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Abstract
Video salient object detection (VSOD) aims to identify and segment the most visually prominent objects in videos by
leveraging both appearance and motion cues. Existing VSOD models struggle with challenges such as geometric variations,
occlusion, cluttered backgrounds, and complex lighting conditionswhile also requiring significant computational resources. In
this paper, we propose a novel architecture that directly addresses these limitations: a deformable appearance–motion fusion
network (DAMFNet). Our approach introduces a multi-scale deformable fusion mechanism that effectively captures both
appearance and motion information, allowing precise object detection even in resource-constrained environments. DAMFNet
utilizes deformable convolution (DConv) layers, depth-wise separable convolutions (DSConv), and transposed convolutions
to balance performance and computational efficiency. Additionally, we propose a novel appearance–motion transfer learning
(AMTL) strategy, guided by the AMTLoss function, which further enhances the model’s capability to generalize across
various video datasets. Our method outperforms 19 state-of-the-art VSOD models across six benchmark datasets, achieving
superior accuracy with only 11.0 million parameters, 10.7 GFLOPs, and an inference speed of 75 FPS. These results position
DAMFNet as a highly efficient and scalable solution for real-time video salient object detection. Our code and pre-trained
models will be released to encourage further research.

Keywords VSOD · Deformable convolution · Depth-wise convolution · Multi-scale appearance and motion information ·
Geometric information

1 Introduction

Video salient object detection (VSOD) aims to detect and
segment the objects in dynamic video scenes that capture the
most visual attention,which is essential for understanding the
human visual systems (HVS) and enhancing various high-
level computer vision applications, including video object
recognition [1], video object segmentation [2], video shadow
detection [3], classification [4], autonomous vehicles [5], and
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some of the real-time applications such as medical image
processing [6], robotic manipulation [7], surveillance sys-
tems [8], traffic management [9], drones [10], and smart
homes [11], drops detection [12, 13], many more. Despite
its significance, traditional VSOD methods rely on hand-
crafted features such as color and heuristic priors like back-
ground and center priors, which struggle to produce accurate
saliency maps in complex scenes. Further, to overcome the
above, machine learning-based approaches [14–16] have
been designed to address these challenges. These approaches
utilize simple imagepre-processing techniques such as image
transformation, rotation, zoom in and out, translation, etc.,
and low-level handcrafted features and combine low-level
features to generate the saliency maps. However, they often
fail to preserve fine object details, particularly when the
salient object overlaps with the image boundary or blends
with the background, as low-level features are inherently lim-
ited in such scenarios. Recent advancements have leveraged
convolutional neural networks (CNNs) [17–19], which offer
robust visual representation capabilities to address these chal-
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lenges and categories in three parts: (1) appearance-based
methods, (2) motion-based methods, and (3) appearance and
motion-based methods. The motion-based VSOD method
transforms into a moving object segmentation (MOS) task
due to motion information, which loses the target object
information in slow-moving and stationary objects. The
appearance-based VSOD methods use sophisticated image
segmentation techniques to capture the detailed target infor-
mation.

However, these approaches often suffer frommis-detection
due to the absence of prior object-specific knowledge.
The motion-based and appearance-based methods [21–23]
address the above limitations by integrating both modality
features. These approaches enhance the semantic repre-
sentation by combining both modalities, where appearance
features provide detailed object descriptions while motion
cues help identify potential candidate regions. However,
the appearance- and motion-based VSOD methods enhance
the detection and segmentation performance by integrat-
ing the optical flow maps as motion. Nevertheless, optical
flow-based VSOD methods face some issues. (1) The opti-
cal flow captures motion information between two frames
and fails to align motion features accurately with appear-
ance features, leading to the loss of boundary information.
(2) It faces challenges in various unconstrained scenarios,
including occlusion,motion blur, low-light, deformation, and
clutter (as illustrated in Fig. 1) in detecting and segmenting
the object at multiple scales.

To overcome the above issues, (1) the first approach is
extracting geometric features related to object pose, scale,
part, and viewpoint transformations. (2) other methods
are either constructing extensive artificial training datasets
incorporating a range of possible variations and perform-
ing data augmentation (e.g., affine transformations), which
increasesmodel complexity and parameter count, or employ-
ing transformation-invariant techniques, such as sliding
window approach [24, 25], structure from motion (SFM)
[26], and scale-invariant feature transform (SIFT) [27].
(3) It reduces the dimension of the feature vector using
decomposition-based techniques [13, 28] such as the wavelet
transformation, dynamic mode decomposition (DMD) and
proper orthogonal decomposition (POD).Thesedecomposition-
based methods are effective in simple scenarios (e.g., motion
blur, well-defined scene views); they often require pre-
processing steps that add complexity and are less suited
for dynamic, real-time applications. Additionally, these
approaches may struggle with unknown or complex geomet-
ric transformations and rely heavily on handcrafted modules
(e.g., max-pooling for translation invariance), which can
increase model size and limit generalization capabilities.
Some recent methods have introduced bi-directional modal-
ity transmission schemes inspired by computer network
principles [29–32]. These schemes capture the shape, seman-

tic structure, and motion during appearance and motion
feature extraction and fusion. Despite their promise, these
approaches often result in substantialmodel sizes, posing sig-
nificant challenges for deployment in resource-constrained
environments such as surveillance cameras and video KYC.

