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ABSTRACT
Despite significant progress in shadow detection, current methods
still struggle with the adverse impact of background color, which
may lead to errors when shadows are present on complex back-
grounds. Drawing inspiration from the human visual system, we
treat the input shadow image as a composition of a background layer
and a shadow layer, and design a Style-guided Dual-layer Disentan-
glement Network (SDDNet) to model these layers independently.
To achieve this, we devise a Feature Separation and Recombination
(FSR) module that decomposes multi-level features into shadow-
related and background-related components by offering specialized
supervision for each component, while preserving information
integrity and avoiding redundancy through the reconstruction con-
straint. Moreover, we propose a Shadow Style Filter (SSF) module
to guide the feature disentanglement by focusing on style differenti-
ation and uniformization. With these two modules and our overall
pipeline, our model effectively minimizes the detrimental effects of
background color, yielding superior performance on three public
datasets with a real-time inference speed of 32 FPS. Our code is pub-
licly available at: https://github.com/rmcong/SDDNet_ACMMM23.
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1 INTRODUCTION
Shadows are a ubiquitous illumination phenomenon resulting from
the linear propagation of light, which can negatively affect tasks
such as object detection [12, 59]. Accurate shadow detection can
provide valuable insights into scene geometry [31, 45] and light
source positioning [34, 46], thereby enhancing scene understanding.
As a result, shadow detection has become a foundational task in
computer vision, attracting increasing attention in recent years.

Early shadow detection efforts mainly relied on physical meth-
ods, constructing physical illumination models [19, 20] and em-
ploying hand-crafted features, e.g., illumination cues [15, 47] and
texture [51, 64]. However, with the remarkable performance of
convolutional neural networks (CNNs) [1, 4–11, 23, 28, 38, 39, 44,
57, 58, 60, 61, 63] in computer vision tasks, deep learning-based
methods [2, 3, 14, 26, 40, 46, 54, 62, 66] have progressively become
the mainstream of shadow detection. Previous deep learning-based
shadow detection methods predominantly focused on guidance
from location, semantics, and context perspectives, without attach-
ing importance to the detrimental influence of background color.
Consequently, these detectors tend to associate shadow features
with dark colors, leading to incorrect detection results in some com-
plex scenes. Specifically, errors can be divided into two categories:
1) weak shadow regions on light-colored backgrounds (e.g., the first
example in Figure 1), which are wrongly detected as non-shadow
regions, and 2) dark-colored background areas (e.g., the second
example in Figure 1), which are often misclassified as shadows. In
summary, detection results are greatly affected by background color,
and similar shadows in different backgrounds may yield completely
disparate detection outcomes. For instance, detecting a shadow is
relatively simple when it forms on a ground composed entirely of
light-colored bricks, but becomes challenging when the shadow ap-
pears on a ground with alternating dark and light bricks, as shown
in the third and fourth examples of Figure 1. In these scenarios, the
shadow on the light-colored brick is difficult to detect, while the
dark brick is prone to being misidentified as a shadow, irrespective
of whether it is in shadow or not.
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Figure 1: Some difficult cases in shadow detection. (a) The
input images. (b) The ground truth shadow maps. (c) The
predicted results of ECA [14]. (d) The predicted results of
MTMT-Net [3]. (e) The predicted results of our SDDNet.

Since the shadows are created by light being blocked, they are
inherently colorless. Based on this, humans can discern shadows on
complex backgrounds through a three-step process: first, recogniz-
ing background attributes; second, identifying shadow attributes
by observing confident shadow regions; and finally, detecting all
shadow regions based on our understanding of background and
shadow attributes. Inspired by this process, we propose treating
shadow images as a composition of background and shadow layers,
and modeling them separately to effectively reduce the impact of
background color on detection performance. This objective can
be accomplished through the strategy of feature disentanglement,
which is proved to be effective in many computer vision works. For
instance, [56] conducted an early trial to incorporate task-feature
co-disentanglement regularizations for multi-task learning and
achieved satisfactory performance.

In this paper, we introduce the concept of feature disentangle-
ment into shadow detection to realize the separated modeling of
background and shadow layers. We present a novel Style-guided
Dual-layer Disentanglement Network (SDDNet) featuring two inno-
vativemodules, i.e., the Feature Separation and Recombination (FSR)
module and the Shadow Style Filter (SSF) module. The FSR module
effectively decomposesmulti-level features into background-related
and shadow-related components, which is explicitly achieved by
providing distinct supervision for each set of components. The
shadow-related component receives supervision from the ground-
truth shadow map, while the background-related component is
guided to generate a shadow-free background image. Furthermore,
to ensure information integrity, the recombined features merged
from both components are supervised to reconstruct the input
image. During prediction, only the shadow-related component is
utilized to generate the final shadow map, effectively eliminating

the adverse influence of the background. Additionally, to further
constrain the FSR module on feature disentanglement, particularly
for background-related component that lacks a background ground-
truth, we propose a Shadow Style Filter (SSF) module to extract
and constrain style attributes of the shadow-related component,
background-related component, and recombined features. Specifi-
cally, we regard the presence or absence of shadows as a style. From
this perspective, the recombined features and shadow-related com-
ponent should have consistent styles, while the background-related
component should exhibit a different style from them. Based on
this principle, we can generate background images in an indirect
style-guided manner, thereby facilitating feature disentanglement
within the FSR module.

