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ABSTRACT Multi-layer feature integration has demonstrated its superiority in salient object detection.
However, the salient regions generated by most models still suffer from inconsistencies and coarse region
boundaries. In this paper, to solve these two problems, we proposed a wider and finer network namedWFNet.
Firstly, a wider feature enhancement module (WFE) is designed to expand the receptive fields of deep
semantic features, which makes the network look wider and more accurate while locating salient regions.
Secondly, to improve the regional continuity and reduce background noise, we introduce a finer feature fusion
module (F3M)which consists of scale-invariant average pooling and detailed feature integrationmodule with
channel-wise attention. Finally, we propose an edge-region complementary strategy (ERC) and an edge-
focused loss (EL), which can supplement the diluted deep semantics and let the network paymore attention to
boundary pixels of salient objects. Benefit from rich deep semantics and more detailed edge features, WFNet
can predict saliency maps with clear boundaries under the guidance of edge-focused loss. Experimental
results prove that the proposed method outperforms state-of-the-art methods on five benchmarks without
any post-processing.

INDEX TERMS Salient object detection, WFNet, receptive field, finer feature fusion, clear boundary.

I. INTRODUCTION
Salient object detection (SOD) aims to find the most
distinctive regions which draw human visual attention in
natural scene images or videos. It has received consid-
erable attention for its potential applications in cognitive
science-related fields such as object detection and recog-
nition, image retrieval, semantic segmentation, and visual
tracking [1]. Inspired by cognitive studies of human visual
attention mechanism, early works mainly rely on low-level
hand-crafted features such as color, texture, and global con-
trast [2]. However, these hand-crafted features can hardly
capture high-level semantic information. The early methods
cannot determine salient regions accurately, especially when
the contrast between the foreground object and background
region is low [3].

Recently, convolution neural networks (CNNS) [4]
have proved their remarkable performance compared with
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traditional algorithms in image classification. Many
CNN-based methods have been proposed to detect salient
objects, which raise the performance of SOD to a new level
especially after the emergence of Fully Convolutional Neural
Network (FCN) [5]. In most FCN-based models, encoder-
decoder architecture is widely adopted since it can extract
multi-scale semantic features at different levels. In decoder,
the extracted multi-scale features are fused in different
ways to predict salient objects. Although the high-level
features have rich semantic information that is efficient
for salient object location, they still suffer from the lack
of local details. Meanwhile, low-level features contain rich
details but cannot locate the object accurately. Therefore,
many methods are proposed to combine these two features,
such as FPN-based [6] methods, U-Net-based [7] methods,
and models with short connections [8]. These methods can
fuse multi-scale features efficiently, which has made great
progress in SOD. However, there still have some problems.
First, the boundaries of salient objects are not explicitly
modeled, which means the edge details in low-level features
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are not completely utilized [9]. Second, the deep semantics
are diluted when passed from top to down progressively and
the low-level features don’t have enough semantics [10].
Third, multi-scale features generated from different levels
have gaps that can hardly be ignored. Simple addition or
concatenation of multi-level features can’t make them fully
complementary.

To address the above problems, we proposed a novel
WFNet with four modules, the wider feature enhance-
ment module (WFE), the finer feature fusion module
(F3M), region-edge complementary module (ERC), and
edge-focused loss (EL). By a dilation convolution group [11]
with different dilation rates and an efficient fusion strat-
egy in WFE, we can get feature maps with larger receptive
fields but keep the same scale compared with the originals.
The F3M can improve the consistency of saliency, adap-
tively select complementary features, and weaken the impact
of differences among features. Under the complement of
edge and region features, the decoder can generate a finer
saliency map with a clearer boundary. Compared with Binary
Cross-Entropy loss (BCE), our EL loss can make the network
focus on boundary pixels which are difficult to judge.

The main contributions of this paper can be summarized as
follows:

(1) We propose a WFE module built with a dilation con-
volution group and an efficient fusion strategy, which makes
deep features have larger receptive fields but keep the same
scale.

