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Abstract. Currently, the environmental challenges have been considered as a strategic issue for most 
industrial companies around the world, threatening their sustainability and profit; This leads to taking the 
environmental dimensions seriously and preserving natural resources well, since they are a key criterion for 
sustainable development. In this context, this work calls for innovative solution and new technologies to 
support the development and integration of environmental considerations through the implementation of an 
automated fault detection and diagnosis system in induction machines in order to minimize downtime, 
increase machine utilization rate, get an idea of remaining machine life based on artificial intelligence (AI) 
and the analysis of collected data. Using the Pattern Recognition methods, this system aims to support 
decision making in terms of defect classification, through the following process: the collection of relevant 
data about the stator currents of two induction machines, powered by a converter, one healthy and the other 
defective, through the CompactRIO device, then the analysis of the data, using programs developed under 
LabVIEW software, and the extraction of the indicators to form a database. Based on analysis results, several 
intelligent methods by classification algorithms can organize the acquired data in order to automate the 
diagnostic process. Ultimately, the set-up of an alert system to prevent rather than cure. The outcomes 
showed that the integration of predictive maintenance could help achieve an energy cost recovery equal to 
10% of the total costs of an electric motor system. Hence, the premature detection of faults helps to minimize 
energy expenditure and achieve overall cost savings, which implies energy optimization. 
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1 Introduction 
Asynchronous machines are being used more and more 
because of their robustness [1]. They represent up to 
90% of electric motors in production processes [2]. 
However, like any other machine, the induction machine 
is not immune to malfunction. It can be affected by 
electrical or mechanical faults in the stator and/or rotor. 
As part of the optimization and energy monitoring [3], 
it is necessary to implement a system for the detection 
and automated diagnosis of induction machine faults, in 
order to minimize downtime, increase the rate of use of 
the machine, and to get an idea about the remaining life 
of the machine.  

Indeed, the comparison established between two 
identical machines, one healthy and the other defective, 
makes it possible to demonstrate the need for the 
premature detection of faults so as to minimize energy 
expenditure and achieve overall cost savings. 

Overloading, abrasion, unbalanced loads, or 
electrical stress can harm any of the components of an 
induction motor. Bearing, stator, rotor, and other defects 
are the four categories of motor faults [4]. 

Since Broken rotor bar defects are feasible in the 
laboratory, this work is expected on the diagnosis of this 
failure.  

The monitoring of broken bar default gets the 
scientist’s attention; so many methods applied to detect 
defects such as support vector machine [5], Bayesian 
network [6] and clustering [7]. Numerous literature 
reviews are available on monitoring methods [8,9]. 
From all these used methods, supervised classification 
analysis is one of the most remarkable approaches. The 
light gradient boosting machine Classifier (LGBM 
Classifier) is one of them, one of the effective 
implementations of Gradient Boosting Decision Tree 
(GBDT), a popular machine learning algorithm. 

Within the framework of rotor bars monitoring, the 
LightGBM classifier integrated dynamic classification 
processes for real-time monitoring. 

The extracted features play an essential role in the 
classification, for that many methods used to eliminate 
unwanted and unimportant features, such as the relief 
method that is used to select features for the 
classification of biomedical data. After selecting 
features and reducing them by eliminating the 
uncorrelated ones, the importance of dimension 
reduction comes before starting the classification. In the 
literature, many methods have applied for dimension 
reduction, principal component analysis (PCA) [8] and 
kernel principal component analysis (KPCA) [9], to 
detect the defect in rolling bearings. A recently 
developed nonlinear dimensionality reduction technique 
shows its efficiency in the detection of a fault in rotary 
based on t-distributed stochastic neighbour embedding 
(t-SNE) [10]. 

In this research, a motor current signal is used to 
classify broken rotor bars faults for five conditions: a 
healthy rotor bar, one BRB, two BRB, three BRB and 
four BRB. To reduce the data dimension, the set of 
statistical features was extracted from the raw time-

series signals and Feature importance scores was 
applied to determine the most significant features for the 
classification model. Finally, three widely used 
classification models were trained using the 
discriminative feature subsets selected by Feature 
importance scores. The conclusive results and 
comparison indicate that the selected features converged 
quickly during the training state and therefore provided 
good performance in the classification models.  

