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Abstract

We present a framework that achieves shadow removal by
learning intrinsic image decomposition (IID) from unpaired
shadow and shadow-free images. Although it is well-known
that intrinsic images, i.e., illumination and reflectance, are
highly beneficial to shadow removal, IID is rarely adopted by
previous work due to its inherent ambiguity and the scarcity
of training data. However, we find that by properly coupling
shadow removal and IID into a joint learning framework, they
can reinforce each other and enable promising results on both
tasks, even with unpaired training data. Our framework is
comprised of an IID network for separating the shadow in-
put image into illumination and reflectance, and an illumi-
nation recovery network for predicting shadow-free illumi-
nation with which we are able to produce the shadow re-
moval output by recombining with the estimated reflectance.
We perform extensive experiments on various benchmark
datasets to demonstrate the effectiveness of our method in
shadow removal, and also showcase our advantage over previ-
ous IID methods in handling images with complex shadows.

Introduction

Shadows are everywhere in photos. Although they are im-
portant clue to perceive scene lighting and geometry, their
presence may degrade the overall visual quality of a photo
(e.g., unwanted shadows in landscape and document im-
ages), and may also challenge many fundamental computer
vision tasks, such as segmentation, object detection and
tracking. Hence, shadow removal has long been a fundamen-
tal problem in computer vision.

Shadow removal is a challenging task as it requires to
accurately locate shadows and recover illumination for the
shadow regions while restoring the texture details behind the
shadows, which depends on reliable understanding of the
scene lighting, geometry, and material information. There
are numerous shadow removal methods in the literature.
Early work addresses the problem by formulating it as layer
separation based on a specific image formation model (Fin-
layson, Hordley, and Drew 2002; Liu and Gleicher 2008),
or by transferring illumination from non-shadow regions to
shadow regions (Zhang, Zhang, and Xiao 2015; Guo, Dai,
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and Hoiem 2011). Recent effort and progress on shadow
removal is mostly learning-based, due to the emergence of
deep learning and large-scale datasets (Wang, Li, and Yang
2018; Le and Samaras 2019; Qu et al. 2017).

Most learning-based shadow removal methods are trained
in a fully-supervised manner (Zhang et al. 2020; Niu et al.
2022; Liu et al. 2023b; Zhang, Gu, and Zhu 2022; Zhu et al.
2022c; Sen et al. 2023; Liu et al. 2024), requiring paired
shadow and shadow-free images. Although these methods
demonstrate promising results, the inherent difficulty of col-
lecting massive real-world paired images covering diverse
scenes limits their generalization capability. A line of re-
search to eliminate the dependency on paired data is to learn
image-to-image translation based on unpaired data (Hu et al.
2019b; Liu et al. 2021a; Jin, Sharma, and Tan 2021; Le and
Samaras 2020; Luo et al. 2023). However, methods in this
category have the following two limitations: (i) they usually
do not generalize well to unseen data beyond the training
data, (ii) they may produce unnatural results with disturb-
ing shadow residual or appearance inconsistency artifacts, as
shown in Figure 3, 4. Besides, there are also a few attempts
towards zero-shot shadow removal trained on a single image
(Gandelsman, Shocher, and Irani 2019; Jiang et al. 2023),
but the high inference time limits their practicability.

A recent research trend is to utilize intrinsic images for
shadow removal (Liu et al. 2024; Guo et al. 2023c). Based
on paired training data, Liu ef al. (Liu et al. 2024) proposed
to learn intrinsic image decomposition (IID) for removing
shadows by recasting the lighting of the shadow regions,
while Guo et al. (Guo et al. 2023c¢) firstly employed a pre-
trained inpainting diffusion model for shadow removal, and
then trained an IID model based on synthesized shadow im-
ages for refining context details within the shadow regions.
Although these two works demonstrate impressive results,
they either require paired data for training, or modelling
shadow removal and IID separately. Moreover, both of them
rely on high-quality masks to locate shadows during training
and testing. In this paper, we present a framework for joint
learning of shadow removal and intrinsic image decomposi-
tion from unpaired shadow and shadow-free images, with-
out using shadow masks. Instead of directly learning image-
to-image translation like previous unpaired learning based
methods, we design our framework to learn IID for obtain-
ing an intermediate representation that decouples the origi-



