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Abstract

In response to the significant degradation in human pose estimation accuracy under low-illumination
conditions, and the challenges posed by the large number of model parameters leading to low effi-
ciency when deployed on embedded devices, this paper introduces a lightweight human pose es-
timation system based on the Jetson Xavier NX platform utilizing infrared cameras. We propose a
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novel human pose estimation method, which is founded on HRNet. Initially, we opted to introduce
a residual module and perform transfer learning between the visible and infrared domains. Giv-
en the absence of large, this paper introduces HRNet combined with a channel pruning module,
which eliminates redundancy within the branches, enabling scalable feature fusion with low
overhead. Subsequently, we utilize the output keypoint heatmaps for simple action classification.
Finally, the deep learning model is optimized using TensorRT methods to enhance inference
speed and deploy it on the Jetson Xavier NX embedded platform. Experimental results demon-
strate that the improved model has a 46% reduction in parameters compared to the original
model, offering higher detection accuracy when compared to models of similar size. The model’s
mAP remains above 74.2%, and after acceleration optimization, the detection speed reaches 33
fps.
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Figure 1. Transfer learning flowchart
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Figure 2. The overall structure of P-HRNet
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Figure 3. Residual module structure combined with pruning
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Figure 4. Schematic diagram of pruning process
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Figure 5. Jetson Xavier NX embedded platform
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Figure 7. Prediction heatmap results on the UCH dataset
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Table 2. Comparison of P-HRNet with other classic lightweight HRNet algorithms on the COCO dataset
F% 2. COCO #i#E55 L P-HRNet S HE 2 #4284 HRNet BIAXTEL

W 255 A5 Y mAP AP AP™ APM AP-
Dite-HRNet-30 70.6 90.8 78.2 67.4 76.1
Lite-HRNet-30 69.7 90.7 77.5 66.9 75.0
Lite-HRNet-18 66.9 89.4 74.4 64.0 72.2

P-HRNet 75.3 90.6 80.6 68.7 78.4

Table 3. Comparison of model data before and after pruning on the COCO dataset
= 3. WAXRIRERE COCO HiEsE Xttt

ez mAP AR GFLOPs SHEIM PR ARF/M
HRNet 75.9 78.9 7.2 28.6 116.6
P-HRNet 75.3 73.9 45 155 63.8
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Table 4. Comparison of model accuracy on the UCH dataset before and after transfer learning

4. IHFIRIEHREE UCH HIEE LRI E I

RES St MAP AP%® AP” APM AP-
HRNet 62.8 89.8 73.8 60.1 68.9
P-HRNet 74.2 90.8 79.0 66.1 76.6

Table 5. Comparison with other excellent algorithms on the UCH dataset

5. UCH BiR& L S Ht M BE AL

Ty EFM% ZHRIM GFLOPs MAP
Hourglass Hourglass 277.8 206.9 56.6
PersonLab ResNet-152 68.7 405.5 66.5

HRNet HRNet-W32 28.5 38.9 64.1
HigherHRNet HRNet-W32 28.6 47.9 63.6
M3k HRNet M3 HRNet-W32 15.0 20.3 74.2
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Figure 8. Detection performance on the Jetson Xavier NX
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