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F AR E T W & 69 b ik 7 18] & F 2 4L (Spatial Pyramid Pooling-Fast, SPPF) & 3| A XK # T 4 &% /2 & /1 ( Large
Separable Kernel Attention , L.SKA) ,3&3% B Z4F/E £ A RE A Ao BeJn il A, R F0 30 W 45 5] N m AR 6] 45 AE 4 5 3% W % ( Bi-
directional Feature Pyramid Network , BiFPN) #t 47 & #) 4% & % R E 412 8k &2 R, JF R A 5 2t 49 Wise-ToU 47 K & 3%, 42 9+
MMM EE A XD F T EHER, FHRERKA, M5B A A MS-COC02017 Ak X4k 5 &4 & Lo s & 3
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Enhanced Estimation Algorithm Based on YOLOv8n-Pose
Key Point Features

YIN Xiantao', HU Bo'", LI Sizhao®
(1. School of Big Data and Computer Science, Guizhou Normal University, Guiyang 550025, China;
2. College of Computer Science and Technology, Harbin Engineering University, Harbin 150001, China)

Abstract: Existing key point detection algorithms tend to suffer from reduced detection precision, missed detections, or misaligned
key points in scenarios with varying lighting conditions and dense crowds with overlapping figures. To address this issue, an improved
LBW-YOLOv8n-Pose algorithm for multi-person pose estimation in complex environments is proposed based on YOLOv8n-Pose. By intro-
ducing the Large Separable Kernel Attention (LSKA) in the Spatial Pyramid Pooling-Fast (SPPF) layer of the feature extraction backbone
network, the algorithm enhances the image feature representation and perception capabilities. A weighted Bidirectional Feature Pyramid
Network (BiFPN) is incorporated in the neck network for reconstruction to improve the multi-scale feature fusion effect. Additionally, an
improved Wise-loU loss function is adopted to accelerate the model’s convergence speed and enhance its robustness in complex scenarios.
Experimental results show that the improved model achieves precision, recall, and average detection precision of 85.7%, 76.8%, and
81. 7% respectively on the MS-COC02017 human key point dataset, representing significant improvements over the original model. More-
over, it can more accurately and effectively detect key point information of multiple people in complex situations.
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Fig.1 Improved network structure of YOLOv8n-Pose
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Tab.1 Experimental environment

Ak i
BAERSGE Windows 10
WAE/GB 767
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GPU NVIDIA RTX A6000 (47 GB)
T % R4 PyTorch 1.10. 1, CUDA 11.3

WS EE R I ZR5EEL (epoch ) 2 300, i
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VIG5 > %28 0. 01, A 2% 2 3258 0. 01, &k B AU
16, fitAbFK/INA 64,
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PTG B s AE R T LS g S B R A T
PRS0 BN A T X 5 G S R L L, 3T
BR

d;
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Ry = o (14)
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1
AP =j0Pkp(d(Rkp‘) , (15)
N
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mAP = i:‘N (16)

X TP, FORIERRG, HOCHES L, RTEHE
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HOH Ly RTBCEMBIE; FN,, (ThRE]) £xH
SIS e DXl A R R R S e, HL L, N T
BEE RE
2.3 iHEhSCI
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5 DA T 2 3043 I A R A Y v [ R 1) B
BT PR IS8 — 25, 3 1 S 6 A AN TR]
T DR 2% 2 4 Xof e AR TR B 2 T, T S o 2 SR
22 PR,

R2 HRBASSIRLA RN

Tab.2 Comparison of ablation experiment results

5% SPPF-LSKA  BiFPN Wise-IoU P/% R/'% mAP@0. 5/% mAP@0. 5:0.95/% Params/M
1 x x x 83.8 74.1 79.5 49.2 3.3
2 vV x x 85.2 74. 4 80. 1 49.9 3.5
3 v vV x 84.6 75.3 81.3 50.9 4.0
4 Vv VvV vV 85.7 76. 8 81.7 51.1 4.0

A28 2 aEs 1 5500 2 XFEL AT AT, A et
() SPPF-LSKA W45 J5 , P KE FE A T 1. 4 4>
H L, B LSKA o] 7 84082 =0k 1 %, HL7E 52 BR
LE PO B - TN LN e ol B e
TIRGGBIRL, S0 2 55050 3 455 KW, 5] A BiF-
PN FRAE LA P2 5, R E R T 0.9 4~ H 4
JURIEEROIR T 1.2 A E S, mAP@ 0.5 5
mAP@ 0. 5:0. 95 IR AL 04 T 1.8 N E 7

