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Abstract—This paper presents a new condition indicator for 
classifying of stator and rotor related faults in induction motors. 
It relies on the characteristic fault frequencies of the motor in 
question and can be extended to different types of motors with 
different magnetic structures. The proposed method, occupied 
band-power ratio, focuses on the power concentration of the 
characteristics fault frequencies and yields the final result as a 
unit-less quantity. Features developed using this method are 
studied using linear data explanatory tools and further 
optimized with Discriminant Analysis for classification. The 
efficacy of the proposed method is validated experimentally by 
using grid and inverter fed induction motors. 
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I. INTRODUCTION  

Since the past few decades, motor current signature 
analysis (MCSA) and motor vibration analysis (MVA) have 
always been the key approaches when it comes to fault 
diagnosis and condition monitoring. There is a flourishing 
literature on how these approaches have been adopted for the 
diagnosis of electrical drives [1-4]. In this 21st century, there 
is an ever-increasing need for more resources when it comes 
to the manufacturing sector. Such is the case for electrical 
drives, with its rise in numbers, appropriate measures need to 
be taken to ensure its health and reliability. 

Majority of the fault diagnosis schemes begun around 
three decades back which utilized fast Fourier transform 
(FFT) as a base technique for analysis of motor current or 
vibration signature. In any case, FFT has a few weaknesses 
like masking of characteristic frequencies by supply 
frequency, inexactness for transient signals, and so on. To 
cater for these weaknesses, diverse new techniques are being 
utilized. In particular, digital signal processing (DSP) 
strategies has been portrayed in some MCSA based 
methodologies. 

Conventional DSP techniques (DSPTs), for example, the 
discrete Fourier transform (DFT), which is known for its 
efficiency in terms of computation time, have been utilized for 
feature extraction for quite a while [5]. Most of shortcomings 
in electrical machines may cause asymmetries in its 
electromagnetic field, thus adding characteristic fault 
frequencies to any underlying sensor signal. This can all 
around be investigated by frequency domain analysis. In spite 
of their adequacy, the traditional DSPTs have a few 
restrictions to be assessed for a correct fault diagnosis. 

Some of the current DSPTs are wavelet transform (WT), 
discrete wavelet transform (DWT), continuous wavelet 
transform (CWT), power spectral density (PSD), Wigner Ville 
distribution (WVD), wavelet packet decomposition (WPD), 
short-time Fourier transform (STFT), Park transform, Prony 
and fractal analysis [4, 6]. Starting current and steady state 
current in motors has been utilized to distinguish flaws 
because of broken rotor bar. Internal faults in motors, have 

been described using DWT and finite element analysis (FEA). 
Motor signature analysis has been performed by employing 
PSD and WPD [6-8].  

FFT gives exceptional frequency components present in 
the signal that is being investigated. In the event of motor data 
analysis, FFT changes data from time domain to frequency 
domain which requires exact slip estimation for the frequency 
component in a spectrum. Likewise, if there are any 
occurrence of particular faults in the motor, frequencies 
produced are extremely close to the fundamental component 
with small amplitude. Hence, the characteristic frequencies for 
the faulted motor being near the fundamental component, and 
their amplitude being little in comparison to that of the 
fundamental component, diagnosis of fault, and determination 
of the severity of motors under light load is no more 
reasonable, particularly for small motors [3, 6].  

Similarly, variation of motor load, torque, inertia, supply 
voltage, or speed oscillation of motor, some small harmonics 
may be created which are like the characteristic frequencies 
for the faulted motor. For this, diagnosis of motor faults by 
means of motor current frequencies will be troublesome and 
confusing. An enormous hindrance of FFT analysis is that it 
cannot separate the harmonics created because of motor faults 
arising from either load variation or fluctuation of voltage [6, 
7]. This problem was sorted out by utilizing the STFT 
strategy, which uses constant-sized windows to analyze all the 
frequencies (also the transient phase). A major drawback of 
STFT is the matching of frequency content due to its limited 
window size. While it can be solved using variable window 
size, WT does it suitably. It is very appropriate for the analysis 
of the transient signal. WT decays a signal both in time and 
frequency domain regarding wavelet, as the mother wavelet. 
WT has additionally a few disadvantages, e.g., determination 
of mother wavelet is very subjective which may cause 
mistakes in the identification of parameters. Frequency 
response would be poor for low order wavelet overlap 
between bands. To defeat these constraints, another method 
called Hilbert transform (HT) has been proposed. This 
strategy resolves the issue that may emerge in WT because of 
inappropriate determination of mother wavelet utilizing the 
envelope analysis of the signal. Without a doubt, even the 
motor current signature at steady state has been investigated 
by this HT technique. While variation or changes in the signal 
dynamics (non-stationarity in the dataflow) may affect 
performance of the HT technique, this issue is inevitable and 
is an open problem to date [4, 9].  

