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Abstract: In the saliency object detection task, a salient object detection method based on object integrity enhancement guided edge information
is proposed to address the problems of blurred edges and object incompleteness in recognition results. Firstly, the diversity feature extraction
module was proposed to capture the features of complex and variable salient objects through various convolutional operations, thereby enriching
the feature representation of the model. Then, the object integrity enhancement module was designed to process the initial fused multi-level
features in parallel, and the integrity information of salient objects was further enhanced by exploring spatial and channel branches. Finally, the
edge feature enhancement module was employed to use the deep edge prediction features to guide the feature map to pay more attention to the
foreground and background region and edge information, and to improve the model’s edge perception capability. Experiments on four public
datasets, such as ECSSD and DUTS-TE, showed that the proposed algorithm achieved higher detection accuracy than other advanced algorithms
in several metrics, such as S-measure and IF-measure on DUTS-TE dataset were 0.859 and 0.895, respectively. The proposed algorithm
demonstrated superior capability in the perception and refinement of salient object boundaries, further enhancing its robustness in complex scenes.
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recognize salient objects and achieve promising results.

0 Introduction However, these methods also suffer from the following

Salient object detection (SOD) is a task in computer 1S5UES.

vision that aims to automatically identify and extract the 1) Salient objects are often diverse in type and vary in

regions or objects in an image that attracts the most size, such as the person and airplane shown in Fig.1. Simple

attention from the human eye. Because it focuses only on combinations of convolutional layers and pooling layers lack

regions of interest, salient detection has been extensively sufficient flexibility in feature capture and fusion, making

utilized in diverse fields, such as semantic segmentation'” it difficult to effectively handle the variability of salient

visual tracking®. objects. This results in incomplete detection of the objects.

In the past, SOD was mainly based on traditional
method”*', which relied primarily on handcrafted feature
extraction. Although these methods did not require
collecting large amounts of samples to learn the features of
salient objects, their generalization ability was relatively
weak due to the limited expressive power of the extracted

features. As a result, they were typically only effective in

simple situation. In recent years, convolutional neural

network (CNN) have demonstrated significant advantages Fig. 1 Problem of variable scale

in feature extraction, leading to the emergence of numerous 2) Objects often have complex edges, such as the chair,
CNN-based saliency object detection methods” . These animals, and vehicles shown in Fig.2. Although low-level
methods use the rich semantic features extracted to features retain a significant amount of spatial structure and
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regular edge information, the downsampling process may
lead to the loss of this information due to the reduction in
pixel count. This can lead to low-quality edges in the
extracted saliency maps, potentially resulting in blurry
edges and incomplete structures.

Mask

Fig.2 Problem of edge complexity

To effectively address the issues of object integrity and
complex edges, we proposed the edge-information guided
object-integrity enhancement network (EGOENet) for
salient object detection. First, the diversity feature
extraction module, constructed using diversified
convolution kernels extracted rich and diverse spatial
feature information, improving the model’s representational
capability while enhancing its adaptability to multi-scale
objects. Then, the object integrity enhancement module
(OIEM) was used to enhance and fuse feature information
in different channels and spatial dimensions in parallel,
enabling the network to fully represent the complete
information of salient objects while suppressing irrelevant
information. Finally, the edge feature enhancement module
utilized rich deep-edge maps to further refine the foreground
and background regions as well as the edges of salient
objects. Additionally, the decoupled prediction mechanism
helped mitigate the issue of edge blurring caused by the loss
of information in low-level features, which were rich in
edge information during downsampling. Additionally, we
further adopted an auxiliary supervision strategy to guide

the mode’s training, which improves detection performance.

1 Related work

1.1 Scale-based learning approaches for SOD

To effectively tackle the challenge of scale variation,
many researchers have analyzed it from various
perspectives. Zhang et al." designed a framework that
aggregated multi-level convolutional features and utilized
hierarchical features to provide robust scale information. In
addition, Zhang et al."” achieved selective fusion of multi-
scale contextual information through a multi-path recurrent
feedback model, effectively transmitting global semantic
information to shallow layers, thus enhancing the model’ s
overall performance. Zhao et al."” proposed to use the

F-measure loss, which can generate more accurate saliency
maps while avoiding the limitations associated with
traditional threshold dependence.

