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Significant progress has been made in salient object detection. Most methods extract information directly on
RGB features result in a loss of semantic information. When others introduce spatial information by using depth,
difficult-to-access depth and the imbalance of depth have brought serious challenge. In this paper, we introduce
illumination map based on Retinex theory inspired by low-light enhancement to SOD. Easy-to-obtain illumina-

tion can not only supplement semantic information, but also one can avoid the problem of unbalanced object
depth. We design the dual-scale progressive fusion module, which can aggregate the illumination by proposed
cross-scale information fusion. We embed it to design an illumination-aware model, where we also build a tai-
lored multi-scale feature connection prediction network to obtain salient maps. Through experiments completed
on five datasets, our method has demonstrated excellent detection ability and provides a novel solution for
SOD,especially in underwater and low-light datasets our method still achieves outstanding results.

1. Introduction

Salient object detection (SOD) has become an important research
field in artificial intelligence. It is essential to the development of com-
putaer vision. Benefiting from the good performance of feature extrac-
tion of convolution neural networks, more and more SOD methods based
on deep learning have been proposed, while showing superior perfor-
mance. Very often, many researchers use a single RGB image with-
out any auxiliary input information as the only given input to get a
salience map [1]. These methods build an end-to-end deep neural net-
work for SOD. Although, in general, the methods with single input can
produce good results, it cannot obtain satisfactory results in many com-
plex scenes, such as cluttered objects, similar objects to background and
nonuniform lightness. In particular, a single RGB-based model is not
good at forming the difference between the object and the background,
these spatial information are particularly important in the task of salient
object detection. Therefore, some methods [2] are designed to supervise
the edge information of the salience object by learning the edge feature
of the origin image. Recently, more methods that use the depth map
of the RGB image to assist the salient object detection are constantly
proposed, and achieved good results.
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However, depth maps have two disadvantages for the task of SOD.
First, depth maps [3] are not sufficient to provide full geometric and
spatial information because of disequilibrium of object depth. As shown
on the right hand side of Fig. 1, the car head and rear have different
depths of field, so the depth image shows different characteristics. But
the salient object detection task pays more attention to the whole ob-
ject itself rather than the difference of the depth information. Second,
it is difficult to obtain the effective and accurate depth maps. Because
the acquisition of depth maps often requires a large amount of equip-
ment and complex computation or is easily affected by the lighting and
noise of the scene. Despite the advent of portable depth-sensing cameras,
there is still room for improvement in the quality of the obtained depth
maps.

To solve these kinds of problems, illumination map, as one of the
most easily obtained information in images, is gradually used in the
task of RGB-T SOD in recent years [4]. In the existing deep learning
methods, low-light scenes are often encountered in different tasks. At
present, for low-light scenes or unbalanced illumination scenes, extract-
ing illumination maps is the key to solve many downstream tasks. The
main reason lies in the fact that high quality illumination maps usu-
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Fig. 1. Examples of images and auxiliary maps. Image (a), (b), and (d) respectively represent the RGB image, its corresponding Groundturth image, and depth map.
(c) Represents the result obtained from our model, while (e) illustrates the illumination map of the image. Finally, (f) represents the representation of the illumination

map in the JET color space.

ally reflect the intensity and ability of the reflected illumination of the
object. Cong et al. [5] convert illumination feature to one global param-
eter to guide the fusion of RGB and infrared features. These methods
all make use of the average parameters of the global illumination, and
this parameter cannot represent local illumination. Inspired by these
methods, we use the illumination maps as an auxiliary input for salient
object detection.

Inspired by these study, we propose a novel illumination-aware
model (IFA) by introducing the illumination map based on Retinex the-
ory [6]. IFA uses easily accessible illumination maps as auxiliary inputs
to obtain information about how the image reflects light, rather than
just representing the intensity of the light. We use feature maps instead
of global illumination parameters to assist the SOD task As shown in
Fig. 1(), the illumination map contains light information for different
objects, which smooths out complex backgrounds and reduces informa-
tion redundancy. However, it is difficult for one model to extract both
the illumination map based on Retinex theory and the salient area, we
introduce an independent decomposition model to obtain the illumina-
tion map. Another advantage rather than fixed parameters is that the
fusion of illumination maps and RGB images can enhance the percep-
tion of light, thus reducing the impact of light on the model, such as
low-light scenes.

Another important consideration is the fusion of illumination map
and RGB image. In Fig. 1, different from depth map, the illumina-
tion map is less affected by the complex background. In particular, in
Fig. 1(f), the illumination maps can significantly highlight the spatial
position information of the object. However, due to many methods use
the same backbone to extract features currently, the features highlighted
by the illumination maps and RGB images do not align well. Therefore,
we design a cross-scale feature fusion structure to fuse illumination in-
formation of different scales.

In particular, firstly, we use the DecomNet based on Retinex theory to
form the illumination maps of the image, which is an excellent low-light
image enhancement algorithm with a series of CNN layers. Secondly, we
adopt the ResNet as the backbone to extract the RGB and illumination
features with different scales. To better solve the problem of feature
alignment when fusing illumination maps and RGB features, we pro-
pose a dual-scale progressive feature fusion module (DSPM), and use it
to fuse the low-scale RGB feature and high-scale illumination features
by proposed cross-fusion convolution module. Since high-scale illumi-
nation feature contain more location information, which can effectively
matches the semantics of low-scale RGB features. Thirdly, to make bet-
ter use of the spatial position information, three fused features on three

scales by DSPM were fed into the proposed tailored multi-scale feature
connection prediction network (TMSN), which is used to get spatial po-
sition information by different scale features. TMSN mainly is an U-Net
structure and uses the pooling layer to concatenate these fused features
at the lowest scale, and uses skip-connection to obtain contextual fea-
tures. In this way, we achieve the task of salient object detection by
fusing illumination maps.
In summary, this study offers four major contributions:

e We apply accessible illumination maps based on Retinex theory for
the task of salient object detection. The main aim is to extract the
geometric and spatial information of the objects better by fusing il-
lumination features.

e We propose a dual-scale progressive feature fusion module (DSPM),
which consists of Dual-scale Feature Extension Block and Dual-
branch Feature Aggregation Block to fuse illumination maps and
RGB features on different scales, and this module can be used to
fuses high-level and low-level features of images.

e We build a tailored multi-scale feature connection prediction net-
work (TMSN) that can extract multi-level and multi-scale features.
Combined TMSN and DSPM, an illumination-aware feature aggrega-
tion network (IFA) is built, which can be effectively applied to SOD
tasks to datasets of different quality.

e We introduce a feature reduction module (FR) to further improve
model performance and efficiency. Compared to the proposed model
without feature reduction module, the proposed method achieves
78% reduction in the number of parameters, while simultaneously
attaining average 9.12% MAE performance improvement on five
datasets.

