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Salient Object Detection Based on Shadowed Sets
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Zhihua Wei , and Duoqian Miao

Abstract—Salient object detection (SOD) aims to distinguish
salient regions from nonsalient ones in an image. In real-world
scenarios, factors, such as depth variation and surface reflection,
can interfere with the model’s judgment, while illumination uncer-
tainty further intensifies this interference. As a result, the uncer-
tainty in salient boundary detection increases, leading to false or
missed detections. To cope with uncertainty inherent to the prob-
lem, we introduce the concept of shadowed set, which is an effective
method to process the uncertainty problem. In this article, we
have designed an illumination-aware feature integration network
by conducting dual-input feature integration under the implicit
assistance of illumination maps. First, we devised a determination
of pixel-level salient area module, which extracts illumination maps
based on Retinex theory and obtains the main area of salient object
based on shadowed set as the implicit feature of illumination. Next,
we constructed a dual-modal compression module to solve the prob-
lem of feature alignment, which can use the dual-stream structure
to process RGB and auxiliary inputs. Finally, multistage contextual
complementary module can effectively recover fine object edges,
and we use the outputs from the last three stages to supervise the
training of the entire model. The state originality came from our
previous work on illumination maps and shadowed sets, and we
creatively combined them with the SOD to process uncertainty
of salient area. The experiments demonstrate that our method
exhibits excellent performance on multiple RGB-based datasets,
at the same time, it also demonstrates unique performance on
underwater and challenging scenes.

Index Terms—Illumination map, Retinex theory, salient object
detection (SOD), shadowed set, uncertainty analysis.

I. INTRODUCTION

IN RECENT years, deep learning has greatly improved the
performance of salient object detection (SOD). However, in
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real-world applications, illumination variations, such as local
shadows, reflections, highlights, and low-light regions, intro-
duce uncertainty, leading the foreground and background to
share similar features or show large differences in brightness
distribution. These factors significantly affect the saliency dis-
crimination process of conventional deep learning models. In
particular, uncertain illumination conditions may degrade im-
age quality and introduce redundant information, which further
reduces the accuracy of salient edge localization and eventually
results in false or missed detections.

To reduce the impact of illumination uncertainty on detection
performance, most RGB-based deep learning methods focus
on exploring deep features within a single image. Researchers
have attempted to improve the model’s ability to extract salient
features under conditions, such as highlights, reflections, and
local shadows by using stronger backbone networks and atten-
tion mechanisms [1], [2], [3], multiscale or cross-layer feature
fusion [4], [5], and contrastive learning or data augmentation [6],
[7], [8]. However, although RGB images contain rich informa-
tion, their quality is greatly affected by lighting, shadows, and
background variations, making it difficult for their features to
reliably represent salient objects in real-world scenarios.

To address this issue, recent studies have explored the fusion
of multiple auxiliary modalities, such as depth maps, infrared
features, and edge information, to compensate for the degrada-
tion of RGB features under uncertain illumination conditions.
These methods usually employ depth features to provide geo-
metric and structural cues, infrared features to enhance object
visibility in low-light scenes, and edge information to strengthen
structural and texture priors, thereby improving model robust-
ness. Most of these approaches rely on depth-guided fusion [9],
[10], illumination-related hyperparameter guidance for RGB–
infrared feature fusion [11], [12], [13], or edge enhancement
mechanisms to refine the boundary representation of salient
objects [14], [15], [16].

However, existing methods often fuse auxiliary information
directly, resulting in a large amount of background redundancy
that is unrelated to saliency. Under illumination variations, local
shadows, and highlight conditions, such redundancy is often am-
plified by the network, leading to false detections, such as bound-
ary adhesion, holes, and fragmentation. As shown in Fig. 1, each
auxiliary modality has its own limitations: edge-based methods
are easily affected by nontarget edges, depth maps may fail to
accurately describe object structures when there are significant
depth differences, and thermal imaging may cause confusion
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Fig. 1. RGB images with different auxiliary inputs and labels. GT, Thermal,
Edge, Depth, and illumination map denote the label and different auxiliary input.
The second line shows the results obtained using proposed model. We found
that the edges of the results based on infrared and depth mapping were blurred.
Through the magnified details in the results, the segmentation of the edge-based
method are not as accurate as those based on RGB-I.

Fig. 2. Visualization of intermediate features extracted by the ResNet for
different inputs. (a)–(d) Visualizations of intermediate features obtained by the
ResNet module. (c) Visualizations of illumination maps using our auxiliary
stream model.

between foreground and background due to heat crossover. To
alleviate these issues, Li et al. [17] introduced illumination
components and integrated them with RGB features, which
effectively improved the model’s sensitivity to illumination vari-
ations and mitigated the interference of background redundancy
caused by uncertain lighting in saliency detection.

In addition, the aforementioned methods often model uncer-
tainty implicitly and lack interpretable prior constraints, making
them prone to overfitting or performance drift in complex illumi-
nation and low-contrast scenes. For example, some methods [1],
[11], [18] treat the “edge uncertainty” in model outputs as a
posterior feature to guide the segmentation of uncertain edges,
rather than distinguishing salient and nonsalient regions at the
input or intermediate feature levels. This causes the network to
be easily disturbed by redundant background information during
training and reduces its interpretability.

