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__________________________________________________________________________________________ 

Abstract: In this paper, we present a hybrid filter and wrapper (HFW) feature selection scheme 

based on ReliefF algorithm and non-dominated sorting genetic algorithms II (NSGA-II) for 

gear fault diagnosis. We conduct an experiment on a gearbox, in which four different gear 

operating states including one normal state and three fault states were simulated, to evaluate 

the presented HFW scheme. The original features are calculated based on EMD, 

Autoregressive (AR) model, statistical techniques, singular value decomposition and entropy 

theories. Three different classifiers are adopted to evaluate and compare the proposed HFS 

scheme with the separate filter and wrapper feature selection methods. Experimental results 

have demonstrated that the proposed HFW feature selection scheme gained higher 

classification accuracies with lower dimension feature subsets than the separate filter and 

wrapper feature selection approaches. A very satisfying performance can be achieved by the 

presented HFW feature selection scheme based on ReliefF and NSGA-II for gear fault 

diagnosis.  

Keywords: Feature selection, Hybrid filter and wrapper, ReliefF, non-dominated sorting 

genetic algorithms II (NSGA-II), gear, fault diagnosis. 
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1. INTRODUCTION 

Gear is one of the most widely used mechanical components in modern industrial application 

areas. Unexpected failure of the gear may cause significant causalities and economic losses. 

For this reason, the need to increase reliability against possible gear failures has aroused great 

interest in recent years. Vibration signal analysis is one of the most effective techniques for 

detecting gear faults due to its effectiveness and ease to measure [1-4]. Although often the 

visual inspection of the frequency domain features of the measured signals is adequate to 

identify the faults, most of the techniques available require a good deal of expertise to apply 

them successfully. Consequently, various intelligent techniques such as artificial neural 

networks (ANN), support vector machine (SVM), fuzzy logic and evolving algorithms (EA) 

have been successfully applied to automated detection and diagnosis of machine conditions 

over the past few years [5-12].  

For any intelligent fault diagnosis systems, feature extraction and feature selection schemes 

can be regarded as the most two important steps. Feature extraction is a mapping process from 

the measured signal space to the feature space. Representative features associated with the 

conditions of machinery components should be extracted by using appropriate signal 

processing and calculating approaches. Usually, we are inclined to extract features as many as 

possible to characterize the vibration signals completely. However, it must be noted that there 

are many irrelevant and redundant features existed in the original feature set. Employing the 

whole feature set will lead to the large cost of time and lower performance for fault diagnosis. 

Therefore, in order to improve the diagnosis accuracy and reduce the cost of computation, the 

most sensitive parameters to characterize the machine conditions should be selected from the 

original feature set.  

Filter and wrapper methods can be regarded as the two mainly categories of feature selection 

approaches in literatures. Several researches has been done by utilizing the filter method or 

wrapper method for mechanical fault diagnosis utilizing Fisher’s criterion [13], distance 

evaluation technique [14, 15], decision tree [16, 17] and evolution algorithm (EA) combined 

with ANN and SVM [5, 18-22]. They have largely improved the efficiency and accuracy of 

mechanical fault diagnosis in practice. Despite the successive applications of filter or wrapper 

methods in fault diagnosis, it should be noted that the wrapper and filter methods can 

complement each other. The filter methods can search through the feature space efficiently but 

usually fail to obtain a good accuracy, while the wrappers can provide good accuracy but 

require much computation time. Therefore, it is very desirable to combine the filter and 

wrapper methods to achieve high efficiency and accuracy simultaneously [23-26].  

In this work, we present a hybrid feature selection scheme combing filter and wrapper methods 

base on the ReliefF [27] and the improved non-dominated sort genetic algorithm (NSGA-II) 

[28] for gear fault diagnosis. Experiments were conducted on a single stage gearbox. Four 

different gear conditions including normal state and three fault states were simulated in the 

experiments. Vibration signals collected from the gearbox were employed for identifying the 

gear faults. The empirical mode decomposition (EMD) technique is used to process the 
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vibration signal and the AR model, statistical techniques, singular value decomposition (SVD) 

and entropy theory are employed to calculate the original features. Then the presented HFW 

feature selection scheme is applied to find an optimal feature subset for gear fault diagnosis. 

