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Abstract: There are several techniques that can be used to determine the condition of a rolling element bearing. In this 

paper, vibration analysis is used to conduct fault diagnosis of a bearing. Vibration signal noise was eliminated using 

hard thresholding wavelet analysis. The best mother wavelet for the denoising process was selected using the minimum 

Shannon entropy criterion. Statistical parameters and other signal properties such as energy and entropy are powerful 

tools for analyzing vibration signals. These features were calculated in the time and wavelet domains and applied to 

Artificial Neural Networks (ANNs) as the feature vector to classify the condition of a bearing into one healthy and three 

faulty conditions. The ANN parameters were separately optimized using three optimization algorithms. The comparison 

of the results shows that if the ANN parameters are properly optimized, the statistical parameters in the time-frequency 

domain can optimize accuracy. 
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Introduction 

Safety and reliability are crucial issues in mechanical 

system maintenance. Rolling element bearings are key 

components in rotary machines and play a vital role in 

machine condition. Various techniques have been 

proposed to monitor bearing conditions based on 

performance evaluation, vibration signals, motor stator 

current, shock pulse, acoustic emission, thermography, 

and wear debris monitoring [1]. Vibration analysis has 

many advantages and is used widely in monitoring the 

conditions of bearings and other rotary machine 

components [2].  

Most normal bearing vibration is generated by low 

frequency components as a result of shaft-rotation, load 

fluctuation, etc. As a rolling element passes over a defect 

in a faulty bearing, it will generate periodic impulses which 

may be masked by noise [3].  

It is preferable to remove these noises prior to signal 

analysis. Thresholding methods are among the more 

commonly used approaches to reduce noise in vibration 

signals. Generally, soft thresholding reconstructs a 'noise-

free' signal, whereas hard thresholding better preserves 

some features such as peak height, but this approach 

provides less smooth substitution [4]. Abbasion et al. used 

the Meyer wavelet and soft thresholding to denoise the 

vibration signal of a bearing [5]. Nikolaou et al. defined a 

specific thresholding value and set the coefficients below 

that to zero [6]. 

Signal-processing methods should be used to 

prepare denoised signals for future application of 

intelligent fault classification algorithms. it’s the 

adaptability and multi-resolution capability of wavelet 

analysis make it a powerful tool for rotary machine fault 

diagnosis [7]. Use of continuous wavelets may produce 

redundant information [7] which incurs an undesired 

information cost [8]. However discrete wavelet transform 

(DWT) provides an efficient way to create feature vectors 
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[9].  

Different methods have been used to select the best 

mother wavelet. Rafiee et al. [10] and Paya et al. [11] used 

db4 mother wavelet by several trials. Nikolaou and 

Antoniadis [6] used computational cost function and 

accuracy criteria, and asserted that proper results can be 

obtained using db12. In 2009, Rafiee and his coworkers 

proposed a novel method using genetic algorithm to 

select db11 as the best mother wavelet [12]. Rafiee et al 

later [13] studied 324 mother wavelets and concluded 

that Daubechies 44 (db44) has the most similar shape for 

both gear and bearing vibration signals. 

A good feature extraction from wavelet coefficients 

can help to more efficiently identify machine defects [7]. 

Statistical parameters are one of the most commonly used 

feature sets used in machine condition monitoring. 

Samanta used statistical parameters as the feature vector 

to determine the condition of a gearbox [14]. This set of 

features can also be generated by DWT coefficients at any 

transform resolution level. Lou decomposed the vibration 

signal of a specific bearing in normal and faulty conditions 

and used the standard deviation of the discrete wavelet 

transform coefficient as the feature vector for later 

analysis [9]. Rafiee et al. proposed using the standard 

deviation of the wavelet packet coefficient as the feature 

vector for artificial neural network training [12]. In 2009, 

Lei et al. extracted six statistical parameters from all 

frequency bands of the wavelet packet transform and 

Intrinsic Mode Functions (IMFs) of  Empirical Mode 

Decomposition (EMD) [15]. 