The main issue lies in the common assumption that “multi-
modality inherently brings improvement,” without a mechanism
to decide “where to fuse and where to suppress.” In particu-
lar, under shadows, highlights, or under/overexposed regions,
instability within auxiliary modalities propagates along the fu-
sion path, amplifying prediction errors and resulting in blurred
boundaries, missed detections, and false alarms. Furthermore,
the absence of explicit modeling of illumination uncertainty
makes it difficult to control its propagation near segmentation
boundaries. Illumination uncertainty tends to appear first in the
foreground–background transition zones, where the saliency
membership becomes ambiguous. Without prior isolation of
such “shadow regions,” the network consumes excessive capac-
ity adapting to global redundancy, which further amplifies noise
interference. Therefore, constraining uncertainty propagation
and controlling the fusion range in an interpretable manner

is a key challenge in mitigating the impact of illumination
uncertainty on SOD.

To mitigate the interference of redundant background infor-
mation on the model during training and to enhance network
interpretability, we introduce the shadowed-set theory to handle
illumination maps based on Retinex theory in the input stage. Il-
lumination maps not only provide information about how images
reflect light, but also capture the intensity features of light, which
can help the model more effectively identify salient objects.
However, the redundant information of the illumination maps
leads to the uncertainty of results in SOD. Locating the salient
areas can effectively reduce the uncertainty of salient detection,
and the shadowed set theory [19] is one of the important methods
to solve the uncertainty aspect. In the proposed model, we obtain
the salient areas by combining the illumination maps and the
shadowed set theory, thereby assisting the model to detect the
salient objects. In Fig. 1, RGB-I shows the result of using the
illumination map as the auxiliary input and the proposed model
can obtain more accurate salient edges.

We also design an expert network to learn from the processed
illumination features. Most methods use a common pretrained
backbone to extract the features. However, the performance of
the backbone with fixed parameters cannot be guaranteed when
facing different types of inputs. Taking ResNet as an example,
for shallow-level information, the extracted features are not
distinct [the first feature in Fig. 2(b) and (d)], and for deep-level
information, ResNet tends to overextract features [the fourth/last
feature in Fig. 2(b) and (d)].

Different from the previous methods, we consider a new
solution to above challenges. First, we proposed the determi-
nation of salient area (DSA) module to automatically obtain the
salient area by introducing the shadowed set theory. Second,
we still use a pretrained module to extract RGB features, but
we design a specially illumination branch module to extract
illumination features. Then, we design dual-modal compression
(DMC) module to integrate the features of the two modals,
which can effectively learn illumination and RGB information.
Finally, our decoding structure is a specially designed multistage
contextual complementary module (CCM), where each stage
contains a mini-U-Net. This design is inspired by the great
success of U-Net in image segmentation, and we use this way
to recover the salient maps.

Overall, the DMC is used to align and fuse RGB and illumi-
nation features by constructing a two-stream feature extraction
backbone to obtain RGB and illumination features separately,
while the CCM is primarily used to recover the edges of salient
objects by a multistage process consisting of five modules to
obtain the final result, while the output of the last three stages
is used to oversee the training model. Our contributions can be
summarized as follows.

1) We introduce the illumination maps and designed a novel
DSA module to automatically obtain the salient area by
introducing the shadowed set, which assists the model
effectively detect salient objects and solves the uncertainty
problem of salient detection.

2) We build a new auxiliary stream and DMC module to ex-
tract and fuse illumination features by specially designed
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Fig. 3. Pedrycz’s shadowed set. µs be the membership and x denotes the
instance.

attention structures, and they can make full use of context
information to align features at different levels.

3) We propose a multistage CCM that can fuses high-level
and low-level features. In addition, the CCM combines a
multistage loss function to recover the spatial locations of
salient objects and reduce the introduction of noise.

4) Based on these modules, we propose an SOD method,
which creatively combined the illumination maps and
shadowed set. Experiments show that our method per-
forms well in traditional SOD scenes and outperforms
SOTA methods in challenging lighting conditions, such
as underwater, low-light, and uneven light.

To this end, we have introduced an SOD algorithm that
combines the illumination maps, inspired by the shadowed set
theory. We have constructed an illumination extraction and
matching module specifically designed for handling the illu-
mination maps. To better recover the edges of the objects, we
designed a multistage CCM. Furthermore, we have analyzed and
discussed the feasibility of the model in complex scenes.

The rest of this article is organized as follows. In Section II,
some prerequisites are presented. In Section III, the proposed
model is extensively described. The experimental results are
showcased in Section IV, which includes the analysis and
discussion. Finally, Section V concludes this article.

II. RELATED WORKS

A. Identification of Salient Area Based on Shadowed Sets

Shadowed sets, proposed by Pedrycz [19], are constructed
based on fuzzy sets, and develop a concise representation of
fuzzy sets by fuzzy-rough transformation. As shown in Def-
inition 1, X is a fuzzy set, and the shadowed set produce a
new representation of the fuzzy set: µs : X�{0, [0, 1], 1}. 0
represents the instance that does not belong to X and 1 means
that the element belongs to X . [0, 1] quantifies the uncertainty
of membership.

Definition 1: Let SS = (U �, f) be a fuzzy information sys-
tem, and f : X�[0, 1] be a fuzzy set of the domain U �. Given
two parameters� and �, the elements whose membership values
are greater than � in f are mapped to 1, the elements while
membership smaller than � are mapped to 0, and the elements
in the interval [�, �] are mapped to [0, 1]. The new mapping µs
is referred to shadowed set, which can be represented as

µs : X
µS(x)
� {0, 1, [0, 1]} . (1)

In Fig. 3, � and � determine the specific construction of the
shadowed set. In essence, the fuzzy set has been transformed to
a set with some clearly marked vagueness zones or, put it more
descriptively, shadows. Pedrycz provided an objective function
in the form of (2) to address a balance of vagueness, which can
automatically construct the shadowed set representation of the
fuzzy set. The optimal parameters � and � are calculated by
minimizing V�,�

V�,�(µs) = |
�

µs(x)��
(1� µs(x)) dx+

�

µs(x)��
µs(x)dx

�
�

�<µs(x)<�
dx|.

