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ARTICLE INFO ABSTRACT

Dataset link: https://github.com/habib1402/M
FRNet-SOD

Salient object detection (SOD) enables machines to recognize and accurately segment visually prominent
regions in images. Despite recent advancements, existing approaches often lack progressive fusion of low
and high-level features, effective multi-scale feature handling, and precise boundary detection. Moreover, the
robustness of these models under varied lighting conditions remains a concern. To overcome these challenges,
we present Attention Enhanced Machine Instinctive Vision framework for SOD. The proposed framework
leverages the strategy of Multi-stage Feature Refinement with Optimal Attentions-Driven Framework (MFRNet).
The multi-level features are extracted from six stages of the EfficientNet-B7 backbone. This provides effective
feature fusions of low and high-level details across various scales at the later stage of the framework.
We introduce the Spatial-optimized Feature Attention (SOFA) module, which refines spatial features from
three initial-stage feature maps. The extracted multi-scale features from the backbone are passed from the
convolution feature transformation and spatial attention mechanisms to refine the low-level information.
The SOFA module concatenates and upsamples these refined features, producing a comprehensive spatial
representation of various levels. Moreover, the proposed Context-Aware Channel Refinement (CACR) module
integrates dilated convolutions with optimized dilation rates followed by channel attention to capture multi-
scale contextual information from the mature three layers. Furthermore, our progressive feature fusion strategy
combines high-level semantic information and low-level spatial details through multiple residual connections,
ensuring robust feature representation and effective gradient backpropagation. To enhance robustness, we
train our network with augmented data featuring low and high brightness adjustments, improving its ability
to handle diverse lighting conditions. Extensive experiments on four benchmark datasets — ECSSD, HKU-IS,
DUTS, and PASCAL-S — validate the proposed framework’s effectiveness, demonstrating superior performance
compared to existing SOTA methods in the domain. Code, qualitative results, and trained weights will be
available at the link: https://github.com/habib1402/MFRNet-SOD.
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1. Introduction areas of interest, making processes more efficient [2]. The benefits of

SD extend to various fields, offering improved user experiences, driving

Saliency detection (SD) aims to replicate the natural ability of the
human visual system (HVS) to distinguish the most prominent objects
in a visual scene instinctively. Just like human eyes are drawn to promi-
nent features, the same SD systems work on how machines perceive and
process visual information. Salient object detection (SOD) was defined
by path-finding researchers as a method to mimic the human visual
system’s ability to quickly identify areas of interest in a scene [1]. This
pioneering model simulated the effortless way humans identify regions
of interest, bridging the gap between cognitive processes and artificial
visual perception. SD marks a pivotal advancement in computer vi-
sion (CV), leveraging traditional image processing and advanced deep
learning (DL) models. It reduces computational load by focusing on key
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innovations in autonomous vehicles by enhancing obstacle detection
and navigation, and enriching interactive media by highlighting crucial
content.

SD functions as an important stage in CV, optimizing computa-
tional resource allocation and improving the performance of diverse
image analysis tasks across multiple domains. It can be applied to
segmentation as co-saliency [3], object recognition with its founda-
tional established role since early research [4], image captioning [5],
retrieval [6], image understanding [7], pixel-level image fusion [8]. Vi-
sual tracking [9] by focusing on the most relevant regions. In robotics,
SD allows machines to interact more effectively with their environment
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Fig. 1. Results demonstrate the efficacy of our proposed network (Ours) with ground
truth and images in complex environments. From top to bottom: (a) Partial SOD in
low contrast settings (crocodile in water), (b) Multi-object with overlapping subjects
(child and dog), and (c) Flowers in low light with background leaves.

for complex vision navigation [10]. In medical imaging, it aids in
identifying critical areas within scans, improving diagnostic accuracy
and treatment planning [11]. Additionally, SD algorithms optimize
visual perception in autonomous vehicles by prioritizing regions of
interest and enhancing object detection and scene understanding [12].