ROLTAES N,

ST 4 FE B R 5 Wise-ToU 612k BREUR |
Kt A3 1] S KOF- S0 B I A 4R T, LI
BE A& 6 FT 7N f 28 ol AR AR A L o A AR A A
W% B IR mAP@O0.5 mAP@0.5:0.95 435
BT L OANE A 2.7 AN E AT 2.2 N E YA
1.9 NHE 43 4, Params XG0 0.7 M, e 2B (Y
Params & 4 M,
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Fig. 6 Comparison of the experimental data of the model
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1E MS-COCO02017 Hdie L Xt 5 W8 1 W 4 284 7
PEREXT HE 525

PL YOLOv8n-Pose 1k JE i 51 AY | fefi I oig it i
WET ML S StarNet > \FastNetm] .SPPF-FocalM-
odulation"** SPPF-AFI"® 3=+ [ 2% k47 X} b 52 56
MR 3 iR,

R3 FHERBRETNE&X LR

Tab.3 Comparative experiment of feature extraction backbone network

Y Params/M P/% R/% mAP@0.5/% % mAP@O0.5:0.95/% GFLOPs
YOLOv8n-Pose 3.3 83.9 74.0 79.3 49.3 9.3
YOLOv8n-StarNet-Pose 2.5 82.9 72.9 78.1 47.0 7.6
YOLOv8n-FastNet-Pose 4.4 84.0 76.0 80.7 50. 1 11.8
YOLOv8n-FocalModulation-Pose 3.4 84.2 74.5 79.9 50.0 9.4
YOLOv8n-AFI-Pose 3.2 84.8 74.2 80.2 49.6 9.2
YOLOv8n-Pose+SPPF_LSKA 3.5 85.2 74. 4 80. 4 49.9 9.5

H % 3 T LAE s B4R AR S U T R 4%
fE Params F AL R GRALAY S 0.2 M, it B & &
0.2 GFLOPs,, {H7E 35 iiF 48 4 10 48 A5 35 /5 T it d
A ORI RS 1.3 DA, BRI 0.4 N
A3, ,mAP@O0.5 5 1.1 A~H 435, FastNet &+ M

LR A RS T HARE T M4 [H Params 5118 &
Yyie TIHABAA . X F 25 SRR ook fS BT
KA SERIBA .

& 7 2 GradCAM AT WAL T &, B R T iR
AR SRS LSKA 1R ML S BIRASIACR
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Fig. 7 Comparison effect diagram of visualization heat map
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Tab.4 Comparison experiment of feature fusion networks

AR P/% R/ % mAP@0.5/% mAP@0.5:0.95/%  Params/M NE/M
SlimNeck ! 82.7 73.7 78. 1 46.4 3.1 6.5
RepGFPN'3"] 83.8 74.0 79.6 49.0 3.5 7.5

EfficientRepBiP AN 3] 82.1 73.6 78.2 47.2 3.0 6.4
ASF! 82.8 75.0 79.6 49.5 3.3 7.0
BiFPN 83.6 76. 1 81.1 50.9 3.7 7.8

2.6 AR B XY b SEI8

W PR 5 o IR A A R () ) S A A 0
FUSEEG , SRR AR 5 FToR . SF RS S (E B
AYHHL K YOLOVI-W6-Pose , =135 94% ,{H Params it
TR LAY 5 = (AR ) S AR NS B TE
FEIRAT PR A5 s eHE B A LE T YOLOVSs6-
Pose 7 | H: Params 2 A s i BI R 4 % (HF-3Y
KGR PHEAURE T 2.6 AN 20 5 Seb B RUA L T
YOLOx-Pose-tiny #&5  AY Params i 2 M, H ¥
KSR 24 2. 4 ST A

®5 ERRBNEEE

Tab.5 Comparative experiments of mainstream models

.. EIg RN mAP@

i) Params/M
piexl 0.5/%
YOLOv5s6-Pose 640x 640 15.0 84.3
YOLOx-Pose-tiny 416x416 6.0 79.3
YOLOv7-W6-Pose 960x960 80.0 94.0
YOLOv8n-Pose 640%640 3.2 79.5
ARSCAE Y 640x640 4.0 81.7
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x6 WEZHIE

Tab.6 Model generalization experiment

A%
R P R mAP@0.5 mAP@0.5:0.95
YOLOv8n-Pose  85.3  80.0 83.8 46. 4
YOLOv11In-Pose 85.0 80.0 83.8 45.9
YOLOv12n-Pose 84.5  79.0 82.3 43.9
AR AR 85.2  81.6 84.4 47.3
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Fig.8 Comparison effect of models
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