The rest of this paper is organized as follows: 
Section 2 presents materials and methods, including 
information about the experimental testbed and dataset, 
feature extraction and selection methods, classification 
techniques, and finally, the proposed method used in this 
study. Section 3 presents our results validating the 
proposed method and comparisons with existing 
methods. Finally, conclusions are provided in Section 4. 
2 Materials and Methods 
2.1 Broken rotor bar fault 
Place The broken rotor bar (BRB) fault is one of the 
most serious failures and needs to be detected on 
account of its destructiveness. According to the statistics 
by the Institute of Electrical and Electronics Engineers 
(IEEE), approximately 9% of IMs faults are due to the 
BRB, and 8% are caused by BRB faults according to the 
statistics from the Electric Power Research Institute 
(EPRI) [11]. 
 The experimental test data presented in this article 
shows the performance of the Fourier Transformed 
(FFT) used for the diagnosis of broken rotor bar fault of 
the induction machine in no-load operation, based on the 
analysis of spectral stator current and rotational speed. 
The results prove the effectiveness of this technique for 
detecting this type of fault by monitoring the amplitudes 
of the current harmonics of the induction machine and 
the sidebands around the fundamental frequency. 

Indeed, in healthy Induction Machine, the rotor 
generates symmetrical currents that cause a forward 
rotating magnetic field at a synchronous speed. If the 
rotor bar is cracked, a resultant background rotating 
field can occur [12]. Consequently, the inverse 
frequency component of the rotor currents at −s  
(where s denotes the slip and  denotes the supply 
frequency) appears. The inverse sequence components 
act on the stator side and lead to the frequency 
components of (1 − 2ks)  (where k = 1, 2, 3, ... is any 
positive integer), and the produced additional frequency 
information mainly leads to the presence of BRB fault 
frequency components at (fr ± 2ks ) in radial and axial 
vibration signals [13]. As a result, a torque ripple and a 
speed oscillation are generated at the frequency of 2ks , 
which acts as a frequency component modulated on the 
rotation frequency fr in the vibration spectrum that are 
given by: 

 
                       =  ± 2 . .                                                 (1)  

 

ICEGC'2021
E3S Web of Conferences 336, 00051 (2022) https://doi.org/10.1051/e3sconf/202233600051

2



 where    is the sideband frequency related to the 
BRB fault. The slip s is defined by the mechanical speed 
( ) of the Induction Machine and the synchronous 
speed  as expressed [14]:  
 

                        =                                                   (2) 
 

Further, the research shows 2s  is the main 
modulation component in the BRB fault vibration 
signals, which helps in identifying BRB faults easily and 
effectively [15]. In the following analysis, 2s  is 
explored and used as the most important fault feature for 
BRB faults detection. 

2.2  Experimental Tested and Dataset 
Acquisition 
The experimental tests are carried out within the 
Maintenance department of Daher Aerospace Tanger 2 
[16]. Since the fault is achievable, two identical three-
phase induction machines with a squirrel cage were 
used, one for the healthy state and the other for a broken 
bar, for the acquisition of practical signals in real time. 
The configuration of the two benches is represented in 
figure 1. The two machines are supplied by an ATV11 
Speed variator [17], operating without load. Their 
characteristics are as follows: 

 

Table 1: characteristics of the induction machine  
 For data acquisition, the NI-9246 current input 
module and the NI-9234 vibration input module [18] 
with a piezoelectric sensor type 4384 BRUEL & KjAER 
[19], which are connected directly to the NI 
CompactROI 9040 [20], which provides access direct 
hardware to the I / O circuits of each module, are used 
to record the current of the three phases and the axial 
and radial vibrations respectively. 

The broken rotor bar fault is achieved by drilling a 
small hole 5.1mm in diameter and 19mm deep at the 
rotor bar as shown in Figure 1. It is important to note 
that this procedure does not allow the complete removal 
of the aluminum material in the notch, which 
corresponds to a partial breakage of the bar. 