In recent advancements, there has been a growing empha-
sis on developing lightweight models for VSOD tasks. For
instance, [9] introduced a dual-stream architecture that sepa-
rately processes appearance and motion features, optimizing
storage efficiency and reducing latency. Similarly, [33]
proposed VS-Net, which leverages long skip-connections
between encoder and decoder blocks to capture multi-scale
spatiotemporal features. However, these approaches strug-
gle to address geometric variations in spatial appearance
and temporal locality. To mitigate this, [1] introduced a
deformable separable network that extracts spatial and tem-
poral features based on geometric variations, resolving issues
related to skip-connections through an innovative intermedi-
ate module. More recently, [34] utilized ShuffleNet-V2 [35]
to design a lightweight neural network capable of extracting
deep, multi-modal features with multi-scale spatial context.
In a different approach, [6] employed knowledge distillation
to transfer knowledge from a computationally heavy teacher
model to a lightweight student model, assessing the student’s
learning through similaritymetrics.However, the lightweight
nature of the student model limits its ability to capture multi-
scale features, impacting overall performance. Extending this
idea, [5] developed a lightweight framework with multiple
heterogeneous decoders in the student network. Despite this,
random initialization of the kernel order hinders the model’s
ability to identify informative patterns while maintaining
reduced complexity. A common limitation across these mod-
els is their inability to effectively balance local and global
contextual features from spatial and temporal data, resulting
in a trade-off between accuracy and parameter efficiency.

To address the above challenges and balance the perfor-
mance andnetwork complexity,wepropose a lightweight and
efficient deformable appearance and motion fusion network
(DAMFNet), which incorporates deformable convolution
(DConv) layers [1, 36], depth-wise convolution (DSConv)
[1, 37], and transposed convolution (TC2d) layers to simul-
taneously extract multi-scale geometric variations of objects
locally in appearance and motion-based features while fus-
ing globally. Furthermore, we introduce a novel multi-scale
appearance and motion transfer learning (AMTL) mecha-
nism, utilizing an AMTLoss function to transfer appearance
and motion information across multiple scales, thereby
enhancing the model’s performance. By combining local
geometric feature extraction, global fusion, and transfer
learning, our approach achieves state-of-the-art results in
VSOD tasks.
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Fig. 1 Challenging scenarios from DAVSOD [20] dataset

The primary contributions of this work include:

1. Anovel, efficient, lightweightDAMFNetmodel is designed,
which uses encoder and decoder concepts with the help of
DConv,DSConv, andTC2d layers to extract the geometric
appearance and motion information.

2. To enhance the performance of DAMFNet, a novel multi-
scale appearance and motion transfer learning (AMTL) is
proposed using the AMTLoss function.

3. Further, the convolution layer (Conv2d) with 1 × 1 fil-
ter, Batch Normalization (BN) followed by the nonlinear
activation ReLU is used after fusion of all decoder output
to generate the Saliency Map.

4. Extensive experiments are carried out on the DAVSOD-
Difficult dataset, revealing that DAMFNet outperforms
in terms of accuracy in terms of SOTA models with
less number of parameters, floating-point operations, and
increasing speed.

The upcoming section and subsection are arranged in this
way, related work, proposed method, experiment work, and
ablation study.

2 RelatedWork

This section explains appearance and motion-based models,
unsupervised video object segmentation models, and multi-
scale, deformable, and lightweight approaches.

2.1 Appearance andMotion-based Unsupervised
VSODModels

Several appearance and motion-based approaches have tack-
led various VSOD tasks recently, as discussed in [21, 38].
These methods leverage low-level handcrafted features such
as optical flow [29], or super-pixels [21], object propos-
als [39], saliency priors [40], long sparse point orientation
[41], for speculative detection inference. However, these
conventional models face limitations in handling complex
and dynamic scenarios due to the lack of semantic repre-
sentation and high-level content learning. In contrast, the
emergence of the recurrent neural network (RNN) model
[42] has effectively handled the long-term temporal depen-
dencies. A motion pattern-based model proposed in [38],
utilizing motion patterns from video, faces difficulties in
segmenting objects across two adjacent frames, despite guid-
ing optical flow correctly. To address these issues, various
works, such as those presented in [39, 41], have proposed
solutions by fusing spatiotemporal information using paral-
lel networks. Additionally, multi-stage processing methods
introduced by Li et al. [43] offer motion-based consistent
features for object detection. Seo et al. [44] proposed a net-
work that integrates comprehensive language expression to
detect objects across the entire video frame. Gu et al. [39]
propose a constrained self-attention (CSA) module specifi-
cally designed to extract motion information in anticipation
of objectmovement.Mao et al. [45] introduce a deep learning
method to extractmulti-scale spatiotemporal cues,while dual
boundary feature branches enhance focus on salient object
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Fig. 2 Architecture of DAMFNet. Where Ei = (i = 1, 2, 3, 4, 5) is the encoder blocks, Di = (i = 1, 2, 3, 4, 5) is the decoder blocks, ⊗ is
element-wise multiplication, and ⊕ is element-wise addition operation

boundaries, and a feature alignment branch integrates and
aligns multi-scale features across internal and external path-
ways.

Unsupervised VSOD is closely linked to attention-based
UVSOD tasks, aiming to derive attention-aware informa-
tion from video clips. Traditional models, as seen in [46,
47], calculate saliency by employing handcrafted informa-
tion, and consistency across consecutive frames has been
maintained by spatiotemporal optimization. Additionally,
approaches like [48, 49] focus on extracting highly semantic
spatiotemporal information for end-to-end object detection.
Several deep learning models, including [50–52], extract
motion information from optical flow or information from
two consecutive frames. Ballas et al. [53] introduced the
key-frame method to identify the high-quality video frames
for saliency object categorization. Another approach in [54]
detects salient objects by extracting spatial–temporal infor-
mation from high-quality frames. Addressing challenges
such as analyzing relative saliency and limited labeled
data [48] [55] in VSOD, researchers have developed tech-
niques that enhance the quality of temporal information. For
instance, Fan et al. [56] present a Shift-Aware ConvLSTM
to extract spatial and temporal features from high-quality
annotations VSOD datasets. Zhang et al. [30] employed
deep learning techniques to extract spatial and temporal fea-

ture similarities across consecutive frames. Han et al. [57]
introduceOVSNet, an open-vocabulary saliency-guided pro-
gressive refinement network for Unsupervised Video Object
Segmentation (UVOS), which integrates saliency cues from
foundation models like CLIP and CLIPSeg with motion
cues to generate an OVS attention map. These cues, com-
bined with a fine-tuned Segment AnythingModel (SAM) via
lightweight adapters, progressively refine object representa-
tions in the appearance branch, yielding precise segmentation
masks.

