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Table 1  Architecture configuration of RepLK-HRNet
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T£ OCHuman 48 5, B4 ARG & 17 ok
B S, [RIRERE OKS 1R MR RIS BE B PEAN F5 b5 o[BI,

R A PG rb A AR 14 %) o B s A Rl 43 oy v 4
HME BE 1Y 52 ] (0.50, 0.75) iy S5 X BE (4 52 451 (0.75,
1.00), FF A3 S35 3R R (0, 1.0)o X SE 451 A []
X BE S5 G000 B8 A A X0 TR 1 o R A R R AT
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43 XWiEE

FLR S0 PRI T AN« 7R SO 4% 285 4 i FH IR
JE 2 S HESR Pytorch 5 7 . TR . BAE RGN
Linux, 4 ¥ %% & 7 vCPU Intel(R) Xeon(R) CPU ES5-
2680 v4 @ 2.40GHz, ‘%% NAFR/INA 30 G, GPU #15
"5 NVIDIA GeForce RTX RTX 3080x2(20GB).

165256 ¥ RPLK-HRNet B A 4 1 25 J5 ] 1% &
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AP 3 5 R A H bR A1 K H AR B TR B0 B
i 22 2 a0, AR SCHR HY A9 RepLK-HRNet £ %1 (i) OKS
H H Stacked Hourglass # %I 51 Simple Baselines &
AYGs1 HRNet £ %10 HigherHRNet £ %451 MoveNet
P T B7RT KL F Transformer [ TokenPose!'”), HRFor-
mer?! AR [E A 4 T, W] RPLK-HRNet £ %Y
FERRUE NS AG T B B 4 i) T 14 R

# 2 MS COCO2017 Hiii4E OKS Xt Lt 2%

Table 2 Comparison results of OKS of MS COCO2017 data set

Model AP AP® AP® APM AP  Literature

Stacked Hourglass  65.5 86.8 723 60.6 72.6 [5]
Simple Baselines ~ 73.7 919 81.1 703 80.0 [35]
HRNet 755 925 833 719 815 [9]

HigherHRNet 684 882 751 644 742 [36]

MoveNet 751 897 819 715 781 [37]

TokenPose 759 923 834 722 821 [19]

HRFormer 762 927 838 725 823 [21]
Ours 769 952 850 744 80.5

K 6 T 7 A TE MS COCO2017 g4 1)l 445
B 22 2 2 5] R, S R BRI A B G AR fL il
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Fig. 6 Change curves of multi-step learning rate decay, loss function, and accuracy during the training process
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WER M . R RePLK-HRNet 78 MPII $t#24E | 4T
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# 3 MPI HdE4E PCKh@0.5 4 Hugh R
Table 3 Comparative results of PCKh@0.5 of MPII data set

PCKh@0.5 of each part of the human body

Model Literature
Head Shoulder Elbow Wrist Buttock Knee Ankle Mean
Stacked Hourglass 98.2 96.3 91.2 87.1 90.1 87.4 83.6 90.6 [5]
Simple Baselines 98.5 96.6 91.9 87.6 91.1 88.1 84.1 91.5 [35]
HRNet 98.6 96.9 92.8 89.0 91.5 89.0 85.7 923 [9]
PoseNet 98.9 72.2 93.0 98.2 86.1 63.0 44.2 79.4 [38]
GHRCPN 99.0 97.2 93.4 89.5 91.9 90.1 86.0 92.4 [39]
Ours 99.2 97.5 93.7 90.0 92.6 89.5 87.4 92.6

Hy ¢ 3 7] 41, RePLK-HRNet 45 % 75 il ] 44~ 56
T ACARORG BE B SR PR, O EHT S TR
KB TG IKE
442 HREIEARESFTES 7 OCHuman %Y
G T i e NE & N AN e e M o | S )
OKS 1 A1 7E OCHuman B84 I 645, i
1t S G S BN AE A TR OKS BIE T B PLIIRG B, &%
RN 4 Frs .,

X 2 4 45 52 0] 1, RepLK-HRNet 7 A [7] OKS
1o {1 T BRI 45 v RS B2, % HRINeet, >4 ORS [5]
{H 4 75 i}, RepLK-HRNetF 7l (it i 2 i o Ay B ik
443 EHERUABEAERER ALK T H
A () HRN et B8 FI7E RRAE S5 B0 28 v il A 3 804k

