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Transformer Winding Looseness Fault Diagnosis Model Based on GAF and

Depth Residual Network

XTIAO Yusong* , MA Hongzhong
(College of Energy and Electrical Engineering, Hohai University, Nanjing 211100, China)

Abstract: Aiming at the problem that the feature quantity is
difficult to select in the fault diagnosis of transformer winding
looseness and relying on manual experience, a diagnosis
method of transformer winding looseness based on automatic
encoder noise reduction, gramian angle field ( GAF) and
depth residual network ( ResNet) recognition is proposed.
The method automatically learns effective fault features from
GAF images without manually extracting the feature quantity.
Firstly, the vibration signal is denoised through an automatic
encoder to obtain a vibration signal with a higher signal-to-
noise ratio. Then, the GAF method is used to convert the
vibration signal into a two-dimensional image and generate an
image dataset. Based on this, ResNet is trained to construct a
network model suitable for classification and recognition of
transformer winding looseness faults. Finally, a transformer
winding looseness fault test platform is built to collect
vibration signals of the winding under different looseness and
experimental currents for analysis. The experimental results
show that the proposed diagnosis method has an accuracy of
over 95% in identifying transformer winding looseness, and
can effectively identify the looseness phase and degree. It is
suitable for identifying and diagnosing transformer winding
looseness faults.
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Transformers are key hub equipment in the
power grid, and winding looseness of transformers
can pose serious safety hazards. The vibration signal
detection method is a commonly used method for
diagnosing  winding looseness, but traditional
diagnostic methods have problems such as difficult
feature selection and low diagnostic accuracy.

In recent years the convolutional neural network
(CNN) technology for image processing has rapidly
developing, and its convertion of time series into
two-dimensional images can effectively improve the
accuracy of classification and calculation methods,
and there is no need to manually extract features in
advance.

Therefore, this article proposes a transformer
winding looseness fault diagnosis method based on
gramian angular fields ( GAF) and residual neural
network (ResNet) , and denoises the vibration signal
through a de-noise auto-encoder. This method first
trains an automatic encoder to process vibration
signals and eliminate noise. Secondly, GAF is used
to convert transformer vibration signals into images
and preserve their temporal correlation. Finally, the
features in the image are extracted through ResNet.
ResNet solves the problem of network degradation
while the network depth is increased. The GAF
conversion process and flow chart of diagnosis are
respectively shown in Fig.1 and Fig.2.

This  method

extraction of vibration signals and adaptive noise

achieves  automatic  feature
elimination. Compared with traditional methods, this
method does not require manual feature extraction
and does mnot rely on expert experience and data

analysis. It directly analyzes the complete vibration

signal, reflecting more comprehensive fault features
and higher accuracy.

Finally, an experimental platform is established to
verify the method proposed in this paper. The analysis
results indicate that de-noise auto-encoder can
effectively eliminate noise. GADF performs better than
other image conversion algorithms. Compared to other

network models, ResNet has the highest accuracy.
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Fig.2 Flow chart of diagnosis
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