In summary, an original approach for salient object detection task
is proposed, which uses illumination maps based on Retinex theory
as auxiliary input to detect salient objects. This innovation was in-
spired by low-light image enhancement tasks. This can effectively avoid
the impact of complex, low-quality scenes. In order to better extract
and fuse illumination features, we design a multi-stage and multi-scale
illumination-aware network (IFA) that can combine context to effec-
tively segment the edge of salient objects.

The organization of this study is as follows. Firstly, the related work
is presented in Section 2. Secondly, the proposed models IFA is exten-
sively described in Section 3. The experimental results are showcased in
Section 4. The expended experiments are presented in Section 5, which
includes the results on underwater and low-light image datasets. Lastly,
the conclusions and future work are provided in Section 6.
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2. Related works
2.1. Salient object detection

During the past decades, salient object detection has been one of
the research hotpots exhibiting significant development potential. Early
salient detection algorithms focused on studying the internal structure of
images, aiming to detect images through texture and edge information.

With the development of deep learning, methods using convolutional
neural networks are increasingly being proposed. Liu et al. [7] analyzed
the role of context information in SOD and designed a pixel-based con-
text attention network. Deng et al. [8] designed a recurrent residual re-
finement network to use the multi-level features, and at the same time
the residual difference between the result and ground truth is used to
learn the salient objects.

In recent years, more and more studies pay attention to more ad-
vanced models and ideas with the improvement of method performance.
Liu et al. [9] focused on the role of pooling layer in SOD tasks, and pro-
posed a pooling-based feature aggregation network (PoolNet), which
was gradually improved to use edge information for training (Pool-
Net +). Instead of using pixel-based detection, Chen et al. [10] designed
a model that could learn features at different levels, effectively inte-
grating low-level appearance features and high-level semantic features.
Zhao et al. [11] introduced the idea of gated network, which effectively
solved the disparity brought by traditional encoder and decoder net-
work. Wu et al. [12] designed a generation model to directly generate
training data, which greatly reduced the cost of tasks. Zhou et al. [13]
designed an interactive dual-stream encoder to learn the correlation be-
tween saliency detection maps and corresponding contour maps, en-
abling the reverse learning of model parameters. This method effectively
detects object edges while achieving outstanding performance. Li et
al. [14] focuses on both salient area and non-salient area detection, and
proposes a novel complementary perceptual attention network. Zheng et
al. [1] constructed a learning network based on just distillation, which
can effectively enhance the generalization ability of student networks
and achieve saliency goal detection tasks. Wang et al. [15] also used
a weakly supervised network to achieve salient object detection, and
they used graffiti as guidance information. Yi et al. [16] designed a pro-
gressive fusion framework, which is a gated fusion model that aims to
reduce the redundancy of image features

However, it is worth noting that most methods in the field still rely
solely on a single RGB image as the input for saliency detection. While
they have shown promising results, they often struggle to effectively
highlight salient objects in more complex scenes, which remains a com-
mon limitation among existing approaches.

2.2. Auxiliary maps for SOD

In recent years, salient object detection based on RGB images has
shown excellent performance. However, challenges still exist in similar
background environments, low-quality conditions, and complex scenes.
Therefore, exploring the role of various auxiliary features has become
a key factor in improving the performance of salient object detection
models.

Depth maps, as they contain the 3D information of the image, can
be effectively applied to salient object detection tasks. Fan et al. [17]
skillfully combined cross-modal techniques and low-quality depth fea-
ture filtering to significantly enhance the role of depth information in
saliency object detection, all the while efficiently utilizing the rich 3D
information from depth maps. Chen et al. [18] proposed a weakly super-
vised network based on graffiti annotations and designed a two-model
framework to learn complementary information. On the other hand, Liu
et al. [19] devised a remarkable triple transformation embedding mod-
ule, incorporating a weight-shared encoder. This ingenious module suc-
cessfully integrated depth information into RGB features, achieving an
impressive effect of multimodal fusion. Zhu et al. [4] designed a semi-
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supervised learning network based on bimodality, which utilizes dy-
namic adjustment and active expansion strategies to explore the model’s
learning capabilities In addition to depth maps, edge estimation meth-
ods have also been harnessed in salient object detection. Yang et al. [2]
employed a edge-preserved connectivity-based approach to obtain ini-
tial saliency detection maps, and then ingeniously fused them with edge
information. By leveraging edge detection techniques, they succeeded in
significantly enhancing the overall performance of salient detection.

While the methods mentioned above can indeed supplement RGB
images with additional information, the challenge lies in obtaining pre-
cise depth maps, particularly in low-quality and complex scenes, which
becomes a bottleneck for RGB-D tasks. Moreover, edge estimation meth-
ods have limitations in providing sufficient object information. To tackle
this issue, some novel approach based on RGB-T has been proposed, in-
troducing thermal (T) information for salient object detection [5]. How-
ever, acquiring thermal maps proves to be more difficult that necessi-
tates expensive equipment. Hence, the search for a suitable auxiliary
input becomes paramount in enhancing overall performance in these
scenarios.

