
Multisource Heterogenous Data
Fusion for Fault Identification of Buried
Substations
Yifang Jin1, Baling Fang1,2*, Ziqi Da1, Shanhe Huang1 and Chengxin Zhao1

1College of Electrical and Information Engineering, Hunan University, Changsha, China, 2Huaxiang Xiangneng Technology Co.,
Ltd., Yiyang, China

Keywords: acoustic signals, multi-source heterogeneous data fusion, buried transformer, fault identification,
feature extraction, meta-learning

INTRODUCTION

With the acceleration of urban and rural power grid construction and the increasing demand for
residential electricity, the voltage level of power transmission and transformation equipment has
been continuously improved. High-voltage, large-capacity power transformers and some substations
have been located around urban areas with high load density, which leads to resident complaints and
even disputes (Xiong et al., 2020; Zhang et al., 2022). Considering the urban planning and land-use
restrictions, buried substations, with the reductions in space demand, noise emissions, and power
line loss compared to conventional substations, are recognized to have a significant role in the
sustainability and urbanization of power distribution systems (Li et al., 2016; Sadovskaia et al., 2019).
However, for buried substations that are prefabricated and with smaller internal space, it can become
much more inconvenient to operate and have routine maintenance of power supply and distribution
equipment. Therefore, in order to improve the operational reliability and safety of buried substations,
it is of great significance to accurately perceive and identify the comprehensive state of the buried
substations.

Conventional condition perception and fault identification methods include dissolved gas
analysis in oil and partial discharge monitoring technology. Previous work by Fan et al. (2019)
proposed an analysis technology of dissolved gas in oil for fault analysis, but this technique has
drawbacks such as absolute coding boundary and large diagnostic equipment. The partial discharge
monitoring technology is also susceptible to electromagnetic interference (Hussain et al., 2013).
Moreover, most of the existing transformer state perception and fault identification technologies
only use a single type of data for identification, such as the concentration of a specific dissolved gas or
the pulse current generated by partial discharge, with certain limitations. Therefore, the accuracy and
reliability of the fault identification results of the buried substations need to be improved. Since most
buried substations are prefabricated and adopt a fully sealed box design, the buried transformer is
located in a closed and narrow buried space, and the maintenance entrance and exit areas are small.
Consequently, the traditional transformer fault identification methods are no longer suitable for new
buried substations.

In this study, a multisource heterogenous data fusion for fault identification of buried substations
is proposed. First, the state information of the buried substation is collected from various aspects,
such as acoustic signals, temperature, humidity, voltage, and current, and the collected acoustic
signals of buried substations are decomposed and features extracted. Then, the extracted acoustic
features and non-acoustic features are input into the fault identification network for multisource
heterogenous data fusion. Finally, the fault identification results are obtained. This method can
collect more operating status information of buried substations and provide cross-dataset
verification, thereby enhancing fault identification accuracy and efficiency in buried substation
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analysis. The main work steps include three parts: signal
processing, feature extraction, and fault identification.

SIGNAL PROCESSING AND FEATURE
EXTRACTION

The acoustic signals generated by the transformer under various
operating conditions, which are also called the frequency of
voiceprint waves, are found to be different through models
and experiments (Hui et al., 12014; Riaz et al., 2016). In
addition, the acoustic signals can be easily collected by
microphone sensors or recording equipment, which belongs to
a non-contact measurement. This non-contact measurement
method is more suitable for the buried substations where the
indoor space is small and the contact measurement is
inappropriate. In order to better recognize the operating state
of the buried substations and identify typical fault conditions,
feature analysis of the acoustic signals can be carried out, and the
corresponding features of the acoustic signals under different
operating states can be extracted. Considering that the acoustic
signals collected by the sound sensor are the time-domain signals
with few available features, the acoustic signals can be converted
from time-domain signals to frequency-domain signals for
research. Thereby, time-frequency analysis can be
implemented on the acoustic signals and then the time-
frequency features of the acoustic signals are extracted, which
enriches the available features of the acoustic signals.

The methods that can be utilized for time-frequency analysis
and signal decomposition on time-domain signals include
Fourier transform (FT), short-time Fourier transform (STFT),
wavelet transform (WT), empirical mode decomposition (EMD),
and local mean decomposition (LMD) (Zhao et al., 2019). Among
them, FT does not have time-frequency analysis but only converts
the time-domain signals into frequency-domain signals to
analyze. STFT does not consider adaptation, whose size and
shape of each window are precisely given, and it is still not
very effective for signals with large differences between high
frequency and low frequency. As a time-frequency analysis
method, WT has good localization characteristics in both time
and frequency domains. However, WT is not adaptive, and each
component obtained after decomposition loses its own physical
meaning. EMD and LMD are improved based onWT, which both
belong to recursion mode decomposition. It is seen that the error
will gradually be accumulated in the decomposition process, and
there are problems with modal mixing and endpoint effect, which
may affect the subsequent fault identification results (Zuhaib
et al., 2020). In order to overcome the shortcomings of the
analysis method mentioned earlier, a novel variable-scale
processing method was proposed, which was called variational
mode decomposition (VMD). VMD is a new time-frequency
analysis method of adaptive, entirely non-recursive modal
variation (Dragomiretskiy and Zosso, 2014). VMD can
adaptively match the optimal center frequency and limit the
bandwidth of each mode. In addition, the method can achieve
effective separation of intrinsic mode functions (IMFs) and
frequency-domain division of signals. Then, the effective

