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Abstract: Aiming at the problem of abnormal or faulty
operation mechanism of gas-insulated switchgear ( GIS),
which leads to faults or inability to trip when operating its
switches, an abnormal classification model of the operation
mechanism of GIS equipment based on the Mel-frequency
cepstrum coefficient (MFCC) and random forest is proposed.
Firstly, according to the preprocessing of the collected
voiceprint signal, MFCC is used to extract the features of the
voiceprint signal. Then, a random forest is constructed to
identify the voiceprint feature, and the classification results of
GIS action anomalies are obtained. Finally, taking a 110 kV
GIS equipment as an example, the voiceprint signals of the
energy storage mechanism and transmission mechanism of the
circuit breaker and the isolating switch are collected when
they are abnormal or faulty, and the audio sample library is
constructed. The classification model proposed in this paper
is compared with a variety of classical models. The results
show that MFCC can effectively extract the features of
voiceprint signals under different working conditions of GIS
actions, and random forest performs best among many

classification and recognition models, which can effectively
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improve the accuracy of abnormal working conditions
recognition of GIS actions.

Key words: GIS action anomaly; operation mechanism;
voiceprint feature identification; Mel-frequency cepstrum

coefficient; random forest
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Fig.1 Random forest classification model
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Fig.2 GIS action voiceprint fragments under various

operating mechanism anomalies
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Fig.3 GIS abnormal working condition voiceprint
recognition flow chart
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4 GIS Fg{5S MFCC $51E#REX
Fig.4 MFCC feature extraction of GIS voiceprint signal
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Fig.5 LPCC feature extraction of GIS voiceprint signal
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Fig. 6 WT feature extraction of GIS voiceprint signal
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Fig.7 Random forest recognition result confusion matrix
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Tab.3 The accuracy of classification and recognition

by different models

FEFR B F MFCC LPCC WT
KNN2 0.878 0.770 0.792
LR!% 0.818 0.782 0.712
RBF-SVM!?") 0.883 0.723 0.788
LDA? 0.786 0.692 0.713
Decision Tree %] 0.807 0.788 0.807
Ada-Boost "’ 0.612 0.578 0.478
RF!?Y 0.892 0.838 0.820
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Gas-insulated switchgear (GIS) is widely used
in power systems because of its many advantages, but
the structure of GIS makes it difficult to detect faults.
Currently, the research on GIS faults mainly focuses
on insulation faults, and there are few studies on
mechanical faults. GIS faults can be exposed by
information such as voiceprint, vibration, temperature
and image. Because the voiceprint information is easy
to collect and the collection process is safe, it is
necessary to study the analysis of GIS mechanical
faults from the voiceprint information.

In a GIS
based

cepstrum coefficient ( MFCC) and random forest is

this  paper, voiceprint feature

identification  model on  Mel-frequency
constructed, and the mechanical faults in GIS are
studied.

Firstly, GIS mechanical faults are simulated in
the laboratory environment, and voiceprint signals
are collected on site. Secondly, the collected original
voiceprint data is preprocessed, and the background
noise of substation operation is added to simulate the
actual operation environment of GIS. MFCC is used
to extract features from GIS voiceprint data, and a
feature vector with a frame number of 19 and a
dimension of 26 is obtained. The extracted GIS

voiceprint features are shown in Fig.1.

Then, the random forest model is trained using

Fig.1 MFCC feature extraction of GIS voiceprint signal

the extracted MFCC voiceprint features, and the
classification and recognition ability of the random
forest model is tested on the test set. The average
accuracy index is used to quantify the classification
and recognition ability of the model. Finally, the
proposed model is compared with a variety of classical
classification algorithm models, and the results are
shown in Tab.1.

The experimental results show that the average
accuracy of the model constructed in this paper can
reach 89.2%.

characteristics of voiceprint signals under different

MFCC can effectively extract the

working conditions of GIS actions, and random forest

performs best among many classification and

the

the accuracy of GIS action

recognition models. proposed model can
effectively improve

abnormal condition recognition.

Tab.1 The accuracy of classification and recognition by different models

Models KNN Naive Bayes  Logistic Regression RBF-SVM LDA Decision Tree Ada-Boost ~ Random Forest
Average ACC 0.878 0.704 0.818 0. 883 0.786 0. 807 0.612 0.892
S2
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