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Abstract: The existing human keypoint detection models lack attention to high-resolution features, and
the dataset used in training has low resolution and large annotation errors. This causes an unstable detec-
tion result and poor positioning accuracy in tasks such as gait analysis. A human lower-limb keypoint-de-
tection model based on multi-resolution feature fusion was proposed to address the above issues. High-res-
olution images were adopted as network inputs, and a fine-tuned MobileNet v1 network combined with an
attention mechanism was employed to extract global low-resolution features. Preliminary keypoint posi-
tions were predicted, after which local high-resolution features were extracted through a parallel shallow
network. Subsequently, features at different resolutions were fused via a continuous residual structure and

an attention mechanism, thereby improving keypoint-prediction accuracy and effectively alleviating the
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computational burden imposed by high-resolution images. In this work, a high-resolution, high-precision
dataset of human lower-limb keypoints was created through pre-labeling to ensure reliable model training.
Model complexity, detection speed, detection accuracy, and detection error were evaluated and compared
with other classic and state-of-the-art methods through experiments. The results show that the test detec-
tion rate of the proposed model reaches 95.2% , which is better than the comparison methods of Light-
weight-OpenPose, HRNet-W32, HRNet-W48, YOLO-Pose, RTMPose and SImCC, and the detection
accuracy is increased by 4.1%-83.6%, and the FPS is increased by 7.6-13.9. The effectiveness of the
proposed model in high-precision human lower limb key point detection is demonstrated.

Key words: human lower limb keypoint detection; multi-resolution feature fusion; attention mechanism;

pre labeling
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Fig.1 Network structure diagram
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Tab.1 Adjusted MobileNet v1 network structure
Layers LD Operator i Hh 3 I 5L AN

1 224°X 3 Conv,3X3 32 2
2 112°X 32 Conv_dw,3X3 32 1
3 112°X 32 Conv,1X1 64 1
4 112°X 64 Conv_dw,3X3 64 2
5 56° X 64 Conv,1X1 128 1
6 56°X 128 Conv_dw,3X3 128 1
7 56°X 128 Conv,1X1 128 1
8 56°X 128 Conv_dw,3X3 128 2
9 28" 128 Conv,1X1 256 1
10 282X 256 Conv_dw,3X3 256 1
11 282X 256 Conv,1X1 256 1
12 287X 256 Conv_dw,3X3 256 1
13 28°X 256 Conv, 1X1 512 1

28°X 512 Conv_dw,3X3 512 1

14~23 X5
28X 512 Conv,1X1 512 1
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Tab.2 Comparison of test results of each model
M Ey N Model Input size  DR/% MED/pixel RMSE/pixel Params/M FLOPs/G FPS
Lightweight-OpenPose 456 X 256 26.9 8. 77 5.54 4.0 8.7 48.6
TR E S S HRNet-W32 256192 33.3 6.89 3.79 28.5 7.7 27.7
PR AR HRNet-W48 256192 34.5 6.79 3.61 63.6 15.8  25.2
-

LESE YOLO-Pose 640X 640 12.5 13.29 7.84 15.0 20.3  16.9
RTMPose 256192 28.2 13.89 17.91 8.9 6.7 41.2
SimCC 256192 46.8 7.13 8.32 64.1 5.5 21.5
Lightweight-OpenPose 1 280X800  91.1 2.87 4.29 4.0 65.9 9.6
HRNet-W32 1280Xx800  78.8 3.64 5.45 28.5 160.5 8.5
HRNet-W48 1280X800 78.7 4.26 4.45 63.6 328.5 5.2

RSB ,
. YOLO-Pose 960960 15.3 10. 84 8. 37 76.8 117.2 3.3

ESLEESEn

RTMPose 1280X800  34.5 12.52 18.63 8.9 56.7 9.4
SimCC 1280X800  86.3 2.93 3.69 64.1 115.5 4.7
Ours 1280X800  95.2 2.29 1.38 3.8 45.1  17.2
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Tab.3 Ablation test results
IR DR/ % MED/pixel RMSE/pixel Params/M FLOPs/G FPS
E = 42.9 6.75 4.99 3.3 28.2 36.8
Vg 88.5 2.54 4.83 3.3 54.5 14.8
HE= 93.3 2.48 1.59 3.8 45.1 17.1
&M 95. 4 2.28 1.37 3.8 45.1 17.1
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Fig.4 Comparison of the detection results of the resolution image training in the original paper
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