In summary, our contributions are primarily three-fold:
• We model the shadow image as a superposition of shadow
layers on background layers, and then propose a Style-guided
Dual-layer Disentanglement Network (SDDNet) for shadow
detection. Extensive experiments on three public datasets
demonstrate that our proposed method outperforms all state-
of-the-art shadow detection methods with a real-time infer-
ence speed of 32 FPS.

• We design a Feature Separation and Recombination (FSR)
module to decompose image features into shadow-related
and background-related components, thereby preventing
predictions from being misled by background information.

• We devise a Shadow Style Filter (SSF) module that assists fea-
ture separation through style differentiation and uniformiza-
tion, especially to help generate the background-related com-
ponent in an indirect style-guided manner.

2 RELATEDWORKS
2.1 Shadow Detection
Related works on shadow detection can be broadly categorized into
traditional methods and deep learning-based methods.

Early efforts in shadow detection primarily focused on construct-
ing physical illumination models [15, 16, 19, 20, 27, 33, 35, 47, 48] to
analyze the shadow formation process. Based on these models, shad-
ows were detected either by using physical models [15, 16] or by
employing traditional machine learning-based detectors with hand-
crafted features, such as illumination cues [15, 19, 20, 47], texture
[20, 64], and edge [27, 33]. Although these methods led to improve-
ments, most of them relied on assumptions (e.g., fixed background
classes, uniform illumination, etc.) that are difficult to satisfy in
complex situations. Additionally, the hand-crafted features may not
be discriminative enough for detecting intricate shadow regions.

Inspired by the outstanding performance of CNN in computer
vision tasks, deep learning-based methods [2, 3, 14, 22, 25, 26, 40–
42, 46, 54, 62, 62, 66] have gained popularity in shadow detection.
With their ability to extract and select discriminative features, CNNs
are more robust than traditional methods that use hand-crafted
features. Khan et al. [46] were the first to apply CNNs to shadow
detection, extracting features from superpixels using a 7-layer CNN
and feeding these features to a conditional randomfield (CRF)model
to refine the detection results. Zheng et al. [62] integrated the se-
mantics of distraction regions to extend CNNs for robust shadow
detection. Some researchers [22, 36, 42, 43] employed generative
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adversarial networks (GAN) [18] for shadow detection. Recently,
Chen et al. [3] proposed a semi-supervised teacher-student frame-
work to detect shadow regions, edges, and count under consistency
constraints. Zhu et al. [66] introduced a feature reweighting method
to balance the intensity-variant and intensity-invariant features
obtained by self-supervised decomposition. Liao et al. [40] incor-
porated confidence maps into shadow detection and combined the
prediction results of multiple methods for shadow detection.

Despite the significant improvements offered by these meth-
ods, they still suffer from background color interference. This in-
terference causes confusion between dark background areas and
shadow regions, as well as between light background areas and
weak shadow regions. In this study, we disentangle background-
related and shadow-related components, utilizing only the shadow-
related component to predict the final results. This approach en-
hances the robustness of shadow detection in complex scenes.

2.2 Style Transfer
In the domain of neural style transfer, research has been conducted
to comprehend the content and style of image features. Gatys et
al. [17] proposed utilizing the Gram matrix of image features as a
means to encapsulate the distinctive style of an image. Subsequent
studies [30, 37] have further corroborated the efficacy of the Gram
matrix in capturing and representing image styles.

In this paper, we employ the Gram matrix to extract style at-
tributes and regulate the consistency or diversity of these attributes
across various features and components of the input shadow im-
age. This approach serves to bolster our feature disentanglement
process, ultimately leading to enhanced outcomes.

3 PROPOSED METHOD
3.1 Overview
In Figure 2, we present the overall framework of our SDDNet, which
adopts an encoder-decoder architecture. During training, SDDNet
generates the shadow map, background image, and reconstructed
input image; however, only the shadow map is predicted during the
inference stage. The generation of reconstructed and background
images constitutes our joint training strategy with the main aim of
improving the quality of feature disentanglement.

