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a b s t r a c t

Video salient object detection plays an important role in many exciting applications in different areas.
However, the existing deep learning-based video salient object detection methods still struggle in
scenes of large salient object variabilities and great background scene diversity between and within
frames. In this paper, we propose a dual-stream spatiotemporal attention network (DSSANet) for
saliency detection in videos. It creatively introduces a multiplex attention mechanism to effectively
extract and fuse spatiotemporal features of video salient object over frames in the video, thereby im-
proving saliency detection performance. The DSSANet consists of: (1) A context feature path leverages
a novel attention-augmented convolutional LSTM to effectively model the long-range dependency of
the great temporal variation in the salient object over frames. (2) A content feature path creatively
leverages an attention-based 1D dilated convolution to effectively model the local pixel correlation
structure of each pixel in the salient object and the surrounding objects. (3) A refinement fusion
module fuses these two features from their paths and further refines the fused feature by an attention-
based feature selection. By integrating these three parts, DSSANet accurately detects the salient object
from the video. The extensive experiments are performed on four public datasets and demonstrate
the effectiveness of DSSANet and the superiority to five state-of-the-art video salient object detection
methods.

© 2021 Elsevier B.V. All rights reserved.
1. Introduction

Video salient object detection plays an important role in many
xciting applications in different areas, including the movie in-
ustry [1], surveillance technologies [2], medical image analysis
3], to name but a few [4]. Video salient object detection aims to
iscover the most visually distinctive objects in a video, and accu-
ately segments these objects over each frame [5]. Such detection
ffectively simulates the humans’ vision ability that effortlessly
nd rapidly detects visually distinctive regions in the video. It
elps to find the objects or regions which efficiently represent
scene, thus it is a useful step in complex vision problems such
s scene understanding follow-up application [6].
As deep learning technology becoming more prevalent, video

alient object detection has experienced significant advances [6].
ompared to hand-crafted features-based traditional machine
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learning video salient object detection methods [7,8], deep lear-
ning-based detection methods leverage the powerful representa-
tion learning ability of convolutional neural networks (CNNs) to
extract more discriminative and more robust features of the ob-
ject in the video [9,10]. Deep learning techniques have the ability
to capture the most salient regions without any prior knowl-
edge (e.g., segment-level information) [11,12]. Furthermore, their
multi-level feature extraction can better locate the boundaries of
the detected salient regions, even when shades or reflections ex-
ist [13–15]. For example, Le et al. [16] has proposed a CNN-based
deep features learning method, which has significantly improve
the detection of the accuracy of salient objects’ boundaries and
noise reduction during detection. Dong et al. [17] leveraged
the 3D-CNN to enhance the temporal feature extraction during
objects’ spatiotemporal learning, thereby effectively improve the
understanding of high-dimensional saliency cues from the tem-
poral information. Thus, All of the deep learning-based detection
methods have demonstrated superior results over existing works
utilizing only hand-crafted features and are becoming the main
stream solution. Some methods have become a new baseline at
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arious datasets by integrating recent deep learning technologies
such as FCN [13], DenseNet [18], etc.).

However, the existing deep learning-based video salient object
etection methods still suffer from two challenges. The first chal-
enge is the large salient object variabilities (size and location)
etween frames create ravines in object temporal information [6].
hese variabilities make it difficult to build a systematic math-
matical model of the global context features to discriminate
ontinuously object in-sequence frames in the video. The second
hallenge is the great background scene diversity, as well as
he complex interrelationships and interdependencies of each
oint in the salient object and the surrounding objects [6]. This
ackground scene diversity makes it is difficult to extract and
elect suitable local spatial content features of the salient object
or every single image to fine discriminate the boundary pixels of
he salient object.