2.3. Model efficiency and tasks survey

At present, a large number of salient object detection methods have
been proposed, and there have been related reviews. Zhou et al. [20]
introduced a survey of depth-based methods, describing the relevant
datasets and the theory of salient object detection with RGB-D in de-
tail. These approaches explore the main motivation of previous work,
including what data is able to assist task completion? What can be done
to make the model more efficient?

This paper discusses how to use auxiliary input to help salient object
detection task, and at the same time, we try to meet the efficiency re-
quirements of the model as much as possible. In the previous methods,
the study of model structure plays an important role in the application
of deep learning tasks. Jing et al. [21] reprogram a pre-trained GNN,
without amending raw node features nor model parameters, to handle
a bunch of cross-level downstream tasks in various domains. Yang et
al. [22] decompose the model into independent structures and then re-
assemble the custom model according to the function of the module,
aiming to achieve the knowledge transfer task. Yang et al. [23] use
modularization and assemblability of knowledge to explore Knowledge
Factorization, and use modular structure to explore the influence be-
tween different modules. These methods are discussed from the model
structure level to explore the effectiveness and functionality of model
components.

3. Methodology
3.1. Architecture overview

In this section, we first introduce the overall structure of the pro-
posed method. Our framework is divided into three parts: feature gen-
eration part, information aggregation part and salient object prediction
part. As is shown in Fig. 2, we use a structure to obtain the illumina-
tion maps based on Retinex theory. The module is called Decomposition
Network (Decom-Net), whose output is a map with single channel.

Subsequently, the feature extraction, such as VGG and Res-Net, are
used as the backbone, which processes the original image and illumina-
tion map to obtain the intermediate features with different resolutions,
which are denoted as {X ‘-}?:1 and {I i}?:l .The two backbones use the
same structure, and the number of output features is different.

Specifically, once the RGB image has been extracted by backbone
network, the channel number of four resulting feature (X, — X,) are:
256, 256, 512, 1024. To reduce the feature redundancy and alleviate
complexity of the model, we introduce a feature reduction module. We
use the convolution with 3x3 kernels to change the numbers of feature
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Fig. 2. The overall structure of the proposed model.
channel (the channels are reduced to 16, 32, 64, 128), and specific ex- Liabet
perimental results are introduced in detail in Section 4. P Output;
Finally, we fuse the features of the illumination map and the fea- iy 2 L
tures of the input image, and get the prediction results. Fig. 2 shows ) S| =
the proposed model named illumination-aware feature aggregation net- ~ 3 ]}j@ "
work(IFA). ROWE 1

3.2. Illumination maps extraction

Retinex theory states that the illumination map depends on the in-
herent properties of different objects, and contains intensity information
of the light at different positions and the reflection ability of the differ-
ent objects in the image to light. Among them, the extraction and fusion
of light intensity into RGB can strengthen the light intensity and make
the light information of the low-illumination image more abundant.

According to Retinex theory, an image can be represented by the
following expression: L(x,y) = R(x,y) = I(x,y). Where L represents the
original image, R and I represent the reflection and illumination map
of L, and = represents multiplication. Retinex theory has achieved good
performance in low-light image enhancement tasks [24]. Inspired by
RetinexNet [6], we build a structure named Decom-Net to obtain illumi-
nation maps, the specific structure is shown in Fig. 3. The illumination
maps are trained from the low-light image dataset [6] by transfer learn-
ing, the reason is that, compared to low-light image enhancement tasks,
salient object detection models cannot effectively extract illumination
maps based on Retinex theory.

More specifically, Decom-Net is a separately trained network, which
has an input and two outputs. Since the low-light image enhancement
based on Retinex can better process the illumination information, we
use LOL-dataset [24] (a generic paired low-light image dataset) to learn
the representation of Decom-Net. As shown in Fig. 3, the features of the

first three channels defined as R = Concat(z:?:1 {Output ,}) constitute
the reflection map of the image in the output results of the Decom-Net,
and the feature of fourth channel is regarded as the illumination map

)
()

sigmoid
Liow - R2

Fig. 3. Decomposition module based on Retinex theory. Decom-Net generates
a four-channel feature, with the first three channels representing the reflection
map and the fourth channel representing the illumination map. During training
process, both low-light images and normal-light images are fed into the model,
and the two obtained reflection maps are used to calculate the loss. The final
result is the illumination map.

I = Outputy. According to Retinex theory, the loss function of our
Decom-Net can be designed as follows:

tos= 3 e 0 B o+
j=12 j=12

+a ) “Rj*lz,j—Lz,jHl, 1)
j=12

where L{,Ry, I} and L,,R,,I, represent the normal/low-light image, re-
flection map and illumination map, and ||-||; represents the L1 norm loss
function. Based on Retinex, the values of « and f are typically set to 0.1
and 0.05. V defined as the average value of the gradient in the portrait
or landscape orientation of the image. The logic behind the equation is
that we get the same illumination from low/normal-light image in the-
ory.The specific realization is to calculate the difference (such as gradi-
ent) between the illumination maps (I, and I,), and the Eq. (1) is used
to verify whether the multiplication of the maps after decomposition
(R x j) conforms to Retinex theory.
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Algorithm 1 Feature reduction module.

Input: RGB features x
Output: Reduced features
1: Normalization x, n « 4
2: Compute the features of different backbone layer x; of x, i€
{1,2,3,4}
cfork=1,m=1;k<mk++ do
while m <2 do
Convolution layer with 3 x 3 kernels, The output channel is
reduced by twice
Normalization x;, Relu x;, m+ +
end while
: end for
. if x is RGB feature then
return f, /5, f3, f4
else
return f, f,, f3
end if

a

11:
12:
13:

3.3. Feature reduction

Our FR module is mainly used to reduce the number of feature chan-
nels. According to our experiments, we found that excessive deep fea-
ture channels could not improve the performance of SOD, but increased
lots of model parameters. Therefore, we reduced the number of feature
channels by using a two-layer convolutional neural network to facili-
tate the reduction of redundant information. The specific algorithm of
the module is shown in Algorithm 1.