This paper aims to involve power quantities fused with 
DSPTs to develop a condition indicator suitable to detect 
stator and rotor related faults in induction motors. The 
Occupied Band-power Ratio (OBPR) is introduced in this 
study which relies on the frequency spectra of the three-phase 
current signal. Determination of the faulty scenario is 
characterized by a unit-less quantity with respect to the 
healthy case. What is more, the OBPR is dependent on the 
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characteristic fault frequencies (CFFs) of the investigated 
motor. Based on the CFFs, the OBPR gives an insight on the 
concentration of the CFFs in a given signal. This means, the 
proposed method can be applied to any kind of motor provided 
the CFFs are well defined. Further, separation of the class 
clusters (healthy vs faulty) and classification of the above 
phenomena can be enhanced by Discriminant Analysis (DA) 
and its variants, which is in fact a supervised way of 
maximizing inter-class and minimizing intra-class distances, 
given a set of feature vectors. The OBPR reinforced with DA 
finally constitutes to a class-membership with its 
corresponding probability that can be utilized for subsequent 
risk analysis. 

This paper is organized as follows: the proposed method 
of OBPR is described in section II followed by description of 
DA method in section III. Section IV gives an insight on the 
experimental setup together with the description of the 
database. Sections V and VI deals with feature visualization 
and the classification results together with their discussions. 
Final remarks are enclosed in section VII. 

II. FEATURE ENGINEERING 

A. Characteristic Fault Frequencies 

At this aim, while the three-phase stator current spectrum 
reveals some information on the CFFs, it is better to use the 
extended Park Vector approach (EPVA), since it is much more 
efficient in identifying faults in electrical drives as the supply 
frequency component is automatically eliminated from the 
spectrum [10]. The EPVA transforms the three-phase currents 
into direct and quadrature currents 𝑖 , 𝑖   and then extends 
to finding the modulus of 𝑖 𝑗𝑖  𝑖 . The CFFs for stator 
inter-turn (SITFs) and broken rotor bar (BRBFs) faults  [7, 11] 
have been defined in Table I below. From this point forward, 
the EPV currents are used for fault analysis and classification. 

B. Occupied Band-power Ratio 

Given a discrete time signal  𝑥 𝑛  with the sampling 
frequency of 𝑓  and the signal length of 𝐿, the Periodogram 
estimate is given as: 

𝑃 𝑓  
|𝑋 𝑓 |

𝑓 𝐿
 , 𝑤ℎ𝑒𝑟𝑒 𝑋 𝑓 𝑥 𝑛 𝑒                1  

where the 𝑋 𝑓  is the discrete Fourier transform of 𝑥 𝑛 . 

The actual computation of 𝑋 𝑓  can be performed only at 
a finite number of frequency points, 𝑁, and usually employs 
the Fast Fourier transform. In practice, most implementations 
of the Periodogram method compute the 𝑁- point PSD 
estimate whereby: 

𝑋 𝑓 𝑥 𝑛 𝑒                                                                   2  

where 𝑓   𝑎𝑛𝑑    𝑘 0,1, … . , 𝑁 1 

This results in: 

𝑃 𝑓  
∆𝑡
𝑁

𝑥 𝑛 𝑒
∆𝑡
𝑁

𝑥 𝑛 𝑒     3  

where ∆𝑡 is the sampling interval or .  

