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Abstract The domain gap between dark scenes and the data used by traditional pretrained models leads to
suboptimal performance with the conventional pretrain-finetune approach, and pretraining from scratch is

costly. To address this issue, a domain-adaptive pretraining method is proposed to improve action recognition
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performance in the dark environments. The method integrates an external vision enhancement model for de-

darkening to introduce critical knowledge for dark scene processing. It also employs a cross-domain self-

distillation framework to reduce the domain gap of visual representations between illuminated and dark scenes.

Through extensive experiments in various dark environment action recognition settings, the proposed approach

can achieve a Topl accuracy of 97.19% on the dark dataset of fully supervised action recognition. In the

source-free domain adaptation on the Daily-DA dataset, the accuracy can be improved to 49.11%. In the multi-

source domain adaptation scenario on the Daily-DA dataset, the Top1 accuracy can reach 54.63%.
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Table 3 Results for source-free video domain adaptation on Daily-DA

» o Topl #ERIZ(%)
Jiidi B
K600—Al1 MIT—AIll H51—>All ST
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SHOT+ +* \ 12.57 14.90 15.98 14.48
MA! \ 12.76 17.75 12.90 14.47
BAIT \ 12.69 16.93 13.65 14.42
CPGA*! \ 13.06 18.08 13.14 14.76
0 . . . .
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Table 4 The effect of domain-adaptive pretraining

Top #ER (%)
Jiik ARID SFVDA MSVDA
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Table 5 Comparison with CLIP-base methods
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Fig. 3 The attention visualization of video generated by Grad-CAM
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