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Abstract

Shadow removal aims to restore the image con-
tent in shadowed regions. While deep learning-
based methods have shown promising results, they
still face key challenges: 1) uncontrolled removal
of all shadows, or 2) controllable removal but
heavily relies on precise shadow region masks.
To address these issues, we introduce a novel
paradigm: prompt-aware controllable shadow re-
moval. Unlike existing approaches, our paradigm
allows for targeted shadow removal from spe-
cific subjects based on user prompts (e.g., dots,
lines, or subject masks). This approach elimi-
nates the need for shadow annotations and offers
flexible, user-controlled shadow removal. Specifi-
cally, we propose an end-to-end learnable model,
the Prompt-Aware Cntrollable Shadow Removal
Network (PACSRNet). PACSRNet consists of two
key modules: a prompt-aware module that gener-
ates shadow masks for the specified subject based
on the user prompt, and a shadow removal module
that uses the shadow prior from the first module to
restore the content in the shadowed regions. Ad-
ditionally, we enhance the shadow removal mod-
ule by incorporating feature information from the
prompt-aware module through a linear operation,
providing prompt-guided support for shadow re-
moval. Recognizing that existing shadow removal
datasets lack diverse user prompts, we contribute a
new dataset specifically designed for prompt-based
controllable shadow removal. Extensive experi-
mental results demonstrate the effectiveness and
superiority of PACSRNet.

1

Shadow removal is a fundamental visual restoration task,
which aims to restore the information of the darkness re-
gion caused by light occlusion in an image [Liu e al., 2024c;
Vasluianu et al., 2024]. Realistic shadow removal can ben-
efit various computer vision tasks [Li er al., 2024a; Li et
al., 2025a; Li et al., 2025b; Wang et al., 2025], such as
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Figure 1: Comparison with existing shadow removal methods. (a)
Shadow unaware removes all the shadow regions with only raw
images as input. (b) Shadow aware removes the shadow regions
corresponding to the given shadow mask. (c) Our prompt-aware
removal. Different from (a) and (b), the proposed method allows
the removal of any subject’s shadow with various prompts (i.e., dot,
line, and subject mask).

face recognition [Du et al., 2022; Kim et al., 2022], con-
tent completion [Wu et al., 2023b; Zhang er al., 2023;
Wu et al., 2024], and so on. Therefore, shadow removal
methods have been extensively studied in computer vision.
With the rapid development of deep learning and increasing
interest in image editing [Alaluf er al., 2022] and augmented
virtual reality [Zhang et al., 20241, shadow removal is getting
increased attention in recent years.

Recently, several deep learning-based shadow removal
methods have been proposed. These methods generally fol-
low two paradigms: global shadow removal without shadow
mask [Hu et al., 2019; Wang et al., 2024c; Li et al., 2024b],
and shadow removal requiring a precise shadow mask as
prior information [Guo et al., 2023a; Guo et al., 2023b;
Xiao et al., 2024]. The former is referred to as shadow un-
aware, while the latter is called shadow aware. Although
these methods have shown promising results, they still suf-
fer significant challenges in practical applications. On the
one hand, shadow unaware methods aim to globally remove
shadows from images in a coarse-grained manner, as shown
in Fig. 1 (a). They lack the ability to perform fine-grained
removal based on user-specific needs, making them uncon-
trolled. On the other hand, shadow aware methods allow for
control over the removed shadows, but they rely on manu-



Proceedings of the Thirty-Fourth International Joint Conference on Artificial Intelligence (IJCAI-25)

ally annotated masks of shadow region, as shown in Fig. 1
(b). However, manually annotating precise shadow regions is
non-trivial due to the blur boundary between shadow and non-
shadow regions, and it is time-consuming and labor-intensive.

In this paper, we propose a new paradigm, named prompt-
aware controllable shadow removal, to address the afore-
mentioned challenges. Unlike existing shadow unaware
methods [Hu et al., 2019; Wang et al., 2024c; Li et al., 2024b]
and shadow aware methods [Guo et al., 2023a; Guo et al.,
2023b; Xiao et al., 2024], our proposed paradigm enables
the removal of shadows from specified subjects based on user
prompts, such as dot, line, and subject mask in Fig. 1(c). In
this way, we not only achieve controllable shadow removal,
but also avoid the non-trivial and tedious tasks of shadow re-
gion annotation. These advantages ensure the flexibility and
convenience of our paradigm in practical applications.

