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Abstract

Deep learning solutions of the salient object detection problem have achieved great
results in recent years. The majority of these models are based on encoders and decoders,
with a different multi-feature combination. In this paper, we show that feature concatena-
tion works better than other combination methods like multiplication or addition. Also,
joint feature learning gives better results, because of the information sharing during their
processing. We designed a Complementary Extraction Module (CEM) to extract neces-
sary features with edge preservation. Our proposed Excessiveness Loss (EL) function
helps to reduce false-positive predictions and purifies the edges with other weighted loss
functions. Our designed Pyramid-Semantic Module (PSM) with Global guiding flow (G)
makes the prediction more accurate by providing high-level complementary information
to shallower layers. Experimental results show that the proposed model outperforms the
state-of-the-art methods on all benchmark datasets under three evaluation metrics.

1 Introduction
Salient object detection (SOD) aims to detect the most visually attractive parts of images
and videos, which is widely used in many applications like visual tracking [15], image re-
trieval [7], content-aware image editing [3], robot navigation [4], and many others. For
many years, researchers have proposed some solutions [11, 14, 18, 27], which are based on
hand-crafted features (e.g. color, contrast, and texture), however, these approaches can not
take into account high-level semantic information, which is a big restriction for the solu-
tion of the problem. The recent development of deep convolutional neural networks (CNNs)
demonstrated powerful capabilities in terms of the high (e.g. class, position) and low (e.g.
high-frequency data, detailed information) level feature extraction, which promotes better
results of the salient object detection problem.
Many modern solutions propose U-Net like architectures to solve the problem, still, the fea-
ture combination and their processing methods have big potential to improve. Many models
observe feature fusing methods with different aggregation functions like multiplication and
addition. We find these methods have some drawbacks, because of the choice of aggrega-
tion functions. Also, these models process the features of encoder and decoder separately,
which promotes cross-necessary information loss. The processed information of encoders
and decoders is complementary to each other and they need to be managed together.
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Figure 1: Performance comparison between
our proposed and other state-of-the-art meth-
ods by their complexity, latency (ms) and
MAE results on DUTS-Test dataset.

By analyzing the visual results of differ-
ent models, we have noticed there are some
incorrect predictions like random holes or
excessive parts. These types of issues of-
ten come from the lack of high-level se-
mantic information. After a couple of
comprehensive experiments, we have come
up with a modification of the pyramid-
pooling module [13] and called it pyramid-
semantic module, which contains multi-
scale context-aware feature representation
and channel-wise shift and attention.
We proposed a complementary extraction
module to combine and process low and
high-level information by taking into ac-
count the feature representations of the
edges. Contextual compression module is made to compress the connections between en-
coder and decoder, to maintain necessary features, and make the processing faster. Also, our
proposed loss function helps to minimize false predictions and is formulated by false-positive
values for each pixel. So our contributions are the following.

• Proposed a family of C4Net architectures with different complexities and performance.

• Proposed the Complementary Extraction Module to combine and process low and
high-level information with edge preservation.

• Proposed Excessiveness Loss function to minimize false-positive predictions.

2 Related Work
During recent decades, researchers developed algorithms for the salient object detection
problem, which are based on hand-crafted features (e.g. color or texture) [11, 14, 18, 27].
Most of these traditional methods have been surpassed by convolutional neural networks
(CNN) in terms of quality and speed. Deep convolutional networks are capable to extract
necessary semantic information and combine them properly. By bringing all known ap-
proaches together, we can formulate the following common factors.
Features Processing Methods. As the majority of the recent solutions are based on U-Net
like architectures, one of the most important parts is the feature processing part at every
layer of the decoder. Zuyao Chen et al. [2] considered separate processing. They applied
multiplication operation between the encoder’s and decoder’s features, then concatenated the
results of different branches. Jun Wei et al. [23] also proposed almost the same approach,
where their model separately processes encoder’s and decoder’s features, multiplies them as
a fusing operation then they apply an addition operation on it. They considered that the en-
coder’s features are low-level representations and contain detailed information. In contrast,
the decoder’s features are high-level representations and contain rich semantic information.
By multiplying them, they clean the information and add complementary features for high-
quality detection. We find these approaches have some drawbacks, because of the separate
processing of high and low-level features, which causes cross-necessary information loss.
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Edge Preservation Approaches. The salient object detection problem requires a solution
with high-quality detection, especially on edges, which need to be purified and exquisite. To
maintain the high quality of edges, Jiang-Jiang Liu et al. [13] apply additional edge detec-
tion on the middle layers of the decoder. Mengyang Feng et al. [6] proposed the Boundary-
Enhanced Loss function for shallower layers of the network, which is responsible for ex-
tracting the features and purifying the edges. All these methods tend to improve the quality
of edges by using additional and separated edge-specific processing. We find that the core
loss functions also must be adjusted for this manner and proposed weighted losses, where
edge pixels have high weights. A similar solution has been done in methods like [23].
Global Features Extraction. As we have mentioned in the previous sections, one of the ad-
vantages of deep learning solutions is the capability of semantic information extraction, but
the majority of these approaches do not have direct ties between global semantic modules
and shallower layers. Jiang-Jiang Liu et al. [13] and Zuyao Chen et al. [2] gave solutions
for this manner. They designed a module for high-level semantic information and a global
guiding flow to distribute the information in top layers. Our contribution tends to improve
global information extraction by channel-wise attention and shifting.

