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Abstract
For video salient object detection (VSOD) tasks, the geometric variations of object foregrounds and backgrounds across
multiple scales pose significant challenges for deep learning models in extracting and integrating semantic features from
video streams. Current deep learning approaches, such as recurrent neural networks and transformers, struggle to capture
both short- and long-term temporal dependencies at a global level due to their fixed kernel structures. Additionally, these
methods are computationally intensive, limiting their practical application. To address these challenges and achieve a balance
between accuracy and computational efficiency, a novel lightweight Deformable Multi-scale Fusion Network is proposed,
which extracts both attention-basedmulti-scale features and geometric features together to generate the efficient saliencymap.
Further, the Geometric Multi-Scale Pixel-level Contrastive Learning (GMPCL) approach, which enhances the geometric
representation of features is proposed using GMPCL loss and separates the geometric representations of foreground and
background features of objects at the pixel level. The performance evaluation is done on six benchmark datasets and compared
with twenty-two state-of-the-art (SOTA) models. The main highlight of this work is that it performs well on most challenging
datasets DAVSOD-Difficult as compared to SOTA models and has 6.2 million network parameters, 5.6 G FLOPS, and 90
FPS inference speed.

Keywords Video salient object detection · Deformable convolution · Multi-scale geometric feature · Deformable attention-
based encoder module ·Deformable atrous attention module ·Deformable fusion network ·Geometric multi-scale pixel-level
contrastive learning

1 Introduction

Telecommunication networks empower the massive amount
of video streaming data collected from multiple Industrial
Internet of Things (IIoT) [29] devices and can be utilized for
various computer vision (CV) tasks. Few application areas
include autonomous cars [60], robotic manipulation [31],
medical image segmentation [14], surveillance system [27],
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smart agriculture [57], smart traffic management [23], smart
home [61], and many more. Video salient object detection
(VSOD) is a crucial pre-processing component of computer
vision systems, which extracts visually distinctive objects in
a video stream. For instance, to extract suspicious activities
in smart home systems, surveillance cameras employ VSOD
components to detect and segment questionable or unusual
objects. Deep learning models are proven to be SOTA in
VSOD [6, 24, 42]. However, these models are not feasible
to be applied in resource constraints environments, such as
in Internet of Things (IoT)-based applications [29], because
of the large requirement of computational resources, stor-
age capacity, training data, poor camera quality, and power
consumption (battery capacity is less).

To overcome the above challenges, designing new light
weight deep learning models for multiple computer vision
tasks is gaining more popularity. Recently, many lightweight
SOD models [6, 19, 45] are proposed, which mainly
focus on employing lightweight backbone networks, such
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Fig. 1 Challenging scenarios from DAVSOD-Diff [18] and DAVSOD-
Normal datasets

as MobileNets [57], VGG-16 [19, 58], EfficientNet [87],
ResNet [21] and ShuffleNets [91] to capture salient objects.
Other works focus on knowledge distillation [90, 96], quan-
tization [13, 34], and model pruning [9, 33] to capture salient
objects using lesser parameters. However, the area of design-
ing lightweight models specific to the VSOD task, which is a
more complex task due to the temporal dependencies among
the image frames, has not been explored much in the litera-
ture.

In another direction, the conventional VSOD methods
capture either spatial or temporal features separately [22, 38,
67], which leads to poor performance in challenging scenar-
ios like low-light, camera motion, partial occlusion, object
deformation, noise, crowd scene, and cluttered background
as shown in Fig. 1. Thus, it is essential to use spatiotemporal
modality. Multiple spatiotemporal fusion-based models [8,
10, 35, 36, 85] have been proposed, which fuse homogeneous
spatiotemporal features for sharing the correlation patterns
of spatial and temporal features of object perceptions, such as
shape,movement, and structure. The limitation of thesemod-
els is that they generate hefty model weights, which makes
it difficult to deploy in resource-constrained environments,
like edge devices and mobile applications.

To solve this issue and follow the current trend, new
lightweight models are being designed for VSOD tasks.
In [23], authors proposed a dual-stream network, which
learns the appearance and motion features from two differ-
ent modules, increases the storage space and decreases the
latency. In [59], the VS-Net model is designed to extract
the multi-scale spatiotemporal features using a long skip-
connection between the encoder block and the decoder block.
These models are unable to handle the geometric varia-
tions of spatial appearance and temporal locality. In [60],
a deformable separable network is proposed, which extracts
the geometric variation-based spatial and temporal features
andovercomes the problemof long skip-connection and short
skip-connection problems using a new module in the inter-
mediate node.

Recently, in [25], authors designed a lightweight neural
network using ShuffleNet-V2 [91] to extract the deep fea-
tures. This model extracts combined multi-modal features
with multi-scale spatial context. Authors in [66] designed a
lightweight network using the concepts of knowledge dis-
tillation to transfer the knowledge of the teacher with the
heavy model to the student network with the light model
and check student learning capability using similarities cal-
culation. Due to the lightweight design, a student fails to
extract multi-scale features, which degrades the overall per-
formance. Using a similar approach, authors in [24] designed
a lightweight model using multiple heterogeneous decoders
in the student network. However, due to the random initial-
ization of the kernel order of the student network, this model
is unable to recognize the informative patterns while reduc-
ing the overall model complexity. However, these models
are not able to capture the local and global contextual fea-
tures from spatial and temporal features. Hence are unable
to balance the trade-off between accuracy and the number of
network parameters. To overcome the above problems and
balance the performance and number of network parame-
ters, we propose a novel lightweight DeformableMulti-Scale
Fusion Network (DMFNet), which extracts efficient multi-
scale geometric features at the pixel level without escalating
network parameters. Hence, it is suitable for IoT applica-
tions.Ourmodel is designedwith the help of theDeformation
Attention Encoder Module (DAEM), Deformable Atrous
Attention Module (DAAM), Deformable Fusion Network
(DFNet), and Receptive Field Blocks (RFB) [43] to extract
efficient multi-scale geometric features across spatial and
temporal features for efficient VSOD. The existing con-
trastive learning [3, 48, 78, 82, 95]methods utilize contrastive
pre-training at pixel-level to optimize the dense spatial and
temporal features and other methods use region mining algo-
rithms [1, 81, 92] extracts region-based semantic features
at image-level. These models pose two major challenges
in dynamic scene environments. (1) It is unable to extract
rich semantic features from the geometric variation changes
of background/foreground and object in the video scene at
random multi-scale and multi-object scenes. (2) The ran-
dom view at multi-scale can be semantically inconsistent
when the dynamic scene is geometrically changed and causes
problems in finding out the correlation between the different
objects or objects foreground and the background from the
same and different frames. To overcome the above problems,
the Geometric Multi-Scale Pixel-level Contrastive Learning
(GMPCL) approach is proposed, which enhances the geo-
metric representation of features and helps to differentiate
the foreground and background of objects based on similarity
match at each pixel level. In this process, the geometric repre-
sentations of foreground region pairs within the same video
are encouraged to attract each other, while the geometric
representations of foreground-background region pairs are

123



International Journal of Multimedia Information Retrieval (2025) 14 :12 Page 3 of 21 12

pushed apart in the latent space using GMPCL loss. The pro-
posed DMFNet model has 6.2 million network parameters,
5.6 Gigabyte floating point operation, and 90 FPS inference
speed. Our work makes several key contributions, which are
summarized as follows:

1. A novel, efficient, lightweight DMFNet model is pro-
posed, which is equipped with an RFB [43], DAEM,
DAAM, and DFNet to extract the attention-based multi-
scale geometric spatiotemporal features and reduces the
skip connection between two nodes.

• To extract the attention-based multi-scale geometric
spatiotemporal together, DAEM is proposed.

