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Pedestrian detection algorithm in dense scenes based on
improved YOLOv10 algorithm
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Abstract: The dense crowd detection algorithm is of great significance in fields such as public safety monitoring and intelligent traffic
scheduling. Aiming at the problems of target occlusion, low detection accuracy of small targets, and missed detection in dense scenes,
this paper, based on the lightweight YOLOv10, proposes an improved YOLOv10-SCD algorithm. First, the convolutional block attention
module (CBAM) is integrated. Through channel-space two-dimensional weighting, the motion blur processing ability is enhanced and
the pedestrian detection accuracy is improved. Second, the dynamic sample ( DySample) up-sampler is introduced to improve the image
resolution and processing efficiency. At the same time, the SloU optimization loss function is adopted to further improve the positioning
accuracy and the bounding box regression speed. Finally, the performance of the algorithm is verified on the dense crowd dataset, and
the role of each module is analyzed through ablation experiments. Experiments show that compared with the original YOLOv10, the core
indicators of YOLOv10-SCD are significantly improved ; the precision is increased by 1. 5%, the recall rate is increased by 2. 9%, mAP
@0.5 is increased by 0.8%, and mAP@ 0.5:0.95 is increased by 1.8%. The ablation experiments are carried out on two sets of
datasets, the self-built dataset focuses on analyzing the individual and synergistic effects of each module on the algorithm accuracy and
efficiency; the WiderPerson public dataset verifies the generalization ability of the algorithm. Therefore, YOLOv10-SCD can efficiently
cope with the complex scenes of dense crowds, alleviate the problems of target occlusion and difficult recognition of small targets, and
significantly improve the robustness and comprehensive performance of target detection.
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Table 1 Comparative test results of improving YOLOv10 algorithm and

current mainstream algorithm on homemade data sets

LAY Precision Recall mAP@0. 5 mAP@0.5:0.95  Parameters/( x10°) JH -/ GFLOPs
YOLOvSs 0.951 0. 706 0.775 0. 465 7.01 15.8
YOLOv8n 0.947 0.920 0.970 0. 562 3.01 8.20
YOLOVO-T 0. 955 0. 881 0.928 0. 535 2.71 10.7
YOLOv10n 0.927 0. 906 0. 967 0. 563 2.77 8.7
YOLOv10-Swin_Transformer 0. 924 0.925 0. 969 0.572 3.02 8. 60
YOLOv10-BiFPN 0.914 0.942 0.972 0. 568 2.60 8.40
AL 0.942 0.935 0.975 0. 581 2.25 7.90
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Table 2 Comparative experimental results of different loss functions on improved YOLOv10 model
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0.921
0.927
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0.971
0.974
0.973
0.972
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0.576
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0. 581

40.6
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42.9
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Fig.7 Comparison of test results of different IoU loss functions
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Table 3 Experimental results of different attention mechanisms

b=l Nl mAP@ 0. 5 mAP@0. 5:0. 95 Parameters/ ( X10°) 1A R/ GFLOPs
+SA 0.974 0. 580 2.26 8.0
+ CoordAtt 0.974 0.571 2.33 8.4
+EMA 0.977 0.579 2.90 8.4
+SimAM 0.972 0.575 2.24 7.9
+CBAM 0.975 0. 581 2.25 7.9
4) TH bS5 S HE 4R S 06 AR HORS O 0.927, B I E Sl 0,906,

BT IR B B A R T T — &R
FOTE Al 2 SR Nk 4 FIE 8 P, B 5%, A YOLOv10n

mAP@0.5 7 0.967, mAP@ 0.5:0.95 24 0.563; 5254 1
5] A CBAM #dl FEREA 0.907, H 7% 4 0. 909, mAP@
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RWEA TR (A ] ST YR BEEFR AR I o, UL X
R F I 2 A R B, o) % fifp 2 4% 3 SRRk AT —
SEVE T SE56 2 5] A SIOU 812 pR R, A% B R 0. 902, 73 [H]
K FRIFE 0.935, mAP @ 0.5 JF &£ 0.971,
mAP@ 0. 5:0.95 4 0. 568, 3 B H. A $2 T+ 13 ] 5l &
VDR B 7 T 255 SR O S, A 1T, Pk 4 b
S NI EFREN ;L5 3 51 A DySample FEHe  #F 5 £ T
% 0.937, A EH 0.914, mAP@ 0.5 F+ & 0.974,
mAP@ 0. 5.0.95 2T+ % 0. 577, F W5 br A $2 T, i3
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Table 4 Ablation experiment results on the self-built dataset

HLIRY Precision Recall mAP@0. 5 mAP@0. 5:0. 95 Parameters/ (x10°) JH5 4/ GFLOPs
YOLOv10n 0.927 0. 906 0.967 0.563 2.77 8.7
YOLOv10n+CBAM 0.907 0.909 0.969 0. 575 2.45 8.0
YOLOv10n+SIOU 0.902 0.935 0.971 0. 568 2.71 8.4
YOLOv10n+DySample 0.937 0.914 0.974 0.577 2.70 8.0
YOLOv10n+CBAM+ DySample 0. 925 0.918 0.971 0.576 2.26 8.0
AL 0.942 0.935 0.975 0. 581 2.25 7.9
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Table 5 Experimental results of generalization on the WiderPerson dataset
oL Precision Recall mAP@ 0. 5 mAP@0. 5.0. 95 Parameters/ ( x10° ) & E/GFLOPs
YOLOv10n 0. 854 0.79%4 0. 884 0. 626 2.69 8.4
AL 0. 858 0. 796 0. 885 0. 631 2.25 7.9
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Fig.9 Comparison of the detection results of YOLOv10 algorithm and this algorithm
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