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Abstract: Due to the large number of pictures of electric power fittings taken in the power inspection, the inspection
workload is large. In order to improve the automatic detection effect of electric power fittings, this paper proposes a
UNet-DB_ECA (UNet Dimensionality Reduction, BN, and ECANet, UNet-DB_ECA) network detection method based
on UNet network. First reduce the width of the UNet network, then embed the efficient channel attention mechanism
module ECANet (Efficient Channel Attention Networks, ECANet) and Batch Normalization (BN) in the network, and
finally introduce the Hard-Swish activation function, thus constructing UNet-DB_ECA network. This paper uses the
electric power fittings detection dataset to conduct experiments, The experimental results show that the method
proposed in this paper has a good detection effect. Compared with the UNet network detection effect, it improves the
detection effect and also takes into account the algorithm performance. In addition, the power fittings detection dataset
contains seven types of fittings with different shapes, which shows that the method proposed in this paper has good
generalization ability, so the method has certain application prospects in the automatic detection of power fittings.

Keywords: deep learning; UNet network;attention mechanism;electric power fittings;intelligent inspection
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B3k IR 99. 09 85. 55 81. 06 86. 62 83.75 99. 31 88. 45 82. 86 92. 44 87. 39
AT HAR 98. 03 61.33 27. 36 71.19 39.53 98. 49 69. 61 44, 23 83. 82 57. 90
U RIH R 98.11 78. 27 64.74  85.79 73.79 98. 46 82.18 72. 95 87. 30 79. 48
5 9% & 99. 41 75. 14 53. 09 92. 38 64. 43 99.51 79. 49 63. 38 90. 60 74.58
FiE K B 97.70 61. 89 29. 55 69.01 41. 38 97.93 67. 56 44. 55 69. 34 54. 25
O EIIR 98. 04 70.37  46.98  82.53 59. 88 98. 39 76. 27 61.13 82. 65 70. 28
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T R A R B p e ) & B2 AR ST IR MY
UNet-DB_ECA [0 £8 4 FH 50 R bl A 107 % T~ 503 SR e A B R

AW g 4 HL2E N, N A Hard-Swish 7% & %05 UNet-
DB_ECA R %%} b7 i Hard-Swish $#1% B %% 19 UNet-DB+
ECA 2% £ 45 RS & g 306 BT T I X T BB 2 i T 2 1%
ZHREAE R O SRR B BT LA R 3 — 2
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®6 HEEIWXLL
BEAK  HOLHEIN PATHMR U PR E R JREEEL EEE S ¢
UNet 86. 72 85.55 61. 33 78.27 75.14 61. 89 70. 37 31 030 593
UNet+BN 87. 64 87. 67 63. 85 80.15 76. 04 63. 39 72.45 31 036 481
UNet-DB 88. 05 87. 90 65. 90 80. 82 76. 86 64. 18 73.51 13 394 177
UNet DB+ECA  89.69 88. 45 67.53 82. 82 77.78 67. 27 76.03 13 394 195
UNet-DB_ECA 89. 42 88. 45 69. 61 82.18 79. 49 67.56 76. 27 13 394 195
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