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Abstract— Appearance and motion are essential features in
video salient object detection (VSOD) tasks. Most of the existing
approaches use local features and thus fail to understand both
the appearance and motion-specific semantics at the global level.
Hence, these methods are unable to perform in unconstrained
scenarios where multiple challenges, such as partial occlusion,
motion blur, noise, and clutter background, exist. Moreover, these
approaches require a large number of computational resources
due to their complex structures, which limits their applicability
to real-world deployment. To resolve these issues and to achieve a
balance between accuracy and computational complexity, in this
article, a dilation separable convolution network (DSCNet) is
proposed, which is equipped with dilation attention fusion module
(DAFM), bidirectional cross-modality fusion module (BCFM),
and saliency prediction module (SPM) to extract enhanced mul-
tiscaled motion and appearance features without increasing the
model complexity. Furthermore, a bidirectional separable convo-
lution network (BSCNet) equipped with a separable convolution
module (SCM) and a FlowNet2.0 is proposed to use multiscale
contextual information across appearance cues and generate
enhanced multiscaled motion maps. For faster and better training
of the DSCNet model, we propose a novel stochastic-gradient-
based firefly algorithm (SGFA), which adaptively balances the
exploration and exploitation in multiscaled, cross-modal embed-
ded subspaces. With the help of the proposed SGFA algorithm,
the DSCNet+ model is constructed on top of DSCNet, which
further improves the results in terms of the training speed and
other evaluation metrics. The proposed models are evaluated
on six benchmark datasets, and a detailed comparative study
is provided with 16 state-of-the-art (SOTA) models. One of the
major highlights of the work is the significant performance of
the proposed models on the most difficult DAVSOD-Diff dataset,
which best reflects the challenging real-world scenarios.

Index Terms— Bidirectional cross-modality fusion, dilation
attention fusion, dilation separable convolution network (DSC-
Net), firefly optimizer, multiscale cross-modal features, video
salient object detection (VSOD).

I. INTRODUCTION

VIDEO salient object detection (VSOD) aims to automat-
ically discover salient objects and localize the visually
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attractive object regions from the video sequence that cap-
tures human attention. Real-world applications of VSOD
include robotic manipulation [1], autonomous cars [2], medical
image processing [3], traffic management [4], surveillance
system [5], drones [6], smart home [7], and many more.
Instruments and systems, which infer salient target objects
in the videos, use various computer vision applications such
as video thumbnailing [8], surface defect detection [9], and
instant retrieval [10]. In practical scenarios, a number of
challenges appear due to the unconstrained environment, such
as low-light scenario, occlusion, motion blur, noise, cluttered
background, and crowd (a few examples shown in Fig. 1).
Therefore, robust algorithms are needed to detect objects
efficiently in challenging real-world scenarios.

Traditional approaches make use of the simplex method
using either appearance-based (e.g., color frame [12]) or
motion-based (e.g., optical flow [5], [13] or pixel orienta-
tion [14]) features in consecutive frames [15], [16]. However,
uncoordinated knowledge across these modalities usually leads
to poor performance in unconstrained environments. For
instance, one of the biggest disadvantages of considering the
VSOD task as a moving object detection (MOD) task by
just using motion-based features may lead to the possibility
of missing targets when the object is static or moving very
slowly. Sophisticated appearance-based approaches for VSOD
algorithms, such as [9] and [17], generally provide a detailed
target description. However, the results are unstable due to the
absence of prior knowledge about primary objects.

Motion–appearance-based schemes [1], [12], [18] are able
to handle these limitations and extract better semantic fea-
tures using knowledge from both the modalities. Appearance
features suffer from lack of motion descriptions, and thus
motion cues assist in choosing the best candidate regions for
appearance features. Detection performance has significantly
improved with optical flow-driven VSOD methods [12], [15],
[16], the leading motion–appearance scenario. However, it is
difficult to handle static foreground objects, when appear-
ance modeling is abandoned and VSOD is changed into a
foreground motion prediction that is entirely dependent on
optical flow information. If optical flow estimation fails, the
motion features of the primary video objects are appropriately
invalidated. In this scenario, detection accuracy is presumably
harmed by the nonselective fusion of appearance and motion
features.

Thus, it is essential to use a modality transmission scheme
in place of embedding them separately one by one. Inspired by
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Fig. 1. Challenging scenes from the DAVIS [11] and DAVSOD-Diff [1]
datasets. (a) Low light. (b) Occlusion. (c) Motion blur. (d) Noise. (e) Clutter
scene. (f) Motion crowd.

this, recently, bidirectional modality transmission schemes [1],
[18], [19] from the field of computer networks have been use
that explicitly associate the appearance and motion patterns
across the feature extraction process. These strategies aggre-
gate homogeneous spatiotemporal information to describe
interactions between entangled spatial and temporal informa-
tion and share the same underpinning correlative patterns of
object perceptions, such as semantic structure, shape, and
movement. The major challenge with such strategies is that
they produce very large models. Their deployment on a
resource-constrained environment, such as mobile and other
edge devices, becomes difficult.