1.2 Attention mechanism approaches for SOD

Recently, the attention mechanism has been
introduced in the SOD field to improve the model’s
capability to recognize and localize salient objects. The
core idea of these approaches is to dynamically allocate
and adjust the importance of different regions in the
image, allowing the model to concentrate more
effectively on the salient object areas while ignoring
irrelevant backgrounds. Liu et al.” designed a pixel-level
contextual attention network that generated attention
maps for the contextual region of each pixel and
selectively focused on the contextual information that
helped with the saliency prediction of the current pixel.
Meanwhile, Fang et al. " designed a cascaded dual-
attention module with a pooling layer to compress
features while retaining the texture and background
information of the image, thereby obtaining more global

contextual information.
1.3 Edge refinement approaches for SOD

Early feature fusion methods typically treated shallow
features as edge features. However, shallow features
contain some background noise. It is not suitable to directly
use them as edge features. To overcome this, recent studies
have introduced new methods based on edge feature

1." adopted a hybrid loss,

learning. For instance, Qin et a
which combined cross-entropy loss, structural similarity
loss, and intersection-over-union loss to guide the model”’ s
focus on pixel-level, region-level, and global saliency
information in a multi-level manner, thereby achieving
more precise detection results. Zhou et al."" designed a dual-
stream decoder, allowing different parts of the network to
interact and exchange information during the decoding
stage, improving the understanding and capture of salient

object edge information.

2 EGOENet

As shown in Fig.3, our model is structurally divided into
two components: encoder and decoder. The encoding stage
is based on the modified backbone network ResNet-50"%
which mainly removes the last two fully connected layers.
The decoding stage is composed of diversity feature
extraction module (DFEM), OIEM, and edge feature
enhancement module (EFEM) . To be more specific, the

given input image is first passed through the encoder for
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feature extraction, and the generated features are denoted
asf{fﬁ)(z'z 1,2,3, 4). Next, we further extract and enrich
the feature information from the backbone network using a
diversity feature extraction module, which employs
multiple convolution strategies while adjusting the feature
channels to 64. Then, we feed the output features from
DFEM and the intermediate features from decoupled

ResBlock-1 ResBlock-2

\

branch of EFEM into the OIEM to achieve cross-level
feature fusion and enhance the potential integrity
information of the salient object. Finally, the edge feature
enhancement module uses deep-layer ground truth
prediction maps to guide the aggregated features from
OIEM to strengthen the foreground and background

regions, as well as edge information of the salient object.

ResBlock-3 ResBlock-4

—> (1)
bk

— f]-(z) >

+—F

cross=h

-—P,
P,
J

Auxiliary supervision

Fig. 3 Overall architecture of network

2.1 Diversity feature extraction module

Chen et al.™

convolutional kernels and different receptive fields can help

have demonstrated that diverse
the network capture features of objects of various shapes

and sizes. Inspired by this, this paper constructs the DFEM

[13] [14]

using atrous convolution'™, asymmetric convolution"*,
original convolution, and pooling operations. Since each
type of convolutional kernel or pooling operation extracts
features differently, the module not only extracts diverse
features between objects, but also captures more global

contextual information, and the specific structure shown in

[ 3X3 Asy ]

3%3 Conv BN

3%3 Conv (dia=2) BN
i . .
3%3 Conv BN 1Xx1 Conv’

[ 1x1 Conv AvgPool ]

[ 1x1 Conv BN ]

Fig.4. The overall process is
4
Fi=CBL{ X.,( /i) + X A0) + D XU AD) ()
=1
where f,ﬁf) represents the features extracted from the i-th
block of the backbone network; CBL represents an
operation that combines 3 X 3 batch
normalization, and Leaky RelL.U; X, X,,, and Xﬁ{ﬂ

represent asymmetric convolution, atrous convolution, and

convolution,

original convolution, respectively; F represents the
diversity features extracted from the i-th layer. After
processing by these submodules, the number of channels is
adjusted to 64.

