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Abstract

Shadows can originate from occlusions in both direct and in-
direct illumination. Although most current shadow removal
research focuses on shadows caused by direct illumination,
shadows from indirect illumination are often just as perva-
sive, particularly in indoor scenes. A significant challenge
in removing shadows from indirect illumination is obtain-
ing shadow-free images to train the shadow removal net-
work. To overcome this challenge, we propose a novel ren-
dering pipeline for generating shadowed and shadow-free im-
ages under direct and indirect illumination, and create a com-
prehensive synthetic dataset that contains over 30,000 image
pairs, covering various object types and lighting conditions.
We also propose an innovative shadow removal network that
explicitly integrates semantic and geometric priors through
concatenation and attention mechanisms. The experiments
show that our method outperforms state-of-the-art shadow re-
moval techniques and can effectively generalize to indoor and
outdoor scenes under various lighting conditions, enhancing
the overall effectiveness and applicability of shadow removal
methods.

Code — https://blackjoke76.github.io/Projects/OmniSR/

Introduction

Shadows are omnipresent phenomena that emerge due to
occlusions within a scene’s global illumination. Removing
shadows is crucial, as it can enhance the performance of
various computer vision tasks, such as object segmentation
and tracking (He et al. 2017; Sanin, Sanderson, and Lovell
2010), intrinsic decomposition (Li and Snavely 2018; Li
et al. 2022; Nestmeyer et al. 2020; Ye et al. 2023), and 3D
reconstruction (Ling, Wang, and Xu 2023).

Recent shadow removal techniques predominantly adopt
deep learning-based approaches, leveraging publicly avail-
able datasets containing pairs of shadowed and shadow-free
images (Wang, Li, and Yang 2018; Le and Samaras 2019; Qu
et al. 2017) or shadow masks (Vicente et al. 2016; Sun et al.
2023). These datasets, derived from real-world captures, of-
ten suffer from limitations in both quantity and quality. To
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Figure 1: Top: Removing shadows from intricate indoor
scenes with indirect illumination poses a challenge for cur-
rent methods such as ShadowFormer (Guo et al. 2023a) and
DMTN (Liu et al. 2023a), especially when trained on exist-
ing datasets focusing on direct illumination, like ISTD+ (Le
and Samaras 2019). In contrast, our shadow removal net-
work, along with a newly introduced INdirect Shadow (INS)
dataset, demonstrates a superior ability to remove shadows
accurately. Bottom: The rendering results reveal the promi-
nence and prevalence of both direct and indirect shadows in
indoor scenes.

overcome these limitations, many researchers employ tech-
niques such as data augmentation (Le et al. 2018; Cun, Pun,
and Shi 2020), self-training (Yang et al. 2023), and unsu-
pervised learning (Jiang et al. 2023; Hu et al. 2019b; Jin,
Sharma, and Tan 2021). On the other hand, due to the visual
similarity between certain shadowed and non-shadowed re-
gions, many studies focus on enhancing the discriminative
power of shadow removal networks. This can be achieved
by incorporating semantic information (Zheng et al. 2019;
Hu et al. 2019a; Liu et al. 2023b), employing binary shadow
masks (Li et al. 2023; Guo et al. 2023a), or adopting pro-
gressive shadow removal methods (Zhu et al. 2022b; Guo
et al. 2023b; Ding et al. 2019). Despite these advancements,
existing methods still face challenges in removing shadows



in complex indoor scenes (Fig. 1).