• The DAAM extracts multi-scale geometric spa-
tiotemporal features, preserves the short and long-
term temporal dependency and enhances the local-
ization of the objects.

• Further, the DFNet is used, which predicts the
saliency map efficiently and propagates depth-wise
low-rank spatiotemporal features.

2. The proposed GMPCL technique helps the DMFNet
model extract the salient geometric representation of
multi-scale spatiotemporal features without increasing
the network parameters using GMPCL loss.

3. Through extensive experiments, we demonstrate that the
proposed DMFNet model surpasses the performance of
six datasets across various evaluation metrics (including
Sα , Fβ , and MAE) and # network parameters, # FLOPs,
and speed.

The upcoming section is described as follows: first, the
related work; second, the proposed approach; third, the
experiment result; and finally, the conclusion is discussed.

2 Related work

This section overviews the SOTA contrastive learning meth-
ods, deformable convolution methods, multi-scale feature
methods, and lightweight architectures.

2.1 Contrastive learning

Recently, contrastive learning-based methods have gained
popularity and are being explored in different frameworks,
including self-, semi- or unsupervised learning frameworks.
It learns the semantic features while differentiating the posi-
tive samples from several negative samples using similarity-
matching techniques. In this, most of the methods [1, 81,
92] use the negative image pairs, and some are [48, 74,
80, 82, 95] at the pixel level or region level to differenti-
ate the positive samples. Zhong et al. [95] use l2 loss and

contrastive loss at a pixel level to address the false negative
noise and computational issues. Wang et al. [80] propose
a DenseCL to optimize the contrastive (dis)similarity loss
of the image pair views at the pixel level. Pang et al. [48]
introduce a PixCon framework, which uses two different
matching similarity methods to learn the positive informa-
tion and the negative information at the pixel level. Chen et
al. [8] present a VSOD framework that employs a non-local
self-attentionmechanism and contrastive learning to enhance
spatiotemporal feature representations. By integrating co-
attention for multi-level feature fusion and intra/inter-frame
contrastive losses to achieve temporal consistency and pre-
cise foreground-background separation. Tu et al. [70] present
the self-supervised cross-view representation reconstruction
(SCORER) network, which employs multi-head token-wise
matching and contrastive alignment, enabling view-invariant
image representations for stable caption generation. Further-
more, a backward reasoning cross-modal module refines the
captions by modeling and aligning the ‘before’ and ‘after’
representations, improving their informativeness. Wu et al.
[82] design pixel-wise contrastive learning (PCL) strategies
to enhance the intra-pixel density and inter-pixel distinc-
tion for generating efficient feature maps. Tu et al. [71]
introduce a Syntax-Calibrated Multi-Aspect Relation Trans-
former (SMART) to capture robust change features across
diverse scenes and enable reliable cross-modal alignment for
change captioning. It employs multi-aspect relation learning
to disentangle fine-grained changes, ensure view-invariant
representation, and integrate semantic change priors. Addi-
tionally, a Part-of-Speech (POS)-based visual switch dynam-
ically calibrates the transformer decoder, enhancing syntax-
aware alignment for generating linguistically rich change
captions. Tu et al. [72] introduce the Context-Aware Differ-
ence Distilling (CARD) network, which decouples context
features into common and difference contexts, applying
consistency and independence constraints to effectively cap-
ture and distill all genuine changes between image pairs.
This distilled change representation is then transformed
into linguistic sentences using a transformer decoder. Tu et
al. [73] present a self-supervised distractor-immune repre-
sentation learning network that decorrelates and correlates
image channels to stabilize representations under distractors.
This enables enhanced interaction between representations
for capturing reliable features essential for caption genera-
tion. Additionally, a cross-modal contrastive regularization
is introduced to optimize alignment between attended differ-
ence features and generated words. Wang et al. [76] present
a dual-branch dynamic selection-fusion network (DSFNet),
integrating spatial saliency learning and dynamic spatiotem-
poral contrast via optical flow forVSOD.Advancedmodules,
including the Contrast Transformation Mdule (CTM), Con-
trast AnalysisModule (CAM), and SelectionGuidanceMod-
ule (SGM), enable precise feature selection and refinement
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for enhanced detection. However, these methods are unable
to differentiate the multi-objects or object foreground and
background when the object dynamically changes its posi-
tion at a multi-scale pixel-level. To overcome this problem,
we propose a multi-scale geometric pixel-level contrastive
learning (GMPCL).

2.2 Deformable convolution-base approaches

Deformable convolution-based approaches [12, 14, 60, 79,
97] have been developed to adaptively capture geometric
spatial features such as the structure of objects, edges, con-
tour variations, shapes, angles, orientations, etc. Traditional
Convolutional Neural Networks (CNNs) rely on fixed kernel
structures to extract spatial features such as texture, col-
ors, regions, and pixels. To address this limitation, Wang
et al. [79] introduced the InternImage, a Vision Trans-
former (ViT)-based technique that creates a large effective
receptive field, enhancing detection and segmentation tasks.
Similarly, Deng et al. [14] proposed the Spatio-Temporal
Deformable Convolution (STDC) to effectively capture and
fuse motion features. Earlier, Dai et al. [12] presented a
deformable convolution network that addresses geometric
spatial structures using convolution offsets, but it primarily
supports spatial structures and struggles with recognizing
regions of interest. Zhu et al. [97] improved upon this
with Deformable Convnets v2, incorporating an additional
modulation mechanism to enhance region-level modeling
capabilities.However, this approach still falls short inmanag-
ing long-range dependencies of spatial and temporal features.
To overcome these challenges, Singh et al. [60] developed
DSNet, which extracts attention-based spatial and temporal
features without increasing model parameters, thereby pro-
viding a more efficient and robust solution.

2.3 Multi-scale feature fusion approaches

The field of VSOD has seen significant advancements
with the emergence of multi-scale feature extraction and
fusion-based methodologies [5, 11, 32]. These approaches
effectively capture rich information from video frames to
identify salient objects while preserving module-specific
details through layered architectures. However, a critical
challenge faced by these models is the tendency to forget
past module information, leading to increased computational
complexity. To address these issues, Deng et al. [14] intro-
duced the STDF network, which adeptly extracts multi-scale
appearance and motion features. Meanwhile, Cong et al.
[11] devised PSNet, a parallel multi-scale spatiotemporal
extractor, and Ji et al. [32] proposed CASNet, which sim-
ilarly focuses on spatiotemporal features extraction. Despite
their efficacy, these models often incur high computational
costs due to online optimization strategies. Moreover, Xu

et al. [84] put forth a two-stream network designed to
identify high-saliency locations and track salient objects
across consecutive frames. However, these models typi-
cally overlook spatial and temporal distributions, resulting
in imbalanced performance and model complexity. Yue et
al. [89] introduce Multigrained Representation Aggregating
Transformer (MURAT), a full-attentive network that effec-
tively distinguishes viewpoint changes from actual changes
by leveraging a Pair Encoder and Multi-grained Represen-
tation Aggregator (MRA) to construct a reliable difference
representation. A Gating Cycle Mechanism ensures seman-
tic consistency between different representation learning and
language generation, bridging the gap between visual and
textual features.