To elaborate, we initially input the image into the backbone net-
work to extract multi-level features {𝐹𝑘 }𝑁𝑘=1, where 𝑁 represents
the number of levels. To fully exploit the detail and global seman-
tics, we divide the features into two groups: the low-level group
𝐹𝑙𝑜𝑤 = {𝐹𝑘 }

𝑁𝑙𝑜𝑤

𝑘=1 and the high-level group 𝐹ℎ𝑖𝑔ℎ = {𝐹𝑘 }𝑁𝑘=𝑁𝑙𝑜𝑤+1.
We process these two groups in two paths with the same structure,
omitting the subscripts 𝑙𝑜𝑤 and ℎ𝑖𝑔ℎ for simplicity. The features
in each group are concatenated together after upsampling to unify
the spatial sizes, generating merged features 𝐹 . Subsequently, the
FSR module is fed 𝐹 and outputs the shadow-related component
𝐹𝑠𝑑 , the background-related component 𝐹𝑏𝑔 , and the recombined
features 𝐹𝑟𝑒 . The SSF module then extracts style attributes from
𝐹𝑠𝑑 , 𝐹𝑏𝑔 , and 𝐹𝑟𝑒 , and constrains the consistency or diversity of
specific style attribute pairs to guide the upstream feature separa-
tion. Finally, in the parallel decoder, the shadow-related component,
background-related component, and recombined features from both

paths are fused separately, and then generate the shadow map, the
background image, and the reconstructed input image.

3.2 Feature Separation and Recombination
Module

From the perspective of the human visual system, shadow images
can be considered as shadows of other objects superimposed on
the background image. This kind of dual-layer separation is not a
difficult task for humans, but it is not a simple matter for computers.
Therefore, we aim to emulate this way of perceiving shadow images
in a bio-inspired manner, and thereby achieve the disentanglement
of shadow image content/features. Effective feature disentangle-
ment can promote the focus on more informative components for
shadow detection.

One of the main challenges lies in the complex coupling between
background and shadow images, making it extremely difficult to
model the relationship with complete accuracy. To simplify this
process, we model it as a straightforward linear model, which is also
a relatively intuitive modeling approach. Nevertheless, to achieve
accurate disentanglement within this simple linear model, we de-
sign comprehensive strategies based on differentiated supervision.
However, differentiated supervision presents its own challenge.
Specifically, we only have ground truth shadow maps and lack
labels for shadow-free background images, which means that we
cannot accomplish our goal solely through direct supervision. In-
stead, we must find ingenious indirect supervision methods. To this
end, in addition to shadow image supervision, we also incorporate
joint supervision and style supervision (introduced in the follow-
ing section). In this manner, the generation of background images
can be supervised indirectly, thereby improving the overall feature
disentanglement process.

To accomplish this objective, we design the FSR module to
achieve feature disentanglement and reorganization through a
shadow branch and a background branch. Each branch consists
of a residual block [21], which comprises two convolutional lay-
ers and a skip connection. Given 𝐹 , the shadow branch produces
the shadow-related component 𝐹𝑠𝑑 , and the background branch
generates the background-related component 𝐹𝑏𝑔 as follows:

𝐹𝑠𝑑 = 𝐶𝑜𝑛𝑣

(
𝐶𝑜𝑛𝑣

(
𝐹

))
+ 𝐹, (1)

𝐹𝑏𝑔 = 𝐶𝑜𝑛𝑣

(
𝐶𝑜𝑛𝑣

(
𝐹

))
+ 𝐹, (2)

where𝐶𝑜𝑛𝑣 denotes a convolutional layer. Additionally, we combine
them to obtain recombined features 𝐹𝑟𝑒 :

𝐹𝑟𝑒 = 𝐹𝑠𝑑 ⊕ 𝐹𝑏𝑔, (3)

where ⊕ signifies element-wise addition.
Upon obtaining the outputs of the FSR modules in the low- and

high-level paths, 𝐹𝑠𝑑
𝑙𝑜𝑤

, 𝐹𝑏𝑔
𝑙𝑜𝑤

, 𝐹𝑟𝑒
𝑙𝑜𝑤

and 𝐹𝑠𝑑
ℎ𝑖𝑔ℎ

, 𝐹𝑏𝑔
ℎ𝑖𝑔ℎ

, 𝐹𝑟𝑒
ℎ𝑖𝑔ℎ

(with sub-
scripts restored), they are individually fused in the parallel decoder:

𝐹𝑠𝑑 = 𝐶𝑜𝑛𝑣

(
𝐶𝐴

(
𝑐𝑜𝑛𝑐𝑎𝑡 (𝐹𝑠𝑑

𝑙𝑜𝑤
, 𝐹𝑠𝑑

ℎ𝑖𝑔ℎ
)
))

, (4)

𝐹𝑏𝑔 = 𝐶𝑜𝑛𝑣

(
𝐶𝐴

(
𝑐𝑜𝑛𝑐𝑎𝑡 (𝐹𝑏𝑔

𝑙𝑜𝑤
, 𝐹

𝑏𝑔

ℎ𝑖𝑔ℎ
)
))

, (5)

