measure the difference 

between two probability distributions for a given sequence of events or random 

variable by comparing to the negative log-likelihood loss as a loss function. It has 

separate losses for binary class and multi-class. The binary cross entropy loss (LBCE) 

is defined as follows for binary classification: 

𝐿𝐵𝐶𝐸(𝑦, 𝑦̂) = −(𝑦𝑙𝑜𝑔(𝑦̂)) + (1 − 𝑦)log (1 − 𝑦 ) 
 

(3.9) 

In this chapter, Adam optimizer has been used for updating the weights. 

 

3.4.2.2   RNN BASED CLASSIFICATION 

RNN reduces the long term dependency among the data by some extent which CNN 

and ANN models can’t do. That’s why it can be used in the prediction of sequential 

time-series data where the dependency among the data (present feature is dependent 

on past features) is present. RNN is able to capture the sequential information present 

in the data. In RNN, outputs of the hidden layer neurons are feedback to the input of 

the neurons in the hidden layer. The simplified RNN architecture has been shown in 

figure 3.9.  

 

 

 

 

 
 

y 

h 

x 

Fig 3.9. Simple architecture of RNN 
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The detailed architecture of RNN has been shown in figure 3.10. 

 

 

 
 

 
 

 

 

 

 

 
Fig 3.10. Complete architecture of RNN 

From the figure it has been shown that output of hidden layer h0 is feedback to the 

input of hidden layer h1 and also output of hidden layer h1 is feedback to the input of 

hidden layer h2. Input x1, x2,......, xn are the inputs at time t= 1, 2,...., n. Output 

sequences are y1, y2,......, yn. All hidden layers (h1, h2,......, hn) represent a single 

hidden layer with same weight and bias at different time instants of  t= 1, 2,...., n. In 

this way, RNN is able to capture the sequential information. The output of the hidden 

layer and the output sequence at time t=n  can be expressed as: 

 

ℎ𝑛 = tanh (𝑈𝑥𝑛 + 𝑤ℎ𝑛−1) 
𝑦𝑛 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑉ℎ𝑛) 

 

 

(3.10) 

(3.11) 

 

V is weight matrix that connects the hidden layer with the output. U is the weight 

matrix that connects input to the hidden layer and W are weight matrices that connect 

hidden layers among themselves. For updating the weight and bias of the RNN, back-

propagation through time (BPTT) has been used. 

For the bearing fault classification, two RNN layers, one hidden dense layer and one 

output layer with 2 neurons were used to train the model. At first the training set was 

passed through a LSTM layer which contained 150 units followed by ReLU activation 
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function. Then the activation map was passed through a dropout layer with a dropout 

rate of 50%. This dropout layer was used to reduce the over fitting problem. Then the 

output of this dropout layer was passed through the second LSTM layer which 

contained 64 units followed by ReLU activation function and second dropout layer 

with the dropout rate of 50%.Then it was passed through a Dense layer which contains 

16 neurons followed by ReLU activation function and a dropout layer with 50% 

dropout rate. Each layer contained L2 Regularization (Ridge Regression) with a 

penalty rate of 0.0001 to overcome the over fitting problem.  

 

3.4.2.3   LSTM BASED CLASSIFICATION 

LSTM contains cell state or long-term memory which helps to overcome vanishing 

gradient problem. Cell state contains the previous time stamp’s information. LSTM 

contains three gates namely forget gate, input gate and output gate. Figure 3.11 shows 

the architecture of LSTM [7]. 

 

 
Fig 3.11.  Architecture of LSTM 
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Forget gate decides how much information will be going to the next cell state. If 

forget gate output is zero, then cell state’s information is cleared and if the output is 1, 

cell state keeps the past information. Equation of forget gate can be expressed as: 

𝑓𝑡 = 𝜎(𝑊(𝑓)ℎ𝑡−1 + 𝑈(𝑓)𝑥𝑡) 
 

(3.12) 

 

Sigmoid activation function squeezes the value between 0 and 1. ft is forget layer 

output at time t and xt is the input at time at time t. W(f) and U(f) are the weight matrix 

associated with ht-1 and xt. ht-1 is the previous state’s output.  