Specifically, we propose an end-to-end prompt-aware con-
trollable shadow removal network called PACSRNet. It con-
sists of a prompt-aware module and a shadow removal mod-
ule. The former aims to generate the shadow masks for a
specified subject based on the user prompt, while the lat-
ter leverages the shadow prior obtained from the former
to restore the contents in the shadow regions. We further
leverage the feature from the prompt-aware module via a
linear operation to provide prompt-aware guidance for the
shadow removal module. Among prompt-aware module and
a shadow removal module, we design spatial-frequency inter-
action and dense-sparse local attention blocks as their basic
units, respectively. The spatial-frequency interaction block
aims to facilitate information interaction between spatial fea-
tures and frequency features, thereby effectively enhancing
the shadow perception and contextual understanding capabil-
ities of the prompt-aware module. The dense-sparse local at-
tention block is used to suppress negative influence of irrel-
evant pixels, maximizing the utilization of relevant pixels to
improve shadow removal performance.

Furthermore, existing shadow removal datasets [Qu et
al., 2017; Wang et al., 2018; Le and Samaras, 2019] typi-
cally contain only shadow images, shadow-free images, and
shadow masks, with a lack of diverse user prompts. As a re-
sult, they are not suitable for the proposed prompt-aware con-
trollable shadow removal task. In this paper, we introduce
the first prompt-based controllable shadow removal dataset,
which provides multiple user prompts for each sample, such
as dot, line, and subject mask, effectively simulating real-
world shadow removal scenarios. Extensive experimental re-
sults demonstrate the effectiveness and superiority of the pro-
posed PACSRNet.

To sum up, our contributions are summarized as follows:

e We propose a new paradigm for shadow removal:
prompt-based controllable shadow removal. It enables
the removal of shadows from specified subjects based on
user prompts, effectively alleviating the need for shadow
masks. To the best of our knowledge, this is the first
work to explore prompt-based shadow removal.

* We develop a prompt-aware controllable shadow re-
moval network. This network consists of a prompt-
aware module and a shadow removal module, with
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spatial-frequency interaction and dense-sparse local at-
tention blocks as their basic units.

* We customize the first prompt-based controllable
shadow removal dataset. This dataset consists of 11,900
shadow and shadow-free samples, along with various
prompts (e.g., dot, line, and subject mask). We will re-
lease it to facilitate subsequent research.

2 Related Work

2.1 Shadow Removal

Classic shadow removal methods [Finlayson et al., 2005;
Shor and Lischinski, 2008; Finlayson et al., 2009; Yang et
al., 2012] typically utilized hand-crafted prior knowledge,
such as illumination, region-based characteristics, and den-
sity, to remove shadow regions. However, such prior knowl-
edge often lacks high-level semantic features, which results in
the above methods usually failing in complex scenarios. Re-
cently, learning-based approaches [Wang et al., 2018; Zhu et
al., 2022; Li et al., 2023; Guo et al., 2023b; Guo et al., 2023a;
Wang et al., 2024c; Mei et al., 2024] have significantly ad-
vanced removal effects using large-scale datasets. On the
one hand, [Wang er al., 2018; Wang et al., 2024c] realize
end-to-end shadow unaware removal of all shadow regions.
However, these approaches are uncontrolled and cannot tar-
get specified shadow regions for shadow removal. On the
other hand, some studies [Li et al., 2023; Guo et al., 2023a;
Guo et al., 2023b; Luo et al., 2025] present a shadow aware
removal network removing shadows by global shadow masks
as prior input. Meanwhile, [Mei et al., 2024] achieves
instance-level removal by using a single object’s shadow
mask. Despite achieving impressive results, these shadow
aware networks still heavily rely on accurate shadow masks
to indicate removal regions, which can be cumbersome and
unfriendly in practical applications. To achieve controllable
shadow removal and enhance the user experience, we propose
a new prompt-aware shadow removal network that can accept
diverse prompts (i.e., dot, line and subject mask), offering a
more flexible and intuitive interface.