SOD can be categorized into several types: video-based SOD, RGB-
D SOD, RGB SOD, and RGB-Thermal (RGB-T) SOD. Video-based SOD
focuses on identifying salient regions in dynamic sequences by lever-
aging both spatial and temporal information. RGB-D SOD enhances
accuracy in complex scenes by incorporating depth data to capture
spatial relationships better. RGB-T SOD combines visual and thermal
images, offering robust performance across diverse lighting conditions.
RGB based SD, relying solely on color information, is widely used for
real-time applications due to its simplicity and effectiveness, serving
as the foundation for more advanced methods. Earlier SOD approaches
[1,13-18] often utilized heuristic methodologies and handcrafted low-
level feature practices. These methods are less effective in complex
environments with low contrast and varying object scales.

In recent years, the extensive applications of convolutional neural
networks (CNNs) have significantly advanced the field of SOD. Fur-
thermore, attention mechanisms are thoroughly investigated in CV [19]
and are now progressively included in SOD models to improve feature
representation and contextual awareness. Initial CNN-based approaches
utilized superpixels or region proposals as fundamental units for pre-
diction, assigning a uniform saliency score to all pixels within the
same superpixel or proposal [20,21]. Following this, fully convolutional
networks (FCNs) were introduced to improve detection performance,
enabling more efficient pixel-wise saliency prediction by extracting
multi-level features from images [22-24]. Several studies have focused
on fusing multi-level features, typically through summation or concate-
nation, to achieve sharp boundaries in the saliency maps (SMs) [25-
28]. Some SOD methods employed single-scale CNN layers followed
by max-pooling layers to extract optimal features [29]. Additionally,
there has been interest in exploring SOD using dilated CNNs [30-
32]. For instance, the method [30] proposed a contextual pyramid
module that uses dilated CNNs with different dilation rates to capture
global context. It then applies channel compression to the convolutional
features before generating the output. The study [31] incorporated
dilated layers with a dilation rate of 2 to capture global context. Simi-
larly, [32] explored convolutions with varying dilation rates, while [33]
introduced an attention-driven contextual feature fusion model.
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1.1. Limitations in the related studies

Despite significant advancements in FCN-based methods [22-24],
several challenges persist. A primary limitation is the suboptimal use
of multi-scale features, often not refined at appropriate network stages.
While deeper layers encode rich semantic information and shallower
layers retain finer details, shallow features in some studies [25-28] may
be noisy, and the exisitng fusion attempts may degrade performance.
Additionally, repeated upsampling and pooling operations hinder the
preservation of sharp object boundaries in predicted SMs. Single-scale
convolutions also struggle to manage salient object position and size
variability effectively, as noted in [29]. Although dilated CNN-based
methods [30-32] show promise, they often struggle to address the
local information loss introduced by higher dilation rates. Further-
more, existing methods frequently need more effective progressive
feature fusion and refinement strategies. Although [33] introduced
attention-over-attention mechanisms, they lack in validating the use
of intermediate-level features for progressive network construction,
limiting the effective combination of high-level semantics and low-
level details. Lastly, the robustness of existing methods under varying
lighting conditions remains a concern. Most must adequately tackle
the challenges posed by complex environments, which restricts their
practical applicability in real-world scenarios.

To address the highlighted limitations, we introduce the Multi-Scale
Feature Refinement strategy with a Dual Attention-Driven framework
called MFRNet. The proposed framework is specifically designed to
tackle the challenges of SD as illustrated in Fig. 1. Our contributions
are as follows:

1.2. Contributions

« Instead of relying on single-scale intermediate features, we ex-
tracted multiscale feature maps from six stages of the EfficientNet-
B7 backbone. This approach offers a comprehensive representa-
tion of salient objects, empirically validated by achieving a favor-
able balance between computational efficiency and performance.
By leveraging the advantages of compound scaling, EfficientNet-
B7 provides a set of features at different scales, capturing both
detailed low-level information and rich high-level semantic cues
essential for precise SOD.

