The Thirty-Seventh AAAI Conference on Artificial Intelligence (AAAI-23)

ShadowFormer: Global Context Helps Shadow Removal

Langing Guo!, Siyu Huang?, Ding Liu®, Hao Cheng', Bihan Wen'*

'Nanyang Technological University, Singapore
2Harvard University, USA
3ByteDance Inc, USA
{langing001, hao006, bihan.wen } @ntu.edu.sg, huang @seas.harvard.edu, liuding @bytedance.com

Abstract

Recent deep learning methods have achieved promising re-
sults in image shadow removal. However, most of the exist-
ing approaches focus on working locally within shadow and
non-shadow regions, resulting in severe artifacts around the
shadow boundaries as well as inconsistent illumination be-
tween shadow and non-shadow regions. It is still challeng-
ing for the deep shadow removal model to exploit the global
contextual correlation between shadow and non-shadow re-
gions. In this work, we first propose a Retinex-based shadow
model, from which we derive a novel transformer-based net-
work, dubbed ShandowFormer, to exploit non-shadow re-
gions to help shadow region restoration. A multi-scale chan-
nel attention framework is employed to hierarchically capture
the global information. Based on that, we propose a Shadow-
Interaction Module (SIM) with Shadow-Interaction Attention
(SIA) in the bottleneck stage to effectively model the con-
text correlation between shadow and non-shadow regions.
We conduct extensive experiments on three popular public
datasets, including ISTD, ISTD+, and SRD, to evaluate the
proposed method. Our method achieves state-of-the-art per-
formance by using up to 150 x fewer model parameters.'

Introduction

Shadow is a ubiquitous phenomenon in capturing optical
images under the condition of the light being partially or
completely blocked. Shadow degrades the image quality
by limiting both the human perception (Cucchiara et al.
2003; Nadimi and Bhanu 2004) as well as many subsequent
vision tasks, e.g., object detection, tracking, and seman-
tic segmentation (Jung 2009; Sanin, Sanderson, and Lovell
2010; Zhang et al. 2018). Various solutions have been pro-
posed for image shadow removal, including the classic ap-
proaches (Gryka, Terry, and Brostow 2015; Zhang, Zhang,
and Xiao 2015; Xiao et al. 2013) that applied the physics-
based illumination models. Such methods are highly lim-
ited in practice as the assumptions made in the illumination
models are usually too restrictive for real-world shadow im-
ages. Recent methods (Qu et al. 2017; Hu et al. 2020) ap-
plied deep learning for image shadow removal, which have
achieved remarkable performance thanks to highly flexible
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Figure 1: The PSNR performance, v.s., the number of model
parameters of shadow removal models on ISTD dataset.

deep models trained from large-scale training data. Compar-
ing to many classic image restoration tasks, shadow removal
is more challenging due to the following aspects: 1) The
shadow patterns are arbitrary, diverse, and sometimes with
highly-complex trace structures, posing challenges to super-
vised deep learning for achieving “trace-less”” image recov-
ery; 2) The shadow degradation is spatially non-uniform,
leading to illumination and color inconsistency between the
shadow and non-shadow regions.

Recent shadow removal algorithms (Le and Samaras
2019; Fu et al. 2021) attempted to tackle the first challenge
by designing a separate refinement module to minimize
the remaining shadow trace in the recovered images. Be-
sides, DeshadowNet (Qu et al. 2017) proposed to suppress
the boundary trace artifacts by re-generating a more accu-
rate shadow density matte. These methods, though mitigate
the boundary trace artifacts at a certain level, adopt a sub-
optimal deep restoration framework that incorporated multi-
ple post-processing modules with huge computational over-
heads as shown in Figure 1. On the other hand, many deep
shadow removal algorithms fail to preserve the illumina-
tion and color consistency in the recovered image (Qu et al.
2017; Le and Samaras 2019; Fu et al. 2021), by largely ig-
noring the global contextual correlation amongst the shadow
and non-shadow regions. A more recent method (Chen et al.

"https://github.com/GuoLanqing/ShadowFormer



2021b) employed an ad-hoc external patch matching step to
exploit contextual information. However, such an approach
requires the external collected image patch dataset for sep-
arately training the patch matching module and only selects
the top K similar patches as a reference, in which the ex-
ploited contextual information is limited, and the computa-
tional cost is huge as shown in Figure 1.