(2)

In recent years, many methods based on traditional fuzzy sets
and probabilities have been applied to SOD. Zhou et al. [20]
introduced superpixels to divide the image into multiple blocks,
and used the fuzzy set to measure the membership degree of the
image blocks belonging to the salient areas. It distinguished the
salient areas based on the membership degree using a determined
threshold. Kapoor et al. [21] applied the fuzzy set to SOD to
measure the membership degree of salient areas in image regions
according to the characteristics of image brightness and color.
Furthermore, Lu et al. [22] introduced a new probabilistic-based
method, which first obtains the two membership values of sparse
and dense superpixel areas. Then, they obtained the salient
membership degree (SMD) of the image region by introduc-
ing Bayesian algorithm to integrate errors of two membership
degree. Lastly, they use SMD to distinguish salient regions. The
above methods combine the traditional uncertainty and deep
learning methods, and use the obtained uncertainty membership
degree values to obtain the rigid division about the image areas.
Although traditional uncertainty-based methods can accomplish
the task of SOD, they are the binary divisions with the precise
value, which are sensitive to noise.

Compared with other methods based on conventional un-
certainty, the shadowed set theory introduces the concept of
“shadowed area,” which reduces noise or uncertainty to enhance
robustness. Inspired by the shadowed set, we can automati-
cally determine the salient area in the illumination maps to
guide the RGB image to locate the salient object in complex
scenes by enhancing the features of salient areas. In this study,
we proposed a special construction to obtain the salient area,
which divides the illumination map into high-value, low-value,
and salient area according to the value of pixel as given as
follows:

U � :

�
�

�

xi,j < �, low � value area
� � xi,j � �, salient area
xi,j > �, high � value area

(3)

where U � = {xi,j ; 0 < i � width, 0 < j � height} be an illu-
mination map, and width and height represent the values of
width and height. xi,j be the value of pixel in illumination,
which is normalized to [0,1]. i and j are the position of this
pixel.

Based on the analysis of the dataset, we find that the parts in the
image where the pixel value is higher than � are often the bright
areas, such as the sky background. We call them high-value
areas. The parts in an image where the pixels are lower than �
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are low-light objects with low visibility. We call them low-value
areas. In the middle part between � and � is the salient area that
we really need. By locating the salient areas, it can effectively
enhance the features of salient objects in RGB and improve the
detection performance of our model.

Judging whether a pixel belongs to salient area is a typical
uncertainty analysis problem. In this study, we propose an
adaptive algorithm based on shadowed sets theory to obtain �
and �. In this way, one can determine whether a pixel belongs
to high-value, low-value, or salient area.

B. Salient Object Detection

SOD is one of the fundamental tasks in computer vision.
Early SOD tasks often focused on manual feature extraction.
Liu et al. [23] defined SOD as a pixel-level binary segmentation
problem. Cheng et al. [24] proposed a model based on global
contrast.

With the advancement of deep neural networks, an increas-
ing number of deep learning methods have been proposed.
Wei et al. [25] proposed a model capable of aggregating features
from multiple layers, which adaptively selects complementary
information for fusion, effectively avoiding information redun-
dancy. Liu et al. [26], using a U-shaped architecture, introduced
a significant improvement in SOD performance. Zhou et al. [27]
designed an interactive two-stream decoder for salient features.
In recent years, Liu et al. [28] analyzed the limitations of tradi-
tional model outputs and designed a new model that combines
side-output features. Zhuge et al. [2] introduced the method
of integrity learning, which can fully learn the position of all
salient objects in the image, and it also has excellent effects
for some special scenes, such as multiobjects and small objects.
Han et al. [1] proposed an uncertainty-guided Transformer net-
work, which effectively improved the robustness of the model
in remote sensing scenarios. Yuan et al. [18] emphasized the
importance of uncertainty modeling for edges and undersatu-
rated regions, and achieved more accurate edge learning by using
existing segmentation labels to identify uncertain regions in the
prediction results. These methods are based on a single RGB
image; however, RGB-based methods are often not enough to
solve special scenes.

For this problem, more and more researchers are using multi-
modal auxiliary inputs to help detect salient objects, such depth
and thermal maps. Tu et al. [29] designed a multi-interaction
decoder for RGB-T saliency detection. Cong et al. [30] used
dynamic parameters to guide the fusion of RGB and infrared
features. Song et al. [11] used illumination information to guide
the fusion of RGB and infrared features, but without uncertainty
analysis and suppression of the auxiliary modalities, the model
is still susceptible to interference in complex scenes. Although
these methods use multimodal data and produce good perfor-
mance, accurate depth or infrared maps still require additional
equipment. Therefore, in this article, to better enhance the
model’s sensitivity to illumination, we use illumination com-
ponents based on Retinex theory as auxiliary inputs to miti-
gate the segmentation edge uncertainty caused by illumination
uncertainty.

III. METHODOLOGY

A. Overall Pipeline

We use an innovative illumination-aware approach inspired
by researches on low-light image enhancement and shadowed
set. The introduction of illumination map is used to address the
difficulty in obtaining auxiliary input, and the introduction of
shadowed set is mainly used to determine the salient area.

Fig. 4 shows the overall structure of proposed method. First,
we extract illumination maps from images, and then utilize
a DSA to locate the salient area. Then, using a dual-branch
module for feature extraction and a DMC module for fusion.
Subsequently, employing a multistage CCM method, we obtain
the final prediction maps.

B. Determination of Salient Area

In a sense, each point on illumination map also approxi-
matively represents the degree of membership of that element
belonging to the object, the absorption and reflection abilities of
objects with the same property to light are consistent.

