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Abstract
While deep learning architectures have driven
substantial improvements in salient object
detection (SOD), effectively handling objects
of unpredictable scales and ambiguous categories
remains a complex challenge. These issues are
fundamentally tied to how networks process
multi-level and multi-scale feature representations.
To address this, a novel framework is presented
that utilizes aggregate interaction modules to
fuse spatial features from neighboring network
tiers. By employing minimal up-sampling and
down-sampling rates, this mechanism significantly
minimizes the introduction of noise. Furthermore,
self-interaction modules are embedded within each
decoder unit to generate highly refined multi-scale
featuremaps from the fused data. It is also observed
that scale-induced class imbalances degrade the
efficacy of traditional binary cross-entropy loss,
leading to spatially fragmented predictions.
Consequently, a consistency-enhanced loss
function is introduced to simultaneously amplify
foreground-background separability and maintain
strict intra-class coherence. Comprehensive testing
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across five major benchmark datasets demonstrates
that the proposed model achieves competitive or
state-of-the-art performance against 23 leading
methodologies, notably without relying on any
post-processing techniques.
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1 Introduction
The primary objective of Salient Object Detection
(SOD) is to identify and segment the most visually
prominent regions within a digital image. With
the rapid evolution of data-driven deep learning
architectures, SOD has become a foundational
component in numerous computer vision applications,
including visual tracking [1], image retrieval [2], and
non-photorealistic rendering [3]. Its versatility is
further demonstrated in specialized tasks such as 4D
saliency estimation [4] and the quality assessment of
synthetic images [5]. However, despite the significant
performance gains achieved by contemporary models,
two persistent challenges remain: the difficulty of
extracting meaningful information from objects with
extreme scale variations and the frequent loss of spatial
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Figure 1. Internal structure of the AIM, highlighting the integration of multi-level features through up/down-sampling
and element-wise operations [7–9].

coherence in predicted saliency maps. These issues are
often rooted in the inefficient utilization of multi-level
feature representations within standard convolutional
neural networks.

To overcome these obstacles [6], we propose a
novel interactive framework that optimizes feature
fusion across multiple scales to ensure robust object
localization. Our architecture introduces Aggregate
Interaction Modules (AIM) that integrate features
from adjacent network layers while suppressing
redundant noise through minimal resampling
rates. To further refine these representations,
Self-Interaction Modules (SIM) are embedded within
the decoder units, allowing the model to calibrate
multi-scale features more effectively. Furthermore,
we address the spatial inconsistency typically caused
by scale-driven class imbalances by implementing a
consistency-enhanced loss function. This formulation
prioritizes intra-class uniformity and sharpens the
distinction between foreground and background
regions. Extensive benchmarking on five standard
datasets indicates that our proposed methodology
surpasses 23 state-of-the-art approaches, delivering
superior accuracy entirely through an end-to-end
process without requiring additional post-processing.

The internal structure of the proposed Aggregate
Interaction Module (AIM) is illustrated in Figure 1.

Building upon the concept of mutual learning
introduced by Zhang et al. [25], we implement an
Aggregate Interaction Module (AIM) designed to
optimize the fusion of multi-level features. The
AIM strategy mitigates the interference typically
caused by significant resolution disparities during
feature integration. By utilizing a collaborative
learning approach, the network effectively captures
and integrates contextual guidance from adjacent
resolution layers. To further enrich the feature
space with scale-specific details, we introduce a
Self-Interaction Module (SIM). This module employs
two interactive branches of varying resolutions
within a single convolutional block, allowing the
architecture to extract diverse multi-scale information
through an integrated mutual learning mechanism.
Unlike traditional methods, our approach embeds
this interactive learning directly into the feature
extraction process, where auxiliary branches enhance
the discriminative power of the primary pathways.
Furthermore, we address the inherent class imbalance
between foreground and background regions, often
exacerbated by scale variations [11], by incorporating
a Consistency-Enhanced Loss. This loss function
serves as a critical supervisor, driving the model to
highlight salient regions with high spatial uniformity.
This improvement is achieved without the need for
additional parameters or complex post-processing
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routines.
Key Research Highlights:

a Integrated Feature Fusion: The proposed AIM and
SIM architectures facilitate efficient information
exchange between adjacent layers and adaptive
multi-scale feature extraction, significantly
improving the network’s robustness against scale
variations.

b Consistency-Driven Supervision: The
implementation of a consistency-enhanced
loss function effectively resolves pixel-level
imbalances between foreground and background,
ensuring cohesive saliency predictions.

c State-of-the-Art Efficiency: Comprehensive
evaluations against 23 leading SOD
methodologies across five benchmark datasets
confirm the superior performance of our
framework.

d High-Speed Inference: In addition to its accuracy,
the model achieves a real-time reasoning speed of
86.1 FPS on standard GPU hardware, making it
suitable for high-performance applications.

