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Detection of violations of the staff in graphitization distribution room
based on YOLOv7

JI Tong, WANG Zihan

(School of Information and Electrical Engineering, Hebei University of Engineering, Handan 056038, Hebei, China)

Abstract: Graphitization process needs strict management of power delivery, process parameters, and transformer temperature. It
is indicated that violations of the staff in the distribution room may threat safety and product quality standard. Targeted on such
violations as drowsiness, departure from the post without permission, and unbridled use of mobile phones, this paper proposes an
improved YOLOV7 algorithm for detecting staff behaviors. Furthermore, a lightweight network model is constructed, and the SloU
(Scylla Intersection over Union) is introduced to enhance the detection accuracy of the paper. Then, the effectiveness of the
proposed algorithm is validated through data experiments. Compared to the original version, the improved YOLOv7 algorithm model
demonstrates faster detection speed and a 3. 7% increase in detection accuracy, boasting significant potential for practical applications.
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G: Global Average Pooling  S:Sigmoid P: Position—wise Dot Product
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Fig. 3 ECA Channel attention module structure diagram
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Fig. 4 The overall structure diagram of the improved YOLOV7 algorithm model
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Fig. 5 Four behaviors of employees required to test
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Table 1 Comparative experiments on integrating different attention modules

Bk SRS HER 2R ( Mean Average Precision) / % B (Recall ) /% FPS
YOLOv7+ECA 86.9 84.5 277
YOLOv7+SE 85.8 82.2 275
YOLOv7+CBAM 87.4 83.1 265
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Table 2 Comparative experiments of loss function

(=878 SRR UERT R (Mean Average Precision) / % {35 (Recall)/ % FPS
YOLOVT ( CloU) 86.2 84.2 242
YOLOv7+ SloU 88.2 87.3 243
YOLOV7+ EloU 87.8 85.3 241
YOLOv7+ DIoU 85.4 83.1 242
YOLOv7+ GloU 85.3 82.6 240
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Table 3 Ablation experiment

GRS WESPEI/N /7 MB BT IIMER % ( Mean Average Precision) / % [ (Recall)/ % FPS
YOLOv7 18.6 86.2 84.2 242
RS 1 10.3 86.9 89.9 277
R 2 14.2 88.2 87.3 249
R 3 8.4 89.9 87.5 276
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Table 4 Comparison of detection algorithms

(ERTS WE RN/ MB BT ( Mean Average Precision) / % BI85 (Recall)/ % FPS
SSD 18.6 85.5 83.2 112
YOLOv3 20.3 84.5 83.3 89
YOLOvSn 10.0 85. 1 84.2 228
YOLOv8n 11.8 85.5 84.3 254
et YOLOvT 8.4 89.9 87.5 276
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