Input gate decides the new data that will be kept in the cell state. It consists of two 

sections. Sigmoid activation function determines which values of new input data will 

be updated. The cell state is then updated with a vector, ĉt, created by a tanh layer. 

tanh layer converts the values between -1 and 1. 

𝑖𝑡 = 𝜎(𝑊(𝑖)ℎ𝑡−1 + 𝑈(𝑖)𝑥𝑡) 
 

𝑐 𝑡 = 𝑡𝑎𝑛ℎ(𝑊(𝑐)ℎ𝑡−1 + 𝑈(𝑐)𝑥𝑡) 
 

(3.13) 

 

(3.14) 

Then it and ĉt is multiplied and then added with the ct-1, which provides the updated 

cell state value (ct). 

𝑐𝑡 = 𝑐 𝑡 + 𝑐𝑡−1 

 

(3.15) 

Output layer also consists of two operations. Sigmoid activation layer decides how 

much of information from the cell state is going to the output. Then Hyperbolic tan 

activation layer normalizes the cell state value between -1 and 1 and it is multiplied 

with sigmoid layer’s output (zt). The equations can be expressed as: 

 

𝑧𝑡 = 𝜎(𝑊(𝑧)ℎ𝑡−1 + 𝑈(𝑧)𝑥𝑡) 

ℎ𝑡 = 𝑧𝑡 . tanh (𝑐𝑡) 

 

For LSTM based classification, same model architecture has been used which 

 

(3.16) 

(3.17) 
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was used for the RNN based classification. But in this model, instead of RNN 

layers two LSTM layers have been used. 

 

 

3.4.2.4   GRU BASED CLASSIFICATION 

GRU is a modified version of LSTM where it combines long and short-term memory 

into its hidden state which was proposed by (Cho, 2014) [8]. It also reduces the 

vanishing gradient problem which is faced by CNN, ANN and SimpleRNN network.  

 

Fig 3.12.  Architecture of GRU  

This figure has shown the one unit of GRU network. It consists to blocks namely 

Update Gate and Reset Gate.  

The update gate assists the GRU unit in deciding how much historical data from 

earlier hidden states should be transmitted to the next unit. At time t, Update Gate can 

be expressed by the following equation, 
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𝑧𝑡 = 𝜎(𝑊(𝑧)𝑂𝑡−1 + 𝑈(𝑧)𝐼𝑡) 
 

(3.18) 

σ is the sigmoid activation function. W(z) is the weight vector associated with the 

hidden state’s output (Ot-1) in Update Gate and U(z) is the weight vector associated 

with the input at time-instant t (It) in Update Gate.  

Reset gate controls what proportion of the previous data should be forgotten in the 

model.. It can be expressed as: 

 

𝑟𝑡 = 𝜎(𝑊(𝑟)𝑂𝑡−1 + 𝑈(𝑟)𝐼𝑡) 
 

(3.19) 

Cell (Ôt) can be expressed as: 

𝑂 𝑡 = 𝑡𝑎𝑛ℎ(𝑈(𝑟)𝐼𝑡 + 𝑟𝑡.𝑊
(𝑟)𝑂𝑡−1) 

 

(3.20) 

Here elementwise product is done between reset gate (rt) and weighted hidden state’s 

output (W(r)Ot-1). 

 Final output is given by: 

 

𝑂𝑡 = 𝑧𝑡. 𝑂𝑡−1 + (1 − 𝑧𝑡). 𝑂 𝑡 
 

(3.21) 

This final output is going to the next GRU unit. 

For GRU based classification, same model architecture has been used which was used 

for the RNN based classification. But in this model, instead of RNN layers two GRU 

layers have been used. 

 

3.4.2.5   ConvLSTM BASED CLASSIFICATION 

ConvLSTM is an another variation of the LSTM model where convolution operation 

is done instead of matrix multiplication. In doing so, it uses convolution operations on 

multi-dimensional data to extract inherent spatial information. ConvLSTM takes 3-

dimensional data as input. 
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3.4.2.6   WEIGHTED AVERAGE ENSEMBLE BASED 

CLASSIFICATION 

In weighted average ensemble, each DL model's contribution to the classification is 

weighed according to the model's performance for improving the classification result. 

