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Abstract

Recovering textures under shadows has remained a chal-
lenging problem due to the difficulty of inferring shadow-
free scenes from shadow images. In this paper, we propose
the use of diffusion models as they offer a promising ap-
proach to gradually refine the details of shadow regions
during the diffusion process. Our method improves this
process by conditioning on a learned latent feature space
that inherits the characteristics of shadow-free images, thus
avoiding the limitation of conventional methods that con-
dition on degraded images only. Additionally, we propose
to alleviate potential local optima during training by fus-
ing noise features with the diffusion network. We demon-
strate the effectiveness of our approach which outperforms
the previous best method by 13% in terms of RMSE on the
AISTD dataset. Further, we explore instance-level shadow
removal, where our model outperforms the previous best
method by 82% in terms of RMSE on the DESOBA dataset.

1. Introduction

Images captured in natural illumination often contain
shadows caused by objects blocking the light from the il-
lumination source. Shadows can degrade the performance
of many computer vision algorithms, such as detection, seg-
mentation, and recognition [31,51]. Furthermore, removing
shadows is essential for photo-editing applications such as
distractor removal [49] and relighting [20]; which may rely
on instance-level shadow removal. Therefore, it is critical
to develop methods that can automatically remove shadows
from captured images as works explored in literature.

Recently, diffusion models [40] with hierarchical denois-
ing autoencoders [17] have shown to achieve impressive
synthesis performance in terms of sample quality and diver-
sity. The conditional generation ability further allows for
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iterative refinement and fine-grained control according to
certain conditions. Motivated by the success of diffusion-
based image restoration models [36,39], we adapt diffusion
models for the task of shadow removal by conditioning on
the input shadow image and corresponding shadow mask as
a baseline approach to generate shadow-free images. How-
ever, preserving and generating high-fidelity textures and
colors in the shadow region after removal is non-trivial. The
baseline model appears to favor borrowing textures from
the surrounding non-shadow areas rather than focusing on
restoring the original details underneath the shadow, which
results in incorrect color mixtures and loss of detail in the
shadow region. In Fig. 2, we show one of the representative
issues of image-mask conditioning, i.e., the model synthe-
sizes results containing an incorrect color mixture.

Intuitively, the intensity drop in shadow regions means
that diffusion models are typically guided more strongly by
the surrounding non-shadow areas. However, this guidance
can harm the fidelity of the result if the texture and color un-
der the shadow differs significantly from the surrounding ar-
eas. In addition, the multi-head attention module [43] used
in diffusion models can exacerbate this issue by extracting
global information. This motivates us to consider guiding
the conditioned diffusion models with an additional latent
feature space that captures external perceptual shadow-free
information as the shadow removal priors.

Our proposed method differs from latent diffusion mod-
els (LDMs) [36] in that we incorporate a learnable feature
encoder to discover a latent feature space. To optimize the
latent feature encoder, we minimize the difference between
the feature space of shadow images and that of shadow-free
images, using it as the loss function. Through experimen-
tation, we have found that optimizing the encoder together
with the diffusion models leads to a compact and percep-
tual latent feature space. Additionally, we demonstrate that
pretraining the diffusion model on shadow-free images sim-
plifies the optimization process and is crucial for achieving
high-fidelity synthesis. By guiding the diffusion models on
the latent feature space, instead of just conditioning on the
shadow image and mask, we observe significant improve-
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Figure 1. Given a shadow mask, our method effectively removes shadows and recovers the underlying details for shadows at the general
level (top two rows) or instance level (bottom two rows). From left to right, we show the input image, shadow mask, SG-ShadowNet [44]

result, our method result, and shadow-free images for comparisons.

ments in shadow removal capability.

In addition to the proposed latent feature space guidance,
we propose an improved diffusion network that addresses
the issue of posterior collapse [5, 16, 52], which refers to
the local optima of diffusion models. We identify the local
optimum as the degrading effect of the noise variable and
introduce a Dense Latent Variable Fusion (DLVF) module
that includes dense skip connections between the embed-
ding of the noise and diffusion network. DLVF significantly
improves shadow removal results without introducing addi-
tional parameters or running complexity. In summary, this
paper makes the following contributions:

* A new shadow removal model that addresses the chal-
lenging task of general and instance-level shadow re-
moval. This is the first work, to the best of our
knowledge, to demonstrate the applicability of diffu-
sion models for instance shadow removal.