2.2 Deformable Multi-scale Feature Extraction
Techniques

Most existingmulti-scale feature extraction approaches, such
as those by Singh et al. [58], Zhang et al. [59], and oth-
ers [60–62], have relied on multi-encoders, ASPP modules,
and varying kernel dilation rates. For instance, Singh et
al. employed the ASPP module to extract multi-scale fea-
tures, while Zhang et al. introduced amulti-scale information
enhancement (MIE) module to enrich shared information by
converting RGB features into point features across scales.
Other works, like those of Zhang et al. [60], leveraged
multi-scale graph neural networks to capture spatial and
disparity correlations, and Liu et al. [61] proposed a multi-
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scale deformation module (MSDM) for adapting to varying
shapes of salient objects. Peng et al. [62] further utilized
a multi-scale encoder–decoder network for semantic fea-
ture extraction.However, these state-of-the-artmethods often
suffer from increased computational complexity and infor-
mation leakage. Sharma et al. [32] introduce a bidirectional
multi-scale spatiotemporal network (BMST-Net) for salient
video object detection, leveraging an encoder–decoder archi-
tecture to learn spatiotemporal feature representations. Singh
et al. [63] introduce a lightweight deformable multi-scale
fusion network that jointly extracts attention-guided multi-
scale features and geometric features to produce highly
efficient saliency maps. Additionally, geometric multi-scale
pixel-level contrastive learning (GMPCL) uses GMPCL loss
to enhance geometric feature representations and distinctly
separate foreground and background features at the pixel
level. To address these issues, we propose a multi-scale
encoder, which reduces computational demands by employ-
ing deformable and depth-wise separable convolutions for a
more efficient fusion of multi-scale and geometric informa-
tion.

In recent years, deformable convolution-based methods
[1, 36, 64, 65] have emerged as a powerful solution to
adaptively capture geometric spatial structures in objects,
addressing limitations in traditional convolutional neural net-
works (CNNs), which rely on fixed kernel structures. Dai
et al. [36] introduced the pioneering deformable convolu-
tion network, which utilizes convolution offsets to adapt to
geometric variations. However, while effective in captur-
ing spatial structures, it falls short in recognizing regions
of interest. Building on this, Zhu et al. [64] proposed
Deformable Convnets v2, incorporating an additional modu-
lation mechanism to enhance region-level modeling. Despite
these advancements, the challenge of handling long-range
dependencies in spatial and temporal information persisted.
To address this, Wang et al. [65] developed the InternIm-
age ViT-based technique, which generates a large effective
receptive field for improved detection and segmentation
tasks. Further advancements were made by Deng et al.
[66], who introduced spatiotemporal deformable convolu-
tion (STDC) for effective motion information extraction and
fusion. Finally, Singh et al. [1] presentedDSNet,which lever-
ages attention mechanisms to extract spatial and temporal
information without significantly increasing model parame-
ters. Singh et al. [67] introduce a deformable separable fusion
network (DSFNet) that dynamically captures multi-scale
geometric spatiotemporal variations while maintaining com-
putational efficiency. Additionally, a swarm-enhanced Adam
(SEAdam) optimizer was introduced, which adaptively bal-
ances local and global gradient exploration and exploitation,
significantly accelerating convergence. The problem with
this model is over-parameter learning.

2.3 Lightweight VSOD Approaches

CNN-based VSODmodels [9, 68–70] often leverage seman-
tic information from pre-trained ImageNet backbones. How-
ever, these backbones can suffer from information leakage
and redundancy. Cheng et al. [71] addressed this with
a highly lightweight model trained from scratch, which,
while effective at feature extraction, struggles with cluttered
backgrounds and deformations. Hu et al. [5] introduced a
lightweight model with heterogeneous decoders and 3D con-
volutions to enhance accuracy, but it does not address training
and inference time constraints and falls short in handling
deformations. Singh et al. [33] developed the VS-Net model
to leverage multi-scale spatiotemporal features for salient
document detection but faces limitations due to long feature
dependencies. In response, Hu et al. [9] proposed a dual-
stream network for appearance and motion representations,
yet it does not fully address the issues of feature sparsity.
Singh et al. [1] recently introduced DSNet, which improves
upon previous models by minimizing training and testing
times through separability and deformability concepts. Su et
al. [72] introduce the Unified Framework for Group-based
Segmentation (UFGS) that leverages transformer blocks to
model long-range dependencies among image patches and
enhances the structural similarity of patches. The intra-
MLP learning module incorporates and generates self-masks
to mitigate partial activation issues, leading to improved
segmentation precision. Xu et al. [73] integrated the Seg-
ment Anything Model (SAM) into their pipeline for video
segmentation tasks and utilized edge information to refine
segmentation labels and reduce noise interference. Addi-
tionally, a global-aware loss function introduces to capture
global semantic relationships, significantly enhancing salient
object detection but draping the feature geometric structure.
Zhao et al. [74] incorporated a space-time memory (STM)-
based network featuring an encoder–decoder architecture
to extract temporal features from consecutive frames and
employed spatial–temporal fusion to enhance object details
and reconstruct saliencymaps. Amotion-aware loss function
is introduced to facilitate multitask learning, simultane-
ously improving VSOD and object motion prediction while
preserving object integrity while lacking to preserve the
long-term temporal prediction. Huang et al. [75] presented a
lightweight VSOD architecture that utilizes a ShuffleNet-V2
backbone for efficient feature extraction. The architecture
is augmented with a depth-wise multi-scale pooling mod-
ule (DMPM) to aggregatemulti-scale contextual information
compactly. Furthermore, a shuffle-enhanced multi-modal
fusion module (SMFM) is employed to progressively fuse
spatial and temporal information, achieving state-of-the-art
accuracy with a substantially reduced model size. However,
these models face problems in balancing the network com-
plexity and performance.
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3 ProposedMethodology