𝐹𝑟𝑒 = 𝐶𝑜𝑛𝑣

(
𝐶𝐴

(
𝑐𝑜𝑛𝑐𝑎𝑡 (𝐹𝑟𝑒

𝑙𝑜𝑤
, 𝐹𝑟𝑒

ℎ𝑖𝑔ℎ
)
))

, (6)
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Figure 2: Architecture of the proposed SDDNet. Given an input image, SDDNet outputs the shadowmap, background image, and
reconstructed image in an end-to-end manner. Firstly, the backbone extracts integrated low-level and high-level features. Then,
the proposed FSR module decomposes the features and produce shadow-related component, background-related component,
and recombined features. In addition, the SSF module extracts style attributes and guide the feature disentanglement process.
Finally, the low-level and high-level features are fused through the parallel decoder to generate three outputs (i.e., background
image, shadow map, and reconstructed input image).

where 𝑐𝑜𝑛𝑐𝑎𝑡 represents a concatenation operation, and𝐶𝐴 denotes
channel attention [24]. By applying channel attention, the network
can automatically select informative channels from both low-level
and high-level features while suppressing non-informative chan-
nels. Finally, the 𝐹𝑠𝑑 , 𝐹𝑏𝑔 , and 𝐹𝑟𝑒 are use to generate the shadow
map 𝑃𝑠𝑑 , the background image 𝑃𝑏𝑔 , and the reconstructed input
image 𝑃𝑟𝑒 , respectively, after passing through a convolutional layer.
These processes can be expressed as:

𝑃𝑠𝑑 = 𝐶𝑜𝑛𝑣

(
𝐹𝑠𝑑

)
, (7)

𝑃𝑏𝑔 = 𝐶𝑜𝑛𝑣

(
𝐹𝑏𝑔

)
, (8)

𝑃𝑟𝑒 = 𝐶𝑜𝑛𝑣
(
𝐹𝑟𝑒

)
. (9)

Although the process for generating these three outputs does
not involve distinct operations tailored to their specific targets,
we can apply differentiated supervision to enable the network to
autonomously learn the optimal way to decompose features. In
particular, the supervision for 𝑃𝑠𝑑 is provided by the ground truth
shadow map, while the supervision for 𝑃𝑟𝑒 is derived from the
input image. The two losses can be calculated as follows:

L𝑠𝑑 = 𝐵𝐵𝐶𝐸

(
𝑃𝑠𝑑 , 𝐺𝑠𝑑

)
, (10)

L𝑟𝑒 = 𝑀𝐴𝐸 (𝑃𝑟𝑒 , 𝐼 ), (11)

where𝐺𝑠𝑑 represents the ground-truth shadow map, 𝐼 denotes the
input image, and 𝐵𝐵𝐶𝐸 and𝑀𝐴𝐸 signify the balanced binary cross

entropy and mean absolute error, respectively. Here, we employ
the same balanced binary cross entropy as in [66], formulated by:

𝐵𝐵𝐶𝐸 (𝑃𝑠𝑑 ,𝐺𝑠𝑑 ) =

−
∑︁
𝑖

[
𝑁𝑛

𝑁
𝐺𝑠𝑑𝑙𝑜𝑔(𝑃𝑠𝑑𝑖 ) +

𝑁𝑝

𝑁
(1 −𝐺𝑠𝑑 )𝑙𝑜𝑔(1 − 𝑃𝑠𝑑𝑖 )

]
,

(12)
where 𝑖 denotes the index of spatial locations, 𝑁𝑝 and 𝑁𝑛 represent
the number of shadow and non-shadow pixels, and 𝑁 corresponds
to the total number of pixels. The mean absolute error is given by:

𝑀𝐴𝐸 (𝑃𝑟𝑒 , 𝐼 ) = 1
𝑁

∑︁
𝑖

|𝑃𝑟𝑒𝑖 − 𝐼𝑖 |. (13)

The supervision for these two outputs is relatively straightfor-
ward. However, for 𝑃𝑏𝑔 , the problem becomes more complex due
to the absence of a ground-truth background image. As a result, we
use some indirect manners to guide the network learning. In areas
without shadows, the input image and the background image are
identical, enabling us to directly use the input image to supervise
these regions. This can be expressed as:

L𝑏𝑔 = 𝑀𝐴𝐸

(
𝑃𝑏𝑔 ⊗

(
1 − 𝑃𝑠𝑑

)
, 𝐼 ⊗

(
1 −𝐺𝑠𝑑

))
, (14)

where ⊗ denotes element-wise multiplication. The two terms in
this loss correspond to the ground-truth shadow-free regions of the
input image and the predicted shadow-free regions of the generated
background image. As we employ the predicted shadow-free map
1−𝑃𝑠𝑑 ,L𝑏𝑔 has the advantage of constraining the generation of the
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Figure 3: Structure of the SSF module. The Gram matrix is
used to extract style attributes of the background-related
component, the shadow-related component, and the recom-
bined features. Based on the presence or absence of shadows,
we aim to bring the style of the shadow-related component
closer to that of the recombined features, while differentiat-
ing it with that of the background-related component.

background image while simultaneously aiding the prediction of
the shadowmap. ThroughL𝑏𝑔 , we offer guidance to the network for
predicting the shadow-free region of the background image. Nev-
ertheless, to predict the complete background image and thereby
enhance the quality of disentangling the background-related com-
ponent, we also need to provide guidance for the shadowed areas.
This aspect is accomplished through our SSF module, which will
be discussed in Section 3.3.