(2) The model is further improved by adding F3M which
can adaptively select the complementary features and weaken
the impact of differences among features.

(3) In order to obtain finer saliency maps with clear bound-
aries, we design EL loss and ERC to make the network focus
on edge pixels of salient objects.

II. RELATED WORK
Recently, CNN has demonstrated its efficiency in image clas-
sification and has wide applications in various fields related
to computer vision. With the introduction of FCN, more
and more FCN-based models are proposed to detect visually
salient objects [12].

A. FUSION-BASED MODELS
The combination of different features is very effective for
salient object detection. Liu et al. proposed a deeply-
supervised nonlinear aggregation model for salient object
detection [13]. They proved that the traditional linear aggre-
gation of the side-output predictions is suboptimal, it only
made limited use of side-output information by linear aggre-
gation such as convolution with 1 × 1 kernels. So they
proposed a nonlinear aggregation method to better lever-
age the complementary information of various side-outputs.
Wu et al. [14] proposed a novel bi-stream network to take
full advantage of the proposed small training set, the model
is consisted of two feature backbones with different struc-
tures and achieve complementary semantical saliency fusion

via the proposed gate control unit. Wu et al. [15] proposed
a wider network architecture which consists of parallel
sub networks with totally different network architectures,
then the dense short-connections are used to enable a
recursively interaction between the parallel sub networks.
Chen et al. [16] advocated a novel saliency detection method
based on the spatial-temporal saliency fusion and low-rank
coherency guided saliency diffusion, it achieved good perfor-
mance in video saliency detection. Ma et al. [17] proved that
jointly re-learn common consistency of inter-image saliency
is important, and it can boost the detection performance.
Lee et al. [18] showed that hand-crafted features can provide
complementary information to enhance saliency detection
that only used high-level features. The two feature maps are
independently encoded and then combined by concatena-
tion and convolution. Liu et al. [19] designed an hourglass
network with intermediate supervision to learn contextual
features in a high-to-low manner, the learned hierarchical
contexts are aggregated to generate the hybrid contextual
expression for an input image. Zhao and Wu [20] proposed
a pyramid feature attention network to focus on effective
high-level context features and low-level spatial structural
features. They applied channel-wise attention on multi-scale
high-level features and spatial attention on low-level features,
and these two features are fused to detect salient objects.

B. EDGE-BASED MODELS
Many methods based on U-Net architecture have been pro-
posed to detect salient objects [20]–[22]. It is widely accepted
that top-level layers can extract high-level semantic informa-
tion which is very useful for salient objects location, the low-
level layers can extract features with fine details which are
essential for the refinement of object boundary. Recently,
Wei et al. proposed a novel U-Net based networks to extract
multi-scale features and focus on boundary pixels [23], which
can effectively fuse features from different levels and weaken
the noise. With pixel-position-aware loss function, it can
predict salient regions with clearer boundaries. Zhao et al.
proposed an edge guidance network for salient object detec-
tion [24], in which the local edge information and global
location information are integrated to detect object boundary,
then the same edge features are fused with the salient object
features at various resolutions. The fused features can help
locate salient objects and generate accurate boundaries.

However, there are still challenges in accurate salient
object detection. First, the most methods for multi-scale fea-
ture integration use element-wise addition or channel-wise
concatenate, and the deep semantics is transferred from top
to down progressively like U-Net [7] style or FPN [6] style.
However, features generated from multiple levels have gaps
because different layers have different receptive fields, which
makes the simple addition or concatenation cannot fully
extract complementary information. Deep semantics will be
diluted when passing from top to down. Therefore, there
are not enough semantic information to determine salient
regions in low-level features. Second, although salient object
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FIGURE 1. The overall architecture of WFNet. Wider Feature Enhancement (WFE) makes semantics have larger and wider receptive field. Finer
feature fusion (F3M) decreases the background noises and achieves finer feature integration. Edge-region complement (ERC) supplements the
edge features and deep semantics at the same time by predicting objects boundaries. Multiple supervision is added to optimize the whole
network.

location is more accurate compared with previous works,
salient regions still have coarse boundaries, it is essential to
extract and supplement boundary features. Traditional binary
cross-entropy loss function which is used by most methods,
equally calculates the difference between each pixel and its
corresponding ground truth. As a result, the model can hardly
focus on edge pixels, which is not good for predicting a
clear boundary. In this paper, we proposed WFNet based on
above-mentioned challenges, which can predict salient object
with clear boundaries.