—» 3x3 Conv BN LR )—V Fo
{ J dfe

Asy Asymmetric convolution
BN Batch normalization
Conv(dia=2)

Dilated convolution

LR Leaky ReLLU

Fig. 4 [Illustration of DFEM
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For asymmetric convolution X, it contains three levels
of convolution kernels: a standard 3 X 3 kernel K., a
horizontal 1 X 3 kernel K, .4, and a vertical 3 X 1 kernel
K, . ,. All of them act on the same sliding window, and the

details are

Xagy(l) = SUM(I*KSX 5 15Ky g, e K5 1)7 (2)

*, SUM, and I denote the 2D convolution, the

element-wise addition, and the input feature, respectively.
The DFEM ultimately fuses the knowledge learnt

from the asymmetric kernel, the atrous kernel, and the

where

original kernel to enrich the feature space. Thus, it
represents the important information in the image. We

marked features generated by this module as Fg, =

[FQLFQFRLFR R Y,
2.2 Objectintegrity enhancement module

Liu et al.” and Fang et al.”” have achieved good results
using channels or spatial attention mechanisms. They all
essentially established correspondences between distinct
features to emphasize the most important objects.
However, how to fully explore the potential integrity
feature of the object in both channel and spatial dimensions
to reduce the phenomenon of missed detection and incorrect
detection is still a problem worth studying. In this work,
inspired by ICONet™, we proposed the OIEM, and the

structure is shown in Fig.5.

ConvINLR |

v NN
Conv LN LR

L2Norm

@ Upsampling @ Sigmoid 3x%3 convolution 1X5 convolution

Fig. 5 Illustration of OIEM

This module applies a parallel mechanism to mine the
relationships amongst channels and spatial dimensions, and
further fuses this information, thereby enhancing the overall
integrity of the salient object and effectively boosting the
model’s capability to understand the object structure.

Firstly, we adjust F{,."”, and F{.”, to the same
spatial resolution as F{ using an upsampling operation.
Then, the three features are concatenated to generate an
initially enriched fused map FF U8

Fi.= CLL(Concat[ FU.2 FRLEGD ). @)

where CLL denotes the convolution operation with a kernel
size of 3 X 3, followed by layer normalisation and Leaky
Rel U.

Since the last layer of the OTEM doesn’ t have deep-
layer inputs, we use pooled flow with rich semantic
information to fill in the missing features, with specific
details are shown in Fig.6.

After that, we parallelly mine the complete information
of the feature F{!). in the channel and spatial dimension. In
the channel dimension, /, norm is first performed to obtain
the enhanced feature Ifliﬂ)mwlé[Bs,C, 1, 1], which can
effectively accelerate the convergence, reduce overfitting,
and improve the model’ s stability through adjusting the
weight decay. Then, to further enhance the integrity

1x5 Conv

~_Space neck

Conv LN LR | 3X%3 convolution layer normalization leaky ReLU

information between channels, we design the channel neck

to learn feature I?)... The design ideais
Fifa=F{.& Conv(CLL( 1) ). (4)
where & denotes element-wise multiplication operation
and Conv represents 3 X 3 convolution operation.
Input [Bs,2 048.H,W]

3x3 C
O 1 | Bs,512,H,W)

BN+LR
I

v
| MaxPool |—>| MaxPool |—>| MaxPool I—

[Bs,512.H,W]

C )=

[1x3 Conv+3x1 Cony |
| 3x3 Conv |
BN+LR

Y

Output

[Bs,64,1,W]

Fig. 6 Illustration of pooled flow
In the spatial dimension, /, norm is also performed to
obtain the enhanced feature pr"ﬁm G[Bs,l JH, W}. Then,

the enhanced feature is fed to the space neck to further

enhance the integrity relationship between the spatial
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dimensions. In this process, we use spatially separable
convolution instead of original convolution, which allow us
to retain the ability of learning feature in the original
receptive field size under the condition of using fewer
parameters. And by employing strip convolutions for
directional modeling, it accurately captures the long-range
dependencies and spatial structural information of the
object. The specific design idea is

F= Concat[Angool( Ifl,’a)m) , MaxPool< I,.(p"a)m) } (5)
FO.=Fl.&
a(Conv(Concat[ConVlX“;(F),ConvsX 1(F):|)> (6)

where AvgPool and MaxPool represent the average and

max pooling operations; o represents Sigmoid activation

(d)

—

D

function; Conv,.; and Convs.; mean convolutional
operations with kernel size of 1X5 and 5X 1,
respectively.