3 Proposed Method
In this section, we will describe the architecture of our model and all consisting parts of
it. Before going into details, we first need to refer to the feature combination approach.
As U-Net like architectures have shortcut connections between encoder and decoder, it is
very important how their feature representations will be combined. Based on the conducted
experiments and the design choice of our model, we found out that joint processing of en-
coder’s and decoder’s features works better than the branched-separated approach. Also, the
concatenation aggregation function for skip connections and feature combinations leads bet-
ter results compared with other aggregation functions like addition and multiplication. The
details about those approaches can be found in the ablation study (Section 4.4).

3.1 Contextual Compression Module

Name Encoder CF MAE mF Eξ

C4Net-C1 R34 64 0.033 0.872 0.925
C4Net-C2 R50 32 0.033 0.867 0.928
C4Net-C3 R50 64 0.031 0.872 0.929
C4Net-C4 R50 128 0.030 0.875 0.929
C4Net-C5 R101 64 0.029 0.886 0.934

Table 1: Architectures of our proposed model
with different complexities. Results are based
on DUTS-Test dataset.

As we noted in the previous section, short-
cut connections between encoder and de-
coder are crucial for high-quality detection
and exquisite boundaries. We defined a
new term called Compression Factor (CF)
to compress half of the channels of the net-
work, which starts from the shortcut con-
nections.

fl = δ (BN(Convc f ( f e
l ))) (1)

where f e
l is the feature representation of the encoder, Convc f is a convolution layer with c f

filters ({32, 64, 128} in our experiments), BN is a batch normalization layer, δ is the ReLU
activation function. By conducting a couple of comprehensive experiments for shortcut con-
nections, we came up with the following conclusion.

• Without any additional compression block, the encoder provides noisy information.
The experimental results are reported in the fifth and last row of Table 2.

Citation
Citation
{Liu, Hou, Cheng, Feng, and Jiang} 2019

Citation
Citation
{Feng, Lu, and Ding} 2019

Citation
Citation
{Wei, Wang, and Huang} 2020{}

Citation
Citation
{Liu, Hou, Cheng, Feng, and Jiang} 2019

Citation
Citation
{Chen, Xu, Cong, and Huang} 2020



4 HAZARAPET TUNANYAN: C4NET FOR SALIENT OBJECT DETECTION

Figure 2: An overview of our proposed C4Net architecture. The model is based on a ResNet
[10] encoder with multilevel supervision S(i). Contextual Compression Module (CCM) is
used as compressed shortcut connection between encoder and decoder. Pyramid-Semantic
Module (PSM) is used to extract high level semantic information, which is also used in
Global Guidance flow (G) and Complementary Extraction Module (CEM) is used to combine
three feature representations from the encoder, decoder and guiding flow.

• By using feature compression for half of the network, we have increased the speed of
training and testing regimes, also, optimized the memory allocation of it.

We use the same compression factor for all layers of the CCM module and for the de-
coder of our network. Table 1 contains an ablation study for different compression factors
and Table 2 shows the effectiveness of the CCM module. Each next row’s configuration of
Table 2 either is built on top of the previous row or is replaced with the mentioned module.

