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Abstract: Aiming at the problems of limited image scale and
low recognition accuracy in the field of substation equipment
inspection image recognition, an image classification and
recognition method based on improved ResNet34 network is
proposed. The Seam Carving algorithm is employed to
compress the low-energy areas in the image for the
preservation of key features. Additionally, six types of image
enhancement techniques such as elastic transformation and
Gaussian noise are utilized to increase the diversity of the
images. The basic ResNet34 network is integrated with the
convolutional block attention module to enhance the model’s
ability to extract key features from equipment inspection
images. A model pre-trained on the ImageNet dataset is
utilized as a feature extractor for transfer learning to address
the issue of insufficient sample quantity. A cosine annealing
strategy is introduced in the Adam optimizer to dynamically
adjust the learning rate, to make the improved ResNet34
network converge to the optimal solution faster. Experimental
results show that the proposed method improves accuracy by
0.073 3 and reduces the loss rate by 0.201 9 compared to the
basic ResNet34 network, which provides a reliable solution
for the field of substation equipment inspection image
recognition.
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Fig.2 Comparison images of using 6 image
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Fig.3 Improved ResNet34 network structure
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Fig.4 CBAM attention mechanism network
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The safe and stable operation of power
transmission and transformation equipment is crucial
for ensuring the continuity of electricity supply, with
the health monitoring of substation equipment being a
key aspect of this goal. In recent years, substation
equipment inspection image recognition technology
has

providing not only early warnings before faults occur

emerged as an effective monitoring tool,

but also helping to prevent potential equipment
failures. However, this technology faces two main
(1) limited

accuracy in complex environment; (2) insufficient

challenges in practical application :

generalization capability. These shortcomings restrict
the improvement of performance and accuracy of
traditional classification recognition models.

Deep learning finely processes weights for
diverse inputs received by neurons to achieve
classification, endowing it with  outstanding
generalization capability and significant advantages in
extracting key features. Although deep learning
models are widely applied, there are two main
dealing with large-scale and
(1)

samples; (2) difficulty in extracting features from

challenges when

complex image data; insufficient dataset
complex backgrounds of inspection images, resulting

in poor performance in image -classification and

S6

recognition.

Aiming at the above problems, an image

classification and recognition method based on
improved ResNet34 network is proposed. The seam
carving algorithm is employed to compress the low-
energy areas in the image for the preservation of key

Additionally, of

enhancement as

features. six  types image

techniques  such elastic

transformation and Gaussian noise are utilized to
The

ResNet34 network is integrated with the convolutional

increase the diversity of the images. basic
block attention module to enhance the model’s ability
to extract key features from equipment inspection
images. A model pre-trained on the ImageNet dataset
is utilized as a feature extractor for transfer learning
to address the issue of insufficient sample quantity.
A cosine annealing strategy is introduced in the
Adam optimizer to dynamically adjust the learning
rate, to make the improved ResNet34 network
converge to the optimal solution faster. Experimental
results show that the proposed method improves
accuracy by 0.073 3 and reduces the loss rate by
0.201 9 compared to the basic ResNet34 network,
which provides a reliable solution for the field of

substation equipment inspection image recognition.
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