To handle all these challenges and achieve a balance among
accuracy and the number of parameters, a dilation separable
convolution network (DSCNet) is proposed, which is equipped
with dilation attention fusion module (DAFM), effective bidi-
rectional cross-modality fusion module (BCFM), and saliency
prediction module (SPM) to extract efficient multiscale con-
textual information across appearance and motion cues for
efficient salient object detection in videos. Our proposed
framework is able to extract multiscale global context across
embedding subspaces without increasing the number of param-
eters any further, and hence suitable for resource-constrained
edge devices. Furthermore, a bidirectional separable convolu-
tion network (BSCNet) is proposed, which is equipped with
a separable convolution module (SCM) and FlowNet2.0 to
extract efficient multiscale motion features across the appear-
ance cues. In addition, to improve the generalization perfor-
mance of the optimizer, a new stochastic-gradient-based firefly
algorithm (SGFA) is proposed, which adaptively balances
the exploration and exploitation in multiscaled, cross-model
embedded subspaces. The main contributions of our proposed
models are given below.

1) A novel dilated separable convolution network (DSC-
Net) is proposed, which is equipped with 1) a DAFM,
for extracting the attention-based multiscale motion and
appearance features, with the help of atrous spatial
pyramid pooling (ASPP) [20]; 2) BCFM, for extracting
the fused cross-modal features; and 3) SPM, for efficient
saliency map construction.

2) Furthermore, a novel BSCNet is proposed, which is
equipped with an SCM and FlowNet2.0 [13] to extract
lightweight multiscale contextual information across

appearance cues and generate an enhanced multiscaled
motion map.

3) For faster and better training, we propose a novel
stochastic-gradient-descent-based firefly optimization
technique, which improves the generalization perfor-
mance of the optimizer.

4) With the help of extensive experimentation, we demon-
strate that the proposed models perform superior on six
benchmark datasets. DSCNet+ outplays the state-of-the-
art (SOTA) unsupervised VSOD (UVSOD) model (i.e.,
MTG-Net [21]) on the DAVIS-diff dataset by 37.3% in
terms of F-measure.

II. RELATED WORK

This section discusses SOTA semi-supervised VSOD meth-
ods, unsupervised attention-based VSOD methods, and video
object segmentation (VOS) methods.

A. Semi-Supervised VSOD

Recently, various VSOD tasks were addressed in a
semi-supervised way [17], [22]. They use low-level hand-
crafted features for speculative detection inference such
as saliency priors [23], object proposals [24], long sparse
point orientation [25], optical flow [1], or super-pixels [22].
These conventional models have limited generalizable quality
in dynamic and complex schemes due to the absence of
semantic characteristics and high-level content understanding.
Recently, RNN-based models [26] have come into existence as
their more effective accomplishment of fascinating long-term
dependencies of using deep learning. Semi-supervised VSOD
formulates a recurrent model over time, exploiting spatial
features combined with everlasting temporal context. Using
motion features along with appearance features is a big
challenge in these areas. Tokmakov et al. [17] proposed
a motion-pattern-based model, which uses motion patterns
from video. Yet, their model fails to segment objects into
two adjacent frames since it correctly guides optical flow.
Many works [24], [25] have been proposed to overcome these
problems by fusing the spatiotemporal features with the help of
parallel networks. Multistage processing methods are proposed
in [27], which provide motion-based consistent features to
detect the objects. A unified referring VOS network (URVOS)
is presented in [28], which provides language expression of
the entire video frame and detects the object.

B. Unsupervised Attention-Based VSOD

The unsupervised VSOD is related to the attention-based
VSOD task, and its goal is to extract the attention-aware
features from a video clip. Conventional models [29], [30]
compute single-frame saliency using handcrafted static and
motion features and performance spatiotemporal optimization
for preserving consistency across successive frames. Fur-
thermore, [21], [31] extract highly semantic spatiotemporal
features to detect the object in an end-to-end fashion. Some
deep learning models [32], [33], [34] proposed to extract
motion features using optical flow or adjacent frames. A key-
frame method is proposed in [35] to determine high-quality
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video frames to categorize saliency objects from key-frame.
In [36], a method to detect salient objects based on extract-
ing spatial–temporal information from high-quality frames is
proposed. To enhance the quality of temporal features, many
researchers focused on various challenges such as limited
labeled data, [21] or analyzing relative saliency [37] in VSOD.
A shift-aware-ConvLSTM is proposed in [38] to extract fea-
tures with high-quality annotations and an attention-consistent
VSOD dataset. A dynamic context sensitive filtering network
(DCFNet) is proposed [18], which uses an efficient bidirec-
tional dynamic fusion technique to extract location-related
similarities over consecutive frames. In [39], a stereoscopically
attentive multiscale (SAM) module is proposed, which uses a
stereoscopic attention mechanism to merge the characteristics
of different scales adaptably. In similar lines, Gu et al. [24]
proposed a constrained self-attention (CSA) module to extract
motion features based on the prior movement of the objects.

C. Video Object Segmentation

VOS used video frames as inputs and extracts the
spatio-temporal features without losing information in motion.
Hu et al. [40] suggest a motion-guided cascaded refinement
network for VOS to address this issue. Unsupervised video
segmentation is crucial for numerous applications, such as
object detection and compression. Fast motion, motion blur,
and occlusions continue to be significant issues. A unique
saliency estimation technique is designed in [41] to improve
initial foreground–background estimations and address these
problems across diffusion time in unsupervised video segmen-
tation.

