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Abstract: Human pose estimation allows for precise capture of movement and behavioral traits, holding
significant potential for applications such as intelligent surveillance, human—computer interaction, and health

monitoring. Among emerging approaches, Wi-Fi sensing has gained increasing research interest for contactless
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human pose detection because of its widespread availability, affordability, and privacy-preserving qualities.
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®@OQ.1) 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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Fig. 2 Wireless propagation paths in indoor environment
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Fig. 3 Variation of scattering paths caused by human motion
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Tab. 2 PCK results of different models
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Tab. 3 PJPE results of different models
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Fig. 15 Impact of incomplete data on the proposed algorithm



% x M AREE: T & TR RG P ZE B A Wi-Fi S N AL THT % 15

% 5 Wi-poseHliRE T A RIER A REXTEL

Tab. 5 Performance comparison of different models on the Wi-pose dataset

R 4R b MPCK@0.01 MPCK@0.05 MPCK@0.1 MPCK@0.2 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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# 9 FEIERDXZETMPIPE
Tab. 9 MPJPE under different convolution branch rates

HEfii 7> 3 (Masked Branch) YRR ZE (MPJPE) iR 2 (MPJPE) PRFRZE R (A%) JERRZEE R (A %)
N (d=1) 11.82 18.76 +32.7% +36.8%
A % (d=2) 12.52 19.85 +40.5% +44.7%
K22 (d=3) 29.42 37.07 +230.0% +170.3%
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