3.4. Dual-scale progressive feature fusion module

As aforementioned, this part mainly includes three feature process-
ing blocks: Diverse Feature Fusion Block (DFF), Dual-scale Feature Ex-
tension Block (DSFE) and Dual-scale Feature Aggregation Block (DSFA).

3.4.1. Diverse Feature Fusion Block

For the features {X i}?=1 obtained by the different depth neural net-
work layers of backbone, we adopt a three-branch structure to generate
a more discriminative feature representation. Let X denote any member
of the feature set {X i}?:v in the three branches shown in Fig. 4(a), we

(a) DFF

=
E
z )
AE -
&5 g
Z |2 —
= £

(b) DSFE

S
-
E
E]

2Hx2W

HxW

Y
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respectively use the single convolution layer, the convolution layer with
the parameter: dilation = 1, and a convolution with batch normalization
and Relu function, which can be expressed as:

Y = conv(conv{X} & conv{X,dilation = 1} @ Relu{ BN(Conv{X})}). (2)

where Y represent the output of the DFF, BN denote as the Batch Nor-
malization layer. The input and output of DFF have the same size and
channel because of the last layer of convolution.

3.4.2. Dual-scale Feature Extension Block

Dual-scale Feature Extension Block is mainly designed to make full
use of the feature information at different scales.It is a dual-input and
dual-output block, and its output is twice the size of the input. DSFE
is mainly divided into two stages: feature extension stage and feature
aggregation stage.

DSFE is a form used for block progressive stacking, where the feature
with small size in the output of the former is one of the inputs to the next
block. Specificity, let {Y’ }?=1 denote the features from four DFF blocks:
DFF(X,), DFF(X,), DFF(X) and DFF(X ). For Y" with H4xW
size and Y"~! with 2Hx2W size, we first expanded their sizes from HxW
and 2Hx2W to HxW, 2Hx2W and 4Hx4W by cross-fusion of up/down-
sample. The features obtained at the first stage can be expressed as:

f4size Upz(Y"_l), f25ize — COI’IU(Y”_I)Upz(Yn),

£512¢ = Dw, (Y"" ") conv(¥™).

3

Where Up;(-) and Dw;(-) denote the up-sample with interpolation (*j)
and Down-sample expressed as convolution with the parameter: stride =
j. foize, f2size and f4ize represent the outputs of the first stage with
different scales.

The second stage is the reverse process to the one completes at the
first stage in terms of the number of input and output features, except
that the feature sizes of the output are still doubled. We don’t use the
pooling layers throughout the DSFE block. Given the features obtained
in the first stage: {f $'%¢, f2%77¢, f4size} the final output is expressed as
follows, where ® denotes concatenation and m € {1,2,3}.

output, = convz{convz(I”’) ® Dwz(conU(F”’))},
output” = convz{conuz(Fm) ® Upz(conv(I”’))},
output = output' ® Dw2<output” ),

4

The DSFE block uses Y* and Y3 as input for the first processing and
on the second DSFE, we replaced the smaller size output of the last DSFE

Down-Sample Convolution (stride=2) b

Up-Sample (Interpolate)

Pixel-wise addition

Concatenation

Output

(¢) DSFA

Fig. 4. The proposed feature extraction modules.
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Fig. 5. Feature maps captured at different levels of backbone.

with Y”~! while fusing Y?. The larger size feature of each block is for
subsequent fusion with illumination maps. Since the illumination maps
in this paper is designed with three outputs from backbone, we only
consider the larger feature out' in the last DSFE block.

3.4.3. Dual-scale Feature Aggregation Block

Salient object can be transferred to feature maps of different scales.
In this paper, considering that the illumination maps are the charac-
teristic representations being different from RGB images, we propose
a two-scale down-sample feature aggregation block (DSFA) to absorb
illumination map.

Our method uses larger scale feature of image to fuse smaller scale
illumination map and the specific structure is shown in Fig. 4. Fig. 5
shows the visualization of feature extraction of light component and
RGB image by the same model. The results show that the smooth il-
lumination map and the RGB image with complex information are not
synchronized in feature extraction (The same depth indicates different
details). Compared to RGB images, illumination features with a larger
number of channels often contains a amount of feature redundancy. Fea-
ture reduction module effectively reduces the number of channels of il-
lumination map features. In addition, we designed a DSFA module to
integrate different scale features.

Let F!, F2, F3 denote the features obtained by DSFE from large to
small and I', I?,1° represent the illumination maps, where {F m}fn:] is

twice the size of corresponding {I" }fn= - Therefore, the output of DSFA
can be expressed as:

output’ = conv2{convz(I"’)Dw2 (conv(Fm))}
output” = conv? {conuz(F’")Upz(conU(I'"))} )
output = output’Dwz(output”>

where conv*?(-) represents two layers of convolution. In this way, we
obtain the depth characteristics of the three scales (m belongs to the set
{1,2,3]).

3.5. The structure of TMSN

The third part of the proposed model is tailored multi-scale feature
connection prediction network (TMSN), which is also the last part of the
algorithm. The overview of this part is shown in Fig. 2.

Given three inputs in descending order (for feature scale): X, X,,
X; these features are first preprocessed with a feature extraction layer
(L/), which includes three 3x3 convolution, a batch normalization and
a Relu function, where X; use two L'. Then we get the concatenation
of the features (C) in the smaller scale, which contsains the larger re-
ceptive field. The processed feature can be expressed as the equation:

C = Down? [Dwz(L' (X])> @ L'(Xz)] oL (X3), where @ denotes the

pixel-wise addition. Subsequently, we gradually restore the deep fea-
tures to the required size and the output can be expressed as:

{autk =X, ® conU(Upz(outk_' ))

OutOZLH(C) k€{1,2,3} (6)

where L”(~) represents the feature extraction with a 3x3 convolution,
a batch normalization and a Relu function. Finally, we can obtain the
salient map using a series of convolution flows, which is shown in fol-
lowing equation and the output and input of proposed model have the
same size: output = r (Upz(out3) )