We evaluate and compare the performance of the proposed HFW scheme on the gear dataset 

with the separate filter and wrapper approaches. Experimental results have indicated the 

superiority of the proposed HFW method on computation cost and classification accuracies in 

gear fault diagnosis. 

The remainder of this work is organized as following: Section 2 describes the feature extraction 

method based on the EMD, AR model, statistical techniques, SVD and entropy methods. In 

Section 3, the hybrid filter and wrapper feature selection scheme based on ReliefF and 

NSGA-II is detailed. Section 4 presents the application results of the proposed HFW feature 

selection scheme for gear fault diagnosis. The conclusions of this paper are summarized in 

Section 5. 

2. FEATURE EXTRACTION BASED ON EMD 

2.1 EMD method  

The empirical mode decomposition (EMD) technique, which is proposed by Huang in 1998 

[29], has been applied widely in the field of mechanical fault detection in the past few years [15, 

30-34]. The main idea of EMD is decomposing a non-stationary signal into some intrinsic 

mode functions (IMF), which represent the simple oscillatory mode imbedded in the signal. 

The detail description and implementation of the EMD method can be found in reference [29]. 

At the end of the EMD process, a signal )(tx  is decomposed into a collection of IMFs ic  and a 

residue Mr , which satisfy the following equation: 
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The IMFs Mccc ,,, 21   include different frequency bands ranging from high to low. The 

frequency components contained in each frequency band are different and they change with the 

variation of signal )(tx . 

2.2 Feature extraction 

2.2.1 Statistical parameters.  

In this paper, ten time domain parameters including the maximum, minimum, peak-peak, RMS, 

kurtosis, skewness, crest factor, impulse factor, shape factor and clearance factor are selected 

as the statistical parameters for characterizing the signal. The detail definitions of these 

parameters are summarized in Table 1.  
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Table1. Definition of the ten statistical parameters 
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where )(nx is a signal series, Nn ,,2,1  . 

2.2.2 AR model coefficients.  

Autoregressive (AR) model is a time sequence analysis method whose parameters comprise 

important information of the system condition. Therefore, the parameters of the AR model can 

be effectively used to analyze the condition variation of signals [35].  

For each IMF )(tci , the following AR model can be established: 
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where m  is the order of the AR model and ),2,1( mkik   are the coefficients of the AR model 

of )(tci ; )(tei is the remnant of the model. In our work, the feature vector ],,,[ 21 imiiiV    is 

selected as features to characterize the IMF )(tci ( Mi ,,2,1  ). 

2.2.3 Singular value and singular value entropy of IMFs.  

The M IMFs )(tci  ( NtMi ,,2,1,,,2,1   ) can be regarded as a NM   dimensional matrix R . 

According to the singular value decomposition theory, a NM   dimensional matrix R  can be 

decomposed to a LM   dimensional matrixU , a LL  dimensional diagonal matrix   and a 

NL  dimensional matrixV , which can be represented as 

NLLLLMNM VUR                                                            (3) 

The singular values i  ( Li ,,2,1  ) lie on the diagonal of   and be sorted in a descend order, 

means that 021  L  . Let Sp  denotes the singular value distribution and can be 

obtained by 
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According to the defined singular value distribution Sp , the IMFs singular entropy SEI  can be 

defined as 
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3. HYBRID FILTER AND WRAPPER FEATURE SELECTION SCHEME BASED 

ON RELIEFF AND NSGA-II 

3.1 Hybrid filter and wrapper feature selection scheme 

Filters and wrappers are the two mainly categories of feature selection algorithms in literatures. 