3.2 Pyramid-Semantic Module
We have noted the importance of low-level information, but high-level information is also
very important for better detection. We have modified the PPM module proposed in [13]
and designed the Pyramid-Semantic module, which is responsible to handle and maintain
high-level information. PSM consists of two main parts, which are visualized in Figure 3.
The first part is responsible for pyramid-feature extraction, which is made by branched pool-
ing operation and the second part is a channel-wise attention module, which scales and shifts
feature representations by channels. For the first part of this module, we use average pooling
operation to get multi-resolution pyramid features. Also, It has an identical branch, which
lets to maintain high-level semantic information of the same resolution.

f̄ ( j)
h =U p(Conv(Poolk( fl))) (2)

where fl is the input feature representation of deeper layers provided by the CCM module,
Poolk is the average pooling operation with kernel size k. For each branch ( j ∈ {2,3,4})
we use different kernel sizes: {10, 5, 2}. Conv is a combination of convolution, batch
normalization, and a ReLU activation functions. U p is a bilinear up-sampling operation.
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Figure 3: Illustration of our Pyramid-
Semantic Module.

At the end of the first part, all four branches
get concatenated into one feature represen-
tation.
The second part is the channel-wise atten-
tion module, which scales and shifts fea-
tures. Let fh ∈ RH×W×C be the input fea-
tures. We apply global pooling operation
on fh and get f̃ ∈ RC.

w = σ( f c2(δ ( f c1( f̃ ,W (w)
1 )),W (w)

2 ))

v = σ( f c2(δ ( f c1( f̃ ,W (v)
1 )),W (v)

2 ))
(3)

fh = w� fh⊕ v, w,v ∈ RC (4)

where f c1 and f c2 are fully connected lay-
ers, W (w) and W (v) are weights matrices for scaling and shifting respectively. δ is the ReLU
activation function, and σ is the Sigmoid activation function, � is channel-wise multiplica-
tion and ⊕ is channel-wise addition function.
To verify the effectiveness of our modification, we have conducted two other experiments
as well with other similar solutions like Pyramid-Pooling Module (PPM) [13] and Atrous
Spatial Pyramid Pooling (ASPP) [1]. Table 2 shows that our method outperforms other
pyramid-based approaches mainly because of the channel-wise shift and attention.

3.3 Complementary Extraction Module

Modules MAE mF Eξ

Baseline (w/o shortcut) 0.045 0.804 0.903
EL 0.043 0.813 0.904

EL + CCM 0.034 0.851 0.917
EL + CCM + CEM 0.032 0.867 0.921

EL + CCM + CEM + PSM 0.031 0.872 0.929
EL + CCM + CEM + PPM 0.033 0.865 0.923

EL + CCM + CEM + ASPP 0.033 0.867 0.924
CCM + CEM + PSM 0.033 0.867 0.922
EL + CEM + PSM† 0.033 0.874 0.924

Table 2: Ablation study for different mod-
ules of C4Net-C3 architecture. Symbol † in-
dicates a model with straight shortcut connec-
tions w/o any operation. The results are based
on DUTS-Test dataset.

As we have referred to the structure of fea-
ture processing approach at the beginning
of Section 3, it is crucial to choose a right
extraction mechanism and a combination
function, thus we have decided to choose
the joint processing method (PipeMode)
with concatenation combination function,
as they perform better for the model de-
sign we have chosen (see Section 4.4). As
a summary, we have designed a module,
which is responsible for three different fea-
ture extraction. fl ∈ RH×W×C is the low-
level feature representation, which contains
rich details with noise, in contrast to fh ∈
RH×W×C, which is a high-level feature and
does not contain rich details for exquisite detection, but it is noisy-free. fg ∈ RH×W×C, where
fg = f 4

h + f 5
h is a global guidance flow using the fourth and fifth layer’s features, which helps

to complement high-level semantic information in shallow layers. As we seek high-quality
detection, we also need to reduce the error on edges, because edges contain the most errors
of the detection as shown in [24]. To adjust the model for multi-level supervision, we apply
a convolution layer with the sigmoid function on the output of the previous layer and get S(i)

binary mask. We compute edges by dilating and eroding the S(i) mask, then apply pixel-wise
multiplication with fl . fedge will be the edge feature representation. We concatenate all four
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features, fl , fh, fedge and fg and feed into a convolution block with six convolutions, batch
normalization, ReLU layers, and a skip connection. Figure 2 contains the visualization of
our proposed CEM module and Table 2 shows its effectiveness with three different metrics.

3.4 Excessiveness Loss Function
Modules MAE mF mFP mFN

CCM + CEM + PSM 0.033 0.867 0.022 0.016
EL + CCM + CEM + PSM 0.031 0.872 0.019 0.016

Table 3: Ablation study of EL contribution of
C4Net-C3 architecture on DUTS-Test dataset.