In [37], an interactively constrained encoding (ICE) module
is designed to optimize the energy consumption of motion and
appearance features in a graph. SegFlow is proposed by [42]
for segmenting the object in both optical flow and pixel level
in videos. A few-shot learning module is proposed in [7]
to predict parametric features and reduce frame segmentation
errors. Numerous CNN-based techniques [1], [10], [11] have
been developed to segment an object; however, most of them
are heavy models which consume a large amount of inference
time. To solve these problems, [25] proposed a fast and accu-
rate VOS algorithm, which uses the segmentation operation to
handle problematic elements such as significant deformation,
occlusion, and a cluttered background.

III. PROPOSED METHOD

A. Overview of Architecture

Consider a dataset having T video clips with kt consecutive
frames (where t = 1, 2, . . . , T ). We can define the appearance
frames as {At

k}
T
t=1 and the corresponding annotation maps

{G t
k}

T
t=1. These frames are passed to the BSCNet, which is

the combination of SCM and FlowNet2.0 [13], and T optical
flow maps M t

k = f [At
k, At+1

k ]. Furthermore, the proposed
DSCNet takes as inputs both the appearance frames {At

k}
T
t=1

and the corresponding motion frames {M t
k}

T
t=1 and pass to the

backbone ResNet-50 network to generate backbone features
X t

k and Y t
k . Then, these backbone features X t

k and Y t
k passed

to the DAFM to enhance the quality of the feature. The

BCFM performed the cross-modality operation to extract the
outer bound and inner bound region boundaries on filtering
fused features P t

k and motion features Qt
k and generated

the depthwise efficient features. Finally, the SPM is used to
generate the saliency map St

A,M .

B. Bidirectional Separable Convolution Network

The BSCNet contains a stack of SCM, which can be used
in a bidirectional way. BSCNet is used for fine-tuning the
pretrained FlowNet2.0 model with ResNet-50 and extracting
spatial–temporal features at multiple scales (refer Fig. 2). First,
the two consecutive appearance frames (At

k , At
k+1) are passed

to the ResNet-50 for generating the backbone features X t
k and

X t
k+1. These backbone features are passed to the SCM. The

SCM detects edges based on sparse matches and computes the
geodesic distance to obtain dense matches of two neighboring
frames. The dense matches are fused to generate multiscale
enhanced spatial features. The SCM has four modules with the
same configuration (a detailed explanation of SCM is given
in Section III-B1. Furthermore, these features are passed to
FlowNet2.0 to generate the optical flow motion maps.

1) Separable Convolution Module: As shown in Fig. 3, the
configuration of SCM is given, which has channel attention
(CA), dimension reduction (DR), bilinear interpolation (BI),
and upsampling (UP) modules. The backbone appearance
features are passed to the separable convolution (SConv) layer,
which has f × f filters to extract the multiscale spatial
features. The extracted multiscale spatial features are passed
to the CA to extract channelwise features and enhance feature
quality. The CA is configured with SConv with c × c filters,
adaptive average pooling (AP), and Sigmoid operation. The
SConv with c × c filter extracts multiscale spatial features,
followed by AP, which provides the balance between input
and output channel filters. Furthermore, the Sigmoid operation
is used to normalize the features between 0 and 1. After
that, DR is used to reduce the feature dimensions, which
has an SConv layer with f × f filter. Then, BI performs
a resampling operation to predict the pixel value using the
distance-weighted average of four adjacent pixel values. Fur-
thermore, the UP operation is performed to maintain the
dimension of the feature vectors. Next, SCM computes deep
spatial features without loss of resolution and generates a
sequence of multiscale spatial features X t

k and X t
k+1 ∈ Rh×w×d

(where h is the height, w is the width, and d is the channel).
Next, these features are passed to FlowNet2.0 to generate the
motion map M t

k .

C. Dilation Separable Convolutional Network (DSCNet)

The DSCNet architecture is shown in Fig. 4. It contains
three modules: 1) DAFM, which is a combination of an
SConv layer and ASPP module with different dilation rates;
2) BCFM, to extract and fuse two cross-modality features
in a bidirectional way; and 3) SPM, to extract high-level
strong features to low-level weak features. As shown in
Fig. 4, the appearance At

k and motion M t
k features are first

passed to the backbone network ResNet-50, which generates
the backbone appearance X t

k and motion Y t
k features. These
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Fig. 2. Architecture diagram of BSCNet, which uses SCM and FlowNet2.0 to extract lightweight multiscale contextual information across appearance cues
and generate enhanced multiscaled motion maps. ResNet-50 is used as the backbone.

Fig. 3. Architecture diagram of SCM, which consists of CA, CA, BI,
and UP.

backbone features are passed to DAFM (Section III-C1),
which extracts spatio-temporal-based discriminative features
and generates the fused features Z t

k . These fused features are
then passed to BCFM (Section III-C2) to extract spatial and
temporal features and discriminate them into fused appearance
P t

k and motion features Qt
k . Finally, with the help of the SPM

(Section III-C4), the saliency map St
A,M is generated.