Filter methods evaluate the goodness of the feature subset by using the intrinsic characteristic 

of the data. They are relatively computationally cheap since they do not involve the induction 

algorithm. However, they also take the risk of selecting subsets of features that may not match 

the chosen induction algorithm. Wrapper methods, on the contrary, directly use the classifiers 

to evaluate the feature subsets. They generally outperform filter methods in terms of prediction 

accuracy, but they are generally computationally more intensive [36-39]. In summary, wrapper 

and filter methods can complement each other, in that filter methods can search through the 

feature space efficiently while the wrappers can provide good accuracy. It is desirable to 

combine the filter and wrapper methods to achieve high efficiency and accuracy 

simultaneously.  

In this work, we present a hybrid feature selection combing filter and wrapper feature selection 

technique base on the ReliefF [27] and the improved non-dominated sort genetic algorithm 

(NSGA-II) [28]. In our presented hybrid filter and wrapper (HFW) feature selection scheme, 

there are two steps involved. In the first stage, a candidate feature subset is chosen according to 

the relevance values calculated by ReliefF from the original feature set. Then at the second 

stage, classifier combined with NSGA-II is adopted to find a more compact feature subset from 

the candidate feature subset. In this stage, feature selection problem is defined as a 

multi-objective problem dealing with two competing objectives, mean lesser features and 

lower classification error rate. Fig. 1 displays the flowchart of the presented HFW feature 

selection scheme. 

 

Fig. 1. Flowchart of the presented HFW feature selection scheme 
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3.2 Filter method based on ReliefF method 

ReliefF is an extension of the popular Relief algorithm, which are actually general feature 

estimators and have been used successfully as attribute weighting method [27]. The key idea of 

the original Relief algorithm is to estimate the quality of attributes according to how well their 

values distinguish between instances that are near to each other. The original Relief cannot deal 

with incomplete data and is limited to two-class problems. As an extension of the Relief 

algorithm, ReliefF can handle multiple classes and is more robust to noise.  

Similarly to Relief, ReliefF randomly selects an instance Ri, but then searches for k of its 

nearest neighbors from the same class, called nearest hits Hj, and also k nearest neighbors from 

each of the different classes, called nearest misses Mj (C). It updates the quality estimation 

W[A] for all attributes iA  ( ai ,,2,1  , a  is the number of features) depending on their values 

for Ri , hits Hj and misses Mj (C). The whole process is repeated for m times, where m is a 

user-defined parameter.  

The pseudo code of ReliefF is given in Table 2. 

Table 2 The pseudo code of ReliefF algorithm 

Algorithm ReliefF 

Input: for each training instance a vector of attribute values and the class value 

Output: the vector W of estimations of the qualities of attributes 

1. set all weights 0:][ AW ; 

2. for i := 1 to m do begin 

3.     randomly select an instance Ri ; 

4.     find k nearest hits Hj ; 

5.     for each class C   class(Ri ) do 

6.         from class C find k nearest misses Mj (C); 

7.     end 

9.     for A := 1 to a do 

10.    
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11.   end 

12 end 

3.3 Wrapper method based on NSGA-II 

3.3.1 A brief review on NSGA-II.  

The presence of multiple objectives in practical problems has given rise to the rapid 

development of multi-objective evolutionary algorithms over the past few years. 

Non-dominated Sorting Genetic Algorithm (NSGA), which was suggested by Goldberg and 

implemented by Srinivas and Deb[40], has been proved to be an effective approach for 
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multi-objective optimization problems. However, NSGA is still suffering three main 

drawbacks, mean the high computational complexity of non-dominated sorting, lack of elitism 

and requirement for specifying the sharing parameter. 

As an improved version of the NSGA, NSGA-II was introduced by Deb in 2002 [28]. The 

NSGA-II overcame the original NSGA defects by introducing the fast non-dominated sorting 

algorithm to alleviate computational complexity, the elitist-preserving mechanism to speed up 

the evolution and the crowded comparison operator to avoid specifying the sharing parameter. 

It has been verified that the NSGA-II is able to maintain a better spread of solutions and 

converge better in the obtained non-dominated front compared to other similar elitist multiple 

objectives evolution algorithms (MOEAs). More details about the description and 

implementation can be found in reference [28]. 

