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YOLO V3 target detection based on pyramid model and attention mechanism
GAO lJianling, FENG lJiaojiao, WANG Ziniu, HAN Yulu, SUN Jian
(School of Big Data and Information Engineering, Guizhou University, Guiyang 550025, China)

[ Abstract] As a multi-scale target detection algorithm, YOLO V3 has a simple structure and is relatively fast in detection speed
and accuracy. Therefore, a YOLO V3 target detection algorithm based on pyramid model and attention mechanism is proposed. In
the training process, the bottom convolutional layer often contains more target detail information, and through continuous
convolution, the bottom information will be gradually diluted. Therefore, this article uses an improved pyramid structure to reduce
the feature map of the lower layer. Detailed information and high —level semantic feature information are fused to improve the
detection effect. The attention mechanism is added to the residual connection of the feature extraction network, so that the gradient
with attention effect can flow into the deeper network, and the accuracy is improved by adding the attention mechanism to YOLO
V3. Using the improved algorithm and the original algorithm to conduct a comparative experiment on the COCO 2014 data set, the
results show that the improved YOLO V3 algorithm has improved on mAP, which proves its feasibility.
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Fig. 1 Predicting network
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Fig. 2 The detailed structure of the improved pyramid
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Fig. 7 Detection flow chart
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Fig. 8 Improved algorithm flow chart
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Tab. 1 Experimental environment configuration

R fic &
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GPU CUDA11.0,CUDNN 7.0
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BIERS Linux: openSUSE Leap 42.3
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Tab. 2 COCO 2014 test set average accuracy rate (mAP%) test
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Tab. 3 The average accuracy of different targets in the COCO 2014 test focuses ( mAP %)
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