In this work, we first extend the classic Retinex the-
ory (Land 1977) to model the shadow degradation, thus de-
riving a physics-driven shadow removal process to exploit
the information of non-shadow regions to help shadow re-
gion restoration. We then propose a lightweight transformer-
based network to tackle the shadow removal challenges in
an end-to-end way, named ShadowFormer. Figure 2 illus-
trates the proposed ShadowFormer network, in which we
build the encoder-decoder framework via channel attention
to efficiently stack the hierarchical information. In the bot-
tleneck stage, we further introduce the Shadow-Interaction
Module (SIM) with Shadow-Interaction Attention (SIA) to
exploit the global contextual correlation between shadow
and non-shadow regions across spatial and channel dimen-
sions. By fusing the global correlation information from the
bottleneck stage and low-level structure information from
shallow stages, we address the challenge of color inconsis-
tency and boundary trace in the restored shadow-free im-
ages. Experimental results show that the proposed Shad-
owFormer models can generate superior results consistently
over the three widely-used shadow removal datasets by sig-
nificantly outperforming the state-of-the-art methods using
5x to 150x fewer model parameters. The main contribu-
tions of this work are four-fold:

¢ We introduce a Retinex-based shadow model, which for-
mulates the degradation of shadow and motivates us to
exploit the global contexts for shadow removal.

* We propose a new single-stage transformer for shadow
removal (ShadowFormer) based on the multi-scale chan-
nel attention framework.

* We propose a Shadow-Interaction Module with Shadow-
Interaction Attention in the ShadowFormer to exploit the
global contextual correlation between shadow and non-
shadow regions.

* The comprehensive experimental results on the public
ISTD, ISTD+, and SRD datasets show that the proposed
ShadowFormer achieved a new state-of-the-art perfor-
mance with a very lightweight network, i.e., using up to
150x fewer model parameters.

Related Work

Shadow Removal. Classic shadow removal methods take
advantage of prior information, e.g., illumination (Zhang,
Zhang, and Xiao 2015), gradient (Gryka, Terry, and Brostow
2015), and region (Guo, Dai, and Hoiem 2012), for recov-
ering illumination in shadow regions. Recent learning-based
methods (Zhang et al. 2021a; Guo et al. 2021a,b; Wang et al.
2021a; Yu et al. 2022; Wang et al. 2023) apply high-quality
ground truth as guidance for image processing, e.g., shadow
removal. One group of works still reconstructed the shadow-
free image under a physical illumination model and pre-
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dicted an external shadow matte. For instance, Le et al. (Le
and Samaras 2019) applied the physical linear transforma-
tion model to enhance shadow regions by image decompo-
sition. However, most of them employed multiple networks
to predict the matte or refine the wrongly amplified bound-
ary, which suffers from huge computational overheads, and
sub-optimal design.

Some existing works have tried to explore the context in-

formation for shadow removal. For instance, (Qu et al. 2017;
Jin, Sharma, and Tan 2021; Guo et al. 2022) enlarged the
receptive field of the model by fusing multi-level features,
which exploited contextual semantic and appearance infor-
mation. Cun et al. (Cun, Pun, and Shi 2020) utilized a se-
ries of dilated convolutions as the backbone to exploit the
context features. After that, Chen et al. (Chen et al. 2021b)
proposed to explore the potential contextual relationship by
an ad-hoc external patch matting module, which only selects
the top K similar patches as a reference. In contrast, our pro-
posed ShadowFormer is an end-to-end method with only a
unified module, in which we utilize the transformer building
units to exploit the global contextual information.
Vision Transformer. Transformer-based models take ad-
vantage of the long-range dependencies within the con-
text, which have gained improvements among many vision
tasks (Fan et al. 2021; Yang et al. 2020). For low-level vi-
sion, the pioneering work, Chen et al. (Chen et al. 2021a)
proposed a unified model with multi-heads and tails for var-
ious restoration tasks based on the vanilla transformer struc-
ture, which is built on a huge number of model parame-
ters training on large-scale datasets. After that, Zhang et
al. (Zhang et al. 2021b) proposed a structure transformer
network STAR for image enhancement, which exploits
long-range and short-range context information. Wang et
al. (Wang et al. 2021b) designed a hierarchical U-shaped
network via the swin transformer block for image restora-
tion, including image denoising, deblurring, and deraining.

