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ABSTRACT: Recently, Machine Learning concepts are progressively applied for the fault 

diagnosis and classification in rotating machinery’s condition monitoring. Vibration based 

condition monitoring provide useful and reliable information, hence, it is well accepted in 

condition monitoring of machines. The realistic vibration signals in time domain are collected 

from the gear fault simulator in healthy and induced faulty condition of gears in stages. The 

collected vibration signals are filtered to remove the noise and to support for the enhancement 

required features. The filtered signals are processed using wavelet enveloped power spectrum 

to detect the fault in the gears. This paper presents the strategy to use machine learning 

methods for the classification and diagnosis of gears fault. The time features extracted from 

wavelet transform are used as input to train the KNN and SVM classifiers. The results 

demonstrate that the proposed method can reliably separate the fault condition of gears.  

KEYWORDS: Gear fault, Wavelet envelop spectrum, Fault classification, Statistical 

features, Machine learning 

 

1 INTRODUCTION 

The need of these days is the requirement of 

failure free operation of sophisticated heavy duty 

machines. The concepts of predictive maintenance 

have gained importance in prediction of failure in 

industrial machines. Condition monitoring 

techniques with reliable systems are widely used to 

know the health of machines and to find 

maintenance requirement in rotating machines.
1
 

Machine condition monitoring techniques are 

progressively approaching towards data driven 

methodologies for the quick and easy identification 

of anomalies and fault detection .However the 

application of traditional learning or classification 

model faces a challenging task of collection of data 

describing the fault condition in machines.
2
 Gears 

are commonly used vital component in rotating 

machines. The machine with a defect in such vital 

gear part such as gear misalignment, backlash, tooth 

crack etc., may not perform to its designed 

standards & will lead to non-availability of 

machines. Hence, detection and diagnosis of gear 

faults in its early stage will contribute for increasing 

the profit to the company.
3, 4

 

The rotating machines subjected to commonly 

identified faults such as misalignment, eccentricity, 

unbalance, bearing defect, gear tooth crack, gear 

tooth wear, gear pitting, motor problems etc., may 

not work to its designed standards. The vibration 

data excreted by a healthy machine and a faulty 

machine are different. This difference in vibration 

data is used as principle of working of vibration 

based condition monitoring techniques.
5
 The heart 

of vibration based condition monitoring technique is 

the collection of vibration data in displacement, 

velocity and acceleration mode by using transducers 

secured properly on the surface on the rotating 

machines. Several types of signal processing 

techniques such as time domain analysis, frequency 

domain analysis and time-frequency analysis are 

used in order to find the features present in the 

signals to demonstrate the fault in the machines.
6-8

  

Researchers are using wavelet analysis as a 

prominent tool for signal processing because of its 

capacity to analyze the non-stationary vibration 

signals. The transient features of the non-stationary 

vibration are analyzed in time & frequency domain 

to identify the faults in the gear using wavelet 

analysis.  All wavelets can be expressed with a 

mathematical expression and are wavy in nature.
9
 

Selection of proper wavelet suiting to the features 

present in the signal and developing & analyzing 

the wavelet coefficients is one of the important 

factor in wavelet analysis.  

Typical gear vibration spectrum includes 

rotation frequency of gear and pinion along with 

Tooth Meshing Frequency (TMF) & its harmonics.  
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The health of the gear can be identified by using 

the number of sidebands around the TMF, 

harmonics of TMF and their corresponding 

amplitude.
10-12

 

Recently, the concepts of Machine Learning 

(ML) are applied in the field of predictive 

maintenance of the machines for the fault diagnosis 

and classification of the faults. ML is a subsection 

of Artificial Intelligence (AI) as depicted in Fig 1. 

 

 

Fig. 1 Structure of learning methods 

 

ML can be defined as an algorithm or a program, 

which can learn with minimum or no additional 

support.
13

 Mainly ML is classified in to three 

classes a) Supervised learning: In this type, 

predictors and response variables are known to 

build a suitable model, which can predict unknown 

data. Classification and regression are types of 

supervised learning b) Unsupervised Learning: In 

this type, only response variables will be known to 

build the model, which can classify the data based 

on similarity. Clustering concepts is used to cluster 

the data based on similarity c) Reinforced learning: 

Here, the agent learns the actions and consequences 

by interacting with the environment. It is supported 

by behaviourist psychology. 