We proposed the Spatial-optimized Feature Attention (SOFA)
module to refine three initial-stage feature maps from the
EfficientNet-B7 backbone. These features are then passed from
the Convolution Feature Transformation (CFT) with 1 x 1 and
3 x 3 convolutions, followed by spatial attention mechanisms
to refine spatial information. The SOFA module concatenates
and upsamples these refined features, producing a comprehensive
spatial representation. This design enables the module to generate
sharper and more precise SMs, distinguishing salient objects from
complex backgrounds.

The Context-Aware Channel Refinement (CACR) block is designed
to collect contextual information at several scales efficiently. This
is achieved using dilated convolutions with optimized dilation
rates at feasible framework points. This practiced approach en-
sures a wider field of view without losing important features,
enhancing the ability to detect salient objects across different
scales. The subsequent channel attention (CA) process refinement
highlights informative channels, further boosting the detection
performance.

The proposed framework employs a progressive feature fusion
strategy, fusing low and high-level semantic and spatial details
through multiple concatenative skip connections. This ensures
continuous information flow and preserves original and attention-
refined features. This strategic use of residuals and attention
mechanisms allows the framework to learn the most important
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features, leading to a robust and comprehensive feature repre-
sentation. Finally, the SOFA features are multiplied element-wise
with the output of CACR, enabling an adaptive feature refinement
that combines spatial and context-aware channel information.

We trained the framework using augmented data with low and
high brightness adjustments to simulate complex environments
and enhance robustness. This approach ensures the model can
effectively handle varying lighting conditions, improving its gen-
eralization capabilities. Extensive experimental analyses are con-
ducted on ECSSD, HKU-IS, DUTS, and PASCAL-S datasets. The
results show the effectiveness of the integrated modules and
outperformed state-of-the-art (SOTA) networks in the domain.

The paper is organized in the following parts: Section 2 extensively
examines the current body of literature. Section 3 elaborates on the
components utilized in the suggested framework. Section 4 shows the
validation of the proposed steps followed by the performance evalu-
ation using the benchmarks and the comparative analysis with SOTA
methods. Finally, Section 5 includes a conclusion and recommendations
for future paths in the SD domain.

2. Related work

Researchers have made significant progress in the challenge of
SOD in recent decades. Generally, SOD-related literature can be clas-
sified into two main groups, which include conventional SOD methods
and deep feature-based SOD approaches. These approaches are briefly
discussed in the below two subsections.