3.6. Loss function

In this study, we use the weighted binary cross entropy (BCE) loss
and weighted intersection over union (IoU) loss. Since the single BCE
loss ignores the overall structure of the image, we use the weighted BCE
loss as a supplement and the overall loss function is shown as follows.
wBCE and wloU are described in detail in Ref. [13].

wBCE +L0SSWIOU. (7)

Loss = Loss
4. Experiments and analysis
4.1. Experimental settings

Implementation details. The proposed model is implemented based
on Python 3.7.1 with Pytorch framework. The experiments are per-
formed on Ubuntu system with Nvidia RTX3090 GPU (24G RAM).
The Adam optimizer with the parameters g, = 0.9, f, = 0.1 is used to
train the experiments. We trained the model for a total of 120 epochs
and adopt the decaying learning rate which express as /r = init,
0.1(poch//300) where init,, = 107%, epoch denotes the current epoch, we
also update the learning rate every 300 epochs. Our model is trained
based on the DUTS-TR dataset (batchsize = 24). Firstly, we utilize the
decomposition module to obtain the illumination component of the im-
age, and then generate a single saliency prediction map.

Datasets. We use a variety of datasets to validate proposed method,
including the datasets listed in Ref. [25] (ECSSD, PASCAL-S, DUT-
OMRON, HKU-IS, DUTS-TE), which contained 1000, 850, 5168, 4447
and 5019 test images separately.

Evaluation criteria. We use widely-used metrics such as mean F-
measure score (Fb, larger is better), mean absolute error (MAE, smaller
is better), and mean E-measure score (mE, larger is better) to verify
the validity of the model and compare it with previous state-of-the-art
methods. The mean F-measure score can be expressed by the following
equation:

(1 + ﬂZ)Precision X Recall
p?Precision + Recall

1
mean __
B = N - ®)

i=1
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Fig. 6. Subjective comparison of the experimental results among different methods.

Table 1

Performance comparison between proposed method and the other methods on 5 datasets. The bold is the best result, blue is the next best result and the green

is the third level.

ECSSD DUTS-TE PASCAL-S HKU-IS DUT-OMRON

Methods,,,, MAE Fb mE MAE Fb mE MAE Fb mE MAE Fb mE MAE Fb mE
Amulet; [27] .0592 .8727 .9104 .0846 .7015 .8156 .0980 7672 .8349 .0521 .8453 9071 .0977 .6677 .7934
PiCANet-R; [7] .0465 .8902 19252 .0498 .7887 .8747 .0768 .7922 .8536 .0433 .8658 9161 .0648 .7233 .8294
R3Net,; [8] .0563 .8905 9132 .0661 .7560 .8452 .1050 .7648 .8069 .0483 .8660 .9092 .0711 .7188 .8263
AFNet,, [31] .0418 .9059 .9355 .0453 .8107 .8909 .0760 .8073 .8662 .0358 .8878 19343 .0573 .7397 .8424
GCPANet,, [10] .0356 9124 19420 .0378 .8358 .9067 .0678 .8148 .8763 .0316 .8976 9419 .0566 .7488 .8468
GateNet,, [11] .0418 .9034 .9310 .0448 .8139 .8893 .0741 .8104 .8643 .0360 .8891 .9322 .0613 7292 .8357
ITSD,, [13] .0346 .9208 .9470  .0408 .8390 9125 .0728 .8194 .8774 .0307  .9035 .9472 .0608 7672  .8640
PoolNet +,, [9] .0388 9141 .9400 .0397  .8297 .9011 .0795 .8107 .8617 .0321 .8990 19422 .0554 7491 .8476
Bicon-P,, [2] .0358 .9187 .9490 .0418 .8262 .8888 .0772 .8130 .8624 .0351 .8956 .9282 .0582 7413 .8359
SODGAN,, [12] .0389 .9004 19438 .0530 .7808 .8870 .0700 .8071 .8823 .0324 .8909 .9492 .0768 7121 .8333
CANet,, [14] .0492 .8844 .9257 .0556 7659 .8703 .0862 .7894 .8612 .0401 .8707 19296 .0705 .6995 .8298
DNA,, [28] .0427 .8941 .9345 .0464 .7869 .8881 .0836 .7938 .8576 .0360 .8735 .9362 .0630 .7204 .8441
RMMDF,, [25] .0422 .9193 .9355 .0494 .8198 .8904 .0832 .8133 .8587 .0334 9118 9424 .0532 .7766 .8700
A2S-V2,; [26] .0441 9144 .9366 .0468 .8143 .9010 .0796 .8125 .8712 .0365 9014 .9494 .0609 .7500 .8636
AccoNety; [29] .0415 .9076 .9365 .0557 7925 .8808 .0805 .8006 .8592 .0405 .8841 .9297 .0604 .7606 .8640
FPSL,, [30] .0360 .9070 - .0410 .8200 - .0690 .8080 - .0290 .8980 - .0540 .7430 -

IFA .0296 .9337 .9592 .0348 .8613 .9356 .0728 .8206 .8812 .0277 9175 .9587 .0470 .8057 .8942

Fb is a commonly used evaluation metric in the field of informa-
tion retrieval. In the task of salient object detection, following previous
works [26], 2 is usually set at 0.3. In this paper, we follow the param-
eters used in the previous studies.

4.2. Experimental comparison and analysis

4.2.1. Qualitative evaluation

The proposed method is compared with some state-of-the-art salient
object detection methods, such as Amulet [27], RMMDF [25], GC-
PANet [10], PiCANet-R [7], PoolNet+ [9], R3Net [8], Bicon-P [2],
SODGAN [12], DNA [28], GateNet [11], CANet [14], ITSD [13], A2S-
v2 [26], AccoNet [29] and FPSI [30]. And the saliency maps of these
methods are provided by the authors.

