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Accuracy Improvement for Multi-Class Damage Severity Classification of
Disaster-Affected Building Images Based on a Fine-Tuning Technique
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ETNLH Accuracy weighted F1 macro F1
ResNet-50 0.51 0.53 0.46
Swin-Tiny 0.62 0.59 0.50
EfficientNetV2-S 0.40 0.42 0.38
ViT-Base 0.63 0.63 0.54
ConvNeXt-Tiny 0.66 0.63 0.54
ConvNeXt-Base 0.64 0.63 0.53
DINOv2 0.45 0.43 0.37
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ConvNeXt-Base 0.66 0.64 0.56
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