2.4 Lightweight video salient object detection

CNN-based models [23, 59, 81] for VSOD tasks lever-
age semantic information embedded within the network.
These models typically utilize pre-trained backbones from
ImageNet, yet face challenges such as information leakage
and redundancy. To mitigate these issues, Hu et al. [23]
introduced a dual-stream network that extracts appearance
and motion representations for object detection. However,
this approach struggles with the network burden imposed
by sparse feature matrices. Tang et al. [66] proposed a
lightweight network incorporating knowledge distillation
and a saliency guidance feature embedding module to
enhance spatial and temporal features. Singh et al. [59] devel-
oped VS-Net, tailored for detecting salient objects using
multi-scale spatiotemporal features, but faces limitations due
to long dependencies in skip connections. Hu et al. [24]
introduced a lightweight model integrating multiple hetero-
geneous decoders via 3D convolutions to enhance accuracy,
yet it does not explicitly address correlation features asso-
ciated with object and background deformations. Cheng et
al. [9] proposed a holistic lightweight model for extract-
ing spatiotemporal features, yet struggles with detecting
objects in cluttered backgrounds and scenes with deforma-
tion. Recently, DSNet [60] was introduced to address these
challenges, demonstrating efficiency in training and testing
times by leveraging separability and deformability concepts.
Su et al. [63] introduce the Unified Framework for Group-
based Segmentation (UFGS), which utilizes a transformer
block to capture long-range dependencies between image
patches, enhancing patch-structured similarities. An intra-
MLP learning module generates self-masks to reduce partial
activation, improving segmentation accuracy. Xu et al. [85]
enhance video segmentation using the Segment Anything
Model (SAM), incorporating SAM-guided edge information
to refine labels and mitigate interference. A SAM-driven
spatiotemporal network and a global-aware loss are intro-
duced to capture global semantic relationships and improve
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salient object detection. Zhao et al. [94] present a space-time
memory (STM)-based network with an encoder-decoder
architecture that efficiently extracts temporal features from
adjacent frames and integrates spatial-temporal fusion for
object detail enhancement and saliency map reconstruction.
A motion-aware loss for multitask learning improves both
video salient object detection (VSOD) and object motion
prediction while maintaining object integrity. Huang et al.
[26] introduce a lightweight VSOD architecture utilizing
a ShuffleNet-V2 backbone for efficient feature extraction,
combined with a Depth-wise Multi-scale Pooling Module
(DMPM) for compact multi-scale context aggregation. A
Shuffle-enhancedMulti-modal FusionModule (SMFM) pro-
gressively fuses spatial and temporal information, achieving
competitive accuracy with a significantly smaller model size.

3 Proposedmethodology

3.1 Motivation

Current multi-scale spatial and temporal models [43, 44, 52,
65, 86, 89] often rely on fixed kernel structures and com-
plex architectures, resulting in high computational overhead,
slower inference speeds, and increased hardware demands.
Deformable convolution-based approaches [12, 60, 79, 97],
though efficient in capturing geometric spatiotemporal fea-
tures at low cost, struggle with generalization on unseen
data at multiple scales. To address these limitations, we pro-
pose a Deformable Multi-Scale Fusion Network (DMFNet),
which extracts the attention-based geometric spatial and tem-
poral features such as various size, shape, orientation, and
deformation dynamically using the proposedmodulesDefor-
mation Attention Encoder Module (DAEM), Deformable
Atrous Attention Module (DAAM), and Deformable Fusion
Network (DFNet) that improves accuracy and robustness
by capturing diverse object patterns, including occlusions,
scale variations, and rapid motion. Furthermore, existing
contrastive learning methods [1, 8, 41, 70, 72] fail to
differentiate geometric changes across foreground and back-
ground objects at multiple scales. To overcome this problem
a Geometric Multi-Scale Pixel-wise Contrastive Learning
(GMPCL) is proposed, which extracts geometric features
such as shape, size, orientation, and angle, enabling the effi-
cient differentiation of foreground and background object
similarities across video clips. This novel approach enhances
both accuracy and robustness while preserving the temporal
locality of the objects.

3.2 Overview of proposedmethod

To capture the efficient location information and conserve
boundary localization using prior context, a novel, effi-

cient, lightweight Deformable Multi-scale Fusion Network
(DMFNet) is proposed as shown in Fig. 2. Initially, the
input frame is passed to the backbone VGG-16 [19, 58]
network, which extracts the spatiotemporal information in
the DMFNet. The top four blocks output of the back-
bone with dimensions (128, 256, 512, 512) are passed
to the Receptive Field Blocks (RFBs) [43], which extract
the multi-scale spatiotemporal information and generate the
multi-scale spatiotemporal information with dimension (64).
These multi-scale spatiotemporal information are passed to
the encoder blocks as well as the decoder blocks to extract
the multi-scale geometric spatiotemporal features. The out-
put of encoder blocks is passed to the DAEM, which extracts
the attention-based multi-scale geometric features. Further,
the output of encoder blocks, decoder blocks, and DAEM are
cross-multiplying together to enhance and generalize the fea-
ture quality. After that, these features are passed to DAAM to
extract discriminative attention-based multi-scale geometric
features and normalize them. At last, the DFNet is used to
enhance the feature vector and generate the saliency maps.
To efficiently learn the multi-scale geometric semantic infor-
mation, the proposed Geometric Multi-Scale Contrastive
Learning (GMPCL) technique is used, which differenti-
ates the foreground and background information of salient
objects. The main objective of GMPCL is to make similar
foreground pixels of the feature maps close in the same video
and far away from background pixels in the same or differ-
ent video at the pixel level. By finding out the positive and
negative similarities between the total video clips, where the
positive similarity is between foreground-to-foreground and
the negative similarity between foreground-to-background
or background-to-background between the same or different
video clips. Due to GMPCL, the proposed DMFNet is able
to learn the geometric multi-scale pixel-level attention-based
contrastive features and improves the temporal information.
In the subsequent subsections, we will describe a detailed
explanation of the DMFNet model and its components with
the GMPCL loss and the process of producing the saliency
map SMk .

3.3 DMFNet network architecture

The DMFNet is a combination of four RFB blocks (RFBi ,
i = 1, 2, 3, 4), each with different dimensions 128, 256, 512
and 512, four encoder blocks (Ei , i = 1, 2, 3, 4), four decoder
blocks (Di , i = 1, 2, 3, 4), four DAEM modules (DAi , i =
1, 2, 3, 4) details is given in Sect. 3.5, four DAAM mod-
ules detail is given in Sect. 3.6, and one DFNet modules
with 64 dimension detail is given in Sect. 3.7. The encoder
blocks Ei is a combination of two depthwise convolutions
(DWSConv), Batch Normalization (BN), and ReLU activa-
tion layers. The decoder blocks Di is a combination of two
DSConv layers, a transposed convolution layer (TC), and
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Fig. 2 Architecture of DMFNet.Where E is an encoder block, D is the decoder block, DA is deformable attention-based encoder module (DAEM),
⊗ is element-wise multiplication, DAAM is a deformable atrous attention module, and DFNet is a deformable fusion network

ReLU activation layers. The last four blocks of the back-
bone VGG-16 network [19, 58] are connected to the four
RFB blocks with different dimensions (512, 512, 256, and
128), which generates the multi-scale spatiotemporal repre-
sentation information in (256, 256, 128, and 64) dimensions.
The RFB block output is passed to each encoder block as
well as each decoder block. Each encoder block output is
passed to each DAEM module to extract the attention-based
multi-scale geometric spatiotemporal information. Further,
the output of each encoder block, DAEM, and decoder
block are multiplied to enhance the attention-based multi-
scale geometric spatiotemporal information and give the
generalized cross-attention-basedmulti-scale geometric spa-
tiotemporal information. After that, DAAM is used to extract
the discriminative cross-attention-based geometric features
and normalize them. At last, these features are passed to the
DFNet, which generalizes the features from high-level to
low-level and generates enhanced saliency maps SMk .