2.1. Handcrafted feature-based conventional methods

Traditional SOD approaches heavily depend on intuitive priors and
manually designed low-level features [1]. Early methods [17,34] lever-
aged handcrafted features and often utilize region proposals or super-
pixels as the basic unit for SOD. Many traditional saliency studies con-
sidered visual contrast from global or local perspectives. The saliency of
each pixel or superpixel is determined by comparing the variations in
center-surround among several low-level features, such as spatial [35],
pattern [36], color [17,37], and structure [38]. The work [39] intro-
duced an approach for generating a SM by analyzing local contrast
and using a fuzzy growing technique to identify important regions
in the map. They introduced a feasible system for analyzing image
attention. This framework includes three levels of attention analysis:
attended view, attended regions, and attended points. It enables the
automated extraction of attention from images, similar to how humans
perceive visual information. Another study [40] shows that a merged
approach, including face detection and low-level saliency, surpasses a
low-level framework in accurately predicting where humans will focus
their attention while seeing images of natural scenes. The work showed
that observers fixate on faces with high probability, even without
specific instructions, and the model’s performance is not impaired by
spurious face detector responses, suggesting a bottom-up face detection
mechanism. However, these methods have limitations in their scope
of comparison and ability to extract the edges of important objects.
The local contrast-assisted approaches [39,40] can only detect edges
with high contrast. These methods often cannot fully capture the salient
object due to their restricted focus on small areas. To overcome these
limitations, global approaches have been proposed that calculate the
saliency of a pixel or region by evaluating its distinctiveness compared
to the whole image. The work [41] introduced a computationally effi-
cient approach that exploits luminance and visual color features. The
proposed algorithm outperforms five SOTA methods in both ground-
truth evaluation and SOD application, achieving higher precision. The
work [17] proposed a simple multi-scale algorithm that generates SMs,
which are utilized to initialize SaliencyCut for unsupervised salient
object segmentation. The proposed work outperforms fifteen networks
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on various datasets and enables effective sketch-based image retrieval
by extracting salient object masks from Internet images. The authors
in [37] introduced a method to consider cues from a scale perspective,
measuring region-based scales instead of varying patch sizes. The ulti-
mate saliency scores are determined by optimally integrating saliency
information from various scales through a hierarchical inference pro-
cess, which chooses single-scale features to generate the final SM. Their
utilized approach enhances detection quality on traditionally chal-
lenging images, and the authors also constructed an extended ECSSD
dataset. Some studies [42,43] have combined multiple features, leading
to improved detection performance of simple visual looks. However,
these methods face challenges when dealing with complex images with
cluttered backgrounds. To address this limitation, researchers have ex-
plored the incorporation of high-level priors based on human attention
mechanisms as additional guidance. Some studies proposed Boundary-
prior-based methods [44-46] to effectively suppress background pixels
by taking features of both background and foreground cues. For in-
stance, the work [45] introduced an SD algorithm that combines dense
and sparse reconstruction techniques using background. The study [47]
introduced a method that generates maps by assessing the similarity
between image regions and foreground and query templates. Another
study by [46] employed a model based on absorbing Markov chain for
boundary-prior-based SD. In addition to boundary priors, the objectness
prior, which emphasizes regions that exhibit object-like characteristics,
has been utilized in several works [48,49]. When these priors are
combined with human cognitive experience, the resulting methods
often improve performance in cases that align with the priors. However,
a potential drawback of relying heavily on priors is that they may not
be universally applicable to all scenarios, leading to low performances
when the image content deviates from the assumptions made by the
priors.

2.2. Deep learning-assisted SOD approaches

CNN-based approaches excel in pattern recognition due to their
ability to capture effective feature extraction [50-52]. Building on
this, attention mechanisms have also gained significant traction in
image and video analysis tasks [53-55]. Recently, CNNs have shown
exceptional ability in capturing and expressing complex semantic in-
formation, leading to impressive improvements in SOD methods [31,
56]. Deep feature-based saliency methods can be categorized into
FCN and patch-based approaches. Earlier approaches [20,21,57,58]
utilized deep semantic features that were primarily patch-based. These
methods commonly consider each segmented area as a fundamental
component for calculating SMs, attributing an identical value to all
pixels belonging to the same segment. These patch-based methods
typically involve extracting CNN features from each patch, followed
by a classification or regression step to assign saliency scores. These
techniques, although surpassing handcrafted feature-based methods,
were hindered by the loss of spatial details and frequently overlooked
fine-grained information present in the early layers of the network.
Additionally, the need to run multiple times for each patch made
them computationally expensive. FCN-based methods were introduced
to predict salient objects by considering pixel-wise features to address
these limitations. The approaches used features gained from many
levels of the FCN and deployed diverse multi-level integration method-
ologies to produce SMs at the pixel level. For instance, the study [23]
used an attention-based method to consider side-output residuals for
top-down effective SOD. The utilized reverse attention involves gener-
ating attention maps at each side-output level and propagating them
back to the previous level, enabling the network to refine the SMs
progressively. The work [59] introduced short connections to skip-
layer structures to exploit multi-scale features fully. They employed
skip connections, ultimately allowing the network to integrate semantic
features from high-level deep layers with low-level details from shallow
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Fig. 2. Visual overflow of the proposed MFRNet.