2.2 Shadow Detection

Shadow detection [Huang et al., 2011; Vicente et al., 2017;
Khan et al., 2014; Chen et al., 2020] aims to identify and
segment shadow regions within a given image. Early studies
[Huang er al., 2011; Vicente et al., 2015; Shen et al., 2015;
Vicente et al., 2017] focus mainly on utilizing various hand-
crafted heuristic cues, such as color priors, image texture,
or chromaticity, to identify shadow regions. However, when
dealing with complex shadow scenes, hand-crafted features
often struggle to provide adequate information and are lim-
ited in their ability to describe shadows, leading to significant
degradation. Recently, deep learning-based shadow detection
methods [Khan et al., 2014; Le et al., 2018; Chen et al., 2020;
Liao et al, 2021; Yang et al., 2023] have achieved im-
pressive results and have become mainstream. For detect-
ing all the shadow regions in the given image more ac-
curately, [Khan er al., 2014] first uses CNNs to learn se-
mantic features for shadow detection, [Chen et al., 2020]
presents a semi-supervised shadow detection algorithm by
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Figure 2: The overview of the PACSRNet. PACSRNet is composed of a prompt-aware module and a shadow removal module. Prompt-aware
module takes a shadow image and a prompt ¢ as inputs generating corresponding shadow mask # and prompt-aware guidance feature. The
generated shadow mask will be served as explicit guidance and fed into the shadow removal module along with the shadow image for shadow
removal. The prompt-aware guidance feature is applied to encoder of shadow removal module guiding the shadow removal implicitly.

exploring unlabeled data through a multitask mean teacher
framework, [Liao et al., 2021] introduces the confidence
map prediction network to combine the prediction results
by multiple methods, and the latest method [Yang er al.,
2023] uses iterative label tuning to refine noisy labels help-
ing the network better recognize non-shadow regions and al-
leviate overfitting. Although these methods can efficiently
detect global shadow regions, they lack attention to control-
lability. Therefore, [Wang et al., 2020; Wang et al., 2021;
Wang et al., 2022] shift to instance-level shadow detection,
focusing on a finer granularity by identifying shadow regions
corresponding to a specific object. However, these methods
require an accurate object mask for shadow detection. In this
paper, we attempt to simultaneously perform shadow removal
and detection within diverse and flexible prompts.

3 Method

3.1 Problem Formulation and Overview

Problem Formulation. Given a shadow image x € RI*wx3
with width w and height h. The goal of shadow removal is
to generate shadow-free image y € R"*™“*3 which should
be spatially consistent with the ground truth y € RMXwx3,
Existing methods generally follow two technical pipelines,
shadow unaware removal and shadow aware removal, to
solve this task. Despite significant progress, they still suffer
challenges in practical applications. For example, shadow un-
aware removal methods [Hu et al., 2019; Wang et al., 2024c;
Li et al., 2024b] lack the ability to perform controllable fine-
grained shadow removal, and shadow aware removal meth-
ods [Guo et al., 2023a; Guo et al., 2023b; Xiao et al., 2024]
rely on precise shadow region mask m € R"*®**1 a5 a pre-
requisite. These challenges significantly limit the practical
application space of shadow removal methods.

In this paper, we propose a new paradigm, prompt-aware
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controllable shadow removal. It aims to enable removal of
shadow from the specified subject based on user prompt c.
Unlike existing methods, our paradigm can directly learn the
mapping G from x to y guided by user prompt ¢, without re-
quiring any annotations of the shadow region m. The pro-
posed prompt-aware controllable shadow removal paradigm
can be formulated as follows:

./v\ = g(x ) C), (1)
where ¢ can be diverse prompt clues, such as dot, line, subject
mask, and so on. This paradigm not only enables controllable
fine-grained shadow removal by user prompts, but also effec-
tively alleviates the need for shadow masks during inference.
Network Design. In this paper, we design an end-to-end
prompt-aware controllable shadow removal network, named
PACSRNet. As illustrated in Fig. 2, the proposed PACSR-
Net comprises two key components: a prompt-aware mod-
ule and a shadow removal module. First, the prompt-aware
module generates a shadow mask and prompt-aware guidance
for a specified subject based on user prompts, indicating the
content restoration regions for the shadow removal module.
Then, the shadow removal module aggregates valid contex-
tual information from shadow-free regions using the shadow
prior obtained from the prompt-aware module to restore the
content of shadow regions. In our network, the prompt-aware
module and shadow removal module are closely correlated
and mutually constrained. The former assists the latter to lo-
cate the shadow regions of a specific subject based on user
prompt, while the latter regularizes the former by the recon-
struction loss, enforcing it focuses on the shadow region of
the specified subject.