Indoor scene shadow removal is particularly challenging
due to the complex nature of global illumination, which en-
compasses direct lighting' and indirect lighting. The indirect
lighting, involving rays bouncing off surfaces multiple times
before being captured, leads to a substantial proportion of
shadows that appear soft and subtle, as depicted in Fig. 1.
We distinguish shadows originating from direct lighting as
“Direct Shadows” and those produced by indirect lighting as
“Indirect Shadows”. Despite the prevalence of indirect shad-
ows in indoor scenes, existing research and datasets have
largely neglected them. This bias can be attributed to three
primary reasons: 1. It is difficult to define indirect shadows
precisely; 2. It is not feasible to remove all occluders in com-
plex indoor scenes, making it impossible to capture images
completely free of both direct and indirect shadows; 3. In-
direct shadows can be overlooked in most outdoor scenes.
Unlike existing methods, our approach considers both direct
and indirect shadows. To address the challenges above, we
define and render shadow and shadow-free images within
the framework of path tracing (Akenine-Mller, Haines, and
Hoffman 2018). While shadow images are naturally gener-
ated in the path tracing pipeline, producing shadow-free im-
ages requires the separate definition of each shadow type and
the design of distinct rendering procedures.

To effectively remove both direct and indirect shadows
from a single image, we propose a shadow removal network
that integrates semantic and geometric information. Specif-
ically, inspired by screen-space ambient occlusion (Miller
1994), we use depth information to guide the removal of
indirect shadows, which commonly occur near depth dis-
continuities. Meanwhile, the incorporation of semantic in-
formation helps identify direct shadows, which typically ap-
pear darker than the surrounding areas with the same seman-
tic content. Consequently, our network takes RGB-Depth
(RGBD) as input, concatenates semantic features to the bot-
tleneck layer, and reweights features in local attention blocks
based on local semantic and geometric similarities. Un-
like the shadow-interaction attention employed in Shadow-
Former (Guo et al. 2023a), which exploits contextual corre-
lations between binary shadowed and non-shadow regions,
our network incorporates geometric information and seman-
tic features and does not rely on shadow detection as auxil-
iary information.

In summary, the main contributions of this work are three-
fold:

e We propose a novel rendering pipeline for shadows that
considers direct and indirect illumination and construct
the first INdirect Shadow (INS) dataset consisting of
30,000+ synthetic image pairs with diverse scene types.

e We introduce a novel shadow removal network that ef-
ficiently removes both direct and indirect shadows. The
network leverages semantic and geometric priors through
RGBD input, incorporating semantic features, and se-
mantic and geometry-aware attention mechanisms.

"Light rays bounce once off an object’s surface to reach the
camera.
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e The extensive experimental results on our INS dataset
and several other datasets demonstrate that our method
has achieved a new state-of-the-art performance, particu-
larly in handling shadows under both direct and indirect
illumination.

Related Work

Single-image shadow removal aims to restore the shadow-
free texture in shadowed regions while maintaining the ap-
pearance of non-shadowed areas. Traditional model-based
approaches depend on the physical models of shadow im-
ages, but their reliance on prior knowledge often limits their
effectiveness in real-world scenes (Finlayson, Drew, and Lu
2009; Khan et al. 2015; Zhang, Zhang, and Xiao 2015).

In recent years, deep learning-based methods have shown
remarkable performance in shadow removal thanks to their
end-to-end capabilities. However, a key challenge for these
methods lies in ensuring generalizability given the limi-
tations in data quantity and quality, as well as resolving
shadow ambiguity in real scenes. To address these chal-
lenges, researchers have explored various strategies, includ-
ing the integration of multi-context features (Qu et al. 2017;
Hu et al. 2019a; Chen et al. 2021) and the use of genera-
tive adversarial networks (Wang, Li, and Yang 2018; Cun,
Pun, and Shi 2020; Hu et al. 2019b), to enhance general-
izability and improve the effectiveness of available datasets.
Other works, such as Fu et al. (2021c) and Zhu et al. (2022a),
treated shadow removal as an exposure fusion problem or
developed a bijective mapping that combines the learning
processes of shadow removal and generation.