Finally, we fuse the mined integrity information, with
the design idea shown in Eq. (7). In addition, as shown
in Fig.7, after the features are input into the OIEM, the
network is able to pay more attention to the integrity of
the salient regions and distinguish between the
foreground and background, which also demonstrates
that the module has some ability to capture the integrity.
We denote the features refined by OIEM as F, =

{ngs,Fgfs,Fzsg, WreRrm

()= CLL(Concat[ Fil. Fil.]). (7)

1.0

0.8

0

Fig. 7 Visual comparison of heatmaps. (a) Input image; (b) Ground truth; (c) Feature heatmap before OIEM; (d) Feature

heatmap after our OIEM ; (e) Channel visualization before our OIEM ; (f) Channel visualization after our OIEM

2.3 Edge feature enhancement module

The key point of SOD lies in obtaining rich semantic
features and accurate edge features. The former is used
to distinguish salient objects from the background, while
the latter facilitates the maintenance of clear edges of the
salient object. The edge feature extraction in EGNet"" is
not directly related to the detection of salient regions, so
the resulting edge features may differ from the salient
objects. Inspired by this, we directly correlate the edge
detection branch with the salient region detection
branch, in order to simplify edge detection and capture
Therefore,

EFEM, which is capable of detecting salient regions and

accurate edge features. we propose the
edges simultaneously, with specific details shown in
Fig.8. PR is the PRel.U activation function and GN is
the group normalization. Additionally, EFEM processes

07 and

the ground truth map by Canny algorithm

generates object edge labels to supervise the training.
Specifically, we feed the feature layer F{!) and an edge

map P{" " into EFEM in parallel. The latter is utilized to

guide the former to focus on edge information, as well as

the foreground and background regions. Additionally,
EFEM is implemented using a two-branch decoupling
header.

For the foreground-background region branch, the first
step is to subtract the edge map P{'"" from the feature map
F to obtain FU). Then, we apply F{) to the local attention
(LA) and global attention (GA) branches, where the
foreground and background features are further refined and
enhanced using the attention mechanism. The LA branch
uses 1 X 1 convolution to scale the channels of the feature
map, thereby enhancing the focus on local regions. While
in the GA branch, global pooling is first used to retain
and then a 1 X1
convolution is applied to capture long-range dependencies

global information across channels,

of the global information through compression and
activation. Finally, the resulting feature coefficients are
multiplied by

FO=F{— P, (8)
Fi=FQ®@o(LA(FU)+GA(FR)). (9

Similarly, for edge information branch, the first step
is to add the edge map PV to the feature layer F to
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obtain F). Then, we feed F') into the LA and GA
branches for learning. Finally, the resulting feature

coefficients are multiplied by F&). The formula is

F\dd (If +P ’71 (10)
Fgél()l: 1dd®d<LA< 1dd>+GA<F1dd)) (1D
Eventually, the features from the two branches are fused

using a 3 X 3 convolution to obtain Fuse'”. Next, the

(i+1)
Py

o]
\4

Local attention

o Ne
S Pa

Local attention

3 Local attention C

. CXHXW
| —— Conv BN PR

Global attention

. — ></ IxXW
MP AdpPool

- onv BN PR ( XHXW Cony 3 c
( - ‘ ( N (om BN : - >
PR PReLU BN

decoupled detection head process the feature Fuse!” to
generate an edge prediction map Py’ and an object
prediction map P.”. For the last layer of EFEM, the feature
map directly passes into the decoupled detection head for
prediction. The edge prediction map and saliency prediction
map after processing by EFEM are marked as
{ P, PP, PO, PMTER Y and { PO, PP, PP, P €

R"™ W respectively.

] CxHx I XHXW
Conv GN PR —H’( onv BN Cony ——

; e Subtract @ Sigmoid
)

3%3 convolutionl GN Group normalization

Batch normalization

Fig. 8 Illustration of EFEM

2.3 Loss function

In the field of SOD, the binary cross-entropy (BCE)
function has become the preferred loss function due to its
effectiveness in pixel-level error metrics. It independently
and equally calculates the error between the predicted map
and the ground truth.