 
Fig. 1. Experimental setup that collects healthy and faulty 

induction machine data in stator current 
The sets of Broken rotor bar used in this dataset 

can be split into five groups based on their health state: 
healthy RB, one, two, three and four BRB faults.  

The modes of operation that were used to validate 
the diagnostic procedure are listed in Table 1. In the 
decision space, each of them is represented by a class. 
 

Operating mode Types of fault Load rate 
Healthy machine No defect 0%, 15% et 25% 

A broken bar Rotor fault 
(Broken Bar) 

0%, 15% et 25% 
Two broken bars 0%, 15% et 25% 

Three broken 
bars 

0%, 15% et 25% 

Four broken 
bars 

0%, 15% et 25% 

Table 2: Operating mode 
 All these tests were carried out in order to validate 

the implementation of our diagnostic process. Some of 
these measurements will be used to create the training 
set as well as test sets. These sets will be used to 
understand pattern recognition algorithms by 
determining the sensitivity of the calculated parameters 
and defining the best shape vector. 

The data collected on the machine powered by a 
variable speed drive will be used to demonstrate the 
effectiveness of the decision algorithms. They also 
demonstrate the advantage of time and frequency 
signatures in order to obtain a good separation of the 
operating modes. 

The dataset is a 9527 x 91 matrix including three 
current signals from various phases and a label added in 
the last column to separate the rotor bar health states.  

The plot of the Fast Fourier Transform of The 
current signals is provided in Figure 2. It can be seen 
that there are very subtle differences among the signals 
in frequency domain representation. 
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Power 1.5 Kw 
Nominal voltage 230/400 V 
Rated current 5.10/3 A 
Cos (ρ) 0.83 
Rated speed 1430 tr/min 
Number of pole pairs 2 
Number of stator slots 48 
Number of rotor bars 28 
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Fig. 2. The spectrum of current for healthy and defected 

motor 
     Figure 2 shows the fundamental harmonic of the 
stator current spectrum of the asynchronous machine 
operating at no-load. In the one hand, we distinguish a 
significant increase in the amplitudes of the components 
whose frequencies are:  (1-2.s), (1+2.s) et 

(1+2.k.s) already present in the spectrum of the 
healthy machine and due to the natural dynamic 
eccentricity, with fs is supply frequency, s is slip and 
k=1,2,3,.... On the other hand, considering that the rotor 
is defective, the frequency lines relating to this type of 
defect are clearly evident in the spectrum. Moreover, the 
component at the frequency (3-4.s) does not appear in 
the healthy spectrum but only in the event of a fault. 
2.3 Feature extraction 
Feature extraction reduces the size of the original raw 
data by converting it into smaller, more manageable 
groups for further processing. Most of the time, the raw 
dataset contains a large number of variables, thus 
requiring a large amount of compute resources to 
process. The main goal of this method is to select and 
convert variables to characteristics, efficiently 
compacting the data that needs to be processed and 
accurately describing the original raw data set. Recently, 
online diagnostics for condition monitoring has gained 
attention because of its ability to detect emerging faults. 
However, a small amount of data is not sufficient for 
diagnosis, so signals measured directly are not suitable 
for online use. For effective fault diagnosis, a large 
sample of data is required. Thus, to facilitate the 
calculation, feature extraction becomes a crucial step 
that reserves critical information for final decision 
making. 

Twenty-four classical statistical feature 
parameters for condition assessment were computed 
from time and frequency domain data: Skewness, 
kurtosis, Mean, Maximum, Variance, RMS, Crest 
factor, Standard deviation…. 
 

 Tab3. Extracted statistical features from time domains for the 
feature matrix (x is the current signal). 

2.4 Features selection 
Feature selection is the process of detecting and 
eliminating irrelevant, less useful, and redundant 
features, and of discovering the most appropriate inputs 
for a classification model. Feature importance scores 
play an important role in a predictive modelling project, 
including providing insight into the data, insight into the 
model, and the basis for dimensionality reduction and 
feature selection that can improve the efficiency and 
effectiveness of a predictive model on the problem. 