% 4 OCHuman 44 OKS Xf LS4 R
Table 4 Comparison results of OKS of OCHuman data set

Model AP AP AP Literature
Mask RCNN 20.2 332 24.5 [40]
SimpleBaseline 24.1 37.4 26.8 [41]
SPPE+ 27.6 40.8 29.9 [42]
OPEC-Net 29.1 41.3 314 [43]
SPM 47.6 67.5 532 [44]
DEKR 52.2 69.9 56.6 [45]
HRNet 45.9 81.7 45.5 [9]

Ours 56.7 84.6 59.7
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115542 24 i 2 80 Params Il GFLOPs ¥ &} 2 % (1%, K
[Fi] 3 18 %k (32,48) & B T S8 40 i B T 60.0%.
63.84%. {HAH L T HRNet, ok ¥ J5 B9 1 8 76 A 7] 2
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Table 5 Human pose estimation reparameterized large kernel convolutions ablation experiment on MS COCO 2017 datasets

Model Channel number Resolution Params GFLOPs AP AP AP” APM AP
HRNet 32 256x192 285 7.10 74.4 90.5 81.9 70.8 81.0

32 384x288 285 16.0 75.1 90.6 82.2 715 81.8

43 256x192 63.6 14.6 75.8 90.6 82.7 71.9 82.8

48 384x288 63.6 32.9 76.3 90.8 82.9 723 83.4

RepLK-HRNet 32 256x192 11.4 6.3 74.9 92.5 82.5 723 79.1
32 384x288 11.4 14.3 76.3 93.4 83.2 72.9 80.9

43 256x192 23.0 9.1 76.6 93.6 83.8 733 80.9

43 384x288 23.0 20.5 777 93.5 84.6 74.8 824

F 6 PR MPIL AR E ST S ML RS B Al S 56

Table 6 Human pose estimation reparameterized large kernel convolutions ablation experiment on MPII datasets

PCKh@0.5 of each part of the human body

Model
Head Shoulder Elbow Wrist Buttock Knee Ankle Mean
HRNet 98.6 96.9 92.8 89.0 91.5 89.0 85.7 92.3
Ours 99.2 97.5 93.7 90.0 92.6 89.5 87.4 92.6

®T O WYREREE S OCHuman AT ESHAL BB RS R

Table 7 Human pose estimation reparameterized large kernel convolutions ablation experiment on OCHuman datasets

RepLK-HRNet HRNet
maxlouRange
AP AP AP7 AP AP APP
All(0,1.00) 56.7 84.6 59.7 45.9 81.7 455
Moderate(0.50,0.75) 55.0 84.7 57.9 28.1 65.3 19.3
Hard(0.75,1.00) 28.6 64.3 21.6 8.4 29.2 22
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Abstract: Although significant progress has been made in the field of human pose estimation, it still faces
enormous challenges for achieving high-precision and robust pose estimation for the case of dynamic scene changes,
occlusions, and complex backgrounds. To address these issues—particularly keypoint occlusion, overlap, and
interference from complex environments—this paper proposes a high-resolution human pose estimation model
incorporating large kernel convolution techniques, named RepLK-HRNet. The core innovation of the proposed model
lies in its unique design of the feature extraction network, which introduces a reparameterized large kernel convolution
strategy to enhance the model's ability in capturing multi-scale and multi-level feature information. Meanwhile, the
network architecture is optimized to significantly reduce the number of parameters and computational complexity.
Experimental results demonstrate that, compared to the traditional HRNet model, the RepLK-HRNet model achieves an
improvement of 1.83% in accuracy on the standard MS COCO 2017 dataset and an increase of 23.7% in accuracy on
the occlusion dataset OCHuman, while reducing Params by 63.84% and GFLOPs by 37.69%. These results indicate
that RepLK-HRNet significantly improves pose estimation accuracy under general, occluded, and keypoint-confused
conditions, showcasing excellent robustness and generalization capabilities. Moreover, it meets practical application
demands in terms of computational efficiency and memory usage.

Key words: pose estimation; reparameterized large kernel convolution; HRNet; receptive field; feature fusion
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