In this paper, experimental setup is used to 

characterise the realist data of gears in good and 

faulty condition. Vibration data collected using the 

data acquisition system is processed using wiener 

filtering concept to filter the noise present in the 

signal and to enhance the signal components having 

faulty features. Morlet wavelet is used to develop 

wavelet envelop power spectrum to diagnose the 

healthy & faulty signal condition of gears. Machine 

Learning concept is applied to train the model and 

to automatically estimate for the unknown data. The 

methodology applied for the classification of gear 

fault using ML is depicted on Fig 2 

 

Fig 2 Methodology flow chart 

 

2 EXPERIMENTAL SETUP AND 

VIBRATION DATA COLLECTION 

The test rig having three phase 0.5 HP AC motor 

is used to drive a single stage gear box through cone 

pulley and belt drive arrangement. The maximum 

speed of 10,000 RPM can be applied with a 

controller to regulate the speed of the motor. Also, 

test rig has pulleys, variable speed motor, bearings, 

and couplings along with a loading system. 

Magnetic brake is used to apply the load on the gear 

box. The fault simulator test rig is shown in Fig 3. 

The gear & pinion arranged used in the system has 

30 & 20 teeth respectively.   

 

Fig 3 Test rig 

     

 The schematic diagram of the experimental 

procedure used to collect the vibration signals in the 

research work is presented in the Fig 4. 

 

 
Fig 4 Experimental apparatus 

     

National Instruments (NI) Data Acquisition 

Device with LabVIEW software is used to collect 

the vibration data from the accelerometer placed on 

the bearing of the faulty simulator. Vibration data 

Artificial Intelligence 

 

Machine Learning 

 

Deep Learning   
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are collected from a healthy gear box, which is 

rotating at speed of 900 RPM at various loading 

condition. The calculated Gear Mesh Frequency 

(GMF) is 20*900/60 =300 Hz. Also, vibration data 

are collected from a chipped and completely 

removed tooth condition of gear faults. After 

reaching the steady state speed of the fault 

simulator, the vibration data were collected from the 

experimental setup. The Fig 5 shows the view of 

healthy & faulty gears.  

 
(a) 

 
(b) 

 
(c) 

Fig 5 Healthy and faulty gears: (a) Healthy (b) 

Chipped tooth (c) Removed tooth 

 

    The vibration data are collected at a rate of 

16,000 samples for the different working condition 

of the fault simulator to simulate the realistic 

situation. MAT Lab software is used to process the 

data collected from the sensor to diagnose the fault 

in the gear. A sample vibration data collected from 

the fault simulator is depicted in Fig 6. 

 

Fig 6 Sample vibration data 

3 FILTERING & WAVELET ENVELOP 

POWER SPECTRUM 

3.1 Optimal signal processing  

The Wiener filter approach is outlined in Fig 7.   

 

Fig 7 Basic signal processing concept 

 

The basic concept of Wiener filter is to keep the 

difference between the filtered output and desired 

output minimum and it applies least mean square 

concept in order to reduce the square of the 

difference between the desired and actual signal.  

The equation 1 expresses the mathematical 

concept of finite impulse response (FIR) filters, 

which uses linear process L(z) to process input 

waveform I(n) containing both signal & noise. 

 

O(n) =            
                            (1) 

 

Where b(k) is the impulse response of the linear 

filter and the output of the filter O(n) is an estimate 

of the desired signal R(n).  

Least mean square algorithm is applied to the 

error signal E(n),which is determined by the 

subtraction of estimate and desired signal E(n) = 

R(n) − O(n), where O(n) is the output of the linear 

filter, L(z).  

The error signal E(n) can be written as depicted 

in equation 2: 

 

E(n) = R(n) − O(n) = R(n) −            
     (2) 

 

The sum of E(n)
2
 is minimized as shown in 

equation 3.  Autocorrelation and cross correlation 

can be applied to find the quadratic function.  

ε=       
   =                  

   
 
   

                                                                         (3) 

 

ε=                     
   

 
  

   

   
                

 
                                 (4) 

 

In equation 4,      and      are the 

autocorrelation and cross correlation.  To Minimize 

the error function with respect to the FIR filter 

coefficients, we take derivatives with respect to b(k) 

and set them to zero: 
  

     
   which leads to equation 5 
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     =         for 1≤ m  ≥  L (5) 

 

Equation 5 shows that the optimal filter can be 

derived knowing only the autocorrelation function 

of the input and the cross correlation function 

between the input and desired waveform. FIR 

coefficients can be obtained by solving series of L 

equations. Wiener filtering concept in simultaneous 

equations in matrix form are represented in equation 

6 
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    (6) 

3.2 Enveloped wavelet power spectrum 

During wavelet analysis of a signal, the mother 

wavelet which is a wave like function is enlarged 

and reduced to vary the frequency and also, it is 

translated along the vibration signal to obtain the 

wavelet coefficients. These wavelet coefficients are 

the similarity between the vibration signal and the 

wavelet at a given combination of enlargement or 

reduction with the translation. Mathematically, the 

wavelet transform of an analyzing signal x (t) with 

the analyzing wavelet , is represented in the 

equation 7. This equation 7 represents the definition 

of continuous wavelet transform. 