More recently, Guo et al. (2023a) introduced Shadow-
Former, a single-stage shadow removal network that uti-
lizes multi-scale attention to exploit contextual correla-
tions between shadowed and non-shadowed regions. Al-
though lightweight, this network relies on the shadow
mask as input, making its performance heavily dependent
on high-precision shadow detection results. DMTN (Liu
et al. 2023a), introduced a decoupled multi-task network
that learns decomposed features for shadow removal. Other
methods, such as ShadowDiffusion (Guo et al. 2023b) and
DeS3 (Jin et al. 2024) utilized diffusion models to re-
move shadows by treating the shadowed image as a condi-
tion. While diffusion-based methods have demonstrated ef-
ficacy in producing realistic shadow-free results, they suffer
from high variance and are time-consuming during diffusion
inference. ShadowRefiner (Dong et al. 2024) introduce a
novel mask-free model that integrates spatial and frequency
domain representations for image shadow removal, which
achieves the champion in the Perceptual Track on NTIRE
2024 Image Shadow Removal Challenge (Vasluianu et al.
2024).

Existing deep learning-based methods face two main
challenges. Firstly, they are primarily trained on datasets
with little or no indirect illumination. As a result, their per-
formance significantly degrades when dealing with com-
plex and subtle shadows caused by indirect illumination.
Secondly, few methods incorporate geometric information
into shadow removal tasks. This may because most current
datasets position shadow-casting objects outside the field of



view to capture shadow-free images. However, we believe
that geometric information is crucial for identifying shad-
ows, as indirect shadows are often associated with depth
discontinuities. In this work, we present a novel dataset for
shadow removal under complex illumination. Additionally,
we introduce a semantic and geometric-aware network that
can effectively removes both direct and indirect shadows.

Proposed Method
Direct and Indirect Shadows

Following the rendering equation (Akenine-Mller, Haines,
and Hoffman 2018), each rendered image I can be viewed
as the sum of an image with only direct illumination and an
image with only indirect illumination. As both of these im-
ages inherently contain shadows, we refer to them as direct
shadow image 19" and indirect shadow image I°?", respec-
tively. As is widely known, the direct shadows in I arise
from occlusions between shading points and light sources.
Therefore, for each direct shadow image 19", we can gener-
ate its corresponding image free of direct shadows, labelled
as I;if, by removing any occlusions along the path of direct
lighting.

On the contrary, precisely defining indirect shadows is
challenging because, in 1%, the intensity of each shading
point is influenced by “secondary light sources” from all di-
rections. In some cases, the nearby objects can occlude the
distant “secondary light sources”, resulting in indirect shad-
ows. For instance, in Fig. 2, the light incident on the point
x from the background walls is blocked by the table, cast-
ing a shadow on the ground beneath the table. However, the
bottom of the table also serves as a “secondary light source”
capable of illuminating x. In cases where the bottom of the
table is brighter than the wall, e.g., there are light sources
near the floor, we do not consider shading point x to con-
tain shadows. As a result, we define indirect shadows as a
darker shading result caused by occlusions from nearby ob-
Jects compared to scenarios without such occlusion.

This definition of indirect shadows is based on the prin-
ciples of global illumination. In global illumination, Ambi-
ent Occlusion (AO) (Miller 1994) is commonly used to ap-
proximate indirect shadows. AO ignores the varying inten-
sity of indirect illumination in each direction and estimates
shadows by counting nearby occlusions. We extend the con-
cept of AO by incorporating the intensity of each secondary
light sources and treating nearby occlusions as transparent,
thereby achieving images free of indirect shadows.

With the aforementioned definition, we utilize a modified
path tracing pipeline to render 197, Ti4", 14", and I}dr re-
spectively. Specifically, we generate 19" by considering only
the light directly originating from a light source or under-
going a single bounce (reflection or refraction) from a light
source, as depicted in Fig. 2. For Igdr, we take into account
light paths excluding the single bounce direct lighting from
light sources. To generate the direct shadow-free image I‘}T,
our approach eliminates occlusions along the first bounce’s
ray in I%" to remove all direct shadows. Regarding the indi-
rect shadow-free image, we first render I}dr by eliminating
occlusions along the first bounce’s ray within a radius of r.
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Figure 2: Rendering of shadow and shadow-free images.
Left: The rendered image with shadow is a combination of
a direct illumination image and an indirect illumination im-
age. Right: The final shadow-free image is a composite of a
direct shadow-free image, and an indirect shadow-free im-
age.
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We empirically found that » = 1 meter works well for our
scenes (see supp. for rendering results with different r). We
then compare the intensity of each pixel in I}d’” with its cor-

responding pixel in I?" and select the brighter intensity as
the final indirect shadow-free image I}d’". Note that the first
intersection at the first bounce from a point will be preserved
if it is the last intersected object, even when its distance is
within 1 meter, such as walls or ceilings.