The appearance and motion frames are passed into the two
parallel Backbone Networks VGG-16 [76], which extract the
backbone appearance andmotion information individually as
shown inFig. 2. This information is passed to encoder blocks,
which encode the geometric appearance andmotion informa-
tion at multiple scales and then cross-multiply with an output
of VGG-16 blocks. Next, decoder blocks decode the multi-
scale geometric appearance andmotion information. Further,
the output of all the decoders is fused together and transferred
to CBR blocks ( Convolution, batch normalization, ReLU)
layers to generate the saliency maps. In the subsequent sub-
sections, a detailed explanation of the DAMFNet model will
be provided including its associated loss function and eluci-
dates the process of generating the saliency map.

3.1 DAMFNet Architecture

The previous SOTA appearance and motion-based methods
[4, 29, 55] extracted appearance and motion information and
fused together but failed to capture the geometric variation
of localized information of object background and fore-
ground dynamically. Motivated by this, a novel, efficient,
lightweight deformable appearance–motion fusion network
(DAMFNet) is designed to enhance the capture of pre-
cise location information and preserve location boundaries
effectively. It has two branches to extract the geometric
appearance and motion features separately. The DAMFNet
has used the VGG-16 [76] backbone network, which has
five blocks, each block dimension is 64, 128, 256, 512,
and 512, to extract the backbone appearance information
and motion information independently. The proposed archi-
tecture has five encoder blocks (Ei= i=1,2,3,4,5) and five
decoder blocks (Di , i=1,2,3,4,5), which are connected with
backbone network blocks. Each backbone network block is
connected with each encoder block and skip-connected to
multiply before passing to each decoder block. The Encoder
Blocks (Ei ) is the combination of two DConv, two DSConv,
MaxPooling, and PReLU. The Decoder Blocks (Di ) is the
combination of twoDConv, twoDSConv, andTC2d followed
by a ReLU activation function. The DConv and DSConv
configuration is given in [1]. The DConv layers extract the
geometric appearance and motion information dynamically.
The DSConv layers extract the appearance and motion infor-
mation with fewer network parameters during encoding and
decoding. Next, an element-wise multiplication operation is
performed between each VGG-16 [76] backbone network
block (BNi , i=1, 2, 3, 4, 5) outputs (BOi , i=1, 2, 3, 4, 5) and
Encoder Block (Ei , i= 1, 2, 3, 4, 5) outputs (EOi , i=1, 2, 3,
4, 5) node feature vectors. After that passed to the decoder
blocks, which decode the geometric appearance and motion
features separately. Further, these appearance and motion

features are fused together using element-wise addition oper-
ation (⊕) to generate the generalized latent representation of
multi-scale geometric appearance and motion information.
Next, all blocks fused multi-scale geometric appearance and
motion information is fused together to enhance the repre-
sentation of feature quality. The fused multi-scale geometric
appearance and motion information is passed to the Conv2d
with 1 × 1 filter, BN, followed by ReLU, which generates
the saliency map (SMk).

Algorithm 1: Deformable Appearance Motion Fusion Net

(DAMFNet).

Input: Ak : Appearance frames, Mk : Motion frames, and GTk :
Annotation frames

Output: SMk : Saliency map.
1 The Ak , Mk , and GTk are given to the proposed DAMFNet and

passed to two branches of VGG-16 Network parallelly.
2 The backbone VGG-16 network extracts the backbone

appearance and motion and generates backbone appearance and
motion information via Eq. 1.

3 The Encoder blocks extract geometric appearance and motion
information and enhance representation after applying
element-wise multiplication operation via skip connection
using Eq. 2 and 3.

4 The decoder appearance and motion information are fused
together via Eq. 4.

5 The Adam optimizer is used to update the DAMFNet weight
parameter and minimizes the MSG loss function via Eq. 6, 7
and 8.

6 At last, the saliency map is generated by Conv2d, BN followed
by ReLU using Eq. 5.

3.2 Appearance andMotion Feature Extraction

Consider a datasetwith T video clips, each comprising k con-
secutive frames (where k = 1, 2, · · · , T ), which includes
appearance frames (Ak)

T
k=1, motion frames (Mk)

T
k=1, and

corresponding annotationmaps (GTk)Tk=1. Themotion frames
are generated using BSCNet [58]. These appearance and
motion frames are passed DAMFNet, where at first, the first

backbone appearance X
bp
k and motion Y

bp
k for (p = 1, 2, 3,

4, 5) information are extracted using the Backbone Network
VGG-16 [76], which has five blocks with dimensions (64,
128, 256, 512, 512), respectively. The process is given in Eq.
1.

X
bp
k = VGG-16(Ak), for p = 1, 2, 3, 4, 5

Y
bp
k = VGG-16(Mk), for p = 1, 2, 3, 4, 5

(1)

These backbone appearances and motion information are
passed to five encoder blocks, which extract the geometric
appearance and motion information. The backbone output is
cross-multiplied to encoder output to extract the inconsistent
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representation of geometric appearance andmotion informa-
tion at multiple scales. The process is given in Eq. 2.