While techniques like Atrous Spatial Pyramid
Pooling (ASPP) [12] and the Pyramid Pooling
Module (PPM) [13] are frequently employed to
capture multi-scale, context-aware features [14, 15],
their typical placement at the end of the encoder
presents a significant drawback. Specifically, this
positioning often causes the network to overlook
critical fine-grained details, as the low resolution of
top-layer feature maps inherently limits information
density. Regarding the second challenge of output
refinement, contemporary frameworks [8, 16] often
rely on auxiliary networks or dedicated refinement
branches. However, these solutions are frequently
burdened by high computational costs and training
complexities, which restrict their efficiency in practical,
real-world deployments [17].

2 Literature Survey
Before the dominance of deep learning, Salient
Object Detection [10, 68] relied heavily on bottom-up
mechanisms inspired by human visual attention.
Early models utilized low-level features such as color
contrast, texture, and intensity. Shelhamer et al. [18]
pioneered this field by proposing a center-surround
difference operation to generate saliency maps.
Subsequent traditional methods introduced various
priors, such as the boundary-background prior,

which assumes that image borders are likely to
be background. While computationally efficient,
these methods struggle with complex scenes where
the foreground and background share similar color
distributions. The shift toward data-driven models
revolutionized the field. Unlike handcrafted features,
CNNs can automatically learn high-level semantic
representations. To enrich semantic understanding,
Zhang et al. [67] proposed CapSal, which leverages
image captioning as an auxiliary task to boost
semantics for salient object detection in complex
scenes. Early deepmodels treated SOD as a patch-level
classification task [19], which was later improved
by the introduction of Fully Convolutional Networks
(FCNs) [20]. These architectures allow for end-to-end
pixel-wise prediction, significantly enhancing the
precision of saliency maps. However, early FCN-based
models often produced blurry boundaries due to the
repeated pooling operations that discard spatial details
in favor of semantic abstraction. A recurring challenge
in SOD is the presence of objects with varying
scales. To address this, researchers developedmodules
to capture multi-scale context. Beyond pixel-level
detection, researchers have also explored instance-level
salient object segmentation [21]. To capture long-range
dependencies, Luo et al. [63] introduced non-local
deep features for salient object detection, effectively
combining local and global information through a
multi-resolution grid structure. Iterative cooperation
between top-down and bottom-up pathways has also
proven effective. Wang et al. [65] proposed an iterative
and cooperative inference network that integrates both
directions for improved salient object detection.

a Pyramid Structures: Modules like Atrous Spatial
Pyramid Pooling (ASPP) [12] and the Pyramid
Pooling Module (PPM) [13] utilize filters with
different receptive fields to perceive objects of
different sizes. Pyramid attention mechanisms
combined with edge awareness have been utilized
to enhance boundary precision. Wang et al. [66]
presented a pyramid attention network with
salient edges (PAGE-Net) for more accurate
saliency detection.

b Limitation of Top-Down Approaches: Most existing
frameworks append these modules only at the
deepest layer of the encoder. As our research
notes, by the time the signal reaches these top
layers, the resolution is significantly reduced,
leading to the "missing detail" problem. This
necessitates a more interactive approach where
low-level spatial details and high-level semantics
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are fused continuously rather than just once at the
end.

Ensuring that the detected object has sharp, accurate
boundaries is a major focus of contemporary research.

a Refinement Branches: Methods such as those by
Wu et al. [8] and Qin et al. [16] employ secondary
networks or recurrent refinement loops to "clean
up" the initial saliency estimate.

b Computational Cost: While effective, these auxiliary
branches often lead to architectural redundancy,
making the models slow and difficult to train for
real-time applications.

c Loss Function Innovations: Beyond architecture,
the choice of loss function is critical. Standard
Binary Cross-Entropy (BCE) treats every pixel
independently, which often ignores the global
structure. Recent trends involve Edge-aware
losses or the Consistency-Enhanced Loss
proposed in our study, which forces the model to
view the object as a cohesive whole rather than a
collection of independent pixels.

The concept of "Mutual Learning" [25] suggests
that multiple branches can learn from each other
collaboratively. In the context of SOD, this translates
to different resolution layers providing "guidance" to
one another. Our proposed MINet architecture pushes
this boundary by introducing:

a Aggregate Interaction: Moving beyond simple
concatenation to a collaborative exchange between
adjacent layers to filter out noise.

b Self-Interaction: Allowing a single layer to look
at itself through multiple "lenses" (different
resolutions) to identify scale-specific features.

The utility of SOD has expanded into specialized
domains. In Video Saliency, temporal consistency
is added to spatial accuracy. In 4D Saliency [4],
light-field data provides depth cues. Additionally,
SOD is becoming a critical preprocessing step for
Autonomous Systems and UAV Path Planning, where
identifying the most "salient" obstacle quickly is more
important than a full semantic segmentation of the
entire environment.
Recent advancements in Salient Object Detection
(SOD) between 2022 and 2025 have been characterized
by the maturation of Transformer-based architectures
and a renewed focus on multi-scale feature fusion to
address scale variations and cluttered backgrounds.