3.4 Multi-scale geometric attention feature
extraction

Given a dataset comprising T video clips, eachwith k consec-
utive frames (where k = 1, 2, · · · , T ), the appearance frames
are denoted as (Ak)

T
k=1, and the corresponding annotation

maps are represented as (GTk)Tk=1. These frames are passed
to the DMFNet, where at first, the backbone spatiotempo-

ral features X
bp
k ’s for {p = 1, 2, 3, 4} with dimensions 128,

256, 512, and 512, respectively, are extracted using the back-

bone VGG-16 network. These backbone features are then
forwarded to four RFBblockswith the help of different filters
(1×1, 3×3, 5×5, 7×7) and dilation operations (1, 3, 5, and
7) to extract themulti-scale spatiotemporal information, X

mq
k

for {q = 1, 2, 3, 4} with dimensions 256, 256, 128, and 64,
respectively. These features are passed to the four encoder
blocks E to encode the multi-scale geometric spatiotem-
poral features X

eq
k . These multi-scale geometric encoder

spatiotemporal features are passed to the four DAEM mod-
ules DA to extract the attention-based multi-scale geometric
spatiotemporal information and generate the attention-based

multi-scale geometric spatiotemporal information (X
daq
k ).

The process is given in Eq. 1.

X
daq
k = DA(X

eq
k ), for q = 1, 2, 3, 4 (1)

The multi-scale spatiotemporal features X
mq
k ’s are passed

to the four decoder blocks Dq ’s to extract themulti-scale geo-

metric decoder spatiotemporal features (X
dq
k ). The procedure

is given in Eq. 2.

X
dq
k = D(X

mq
k ), for q = 1, 2, 3, 4 (2)

where D’s are the decoder blocks. Further, the crossmuta-
tion of feature attention is performed between encoder blocks

output (X
eq
k ), decoder blocks output (X

dq
k ), and DAEMmod-

ules output (X
daq
k ) for {q = 1, 2, 3, 4}, using element-wise

multiplication operation ⊗ and generate the generalized
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Fig. 3 Architecture of deformable attention encoder module (DAEM).
Where DConv is a deformable convolution layer with 1 × 1 filter, ⊕ is
element-wise addition operation, BN is batch normalization, DWSConv
is the depth-wise separable convolution

representation of attention-based multi-scale geometric spa-
tiotemporal information using Eq. 3.

Xq
k = X

dq
k ⊗ X

daq
k ⊗ X

eq
k , for q = 1, 2, 3, 4 (3)

Next, the cross-mutated representation of attention-based
multi-scale geometric spatiotemporal features (Xq

k ) is given
as input to the DAAM modules, which extract the cross
representation of attention-based multi-scale geometric spa-
tiotemporal features and enhance the representation of these
features.

X
gq
k = DAAM(Xq

k ), for q = 1, 2, 3, 4 (4)

At last, the cross representation of enhanced attention-
based multi-scale geometric spatiotemporal features (X

gq
k ) is

passed to theDFNet,which converts the high-level resolution
spatiotemporal features to low-level attention-based multi-
scale geometric features and generates the enhanced saliency
maps SMk .

SMk = DFNet(X
gq
k ), for q = 1, 2, 3, 4 (5)

To provide the supervision to the proposedmodel (DMFNet),
the GMPCL loss followed by Binary Cross Entropy (BCE)
and Intersection over Union (IoU) is used, which distin-
guishes the foreground and background hard pixels locally
from the same video clips or different clips and soft pixels
globally (Fig. 3).

3.5 Deformable attention encoder module (DAEM)

The localization of salient objects is a challenging problem in
VSOD. Generally handling the localization problem, recent

DConv

d=1 d=5

DSWConv

DSWConv DSWConv

DSWConv DSWConv DSWConv

d=3

d=1 d=3

Fig. 4 Architecture of deformable atrous attention module (DAAM).
Where DConv is a deformable convolution layer with 1 × 1 filter, ⊕
is element-wise addition operation, d is the dilation rate, BN is batch
normalization, DWSConv is the depth-wise separable convolution and
σ sigmoid operation

methods [10, 59] only use multi-scale spatiotemporal fea-
tures, which is insufficient to detect deformable scenes and
objects. So, some contemporary methods use the motion
map [31, 55] as an additional modality to detect salient
objects. However, these methods still failed to detect the
geometric variation of background and foreground scenes
and increased the computational complexity, storage, and
network parameters. So to overcome these problems, the
Deformable Attention-based Encoder Module (DAEM) is
proposed, which solves the localization problem with the
help of deformable convolution layer (DConv), DWSConv
layers, and deformable cross-attention module (DCAM) [7].
The DAEM is used to bridge the correlation gap between two
adjacent frames. It is learning the weight map to give local-
ization information from the feature map and play a more
significant role in low-light scenes. DAEM has four blocks
(B1, B2, B3, B4), and the B1 block has one DWSConv layer
with 3 × 3 filter, BN, non-linear ReLU activation function
followed byDCAMmodule and generate the features E1. B2

has one DWSConv layer with 3× 3 filters, BN, DConv, and
ReLU followed by DCAM and give the features E2 and fuse
with E1. The B3 has one DWSConv with 3 × 3 filter, two
BN, DConv with 1× 1 filter, ReLU followed by DCAM and
fuse with the fusion of E1 and E2. The B4 has two DWS-
Conv with 3 × 3 filter, two BN, DConv with 1 × 1 filter,
ReLU followed by DCAM to extract the multi-scale geo-
metric spatiotemporal features and fuse using element-wise
addition operation (⊕) with the fusion of E1, E2, and E3. At
last, the attention-based multi-scale geometric spatiotempo-
ral features is generated Xkda .
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D D D D

DConv

LN

DConv DConvDConv

DWSConv DWSConv DWSConv DWSConv

LN LN LN

Fig. 5 Architecture of deformable fusion (DFNet). DWSConv is a
depth-wise separable convolution layer, D is a dropout layer, DConv
is a deformable convolution layer, LN is layer normalization, and, at
last, element-wise (⊕) addition operation

3.6 Deformable atrous attentionmodule (DAAM)

A DAAM module, which autonomously fuses diverse fea-
tures, is proposed to explore the correlation between cross-
level and multi-scale features. Initially, the distinctions in
cross-level features arise from the focus of shallow layers on
spatial texture cues and deeper layers on semantic context
information. It extracts the multi-scale and cross-level fea-
tures using theDWSConv layer andDConv layer in a densely
connected manner and strengthens the multi-scale geomet-
ric spatiotemporal cues. As shown in Fig. 4, the first three
DWSConv layers with 3 × 3 filters and dilation rates (1, 3,
5, 7) are used to extract the features at different scales. Next,
these layers’ output is densely cross-mutated using element-
wise multiplication ⊗ and passed to two DWSConv layers,
which have 3×3 filters with dilation rates (1, 3) to extract the
more discriminative cross-level multi-scale features and fuse
together using element-wise addition ⊕ operation. Further,
a DWSConv layer is used with 3× 3 filters to generalize the
cross-fused features and multiplied using element-wise mul-
tiplication⊗with the directly passed features to preserve the
features inconsistency. Lastly, the DConv layer with 1×1 fil-
ter is used to extract the geometricmulti-scale spatiotemporal
representation and adapt the short- and long-term temporal
dependency dynamically.

