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Abstract

Shadow removal plays a key role for the pre-processing of image processing techniques such as object tracking and detection.
With the advances of image recognition based on deep convolution neural networks, researches for shadow removal have been
actively conducted. In this paper, we propose a novel method for shadow removal, which utilizes self attention distillation to
extract semantic features. The proposed method gradually refines results of shadow detection, which are extracted from each layer
of the proposed network, via top-down distillation. Specifically, the training procedure can be efficiently performed by learning the
contextual information for shadow removal without shadow masks. Experimental results on various datasets show the effectiveness
of the proposed method for shadow removal under real world environments.
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Fig. 1. Examples of degradation performance for the techniques of computer vision by shadows. (a) degradation of image quality. (b) performance
degradation of object tracking. (c) performance degradation of lane detection (green lines represent the estimated lanes)
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Fig. 2. Overall architecture of the proposed network for shadow removal
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Fig. 4. Examples of shadow removal on SRD dataset™. (a): shadow images. (b)-(c): removal results by Hu

et al. ¥ and the proposed method. (d): ground truth
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Fig. 5. Examples of shadow removal on ISTD dataset?. (a) shadow images. (b)-(d) removal results by Wang

et al. B Hu et al. ¥, and the proposed method. (e) ground truth
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Fig. 6. Examples of shadow removal according to changes of the proposed network architecture. (a) shadow images. (b) removal
results by model without self attention distillation (c) removal results by model with self attention distillation. (d) ground truth
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Fig. 7. Examples of fail shadow removal of the proposed method. (a) shadow images. (b)-(c) removal results by Hu et al. [4] and
the proposed method. (d) ground truth
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E 3. Mokt M Alde 0| Hsjol e MaEN A3 2t
Table 3. Quantitative experimental results according to changes of the
proposed network architectures

SRD dataset

Method Shadow Non Shad. All
Full model (Ours) 10.89 6.59 7.68
w/o Self Attention Distillation 11.14 6.98 8.13

ISTD dataset

Method Shadow Non Shad. All
Full model (Ours) 8.89 6.72 7.83
w/o Self Attention Distillation 10.89 6.43 7.56

H 4. Mokt Wt 71ZE W Zio| ThHHS T4 Hlw
Table 4. Comparison of the number of parameters between the pro-
posed method and the existing methods

Model Parameter (M)
VGG [ - DeshadowNet et al. 210.8
ResNext-101 © - DeshadowNet et al. 131.9
VGG " - Wang et al. ! 203.2
ResNext-101 © - Wang et al. P! 122.8
VGG M - Hu et al. ¥ 1721
ResNext-101 © - Hu et al. ¥ 103.4
VGG ™ - Proposed method 155.3
ResNext-101 © - Proposed method 88.6

T 5 Notste EF &A1 849l 510|T m2to|E| (Hyper Parameter) 2t
H20f| wE J2A HA ds Hln

Table 5. Comparison of the performance for shadow removal according
to hyperparameter values of the proposed distillation loss function

Hyper Parameter (M)

Dataset 0.05 0.1 0.5 1 (Ours)
ISTD 7.49 7.24 7.03 6.95
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