The binary cross-entropy function is one
of the most widely used loss functions in
salient object detection problem, however,
the equal treatment of pixels and the igno-
rance of global structures make the function
not effective, so we have used the approach proposed by Jun Wei et al. [23].
First, we have used weighted losses by adding a pixel-wise weight matrix to increase the
importance of edges.

ωi, j = 1+ λ̃

∣∣∣ 1
N

k,k

∑
ĩ=1, j̃=1

Gtĩ, j̃−Gti, j
∣∣∣ (5)

where Gt is the ground truth mask, λ̃ is a hyper parameter, |.| is the absolute value, N = k×k
is the number of pixels of the window with kernel size k.

Lwbce =−
∑

W,H
i=1, j=1 ωi, j ∗ (Gti, j ∗ log(Si, j)+(1−Gti, j)∗ log(1−Si, j))

∑
W,H
i=1, j=1 ωi, j

(6)

where Si j is the prediction of i, j-th pixel and W,H is the width and height of the output.
As we seek a solution with structural preservation of the objects, we use the following loss.

Lwiou = 1−
∑

W,H
i=1, j=1 Si, j ∗Gti, j ∗ωi, j

∑
W,H
i=1, j=1(Si, j +Gti, j−Si, j ∗Gti, j)∗ωi, j

(7)

Lwiou is the weighted intersection over union loss function, which handles global structures
of the foreground object and increases the impact of the pixels near the edges.
To improve the detection results, we proposed a new loss function, which is called Excessive-
ness Loss function. We observe false positive (FP), false negative (FN), and true positive
(T P) predictions for each example. By analyzing the error for these values, we found out
that the error mostly accumulates by excessive predictions, which means in most cases, FP
is higher than FN. Table 3 contains an ablation study, where mFP and mFN are normalized
by the resolution of the output mask. Our proposed weighted excessiveness loss function is

ωT P =
W,H

∑
i=1, j=1

Si, j ∗Gti, j ∗ωi, j and ωFP =
W,H

∑
i=1, j=1

δ (Si, j−Gti, j)∗ωi, j (8)

Lwel =
ωFP

ωFP+ γωT P
(9)

where ωFP,ωT P are weighted false positive and true positive respectively and they are
differentiable, δ is the ReLU activation function, γ is a hyper-parameter.
The overall loss of our model is a weighted combination of these three loss functions.

L = L(1)
wel +

5

∑
i=1

1
2i−1 (L

(i)
wbce +L(i)

wiou) (10)
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Algorithms
ECSSD HKU-IS PASCAL-S DUT-OMRON DUTS-Test

1,000 images 4,447 images 850 images 5,168 images 5,019 images
MAE mF Eξ MAE mF Eξ MAE mF Eξ MAE mF Eξ MAE mF Eξ

PiCANet (CVPR2018) .046 .919 .951 .043 .900 .947 .075 .831 .893 .065 .759 .860 .050 .828 .909
DGRL (CVPR2018) .045 .910 .945 .037 .897 .947 .074 .819 .882 .063 .738 .848 .051 .802 .892
EGNet (ICCV2019) .041 .933 .953 .031 .917 .956 .074 .833 .885 .053 .767 .857 .039 .856 .915
SCRN (ICCV2019) .037 .935 .954 .034 .917 .953 .063 .850 .902 .056 .772 .863 .039 .860 .915
CPD (CVPR2019) .037 .923 .950 .034 .905 .948 .070 .828 .884 .056 .754 .850 .043 .836 .906

BASNet (CVPR2019) .037 .927 .950 .032 .914 .950 .076 .824 .879 .056 .773 .864 .047 .832 .897
PoolNet (CVPR2019) .038 .931 .955 .030 .917 .955 .065 .846 .900 .054 .756 .849 .036 .854 .917

MINet (CVPR2020) .034 .931 .956 .029 .918 .959 .064 .836 .896 .056 .764 .861 .037 .854 .920
LDF (CVPR2020) .034 .930 .926 .027 .914 .954 .060 .848 .866 .052 .773 .862 .034 .855 .910

GCPANet (AAAI2020) .035 .929 .954 .031 .917 .956 .063 .840 .898 .057 .767 .857 .038 .858 .919
F3Net (AAAI2020) .033 .925 .930 .028 .912 .954 .062 .834 .886 .053 .770 .862 .035 .842 .903

C4Net-C4 (Ours) .029 .939 .957 .027 .925 .956 .056 .854 .903 .051 .776 .863 .030 .875 .929
C4Net-C5 (Ours) .030 .939 .956 .025 .931 .961 .055 .861 .904 .047 .788 .865 .029 .886 .937