By incorporating indirect illumination and employing
a novel approach to render indirect shadow-free images,
our overall shadow-free image rendering demonstrates en-
hanced realism compared to the sole rendering of direct
shadow-free images, as illustrated in Fig. 2.

Our INS Dataset

Based on the definition provided above, we implemented the
corresponding direct/indirect shadow and shadow-free ren-
dering pipeline using Blender Cycles engine (Community
2018), with the help of Open Shading Language (OSL). The
resulting collection of shadow and shadow-free images is re-
ferred to as the “INS dataset”. The dataset includes 30,000
training and 2,000 testing images, all with a resolution of
512 x 512. The training and testing images are generated
from distinct scenes with different objects and materials.
The proposed INS dataset comprises realistic rendering
results from various scenes featuring diverse object types,
appearances, and intricate direct and indirect shadows. As
illustrated in Fig. 3, the dataset is composed of two parts.
The first part includes renderings from 3DFront scenes,
where the rendering assets are sourced from the 3DFront
dataset (Fu et al. 2021a,b), which comprises 6813 syn-
thetic indoor scenes. Drawing inspiration from (Paschalidou
et al. 2021), we filter out nearly empty or overly crowded
scenes, resulting in 6225 scenes. To further enhance the di-
versity of our dataset, we generate additional “object com-
position scenes” by randomly arranging objects from the



s [
Wl = |
..

w

u

wl

-

Figure 3: Examples of our proposed dataset. The ren-
dered shadow and shadow-free image pairs and the gener-
ated shadow mask.

ABO (Collins et al. 2022) and Objaverse (Deitke et al. 2023)
datasets within an empty environment. In each scene, we
place 3 to 5 objects within a fixed cubic space, ensuring no
intersections, and illuminate them using both point and area
lights. The cube is textured with six different materials from
ambientCG (ambientCG 2023), as illustrated in the second
row of Fig. 3. Our training data includes 20,000 image pairs
from the 3DFront scenes and 10,000 image pairs from the
“object composition scenes”. While these “object composi-
tion scenes” do not match the realism of 3DFront scenes,
they are effective in enhancing the quality of shadow re-
moval in complex indoor environments, as demonstrated in
the ablation study. See supp. for details on data preparation
and scene generation.

During the rendering process, the efficient selection of
materials, camera angles, and light sources is crucial. For
rendering with the 3DFront dataset, we employ the default
materials provided by 3DFront, selecting associated textures
randomly from a predefined set. Camera poses are deter-
mined based on observed objects in the viewport and the
shadow probability map. Once the camera poses are ob-
tained, we select suitable light sources. Given the complex
geometries of light sources in the 3DFront dataset, we focus
on activating them based on the camera poses. To enhance
our dataset, we also introduce extra point lights. The pro-
cedure for rendering “object composition scenes” is similar.
Refer to the supp. for further information.

Remark: In comparison to existing shadow removal
datasets (e.g., ISTD (Wang, Li, and Yang 2018),
ISTD+ (Le and Samaras 2019), SRD (Qu et al. 2017),
and WRSD+ (Vasluianu, Seizinger, and Timofte 2023)),
our INS dataset presents four distinct advantages: 1. It
encompasses a substantially larger number of shadow
and shadow-free image pairs; 2. It integrates intricate and
subtle indirect shadows into the dataset; 3. In our dataset,
objects casting shadows can exist within the viewport,
allowing for improved modelling of contextual information;
4. Tt provides precise shadow-free images, yielding ideal
and noise-free shadow probability maps that facilitate the
training of shadow detection.