X
eq
k = X

bp
k ⊗ E(X

bp
k ), for p = 1, 2, 3, 4, 5

Y
eq
k = Y

bp
k ⊗ E(Y

bp
k ), for p = 1, 2, 3, 4, 5

(2)

These cross-multiplied multi-scale geometric appearance
and motion information are decoded via decoder blocks and
enhance the representation of information. The process is
given in Eq. 3

Xdr
k = D(X

eq
k ), for q = 1, 2, 3, 4, 5

Ydr
k = D(Y

eq
k ), for q = 1, 2, 3, 4, 5

(3)

Next, these decoded geometric information at multiple
scales are fused together to generalize the discriminative rep-
resentation of information. The process is given in Eq. 4.

f tk = Xdr
k ⊕ Ydr

k , for r = 1, 2, 3, 4, 5 (4)

At last, the fused appearance andmotion information f tk at
time t is passed to the Conv2d layer, which has 1× 1 filter to
convert high-level information to low-level information, then
applying the BN followed by ReLU to normalize the appear-
ance and motion information representation and produce the
saliency map. The procedure is shown in Eq. 5.

SMt
k = ReLU (BN (Conv2d( f tk ))) (5)

The multi-scale global (MSG) loss is optimized using an
ADAM optimizer during the training.

3.3 Appearance andMotion Transfer Learning
(AMTL)

The AMTL is a novel approach to transferring knowledge
from one modality to another through the integration of
multi-scale appearance and motion transfer learning. The
AMTL addresses the inherent challenges in detecting salient
objects across varying scales and motion contexts within
video sequences, which are often exacerbated by dynamic
backgrounds and complex object interactions. To capture
geometric multi-scale features effectively, we employ a hier-
archical encoder and decoder architecture that leverages
geometric multiple levels of feature extraction and preserves
fine-grained details at different scales, which is crucial for
accurately identifying salient objects regardless of their size
or spatial context. To transfer the knowledge, we proposed
multi-scale appearance andmotion transfer loss (AMTLoss),
which effectively calculates the similarity transfer by each
modality to fuse features and guide the network efficiently in

the right direction. Basically, let A ∈ Ah×h×3 as an appear-
ance feature, andM∈ Mh×h×3 denotes a motion feature. Let
F ∈ Rh×h×3 denote the fused appearance and motion feature
generated after applying element-wise addition on the paral-
lel decoder output. The multi-scale MATLoss is derived as
follows in Eq.6 using the KL-divergence loss [77] with aver-
age multiple scales between appearance, motion, and fuse
feature.

AMT Loss(Fk, Ak, Mk)

= 1

N

K∑

k=1

α

× [Fk × log(Fk) − Fk × log(Ak)] + (1 − α)

× [Fk × log(Fk) − Fk × log(Mk)] (6)

where Fk is the fused feature, Ak is appearance features, Mk

is motion features at k video clips,α is the learning parameter
which is fixed = 0.6, N is the number of samples, and K is the
multi-scale kernel (5, 10, 15, 20). This MATLoss not only
enhances the model’s ability to handle varying scales and
motion patterns but also improves its performance in real-
world scenarios where traditional methods often struggle. It
is used in fine-tuning the proposed DAMFNet model.

3.4 Multi-Scale Global (MSG) Loss

The binary cross-entropy loss (BCE) is employed to inde-
pendently calculate the loss of each pixel, providing a
pixel-level constraint on thenetwork.To address its limitation
of neglecting global structural information, [88] introduced
the intersection over union loss (IoU) to focus on the global
structure and impose a global constraint on the network.
However, these losses treat all pixels equally, disregard-
ing potential differences between them. Building upon this,
[89] enhanced the aforementioned losses by introducing
the weighted binary cross-entropy loss (BCE) and IoU loss
(IoU). In this approach, each pixel is assigned a different
weight based on calculating the difference between the cen-
ter pixel and its surrounding environment. This weighting
mechanism aims to provide more attention to challenging
pixels. However, it is unable to recognize the hardness and
softness of the pixel value in geometric variations of objects
in multiple scales. To overcome this, the multi-scale global
loss is included with weight using Eq. 7.

w = 1 + 1

K

(
K∑

i=1

SMki − GTki

)
/GTk (7)

where K is the different kernel sizes such as 3, 5, 10, SMki
and GTki are the saliency maps and annotation maps at i th

scale. The MSG loss is calculated as follows, shown in Eq.8.
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MSGloss =w ⊗ lbce(SMk,Gk) + w ⊗ lI oU (SMk,GTk)

+ w ⊗ AMT Loss(SMk, Ak, Mk) (8)

where SMk is the predicted saliency maps, GMk is the anno-
tation maps, ⊗ is the element-wise multiplication, Ak is the
multi-scale appearance features, Mk is the motion features,
and + is element-wise addition operation.

4 Experiments and Result Analysis

4.1 Experimental Setup

The experimental evaluation of the proposed DAMFNet
model is conducted on a 64-bit Ubuntu 18.04 system
equipped with 32 GB RAM and a 1 TB Hard Disk. The
system is powered by a 16 GB P5000 NVIDIA GPU, config-
ured using the 460NVIDIADriver, CUDA11.2, andCuDNN
8.5. Anaconda 3.9 and PyTorch version 1.12.0, along with
OpenCV, are installed on the GPUmachine. For consistency,
the input frames,motionmaps, and corresponding annotation
maps are resized to dimensions of 352× 352. To optimize the
MSG loss and AMTLoss function with multi-scale training
weight (0.75, 1.0, 1.25, 1.50), the weighted Adam optimizer
is employed, which has a 1e−3 learning rate and 5e−4 weight
decay.