Fig. 6 shows the subjective results of our algorithm and the compar-
ison methods. Image-1 shows the detection results containing complex

background, Image-2 verifies the detection ability of the model in two
objects with different sizes and Image-3 shows the effect of the model in
objects with different depth. As we can see, our method can effectively
highlight the boundary of the object while avoiding the amplification
of noise, and can be applied to single object and multi-object salient
detection. For image-3 in Fig. 6, the proposed method preserves the
long-distance dolphin object, while in contrast the algorithms such as
SODGAN and Bicon-P lose the object, and many of remaining methods
in comparison produce blurred area.

4.2.2. Quantitative evaluation

Table 1 uses three metrics to verify the effectiveness of proposed
method, and it can be seen that the proposed method (IFA) achieved the
best performance in four datasets in terms of the listed metrics. In addi-
tion to that, the ITSD method also demonstrated excellent performance.
On the Pascal-S dataset, the IFA method achieved the forth performance
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Table 2
Performance comparison between proposed method and the other meth-
ods on RGB-D datasets: STERE and SIP.

STERE SIP

Methodsy,,, MAE b m-E MAE  Fb m-E

HAINet,, [32] 0393  .8837  .9332  .0534  .8732  .9149
D3Net,, [17] .0458  .8589  .9153  .0657  .8332  .8911
Scribble,, [33] ~ .0485  .8516  .9238  .0626  .8264  .9050
C2DFNet,, [34]  .0372  .8807  .9354  .0524  .8652  .9123
MIRV,, [35] 0413 .8710  .9318  .0497  .8613  .9227
LSNet,; [36] 0535  .8501  .9075  .0497  .8813  .9205
TFA .0372  .8933 .9406 .0480 .8761  .9231

in terms of the MAE metric, and IFA has a small gap with SODGAN on
mE (0.8823 vs 0.8812).

Table 2 presents a comprehensive comparative analysis between our
proposed approach and state-of-the-art RGBD-based methodologies that
leverage depth maps for the task of salient object detection. We care-
fully evaluated our model’s performance on two meticulously chosen
datasets: STERE and SIP. Our method performed outstandingly in most
metrics of the two datasets. Among them, in the MAE of STERE, the re-
sults of our method were consistent with those of C2DFNet. In the Fb
of SIP, our method ranked second with a minor disadvantage compared
with LSNet (0.8761 vs 0.8813).

4.2.3. Subjective difference

To better show the effectiveness of different methods, we compare
the generated salient maps separately. Specifically, we compare the
pixel-wise difference between the results and the labels and save the
pixel values (Image subtraction) as a two-dimensional numerical ma-
trix. Finally, we obtain a difference map to evaluate the accuracy of

e
b
J’i je é) )e

PoolNet+

Tk or

Bicon-P

R3Net HybridSOD PiCANet-R ITSD
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different methods. As shown in Fig. 7, we convert the results into a col-
ormap using the ColorCube space. The density of color in the difference
map indicates the magnitude of the difference between the result and
the label, with denser and richer colors indicating greater differences.
As shown in Fig. 7, our method achieves the smallest difference from the
label, while SODGAN also performs well. However, in the third image,
the object detection with different depth information is incomplete.

In addition, we found that many comparison methods lose distant
object (the second dolphin) in the image of the third row, such as the
SODGAN method, while for the Amulet method, blurring occurs in edge-
dense areas.

4.3. Ablation experiments and analysis

4.3.1. Effect of various structures

We considered ablation, one of which replaced the DFF block with
a two-layer convolution (w/o DFF), and the other deleted the skip fu-
sion part of the DSFA for features of different sizes (w/o DSFA). The
role of our DFF module is to make features of different scales focus on
their attention regions. Therefore, we set up a new experiment called
IFA(SEprr), by replacing DFF with SE attention module. On the other
hand, we analyzed the influence of different backbone on the results, in-
cluding the VGG, ResNet and Swin-Transformer. The results are shown
in Table 3. We observe that proposed method perform best on two
datasets when we use Full model or ResNet50. Compared with differ-
ent backbone such as Swin-T, VGG and ResNet101, the performance of
IFA has increased by 64.9%, 22.5% and 29% on MAE respectively.

In order to explore the roles of DFF and DSFA in image feature ex-
traction for SOD, we use feature visualization methods to demonstrate
the effectiveness of the model. As shown in Fig. 8, the top three images
are the results of replacing the DFF or DSFA block with the correspond-
ing convolutional neural network. The structure of the bottom half is

G A ' A
Do o o

MR e O e
S =

GCPANet

GateNet

M N

re | o8 o S
{ d ‘

RMMDF DNA

Amulet A2S-v2

Fig. 7. Examples of difference maps between the results of different methods and Ground truth. The difference maps are converted into the colormaps with the
colrocube color space. Obviously, compared to other methods, our result is capable of not only locating salient objects but also refining the details of the detected

salient objects. The difference between our results and the label is minimal.
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Table 3

Performance comparison among ablation methods. “w/0” stands for
“without”, indicating the partial removal of the ablation module in
Fig. 8(b) and (c). The lower part of the table represents the use of dif-
ferent backbones.

ECSSD HKU-IS

Methods MAE Fb m-E MAE Fb m-E

w/o FR .0308 9195 .9541 .0377 .8371 9198
w/o DFF .0518 .8917 9221 .0461 .8804 .9281
w/o DSFA .0504 .8951 .9247 .0455 .8815 9277
IFA(SEppp) .0327 9191 .9033 .033 .8988 .9296
IFA(Swin-T) .0843 .8203 .8649 .0719 .8056 .8768
IFA(VGG16) .0382 .9075 9437 .0343 .8921 .9446
IFA(ResNet-101)  .0417 .9084 .9393 .0391 .8911 .9393
IFA .0296  .9337 9592  .0277 9175  .9587

7
()

Fig. 8. Visualization of feature maps outputted by the ablation blocks. (a) and
(b) Are from the model replacing DFF with convolution layers, and (d) and (e)
Are from the model with DFF block. (c) Shows the feature map which is from
the model without DSFA, (f) is from the proposed method.

the proposed method. We can see that the results processed by proposed
method can eliminate certain artifacts compared to simple convolutional
layers, and bring clearer edges. In particular, in Table 3, “FR” denotes
the Feature Reduction module. Through the incorporation of FR, the
model’s accuracy and performance are notably improved.