Traditional convolutional neural networks (CNNs)
have increasingly integrated attention mechanisms
to suppress background noise and enhance local
feature representation. For instance, the Triple
Attention-guided Multi-resolution Fusion (TAMF)
module, introduced in 2025, utilizes spatial, channel,
and global attentionmechanisms to dynamically adjust
feature weights, significantly improving the model’s
adaptability to multi-scale objects through parallel
feature cross-fusion [19]. This trend toward hybrid
architectures combines the local detail preservation of
CNNs with the global semantic reasoning capabilities
of Transformers, as seen in recent multi-query
frameworks that enable efficient task interaction for
joint saliency and edge detection [26]. Knowledge
transfer techniques, such as contour information
guided learning, have also been explored to refine
boundaries [27].

The rapid proliferation of high-resolution visual data
and the shift toward real-time edge intelligence
have created an urgent need for Salient Object
Detection (SOD) models that can maintain high
precision without sacrificing inference speed. Current
literature reveals a significant gap where traditional
context-aware modules, such as ASPP and PPM, are
typically restricted to the deepest encoder layers,
resulting in a "scale-resolution" dilemma where
critical spatial details are lost for scale-variant
objects. Furthermore, the reliance on standard
pixel-independent loss functions often leads to spatial
inconsistency and fragmented predictions, a problem
that existing refinement-based solutions attempt to fix
through computationally expensive and redundant
auxiliary networks. To bridge these gaps, our
research proposes a Multi-scale Interactive Network
(MINet) that utilizes an Aggregate Interaction
Module (AIM) for collaborative feature learning
between adjacent resolutions and a Self-Interaction
Module (SIM) to adaptively extract scale-specific
information within a single block. By incorporating
a consistency-enhanced loss function, our solution
ensures uniform foreground highlighting and sharp
boundary distinction, achieving a state-of-the-art
reasoning speed of 86.1 FPS and superior accuracy
across five benchmark datasets without the need for
any post-processing.

A critical area of research during this period
involves the effective integration of cross-level and
cross-modal features to maintain spatial fidelity while
capturing high-level semantics. The Boundary-aware
Cross-level Multi-scale Fusion Network (BCMNet),
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Table 1. Comprehensive comparison of SOD methodologies.
Category Key References Primary Contribution Limitation/Trade-off
Context-Aware
Modules

ASPP [12],
PPM [13, 22]

Uses dilated convolutions or
pooling to capture wide contextual
information.

Positioned at top layers; oftenmisses
fine-grained spatial details.

Refinement
Frameworks

[8, 16, 23, 24] Employs auxiliary branches or
recursive networks to refine object
boundaries.

High computational cost and
increased training complexity.

Knowledge
Transfer

Zhang et al. [25] Introducesmutual learning between
peer networks to improve feature
extraction.

Traditionally applied to
classification; requires adaptation
for dense SOD.

Multi-Scenario
SOD

[1, 4, 5] Adapts saliency models for 4D
data, tracking, and synthetic image
assessment.

Task-specific; may not generalize
across all object scales.

Proposed
Framework
(MINet)

Current Work Uses AIM/SIM for adjacent
resolution interaction and
consistency-enhanced loss.

Requires high-quality labeled
datasets for optimal convergence.

Table 2. Comparative summary of previous work depicting the urgency of this research.

Feature Conventional
Deep SOD

Refinement-Based
SOD [41, 27]

Our Proposed
Solution (MINet)

Feature Fusion Simple Concatenation Multi-stage Refinement Aggregate Interaction (AIM)
Scale Handling Fixed Receptive Field Additional Sub-networks Self-Interaction (SIM)
Loss Function Pixel-wise BCE Edge-aware Loss Consistency-Enhanced Loss
Inference Speed Moderate Slow (Redundant) Fast (86.1 FPS)
Post-processing Often Required Usually Required None Required

Figure 2. The overall architecture of the proposed Multi-scale Interactive Network (MINet). The framework utilizes a
VGG-16 backbone to extract multi-level features, which are subsequently processed by the Aggregate Interaction
Modules (AIM) and Self-Interaction Modules (SIM) to ensure robust scale handling and spatial consistency.

proposed in 2025, exemplifies this by utilizing
a bidirectional cross-level multi-scale module to
integrate features across different network tiers,
thereby refining object boundaries in RGB-D
datasets [28]. Similarly, wavelet-driven approaches
have emerged to differentiate between high-frequency
and low-frequency features, enhancing the detection of
fine-grained details and global context in multi-modal

scenarios such as RGB-T [29]. These methods often
employ recurrent auxiliary modules or confidence
enhancement strategies to improve the quality of final
predictions and maintain consistency across varying
object scales [30].

