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Improved YOLOvV8 model for dense pedestrian detection in
complex scenes

Hu Weichao Pi Jianyong Hu Qian Huang Kun Wang Juanmin
(State Key Laboratory of Public Big Data, College of Computer Science and Technology . Guizhou University, Guiyang 550025, China)

Abstract: Aiming at the current challenges of pedestrian detection, such as complex environments, variable target
sizes, and severe occlusions, which cause existing detection techniques to be prone to misjudgment and omission when
recognising dense pedestrians, this paper proposes an efficient YOLOv8 improved model for dense pedestrian detection
in complex scenes. DCNv2 is introduced into the backbone network, and C2{_DCNetv2 is designed to replace the C2f
module, which improves the feature extraction capability of the backbone network; the detection capability of the model
for small targets is improved by adding small-target detecting heads to the architecture, which improves the accuracy of
small-target detection and recognition; based on the four detecting heads as well as the AFPN, the AFPN-4H is
designed, which optimises the information fusion between the feature layers and improves the model’s adaptability and
detection accuracy for targets of different scales; finally, through the combination of Wise-IoU, Focaler-IoU, and
MPDIoU, the WFM-IoU is obtained, which further improves the target localisation accuracy. The experimental results
show that compared with the original YOLOv8n model, it improves 1.6, 4.0, 3.6 and 3. 8 percentage points in the
key indexes of P, R, AP50 and AP50:95, respectively, which are also inferior to other algorithms. The improved
algorithm in this paper has better performance in the dense pedestrian detection task in complex scenes.
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Table 2 Comparative experiment on feature pyramid networks

YOLOv8n-+ model Parameters/M GFLOPS/G P/ % R/% AP50/ % AP50.95/%
YOLOvS 3157 184 8.9 84. 2 70. 2 81.4 50. 2
/N EFRRE L (P2) 3354 128 17. 4 84. 6 71. 8 83.0 52.0
BiFPN-P2"" 2105 436 7.8 84.2 70. 1 81.1 50. 0
RepGFPN™ 3436 816 9.1 84. 6 69.7 81.0 50
HSFPN™" 2 046 480 7.6 84.3 68.9 80. 5 49.0
AFPN-4H 3402 169 16. 8 85.0 72.3 83. 4 52.9
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Table 3 Comparison of loss functions and

ablation experiments

YOLOv8+Hik ii%k P/% R/% AP50/% AP50:95/%

CloU 84.2 69.7 81.1 49. 8

SloU 84.3 69.7 81.0 49.9
GloU 84.3 69.7 80.9 49.9
DIoU 84.7 69.3 81.0 49.9
MPDIoU 84.4 69.7 81.0 49.9
Focaler-IoU 85.1 69.7 8.1 49.9
vl 84.6 69.8 81.2 49.9

WFM-ToU v2 84.5 69.8 81.2 49.7
v3 84.8 70.0 81.5 49.9

B 6 JBR T 45 3k BRI box _loss 145 1k 4 %,
Pl 6 Ca) F1Cb) 43 501 A I 45 36 31E B Bt 19 box_loss ZEfk i 34,
ME G a DL B F 1, Focaler-IoU il WFEFM-1oU v1 ~ v3
B 5% {5 B B AR T H: At 3% 2% o8 4R, 3E B Focaler-ToU Al
WEM-ToU v1~v3 #BA & s /N T 000 31 A 5 552 30
FHHE Z 0] 19 25 5 o 3% B L AR 80 o 1 T 1k 1 EL A B A
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Table 4 Model comparison experiments
LAY AP50/ % AP50:95/ % Parameters/M GFLOPS/G

YOLOv8n(baseline) 81.1 49. 8 3.0 8.9
Fast-RCNN 85.5 49. 8 41.5 52
RetinaNet ™" 81.9 49.8 45.7 50. 0
YOLOV5s 81.8 48. 4 7.2 16.5
YOLOv5m 83.8 52.9 21.2 49.0
YOLOv3-tiny 77.0 49.3 11.6 19.1
SCHk[14] 83.2 51.0 11.4 30. 2
Crowd-YOLOv8"" 84.5 53.4 3.6 21.9
YOLOv8-MobileVit™*" 80. 1 51.9 1.4 6.6
YOLOv8n—+ours 84.7 53.6 3.6 16.3

B H bp A I 54 ¥, Parameters #1 GFLOPS %G i K T 728 3XC
RERE, G800 DA A ST AR EAET N
P BE » BE BE £ 0t w500 A I L A S B8 oK A
i,

x5

3.6 THBLSIG

TR ELOUHE T 4R A5 AR EL T YOLOvVS W
2R A IS 25 80 7E CrowdHuman 5045 F AT T 241
BT R SR, TH AL SR I S5 R N 5 TR,

HA R

Table 5 Ablation experiments

F%5  YOLOv8n C2{_DCNetv2 P2 AFPN-4H WFM-IoUv3

Parameter/ GFLOPS/ P/ R/ AP50/ AP50:95/

M G % % % %
1 J 3157 184 8.9 84.2  69.7 81.1  49.8
2 J N 3157 184 8.9 84.8 70.0 81.5  49.9
3 J J 3204 512 9.1 85.2 7l.4 82.2  50.5
4 N N 3354128  17.4 84.6 71.8 83.0  52.0
5 N J 3402169  16.8 85.0 72.3 83.4  52.9
6 N N N 3558599  16.3 85.4  73.9  84.4 53.6
kL) Y J N N N S ssgs00 163 85.8 74.2 84.7  53.6

(A1.6) (14.0)(43.6) (43.8

ANF= 5 TRT DL L A SCHR Y 45 R ek Oy ik AR RE
X YOLOv8n 53k i RE = A B 52 i . 72 &S PE M 45
b b AR SCHR S B B3 AR LG T R 4R YOLOvSn B35 0 A 2
Th. Bk )E R 5 R4S YOLOVSn A . XF 4T A f4 6
Wil (P). A & (R), AP50 F1 AP50:95 4> B4 & T
1.6%.4. 0% .3. 6 %6 1 3. 8% , 3 T I A< SCHR 4 Ay el 3k B3
REME A A2 & YOLOvVSn Bk 7EAT ARG IUAT: 55 - 1) & 4
PR

5 YOLOvS8n M F . B M 2% {8 ] C2f_DCNetv2 (i
EI7ZE PLR,AP50 Fl AP50:95 43342 7+ T 1.0% . 1. 7%
1.1%H0.7%., WM T C2f_DCNetv2 Xf H b 25 4 0 4
IE R A8 7 1 L RE T oA A OC SRR A L S B B Y
HERG M BR A8 3E N AN W 3 S A OR TR 2% R R T R ) B AR
T foff 1 T 090 2 R AE SR BCRE 7 15 3 I 3 4R

TIA/IN B ARG Sk 5 5 f9 PLR . APS0 fil AP 50:95
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