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The non detection of bearing faults in rotating machines can lead to less availability, reliability and safety while increasing the maintenance costs due to unexpected breakdowns and urgent repairing. This paper deals with feature engineering to enhance the performance of an early fault detection and diagnostic of ball bearings of asynchronous electrical motors. The features of different types, ie. time, frequency and time-frequency, are extracted from both current and vibration. Then, they are selected based on a genetic algorithm to continuously capture the health state of the ball bearings. The proposed method is applied on sensor signals acquired from a test bench reproducing a real industrial system. The obtained results show the effectiveness of the method particularly for fault detection and diagnostic using current signals which can be useful in practical applications.

I. INTRODUCTION

B EARINGS are one the most critical components of ro- tating machines [START_REF] Tobon-Mejia | A Data-Driven Failure Prognostics Method Based on Mixture of Gaussians Hidden Markov Models[END_REF]. Their failure and their non detection lead to less availability, reliability and security and increase maintenance costs due to urgent and non scheduled interventions. It is thus important to continuously monitor their health state during their operation to detect, as soon as, possible any abnormal behavior or fault and schedule in time appropriate maintenance interventions.

In the case of ball bearings, several works have been conducted and different methods and tools are published in the literature. The first studies proposed to use the spectrum magnitude at characteristic frequencies of vibration signals [START_REF] Schoen | Motor bearing damage detection using stator current monitoring[END_REF] for the fault detection of single-point defects. In [START_REF] Stack | Fault classification and fault signature production for rolling element bearings in electric machines[END_REF], authors showed that the generalized roughness defects can also be detected by the spectrum analysis. However, this technique requires a visual spectrum inspection performed by an expert and do not allow automatically monitoring bearing states. Therefore, the statistical scalar fault indicators are preferred and used to monitor the the system changes [START_REF] Shukla | Analysis of statistical features for fault detection in ball bearing[END_REF]. Then, the Artificial Intelligence (AI) techniques exploiting machine learning tools can be used for an automatic decision. However, the performance of the AI methods strictly depends on the quality of the features. Hence, it is essential to propose A. Khlaief, K. Nguyen, K. Medjaher are with Toulouse INP-ENIT, LGP, 47 Avenue d'Azereix, 65000 Tarbes, France, e-mail: thi-phuongkhanh.nguyen@enit.fr.
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an effective feature engineering (FE) procedure that allows extracting and selecting the powerful features having the sufficient and relevant information of bearing conditions to be able to recognize them.

The feature engineering is a process aimed to identify a subset of features which allows reducing effects from irrelevant data, and therefore providing good prediction results [START_REF] Chandrashekar | A survey on feature selection methods[END_REF]. For bearing fault diagnostic, [START_REF] Mahamad | Development of artificial neural network based fault diagnosis of induction motor dearing[END_REF] proposed to use the ratio of average extern distance to the average intern distance for ranking features extracted from vibration signals. In order to take into account the influences between features, the the mutual information is applied to evaluate performances of various vibration features in [START_REF] Kappaganthu | Feature Selection for Fault Detection in Rolling Element Bearings Using Mutual Information[END_REF]. In [START_REF] Shukla | Analysis of statistical features for fault detection in ball bearing[END_REF], the authors introduced an ordering metric, that measures the separability between the normalized feature vectors characterizing healthy and faulty classes. In the paper [START_REF] Knöbel | Fault detection in linear electromagnetic actuators using time and timefrequency-domain features based on current and voltage measurements[END_REF], the authors proposed to use the modified Fisher-ratio (F-ratio), where the best features are the ones having a small intra class covariance but high inter class covariance, for feature selection. An analysis and comparison of multiple features for fault detection and prognostic in ball bearings was presented in [START_REF] Nguyen | Analysis and comparison of multiple features for fault detection and prognostic in ball bearings[END_REF]. However, considering these above methods, it is not trivial to identify the number of selected features. Furthermore, in practical applications, the important features could have the low ranking but are more informative when combined with others [START_REF] Chandrashekar | A survey on feature selection methods[END_REF]. In addition, the above studies only consider single-point defects and do not investigate the ability of fault detection and diagnostic for combined bearing defects.