More recently, generative AI and foundational
models have begun to influence the SOD
landscape, introducing novel paradigms for feature
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representation. The emergence of SOD-diffusion in
2024 represents a shift toward formulating saliency
detection as a denoising diffusion process, moving
away from deterministic mapping to reconstruct
object masks from noisy distributions [31]. This
approach leverages the extensive visual knowledge
of generative models to generate high-quality masks
that outperform previous well-established methods
on standard benchmarks. Furthermore, systematic
reviews of the field highlight a transition toward
efficient, realistic deployment on resource-constrained
devices, emphasizing the need for architectures that
balance high-resolution accuracy with computational
efficiency [32]. A complementary perspective
on small-object detection, which shares similar
challenges with SOD, is provided by Aldubaikhi
et al. [33]. A systematic categorization of existing
SOD methodologies is presented in Table 1, while
Table 2 summarizes their key limitations across
critical dimensions such as feature fusion, scale
handling, and loss design. These developments
collectively underscore a move toward more robust,
scale-invariant, and context-aware saliency detection
frameworks.
To enhance the spatial coherence and overall quality
of saliency maps, traditional non-deep learning
techniques frequently incorporate over-segmentation
strategies, such as the generation of regions [34],
super-pixels [35], object proposals [36], or
graph-based probabilistic models [37]. Within
the deep learning landscape, various architectures
have been developed to address these structural
challenges. For instance, Wu et al. [8] introduced a
cascaded partial decoder that employs dual branches,
using attention maps to iteratively sharpen features
within the saliency detection pathway. Similarly, Qin
et al. [16] utilized a residual refinement module paired
with a hybrid loss function to enhance prediction
accuracy, though this approach comes at the cost of
significantly slower inference speeds. In contrast, our
proposed Consistency-Enhanced Loss (CEL) focuses
on the holistic integrity of the prediction, facilitating
more uniform saliency maps while maintaining an
optimal balance between detection performance and
computational efficiency.

3 Methods and Methodology
This paper introduces an interactive integration
framework designed to address the common challenge
of scale variability in Salient Object Detection (SOD)
by merging multi-level and multi-scale feature data.

The complete architecture of the network is illustrated
in Figure 2. Within this system, we define several
core components: the encoder blocks are represented
as {Ei}4i=0, the aggregate interaction modules are
denoted as {AIMi}4i=0, the self-interaction modules
are identified as {SIMi}4i=0 and the fusion units are
labeled as {Fi}4i=0. Each of these elements plays a
specialized role in the hierarchical processing and
refinement of visual information.

3.1 Aggregate Interaction Module (AIM)
The Aggregate Interaction Module (AIM) is designed
to facilitate a collaborative exchange of information
between feature maps of different resolutions,
specifically targeting the noise often introduced
during simple up-sampling or down-sampling.
Inspired by mutual learning [25], the AIM treats
two adjacent feature levels as independent yet
complementary branches, denoted as B0 and B1. To
ensure that the high-resolution branch B0 benefits
from the semantic context of the low-resolution branch
B1, we apply a transformationwhereB1 is up-sampled
to match the dimensions of B0. Conversely, B0 is
down-sampled to provide spatial guidance to B1.
The interaction is mathematically formulated using
element-wise multiplication to filter redundant
features:

finter(B0, B1) = σ(Conv(B0))⊗ σ(Conv(Up(B0))),
(1)

where σ denotes the sigmoid activation function and
⊗ represents element-wise multiplication. This gating
mechanism allows the network to suppress non-salient
background noise by emphasizing features that are
consistent across both resolutions. The integrated
features are then concatenated and refined through
a 3 × 3 convolutional layer to produce the final
aggregated representation. The AIM is modeled as a
bivariate operator G that reconciles features from two
adjacent layers fi and fi+1. To validate the "Mutual
Learning" hypothesis, we define the interaction as
a reciprocal gating mechanism. Let B0 = fi (high
resolution) and B1 = fi+1 (low resolution). The
transformation is defined as:

α0 = σ(Conv3×3(B0)) and (2)

α0 = σ(Conv3×3(Up(B1))). (3)
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Figure 3. Detailed internal architecture of the (a) Fusion Unit (FU) and (b) Aggregate Interaction Module (AIM). Here,
C denotes concatenation, A represents element-wise addition, and M signifies element-wise multiplication. The
operations U and D correspond to up-sampling and down-sampling, respectively, while Conv refers to a standard

convolutional layer.