However, most of these methods focus on global corrup-
tion tasks, such as image denoising, image super-resolution,
and image deblurring. Contextual similarity provides lim-
ited valid information since the context is also degraded.
For the partial corruption problem, like shadow removal,
the transformer-based network should be more powerful as
there is little corrupted contextual information to guide im-
age restoration. In this paper, we explore the effectiveness of
the transformer block for shadow removal and introduce a
novel end-to-end pipeline for the shadow removal problem.

Retinex-based Shadow Model

A shadow region of an image I is caused by partial or com-
plete blocking. The classic model (Porter and Duff 1984)
decomposes I into the shadow and non-shadow regions:

IS == Im @ Is + (1 - I7n) @ Ins ) (1)

where I,,; and I, denote the non-shadow region and the
mask indicating the shadow region, respectively. ® denotes
the element-wise multiplication. Shadow removal task is to
recover the underlying shadow-free image Is from I, by
adjusting the image illumination and color. It is highly re-
lated to low-light image enhancement task, in which the fa-
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Figure 2: Overview of the ShadowFormer network. The channel attention transformer-based encoder and decoder are to extract
hierarchical information from the input shadow image, and to reconstruct the shadow-free image, respectively, using a series of
channel attention (CA) modules. In the bottleneck stage, we adopt a Shadow-Interaction Module (SIM) to exploit the context
information across both spatial and channel dimensions from non-shadow region to help shadow region restoration.

mous Retinex theory (Land 1977) assumes that an image 1
can be decomposed into the illumination L and reflectance
R, based on human color perception. We define the shadow-
free image as I,y = L,y ©R. Similarly, for shadow removal,
we propose a Retinex-Based Shadow Model as

I,=1,0L,0R+(1-1,)0L,; OR. (2

Here, Ly, L, and Ly denote the illumination of the
shadow, non-shadow regions, and the shadow-free image,
respectively. Our Model (2) indicates:

e The illumination degradation varies in the shadow and
non-shadow regions?, while the underlying I s contains
a spatially consistent L, ¢. Most of the existing shadow
removal methods ignored the illumination consistency
between shadow and non-shadow regions, leading to the
restored L that is spatially varying.

Both the shadow and non-shadow regions capture the
same underlying R, leading to a strong global contextual
correlation between the two regions. Such property has
been generally ignored in existing methods, which limits
their effectiveness in shadow removal tasks.

ShadowFormer

Different from previous works (Liang et al. 2021; Wang
et al. 2021b) which mainly focused on those image restora-
tion tasks dealing with global corruption, shadow removal
poses its unique problem with partial corruption, meaning
that the non-shadow region plays a crucial role for shadow
region restoration. Therefore, we propose two critical objec-
tives for shadow removal, which are inspired by Retinex-
Based Shadow Model (2): First, the receptive field of the
model should be as large as possible to capture the global
information; otherwise the local context might provide a
wrong reference. Second, the illumination information from
non-shadow region is an important prior for shadow region
restoration, which preserves the illumination consistency be-
tween shadow and non-shadow regions.

2The illumination of the non-shadow region L, s may not ex-
actly equal to Ly, as the shadow may affect the whole environ-
mental illumination in practice.

712

To achieve these two objectives, we design a transformer-
based network, dubbed ShadowFormer, for single-stage
shadow removal as shown in Figure 2. We first adopt the
channel attention (CA) (Hu, Shen, and Sun 2018) into the
transformer blocks to build a multi-scale encoder-decoder
pipeline as it captures the global information in an efficient
way. Then we propose a Shadow-Interaction Module (SIM)
with Shadow-Interaction Attention (SIA) for exploiting the
global contextual information across both spatial and chan-
nel dimensions from non-shadow region to help shadow re-
gion restoration in the bottleneck stage.