4.3.2. Effect of various inputs

Here, we discuss the effects of different auxiliary inputs on the re-
sults. We choose two other approaches, namely Depth-based and Edge-
based methods. For the Depth-based method, we use the NLPR dataset
for comparison, which is an depth-based dataset. For the Edge-based
method, we use the edge detection method Canny to obtain the edge
maps of RGB images before training. The results are shown in Table 4
and NLPR-D is trained by STRTE dataset with depth maps and tested by
NLPR and SSD dataset (these datasets are shown by Zhou et al. [20]).
NLPR-I is tested by the same NLPR and SSD dataset. Specifically, we
directly replace the light component with an edge map or a depth map
for comparison.

In Table 4, “Edge” refers to the results obtained by using the Canny
method to generate the edge estimation maps, using these instead of the
illumination maps for both training and testing. “NLPR-D” represents
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Table 4
Performance comparison with different auxiliary input. All the
compared methods employ our proposed model.

Methods  MAE Fb m-E MAE Fb m-E
ECSSD HKU-IS

Edge .0417 19073 9377 .0434 .8858 .9300

IFA .0296  .9337  .9592  .0277 .9175  .9587
NLPR SSD

NLPR-D .0388 .8206 .9029 .0610 7977 .8842
NLPR-I .0387 .8503 .9182 .0514 .8214 9114

the model trained using the NLPR dataset (with depth maps), while
“NLPR-I” represents the model trained using the NLPR dataset (with
generated illumination maps). As depth map labels are necessary, we
selected the NLPR and SSD test sets for comparison.

4.4. Model effectiveness

In order to fully evaluate the performance of the model, we set up
experiments on the efficiency of the model. According to the existing
methods, most of the current methods [17] are based on pre-trained
backbone to extract image features. Deeper features often contain larger
feature channels, which will lead to a large number of parameters in the
model. To solve this problem as much as possible, we use a specially
designed FR module, which is composed of a series of four convolution
layers. It is mainly used to gradually reduce the number of channels in
the model and reduce the model parameters.

Table 5 shows the comparison experiments of our method with some
excellent methods in terms of model parameters and frames per second
(FPS). And we analyze the effects of various inputs on the model, includ-
ing single RGB images and RGBD-based methods. Our method occupies
54.74M parameters, and in real-time processing, the FPS of our model
can reach 26.86 frames per second (input image size: 256*256).

For the single-input model, our method outperforms most methods
in model parameters and FPS, while inferior to methods Amulet and
PiCANet in model parameters. Despite the advantages of the above
two methods in model parameters, our method outperforms them in
FPS.

For RGBD-based methods, except for C2DFNet and D3Net, our
method has advantages in terms of both model parameters and FPS per-
formance. Compared with C2DFNet, IFA has 3M more parameters in the
model parameters, but IFA has an improvement in FPS. For D3Net [17],
it is better than IFA both in terms of model parameters and FPS. How-
ever, it is worth noting that although it achieves a smaller model size,

Table 5
Performance comparison with different methods on model effectivity.

Methodsp,y/year Input® (Type)  Param (M)  FPS (256x256)
Amulet; )7 [27] Single 33.16 20!
R3Net; a7 [8] Single 70.18 -
PiCANet;;p 15 [7] Single 47.22 7
PoolNet; p 27 [9] Single 68.26 -
TriTransNet,,,, [19]1  Dual(D) 139.55 8.62
D3Net; ynrs21 [17] Dual(D) 45.242 29.85
C2DFNet; 500 [34] Dual(D) 51.61 26.78
MIRV gy 723 [35] Dual(D) 149.34 -
IFA(w/o FR) Dual(I) 256.13 10.66
IFA Dual(I) 54.74 26.86

1 The data are from Ref [9].

2 D3Net contains three same branch models.

3 Single represents a single RGB image as input, and Dual represents a
dual input model with auxiliary features, where D and I represent the
use of depth features and the illumination maps.
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Fig. 9. A few qualitative comparisons of salient maps generated by different
methods on USOD dataset. The first three columns show images of a complex
underwater background, and the last two columns show images of fading un-
derwater light.

it is worth noting that although it achieves a smaller model size, it is in-
ferior to us in the objective evaluation metrics we list (See in Table 2).

5. Expended experiments
5.1. Expended experiments on low-level scenes

5.1.1. Underwater-based results and analysis

Just like the task on land, underwater SOD is also a meaningful study.
The ocean is filled with abundant resources, and deep-sea exploration is
increasingly becoming a mainstream technological field. However, due
to complex backgrounds, scattering of seawater, and other factors, un-
derwater objects are more difficult to identify, and salient objects are
harder to distinguish. We selected the existing underwater SOD dataset
(USOD10K [37]) and compared it with state-of-the-art methods. Fig. 9
shows the results of subjective comaprison among some advances meth-
ods on USOD10K, which includes 1026 underwater images.

Fig. 9 displays a visual comparison of multiple methods on the USOD
dataset. It includes underwater images with complex backgrounds and
also showcases severely color degraded images. In the first column of
images, our method is able to better restore the contours of the objects.
In the third column, the HQSOD [37] and TriTrans methods failed to de-
tect the presence of fish fins. For the severely color degraded images in
the fifth column, our method consistently outperforms the listed meth-
ods (by comparing the completeness of the diver’s contour on the left
side). We have selected the six recent state-of-the-art methods to com-
pare their objective performance. As shown in Table 6, our method out-
performs the listed methods in all five evaluation metrics (among them,
the best performance is highlighted in bold).