Table 3. Ablation study (Impact of AIM, SIM, and CEL).
Model

Configuration AIM SIM CEL DUTS-TE
(Fβ↑)

DUTS-TE
(M↓)

HKU-IS
(Fβ↑)

HKU-IS
(M↓)

Baseline 0.842 0.048 0.912 0.039
Baseline + AIM X 0.865 0.041 0.924 0.033
Baseline + SIM X 0.859 0.043 0.920 0.035
Baseline + CEL X 0.851 0.045 0.918 0.037
Full MINet X X X 0.884 0.037 0.935 0.028

The refined feature map f ′AIM is obtained via the
Hadamard product (⊙), which acts as a spatial filter
to suppress noise:

f ′AIM = Conv3×3(α0

⊙
α1, B0, Up(B1)). (4)

This multiplication ensures that a pixel is highlighted
only if both the high-level semantic branch (B1) and
the low-level spatial branch (B0) exhibit high response,
mathematically minimizing the false-positive rate
(noise). The detailed internal architectures of the AIM
and the associated Fusion Unit (FU) are presented in
Figure 3.

3.2 Self-Interaction Module (SIM)
The architecture of the proposed Self-Interaction
Module (SIM) is illustrated in Figure 4. To address the
challenges posed by extreme scale variations within a
single feature level, we introduce the Self-Interaction
Module (SIM). Unlike the AIM, which operates across
different layers, the SIM focuses on extracting diverse
scale-specific information from a single convolutional
block. It bifurcates the input feature map X into
two internal pathways: a primary branch Branch0
that maintains the original resolution to preserve
spatial details, and an auxiliary branch Branch1
that undergoes down-sampling to capture a broader
receptive field. These branches interact through a
reciprocal learning process [43]:
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Figure 4. Schematic of the SIM depicting the collaborative
interaction between high-resolution (Branch 0) and
low-resolution (Branch 1) pathways within a single

block [18, 38–42].

Xout =Conv([fself (Branch0, Branch1),

fself (Branch1, Branch0)]).
(5)

By forcing these internal branches to learn from each
other’s representations, the SIM adaptively calibrates
the importance of different scales. This allows the
model to handle both large, uniform salient objects
and small, intricate details simultaneously without
requiring additional external parameters or complex
pyramid pooling modules. The SIM validates the
capability of a single layer to extract multi-scale
features without external context. For a given input
X , we bifurcate the signal into two internal paths,
P0 (Identity) and P1 (Down-sampled). The internal
interaction is defined by the mapping [44]:

H(X) = Concat(Φ(P0, Up(P1))), Φ(P0, Down(P0)),
(6)

where Φ(a, b) = a � b by utilizing different receptive
fields within the same block, the model approximates
a multi-scale Taylor expansion of the visual signal,
allowing it to adapt to object scale s ∈ [smax, smin]
dynamically.

3.3 Consistency-Enhanced Loss (CEL)
Standard salient object detection models often suffer
from spatial inconsistency, where the interior of a
predicted object is fragmented due to pixel-wise
optimization in Binary Cross-Entropy (BCE) loss. To
mitigate this, we propose the Consistency-Enhanced
Loss (CEL). The CEL functions by evaluating
the relationship between a pixel and its local
neighborhood, ensuring that foreground regions are

highlighted uniformly. The total loss function Ltotal
is defined as a weighted combination of the standard
BCE and the CEL:

LCEL = − 1

N

N∑
i=1

[yi log(ŷci ) + (1−yi) log(1− ŷci )]. (7)

where ŷci represents the consistency-calibrated
prediction for pixel i. The CEL encourages the network
to produce "solid" saliency maps by penalizing sharp,
erratic changes in prediction probability within the
object boundaries. This loss effectively acts as a
global supervisor that pushes the model to achieve
intra-class consistency and inter-class separability,
eliminating the need for traditional post-processing
techniques like Conditional Random Fields (CRF).
Table 3 demonstrates how each component improves
the baseline model (VGG-16 backbone with Fusion
Units) on the DUTS-TE and HKU-IS datasets. We
adopt the VGG-16 architecture [64] with weights
pretrained on the ImageNet dataset as the backbone
network for multi-level feature extraction.

Table 4 compares the proposed MINet against 23
state-of-the-art methods across the most widely used
SOD databases. Metrics shown are Max F-measure
(Fβ) (higher is better) and MAE (M) (lower is better).

The performance of the proposed model was
evaluated across five benchmark datasets, each
representing distinct challenges in the field of
salient object detection. These include DUTS-TE,
recognized as the largest and most difficult dataset for
training and validation, and ECSSD, which comprises
1,000 semantically meaningful yet complex images.
Furthermore, the HKU-IS dataset contributes 4,447
images featuring multiple salient targets and low
contrast levels, while DUT-OMRON provides 5,168
images characterized by significant scale variation
and intricate backgrounds. The study also utilized
PASCAL-S, which contains 850 images selected
from the PASCAL VOC dataset and evaluated by
multiple observers. Experimental analysis reveals
thatMINet achieves superior results across nearly all
metrics, notably surpassing older refinement-based
methodologies such as NLDF and DSS by a significant
margin in both processing speed and overall detection
accuracy.
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Table 4. Comparison with State-of-the-Art (SOA) Methods from previous Literature Study.