The above equation falls into the rectangular window 
approach, prone to spectral leakage; a window function ℎ 𝑛  
can mitigate such problem in the Periodogram. In this case, 
Kaiser window [12] is used with appropriate window length 
and 𝛽 parameter. Thus, 𝑃 𝑓  together with Kaiser window 
is given as: 

𝑃 𝑓
∆𝑡
𝑁

ℎ 𝑛 𝑥 𝑛 𝑒                                             4  

The application of this method requires a prior estimation 
on the CFFs range. Table I lists the enhanced CFFs for BRBFs 
and SITFs which will be used in this study to extract features 
from IMs. Let 𝑎  and 𝑏  be the estimated CFF range for 
any associated fault. The total signal power 𝑃  and the 
estimated power associated to a single CFF, 𝑃 are given 
by: 

𝑃
1
𝑁

𝑃 𝑓                                                                       5  

𝑃
𝑏 𝑎

𝑛
𝑃 𝑓                                                   6  

where the frequency range for 𝑃  are the left and right 
endpoints of the signal and [𝑎 , 𝑏  define the frequency 
range of the selected 𝑃 . 

The frequency range is then redefined fixing a 𝑝 0.99 
(i.e.99%) signal bandwidth, sweeping LHS and RHS and 
integrating the power spectrum simultaneously in the range 
[𝑎 , 𝑏  so that: 

𝑃
1
2

1 𝑝 𝑃
        

                                                                  7  

𝑃
1
2

1 𝑝 𝑃                                                                       8  

After performing the search together with integration of 
the banded PSD, the new frequency range is given as 
𝑎 , 𝑏  which gives [𝑃 , 𝑃 . Therefore, the band 

power of the newly found CCF range is given as: 

𝑃
𝑏 𝑎

𝑛
𝑃 𝑓                                            9  

where 𝑛 is the count of elements used for calculation. 
Finally, the OBPR is found as: 

𝑂𝐵𝑃𝑅
𝑃

𝑃
                                                                                 10  

The OBPR is a unit-less quantity, which gives the ratio of 
fault harmonics (according to the CCF) with respect to the 
signal in terms of power. It must be noted, 𝑎  and 𝑏  must 
be flexibly chosen so that majority of the power concentration 
lies inside the domain 𝑎 , 𝑏 . Cases where compilation of 
single harmonics are taken into account, a flexibility factor 𝛿, 
is introduced for each harmonic to ensure that at least the 

TABLE I.  CHARACTERISTIC FAULT FREQUENCIES (CFFS) FOR THE IM 

IM FAULT TYPE 𝒊𝒅, 𝒊𝒒 𝒊𝑷 
SITF  𝑓

𝑚
𝑝

1 𝑠 𝑘 , 2𝑓  2𝑓  

BRBF 𝑓 1 2𝑙𝑠  2𝑠𝑓
where 𝑓  is the supply frequency, 𝑠 is the slip in percent (%), 𝑝 = number of 
pair poles, 𝑚  1,2,3, … … 2𝑝 1 , 𝑘  0,1,3,5, . .., and 𝑙 1,2,3, … 
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frequency band is bounded and defined. Then, using (9), the 
𝑃  is calculated and summed for all the harmonics (if 
single harmonics bins have been used). Thereafter, the OBPR 
is calculated as in (10). 

In case of CFFs for SITF and BRBF using 𝑖  and 𝑖  
currents, the range 𝑎 , 𝑏  has already been established as 
shown in Table I. However, for 𝑖 , this is not the case. Under 
this condition, the aforesaid flexibility factor is used as in (11) 
below. For SITF, this is given as: 

𝐹 𝑓 𝑓                                                                    11  

Thus, the domain 𝑎 , 𝑏  can be defined as: 
 2𝑓 𝛿, 2𝑓 𝛿 , 4𝑓 𝛿, 4𝑓 𝛿 , where 𝛿 2𝐻𝑧  which 
allows flexibility. Similarly, for BRBF, the CCF using the 
norm of EPV currents (𝑖 ) is given as: 

𝐹 𝑓 𝑓                                                              12   

which gives 𝑎 , 𝑏  under BRBF as: 
 2𝑠𝑓 𝛿, 2𝑠𝑓 𝛿 , 4𝑠𝑓 𝛿, 4𝑠𝑓 𝛿 . The 𝛿 2𝐻𝑧 in this 
case as well.  