 

        W (a, b) =              (7) 

W (a, b) are the wavelet coefficients. The 

dilation parameter ‘b’  is used  to translate the 

function across x (t) and the scaling parameter ‘a’ 

acts to vary the time scale of the wavelet function

The complex conjugate operation is indicated by the 

parameter '*'. 1/  represents the normalizing 

parameter for same level of energy for all values of 

a
9
. 

The envelop detection technique is simply an 

extraction of the modulating signal from an 

amplitude-modulated signal and also, it is simply 

the Fast Fourier Transform (FFT) of the modulating 

signal. The envelop detection technique involves in 

replacing period of impacts with a single pulse.  

The mathematical expression for the Morlet 

wavelet defining the wave nature is given in 

equation (8)
9
and the mother Morlet wavelet wave 

shape is depicted in Fig 8 

cos ( t)                        (8) 

 

 

Fig 8 Morlet wavelet 

 

The inner product of analyzing x(t) with a scaled 

and conjugated mother wavelet a,b results in 

the wavelet transform of the analyzing signal. The 

result of the wavelet transform is also an analytical 

signal as shown in equation 9 and 10. 

WT{x(t),a,b}=<x(t), a,b(t)>=

                                      (9) 

 

Re[WT (a, b)]+i Im[WT(a, b)] = A(a, b) e    

                                                                      (10) 

 

Family of wavelet is given as a,b where b 

translation parameter, the factor 1/  ensure 

energy preservation and dilation is represented by a. 

The instantaneous envelope of the resulting wavelet 

transform (EWT) is shown by time varying function 

A(a,b), which extracts the slow time variation of the 

signal, and is given by equation 11 

  

 A(a,b)=EWT(a,b)=  

                                                                     (11) 

 

The wavelet-scale power spectrum (SWPS) 

(energy/unit scale), shown in equation 12 is used to 

extract frequency content present in the wavelet 

correlation coefficients. 

         SWPS (a, ) =            (12) 

The Fourier transform of EWT (a, b) is EWT (a,

). Equation (13) gives the total energy of the 

signal x (t)  

EWPS = dt   =      (13) 

4 FAULT DIAGNOSIS AND 

CLASSIFICATION 

Fault diagnosis and classification work is 

discussed following three stages. In the beginning, 

the vibration data collected from the experimental 

setup is used to extract the features using statistical 

analysis. In the second stage, gear fault is diagnosed 
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by using wavelet envelop power spectrum type of 

advanced signal processing techniques. In the last 

stage, gears faults are classified using Machine 

Learning approach. In this stage, ML classifier 

concept of SVM is used for the purpose. The 

performance analysis of the result is discussed using 

confusion matrix.    

The below mentioned factors need to be 

considered to evaluate the performance of the 

approach followed. 

 What is the pattern of the power spectrum 

developed by using these techniques? 

 How we can diagnose the fault by 

interpreting these power spectrums? 

 How ML concepts will be helpful for ease 

identification of fault and to reduce the 

requirement of experts? 

 How we can apply these concepts to the 

real diagnostics task? 
 

4.1 Statistical Feature Extraction 

The application of computerized data acquisition 

with sophisticated transducers and advanced signal 

processing techniques showed new ways in the field 

of gear fault detection and classification. Time 

domain data having values of acceleration against 

time are collected for more than 2 seconds at the 

rate of 16,000 samples per second, is used for the 

gear fault detection & classification. Typical 

vibration data collected as depicted in Figure 6, 

indicates the acceleration versus time values. The 

mixture of software codes was utilized in generating 

the results in this research work. The MATLAB 

software code was utilized to extract fault features 

from the vibration signals. 

Feature extraction is a special form of 

dimensionality reduction of signal from original 

signal. The statistical features parameter values are 

extracted from the time domain values using 

mathematical equations. The time domain values 

were acquired using computerized Data Acquisition 

(DAQ) systems. The data collected from DAQ 

system is too large and it is difficult to analyze this 

huge data. Transforming the collected data into 

another form, which can be used to identify the gear 

condition is called feature extraction.  Various 

variables are used to extract the features from the 

collected vibration data. The features are calculated 

for the time domain signals acquired from the 

healthy, chipped and removed tooth type of defect 

in gears. The sample calculated features are 

tabulated in Table 1. and depicted in Fig 9. The 

calculated features include standard deviation, 

kurtosis, mean, variance and median for the Morlet 

wavelet transform coefficients.  