* We show that it is possible to acquire compact and
perceptual guidance in a learned feature space that is
optimized together with the diffusion models, without
relying on handcrafted features or physical quantities.

* We identify the local optimum of diffusion models that
degrades the model results and introduce a dense latent
variable fusion module to alleviate it, leading to signif-
icant performance improvement.

2. Related Work

Shadow Removal. The major challenge of modern
learning-based shadow removal approaches comes from the
large diversity of real-world shadow scenes. The perfor-
mance of recent shadow removal methods degrades signifi-
cantly on out-of-distribution scenes [1]. Various approaches

Shadow & Mask Baseline Result Our Result

Figure 2. Our baseline method, which conditions diffusion mod-
els solely on shadow and mask images, produces incorrect results
such as color mixing in highlight areas. In contrast, our proposed
method generates results with consistent and reasonable colors
that match the surrounding area.

have been explored for addressing this issue, such as using
physical illumination models, handcrafted priors, and im-
age gradients [8,9, 15]. The recent trend has been in de-
veloping learning-based methods that can predict shadow-
free scenes [2,11,21,23,27] or intermediate factors [25,20]
for restoration. These methods have improved from pre-
vious methods in learning data [27], shadow effects [23],
network architecture [2, 13,45], and learning target decom-
position [25,26, 50]. In particular, generative models have
gained some traction for shadow removal. ARGAN [6] re-
moves the effect of shadow in a progressive manner de-
termined by a discriminator. Nevertheless, these end-to-
end GAN-based methods lack generalizability on the out-
of-distribution shadow images without significant modifica-
tions. Recent diffusion models have shown promising per-
formance in general image restoration tasks but are rarely
explored in shadow removal [30,32,37]. In this work, we
first propose to apply diffusion models for removing shad-
ows, to leverage their impressive capacity of perceptual syn-
thesis, which is shown to be capable of gradually preserving
details in denoising sequences.

4314



Backward P,(¥, ¥, &(x. m), x, m)

Fusion

@

Diffusion Network €g

Fusion Fusion

@

(x, m)

Latent
Encoder

Attention

(x, m) ——>»

&,(x, m)
|

°
@
1]

T

=
S

=

Conv
Attention

Dense Latent Variable
Fusion Module

]
©
@

T

=
=

=

Latent Feature Guidance

Figure 3. Our diffusion model architecture is illustrated in this backward diffusion diagram. The latent feature encoder &y (-) takes the
shadow image x € R**™*W and shadow mask m € R**#*W as input, with a resolution of H x W, and acquires the latent feature in a
compressed dimension of 1 x H x W. The diffusion network €4 (-) conditioned on (x, m) takes the latent feature concatenated with the

noisy image y; € R¥*#xW

as input, and estimates the noiseless image y:—1 €

R W at each diffusion process po(-). In this process,

the noise encoder takes the noise image y as input and acquires a 1-D vector as the noise embedding, which is fused with the diffusion

network features by modulation for escaping the local optima.

Latent Feature Space Guidance. Guidance has become an
essential component of diffusion models and powers spec-
tacular image generation results in recent works. Typi-
cal guidance for diffusion models includes class informa-
tion [4], text description [35, 38], and even gradients [18].
Nevertheless, these features cannot be easily adopted in
shadow removal to provide more guidance than images. In
literature, physical quantities and handcrafted features have
been heavily explored for guiding the restoration network.
Zhu et al. [53] propose to guide the network with an esti-
mated shadow-invariant color map, and Wan et al. [44] pro-
pose to guide the network with coarse de-shadowed images.
[lumination invariant representations [7, 12,4 1] are another
related approach that aims to decompose intrinsic images
by finding quantities invariant to color, density, or shading.
In our approach, we define a new latent feature space for
guiding diffusion models. By maximizing the similarity be-
tween the shadow and shadow-free latents, we empirically
demonstrate that it better guides the diffusion model to re-
move shadows by encapsulating essential perceptual infor-
mation as a shadow-free prior.