3.3 Shadow Style Filter Module
In Section 3.2, we decompose the integrated features into background-
related and shadow-related components using the proposed FSR
module with a differentiated supervision strategy. However, there
are two imperfections: 1) The supervision of the background-related
component is insufficient, as it only involves shadow-free regions,
leading to a lack of guidance for generating shadowed regions. 2)
It does not further emphasize the differences between the shadows
and the background, which may results in unclear boundaries for
isolating different components, making them less pure.

To address these issues, we consider incorporating style guidance
into our method, as the presence or absence of shadows inherently
represents a common style attribute. Following this idea, we design
the SSF module, as depicted in Figure 3. It extracts style attributes
from each of the three outputs from the FSR module (i.e., 𝐹𝑠𝑑 , 𝐹𝑏𝑔 ,
and 𝐹𝑟𝑒 ), and then constrains the consistency and diversity between
different style pairs in a contrastive learning fashion.

For the style attribute extraction, we adopt the Gram matrix [17]
of the feature map as the style representation. For the input features
𝐹 ∈ R𝐶×𝐻×𝑊 , the Gram matrix 𝑀 ∈ R𝐶×𝐶 captures correlations
between its channels, which can be computed as follows:

𝑀𝑥,𝑦 = 𝐹𝑇𝑥 𝐹𝑦, (15)

where 𝑀𝑥,𝑦 denotes the (𝑥,𝑦) element of Gram matrix 𝑀 , and
𝐹𝑥 and 𝐹𝑦 represent the 𝑥𝑡ℎ and 𝑦𝑡ℎ channels of 𝐹 , respectively.
Subsequently, we employ two consecutive linear layers to further

extract the style attribute 𝜌 ∈ R𝐶2
from𝑀𝑥,𝑦 :

𝜌 = 𝐿𝑖𝑛𝑒𝑎𝑟 (𝐿𝑖𝑛𝑒𝑎𝑟 (𝐹𝑙𝑎𝑡𝑡𝑒𝑛 (𝑀))), (16)

where 𝐿𝑖𝑛𝑒𝑎𝑟 signifies a linear layer, and 𝐹𝑙𝑎𝑡𝑡𝑒𝑛 indicates a flatten
operation. For the input components and features, 𝐹𝑠𝑑 , 𝐹𝑏𝑔 , and
𝐹𝑟𝑒 , the extracted style attribute vectors are denoted as 𝜌𝑠𝑑 , 𝜌𝑏𝑔 ,
and 𝜌𝑟𝑒 , respectively.

In our approach, the primary style consideration is the pres-
ence or absence of shadows. From this perspective, the style of
the shadow-related component and recombined features should be
consistent, as they collectively represent the existence of shadows.
To achieve this, we employ the following loss function to enhance
their consistency:

L𝑐𝑜𝑛 = 1 − 𝑐𝑜𝑠

(
𝜌𝑠𝑑 , 𝜌𝑟𝑒

)
= 1 − 𝜌𝑠𝑑 · 𝜌𝑟𝑒��𝜌𝑠𝑑 �� |𝜌𝑟𝑒 | , (17)

in which 𝑐𝑜𝑠 denotes the cosine similarity. Reducing L𝑐𝑜𝑛 is equiv-
alent to increasing the cosine similarity, which in turn improves
the consistency between 𝜌𝑠𝑑 and 𝜌𝑟𝑒 .

Conversely, the styles of the shadow-related component and
background-related component ought to be distinct, as the latter
embodies a shadow-free style. To augment their difference, we
employ the subsequent differentiate loss:

L𝑑𝑖 𝑓 𝑓 =
(𝜌𝑟𝑒 · 𝜌𝑏𝑔)2

𝐶2 , (18)

A smaller L𝑑𝑖 𝑓 𝑓 signifies that the two vectors are more orthogonal,
meaning the difference between them is larger.