3.3.2 Wrapper feature selection using NSGA-II.  

In most cases of conventional wrapper methods for fault diagnosis, the feature selection 

problem was formulized as a single objective problem [5, 18, 20, 22, 41]. However, the feature 

selection is inherently a multi-objective problem, which deals with two competing objectives 

mean the feature dimension and the classification accuracy. An optimal feature set has to be of 

a minimal number of features and has to produce the minimum classification error rate.  

In this work, we formulate the feature selection problem for gear fault diagnosis to be a 

multi-objective problem. The NSGA-II mentioned above is utilized to optimize the two 

objectives, mean the minimal number of features and minimum classification error rate. A 

step-by-step procedure for solving the feature selection problem by utilizing the NSGA-II is 

illustrated in Fig. 2. 

 
Fig. 2. The schematic for applying the NSGA-Ⅱ to the feature selection 
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3.3.3 Implementation issues for wrapper feature selection using NSGA-II.  

For wrapper feature selection approach, there are several factors for controlling the process of 

NSGA-II while searching the sub-optimal feature subsets for classifiers. To apply NSGA-II to 

feature selection, we focus on the following issues. 

(1) Fitness functions 

Two competing objectives are defined as the fitness functions: the first was minimization of the 

number of used features and the second was minimization of the classification error rate. Three 

popular classifiers means the K nearest neighbor classifier (KNNC) [42] , Naïve Bayes 

classifier) (NBC) [43] and least-square support vector machine (LS-SVM) [44] were employed 

as induction algorithms to implement and evaluate the proposed feature selection approach. 

The KNNC and NMC were implemented by utilizing the Matlab Toolbox for Pattern 

Recognition (PRTools 4.1) [45]. The LS-SVM was implemented by the LS-SVMlab1.5, which 

can be downloaded from [46]. 

(2) Encoding Scheme 

The binary coding system was used to represent the chromosome in this investigation. For 

chromosome representing the feature subsets, the bit with value ‘1’ represents the feature is 

selected, and ‘0’ indicates feature is not selected, as shown in Fig. 3. 

 

 

 

 

Fig. 3. Representation of chromosome as a binary bit string for feature selection 

(3) Genetic operators 

Genetic operator consists of two basic operators, i.e., crossover and mutation. The used 

crossover technique was the uniform crossover consisting on replacing genetic material of the 

two selected parents uniformly in several points. The mutation operator used in this work was 

implemented as conventional mutation operator operating on each bit separately and changing 

randomly its value. 

4. RESULTS AND DISCUSSION 

4.1 Experimental system of gear 

The vibration data of gear used in this paper was acquired from a single stage gearbox. Fig. 4 

displays the diagram of the experimental system used in this work. The experimental system 

includes a single stage gearbox, an ac motor and a magnetic brake. The ac motor is used to 

drive the gearbox and the rotating speed is controlled by a speed controller, which allows the 

tested gearbox to operate under various speeds. The load is provided by the magnetic brake 

connected to the output shaft and the torque can be adjusted by a brake controller. Four gear 

states, including normal, gear tooth wear, gear root crack and gear tooth broken, were 

simulated in the experiment. The vibration signals were picked up by accelerator sensors 

attached on the base of the gearbox. The sample frequency was set to be 2048 Hz and the 

0 1 0 0 1 … 0 1 0 

n 

bits 
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sample length was set to be 2048 points. Fig. 5 demonstrates the waveforms of the four gear 

operating states in time domain. 

For each of the four operating condition, 72 samples were collected and the whole data set 

consists of 288 samples. Then the dataset is split into two sets: 144 samples for training and 144 

samples for testing.  

 
Fig. 4. The experimental gearbox 

 
Fig. 5. Vibration signals from four states of gear: 

 (a) normal; (b) gear tooth wear; (c) gear root crack; (d) gear tooth broken 

4.2 Feature extraction based on EMD 

To extract more information, each of these raw signals was decomposed via the EMD method. 

In this paper, the first six IMFs, which containing almost all the validation information of 
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original signal, were selected for further analysis. Fig. 6 illustrates the first six IMFs of the 

vibration signal from gear with normal state.  

