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Abstract 

Rotating machinery is the most common machinery in industry. The root of the faults in rotating 
machinery is often faulty rolling element bearings. This paper presents a technique using optimized 
artificial neural network by the Bees Algorithm for automated diagnosis of localized faults in rolling 
element bearings. The inputs of this technique are a number of features (maximum likelihood estimation 
values), which are derived from the vibration signals of test data. The results show that the performance of 
the proposed optimized system is better than most previous studies, even though it uses only two features. 
Effectiveness of the above method is illustrated using obtained bearing vibration data. 
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1. Introduction 

Various diagnostic tools exist for diagnosing fault in machineries; the most common is vibration-based tools. 
Using vibration collected data from defective components, algorithms are developed to detect the time when bearing 
damage has been occurred. Over the past 25 years, numerous vibration-based algorithms for bearing damage 
detection have been developed. Unfortunately, up to now, a complete database of existing vibration algorithms along 
with their capabilities and limitations is not presented. A pertinent review and an application of an ensemble of 
hybrid intelligent models are presented earlier [1]. The monitoring methods applied to bearings can be achieved in a 
number of ways [2], with some of the methods being simple to use, and others requiring sophisticated signal 
processing. Shocks are usually created in the presence of faults and can be analyzed either in the time domain [3] 
(RMS and max-peak amplitude of vibration level, Crest factor and Kurtosis, detection of shock waves and Julien 
method [4], statistical parameters applied to the time signal, Cepstrum) or in the frequency domain (spectral analysis 
around bearing defect frequencies [5], frequency spectrum in the high frequency domain, Spike energy [6], high 
frequency demodulation [7], acoustic emission [8-9], adaptive filtering [10-11], artificial neural networks [12-13], 
time-frequency [14], the Bees Algorithm [15] and etc). The application of ANNs has gained importance in the area of 
automated fault detection and diagnosis of rotating machinery [16]. The neural networks have the advantages of 
adaptive learning, nonlinear generalization, fault tolerance, resistance to noisy data, and parallel computation abilities.  

The proposed method, several domain features (time signal, real Cepstrum, minimum phase reconstruction, 
discrete cosine transform, discrete Fourier transform, envelope analysis signal and the Hilbert transform) are 
extracted from the vibration signal and pattern recognition using ANN is used for bearing fault diagnosis. Measured 
Vibration signals from a single location are used in this method. Some of previous works dealt with signals from 
multiple locations for fault detection [17-18]. The number of input parameters used in the proposed algorithm is less 
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than previous works and hence, training speed is high, the performance of the maximum likelihood estimation 

features are compared with other descriptive statistic and it has been observed that they perform better when used as 
input features of RBF for the fault diagnosis of bearings. In the final step, the train of RBF network is optimized by 
means of the Bees Algorithm. 

The remainder of this paper is organized as follows. In section 2, the experimental setup is introduced. Then, in 
section 3, signal processing techniques is developed. Section 4 presents various feature extraction methods. In 
section 5, the feature selection is invented. Section 6 presents the Bees Algorithm. The results and conclusions of this 
investigation are summarized in sections 7 and 8. 

2. Experimental Setup 

The bearings used in this study are deep groove ball bearings generated by SKF. The faults were introduced into 
the drive end bearing of the motor using the electro discharge machining method. Each bearing was tested under four 
different loads, (e.g. 0, 1, 2, and 3 hp). The bearing dataset was derived from the experimental system under the four 
different operating conditions: (1) normal condition; (2) outer race fault; (3) inner race fault; and (4) ball fault (Table 
1). The number of training samples is 20 samples and the number of testing samples is 10 [19]. 

 
Table 1. Description of the Experimental Dataset 

Load (HP) Motor speed (rpm) Operating condition Label of class 

0 1797 Normal baseline C1 

1 1772 Normal baseline C1 

2 1750 Normal baseline C1 

3 1730 Normal baseline C1 

0 1797 Inner race fault C2 

1 1772 Inner race fault C2 

2 1750 Inner race fault C2 

3 1730 Inner race fault C2 

0 1797 Ball Fault C3 

1 1772 Ball Fault C3 

2 1750 Ball Fault C3 

3 1730 Ball Fault C3 

0 1797 Outer race fault C4 

1 1772 Outer race fault C4 

2 1750 Outer race fault C4 

3 1730 Outer race fault C4 

3. Signal processing techniques 

Features extracted from time-domain vibration signals, real Cepstrum, minimum phase reconstruction, discrete 
cosine transform, discrete Fourier transform, envelope analysis signal and the Hilbert transform are used as input 
features for the neural network. 

