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Markerless vision-based kinematic analysis method
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Abstract: To address the high cost, time-consuming nature, and specialized expertise required by marker-based optical systems, this
article proposes a visual kinematic analysis method utilizing two viewpoints to achieve convenient, low-cost kinematic evaluation. First,
a two-dimensional feature extraction architecture is established by integrating the global context modelling capability of the Swin
Transformer, the precise positional awareness of coordinate attention, and the multi-scale feature fusion capability of the bidirectional
feature pyramid network. It overcomes challenges such as occlusion and small target detection for keypoints, enabling effective extraction
of two-dimensional features. Secondly, a triangulation method is proposed, employing joint contextual constraints based on keypoints
position plausibility and limb length consistency. This is combined with a parametric human model to reconstruct 3D keypoints,
enhancing estimation accuracy. Finally, a keypoint augmentation model is formulated to obtain an anatomical label set, which is then
integrated with a musculoskeletal model for kinematic analysis. Kinematic evaluation on public datasets demonsirates an average joint
angular error of 8.59° and average joint positional error of 42. 02 mm, outperforming existing high-performance methods. To validate
real-world applicability, commercial motion capture system Xsens serves as the evaluation benchmark against the mainstream OpenCap
method, with analyses conducted on shoulder joint and gait kinematics, respectively. Experimental results show that for shoulder joint
and gait kinematics, the proposed method achieves correlation coefficients of 0.92 and 0. 86, respectively, with Xsens, representing

improvements of 9. 52% and 7. 40% over OpenCap. Angular errors are reduced to 13.97° and 3. 12°, respectively, marking decreases
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of 27.01% and 25.18% compared to OpenCap. In summary, the proposed method achieves more accurate kinematic analysis than

current mainstream approaches on both public datasets and in real-world scenarios, holding significant implications for advancing

applications related to kinematic analysis.

Keywords : vision; markerless; 3D keypoint estimation; keypoint enhancement; musculoskeletal model ; kinematic analysis
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Table 3 Triangulation and key point reconstruction results
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Fig. 8 The positional error of anatomical markers

obtained through key point enhancement
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Table 4 Overall kinematic assessment results
ik LabValidation 5354 BMLmovi $#i4E RRIS40 i 4
MPJAE/(°) MPJPE/mm MPJAE/(°) MPJPE/mm MPJAE/(°) MPJPE/mm

OpenCap 7.43 39. 86 13.35 53.48 15.22 43.72
Pose2sim 9.70 45.53 11.57 55.72 13.61 42.18
RRIS40 8.35 45.53 12.42 44.37 8.55 42.52

AL 7.36 40. 37 9. 64 43.54 8.76 42.15
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Table 5 Results of shoulder joint kinematics analysis

P OpenCap J7 ATk
MAE/(°) r MAE/(°) r
AR KA 16. 84 0.94 10. 89 0.97
FEJR R A 17.81 0.95 15.73 0.92
AR KNI 25.46 0.72 16.83 0.90
Ze B AT 26. 19 0.78 13.35 0.92
FRXTHATEEH  16.26 0. 89 12.56 0.90
LR KT A R 15.82 0.94 12.28 0.98

FELTANENGE 15,65 0. 65 16. 16 0.83

T 19.15 0. 84 13.97 0.92
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Fig. 12 Results of shoulder joint kinematics analysis
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Table 6 Results of gait kinematics analysis

OpenCap J5 % ATk
F H B A R
MAE/(°) r MAE/(°) r

A REh 2.04 0.99 2. 14 0.99
LT RIE I 3.94 0.96 1.51 0.99
AECTNWOMNE 2,35 0.91 3.87 0.95
AMRTNNSMNE  2.16 0.91 2.54 0.88
FHCT NBESMIE  2.98 0.91 1.75 0. 87
LEMECTTNTESMIE  4.25 0.00 3.50 0. 04
GRS RE 3,69 0.98 3.04 0.98
LT RE M 501 0.94 2.08 0.99
ABOCTMNE 11,41 0.74 7.54 0.92
LB NIAMRE  3.85 0.96 3.24 0.97

iy 4.17 0.83 3.12 0. 86
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Fig. 13 Results of gait kinematics analysis
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