Overall Architecture

Given a shadow input I, € R3*H>*W yith the correspond-
ing shadow mask I,, € RH¥*W  we first apply one lin-
ear projection LinearProj(-) to obtain the low-level feature
embedding of input, denoted by X € RE*H*W where
C is the embedding dimension. Then we feed the embed-
ding X into the CA transformer-based encoder and de-
coder, each consisting of L CA modules to stack multi-scale
global features. Each CA module consists of two CA blocks,
as well as a down-sampling layer in the encoder or an up-
sampling layer in the decoder, as shown in Figure 3(a). The
CA block sequentially squeezes the spatial information via
CA and captures the long-range correlation via feed-forward
MLP (Dosovitskiy et al. 2010) as follows:

X = CA(LN(X)) + X, (3)
X = GELU(MLP(LN(X))) + X , (4)
where LN(:) denotes the layer normalization, GELU(-)

denotes the GELU activation layer, and MLP(-) denotes
multi-layer perceptron. After passing through L modules
within the encoder, we receive the hierarchical features
{X1,Xs,..., X}, where X[, € R2"C* 3L X3E | We calcu-
late the global contextual correlation via Shadow-Interaction
Module (SIM) according to the pooled feature Xy, in the
bottleneck stage (details refer to Section ). Next, the features
input to each CA module of the decoder is the concatenation
of the up-sampled features and the corresponding features
from the encoder through skip-connection.
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Figure 3: The detailed architectures of ShadowFormer model components. (a) Channel Attention (CA) Module in the encoder
and decoder. (b) Shadow-Interaction Module (SIM), as well as an illustration of Shadow-Interaction Attention (SIA). Reweight-
ing the attention map by the correlation map between shadow and non-shadow patches to emphasize the contextual correlation

between shadow and non-shadow regions.

Shadow-Interaction Module

Since shadow removal is a partial corruption task, the exist-
ing local attention mechanisms (Liu et al. 2021; Wang et al.
2021b) would be highly limited for shadow removal since
the regions inside the window may all be corrupted. To this
end, we propose a novel Shadow-Interaction Module (SIM)
to exploit the global attention information across both spatial
and channel dimensions. o

Given a feature map Y € RE*7*W normalized by a
LayerNorm (LN) layer, the SIM first employs CA to re-
weight the channels. To reduce the computational cost, we
then split the re-weighted feature map into a sequence of
non-overlapping windows X € RN*(P*xC) where P x P
is the size of each window, and N = HW /P? is the num-
ber of windows. Here the corresponding receptive field of
one window (P x 25)2 is very large while mapping to the
spatial domain. After that, we perform a Shadow-Interaction
Attention (SIA) on the flattened features in each window to
capture the global contextual information. Figure 3(b) illus-
trates the detailed architecture of SIM, which consists of two
blocks, each can be represented as follows:

X = SIA(CA(LN(X)), =) + X,
X = GELU(MLP(LN(X))) + X ,

where 3 denotes the patch-wise correlation map.

&)
(6)

Shadow-Interaction Attention. One location vector X? €

R2"Cx1x1 of the pooled feature map X, can correspond
to one patch in the input shadow image, where ¢, 7 denote
the spatial indexes of the feature map as well as its corre-
sponding mask. In the meanwhile, we apply max-pooling to
the shadow mask I, into the same spatial dimension of X,
denoted as M. According to the shadow mask, the patches
from shadow image can be categorized into shadow patches,
and non-shadow patches, denoted as 1 and 0, respectively.
Intuitively, we can exploit the patch-wise correlation map ¥
between non-shadow and shadow regions as follows:

S=M'oM’ Vij, (7)

where @ denotes exclusive OR operation. Based on that, we
propose a Shadow-Interaction Attention (SIA) to reweight
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the attention map to emphasize the similarity between non-
shadow region and shadow region as follows:

T

SIA(X, X¥) = softmax( QK ®)

YWVieX + (1-0)1],

where o € (0,1) adjusts the weight of shadow-shadow and
nonshadow-nonshadow pairs and d is the scaling parame-
ter. Q, K, and V represent the projected queries, keys, and
values of input feature map X.