nal shadow image into illumination and reflectance. Based
on the estimated illumination, we develop an illumination
recovery network to adaptively locate shadows and generate
shadow-free illumination that compensates for the occluded
lighting in shadow regions. The shadow removal result is
then produced by recombining the shadow-free illumination
and the original reflectance. To enable more effective IID,
we devise a novel loss function that enforces reflectance con-
sistency via shadow removal and shadow generation based
on cycle-based adversarial training framework. Below, we
summarize the major contributions of this work:

* We present a framework that jointly learns shadow re-
moval and IID from unpaired shadow and shadow-free
images without shadow masks.

We present an IID network for decomposing an image
into reflectance and illumination, and develop an illumi-
nation recovery network for locating and removing shad-
ows in the illumination space.

We show that our method outperforms existing unsuper-
vised and unpaired learning based shadow removal meth-
ods, and also enables very promising IID performance on
previously challenging outdoor images with shadows.

Related Work

Shadow Removal. Early shadow removal methods are pri-
marily designed based on the observed physical properties
of shadow (Drew, Finlayson, and Hordley 2003), and cer-
tain assumptions on low-level features such as edge (Shor
and Lischinski 2008), intensity (Gryka, Terry, and Brostow
2015), and texture (Zhang, Zhang, and Xiao 2015). How-
ever, these methods fail to handle complex shadows, since
real-world shadows cannot always be effectively modeled
by simplified physical properties and assumptions. In recent
years, deep-learning-based methods have become a prefer-
able choice for shadow removal. Given the access to paired
datasets such as ISTD (Wang, Li, and Yang 2018) and SRD
(Qu et al. 2017), a large number of methods are developed
by learning image-to-image mapping in a fully supervised
manner (Guo et al. 2023b; Zhu et al. 2022b; Wan et al. 2022;
Liu et al. 2023a,b, 2024; Jin et al. 2024). Different from
supervised methods, some works propose to train shadow
removal networks based on unpaired shadow and shadow-
free images that are easy to collect (Hu et al. 2019b; Liu
et al. 2021a; Le and Samaras 2020; Jin, Sharma, and Tan
2021; Luo et al. 2023). More recently, Guo et al. (Guo et al.
2023c) proposed to utilize an IID model trained on synthe-
sized shadow images to help refine the context information
of shadow removal result generated by a pre-trained inpaint-
ing diffusion-based model.

Intrinsic Image Decomposition. Due to the ill-posed nature
of this problem, traditional IID methods focus primarily on
formulating optimization that integrates hand-crafted priors
or assumptions on reflectance and illumination (Bi, Han, and
Yu 2015; Li and Brown 2014). Recent IID methods are basi-
cally built upon deep neural networks. Based on the datasets
with ground-truth intrinsic images (e.g., MIT (Grosse et al.
2009), MPI-Sintel (Butler et al. 2012), and ShapeNet (Chang
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et al. 2015)), various supervised methods were developed
(Narihira, Maire, and Yu 2015a; Kim et al. 2016; Lettry,
Vanhoey, and Van Gool 2018). However, as MPI-Sintel and
ShapeNet are synthetic datasets, and the MIT dataset con-
tains only a very small number of images, current supervised
methods do not generalize well to real-world scenes. Along
with the introduction of two real-world indoor datasets with
human annotations, i.e., [IW (Bell, Bala, and Snavely 2014)
and SAW (Kovacs et al. 2017), IID of real-world scenes
have been significantly fueled in later works (Zhou, Kra-
henbuhl, and Efros 2015; Baslamisli, Le, and Gevers 2018;
Fan et al. 2018; Narihira, Maire, and Yu 2015b; Nestmeyer
and Gehler 2017; Das, Karaoglu, and Gevers 2022). How-
ever, these methods fail to handle outdoor scenes. Although
there are several attempts towards unsupervised IID (Li and
Snavely 2018; Zhang et al. 2021; Liu et al. 2020; Janner
etal. 2017; Ma et al. 2018; Jin et al. 2023), they do not work
well for outdoor scenes with complex shadows.

