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Fig. 3. 3D pose estimation framework using the MTSA-former model

Human skeletal spatial graph convolution. The human skeletal structure can be abstracted as a graph, 
where joint points are the nodes of the graph and bones are the edges connecting the nodes. GCN can explicitly 
model the physical connections and kinematic constraints between joint points by propagating and aggregating 
information across the graph [8]. Each GCN layer updates the feature representation of each node, where the 
new feature is a weighted sum of its own features and those of neighbouring nodes. By stacking GCN layers, 
the model can learn high-order inter-joint dependencies that conform to human structural priors, thereby ef-
fectively enhancing the physical realism and structural integrity of the generated poses. The composite loss 
function formula is as follows:
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Describes the feature propagation and transformation processes in a GCN from layer l to layer l + 1. Here H l� � 
denotes the node feature matrix at layer l; A represents the adjacency matrix; D  is the corresponding degree 
matrix; W l� � represents the trainable weight matrix at layer l.

The model is guided to learn a more comprehensive mapping relationship. It not only learns how to accurately 
localise the keypoints but also acquires prior knowledge of human body structure and the dynamic patterns of 
motion, ultimately generating highly realistic 3D human poses across spatial, structural and temporal dimensions.  
In formula 
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MPJPE measures the average Euclidean distance between the predicted 3D joint positions and the ground-truth 
joint positions; bone constrains the predicted pose to maintain bone lengths consistent with those of the real 
human body, preventing unrealistic stretching or compression; velocity is used to smooth the motion of joints 
between consecutive frames by penalising abrupt temporal changes, thereby ensuring smooth and continuous 
motion.

The 3D human pose estimation results of the MTSA-former model. As shown in fig. 4, the image on the 
left depicts the input 2D human keypoint detection, while the image on the right illustrates the reconstructed 
3D human skeleton predicted by the model. This method can maintain high 3D reconstruction accuracy in gait 
detection scenarios, generating pose estimation results with strong structural consistency and smooth motion. 
It demonstrates the effectiveness of the improved model in multi-scale spatiotemporal feature fusion.


