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Distribution Networks Based on Multi-Scale Dense Network
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Abstract  Insulators are an essential part of overhead transmission lines in distribution networks. Accurate
identification of insulator images by drone aerial photography is an important prerequisite for defect detection and
fault diagnosis. Aiming at the problem of small insulator targets and complex backgrounds in images, an algorithm
for insulators identification on overhead transmission lines in distribution networks based on multi-scale dense
networks is proposed in this paper. First, use the K-means algorithm to analyze the target frame of the dataset to
obtain a suitable anchor frame. Second, replace the residual module in the basic network with a dense connection
module to enhance the multiplexing and fusion of network feature information. At the same time, add a spatial
pyramid pooling module and optimize multi-scale feature fusion to predict insulators. Finally, replace the original
loss function with a loss function that combines the cross-entropy function and the Focal loss function to construct an
aerial inspection image data set and perform experiments. The experimental results showed that the algorithm
accuracy is improved by about 12 percentage points and has a stronger robustness than the original algorithm, which
meets the requirements of the grid inspection for insulator identification.
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Fig. 1 Insulator detection based on the YOLOv3 network

type filters size output
Conv 32 3x3 416 x 416
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Conv 32 1x1
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Conv 512 3x3/2 26 x 26
Conv 256 1x1
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Avgpool global
connect 1000
Softmax
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Fig. 2 Structure of the Darknet-53
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Fig. 3 Structure of the DenseNet
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type filters size output

Conv 16 3x3 512 x 512

Conv 32 3x3/2 256 x 256
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Conv 64 3 x 3/2 128 x 128

Conv 32 1x1 -

x 1| Conv 64 3x3 | detection |
residual block 128 x 128 A A A A
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Conv 512 1x1 8x8
maxpooll 512 3x3 8x8 \ /

SPP | maxpool2 512 5x5 8x8 l upsample |
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Fig. 6 Structuref the DSM-Darknet
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Table 1 Number of different categories in the data set
Category Total Train TrainVal Test
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PPin 2245 1347 336 562
PPost 5956 3573 893 1490
PC 6839 4103 1025 1711
R 4745 2847 711 1187
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Fig. 8 Results of the K-means clustering
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Table 2 Different strategies influence the results of the algorithm

Algorithm Anchor In.put Dense pp Multi- Locs GS/ PS/ PPin/PPost/ PC/ R/ mAP/ FPS/
size  Net scale % % % % % % % frame

YOLOv3 88.6 89.1 73.5 74.2 89.1 74.2 81.5 40

Improvel — ~/ 89.2  90.6 75.3 76.5 90.3 76.6 83.1 41
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Ours NG N N N NG NG 96.1 96.6 88.5 89.8 98.1 90.9 93.4 28
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