3.7 Deformable fusion network (DFNet)

The current existing methods [31, 39, 50] use the saliency
head U-Net-based architecture, which converts high-level
strong features to low-level weak features and generates
inconsistency at the feature level. These models are unable
to differentiate the foreground and background of saliency
objects in geometric variation changes at the pixel-level.
To overcome these problems, the Deformable Fusion Net-
work (DFNet) is proposed, which has four blocks, and each
block is a combination of a DWSConv with 3 × 3 filter,

Fig. 6 Architecture of geometric multi-scale pixel-level attention con-
trastive learning (GMPCL). AT is the attention map, S1, S2, andS3 are
the multi-scale attention feature maps, and ⊕ is the element-wise addi-
tion operation

Layer normalization (LN), dropout (D) layer, DConv layer
as shown in Fig. 5. The DFNet has two properties: (i) it gives
depth-wise low-rank geometric features, and (ii) it preserves
temporal order. The generalized representation of attention-
based multi-scale geometric features Xg2 , Xg3 , Xg4 , Xg5 are
given input to the four DConv layer to extract low-rank geo-
metric patterns and captures essential properties of objects,
which summarizes the object’s position and orientation with-
out increasing the network parameters and floating point
operation. Next, LN is used to normalize the activation of the
neurons within a layer and reduce internal covariate shifts to
the parameter updates during feature extraction. Further, four
DWSConv layers are used to learn the depth-wise and point-
wise sparse representation of the object’s foreground and
background features. The four dropout layer (D) is used to
drop the randomly 50% connection of the network to reduce
the overburden and overfitting of the network parameters. At
last, all the block features are fused together using element-
wise addition ⊕ operation, and the saliency maps SMk are
generated.

3.8 Geometric multi-scale pixel-level contrastive
learning

The recent existing VSOD methods [8, 31, 59, 60, 93]
utilize the Binary Cross Entropy (BCE) and Intersection
Over Union (IOU) loss function during training. These
methods are unable to capture the geometric variation of
intra-pixel semantic features and inter-pixel discrimination
features at multiple scales. To overcome these challenges,
the Geometric Multi-Scale Pixel-level Contrastive Learning
(GMPCL) technique is proposed as shown in Fig. 6, which
performs two operations. (1) Attention map augmentation
is performed using the proposed Spatial Channel Attention
Pooling (SCAP) Module and generates multi-scale views
of attention while sharing important views of features at
the pixel level. (2) The attention map view is distributed
into two regions (foreground and background) using ground-
truth annotation maps at pixel-level. Then the Geometric
Multi-Scale Pixel-wise Contrastive learning (GMPCL) loss
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is performed to find the similarity between foreground and
background regions at each pixel from the same or the differ-
ent video clips as shown in Fig. 7 where similar foreground
attention features pull together and dissimilar foreground
attention regions and background attention regions far at
pixel-level representation space.

Spatial channel attentionpooling (SCAP)SCAPcalculates
the attention maps in two ways using saliency maps (SMk),
first using3×3 convolution layer (Conv2d), channel attention
(CA), and sigmoid (σ ) activation layer, which gives more
attention to each channel of the featuremap. Second,Conv2d,
spatial attention (SA), and σ give more attention to each and
every pixel-level change of the object’s spatial structure, and
sigmoid activation is used to parameterize the spatial and
channel attentionmaps on the activation priority. The process
is given in below Eq. 6.

AM1 = σ(Conv2d(CA(SMk)))

AM2 = σ(Conv2d(SA(SMk)))
(6)

Further, these attention maps (AM1,AM2) are fused at the
pixel level together to generate the total attention maps
(AMk). The process is given in below Eq. 7.

AMk = 1

|C | ×
(∑
i∈C

AM1

)
+ AM2 (7)

where C is the number of channels. Next, the attention maps
(AMk) are normalized using the l2-norm and denoted as
A ∈ R

h×w×3 as attention maps. Nc represents the count of
pixels with class c ∈ {0, 1} in the annotation map G, while
NG represents the total number of pixels in G, aA

p denotes a
d-dimensional attention map vector, which is extracted from

A at pixel p. Suppose �
GG
pq = �

[
yGp = yGq , p �= q

]
and

eF(aA
p ,aA

q ) = exp(F(aA
p /τ, aA

q /τ)), where F(.) is the func-
tions such as covariance, skewness, and polynomial kernel,
yGp and yGq are annotation maps of pixel p and q in G, while
r is the pixel r ∈ (p, q) in G, and τ is a temperature hyper-
parameter [8, 82]. The process of calculating GMPCL loss
is shown in Eq. 8.

GMPCL =
K∑

k=1

− 1

NG

NG∑
p=1

1

NG
yGp

N0+N1∑
r=1

1GG
pg log(GMPCLw)

(8)

where GMPCLw is GMPCL weight, which is calculated
using the covariance [2, 4], skewness [1], and polynomial
kernels [28] at the pixel-level from the attention maps. As
shown in Figs. 6 and 7 the covariance calculates the similarity
between foreground and background pixels from geometric

changes in attention map resolution, while skewness cal-
culates the similarity between foreground and background
pixels from geometric changes of attentionmap contrast, and
the polynomial kernel calculates the similarity between outer
and inner bound of the foreground and background pixels
from attention maps at pixel-level. Positiveness is defined
as foreground or foreground-to-foreground from the same
video frames, while negativeness is defined as foreground-
to-background or background-to-background from the same
or different video frames. The similarity is found using the
exponential operation on covariance, skewness, and polyno-
mial kernel. The process is given in Eq. 9.

GMPCLw = eCov(a
A
p ,aA

q )∑N0+N1
r=1 eCov(a

A
p ,aA

r )
+ eSkew(aA

p ,aA
q )∑N0+N1

r=1 eSkew(aA
p ,aA

r )

+ ePolyk(a
A
p ,aA

q )∑N0+N1
r=1 ePolyk(a

A
p ,aA

r )
(9)

where + is the element-wise addition operation. Cov(aA
p , aA

q )

is the covariance, Skew(aA
p , aA

q ) is the skewness, and
Polyk(aA

p , aA
q ) is the polynomial kernel between two pixels

p and q of attention map.

CovarianceThe covariance is used to calculate the similarity
of the attention map inside a region of contrast at pixel-level
using below Eq.10.

Cov(aA
p , aA

q ) = 1

N − 1

N∑
i=1

(aA
pi − ā A

p )T (aA
qi − ā A

q ) (10)

where N is the total number of attention maps.

Skewness The skewness is used to balance the distribu-
tion mismatch at high order and efficiently discriminate the
positive and negative foreground and background pixels at
pixel-level at low variance using Eq.11.

Skew(aA
p , aA

q ) = 1

N − 1

N∑
i=1

(aA
pi − ā A

p )T (aA
qi − ā A

q )

S3
(11)

Where S3 is the standard deviation, ā A
p is the mean of the

pixels.

Polynomial Kernel The previous polynomial kernel-based
contrastive learning method [92] calculates positiveness and
negativeness from the feature map at the image-level. Due
to that, it contains incomplete or false positive and nega-
tive pixels of salient objects. To overcome this problem, the
polynomial kernel,whichhas twoGaussiankernels, is used to
find out the mean discrepancy between foreground and back-
ground pixels. The first kernel observes similar foreground
pixel contrast, pixel positions, and pixel intensities, while
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Positive Similarity

Negative Similarity

Foreground

Background

Foreground to Foreground

Foreground to Background

Background to Background

A-1 A+1A

AA-1 A+1

Fig. 7 Illustration of the positive and negative similarity pixel-wise
from same video frames and different frames. The pink dot is the
foreground, and the yellow dot is the background. The foreground-to-

foreground similarity is positive, while foreground-to-background and
background-to-background similarity is negative from the same video
frames and different video frames

the second kernel is used to control the scale of the Gaussian
function to isolate foreground and background pixels and
enhance the smoothness of attention regions. The process is
given in Eq. 12.

Polyk(aA
p , aA

q ) = 1

N − 1

N∑
i=1

(aA
pi − aA

qi )
2

= (aA
pi )

2 + (aA
qi )

2 − 2aA
pi a

A
qi

(12)

The polynomial kernel (Polyk) increases the contrast
between foreground and background pixels. The Polyk gen-
erates the contrast 0 when aA

pi = aA
qi and aA

pi > aA
qi it

generates the minimum gap between aA
pi and a

A
qi pixels con-

trast.