The complex Cepstrum for a sequence x is calculated by finding the complex natural logarithm of the Fourier 
transform of x, then the inverse Fourier transform of the resulting sequence. 
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The real Cepstrum is the inverse Fourier transform of the real logarithm of the magnitude of the Fourier 
transform of a sequence. The real Cepstrum (y) is define as 
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Appropriate windowing in the Cepstral domain forms the reconstructed minimum phase (ym) signal: 
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    exp .*ym real ifft fft w y (4) 

The discrete cosine transform (DCT) is closely related to the DFT. The DCT's energy compaction properties are 
useful for applications like signal coding. Mathematically, the unitary DCT of an input sequence x is: 
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The faulty features can be detected by Hilbert transform of raw signal in time-domain. The high-frequency 
vibration amplitude of operating bearings with local faults was modulated by pulse (extra) force. In order to obtain 
the fault characteristic, the vibration signals of rolling element bearings need to demodulate. Defining a series x(t) of 
raw signal, we can have its Hilbert transform as 
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H x t d
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Then, the envelope analysis signal can be given as 
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4. Feature Extraction 

4.1 Descriptive statistics 
Data samples can have thousands (even millions) of values. Descriptive statistics can summarize these data into a 

few numbers that contain most of the relevant information. The Following statistical parameters are used to detect 
incipient bearing damage: 
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Where Xi (i=1, …, N) is the amplitude at sampling point i and N is the number of sampling points. µ is the mean 
of X, σ is the standard deviation of X, and E represents the mathematical expectation. 

4.2 Innovative indicators 
Two new descriptors called TALAF and THIKAT are presented by S. Sassi [18]. The TALAF is defined as 
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Where rms0 is the root mean square value define for a healthy bearing. The THIKAT is defined as 
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Where CF is crest factor of X. 

4.3 Maximum likelihood estimates 
Each function represents a parametric family of distributions. Input arguments are data, presumed to be samples 

from some member of the selected distribution family. Functions return maximum likelihood estimates (MLEs) of 
distribution parameters, that is, parameters for the distribution family member with the maximum likelihood of 
producing the data as a random sample. 

MLEs can be heavily biased, especially for small samples. As sample size increases, however, MLEs become 
unbiased minimum variance estimators with approximate normal distributions. This is used to compute confidence 
bounds for the estimates. 

The various distributions are given in Table 2. 
 

Table 2. Maximum Likelihood Estimation Distributions 
Distribution Describe 
Exponential mean of an exponentially distributed 

extreme value (ev1) location parameter, mu 
extreme value (ev2) scale parameter, sigma 

gamma1 gamma distribution parameter1 
gamma2 gamma distribution parameter2 

generalized extreme value (gev1) shape parameter, K 
generalized extreme value (gev2) scale parameter, sigma 
generalized extreme value (gev3) location parameter, mu 

generalized pareto (gp1) tail index (shape) parameter, K 
generalized pareto (gp2) scale parameter, sigma 

Geometric Geometric 
lognormal1 mean, mu 
lognormal2 standard deviation, sigma 

normal1 mean, mu 
normal2 standard deviation, sigma 
Poisson Poisson distribution, λ 

Rayleigh parameter of the Rayleigh distribution 
discrete uniform max(data) 

uniform1 uniform distribution parameter1 
uniform2 uniform distribution parameter1 
weibull1 Weibull parameter a 
weibull2 Weibull parameter b 

 



Bearing Fault Detection Based on Maximum Likelihood Estimation and Optimized ANN Using the Bees Algorithm 

Journal of Applied and Computational Mechanics, Vol. 1, No. 1, (2015), 35-43 

39 
5. Feature Selection 

Feature selection has a significant impact on the success of pattern recognition. The Euclidean distance between 
pairs of classes is computed in this section. Given an m-by-n data matrix X, which is treated as m (1-by-n) row 
vectors x1, x2, …, xm, the Euclidean distances between the vector xr and xs is defined as 

  '2
rs r s r sd x x x x    (27) 

12 13 14 21 23 24

31 32 34 41 42 43

TotalDistance min( , , ) min( , , )

min( , , ) min( , , )

d d d d d d

d d d d d d

 

   (28) 

 
Where dij is Euclidean distance between Ci and Cj. Maximum Total Distances are selected for input features of 

artificial neural network. 
 