layers, resulting in more precise SMs. Several works [60-62] incorpo-
rated edge labels to assist in generating SMs with clear boundaries.
These approaches attempt to enhance the spatial consistency and sharp-
ness of the produced SMs by training the network to predict object
boundaries in addition to saliency. The research [63] introduced a
module for detecting prominent edges, which aims to precisely identify
salient boundaries and improve the segmentation of salient objects
while retaining their edges. This module consists of an edge detection
branch that operates in parallel with the SD branch, allowing the
network to optimize for both tasks jointly. The study [64] enhanced
their pooling-based network by including an edge detection branch,
which effectively enhances the fine details of prominent objects by
simultaneous training. Attention mechanisms have also been employed
to focus more on salient regions while exploiting multi-scale saliency
information [65]. Feasible integration of attention modules assisted the
model in adaptively weighing the importance of different regions and
feature channels. Additionally, some studies [31,66,67] have proposed
emphasizing boundaries in the loss function. The study [66] used a loss
function inspired to punish inconsistencies on prominent edges. This
incentivizes the neural network to generate SMs with well-aligned bor-
ders. The work [31] proposed a loss function that takes object contours
by incorporating structural similarity index, binary cross-entropy, and
intersection over union. This hybrid loss function aims to simultane-
ously optimize the pixel-wise accuracy and the structural coherence
of the generated SMs, effectively capturing local and global saliency
characteristics. These advancements in CNN-based SOD networks have
enhanced the ability to capture and integrate multi-level and multi-
scale features. However, challenges remain in effectively balancing the
contributions of different feature levels and maintaining clear object
boundaries, leaving room for further research and development in this
field.

3. Proposed framework

In this section, we introduce the key components of our proposed
framework designed for efficient SOD as shown in Fig. 2. We be-
gin with an overview of the technical aspects of the architecture.
Subsequently, we delve into the details of deep multiscale feature
extraction, highlighting the extraction of features at multiple levels for
comprehensive feature representation. Following this, we elaborate on
the SOFA module with a deep analysis of CFT and spatial refinement
via SA. Additionally, we discuss the CACR module, which leverages
dilated convolutions with optimized dilation rates to capture contextual
information effectively. Lastly, we explore the multilevel utilization of
residuals and progressive feature fusion techniques employed to refine
and integrate features across different scales.

3.1. Architecture overview

The Multi-Scale Feature Refinement with Optimal Dual Attention-
Driven Framework (MFRNet) aims to improve SOD through the effi-
cient use of multi-scale feature extraction, attention mechanisms, and
progressive feature fusion. MFRNet is based on the EfficientNet-B7
backbone and extracts six feature maps from its reduction phases,
capturing essential low-level and high-level information for precise SD.
The first main component of the framework is SOFA module which
processes the initial three feature maps X1 e RO32x1I2x112 xF ¢
RPAESOS6 - xF3 ¢ ROX80x28x28 yndergo CFT using 1 x 1 and 3 x 3
convolutions, followed by upsampling of the X2 and X3 to match the
first stage spatially features Xf1, resulting in a concatenated feature
map F, with the dimensions € R/XI60x112x112/ The F  features are
passed to the SA block ¢ to produce the spatially refined features and
are then concatenated with the F, to produce F,, with dimensions
€ RP30xI2XIL2 The features F,, are upsampled to retain the initial
spatial dimensions 224 x224 before the final progressive feature fusion.

The second CACR module processes channel-wise rich feature maps
and passes the three mature features to the dilated convolution blocks
3x3 with optimal dilation rates. The features X5 e RP¥640x7x7 and XFs
€ RYX2560x7x7y are upsampled to align with XFs g R0*224x14x14_ Thege
features are concatenated to form 7, with the Ch = 3424 and spatial
dimension 14 x 14. This feature map is passed through the CA module,
improving the channel-wise features. The Fj features are concatenated
with the CA-attended u. The resultant feature map Fj, are upsampled
to produce the feature map 224 x 224 same to the version of F,,.
These features are fed to the 3 x 3 convolution block to reduce the
channel size to 320. The output of SOFA and CACR features are then
fused element-wise using multiplication operation to generate a robust
feature map, which undergoes a final 3x3 convolution. This strategy is
adopted to reduce € RPX1X224x224 an{ feed it to the sigmoid activation to
generate the final SM with the effective representation of both spatial
and semantic details.