III. PROPOSED METHOD
In order to capture more semantics, we propose a wider fea-
ture enhanced module (WFE) to extract features with larger
receptive fields but keep the same scale. Then we design
a finer feature fusion module (F3M) to reduce background
noise. To supplement semantics and make network focus on
object boundaries, we introduce an edge-region complemen-
tary strategy and an edge-focused loss function to predict
salient maps with clear boundaries accurately. More details
of WFNet can be seen in Fig. 1.

A. WIDER FEATURE ENHANCEMENT MODULE (WFE)
Features generated from the top-most level have deep seman-
tic information which is very important when determining a
salient region. Larger receptive fields can make the network
look wider and extract more semantic information [11], [25].
Therefore, we propose a WFE module to make the features
output by the top-most layer have larger receptive fields.
Although dilated convolution is an effective way to expand
the receptive fields, dilated sampling makes convolution lose
a lot of details [26]. In order to reduce the loss of information
and get larger receptive fields at the same time, we use a
dilated convolution group with different dilation rates and
an effective fusion strategy to process the top-most features,
as shown in Fig. 2.

First, we reduce the feature dimensions of each level to
128 by a 1 × 1 convolution and input the processed feature
map into WFE. Then three dilated convolution branches with
different dilation rates are used to extract semantics on the
same feature maps. Kernels of three branches are all 3 × 3
with 1 padding and dilation rates are 1, 2, 3 respectively.
Dilation 1 means this kernel works as a standard 3×3 kernel.

210420 VOLUME 8, 2020
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FIGURE 2. The architecture of WFE.

Dilation 2 makes the 3× 3 kernel sample every 2 pixels, the
original 3× 3 kernel is actually expanded to 5× 5. However,
it still has the same computational cost as 3 × 3. 5 × 5
convolution kernel has a larger receptive field which makes
the processed features have deeper semantics, as Fig. 3 shows.
Similarly, dilation 3 means the kernel samples every 3 pixels
and the original 3 × 3 kernel is expanded to 7 × 7. Features
generate by the kernel with dilation 3 has a larger receptive
field and deeper semantics compared with dilation 2. How-
ever, they have more information loss.

FIGURE 3. Dilated Convolution, kernel 3 × 3. (a) dilation 1, (b) dilation 2,
(c) dilation 3.

F1 ∈ RH×WXC ,F1∈RH×WXCF1∈RH×WXCF2 ∈ RH×WXC

and F3 ∈ RH×WXC are the feature maps generated by dilated
convolution with dilation 1, 2 and 3 respectively. Then we
integrate F1, F2 and F3 to weaken the loss of information.
Direct addition or concatenation is suboptimal because it will
introduce redundant information. The integration of feature
maps with the close receptive field can reduce redundant
features. Therefore, two independent branches with 3 × 3
convolution are used to fuse F1- F2 and F2−F3 respectively.
At last, a 1× 1 convolution is used to integrate feature maps,
all convolution operations are followed by batch normaliza-
tion and Relu.

B. FINER FEATURE FUSION MODULE (F3M)
We design F3M to integrate feature maps fl∈RH×W×C and
fh∈RH×W×C generated by different layers, as shown in Fig. 4.
fh from the deeper level has a larger receptive field and more
semantic information, which helps to locate salient regions. fl
from the shallower level has less semantics but more details,
which helps to judge object boundaries, as shown in Fig. 5.
Direct addition or concatenate is suboptimal because there
exist gaps that can’t be ignored between these two features.

FIGURE 4. Finer Feature Fusion Module (F3M).

FIGURE 5. Features from shallow-level (second row) and deep-level
(third row).

