


Figure 1. The overview of our proposed CANet, which takes two stages for shadow removal. At Stage-1, the contextual feature is firstly
extracted via a pretrained DenseNet [18]; meanwhile, the designed contextual patch matching module (CPM) (see Figure 2) is used to
acquire a set of contextual matching pairs; then, applying a contextual feature transfer mechanism (see Figure 3) to transfer contextual
information from non-shadow patches to shadow patches to recover the L and A/B channels of the shadow-removal image. At Stage-I1, we
integrate the recovered L and A/B channel information with the input shadow image and feed them into a DenseUNet to generate the final

shadow-removal result.

moval, which may be lack of expandability for other kinds
of shadow images. Cun et al. [3] designed a network named
SMGAN for shadow-removal, which can produc ghost-free
shadow-removal images. Although those existing methods
achieve some advances, they only focus on increasing the
receptive field of the model, ignoring the paired matching
information in the image. In contrast, our proposed CANet
is proposed to explore the underlying contextual informa-
tion between shadow and non-shadow regions.

3. Method

Intuitively, two patches with similar textures should have
similar illumination and context under the same shadow-
free environment. Based on this, we explore the idea of
context-aware information transfer to conduct our shadow
removal task. The proposed two-stage context-aware net-
work (CANet) for shadow removal is illustrated in Figure
1. At Stage-I, given a shadow image, the L and A/B chan-
nels of a shadow-removal image are recovered with contex-
tual information transferred from non-shadow patches, rely-
ing the obtained contextual patch matching information. At
Stage-Il, a DenseUNet is designed to integrate the recov-
ered L and A/B channel information with the input shadow
image to generate a high-quality shadow-removal image.

In the following subsections, we will introduce our con-
textual patch matching module, contextual feature transfer
mechanism, and the two-stage CANet for shadow removal.

3.1. Contextual Patch Matching Module

As shown in Figure 1, the CPM module is designed
to generate a set of ordered patch matching pairs of non-

shadow and shadow patches with the prediction correlation
scores together.

Figure 2. The architecture of our dual-head contextual patch
matching module. We first calculate the shadow-unaware image
by lightness average with a mean-filter operation. Then, we extract
32 32 patches from the shadow image and the shadow-unaware
image, and feed them into the shared patch descriptor to extract
deep learning features. Finally, the extracted features are fed into
the two heads to predict the type (denoted as -1, O, or 1) of the in-
put patch pair and the corresponding degree as a continuous value
in the range of 0 to 1 to measure their correlation.

To avoid matching errors caused by shadows, given an






3.2. Contextual Feature Transfer Mechanism

The target of our contextual feature transfer mechanism
is to transfer the contextual feature from non-shadow re-
gions to shadow regions, resulting in feature maps with-
out shadow information. Generally, directly replacing the
features from non-shadow regions to shadow regions may
cause sub-optimal results, such as discontinuity, artifacts.
Therefore, we introduce a contextual feature transfer (CFT)
mechanism to perform information transfer in feature space.

The process of our contextual feature transfer model is
shown in Figure 3. Given a shadow patch from the in-
put feature map, we first retrieve the matched non-shadow
patches from the generated set of patch matching pairs.
Then, for each shadow patch, we use Gaussian sampling to
perform contextual feature transfer using the matched non-
shadow patches. Finally, we integrate the top-k transferred
feature patches according to the correlation degree between
each matching pair.

Let n be the kernel size of Gaussian sampling and k be
the feature transfer times. The Gaussian sampling can be
written as:
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where FQ;Y and Fy., are the feature maps after and be-
fore sampling at position (X;y), respectively. *( X; V)
is the Gaussian weight at the position (X + X;y + V)

and 7( x; y) =exp # , Where s the vari-
ance of the Gaussian distribution.

To better integrate the transferred features, we adaptively
integrate the k sampling results according to the correlation
degree of each matching pair. The reconstructed shadow-

less feature F can be written as:

X Wi
F= pP—F) (6)
i=1 = Wi
where F/ is the i-th sampling result, w; is the correlation de-
gree between the matching pair. Due to Gaussian sampling
has a larger receptive field and takes surrounding informa-
tion into consider when sampling, the Gaussian sampling in
the contextual feature transfer mechanism can help to better
transfer the contextual information and get pleasant results.

3.3. Shadow Removal with Two-stage Strategy

Our shadow-removal network CANet adopts a two-stage
strategy. At Stage-1, we first use a DenseNet [18], pre-
trained on ImageNet[4] as the feature extractor to extract
the contextual features. Then, with the extracted contextual
features as inputs, we apply our contextual feature trans-
fer mechanism to transfer the features from non-shadow re-
gions to shadow regions at different scales. With a series of

upsampling and residual blocks, we can remove shadows at
the L and A/B channels separately. As we can see from the
statistical analysis in Figure 4, the L channel is more sensi-
tive than A/B channels to highlight the difference between
shadow and non-shadow regions. The separation treatment
can avoid the over-processing of A and B channels and the
inadequate processing of the L channel, making it more pro-
pitious to feature transfer in the contextual feature transfer
model.

Figure 4. The difference between the input shadow image and the
ground truth shadow-free image in shadow areas of each channel
in LAB color space on the ISTD dataset [35](first row) and the
SRD dataset [31](second row).

Note that the recovered L and A/B channels are shadow-
removal results using transfer operation, which maybe con-
tain undesirable areas due to the inaccurate match in CPM
module. Hence we turn to Stage-ll to produce a fine
shadow-removal result, which takes the recovered L and
A/B channel as strong guidance information for shadow-
removal result generation. At Stage-Il, with the recovered
L and A/B channel images and the shadow image as inputs,
we use DenseUNet, an encoder-decoder structure, to predict
the final shadow-removal image.

To get a robust parametric model for shadow removal,
we use a total loss Lcanet to train our CANet. It is defined
with a removal loss Lyem, a perceptual 10ss Lper, and a
gradient loss Lgrag, i.€.,

Leanet = 1lrem + 2Lper + 3lgrad )

where 1, 2, 3 are the hyperparameters. In this paper, we
set 1 =1, =25 3=5.

The removal loss L ¢ is the visual-consistency loss be-
tween the shadow removal result of two stages lout 1; lout.2
generated by our CANet and the corresponding ground-
truth g, i.e.,

Lrem = klgt Ioutkg: (8)

The perceptual loss Lper is perceptual-consistency loss
which aims to preserve the structure of image and is defined
as:

I—per = kv GG(Igt) \'% GG(Iout)kl ) 9
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