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Fig. 14. Comparative evaluation of multi-channel spatio-temporal network architecture ans different attention mechanisms.
Fig. 15. The ablation analysis meticulously evaluates critical components within the proposed model. This includes assessing its capability in modeling extended sequences,
examining the effectiveness of spatial feature learning, and scrutinizing the impact of various attention mechanisms.
mean absolute error to 228.48, whereas our multi-channel network
further decreased it to 205.37, significantly outperforming other struc-
tures.

The improvement is attributed to our network’s superior ability
in modeling spatio-temporal features, while multi-channel inputs pre-
serve the discriminative nature of spatio-temporal features. Moreover,
inter-channel interaction mechanisms integrate different features and
channel attention automatically learns the importance of features.

Compared to direct concatenation, our structure can better repre-
sent, select, and aggregate complementary information from spatio-
temporal features, thus enhancing network expressive power. Exper-
imental results demonstrate that our proposed multi-channel spatio-
temporal graph network effectively enhances the modeling and repre-
sentation of spatio-temporal features.
14
4.4.4. Impact of different attention mechanisms
To investigate the impact of different attention mechanisms on

model performance, we compared the multi-channel attention module
with two other commonly used attention modules: (1) SE Attention
Module; (2) Self-Attention Module;

• 𝐴𝑢𝑡𝑜𝐺 𝑅𝑁-𝑆 𝐸 : This module performs global channel attention
through squeeze and excitation operations.

• 𝐴𝑢𝑡𝑜𝐺 𝑅𝑁-𝑠𝑒𝑙 𝑓 : It relies on the similarity between nodes to imple-
ment attention.

While both the SE Block and Self-Attention modules contribute to
improved performance, the multi-channel attention mechanism yields