3.2. Deep multiscale feature extraction

Multiscale feature extraction has proven highly effective as it cap-
tures diverse detail and contextual information, enhancing model per-
formance. The ability to extract features from multiple scales is crucial
in SOD as we need to strengthen the features effectively. We utilized
EfficientNetB7 for intermediate multi-level feature extraction, where
different layers capture varying levels of detail and abstraction. Ef-
ficientNetB7 is a SOTA CNN-based architecture known for balancing
accuracy and computational efficiency [68]. It employs a balanced
scaling approach, increasing the network’s depth, width, and resolution
to enhance performance while maintaining computational efficiency.
In our proposed framework, we utilize feature maps extracted from six
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key reduction stages, referred to as X,___, where n = 6. The network
progressively refines features across six reduction stages. Starting from
112 x 112 spatial dimensions with 32 channels, it gradually reduces
to 56 x 56 (48 channels), 28 x 28 (80 channels), and 14 x 14 (224
channels). The final two stages maintain 7 x 7 dimensions, with 640
channels, then expand to 2560. This structure balances spatial detail
and semantic depth, capturing fine-grained and high-level features. It is
observable that the extracted features can be categorized into low-level,
mid-level, and high-scale features. The low-level features originate from
layers one and two and are crucial for recognizing complex information
and edges, which are vital for accurately defining the boundaries of
prominent objects. The mid-level features are derived from the third
layer, preserving complex patterns and textures. In addition, the upper-
level features from layers four to six contain rich semantic details
and contextual clues, effectively allowing the network to differentiate
between prominent objects from the surrounding environment. Our
framework integrates features from different sizes to retain complex
and broad knowledge, which can be further improved to accurately
identify and locate important objects in diverse circumstances and
settings.

3.3. Spatial-optimized Feature Attention (SOFA)

The SOFA module is designed to refine the initial spatially rich three
extracted feature maps. Initially, the feature maps extracted from the
first three layers of the backbone network undergo a CFT process. This
involves passing each feature map through a sequence of 1 x 1 and
3 X 3 convolutional blocks to enhance their representational power.
The 1 x 1 convolutions efficiently adjust channel depths, enabling
cross-channel interactions and feature compression. Meanwhile, the
3 X 3 convolutions capture local spatial contexts, enhancing edge and
texture representations. This combination allows the framework to
learn more compact yet informative feature representations, balanc-
ing computational efficiency and richness. Notably, features from the
second X2 and third X’3 features are upsampled to align with the
spatial dimensions of the first layer, facilitating an integration of multi-
scale spatial information. Subsequently, the transformed feature maps
XF1.23 are concatenated to produce a unified representation as shown
in Eq. (1).

F, = Conc(CFT(X™), Up(CFT(X'2)), Up(CFT(X/3))) (¢))

3.3.1. Spatial refinement

After the CFT process, the SA refinement ensures the precise delin-
eation of boundaries between prominent objects and their backgrounds.
The output from the CFT (concatenated feature map) then undergoes
processing through a spatial refinement module. The concatenated fea-
tures of the initial three stages are represented as F,. We practiced the
strategy similar to [30,69] for the increase in the receptive field without
increasing parameters. We applied two convolution layers with batch
normalization for the high-level feature according to the operations
shown in Fig. 3. Next, we apply the sigmoid function to the encoded
spatial feature map to perform normalization processing.

The spatial refinement selectively enhances the most relevant spa-
tial regions within the while suppressing less informative areas. Im-
portantly, the spatially refined features are integrated into the original
concatenated features using a concatenative (Conc) skip connection
strategy as shown in Eq. (2).