The WRSD+ (Vasluianu, Seizinger, and Timofte 2023)
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dataset, which uses both spotlight and diffuse flash lighting,
also includes indirect shadows. However, these shadows are
much simpler than those in our dataset, as they result from
only few objects and a simple supporting plane. Addition-
ally, since the shadow-free images in WRSD+ are captured
with diffuse lighting, they are not entirely shadow-free and
still contain some indirect shadows.

Shadow Removal Network

We propose a shadow removal network, as illustrated in
Fig. 4. For each input image I, the network will output an

estimated shadow-free image I ;. Our key observation is that
shadows are inherently tied to geometry and semantics, re-
sulting in darker shading than the surrounding non-shadow
regions with similar semantics and materials. Hence, we
propose the integration of geometric and semantic attention
modules into the network. These modules are based on the
pre-trained Depth-Anything-V2 network (Yang et al. 2024)
and DINO V2 network (Oquab et al. 2023). For each input
image I, our process first extracts its corresponding depth
map D using Depth-Anything-V2 network and calculates its
corresponding normal map N, then retrieving its DINO fea-
ture map F'. The DINO features are trained on a large dataset
in a self-supervised manner, capturing both materialistic and
semantic implications (Sharma et al. 2023).

Network Architecture. As depicted in Fig. 4, the main
component of our approach is a U-Net architecture (Ron-
neberger, Fischer, and Brox 2015) consisting of a series of
Swin Attention Blocks (Liu et al. 2021; Wang et al. 2022),
designed to extract and aggregate local and global con-
text information. Specifically, the network comprises seven
Context-aware Swin Attention (CSA) Layers, including a
window attention and a shifted window attention. We con-
catenate the extracted DINO features in the bottleneck layer
(the fifth layer). This addition of DINO features proves ben-
eficial in mitigating ambiguity in identifying and removing
shadows in complex indoor scenes.

In each CSA layer, the window attention is a window-
based multi-head self-attention with relative position bias.
Given the 2D feature maps X € RE*HW we split X into
non-overlapping windows X = {X!, ..., XHW/M*} of size
M x M, with a shifted size of M /2 x M /2. To reduce
the memory footprint, similar to ShadowFormer (Guo et al.
2023a), we substitute window attention with channel atten-
tion (CA) for the first two layers and the last two layers.

To enhance contextual perception in each CSA layer, we
introduce semantic attention W* and geometric attention
‘WY into the self-attention:

T

QK
Atten(Q, K, V) = softmax W+B|V, (1
Vg
W = W*WY,
where Q, K, V represent queries, keys, and values; B is the
learnable relative position bias.
Semantic and Geometric AttentQion. For each non-
overlapping windows X’ € RE*M" we calculate the at-

tention weights W*, W9 ¢ RM XM for every two pixels
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Figure 4: Our proposed network. For each input RGB image, we first extract its DINO features, depth, and normal map. Then,
the RGB and depth images are inputted into the shadow removal network. The network includes several Context-aware Swin
Attention (CSA) layers, each comprising two Swin self-attention blocks. Unlike traditional self-attention, our block explicitly
involves semantic-aware and geometry-aware attention weights.

inside the window. The semantic attention weights are cal-
culated based on the correlation of DINO features:

\N]S = [dOt (Fl, Fj)]i,je[l,Mz]X[l,Mz] y (2)

where ¢ and j represent two pixels in the window, the fea-
tures are obtained using bilinear interpolation.

The geometric attention is calculated based on the planar
distance between two pixels:

W9 = [pdiSt (Dw N, Dj7 Nj)] 3

4,57

pdist (-) = 3 [N (r (D:) ~ 7 (D,)|

)

+ 5 INJ (x(Dy) 7 (D))

where D, and N; represent the depth and normal at pixel
i, and 7(+) is the back-projection function that transforms
the depth into 3D points based on the pre-defined camera
intrinsics. We opt for planar distances rather than Euclidean
distances, as the latter tends to restrict feature aggregation
to nearby regions. In contrast, planar distances incorporate
the normal direction, considering points along planes or
near-planar surfaces with short distances. This metric proves
more stable in distinguishing foreground from background.

