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Detection of transformer oil leakage based on
deep separable atrous convolution pyramid

ZHAO Wenging"”, LIU Liang', HU Jiawei', ZHAI Yongjie', ZHAO Zhenbing’

(1. School of Control and Computer Engineering, North China Electric Power University, Baoding 071003, China; 2. Engineering Re-
search Center of the Ministry of Education for Intelligent Computing of Complex Energy System, Baoding 071003, China; 3. School
of Electrical and Electronic Engineering, North China Electric Power University, Baoding 071003, China)

Abstract: To improve the detection efficiency of the transformer oil leakage patrol inspection image, a deep separable
atrous convolution pyramid-based transformer oil leakage detection model is suggested. First, the ordinary convolution
block in the atrous pyramid is modified into a deep separable convolution block for expansion of the pyramid receptive
field and further enrichment of the semantic information of the feature graph extracted by the feature extraction network.
Afterward, the fusion of low-order and high-order semantic features in the feature extraction stage is improved for fur-
ther enhancement of the semantic information of the feature graph generated by the feature extraction network. Finally,
to avoid semantic information loss in the feature graph after several convolution and pooling operations, spatial atten-
tion and channel attention mechanisms are introduced into the fusion process to further enhance the semantic informa-
tion in the feature graph. It is found by comparing with algorithms such as traditional UNet (Convolutional Networks for
Biomedical Image Segmentation), PSPNet (Pyramid Scene Parsing Network), DeepLabv3 + (Encoder-Decoder with At-
rous Separable Convolution for Semantic Image Segmentation), and MCNN (Multiclass Convolutional Neural Network)
via tests that the proposed network detection model is effective, with 76.85% precision, 64.63% average cross-merger
ratio, 73.56% recall rate, and 30 frames per second. To confirm the effectiveness of the proposed method, an ablation
experiment is designed. Compared with the basic network model, the precision, average intersection ratio, and recall rate
are increased by 9.33%, 7.15%, and 5.66%, respectively.

Keywords: transformer; oil spill detection; semantic information; deep separable atrous convolution pyramid; low-or-

der features; high-order features; feature fusion; attention mechanism
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Fig. 2 Transformer leakage oil detection model based on depth-separable atrous convolution pyramid
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