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Single image shadow detection method based on
entropy driven domain adaptive learning
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2. School of Electrical and Electronic Engineering, Wenzhou University, Wenzhou Zhejiang 325035, China)

Abstract: Cross-domain discrepancy frequently hinders deep neural networks to generalize to different datasets. In
order to improve the robustness of shadow detection, a novel unsupervised domain adaptive shadow detection framework was
proposed. Firstly, in order to reduce the data bias between different domains, a multi-level domain adaptive model was
introduced to align the feature distributions of source domain and target domain from low level to high level. Secondly, to
improve the model ability of soft shadow detection, a boundary-driven adversarial branch was proposed to guarantee the
structured shadow boundary was also able to be obtained by the model on the target dataset. Thirdly, the entropy adversarial
branch was combined to further suppress the high uncertainty at shadow boundary of the prediction result, so as to obtain an
accurate and smooth shadow mask. Compared with the existing deep learning-based shadow detection methods, the proposed
method has the Balance Error Rate (BER) averagely reduced by 10. 5% and 18.75% on ISTD dataset and SBU dataset
respectively. The experimental results demonstrate that the shadow detection results of the proposed algorithm have better
boundary structure.
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Fig. 1  Analysis of cross-domain discrepancy
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Fig. 2 Architecture of proposed network
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Fig. 3 Effect of multi-level domain adaptation on shadow detection
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Fig. 4  Analysis of boundary-driven adversarial branch
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Fig. 5 Analysis of entropy-driven adversarial branch
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