Loss. During training, we employ Charbonnier loss (Za-
mir et al. 2020) for shadow removal supervision:

N 2
L= “HIf—IfH +€2,

where I represents the ground-truth shadow-free image, I !
is the estimated shadow-free image, and ¢ = 10~ is a con-
stant in all the experiments.

“

Training Details. Our model is trained on a GPU
server with four GeForce RTX 4090 GPUs using PyTorch
2.0.1 (Paszke et al. 2017) with CUDA 11.7. We employ the
Adam optimizer (Kingma and Ba 2015) for training. The
initial learning rate is set to 2 x 10~* and adjusted using
a cosine annealing scheduler (Loshchilov and Hutter 2016).
Additional details can be found in the supplementary.
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Experiments

Datasets and Evaluation Metrics. We conducted our
experiments on ISTD (Wang, Li, and Yang 2018),
ISTD+ (Le and Samaras 2019), SRD (Qu et al. 2017),
WRSD+ (Vasluianu, Seizinger, and Timofte 2023)), and the
proposed INS dataset. We also evaluated the generalizability
of our method in real indoor settings. As illustrated in Fig.
6, we captured pairs of images (shadow and shadow-free)
and manually annotated some shadow regions, which can be
shadow-free in the counterpart image.

We evaluated images with a resolution of 256 x 256, fol-
lowing previous methods (Fu et al. 2021c; Le and Sama-
ras 2020; Guo et al. 2023a). We report results using the
Peak Signal-to-Noise Ratio (PSNR) and the Structure Sim-
ilarity Index Measure (SSIM) (Wang et al. 2004), adopting
the MATLAB evaluation codes as provided by Zhu et al.
(Zhu et al. 2022b). For the WRSD+ (Vasluianu, Seizinger,
and Timofte 2023) dataset, since it does not provide test-
ing data, we used its evaluation data and the evaluation code
provided by the NTIRE 2024 Image Shadow Removal Chal-
lenge (Vasluianu et al. 2024) for comparison.

Comparisons

We compare our method with nine state-of-the-arts shadow
removal methods, including the DSC (Hu et al. 2019a),
DHAN (Cun, Pun, and Shi 2020), Fu et al. (Fu et al.
2021c¢), Zhu et al. (Zhu et al. 2022b), BMNet (Zhu et al.
2022a), ShadowFormer(Guo et al. 2023a), DMTN (Liu et al.
2023a), ShadowDiffusion (Guo et al. 2023b), and Shad-
owRefiner (Dong et al. 2024) both quantitatively (Table 1
and 2) and qualitatively (Fig. 5 and 6). All comparisons use
the results reported in the original papers or the original au-
thors” implementations and hyperparameters.

Note that Fu et al. (Fu et al. 2021c), Zhu et al. (Zhu et al.
2022b), BMNet (Zhu et al. 2022a), ShadowFormer (Guo
et al. 2023a), DMTN (Liu et al. 2023a), and ShadowD-
iffusion (Guo et al. 2023b) make use of explicit shadow
masks as input, treating them as auxiliary information. Typ-