In this chapter, five DL models have been used namely ANN, RNN, LSTM, 

ConvLSTM, GRU. For weighted average ensemble, different weights have been 

chosen according to these five DL model’s classification result. The total weights 

added up to one. As it was a binary classification problem, output layer of all the DL 

models has provided two prediction probabilities for two class labels. Then assigned 

weights were multiplied with their corresponding DL model’s prediction probability. 

Then all five DL model’s weighted prediction probabilities were summed up and 

argmax function was applied which provided the ensemble model’s predict class 

label.  

 

3.4.3    ARCHITECTURE OF THE PROPOSED METHODOLOGY 
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Fig 3.13. Architecture of the proposed methodology 
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3.5    EXPERIMENTAL RESULTS 

In this section, accuracy, precision, recall, f1-score and area under curve (AUC) were 

used to evaluate the performance of different Deep Learning classifiers. These 

evaluation metrics have already been discussed in section 3.5. Training and validation 

loss curves have been shown for all classifiers. For training the models, 100 epochs 

have been applied. Normal state of the machine has been taken as ‘Negative’ label and 

outer race fault has been taken as ‘Positive’ label. 

 

3.5.1 ANN CLASSIFICATION BASED RESULT 

ANN has provided 98.55% of accuracy with good recall, precision, f1-score of 

0.92, 0.89 and 0.91 respectively. Figure 3.14(a) represents the training loss and 

validation loss curve vs. number of epochs. Figure 3.14(b) shows training and 

validation accuracy curve vs. epochs. 

(a) 

 

(b)

 

 Fig 3.14. (a) Training and Validation loss vs. number of epochs, (b) Training and 

Validation accuracy vs. number of epochs 

From the figure it has been shown that training and validation losses were 

decreasing as the number of epochs were increasing. Similarly, as the number of 

epochs increased, training and validation accuracy increased. 

Figure 3.15 and Figure 3.16 represent the confusion matrix and Area Under the  

curve of this binary classification problem by using ANN. 
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Fig 3.15. Confusion Matrix by using ANN 

 

Fig 3.16. Area under Curve by using ANN 

ANN has provided the AUC score of 0.955. 

 
3.5.2 RNN CLASSIFICATION BASED RESULT 

RNN has provided 96.89% of accuracy with good precision, recall, f1-score of 

0.73, 0.95 and 0.82 respectively. Figure 3.17(a) represents the training loss and 
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validation loss curve vs. number of epochs. Figure 3.17(b) shows training and 

validation accuracy curve vs. epochs. 

(a) 

 

(b)

 

 Fig 3.17. (a) Training and Validation loss vs. number of epochs, (b) Training and 

Validation accuracy vs. number of epochs 

From the figure it has been shown that training and validation losses were 

decreasing as the number of epochs were increasing. Similarly, as the number of 

epochs increased, training and validation accuracy increased. 

Figure 3.18 and Figure 3.19 represent the confusion matrix and Area Under the  

curve of this binary classification problem by using RNN. 

 

Fig 3.18. Confusion Matrix by using RNN 
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Fig 3.19. Area under Curve by using RNN 

RNN has provided the AUC score of 0.958. 

 

 

3.5.3 LSTM CLASSIFICATION BASED RESULT 

LSTM has provided 98.55% of accuracy with good precision, recall, f1-score of 

0.92, 0.89 and 0.90 respectively. Figure 3.20(a) represents the training loss and 

validation loss curve vs. number of epochs. Figure 3.20(b) shows training and 

validation accuracy curve vs. epochs.  
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(a) 

 

(b)

 

 Fig 3.20. (a) Training and Validation loss vs. number of epochs, (b) Training and 

Validation accuracy vs. number of epochs 

From the figure it has been shown that training and validation losses were 

decreasing as the number of epochs were increasing. Similarly, as the number of 

epochs increased, training and validation accuracy increased. 