3.2 Prompt-Aware Module

The prompt-aware module is designed to generate a shadow
mask and provide prompt-aware guidance of a specified sub-
ject based on user prompt, indicating the restoration regions
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for the shadow removal module. In the prompt-aware mod-
ule, it is crucial to locate the shadow boundary of a specific
subject based on user prompt. In fact, there is a significant
frequency difference between the shadow and non-shadow
regions in an image. On the one hand, shadow regions tend
to exhibit lower frequencies compared to non-shadow ones.
On the other hand, the transition from the shadow region to
the non-shadow region is abrupt, creating a distinct gradient
change at the shadow boundary. Consequently, integrating
frequency information into spatial features helps the shadow
perception module predict the shadow mask.

For this purpose, we design a spatial-frequency interaction
(SFI) block by introducing discrete wavelet transform (DWT)
[Mallat, 1989]. It decomposes the features into frequency
components using DWT and interacts with the spatial domain
features to enhance the ability to perceive shadow boundaries.
Specifically, for the feature f corresponding to the image x,
we first feed it into two different branches to extract the fre-
quency feature e and the spatial feature z, respectively.

e="D(f), z=Ci(f), 2)

where D(-) and C; (-) denote a DWT layer and a 3x 3 convolu-
tion layer. In this way, the feature e can capture the frequency
variation details in the image, while feature z learn the image
semantic information in the spatial domain.

After obtained frequency feature e and spatial feature z, we
interact the information between them to enhance the repre-
sentation ability of shadow regions. Such a strategy can bet-
ter utilize the complementary information between frequency
feature e and the spatial feature z to facilitate shadow percep-
tion of the prompt-aware module. The whole feature interac-
tion process can be formulated as:

g = eEBCQ(e)a h :f@cii(z)v (3)

where g and k are output of frequency and spatial branches,
respectively. Ca(+) and C3(-) denote two different 1 x 1 con-
volutional layers. & represents the addition operation.

Finally, the output g of the frequency branch is converted
into the spatial domain by an inverse DWT layer Z(-) , and
aggregated with the features from the spatial branch to obtain
the final interaction feature ¢.

t=A(Z(g),h), @)

where A(-,-) is aggregation convolutional layer. The final
predicted shadow mask m can be obtained by decoding # with
the decoder. Additionally, we further leverage the feature
from prompt-aware module via a linear operation to provide
prompt-aware guidance for shadow removal module.

3.3 Shadow Removal Module

The shadow removal module aims to restore the content
in the predicted shadow regions m by aggregating effective
contextual information. This is consistent with the goal of
shadow aware removal settings. Recently, benefiting from
the advantages of long-range feature capture, transformer-
based methods have achieved superior performance. To en-
able the local attention mechanism [Wang er al., 2024b;
Wang et al., 2024a] of the transformer to capture global rep-
resentations, the latest method [Xiao et al., 2024] introduces
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a random shuffle strategy to enable global interactions. Al-
though significant improvements have been made, this strat-
egy introduces new challenges. Specifically, the random
shuffle strategy gives each pixel an equal probability of ap-
pearing in the same local token. However, this means that
more irrelevant content will be introduced in the local to-
kens. In this scenario, aggregating the features using all
attention relations based on query-key pairs will introduce
redundant or irrelevant content into shadow regions, result-
ing in blurry or compromised results [Zhou er al., 2024;
Wu et al., 2025]. Therefore, we design a dense-sparse local
attention (DSLA) block to alleviate the above challenges.