 
Fig. 6. The first six IMFs of vibration signal from gear with normal state decomposed by EMD 

Foe each IMF decomposed by EMD, we calculate ten statistical parameters listed in Table 1. 

The statistical parameters of the original signal are also calculated. In this way, 70 statistical 

parameters can be obtained for each signal.  

Then, the Autoregressive (AR) model is used to characterize the IMFs. The order of AR model 

is set to be 5 in this work. And the coefficients of the AR model are selected as features to 

characterize each IMF. Consequently, we can get 30 features for each signal. 

Moreover, we compute the singular values of the IMF matrix and the singular entropy, as 

mentioned in section 2.2.3. We can obtain 7 features for each signal by using the SVD theory. 

Finally, for each sample, 70+30+7=107 features can be calculated according to the feature 

extraction methods presented in section 2.2. These features constitute the original feature set 

OriginalF  for gear fault diagnosis. 
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4.3 Feature evaluation by ReliefF method 

The training set was used to evaluate the relevance of extracted 107 features by ReliefF method. 

In this study, we choose three nearest neighbors when searching for the hits and misses in 

ReliefF. The iteration parameter m is set to be 144. Fig. 7 illustrates the relevance values of the 

107 features calculated by ReliefF.  

  
Fig. 7. Relevance values of the extracted features using ReliefF 

It can be found that the relevance value of most features is larger than 0 and some is smaller 

than 0. The larger the value is, the more discriminative information the feature contains. A 

threshold 0.05 is set to select the superiority features, as shown in Fig. 7. The features that the 

relevance values thereof exceed the threshold,  

about 59 features in our case, are selected to constitute a new feature subset. We denote this 

new feature subset as liefFFRe . It will be used as a candidate feature subset for further selection 

by wrapper method in next subsection. 

4.4 Wrapper feature selection using NSGA-II method 

In this subsection, the wrapper method based on NSGA-II is used to find a more compact 

feature subset based on the feature subset liefFFRe . We also conduct an experiment on applying 

the wrapper method directly on the original feature subset OriginalF for a comparison with the two 

stage feature selection scheme.  

Three classifiers, mean KNNC, NBC and LS-SVM as mentioned in section 3.3, are employed 

to evaluate the presented two-stage feature selection scheme for gear fault diagnosis. We just 

select the KNNC classifier to illustrate the wrapper method based on NSGA-II algorithm. For 

every chromosome created by NSGA-II, the dimension of features selected by this 

chromosome and the classification error rate based on KNNC classifier are regarded as the 

fitness functions. As mentioned in section 4.1, there are 288 samples were collected in total.  

These samples were segmented into two parts, 144 samples for training and 144 samples for 

testing, to calculate the classification error rate. 
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Other parameters of NSGA-II for feature selection are summarized in Table 3. 

Table 3 Parameter settings of NSGA-II for wrapper feature selection 

Parameters of NSGA- II Parameter settings 

Population size 200 

Generation 60 

Crossover probability 0.8 

Mutation probability 0.01 

Crossover method Binary crossover 

Mutation method Binary mutation 

Selection method Tournament selection 

 

 
Fig. 8 Distributions of the solutions at different generations over the objective plane utilizing 

the NSGA-Ⅱbased on the original feature subset (114 features) 
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Fig. 9 Distributions of the solutions at different generations over the objective plane utilizing 

the NSGA-Ⅱbased on the ReliefF feature subset (59 features) 

4.5 Comparison of the different feature selection methods 

In this section, the classification performance of four different feature subsets, mean the 

original feature subset ( OriginalF ), the feature subset obtained by filter method based on ReliefF 

( liefFFRe ), the feature subset obtained by wrapper method based on NSGA-Ⅱ( NSGAF ) and the 

feature subset obtained by the hybrid filter and wrapper method ( NSGAliefFF Re ), are evaluated 

and compared. The computation time, feature subset dimensions as well as the classification 

accuracy of different feature subsets based on three classifiers are shown in Table 4.  