III. CLASSIFICATION USING DISCRIMINANT ANALYSIS (DA) 

For the purpose of classification, the DA and its variants 
have been used for classification for healthy, BRBF and SITF 
classes. It is a supervised technique that has been commonly 
used for linear dimensionality reduction and feature 
extraction [13]. In this study, the DA and its variants: linear 
DA (LDA) and quadratic DA (QDA) have been used to 
minimize within class distances and maximize interclass 
distances. In other words, the DA is basically used as a 
supporting tool to isolate features (of healthy, BRBF and 
SITF) calculated by the OBPR method to enhance separation 
and improve classification. The LDA has also been used to 
explore the feature-set together with PCA in order to 
understand the topology of the data. While the derivation of 
DA and its variants is straightforward and can be found in 
many papers [13, 14], an additional step at the classification 
stage has been demonstrated. Together with the predicted 
class, corresponding posterior probabilities (class 
membership probability after taking into account all 
scenarios and evidences) have also been evaluated. This 
feature also helps in subsequent risk analysis. Below (13)-
(15) shows how posterior probability for class 𝑘 is calculated. 
Stemming from minimization of the expected classification 
cost 𝐶, we have: 

𝑦 arg 𝑚𝑖𝑛
,…,

𝑃 𝑘|𝑥 𝐶 𝑦|𝑘                                                 13  

where 𝑦 is the predicted class, 𝐾  is the number of classes, 
𝑃 𝑘|𝑥  is the posterior probability of class 𝑘  given 
observation 𝑥 and 𝐶 𝑦|𝑘  is the cost of classifying 𝑦 given its 
true class 𝑥.  

To denote how 𝑃 𝑘|𝑥  is found, the generic Bayes [15] rule 
is considered as in (14). Therefore, posterior probability that 
an observation 𝑥 is of class 𝑘 is: 

𝑃 𝑘|𝑥
𝑃 𝑥|𝑘 𝑃 𝑘

𝑃 𝑥
                                                                       14  

where 𝑃 𝑥  is a normalization constant. 
Now, considering the probability that observation 𝑥 belongs 
to class 𝑘 is the product of prior probability and the multi-

variate normal density. With 1 𝑑  mean 𝜇  and 𝑑 𝑑 
covariance Σ  at 1 𝑑 observation 𝑥 is given as: 

𝑃 𝑥|𝑘
1

2𝜋 |Σ |
𝑒                                 15  

where |Σ | is the determinant of  Σ  and  Σ  is the inverse 
matrix. Note: Prior Probability of class 𝑘 is the no. of training 
samples of class 𝑘  divided by total number of training 
samples. 

The above formulation can be applied to any classification 
algorithm (except neural networks as it has its own softmax 
layer which calculates class membership probabilities) which 
does not output classes together with its probabilities. In fact, 
this function has been implemented in MATLAB® 2019 and 
is flexible to use with other classifiers.  

IV. EXPERIMENTAL SETUP AND DATABASE GENERATION 

A. Experimental Rig 

From the surveyed reports of IEEE and EPRI [2, 3, 16, 17], 
faults originating from stator and rotor contribute to as much 
as 50% of the motor failures. To emulate these types of faults, 
an experimental test-rig (Fig. 1) has been developed to 
acquire healthy, SITF and BRBF signatures for a 1.1kW 
squirrel cage IM. The IM used in this study whose parameters 
given in [11, 18] is in compliance with the procedure adopted 
from  [19]. Data has been acquired for grid and inverter fed 
configuration with up to 3% assymmetricity under healthy 
and faulty conditions. The three-phase current signals have 
been obtained using LEM (LA 55-P) current transducers 
connected to DS1104 card. The SITF has been emulated in 
phase C of the motor by use of shunt resistors with 
appropriate value of the resistance for each level of severity. 
The shunt resistors also play a part in ensuring safe level of 
circulating currents in the shorted portion such that there is 
no permanent damage to the windings. The severity of SITF 
ranged from 0% to 10% by means of switching action that is 
defined by the number of windings shorted with respect to the 
total number of windings in a phase. For the BRBF, a milling 
machine was used to damage the rotor bars. To ensure data is 
acquired for the lowest BRB severity, the bar was drilled half 
of its depth 3𝑚𝑚  initially and thereafter, complete 
damage was done and data acquire in a consecutive manner 
until 2 bars were broken.  