Figure 3.21 and Figure 3.22 represent the confusion matrix and Area Under the  

curve of this binary classification problem by using LSTM. 

 

Fig 3.21. Confusion Matrix by using LSTM 
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Fig 3.22. Area under Curve by using LSTM 

RNN has provided the AUC score of 0.955. 

 

 

3.5.4 GRU CLASSIFICATION BASED RESULT 

GRU has provided 98.75% of accuracy with good precision, recall, f1-score of 

0.94, 0.89 and 0.92 respectively. Figure 3.23(a) represents the training loss and 

validation loss curve vs. number of epochs. Figure 3.23(b) shows training and 

validation accuracy curve vs. epochs.  
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(a) 

 

(b) 

 

 Fig 3.23. (a) Training and Validation loss vs. number of epochs, (b) Training and 

Validation accuracy vs. number of epochs 

From the figure it has been shown that training and validation losses were 

decreasing as the number of epochs were increasing. Similarly, as the number of 

epochs increased, training and validation accuracy increased. 

Figure 3.24 and Figure 3.25 represent the confusion matrix and Area Under the  

curve of this binary classification problem by using GRU. 

 

Fig 3.24. Confusion Matrix by using GRU 
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Fig 3.25. Area under Curve by using GRU 

GRU has provided the AUC score of 0.944. 

 

 

3.5.5 ConvLSTM CLASSIFICATION BASED RESULT 

ConvLSTM has provided 98.75% of accuracy with good precision, recall, f1-

score of 0.94, 0.89 and 0.92 respectively. Figure 3.26(a) represents the training 

loss and validation loss curve vs. number of epochs. Figure 3.26(b) shows training 

and validation accuracy curve vs. epochs.  
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(a) 

 

(b) 

 

 Fig 3.26. (a) Training and Validation loss vs. number of epochs, (b) Training and 

Validation accuracy vs. number of epochs 

From the figure it has been shown that training and validation losses were 

decreasing as the number of epochs were increasing. Similarly, as the number of 

epochs increased, training and validation accuracy increased. 

Figure 3.27 and Figure 3.28 represent the confusion matrix and Area Under the  

curve of this binary classification problem by using ConvLSTM. 

 

Fig 3.27. Confusion Matrix by using ConvLSTM 
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Fig 3.28. Area under Curve by using ConvLSTM 

ConvLSTM has provided the AUC score of 0.944. 

 

 

3.5.6 WEIGHTED AVERAGE ENSEMBLE CLASSIFICATION 

BASED RESULT 

For different DL classifiers different weights have been assigned. Weights were 

assigned for ANN, RNN, LSTM, GRU, ConvLSTM were 0.10, 0.05, 0.25, 0.35 and 

0.25 respectively. These weights were optimized which provided the best result using 

this ensemble technique. This technique has provided 99% of accuracy which was 

more than the accuracy of individual DL classifier. It has also provided good 

precision, recall and f1-score of 0.94, 0.92 and 0.93 respectively.  

Figure 3.29 and Figure 3.30 represent the confusion matrix and Area Under the  

curve of this binary classification problem by using this ensemble technique. 
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Fig 3.29. Confusion Matrix by using Weighted average ensemble 

 
 

Fig 3.30. Area under Curve by using Weighted average Ensemble 

This method has provided the AUC score of 0.944 
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3.6  CONCLUSIONS 

In this chapter, vibration signals from the accelerometers have been used for 

bearing outer race fault classification. Some statistical and time-domain features 

have been extracted from the signal. Then multiple Deep Learning algorithms 

were implemented for classification problem. Weighted Average Ensemble 

technique has been further introduced in this chapter using these DL models to 

improve the classification performance. 

 Among five DL models (ANN, RNN, LSTM, GRU, ConvLSTM), GRU and 

ConvLSTM have provided accuracy of 98.75% with precision, recall and f1-score 

of 0.94, 0.89, 0.92 respectively. All the proposed DL models have provided 

satisfactory AUC score which was desired. For Weighted Average Ensemble 

technique, different weights have been assigned for the DL models according to 

their classification performance. These weights were optimized. This ensemble 

method has provided 99% of accuracy which was better than the accuracy of 

individual DL models. ‘FN’ and ‘FP’ were only 3 and 2 respectively. So it has 

been clearly stated that this ensemble technique has increased the model 

performance by some extent. 