Total lossFurther, to train the proposedmodel, the above pro-
posed GMPCL loss is combined with Binary Cross Entropy
(BCE) and Intersection Over Union (IoU) loss, which effi-
ciently and effectively guides the network to learn the more
geometric variation changes of objects. The process is given
in Eq. 13.

Tloss = BCE(SMk,GTk) + IoU(SMk,GTk)

+ GMPCL(SMk,GTk) (13)

Where Tloss is the total loss, SMk is saliency maps, and
GTk is annotation maps.

4 Experiments and result analysis

This section comprehensively details the experimental setup,
encompassing datasets, training and testing performance,
computational complexity measures, a comparative analysis
against benchmarks, and an ablation study.

0 50 100 150 200
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100
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EUVSOD

SKD
DBSNet

UFGS

VS-NetTinyHD
DSNet

DMPM

TENet

STAViS
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HFANSSTAMISVOS
FCAF

SCOTCHMUNet

STDF
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L
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P
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(G

)

Fig. 8 Performance evaluation of our proposed DMFNet model and
SOTA models in terms of # parameters and # FLOPs

4.1 Experimental setup

The experiment is conducted on a 64-bit Ubuntu 18.04 sys-
tem, which has 32 GB RAM, 1 TB hard disk, and a 200 MB
Solid State Drive (SSD). The GPU P5000/PCIe/SSE2 con-
figuration is 16 GB with 490 NVIDIA Driver. Anaconda 3.8
and PyTorch [49] version 1.12.0 with CUDA 11.2 is installed
on theGPUmachine. All the input frame sizes are 352× 352.
To optimize the total loss (GMPCL + BCE + IOU) function,
a weighted Adam optimizer is used in the proposed model
(DMFNet) with the learning rate of 1e−4, weight decay of
1e−5, and multi-scale training is performed on weight (1,
0.75, 0.50, 0.25).
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4.2 Datasets and performancemetrics

The experiment of the proposed DMFNet model is con-
ducted on six well-established VSOD benchmark datasets:
(1) DAVIS-16 [6]1: Renowned for comprises 50 high-quality
video sequences, where 30 videos allocate for training and 20
for testing. (2)MCL[31]2 Consists of nine testingvideo clips.
(3) FBMS [56] 3 encompasses 59 video clips with 29 videos
designated for training and 30 for testing. (4) SegTrack-V2
[37] 4 comprises 13 testing video clips. (5) DAVSOD19 [15] 5

consist of 142 video sequences,which includes 61 video clips
for training and 81 for testing. (6)DAVSOD-Difficult-20 [15]
contains 20 testing video clips. The evaluation performance
of the proposed DMFNet model is measured in structure-
measure (Sα) [56], Mean Absolute Error (MAE) [75], and
F-measure (Fβ ) [31].

4.3 Training performance

The proposedDMFNetmodel has two training steps. (1) Pre-
training is performed using the DUTS [31] images dataset to
overcome overfitting of themodel and the loss function (BCE
+ IOU) is used. (2) The fine-tuning operation is performed on
5189 frame samples,which is the combinationofDAVISwith
2373 frames (30 videos), FBMS 600 frames (29 videos), and
remaining DAVSOD with 2216 frames (35 videos) datasets.
DMFNet extracts the multi-scale geometric attention-based
spatial features from each and every frame, while the tempo-
ral features are extracted from adjacent frames based on the
batch sizes. Fine-tuning is performed on training datasets and
optimizes the total loss (BCE + IOU + GMPCL) loss using
theWeighted AdamOptimizer. For controlling the vanishing
gradient problem, l1 and l2 regularization [68] functions are
used during the training of themodel. The proposedDMFNet
model takes approximately 8h to perform the fine-tuning on
35 epochs with 8 batch sizes on a single NVIDIA GPU.

4.4 Testing performance

The testing performance of the proposed DMFNet model is
evaluated on a test dataset of DAVIS16 with 20 videos, FBMS
with 30 videos, DAVSOD (Easy, Difficult) with 81 and 20
videos, MCL with nine videos, and SegTrack-V2 with 13
videos. The data augmentation techniques (motion blur, l1
and l2 regularization, rotation, and geometric transforma-
tion) are used to preprocess the feature quality. The testing

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

bl
e
2

C
om

pa
ri
so
n
of

th
e
di
ff
er
en
tt
yp
es

of
lig

ht
w
ei
gh
tb

ac
kb
on
e
ne
tw
or
k
w
ith

D
M
FN

et

B
ac
kb
on
e

#
Pa
ra
m

FL
O
Ps

Sp
ee
d

M
em

or
y
fo
ot
pr
in
t

D
A
V
IS

M
C
L

FB
M
S

Se
gT

ra
ck
-V

2
D
A
V
SO

D
D
A
V
SO

D
-D

if
f

(M
)

(G
)

(F
PS

)
(M

B
)

S α
M
A
E

S α
M
A
E

S α
M
A
E

S α
M
A
E

S α
M
A
E

S α
M
A
E

L
ig
ht
V
iT

[2
7]

6.
8

5.
73

90
.2

23
0.
89
0

0.
03
4

0.
82
9

0.
03
2

0.
87
8

0.
02
8

0.
86
9

0.
03
5

0.
82
0

0.
05
4

0.
43
9

0.
11
0

M
ob
ile
N
et
2.
0
[5
7]

5.
5

4.
7

80
.9

30
0.
90
1

0.
02
9

0.
82
6

0.
04
0

0.
87
0

0.
03
1

0.
82
4

0.
04
9

0.
77
2

0.
05
7

0.
45
3

0.
10
7

E
ffi
ci
en
tN

et
[2
3]

14
.2

13
.4

68
.2

36
0.
88
5

0.
04
2

0.
86
0

0.
03
0

0.
86
5

0.
03
5

0.
88
2

0.
02
9

0.
78
0

0.
04
5

0.
46
0

0.
10
4

Pe
le
eN

et
[7
7]

7.
9

6.
8

49
.7

45
0.
87
2

0.
03
9

0.
85
9

0.
03
3

0.
83
1

0.
03
4

0.
86
3

0.
04
9

0.
76
5

0.
05
7

0.
44
9

0.
11
1

Sq
ue
ez
eN

et
[3
0]

7.
5

6.
1

60
.4

56
0.
89
0

0.
03
9

0.
85
6

0.
03
6

0.
84
2

0.
03
8

0.
86
0

0.
03
9

0.
76
2

0.
06
0

0.
43
3

0.
11
5

R
es
N
et
-5
0
[2
1]

29
.2

27
.6

40
.2

59
0.
91
1

0.
02
7

0.
86
5

0.
02
8

0.
85
7

0.
04
8

0.
86
8

0.
04
7

0.
76
9

0.
06
6

0.
46
6

0.
10
0

R
es
N
eX

t-
50

[8
3]

32
.6

28
.8

44
.5

48
0.
89
5

0.
03
0

0.
84
6

0.
03
4

0.
83
2

0.
05
5

0.
86
8

0.
03
8

0.
77
6

0.
05
9

0.
42
9

0.
11
7

V
G
G
-1
6
[5
8]

6.
2

5.
6

92
.0

20
0.
91
0

0.
02
4

0.
86
5

0.
02
0

0.
90
7

0.
02
4

0.
90
5

0.
01
2

0.
84
0

0.
05
5

0.
52
8

0.
09
7

123

https://davischallenge.org/
http://mcl.usc.edu/mcl-jcv-dataset/
https://lmb.informatik.uni-freiburg.de/resources/datasets/
https://web.engr.oregonstate.edu/~lif/SegTrack2/
https://github.com/DengPingFan/DAVSOD/


International Journal of Multimedia Information Retrieval (2025) 14 :12 Page 13 of 21 12

IF GT FCAF[68] SCOTCH[67] HFAN[71] RCRNet[80] APS[72] MUNet[83] DMFNet

Fig. 9 The visual performance comparison of the proposed DMFNet model and SOTA models on the most difficult scenario of the DAVSOD-
Difficult dataset

Fig. 10 Performance comparison between loss (MAE) and # of itera-
tion during training of our proposed DMFNet model

performance of the proposed DMFNet model is generated on
Sα , Fβ , and MAE. Next, the complexity and computational
performance of the proposed DMFNet model are measured
in the # network parameters, # FLOPs, and the speed and the
results are illustrated in Table 1.