Our aim is to use shadowed set to determine the salient area
in the illumination map by calculating the values of � and �
in (3). An overview is shown in Fig. 5(a). First, we utilize the
RetinexNet [31] to acquire the illumination maps [see Fig. 5(b)].
Subsequently, each illumination map is fed into the DSA to
obtain the salient area features, and DSA primarily consists of
three main steps: Acquisition of �-cut, calculation of salient
area, and feature concatenation.

Corollary 1: Let U � = {xm,n} be an illumination map, there
is a parameter � such that when xm,n is greater than �, xm,n
is set to zero and others are mapped from [0, �] to [0,1]. Then,
the mapping µ�

s can be represent in (4). We refer to µ�
s as �-cut

(U �
�) of the U �. � be boundary parameter of U �

�

µ�
s : X � {0, [0, 1]} . (4)

Acquisition of �-cut (U �
�): As shown in Corollary 1, U �

� is
obtained by dividing an illumination map with a fixed� � [0, 1].
Specifically, in Fig. 5(c), we use both histogram and image
representations to introduce our methods. Let � be the fixed
threshold and U� be a matrix consist of �, where U� have the
same shape asU �. We compare the value of corresponding pixels
between U � and U�, if the pixels in U � are less than �, then this
pixel is set to zero. Then, we get a �-cut (U �

�) of U� with respect
to threshold �.

In Section IV, we convert the value 0 into a very small pa-
rameter(0.01) to avoid gradient vanishing. The first step involves
pixelwise processing of the illumination map to obtain the U �

�.
(� � {�1, . . ., �k}, where k is the number of threshold.)

Calculation of salient area: After getting a series of U �
�, we

need to calculate two suitable thresholds to get salient areas
between the two thresholds. In the shadowed set, Pedrycz pro-
posed an optimization function to ensure a balance of uncertainty
and obtain two reasonable thresholds: � and �. In this study,
however, we calculate �i and �j to replace � and � in (3). Dif-
ferent from the balance of uncertainty, based on the proportion
balance of salient area in the image, we propose a measurement
strategy called the minimum difference algorithm (MDA) to
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Fig. 4. Overall structure of proposed model. We obtain and process the illumination map through the DSA, and then feed the feature into designed auxiliary
stream.

Fig. 5. Extraction and processing of illumination maps for DSA. (a) Pipeline of DSA. (b) RetinexNet, which is used to extract illumination maps. (c) �-cut
acquisition, the top row denotes the pixel histogram corresponding to feature, the vertical axis indicating normalized pixel-values and the horizontal axis represents
all pixels of the image. (d) Calculation the salient area, which sets multiple fixed thresholds and uses the MDA to select the optimal two thresholds.

obtain the optimal two thresholds �i and �j by comparing the
interrelationships between differentU �

�. First, we calculate value
ui,j of MDA between U �

�i
and U�j

� by the following equation:

ui,j =
�����U �

�i
�= U �

�j

��� / (w × h)� �
	2

. (5)

�U �
�i

�= U �
�j
� be used to count the number of different pixels

between U �
�i

and U�j
�. The subscript i and j of ui,j corresponds

subscript i and j of �i and �j . w and h be the width and height
of U �

�. � , as the prior knowledge based on the training dataset, is
used to calculate ui,j . First, we have counted all the images in
DUTS-TR dataset [32] (about 11.7 k images) and found that the
average proportion of salient objects in the images is 0.66, so we
set � = 0.66. In addition, we use the relation matrix 
RU defined
in Corollary 2 to find the appropriate ui,j , which is the smallest

element in 
RU. The smallest ui,j corresponds to the optimal �i
and �j .

Corollary 2: Given a set U = {U �
�1
, . . . , U �

�k
}, ui,j denotes

the correlation between U �
�i

and U�j
�. The binary relation 
R for

U can be expressed in (6). 
RU be a rivalry matrix, where each
element is the correlation between two �-cuts


RU =

�

�


u11 • • • u1k
...

. . .
...

uk1 • • • ukk

�

�� . (6)


RU is a symmetric matrix that signifies the pairwise relation-
ships between all elements on U. Inspired by the equation of
Pedrycz (2), we also explore the method for the two thresholds
�i and �j . The subscripts (i, j) of the two thresholds can be
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Algorithm 1: DSA Based on Improved Shadowed Set.
Input: RGB image x, N , �, �
Output: The output f of DSA
1: Normalization x, N 	 10, � 	 0.01
2: Compute illumination maps x� = {xm,n} of x according

to RetinexNet [31] /
 (m,n) are the coordinates 
/
3: for k = 1; k � N ; k ++ do
4: �k = k/N /
 The interval can be manually defined 
/
5: for xm,n in x� do
6: if xm,n > �k then
7: xm,n 	 � /
 Avoid gradient disappearance 
/
8: end if
9: U �

�k
	 xm,n /
 Get the �-cut 
/

10: end for
11: Normalization U �

�k

12: end for
13: U = {U �

�1
, U �

�2
, . . . , U �

�10
} /
take k=10 for example
/

14: Calculate 
RU according to Corollary. 2 and (5)
15: for ui,j in 
RU do
16: if ui,j = min 
RU then
17: Obtain U�i and U�j according to (7)
18: end if
19: end for
20: f1 	 U�i , f2 	 U�j , U �� = U � � {U�i , U�j}
21: f3 	 U�1

22: for U�k in U �� do
23: f3 	 f3 � U�k /
Concatenate U�k and f3 
/
24: end for
25: Calculate f3 by the two Convolution layers
26: f 	 f1 � f2 � f3
27: return f

determined in the following way:

argmin
i,j

µi,j . (7)

In summary, Pedrycz used two to-be-determined thresholds
to convert some elements to certainty while extending the un-
certainty to balance the overall uncertainty by (2). As shown
in Fig. 5(d), being different from Definition 1, our approach
involves a differential analysis of a series of U �

� to obtain the
image-adapted thresholds, and consider the differential portion
between these two maps as the salient area.