Feature importance refers to a class of techniques 
for assigning scores to input features to a predictive 
model that indicates the relative importance of each 
feature when making a prediction. 

The relative scores can highlight which features 
may be most relevant to the target, and the converse, 
which features are the least relevant. This may be 
interpreted by a domain expert and could be used as the 
basis for gathering more or different data. 

Although, most importance scores are calculated 
by a predictive model that has been fit on the dataset. 
Inspecting the importance score provides insight into 
that specific model and which features are the most 
important and least important to the model when making 
a prediction. This is a type of model interpretation that 
can be performed for those models that support it. 

Finally, feature importance can be used to improve 
a predictive model. This can be achieved by using the 
importance scores to select those features to delete 
(lowest scores) or those features to keep (highest 
scores). This is a type of feature selection and can 
simplify the problem that is being modelled, speed up 
the modelling process (deleting features is called 
dimensionality reduction), and in some cases, improve 
the performance of the model. 

2.5 Support Vector Machines 
After feature selection using Features importance score, 
three different classifier algorithms are applied to 
classify the fault signature. To begin with, Support 
Vector Machine (SVM) was chosen. SVM is a 
supervised machine learning algorithm that can be used 
for both classification and regression challenges. 
However, it is mostly used in classification problems. In 
the SVM algorithm, we plot each data item as a point in 
n-dimensional space (where n is a number of features 
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you have) with the value of each feature being the value 
of a particular coordinate. Then, we perform 
classification by finding the hyper-plane that 
differentiates the two classes very well (look at the 
below snapshot). 

 
Fig. 3. Principle of SVMs 

Support Vectors are simply the coordinates of in-
dividual observation. The SVM classifier is a frontier 
that best segregates the two classes (hyper-plane/ line). 

2.6 Random Forest Classifier 
For both regression and classification, random decision 
trees are one type of collective learning. During the 
training phase, this approach constructs a large number 
of decision trees, then defines the class that is the mode 
of the classification classes and predicts the mean value 
for regression of each individual tree. The benefit of RF 
over a decision tree is that it can avoid the problem of 
overfitting. In RF, the significant parameters are the 
number of trees, maximum depth, number of features in 
each split, and number of sample leaves. In most 
situations, the large number of trees aids in the 
computation of correct findings by providing steady 
results. In general, the number of characteristics 
determines the variety of a tree in a forest, with fewer 
features resulting in uncorrelated trees and more 
features resulting in correlated trees. As a result, while a 
high number of trees might enhance speed, they also add 
to the size and computational cost of the system. The 
above-mentioned parameters are evaluated over a wide 
range of values in this study. 

2.7 LightGBM Classifier 
Light Gradient Boosting Machine is a widely-used 
machine learning algorithm, due to its efficiency, 
accuracy, and interpretability. LightGBM achieves 
state-of-the-art performances in many machine learning 
tasks, such as multi-class classification [21], click 
prediction [22], and learning to rank [23]. 

Most decision tree learning algorithms develop 
trees by level (depth), like the following image: 
 

 

Light GBM grows tree vertically while other algo-
rithm grows trees horizontally meaning that Light GBM 
grows tree leaf-wise while other algorithms grow level-
wise. It will choose the leaf with max delta loss to grow. 
When growing the same leaf, Leaf-wise algorithm can 
reduce more loss than a level-wise algorithm. 
 

3 Results and Discussion 
In order to evaluate the performance of the classifier 
models, we use feature importance to select the 
discriminant indicators of each class, which allows to 
remove the unimportant indicators using the importance 
of the derived characteristic. The results are shown in 
the graph below: 

 
Fig. 4. Graph of feature importance 

The final dataset is a 9527 x 16 matrix for each 
current phase including three labels added, one to 
separate the rotor bar health states in addition to 
frequency and load. 

The classifier’s performance was assessed 
using the confusion matrix presented in Figure 5. 
The evaluation parameters shown in Equations 
provided in Table 4, were calculated from this 
confusion matrix. 