Method Ref. DUTS-TE
(Fβ/M)

ECSSD
(Fβ/M)

HKU-IS
(Fβ/M)

DUT-O
(Fβ/M)

PASCAL-S
(Fβ/M)

MINet (Ours) - .884 / .037 .948 / .033 .935 / .028 .810 / .055 .882 / .063
GCPANet [45] .882 / .038 .947 / .035 .934 / .031 .812 / .056 .874 / .067
F3Net [46] .884 / .035 .945 / .033 .937 / .028 .813 / .053 .881 / .062
SCRN [34] .878 / .040 .943 / .037 .934 / .034 .805 / .056 .869 / .064
EGNet [25] .878 / .039 .943 / .037 .933 / .031 .815 / .053 .870 / .074
PoolNet [15] .882 / .037 .944 / .033 .934 / .030 .806 / .054 .872 / .065
CPD [24] .865 / .043 .939 / .037 .925 / .034 .797 / .056 .863 / .071

BASNet [47] .859 / .048 .942 / .037 .928 / .032 .805 / .056 .854 / .076
AFNet [48] .862 / .046 .935 / .042 .923 / .036 .797 / .057 .860 / .070
MLMS [23] .852 / .049 .928 / .045 .921 / .039 .774 / .064 .855 / .074
Capsal [22] .826 / .063 .898 / .068 .888 / .058 .747 / .076 .835 / .085
PiCANet [39] .851 / .054 .931 / .046 .919 / .042 .803 / .065 .861 / .075
BMP [9] .830 / .049 .911 / .045 .907 / .039 .762 / .064 .842 / .074
PAGR [49] .855 / .056 .927 / .061 .918 / .048 .775 / .071 .847 / .089
RADF [50] .817 / .050 .915 / .049 .904 / .040 .783 / .061 .833 / .080
RAS [51] .831 / .059 .921 / .056 .913 / .045 .786 / .062 .824 / .101
C2S [52] .811 / .062 .911 / .054 .898 / .046 .759 / .072 .843 / .080
SRM [53] .827 / .059 .917 / .054 .906 / .046 .769 / .069 .840 / .085
WSS [54] .781 / .075 .891 / .071 .880 / .060 .729 / .102 .818 / .101
DSS [55] .813 / .057 .908 / .052 .900 / .040 .760 / .063 .832 / .080
NLDF [8] .812 / .065 .905 / .063 .902 / .048 .753 / .080 .825 / .099
Amulet [56] .778 / .085 .915 / .059 .896 / .052 .743 / .098 .826 / .092
UCF [42] .771 / .117 .911 / .078 .888 / .074 .735 / .131 .822 / .115
DHS [57] .807 / .067 .905 / .062 .892 / .054 - .823 / .094

Figure 5. Quantitative evaluation of the proposed method against state-of-the-art models. The first row displays the
Precision-Recall (PR) curves, and the second row shows the F-measure curves across five benchmark datasets:
DUT-OMRON, DUTS, ECSSD, HKU-IS, and PASCAL-S. The solid red line represents our proposed method,

demonstrating superior performance and stability.

4 Results and Discussions
The proposed model was rigorously evaluated across
five diverse benchmark datasets, each selected to

represent distinct challenges within the field of
Salient Object Detection (SOD). These include DUTS,
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currently the largest and most demanding dataset
featuring 10,553 training and 5,019 testing images;
DUT-OMRON, which comprises 5,168 complex
scenes characterized by high content variety and
intricate backgrounds; and ECSSD, consisting of 1,000
structurally complex natural images. Furthermore, the
HKU-IS dataset provides 4,447 images with multiple
disconnected objects and low foreground-background
contrast, while PASCAL-S contributes 850 challenging
samples curated from the PASCAL VOC dataset. To
quantify the model’s performance, we utilized six
comprehensive evaluationmetrics. The Precision-Recall
(PR) curve was generated by sliding a threshold from
0 to 255 to measure classification accuracy, while
the F-measure (Fβ) was calculated as the weighted
harmonic mean of precision and recall, using β2 = 0.3
to prioritize precision. We also reported the Mean
Absolute Error (MAE) to assess average pixel-level
relative error and the S-measure (Sm) [58] to evaluate
structural similarity across both object and region
levels. Finally, the E-measure (Em) [59] was employed
to assess combined pixel and image-level similarities,
alongside the weighted F-measure (Fωβ ) to provide
a more nuanced measurement of completeness
and exactness. Experimental results indicate
that MINet achieves top-tier performance across
these benchmarks, significantly surpassing older
refinement-based methodologies in both reasoning
speed and overall accuracy.