To meet the practical needs, this paper proposes an effective feature engineering procedure for fault detection and diagnostic of both the single-point and combined defects of ball bearings in electrical machines used in cooling units of trains traction chain. It attempts to select the relevant and essential features for training the classifier. Indeed, using the feature selection procedure based on the genetic algorithm [START_REF] Chen | A novel fault diagnosis model for gearbox based on wavelet support vector machine with immune genetic algorithm[END_REF], our study allows investigating among different types of features (time, frequency and time-frequency), according to vibration or current signal, which combinations of features are optimal for distinguishing healthy and faulty ball bearings. Different classification algorithms are also considered in this paper to highlight the applicability of the feature selection procedure.

The paper is organized in four sections. Section 2 presents the proposed method and describes its main steps. Section 3 deals with application and results discussion. Finally, Section 4 concludes the paper and gives some future works.

II. FEATURE ENGINEERING PROCEDURE FOR FAULT DETECTION AND DIAGNOSTIC

The feature engineering procedure (FEP) proposed in this paper for an automatic fault detection and diagnostic includes two phase: 1) Off-line phase for the classification construction and 2) On-line phase for bearing fault detection and diagnostic in real time.

During the off-line phase, the sensor signals correspondent to nominal and different fault states are recorded from numerous tests where machinery works under practical operational conditions. Based on these signals, features are extracted in the time, frequency and time-frequency domain to create an abundant feature set for classification of motor states. Next, the best combinations of features from the original feature set with respect to the classification accuracy are discovered based on the Genetic Algorithm (GA). Finally, the selected feature subset is used as the input to train the classifier for bearing FDD.

During the on-line phase, only selected feature subset obtained in the off-line phase will be extracted from monitoring signals. These features will be used as the input of the classier designed in the off-line phase to find which class the current bearing state belongs to.

For a general view of the proposed method, its overall flow chart is presented in Fig. 1. The details of the main steps will be explained in next subsections.

A. Feature extraction

At this step, the common, robustness and effective methods of feature extraction that could be applied for both vibration and current signals are considered. Table I summarizes 12 extracted features in this work. The evaluation details of these features are then presented in ANNEX.

1) Features in time domain: Among features in time domain, the statistical indicators are widely used thanks to their strict relations with incipient bearing damages. In fact, the root mean square (RMS), the Skewness (SKE) and Kurtosis (KUR) values are evaluated based on vibration and current signals [START_REF] Shukla | Analysis of statistical features for fault detection in ball bearing[END_REF]. On the other hand, the factors that represent the overall shape of signals, such as the Crest factor (CF), Peak to Peak value (PP), Shape factor (SF), and Impulse factor (IF), are powerful to capture changes in the signal pattern of vibration [START_REF] Mahamad | Development of artificial neural network based fault diagnosis of induction motor dearing[END_REF] or current signals [START_REF] Shukla | Analysis of statistical features for fault detection in ball bearing[END_REF] when anomalies occur. In [START_REF] Sassi | TALAF and THIKAT as innovative time domain indicators for tracking BALL bearings[END_REF], the authors combine the conventional scalar indicators such as RMS, KUR, CF, and Peak to create new indicators (THIKAT and TALAF) that aim to predict future failures and track defects from the first signs of degradation to the end of life.

2) Features in frequency domain: Frequency analysis is a common technique to observe the bearing condition because bearing defects generally generate characteristic frequencies in the vibration and current signals [START_REF] Blodt | Models for Bearing Damage Detection in Induction Motors Using Stator Current Monitoring[END_REF].

Features extracted from spectrum analysis. The Fast Fourier Transform (FFT) is widely used to decompose physical signals into number of discrete frequencies or spectrum of continuous frequencies. After performing FFT, the magnitude values at the characteristic frequencies f c are used as common indicators for bearing fault detection and diagnostic [START_REF] Harlis | Diagnosis of rolling bearings faults in electric machines through stray magnetic flux monitoring[END_REF]. In [START_REF] Yu | Local and Nonlocal Preserving Projection for Bearing Defect Classification and Performance Assessment[END_REF], a frequency feature called PMM, that is the ratio between the maximal value of FFT magnitudes at the characteristic frequencies and the mean of the entire magnitude frequency value, is used for defect and severity classification and for bearing performance assessment.

Features extracted from envelope analysis. The contact of a bearing localized defect with another surface in bearing will generate multiple repetitive vibration impulses. This leads to a concentration of the energy in narrow band. Therefore, the envelope analysis allows effectively detecting bearing failure in different situations. Numerous articles show that the envelope spectrum magnitudes at the characteristic frequencies are powerful to detect and classify the bearing failures [START_REF] Cong | Spectral kurtosis based on AR model for fault diagnosis and condition monitoring of rolling bearing[END_REF], [START_REF] Leite | Detection of Localized Bearing Faults in Induction Machines by Spectral Kurtosis and Envelope Analysis of Stator Current[END_REF].