Finally, we apply a linear projection to obtain a residual
image I,.. The final output is obtained by I=1,+1,. Dif-
ferent from other shadow removal methods (Fu et al. 2021;
Chen et al. 2021b; Zhu et al. 2022) are trained under a hy-
brid loss function, we only use one ¢; loss to constrain the
pixel-wise consistency:

L, 1) = HIgt —i’ : )

where the I is the output image and I is the ground truth
shadow-free image.

Experiments
Implementation Details

Networks. The proposed ShadowFormer is implemented
using PyTorch. Following (Vaswani et al. 2017), we train
our model using AdamW optimizer (Loshchilov and Hutter
2017) with the momentum as (0.9, 0.999) and the weight de-
cay as 0.02. The initial learning rate is 2¢ %, then gradually
reduces to 1e~% with the cosine annealing (Loshchilov and
Hutter 2016). We set the 0 = 0.2 in our experiments. (We
can achieve comparable results with ¢ = 0,0.1,0.3.) We
propose two variants of ShadowFormer, denoted as Ours-
Large and Ours-Small. Ours-Large model adopts a four-
scale encoder-decoder structure (L = 3), while Ours-Small
uses a three-scale encoder-decoder structure (L = 2). We
set the first feature embedding dimension as C' = 32 and
C = 24, for Ours-Large and Ours-Small, respectively. More
experimental settings can be found in supplementary.

Datasets. We work with three benchmark datasets for the
various shadow removal experiments: (1) ISTD (Wang, Li,



Shadow Region (S) |Non-Shadow Region (NS) All Image (ALL)
Method ‘Params ‘PSNRT SSIM? RMSE/| |PSNRT SSIM{ RMSE/ |PSNRt SSIMt RMSE|
Input Image -] 2240 0936 3210 | 2732 0976 7.09 |2056 0893 10.88
Guo et al. (Guo, Dai, and Hoiem 2012) - 2776 0964 18.65 | 26.44 0.975 7.76 23.08 0919 9.26
« |MaskShadow-GAN (Hu et al. 2019) | 13.8M | - - 1267 | - - 6.68 - - 741
13 |ST-CGAN (Wang, Li, and Yang 2018) | 31.8M | 33.74 0981 9.99 | 29.51 0958  6.05 |2744 0929 6.65
~'|DSC (Hu et al. 2020) 223M | 3464 0984 872 | 3126 0969 504 |29.00 0944 559
% |DHAN (Cun, Pun, and Shi 2020) 21.8M | 3553 0.988 749 | 31.05 0971 530 |29.01 0954 5.66
2 | Fu et al. (Fu et al. 2021) 186.5M| 3471 0975 791 | 2861 0880 551 |27.19 0945 588
| Zhu et al. (Zhu et al. 2022) 10.IM | 36.95 0987 829 |31.54 0978 455 |29.85 0960 5.09
Ours-Small 24M | 37.99 0990 6.16 | 33.89 0980 390 | 31.81 0967 4.7
Ours-Large 93M | 38.19 0.991 596 | 3432 0981 372 | 3221 0968 4.09
Input Image -] 2234 0935 3323|2645 0947 725 |2033 0874 1135
= |ARGAN (Ding et al. 2019) - - - 921 - - 6.27 - - 663
£ |DHAN (Cun, Pun, and Shi 2020) 21.8M | 3479 0983 813 | 2954 0941 594 |27.88 0921 6.29
2’| CANet (Chen et al. 2021b) 3582M| - - 886 | - - 6.07 - - 615
S |Ours-Small 24M | 3685 0.985 693 | 31.88 0.952 459 | 30.16 0934 4.9
Ours-Large 93M | 37.03 0.985 6.76 | 3220 0.953 444 | 3047 0935 4.79

Table 1: The quantitative results of shadow removal using our models and recent methods on ISTD (Wang, Li, and Yang 2018)

[T3RL]

datasets. We put

to denote those models or results that are not available.