In this paper, we propose a dual-stream spatiotemporal atten-
ion network (DSSANet) for the saliency detection in videos. It
isentangles spatiotemporal feature learning to different phases
spatial content feature extraction, temporal context feature ex-
raction, and spatiotemporal feature fusion), as well as creatively
ntegrates multiple attention models into each phase to jointly
ttend to information from different representation subspaces
t different phases, improving saliency detection performance.
he DSSANet consists of three novelty parts: the context feature
ath, the content feature path, and the refinement fusion mod-
le. As their names imply, the context feature path leverages a
ovel attention-augmented convolutional LSTM to capture global
ontext information of the salient object that is responsible for
he temporal dependencies between and within frames over the
ideo. The content feature path leverages a novel attention-based
D convolutional network to capture the detailed local spatial
ontent information of the salient object that is responsible for
he local pixel correlation structure of each pixel in the salient
bject and the surrounding objects. Finally, the refinement fusion
odule fuses these two types of features and further refines

he feature representations, thereby accurately segmenting the
alient object.
Our contributions can be summarized as:

• We propose a novel dual-stream framework to learn the
salient object in the video. It is better able to capture the
salient object spatiotemporal features in the video, includ-
ing both context features and content features, to segment
the salient object than the traditional video salient object
detection technologies.

• We integrate the multi-attention models into the context
feature capturing, the content feature capturing, and the
features fusion respectively. It allows different models to
devote feature learning in their own representation spaces,
improving the effectiveness during object’s feature learning.

• We create an attention-augmented convolutional LSTM to
enrich the temporal dependency of the salient object. It
extends the temporal dependency modeled from the short-
range to long-range, thereby handling the large salient ob-
ject variabilities.

The rest of the paper is arranged as follows: In Section 2 we
riefly outline the related work, including the progress of exist-
ng video deep spatiotemporal learning, and the foundation of
arious attention models that can be employed. In Section 3 we
escribe our methodology, which includes three subsections for
ntroducing network structure and one subsection for introducing
oss function. In Section 4 we explain experimental setting, in-
luding benchmark datasets, implementation details, evaluation
etrics, and state-of-the-art methods used for the comparison.

n Section 5 we present the results of our experiments in detail
nd discuss these results based on the comparison with existing
tate-of-the-art methods. Conclusions are drawn in Section 6.
2

2. Related work

2.1. Video spatiotemporal feature learning

Video spatiotemporal feature learning is the fundamental of
current video salient object detection. The existing video spa-
tiotemporal feature learning methods can be divided into the
traditional models and the deep learning models. Traditional
models are mostly developed from traditional saliency models for
still images by incorporating motion features to deal with moving
objects [19]. These models leverage optical flow mapping [20],
local feature trajectories, gradient flow field computation [21],
and spatio-temporal motion boundary detection [22] to capture
motion features, thereby detecting salient objects in videos. How-
ever, these models often fail on learning the semantic concept of
objects. This because these models focus on motion features and
have limitations in learning salient objects with cross the image
boundary and similar appearance with the background.

The deep learning models are based on the recurrent neural
network (RNN)-based methods [23,24] and the 3D-convolution
(Conv)-based methods [25,26]. The RNN and its famous vari-
ants, such as long short-term memory (LSTM) [27,28], have been
widely used to model the temporal information between frames
in the video and improve the inter-frame consistency. However,
LSTM, as a fully connected network, treats a video as a one-
dimensional sequence and often leads to fails in taking spatial
features into consideration. Also, 3D-Conv has the capability to
learn the spatiotemporal representation of high-level context di-
rectly from a video. It has been used to capture temporal scene
changes when actions are being performed. However, 3D-Conv
is hard to effectively model all frames from the beginning to the
end of the video because of the well-known granularity loss issue
over time [29,30]. Moreover, recent convolutional LSTM [12,31]
has been proposed to combine the advantages of LSTM and the
convolution network to take the spatial information into consid-
eration when the whole video temporal information is modeling.
However, convolutional LSTM still struggles with its fixed kernel
size, and this fixed kernel size leads to the ineffective receptive
field to model the long-range spatiotemporal features of an ob-
ject with different local correlation structures in different spatial
locations and time periods.