6. The Bees Algorithm 

Figure 1 shows the flowchart for the algorithm in the simplest form. For more details, the reader is referred to 
[15]. The algorithm requires a number of parameters to be set, namely: number of scout bees (n), number of sites 
selected for neighborhood searching (out of n visited sites) (m), number of top-rated (elite) sites among m selected 
sites (e), number of bees recruited for the best e sites (nep), number of bees recruited for the other (m-e) selected sites 
(nsp), the initial size of each patch (ngh) (a patch is a region in the search space that includes the visited site and its 
neighborhood), and the stopping criterion. 

 

 
Fig. 1. Flowchart of the Bees Algorithm (BA) 

 

7. Results 

 
7.1 Feature Selection result 

There are 287 features in seven domains (time, real Cepstrum, minimum phase reconstruction, discrete cosine 
transform, discrete Fourier transform, envelope analysis signal and the Hilbert transform). Initially, one feature, two 
features and three features were selected and then Total Distance for these features was calculated. Finally, features 
were selected by Total Distance and the first six of them (Table 3). 

Initialize a population of  n scout bees

Evaluate the fitness of the population

Select m sites for neighbourhood search

Determine the size of neighbourhood

Recruit bees for selected sites (more bees for the e)

Select the fittest bees from each patch

Assign the (n-m) remaining bees to random search

New population of scout bees

Go to step 2 until a stopping criterion is met
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Table 3. A comparison on Total Distance 

Feature 1 Feature 2 Feature 3 Total Distance 

Geometric (Envelope) --- --- 0.00342 

Geometric (Hilbert) --- --- 0.00328 

Interquartile range (Time) --- --- 0.00243 

gev2 (Hilbert) --- --- 0.00242 

gev2 (Envelope) --- --- 0.00240 

weibull1 (Time) --- --- 0.00229 

Geometric (Envelope) ev1 (real cepstrum) --- 0.24890 

lognormal1 (DCT) gev3 (minimum phase) --- 0.24881 

Geometric (Hilbert) ev1 (real cepstrum) --- 0.24811 

gev3 (Time) lognormal1 (DCT) --- 0.24801 

lognormal1 (Hilbert) Exponential (DCT) --- 0.24139 

lognormal1 (Hilbert) Poisson (DCT) --- 0.24139 

Geometric (Envelope) gp1 (FFT) ev1 (real Cepstrum) 1.04083 

Geometric (Hilbert) gp1 (FFT) ev1 (real Cepstrum) 1.03884 

Exponential (Hilbert) gp1 (FFT) ev1 (real Cepstrum) 1.01300 

normal1 (Hilbert) gp1 (FFT) ev1 (real Cepstrum) 1.01300 

Poisson (Hilbert) gp1 (FFT) ev1 (real Cepstrum) 1.01300 

Mean (Hilbert) gp1 (FFT) ev1 (real Cepstrum) 1.01300 

 

7.2 RBF Neural network 
These features are used as input features for RBF neural network and calculation of mse of train and mse of test 