Method Shadow Region (S) |Non-Shadow Region (NS) All Image (ALL)
PSNR?T SSIM7T RMSE] |[PSNR1 SSIMT RMSE| |[PSNR1T SSIM1T RMSE]

Input Image 18.96 0.871 36.69 | 31.47 0.975 4.83 18.19 0.830 14.05
Guo et al. (Guo, Dai, and Hoiem 2012) - - 29.89 - - 6.47 - - 12.60
DSC (Hu et al. 2020) 30.65 0.960 8.62 | 31.94 0.965 4.41 2776 0903 5.71
DHAN (Cun, Pun, and Shi 2020) 33.67 0978 894 | 3479 0.979 4.80 30.51 0.949 5.67
Fu et al. (Fu et al. 2021) 3226 0966 9.55 | 31.87 0.945 5.74 28.40 0.893 6.50
Zhu et al. (Zhu et al. 2022) 3494 0980 7.44 | 3585 0.982 3.74 31.72 0952 4.79
Ours-Small 36.13 0988 6.05 | 3595 0.986 3.55 3238 0.955 4.09
Ours-Large 3691 0989 590 | 36.22 0.989 3.44 3290 0.958 4.04

Table 2: The quantitative results of shadow removal using our models and recent methods on SRD (Qu et al. 2017) datasets.

and Yang 2018) dataset includes 1330 training and 540 test-
ing triplets (shadow images, masks, and shadow-free im-
ages). (2) Adjusted ISTD (ISTD+) dataset (Le and Sama-
ras 2019) reduces the illumination inconsistency between
the shadow and shadow-free image of ISTD by the image
processing algorithm, which has the same number of triplets
with ISTD. (3) SRD (Qu et al. 2017) dataset consists of 2680
training and 408 testing pairs of shadow and shadow-free
images without the ground truth shadow masks. We use the
predicted masks that are provided by DHAN (Cun, Pun, and
Shi 2020) for training and testing.

Evaluation metrics. Following the previous works (Wang,
Li, and Yang 2018; Guo, Dai, and Hoiem 2012; Qu et al.
2017; Le and Samaras 2019; Cun, Pun, and Shi 2020; Fu
et al. 2021), we utilize the root mean square error (RMSE)
in the LAB color space as the quantitative evaluation metric
of the shadow removal results, comparing to the ground truth
shadow-free images. Besides, we also adopt the Peak Signal-
to-Noise Ratio (PSNR) and the structural similarity (SSIM)
to measure the performance of various methods in the RGB
color space. For the PSNR and SSIM metrics, higher values
represent better results.

Comparison with State-of-the-Art Methods

We compare the proposed method with the popular or state-
of-the-art (SOTA) shadow removal algorithms, including
one traditional method, i.e., Guo et al. (Guo, Dai, and
Hoiem 2012), and several deep learning-based methods, i.e.,
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Method Shadow Non-Shadow All
PSNRT RMSE/ |PSNR1 RMSE| |PSNRT RMSE|

Input Image| 20.83  40.2 | 3746 2.6 2046 85
Param-Net - 9. - 3.0 - 4.0
SP+M-Net | 37.59 5.9 36.02 3.0 3294 35
DHAN 3292 112 | 2715 7.1 25.66 7.8
Fu et al. 36.04 6.6 31.16 3.8 2945 42
Ours-Small | 39.53 54 | 38.67 24 | 3542 28
Ours-Large | 39.67 52 | 38.82 23 3546 2.8

Table 3: The quantitative results of shadow removal using
our models and recent methods on ISTD+ dataset.

MaskShadow-GAN (Hu et al. 2019), ST-CGAN (Wang, Li,
and Yang 2018), DSC (Hu et al. 2020), ARGAN (Ding et al.
2019), DHAN (Cun, Pun, and Shi 2020), SP+M-Net (Le and
Samaras 2019), Fu er al. (Fu et al. 2021), CANet (Chen et al.
2021b), and Zhu et al. (Zhu et al. 2022). As there are differ-
ent experiment settings (in training and testing) that were
adopted by previous shadow removal works, for a fair com-
parison, we conduct experiments on two major settings over
ISTD dataset following two most recent works, i.e., Zhu et
al. (Zhu et al. 2022) and DHAN (Cun, Pun, and Shi 2020):
(1) The results are resized into a resolution of 256 x 256
for evaluation. (2) The original image resolutions are kept
in both training and testing stages. For SRD and ISTD+
datasets, we only employ the setting (1) following the set-
ting of most competing methods.
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Figure 4: Examples of shadow removal results on the ISTD (Wang, Li, and Yang 2018) dataset and SRD (Qu et al. 2017). The
input shadow image (a), the estimated results of DSC (Hu et al. 2020) (b), Fu et al. (Fu et al. 2021) (c), DHAN (Cun, Pun, and
Shi 2020) (d), Ours-Small (e), Ours-Lage (f), and the ground truth (g), respectively. Zoom in to see the details.