4.2 Datasets and EvaluationMetrics

The proposed DAMFNet model undergoes experiments
across six benchmark datasets: DAVIS-16, MCL, FBMS,
SegTrack-V2,DAVSOD-19, andDAVSOD-Difficult.DAVIS-
16 [90] stands out 50 video clips, with 30 for training and 20
for testing. MCL [91] consists of 9 videos, while FBMS [92]
features 59 videos of natural scenes, divided into 29 train-
ing and 30 testing videos. SegTrack-V2 [43] has 13 testing
video sequences. Additionally, DAVSOD-19 [93] includes
61 training video sequences and 81 testing sequences, and
DAVSOD-Difficult-20 [93] comprises 20 video sequences
specifically for testing purposes. The proposed DAMFNet
model is assessed on the test datasets using the F-measure, S-
measure, and mean absolute error (MAE) [90]. Additionally,
computational cost metrics, including the network parame-
ters (# Param) in a million (M), the floating-point operations
(FLOPs) in Giga bytes (G), and latency performance mea-
sured in frames per second (FPS), are utilized to gauge the
efficiency. The detailed results are presented in Table 1.

4.3 Training Performance

To train the proposed network, we follow two distinct
approaches (1) Pretrain-RGB: is conducted on the DUTS

dataset [29], which consists of 10,567 images. (2) Finetune:
is performed on 2,973 appearance frames, which include
2,373 frames from DAVIS (30 videos) and 600 frames from
FBMS (29 videos). The pre-trained weights are fixed and uti-
lized throughout the fine-tuning process. The appearance and
motion transfer learning (AMTL) is used in both processes,
which update the weight and transfer from each block of the
backbone to the decoder using the AMTLoss function. The
weighted Adam Optimizer is employed to train DAMFNet
on these datasets, minimizing theMSG loss, and information
extraction is given in Algorithm 1. The vanishing gradient,
geometric variation, and overfitting challenges are tackled
using batch normalization, deformable convolution layer fol-
lowed by ReLU activation function during the training of
each spatial branch. The fine-tuning process takes nearly 6
hours, encompassing 25 epochs with 8 batch sizes.

4.4 Testing Analysis

The effectiveness of the proposed DAMFNet model is eval-
uated on six test datasets, including DAVIS16 [90] with 20
videos, FBMS [92] with 30 videos, DAVSOD [29] (Easy
and Difficult) with 81 and 20 videos, MCL [91] with nine
videos, and SegTrack-V2 [43] with 13 videos, as outlined in
Table 1. The performance of DAMFNet is assessed using
metrics, (i) Sα , (ii) Fβ , and (iii) MAE. Additionally, the
model’s computational complexity is measured with all the
lightweight VSOD and heavyweight VSOD, which shows
that DAMFNet performs better than the heavyweight VSOD
model in performance as well as complexity, also, but com-
pared to lightweight, it is four and performs better than all.

4.5 Comparative Analysis

The performance comparison of the proposed DAMFNet
model is evaluated across six datasets with nineteen SOTA
models, including DefED-Net [78], VS-Net [33], TinyHD
[5], EUVSOD [9], DSNet [1], InternImage [65], FSNet [29],
TMO [2], SPGO [84], EREST [79], MSDM [80], CFAM
[81], SKD [6], HCPN [82], PMN [83], PACNet [86], CoST-
Former [86], STDF [66], LSTA [87] in terms of Sα , Fβ ,
MAE, and network complexity. The comparative results are
presented in Table 1, which demonstrate consistent out-
performance of DAMFNet in comparison of twenty SOTA
models across DAVIS, DAVSOD, MCL, and DAVSOD-
Difficult datasets. The above VSOD methods rely on simple
feature extraction strategies, such as image texture, color
features, and spatiotemporal priors, but struggle in complex
scenarios due to the lack of high-level semantic understand-
ing. Implicit motion encodingmethods enhance performance
by using learning-based architectures that integrate motion
cues through concatenation, addition, LSTM structures, and
cross-frame attention. While these models outperform tradi-
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Fig. 3 Comparison of DAMFNet model and six SOTAModels on more challenging scenarios of DAVSOD and DAVSOD-Difficult datasets. where
IF denotes input frames, GT denotes annotation frames, and MT denotes motion frames

Fig. 4 Performance evaluation
of proposed DAMFNet model
and SOTA Models in terms of #
network parameter and FLOPs
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Table 2 Comprehensive analysis of hyperparameter tuning at DAMFNet

Hyperparameter DAVIS FBMS MCL SegTrack-V2 DAVSOD DAVSOD-Diff

S.No. Learning Rate Weight Decay Sα MAE Sα MAE Sα MAE Sα MAE Sα MAE Sα MAE

1. 1e−1 5e−2 0.879 0.037 0.841 0.042 0.779 0.053 0.790 0.050 0.710 0.069 0.428 0.121

2. 1e−2 5e−3 0.901 0.026 0.867 0.036 0.829 0.048 0.799 0.045 0.729 0.066 0.449 0.117

4. 1e−3 5e−4 0.925 0.017 0.914 0.027 0.861 0.022 0.879 0.015 0.811 0.054 0.549 0.096

3. 1e−4 5e−5 0.916 0.020 0.877 0.034 0.849 0.038 0.856 0.033 0.817 0.056 0.540 0.100

5. 1e−5 5e−6 0.910 0.023 0.890 0.029 0.840 0.039 0.848 0.036 0.804 0.058 0.534 0.103

Table 3 Comprehensive hyperparameter analysis in terms of # of Batch Size and # of Epochs to fine-tune the DAMFNet

S.No. Hyperparameters DAVIS FBMS MCL SegTrack-V2 DAVSOD DAVSOD-Diff

# Batch Size # Epochs Fine-tuning Time (H) Sα MAE Sα MAE Sα MAE Sα MAE Sα MAE Sα MAE

1. 4 15 4.10 0.878 0.034 0.843 0.038 0.789 0.054 0.787 0.053 0.710 0.069 0.428 0.122