An artificially intelligent system should then be 

applied to the extracted features to automatically identify 

system faults. Artificial neural networks (ANNs) are a type 

of information processing method that models 

information processing in the human brain [15], and are 

one of the most useful methods for condition monitoring 

fault classification [12].  Jack found that ANN 

outperformed SVM in terms of system fault diagnosis 

accuracy, and did so with less training time [16]. In 2007, 

Rafiee et al. used ANN to diagnosis faults in a gearbox [10].  

General Procedure 

The general procedure of this paper can be 

summarized in the following steps: 

1. Denoise the original signals generated by a rolling 

element bearing using the hard thresholding 

wavelet denoising method. 

2. Perform one level discrete wavelet transform 

decomposition of the denoised data, using six 

different mother wavelets.  

3. Select the best mother wavelet based on the 

minimum Shannon entropy criterion. 

4. Calculate nine features of all signals in the time 

domain and eighteen features in the wavelet 

domain. 

5. Train two neural network classifiers based on 

time domain and wavelet domain features.  

6. Compute neural network weights using three 

different evolutionary algorithms: GOA, PSO and 

COA.  

For all data sets, the statistical features of the signals, 

with energy and entropy were used for classification of 

bearing conditions 

Experimental Setup 

The experiment was performed using a 2 hp 

Reliance Electric motor. By means of a self-aligning 

coupling, the motor was connected to a dynamometer 

and a torque sensor. The torque load levels were 

regulated by controlling the dynamometer. A 6205-2RS 

JEM SKF deep groove ball bearing supported the motor 

shaft. An Electro-discharge machine (EDM) was used to 

produce a single point 0.014” fault in the test bearing. 

Vibration data was collected by attaching an 

accelerometer with a maximum bandwidth of 5000 Hz 

and a 1 V/g output to the housing with magnetic bases. 

The load applied on the motor was 1hp and the shaft 

rotational speed was 1772 rpm. The data acquisition 

system consisted of a specially designed amplifier to 

produce vibration signals with high bandwidth and a data 

recorder with a sampling frequency of 48000 Hz. A low-

pass filter was used for anti-aliasing. 

The experimental data and the system are taken 

from Case Western Reverse Lab and used with the 

permission of Dr. Kenneth A. Loparo. The data set was 

classified in four different conditions: normal bearing, 

bearing with inner race fault, bearing with outer race fault 

and bearing with rolling element fault. All of the vibration 
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signals in each condition were cut into 100 samples each 

with a length of 3700 points. Figure 1(a) to (d) show one 

sample of each bearing condition. 

 

(a) 

 

(b) 

 

(c) 

 

(d) 

Figure 1. Vibration signals in different conditions: (a) healthy (b) inner 
race fault (c) rolling element fault (d) outer race fault. 

Signal Denoising Using Wavelet Transform 

Wavelet Fundamentals 

In 1882, Morelet et al. introduced wavelets as a family of 

functions constructed by a single function called the 

“mother wavelet” [17]: 

𝜓𝑎,𝑏(𝑡) =
1

√|𝑎|
𝜓 (

𝑡−𝑏

𝑎
) , 𝑎, 𝑏 ∈ ℝ, 𝑎 ≠ 0,       (1) 

where 𝑎  and 𝑏  are respectively called scaling and 

translation parameters. The continuous wavelet 

transform of a finite energy signal (𝑓(𝑡) ∈ 𝐿2(𝑅))  is 

defined by Grossmann in the following form: 

𝑊𝑓(𝑎, 𝑏) =
1

√|𝑎|
∫ 𝑓(𝑡)𝜓∗ (

𝑡−𝑎

𝑏
)

∞

−∞
d𝑡,            (2) 

where 𝑊𝑓(𝑎, 𝑏)  is the continuous wavelet transform of 

𝑓  and  𝜓∗ is the conjugation of the mother wavelet. The 

function 𝑓  can be reconstructed by inverse wavelet 

transform which is formulated as follows:  