4.5 Comparative analysis

The test performance of the proposed model (DMFNet)
is compared with fifteen SOTA VSOD models and seven
lightweight models in terms of Sα , Fβ , and MAE. The

Table 1 shows that the proposed (DMFNet) model demon-
strates superior performance on challenging datasets such as
DAVSOD-Difficult, its performance on other datasets shows
somevariability, especially on theDAVISdataset. The reason
behind this underperformance could be the extremely fine-
grained annotations, and higher diversity in motion patterns
in the DAVIS dataset [16]. Note that the issue on DAVIS-
16 doesn’t necessarily challenge the generalization ability of
the proposed model. Instead, it reflects the dataset’s unique
characteristics. These concerns will be addressed in future
work. From Table 1, we observe that the proposed DMFNet
model demonstrates superior performance compared to fif-
teen SOTA models and seven lightweight VSOD models,
almost on DAVSOD, MCL, SegTrack-V2, and DAVSOD-
Difficult datasets, asmeasured bymetrics such as Sα , Fβ , and
MAE. Additionally, the DMFNet model outperforms fifteen
SOTAmodels in terms of complexity and computational effi-
ciency and is second best to seven lightweight VSODmodels
in # parameters, Flops, and first in speed. The saliency maps
are efficiently generated by the DMFNet model in less time
in comparison to the SOTA models. The Table 1 shows that
the DMFNet model takes fewer parameters, FLOPs, and sig-
nificantly faster speed in comparison to SOTA models to
get better testing accuracy. So, the DMFNet model performs
well, and it is able to balance the performance and # param-
eters, FLOPs, and speed. The comparison of # parameters
and FLOPs are given in given in the Fig. 8. Additionally, the
DMFNet is compared with different backbone networks, and
the results are illustrated in Table 2.
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4.5.1 Qualitative comparison

The qualitative comparison of the DMFNet is compared with
six SOTA models, which are given in Fig. 9 as a form of
saliency map in various difficult scenarios. The DMFNet
model can distinguish the salient object from the background
with clear borders in various difficult scenarios, such as illu-
mination with motion blur (2nd, 6th rows), partial occlusion
with motion blur (5th and 7th), illumination with low-light
vision (1st, 2nd, 4th, and 6th rows), clutter background with
noise (3rd and 8th rows), and illumination with deformable
object/background (1st, 2nd, 3rd, 4th, and 5th rows). From
Fig. 9, we observed that our DMFNet model is able to detect
almost all the difficult scenarios on the DAVSOD-Difficult
dataset, which shows their capability to use in real-time
VSOD applications on mobile and edge devices.

4.6 Failure cases and future works

The proposed DMFNet model is compared with four SOTA
models in terms of the failure cases as shown inFig. 11,which
illustrates that it faces problems in detecting the shadowwith
low light contrast in row 1, and deforming objects with dif-
ferent lighting conditions in rows 3 and 4. Row 2 shows a
large scale with deformation, which causes problems in dis-
tinguishing the border between an object and its background
and is unable to detect the proposed as well as SOTA mod-
els. To overcome these problems, knowledge distillation and
multi-domain contrastive learning approaches will be con-
sidered in the future.

4.7 Ablation study

The ablation study of the proposed DMFNet model is illus-
trated in Table 3, which shows the effectiveness of each
component setting of the DMFNet model. It is designed
parallelly, which is densely connected to VGG-16 Back-
bone Network, four Encoder (Ei , i = 1, 2, 3, 4) blocks,
and Decoder (Di , i = 1, 2, 3, 4) blocks with DAEM,
DAAM, and DFNet. The parallel connection of the DMFNet
modules is more effective and can outperform when the
visual connection processing is used hierarchically. So, we
use the attention-based multi-scale geometric spatiotempo-
ral features extraction mechanism in our DMFNet model.
The results of the DMFNet model show that using the
attention-based multi-scale geometric spatiotemporal fea-
tures outperformed visual perception learning hierarchically.
The Table 3 shows that as the component of the model
is added into the framework, the performance is gradually
increased. In addition, the comparison between No. 1 to No.
13 shows the inferiority of the proposed solution, which is
compared with the baseline. The Table 4 shows that as the
components are added to the proposed model, # parameters Ta
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IF GT FCAF SCOTCH HFAN RCRNet DMFNet

Fig. 11 The failure case of DMFNet and SOTA models on the DAVSOD-Difficult dataset. IF is the input frame, and GT is the annotation map,
SPGO [54], TMO [10], CFAM [8], HCPN [51], and DMFNet

Table 6 Effectiveness of attention module with different variations of
GMPCL. Where CL is contrastive learning, AM is attention module,
PCL is pixel-level contrastive learning,MPCL is multi-scale pixel-level

contrastive learning, and GMPCL is geometric multi-scale pixel-level
contrastive learning

Different combination DAVIS MCL FBMS SegTrack-V2 DAVSOD DAVSOD-Diff

Sα MAE Sα MAE Sα MAE Sα MAE Sα MAE Sα MAE

CL + AM 0.894 0.033 0.821 0.062 0.869 0.052 0.797 0.051 0.789 0.056 0.389 0.130

PCL + AM 0.897 0.030 0.844 0.056 0.877 0.040 0.821 0.040 0.790 0.052 0.398 0.122

MPCL + AM 0.905 0.026 0.859 0.036 0.889 0.035 0.863 0.028 0.832 0.049 0.497 0.102

GMPCL 0.910 0.024 0.865 0.020 0.907 0.024 0.905 0.012 0.840 0.055 0.528 0.097

The bold signifies the best result value

Table 7 Comparison between proposed GMPCL and different contrastive learning methods

Contrastive learning DAVIS MCL FBMS SegTrack-V2 DAVSOD DAVSOD-Diff

Sα MAE Sα MAE Sα MAE Sα MAE Sα MAE Sα MAE

SimpCL [8] 0.880 0.047 0.810 0.067 0.846 0.063 0.779 0.075 0.730 0.079 0.380 0.135

FineCo [81] 0.871 0.056 0.819 0.062 0.838 0.067 0.763 0.077 0.737 0.074 0.406 0.124

BYOL [20] 0.886 0.043 0.826 0.057 0.827 0.069 0.772 0.069 0.746 0.069 0.396 0.117

MIL-NCE [47] 0.891 0.039 0.839 0.049 0.851 0.058 0.797 0.048 0.764 0.062 0.445 0.110

MaskContrast [74] 0.896 0.034 0.835 0.045 0.863 0.050 0.854 0.039 0.828 0.059 0.390 0.120