For the local token /; obtained after using the random shuf-
fle strategy, we first map it into query (g;), key (k;), and value
(v;) by three different linear layers. Then, the standard dense-
attention score d; between ¢, and k; can be calculated by a
softmax layer:

(k)T
d; = Softmaz (q()> , 5)
Vd
where Softmax(-) denotes the softmax layer. Since the

shuffle strategy introduces irrelevant content, Eq.(5) will in-
evitably reduce the attention scores of relevant content, re-
sulting in sub-optimal shadow removal results.

To mitigate the negative impact of irrelevant content, we

develop a sparse attention by a screening operation. The
sparse attention score s; can be calculated as follows:
(k)T
s; = Softmax (mask; (%())) , (6)
Vd

where mask denotes a screening operation. It sets negative
similarity values to negative infinity and retains the positive
similarity values.

Note that simply relying on s; will result in over sparsity,
which in turn causes the encoded features insufficient to re-
store the shadow region. Only using d; will inadvertently in-
troduce irrelevant content into shadow regions, leading to dis-
torted and blurry results. Therefore, we introduce two learn-
able weights (w; and wo) to balance d; and s;. The aggregated

featurez- can be calculated as follows:

li = (w1 Odi + w2 ©s;) vy, (7
where ® denotes the multiply operation. Finally, to preserve
the original semantic information of the image, all aggregated
features will be restored to the original order by the inverse
shuffle operation.

Additionally, to obtain more guidance from the prompt-
aware module, we connect the multi-scale features extracted
by the prompt-aware module to the encoder of the shadow re-
moval module through a linear layer. In this way, the prompt-
aware module can implicitly guide the feature learning of the
shadow removal module, enabling controllable shadow re-
moval based on user prompts.

3.4 Loss Functions

We train our PACSRNet by minimizing the following loss:
L=Xre+ Ly, (8)

where L, and L,, denote shadow removal loss and shadow

prediction loss, respectively. A is a trade-off parameter. In

real implementation, we empirically set A = 3.
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Methods Shadow Regions Non-Shadow Regions All Regions

PSNRt | SSIMt | RMSE| | PSNRt | SSIM{ | RMSE| | PSNR{ | SSIMt | RMSE]

PCSRD dataset
BMNet [Zhu et al., 2022] 44.459 0.9955 5.9428 48.832 0.9961 0.6401 41.627 0.9881 0.7743
Inpaint4Shadow [Li er al., 2023] 45.443 0.9958 8.6692 45.643 0.9955 0.8817 41.969 0.9884 0.9723
OmniSR [Xu et al., 2025] 44.632 0.9956 6.1321 49.013 0.9961 0.6377 41.743 0.9881 0.8538
RASM [Liu er al., 2024al 45.127 0.9957 5.6430 49.327 0.9962 0.5703 42.103 0.9887 0.6213
ShadowFormer [Guo er al., 2023a] 45.318 0.9957 5.1687 49.774 0.9962 0.5018 42.302 0.9889 0.6183
ShadowDiffusion [Guo et al., 2023b] 44.593 0.9896 12.507 46.094 0.9889 1.0726 40.823 0.9869 1.2135
HomoFormer [Xiao et al., 2024] 45.256 0.9957 5.3159 49.593 0.9962 0.5042 42.219 0.9888 0.6251
PACSRNet! (Ours) 45.559 0.9959 4.9987 49.784 0.9964 0.4927 42.494 0.9892 0.6038
PACSRNet (Ours) w/ Dot 43.382 0.9952 6.1311 48.622 0.9961 0.4864 40.956 0.9878 0.6341
PACSRNet (Ours) w/ Line 43.479 0.9953 6.0847 48.867 0.9961 0.4861 41.056 0.9879 0.6333
PACSRNet (Ours) w/ Subject Mask 44.354 0.9957 5.5541 49.061 0.9961 0.5022 41.592 0.9884 0.6263
ISTD+ dataset

BMNet [Zhu et al., 2022] 37.87 0.991 5.62 37.51 0.985 245 33.98 0.972 2.97
Inpaint4Shadow [Li er al., 2023] 38.10 0.990 6.09 37.66 0.981 2.82 34.16 0.967 3.35
ShadowFormer [Guo et al., 2023al 39.48 0.992 5.23 38.82 0.983 2.30 35.46 0.971 2.78
ShadowDiffusion [Guo et al., 2023b] 39.69 0.992 4.97 38.89 0.987 2.28 35.67 0.975 2.72
HomoFormer [Xiao et al., 2024] 39.49 0.993 4.73 38.75 0.984 2.23 35.35 0.975 2.64
PACSRNet! (Ours) 40.32 0.993 4.89 39.18 0.985 227 36.02 0.972 2.63

Table 1: Comparison with the state-of-the-art methods on the PCSRD and ISTD+ [Le and Samaras, 2019] datasets. PACSRNet' denotes the
model only uses the shadow removal module. The best and second best results are boldfaced and underlined.