Some features that should have consistent saliency show
significant differences in scores, therefore, F3M take a scale-
invariant average pooling (SIAP) with kernel 30 to improve
the salient consistency of fl and generate the enhanced
feature fls . Next, a channel-wise attentionmodule is applied to
fls and fh respectively, as shown in Fig. 4. We use both global
average pooling and global maximum pooling on the same
features to generate feature maps with different semantics.
Then they were integrated by element-wise addition after
convolution and relu operations, and a sigmoid function is
used to obtain the channel-wise attention map. At first, fls
and fh are multiplied by the corresponding attention map,
respectively, and the processed features are denoted as fla
and fha . Then inspired by [23], these two features are used
to extract the common parts by element-wise multiplication.
Finally, the common parts will be combined with the original
fla and fha respectively by element-wise addition.

The whole process could be shown as follows.

flout = Ml
(
fla
)
+ Gl(Ml(fla ) ∗Mh(fha )) (1)

fhout = Mh
(
fha
)
+ Gh(Ml

(
fla
)
∗Mh(fha )) (2)

fla = SIAP (fl) ∗ CA(SIAP(fl)) (3)

fha = fh ∗ CA(fh) (4)

CA (x) = sigmoid(F (GMP (x))+ F(GAP(x))) (5)

fl and fh represent the low-level features and high-level
features respectively which input into F3M. SIAP is
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scale-invariant average pooling with kernel size 30.M , G are
combinations of convolution, Batch Normalization, and Relu.
F is combination of convolution and relu. GAP and GMP
denote the global average pooling and global maximum pool-
ing respectively. F3M improves the consistency of saliency,
meanwhile, the foreground features are enhanced and back-
ground noise is suppressed. The fused features contain rich
region features and edge details at the same time.

C. EDGE-REGION COMPLEMENTARY STRATEGY (ERC)
In order to enhance object boundaries, we design a task
for edge prediction, which follows [18]. Edge labels are
extracted by ground truth as Fig.6 shows. We build WFNet
based on ResNet-50 [27] and extract feature maps at five
levels, denoted as {fi|i= 1, 2, . . . , 5}. Feature maps have a
bigger resolution at a shallower level due to down-sampling
operation and have rich details. They can help to detect object
edges. The receptive field of f1 is too small to obtain rich
semantics. Therefore, f2 is chosen to combine with semantics
and generate edge maps. Deep semantics is diluted progres-
sively in top-down transmission. It’s essential to supplement
semantic information to each level [21]. We use the outputs
of F3M at level 2 to generate intermediate results which
are closer to ground-truth and have fewer errors. To focus
on edges, these intermediate feature maps and edge feature
maps are fused by element-wise addition after channel-wise
attention is applied. Finally, the fused results are combined
with features at different levels by element-wise addition.
We can see Fig. 1 for details.

FIGURE 6. Edge labels extract from saliency maps which are used for
edge supervision.

D. EDGE-FOCUSED LOSS (EL)
1) EDGE-FOCUSED BINARY CROSS-ENTROPY (EBCE)
Classical binary cross-entropy (BCE) is widely used in pre-
vious models. In BCE, the weight of each pixel is set to 1,
which makes the network unable to focus on boundary pixels
of objects. Therefore, we propose an EBCE loss function as
shown in (6).

lmebce = −

∑
n∈N (αmn

∑1
l=0 I

(
Gmn = l

)
logPro(Pmn = l|W ))∑

n∈N α
m
n

(6)

αm = 1+ sigmoid
(
Conv

(
f me
))

(7)

where N represents the all pixels of image m, αmn donates the
weight of pixel n in image m, I is the indicator function, the
symbol l ∈ {0, 1} indicates two kinds of labels. Gmn and Pmn
are the ground truth and prediction corresponding to imagem
at pixel n.Pro

(
Pmn = l |W

)
is the prediction probability and

W represents the parameters of the model. Conv denotes a
single-channel convolutional operation with a 3 × 3 kernel.
And f me is the edge features extracted from image m. In lmebce,
each pixel is given a weight value α which can be calculated
from the edge features corresponding to the input image as
shown in (7).