2.2. Attention model

The attention model has shown impressive performance in the
computer vision community [32,33]. Although only a few repo-
rts involving video salient object detection, attention model has
successfully improved the accuracy of the saliency detection task
of static images [34]. The attention model can simulate the visu-
al attention mechanism in the human visual system, which allows
selectively learn to the most informative and characteristic parts
of a visual stimulus rather than the whole scene [35]. Such
a model uses CNNs as basic building blocks and calculates long-
range representations that respond to all positions in the input
and output images [33]. It then determines the key parts that
have high responses in the long-range representations and weighs
these parts to motivate the networks to better learn the images.
The self-attention model, as a recent variant, has been proposed
to embed the spatiotemporal learning model to achieve object
detection and segmentation [36] and has shown impressive per-
formance [37]. In particular, Tang et al. [11] has used a single
self-attention model as the last stage of a two-stream-based
spatiotemporal neural network to perform feature selection in
different types of spatiotemporal feature maps. However, de-
ploying only one single self-attention model for feature selec-
tion is separated from feature capturing, which may be insuffi-
cient on whole feature representation learning. In comparison,
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Fig. 1. DSSANet consists of three novelty parts: the context feature path, the content feature path, and the refinement fusion module. The context feature path
ncodes the enriched global context information of the salient object by an attention-augmented convolutional LSTM with a long-range dependency model. It includes
comprehensive representation to handle all variabilities of the salient object between frames. The content feature path encodes the detailed local spatial content

nformation of the salient object by attention-based 1D dilated Convolution with a multi-scale structure modeling. It includes a fine representation that can handle
he interrelationships and interdependency of each pixel in the salient object and surrounding objects. The refinement fusion module fuses two type features from
wo paths and further refines the feature representations, final accurate segments the salient object.
ur DSSANet incorporates multi-attention models into all spatial
ontent features capturing, temporal context features capturing,
nd feature fusion and selection, respectively. It allows different
ttention-driven feature capturing models to jointly attend to the
nformation from different representation subspaces at different
ositions. Thus, it avoids averaging caused by a single attention
odel to inhibit the different subspace representation. Thus, the
ttention mechanism during video salient object detection is still
n on going issue and has a space to improving.

. Methodology

The structure of the DSSANet is shown in Fig. 1, the input of
SSANet is a 3D video dataset X ∈ RD×W×H×C , and the output
s a 3D segmentation image set Y ∈ RD×W×H×C , which in-
ludes n binary masks where the salient object is segmented
rom each frame of the video. DSSANet consists of three different
unctional parts: (1) The context feature path Con1 encodes the
nriched global context information of the salient object from
through temporal variation learning with a long-range depen-
ency modeling. The output of the context feature path is FCon1 ∈
D×W×H×256, which includes a comprehensive representation to
andle all variabilities of the salient object between frames in
. (2) The content feature path Con2 encodes the detailed local
patial content information of the salient object from X through
ixel correlation learning with a multi-scale structure modeling.
he output of the content feature path is FCon2 ∈ RD×W×H×256,

which includes a fine representation to handle all the diversity
of interrelationships and interdependencies of each pixel in the
salient object and the surrounding objects from X . (3) The refine-
ment fusion module fuses and further refines the feature FCon1
and the feature FCon2 as the final feature F to segment the salient
object. The output of the refinement fusion module is Y .

3.1. Context feature path for long-range temporal variation learning

The context feature path innovatively leverages eight atten-
tion-augmented ConvLSTM layers with residual blocks to build
an encoder–decoder framework to learn the long-range tem-
poral variation of the salient object effectively. This path uses
four attention-augmented ConvLSTM layers with a spatiotempo-
ral scaling step of 2 to sequentially encode the X from the high-
resolution to the low-resolution. Then four attention-augmented
ConvLSTM layers are used to build the decoder. Moreover, five
3

residual blocks and skip connections are added between the
encoder and decoder to ensure the effective learning of the high-
level and abstract context information, as well as avoid the gra-
dient vanishing issue of this context information in this deep
network.

The core benefit of this path is to augment the attention mech-
anism in traditional ConvLSTM, as shown in Fig. 2. This attention-
augmented ConvLSTM model extents the temporal dependency
modeling from the short-range to the long-range, thereby han-
dling the salient object variabilities (size and location). Con-
cretely, attention-augmented ConvLSTM layer embeds the at-
tention mechanism [33] into the convolutional and recurrence
input gate, as well as the output gate of the channel-wise in
ConvLSTM. Attention mechanism modifies the initial hidden state
h in ConvLSTM h ∈ RC×N to an attention-driven hatte

∈ RC×N ,
which multiplies the output of the attention layer and adds back
the input feature map: hatte

i = W atte
h xi + hi. The x = (x1,

. . . , xj, . . . , xN ) ∈
C×N is the output of attention layer in this state:

hatte
j =

N∑
j=1

β(i, j)f (xi),where f (xj) = Whxj, (1)

where β(i, j) = (
∑N

j=1 e
θ (xi)

Tφ(xj) )−1e
θ (xi)

Tφ(xj) is the weight of ith
location (both spatial and temporal dimensional) for synthesizing
the jth region, the θ (h) = Wθ and the φ(h) = Wφh.