Feature concatenation: The salient area is the part defined
by the difference between two selected �-cut, while the re-
maining U �

�k
also contain valuable information. Owing to the

powerful feature extraction capabilities of the convolution neural
network, we concatenate all the U �

�k
and transform them into

a single-channel feature map uf through a two CNN layers,
the processing of this step is shown in Fig. 5(a). By three
steps, we obtain a three-channel feature as a output of DSA:
Output = Concat([ui, uj , uf ]). We also present the pseudocode
for the DSA module, as shown in Algorithm. 1.

C. Backbone and Auxiliary Stream

In previous methods, when dealing with RGB and auxiliary
inputs, it was common to use the same backbone for feature
extraction. However, for different auxiliary inputs, independent
information extraction modules are necessary. In this article,
we follow the approach of previous methods by using the
ResNet-50 [33] to extract RGB features. Simultaneously, we
have designed a unique auxiliary stream for our illumination
information. The role of our auxiliary stream (A-stream) is to
encode the positional information of the target. Therefore, we
introduce an attention module proposed by Li et al. [7] to learn
contextual information from the illumination data.

D. DMC Module

To extract diverse information of RGB and illumination map,
we have designed two different branch, distinguishing ourselves
from previous methods: the main backbone and the auxiliary
stream module. As shown in Fig. 4, pretrained ResNet-50 is
used for the backbone to obtain the five RGB features, auxiliary
stream is built to generate five corresponding illumination fea-
tures. We employ the coord-attention to focus on the position
of objects of illumination features. Finally, these five sets of
features are fed into DMC.

Fig. 4-DMC shows the main process of DMC. Let fk
r and

fk
i denote the RGB and illumination feature derived by back-

bone or auxiliary stream, where k is the number of backbone.
Specifically, the preliminary feature Fr,i can be determined as
follows:

Fr,i = Conv2 �
fk
r,i

�
� Sig

�
Conv1 �

fk
r,i

��
(8)

where Convi denotes convolution with i layers, � denotes
element-by-element multiplication, and Sig is the Sigmoid func-
tion. Each Fr,i will receive two transitional features by two
branches. The four transitional features can be expressed as
Fm
r,i{m = 1, 2} = �(Fr,i), where �(
) denotes the convolution

with batch normalization and Relu function. The final output fk
is obtained by cross-fusing Fm

r,i and fk�1

fk = �
�
�

�
F 1
r � F 2

i
�
� �

�
F 2
r � F 1

i
�
� fk�1

�
(9)

where � denote concatenation. The above describes the feature
fusion method for the k output in DMC. When k = 0, we only
fuse the RGB and illumination maps.

E. Multistage CCM
In Fig. 4, let fk(k � 0, 1, 2, 3, 4) denote the final output

obtained by DMC. The multistage CCM consists of five CCMs
(CCMk). Except for CCM0, each CCMk has two inputs and
one output. The output of each CCMk, except for CCM4, is
fed into the next CCMk+1. In detail, let the output of CCMk is
expressed as fo

k . CCM0 consists of two convolution layers with
batch normalization and Relu. CCM1, CCM2, and CCM3 are
relatively more complex, these modules involve two upsampling
and one downsampling operations, and contextual features need
to be integrated. The formula can be shown as

fo
4�k = Up

�
�2 �

Do
�
�2 �

fk � fo
3�k

����
(10)
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Fig. 6. PR and Fm curves compared proposed method with others on five datasets. To provide better clarity, we divided the methods into two groups.

where k � 0, 1, 2, 3 and �2 represents a two-layer convolu-
tion with batch normalization and ReLU function, Up(
) and
Do(
) denotes the upsampling and downsampling. Specially,
the structure of CCM4 is composed of two upsampling and
downsampling, the process can be expressed as

fo
4 = � (Up� 2 �

P�
�
�2 �

fo
3 � f0���

) (11)

where P�(
) represents � followed by a pooling layer, Up�
denotes � followed by an upsampling layer, and Up�2 denote
two layer Up�. Finally, the output is three features: fo

2 , fo
3 , and

fo
4 , whose size are H

4 × W
4 , H

2 × W
2 , and H

2 × W
2 , respectively.

These three results need to be reconstructed as segmentation
maps, the minimum size of the output is H

4 × W
4 rather than a

smaller size to reduce subsequent upsampling operations.

F. Multistage Loss Function

We designed a multistage supervised network to avoid the
introduction of noise. First, three upsampling modules are used
to recover the previously mentioned fo

2 , fo
3 , and fo

4 , resulting
in corresponding prediction maps (pre1, pre2, and pre3) from
three scales. Proposed method employs three loss functions with
equal weights to supervise the results. Our loss function can be
expressed in the following form:

Losstotal = Lpre1 + Lpre2 + Lpre3 (12)

where L can be expressed as L
 = Lw-IoU + Lw-BCE. Inspired
by Wei et al. [25], the weight binary cross entropy (w-BCE) and

weighted intersection over union loss (w-IoU) are used for this
study. IoU and BCE have already been widely used in image
segmentation, and these metrics are also extensively employed
in SOD tasks [25].