PCL [82] 0.900 0.030 0.844 0.026 0.879 0.037 0.880 0.020 0.835 0.052 0.398 0.122

GMPCL 0.910 0.024 0.865 0.020 0.907 0.024 0.905 0.012 0.840 0.055 0.528 0.097

The bold signifies the best result value

and FLOPs are decreased because of the reduction in the
dimension of the feature maps. Additionally, the network
complexity and performance are compared with the num-
ber of the filters size, encoder modules, decoder modules,
DAEM modules, and DAAM modules as shown in Table
8, which shows that as the number of filters and proposed
modules increase, the performance and network complexity
increase, but at filters 128 the performance is saturated and
network complexity increases due to losing the spatial and
temporal locality at higher scales. Further, in Table 6, we
compared the results of the proposed GMPCL learning how

the GMPCL concept is framed. First, the proposed attention
module (AM) with simple Contrastive Learning (CL+AM)
together is used to perform the fine-tuning, which is not so
effective. Second, AM with Pixel-wise Contrastive Learn-
ing (PCL+AM) together is used to finetune the network
and give better results than (CL+AM) due to the efficiently
differentiated attention map pixel-wise. Third, the PCL is
finetuned at multiple scales (MPCL+AM) with AM giving
better results in comparison to (PCL+AM) and (CL+AM).
Fourth, when (MPCL+Geometric) together is called Geo-
metric Multi-Scale Pixel-level Contrastive Learning, which
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performs better than other combinations efficiently because
it is able to differentiate the foreground and background of
objects at multiple scales due to dividing the objects into
two regions (foreground and background) and calculate the
similarity between each regionwith help of covariance, skew-
ness, and non-linear feature interactions as shown in Table 6.
The covariance and skewness help to capture both the global
distribution and local structure of the attention features at
various scales, allowing for a more nuanced separation of
foreground and background regions in the pixel-level repre-
sentation space. Using the polynomial kernel, the GMPCL
loss enhances themodel’s ability to discriminate similar fore-
ground features and dissimilar foreground-background pairs
across different video clips. This approach goes beyond the
traditional contrastive losses by using multi-scale geomet-
ric insights, which allows for improved feature alignment
and stronger generalization, particularly in challenging video
scenarios.

4.7.1 Effectiveness of the proposed modules in DMFNet

To evaluate the impact of each component in the Deformable
Multi-Scale Fusion Network (DMFNet), we performed abla-
tion studies on the Deformable Attention Encoder Module
(DAEM), Deformable Atrous Attentive Module (DAAM),
and Deformable Fusion Network (DFNet). Table 5 presents
the quantitative comparison of the proposed DMFNet with
and without these modules. The results reveal a signifi-
cant performance degradation when any of these modules
is omitted from the baseline framework. Specifically, the
exclusion of DAEM reduces the model’s ability to capture
long-range dependencies and fine-grained contextual rela-
tionships, resulting in diminished spatial-temporal accuracy.
Similarly, removing DAAM impairs the network’s capacity
to leverage multi-scale feature extraction with deformable
attention, leading to suboptimal saliency prediction in com-
plex scenarios. Finally, the absence of DFNet compromises
the effective fusion of spatial and temporal features, criti-
cal for detecting salient objects under challenging conditions
such as fast motion, deformation, illumination, and occlu-
sion. In contrast, the inclusion of all these modules ( DAEM,
DAAM, and DFNet) synergistically boosts the performance
of DMFNet while balancing the network complexity as
shown in Table 8. DAEM enhances feature discrimination
through deformable attention mechanisms, DAAM ensures
efficient multi-scale feature fusion with minimal computa-
tional overhead, and DFNet significantly extracts and fuses
the geometric multi-scale spatial and temporal features to
generate efficient saliency maps. The integration of these
modules collectively enables the network to effectively adapt
geometric variationof objects, capture salient features atmul-
tiple scales, and robustly fuse spatial and temporal to achieve
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Table 9 Comparison between proposed GMPCL Loss and different loss

Loss function DAVIS MCL FBMS SegTrack-V2 DAVSOD DAVSOD-Diff

Sα MAE Sα MAE Sα MAE Sα MAE Sα MAE Sα MAE

BCE Loss [46] 0.886 0.049 0.815 0.065 0.849 0.053 0.775 0.077 0.734 0.076 0.384 0.133

IoU Loss [88] 0.873 0.054 0.822 0.063 0.838 0.068 0.778 0.072 0.757 0.070 0.403 0.126

BCE + IoU Loss [5] 0.888 0.045 0.829 0.059 0.853 0.022 0.770 0.079 0.769 0.066 0.497 0.107

NCE Loss [47] 0.895 0.037 0.843 0.046 0.876 0.030 0.823 0.041 0.764 0.062 0.445 0.110

GMPCL Loss 0.910 0.024 0.865 0.020 0.907 0.024 0.905 0.012 0.840 0.055 0.528 0.097

The bold signifies the best result value

substantial gains in accuracy, efficiency, and robustness com-
pared to the baseline network.

4.7.2 Effectiveness of GMPCL

To illustrate the effectiveness of our proposed GMPCL using
Attention Module (AM), the proposed model is trained with
different combinations and tested to check the performance
such as theAttentionModule (AM)with baselineContrastive
Learning (CL), AM with Pixel-level Contrastive Learning
(PCL), AMwithMulti-Scale Pixel-level contrastive learning
(MPCL), and GMPCL as shown in Table 6, which demon-
strate that the proposed GMPCL performed better than the
SOTA models due to extract the geometric multi-scale spa-
tial and temporal feature and differentiate the foreground and
background similarity of objects in complex scenarios such
as deformation, occlusion, illumination, and rapid motion
efficiently while preserving the temporal locality than other
combination.

The effectiveness of the GMPCL loss is compared with
SOTA loss functions such as Binary Cross Entropy, Inter-
section over Union (IoU), BCE+IoU, and Noise Contrastive
Estimation (NCE) as shown in Table 9, which shows that the
proposed GMPCL loss is performed better than the BCE,
IoU, BCE+IoU, and NCE loss because these loss functions
are captured local and global, noise based feature, but fail to
differentiate themore complex scenario such as deformation,
various illumination conditions, occlusion, and clutter back-
ground at multiple scale variations. The GMPCL is rooted in
its ability to enforce fine-grained pixel-level contrast between
foreground and background features across video clips. It
operates by utilizing both geometric priors and multi-scale
feature representations to better capture spatial and tempo-
ral correlations within foreground attention features, while
simultaneously ensuring that dissimilar features (i.e., fore-
ground vs. background) are pushed apart in the feature space.
This pixel-level contrastive framework allows the model to
better learn discriminative, multi-scale representations that
enhance the separability of foreground objects, which is
particularly beneficial in complex, dynamic video scenes.
This mechanism improves feature alignment and promotes

more robust object detection across varying video content.
As shown in Table 7, the comparison results of the SOTA
and proposed GMPCL are presented, which show that the
SOTA models are downgraded the performance while the
proposed increase continuously (Tables 8, 9). Additionally,
we compared the performance in terms of the loss (MAE)
and # iteration as shown in Fig. 10, which describes that as
the iteration is increasing the loss of decreasing (Fig. 11).

5 Conclusion

In this paper, a novel, efficient, fast, Deformable Multi-Scale
Fusion Network (DMFNet) is proposed, which fully utilizes
the attention-based multi-scale geometric spatiotemporal
features to detect the salient object in videos. It is designed
using the encoder and decoder concepts with a Deformable
Fusion Network (DFNet), a Deformable Atrous Attention
Module (DAAM), and a Deformable Attention Encoder
Module (DAEM), which balance the network parameters
and performance. The DAEM extracts the attention-based
multi-scale geometric features. The DAAM enhances the
contrast of the attention-based geometric features of the
objects. At last, the DFNet generates efficient saliency maps
without increasing the network parameters and preserves
the multi-scale geometric spatiotemporal features. Further,
the proposed Geometric Multi-Scale Pixel-level Contrastive
Learning (GMPCL) enhances the geometric representation
of features using the GMPCL loss function. With the help of
extensive experiments, each module of the DMFNet model
is validated on six benchmark datasets and shows significant
improvement in the unified solution to advance the research
in VSOD. In future work, we will plan to extend our research
to federated settings, particularly for real-time VSOD tasks.
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