3.2. Content feature path for multi-scale pixel correlation learning

The content feature path creatively stacks dilated 1D con-
volutions as multi-scale extractors to respectively focus on the
pixel correlation between the salient object and other pixels in
the video. This path initially stacks six dilated convolutions, and
the corresponding dilation rate is [1, 1, 2, 4, 6, 8]. This setting
allows the learned representation to include all 3 × 3 to 65 × 65
receptive fields of pixel scales. Note that the stack number still
varies with the resolution of the video during learning.

The core benefit of this path is to embed the attention mech-
anism in dilated 1D convolutions, as shown in Fig. 2. Stacked
dilated convolutions [38] as multi-scale extractors focus the cor-
relation of the pixels in the 3D dataset. Dilated convolution con-
sists of sparse filters that use skip points during convolution to
increase the receptive field and aggregate multi-scale content fea-
tures exponentially. Embedding the attention mechanism further
selects and weighs the content features of the salient object, as
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Fig. 2. The attention mechanism computes the response at a position as a weighted sum of the features at all positions. It can select the task-specific feature for each
path. By embedding into the attention mechanism, the attention-augmented convolutional LSTM focuses on capturing the global temporal dependencies between
and within frames over the video; attention-based 1D convolutional network focus on to capture the local pixel correlation structure of each pixel in the salient
object and the surrounding objects.
L

i
1
h
p

well as avoids the interference from the features of background
objects in the video, thereby improving the learning accuracy of
salient objects. Concretely, The 1D dilated convolutions are form-
ulated as:

1D : (kernel ∗l 1D)t =

∞∑
s=−∞

kernels · 1Dt−ls, (2)

where 1D is the 1D pixels, and l is the dilation rater. By the same
token, attention mechanism modifies the output feature y ∈ RC×N

of dilated 1D convolutions to an attention-driven yatten ∈ RC×N

yattenj =

N∑
j=1

β(i, j)f (yi). (3)

3.3. Refinement fusion module for accurate salient object segmenta-
tion

The refinement fusion module firstly concatenates two type
features from the above two paths (the context feature path
and the content feature path), and then creates a 3D residual
convolution network with the attention mechanism to fuse and
refine the concatenated feature to segment the salient target.
This module efficiently fuses features with multiple levels and
refines them using feature weights, thereby obtaining accurate
segmentation of the salient target. In particular, this module is
built as a chain of 4 3D Convolutional blocks, each block consist-
ing of two 3 × 3 convolution layer, and the self-attention layer
is integrated after the first 3D Convolutional block. Therefore,
the module weighs features by computing the response of a
feature through a weighted sum of this feature at all features.
Note that, the residual connections also build in the convolutional
block, which once again facilitates gradient propagation during
training. This module also leverages a 3D Convolutional layer with
1 × 1 × 1 kernel to output the segmentation result. This layer is a
non-linearity operation on the feature to ensure that the channel
size of the final output is consistent with the size of the ground
truth.
 a

4

3.4. Synergistic loss term for accurate and stable learning

A synergistic loss term L is designed to greatly improve the
learning accuracy and stability by integrating four complemen-
tary loss terms of the weighed cross-entropy loss Lwce, the gener-
alized dice loss Ldice, and the mean squared error (MSE) loss Lmse.
This synergistic loss avoids the interference of the background
pixels on the pixels of the salient object during training caused
by a great imbalance between the numbers of two type pixels.
The synergistic loss term can be formulated as follows:

L = ω1Lwce + ω2Ldice + ω3Lmae, (4)

Weighted cross-entropy loss Lwce can be formulated as follows:

Lwce = −(ω4p log(p̂) + (1 − p) log(1 − p̂)), (5)

where p is the ground truth for p̂, and ω4 = 1.5. Generalized dice
loss Ldice can be formulated as follows:

Ldice = 1 − N
∑N

l=1 wl
∑

n rlnpln∑2
l=1 wl

∑
N rln + pln

, (6)

where N is the number of salient objects, and wl =
1(∑N

n=1 rln
)2 .