LBCE(P7G):
72 G(r,c)loge<P<Ivy>>+
(2.5) <1 - G(I,y>)loge<1 - P(I’y>)

where (I,y) denotes the pixel coordinates of the image;

. (15)

P ( x ,y) and G ( x ,y) represent the predicted map and the
ground truth map at the location (x ,y). Additionally, the
pixel values of P ( x ,y) and G ( x ,y) range from [0, 1].
The BCE loss function may be insufficient in
accurately capturing the shape and edge of the object due
to its equal weighting of foreground and background. To
mitigate this issue, we introduce the intersection over
union (IoU) loss function, which enhances the model’ s

ability to recognise object structures by measuring the

degree of overlap between the predicted region and the
ground truth region. The formula is

Lw(P,G)=
Z(J.X\,>G(I’y>P<I’y)
> LG(ay)+P(ey) = Glay)P(a.y) 1
(16)

Specifically, we employ a multi-level supervision

strategy, which applies refined supervised learning to the
saliency maps and edge saliency maps outputted by
different layers of the network, facilitating the learning
of more discriminative and robust saliency features. The
overall loss function is defined as

LYY= Lyce( PO, GO)+ pLio( PY, G, (17)
L= Luee( PO, GY) + Lo (POLGE), (18)

4
L= > (LY + L"), (19)
i=1
where Ly and L,y denote BCE loss and IoU loss,
respectively; p and 7 take the values 3 and 0.1, respectively;
P{”and P{” represent the predicted saliency map and edge
saliency map from the i-th layer, respectively; G\” and G{”

represent the ground-truth map and edge ground-truth
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map, respectively.
3 Experiments

3.1 Datasets

Commonly used salient object detection datasets
include DUTS™ ECSSD™, PASCAL-S®™, and
HKU-IS®. The DUTS dataset covers different scenes
and environments, consisting of 10 553 training images
and 5 019 test images. The ECSSD dataset comprises
1 000 images, which are known for their rich semantic
information and complex visual content. The PASCAL-
S dataset consists of 850 highly challenging images with
complex object relationships and backgrounds. HKU-IS
consists of 4 447 images, the majority of which are

characterised by overlapping boundaries or low contrast.
3.2 Experiment setup

In this work, we used the PyTorch 1.11.1 platform to
train and test the model, with a 2080Ti GPU (11 GB
memory) and a system equipped with 43 GB of RAM.
In the data augmentation stage, random flipping,
cropping, and scaling were introduced. We initialized the
backbone network with the pre-trained ResNet-50
model on ImageNet during training period. The SGD
optimizer with linear decay strategy was employed for
auxiliary training. The learning rate of the backbone
network was set to 0.001, while other parts were set to
0.01. The batch size and total number of training epochs
were set to 32 and 100, respectively. The model
achieved convergence after about 3.5 hours of training.
In the prediction stage, the input images were uniformly
resized to a resolution of 352 X 352 and then fed into the

model to generate the saliency maps.
3.3 Evaluation metric

We utilized five widely adopted evaluation metrics to
systematically evaluate the effectiveness of the proposed
algorithm.

1) Mean absolute error (MAE) denotes the average
of the absolute error per pixel between the predicted map
and the ground truth. The calculation formula is

1 H w i
MAE =0 > > 1| P(a.y) = G(a.y)

r=1y=1

. (20

where H and W mean the height and width of the image,
respectively.

2) S-measure (S) " mainly assesses the structural
similarity between the predicted map and the ground
truth. The design idea is

S=(1—a)S,+aS,, (21)
where S, denotes regional structural similarity; S,
denotes object structural similarity; « is set to 0.5.

3) PR curve visually demonstrates the model’ s
performance balance at different confidence levels by
calculating the precision and recall of the predicted map
against the ground truth within the threshold range of
[0,255].

TP R TP

TP+ FP’ TP+ FN’

where P represents precision; R represents recall; TP,

P (22)

FP, and FN denote true positives, false positives, and
false negatives, respectively.

4) F-measure (F) " is a method of comprehensively
assessing model precision and recall in a weighted
manner, which is computed by

2
Fy= m (23)
B (P +R)
where 3 is set to 0.3,

5) E-measure (E) is intended

comprehensive assessment of the overall similarity between

saliency maps'®’.

to provide a

3.4 Comparison and analysis

To evaluate the algorithm proposed in this paper, we
compared it with 10 recent advanced methods, including
PiCANet®, BASNet", CPD®', F'Net®, MINet*",
BFPINet™, DCENet®', RCSB"", PoolNet+", and
ICONet". To ensure fairness of comparison, the same
assessment code was used for all methods.

3.4.1 Quantitative evaluation

The network has capability to extract diverse
features, deeply mine the comprehensive information of
the object, and accurately capture edge details. The
specific results are shown in Tables 1 and 2. The bolded
values represent the optimal results; “ 4 ” and “ ¥ ”
favors larger and smaller values, respectively.

