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Abstract: Considering the problem of missed pedestrian detection in dense pedestrian images, a multi-
branch non-anchor frame network (MBAN) detection method is proposed to detect various posture chang-
es and serious human occlusion in multi-person traffic scenes, such as streets. First, a multi-branch net-
work structure is added after model backbone network detection to detect the local features of multiple key
areas with pedestrians. Subsequently, the distance loss function between key areas is designed to guide the
branch network to differentially learn the local detection position of pedestrians. Thereafter, four up-sam-
pling blocks are added to the tail of the ResNet50 network to form an hourglass structure, thereby improv-
ing the branch network’ s ability to understand the spatial information of local features of pedestrians. Fi-
nally, a local feature selection network is designed to adaptively suppress the non-optimal values of the
multi-branch output and eliminate the redundant feature box in prediction. In the experimental results, the
mAP, F1, Prec, and Recall values of the MBAN method for pedestrian detection in multi-person scenes
reached 85.22%, 0.87, 80.07% , and 94.39%, respectively. Therefore, this method is effective in de-

tecting pedestrians in dense crowds and has higher recall rate compared with other pedestrian detection al-
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gorithms.
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Fig.5 Learning rate changes during training
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Fig. 6 Loss changes of the model during training
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Fig. 7 Loss changes of the global during training
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Fig. 8 Loss changes of the head and legs during training
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Fig.9 Network structure of baseline model
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Tab.2 Result of system scale calibration
Methods mAP/% F1 Prec/% Recall/% FPS Params
Baseline 32.18 0.47 41.70 53.31 14.39 32.78
Baseline+hourglass+ 1FEN(global) 61.45 0.67 68.93 65. 50 13.38 32.78
Baseline+hourglass+ 2FEN(global+head ) 68.32 0.78 75.31 79.86 12.42 32.78
Baseline+hourglass+3FEN(global+head +legs) 75.04 0.83 78.89 86.55 11.19 32.78
Baseline+hourglass+3FEN+LFD 85.22 0.87 80.07 94.39 11.10 32.79
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Tab.3 Visualization of each branch output of MBAN
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Fig. 4 Output visual of different network structure models
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Tab.5 Comparison results between MBAN method and other methods

Methods Backbone Size mAP/%  Params(x10°)  GFLOPs FPS
VGG16-SSD VGG16 512X 512 69. 16 60.3 22.9 35
YOLOvV3 Darknet53 640X 640 84.22 61.5 154.9 27
YOLOv3-tiny Darknet19 640X 640 68. 23 8.0 12.9 100
ResNet50-FCOS Resnet50 640X 640 69. 66 50.2 195.9 22
CenterNet Hourglass104 512X 512 63.16 25.7 22.1 14.
MBAN(CrowHuman) Resnet50 512X 512 86.98 32.8 23.8 11
MBAN(WiderPerson) Resnet50 512X 512 85.22 32.8 23.8 11

3.6 HRERMER
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Fig. 10 Prediction results of CenterNet model
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Fig. 11 Prediction results of MBAN model
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Fig. 12 Prediction results of MBAN model with FSN
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