557 B 4 W M K F FR(E F R) Vol. 57 No. 4
2025 47 H J. Zhengzhou Univ. ( Nat. Sci. Ed. ) Jul. 2025

EXxG=THE AANGFESHITEE

7 &, EXE', EVET, TER, BEY, T H

(1. BN P2 oS [a] 2 42F e T g AR 450002, 2. KB K22 IHEILS N T8 6e=
EE FRM 450001 ; 3. AR gL FMR S M id R RS KN 450053)

WE . ERYs T AR GER, E’Fﬁlﬂ?ﬁE’J/\ﬁifi‘kﬁiﬁﬁffﬁf(ﬁfﬁ%rTmﬂ]/\ﬁinﬁ”%&LE@l"ﬂ@c M,
PRI — AR 225 T 2 ANIREASAMT RS o S, (0 43 4 2 B T 46 FURE 3 6 AR, 25 G R Rl &
R R AR 8 T8 2 (B A5 R A FEAS I ABAMT S A A BT 48 R 32 R B R S A S M B ALz 48 5
A LS AT T A 55 AH G 119 2 ] 6 SCRRAE | BE I 48 25 8 147 A A 3 L) 35 i S 1 Mk i 5 e U, 6 K8 R RN 23 AT VA 38
HLHI Bt AL AT 52 A A 38 Wb i R F 8 5B B B R ) RS A TH L OpenPifPaf++ 4 LL , BT 25
HAE COCO 2017 $e¥i 4 FFHUER 2R IE 7 0.8 N 43 45, 76 CrowdPose %4 4 I F ¥ M # LU OpenPifPaf 44 3% 41
SO 2ANE R, B TR R A R R R LS AN E A

KR B 2 ANNEREMI; AT SENERE IILE ; Bt

FESES: TP39I XHkARERD: A XEHS: 1671-6841(2025)04-0001-07

DOI: 10. 13705/]. issn. 1671-6841. 2024027

Multi-person Pose Estimation Algorithm in Complex Scenes
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Abstract: The cross-obscuration of individuals in complex scenes led to low accuracy and incorrect skele-
ton connections in existing human pose estimation algorithms. Therefore, a multi-person pose estimation
optimization algorithm in complex scenes was proposed. Firstly, the ordinary convolution was replaced
with the grouped cascade convolution, which was combined with feature fusion to promote the exchange of
information between channels. The accuracy of the algorithm was improved without incurring additional
computational costs. Secondly, the spatial attention mechanism was introduced to mine the spatial seman-
tic features related to the human pose estimation task, and the network structure was parallelized to en-
hance the performance of the algorithm. Finally, the embedding positions of the large convolutional ker-
nel and the attention mechanism were lightweighted to reduce temporal overhead. Compared to the exist-
ing bottom-up pose estimation algorithm OpenPifPaf++, the proposed algorithm improved the average ac-
curacy by 0. 8 percentage points on the COCO 2017 dataset. Compared with the OpenPifPaf algorithm,
the proposed algorithm improved the average accuracy by 1.2 percentage points on the CrowdPose data-
set, and the corresponding accuracy for complex scenes by 1.5 percentage points.
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Figure 1 Comparison of pose estimation algorithms before and after improvement
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Figure 5 The architecture of CC Attention mechanism
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Table 1 The ablation experimental results of Split Attention

on the COCO 2017 dataset
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Table 2 Experimental results of different algorithms on

the COCO 2017 dataset
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Table 3 The ablation experimental results of each
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Table 5 Accuracy fluctuations caused by scene complexity
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Table 6 Quantitative evaluation results of different variant

networks of ResNet on the CrowdPose dataset
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