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Abstract: After an earthquake, quickly identifying building damage can improve the efficiency of di-
saster loss assessment and provide effective decision-making support for rescue efforts. Background in-
terference can weaken the expression of important features. To address this issue, a method based on
the deep learning framework Mask R-CNN was proposed for identifying multiple types of building
damage. First, the sample images underwent preprocessing to overcome interference from complex
environmental backgrounds. Multiple augmentation techniques were applied to generate a dataset suit-

able for deep learning. Next, the feature extraction network was optimized using the MobileNetv3 net-
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work with an embedded SE (Squeeze-and-Excitation) attention mechanism module as the backbone.

This design enhanced the model's ability to extract spatial and semantic information related to building

damage and effectively reduced the negative impact of background interference. Furthermore, the loss

function was improved to avoid category omissions and misclassifications, while transfer learning was

introduced to reduce training costs. Finally, a combination of qualitative analysis and quantitative eval-

uation was employed to assess the model’s generalization ability and robustness. The results demon-

strated that the improved Mask R-CNN model achieved an average precision of 84.34% , which was a

9.12% improvement over the original Mask R-CNN model. The improved model performs well in

identifying building damage images with various damage features and noisy backgrounds, providing ef-

fective technical support for post-earthquake building damage assessment.

Keywords: artificial intelligence; building damage detection; Mask R-CNNj; instance segmentation
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Fig.10 Comparison of loss function performance before and

after improvement
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