𝑓(𝑡) = 𝐶𝜓
−1 ∫ ∫ 𝒲𝜓[𝑓](𝑎, 𝑏)𝜓𝑎,𝑏(𝑡)(𝑎−2𝑑𝑎)𝑑𝑏,

∞

−∞

∞

−∞
 (3) 

where 𝐶𝜓 satisfies the admissibility condition 

𝐶𝜓 = 2𝜋 ∫
|𝜓̂(𝜔)|

|𝜔|

∞

−∞
𝑑𝜔 < ∞,                     (4) 

and 𝜓̂(𝜔) is the Fourier transform of the mother 

wavelet 𝜓(𝑡). 

Discrete Wavelet Analysis 

The Discrete Wavelet Transform (DWT) consists of 

introducing a signal 𝑠(𝑥) to low-pass (L) and high-pass (H) 

filters. As the results, two vectors 𝑐𝐴1  and 𝑐𝐷1  will be 

obtained for which the elements of vector 𝑐𝐴1  

correspond to the low frequencies of the signal and are 

called approximation coefficients while the elements of 

the vector 𝑐𝐷1 correspond to the highest frequencies and 

are called detail coefficients [18]. The procedure can be 

repeated with the elements of the vector 𝑐𝐴1  and 

successively with each new vector 𝑐𝐴𝑗  obtained. The 

signal can be decomposed into N scale, and one 

approximation coefficient and N detail coefficients can be 

obtained. 

In this scheme, 𝑎 and 𝑏 are given by [9]: 

a = 2𝑗 , 𝑏 = 𝑘2𝑗 , (j, k) ∈ 𝑍2        (5) 

if 

𝜓𝑗,𝑘(𝑥) = 2−
1

2𝜓(2−𝑗𝑥 − 𝑘)           (6) 

∅𝑗,𝑘(𝑥) = 2−
1

2∅(2−𝑗𝑥 − 𝑘)           (7) 

the wavelet 𝜓 is substituted by a wavelet filter with 

impulse 𝑔 ; and a the scaling function ∅  is replaced by 

scaling filter with impulse response ℎ. 𝑔 and ℎ are defined 

on a regular grid ∆𝑍; where ∆ is the sampling period. The 

mathematical description of the discrete wavelet analysis 

can thus be represented as [9]: 

C(a, b) = c(j, k) = ∑ 𝑠(𝑛)𝑔𝑗,𝑘(𝑛),   𝑗, 𝑘 ∈ 𝑁𝑛   (8) 
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Moreover, discrete synthesis produces [9]: 

           s(x) = ∑ ∑ 𝑐(𝑗, 𝑘)𝜓𝑗,𝑘(𝑥)𝑘∈𝑧𝑗∈𝑧        (9) 

The detail at level j and the approximation at level J are 

respectively defined as [9]: 

𝐷𝑗(𝑥) = ∑ 𝑐(𝑗, 𝑘)𝜓𝑗,𝑘(𝑥)𝑘∈𝑧         (10) 

𝐴𝑗−1 = ∑ 𝐷𝑗𝑗>𝐽              (11) 

During the decomposition, the signal s(x)  and vectors 

cAj  undergo a downsampling. Vector Aj and Dj which are 

respectively called approximation and detail and satisfy 

the relations [18]: 

𝐴𝑗−1 = 𝐴𝑗 + 𝐷𝑗              (12) 

s = 𝐴𝑗 + ∑ 𝐷𝑗             𝑁
𝑖<𝑗 (13) 

where i and j are integers. Figure 2 represents an example 

of three level wavelet decomposition. 

 

Figure 2. Multiple level wavelet decomposition scheme [19]. 