Table 4 Gear faults classification performances of four feature subsets OriginalF , liefFFRe , NSGAF  

and NSGAliefFF Re based on three classifiers 

It can be found from Table 4 that the original feature subset OriginalF , which consists of all the 

107 features, obtained the worst classification performance by using all the three classifiers. It 

ascertains our assumption that there exist many irrelevant and redundant features, which will 

decrease the performances in the original feature subset. A feature selection procedure is 

indispensable before classification. 
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Table 4 Gear faults classification performances of four feature 

subsets OriginalF , liefFFRe , NSGAF and NSGAliefFF Re based on three classifiers 

Classifi

ers 

Feature 

Subsets 

Dimension of the 

Feature subset 

Computation 

time (s) 

Classification 

accuracy (%) 

KNNC 

OriginalF  114 -- 72.92 

liefFFRe
 59 2.3 87.5 

NSGAF  41 142.4 96.53 

NSGAliefFF Re

 
26 87.6 97.23 

NBC 

OriginalF  114 -- 68.75 

liefFFRe  59 2.3 83.3 

NSGAF  40 141.7 94.89 

NSGAliefFF Re

 
24 75.3 94.44 

SVM 

OriginalF  114 -- 75 

liefFFRe  59 2.3 89.58 

NSGAF  38 876.4 95.83 

NSGAliefFF Re

 
17 549.8 98.61 

The performances of the feature subset liefFFRe showed to be better than the OriginalF . Otherwise, 

the dimension of liefFFRe is nearly half of the original feature subset. However, the classification 

accuracies of liefFFRe are inferior to NSGAF  and NSGAliefFF Re  obviously. 

The feature subset NSGAF and NSGAliefFF Re , which are obtained by wrapper method and hybrid 

filter and wrapper method, have demonstrated similar classification accuracies in our case. The 

NSGAliefFF Re achieved the highest classification rates by using KNNC and LS-SVM classifiers, 

while the NSGAF gained the best performance by using NBC classifier. However, we can observe 

from Table 4 that the feature dimensions of NSGAliefFF Re  are lower than the NSGAF . Moreover, the 

hybrid feature selection scheme required much less computation cost than the wrapper method. 

Therefore, it is very desirable to use hybrid filter and wrapper feature selection scheme to get a 

satisfactory refined feature subset for gear fault diagnosis. 

5. CONCLUSION 

This investigation has presented a hybrid filter and wrapper feature selection scheme for gear 

fault diagnosis based on ReliefF and NSGA-II algorithm. The filter method is implemented by 
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ReliefF and a candidate feature subset can be obtained by selecting the most outstanding 

features exceed a predefined threshold. Based on the candidate feature subset, wrapper 

technique combined with the multi-objective optimization evolutionary algorithm NSGA-II is 

adopted to get a more compact feature subset and higher classification accuracy. 

We conducted experiments on a gearbox, in which four gear operating states were simulated, to 

evaluate the presented hybrid feature selection scheme. More than hundred parameters have 

been extracted as the original feature set by utilizing EMD, AR model, statistics, SVD and 

entropy techniques. Three popular classifiers were employed to evaluate the performances of 

the presented techniques. Moreover, some other feature selection schemes were also 

implemented and compared with the proposed approach. 

Experimental results have revealed that the proposed hybrid filter and wrapper feature 

selection scheme achieves promising classification performance for gear fault diagnosis. The 

faults classification accuracies of three different classifiers using the selected features by the 

presented scheme were consistently higher than those using original feature subset and feature 

subsets obtained by other feature selection methods. The dimension of the feature subset 

obtained by the hybrid feature selection scheme is lower than the filter or wrapper methods. 

Furthermore, the computation cost of the hybrid feature selection is much less than the wrapper 

method. 

It can be concluded that the proposed hybrid feature selection scheme demonstrates to be an 

attractive approach for gear fault diagnosis in both performance and efficiency. It can be easily 

extended to fault diagnosis for other mechanical machineries such as bearings and engines. 
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