1) Dilation Attention Fusion Module: The DAFM, shown
in Fig. 5, is designed using a depthwise SConv (DSConv)
layer combined with ASPP for extracting features at different
dilation rates. Due to DSConv and ASPP, the computational
complexity of the DAFM is significantly reduced in compari-
son to the existing aggregation methods [43], [44]. In addition,
the aggregation can concentrate on the features of prominent
objects or locations rather than the general feature maps with
the help of our contextual attention.

DAFM uses backbone appearance X t
k and motion features

Y t
k , which come from branches of ResNet-50. These features

are passed to the depthwise SConv layer (DSConv) with
f × f filter to extract the multiscale spatial and temporal
features at multiple dilation rates. Then, the adaptive AP
(AAP) operation is performed to generate the elementwise
attention-based discriminative features vectors Rt

X and Rt
Y .

Furthermore, the SConv operation is performed with c × c
filter to generate spatial–temporal based discriminative global
features using multiscale learnable parameter ωSConv. Max-
pooling and PReLU operations are performed to reduce the
dimension of features and to handle the nonlinearity of the
features, respectively. The depthwise spatial attention features

Z t
X and channelwise attention features Z t

Y are obtain by the
following operations:

Z t
X = X t

k ⊗ SConv
(
Rt

X ; ωSConv
)

(1)

Z t
Y = Y t

k ⊗ SConv
(
Rt

Y ; ωSConv
)

(2)

where ⊗ is an elementwise multiplication operation. Fused
features Z t

k are obtained by performing elementwise addition
operation (⊕) on Z t

X and Z t
Y followed by a Sigmoid operation

(σ ) as follows:

Z t
k = σ

(
Z t

X ⊕ Z t
Y

)
. (3)

2) Bidirectional Cross-Modality Fusion Module: The
BCFM (shown in Fig. 6) aims to develop more precise repre-
sentations of the motion and appearance features while reduc-
ing background noise and enhancing the saliency information.
BCFM demonstrates that resampling features at several scales
are useful for properly and quickly categorizing regions of
arbitrary scales. Multiple scales of information are efficiently
captured by BCFM using various dilation rates. However,
we find that the number of valid filter weights (i.e., the
weights that are applied to the valid feature region instead
of padded zeros) is minimal as the sampling rate increases.
Appearance and motion-level features are used to solve this
issue and provide global context information to the model.
According to Fig. 6, a DSConv with f × f filter and learnable
parameter ωDSConv is used to extract spatial and temporal
features from Z t

k and Y t
k followed by batch normalization. The

multiscale appearance and motion features are calculated using
the following equation:

P t
k = DSConv

(
Z t

k; ωDSConv
)
; Qt

k = DSConv
(
Y t

k ; ωDSConv
)
.

(4)

Furthermore, a bilinear UP operation is performed on
appearance features P t

k and the motion features Qt
k to per-

sist the size of the features. An elementwise multiplication
operation is performed between fused appearance and motion
features to generate the cross-modality features. Next, a Sig-
moid operation is performed for recentering and rescaling the
features. Finally, global AP (GAP) with one convolution layer
c × c filter is used to extract the spatio-temporal attention
features and minimize overfitting by reducing the number
of parameters. The BCFM suppresses robust features in a
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Fig. 4. Architecture of the proposed DSCNet uses a DAFM to extract the discriminative features from motion and appearance. Then, BCFM extracts
cross-modality features and forwards them to the SPM to generate a saliency map.

Fig. 5. Illustration of DAFM to extract the appearance and motion features
and fuse these features.

top-down approach and broadcasts high-level strong features
to low-level weak features. Finally, the spatial attention fea-
tures are computed as follows:

P t
k = GAP

[
σ
(
P t

k ⊗ UP
(
Qt

k

))]
(5)

where UP is a bilinear UP operation. The temporal attention
features are derived as

Qt
k = GAP

[
σ
(
Qt

k ⊗ UP
(
P t

k

))]
. (6)

An SGFA is proposed for effective model training. The same
DSCNet architecture is again trained using SGFA and named
DSCNet+.

3) Stochastic-Gradient-Based Firefly Algorithm: The firefly
optimization algorithm [45] is a multimodal meta-heuristic
algorithm inspired by nature based on its flashing characteris-
tic. Almost all the species of fireflies release distinctive small
rhythmic flashes, which is called the bioluminescence process.
The firefly algorithm has three main steps.

1) Initialization Step: The variables used in the optimiza-
tion function and the corresponding value of the opti-
mization function are considered when creating the
solution search space at the initialization step. The
initialization stage’s randomness creates an unbalanced
relationship between exploration and exploitation in the
initial solution space, slowing down the algorithm’s local

Fig. 6. BCFM to extract the motion and appearance features from fused
appearance and motion features in a bidirectional way.

and global convergence rates and resulting in a lower
quality solution.

