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Abstract: Human pose estimation allows for precise capture of movement and behavioral traits, holding
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However, human activities are multiscale, nonlinear, and highly dynamic, with notable spatiotemporal
variations in motion amplitude across different body parts. These characteristics pose high demands on the
ability of algorithms to model multiscale features effectively. Current Wi-Fi-based techniques often struggle
with excessive parameter complexity and limited feature extraction, which makes it hard to balance
computational speed with accuracy in complex situations. To address these issues, this paper introduces a
pyramid dilated convolution block that expands the receptive field while maintaining spatial resolution, making
it possible to capture multiscale spatial and dynamic details efficiently. The dilated design also lessens
computational redundancy, improving overall efficiency. Building on this, a residual network is designed to
prevent gradient vanishing and model degradation, ensuring solid feature representation in deep networks. To
test the proposed method, a comprehensive multisource data system was built to synchronize Wi-Fi pose data
with ground-truth labels. Experimental results show the proposed approach’s superiority, reaching a mean
percentage of correct keypoints (MPCK@0.10) of 94.96%, surpassing current leading algorithms. These results

confirm the method’s effectiveness for reliable and efficient human pose estimation.
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Fig. 1 Framework of the proposed Wi-Fi-based human pose estimation method
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Tab. 5 Performance comparison of different models on the Wi-pose dataset
5 MPCK®@0.01 (%) MPCK@0.05 (%) MPCK®@0.10 (%) MPCK®@0.20 (%) MPJPE
PyDNet 15.50 62.14 78.72 91.06 27.74
PerUnet 3.15 39.88 65.84 86.68 39.83
SDy-CNN 1.90 30.14 59.71 87.15 42.68
WPFormer 4.79 39.35 61.84 83.76 43.14
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Tab. 6 Performance comparison of cross-domain pose estimation

on the target domain (Wi-pose dataset)

VEALFE bR Baseline Proposed TR AL,
MPCK@O0.1 5.41 58.70 53.29%
MPCK@0.2 17.09 88.18 71.09%
MPCK@O0.3 30.51 97.14 66.63%
MPCK@0.4 43.72 99.41 55.69%
MPCK@O0.5 56.03 99.90 43.87%

MPJPE 210.40 42.99 -167.42
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o SEE EATEE AbERE Hr R BT Tab. 8 Experimental parameter settings
- / ZER 7l FEIR > e
(M)  Flops(G) #EBJ(ms) (Wi/s) #ERT(ms) e wrefn
PyDNet 6.35 12.22 4.70 212.93 14.45 HAp 5 Adam
PerUnet  17.49 30.85 4.24 236.06 14.39 WIh2s > % 1x1073
SDy-CNN  6.56 7.10 1.07 930.37 15.19 J ReduceLROnPlateau
AL e (factor=0.1, patience=50)
WPFormer 26.73 48.45 4.21 237.63 3.95 AR 16
R /MR EE /9o E R R 43 LL 5] 60%/20% /20%
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Tab. 9 MPJPE under different convolution branch rates

HE# > 32 (Masked Branch) T2 (MPJPE) B3 2 (MPJPE) TR ZEE(A%) Jile AR 2 8 B (A %)
N Z (d=1) 11.82 18.76 +32.7% +36.8%
% (d=2) 12.52 19.85 +40.5% +44.7%
% (d=3) 29.42 37.07 +230.0% +170.3%
%é&&i(%ﬁm) 8.91 13.72 — —

(2) ZRFRHERIEEA: fERHE F5IANEF
BB AUE AR FH 250 5w ) PyConvNet, B 7ERIE
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(3) EVEREFEHOPLHI T LA AL . 4 3] 5] N
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% RE A5 SEIL T 5 R 3 i 5 4 R 48 25 1 B [ Jgk
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Net BARIETF T 0 PERE, E459% )5 T PyDNet, 1M
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Tab. 10 Comparison of Mean Percentage of Correct Keypoints
(MPCK) in the ablation study (%)

A MPCK@0.10 ~MPCK@0.05 MPCK@0.01
PyDNet 94.96 85.41 39.09
PyConvNet 92.22 77.13 25.43
ResNet 84.38 62.92 10.35
SE-ResNet 92.21 76.60 23.63
NL-ResNet 79.29 55.62 9.45

T RN BB R R LSS

£ 11 RS P R EAR XTI B IRE (MPIPE) Xttt
Tab. 11 Comparison of Mean Per Joint Position Error (MPJPE)
in the ablation study

i) MPJPE
PyDNet 11.90
PyConvNet 16.03
ResNet 23.58
SE-ResNet 16.28
NL-ResNet 27.70

T RAITHEE R R L E R

*® 12 JHELSCIE R ARARIT EENEE

Tab. 12 Comparison of model parameters in the ablation study

p SRR (M)
PyDNet 6.35
PyConvNet 6.44
SE-ResNet 28.04
NL-ResNet 38.23
ResNet 29.13

PyDNet 7 A5 7Y 2 55 A4 75 T 19 J5% 0 HH AR o 1) 280
o WRI2F7R, 1538 T HGR 5 0E &
Wit, PyDNetfIZHEN6.35 M, LI AHLAERY
ResNet(29.13 M)ff121.8%. #HtbZ F, BINEES
MLH|HISE-ResNet 5 NL-ResNet I 4 G875 23 il 45
RIG IR, 8057 928.04 MAI38.23 M. PyDNet
TE KR R 46 2 BB (Db 2978 % ) Iy [R] i SE B T A
E ARG o X PR . AR IRR IR SE T 1%
HEHF AR S S, R T &S gk
b, A H B AR TR A2 PRI 2% 45 b 1EAT SER 33
BRI,
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