The comprehensive style constraint loss, denoted as L𝑠𝑡𝑦𝑙𝑒 , en-
compasses the similarity and diversity losses from both low-level
and high-level pathways. This loss can be computed using the
following equation:

L𝑠𝑡𝑦𝑙𝑒 = L𝑐𝑜𝑛
𝑙𝑜𝑤

+ L𝑑𝑖 𝑓 𝑓

𝑙𝑜𝑤
+ L𝑐𝑜𝑛

ℎ𝑖𝑔ℎ
+ L𝑑𝑖 𝑓 𝑓

ℎ𝑖𝑔ℎ
. (19)

The two constraints in the SSF module enable the two linear
layers to extract the style related to the presence or absence of
shadows from the Gram matrix more effectively. As the presence
or absence of shadows serves as the decisive factor for the diversity
or consistency of the two style attribute pairs, if the linear layers
were to focus on other styles, the diversity or consistency would
not be adequately captured. Thus, the process of back-propagation
encourages the linear layers to concentrate on the shadow aspect.
With this premise, the constraint that differentiates background-
related and shadow-related components fosters the formation of
distinctly different characteristics between them. This ensures that
the information they contain is not easily duplicated, supporting the
feasibility of our dual-layer modeling approach. More importantly,
when combined with the shadow-free region constraint described
in Section 3.2, the network gains the ability to separate background
component without requiring a ground-truth background image,
which in turn refines the shadow-related component.

3.4 Overall Loss Function
The overall loss function of our method is formulated as follows:

L = L𝑠𝑑 + 𝛼 (L𝑟𝑒 + L𝑏𝑔) + 𝛽L𝑠𝑡𝑦𝑙𝑒 , (20)
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where 𝛼 and 𝛽 are two balancing hyperparameters, which are em-
pirically set to 𝛼 = 0.2 and 𝛽 = 0.1, respectively.

4 EXPERIMENTS
4.1 Datasets and Evaluation Metric
4.1.1 Datasets. We evaluate our method on three public datasets:
SBU [52], ISTD [53], and UCF [64]. The SBU dataset comprises 4,089
training images and 638 testing images. The ISTD dataset contains
1,330 training images and 540 testing images. Although it provides
ground truths for both shadow maps and shadow-free images, we
only use the ground truths for shadow maps in our task. The UCF
dataset consists of 135 training images and 110 testing images.
Following previous shadow detection works [3, 25, 40, 62, 65, 66],
we evaluate our method on both the SBU and UCF test sets using
the model trained on the SBU training images, and on the ISTD
testing set using the model trained on its own training set.

4.1.2 Evaluation Metrics. We following previous shadow detection
works [43, 66, 67] to adopt the widely-used metric, balanced error
rate (BER), to quantitatively evaluate performance:

𝐵𝐸𝑅 =

(
1 − 1

2

(
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
+ 𝑇𝑁

𝑇𝑁 + 𝐹𝑃

))
× 100, (21)

where 𝑇𝑃 , 𝑇𝑁 , 𝐹𝑃 , and 𝐹𝑁 represent the numbers of true positive,
true negative, false positive, and false negative pixels, respectively.
BER considers error rates for both shadow and non-shadow regions,
with lower values indicating better performance. Additionally, we
also report the error rate for the shadow region, 1 − 𝑇𝑃

𝑇𝑃+𝐹𝑁 , and
the error rate for the non-shadow region, 1 − 𝑇𝑁

𝑇𝑁+𝐹𝑃 .

4.2 Implemention Details
For the backbone, we adopt the lightweight EfficientNet-B3 [49]
as in [66, 67] and initialize it with pre-trained parameters from
ImageNet [13]. EfficientNet-B3 comprises 25 consecutive blocks,
with the output of the first 6 layers serving as our low-level features
and the output of the remaining layers as the high-level features.
Our code is implemented with PyTorch and accelerated by a single
NVIDIA RTX2080Ti. We also implement our network by using the
MindSpore Lite tool1.

During both training and inference, we resize the input image to
512×512. In the training stage, we optimize the entire network for 20
epochs with a batch size of 4, using the Adam optimizer. The initial
learning rate is set to 0.0005. The learning rate is adjusted using
the exponential decay strategy, with a decay rate of 0.7. During the
testing stage, we employ a fully connected conditional random field
(CRF) [32] to further refine our predicted shadow map, following
the approaches in [3, 25, 40, 62, 65, 66]. Our proposed model has a
real-time inference speed of 32 FPS for processing an image with
the size of 512 × 512.

4.3 Comparisons
We compare our method with 15 previous state-of-the-art shadow
detection methods both quantitatively and qualitatively, the meth-
ods we select include Unary-Pariwise [19], scGAN [43], ST-CGAN
[53], DC-DSPF [55], A+D Net [36], BDRAR [65], DSDNet [62], DSC
1https://www.mindspore.cn/

[25], MTMTNet [3], ECA [14], RCMPNet [40], FDRNet [66], CM-
Net [67], TransShadow [29], and R2D [50]. Among them, Unary-
Pariwise is based on hand-crafted features, while all the others
are CNN-based methods. For a fair comparison, all the results are
provided directly by the authors or generated by the source codes
under the default parameter settings in the corresponding models.