IV. EXPERIMENTS

A. Experiment Setup

1) Implementation Details: We implement proposed method
on the Linux operation system with Python 3.7. The experi-
ments are performed on Ubuntu 20.04 with Nvidia RTX 3090
GPU. We utilize the Adam optimizer with the parameters
�1 = 0.9 and �2 = 0.1 and with learning rate le = 0.0001. The
Backbone is ResNet-50 and DUTS-TR [32] as the training set,
which has 10 553 pair of images. Before training, we get the
illumination maps by RetinexNet (see [31]).

2) Datasets and Metrics: In this study, we employ mul-
tiple classic datasets to assess the differences between var-
ious methods, including ECSSD [45], HKU-IS [46], PAS-
CAL [47], DUT-OMRON [48], and DUTS-TE [32]. These
datasets contains 1000, 4447, 850, 5167, and 5019 im-
ages, respectively. Meanwhile, we employ four metrics to
assess performance among comparative methods, including
mean absolute error (MAE, the smaller the better), mean F-
measure [49] (m-F), mean E-measure [50] (m-E), and S-measure
[51] (Sm).
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TABLE I
PERFORMANCE COMPARISON BETWEEN PROPOSED METHOD AND THE OTHERS ON FIVE DATASETS

B. Comparison With the State-of-The-Art Methods

In this part, we have selected 24 state-of-the-art methods
to compare the results, including Amulet [34], DGRL [35],
GCPANet [39], PiCANet-R [36], PoolNet [26], R3Net [37],
Bicon-P [15], SODGAN [6], DNA [28], GateNet [40], Hybrid-
SOD [8], CANet [5], ITSD [27], A2S-v2 [41], AccoNet [7],
CANet [5], ICON-R [2], EDN-R [3], Auto-MSF [6], F3Net [25],
FPSI [42], VRF [43], DC-Net [44], and R-Net [14]. The salient
maps of these methods are provided by the public code, these
models are all excellent ones in recent years.

1) Quantitative Comparison: In Table I, our method con-
sistently performs well on the Sm, this is a significant im-
provement because, apart from MAE metric, Sm is better at
measuring the structural. For the Fm of the PASCAL-S and
the Fm m-E of the HKU-IS, R-Net and DC-Net show superior
results, but the advantages are not as prominent (difference less
than about 0.01). The main reason is that these methods focus
on the positioning of salient objects within the model as our
approach does. In addition, the VRF outperforms all methods
on both MAE and Fm on DUT-OMRON, mainly because it
uses a scribble-based approach that uses specialized branches
to locate the salient objects. Although it improves performance,
complex visual generation modules need to be designed. The
recursive decoder is designed in R-Net, and the attention maps
and prediction maps are obtained at the same time, which can
also achieve better results.

Fig. 6 presents the precision-recall (PR) and F-measure curves
generated by our method and 20 excellent methods on five
datasets. To provide clarity, we randomly divided the 20 methods
into two groups and placed them in two comparison chart. From
the Fig. 6, it can be observed that our method achieves the highest
precision at certain recall levels. In addition, our method also
obtains excellent F-scores.

2) Visual Result Analysis: Fig. 7 present the results of salient
maps generated by 20 methods for five categories of scenes,

including similar scene, complex background, multiobjects
scene with different depth, and multiobjects scene in low-light
and high-light scenes. It can be observed that our method exhibits
relatively good performance in the localization and segmentation
of salient objects. In particular, our method outperforms others
in multiple object detection tasks. For the “dolphin” in the third
image, many methods exhibit instances of missed detection,
such as SODGAN [6] and AFNet [38], while our approach
accurately detects its position. For scenes with extreme lighting,
our approach also shows excellent results. For the low-light
environment in the fourth image of Fig. 7, our method is able
to segment the left person contour in the dark scene. Methods,
such as A2S-v2 and R3Net, contain blurry edges. Similarly, our
method still has a good effect on high-light scenes. One of the
main reasons why our method can get better results in extreme
light environments is that our method is an illumination-guided
model, which extracts illumination information and accommo-
dates it into the model to increase the sensitivity of the algorithm
to light, so as to avoid interference from low-light or high-light
environments.

Furthermore, while various methods can locate the object,
such as the second set of examples in Fig. 7, the majority of them
produce results with blurry edges, especially HybridSOD [8],
PiCANet-R [36] and DNA [28]. To better illustrate the results
for target edges, we introduce difference value-colormaps to
visualize the edges of the prediction. As shown in Fig. 8, we com-
pare the results obtained from all methods to the ground truth,
creating difference maps. Subsequently, we use the “COOL”
color space to generate the corresponding color maps. We can
observe that AFNet, HybridSOD, R3Net, and AccoNet contain
more artifacts. Our method, along with ICON-R and F3Net,
performs better in object edge detection.

3) Statistical Significance Analysis: To test whether there is
a statistical difference in segmentation performance compared
with the recent SOTA methods, we chose to compare with
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Fig. 7. Subjective comparison of the experimental results among SOTA methods. Every two lines represent different predictions on the same test image.

Fig. 8. Edge comparison of the results among SOTA methods. Cool color
space is selected to show the differences between ground truth and predictions.

TABLE II
AVERAGE RANKING AND STATISTICAL TEST OF SIX METHODS UNDER FIVE

DATASETS

five SOTA methods. The Friedman test is first adopted at the
significant level P= 0.05. Table II shows the results of Friedman
test, and all the p-values are much less than 0.05. So these
methods have significant differences in the four metrics.

Therefore, we set up the Nemenyi post hoc test to determine
the substantial differences between any two methods. The criti-

cal distance of Nemenyi test is obtained by CD = q�
�

k(k+1)
6N ,

Fig. 9. CD diagrams of proposed method and 20 compared methods on four
metrics across five datasets.

where q�=0.05 = 2.850 when k = 6 and N = 5. When the test
distances of the two methods exceed CD = 3.3722, it indicates
that there is a significant difference. Fig. 9 shows our critical
difference (CD) diagram. The results indicate that our method
outperforms the other methods in all four metrics of the five
datasets.