2) Firefly Position Update Step: The firefly positions are
updated during the stage of altering firefly positions
to find new solutions to the specified problem. This
element is known as the randomization factor. During
the position changing of fireflies, the movements are
decided by randomization factor. The quality of the
solution deteriorates if these values are not managed
properly

ωi = ωi + β0e−γ d2
i, j (ω j − ωi ) + η

(
rand −

1
2

)
(7)

where, ηt+1 = ηtδ is the randomization parameter with
the initial randomness scaling factor η0 set as 1, “rand”
is the random number drawn from Gaussian distribution
between [0, 1], and δ ∈ [0.95, 0.97] is the cooling factor,
pi and p j are the positions of the i th and j th fireflies,
respectively, β0e−γ d2

i, j is the attractiveness at distance
di, j , where di, j = ∥pi − p j∥ defines the distance between
i th and j th fireflies, ∥·∥ is the l2-norm, and γ = (1/

√
η)

is a scaling factor.
3) Termination Step: The algorithm ends at the termination

phase.
To maintain the balance between exploration and exploita-

tion of the solution search space, the SGD-optimized weights
are used in the firefly initialization step. Thus, SGFA-provided
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Algorithm 1 Stochastic Gradient Firefly Algorithm
Input : Define initial values of firefly parameters: β0,

γ , η, SGD weights as x , and number of
fireflies N

Output: Optimal model weights (BS) and its fitness
1 Evaluate light intensity l at x of firefly by f(x) using 9.

//Initialization
2 while t < MaxGen do
3 for i ∈ N do
4 for j ∈ N do
5 Update if li < l j then
6 Move firefly i toward firefly j according

to 7
7 end
8 Calculate attractiveness variance with

distance di, j using β = β0e−γ d2
i, j with

reduced η by factor δ.

9 end
10 end
11 Update firefly light intensity li

Rank the fireflies and accept the new solution
(BS) as the current best with fitness.
Update iteration counter t = t + 1

12 end
13 return (BS)

optimal weights are two-step fine-tuned. At first, weights are
fine-tuned using SGD as follows:

ωi+1 = ωi − α ×
∂ f
∂ω

(8)

where α is the learning rate and (∂ f/∂ω) is the gradient of
the BCE loss function. Next, SGD weights are used in the FF
initialization step followed by the position update step. In the
FF algorithm, firefly’s particles have been encoded as model
weights and the BCE loss function as the fitness function. The
BCE loss function is given (9). For better model weights, the
loss function needs to be minimized. The detailed explanation
of how SGFA is used for VSOD is stated in Algorithm 1

BCE = −
{
G t

k log
(
St

A,M

)
+

(
1 − G t

k

)
log

(
1 − St

A,M

)}
(9)

where St
A,M is the saliency map of appearance and motion

features, and G t
k is the ground truth.

4) Saliency Prediction Module: Generally, the appearance
of salient objects does not isolate. Salient objects frequently
coexist with other items and are constantly surrounded by a
background to connect their neighbors’ pixels. These contexts
give essential information to distinguish the salient object
from the background. In addition, salient objects frequently
take up a significant portion of the image and catch people’s
attention. Given these facts, contextual attention is added to
feature fusion and network learning processes. It compels
the backbone network to concentrate on the most essential
objects or regions and reduce the detrimental effects of the
background. The upper layer of our proposed models is used

Algorithm 2 Dilation SConv Net (DSCNet).
Input: At

k : Appearance frames, M t
k : motion frames,

and G t
k : ground truth

Output: St
A,M : Saliency prediction map.

1 BSCNet is used to calculate motion frames M t
k using

consecutive appearance frames (X t
k+1, X t

k).
2 DSCNet is used as input as At

k , M t
k , and G t

k and
passed to ResNet-50.

3 ResNet-50 backbone network generated backbone
appearance and motion features (X t

k, Y t
k ).

4 The backbone appearance and motion features passed
to the DAFM to generate the fused appearance and
motion features Z t

k using Eq. 1–3.
5 The fused and motion features passed to the BCFM to

extract the attention-based spatial and temporal
features using Eq. 4–6.

6 To update the model weight parameter, Adam
optimizer (SGFA in case of DSCNet+) is used,
which minimizes BCE loss function using Eq. 7–9.

7 At last, SPM is used to generate the saliency map
using Eq. 10–12 respectively.

to generate the attention mask from high-level to low-level
features. It captures more extensive context areas and contains
more detailed object information.

As shown in Fig. 7, SPM uses three c × c convolution
layer to extract global high-level spatio-temporal features.
Parallelly, both the motion–appearance features are passed
to the convolution block to transform into linear vectors.
To retain the quality of the features, they are passed to
the corresponding parallel node before applying the PReLU
operation; otherwise, the characteristics of the features are
going to change. Then, nonlinearity is handled by the PReLU
activation function. Furtherm0re, these three features are going
to add. The enhanced spatio-temporal high-level feature is
generated by the below equation

P t
k =

3∑
i=1

PReLUi
(
Convi

(
P t

k

))
(10)

Qt
k =

3∑
i=1

PReLUi
(
Convi

(
Qt

k

))
. (11)

Finally, after generating the high-level features’ output, c × c
convolution layers are used with single filters followed by the
Sigmoid activation function to display the saliency map (St

A,M )
at frame t

St
A,M = σ

(
Conv

(
P t

k , Qt
k

))
. (12)

IV. EXPERIMENTS AND RESULT ANALYSIS

The section discusses the experimental setup, datasets,
evaluation metrics, training performance, testing performance,
computational complexity measure, comparative analysis, and
parameter tuning on datasets.
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Fig. 7. Illustration of SPM to transform the features from high to low level
and retain the global information.