2) EDGE-FOCUSED IoU LOSS (EIoU)
Recently, IoU loss has been introduced into SOD to enhance
the judgment of structural similarity. It is worth noting that the
weight of each pixel in IoU loss is still set to 1, we need to
make it focus on the edge pixels and give them greater weights
same as EBCE. The EIoU loss is shown in (8).

lmeiou = 1−

∑
n∈N G

m
n ∗P

m
n ∗ α

m
n∑

n∈N (Gmn + Pmn − Gmn ∗ Pmn ) ∗ αmn
(8)

where αmn is calculated as in (7). We use the linear combina-
tion of EBCE and EIoU as the loss function for salient object
prediction, as (9) shows. The hyper-parameter γ is set to 0.5.

Lsal = γ ∗ lebce + (1− γ ) ∗ leiou (9)

3) EDGE-LOSS
For edge supervision, we use balanced binary cross-entropy
loss to calculate the edge loss, as shown in (10).

Ledge = −
∑
n∈N+

logPro (Pn = 1 |W )

−

∑
n∈N−

logPro(Pn = 0|W ) (10)

where P represents the predicted edge map and W is the
parameters of the model. N+ means the edge pixels of the
input image and N− is the background pixels. We add super-
vision on edge prediction, intermediate saliency map predic-
tion, and prediction after supplementing edge-region features.
To partially optimize the network, we also add supervision
on each sub-side output prediction map respectively, the total
loss for WFNet can be calculated as (11).

LEL =
1
2

2∑
i=1

L isal +
5∑
j=2

L jsal
2j−1
+ Ledge (11)

The first item is the mean of the two main predictions’ loss,
and the second corresponds to the weighted sum of the four
sub-side predictions’ loss.

IV. EXPERIMENTS AND ANALYSIS
We use DUTS [28] dataset to train our model, and ResNet-
50 pre-trained on ImageNet is used as the backbone to
extract semantic features. Our model is implemented in
PyTorch1.2.0 with cuda9.2, a TITAN XP GPU is used for
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TABLE 1. Performance of WFNet compared with 13 state-of-the-art methods over five widely used datasets. Higher mF score, higher Sα score, higher Eε
score and lower MAE score represent better performance. The highest scores are bold, our model achieves best performance on almost all datasets.

acceleration with 12GB memory. The weights of all newly
added convolution layers are initialized by Kaiming-Normal
and the biases are initialized to 0, the learning rate of the
backbone is set to 0.002, and branch is set to 0.02. Warm-up
strategy and linear decay are used to adjust the learning rate,
the moment is set to 0.9 and weight decay is set to 5e-4. Our
model is trained end-to-end. Batch size and training epochs
are set to 16 and 36, respectively. Given an input image,
we can generate edge maps and saliency maps without any
post-processing. We directly add the intermediate prediction
and detailed prediction to get the final saliency maps.

A. DATASETS
We have evaluated the performance of WFNet on five widely
used datasets, including ECSSD [29], PASCAL-S [30], DUT-
OMRON [31], HKU-IS [32], and DUTS [28]. ECSSD con-
tains 1000 semantic images with a complex background [23].
PASCAL-Swas generated from the PASCALVOCvalidation
set and contains 850 natural images [30]. DUT-OMRON
contains 5168 high-quality images but full of challenges.
Most images in it have multiple salient objects and com-
plex background [31]. HKU-IS contains 4447 high quality
images and most images have multiple disconnected salient
objects [32]. DUTS is the largest saliency object detection
dataset. It contains 15572 images, 10553 images for training,
and 5019 images for testing [28]. Most images are challeng-
ing because of various locations and scales.

B. EVALUATION METRICS
We use four widely used standard saliency metrics to quanti-
tatively evaluate the performance ofWFNet.Mean F-measure
(mF) is calculated by averaging the F-measures of all test
images in the dataset. By binarizing the predicted maps,
we can get the precision and recall of each map to calculate
the F-measure, as shown in (12).