4 Experiment

4.1 Experiment Setups

Dataset Generation. Existing shadow removal datasets [Qu
etal.,2017; Wang et al., 2018; Le and Samaras, 2019] are not
suitable for prompt-aware controllable shadow removal task.
On the one hand, these datasets typically include only shadow
images, shadow-free images, and shadow masks, lacking di-
verse user prompts such as a dot, line, and subject mask. On
the other hand, the image scenes in these datasets typically
contain only one shadow region, failing to simulate complex
real-world scenes.

In this paper, we customize the prompt-based controllable
shadow removal dataset, named PCSRD. Specifically, we first
sample shadow-free images, shadow images, and shadow
masks with multiple subject scenes from DESOBAv2 [Liu
et al., 2024b] dataset, and collect the corresponding subject
mask as one of the user prompts. Subsequently, to obtain
diverse user prompts, we employ the subject mask to auto-
matically generate the corresponding dot and line prompts by
a dynamic programming strategy. In this way, customized
PCSRD dataset can effectively simulate complex real-world
scenes with multiple subjects and diverse prompts.

The final dataset PACSRD ! consists of 11,900 complex
scenes samples with resolution of 256 x 256, which are ran-
domly divided into 10,000 for training, 1,000 for validation,
and 900 for testing. To ensure the validity of the results, we
carefully prevented any data leakage between the training and
testing sets. To the best of our knowledge, this is the first
dataset for prompt-aware controllable shadow removal task.
Testing Dataset. In addition to our customized PCSRD
dataset, we also introduce the ISTD+ [Le and Samaras, 2019]
dataset to validate the effectiveness of our shadow removal
module. ISTD+ [Le and Samaras, 2019] dataset includes

"Dataset:  https://drive.google.com/drive/folders/1hAQJ4pfpC-
1m77vpGihdNZJlebrx VTyf?usp=drive;ink

796

1,330 training and 540 testing triplets. Each triplet consists
of a shadow image, shadow-free image, and shadow region
mask. The ISTD+ dataset is obtained by reducing the illu-
mination inconsistency between the shadow and shadow-free
image of ISTD [Wang er al., 2018] dataset.

Baselines. To the best of our knowledge, there is no exist-
ing work focusing on prompt-based controllable shadow re-
moval task. Therefore, we use seven state-of-the-art shadow
removal methods as our baselines to evaluate the performance
of our PACSRNet, including BMNet [Zhu er al., 2022], Shad-
owFormer [Guo et al., 2023a], ShadowDiffusion [Guo et al.,
2023b], Inpaint4Shadow [Li et al., 2023], RASM [Liu et al.,
2024b], HomoFormer [Xiao et al., 2024] and OmniSR [Xu
et al., 2025]. To ensure the comparability of experimental
results, these baseline methods used for comparison are fine-
tuned on our PCSRD dataset through their released codes.
Evaluation Metrics. Following previous works [Wang et al.,
2018; Qu er al., 2017; Le and Samaras, 20191, we employ the
peak signal-to-noise ratio (PSNR) [Wu et al., 2023al, struc-
tural similarity (SSIM) [Zhang er al., 2023], and root mean
square error (RMSE) [Wu ef al., 2021] as quantitative evalu-
ation metrics. Specifically, PSNR and SSIM are two popular
metrics to evaluate image fidelity of shadow removal results.
The higher value (1) of PSNR and SSIM metrics indicates
better performance. RMSE measures the mean error between
the pixels of the results and the ground truth. The lower value
({) of RMSE indicates better shadow removal. Furthermore,
to perform detailed analysis of the removal effects, we cal-
culate all the above metrics for shadow regions, non-shadow
regions, and all regions, comparing the ground truth with the
generated results for each region separately.