C. Model Ablation Analysis

To ensure the accuracy of ablation experiments, all methods
are trained on DUTS-TR [32] and tested on ECSSD [45].
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TABLE III
PERFORMANCE COMPARISON BETWEEN PROPOSED METHOD AND ABLATION

EXPERIMENTS ON ECSSD [45]

We added the variance and median score of MAE to measure
the statistical information. Lower median values correlate with
decreased noise and variance, demonstrating improved result
robustness. In addition, we also give the parameter number of
the model, which is shown in the Appendix of the Supplementary
Material.

1) Effectiveness of DSA and Auxiliary Stream: To demon-
strate the effectiveness of (DSA), we trained two versions, “w
DSA” and “w/o DSA.” In version w/o DSA, the illumination
maps are directly fed into the auxiliary stream without undergo-
ing processing in module DSA. In the original method, as shown
in Fig. 5(a), the structure involved learning two features from the
�-cut with different granularity thresholds, while the remaining
features were extracted using a convolution neural network into
a single feature. This means that the DSA module outputted
an illumination map with three channels. Now, we introduce
an ablation experiment (2-f ) where we only obtain features
with two channels in the DSA module (all remaining thresholds
are discarded). 3-f denote three channels in compared method.
To assess the role of auxiliary stream (A-stream), we replaced
the auxiliary stream with ResNet-50 similar to backbone and
compared their effects. In addition, 2-f only makes sense when
the DSA module is used. The ablation results are presented in
Table III.

In Table III, the first column indicates whether the proposed
auxiliary stream is used, the second column represents the DSA,
and the third and fourth columns denote the number of channels
in the illumination features obtained by DSA. We can observe
that the DSA is beneficial for performance improvement regard-
less of whether our proposed auxiliary stream is used. When our
model does not use the auxiliary stream, the model becomes an
RGB-based method. The results in the second and third rows
indicate that the performance can be effectively improved after
introducing the illumination maps and the auxiliary stream.

2) Impacts of the Threshold Selection: In DSA, we designed
the MDA algorithm, which utilizes the shadowed set theory
to automatically calculate the appropriate thresholds. These
thresholds can effectively determine the locations of salient
areas and different thresholds will affect the model’s location
of salient areas. To better describe the robustness of our MDA,
we conducted experiments with different thresholds, the results
are shown in Table IV. In Table IV, we changed � in (5)
to achieve the purpose of changing the �i and �j . For the
convenience of the experiment, we set 0.2, 0.4, 0.6, and 0.8
as comparative thresholds. In addition, we added 0.01 and 0.09
threshold experiments and we found that our choice was indeed
the most suitable (It has improved by 11% compared with the
second choice). The experiment verified that when the threshold

TABLE IV
PERFORMANCE COMPARISON BETWEEN DIFFERENT �

Fig. 10. Comparison of DMC module with other ablation strategies. (a) DMC,
the red box indicates the part we want to verify. (b) DMC without cross-fusion.
(c) DMC without feature fusion. (d) DMC without the skip connection from the
last DMC.

TABLE V
PERFORMANCE COMPARISON BETWEEN PROPOSED METHOD AND ABLATION

EXPERIMENTS OF DMC

changes, it can affect the performance of the model and lead to
poor results.

3) Effectiveness of DMC: DMC is designed for fusing RGB
and illumination features, whose purpose is to perform cross-
fusion while introducing contextual information. Fig. 10 dis-
plays the ablation structures regarding the DMC, and we validate
the structures of its three components through experiments.
Meanwhile, we present the objective results of various methods
in Table V. Skip, cross, and Fusion represent the structure
just like Fig. 10(a)–(c). Cross-T and Concat represent the use
of cross-transformer with multiple attention and direct con-
catenation instead of DMC, and Dynamic denotes the use of
the dynamic parameter fusion structure proposed by as Cong
et al. [30] by computing light intensity. The results show that
DMC can lead the compared ablation methods in 3 metrics, the
Em ranks is second level (only 0.5%0 behind the first place).
Although the Cross-T method can achieve the optimum in Em,
the remaining indicators all lag behind our method.

4) Effectiveness of CCM: For multistage CCM, there are two
keys in this part: the pooling layer of each CCMi (i=1, 2, 3, 4)
and the contextual features from the DMC. The pooling layers
and contextual features can deeply mine features, which are
conducive to restoring fine edges and improving the robustness
of the model. In Table VI, CCM outperforms the ablation method
in all four metrics. Meanwhile, the variance and median of the
results also demonstrate the stability of the images used in the
test.

Authorized licensed use limited to: TONGJI UNIVERSITY. Downloaded on March 02,2026 at 03:31:40 UTC from IEEE Xplore.  Restrictions apply. 



436 IEEE TRANSACTIONS ON FUZZY SYSTEMS, VOL. 34, NO. 2, FEBRUARY 2026

TABLE VI
PERFORMANCE COMPARISON BETWEEN PROPOSED METHOD AND ABLATION

EXPERIMENTS OF CCM

TABLE VII
OBJECTIVE PERFORMANCE OF DIFFERENT METHODS ON USOD10K [52]

TABLE VIII
OBJECTIVE RESULTS ON VDT-CHALLENGE DATASET [9]

D. Extended Applications and Experiments

1) Extended Application in Underwater Scene: As our
method can effectively mitigate the impact of environmental
lighting on images, we attempted experiments in more complex
scenarios. Taking an underwater scene as an example, we con-
ducted experiments using the existing USOD10 K dataset [52]
and compared the results with eight state-of-the-art methods.
The specific results are shown in Table VII. Our method demon-
strates excellent results in underwater image datasets. In Table
VII, our method can achieve the optimal performance. Com-
pared with methods specifically used for underwater image
detection such as HQSOD, our method can also outperform it
in four metrics.