MSE loss Lmse can be formulated as follows:

mse =

∑n
i=1

(
pi − p̂i

)2
n

. (7)

4. Experiments setting

4.1. Benchmark datasets

The DSSANet has evaluated its performance using four public
benchmark datasets: SegTrack2 dataset [39], DAVIS dataset [40],
FBMS dataset [41], and VOS dataset [19].

SegTrack2 dataset contains 14 video sequences and is orig-
nally designed for video object segmentation. It has a total of
065 frames and an average of 76 frames per video. This dataset
as the challenge that the great imbalance between background
ixels and object pixels, and the average object pixel number only
ccounts for 7% of each frame.
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Fig. 3. The DSSANet achieved better precision scores and recall scores than the existing state-of-the-art methods (STAN, SSA, SAG, FCN, GF, and MC). In the precision–
ecall curve, the x-axis shows recall, the y-axis shows precision, a large area under the curve represents the high performance of the model. Each sub-figure corresponds
o the results computed in a dataset ((a) VOS dataset, (b) DAVIS dataset, (c) FBMS dataset, and (d) SegTrack2 dataset).
A
c
f

DAVIS dataset contains 50 video sequences. It has a total of
455 frames and an average of 69 frames per video. This dataset
s a Full HD 1080p resolution and has five objects per frame. Thus,
his dataset is challenging since it has a high resolution, and fast
otion. The average object pixel number accounts for 9% of each

rame.
FBMS dataset contains 59 video sequences. It has a total of

3 860 frames and an average of 235 frames per video. This
ataset is challenging due to color similarity. It has 1.7 objects per
rame, and the average object’s pixel number accounts for 14% of
ach frame.
VOS dataset contains 200 video sequences and is divided into

two subsets VOS-E and VOS-N. It has a total of 116103 frames and
an average of 581 frames per video. This dataset is challenging be-
cause of the extreme length of the video and the resulted complex
background change and object motion. The average object pixel
number accounts for 13% of each frame.

4.2. Evaluation metrics

The DSSANet leverages three types of metrics, which are pre-
cision–Recall curve, F-measure, and mean absolute error (MAE)
for the performance evaluation.
5

Precision–recall curve is computed using the pairs of preci-
sion scores and recall scores. Both scores are calculated as fol-
lows:

Precision =
TP

TP + FP
Recall =

TP
TP + FN

, (8)

where TP is the pixel number of true positives, FP is the pixel nu-
mber of false positives, and FN is the pixel number of false
negatives.

F-measure is also based on precision scores and recall scores.
fter the mean average recall (MAR) and the mean average pre-
ision (MAP) are computed [19], the F-measure is calculated as
ollows:

F − measure =

(
1 + β2

)
· MAP · MAR

β2 · MAP + MAR
,

MAP =

∑K
1

∑V
1 Precision

V

K
,

MAR =

∑K
1

∑V
1 Recall
V

K
,

(9)

where β2 is a hyperparameter and it is set as 3 according to [42].
V is the number of frames in each video. K is the number of
videos.
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Fig. 4. The DSSANet achieved better F-measure scores than the existing state-of-the-art methods (STAN, SSA, SAG, FCN, GF, and MC). In F-measure curve, the x-axis
hows F-measure, y-axis shows showing threshold, a large area under the curve represents the high performance of the model. Each sub-figure corresponds to the
esults computed in each dataset ((a) VOS dataset, (b) DAVIS dataset, (c) FBMS dataset, and (d) SegTrack2 dataset).
Mean absolute error is computed by summing of absolute
ifferences between our target and predicted variables. It is cal-
ulated as follows:

AE =
1
n

n∑
i=1

⏐⏐pi − p̂i
⏐⏐. (10)

.3. Implementation details

The DSSANet is implemented by Python with TensorFlow li-
rary and 2 × NVIDIA P100 GPU cards for training. It is optimized

by the ADAM solver [43] with a batch size of 32 and an initial
learning rate of 0.001. Batch normalization [44] and LeakyReLU
activation [44] are applied. The hyper-parameter settings are ω1

1, ω2 = 10, and ω3 = 5.