A. Experimental Setup

All the implementations are performed on a 64-bit
Ubuntu 18.04 system. The GPU configuration is 32-GB
RAM, 16-GB P5000/PCIe/SSE2 GPU. Anaconda 3.7 and
PyTorch [46] version 1.10.0 with CUDA 10.0 by NVIDIA
Quadro P5000/PCIe/SSE2 is installed on the GPU machine.
All the input frames are resized to 352 × 352. For optimiz-
ing the network, an Adam optimizer algorithm for DSCNet
(SGFA for DSCNet+) is used with a weight decay of 5e−4

and the learning rate α = 1e−4. The multiscale train-
ing is used in the experimentation with weight parameters
(0.25, 0.50, 0.95, and 1).

B. Datasets

The proposed models (DSCNet and DSCNet+) are evalu-
ated on six benchmark VSOD datasets: 1) DAVIS-161 [54]
is one of the popular datasets, which has 50 high-quality
and densely annotated video sequences (30 training videos
and 20 testing videos); 2) MCL2 [55] has 24 videos; 3)
FBMS3 [56] consists of 59 videos of natural scenes (29
videos for training and 30 videos for testing); 4) SegTrack-
V24 [27] is the advanced VSOD dataset having 13 video
clips; 5) DAVSOD-Easy5 [38] has 61 video clips for training
and 35 clips for testing; and 6) DAVSOD-Difficult-20 [38]
has 20 video clips for testing. We are using the DAVIS-16,
FBMS, and DAVSOD-19 datasets for training purposes and
the DAVIS-16, FBMS, DAVSOD-Easy, DAVSOD-Difficult-
20, MCL, and SegTrack-V2 datasets for testing purposes.

C. Performance Metrics

The three standard metrics are used to measure the per-
formance of the proposed models, structure measure (Sα ,
α = 0.5), mean absolute error (MAE), and F-measure (Fβ) [1],
[5], [24].

1https://davischallenge.org/
2https://mcl.usc.edu/mcl-jcv-dataset/
3https://lmb.informatik.uni-freiburg.de/resources/datasets/
4https://web.engr.oregonstate.edu/~lif/SegTrack2/dataset.html
5https://github.com/DengPingFan/DAVSOD#statistics-of-davsod

TABLE I
PARAMETER TUNING OF THE DSCNET AND DSCNET+ MODELS

1) S-measure calculates the structural similarity between
the saliency map and ground truth. It examines object-
aware (So) and region-aware (Sr ) structure similarities

S = α × So + (1 − α) × Sr (13)

where, α is set to 0.5.
2) F-measure is a combination of precision and recall for

calculating weighted harmonic mean

Fβ =
(1 + β2)Precision × Recall

β2Precision + Recall
(14)

where, β is 0.3.
3) MAE calculates the average pixelwise absolute error

between saliency map S ∈ [0, 1]
W×H and ground truth

G ∈ [0, 1]
W×H

MAE =
1

W × H

W∑
i=1

H∑
j=1

|G(i, j) − S(i, j)|. (15)

D. Training Performance

As discussed earlier, the multiscale lightweight motion map
is first constructed using BSCNet. These enhanced motion
features, along with the appearance features and ground truth,
are passed to the ResNet-50 backbone network and then
the proposed models (DSCNet and DSCNet+) for training.
The training datasets are constituted of 6500 appearance
and motion frames [2373 frames from DAVIS (30 videos)
+ 600 frames for FBMS (29 videos) + 3527 frames for
DAVSOD-Easy (26 videos)]. These training datasets are used
to train the DSCNet with the Adam optimizer (SGFA opti-
mizer in case of DSCNet+) to minimize the BCE loss.
The whole process is shown in Algorithm 2. The fine-tuned
hyperparameter values are given in Table I. To control the
vanishing gradient and overfitting problems, batch normaliza-
tion and nonlinearity activation function (PReLU) is used to
train the spatial branch. The proposed models take approx-
imately 10 hours to perform 100 epochs with six batch
sizes.

E. Parameter Tuning

The parameters are tuned with different values to check
the output results in terms of F-measure and MAE. The
greedy search technique is used to tune the parameters of
the optimization algorithm. The values and ranges of tuning
parameters are given in terms of brightness β0, randomness
η, population size (N ), maximum generation (MaxGen), and
learning rate α of the SGFA algorithm. The range considered
for hyperparameter tuning of brightness is taken as (0.1–0.4),
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Fig. 8. Performance comparison of our proposed models (DSCNet and DSCNet+) and SOTA models on the DAVIS dataset in terms of accuracy versus
number of parameters [in millions (M)], FLOPs, training time per epoch, and inference speed (FPS).

