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UAST-RCNN: Object detection algorithm for blocking pedestrians

Liu Yi Yu Changyang Li Guoyan Pan Yuheng

(School of Computer and Information Engineering, Tianjin Chengjian University, Tianjin 300384, China)

Abstract: In order to solve the problem of low detection degree and high missed detection rate of occluded pedestrians in pedestrian
detection, an attention mechanism based UAST-RCNN network is proposed, which is improved on the basis of Faster-RCNN network.
Firstly, Swin-Transformer is selected as the backbone network to improve the global receptive field by using a window multi-head self-
attention mechanism. Then, the feature pyramid is improved for the quality of feature samples through the hierarchical resampling
module, and a progressive focus loss function is introduced to balance positive and negative samples. Finally, in the preprocessing stage
of the experiment, the improved data preprocessing was used to extend the City Persons dataset for multi-scale training. The experimental
results show that the algorithm has a significant improvement in the detection of occluded pedestrians compared with the original model,
in which the AP is increased by 6.3%, and the MR (miss rate) is decreased by 4. 1%. The feasibility of the proposed algorithm in
pedestrian detection is verified, and it can meet the detection requirements of occluded pedestrian scene.
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Fig.2 Backbone network structure diagram
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Fig. 3 Window multi-head self-attention operation mechanism
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Fig. 4 Sliding window calculation
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Fig.5 Overall network structure diagram
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Fig. 6 Data enhancement Strategy
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Table 1 Experiment software and hardware
environment configuration

2 AHGHC B
PIERS Windows 10
e gh BEER (CPU) /GHz Intel(R) Core(TM) i7-7700 ,3.6
N7/ GB 16
GPU NVIDIA GeForce GTX 1080
GPU Jinifi#s CUDA10.2, CUDNN7. 6
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Table 2 Experimental table of backbone network ablation

EEZEY ERNES APso_05 AP APs5
Faster-RCNN ResNet50 34.2 55.6 37.3
Faster-RCNN Swin-Tiny 36. 8 56.2 38.7
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Table 3 Experimental table of multistage optimized

module ablation
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Fig.7 Network model comparison
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Table 4 Network model comparison table

o 5 A A Backbone AP Param Flops  FPS
Faster-RCNN ResNet50 34.2 41.5M 194.3G 20
Cascade-RCNN ResNet50 36. 1 68.9M 195.1G 18
YOLOv3 Darknet53 29.0 61.6 M 193.9G 33
SSD300 VGGI16 27.9 24.8 M 345.0G 38
UAST-RCNN Swin-Tiny 40.5 47.4M 150.8 G 13
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Table S A comparative experiment of

shielding pedestrians

Az MR CIHR) /% AP,
Faster-RCNN 16.8 17.1
Cascade R-CNN 15.4 19.7
Yolov3 23.2 4.8
SSD300 28.9 12.1
UAST-RCNN 12.7 25.6
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Fig. 8 Comparison of detection effects
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Fig. 9 Comparison of test results
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