4.3.1 Quantitative Comparison. We present the quantitative com-
parison results between our SDDNet and other models in Table 1. It
is clear that our model is highly competitive among all these meth-
ods, securing either the first place or a tie for first place in terms
of BER across all three datasets. This achievement demonstrates
our model’s ability to handle data with diverse characteristics and
deliver satisfactory outcomes. In comparison to the previously best-
performing CM-Net [67], our model exhibits an equal BER on the
SBU dataset, while outperforming it by 11.81% and 2.08% on the
ISTD and UCF datasets, respectively. Additionally, in the compar-
ison of error rates within shadow and non-shadow regions, our
model exhibits a consistently stable performance, ranking among
the top positions across all three datasets.

4.3.2 Qualitative Comparison. We also qualitatively compare the
results of our model with those of previous models, as illustrated
in Figure 4. It can be observed that the results of our model exhibit
advantages, particularly in scenes with confusing background col-
ors. For instance, in the first example, the dark eyes and hair of
the cartoon character might be misclassified as shadows by other
models; however, our SDDNet can effectively mitigate this inter-
ference due to its dual-layer modeling. Likewise, in the second and
third examples, dark objects or dark ground may be erroneously
identified as shadows by other networks, whereas our model pre-
vents this error from occurring. Moreover, in the fourth and fifth
examples, other models may misidentify shadows on light-colored
backgrounds as non-shadows due to the varying background colors
covered by the shadows. In contrast, our model avoids this interfer-
ence as the shadow-related component utilized for prediction do
not incorporate any background information.

4.4 Ablation Study
To verify the effect of each part in our model, we conduct ablation
studies on the SBU dataset with the following configurations:

• Baseline: Compared with the full model introduced in Section
3, we remove the FSR module and the SSF module.

• Baseline+FSR: Compared with Baseline, we add the FSR mod-
ule.

• Baseline+FSR*: Compared with Baseline+FSR, we remove the
joint training of generating the background image and re-
constructing the input image, namely remove L 𝑗𝑜𝑖𝑛𝑡 .

• Baseline+FSR+SSF : Compared with Baseline+FSR, we add the
SSF module.

The quantitative results with all these different configurations are
reported in Table 2. We also present the quantitative results for
several different configurations in Figure 5.

4.4.1 Effectiveness of the FSR module. In this part, we showcase
the effectiveness of our proposed FSR module by comparing its per-
formance to the results obtained without its implementation. The

https://www.mindspore.cn/
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Table 1: Quantitative comparison results between our SDDNet and existing state-of-the-art methods. “Shad." and “No Shad."
denote the error rates of shadow and non-shadow regions, respectively. Bold indicates the best performances, and underline
indicates the second best performances.

Model Source ISTD [53] SBU [52] UCF [64]

BER↓ Shad.↓ No Shad.↓ BER↓ Shad.↓ No Shad.↓ BER↓ Shad.↓ No Shad.↓
Unary-Pariwise [19] CVPR’11 - - - 25.03 36.26 13.80 - - -

scGAN [43] ICCV’17 4.70 3.22 6.18 9.10 8.39 9.69 11.50 7.74 15.30
ST-CGAN [53] CVPR’18 3.85 2.14 5.55 8.14 3.75 12.53 11.23 4.94 17.52
DC-DSPF [55] IJCAI’18 - - - 4.00 4.70 5.10 7.90 6.50 9.30
A+D Net [36] ECCV’18 - - - 5.37 4.45 6.30 9.25 8.37 10.14
BDRAR [65] ECCV’18 2.69 0.50 4.87 3.64 3.40 3.89 7.81 9.69 5.44
DSDNet [62] CVPR’19 2.17 1.36 2.98 3.45 3.33 3.58 7.59 9.74 5.44
DSC [25] TPAMI’19 3.42 3.85 3.00 5.59 9.76 1.42 10.54 18.08 3.00

MTMT-Net [3] CVPR’20 1.72 1.36 2.08 3.15 3.73 2.57 7.47 10.31 4.63
ECA [14] MM’21 2.03 2.88 1.19 5.93 10.82 1.03 10.71 18.59 2.83

RCMPNet [40] MM’21 1.61 1.22 2.00 2.98 3.26 2.69 6.75 8.36 5.75
FDRNet [66] ICCV’21 1.55 1.22 1.88 3.04 2.91 3.18 7.28 8.31 6.26
CM-Net [67] MM’22 1.44 - - 2.94 - - 6.73 - -

TransShadow [29] ICASSP’22 1.73 - - 3.17 - - 6.95 - -
R2D [50] WACV’23 1.69 0.59 2.79 3.15 2.74 3.56 6.96 8.32 5.60
Ours / 1.27 1.01 1.52 2.94 3.23 2.64 6.59 7.89 5.29

Figure 4: Qualitative comparison between our SDDNet and existing state-of-the-art methods. (a) Input images. (b) Ground-truths.
(c) The prediction of BDRAR [65]. (d) The prediction of DSDNet [62]. (e) The prediction of MTMT-Net [3]. (f) The prediction of
FDRNet [66]. (g) The prediction of ECA [14]. (h) The prediction of CM-Net [67]. (i) The prediction of our SDDNet.