5. Experimental results

To evaluate the performance of our DSSANet, we compare it
with six state-of-the-art video salient object detection methods
including two-stream based spatiotemporal attention network
(STAN) [11], saliency-guided stacked autoencoders (SSA) [19],
geodesic distance-based saliency (SAG) [45], saliency using fully
convolutional networks (FCN) [13], saliency using local gradi-
ent flow (GF) [21], and saliency using absorbing Markov Chain
(MC) [22] on the four benchmark datasets mentioned above.
All the methods are designed for video salient object detection

except MC, and STAN and FCN are the deep models among them.

6

5.1. Outperformance over the state-of-the-art methods

Figs. 3, 4, and 5 demonstrate that the DSSANet achieves better
performance than the existing state-of-the-art methods (STAN,
SSA, SAG, FCN, GF, and MC).

• Fig. 3 indicates that DSSANet outperforms those methods
in precision scores and recall scores. In the precision–recall
curve, the x-axis shows recall, the y-axis shows precision, a
large area under the curve represents the high performance
of the model. By comparison, the precision–recall curve of
the DSSANet (Blue solid line) has an overall larger area
under the curve in all four datasets.

• Fig. 4 indicates that the DSSANet outperforms those of
methods in F-measure. In the F-measure curve, the x-axis
shows F-measure, the y-axis shows threshold, (adaptive
computing by [46]), a large area under the curve represents
the high performance of the model. By comparison, the
F-measure curve of the DSSANet (Blue solid line) has an
overall larger area under the curve in all four datasets.

• Fig. 5 indicates that the DSSANet outperforms those of
methods in MAE. In the MAE bar image, the x-axis shows
MAE and the y-axis shows different methods, a lower MAE
value represents the high performance of the model. By
comparison, the MAE of the DSSANet (steel blue) has lower
values in all three datasets.
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Fig. 5. The DSSANet achieves better MAE than the existing state-of-the-art methods (STAN, SSA, SAG, FCN, GF, and MC). In the MAE bar image, x-axis shows MAE
and the y-axis shows different methods, a lower MAE value represents the high performance of the model. Each sub-figure corresponds to the results computed in
each dataset ((A) VOS dataset, (B) DAVIS dataset, (C) FBMS dataset, and (D) SegTrack2 dataset).
Fig. 6. Representative results to show the better performance of the DSSANet than the state-of-the-art methods in different aspects: (a) Great imbalance between
background and object. (b) Fast motion. (c) and (d) Color similarity. (e) Multi-objects.
5.2. Better performance in the representative results

Fig. 6 displays some representative results to qualitative eval-
ate the performance of DSSANet from different aspects:

• Great imbalance between background and object. Fig. 6(a)
shows an example that presents a great imbalance between
background pixel number and object pixel number in the
video. The DSSANet obtains better performance in avoid-
ing the influence of background sky and water than the
comparative methods concerning the ground truth.

• Fast motion. Fig. 6(b) shows an example that presents a
fast-moving object in the video. The DSSANet obtains better
performance in capturing the boundaries of the jet plane
in all locations of the video than the comparative methods
concerning the ground truth.

• Color similarity. Fig. 6(c) shows an example that presents
two high color similarity objects in video and only one is the
salient object. The DSSANet obtains better performance in
7

identifying the salient object than the comparative methods
concerning the ground truth.

• Multi-objects. Fig. 6(e) shows an example that presents two
changed objects. The DSSANet obtains better performance
in segmenting multi-objects than the comparative methods
concerning the ground truth.