 

 
Table. 4. Performance evaluation parameters 
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                            (a)    SVM 

                             (b)   Random Forest 

                             (c)      LightGBM  
Fig. 5. Confusion matrix for (a) SVM, (b) Random Forest, 

and (c) LightGBM Classifiers. 
The experiments with three different algorithms are 

performed by applying the Python Scikit-learn library, 
which offers various classification approaches that are 
suitable for predicting simultaneously multiple outputs. 

From the values we get from the confusion matrix, it 
can be said that the LightGBM preforms better (99.89%) 
than that of Random Forest and SVM to predict the true 
class. Tables 5-6-7 lists the performance parameters.  

 
 
 
 
 

States Precision Recall F1-
score 

Support 
Healthy 1.00 1.00 1.00 274 
1 BRB 1.00 0.99 1.00 214 
2 BRB 0.99 1.00 1.00 333 
3 BRB 1.00 1.00 1.00 286 
4 BRB 1.00 1.00 1.00 799 

Table 5. The results of three classifiers in terms of 
six evaluation parameters for LightGBM 

 
States Precision Recall F1-

score 
Support 

Healthy 1.00 1.00 1.00 274 
1 BRB 1.00 0.79 0.88 214 
2 BRB 0.88 0.99 0.93 333 
3 BRB 0.99 0.99 0.99 286 
4 BRB 1.00 1.00 1.00 799 

Table 6. The results of three classifiers in terms of 
six evaluation parameters for SVM 

 
States Precision Recall F1-

score 
Support 

Healthy 1.00 1.00 1.00 274 
1 BRB 1.00 0.98 0.99 214 
2 BRB 0.99 0.99 0.99 333 
3 BRB 0.99 1.00 1.00 286 
4 BRB 1.00 1.00 1.00 799 

Table 7. The results of three classifiers in terms of 
six evaluation parameters for Random Forest 

 
Table 8. Accuracy of different used algorithms of 

classification  
 

It can be seen from Table 4 that the classification 
performance has been the most enhanced by using 
LightGBM Classifier. The accuracy may be further 
improved by training a model with a larger training set 
and further tuning the algorithms. Its excellent pattern 
recognition capabilities can be effectively utilized for 
the fault classification of electrical machines in the 
presence of disturbing noises. 

Conclusion 
In this work, a motor-current data-driven strategy is 
provided for fault detection of broken rotor bars and 
assessing the severity of defects in noisy conditions, 
based on a mix of statistical features, feature importance 
score, and machine learning algorithms. To look at the 
most effective features, 30 statistical features are 
extracted using the motor current signal as the original 
input for each phase. 16 features are selected using 
feature importance, which are used to train three 
different classifiers for fault diagnosis. A series of 
simulations are run to determine the optimum accuracy 
utilizing classification models for evaluating the 
performance of different classifiers. The major objective 
is to decrease duplicate data and the original data set's 
dimension, resulting in lower model power and 
computing complexity. Our study provides a new 

 SVM Random 
Forest 

LightGBM 
Accuracy 0.974291 0.996327 0.998950 
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framework and a new strategy that have been tested on 
an experimental setup. From the comparative surveys, 
we have found that the Light Gradient Boosted Machine 
Classifier is the best performer in terms of classification.  
The proposed system was tested using only the current 
signals from five different motor states. One condition 
is the healthy state, and the other conditions include one 
to four broken bars. The overall accuracy of fault 
classification is satisfactory, showing that the proposed 
method is promising for real time application. 
Additionally, to authenticate the efficacy of this model, 
a comparison with some recent work on the same dataset 
and several different datasets was presented, and the 
comparison indicates that the proposed method, 
employing time and frequency features has comparable 
accuracy while requiring less computational complexity 
than other methods. This indicates that current signal 
collected from a sensor less system is as effective as the 
conventional sensor-based system. In our future 
research work, we integrate the short circuit fault 
between coils in order to evaluate the classifier in case 
of multi-class. In addition, we analyze the database to 
refine it and make it more discriminating and optimal by 
using new methods of selecting indicators. 
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