2) Extended Application in Challenging Scene: As a com-
mon challenging scene, strong and low light scene often contains
a lot of noise, so we have carried out special experiments for
this kind of scene. The fourth and fifth sets of images in Fig. 7
show a subjective comparison of low-light and strong scenes.
In addition, we also give the test index results of the proposed
method under challenging scenarios. We tested with VDT chal-
lenging dataset [9], which contains data from six challenging
scenes. We select V-SA (similar appearance), V-SSO (small
salient object), V-LI (low illumination), V-SI (side illumination),
V-NI (no illumination), and V-BSO (big object) to verify pro-
posed model with compared methods EDN [3], MIDD [29] and
HAINet [53], these three methods are the SOTA methods based
on RGB, RGBT, and RGBD, respectively. Table VIII presents
the experimental results. We find that our method can achieve
the optimum on the m-F, with only a small gap in V-SA and
V-BSO on m-E metrics.

Fig. 11. Compared results on multimodal inputs.

Fig. 12. Limitations of proposed and compared methods.

Fig. 11
shows the visual results. The problem of depth maps is that

the results are fuzzy in the face of objects with different depth
of field. The problem with infrared maps as an input is that
thermal cross (in the second line sample), which leads to missed
detection or missing objects. Proposed method cannot only
locate the position of the objects, but also effectively reduce the
interference of background details by smoothing the background
(such as the first line sample and the head of the second image).

E. Analysis and Discussion

1) Limitations: To explore the underlying meanings and
roles among the models, we conducted a thorough analysis of the
results. Fig. 12 illustrates the comparisons between our method
and the other two top-performing methods, highlighting two
main characteristics of our approach. First, it can still detect
and recognize locally salient objects. This is a drawback, as
shown in the comparison image in the first row of Fig. 12. Our
method still segments distant building (even though it is not on
the label image). Second, when faced with an object that has both
underwater and above-water parts, it exhibits edge blurriness, as
demonstrated in the comparison image in the third row of Fig. 12.

2) Discussion: For the current issues, we have considered
two possible reasons. First, in Fig. 12, ICON-R [2] employs a
mechanism of integrity learning, with a strong focus on model-
ing contextual features, which enables it to discover all salient
objects in the image. Therefore, for the image in the first row,
it can recognize and detect distant building, as these buildings
are highly salient relative to the local background. As for our
method, we have embraced this idea extensively, not only in
the DMC module but also in the subsequent CCM module,
where we use skip-feature connections to introduce context
information. Consequently, some characteristics of building are
retained. However, this does introduce a visual flaw, which the
EDN method excels in addressing.

EDN-R [3] employs an extremely downsampled model, uti-
lizing downsampling to achieve a larger receptive field within
the model. This not only accurately locates salient objects but
also avoids false positives caused by “local saliency.” The result
of EDN-R [3] in Fig. 12 does not consider distant buildings as
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salient objects (global aspect). This is another reason why we
introduced downsampling in the CCM module.

Second, we will analyze the reason leading to the blurriness
of objects on the surface of water. The comparison results in the
second and third rows of Fig. 12 demonstrate the performance
of SOD in scenes with water surfaces. In the image of the
second row, our method accurately segments the salient object
without being affected by shadows, whereas ICON and EDN
are influenced by the reflection of water. The main reason is the
introduction of the illumination maps based on Retinex theory,
which is a method that utilizes the attribute of the object to
extract illumination information. Regarding reflections on the
water surface, they are not real objects but “false objects,” and
our method can accurately identify them. However, in the com-
parison results of the third row, blurriness appears in our method.
The primary reason is that the blurred part under the water is still
a part of the “real object.” Due to the unevenness of the water
surface and light refraction, Retinex theory extracts incorrect
illumination information when dealing with the object under
such conditions. For the Retinex theory, underwater dolphins
are still considered a part of the entire object. Therefore, the
model will “try” to recover the position and edges of the object,
leading to the blurriness at the boundaries.

3) Analysis of Potential Disadvantages of CCM: While the
multistage resampling strategy in the CCM module improves
the network’s ability to capture edge structures, it may also
increase the risk of noise amplification or minor information
loss due to interpolation and quantization effects. In our current
design, we suppress possible noise and lost semantic information
through advance monitoring mechanisms and context-jumping
links. Table V shows the results of our approach when contextual
feature skip is not used and advance loss supervision (three
outputs) is not applicable. To verify the possibility of noise
statistically, we add the variance and maximum and minimum
values of all data results. However, further investigation into
more robust resampling techniques could be explored in future
work.

V. CONCLUSION

This article presents a novel SOD method that leverages the
Retinex theory and shadowed set theory to extract illumination
features. All the modules we designed are aimed at better
extracting and fusing illumination maps and RGB features.
Due to the uniqueness of Retinex theory, our method performs
exceptionally well in underwater scenarios.

Furthermore, we will explore more applications of shadowed
sets in the field of artificial intelligence. By using shadowed
set theory and deep learning, we focus on unbalanced lighting
scenes and camouflage scenes, and fully explore the uncertainty
of salient area. For the data of multimodal, such as infrared
images, which are auxiliary maps based on temperature, it is
a very meaningful work to apply the shadowed set on the
temperature-aware model, and it can more effectively solve the
effects of light, such as low visibility, color degradation, and
others.
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