Fβ =

(
1+ β2

)
× Precision× Recall

β2 × Precision+ Recall
(12)

where β2 is set to 0.3 as suggested in [33] to emphasize more
on precision. Mean absolute error (MAE) [34] is the average
value of the absolute error between prediction and ground
truth. Given a prediction map P and corresponding ground
truth G which are both normalized to [0, 1], MAE can be
calculated as (13).

MAE =
1

H ×W

H∑
i=1

W∑
j=1

|P (i, j)− G (i, j)| (13)

where H and W denote the height and width, respectively.
P (i, j) and G (i, j) represent the prediction score and corre-
sponding ground truth of pixel at location (i, j).

S-measure [35] is able to evaluate the structural similarity
between prediction and ground truth which is widely used in
recent models. S-measure can be computed as:

Sα = γ So + (1− γ ) Sr (14)
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FIGURE 7. Precision-Recall curves compared with 13 state-of-art methods over five popular SOD datasets. It can be seen that WFNet (ours)
achieves the best performance on all datasets.

in which So denotes the object-aware structural similarity
and Sr represents the region-aware structural similarity, γ
is set to 0.5. E-measure [36] is also widely used to evaluate
saliency models which combines local pixel values with the
image-level mean value in one term, jointly capturing image-
level statistics and local pixel matching information.

Eε =
1

W × H

W∑
x=1

H∑
y=1

∅FM (x, y) (15)

∅FM (x, y) = f (εFM (x, y)) (16)

where W and H represent the width and height, respec-
tively, f (.) denotes a nonlinear transformation and εFM (x, y)
denotes the error estimate between prediction and corre-
sponding ground truth. More details can be found in [36].

C. COMPARISON WITH STATE-OF-THE-ARTS
In this section, we compared our proposed method with
13 state-of-the-art models, including R3Net [37],
C2SNet [38], RAS [39], PICA-Net [40], BMPM [10],
DSS [8], PAGE [41], TDBU [42], MLMSNet [43],
EG-Net [24], CPD [44], BASNet [45] and F3Net [23]. These
methods are all salient object detection algorithms with
excellent performance that have been proposed in recent
years. Among them, EG-Net focuses on how to refine the

boundaries of salient objects to improve the overall perfor-
mance of the model. F3Net has also increased attention to
the edge pixels, which is a focus of our approach. Most
methods aim to extract feature maps with different seman-
tics and fuse them effectively, which is also one of the
concerns of our proposed method. For a fair comparison,
all the saliency maps are provided by authors or gen-
erated with models trained by authors. Then the mod-
els are evaluated with these saliency maps by the same
code.

1) F-MEASURE, MAE, S-MEASURE, AND E-MEASURE
We use four widely used saliency evaluation metrics includ-
ing mean F-measure, MAE, S-measure, and E-measure to
demonstrate the effectiveness of the proposed WFNet over
five datasets, as shown in Table 1. Our method gets the
highest mF score, Sα score, Eε score, and the lowest MAE
on almost all datasets. The reason why our method is supe-
rior to others is that first, we extract features with larger
receptive fields which enhances the semantic representation.
Second, we remove more redundant information when fus-
ing multi-scale features, allowing better interaction between
the semantics and details, and third, WFNet increases the
focus on error-prone boundary pixels and introduces inde-
pendent edge features to compensate for missing boundary
details.

210424 VOLUME 8, 2020
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FIGURE 8. Visual Comparison with 9 stage-of-the-art methods. Obviously, the saliency maps generated by our method have accurate regions and clear
boundaries at the same time, our model performs best compared with others.

2) P-R CURVE
In order to better show the performance of WFNet, we plot
the precision-recall curves of all evaluated models over five
datasets as shown in Fig.7. Obviously, the proposed method
presented by the solid red line achieves the best performance
at most thresholds. Our model improves most significantly
on the DUT-OMRON dataset. The reason is that images
in DUT-OMRON have complex backgrounds and multiple
objects, while our model is able to cope with these images
well due to the F3M, ERC strategy, and EL loss.