 The proposed methodology written in this chapter can also be used for other 

classification problems.  
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CHAPTER 4 
 

 

 

Bearing Fault Predictive Maintenance using Deep Learning 

Techniques 

________________________________________________________________ 

 

4.1  INTRODUCTION 

 

Various maintenance strategies are used in industries to achieve almost zero 

downtime. This primarily entails predicting and managing the condition of parts like 

bearings since they are responsible for the equipment failures, particularly in induction 

motors [1]. Because of operating for a long time of duration, the rotating machines 

eventually break down after a certain period of time, unless it is being maintained. 

Industries follow different maintenance programs to increase the operational 

reliability and reduce costs. There are mainly three types of health management 

strategies are being followed namely reactive maintenance, preventive maintenance 

and predictive maintenance. In reactive maintenance, the machine is used to its limit 

and repairs are performed only after machine failure. It costs severe damage to the 

machine and also costs accidents. For a complex system such as Aircraft engine, the 

risk can’t be taken for running it to failure, as it will be extremely costly to repair. 

That’s why many industries try to prevent failure before it occurs by performing 

regular checks on the machine. One big challenge with preventive maintenance is 

determining when to do maintenance. Since it does not know that when the failure 

occurs and by scheduling maintenance very early, machine life is wasting. That’s why 

predictive maintenance is usually used. In predictive maintenance, the failure time can 

be predicted and maintenance can be scheduled right before the failure which will 

reduce the maintenance cost. This way, the downtime can be minimized and 

equipment lifetime is maximized [2].  
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In this chapter for predictive maintenance of bearing, the same dataset has been taken 

which was used for the outer race bearing fault classification in chapter 3. The 

detailed description of the dataset has been mentioned in section 3.3. This predictive 

maintenance problem was based on multivariate time series prediction. For this 

purpose, four features have been extracted from the vibration acceleration signal of 

the dataset. These fours features are maximum, standard deviation, kurtosis and RMS 

value. RMS value has been taken as the condition indicator of the machine because it 

was analogous with the machine’s failure. With increasing RMS value, machine’s 

degradation has been increased. All the features were converted into time-series data. 

In this chapter past seven cycles time-series features have been used to predict the 

next value of RMS or condition indicator. Before the prediction, all the features have 

been smoothed by non-parametric kernel density based estimation. Then LSTM [3] 

has been used for this time-series prediction problem.  

 

 

4.2   DATASET DESCRIPTION 

For this predictive maintenance problem, the same dataset has been used which was 

used for the classification problem in the previous chapter. The detailed description of 

the dataset has been introduced in section 3.2. 

 

4.3   METHODOLOGY 

For this predictive maintenance problem, four features namely Maximum, Standard 

Deviation, RMS and kurtosis value have been extracted from bearing 1 of test set 2 in 

the dataset. These features were analogous with the bearing’s degradation as time 

increased. RMS value has been taken as health indicator. From the figure 3.1, 3.2, 3.3 

and 3.3, it has been clearly shown that these four features were increasing abnormally 

at the end of run to failure experiment of the dataset. It has also been mentioned in the 

dataset description that after the experiment outer race fault has been occurred in 



Page | 111  
 

bearing 1 of test set 2. Bearing 1’s vibration acceleration data has been taken to train 

and validate LSTM. LSTM has been discussed in section 3.4.2.3. For testing, bearing 

2 of test set 3 has been used because it was completely at normal condition during the 

experiment. The main objective of this chapter was to test the model on bearing 2 of 

test set 3 and show that RMS health indicator was also given the good prediction 

about the bearing’s failure in the future. For smoothing the training, validation and 

testing data, non-parametric kernel density based estimation has been used. It has also 

been used in the comparison study against the LSTM based prediction.  

 

Fig 4.1. RMS health indicator after smoothing 

In the figure date-time format has converted into ‘minutes’. 