Method

Figure 1 presents the workflow of our framework. It is com-
prised of two main sub-networks, i.e. intrinsic image decom-
position network (IID-Net) and illumination recovery net-
work (IR-Net). Given an input shadow image, we first feed it
to IID-Net to obtain its intrinsic images, i.e., reflectance and
illumination. Next, the IR-Net is employed to locate shad-
ows based on the illumination and recover a shadow-free
illumination that can be recombined with the reflectance to
produce the final shadow removal result. The whole network
is trained with unpaired shadow and shadow-free images, by
jointly learning IID and shadow removal.

Shadow Removal via Intrinsic Decomposition

Given a shadow image I, intrinsic decomposition aims to
factorize it into the pixel-wise product of a reflectance (also
referred to as albedo) image R and an illumination (also re-
ferred to as shading) image S, i.e.,

I=ROS. (D

With the estimated reflectance R and illumination S, shadow
removal can be parameterized and formulated as

I; =R® Sy, with Sy = Fo(S), 2)

where Fy denotes a deep network with learned parameters
0 for illumination recovery, from which we get the shadow-
free illumination Sy. I is the desired shadow removal result
produced by combining the original reflectance IR and the
predicted shadow-free illumination S.

Our motivation. Tackling shadow removal from the per-
spective of IID involves many challenges. First of all, IID it-
self is a very challenging ill-posed problem, especially when
faced with real-world outdoor images with shadows. In ad-
dition, shadow removal has low tolerance to bad decompo-
sition that misclassifies shadows as reflectance. Finally, how
to learn high-quality IID from unpaired shadow and shadow-
free images remains unexplored. Despite the above chal-
lenges, we show that by coupling shadow removal and 11D
in a joint learning framework, the two tasks can effectively
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Figure 1: Overview of our method. Given an input shadow image I, it is first fed into the intrinsic image decomposition
network (IID-Net) to obtain reflectance R and illumination S. Next, the illumination recovery network (IR-Net) takes the illu-
mination S as input and produces a shadow-free illumination S, by performing weighted fusion between a series of attention
maps and the corresponding illumination compensation images. Based on Sy, a shadow removal output I is recovered by
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Figure 2: Learning reflectance consistency from shadow
generation.

reinforce each other, giving our approach various advan-
tages over prior works: (i) Thanks to the simplicity and sim-
ilarity nature of illumination in natural images, our method
has stronger generalization capability in shadow removal,
as demonstrated in Figure 9. (ii) As shadows are restored
in a material-independent illumination space, the common
appearance inconsistency artifacts encountered by previous
methods are well-suppressed in our method (see Figures 3
and 4). (iii)) As a byproduct, our method enables surpris-
ingly good IID performance on previously challenging out-
door images with shadows (see Figure 5).

Intrinsic Image Decomposition Network

To guarantee the success of our IID-Net, we first define the
following reconstruction loss to constrain that the estimated
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R © Sy. The entire network is trained with unpaired data, based on a loss function consisting of various reflectance/illu-

reflectance R and illumination S can reconstruct the original
image I:
Lrece=||[I-ROS|1. 3)
Besides, we enforce reflectance consistency between the
original shadow image I and the generated shadow-free im-
age Iy to ensure that the learned reflectance is independent
of illumination, which is expressed as:

Le= || R= Ry |h, @)
where Ry is reflectance estimated from the output shadow-
free image [¢. To enable more effective reflectance learn-
ing, unlike previous unpaired learning methods that use the
shadow generator G solely for cycle consistency constraint,
we further utilize G5 to produce a sequence of shadow im-
ages based on a shadow-free input image ¢ and a set of
shadow masks (see Figure 2). We then impose reflectance
consistency between the reflectance of the generated shadow
images and the original shadow-free input image by:

K
‘620 = Z H Rsf _R; ||17
=1

where RS t 1s reflectance of the shadow-free input I, ¢, while
{RI}E | denotes the set of reflectance estimated from the
generated shadow images. Note, K is empirically set as 5,
and the shadow masks used for generation are produced
by (Otsu 1979) based on the input shadow image I and
predicted shadow-free image Iy during training. The re-
flectance consistency loss for IID-Net is now defined as:

L= K’vl"c + E%c? (6)
Considering that illumination is generally locally smooth

in natural images (Li and Brown 2014), we propose to en-
courage spatially smoothness of illumination by:

Esmooth = ||vacSH1 + HvyS”l’

(&)

(7
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Figure 3: Visual comparison of shadow removal on ISTD+ (first two rows) and SRD dataset (last two rows).

extraction, a generator G4 to predict a group of normal-
ized attention maps {c;} ,, and another generator G'cop,
for producing the same number of illumination compensa-
tion images {C;}¥.; where Cly is fixed to the original illu-
mination S. In this way, we are able to obtain the desired
shadow-free illumination S; by

N
Sf = Zaici, (8)
i=1

where NV is the number of attention maps, which is empir-
ically set as 10. The reason behind setting Cy = S is to
encourage the attention map « to locate non-shadow re-
gions while enforcing the remaining attention maps to focus
on shadows. Multiple attention maps utilized for shadows is
to account for possible inhomogeneous shadows involving
complex illumination variations.

Input MaskGAN  ShadowDiff HomoFormer Ours It is worth mentioning that a similar fusion strategy was
explored in (Fu et al. 2021), which achieves shadow removal
Figure 4: Visual comparison of shadow removal on USR by weighted fusion of the original shadow image and its
(first two rows) and SBU datasets (last two rows). multiple over-exposure images. However, their design is not
suitable for our task because it requires firstly training an
exposure estimation model based on paired data, and then
where V, and V, refer to first-order derivatives along hori- incorporating the model to train another weighted fusion
zontal and vertical directions, respectively. Note that, to ac- framework in a fully supervised manner. As shown in Figure
celerate training, we initialize illumination S to be the Y 8, naively transferring the design in (Fu et al. 2021) to our
channel of the input shadow image I in YUV color space. framework yields unsatisfactory results.
INlumination Recovery Network Loss Function
To remove shadows while avoiding unwanted modifications In addition to the losses related to IID-Net, akin to (Hu et al.
to the original non-shadow regions, we design IR-Net to be 2019b), we employ various other losses to enable more ef-
comprised of three components, an encoder E for feature fective learning from unpaired data. Specifically, a discrim-
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ISTD+ SRD