Table 1.  Statistical Features 

Standar

d Devia 

tion 

Kurtosi

s 

Mea

n 

Varianc

e 

Media

n 

Conditio

n of gear 

6.72 2.90 10.30 5.27 9.46 HLY 

4.93 6.19 6.70 3.79 6.02 HLY 

4.27 5.24 5.69 3.17 4.97 HLY 

4.29 4.01 5.64 3.02 4.77 HLY 

4.43 7.62 5.53 3.11 4.61 HLY 

4.70 12.01 5.45 3.39 4.38 HLY 

4.96 12.67 5.48 3.63 4.40 HLY 

5.05 11.53 5.55 3.73 4.29 HLY 

5.06 10.29 5.57 3.75 4.35 HLY 

5.09 9.72 5.58 3.76 4.31 HLY 

5.16 9.74 5.61 3.78 4.24 HLY 

5.25 10.04 5.65 3.84 4.25 HLY 

5.34 10.36 5.67 3.91 4.16 HLY 

5.40 10.65 5.65 3.97 4.10 HLY 

5.42 10.79 5.57 4.00 3.92 HLY 

5.38 10.81 5.42 4.00 3.77 HLY 

5.28 10.77 5.23 3.95 3.55 HLY 

5.13 10.70 5.00 3.86 3.33 HLY 

4.94 10.58 4.74 3.73 3.07 HLY 

4.72 10.46 4.47 3.58 2.86 HLY 

30.88 2.95 41.18 23.56 33.71 S1 

25.53 3.12 33.59 20.19 27.67 S1 

24.89 4.19 32.94 18.99 27.40 S1 

26.83 4.44 34.33 19.65 28.58 S1 

26.54 4.54 33.51 19.76 27.68 S1 

25.43 4.84 31.80 19.64 26.03 S1 

24.41 5.33 30.18 19.44 24.58 S1 

23.68 5.76 28.73 19.31 23.55 S1 

22.96 6.08 27.48 18.97 21.89 S1 

22.25 6.30 26.30 18.45 21.07 S1 

21.53 6.55 25.22 17.71 20.08 S1 

20.99 7.00 24.14 16.94 19.14 S1 

20.57 7.83 23.11 16.21 17.83 S1 

20.19 8.98 22.12 15.58 16.97 S1 

19.77 10.29 21.16 14.97 16.08 S1 

19.23 11.58 20.21 14.31 15.12 S1 

18.57 12.71 19.25 13.63 14.27 S1 

17.82 13.62 18.26 12.92 13.49 S1 

16.98 14.29 17.24 12.20 12.65 S1 

16.10 14.74 16.22 11.49 11.86 S1 

26.02 3.10 35.25 19.69 30.37 S2 
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18.86 4.18 24.37 13.75 20.62 S2 

20.01 4.52 26.41 15.29 22.81 S2 

25.40 6.67 31.56 17.93 26.43 S2 

32.31 9.36 36.48 20.54 28.70 S2 

39.70 10.91 41.81 23.61 31.72 S2 

45.72 11.41 47.12 26.45 35.04 S2 

49.57 11.79 50.84 28.79 38.13 S2 

51.99 12.69 52.83 30.45 39.33 S2 

54.41 13.92 54.15 31.91 39.81 S2 

57.58 14.55 55.87 33.81 39.99 S2 

61.42 14.00 57.98 35.99 40.21 S2 

65.12 12.83 60.15 38.45 39.40 S2 

68.08 11.57 61.91 40.83 38.80 S2 

70.04 10.47 63.07 42.75 38.14 S2 

70.98 9.64 63.67 44.25 37.67 S2 

71.19 9.06 63.72 45.24 37.28 S2 

70.90 8.70 63.39 45.80 37.33 S2 

70.39 8.53 62.77 45.97 36.85 S2 

69.89 8.51 62.01 45.92 35.54 S2 

 

Fig 9 Statistical Features 

 

4.2 Wavelet envelop power spectrum 

This section presents the application of the 

Wavelet Envelop Power Spectrum(WEPS) concept 

in diagnosing gear fault. The localized gear fault 

can be detected by using this proposed approach.  

As per the principle of vibration spectrum 

analysis, the gears spectrum includes the following 

details: 

1.Rotational frequency of gears and its harmonics  

2.Gear Mesh Frequency (GMF) and its harmonics 

3.Sidebands around GMF relative to the shaft 

speed.   