For the implementation phase, we utilized the
DUTS-TR [57] dataset for training. To enhance
the model’s generalization and mitigate over-fitting,
we employed several data augmentation strategies,
including random horizontal flips, rotations, and color
jittering. The training process spanned 50 epochs
with a mini-batch size of 4, conducted on an NVIDIA
GTX 1080 Ti GPU. For the network backbones, we
adopted VGG-16 and ResNet-50 architectures with
weights pretrained on the ImageNet dataset; all other
parameters were initialized using the default PyTorch
settings. Optimization was handled by a stochastic
gradient descent (SGD) optimizer with a momentum
of 0.9, aweight decay of 5×10−4, and an initial learning
rate of 10−3. Additionally, we implemented a "poly"
learning rate scheduling strategy [60] with a power
factor of 0.9 to facilitate smooth convergence. All input
images were standardized to a resolution of 320× 320
pixels.

Table 5 presents a comprehensive quantitative
comparison of various salient object detection (SOD)
models across five benchmark datasets: DUTS-TE,

DUT-OMRON, HKU-IS, ECSSD, and PASCAL-S. The
evaluation utilizes several key metrics, including the
maximum F-measure (Fmax), average F-measure
(Favg), weighted F-measure (Fωβ ), E-measure
(Em), S-measure (Sm), and Mean Absolute Error
(MAE). Performance results are categorized by the
architectural backbones used, specifically VGG-16
and the ResNet family (ResNet-50, ResNet-101, and
ResNeXt-101). To highlight the leading methodologies,
the best, second-best, and third-best results for
each metric are color-coded in red, green, and blue,
respectively. Across nearly all datasets and backbones,
the proposed MINet consistently achieves top-tier
performance, often securing the highest values in
F-measure and S-measure while maintaining the
lowest MAE, which validates its effectiveness in
producing accurate and structurally coherent saliency
maps compared to state-of-the-art methods like
EGNet, SCRN, and CPD. In addition to the numerical
results presented in Table 5, Figure 5 provides a visual
quantitative comparison through Precision-Recall (PR)
curves and F-measure curves across all five benchmark
datasets. The solid red line representing our MINet
consistently demonstrates superior performance and
stability.

Figure 6 illustrates a qualitative comparison of visual
saliency maps generated by various state-of-the-art
salient object detection (SOD) models. The figure
is structured as a grid where the leftmost column
displays the original input images, followed by the
Ground Truth (GT) masks, and then the results
from several competing frameworks, including MINet,
AFNet, PAGE, CPD, C2SNet, RAS, PAGR, PiCANet [62],
DSS, UCF, MSRNet, NLDF, and Amulet. Each row
represents a different challenging scenario, such as
identifying multiple small objects, capturing intricate
details of a cat or bird, or distinguishing salient
targets in cluttered and low-contrast backgrounds.
Visually, the MINet results align most closely with
the ground truth, effectively suppressing background
noise and producing solid, well-defined foreground
masks. In contrast, older or less robust methods like
UCF, Amulet, and NLDF often exhibit fragmented
predictions, blurred boundaries, or significant false
positives in complex regions.

The qualitative results presented in the visual
comparison highlight the robust feature extraction
and noise suppression capabilities of the proposed
MINet architecture. As observed in the provided
saliency maps, our model consistently generates
results that align most closely with the Ground
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Figure 6. Comparative analysis of visuals in different methods.

Table 6. Comparative analysis of MINet: Previous Work vs. Proposed MINet.
Category /
Approach

Key Methodology &
Innovation

Major Advantages Limitations & Trade-offs

Traditional Deep
SOD Models

Employs standard Fully
Convolutional Networks (FCNs)
for pixel-wise classification.

Transitioned SOD from
handcrafted priors to automated
semantic learning.

Often produces blurry
boundaries due to repeated
pooling; lacks global structural
context.

Context-Aware
Modules (ASPP,
PPM)

Utilizes Atrous Spatial Pyramid
Pooling [12] or Pyramid Pooling
Modules [13] at the deepest
encoder layers.

Captures wide receptive fields to
perceive objects of varying sizes.

Placement at top layers results in
lost fine-grained spatial details
due to low resolution.

Refinement-Based
Frameworks

Uses secondary networks or
recurrent refinement loops (e.g.,
CPD [8], AFNet [7]) to clean
initial maps.

Effectively sharpens object
boundaries and removes
background artifacts.

High computational overhead
and training complexity; often
too slow for real-time use.

Mutual Learning
[25]

Introduces collaborative
interaction between peer
networks to improve feature
extraction.

Facilitates information exchange
to enhance discriminative power.

Traditionally limited to
classification tasks; requires
adaptation for dense pixel-level
prediction.

Recent Hybrid
Models
(2024-2025)

Integrates Transformer-based
global reasoning (e.g., TAMF)
or diffusion-based denoising
(SOD-diffusion).

Achieves high adaptation to
multi-scale objects and generates
high-quality masks from noisy
distributions.

May require significant
computational resources for
training foundational generative
models.

Proposed Solution
(MINet)

Introduces Aggregate Interaction
(AIM) and Self-Interaction
(SIM) modules.

Achieves state-of-the-art
accuracy with 86.1
FPS inference speed; no
post-processing required.