Quantitative measure. Tables 1, 2&3 show the quanti-
tative results on the testing sets over ISTD, ISTD+, and
SRD, respectively. It is clear that our methods outperform
all competing methods by large margins in shadow area,
non-shadow area and the whole image over all of the three
datasets. Some methods would even destroy the non-shadow
region after shadow removal as shown in the result of non-
shadow area (N) over ISTD+ dataset in Table 3. With the
merits of the multi-scale CA transformer architecture, Shad-
owFormer can effectively exploit the hierarchical global
contextual information towards trace-less results. The pro-
posed SIM can exploit the contextual correlation between
shadow and non-shadow regions to correct the illumina-
tion of shadow region, preserving the illumination consis-
tency. Besides, the most recent SOTA methods, i.e., Fu et
al. (Fu et al. 2021) and CANet (Chen et al. 2021b), em-
ployed very deep and large backbones, e.g., U-Net256 (Ron-
neberger, Fischer, and Brox 2015) and ResNeXt (Xie et al.
2017). Compared with them, our methods only use less than
0.5% (Ours-Small) or 2.5% (Ours-Large) of the number of
parameters of those competing methods. With far fewer pa-
rameters, ShadowFormer provides more superior shadow re-
moval performance on the test sets than all the recently pro-
posed models, achieving the new SOTA results over three
widely-used benchmarks.

Qualitative measure. To further demonstrate the advantage
of ShadowFormer against other competing methods, Fig-
ure 4 presents the visual examples of the shadow removal re-
sults on ISTD and SRD, respectively. More visual examples
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can be found in the supplementary. Note that the images
from the ISTD dataset have high context similarity and the
scene is relatively simple. In these samples of ISTD dataset,
previous works usually produce illumination inconsistencies
and wrongly-enhanced shadow boundaries. The DSC (Hu
et al. 2020) and DHAN (Cun, Pun, and Shi 2020) meth-
ods would wrongly enlighten some regions with insufficient
lightness, e.g., the sky region in third row in Figure 4, lead-
ing to many ghosts. In addition, almost all competing meth-
ods cannot preserve the illumination consistencies between
shadow and non-shadow regions, which seriously destroy
the image structure and patterns, thus causing sharp bound-
aries as shown in the first and second rows in Figure 4. How-
ever, with the merits of proposed SIM, it is clear that our
methods can successfully enhance the shadow region with
the help of non-shadow region. On the other hand, the image
structures on SRD dataset are more complicated and always
with diverse colors. In these samples of SRD dataset, previ-
ous works lost the ability to enhance the illumination of the
background and suppress the boundary artifacts in a compli-
cated and colorful region, e.g., the blue poster in the fourth
row in Figure 4.

Ablation Study

We implement and evaluate a series of variants of Shadow-
Former over the ISTD dataset, to thoroughly investigate the
impact of these components we proposed in this work. Ta-
ble 4 shows the evaluation results and Figure 5 demonstrates
the visual examples on different variants.
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Figure 5: Visual examples of the results, the zoom-in re-
gions, and the zoom-in error maps for ablation study, includ-
ing shadow input, and results of four ablation experiments
corresponding to the No. in Table 4.

Shadow Non-Shadow All
‘CA SA SIA‘PSNRT SSIM|PSNRT SSIM*|PSNRT SSIM+
o v V' |3661 0986|3200 0.950]|30.04 0.934
v 36.49 0.984 | 30.95 0952|2941 0.933
olv vV 36.48 0.985 | 32.00 0.952|30.16 0.934
@ v v/ | 37.03 0985|3220 0.953 | 30.47 0.935

Table 4: Quantitative evaluation results on ISTD dataset over
Ours-Large model against its variants without the CA, with-
out the STA, and without spatial attention (SA).