 
Fig. 1. Experimental setup for IM fault analyses: (a) Test rig, (b) SITF 
emulated in phase C, (c) BRBF 

B. Database Description 

The three-phase current signals were divided into equal 

(a) 

(c) 

(b) 

Authorized licensed use limited to: University of the South Pacific. Downloaded on January 27,2021 at 01:25:45 UTC from IEEE Xplore.  Restrictions apply. 



segments using rectangular window with an overlap of 25%. 
Thereafter, these signals were transformed into 𝑑𝑞 
components together with its modulus 𝑖  (using EPVA). 
Using the proposed feature (OBPR), 30 features were 
obtained using the (𝑖 , 𝑖 , 𝑖 ) currents on the basis of the CFFs 
listed in Table I. The feature set (FS) was made up of 15,756 
samples where 5,451 samples were for healthy case, 4,314 
and 5,991 for the BRBF and SITF, respectively. Prior to 
further analyses, the FS is scaled (statistical normalization) in 
order to have the same range (Gaussian distributed with zero 
mean and unit variance) for the values for each attribute. In 
the following section, the features are carefully studied to 
observe the positioning of the class clusters and to identify a 
simple tool for classification.  To ensure generalization for 
the purpose of classification, data was divided into 50:50 ratio 
where, 50% of the database was used for testing and the rest 
for training and validation. 

V. FEATURE VISUALIZATION 

To alleviate the computational costs, it is always a good 
practice to “linearize” as much as possible the classification 
approach. To identify the best strategy to this purpose, the 
features were separately visualized via LDA and PCA. (Note 
that despite LDA is also used for classification, in this section 
it is used for exploring the data and deduce appropriate tool 
for classification) 

Initially, the LDA was applied on the FS with the 
dimension of 30. In Fig. 2a, the class clusters of healthy and 
SITF tend to overlap each other while the BRBF features 
appear to be separated with minimal overlaps. This means 
that likely the 1st LDA component is responsible in 
separating the BRBF from the healthy cluster. In terms of 
demonstrating separation between the SITF and BRBF, Fig. 
1a makes it apparent since the green and red clusters do not 
overlap among each other. On the other hand, Figs.2b-d show 
zoomed version of the Fig. 2a focusing where the faulty class 
clusters overlap with the heathy cluster. While it may seem 
that SITF cluster is fully overlapping with the healthy class, 
zoomed version reveals a different scenario. The SITF and 
healthy class clusters (where overlapping takes place – Figs. 
2b-c) are not condensed particularly where-ever the 
overlapping takes place, i.e. only fewer samples are present 
of either class. This is commonly due to other phenomena like 
vibration, noise from inverter and probably due to 
asymmetricity in voltage supply. Similar opinion is shared 
when it comes to BRBF versus healthy class clusters (Fig. 
2d).  

On the other hand, the FS was further explored via 

Principal Component Analysis (PCA). The linear analysis by 
the PCA shows that upto 9 principal components (PCs) are 
responsible for the totality of the FS with 30 features. It is 
visualized by the Pareto chart (Fig. 3a), which represents the 
explained variance for each PC. Unlike LDA, which performs 
a search for those vectors in the underlying space that best 
discriminate among classes, PCA is an unsupervised 
technique which rather focuses on the describing the data by 
finding the subspace whose basis vectors correspond to the 
maximum variance directions in the original space. 

An indepth geometric analysis is illustrated in Fig. 3b, 
which shows data projection (scores after PCA has been 
applied), in the space of its first three PCs (Fig. 3b – for the 
sake of simplicity, feature vectors are not included to avoid 
confusion). In the 3D figure, the class clusters appear to be 
well separated with minimum overlapping. Hence, it can be 
deduced that a linear classification tool is enough to classify 
the healthy and faulty classes in this study. The intrinsic 
dimensionality of the FS using PCA was 9, however, since 
PCA deals with only the data without its class labels, it is 
worth mentioning that DA and its variants can be used in 
conjunction with PCA for the detection of stator and rotor 
related faults. This procedure is explained in the following 
section. 

VI. CLASSIFICATION RESULTS 

A. Classification using PCA+DA 

For the purpose of classification, based on the position of 
the class clusters in the aforementioned figures, a linear tool 
is sufficient to identify the healthy and faulty signatures. In 
this study, the PCA is applied to the FS to reduce the 
dimensionality of the data, followed by the variants of DA 
which acts as a classifier. Due to its linearity, variants of DA 
technique are used on the same FS on the basis of one versus 
one and one versus all class configurations. Bayesian 
optimization [15] is applied under this scheme to select the 
best classification model under each configuration of the 
aforesaid variants (see Table II – Optimized DA). What is 
more, once the best individual classification models are 

 
Fig. 3. (a) Pareto Chart, (b) Data Projection in the first three PCs

(a) (b) 

 
Fig. 2. LDA Projection of: (a) Healthy vs BRBF vs SITF, (b) Healthy vs SITF (zoomed version 1), (c) Healthy vs SITF (zoomed version 2), (d) Healthy vs BRBF 
(zoomed version) 

(a) (b) (c) (d) 
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selected, to enhance the classification accuracies, hierarchical 
classification models are developed and tested.  