(Table 4). 
Table 4. A comparison on mse train and mse test of RBF 

Feature 1 Feature 2 Feature 3 mse train mse test 

Geometric (Envelope) --- --- 9.19E-05 8.93E-05 

Geometric (Hilbert) --- --- 9.38E-05 8.98E-05 

weibull1 (Time) --- --- 2.28E-04 2.13E-04 

gev2 (Hilbert) --- --- 2.72E-04 2.62E-04 

gev2 (Envelope) --- --- 2.75E-04 2.66E-04 

Interquartile range (Time) --- --- 1.80E-03 2.72E-03 

lognormal1 (DCT) gev3 (minimum phase) --- 9.89E-06 2.69E-05 

gev3 (Time) lognormal1 (DCT) --- 9.98E-06 4.55E-05 

Geometric (Hilbert) ev1 (real cepstrum) --- 1.44E-05 4.20E-05 

Geometric (Envelope) ev1 (real cepstrum) --- 1.48E-05 4.43E-05 

lognormal1 (Hilbert) Exponential (DCT) --- 3.88E-05 1.98E-04 

lognormal1 (Hilbert) Poisson (DCT) --- 3.88E-05 1.98E-04 

normal1 (Hilbert) gp1 (FFT) ev1 (real cepstrum) 3.34E-06 6.13E-05 

Poisson (Hilbert) gp1 (FFT) ev1 (real cepstrum) 3.34E-06 6.13E-05 

Mean (Hilbert) gp1 (FFT) ev1 (real cepstrum) 3.34E-06 6.13E-05 

Exponential (Hilbert) gp1 (FFT) ev1 (real cepstrum) 3.34E-06 6.13E-05 

Geometric (Hilbert) gp1 (FFT) ev1 (real cepstrum) 2.90E-06 4.77E-04 

Geometric (Envelope) gp1 (FFT) ev1 (real cepstrum) 3.17E-06 1.47E-04 

 

7.3 Optimized RBF using the Bees Algorithm 
The first layer standard radial basis sets weights (w1) to inputs, and the first layer biases (b1) are all set to 

0.8326/spread. Spread is 1. 
The first layer biases are optimization variables. Variation range is defined between -7 to 7. The optimization 

fitness for problem is defined as  
 

ሿݐݏ݁ݐ_݁ݏሾ݉݊݋݅ݐܽݖ݅݉݅݊݅݉     :ݏݏ݁݊ݐ݅ܨ (29) 
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Parameters of the Bees Algorithm are given in Table 5. 

 
Table 5. Bees Algorithm Parameters 

Bees Algorithm Parameters Values 

N 20 
M 7 
E 2 

Nep 6 
Nsp 2 
Ngh 0.01 

 
Optimization answer is -6.5917024. Thus, the first layer biases are -6.5917024. A comparison on train and test error 
between standard as well as optimum RBF is given in Table 6. 

 

Table 6. Comparison between optimum RBF and standard RBF 

State Input features mse_train mse_test 

Standard RBF Lognormal1 (DCT) and gev3 (minimum phase) 9.89E-06 2.69E-05 

Optimum RBF Lognormal1 (DCT) and gev3 (minimum phase) 3.687E-10 1.896E-09 

 
7.4 Comparison of proposed method with other methods in the literature 

Table 7 compares the different methods in case of: the recognition accuracy, the used classifier and the used 
features, and the used number of features. 

 
Table 7. Compares the different methods 

Reference 
no. 

Neural 
network 

Feature 
Number of 

features 

Recognition  
accuracy 
(RA %) 

[20] HMM 
Multi-Scale Fractal Dimension (MFD) 6 100 

Mel-frequency Cepstral Coefficient 13 99 

[21] SVM and ENN 
Multi-Scale Fractal Dimension (MFD) 4 100 

Mel-frequency Cepstral Coefficient 11 100 

[22] SVM 
Combination CoD1 and InD2 3 99.579 

Combination FDF3 and TDF4 3 100 

[23] FFNN Statistical and Normal negative log-likelihood 10 100 

[24] 
Improved Fuzzy 

ARTMAP 
Time domain, frequency domain and wavelet 10 99.57 

[25] 

BP 

Statistical time domain 11 

99.78 

IL5 99.84 

NCL6 99.81 

NCCE7 99.97 

This paper Proposed method 
Lognormal1 (DCT) and  
gev3 (minimum phase) 

2 100 

 

                                                           
1 Represents the correlation dimension 
2 Represents the information dimension 
3 Represents the fractal dimension 
4 Represents the time-domain statistical feature 
5 Independent learning 
6 Negative correlation learning 
7 Neural network compact ensemble 
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8. Conclusion 

In this work, we have investigated the problem of automatic bearing fault diagnosis using machine learning 
methods. These methods consist of feature extraction, feature selection, and classification. We concentrated on time, 
real cepstrum, minimum phase reconstruction, discrete cosine transform, discrete Fourier transform, envelope 
analysis signal and the Hilbert transform domains, and verified the pertinence of numerous features from descriptive 
statistics and maximum likelihood estimation; eventually eighteen features with better performance were chosen as 
input features to the classifier. We opted for using RBF as the classifier with the accuracy of 100% which is achieved 
in diagnosing bearing fault type. 

Moreover, a method for optimizing radial basis train was presented. The method combines benefits of both radial 
basis function neural network and the Bees Algorithm to improve classifier accuracy. A comparison between the 
presented optimum train and the standard radial basis train showed that the presented method is more efficient in 
classifier accuracy exceptionally. 
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