Posterior Collapse. The problem of posterior collapse
refers to undesirable local optima first observed in the train-
ing of VAE models [24]. Efforts to address it have included
aggressive optimization of the inference network proposed
by He et al. [16], weakening the generator by Fu et al. [10],
and changing the objective function by Tolstikhin et al. [42].
In this work, we show that although this issue has primar-
ily been investigated in VAE models, conditional diffusion
models can also suffer from similar issues. Specifically,
the conditions used in diffusion models usually provide
stronger guidance compared to the latent noise variable. In-
spired by previous efforts to address the issue, we propose a
new Dense Latent Variable Fusion (DLVF) module for dif-

fusion models and experimentally demonstrate that this de-
sign improvement improves shadow removal results with-
out introducing additional costs or modifications. Different
from the other latent-based diffusion methods [33, 36], ours
uses simpler pixel space and models shadow-free image dis-
tribution.

3. Proposed Method
3.1. Conditional Diffusion Models

Diffusion Forward Process. The denoising diffusion mod-
els have been shown to be effective for modeling complex
data distributions by reversing a gradual noising process.
For the shadow-free image distribution, we define the for-
ward diffusion process that destroys a shadow-free image
y ~ q(y) with T successive standard noises:

q(yelyt-—1) :N(Yt;\/ »315}’0»(1—»301) . (L
Alternatively, we can use the reparameterization trick [24]
to express this as:

a(yilyo) =N (yi; Vauyo, (1 — a;)I)
= \/O_[tyo + €v/ 1— O_ét, €~ N(O,I),
where the variance schedule {31, ..., 8r} linear increases
and has a closed form oy = 1 — 3; and &, := Hizl Q.
Diffusion Backward Process. The reversion of q(y:|y:—1)
is tractable by conditioning on image yg, and it results in

sampling arbitrary shadow-free images from noise yr ~
N (0, I) for removal as:

q(ye-1lye,y0) =N (yt_l; fi (ye,¥0) 7@1) )
According to Bayes’ rule and Eq. (2), we represent fi; as:

1 _
\/%eo. )
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Figure 4. The diagram illustrates the two-stage learning approach
used in our proposed method. In the pretraining stage (top row),
the diffusion network is trained on shadow-free images to learn a
latent feature space that captures informative shadow-free priors
as guidance. In the finetuning stage (bottom row), we initialize the
diffusion network with the pretraining weights from (a) for shadow
removal under the latent feature guidance.

Ho et al. [17] suggests modeling the process with py by op-
timizing the variational lower bound (Lv 1) as:

Lyig=Lr+Lr_1+---+ Lo, (5)

which is defined with Kullback—Leibler (KL) divergence as:
Ly = Dx(q(yrlyo) | pe(yT)),

Lt = Dxi(q(ytlye+1,¥0) | po(yelye+1)),  (6)

Lo = —logps(yoly1),
and the effective simplification of L; is

Lsimple =K |:||6 — €9 (}’t,t)‘lz} . 7

Diffusion Conditioning. A straightforward approach to
producing shadow-free results is to condition diffusion
models on the shadow image x and shadow mask m by con-
catenating them with noise y; along the channel dimension:

Po (Yi-1lyt) == po (Yi—1lye, x,m,t). )]
In the following sections, we will discuss our improvement
based on the baseline following Eq. (8) that takes image x,
y¢, and mask m as input and predicts the shadow-free noise
y+—1 for effective shadow removal as py (y:—1|y¢, ).

3.2. Latent Feature Guidance

The proposed latent feature encoder Ey(-) uses the same
network architecture as the diffusion network eg(-) with the
exception of a timestep embedding and predicts a single-
channel feature map that has the same spatial dimension as
the shadow image x. It guides the diffusion process Eq. (8)
by concatenating the guidance with conditions:

De (}’t71|}’t) = Do (thl‘}’t, 59(3(7 m)7 t) . )

(b)
Figure 5. Visual comparisons of different guidance strategies in
shadow removal literature. (a) to (d): shadow image, invariant
color map [53], coarse deshadowed image [44], and our learned
latent feature. Our approach provides more perceptual information
than (b) and contains fewer shadow features than (¢), which still
retains a shadow boundary.

