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Abstract

The feature extraction and selection are the most important part of any fault detection and diagnosis
system. Especially when it comes to the Machine Learning (ML), improper feature extraction and selection
can cause poor classification accuracy. ML’s key challenge is the tedious process of manually extracting
the features which require expert knowledge, and it is time-consuming. ML-based classifier might be
less accurate than Deep Learning (DL) without proper discriminant feature extraction and selection.
However, if the extraction and selection of the features are performed correctly with the knowledge about
the type of input data being utilized, greater classification accuracy can be achieved.
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In this work, we adopt an approach where we extract two types of features from the decomposed wavelets
of the original current signals recorded from a robot test bench. The first type of features is solely based
on the wavelet characteristics and it focuses on the wavelet domain whereas the second type of features
is extracted based on the statistical analysis. The reason to extract different types of features is that in
typical analysis methodologies either the first type of feature is utilized or the second type. Also, it is
dependent on the type of fault being diagnosed. In the case of Rotate Vector (RV) reducer fault detection
and diagnosis, due to the high sensitivity of the fault, the typical feature extraction methodologies fail
to provide higher classification accuracy. Therefore, we developed a method where we extract features
based on both of the above-mentioned types and implement deterministic feature selection to choose the
most prominent features among them. Doing so provides the power to utilize the properties of wavelet
and statistical domain simultaneously in an efficacious way. The proposed approach showed satisfying
results regarding the fault detection and diagnosis for RV reducer with a classification accuracy of 96.7%.

Methodology
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Figure 1: Flow chart of the proposed methodology.
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The flow chart of the proposed methodology of this study is
shown in Figures 1 & 2. To implement the proposed method an
experimental test bench based on an industrial robot was used.
Initially, the data is recorded employing current sensors installed
at each of the electric motors’ three-phases. Data is recorded for
each motor installed at a specific point of the industrial robot
[1]. The current signals data in three-phase is pre-processed and
data dimension reduction is performed to compress the data. The
reduction of the data dimension is accomplished using the DQ0
transformation. The DQ0 transformation converts the three-phase
current signals to the two-phase current signals without losing any
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useful information. Using Discrete Wavelet Transformation (DWT),
the two-phase current signals are further analyzed in the timefrequency domain. DWT breaks down the signals into wavelets
which are further used to extract features [2]. Several features are
extracted from the wavelets based on wavelet characteristics, and
statistics. Then these features are analyzed using feature selection
algorithms to select the most prominent and deterministic features.
Upon determining the prominent features among the extracted
features, ML-based classifiers are trained to categorize among the
various classes of faults (Figure 1).

Figure 2: Feature Infusion scheme.

Computational Results
Data acquisition
The data is recorded simultaneously for each motor under
different fault scenarios. In the first scenario, RV reducer eccentric
bearing fault was inserted in the reducer coupled with the 4th axis

Feature extraction and infusion

motor. Whereas, in the second scenario, the fault was inserted by
replacing the RV reducer with the deteriorated one. The data was
recorded for a total of three classes i.e Normal, Faulty (RV reducer
eccentric bearing fault), Faulty Aged (RV reducer aging fault).
Figure 3 shows the location of the fault in the Hyundai Robot with a
detailed conceptual view [3].

Figure 3: Location of the fault;
a)

Robot

b)

Detailed conceptual view.
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As shown in Figure 2, two types of features were extracted
from the current signal data. These types had a different number
of features. 24 features were based on the specific characteristics
of the wavelet and these were Wavelet Energy and Entropy. 60
features were extracted based on statistical analysis, these were
Mean, Standard Deviation, Variance, Kurtosis, and Skewness. All of
these features were extracted for 6 decomposed wavelet coefficients
of the current signals. Then we reduced the features by using chisquare tests, and correlation analysis is used to further infuse the
features. Finally, we get 8 prominent features that provided high

Table 1: Performance evaluation and comparison of accuracies.
Algorithms

classification accuracy for fault detection [4,5].

Performance evaluation by using machine learning
Table 1 summarizes the results of SVM, k-NN, LDA, and Naïve
Bayes algorithm. The table provides a detailed comparison
regarding the classification accuracy for each type of feature and
the proposed infused feature. The proposed scheme performed
well to classify the faults; the maximum accuracy achieved was 96.7
using LDA for classification. The second best was 93.3% for K-NN.
Also, the number of features were just 8 as compared to the wavelet
specific (24), and wavelet-based statistical features (60) [6].

Wavelet Specific Features

Wavelet-based Statistical Features

Proposed Feature Infusion
Scheme

Classification accuracy (%)

Classification accuracy (%)

Classification accuracy (%)

SVM

83.3

53.3

86.7

NB

43.3

36.7

63.3

k-NN
LDA

Average Accuracy (%)

Conclusion

46.7

53.3

93.3

46.7

66.65

47.5

This study proposes a wavelet-based feature infusion scheme
for ML-based classification of the RV reducer fault in a robot system.
The proposed scheme has shown a clear advantage when it comes
to the amount of the features and the classification accuracy. The
number of features was reduced to 8 from a total of 86 features by
carefully infusing the prominent features. The results proved that
the proposed scheme provides better results, and it can be used in
real-time due to the less computational cost.
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