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Integrating coordinate attention and adaptive weighted learning
for imbalanced Micro—-Expression Recognition
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Abstract: In the context of computer vision, existing typical micro—expression recognition datasets suffer from a severe issue of
imbalanced data sample distribution. Samples of happy and neutral micro—expressions occupy a larger proportion in these datasets,
while samples of fear and disgust are scarce, representing a few—shot problem within micro—expression subcategories. This data
imbalance significantly restricts the multi—class representation learning capability of Micro—Expression Recognition models. Due to
incomplete extraction of facial key features, existing methods exhibit limited recognition accuracy. To address this problem, this
paper proposes an improved micro—expression recognition model based on the ConvNeXt V2 architecture. Specific contributions
include; enhancing the coordinate attention mechanism to strengthen the model ‘s ability to extract global features; introducing an
adaptive weighted loss function to improve the model’s robustness to imbalanced data. The model aims to enhance global feature
extraction and mitigate data imbalance, thereby effectively improving recognition performance. Experimental results demonstrate that
the proposed model achieves recognition accuracy of 92. 96% and 90. 87% on the public expression recognition datasets FERPlus and
RAF-DB, respectively, exhibiting strong robustness and generalization capability.
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