Wavelet Denoising by Thresholding 

Suppose that the desired signal f is blended by σ-

variance zero-mean Gaussian white noise as follows: 

𝑔[𝑛] = 𝑓[𝑛] + 𝜎𝑧[𝑛]                            

(14) 

To separate the signal from noise Donoho and 

Johnstone proposed a method in the wavelet domain 

called wavelet thresholding as follows: 

(1) Transfer the signals to the time-frequency 

domain by wavelet transform and obtain the 

scaling coefficient and wavelet coefficient. 

(2) Determine a threshold value and apply it to the 

wavelet coefficients.  

(3) Reconstruct the denoised signal by means of the 

remaining wavelet coefficient [3]. 

Determining the mother wavelet and thresholding 

value plays a vital role in this method. The mother wavelet 

should be selected such that the information cost function 

is minimized [8]. Different criteria exist to describe the 

cost function, but the most common criterion is Shannon 

entropy. For a discrete signal X of unit energy, the Shannon 

entropy of the decomposition coefficient sequence  𝑋 =

{𝑥𝑘} is computed by [19]: 

𝑀(𝑋) = − ∑ (𝑥𝑘)2 log(𝑥𝑘)2
𝑘               (15) 

To achieve this goal, wavelet denoising is performed 

using 10 mother wavelets. As shown in Table 1 the entropy 

of all gathered data is calculated and compared. The 

mother wavelet that regenerates the signal with minimum 

entropy is selected as the best mother wavelet. 

Thresholding value is a combination of adaptive 

threshold selection using the principle of Stein's Unbiased 

Risk Estimate and fixed-form threshold using the MATLAB 

function 'heursure'. 

Figure 3 shows one sample of vibration signal before 

and after denoising.  

 

Figure 3. Inner race fault signal. The orange signal shows the denoised 
signal and the blue signal is the original signal 

Mother Wavelet Selection for Discrete Wavelet Transform 

Discrete wavelet transforms the signals to the time-

frequency domain. Equation (18) was used to select the 

best mother wavelet minimum entropy criteria. For this 

goal, the mother wavelets used most commonly widely in 

condition monitoring were studied, including db4, db8, 

db10, db11, db12 and db44.  

Summing calculated entropy of all signals in each 

condition obtained the following results in table 2. 

As shown in table 1, db8 had the minimum entropy, 

so it was selected as the mother wavelet to transform the 

signals to the time-frequency domain.  

Denoised signals were decomposed by DWT in only 

one decomposition level and the statistical properties of 

each sub signal are evaluated in both high and low band 

filters. 

Feature Extraction 

The dimensionless statistical characteristics can 

effectively identify system faults [15]. Entergy and entropy 

are two other parameters which are widely used in 

monitoring the condition of rotary machines. The 
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Vahid Kazemi Golbaghi, Mehdi Shahbazian, Bahman Moslemi, and Gholamreza Rashed 

www.ausmt.org  65           auSMT Vol. 7 No.2 (2017) 

Copyright © 2017 International Journal of Automation and Smart Technology 

following features for the discrete vibration signals are 

extracted: root Mean Square, standard deviation, crest 

factor, kurtosis, skewness, impulse factor: 

𝐼𝐹(𝑋(𝑛)) =
𝑀𝑎𝑥(𝑋(𝑛))

1

 𝑛
∑ |𝑥(𝑛)|𝑁

𝑛=1

                    (16) 

FM4 parameter: 

𝐹𝑀4(𝑋(𝑛)) = ∑
4𝑡ℎ 𝑚𝑜𝑚𝑒𝑛𝑡(𝑋(𝑛))

𝑉𝑎𝑟(𝑋(𝑛))

𝑁
𝑛=1          (17) 

where Var is the variance of the signal, 

Energy 

𝐸𝑛𝑟(𝑋(𝑛)) = ∑ (𝑥(𝑛))
2

           𝑁
𝑛=1       (18) 

and Entropy. First, all of these parameters are extracted 

from the de-noised vibration signals in the time domain to 

determine bearing operation conditions. Moreover, the 

same parameters are calculated for both approximation 

and detail coefficients of the discrete wavelet transform. 