The gear fault diagnosis and prognosis can be 

done by analyzing the increment in the number and 

amplitude of sidebands. The fault severity can be 

assessed by the increase in the amplitude of the 

sidebands in comparison with the GMF amplitude. 

The realistic data collected from the 

experimental setup were used to extract the defect 

related features, which are interpreted for gear fault 

detection. The vibration data is filtered to remove 

noise. The filtered data is processed with the Morlet 

wavelet based wavelet envelop power spectrum as 

per the steps shown in Fig 10.  

 

Fig 10 Signal processing 

 

The concept of principle of vibration gear 

spectrum is used to extract the features from the 

developed wavelet envelope power spectrum. To 

check the accuracy of the proposed technique, the 

features extracted from wavelet enveloped power 

spectrum are compared with the known 

characteristics. The rotational frequencies of the 

experimental setup used while taking vibration data 

are tabulated in the Table 2. The vibration data were 

collected from the experimental setup after 

achieving constant speed in the experimental setup. 

The important features are noted from the WEPS 

spectrum.  

Table 2. Frequency of rotation 

 
 

Fig 11 shows the Morlet Wavelet Enveloped 

Power Spectrums (MWPS) developed for the 

vibration data collected from the experimental setup 

for the healthy, chipped and removed tooth 

condition of gear. The experimental setup was made 

to run constant speed of 900RPM. The GMF of 300 

Hz is seen corresponding with rotational frequency 

of gear. MWPS for healthy condition of gear 

depicts GMF with low amplitude along with low 

sidebands amplitude. The increase in number of 

sidebands of GMF and their corresponding 
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amplitude is clearly seen with the increase in 

severity of fault.  Figure 11 (a) to (c) demonstrates 

the capability of the MWPS concept in diagnose the 

gear fault categorically by analyzing the increase in 

amplitude of GMF from 328 to 1431 and their side 

sands from 49 to 1392.  

 
(a) 

 
(b) 

 

 
(c) 

Fig 11 MWPS for three stages of gear (a) healthy 
(b) chipped tooth (c) removed tooth 

 

4.3 ML for fault detection and classification 

Conventional manual inspection sometimes may 

go undetected and it may be time consuming. 

Although, detection and diagnosis of gear fault 

using WEPS by an experienced technical person is 

possible, computerized assessment is easier and 

recommended for the increasing demand to on-line 

automated condition monitoring applications. In this 

section, the application of Machine Learning 

concept is presented for the easy detection and 

classification of gear fault. Standard deviation, 

kurtosis, mean, variance and median statistical 

features extracted from the Morlet wavelet 

transform coefficients are used as data to train the 

machine learning algorithms and to develop the 

model. The performance of the classifier is verified 

by 10 fold cross validation. 

Support Vector Machine(SVM) classification 

algorithms are applied to develop the model for the 

detection and classification of gear fault. SVM 

machine learning uses N-dimensional hyper-plane 

for better classification efficiency. Because of its 

well-established pattern recognition approach, SVM 

is being used extensively for classification 

problems. Victor L. Brailovsky et all has presented 

principle of two class approach.
14

 SVM creates 

hyper-plane between two sets of data, which is 

placed in between two boundary planes. Planes 

orientation can be changed to reduce the error and 

the features near the boundary planes are called 

support vectors. The plane that allows linear 

separation of higher dimensions can be created 

transforming the features into higher dimensional 

space.
15

 SVM Quadratic SVM classifier has given 

best accuracy of 98.3% in identification of different 

types of gear faults. Total of 60 number of total 

training samples are taken for the fault classification 

with 20 samples for each type of gear. To test the 

performance of the classifier, Confusion matrix is 

used as shown in Fig 12. Confusion matrix 

demonstrates that SVM classifier has classified 100 

% of healthy and chipped tooth gear condition, but 

shows 95% accuracy in classifying removed tooth 

condition & the remaining 5% has been 

misclassified as chipped tooth condition. 

 

 

Fig 12 Confusion matrix 

5 CONCLUSION 

Gears are the common machine element used in 

rotating machines. Fault diagnosis and classification 

using ML is one of the important studies in the field 

of condition monitoring. This research work shows 

that MWPS helps in diagnosing the gear fault in its 

early stage but an experienced technical person is 

required to analyze the MWPS in diagnosing the 
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gear fault condition. Also, it shows Vibration 

monitoring is good method in condition monitoring 

of gears. The application of Machine Learning 

concept presented for the easy detection and 

classification of gear fault is also demonstrated in 

this research work. SVM classifier showed better 

classification ability of fault and it can be applied 

for automatic fault diagnosis   
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