We propose to learn to extract shadow-free priors using the
latent feature space by minimizing the invariant loss be-
tween the encoded shadow-free images and shadow images
with shadow masks as:

al"ngeiane(YmO) — &(x,m)|”. (10)

In order to extract a compact and perceptual feature space to
guide the diffusion model, we optimize the encoder together
with the whole network during training based on Eq. (7):

Lsimple =F |:||6 — €9 <Yt750(xam),xym7t)||2}

+ ||89(yOv 0) - ge(xv m)||2 .

Moreover, we empirically find that pretraining the dif-
fusion model €(-) and then finetuning it accelerates the
optimization of Eq. (11). Intuitively, the pretraining strat-
egy provides a good starting point to finetune the diffu-
sion model, such that the encoder has already learned to
model the important characteristics of shadow-free images
such as shadow-free textures and colors. This feature space
provides strong guidance during finetuning for minimizing
shadow features with the invariant loss, allowing the model
to achieve higher-quality results.
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Figure 6. We visualize the mean space of variables to show the
collapse and our effects. The horizontal and vertical axis represent
the mean of predicted y, and y,_,, respectively. The dashed di-
agonal line represents when the approximate noise is relevant. By
projecting denoised samples, the results show the network with
our DLVF (third) successfully moves points onto the diagonal line
and away from collapses compared to without it (second).

Subsequently, we propose a two-stage learning approach
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for guiding the diffusion models including pretraining and
finetuning as shown in Fig. 4 as:

* Optimize the diffusion network €y together with the
latent encoder & for modeling the characteristics of
shadow-free images by minimizing the loss:

E ||€_60 (yt759(y0a0)7y07m7t)”2j| . (12)

¢ Finetune the encoder & and diffusion network €y by

optimizing Eq. (11) to effectively remove shadows and
preserve the underlying texture.

To demonstrate the effectiveness of our proposed latent
feature guidance, Fig. 5 compares it with existing guidance
strategies in shadow removal literature, including [44],
which conditions on estimated coarse de-shadowed images,
and [53], which conditions on estimated invariant color
maps for restoration. Our approach preserves more shadow-
free perceptual details compared to the estimated invariant
color map, which only consists of large color blocks. Simi-
larly, our approach retains fewer shadow features compared
to the estimated coarse de-shadowed image, which still re-
tains shadow boundaries that may lead to incorrect results.

3.3. Dense Latent Variable Fusion Module

The phenomenon known as posterior collapse occurs
when the training procedure of generative models falls into
a trivial local optimum of Ly 1, causing the model to ig-
nore the latent variable and collapse the model posterior to
the prior, which has only been discussed in VAE [16]. Given
the intrinsic similarity between diffusion models and VAE,
we first determine the collapse issue of diffusion models un-
der guidance and then address it with a new module.

In our proposed diffusion models, we parameterize the
variational distribution pg(y;—1|y:, yo) with the latent vari-
able y; under the guidance &y (x, m) in Eq. (9). In this case,
the local optima are characterized by:

po(yi-1) = po (ye-1 | yt, Eo(x,m), 1)
=po (yt—1 | yt)po (yi—1| Eo(x,m),t) (13)
=po (yi-1 | Eo(x,m), ).
This is undesirable since a crucial goal of diffusion models
is to produce diverse outputs. This is particularly important
for shadow removal, where complex shadow distributions
exist that cannot be easily represented by guidance alone.

Much attention has been devoted to remedying the poste-
rior collapse of VAE models. However, some of these meth-
ods weaken the encoder or modeling capability of posterior-
related components, as observed in [10, 16]. Other ap-
proaches, such as those proposed in [42, 48], significantly
complicate the optimization.

