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Abstract: To address the challenges of image complexity, limited textual information, and inter-modal misleading data in
cross-modal emergency recognition, a cross-modal emergency recognition method that integrates attention collaboration
and contrastive learning was proposed. First, a multi-branch self-attention mechanism was integrated into an image fea-
ture encoder, while a text feature encoder was augmented with external knowledge. These encoders were designed to ex-
tract rich semantic features from images and contextual information from text, respectively, to overcome the limitations of
single-modal representations. Next, a cross-modal attention collaboration network was introduced to capture intricate rela-
tionships between image-text features, enhancing inter-modal consistency and mitigating the influence of misleading in-
formation. Finally, a contrastive learning mechanism, which was optimized through a joint supervision strategy, was em-
ployed to dynamically balance the contributions of image and text features. Extensive experiments conducted on the public
CrisisMMD dataset and the self-constructed dataset demonstrate the superior performance of the proposed method.
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