The extracted features are normalized in the range of [-1 

1] and then applied to the Artificial Neural Networks 

(ANNs) to automatically determine the bearing’s 

condition. 

Artificial Neural Network Architecture 

One of the most important parts of the fault 

diagnosis method is pattern classification. Nowadays, 

ANNs are one of the most common and powerful ways to 

classify patterns. An artificial neural network is built of 

connections which receive and send information [20]. 

Feed-forward is one of the most commonly used ANN 

topologies due to its simple construction, variety of the 

existing training algorithms, and excellent performance 

[21]. A feed-forward artificial neural network is 

constructed of three main layers: Input nodes, where the 

number of nodes equals the dimensions of the feature 

vector’s dimensions; the hidden layer; and the output 

layer where the number of nodes equals the number of 

classes. These layers are connected to each other by 

weighted lines, with the information moving from the 

input layer to the hidden layers and finally to the output 

layer. The calculated values in each node are added to a 

constant value called the biasing value. The output of each 

node (neuron) is presented as a function called the 

transfer or activation function. The output value of each 

node is calculated by following equation: 

𝑧𝑗(𝑡) = 𝑓(∑ ∑ 𝑊𝑖𝑗𝑥𝑖(𝑡) + 𝑏𝑗
𝑚
𝑗=1

𝑛
𝑖=1 )      (19) 

where 𝑧𝑗  is the output of the 𝑗𝑡ℎ  neuron, 𝑊𝑖𝑗  is the weight 

of the connection and 𝑏𝑗  is the bias of the 𝑗𝑡ℎ  neuron [21]. 

Almost any transfer function can be used in a 

feedforward neural network, but for classification 

problems, nonlinear transfer functions work best [22]. The 

activation function for the hidden and output layers is 

considered to be a tangent sigmoid.  

The number of neurons in the hidden layer is set at 

10 by trial and error. 70% of the data is used for network 

training, while the remaining 30% is used for testing. Least 

mean squares is chosen as the error function. Many 

optimization algorithms can be used to optimize network 

parameters. In the following sections, the evolutionary 

algorithms used in this paper are described briefly. 

Genetic Algorithm (GA) 

Genetic algorithm imitates natural genetic 

mechanisms to produce optimal solutions [23]. The main 

idea is to preserve a primary chromosome, eliminating 

weaker solutions in a process of elimination [24]. In the 

first case, GA is used to modify ANN parameters [25]. 

Generally, a simple GA consists of three main procedures: 

(1) selection of parents (2) crossover and (3) mutation 

Table 1. Shannon entropy of the signals after denoising. Highlighted cells shows the minimum entropy for each state. 

Table 2. Shannon entropy for mostly used mother wavelets. 
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[12].  

The initial population size was considered to be 

equal to 600 genomes which are randomly distributed in 

the solution space. A relatively high population size is 

selected to ensure that the interchanges among the 

genomes are relatively high and slow algorithm 

convergence. 

Tournament selection is used to select the parents 

in each iteration, and the maximum number of iterations  

(401) is used as the stopping criteria for the algorithm.  

The training MSE curves are shown in Figure 4. 

 

Figure 4. MSE curves for ANNs in both time and time-frequency domain 
using GOA. 

Particle Swarm Optimization 

Proposed by Kennedy and Eberhart in 1995, the PSO 

is inspired by the unpredictable behavior of flocking birds 

[26]. This method is an iterative optimization algorithm in 

which a group of solutions in the search space is iteratively 

updated to localize the optimum solution [27].  