5.3. Time performance

Fig. 7 represents the time performance of our DSSANet and the
existing state-of-the-art methods (STAN, SSA, SAG, FCN, GF, and
MC). Note that the SSA, SAG, GF, and MC are traditional models.
Our DSSANet, STAN, and FCN are deep learning models, which
require extra training stages. All experiments are performed on
the same environment with 2 × Intel E5-2683 (v4 Broadwell @
2.1GH), 2 × NVIDIA P100 Pascal (12 GB HBM2 memory) and 24G
available memory. All model has the same input: 8 continuous
480p video frames. We record the time consuming of each model
(the average second of each frame) and the detection perfor-
mance of each model (MAE). The results demonstrate that the
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Fig. 7. DSSANet achieves overall highest detection performance while acceptable a time consuming compared to the existing state-of-the-art methods (STAN, SSA,
SAG, FCN, GF, and MC). In Figure, the x-axis shows detection performance, the y-axis shows times consuming, a higher detection performance with the lower time
onsuming represents the high performance of the model.
Fig. 8. Sensitivity analysis represents that DSSANet achieves strong robustness under noise introduced (A). Moreover, parameters tuning indicates that setting ω2 as
10 and setting ω3 as 5 achieve overall the highest performance when ω1 is set to 1 (B).
Fig. 9. The MAE of different learning rates indicates different learning rates make no significant difference under our network architecture with Adam optimizer.
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SSANet achieves overall highest detection performance while
cceptable a time consuming compared to the existing state-of-
he-art methods (STAN, SSA, SAG, FCN, GF, and MC). In Fig. 6,
he x-axis shows detection performance, the y-axis shows times
consuming, a higher detection performance with the lower time
consuming represents the high performance of the model.

5.4. Sensitivity analysis and parameters tuning

Fig. 8 represents the sensitivity of our DSSANet under noises.
We have inserted Gaussian noise (mean of 0 and variances of
[0.01, 0.05]), and Salt and Pepper noise (noise densities of [0.01,
0.05]) in each image. The results demonstrate that the DSSANet
achieves overall consistency (P > 0.05) between these noised
mages and the original images. Moreover, Fig. 6 represents hyper
arameters ω1, ω2 and ω3 tuning and how sensitive the results
re. We fix hyperparameters ω and tune the ω and ω between
1 2 3 P

8

1, 5, 10, 20, 50]. The experimental results indicate that setting
2 as 10 and setting ω3 as 5 achieve overall the highest perfor-
ance. Fig. 9 indicates different learning rates make no significant
ifference under our network architecture with Adam optimizer.
his because Adam optimizer is adaptive estimates of lower-order
oments, which can be adaptively suited for problems that are

arge in terms of parameters without tuning [43].

.5. Limitations and further directions

DSSANet still has several limitations: (1) high computational
ost. The attention model has large memory requirements due to
ts large affinity matrix in high-resolution images. DSSANet em-
eds multiple attention models in both video feature extraction
nd selection, which further increases the memory requirements
everal times. This causes that we have to use 2 times NVIDIA

100 GPU card for training. In the future, we plan to adapt



C. Xu, Z. Gao, H. Zhang et al. Applied Soft Computing Journal 108 (2021) 107433

r
r
p
s
o
T
w
o
f
f
a
l

6

p
w
t
T
c
p
o
t
t
t
e
a

C

i
C
-
V
L
d
W

D

c
t

A

A
(
0
C

R

ecent model compression technology to reduce the memory
equirement, thereby training the DSSANet in a moderate com-
utational cost while maintaining the accuracy. (2) Bad cases in
mall and fast-moving objects. DSSANet remains challenging to
btain precise detection results for small and fast-moving objects.
his because the spatiotemporal features of these objects are too
eak and easily interfered with by the spatiotemporal feature
f surrounding objects. Furthermore, the detection of small and
ast-moving objects still a well-known open challenge. In the
uture, we plan to improve the detection performance of small
nd fast-moving objects by applying new-designed constraints or
oss-terms.

. Conclusion

Video salient object detection is crucial in the current com-
uter vision community. It has experienced significant advances
ith deep learning technology and becomes more prevalent. In
his paper, we propose a DSSANet for saliency detection in videos.
he DSSANet consists of (1) a context feature path captures global
ontext information of object over the video; (2) a content feature
ath captures local spatial content information of the salient
bject; (3) a refinement fusion module then fuses these two
ypes of features and further refines the feature representations,
hereby accurately segmenting the salient object. By training and
esting on four public datasets with different characteristics, the
xperimental results demonstrate the effectiveness of DSSANet,
s well as its superiority to the five state-of-the-art methods.
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