Table II shows the results using 50% of the database as the 
test set. Various configurations for the classification are 
tested using DA. For comparison, classification by DA with 
and without PCA is also shown. Under every configuration, 
classification with PCA appears to be superior. In particular, 
the best model is described as the quadratic variant of DA 
trained with all 3 classes (after PCA), having test accuracy of 
96.7%.  

B. Classification Using Hierarchical DA 

Using the individual trained models for the above 
configurations, four different hierarchical classification 
topologies were constructed. These are described as follows: 

1. Mean Probability Classifier (Mean-PC): using one versus 
one criterion for the Healthy, BRBF and SITF classes, 
probabilities upon classification are acquired for each class. 
Since each class probability occurs twice (Healthy vs 
BRBF, Healthy vs SITF and BRBF vs SITF), mean value 
of each class probability is considered and used for 3-class 
classification.  

2. Max Probability Classifier (Max-PC): Same criterion is 
adopted as above, however, instead of mean value, 
maximum value of the class probability is used for 3-class 
classification. 

3. Two-Stage Max Probability Classifier (TS-Max-PC): In 
this case, two classification models (2-class and BRBF vs 
SITF) were used. In the first stage, the 2-class classifier 
discriminates between healthy and faulty classes. If the 
samples belong to the faulty class (i.e. probability of the 
faulty class is higher than that of healthy class), then in 
second stage, the incoming feature vector is subjected to the 
BRBF vs SITF classifier to denote the type of fault.  

4. TS-Max-PC with thresholding: In this scheme, same 
procedure is followed as in 3 above. Only difference is the 
introduction of the threshold value for the healthy class 
probability. This is done to avoid false negatives and isolate 
the healthy class from the rest. Based on the individual class 
probability distribution, the threshold for the healthy class 
is set to 0.95. 

Table III shows the classification results for the 
hierarchical classifiers described above. Under the following 
two scenarios, i.e. with and without PCA, best models are 
selected from Table II and used for 3-class classification. At 
this aim, for the models without the use of PCA, the 
hierarchical based classification adversely improves the 
results (see test accuracy for mean probability classifier – 
without PCA). On the other hand, not much improvement is 
seen for the models whose pre-processing were done via PCA. 
Just a slight increase of 0.1% is observed in the test accuracy 
(two-stage max probability classifier with thresholding – 
96.8% test accuracy) in comparison with the ones that were 
individually trained (Table II). 

C. Best Model Selection 

In order to select the best model, various factors have been 
considered. First, since the studies associated with the data 
geometry reveals that linear based classification is sufficient, 
we rule out the possibilities to classify the features using non-
linear techniques. While the non-linear techniques may 
perform better than the linear, it is not as fast as the latter. 
Hence, on this basis, we only considered classification by DA 
and its variants as it requires low computation effort and is 
easy to interpret. Only additional computation that has been 
included is the calculation of class membership probabilities. 
Moreover, it is worth mentioning that DA is chosen for 
classification because of its ability to maximize inter-class and 
minimize intra-class distances. Based on the features observed 
in the preceding section, class clusters appeared to be 
somewhat scattered which, invoked the need for DA.   

The second issue is the complexity of the architecture, as 
it involves the time complexity of the chosen model. An ideal 
model must have a low time complexity and simple 
architecture. This is important since the fault detection and 
classification is carried out in real time. The third factor to 
consider is the classification accuracy of the test set. In this 
study, 50% of the database was used as the test set to see how 
each classifier behaves. Using this data division shows how 
well the features have been learnt and the generality of the 
classifier. This performance can also be revealed by 
examining the trained features using visualization tools.  