3) VISUAL COMPARISON
We present some visualization results as Fig. 8 shows. It can
be seen that our method has a better performance on object
localization and salient region generation. Due to WFE, deep
semantics have larger receptive fields and can see wider
when locating salient objects. F3M improves the consis-
tency of saliency and reduces the background noises at the
same time, which helps to segment salient regions. Note
that our results can not only locate salient objects accu-
rately but also generate clear boundaries compared with oth-
ers because of the edge-region complementary strategy. Our
model can performwell even images that have complex back-
grounds and low contrast such as the fifth and the fourth row
in Fig. 8.

TABLE 2. Results of ablation experiments.

D. ABLATION STUDIES
To verify the effectiveness of each proposed module, we con-
duct ablation experiments on the largest dataset DUTS as
Table 2 shows. The visual results on dataset DUT-OMRON as
Fig.9 shows. The changes of four metrics includingmFMAE,
Sα and Eε can effectively help us understand the role of each
Component.

1) LARGER RECEPTIVE FIELD
Improving the discriminability of deep features has signifi-
cances that cannot be ignored when locating salient objects.
As Tab 2 shows, it can be seen that after addingWFE,mF, Sα ,
and Eε have increased by 0.9%, 0.6%, and 0.7%, respectively.
Dilated convolution group with different dilation rates can
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FIGURE 9. Some results of ablation experiments. (a) Image, (b) Baseline,
(c)-(f) are results after adding EL, ERC, F3M, and WFE step by step.
(g) Ground truth.

effectively expand the receptive fields of features while main-
taining the same feature scale. A larger receptive field can
effectively help the network find salient objects more accu-
rately, especially for the scenes with complex backgrounds.
Therefore, how to improve the receptive field of deep seman-
tics effectively without increasing too much computational
consumption is worth exploring.

2) FEATURE INTEGRATION
Since the emergence of holistically-nested edge detec-
tion (HED) structure [37], how to extract and fuse multi-scale
features from different layers has caused widespread atten-
tion, recent works have proved the effectiveness of feature
fusion on improving salient objects detection. In Tab 2, com-
pared with the model which has no F3M, mF is increased
by 0.5% after adding F3M, the change in S-measure and
E-measure is relatively small. Although it can be seen that
multi-layer feature fusion has a good effect on improving
the confidence of salient pixels, it does not help much in
increasing the structural similarity of salient regions. F3M
prominently highlights the foreground objects and suppresses
the background noises when integrating multi-scale features,
which has great significance for helping the network to gen-
erate more complete salient regions.

3) THE INTRODUCTION OF EDGE CUES
The complementation of low-level details and high-level
semantics can enhance the model’s judgement of boundary
pixels to a certain extent. Instead of directly supplement the
deep features with low-level details, we add an independent
edge detection task with edge supervision. Compared to fea-
tures from shallow levels, edge features generated by edge
detection have fewer noises and richer details. Due to this
edge supplementary strategy, our model can predict more
detailed boundaries, and edge clues can improve the ability of
regions locating, as Tab 2 and Fig.9 show. The proposed edge-
focused loss allows the model to focus on objects’ boundaries
and increase the confidence of edges pixels, and then guide
the whole network to segment salient regions with clear and
continuous boundaries. Benefit from ERC and EL, mF, Sα ,
and Eε are significantly increased by 6.6%, 2.6%, and 4%
respectively.

V. CONCLUSION
In this paper, we propose a novel salient object detection
method called WFNet to better locate salient objects and
generate clear boundaries. We introduce the WFE module to
expand the receptive fields and extract more discriminative
features. Considering the background noises and redundant
information produced bymulti-scale feature integration, F3M
is designed to reduce noises and fuse features from multiple
levels efficiently. By adding an independent edge prediction
task, we can obtain boundary features that will be combined
with the intermediate results. The whole network is guided
by edge-focused loss to segment salient objects with clear
boundaries. Our method reaches the new state-of-the-art on
five datasets when compared with 14 recent saliency models.
In the future, how to obtain more detailed boundary infor-
mation and integrate it perfectly with semantics is worth
studying.
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