The effectiveness of CA transformer: We remove the
Channel Attention (CA) in encoder and decoder, and replac-
ing with the same number of vanilla window-based spatial
attention (SA) (Wang et al. 2021b), denoted by @. It turns
out that the SA within small window in the shallow layers is
useless, leading to shadow and non-shadow regions incon-
sistency of restored image, as shown in Table 4. Compari-
son between SA and SIA: We also conduct the experiment
to verify the effectiveness of the Shadow-Interaction Atten-
tion (SIA). Specifically, we first remove the whole SIA in the
bottleneck stage, denoted by @. As shown in @ of Figure 5,
the result of the model with only channel attention has ob-
vious boundary artifacts and illumination inconsistency be-
tween the shadow and non-shadow regions since the channel
attention cannot preserve the spatial consistency. Besides,
we compare the SIA with vanilla SA, where we do not use
the correlation map between shadow/non-shadow patches to
re-weight the attention map, but still preserve the vanilla SA,
denoted by @. The vanilla SA might over-explore the cor-
relation between shadow and shadow regions, leading to a
wrong guidance for restoration. In contrast, the SIA in the
bottleneck stage contributes to both shadow and non-shadow
regions restoration, achieving trace-less results. It exploits
the self-similarity between each spatial location and refines
the contour of input shadow mask. From the comparison in
@ of Figure 5, the result of the model with SIA is trace-
less and the artifacts has been suppressed to some extension.
More ablation studies are included in supplementary.

Network Analysis

The activation area and effect of ShadowFormer. To ver-
ify our motivation that the employed Shadow-Interaction
Module (SIM) can exploit the contextual information be-
tween shadow and non-shadow regions, where the non-
corruption area can help shadow area enhancement. We il-
lustrate the attention maps for some key patches within
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Figure 6: Visualization of correlation maps in SIM for three
(red, purple, and blue) key points within shadow region be-
tween shadow and non-shadow regions.

Synthetic Data
N A

8.5 3.6 4.4]11.3(+2.8) 3.6(+0) 4.9(+0
744852
522328

Real Data
Method ‘s . A‘

SP+M-Net .5)
DHAN T(+2.3) 4.0(-0.8) 4.9(-0.3
Ours-Large A(+0.9) 2.3(+0) 2.9(+0.1)

[Nl

Table 5: Quantitative evaluation results (RMSE|) on ISTD+
dataset over the SOTA methods and our method training
with real data or synthetic data (where S, N, A represent the
shadow area, non-shadow area and all image, respectively).

shadow region in Figure 6. We can see that the correspond-
ing regions, e.g., glass, tiles, and stones, can successfully
find the content related non-corruption references.

The robustness to synthetic data. Obtaining a large-scale,
diverse, and accurate dataset has still been a big chal-
lenge, and it limits the generalization and performance
of the learned models on shadow images with unseen
shapes/scenes. Recently, many researchers (Sidorov 2019;
Inoue and Yamasaki 2020) tried to propose the shadow syn-
thetic algorithm to tackle the data limitation problem. In
order to evaluate the robustness of our model, we apply
one synthetic shadow dataset (Inoue and Yamasaki 2020)
as training set, then evaluate on real ISTD+ testing set. For a
fair comparison, we also employ the same training set for the
competing methods. As shown in Table 5, the performance
of previous methods would be significantly affected when
training with synthetic data especially for the shadow region.
For example, the RMSE performance of shadow area for
SP+M-Net (Le and Samaras 2019) drops from 8.5 to 11.3,
whereas our method only drops 0.9. With merits of shadow
and non-shadow correlation exploiting, the proposed Shad-
owFormer has better generalizability.

Conclusion

In this work, we propose a Retinex-based shadow model,
which motivates us to exploit the non-shadow region to help
shadow region restoration. We introduce a novel single-stage
transformer for shadow removal, called ShadowFormer,
which is built on a channel attention encoder-decoder ar-
chitecture, and a Shadow-Interaction Module in the bottle-
neck stage. We further introduce a Shadow-Interaction At-
tention to exploit the contextual information of images, such
that the non-shadow region with mild degradation would
guide the shadow restoration to improve illumination and
color consistency. We show that ShadowFormer can effec-
tively alleviate the contour artifacts towards trace-less im-
age reconstruction, outperforming competing methods over
all datasets, with far fewer amount of model parameters.
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