Feature normalization has been used to normalize the features of training, validation 

and testing set between 0 and 1. Feature normalization was used to make all the 

features in the same scale, so all the features had same importance. Because of it, the 

optimization algorithm converges faster. Another reason is that most of the deep 

learning algorithms use Euclidean distance to measure the distance between two data 

points. It is expressed as: 

𝑥
𝑛= 

𝑥−𝑥𝑚𝑖𝑛
𝑥𝑚𝑎𝑥−𝑥𝑚𝑖𝑛

 

xn is the normalized feature.  



Page | 112  
 

As it was a multivariate time-series forecasting problem, first 90% data of bearing 1 of 

test set 2 were taken as training set and next 10% data were taken as validation set. 

For testing, same four features from bearing 2 of test set 3 have been used for this 

prediction problem.  

Then all training, validation and testing set have been converted into time-series data 

(time dependent). In this chapter past 7 data with 4 time dependent features have been 

used to predict the next 8th time stamp’s RMS value. As RMS value has been used as 

the condition indicator, so its value has been predicted in the next time stamp. Then 

next 2nd to 8th time stamp’s data have been used to predict the 9th time stamp’s RMS 

value. It was a multivariate time forecasting problem because multiple features have 

been used to predict the next time stamp’s condition indicator value.  

In this chapter, two LSTM layers, one hidden dense layer and one output layer with 1 

neuron were used to train the model. At first the training set were passed through a 

LSTM layer which contained 100 units followed by ReLU activation function. Then 

the activation map was passed through a dropout layer with a dropout rate of 20%. 

This dropout layer was used to reduce the over fitting problem. Then the output of this 

dropout layer was passed through the second LSTM layer which contained 32 units 

followed by ReLU activation function and second dropout layer with the dropout rate 

of 20%.Then it was passed through a Dense layer which contains 16 neurons followed 

by ReLU activation function and a dropout layer with 20 percent dropout rate. Each 

layer contained L2 Regularization (Ridge Regression) with a penalty rate of 0.0001 to 

overcome the over fitting problem. As it was a regression problem linear activation 

function was used at the output layer. Mean squared error has been taken as the loss 

function and Adam optimizer has been used for optimization. Output layer had one 

neuron followed by ‘linear’ activation function for this prediction problem.  
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4.3.1    ARCHITECTURE OF THE PROPOSED METHODOLOGY 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

 

 

 

 

 

4.4  EXPERIMENTAL RESULTS 

Predictive maintenance of bearing was a regression problem, that’s why root mean 

square error (rmse) has taken as evaluation metric. rmse should be low.  
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Consider d1, d2, d3,……, dn are the n desired outputs of a prediction problem and y1, 

y2, y3,……, yn are the predicted outputs of a model corresponding to the inputs x1, x2, 

x3,……, xn. Then rmse value can be defined as: 

𝑟𝑚𝑠𝑒 = √
(𝑦1 − 𝑑1)

2 + (𝑦2 − 𝑑2)
2 +⋯+ (𝑦𝑛 − 𝑑𝑛)

2

𝑛
 

(4.1) 

 

Training and validation loss curve has also been shown in the result. Kernel ridge 

regression has been introduced in the result to compare with the proposed LSTM 

based model. For training the LSTM model 50 epochs have been considered. 

 

 

4.4.1 LSTM BASED RESULT 

Training and validation loss curve has been shown by the figure 4.1. 

 

It has been shown from the figure that training and validation loss have decreased with 

Training and validation loss were decreasing with increasing number of epochs which 

was desired. 

Figure 4.3 represents true and predicted health indicator (RMS) curve based on the 

training dataset.  

Fig 4.2. Training and Validation loss curve vs. number of epochs using LSTM 
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Fig 4.3. True and Predicted RMS curve based on training dataset 

Train rmse score was 0.0017. From the figure, it has been shown that predicted health 

indicator (RMS) on the training dataset has almost followed the true health indicator 

(RMS) curve.  

Figure 4.4 demonstrates true and predicted health indicator (RMS) curve based on the 

validation dataset.  

 

Fig 4.4. True and Predicted RMS curve based on validation dataset 

Validation rmse score was 0.0101.  

