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The Biological Asset Detection Model YOLOSC Based on Deep Learning
GUAN Kun-lun, ZHU Si-wen, ZHANG Yang-sen* , CHENG Qi-hao, ZHANG Xue-kai

(Institute of Intelligent Information Processing, Beijing Information Science and Technology University, Beijing 100192, China)

[ Abstract |

assets, a biological asset detection model YOLOSC incorporating the attention mechanism and loss function optimization was proposed.

In order to improve the accuracy and efficiency of inventory counting in the process of monitoring and auditing biological
Firstly, the SENet attention mechanism was introduced into the backbone network of the YOLOvSs model to enhance the ability of
extracting the key features in the pictures of the biological assets. Secondly, the CloU was adopted as the regression of the detection
frames with the loss function to enhance the regression speed and localization accuracy of the detection frame during the training
process. Finally, a biological asset datasets was constructed for targeted training of the proposed model to enhance the model detection
effect. The experimental results show that compared with the YOLOv5model, the precision, recall, F, value and AP of YOLOSC are
improved by 2.3% , 2. 1% , 2. 7% and 1. 6% , respectively, which proves the effectiveness of the proposed biological asset detection
model YOLOSC.

[ Keywords] target detection model; YOLOVS; attention mechanism; loss function; audit of biological assets
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Table 2 Experimental comparison results of YOLOSC
with other models

s YoLow ST SSD YOLOSC
R-CNN
Prin  0.896  0.911 0.905 0.924
R 0.819  0.829  0.821 0. 846
F, 0.856 0.8  0.86l 0. 883
AP 0.895  0.901 0. 899 0.913
FPS 71.2 63.5 49.3 52.3
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Fig. 6 Indicator change curves
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Table 3 Results of ablation experiments

X . YOLOVS +  YOLOWS + .
W R bR YOLOvS SENt CloU YOLOSC
P ision 0. 901 0.910 0. 908 0.924
R 0. 825 0. 836 0. 833 0. 846
F 0. 856 0.871 0. 869 0. 883
AP 0. 897 0. 905 0. 906 0.913
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