TABLE II
COMPARISONS BETWEEN THE PROPOSED MODELS (DSCNET AND DSCNET+) AND 16 SOTA MODELS ON SIX DATASETS. THE TOP THREE RESULTS

ARE HIGHLIGHTED IN RED, GREEN, AND BLUE, AND ARS IS AVERAGE RANKING SCORE

TABLE III
COMPARISON STUDY OF DIFFERENT TYPES OF OPTIMIZATION ALGORITHM WITH THE PROPOSED MODEL (DSCNET+)

attractiveness is taken as (0.2–0.6), and population size N is
(20–40). As the population size and learning rate increase, the

maximum generation size of the proposed model is increas-
ing, but performance is going to go down. So, to maintain
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Fig. 9. Performance comparison of the proposed model (DSCNet+) and SOTA models. Where IF is the input frame, GT is the ground truth, MF is the
motion frame, four is FSNet [1], the fifth is GTNet [49], sixth is LGRN [50], seventh is TIEM [51], and the proposed model (DSCNet+).

TABLE IV
PARAMETER TUNING OF SGFA OPTIMIZATION ALGORITHM IN THE PROPOSED MODEL (DSCNET+)

the performance and iteration size, best combinations of the
parameter are shown in Table IV.

F. Testing Performance
The performance of the proposed models (DSCNet and

DSCNet+) is tested on the DAVIS-16 [54] test dataset
that contains 20 videos, the FBMS [56] test dataset that
contains 30 videos, the DAVSOD-Easy [38] test dataset
that contains 35 videos, the DAVSOD-Difficult-20 [38] test
datasets that contain 20 videos, the MCL [55] test dataset that
contains nine videos, and the SegTrack-V2 [27] test dataset
that contains 13 videos. For testing, no preprocessing and
postprocessing techniques are used. The performance of the
proposed models (DSCNet and DSCNet+) is estimated in
terms of Sα , Fβ , and MAE. Furthermore, the performance of
the proposed models (DSCNet and DSCNet+) is estimated
in terms of complexity and computational measures such
as the number of hyperparameters, FLOPs, and speed. The
performance results are shown in Table II. We have shown
the rankwise list of the best-performing approaches in terms

of average ranking score of F-measure, S-measure, and MAE,
on the DAVSOD-Diff dataset.

G. Computation Complexity Measures

The main aim of this article is to design such a model,
which gives a robust solution without increasing the network’s
computational complexity for VSOD. We compared the com-
putational costs of several techniques in terms of the number
of model parameters (# Param), the number of floating-point
operations (FLOPs), and inference speed [frames per second
(FPS)]. The results are shown in Fig. 8. Here, the number of
parameters is measured in million (M), and the GPU memory
usage is measured in gigabytes (G) FLOPs. The inference
speed is measured by per second number of frames processed,
and runtime is measured in seconds per epoch processed.

H. Comparative Analysis

The proposed models; (DSCNet and DSCNet+) test per-
formance is compared with 16 SOTA VSOD models (refer
Table II) in terms of Sα , Fβ , and MAE. Also, the proposed
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TABLE V
ABLATION STUDIES FOR THE COMPONENTS’ SETTING OF DSCNET+

TABLE VI
ABLATION STUDIES FOR THE DESIGN CHOICE OF DSCNET+

models are compared with the SOTA models regarding com-
plexity and computational measures. These comparative results
are shown in Table II. The table shows that the proposed
models outperform 16 SOTA models on the DAVIS, DAVSOD,
MCL, and DAVSOD-Difficult datasets regarding complexity
and computations. The proposed models generate saliency
maps accurately in less time. The comparison between the
accuracy and efficiency of the proposed models (DSCNet and
DSCNet+) with various SOTA approaches are shown in Fig. 8.
From Fig. 8, we see that the proposed models use significantly
fewer parameters and FLOPs and are substantially faster than
previous SOTA approaches to achieve better accuracy. Using
the SConv, performing multiscale dilation operations with
the SGFA optimizer, and fusing the feature in bidirectional
ways cause the reduction of the model parameters. This
reduction of model parameters increases the inference speed
and decreases the training time. Thus, it can be concluded that
the proposed models (DSCNet and DSCNet+) perform a great
trade between accuracy, the number of parameters, the number
of FLOPs, and speed. The proposed models (DSCNet and
DSCNet+) are located in the top-left corner of the subfigures
of F-measure versus # parameters, F-measure versus FLOPs,
and F-measure versus training time in seconds per epoch. The
inference speed F-measure versus FPS is shown in the right top
corners. The performance of the proposed model (DSCNet+)
is also performed based on the different types of the optimizer
as shown in Table III, which shows that when we use SGFA,
the result increases when compared with other optimizers.

1) Qualitative Comparison: The proposed models (DSC-
Net and DSCNet+) are visually compared with four SOTA
methods in Fig. 9 under various difficult scenes. DSCNet+
can separate salient objects with coherent borders in a variety
of difficult situations, including cluttered background with
low light (fourth and fifth rows), noise between foreground
and background (first rows), occluding objects with motion
blur (third and fifth rows), motion blur with illumination
scenarios (first, fourth, and fifth rows), and perplexing nat-

ural scenarios with deformation (first, second, sixth, seventh,
and eighth rows). Given the simplicity and effectiveness of
DSCNet+, it supports real-world VSOD applications. Our
proposed models outperform the above scenes and demonstrate
great flexibility.