Method Year ISTD Dataset ISTD+ Dataset SRD Dataset WSRD+ Dataset
PSNRT SSIMt PSNRT SSIM{t PSNRT SSIM{t PSNRT SSIMt
DSC (Hu et al. 2019a) 2019 29.00 0.944 25.66 0.956 29.05 0.940 — —
DHAN (Cun, Pun, and Shi 2020) 2020 29.11 0.954 25.66 0.956 30.74 0.958 22.39 0.796
Fu et al. (Fu et al. 2021c¢) 2021 26.30 0.835 28.40 0.846 28.52 0.932 21.66 0.752
BMNet (Zhu et al. 2022a) 2022 28.53 0.952 32.22 0.965 28.34 0.943 24.75 0.816
TBRNet (Liu et al. 2023b) 2023 28.77 0.928 31.91 0.964 31.83 0.953 — —
ShadowFormer (Guo et al. 2023a) 2023 29.90 0.960 31.39 0.946 30.58 0.958 25.44 0.820
DMTN (Liu et al. 2023a) 2023 29.05 0.956 31.72 0.963 32.45 0.964 — —
ShadowDiffusion (Guo et al. 2023b) 2023 30.09 0.918 31.08 0.950 31.91 0.968 — —
ShadowRefiner (Dong et al. 2024) 2024 — — — — — — 26.04 0.827
Ours — 30.45 0.964 33.34 0.970 32.87 0.969 26.07 0.835
Fuetal. (Fuetal. 2021¢c) + GM 2021 27.19 0.945 29.45 0.861 29.24 0.938 — —
Zhu et al. (Zhu et al. 2022b) + GM 2022 29.85 0.960 — — 32.05 0.965 — —
BMNet (Zhu et al. 2022a) + GM 2022 30.28 0.959 33.98 0.972 31.97 0.965 — —
ShadowFormer (Guo et al. 2023a) + GM 2023 32.21 0.968 35.46 0.971 32.90 0.958 — —
DMTN (Liu et al. 2023a) + GM 2023 30.42 0.965 33.68 0.971 33.77 0.968 — —
ShadowDiffusion (Guo et al. 2023b) + GM 2023 32.33 0.969 35.72 0.969 34.73 0.970 — —
Ours + GM — 31.56 0.965 34.20 0.973 34.56 0.977 — —

Table 1: Quantitative comparisons on ISTD, ISTD+, SRD, and WSRD+ datasets. Best results are highlighted as 1st, 2nd

and 3rd . +GM: using ground-truth shadow masks.
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Figure 5: Comparisons with SOTA shadow removal methods show improved quality of our method. Comparisons with
DMTN (Liu et al. 2023a), ShadowFormer (Guo et al. 2023a), ShadowDiffusion (Guo et al. 2023b), BMNet (Zhu et al. 2022a)
and Fu et al. (Fu et al. 2021c) on both outdoor and indoor scenes. Our method demonstrates more comprehensive shadow

removal, even in complex scenes.

ically, these methods present their results using ground-truth
shadow masks provided by the dataset as the default input,
which is not available in real-life scenarios. In our approach,
alongside reporting the shadow removal performance using
ground-truth masks, denoted as “+ GM”, we also evaluate
their performance using imperfectly detected shadow masks
from (Zhu et al. 2021).

As shown in Table 1, our method achieves the highest
PSNR and SSIM scores on ISTD, ISTD+, SRD, and INS
datasets without ground-truth shadow masks. Even when
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compared with other methods utilizing ground-truth shadow
masks, our approach, which does not rely on such masks,
achieves the third-best results on the ISTD dataset, sur-
passed only by “ShadowDiffusion (Guo et al. 2023b) +
GM” and “ShadowFormer (Guo et al. 2023a) + GM”. When
concatenated with ground-truth shadow masks as input,
our method also demonstrates a significant improvement in
PSNR performance on the ISTD, ISTD+, and SRD datasets.

As demonstrated in Fig. 5, our method excels in removing
direct shadows in the ISTD dataset and both direct and indi-



INS Dataset
INS testing

Real testing

Method
PSNR1/SSIM?T PSNR1/SSIM?

DHAN (2020) 27.84/0.963 35.05/0.993
Fu et al. (2021¢) 27.91/0.957 36.64/0.994
BMNet (2022a) 27.90/0.958 36.65/0.994
ShadowFormer (2023a) 28.62/0.963 36.99/0.994
DMTN (2023a) 28.83/0.969 35.83/0.993
ShadowDiffusion (2023b)  29.12/0.966 36.91/0.994
Ours 30.38/0.973 38.34/0.995

Table 2: Quantitative comparisons on our INS dataset
and real captured images. Best results are highlighted as

1st, 2nd and 3rd .

