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Methods and principles
2D pose estimation method. MediaPipe utilises a lightweight detector to rapidly localise human body 

regions in images. During the pose keypoint localisation stage, the region of interest is cropped and norma
lised, then input into the pose estimation network to extract 2D coordinates of 22 human body keypoints. 
MediaPipe Lite model has approximately 3 mln parameters, achieving inference speeds of 30–60 frames per 
second on mobile central processing units and over 100 frames per second on graphics processing units [5]. 
With a model size of approximately 12 MB, it is suitable for deployment on resource-constrained edge de-
vices. MediaPipe Lite significantly reduces computational cost and storage requirements while maintaining 
acceptable accuracy, providing an efficient 2D pose estimation foundation for the real-time dual-modal gait 
analysis system in this study [6].

From fig. 2, it can be seen that 11 skeletal nodes were removed from MediaPipe’s original 33 keypoints, 
reducing the data dimensionality by approximately 33 %. The 22 core keypoints serve as the foundational 
skeletal model for gait analysis, encompassing the major movement joints of the human body, including key 
positions of the head, trunk, upper limbs and lower limbs. The most critical joints for gait analysis (lower limb 
joints (hip, knee and ankle joints) and trunk joints (shoulder and hip joints)) enable the model to more effec-
tively capture key gait parameters such as periodic movement patterns during walking, joint angle variations 
and body center of gravity shifts.

Fig. 2. MediaPipe key skeletal structure:  
a – frontal view; b – sagittal view (left lateral)

3D pose estimation method. Traditional 3D human pose estimation models typically require large-scale 
annotated data, which poses challenges in clinical gait analysis scenarios due to high data collection costs 
for patients with gait disorders and limited sample sizes. This paper proposes MTSA-former model – a light-
weight, highly efficient and rapidly convergent gait analysis-specific model trained on small samples from 
Human3.6M dataset, achieving fast training and accurate prediction under few-shot settings (fig. 3) [7]. 
The model employs depth-wise separable convolution, linear complexity attention mechanisms and para
meter sharing strategies to significantly reduce model size while maintaining performance. The core of the 
transformer uses two main parts: attention and feed-forward network (FFN). The standard GELU function 
is used as the activation function.

The model first performs linear projection and positional encoding on the input sequence to obtain spatio-
temporal feature embeddings. Subsequently, within multiple encoding blocks, temporal modelling (utilising 
multi-scale convolution to capture short-term and long-term motion variations) and spatial modelling (lear
ning structural relationships between joints through graph convolution and attention mechanisms) are conducted 
simultaneously. Finally, multi-scale pyramid pooling fuses information from different temporal ranges, and 
the regression head outputs the 3D human pose. This design effectively enhances the model’s spatiotemporal 
perception capabilities and prediction accuracy, demonstrating excellent performance in motion continuity and 
smoothness. 