On the ECSSD dataset, EGOENet is 0.002 lower than
the ICONet algorithm on S score. But compared to other
optimal methods, F', MAE, and E scores are improved by
0.007, 0.002, and 0.003, respectively. On the DUTS-TE
dataset, the model demonstrates optimal performance
across all evaluation metrics, especially E and F scores,
which are approximately 0.018 and 0.019 higher than
RCSB, respectively. On the PASCAL-S dataset, except
for the S score, which is 0.001 lower than PoolNet+ , E
score is increased by 0.008 and F score is increased by

0.005. Benefiting from OIEM s enhancement of structural
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consistency in salient object representation and EFEM s
explicit edge supervision ensuring clear contours and spatial
coherence, EGOENet achieves the highest performance
metrics on the HKU-IS dataset, particularly in terms of £

generalization ability in the salient object detection task but
also demonstrate its adaptability and robustness to complex
visual environments. Fig.9 shows the PR and F-measure

curves with different methods obtained using four datasets,

and F scores. These results not only validate the model’ s respectively.
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Fig. 9 Curves of PR and F-measure. (a) PR curve of ECSSD; (b) PR curve of DUTS-TE; (c¢) PR curve of PASCAL-S; (d) PR
curve of HKU-IS; (e) F-measure curve of ECSSD; (f) F-measure curve of DUTS-TE; (g) F-measure curve of PASCAL-S; (h)

F-measure curve of HKU-IS

A quantitative analysis of Fig.9 is conducted based on the
evaluation metrics. As shown in Tables 1 and 2, the E and
F scores of the proposed algorithm achieve optimal results
across four datasets, demonstrating better overall
performance and similarity. Furthermore, from Fig.10 (a)
to 10 (h) , it can be observed that the predicted maps of the
proposed algorithm consistently outperform other detection
algorithms in terms of overall structure.

3.4.2 Visual comparison

As shown in Fig.10(a) and 10(b), our method
performed well in detecting salient objects at different
scales. It indicates that under the DFE module, the
algorithm can better adapt to variations in object scales

while maintaining strong performance. As shown in

Fig. 10(c) to 10(e), the text next to the dog and the
chair are noise that is easily misclassified as background,

while the bird” s tail is a foreground object prone to

misdetection. However, our method effectively
distinguished and identified these objects. This
demonstrates that the application of the OIEM

significantly improves the algorithm’ s ability to capture
the complete structure of the object, reducing both false
negatives and false positives. Additionally, as observed
from Fig.10(f) to 10(h), the application of the EFEM
enables the algorithm to generate clearer and more
accurate edges when handling complex edges,
outperforming other saliency detection algorithms in

terms of edge precision.
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Table 1 Quantitative comparison on ECSSD and DUTS-TE dataset
ECSSD DUTS-TE
Method

MAE v F A S A E A MAE v FA S A E 4
PiCANet (TIP 17) 0.046 0.865 0.914 0.923 0.054 0.747 0.861 0.872
3ASNet (CVPR 19) 0.037 0.904 0.916 0.943 0.048 0.803 0.866 0.896
CPD (CVPR 19) 0.037 0.898 0.918 0.942 0.043 0.795 0.869 0.898
F3Net (AAAT 20) 0.033 0.912 0.924 0.948 0.035 0.835 0.888 0.920
MINet (CVPR 20) 0.033 0.911 0.925 0.950 0.037 0.825 0.884 0.917
BPFI (Neurom. 21) 0.034 0.915 0.926 0.951 0.038 0.831 0.886 0.917
DCENet (TCSVT 22) 0.035 0.913 0.921 0.949 0.038 0.834 0.882 0.918
RCSB (WACV 22) 0.034 0.916 0.922 0.950 0.035 0.840 0.881 0.919

PoolNet+(TPAMI 23) 0.040 0.925 0.039 0.890
ICONet (TPAMI 23) 0.032 0.918 0.929 0.954 0.037 0.837 0.889 0.924
EGOENet (Ours) 0.030 0.925 0.927 0.957 0.032 0.859 0.895 0.937

Table 2 Quantitative comparison on PASCAL-S and HKU-IS dataset
PASCAL-S HKU-IS
Method