3) Features in time-frequency domain: In order to capture the non-stationary characteristic of signals, it is necessary to present them into two-dimensional function of time and frequency.

Features extracted from wavelet transform. Wavelet transform (WT) allows flexibly adapting the resolutions of time and frequencies for signal analysis, e.g. good time and poor frequency resolution at high frequencies and vice-versa. Its performance does not depend on the choice of a fixed window length as the short time Fourier transform (STFT). For bearing fault detection, the features are extracted based on the statistical evolution of wavelet coefficients [START_REF] Deekshit Kompella | Bearing fault detection in a 3 phase induction motor using stator current frequency spectral subtraction with various wavelet decomposition techniques[END_REF].

Features extracted from Hilbert Huang transform. As the performance of wavelet analysis method strictly depends on the choice of the mother wavelet, it is suitable to use Hilbert Huang transform (HHT) for analyzing non-stationary signals when we do not have a prior information about the signal shape. For bearing fault detection and diagnostic, the HHT 
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Fig. 1. Overall flow chart of the proposed method marginal spectrum at characteristic frequencies is proved to be an effective indicator extracted from vibration [START_REF] Refaat | ANN-based for detection, diagnosis the bearing fault for three phase induction motors using current signal[END_REF] and stator current signals [START_REF] Elbouchikhi | An Efficient Hilbert Huang Transform Based Bearing Faults Detection in Induction Machines[END_REF].

B. GA based on feature selection

In this section, we propose to use the Genetic Algorithm (GA), that is proven as a powerful feature selection technique for bearing FDD in numerous studies [START_REF] Chen | A novel fault diagnosis model for gearbox based on wavelet support vector machine with immune genetic algorithm[END_REF] to find the optimum feature subset that maximizes the accuracy of the given classification algorithm. The GA is a random search algorithm based on the mechanics of the genetic inheritance and the Darwinian principle of natural evolution. For feature selection issue, the total number N f of the extracted features is represented by a number of genes. The individuals associated to the feature subsets are characterized by binary strings of length N f . In the binary string, if the element i-th is 0, the feature i-th is not selected and vice versa. The pseudo-code of the GA based feature selection is given in Alg. [START_REF] Tobon-Mejia | A Data-Driven Failure Prognostics Method Based on Mixture of Gaussians Hidden Markov Models[END_REF] As the evaluation function of the GA based feature selection is defined by the classifier accuracy score, the results of the feature selection could be depend on the classier type. Next, several classifiers will be considered to give an overview of the method performance among different classifier types.

C. Classification

Classification aims to identify which class (health or different fault types) a new observation belongs to. The classifier, that maps input the observation to a corespondent class, is constructed based on the data training set containing observations whose class membership is known a priori. Then, the classifier accuracy is verified based on the data test set.

To highlight the performance of the proposed FE procedure, different classifiers are considered for bearing FDD. The Table II summarizes the advantage and drawbacks of these algorithms. 

III. CASE STUDY A. Test bench description

The test bench, performed on the PRIMES platform, aims to track the health state of the traction auxiliary motors in a train, particularly that one of their bearings, in order to plan the maintenance interventions. Fig. 2 illustrates the experimental configuration to record the vibration and current signals for detecting the bearing conditions. The experimental setup general consists of three major parts: the electromechanical part, the human interface part and the instrumentation part.

In the electromechanical part, a three phase Dahlander induction motor is powered by voltage source inverter controlled by PWM technique. The variable-torque motor is used for a load like a fan or a centrifugal pump at high speed (HS: 2957 rpm) or low speed (LS: 1440 rpm). It includes two bearings at the two ends. The one directly connected to the load is called the drive end (BDE) and the one at the opposite side is named the non drive end (BNDE).

The human-machine interface, that allows controlling the communication between the operator and the system, is based on the CompactRIO. This equipment allows performing mathematical calculations, signal processing and system controlling.

The instrumentation part aims to monitor the motor conditions in general and the bearing states in particular. In detail, fourth accelerometers are mounted horizontally (X) and vertically (Y) as close as possible with the bearings at the two ends of motors. They are named respectively X.BNDE, Y.BNDE, X.BDE, and Y.BDE. On the other hand, the three phase current signals (IU, IV and IW) are also measured and recorded through 6 current sensors including 3 sensors named IU2, IV2, and IW2 for HS and 3 sensors named IU1, IV1, and IW1 for LS. The motor is then monitored with the sampling frequency of 51.2 kHz (and 50 kHz) for vibration (and current) signals.