4.2 Experimental Results and Analysis

Quantitative Results. The quantitative results are reported
in Tab. 1. As shown in the table, our method achieves perfor-
mance comparable to ShadowDiffusion [Guo et al., 2023b]
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Figure 3: Examples of shadow removal results based on dot, line and subject mask prompts. In the same image, we use the prompt to specify
the different subjects and perform corresponding controllable shadow removal.

Method PSNR T | SSIMT | RMSE J
PACSRNet w/o SFI 42265 | 09888 | 0.6330
PACSRNet w/o LDSA 42384 | 09890 | 0.6075
PACSRNet w/o Guidance || 41.215 | 09881 | 0.6262
PACSRNet (Full) 42.494 | 0.9892 | 0.6038

Table 2: Ablation results for the key blocks of PSCSRNet.

in terms of PSNR across the entire image under three differ-
ent user prompts. Specifically, the PSNR of our method is
40.95 dB, 41.06 dB, and 41.59 dB under point, line, and sub-
ject mask prompts, respectively. These results outperform the
PSNR of ShadowDiffusion (40.82 dB) [Guo et al., 2023bl],
which requires precise shadow region masks as priors. This
demonstrates the effectiveness of the proposed prompt-aware
controllable shadow removal framework.

Qualitative Evaluation. To visually validate the effective-
ness of the proposed PACSRNet, we present the shadow re-
moval results of PACSRNet under three different prompts in
Fig. 3. Specifically, the left of Fig. 3 shows an example of
shadow removal based on a dot prompt, the middle displays
the shadow removal case based on a line prompt, and the right
demonstrates the shadow removal case based on a subject
mask prompt. From Fig. 3, we can clearly observe that the
proposed PACSRNet is capable of effectively removing the
shadows of the user-specified subject under all three types of
prompts. These results highlight the flexibility and robust-
ness of PACSRNet in effectively handling a wide range of
user-specified prompts, demonstrating its ability to perform
high-quality shadow removal across different scenarios. In
addition, we can see in Fig. 3 that PACSRNet can remove
shadows of different subjects using the dot, line, and sub-
ject mask prompts. For instance, in the example of the point
prompt, PACSRNet effectively removes the shadows from
different subjects by processing prompt placed at various lo-
cations across the image. This flexibility further emphasizes
the robustness of PACSRNet in controllable shadow removal.

4.3 Ablation Study

Effectiveness of Spatial-Frequency Interaction (SFI). We
conduct ablation study to verify the effectiveness of SFI
block. Specifically, we compare the full model with SFI block
and the model without SFI block in Tab. 2. From the results,
we can observe that SFI block significantly improve the per-
formance of the model. Its PSNR value increases by 0.2326
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Figure 4: Visualization of prompt-aware guidance feature maps. It
implicitly guides the shadow removal module to focus on shadow
regions marked in red dashed box.

DO TR

Method IoU 1 BCE |
PACSRNet - dot 0.816 0.018
PACSRNet - line 0.825 0.016
PACSRNet - subject mask 0.872 0.013

Table 3: Evaluation of shadow masks predicted using different types
of prompts in PSCSRNet.

dB. These results illustrate that frequency features are bene-
ficial for the prediction and restoration of shadow regions.
Effectiveness of Dense-Sparse Local Attention (DSLA). In
Tab. 2, we conduct an ablation study to validate the effective-
ness of DSLA. From the table, we can observe that the stan-
dard dense attention model without sparse branch achieves
the worst removal performance due to the introduction of ir-
relevant content. Its PSNR is improved by 0.11 dB compared
to the dense-sparse local attention model with sparse attention
branch. These results demonstrate that using sparse attention
branch to mitigate the negative impact of irrelevant content
on the attention computation is effective.