MAE vy F A S A E A MAE ¥ FA S E A
PiCANet (TIP 17) 0.078 0.767 0.848 0.869 0.042 0.847 0.906 0.922
BASNet (CVPR 19) 0.076 0.793 0.838 0.879 0.032 0.889 0.909 0.943
CPD (CVPR 19) 0.071 0.794 0.848 0.882 0.034 0.875 0.905 0.938
F3Net (AAAI 20) 0.061 0.816 0.861 0.898 0.028 0.900 0.917 0.952
MINet (CVPR 20) 0.064 0.809 0.856 0.896 0.029 0.897 0.919 0.952
BPFI (Neurom. 21) 0.063 0.814 0.858 0.897 0.028 0.900 0.918 0.951
DCENet (TCSVT 22) 0.061 0.825 0.862 0.902 0.029 0.898 0.915 0.951
RCSB (WACV 22) 0.059 0.826 0.860 0.902 0.027 0.909 0.919 0.954

PoolNet+(TPAMI 23) 0.068 0.864 0.034 0.921
ICONet (TPAMI 23) 0.064 0.818 0.861 0.899 0.029 0.902 0.920 0.953
EGOENet (Ours) 0.059 0.831 0.863 0.910 0.025 0.916 0.923 0.961

lln:l"f‘ Mask

Ours

ICONet RCSB

DCENet

BPFINet

MINet

F*Net

A

CPD

A

BASNet

Fig. 10 Visual comparison between proposed algorithm and other advanced algorithms

PiCANet
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3.5 Ablation experiment

3.5.1 Effectiveness of different components

We conducted ablation experiments on the DUTS-TE
dataset to validate the effectiveness of the proposed module.
In the experiments, the baseline network consists of a
ResNet-50 encoder and a decoder composed of four VGG
blocks. Then, the VGG blocks were replaced with the
DFEM, followed by the sequential addition of the OIEM
and the EFEM. The experimental results are shown in
Table 3, and “~// X" indicate presence/absence of module.
Compared to the baseline network, after incorporating the
DFE module, the model shows a certain improvement in
all evaluation metrics. This enhancement is attributed to the
module’ s ability to extract more comprehensive features
under different convolution kernels and its improved
capability to adapt to multiple scales. Notably, I, S, E
0.005, and 0.004,
respectively. After incorporating the OIEM, the model

scores are increased by 0.01,

shows significant improvement in all evaluation metrics.
This enhancement is attributed to the local details provided
by the spatial branch and the global context offered by the

channel branch, which together enables the model to more

Image Baseline
Fig. 11

It indicates that the OIEM plays an important role in the
enhancement of object completeness information, making
the whole salient map more complete. After adding the

EFEM, the model significantly improves its ability to learn

accurately capture the structural integrity of the object. The
MAE score is decreased to 0.036, while the F score is
increased by 0.009, and the S score is improved by
approximately 0.004. Finally, after adding the EFEM, the
model further refines and optimizes the edge features based
on deep edge maps and the decoupled branches. The MAE
score is decreased by 0.004, while the S and E scores are
increased by approximately 0.009, and the F' score is
improved by 0.013. These results fully demonstrate the
effectiveness of the proposed method in enhancing model
detection performance.

Table 3 Ablation study on different modules

DFEM OIEM EFEM MAEvy FA SA E A
X X X 0.038  0.827 0.878  0.923
N X X 0.037  0.837 0.883  0.927
NG J X 0.036 0.846  0.887  0.927
J N N 0.032 0.859  0.895  0.937
To further demonstrate the effectiveness of each
module, this subsection also conducted ablation

experiments with visual comparisons of the different
modules in the model. It can be observed from Fig. 11
that there is structural incompleteness in the generated
prediction map when the OIEM is not added.

LS
7| o

+DEF.,OIEM  +DEF,OIE,EFEM

L
mt \
M

+DFE

Comparison of saliency detection results of different modules

the edge features of salient objects, enhancing the precision
of the edges and resulting in clearer prediction maps. Fig.12
demonstrates the visualization comparison of multi-level

assisted supervision.

P! r}

Fig. 12

3
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Visual comparison of multi-level complementary supervision



QIU Haoqing, et al. / Salient object detection method based on object integrity enhancement guided by edge information 205

It can be seen that the edge region of the edge
prediction map and the object region of the saliency map
are both a refinement process, proving the effectiveness
of the multi-level assisted supervision model training.
3.5.2 Parameter tuning of loss function

To achieve better model performance, Table 4
presents the parameter tuning experiments for z and » in
the loss function on the DUTS-TE dataset. Since the
saliency map has a much greater overlap in terms of
object structure compared to the edge map, the scaling
factors of y and 5 are increased by factors of 10 during the
experiment. By comparing the results with different
values, the best model performance was achieved when
p=3and p=0.1.