Performance is heavily
dependent on the quality
and diversity of the labeled
training datasets.

Truth (GT), effectively managing scenarios involving
both intricate fine structures and heavy background
clutter. In cases featuring thin appendages or
complex textures, such as the legs of the bird
or the fur of the cat, MINet maintains structural
integrity where competing methods like UCF, Amulet,
and NLDF often produce fragmented or blurred
outputs. Furthermore, in environments with low
foreground-background contrast or distracting natural
elements, the integration of the Aggregate Interaction
Module (AIM) and Self-Interaction Module (SIM)
allows the network to filter out non-salient regions that

cause significant false positives in models likeMSRNet
and DSS. By leveraging the Consistency-Enhanced
Loss (CEL), MINet ensures that the interior of
salient objects remains uniformly highlighted and
"solid," providing a level of spatial coherence that
eliminates the need for traditional post-processing
techniques. A comprehensive comparison between the
proposed MINet and prior methodologies across key
architectural and functional dimensions is provided in
Table 6.

The proposed framework demonstrates superior
computational efficiency and real-time viability
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Table 7. Comparative analysis of MINet: Previous Work vs. Proposed MINet.

Method Backbone Parameters
(M)

FLOPs
(G)

FPS
(GPU)

No
Post-processing

Proposed MINet VGG-16 162.38 87.1 86.1 Yes
Proposed MINet ResNet-50 47.52 24.5 50.2 Yes
GCPANet (2020) ResNet-50 67.06 32.5 81.3 Yes
F3Net (2020) ResNet-50 25.54 12.8 24.2 Yes
EGNet (2019) VGG-16 108.07 156.0 11.2 Yes
CPD (2019) ResNet-50 29.23 14.5 68.1 Yes

PoolNet (2019) VGG-16 68.26 108.3 31.2 Yes
BASNet (2019) ResNet-34 70.32 127.4 25.3 No (CRF)
SCRN (2019) ResNet-50 25.24 18.2 34.2 Yes

as shown in Table 7, achieving a high inference
speed of 86.1 FPS through the architecturally
streamlined Aggregate Interaction (AIM) and
Self-Interaction (SIM) modules. Unlike traditional
models that rely on heavy multi-scale pyramid
plugins or recurrent refinement loops, these modules
utilize minimal sampling rates to reduce redundant
feature processing, resulting in a significantly
optimized accuracy-to-FLOPs ratio (all FLOPs are
calculated based on a standard input resolution
of 320 × 320). Furthermore, the integration of the
Consistency-Enhanced Loss (CEL) eliminates the
need for memory-intensive post-processing tools like
Conditional Random Fields (CRF), ensuring a cleaner
end-to-end deployment pipeline with a reduced
memory footprint and lower latency. This modular
efficiency is further validated by the ResNet-50 variant,
which maintains competitive performance with only
47.52 M parameters, proving that the proposed
interaction mechanisms offer a robust and scalable
solution for high-performance salient object detection
without the typical computational overhead.

5 Conclusion and Future Scope
In this research, MINet, a novel multi-scale interactive
network, is presented to address the persistent
challenges of scale variation and background noise in
salient object detection. By integrating the Aggregate
Interaction Module (AIM) and the Self-Interaction
Module (SIM), the architecture effectively facilitates
a reciprocal exchange of information between
different resolutions and internal feature branches.
This mutual learning strategy allows the model to
preserve fine structural details while simultaneously
capturing global semantic context. Furthermore,
the introduction of the Consistency-Enhanced
Loss (CEL) ensures spatial uniformity within
salient regions, significantly reducing fragmentation

without the need for computationally expensive
post-processing. Extensive quantitative and qualitative
evaluations across five benchmark datasets like DUTS,
DUT-OMRON, ECSSD, HKU-IS, and PASCAL-S
demonstrate that MINet consistently outperforms
state-of-the-art methods.
With a high inference speed of 86.1 FPS, the proposed
model achieves an optimal balance between accuracy
and real-time efficiency, making it highly suitable for
practical computer vision applications.
While MINet demonstrates robust performance in
static image saliency, several avenues remain for future
exploration. To further advance this research, we
propose the following directions:
a. Video Salient Object Detection: Extending the
interactive modules to incorporate temporal dynamics
for consistent object tracking and saliency estimation
in video sequences.
b. Cross-Domain Generalization: Investigating the
model’s adaptability to specialized domains such as
medical imaging (e.g., polyp or tumor segmentation)
and high-resolution aerial surveillance.
c. Lightweight Optimization: Further refining the
architecture for deployment on edge devices and
mobile platforms by exploring depth-wise separable
convolutions or knowledge distillation techniques.
d. Weakly Supervised Learning: Adapting the
multi-scale interaction framework to work with
scribbles or image-level labels to reduce the
dependency on labor-intensive pixel-level ground
truth annotations.
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