Method Training data  Params  Flops gy | Non-Shad.| All|  Shad.| Non-Shad.| AIL|
Input Image - - - 40.20 2.60 850  36.69 4.83 14.05
DeshadowNet Paired - - 15.90 6.00 7.60 11.78 4.84 6.64
ST-CGAN Paired+Mask 29M 18G  13.40 7.70 870 18.64 6.37 8.23
DHAN Paired+Mask 22M 263G 11.20 7.10 7.70 8.73 5.81 6.62
Auto-Exposure Paired+Mask 143M 160G  6.50 3.80 4.20 8.56 5.75 6.51
Inpaint4shadow Paired+Mask 15M 381G 5.93 2.90 3.39 6.09 2.97 3.83
ShadowFormer Paired+Mask 11M 64G 5.40 2.40 2.80 6.05 3.55 4.09
ShadowDiff Paired+Mask 64M  9100G 4.90 2.30 2.70 4.98 344 3.63
RRL-Net Paired+Mask 172M  6100G  5.69 2.31 2.87 5.49 3.00 3.66
HomoFormer Paired+Mask 18M  1140G 5.42 2.26 2.76 4.25 2.85 3.33
LFG-Diffusion Paired+Mask 82.6M 2100G 5.15 247 2.90 - - -
DeS3 Paired 829M 11875G - - - 5.88 2.83 3.72
MaskGAN Unpaired 11M 57G 12.40 4.00 5.30 9.89 5.74 6.78
DC-Net Unpaired 11IM 105G 11.02 4.96 592 11.59 491 6.43
LG-Net Unpaired 6M 52G 9.72 3.58 452  12.69 5.88 7.61
G2R-Net Shadow image+Mask 23M 113G 12.37 3.14 460 13.20 5.50 8.10
BADC Shadow image+Mask 40M 28750G 7.60 2.40 3.30 - - -
Ours Unpaired 13M 100G  7.06 3.65 4.13 7.82 4.85 5.61
Ours w/ test-time mask Unpaired 13M 100G  7.06 2.60 3.21 7.82 4.83 5.60

Table 1: Quantitative comparison of shadow removal on ISTD+ and SRD datasets.
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Figure 5: Comparison of IID on outdoor images with shadows. R and S refer to reflectance and illumination, respectively.

inator Dy is used to determine whether the output image guide shadow generation. M,. denotes a randomly selected
I belongs to the shadow-free domain. To achieve shadow shadow mask learned from previous iterations. Besides, we
generation, a shadow generator G, and a shadow domain adopt the cycle consistency loss (Zhu et al. 2017):

discriminator D, are also utilized. By denoting our shadow

removal method as G ¢, we define the following adversarial Leyete = || 1 = Gs(Gy(1), M) [ln +

loss [ Iy — Gf(Gs(IsfaMr)) 1 (12)
Lcan = Laaw(Gr,Dy) + Laaw(Gs, Ds), 9) Finally, akin to (Hu et al. 2019b), we define the identity loss:
where L4, (G, Dy) and L,q,(Gs, D) are defined as: Lig= || 1= Gs(I, Mo) |1 + || Loy — G(Lss) I, (13)
Laao(Gy, Dy) =By, [log(Dy(Isy)) 1+ where M is a full-zero mask which indicates no shadow
Er[log(1 — Dy(Gy(1)))], (10) to be added. In summary, the overall loss function for our
Ladw(Gy, Dy) = E;log (Ds (I))]—|— framework is formulated as:
E; ; [log(l _ Ds(Gs(Isf, MT)))]’ Etotal = Erec + /\lﬁrc + >\2£smooth + )\3£GAN+
an MLeycle + AsLig, (14)
where I and I,y are real shadow and shadow-free images. where we empirically set Ay = 0.25, Ao = 1.25, A3 = 0.05,
Note, we generate binary mask M using (Otsu 1979) to A4 = 0.5, and \5 = 0.25.
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Method Training setting (dataset)y WHDR|
Retinex-Color - 26.9%
DI supervised (Sintel+MIT) 37.3%
Shi et al. supervised (ShapeNet) 59.4%
SIID unsupervised (ITW) 28.1%
UID unsupervised (ITW) 18.2%
PIE supervised (NED) 34.0%
Ours unsupervised (SRD) 26.3%

Table 2: Quantitative evaluation of IID on the ITW dataset.

b,

Ours

w/o IID—f\fet w/o IR-Net

Figure 6: Effect of IID-Net and IR-Net on shadow removal.
We show that IID-Net plays an important role in avoiding
appearance inconsistency artifacts and IR-Net helps accu-
rately identify shadows (see masks in bottom-left corner).

Implementation and Training Details

The ResNet-based generator in (Hu et al. 2019b) is used for
the IID-Net and the shadow generator G4, which consists
of three convolution layers, followed by five residual blocks
and two transposed convolution layers for feature map up-
sampling. As for IR-Net, the encoder contains one input con-
volution layer, two downsampling convolution layers, and
another five residual blocks, while the other two genera-
tors (Geom and Ggyt) consist of two transposed convolution
layers and one output convolution layer. The PatchGAN in
(Isola et al. 2017) is used as our discriminators (D, and D).