In this work, we introduce a new Dense Latent Variable
Fusion (DLVF) module that works in tandem with the dif-
fusion network to establish strong links between the latent
variable and the generated results. To elaborate, for each

block G(-)™ of the diffusion network [4] at level n, the fea-
ture h"~! and the embedding of emb(y;) generated by a
three-layer MLP are both inputted as:

R" = G(h" ! emb(y;) Lon, t)"™, 14)
where |9, denotes the pooling operation with a scaling fac-
tor of 2n to match the dimension of the features h"~1. To
achieve a larger receptive field for the latent variable embed-
ding, we employ fully-connected layers as an additional en-
coder before inputting them into the network and use adap-
tive pooling operations to transform the noise into vectors:

y; - Pooling(gnoise(yt))7 y; S RlXNy (15)
where N is the size of the vector noise. The connection
between the embedding emb(y;) J2, and the network fea-
tures h" ! is conducted by point-wise summing.

To demonstrate the collapse and effectiveness of our
method, we visualize the correspondence between the latent
variable y; and approximated y;_;, which are randomly
selected from T" denoising processes, shown in Fig. 6. In
comparison to the baseline without our fusion strategies, our
method shows a stronger correspondence between the two
variables, indicating a better optimum in the training dy-
namics. This ultimately results in more effective removal.

4. Experiments

We provide further implementation details, including the
settings of the network and optimizer, in the supplemental.
Shadow Removal Benchmarks. We conduct both quan-
titative and qualitative comparisons on three benchmarks:
ISTD [46], AISTD [25], and SRD [34]. The ISTD dataset
is a real-world shadow-removal benchmark that consists
of 1,330 image triplets for training and 540 image triplets
for testing. The image triplet includes the shadow image,
shadow mask, and the corresponding shadow-free image.
The shadow mask is extracted from the binary difference
between the shadow image and the shadow-free image. The
AISTD dataset uses the same scene as the ISTD dataset but
avoids inconsistent color between the shadow and shadow-
free image for accurate comparisons. SRD contains differ-
ent scenes and consists of 2,680 image pairs for training and
408 image pairs for testing. Since SRD does not contain bi-
nary masks for the shadow regions, we follow the common
practice and use the masks generated by Cu et al. [3]. For
data processing, we empirically dilate all shadow masks in a
kernel size of £k = 21 to address incomplete shadow masks.
Instance-level Shadow Removal Benchmark. We con-
duct various experiments with visual comparisons on
shadow images collected from the internet. The major
difference between the above benchmarks and instance-
shadow images is the number of shadows in the image,
whereas the latter usually has more than one shadow in-
stances. The major collections of our instance-shadow im-
ages come from the shadow object association (SOBA)
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Table 1. Quantitative result comparisons of our methods and the state-of-the-art methods on AISTD. The best and second-best
performance is indicated with bold and italic respectively. We use 1 and | to suggest better high/lower score.

‘ shadow region

‘ non-shadow region ‘ all image

Method ‘ RMSE| PSNR?T SSIM 1 ‘ RMSE| PSNR?T SSIM 1t ‘ RMSE] PSNR?T SSIMt
SP+M-Net [25] ICCV-19 5.93 37.96 0.990 3.05 35.77 0.973 3.51 32.90 0.957
DHAN [3] AAAI-20 11.38 33.18 0.987 7.15 27.10 0.972 7.81 25.65 0.954
Param+M+D-Net [26] ECCV-20 9.67 33.46 0.985 291 34.85 0.974 3.98 30.13 0.945
G2R-ShadowNet [27] CVPR-21 7.38 36.24 0.988 3.00 35.26 0.975 3.69 31.90 0.953
Auto-Exposure [11] CVPR-21 6.57 36.30 0.976 3.83 31.10 0.874 4.27 29.44 0.838
DC-ShadowNet [23] ICCV-21 10.57 32.15 0.976 3.82 34.99 0.969 4.80 28.75 0.925
EMDN [54] AAAI-22 7.94 36.44 0.986 4.78 31.80 0.962 5.28 29.98 0.940
SG-ShadowNet [44] ECCV-22 5.93 37.25 0.989 3.00 35.27 0.975 3.46 3242 0.956
BMN [53] CVPR-22 5.69 38.00 0.991 2.52 37.35 0.981 3.02 33.93 0.966
Palette Diffusion [37] ~ SIGGRAPH-22 15.40 - - 7.82 - - 6.41 - -
Repaint Diffusion [30] CVPR-22 12.90 - - 10.66 - - 24.90 - -
LFG-Diffusion Ours 5.15 39.36 0.991 247 37.69 0.981 2.90 34.69 0.968
shadow image 39.72 20.87 0.944 ‘ 2.51 36.63 0.980 ‘ 8.38 20.45 0.908