I. Evaluation on DAVSOD-Diff

The DAVSOD-Diff [1] dataset is the most challeng-
ing dataset, containing multiple instances to represent the
wild/unconstrained scenarios. Hence, the results we obtain
on this dataset present the significance of our contribution.
From Table II, it can be observed that the performances of all
the other models drastically decrease; however, our proposed
models are able to maintain the performance. In comparison
to the (previous), best FSNet model [1], our proposed models
increase Sα by 16.62%, Fβ by 17.65%, and MAE by 28.3%.
Compared with the second-best SSAV model, our proposed
models increase Sα by 24.71%, Fβ by 43.60%, and MAE by
37.71%. Similarly, in comparison to the third-best RCRNet
model [47], our proposed models increase Sα by 19.87%,
Fβ by 29.05%, and MAE by 26.80%. In contrast to the
recently proposed models, RCRNet, which uses pseudolabels,
and SSAV, which uses a validation set, our model does not
use additional training data. In addition, recent findings show
that “human visual attention” should be an underlying method
that drives VSOD. The quantitative comparison of SOTA and
proposed models is given in Table II, where the average
ranking score is calculated using the S-measure, F-measure,
and MAE results for all the models on the DAVSOD-Diff
dataset.

J. Ablation Study

We perform an ablation study to show how well the
proposed models’ (DSCNet and DSCNet+) components and
parameter configurations work. The experimental settings are
the same as those in the training Section IV-D. The ablation
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TABLE VII
ABLATION STUDIES FOR EXTRACTING THE MOTION MAP WITH SCM AND FLOWNET2.0 IN DSCNET AND DSCNET+

TABLE VIII
ABLATION STUDIES OF VARIOUS SCM MODULE FUSION WITH FLOWNET2.0 OF THE PROPOSED MODELS (DSCNET AND DSCNET+). HERE, N IS THE

NUMBER OF SCM MODULES

Fig. 10. Failure case of our proposed (DSCNet and DSCNet+) models.
Where IF is the input frame, GT is the ground truth, and the proposed models.

study findings for the suggested module components are
displayed in Table V. These fundamental components are one-
by-one included in the proposed (DSCNet and DSCNet+)
models to provide effective and efficient multiscale learn-
ing. According to Table V, the performance is progressively
improved as each component is added to the framework.
In addition, the comparison between No. 1 and No. 8 shows
the proposed solution’s superiority to the baseline, where the
performance gap is completely attributable to our contribu-
tions because the two models are each trained from scratch.
The findings of the ablation investigation are presented in
Table VI for various network configurations. It is intriguing
to learn that the proposed DSCNet+ is resilient to minor
separable configuration changes. From Table VII, we see
that the component setting of BDCNet shows the important
contribution of increasing the performance of DSCNet and

DSCNet+. Rows 1 and 2 show without motion, which does
not perform well. As the component is added to DSCNet
and DSCNet+, the performance increases. Furthermore, from
Table VIII, as the component (SCM) is added to FlowNet2.0,
the performance of DSCNet and DSCNet+ is increased.
FlowNet2.0 depends on the component of SCM. As the SCM
is added to FlowNet2.0 and fused the feature in bidirectional,
the quality of the motion map increases. Due to that, the
overall performance of the proposed models (DSCNet and
DSCNet+) is increased.

K. Failure Case

We choose a few illustrative failure scenarios and compare
the outcomes of our proposed models. As shown in Fig. 10, the
DSCNet model is unable to distinguish the border between an
object and its background in a crowded scenario along with the
complicated illumination (rows 1–3), whereas it is correctly
detected by DSCNet+. Moreover, the DSCNet model fails
to discern depth information because it cannot discriminate
salient objects when the foreground has a huge nonsalient
object and the target object is in the background (rows 1 and
2). Due to memory or computational constraints, our model
cannot input exceptionally lengthy frames to assess whether
the current item is salient in the last scenario with long-term
temporal dependencies (rows 4 and 5).

V. CONCLUSION

In this article, we handle the problem of salient object
detection in videos containing unconstrained scenarios. The
contribution of this article is multifold. First, we propose a
novel BSCNet, which uses SCM and FlowNet2.0 to extract
lightweight multiscale contextual information across appear-
ance cues and generate enhanced multiscaled motion maps.
Second, a novel DSCNet model is proposed for detecting
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salient objects effectively with the help of enhanced multi-
scaled motion and appearance features. DSCNet is made up of
multiple novel components, namely, the DAFM, BCFM, and
SPM, which collectively handle multiple challenges, such as
partial occlusion, motion blur, noise, and clutter background,
present in a real-time environment. Third, for faster and better
training of the DSCNet model, we propose a novel SGFA,
which adaptively balances the exploration and exploitation in
multiscaled, cross-modal embedded subspaces. The model we
train with the proposed SGFA algorithm creates DSCNet+ on
top of DSCNet, which further improves the results in terms
of the training speed and other evaluation metrics. The perfor-
mance of both the proposed models, DSCNet and DSCNet+,
is evaluated on six publicly available benchmark datasets. With
the help of extensive experimentation and comparative study,
we conclude that our proposed models outperforms 16 SOTA
models in terms of S-measure, F-measure, MAE, number of
parameters, FLOPs, and FPS. One of the major highlights of
the work is the significant performance of the proposed models
on the most difficult DAVSOD-Diff dataset.
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