We build our model on Pytorch and train it for 200 epochs
with a mini-batch size of 1. The entire network is optimized
using Adam optimizer with the first and second momentum
values set as 0.5 and 0.999. The initial learning rate is set as
2 x 10~ for the first 100 epochs and gradually reduced to
zero with a linear decay rate in the other 100 epochs.

Experiments

Datasets. We evaluate the shadow removal performance of
our method on six public datasets including ISTD+ (Le and
Samaras 2019; Wang, Li, and Yang 2018), SRD (Qu et al.
2017), USR (Hu et al. 2019b), SBU (Vicente et al. 2016),
WSRD (Vasluianu, Seizinger, and Timofte 2023), VSR (Le
and Samaras 2020). Following previous works (Jin, Sharma,
and Tan 2021), to evaluate on paired datasets, i.e., ISTD+
or SRD, are randomly shuffled to provide unpaired data. As
SRD does not provide shadow masks, we follow (Fu et al.
2021) to use masks provided by (Cun, Pun, and Shi 2020)
for evaluation. For the USR dataset with unpaired data, we
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Method Shadow] Non-shadow| All}
w/o IID-Net 10.51 3.96 4.99
w/o IR-Net 7.13 441 4.67
wlo L1, 7.18 3.82 4.37
wlo L2, 7.21 3.80 4.35
Ours 7.06 3.65 4.13

Table 3: Ablation study of different components in our
method on the ISTD+ dataset.

Metric ST-CGAN BDRAR DSC SDCM Ours
10Ut 0.71 0.78 0.64 0.89 0.84
BER| 4.24 3.26 3.42 1.44 3.12

Table 4: Quantitative comparison of shadow detection on the
ISTD+ dataset.

only conduct visual comparisons due to the lack of ground-
truth shadow removal results. We do not train our method
on the SBU dataset because it does not contain shadow-free
images, and instead provide qualitative results produced by
our model trained on the ISTD+ dataset.

Evaluation Metrics. We follow previous works to evaluate
the shadow removal results at the resolution of 256 x 256,
and use mean absolute error (MAE) ! defined in LAB color
space for quantitative evaluation.

Comparison on Shadow Removal

Baselines. We compare our method with various state-of-
the-art shadow removal methods, which can be roughly di-
vided into two categories: (i) supervised methods, includ-
ing DeshadowNet (Qu et al. 2017), ST-CGAN (Wang, Li,
and Yang 2018), DHAN (Cun, Pun, and Shi 2020), Auto-
Exposure (Fu et al. 2021), Inpaint4shadow (Li et al. 2023),
ShadowFormer (Guo et al. 2023a), ShadowDiff (Guo et al.
2023b), RRL-Net (Liu et al. 2024), HomoFormer (Xiao et al.
2024), LFG-Diffusion (Mei et al. 2024), and DeS3 (Jin et al.
2024). (i1) Unsupervised and unpaired learning based meth-
ods, including MaskGAN (Hu et al. 2019b), DC-Net (Jin,
Sharma, and Tan 2021), LG-Net (Liu et al. 2021a), G2R-
Net (Liu et al. 2021b), and BADC (Guo et al. 2023c). Note,
as RRL-Net and BADC do not release their codes, their
quantitative results for shadow removal are from their paper,
and we are unable to compare with them on IID.