Shadow & Mask

Param+M+D-Net [26] G2R-ShadowNet [27]

DC-ShadowNet [23]

SG-ShadowNet [44] LFG-Diffusion (Ours) Ground Truth

Figure 7. Visual comparisons of the representative hard shadow removal results on AISTD dataset. Here we highlight the details of
shadow regions that are marked with green box in the blue box area, where ours best perseveres details and removes shadow effects. Please

see the supplement for additional visual results.

dataset [47]. We use the manually manipulated shadow-
free images of the DESOBA dataset [19] as ground truths
for removing shadows at the instance level. For the network
training, we synthesize shadow image triplets following the
method proposed by Inoue et al. [22]. Please see the sup-
plement for a deep analysis of the synthesized data.

4.1. Performance Evaluation

We evaluate our proposed algorithm against state-of-the-
art shadow-removal methods, including SP+M-Net [25],
DHAN [3], Param+M+D-Net [26], G2R-ShadowNet [27],
Auto-Exposure [11], DC-ShadowNet [23], EMDN [54],
BMN [53], and SG-ShadowNet [44], as well as two rep-
resentative image restoration diffusion models, Palette Dif-
fusion [30], and Repaint Diffusion [37]. The evaluation
metrics include the Root Mean Square Error (RMSE) be-
tween the shadow-free results and the ground truth in the
LAB color space as well as the Peak Signal-to-Noise Ratio
(PSNR) and structural similarity (SSIM) in the RGB space.
We also provide the metrics measured on the whole image
and non-shadow region for reference. Following previous
methods [11,26,27], we interpolate the results with a res-
olution of 256 x 256 for evaluation. We also present the
metrics evaluated on the shadow images for reference.

The first row in Tab. 1 shows the quantitative results
on the AISTD dataset. Compared with the representative
end-to-end learning-based methods, including EMDN [54],
Auto-Exposure [1 1] and DHAN [3], ours significantly out-
performs them in all regions. The performance gap be-
tween them and ours in the non-shadow and full regions
further indicates the superiority of our model in generat-
ing high-quality textures of backgrounds. As expected, the
comparison between ours and the other generative meth-
ods, including BMN [53], DC-ShadowNet [23], and G2R-
ShadowNet [27] demonstrate that our method achieves
equal performance improvement in different regions. In
contrast, the other methods fail in regions with specific tex-
tures. The difference suggests the guidance effectiveness of
our modeled latent feature, which is capable of balancing
the unbalanced guidance from the surrounding non-shadow
areas and shadow regions via the invariant loss function
to aid the model in preserving texture and color. The re-
sults shown in Tab. 2 on the SRD and ISTD datasets further
demonstrate the superiority of our method over the others.

Visual comparison from the AISTD dataset in Fig. 7 and
SRD dataset in Fig. 8 further validates the effectiveness of
our method. As shown in Fig. 7, our method demonstrates
robustness to imperfect shadow mask inputs and preserves
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Table 2. Quantitative comparison results of our methods and the state-of-the-art methods on the ISTD dataset and SRD dataset.
We want to remark on a slight performance drop in the non-shadow region of our method. The reason is that the two benchmarks are un-
adjusted, which means the shadow and shadow-free image pairs were captured at different lighting environments. The color inconsistency

would result in inaccurate non-shadow region and all image measurement.

(a) ISTD dataset results.

(b) SRD dataset result.