PSO uses a direct search method to find the best 

solution. All particles represent probable answers to the 

problem and move in a D-dimensional space according to 

two concepts: first, all particles remember the position 

which minimizes its cost (its ‘personal best’); second, all 

particles communicate with each other to recognize the 

best particle (‘global best’). Each particle randomly moves 

toward its best position and the global best position 

according to the following equation: 

𝑣𝑖
𝑑(𝑘 + 1) = 𝑣𝑖

𝑑(𝑘)𝑐1𝑟𝑎𝑛𝑑1
𝑑(k) (𝑝𝐵𝑒𝑠𝑡𝑖

𝑑(𝑘) − 𝑥𝑖
𝑑(𝑘))    

 +𝑐2𝑟𝑎𝑛𝑑2
𝑑(𝑘) (𝑔𝐵𝑒𝑠𝑡𝑖

𝑑(𝑘) − 𝑥𝑖
𝑑(𝑘))  (20) 

Then, the updated particle position can be determined by: 

𝑥𝑖
𝑑(𝑘 + 1) = 𝑥𝑖

𝑑(𝑘) + 𝑣𝑖
𝑑(𝑘 + 1)(𝑘 + 1)(𝑘 + 1)   (21) 

Where 𝑥𝑖
𝑑   Is the corresponding position of the 

particle, 𝑘  is the current iteration step, 𝑐1  and 𝑐2  are 

acceleration factors and 𝑟𝑎𝑛𝑑1
𝑑   and 𝑟𝑎𝑛𝑑2

𝑑  are random 

weights uniformly distributed in the range (0, 1). 

The above process is repeated in each iteration 

until the ending criteria is met. This criteria could be a 

certain number of iterations or any other threshold 

determined by the user. 

Number of particles and iterations are considered 

equal to genomes and iterations in previous algorithms for 

easier comparison. As shown in Figure 5, PSO greatly 

reduces network MSE. 

Like other iterative optimization algorithms, PSO 

has limitations: premature convergence into a suboptimal 

solution and slow algorithm convergence. 

 

Figure 5. MSE curve for ANNs in both time and time-frequency domain 
using PSO. 

Cuckoo Optimization Algorithm (COA) 

This algorithm is inspired the egg laying behavior of 

the cuckoo bird. Similar to other evolutionary algorithms, 

COA starts with some initial population of cuckoos living 

in discrete groups. The cuckoos lay their eggs in the nests 

of other host birds according to their descent and are 

classified into several groups. Master race eggs will survive 

in the host birds’ nest, while retardation eggs will be killed 

by the host bird. The remaining eggs will hatch and 

become adult cuckoos. To maximize egg survival, cuckoos 

search the nearby area for suitable host nests. 

 These cuckoos gradually create societies in the 

feature space and the procedure continues. All of these 

societies are in communication with each other and 

cuckoos will be inclined to migrate to an optimal habitat, 

thus iteratively converging on the best situation.  

All the cuckoos situate in a specific ‘habitat’ -which 

is an Nvar-dimensional matrix representing the potential 

solution of unknowns of the problem. ‘Profit’, which 

presents the cost value of each cuckoo habitat, is defined 

as: 
𝑝𝑟𝑜𝑓𝑖𝑡 = −𝐶𝑜𝑠𝑡 = −𝑓𝑐(𝑥1, 𝑥2, ⋯ 𝑥𝑁𝑣𝑎𝑟)

      (22) 

where 𝑥1, 𝑥2 , …  determine the cuckoo habitats. The 

negative sign in the formula is due to the method seeking 

to maximize profit value. Real world cuckoos can lay 

anywhere from 5 to 20 eggs, but only within a 

deterministic distance. All of these concepts are 

considered in the algorithm design. The number eggs laid 

is determined by the user and ‘Egg Laying Radius (ELR)’ is 
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determined by the following formula: 

𝐸𝐿𝑅 = 𝛼 ×
𝑁𝑢𝑚𝑏𝑒𝑟𝑜𝑓 𝑐𝑢𝑟𝑟𝑒𝑛𝑡 𝑐𝑢𝑐𝑘𝑜𝑜

′
𝑠𝑒𝑔𝑔𝑠

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑒𝑔𝑔𝑠
× (𝑣𝑎𝑟ℎ𝑖 − 𝑣𝑎𝑟𝑙𝑜𝑤) 

(23) 

where alpha is an integer which determines 

maximum laying radius. 