decomposition components of the given signals are obtained,
and the optimal solution to the variational problem is obtained.
Compared with EMD and LMD methods, VMD can avoid some
problems such as modal mixing and endpoint effect and has high
decomposition, which can improve the accuracy and efficiency of
subsequent fault identification.

In order to facilitate the input of useful feature information
contained in the acoustic signals to the subsequent fault
identification network, it is essential to implement feature
extraction on each modal component obtained after the signal
decomposition. The methods that can be used to extract features
include Principal Component Analysis (PCA), Linear
Discriminant Analysis (LDA), Local Preservation Map (LPM),
and Deep Belief Network (DBN). Compared with the previous
three methods, DBN has strong feature extraction capabilities and
good compatibility with other algorithms, which can fully map
the fault information hidden in the original vibration signals
(Zhang et al., 2018). Moreover, there is no need to rely on
experience to extract data features. After the automatic
extraction of the underlying network, the results of applying
the extracted features to other networks will be much better than
the results of manually extracting features.

MULTISOURCE HETEROGENOUS DATA
FUSION FRAMEWORK FOR FAULT
IDENTIFICATION OF BURIED
SUBSTATIONS

Algorithms that can be used for fault identification include
probabilistic neural network (PNN), radial basis function
(RBF) neural network, wavelet artificial neural network
(ANN), support vector machine (SVM), and random forest
(RF). However, most of the existing transformer fault
identification methods use a single network to judge the fault
type, which may lead to inaccurate fault identification results (Ke
Meng et al., 2010; Tripathy et al., 2010; Musa et al., 2018; Jamali
et al., 2020). The meta-ensemble fault identification model is
applied to input the acoustic features and non-acoustic features
into two networks and finally output the fault identification
results by integrating the outputs of the two networks, which
can implement multisource data fusion on various features of
buried substations. Compared with the traditional methods of
fault identification using a single data source, multisource
heterogenous data fusion can analyze the operating state of
the buried substations according to multiple data sources,
which can improve the accuracy and efficiency of fault
identification. The meta-ensemble fault identification model
includes at least one sub-classification network, an ensemble
weight dynamic iterative network, and an ensemble network.
The steps of training the model are as follows.

First, the time-frequency features of the sample acoustic signal
data are input into the sub-classification network, and the output
data of each classification network are integers representing the
state of the buried substations. The n sub-classification networks
can be similar classifiers with different hyperparameters, such as
XGBOOST classification networks with n different
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hyperparameters, and the n sub-classification networks can also
be different types of classification networks, such as XGBOOST,
SVM, and RF. Then, non-acoustic features of the sample are input
into the ensemble weight dynamic iterative network. The
ensemble weight dynamic iterative network includes an
ensemble weight dynamic decision-making network, which
can be achieved by the BP neural network, and the output
layer has n neurons in total. Finally, the n outputs of the sub-
classification networks and the outputs of the BP neural network
are integrated through the ensemble network to obtain the
forward propagation results. Based on the forward propagation
results, the loss function of the meta ensemble fault identification
model is calculated. Through iterative training, the loss function
of the meta-ensemble fault identification model is minimized,
and the trained meta-ensemble fault identification model is
obtained. The meta-ensemble machine learning method in this
study is adopted to train the model, which affects the output of
the BP neural network by updating the weights and biases of each
layer in the BP neural network, and thus affects the judgment of
the buried state. The overall frame diagram is shown in Figure 1.

DISCUSSION AND CONCLUSION

Through the comprehensive analysis of the collected multiple
data sources, the operating state information of the buried
substations can be fully excavated. Therefore, research on
multisource heterogenous data fusion for fault identification of
buried substations is necessary, which is essential for deep

learning of the various features corresponding to the various
operating states of the buried substations and timely discovery of
the fault type of the buried substations. The signal decomposition
and feature extraction of the acoustic signals can make full use of
all the information contained in the acoustic signals.
Furthermore, the acoustic features and non-acoustic features
are simultaneously input into the pretrained meta-ensemble
fault identification model so as to implement multisource
heterogenous data fusion on various features of the buried
substations, and the fault identification results of the buried
substations are obtained. The method can improve the
effectiveness and the accuracy of fault identification in buried
transformer analysis and further enhance the operational
reliability and safety of the buried substations. Verifications of
the method will be part of further research.
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FIGURE 1 | Multisource heterogenous data fusion framework for fault identification of buried substations.
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