‘ shadow region ‘ non-shadow region

all image shadow region

|

Method | RMSE| PSNRT SSIM?T | RMSE| PSNRT SSIM? | RMSE| PSNRT SSIM T Method | RMSE| PSNRT SSIM
DHAN [3] 7.53 35.82 0.989 5.33 30.95 0.971 5.68 29.09 0.953 DHAN [3] 8.94 33.67 0978
G2R-ShadowNet [27] 10.72 31.63 0.975 - - - - - - G2R-ShadowNet [27] - - -

Auto-Exposure [11] 7.82 34.94 0.973 5.59 28.57 0.862 5.94 27.19 0.824 Auto-exposure [ 1 1] 8.86 3493 0.963
DC-ShadowNet [23] 11.43 31.69 0.976 5.86 28.92 0.956 6.62 26.38 0.917 DC-ShadowNet [23] 7.86 3634 0970
EMDN [54] 7.94 36.44 0.986 478 31.80 0.962 5.28 29.98 0.940 EMDN [54] 9.83 3248 0928
SG-ShadowNet [44] - - - - - - - - - SG-ShadowNet [44] 8.00 35.53 0.974
BMN [53] 7.44 35.73 0.989 4.61 3273 0.976 5.06 3026  0.957 BMN [53] 7.40 36.81 0979
LFG-Diffusion (Ours) 6.41 37.19 0.990 4.65 32.60 0.977 493 30.64 0.963 LFG-Diffusion (Ours) 6.81 3742 0979
shadow image | 3267 2243 0953 | 677 27.27 0974 | 10.86 20.56 0.908 shadow image | 4624 19.95  0.889

Shadows

Shadow Mask Auto-Exposure [11] DHAN [3]

d S paoe M i > Lo
w

EMDN [54] BMN [53]

Ground Truth

LFG-Diffusion (Ours)

Figure 8. Visual comparisons of the representative hard shadow cases from the SRD dataset.

the textures as well as removing other subtle shadow effects.

4.2. Instance Shadow Removal Evaluation

For real-world applications, shadows cast by objects in
the scene are usually instance-level; thus, preserving the
other shadows while accurately removing the target instance
shadow is crucial. Here, we compare our method with the
most recent shadow removal work SG-ShadowNet [44] to
demonstrate the generalizability of our method, where we
finetuned it with the same dataset synthesized for our exper-
iments. Sample results are shown in Fig. 9. Compared with
the SG-ShadowNet, ours thoroughly removes the shadow
from the images. As far as we know, this is the first work to
demonstrate the applicability of instance shadow removal.

4.3. Ablation Study and Analysis

Effects of the DLVF module. In Tab. 3, we investigate the
effectiveness of the proposed DLVF module. We use two
alternative methods for comparison: a lagged posterior ap-
proach [16] for addressing the posterior collapse, which ag-
gressively optimizes the diffusion network before optimiz-
ing the latent feature encoder, and the baseline approach
that uses a diffusion network without the fusion strategy.
The results show that lagged posterior is less effective,
with only a slight improvement margin over the baseline,
which could be due to the large complexity of diffusion

Table 3. Effects of different types of strategies for address-
ing the posterior collapse in diffusion models. We only show
shadow region results that are distinguishing.

‘ ‘ AISTD dataset
Settings | Region | RMSE| PSNRT SSIM 1
w/o. fusion shadow 6.75 36.34 0.990
lagged posterior shadow 6.65 36.27 0.990
dense fusion (Ours) | shadow 5.92 37.70 0.990

models and difficulty in training. In contrast, our proposed
dense fusion scheme outperforms the baseline by a margin
of 0.83 RMSE. Moreover, we visually demonstrate its ef-
fectiveness by showing the correspondence of the denoised
results y;—; and y; in Fig. 6. These results validate the idea
proposed in our DLVF, i.e., fusing more noise features into
each block of the diffusion network is a promising approach
for alleviating the local optima of training diffusion models.