Finally, the fourth factor to take into account is examining 
the probability distribution of each architecture. In most cases 
upon misclassification, the probabilities lie near to 0.5, which 
is a borderline case. This confusion often leads to incorrect 
classification. A good way to alleviate this issue is to introduce 
probability thresholds to a certain value (as adopted under 

TABLE II.   INDIVIDUAL CLASSIFICATION ACCURACIES BY DA AND 
PCA+DA 

% Test Accuracies (without PCA – 30 features) 
Classification 

Type 
 LDA QDA Optimized 

DA
3 Class# 91.5 89.2 91.5 (LDA) 
2 Class# 91.8 88.4 91.7 (LDA) 
Healthy vs BRBF 92.3 95.3 95.3 (QDA)* 
Healthy vs SITF 98.1 92.6 98.1 (LDA) 
BRBF vs SITF 100.0 93.5 100.0 (LDA) 

% Test Accuracies (with PCA – 9 features) 
Classification 

Type 
LDA QDA Optimized 

DA 
3 Class# 89.1 96.7* 96.7 (QDA)* 
2 Class# 81.4 96.2* 96.2 (QDA)* 
Healthy vs BRBF 91.3 96.8* 96.8 (QDA)* 
Healthy vs SITF 88.4 98.3* 98.3 (QDA)*

BRBF vs SITF 99.8 100.0* 100.0 (QDA)* 
* Covariance matrices are diagonal and varies among classes for QDA 
# 3 Class corresponds to: Healthy vs BRBF vs SITF 
# 2 Class corresponds to: Healthy vs Faulty (BRBF & SITF) 

TABLE III.  HIERARCHICAL CLASSIFICATION ACCURACIES BY DA 
AND PCA+DA 

% Test Accuracies (without PCA – 30 features) 
Classifier Type Test Accuracy Classification Type 

Mean-PC 95.8 3 Class  
Max-PC 65.3 3 Class  
TS-Max-PC 65.1 3 Class  
TS-Max-PC with 
thresholding 

95.2 3 Class, threshold for 
healthy class = 0.65 

% Test Accuracies (with PCA – 9 features) 
Classifier Type Test Accuracy Classification Type

Mean-PC 95.9 3 Class  
Max-PC 60.6 3 Class  
TS-Max-PC 94.5 3 Class  
TS-Max-PC with 
thresholding 

96.8 3 Class, threshold for 
healthy class = 0.95 
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hierarchical classification). A good probability distribution for 
a particular class should be condensed near probability value 
of 0 or 1 when visualizing the histogram to denote a clean 
separability (Fig. 4a: frequency of samples occurring versus 
class probabilities). 

Based on the above four factors, the individual 3-class 
QDA classifier with PCA having 96.7% (Table II) as the test 
accuracy is said to be the best model. While the two-stage max 
probability classifier with threshold had 96.8% (Table III) as 
the test accuracy, its architecture was large and complex 
compared to the selected best model. Additionally, their 
probability distribution and class clusters appeared similar. 
Fig. 4a shows the probability distribution histogram and 
trained feature for the best model (individual 3-class QDA 
classifier with PCA), respectively. It is worth mentioning that 
the trained features had a dimension of 9, for the sake of 
simplicity, a visualization tool t-SNE [20] has been used to 
show the 2D and 3D views (Figs. 4b-c). Notice how different 
class clusters are condensed and separated from each other. 
This actually enhances the classification accuracy. 

VII. CONCLUSION 

This paper introduced a new condition indicator which 
relies on the CFFs of the machine in question. It utilized the 
idea of power concentration of the CFFs with respect to the 
healthy current signature. After the feature extraction part, the 
topology of the data was studied using PCA and LDA (feature 
visualization) techniques, which suggested that a linear/quasi 
-linear based method is enough for classification. Due to DA’s 
capability in maximizing inter-class and minimizing intra-
class distances, fairly good results were obtained (class 
clusters in Figs. 4b-c). Apart from the individual DA based 
classification (Table II), hierarchical strategies were also 
applied. While the latter improved the classification accuracy 
for the non-PCA transformed features, only slight 
improvements were seen for the features transformed via 
PCA.  Selection of the best model was on the basis of: low 
time complexity, simple architecture, high classification 
accuracy and class probability distribution lying close to either 
0 or 1 (avoiding borderline cases). This was the individual 3-
class QDA based classifier with PCA having 96.7% as the test 
accuracy.   
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Fig. 4. (a) Probability distribution for the best model, (b) 2D trained feature visualization for the best model, (c) 3D trained feature visualization for the best model 
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