Table 4: Performance comparison with 11 state-of-the-art methods on 5 benchmark datasets.
MAE (smaller is better), mean F-measure (mF larger is better), E-measure (Eξ larger is
better) metrics are used to evaluate the results. All models are based on ResNet backbones.
The best and the second best results among models with ResNet50 backbones highlighted
in green and blue respectively. The red color indicates the best results of our model with
ResNet101 backbone.
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Figure 4: Illustration of PR curves (the first row), F-measure curves (the second row) on 5
benchmark datasets.

where L(i)
wel ,L

(i)
wbce and L(i)

wiou are the corresponding loss functions for i-th layer. To verify the
effectiveness of EL loss function, we show the results of two-way experiments in the first
and last group of Table 2.

4 Experiments

4.1 Datasets and Evaluation Metrics

To evaluate our proposed method, we have used five popular benchmark datasets, including
ECSSD [20] with 1000 images, PASCAL-S [29] with 850 images, HKU-IS [9] with 4447
images, DUT-OMRON [28] with 5168 images and DUTS [22] with 15572 images. DUTS
is currently the biggest salient object detection dataset and contains 10553 training and 5019
testing examples. We used only the DUTS-Train dataset for training and others for testing.
Three metrics are used to evaluate the performance of our model and other state-of-the-
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art methods. The first metric is the Mean Absolute Error (MAE), which is one of the most
commonly used metrics for salient object detection, as shown in Eq. 11. Another widely used
metric of SOD problem is the mean F-measure (mF) which is formulated with precision and
recall as the Fβ score, where β = 0.3. We also use the E-measure (Eξ ) [5] metric, which
uses the combination of local pixel values and their means to evaluate the similarity between
prediction and ground truth masks.

MAE =
1

W ×H

W

∑
i=1

H

∑
j=1
|Pi, j−Gti, j| (11)

where P is the prediction and Gt is the ground truth mask. To show the robustness of our
proposed method, we also plot the Precision-Recall (PR) curve, which is calculated by slid-
ing the threshold from 0 to 1. The larger the area under the PR curve, the better is the
performance.

4.2 Implementation Details
We use DUTS-Train as the training dataset, with randomly cropping and horizontal flipping
augmentation techniques. Different architectures of ResNet [10] pre-trained on ImageNet are
used as the encoder and other parts of the model are initialized randomly from the uniform
distribution. We use an adaptive learning rate with a maximum value of 0.005 for the encoder
and 0.05 for other parts. The network is trained with stochastic gradient descent (SGD) with
0.9 momentum and 0.0005 weight decay parameter values. The batch size is set to 20 with
50 epochs. Our network is implemented with Pytorch v1.6 and the training and testing
processes are conducted on a Nvidia RTX 2080 ti GPU and Intel Core i9-9900k CPU device.
The performance report of our proposed models can be found in Figure 1, where our fastest
model has about 11ms (90 fps) inference time by surpassing other state-of-the-art solutions.
All images are resized to 320×320 during training and testing, without any post-processing
approach.

4.3 Comparison with State-of-the-Arts
We compare our proposed algorithm with 11 state-of-the-art methods, including PiCANet-R
[16], DGRL [21], EGNet [12], SCRN [26], CPD [25], BASNet [19], PoolNet [13], MINet
[17], LDF [24], GCPANet [2] and F3Net [23], which all have ResNet backbones. For fair
comparison, we use the same three metrics for all methods with the same script and visualize
their PR and Fβ curves.
Quantitative Comparison. To compare all listed methods with the metrics mentioned in
Section 4.1, we have created Table 4 with 11 state-of-the-art algorithms. Without bells and
whistles, our proposed method works better on all benchmark datasets. One of the highest
improvements among models with ResNet50 [10] backbone is on the DUTS-Test dataset,
where our algorithm boosts the results by more than 11% in terms of the MAE. Our C4Net-
C1 model, which has ResNet34 [10] as a backbone, also surpasses many SOTA results.
There is a comparison between our proposed architectures and other solutions by their la-
tency (ms), MAE on DUTS-Test, and number of parameters in Figure 1. Some other SOTA
models like MINet [17] or BASNet [19] are either too slow or too complex and are out of
the chosen window. Also, the PR and Fβ curves show the robustness of our models on the
mentioned datasets.
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Image GT Ours F3Net GCPANet LDF MINet PoolNet BASNet EGNet
Figure 5: Qualitative comparison of the proposed model with other state-of-the-art methods.
Our model has minimal false prediction and the edges are more exquisite than others.