Effects of Latent Feature Space Guidance. Tab. 4 com-
pares different types of diffusion model guidance for re-
moving shadows, including (a) estimated invariant color
map, (b) estimated coarse de-shadowed image, (c) learned
latent feature space without invariant loss, and (d) learn
latent feature space with our two-stage learning. Our
proposed setting achieves a significantly better numerical
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Figure 9. Visual comparisons of the real instance shadow removal results on the DeSOBA dataset.

performance compared to the others. Interestingly, the
guidance (i.e. coarse deshadowed) that provides the most
pixel information performs worse than the guidance (i.e.
invariant color map) that only provides a simple color
map. After deeply looking at their visualization in Fig. 5,
we observe that even coarse de-shadowed image still con-
tains shadow boundary that may mislead the diffusion mod-
els, while the color map omits most shadow features, which
demonstrates that only encapsulating shadow-free features
is crucial for improving the performance. Correspondingly,
our latent feature is acquired by minimizing the difference
between the encoded features of shadow and shadow-free
images, which implicitly omits shadow features, and it con-
tains more perceptual features because we optimize it to-
gether with diffusion models for learning denoising. There-
fore, it guides diffusion models with more shadow-free fea-
tures and outperforms the compared methods.

Table 4. Effects of different types of diffusion model guidance
that provides shadow-free priors.

\ \ AISTD dataset
Settings | Region | RMSE| PSNR{ SSIM?
invariant color map [53] | shadow 7.72 36.24 0.986
coarse deshadowed [44] shadow 8.03 35.74 0.988
Eo(x,m) shadow 7.59 36.65 0.984
Ep(x, m) (Ours) shadow 5.92 37.70 0.990

Table 5. Complexity comparisons of our distilled lighter model
with the accelerated diffusion solver.

| |  AISTD dataset (RMSE)

Method ‘ params  time ‘ shadow non-shadow  all
BMN 04M  1.69s 5.69 2.52 3.02
G2R-ShadowNet 22.8M  0.36s 7.38 3.00 3.69
LFG-Diffusion (Ours) 82.6M  2.76s 5.15 2.47 2.90
LFG-Diffusion (Distilled) | 25.5M  0.24s ‘ 5.21 2.34 2.94

Model Complexity Analysis. Our work focuses on adapt-
ing diffusion models to address shadow removal, and there-
fore we prioritize exploration over analysis of model com-
plexity and inference time. However, we demonstrate the
feasibility of our approach in terms of model complexity
and inference time using advanced technologies such as

those proposed in [28] for reducing model parameters with-
out sacrificing performance, and [29] for accelerating dif-
fusion sampling in Tab. 5. We find that even with similar
settings, our lighter model outperforms compared methods
with better restoration performance and is also faster.
ShadowDiffusion Comparison. Given the similar between
the recent ShadowDiffusion [14] (SD) and our method,
which both characterize the shadow-free image distribu-
tion by conditioning diffusion models, ours further explores
shadow removal at the instance level without any modifica-
tions to the model. The other difference is majorly in the
method complexity, i.e., tackling challenges such as color-
mixing and collapse, often arising from direct conditioning
on shadow images. SD integrates a pre-trained shadow re-
moval network. In contrast, ours models the shadow-free
priors through two-stage learning and mitigates collapse us-
ing dense fusion modules. Tab. 6 demonstrates our effi-
ciency in the shadow region of AISTD. (We use their eval-
uation settings that give different numbers.)

Table 6. Quantitative comparison with ShadowDiffusion.

Model | params(]) time(]) RMSE(])
ShadowDiffusion [14] | 602.6M* 7.54s%* 4.97%
LFG-Diffusion (Ours) 82.6M 2.76s 5.0%

5. Conclusion

In this work, we introduced a novel class of diffusion
models that significantly outperform existing shadow re-
moval methods at the general and instance level. By in-
corporating a latent feature space that captures perceptual
shadow-free priors, we have shown that this guidance can
mitigate the unbalanced guidance issue between shadow
and non-shadow areas during restoration. Furthermore, we
have proposed the DLVF module, which strengthens the
connections between latent variable of noise and the diffu-
sion network to prevent local optimum. Our comprehensive
evaluations and analyses have demonstrated the superior ef-
fectiveness of our method compared to existing state-of-the-
art shadow removal methods. We believe that our proposed
diffusion model-based technique has the potential to be ap-
plied to other similar ill-posed low-level problems.
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