In this work, the Electrical Discharge Machining (EDM) technique was employed to create grooves with widths of 2 and 3 mm on the inner and the outer races separately, simulating damages from fatigue cracks or other related defects. Based on these bearings, four types of experiment test will be performed to acquire the data. They are presented in Table III. Correspondent to the characteristic of bearings (see ANNEX) used in these tests, the fault frequencies of vibration and current signals are then summarized in Table IV.

B. Bearing fault diagnostic performance

In this section, the FDD results are investigated for the three types of bearing condition (healthy, BOF, and combined fault BOF+BIF90) with respect to the motor rotating speed (high or low speed). In detail, around of 400 samples of vibration data and 300 samples of current data were used to characterizes one bearing condition. Each data sample consist of 17 features in three domain (time, frequency and time-frequency, see Table I). In summary, the 1200 samples of vibration data (or 900 samples of current data) are used for multi-classification. They are randomly split into two parts: three quarters of the data used for training classifier and the remaining data used for V. In general, we find that using vibration signals, the diagnostic accuracy for all cases is very high. Especially, when the motor runs at high speed, the accuracy mean value of the KNN, LDA, and SVC classifier can attain the maximum value of 100% with all ways of accelerometer mounting. The results of LR classifier are slightly worse than other algorithms but also positive. As an illustration, it is 92.71 ± 5.1% in the worst case. On the other hand, comparing the results of four accelerometers in all cases, we find an interesting result: it prefers to mount the accelerometer at the drive end in vertical direction on the motor to obtain the higher FDD accuracy.

f s o = 50 ± k × 176Hz f s i = 50 ± k × 262Hz Low speed f s o = 50 ± k × 86Hz f s i = 50 ± k × 131Hz
Using current signals, our feature selection and diagnostic procedure also achieves impressive results, see Table VI. Thus, the accuracy mean value of the KNN and SVC classifier can yield the maximum value of 100% with any phase of current when considering the high speed case. On the other hand, it recommends to monitor the current signal IW for bearing fault diagnostic problem because it provides the reliable results that are higher than 99% for all classifiers with both two speeds.

C. Discussion of the result robustness

The performance of our proposed method that integrates the GA based feature selection into multi-classification process is highlighted in the previous section. Although the FDD accuracy is impressive but as other machine learning techniques, our method requires a sufficient training database, which must contain the samples of a fault condition to be able to identify it. In practice, even if considering one type of bearing fault, it can be created in different ways. Thus, it is impossible to sample all of bearing conditions. On the other hand, the selected features for training classifier critically depends on the training data and classification algorithms. There is not any ideal feature subset for all cases. Hence, this section aims to investigate whether the trained classifier (with one of the recommended feature subsets obtained in the off-line phase) is able to detect a fault state, that is not yet sampled but similar to a fault type recognized in database. In detail, we use the data of three experimental tests according to the healthy bearing, the BOF and the (BOF + BIF90) to select the best feature combinations and to train the relevant classifier in different modes of motor speed. Then, the (BOF+BIF19) experimental test are performed.

Table VII summarizes the selected feature subsets used for our FDD process correspondent to current signal and motor speed. Then, the distribution of experimental test observations according to these feature subsets are presented in Figure 3. One can notice that the selected feature subsets allow distinctly capturing the characteristic of four classes. Indeed, it can clearly distinguish three bearing condition (healthy, BOF, and combined faults), and moreover classify the (BOF+BIF90) and (BOF+BIF19) into the same group of combined faults. An interesting result is that for current signals, the combination of simple features extracted from time domain are also powerful 

IV. CONCLUSION

We have presented in this paper an effective feature engineering procedure that allows identifying the most suitable combinations of features in different domains for training different classifiers to detect and diagnose the defects of ball bearings. This procedure was validated for the diagnostic of bearing single-point and combined defects based on real data. These data are acquired by various accelerometers and current sensors on a practical test bench that attempts to capture the real operation conditions of the traction auxiliary motors in a train.

The advantage of this procedure is that it can be used either for current or for vibration signals. Indeed, the genetic algorithm is deployed to study which feature subsets are better than others and which combinations are the best effective from vibration or current signals. An interesting result shows that, for current signals, among numerous features in time, frequency and time-frequency domains, the combination of simple features in only time domain allows clearly distinguishing the normal and different bearing faulty states. As the time feature are simply and rapidly extracted, this result highlights the promising prospects of the utilization of current for on-line fault detection and diagnostic. In fact, the current sensors can be directly embedded in the supply bus of the electrical motors, contrary to vibration sensors which impose more constraints for their installation (screwing, gluing, etc.) and which may be source of unreliability (risk of dismantling for example).