Figure 4.5 demonstrates true and predicted health indicator (RMS) curve based on the 

test dataset. Test dataset was taken from test set3 of bearing 2.   
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Fig 4.5. True and Predicted RMS curve based on test dataset 

Test rmse score was 0.0012. It has been stated that the LSTM model performed well 

on the unknown test dataset also.  

 

 

4.4.2 KernelRidge Regression BASED RESULT 

KernelRidge Regression [4] is a supervised machine learning algorithm. It is used for 

regression problem. It uses both kernel trick and l2 regularization.  

In this chapter, it has been used to compare with proposed LSTM model. 

Regularization strength has been taken as 0.1. Figure 4.6 represents true and predicted 

health indicator (RMS) curve based on the testing dataset dataset using KernelRidge 

regression. To train this model, three features (Maximum value, Standard Deviation 

and Kurtosis) have been taken as independent features and RMS value (health 

indicator) has been taken as the dependent variable. 
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 Fig 4.6. True and Predicted RMS curve based on test dataset using KernelRidge 

Regression 

 rmse score for this technique was 0.0134. 

 

 

4.5  CONCLUSIONS 

In this chapter, vibration signal which was used for the classification problem in 

chapter 3 has been introduced for the predictive maintenance of the bearing. Four 

statistical and time-domain features have been extracted from the signal, which 

were used for the predictive maintenance. Then RMS value was taken from the 

extracted features as condition indicator of the bearing. RMS value was analogous 

with machine’s degradation because it has already been shown that RMS value 

was increasing rapidly as the fault has been occurred in the bearing. As it was a 

multi-variate regression problem, the features were converted into time-series 

data. Then LSTM has been deployed to provide this regression result. 

KernelRidge regression has also been introduced in this chapter to compare with 

LSTM. 

From the experimental result, it has been clearly stated that LSTM based model 

has provided very less training, validation and test rmse score of 0.0017, 0.0101 

and 0.0012 respectively. In the other hand, KernelRidge regression has provided 
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test rmse score of 0.0134 which was much bigger than LSTM based test rmse 

score (0.0012). Also predicted RMS condition indictor did not follow the true 

RMS condition indicator curve. So it has been said that the proposed LSTM based 

model was better than the KernelRidge regression based prediction. 
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CHAPTER 5 

 

 

 

CONCLUSIONS 

 

In this thesis, three condition monitoring applications have been introduced which 

were tried to solve using signal processing, Machine Learning and Deep Learning 

based algorithms. One application was in the biomedical domain and other two 

applications were based on fault diagnosis (fault classification and predictive 

maintenance) in the industrial machines. Various DL algorithms namely VGG16, 

VGG19, Xception, DenseNet-121, LSTM, ANN,RNN ,GRU and ConvLSTM along 

with Machine Learning algorithms have been deployed in this chapter for these 

applications. All the proposed methodology have provided very satisfactory results. 

Various evaluation metrics such as accuracy, recall, precision, f1-score, AUC score 

and rmse score have been considered to evaluate the prediction performance. 

In chapter 2, audio signals have been used for Parkinson’s disease (PD) 

classification. This chapter introduced various feature extraction techniques which 

involved Wavelet Transform and Cross-wavelet Transform with VGG16, VGG19, 

DenseNet-121 and Xception architecture and a comparison study has been done 

between these proposed methods. Different Machine Learning algorithms along 

with majority voting classifier have been deployed for the classification. 

In chapter 3, fault classification in the bearing has been done using DL 

algorithms. For this purpose, vibration acceleration signal has been used. The 

proposed methodology contained feature extraction, feature normalization and 

then classification using proposed DL models along with weighted average 

ensemble techniques to improve the classification performance. 

In chapter 4, predictive maintenance of the bearing has been discussed which was 

stated that after how many cycles the machine was going to fail. For this purpose, 
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features have been extracted from the vibration signal and converted these into 

time-series sequence. One of the features was taken as condition indicator of the 

bearing which was analogous with the machine’s failure. Then LSTM has been 

deployed whose performance was measured by the rmse score 
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