Qualitative Comparison. The visual comparison examples are shown in Figure 5, where
our model has better quality on the edges among all algorithms, because of our weighted loss
functions for all layers and the complimentary edge-feature extraction in our CEM module,
which helps to get exquisite boundaries. Our model is able to detect narrow parts and re-
cover lost information. Another visible improvement is minimal false predictions, especially
false-positive values. Our proposed EL function is able to minimize false-positive areas and
maximize the true positive predictions, which is visible in the comparison figure.

4.4 Ablation Study

Name R1 R2 MAE mF Eξ

BranchPP Plus Plus 0.0356 0.8514 0.9162
BranchMM Mul Mul 0.0358 0.8496 0.9165
BranchCC Cat Cat 0.0353 0.8535 0.9168
BranchMP Mul Plus 0.0353 0.8509 0.9152
PipeMM Mul Mul - - -
PipePP Plus Plus 0.0348 0.8528 0.9164
PipeCC Cat Cat 0.0342 0.8512 0.9171
PipeCP Cat Plus 0.0347 0.8520 0.9159

Figure 6: Results of our proposed structures
on DUTS-Test dataset with different aggregat-
ing functions, where Plus is addition, Mul is
multiplication and Cat is concatenation.

Features Combination Methods. Modern
architectures of deep learning solutions for
the SOD problem are based on encoders,
decoders, and shortcut connections between
them. Each layer of the decoder is respon-
sible for combining features of decoder and
encoder. There are two main approaches to
using that information. The first one is by
simply concatenating them, the second one
is to fuse them by using other functions like
multiplication or addition. Another very
important thing is the features processing
structure at every layer of the decoder. Methods like [2, 23] prefer to process encoder’s
and decoder’s features separately and then fuse them by multiplication or addition.
We tried to find out the answers to two main questions

• How the features of the encoder and decoder need to be processed. (joint or separated)

• How they need to be combined. (fusing or concatenating)
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To answer these questions, we proposed two main structures of a decoder’s layer Figure
7. We designed a PipeMode layer, which is a joint processing of two feature representations,
and BranchedMode layer, which is separated processing of the features. They both contain
two aggregation functions R1 and R2.
The features of encoding layers, f (i)l contain low-level information like edges, tiny areas,
and high-frequency data, which is crucial for high-quality detection, especially on edges and
they contain noisy information. The feature representations of decoding layers, f (i)h contain
noisy free high-level information like class, position, or shape of the object. These features
representations helped Jun Wei et al. [23] to propose a solution like our BranchedMode,
where they used multiplication function to fuse high and low-level features and to clean noisy
parts, then they added a skip-like connection as complementary information. We find this ap-
proach has some drawbacks, because of the choice of the structure and aggregating functions.

Figure 7: An overview of our proposed struc-
tures. (a) is joint-feature mode (PipeMode)
and (b) is separate-feature mode (Branched-
Mode). R1 and R2 are aggregation functions.

To find out the real behavior of these two
approaches, we made different experiments
with these structures by using different ag-
gregating functions. We designed a sim-
ple architecture with ResNet50 backbone,
our proposed structures for the decoder, and
shortcut connections between them. The
BCE loss function was used on top of the
decoder. Each model was trained three
times with randomly initialized weights and
the result was calculated by taking the av-
erage of the best performance at each run.
Table 6 contains reports of our experiments.
Based on those results and the architecture
choice, we can say:

• In general, PipeMode gives better results than BranchedMode, which shows that the
sharing of information about different features leads to better results.

• The concatenation aggregation function works better for both structures.

PipeMM results are missing in Table 6, because it disturbs the training of the model with
activation values pushed to zero [8].

5 Conclusion
In this paper, we proposed a new solution for the salient object detection problem. Our
ablation study contains an investigation about feature combination approaches, where we
showed that joint learning with pipe-mode works better than branched-mode. Also, based
on our model design, the feature concatenation gives better results for both structures. Our
proposed solution is able to extract and preserve feature representations on edges (Comple-
mentary Extraction Module, CEM) with high-level semantic information (Pyramid-Semantic
Module, PSM), which leads to high-quality detection. Also, the proposed weighted Exces-
siveness Loss (EL) function helps to minimize false prediction values. Each module leads to
significant improvement, which is shown in Table 2. The comparison with 11 state-of-the-
art methods shows that our approach outperforms other solutions on all benchmark datasets
under three evaluation metrics.
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