Beside the performance, the robustness of our method have been also discussed. The results shows that corresponding to the motor speed mode, the designed classier with one of recommended feature subsets obtained in the off-line phase is able to detect the fault state, that is not yet sampled but similar to another recorded in the database. Further work should extend the study on different motor defects. Moreover, a new powerful prognostic method based on the the optimal feature subset could be developed.
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where CF is the crest factor, CF = P RM S and P is the peak value of signals, P = max i (s(t i ))

• In frequency domain:
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  Construction of classifierOnline phase: Fault detection/ Diagnostic * GA: Genetic Algorithm

Algorithm 1

 1 Genetic Algorithms based Feature Selection 1. INITIALIZATION: randomly generate an initial population of N feature subsets 2. EVALUATION: evaluate the initial population. Training classifier on training data with every feature subset in the initial population and then assessing the classier accuracy (CA) on test data. 3. while (CA < 95%) or (generation number < 50) do

Fig. 2 .

 2 Fig. 2. The experimental setup to record the vibration and current signals for detecting the bearing conditions

Fig. 3 .

 3 Fig.3. Distribution of experimental test observations according to recommended feature subset when using current signal IU

2 -

 2 Shape factor value (SF ): SF = RM S S meana bs -Impulse factor value (IF ): IF = maxi(s(ti)) S meana bs -TALAF value: T ALAF = log KU R + RM S RM S0

  BP F O, (or BP F I): FFT Magnitude at outer race defect frequency f o . -P M M : ratio between the maximal value of FFT magnitudes at the characteristic frequencies (M fc ) and the mean of the entire magnitude frequency values Mf , P M M = max(M fc ) Mf -EBP F O (or EBP F I): Envelope Amplitude at f o (or f i ), that is evaluated based on the envelope analysis: * Hilbert transform of signal ; * Calculation of the envelope signal A(t): A(t) = x 2 R (t) + x 2 I (t) where x R and x I are the real and image part of the Hilbert ; * Fast Fourier transform of the envelope signal and extraction of the amplitude at f o (or f i ).

TABLE I SUMMARY

 I OF EXTRACTED FEATURES.Note that: P P : Peak to Peak, IF : Impulse Factor, SF : Shape Factor, RM S: Root mean square, SKE: Skewness, KU R: Kurtosis, T HIKAT , T ALAF , BP F O: FFT Magnitude at outer race defect frequency fo, BP F I: FFT Magnitude at inner race defect frequency fi, P M M : ratio between the maximal value of FFT magnitudes at the characteristic frequencies and the mean of the entire magnitude

	Signal Processing methods	Features
	Time domain	
	Overall form	P P , IF , SF
	Statistic evaluation	RM S, SKE, KU R, T HIKAT , T ALAF
	Frequency domain	
	Fast Fourier Transform	BP F O, BP F I, P M M
	Envelope analysis	EBP F O, EBP F I
	Time-Frequency domain	
	Wavelet Transform	W T.O, W T.I
	Hilbert Huang Transform	HT T.O, W T.O

frequency value, EBP F O: Envelope Amplitude at fo, EBP F I: Envelope Amplitude at fi, W T.O: FFT Magnitude of Wavelet Transform coefficients at fo, W T.I: FFT Magnitude of Wavelet Transform coefficients at fi, HHT.O: HHT Marginal spectrum at fo, HHT.I: HHT Marginal spectrum at fi.

The extraction details of these features will be presented in the Annex.

TABLE VII FEATURE

 VII SUBSETS SUGGESTED FROM GA BASED FEATURE SELECTION

		PROCESS
	Signal	Motor speed Selected feature subset
	Current	High speed	(RMS, SF, TALAF)
	Current	Low speed	(RMS, TALAF)

  In time domain, where s(t i ) be the signal at time t i : -Peak to Peak value (P P ):P P = | max i (s(t i )) -min(s(t i )| -Root mean square value (RM S): RM S = 1

	TABLE VIII	
	BALL BEARING CHARACTERISTICS
	Inner diameter	30 mm
	Outer diameter	62 mm
	Number of spheres	9
	Basic static load rating 20300 N
	Evaluation of features	

•