Effectiveness of Prompt-Aware Guidance Strategy. As
mentioned in the section 3.3, we connect the multi-scale fea-
tures from the prompt-aware module to the encoder of the
shadow removal module, implicitly guiding its feature learn-
ing. To verify the effectiveness of the prompt-aware guid-
ance strategy, we compare the full model with those without
the prompt-aware guidance strategy. As shown in Tab. 2, the
full model using the prompt-aware guidance strategy achieves
better shadow removal performance. Furthermore, we visu-
alize the multi-scale feature maps in the prompt-aware mod-
ule used to guide the feature learning of the shadow removal
module in Fig. 4. As shown in Fig. 4, we can see that the fea-
tures at different scales guide different aspects of the shadow
removal module. For example, low-level features focus on
the subject, while high-level features emphasize the shadow
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Figure 5: Visual comparison of the predicted shadow region masks Figure 6: Visual examples of our PACSRNet predicting shadow re-
for one subject under three different prompts. Our PACSRNet is gions under three different prompts.

robust to different types of user prompts.

dow Image ShadowDiffusion ShadowFormer Ours

SRR
SRR
s
QKR
SRR

regions related to the subject. These results verify the neces-
sity and effectiveness of the prompt-aware guidance strategy.
Robustness to User Prompts. In our design, the proposed
PACSRNet supports various user prompts, such as dots, lines,
and subject masks. Here, we verify its robustness to user
prompts. As shown in Tab. 3, we compare the shadow re- i
gion masks predicted by PACSRNet under three different lsﬁgure 7: g(’)‘fg]lpéet"f sthagﬁw.rem:)v}zil (rlesulFs on ththST]?‘* [I;edand
f amaras, ataset. € 1Input shaaow 1mage, the estimated re-
fperfergf’t;ol;fgg ;rll:léazfmgf o rzziflrgf f)hvaetrt?;geagg) sults of ShadownDiffusion [Guo ef al., 2023bl, ShadowFormer [Guo
. " et al., 2023al, and ours, respectively. The slice of the shadow image
and binary cross entropy (BCE) .vallues. In addition, we also corresponds to the ground truth shadow-free image.
present the shadow region prediction results of PACSRNet
under three different user prompts. As shown in Fig. 5, PAC-
SRNet obtains shadow region masks consistent with ground ~ datasets, respectively. Furthermore, Fig. 7 presents an exam-
truth under three different user prompts. These results further ~ ple comparing our shadow removal module with two compet-

demonstrate that PACSRNet is robust to user prompts_ itiVe baselineS: ShadOWFOrmer [GuO et al., 20233] and Shad-
Effectiveness of Prompt-Aware Module. In Fig. 6, we vi-  owDiffusion [Guo er al., 2023b]. As can be observed, the
sualize the shadow region prediction results of the prompt- shadow regions restored by our shadow removal module are
aware module under three different prompts. From the fig- more plausible. These results demonstrate the superiority of

ure, we can see that the prompt-aware module can predict the our shadow removal module in shadow removal.

shadow mask of the user-specified subject among multiple

subjects under three different prompts. Fpr example, in the 5 (Conclusion

first case, the prompt-aware module predicts the shadow re-

gions of the schoolbag based on the given dot prompt. These This paper develops a prompt-aware controllable shadow re-
results demonstrate the effectiveness and superiority of the moval network, which consists of two key components: a

designed prompt-aware module in shadow prediction. prompt-aware module and a shadow removal module. The
Effectiveness of Shadow Removal Module. To further ver- former aims to generate the shadow masks for a specified sub-
ify the effectiveness of the shadow removal module, we com-  ject based on user prompts (e.g., dot, line, and subject mask),

pare it with five baselines on two datasets (PCSRD and ISTD while the latter aggregates relevant content by a dense-sparse
+ [Le and Samaras, 2019]). As shown in Tab. 1, our shadow local attention block to restore the shadow regions predicted
removal module achieves superior performance on both PC- by the former. Such a design not only achieves controllable
SRD and ISTD+ [Le and Samaras, 2019] datasets. In par- shadow removal, but also avoids the non-trivial and tedious
ticular, for the shadow regions, our shadow removal module annotations of shadow region. Furthermore, we introduce
outperforms the five baselines by a large margin on both the the first dataset suitable for the prompt-aware controllable
PCSRD and ISTD + [Le and Samaras, 2019] datasets. The shadow removal task, which can effectively facilitate subse-
specific earnings of it are 0.116 dB and 0.63 dB in shadow quent research. Extensive experimental results demonstrate
regions on both PCSRD and ISTD+ [Le and Samaras, 2019] the superiority and flexibility of our method.
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