FSR module allows for independent modeling of shadow and back-
ground layers, efficiently reducing the adverse effects of confound-
ing background colors. By comparing the performance of Baseline

and Baseline+FSR, it is evident that the FSR module improves the
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Table 2: Ablation study results for our SDDNet. Bold indicates
the best performances.

Configuration FSR L 𝑗𝑜𝑖𝑛𝑡 SSF BER↓
Baseline 3.39

Baseline+FSR ✓ ✓ 3.29
Baseline+FSR* ✓ 3.32

Baseline+FSR+SSF ✓ ✓ ✓ 2.94

prediction accuracy. Compared to the scenario without the FSR
module, the BER score improves from 3.39 to 3.29, with the percent-
age gain of 2.9%. As illustrated in Figure 5, when the backgrounds
in shadowed areas (the first example) or non-shadowed areas (the
second example) display various distinct characteristics, Baseline
struggles to eliminate such interference. It predicts the light yellow
line in shadows as non-shadow and misclassifies the non-shadow
dark part of the red clay court as shadows. In contrast, Baseline+FSR
performs better, as its isolated shadow-related components can
mitigate the impact of background colors to some extent, achieving
improved predictions. However, there are still noticeable discrep-
ancies between the result and the ground truth, indicating that the
absence of clear guidance for disentangling background-related
components hinders the feature disentanglement from achieving
complete success.

Additionally, we conduct experiments focusing on the joint train-
ing strategy in the FSR module, specifically the L 𝑗𝑜𝑖𝑛𝑡 term in the
loss function. This joint training serves two purposes. Firstly, it
constrains the reconstruction of the input image, ensuring that the
information within the two isolated components is neither omit-
ted nor redundant. Secondly, it constrains the generation of the
background image, encouraging the production of the background-
related component, thereby more effectively eliminating the in-
terference of background information from shadow-related com-
ponents. Compared with Baseline+FSR and Baseline+FSR*, Base-
line+FSR that incorporates joint training yields superior results,
with a BER improvement of 0.03. This observation demonstrates
the significance of joint training, and both of its functions are es-
sential for achieving high-quality feature disentanglement.

4.4.2 Effectiveness of the SSF module. Furthermore, we compare
the performance of our model with and without the proposed SSF
module. This module constrains feature disentanglement, taking
into account both style diversity and consistency. By examining
the results of Baseline+FSR and Baseline+FSR+SSF in Table 2, it is
evident that adding the SSF module yields considerably improved
results, with a 0.35 higher BER. This suggests that the style con-
straints within the SSF module indeed enhance the ability to more
effectively separate the two feature components, thus simplifying
the prediction of shadow maps. In the absence of the SSF module,
disentangling background-related component proves challenging,
as ground truth background images are unavailable. However, the
SSF module ingeniously addresses this issue by diversifying the
styles of background features and shadow-related components in a
weakly supervised manner.

In Figure 5, we can also observe the superiority brought by the
SSF module. The predictions of Baseline+FSR+SSF demonstrate an

Figure 5: The qualitative results of the ablation study. (a)
Input images. (b) Ground-truths. (c) The prediction of Base-
line. (d) The prediction of Baseline+FSR. (e) The prediction of
Baseline+FSR+SSF.

obvious advantage over Baseline+FSR, exhibiting a clear improve-
ment in handling complex backgrounds and fully mitigating the
impact of confounding background colors. Consequently, both the
FSR and SSF modules are indispensable for obtaining stable and
robust prediction results. They need to coordinate with each other
in order to maximize their effectiveness.

5 CONCLUSION
In this paper, we present a novel Style-guided Dual-layer Disentan-
glement Network (SDDNet) for shadow detection. Our central idea
is to separate the shadow and background layers of the input image
to reduce the impact of background color. To achieve this goal, we
introduce two novel modules. The first one is the Feature Sepa-
ration and Recombination (FSR) module that separates complete
features into shadow-related and background-related components
using differentiated supervisions. Simultaneously, the joint train-
ing strategy of reconstructing the input image and generating the
background image ensures the reliability of the separation process.
Furthermore, we consider the presence and absence of shadows
as a type of style and introduce style constraints to our model
through a Shadow Style Filter (SSF) module, further enhancing the
quality of feature disentanglement. Experimental results on three
datasets demonstrate that our SDDNet achieves state-of-the-art
performance, proving the effectiveness of our approach.
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