2. 6 20 5.20 0.893 0.029 0.859 0.031 0.842 0.035 0.838 0.048 0.769 0.063 0.459 0.115

3. 8 25 6.37 0.925 0.017 0.914 0.027 0.861 0.022 0.879 0.015 0.811 0.054 0.549 0.096

4. 10 30 9.10 0.917 0.023 0.890 0.031 0.853 0.030 0.863 0.021 0.803 0.060 0.530 0.101

5. 12 40 12.02 0.913 0.026 0.880 0.027 0.850 0.035 0.868 0.025 0.797 0.063 0.534 0.099

Fig. 5 Performance comparison between loss (MAE) vs. # of Epochs and accuracy vs. # of Epochs of our proposed DAMFNet model

tional approaches, they remain susceptible to background
clutter, leading to performance degradation. Our method
addresses these challenges by effectively capturing motion
and appearance features while leveraging cross-element-
wise multiplication to enhance architectural efficiency. It
achieves top performance across multiple datasets while
maintaining network efficiency. Notably, on the DAVSOD-
Difficult dataset, our model DAMFNet outperforms by 4.1%
in Sα and 4.5% in F-measure, demonstrating superior robust-
ness. Unlike DSNet [1], EREST [79], LSTA [87], and STDF

[66], which rely on extensive training with the challeng-
ing DAVSOD-Difficult dataset, our method achieves strong
generalization without additional augmentation, proving its
effectiveness in real-world VSOD tasks. This comparison
highlights the superior accuracy of DAMFNet in efficiently
generating saliency maps, while the computational compar-
ison results are given in Fig. 4, showing that the proposed
model is able to detect the salient object in difficult scenar-
ios, such as partial occlusion, deformation, small scene, and
illumination scene, due to efficiently extracting and fusing
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geometric features at multiple scales. Additionally, we con-
ducted experiments on various Operating Systems (OS) to
evaluate the effectiveness of performance. The results, pre-
sented in Table 4, demonstrate that the performance of the
proposed DAMFNet does not significantly vary across dif-
ferent platforms.

Hyperparameter tuning To compare the model per-
formance with various hyperparameters, we perform the
experiments with various values of hyperparameters such as
learning rate, weight decay, number of epochs, and num-
ber of batch size, which is shown in Table. 2 and Table. 3.
From the tables, we see that as these parameters increase, the
performance of the proposed models increases, but at some
point it starts to downgrade the performance of themodel and
increases the fine-tuning times (in terms ofHours (H)), which
impacts the network convergence and generalization. Addi-
tionally, the performance of the proposedmodel (DAMFNet)
is illustrated in Fig. 5 in terms of number of epochs vs. Loss
and number of epochs vs. accuracy, which demonstrates that
as the number of epochs increases, the proposed model con-
verges the loss efficiently and increases the performance due
to the use of multi-scale global (MSG) loss.

Qualitative comparison In Fig. 3, DAMFNet is system-
atically compared with six SOTA methods across various
challenging scenarios. The model demonstrates the ability
to discern salient objects with coherent boundaries in chal-
lenging situations, including instances of noise and occlusion
between foreground and background (1st, 3rd, and 5th rows),
cluttered backgrounds with low light (2nd and 5th rows),
deformed objectswithmotion blur (1st and 4th rows),motion
blur combined with illumination scenarios (2nd and 4th
rows), and small objects with deformation (3rd and 6th
rows). Fig. 3 clearly illustrates the efficient object detection
capabilities of our proposed DAMFNet in these diverse and
challenging scenes. The 1st row shows the crowd scene, the
3rd-row partial occlusion, and the 7th row shows the object
that is at a very long distance; all these scenarios show that
the proposed model and the SOTA models face difficulty
in detecting them efficiently, which has not been explored
in future works. Apart from that, the proposed model faces
the challenge of balancing the proper long and short-range
motion dependency, which will be explored in future.

4.6 Failure Cases and FutureWorks

The proposed DAMFNet model demonstrates significant
advancements and exhibits certain limitations when com-
pared to four state-of-the-art (SOTA) models, as illustrated
in Fig.6. Specifically, the model struggles with detecting
shadows under low-light contrast conditions, as highlighted
in row 1, and encounters challenges in handling deform-
ing objects under varying lighting conditions, as shown in
rows 3 and 4. Additionally, row 2 reveals difficulties in dis-

tinguishing object boundaries from the background at large
scales with deformation, a limitation shared by both the pro-
posed model and existing SOTA approaches. These failure
cases underscore the need for further refinement in handling
complex visual scenarios, particularly those involving illu-
mination variability, object deformation, and scale diversity.
To address these challenges, future work will explore the
integration of knowledge distillation techniques to enhance
the model’s ability to generalize across diverse conditions by
leveraging insights from more robust teacher networks. Fur-
thermore, multi-domain physics informed-based contrastive
learning will be investigated to improve feature represen-
tation learning, enabling the model to better discriminate
between objects and their backgrounds under challenging
conditions. These advancements aim to push the boundaries
of current capabilities, paving the way for more robust and
adaptablemodels in salient object detection and related tasks.

4.7 Ablation Analysis

To evaluate the efficacy of the proposed model (DAMFNet),
we conduct an ablation analysis to dissect the contributions
and performance impacts of its individual components and
parameter configurations. The ablation results demonstrated
in Table 5 have an impact on achieving effective multi-scale
geometric learning fromappearance andmotion information.
The results demonstrate a clear enhancement in performance
with the progressive integration of each component, as shown
by the superior performance of the full model compared
to the baseline configuration. Specifically, the comparative
analysis between configurations No. 1 and No. 8 illustrates
a significant performance improvement attributable solely to
the added component in DAMFNet. Additional findings are
presented in Table 6, which shows the design of the pro-
posed network. From Table 6, the first row shows default
means simple autoencoder concepts, and in other rows, two
to four individual components are added and compared in
their complexity and performance. The last row combines
all component configurations, which we have underscores
the robustness of the proposed DAMFNet.