Table 4 Ablation study on parameter tunning

P 7 MAE ¥ F4 sS4 E?
1 0.1 0.035 0.844 0.890 0.930
2 0.1 0.033 0.852 0.892 0.933
3 0.1 0.032 0.859 0.895 0.937
4 0.1 0.032 0.854 0.891 0.935
5 0.1 0.034 0.851 0.891 0.932

3.5.3 Ablation experiment of OIEM
The OIEM consists of spatial and channel branches. To
further explore how to effectively organize the two branches
to more comprehensively enhance the complete information
of the salient object, we designed and evaluated the
following validation experiment on the DUTS-TE dataset.
The experimental results are shown in Table 5.

Table 5 Ablation study on OIEM combination method

Structure MAE v FA S A EA
SBI+CH 0.036 0.845 0.888 0.929
SBI+DH 0.033 0.850 0.891 0.932
DBI+CH 0.035 0.850 0.891 0.929
DBI+DH 0.032 0.859 0.895 0.937

The performance of the single-channel branch and
single-spatial branch is slightly lower. Compared to the
spatial branch-first cascade approach, the channel
branch-first approach results in a 0.001 decrease in
MAE, while the F score changes from 0.850 to 0.853.
Both the S and E scores are increased by approximately
0.006. When the spatial and channel branches are
combined in parallel, the module benefits from the
ability to simultaneously extract features from both
spatial and channel dimensions, allowing different types
of information to be processed and fused in parallel. This
approach effectively avoids the potential information loss
thereby
enhancing the model’ s comprehensive understanding of

that may occur in the cascade method,

the salient object. Ultimately, the parallel structure
enables the model to achieve the best performance, with

a 0.001 decrease in MAE, and other metrics improving
by approximately 0.005. This indicates that the parallel
processing strategy is more effective in mining the
structural integrity of the object, further enhancing the
capability of salient object detection.
3.5.4 Ablation experiment of EFEM

To better evaluate the impact of the EFEM with the
decoupling mechanism, the ablation experiments were
conducted using the DUTS-TE dataset, specifically using
the decoupling head (DH) and coupling head (CH). As
shown in Table 6, the decoupled edge prediction branch
enables the model to better capture edge details, while the
object prediction branch provides accurate object location
and shape. The EFEM decoupling head achieves better
performance. The MAE score is decreased from 0.035 to
0.032, while the IF and E scores are increased by 0.009 and
0.008, respectively, with the S score improved by 0.004.

Table 6 Ablation study on OIEM combination method

Structure MAE v F A S 4 E 4

Only channel 0.034 0.849  0.889  0.931

Only spatial 0.034 0.851 0.885  0.932
Channel+ spatial cascade 0.034 0.850  0.885  0.926
Spatial+channel cascade 0.033 0.853  0.891 0.933
Spatial+ channel parallel 0.032 0.859  0.895  0.937

In addition, we also conducted ablation experiments
on the dual-branch structure of the EFEM to validate its
effectiveness, specifically using single-branch input
(SBI) and dual-branch input (DBI). The introduction
of the edge map effectively enhances the feature map’ s
response in different regions. Whether using the
the best
performance is achieved when the dual-branch structure

decoupling head or the coupling head,

is adopted. Ultimately, the model achieves the highest
results with the combination of DBI and DH.

4 Conclusions

A salient object detection method was proposed based
on object integrity enhancement guided by edge
information to tackle the problems of incomplete object
structures and fuzzy edges in saliency detection. The
method introduced a DFEM to capture feature diversity
and adapt to multi-scale objects. The OIEM was
employed to deeply mine the structural integrity of the
salient object, reducing false negatives. Additionally, an
EFEM was proposed to iteratively refine and correct the
object edges using edge features, enhancing the model’ s
edge perception. Extensive experiments demonstrate the
effectiveness of our method. In future work, we will
consider designing a more reasonable edge loss function
to further enhance the network’ s ability to perceive and
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refine object edges, and will also focus on applying the

algorithm to practical engineering scenarios and

generates meaningful impact.
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