Evaluation on ISTD+ and SRD. Table 1 reports the quan-
titative comparison results on the ISTD+ and SRD datasets.
As shown, our method outperforms all methods trained on
unpaired data and produces results comparable to leading
supervised methods. Compared to the latest unsupervised
method BADC (Guo et al. 2023c) that also utilize IID
for shadow removal, our method achieves better results on
shadow region even with far fewer parameters. Note, the

"Note, most previous shadow removal methods claim to report
RMSE but actually compute MAE in their implementations.
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Figure 7: Effect of reflectance consistency loss L.
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Figure 8: Effect of two alternative illumination recovery de-
signs, i.e., learning illumination residual and adopting the
exposure fusion strategy (Exp. fusion) in (Fu et al. 2021).

advantage of BADC on non-shadow regions mainly comes
from the use of shadow masks. As shown in the last row
in Table 1, if masks are similarly adopted during testing,
our method outperforms BADC on both shadow and non-
shadow regions. Figure 3 provides visual comparison re-
sults, where our method produces high-quality results free
of visual artifacts.

Evaluation on USR and SBU. Due to the lack of ground-
truth shadow-free images, we can only perform qualitative
comparisons on USR and SBU. Figure 4 provides the visual
comparison results on the two datasets, where our results
exhibit clear advantages.

Comparison on Intrinsic Image Decomposition

Besides shadow removal, we also compare our method with
several IID methods, including Retinex-Color (Grosse et al.
2009), DI (Narihira, Maire, and Yu 2015a), Shi et al. (Shi
et al. 2017), SIID (Ma et al. 2018), LIID (Li and Snavely
2018), UID (Zhang et al. 2021) and PIE (Das, Karaoglu,
and Gevers 2022) trained on NED dataset (Baslamisli et al.
2018). As shown in Figure 5, our model trained on the
SRD dataset effectively separates reflectance and illumina-
tion without mistaking shadows as reflectance, significantly
outperforming the compared specialized IID methods. We
also quantitatively evaluate our IID performance on the IITW
dataset in Table 2, where our method outperforms most of
the IID methods (except for UID which is trained on IIW),
manifesting its effectiveness in IID.

More Analysis

Ablation studies. Besides the visual ablation study results
in Figures 6, 7, 8, we also conduct ablation studies on the
ISTD+ dataset to quantitatively evaluate the effectiveness
of different designs in our method. As shown in Table 3,
omitting the IID-Net and learning illumination recovery in
the original RGB color space leads to a large performance
drop from 7.06 to 10.51 for the shadow regions, validating
the necessity of IID. On the other hand, the performance on
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Figure 9: Generalization to unseen document images.

non-shadow regions degrades clearly from 3.65 to 4.41 on
ISTD+ when the IR-Net is replaced with the generator in
(Hu et al. 2019b). The numerical result also demonstrates
that the reflectance consistency loss £} and £2, are benefi-

cial to shadow removal.

Analysis of generalization ability. Thanks to the simplicity
nature of illumination, by adopting IID, our method achieves
strong generalization capability. As shown in Figure 9, al-
though our model is trained on the ISTD+ dataset, it pro-
duces visually compelling shadow removal results for doc-
ument images, which are even better than results produced
by a specialized document image shadow removal method
BEDSR (Lin, Chen, and Chuang 2020).

Evaluation on shadow detection. To examine the effective-
ness of our method in shadow detection, we in Table 4 com-
pare our predicted shadow attention map with shadow masks
generated by supervised shadow detection methods includ-
ing BDRAR (Zhu et al. 2018), DSC (Hu et al. 2019a), and
SDCM (Zhu et al. 2022a). As shown, our method produces
results comparable to the compared methods in terms of in-
tersection over union (IOU) and balance error rate (BER).

Conclusion

We have presented a framework for joint learning of shadow
removal and intrinsic image decomposition (IID) from un-
paired data. Our core idea is to learn IID and transfer shadow
removal to the decomposed illumination space, so as to
embrace the simplicity nature of illumination to boost the
robustness and generalization of shadow removal. To this
end, a novel unpaired learning framework is devised to train
shadow removal and IID jointly in a reciprocal manner. Ex-
tensive experiments show that our method outperforms ex-
isting unsupervised and unpaired learning based shadow re-
moval methods, and enables superior IID performance on
previously challenging outdoor images with shadows.
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