4.7.1 Effectiveness of the DSConv, DConv, and Conv2d

The proposed DAMFNet network leverages the strengths
of DSConv, DConv, and Conv2D to achieve efficient and
robust performance for VSOD tasks. DSConv enhances
computational efficiency by decomposing standard convo-
lutions into depth-wise and pointwise operations, reducing
redundancy while preserving spatial information. DConv
improves dynamic feature adaptation by modulating ker-
nel weights based on input variations, enabling effective
motion-aware representations. Conv2D serves as the founda-
tion for capturing local spatial details, ensuring stable feature
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Table 4 Comparative study of various OS systems of DAMFNet

OS Parameters DAVIS FBMS MCL SegTrack-V2 DAVSOD DAVSOD-Diff

# Training Time (m)Testing Time (m)Speed(FPS) Sα MAE Sα MAE Sα MAE Sα MAE Sα MAE Sα MAE

Windows (64 bit) (Python)2.5 4.0 72 0.9140.0230.8780.0290.8300.0390.8390.035 0.7530.0600.4890.108

Windows (64 bit) (Matlab)2.9 4.5 70 0.9170.0210.8890.0280.8500.0360.8680.025 0.7540.0600.5320.102

Linux (64 bit) (Python) 2.1 2.9 75 0.9250.0170.9140.0270.8610.0220.8790.015 0.8110.0540.5490.096

Linux (64 bit) (Matlab) 2.6 3.3 74 0.9240.0190.9140.0270.8590.0230.8790.015 0.8100.0550.5500.095

Table 5 Comprehensive ablation analysis on the component configuration in the DAMFNet

No. Component Setting DAVIS FBMS MCL SegTrack-V2 DAVSOD DAVSOD-Diff

DSConv DConv Conv2d Sα MAE Sα MAE Sα MAE Sα MAE Sα MAE Sα MAE

1 Default 0.835 0.044 0.823 0.047 0.790 0.055 0.748 0.067 0.733 0.062 0.354 0.153

2 � 0.857 0.038 0.835 0.042 0.823 0.053 0.756 0.064 0.766 0.060 0.390 0.140

3 � 0.877 0.033 0.841 0.038 0.827 0.050 0.789 0.060 0.769 0.059 0.398 0.132

4 � 0.889 0.030 0.865 0.035 0.846 0.044 0.792 0.059 0.777 0.058 0.417 0.125

5 � � 0.893 0.026 0.881 0.032 0.848 0.036 0.799 0.050 0.786 0.057 0.433 0.118

6 � � 0.898 0.024 0.890 0.030 0.851 0.030 0.821 0.043 0.789 0.056 0.468 0.103

7 � � 0.915 0.020 0.908 0.028 0.857 0.029 0.856 0.036 0.794 0.055 0.478 0.099

8 � � � 0.925 0.018 0.914 0.027 0.861 0.022 0.899 0.015 0.811 0.054 0.549 0.096

Table 6 Comprehensive ablation analysis of design choice in DAMFNet

Module Parameters DAVIS FBMS MCL SegTrack-V2 DAVSOD DAVSOD-Diff

# Params(M) FLOPs(G) Speed(FPS) Sα MAE Sα MAE Sα MAE Sα MAE Sα MAE Sα MAE

Default 20.3 18.5 32 0.876 0.035 0.839 0.040 0.776 0.055 0.789 0.054 0.699 0.070 0.425 0.120

Conv2d 18.7 17.3 45 0.889 0.028 0.853 0.032 0.809 0.048 0.799 0.045 0.729 0.066 0.449 0.117

DConv 14.5 13.2 50 0.904 0.021 0.869 0.030 0.823 0.042 0.834 0.038 0.731 0.065 0.485 0.110

DSConv 12.9 12.8 60 0.917 0.018 0.889 0.028 0.850 0.036 0.868 0.025 0.754 0.060 0.532 0.102

All 11.0 10.7 75 0.925 0.017 0.914 0.027 0.861 0.022 0.879 0.015 0.811 0.054 0.549 0.096

Fig. 6 The failure case of DAMFNet and SOTA models on the DAVSOD-Difficult dataset. IF is the input frame, and GT is the annotation map
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extraction. By integrating these convolutional mechanisms,
DAMFNet effectively balances motion and appearancemod-
eling while maintaining network efficiency. This design
allows DAMFNet to outperform existing methods on com-
plex VSOD tasks, demonstrating superior generalization
without excessive computational overhead.

5 Conclusion

This paper introduces a novel and efficient, lightweight
DAMFNet model to leverage geometric appearance and
motion features for rapid and effective video salient object
detection. The proposed model incorporates depth-wise
convolution (DSConv) layers and deformable convolution
(DConv) layers to extract crucial geometric appearance and
motion information. The residual skip connection between
the backbone and encoder output generates the enhanced
geometric representation of appearance andmotion informa-
tion. Then, the fusion of geometric appearance and motion
information givesmeaningful information. For enhancing the
performance of DAMFNet, appearance and motion transfer
learning (AMTL) is proposed using the AMTLoss function.
Further, the Conv2d, BN followed by ReLU is used to gen-
erate the saliency map. The proposed model is validated
through extensive experiments, positioning itself as a uni-
fied solution that advances research in VSOD. In future, we
will propose tiny deep learning models to detect objects in
multi-scale and multi-domain.
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