As previously mentioned, unsuitable eggs are 

detected and thrown out by the host bird. In this 

algorithm, high cost generated points represent the 

unsuitable eggs and will be vanished by the algorithm.  

Survivor eggs will hatch and multiply within their 

host settlement the following gestation period at which 

point cuckoos search for better habitats offering more 

suitable nesting opportunities. Immigration in the 

algorithm is performed by means of a parameter called λ. 

Cuckoos traverse λ% of the path toward the goal and with 

a deviation equal to λ from the direct path. λ ranges from 

0 and 1 and differs for each cuckoo.  

The gradual increase in the number of cuckoos is 

restricted by hunters and limited sources of sustenance, 

and is applied in algorithm through a parameter called 

‘maximum number of live cuckoos in the environment’ 

and determined by𝑁𝑚𝑎𝑥  . 

After a while, the total cuckoo population will 

converge to a habitat with maximum profit. When more 

than 95% of the cuckoo population converges, the process 

ends. 

Similar to other evolutionary algorithms, COA starts 

with an initial population, numbering 15 in this case. Each 

cuckoo can lay two to five eggs in each iteration, with 

cuckoos lifespans lasting a maximum of 50 iterations. 

Cuckoos are classified in three individual groups using the 

k-means clustering method. Like the other two 

algorithms, the stopping criteria is maximum number of 

iterations (401).  

Figure 6 shows the results of the cuckoo 

optimization algorithm. In comparison with standard GA 

and PSO, COA can find the global best position more 

accurately. 

 

Figure 6. MSE curve for ANNs in both time and time-frequency domain 
using COA 

Results and discussion 

As it was previously explained, the statistical 

properties for the denoised vibration signals are evaluated  

in both the time and wavelet domains. This produces nine 

features in the time domain and eighteen features in the 

time-frequency domain. These features are then 

individually applied the feature vector in an artificial 

neural network classifier. The prosperity percentage, 

which is the ratio between correctly classified data to all 

data applied to neural networks for training and testing for 

all optimization algorithms (GA, PSO and COA), and the 

mean squared error for all cases is presented in table 3 

and 4. Table 3 shows the results in the time domain and 

Table 4shows the results of the wavelet domain features. 

These tables show that a single level of signal 

decomposition by DWT significantly improved the fault 

diagnosis results. Another way to improve classification 

results is to select the most proper optimization 

algorithm. As shown in tables 3 and 4, the cuckoo 

optimization algorithm provides the best classification 

results, along with minimum time cost. Finally as shown in 

Table 4, DWT decomposition and cuckoo ANN training 

Table 3. Bearing condition monitoring results obtained by GOA, PSO and COA using time domain parameters. 

Table 4. Bearing condition monitoring results obtained by GOA, PSO and COA using time-frequency domain parameters. 
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produces the best bearing fault diagnosis method with 

perfect classification (100%) and lower CPU time 

consumption. 

Conclusion 

This research seeks to determine bearing condition 

based on discrete wavelet analysis. Raw vibration signals 

are denoised using the wavelet hard thresholding 

method. A feature vector was constructed using statistical 

features, energy and entropy from the denoised signals. 

These features were calculated in both the time and time-

frequency domains (using DWT). ANN was used as the 

classifier to categorize the data to four different 

conditions. ANN parameters were optimized using three 

evolutionary optimization algorithms: GOA, PSO and COA. 

Simulation results show that the optimization algorithm 

produces a significant improvement in classification 

accuracy, and COA significantly outperforms both PSO and 

GA. Comparing the results in the time and wavelet 

domains finds that DWT signal decomposition, even in a 

single level of decomposition, can greatly improve fault 

classification performance. 
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