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W OE ARSGAALEEAGPLAANENRE RS EEAHFTALRDER XD RET AL THFML YOLOVSs 09 £
EAHAILIR B Sk, A %% YOLOvSs #9 Backbone £ F 45 4E32 BUR 243 4 # 3% b 5 % A0 2 M % 44 MobileNetV3, 5 st
neck # IR S LM BT R —F R, RV TEBAGAXZFRATEZT, ARG TAMNEE, JINEZ HHH SImAM
E.RBTHRMGEAEFRE, ARRAGREFTEEBEFEMNG . L HENEEBPLKEE LTI % F0l X, 5
5t 49 YOLOvSs #4780, 2R AW, A B AR KA 2. 4MB, 1@ B2 6 F 3l o AL H 5. 1ms, F A #
MK 97.3% 5 R4 B Azt AR AR, Z AR R K DR T 82.8% Mk ERET 39U AR SGHMNAFEG AT T
IR TRBG L LR,

KT AALBEAIE ;s EE I YOLOVSs; B 2L iR EF

hESES TPIS

Container Lock Hole Recognition Algorithm Based on Lightweight YOLOvbs

LI Yuanxin,GUO Zhongfeng and YANG Junlin

School of Mechanical Engineering, Shenyang University of Technology,Shenyang 110870, China
Abstract In order to improve the efficiency of container lock hole recognition and reduce the number of algorithm parameters and
model size,a container lock hole recognition algorithm based on lightweight YOLOv5s is proposed. This algorithm replaces the
Backbone feature extraction network of YOLOv5s with a lightweight neural network model MobileNetV3,and further optimizes
the feature fusion structure of the neck part, which reduces the number of parameters and calculation amount of the model and
improves the detection speed. The accuracy and efficiency of detection are improved by introducing the attention mechanism Si-
mAM layer. After the model is reconstructed with different improvement methods,the training and testing are carried out on the
self-built container lock hole data set,and the comparison test is carried out with the improved YOLOv5s. The results show that
the size of the improved model is only 2. 4 MB, the average detection time of each image is 5. Ims,and the average detection accu-
racy is 97. 3%. Compared with the original target detection model,the size of the model is reduced by 82. 8% ,and the detection
speed is increased by 39% ,showing strong real-time algorithm on the premise of ensuring high detection accuracy.

Keywords Machine vision,Container lock hole, YOLOv5s, Lightweight,Deep learning
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Table 1 Results of ablation experiment
HA P/% R/%  mAP@O0.5/%  Params GFLOPs A& &/ /MB £ 3l #f 1 /ms

YOLOv5s 96. 6 97.5 97.7 7025023 16.0 14.0 7.1
YOLOv5s-G 95.7 97.3 97.9 3687239 8.2 7.6 6.9
YOLOv5s-S 94. 4 96. 6 97.3 3185175 5.9 6.5 5.3
YOLOv5s-M 93.5 96. 8 96.8 1390141 2.5 3.0 5.5
YOLOv5s-MC 92.9 96. 8 96. 6 1051379 1.8 2.4 5.2
YOLOv5s-MCC 93.6 96. 8 96. 8 1147302 1.9 2.6 5.4
YOLOv5s-MCS 93.4 97.0 97.3 1051379 1.8 2.4 5.1
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* 2 ANREBRX
Table 2 Comparison of different models
MR P/% R/% mAP@0.5/%  Params GFLOPs  # & A/ /MB 4 Il #f [ /ms
YOLOvV3-tiny 93.4 95.1 96.2 8672186 13.0 17.0 6.8
YOLOv4-tiny 93.7 95.3 96.5 6267590 17.2 12.2 6.5
YOLOv5s-MCS 93.4 97.0 97.3 1051379 1.8 2.4 5.1
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