10
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Table 6

Objective performance of different methods on USOD10K.
Methods Pub/Year  Fb max-F MAE max-E m-E
MINet [38] CVPR,, .8855 9072 .0287 .9501 .9393
D3Net [17] TNNLS,, .8408 .8807 .0374 19413 .9107
TriTrans [19] MM,, .7466 .7501 .0659 .8479 .8327
HQSOD [37] ICCV,, 7677 7714 .0552 .8388 .8267
SVAM-Net [39] RSS,, .6251 .6451 .0915 7649 7466
CSNet [40] TPAMI,, .7825 .8462 .0548 9178 .8652
IFA - .8892 .9098 .0242 .9582 .9527

5.1.2. MNlumination-aware results and analysis

For salient object detection tasks, acquiring and annotating real low-
light scene images is a challenging task. Consequently, we primarily
validate the effectiveness of our method through two main approaches:
subjective evaluation of individual images and objective evaluation of
the Synthetic dataset.

Subjective evaluation of individual images. Real world scenes
contain more low-quality environments (uneven lighting, complex back-
ground, etc.), which also brings great challenges to the task of salient
object detection. The existing data sets also contain a large number of
factors such as uneven illumination and shadows. Fig. 10(a) shows the
proportion of relatively low illumination images contained in the five
known data sets. We use the pixel distribution of the image (convert to
grayscale) to measure the brightness of the image, and take the thresh-
olds of 50, 60, 70, 80 and 100 according to the average value of pixel.
Taking PASCAL-S dataset as an example, Fig. 10(b) shows the test results
of the data set at average pixel less than 80. IFA can effectively improve
the performance of sod detection in low illumination environment.

Low illumination image is not only difficult for people to find salient
objects, but also affects the accuracy of computer recognition. By intro-
ducing Retinex theory, salient object detection can be effectively com-
pleted in the scene of low illumination. Fig. 11 shows the comparison of
the detection result of salient objects contain more noise and shadow,
which is not conducive to the segmentation of clear boundaries in the
model. However, our method can eliminate the influence of illumina-
tion.

Objective evaluation of the Synthetic dataset. Objective evalua-
tion metrics can better measure the performance of different methods in
low-light scenarios. However, existing datasets have not been effectively
applied to low-light salient object detection tasks while maintaining the
accuracy of image labels. To address this dataset issue while preserving
the accuracy of image labels, we generated low-light images by apply-
ing a pixel-wise exponential transformation function. In this study, We
selected all low-light images from the ECSSD and DUTS-TE datasets (us-
ing an average pixel value threshold of 60) to create two new test sets,
LECSSD and LDUTS-TE. We conducted tests on these two datasets to
compare their objective performance. As shown in Table 7, our method

Table 7

Objective performance comparison on LECSSD and LDUTS-TE.
Methods MAE Fb m-E MAE Fb m-E

LECSSD LDUTS-TE

Amulet [27] .0681 .8773 .9020 .0792 7271 .8339
AFNet [31] .0347 19281 .9514 .0549 .8035 .8831
PiCANet-R [7] .0458 .8952 .9294 .0633 .7846 .8637
PoolNet [9] .0407 19223 .9455 .0447 .8264 .8877
Bicon-P [2] .0433 9118 .9283 .0559 .8030 .8682
R3Net [8] .0639 .8966 .9080 .0676 7767 .8579
SODGAN [12] .0476 .8958 .9328 .0394 .8142 .9154
GCPANet [10] .0385 .8992 .9267 .0399 .8476 19076
GateNet [11] .0384 19219 .9377 .0509 .8186 .8792
DNA [28] .0524 .8886 9232 .0476 .8031 .8960
ITSD [13] .0319 9276 .9524 .0457 .8443 19099
A2S-v2 [26] .0507 9172 .9330 .0524 .8351 .9027
IFA .0319 .9282 .9591 .0334 .8945 .9480
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Fig. 10. Salient object detection results in low light images with different pixel threshold. (a) Represents the proportion of low-light images complying with different
thresholds based on pixel average values in the five datasets. (b) Illustrates the MAE (Mean Absolute Error) results of our method and the compared methods at

different thresholds on the PASCAL-IS dataset.

Avg_pixel:48

Illumination Color Map SODGAN

HybridSOD

RMMDF A2S-v2 Amulet
0.0326

A

PiCANet-R 3Nel GateNet

Fig. 11. An example of SOD in low-light image (from the ECSSD Dataset). The text in bottom-right corner is represents the method and the digit in the top-right

corner is shows the result of MAE.

RGB

ACCaNet Pmp osed Illumination

Low—light

LA LAN AL LALLM
AN O O G A A
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Fig. 12. Comparison of visual results in different light scenes. We can find that our method can maintain relatively consistent results in low/high-light scenes.

achieved excellent performance on LECSSD and LDUTS-TE dataset, ef-
fectively identifying salient objects in low-light scenes, thus meeting the
requirements of the task.

In addition, we use multi-exposure scenes to verify our effect.
Fig. 12 shows the visual comparison between our method and AC-

11

CoNet under scenes with different exposure rates. We can find that
our method can perceive illumination information, and the segmen-
tation results are rarely affected by strong or weak light, while the
comparison method often show inconsistent results in low/high light
environments.
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6. Conclusion and future works

This paper explores the potential of the illumination maps by in-
troducing the Retinex theory on salient object detection. In this study,
the illumination map of the image is obtained by using the decompo-
sition network (Decom-Net), and then the illumination map is fed into
the proposed model together with the RGB image. Then we design a
Diverse Feature Fusion Block (DFF) and Up-Sample Feature Extension
Block (DSFE) to extract the features of RGB image. At the same time,
we designed Down-Sample Feature Aggregation Block (DSFA) to better
integrate the illumination maps, and the blocks are fused with features
of different scales. The major novelty of the study lies in the discovery of
the illumination maps obtained by Retinex theory that can be used for
SOD well, which creates a new idea for SOD. In the future, we will focus
on exploring the feature processing tasks of illumination maps, while ex-
tending the task to video-based researches. For illumination map, it still
contains a large amount of redundancy under complex background. In
the subsequent work, we will further extract salient regions based on il-
lumination processing. According to the research of Yang et al. [22] and
Jing et al. [21], we can next explore the specific role of different mod-
ules in the model for sod tasks, so as to effectively realize the efficiency
of the model.
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