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Abstract- Machine Fault Diagnosis (MFD) is of vital importance in aerospace applications that consist of complex systems. 
In this paper, load independent MFD on a three phase 3kVA synchronous generator has been described. Statistical features 
were extracted in both time and frequency domains. Chi squared algorithm was used for feature selection and classification 
was done using C4.5 algorithm. Voltage and current analyses were performed in both domains, and a set of robust features 
were identified.     
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I. INTRODUCTION 
 
Machine Fault Diagnosis (MFD), plays a major role 
in the maintenance of complex systems that cannot 
afford to fail. Such systems rely on MFD as it 
provides several advantages like improved system 
reliability, minimum cost for maintenance, decrease 
in occurrence of human error due to reduced 
diagnosis operations.  
 
One of the famous machine diagnosis techniques 
adopted through years, is condition based maintaining 
(CBM). CBM monitors the changes in signal in the 
form of current, voltage, vibration and system 
temperature. CBM simplifies the diagnostic 
procedure and also increases the precision of failure 
prediction. Extensive research has been done in this 
area, to identify the location of the fault with great 
precision, so as to overcome the problem as quickly 
as possible.   
 
Sequential Forward Selection (SFS), a feature 
selection algorithm, has been used to improve the 
classification accuracy. Yaguo et.al. used another 
selection algorithm called Improved Distance 
Evaluation along with Adaptive Neuro-Fuzzy 
Inference System (ANFIS) for classification. In this 
paper, we analyze a type of electrical fault called 
“inter turn short circuit faults” that occur in the stator 
winding of a 3kVA synchronous generator.  
 
Statistical features were extracted in time and 
frequency domains using. From this set of features, 
the redundant features were removed by using Chi 
squared feature selection algorithm in WEKA.  
 
Finally, classification was done using J48 Algorithm 
(Decision Tree) in WEKA. The general block 
diagram of machine fault diagnosis is shown in the 
Fig. 1. 

 
Fig. 1 – Machine fault diagnosis 

 
II. EXPERIMENTAL SETUP 
 
The experimental setup consists of a three phase 
3kVA synchronous generator with six coils in each 
phase. Each coil has three taps at 30%, 60% and 82% 
of the total number of turns. Hence, there are 18 taps 
in each phase and a total of 54 taps in the stator 
winding. There is a terminal board to which all the 
taps are connected. The inter turn short circuit faults 
are injected in the coil using these taps. The voltage 
and current signals in all three phases (R-phase, Y-
phase, and B-phase) are recorded. The experimental 
setup is shown in Fig. 2.  
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Fig. 2 – Experimental Setup 

 
III. FEATURE EXTRACTION 
 
Statistical features were extracted in both time and 
frequency domains. In the time domain, 11 statistical 
feature parameters were extracted for each phase, and 
so there were 33 features in total. The feature 
parameters are shown in the Table 1.  
 

Table 1- Time domain features 

 
 
In the frequency domain, 42 features were extracted 
i.e., 14 feature parameters for each phase. The feature 
parameters in the frequency domain are shown in the 
Table 2.  
 
IV. CHI- SQUARED SUBSET EVALUATION 

ALGORITHM 
 
Feature selection is the process of selecting a subset 
of features from the set of all features, thereby 

eliminating redundancy. In this paper, feature 
selection is done using “Chi Squared Subset 
Evaluation” algorithm in WEKA.  
 
Chi- squared is a statistical test that is used to 
measure the association between input feature and 
class. It is found by calculating the difference 
between the observed and the expected value, divided 
by the expected value. This chi squared value is used 
for feature ranking in WEKA.   
 

Table 2- Frequency domain features 

 
 
V. DECISION TREE ALGORITHM 
 
Decision trees provide human- readable rules for 
classification and are widely used in text 
classification. A decision tree, much like the ordinary 
tree, has roots and nodes. It starts from the root node 
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and branches downwards. It can be also used for 
feature selection.  
C4.5, an extension of the Iterative Dichotimiser 3 
(ID3) algorithm, is a decision tree that uses 
information gain as the splitting criteria for 
classification. J48 is the WEKA implementation of 
the C 4.5 algorithm.  
 
VI. EXPERIMENTAL RESULTS 
 
The voltage and current signals that were collected 
were used for voltage analysis and current analysis 
respectively. Hence, there were four types of analyses 
viz., time voltage, time current, frequency voltage 
and frequency domain current signatures. The results 
for all the four analyses are given in tables 3-6. The 
highest accuracy with the least number of features has 
been highlighted.  
 
The features are represented from 1 to 33 in the time 
domain and 1 to 42 in the frequency domain.  
 
This means that feature “1” in time domain represents 
T1 of R – phase, “2” represents T1 of Y-phase, “3” 
represents T1 of B-phase and so on. Similarly, feature 
“1” in frequency domain represents F1 of R – phase, 
“2” represents F1 of Y-phase, “3” represents F1 of B-
phase and so on. 
 

Table 3 – Performance of voltage features in time 
domain after feature selection 

 

Table 4 – Performance of voltage features in 
frequency domain after feature selection 

 
 

Table 5 – Performance of current features in time 
domain after feature selection 

  



International Journal of Mechanical And Production Engineering, ISSN: 2320-2092,  Volume- 2, Issue-9, Sept.-2014 

Robust Features For Load Independent Machine Fault Diagnosis Using Feature Selection 
 

39 

Table 6 – Performance of voltage features in 
frequency domain after feature selection 

 
 
In each domain, a set of robust features was identified 
that contributed immensely to the accuracy. The 
results are shown in the Table 7 and 8. 
 
Table 7 - Robust voltage and current features in time 

domain 

 
 

Table 8 - Robust voltage and current features in 
frequency domain 

 
 

CONCLUSION 
 
A load independent Machine Fault Diagnosis (MFD) 
was performed on a three phase 3kVA synchronous 
generator. Faults were injected in the three phases of 
the stator coils, and a database was created. A set of 
statistical features were extracted in two domains 
(time and frequency).  
 
Feature selection was done using chi squared 
algorithm in WEKA, and it was found that a set of 
features were robust across the various loads in all 
four analyses. Classification was done using J48 
algorithm and the results were tabulated.   
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