|

ShadowDiffusion

| =

Ours

ShadowFormer

l Input

Figure 6: Real data comparisons. For the real captured test-
ing data, our method excels in thoroughly removing com-
plex indirect shadows. The annotated masks are highlighted
in red, and the corresponding quantitative comparisons are
presented in Table 2.

rect shadows in synthetic testing data (INS testing) and real
captured images. For the WRSD+ dataset, our method also
outperforms others, including ShadowRefiner (Dong et al.
2024). The relatively low PSNR scores for all methods on
the WRSD+ dataset can be attributed to exposure differences
between the input and ground-truth images. As shown in
Fig 5, although our synthetic dataset significantly enhances
the performance of DMTN, ShadowFormer, and ShadowD-
iffusion in reducing complex shadows in indoor scenes, they
still struggle to eliminate shadows in these areas completely.
This limitation may be attributed to these methods lacking
explicit and high-quality semantic and geometric perception.
We provide additional results in the supplementary material.

To evaluate the generalizability of our method, we per-
formed additional assessments using a collection of 100 cap-
tured pairs of shadow and “shadow-free” images, each at a
resolution of 640 x 480. Notably, our network is trained on
the synthetic INS dataset. The quantitative comparisons are
detailed in the third column of Table 2, where our method
significantly outperforms alternative approaches. As de-
picted in Fig. 6, our method outperforms competing methods
in scenarios involving shadows with multiple light sources
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DMTN ShadowFormer ShadowDiffusion
82.6 437 506.9

Ours
Time 120.1

Table 3: Runtime comparisons (in milliseconds).

Dataset INS Testing Real captured ~ WRSD+
PSNR/SSIM  PSNR/SSIM  PSNR/SSIM
Full 30.38/0.973  38.34/0.995  26.07/0.835
W/o depth 29.95/0.973  38.03/0.995  25.73/0.828
W/o DINO 29.31/0.966  37.06/0.994  23.31/0.797
W/o W* 30.01/0.972  38.18/0.995  25.96/0.834
W/io W? 30.22/0.972  37.82/0.995  25.77/0.832

W/o obj scenes  29.32/0.967  37.75/0.995 —

Table 4: Ablation studies. W/o depth: only RGB input. W/o
DINO: without DINO concatenation.

and indirect illumination.

Runtime comparison. In Table 3, we present a compar-
ison of inference time (for a 640 x 480 image). Due to
the involvement of the Depth-Anything-V2 network (Yang
et al. 2024) and the DINO V2 network (Oquab et al. 2023),
our method exhibits higher computational complexity com-
pared to lightweight methods like ShadowFormer (Guo et al.
2023a). However, our method is faster than diffusion-based
methods such as ShadowDiffusion (Guo et al. 2023b).

Ablation Study

To validate our model designs, we conducted ablation
studies on the proposed semantic and geometric attention
weights, depth concatenation, and DINO feature concate-
nation. The “INS testing” and “real captured” are trained
on our synthetic training data. The “WRSD+” are trained
and evaluated using the WRSD+ dataset. The performance
is reported in Table 4. The semantic and geometric attention
mechanisms enhance PSNR/SSIM, and the DINO concate-
nation is a critical component as PSNR/SSIM drop severely
when it is removed. We think this is due to its ability to
provide semantic and materialistic information, which are
crucial for effectively identifying shadows and mitigating
ambiguities between shadow and non-shadow areas with
similar appearances. Furthermore, as detailed in Table 4,
the concatenation of monocular depth is also crucial for
our shadow removal approach. Including monocular depth
provides meaningful geometric cues for precise shadow re-
moval. We also evaluate the impact of our additional “object
composition scenes”. As indicated in the last row of Table 4,
the PSNR drops significantly without “object composition
scenes” (w/o obj scenes). Please refer to the supp. for quali-
tative results related to the ablation study.

Conclusion

This paper introduces a novel neural approach for effec-
tively eliminating both direct shadows and subtle, soft indi-
rect shadows. Extensive experiments show that our approach
surpasses state-of-the-art shadow removal methods.
Limitation: Our method may fail to eliminate vast shadow
regions, such as those covering entire surfaces or objects.
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