Fo, 9(Fy) @

To align with the input resolution, we upsample (Up) Fa¢ to 224 x 224
as shown in Eq. (3), preparing it for subsequent final feature fusion.

F, = Cong(

Fsora = Up(Fyy, Spatial size = (224,224)) 3

The SOFA module facilitates edge refinement by sharpening the bound-
aries of salient objects, thereby improving the precision of SMs. More-
over, it enhances features, which is crucial for accurately distinguishing
salient objects from complex backgrounds.
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Fig. 3. Spatial refinement block integrated into the SOFA module of the proposed
framework.

3.4. Context-Aware Channel Refinement (CACR)

The backbone extracted features X4, X5, and XF® are processed
through dilated convolutional layers with rates 3, 5, and 7 respectively.
This gathers contextual information from a wider field of view, which
is crucial for segmenting salient objects across different scales. X*> and
XF are upsampled to match the dimensions of X*4, then concatenated
along the channel dimension as shown in Eq. (4).

Fy= Concat(Xf4, Upsample(X’5), Upsample(X%s)) (€))

3.4.1. Channels refinement

Channel and SA mechanisms are widely used to enhance feature
selection by highlighting important channels and spatial regions [70,
71]. In our framework, the concatenated feature map ¥, undergoes
CA to highlight informative channels and suppress less relevant ones.
This refined map is combined with the original features through a con-
catenative skip connection. This preserves the rich channel information
while integrating the refined context. We unfold high-level features F

as Fjy = XFEXFS, X, where XF e REPwxh s the ith of XF and
Ch shows the number of channel. Adaptive average pooling (AP) is
applied to each feature map, followed by two fully connected layers
to capture channel interdependence (Fig. 4). To control complexity
and improve generalization, a common approach is to encode the
channel-wise feature vector using a bottleneck structure consisting of
two fully connected layers surrounding a non-linear activation function,
as in [30,69]. This encoding process helps to compress the channel-wise
information into a compact representation. Subsequently, a sigmoid
function is applied to normalize the encoded channel-wise feature
vector, constraining the values within a fixed range. The normalization
step ensures that the learned channel-wise weights have a consistent
scale and prevents the network from assigning excessive importance
to any particular channel. The block produces the final output Fj, by
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Fig. 4. Visual overflow of the integrated channel refinement module in CACR stage.

combining the features F; with CA(Fy) using a weighting method as
shown in Eq. (5).

Fy,, = Conc(Fy, CA(Fy)) 5)

Finally, Foacgr features are acquired as shown in Eq. (6) and Visually
illustrated in Fig.

Feacr = Conv3 X 3(Up(F fu, size = (224,224))) 6)

3.5. Progressive features fusion

The Progressive Feature Fusion (PFF) strategy in our framework
effectively combines high-level semantic information with low-level
spatial details by strategically using residual connections and atten-
tion mechanisms. This approach preserves the original context while
refining features, which is crucial for accurate SOD. Our framework im-
plements residual connections at key stages: between the concatenated
features Xf1.2:3 and the SA module output; combining SA module output
with original concatenated features; connecting features X4, X3, and
XF6 with channel-refined features. Finally, we fused the output features
of the SOFA and CACR modules using element-wise multiplication
operation. It is observable that the element-wise multiplication en-
ables adaptive feature refinement, preserving spatial structure while
introducing non-linear interactions, leading to improved performance
compared to concatenation. The progressive enhancement approach
enables our framework to build a robust and comprehensive feature
representation by preserving initial context and iteratively refining fea-
tures. The PFF strategy ensures an effective combination of multi-level
features, preservation of original spatial and channel information, and
enhanced gradient flow during backpropagation. This refined architec-
ture allows our framework to leverage low-level details and high-level
semantics effectively.
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4. Experiments

This section offers an extensive overview of the utilized datasets,
data augmentation methods, experimental configuration, and evalua-
tion metrics. It elaborates on the in-depth studies and empirical valida-
tions of the proposed framework. Finally, it conducts a comprehensive
qualitative and quantitative analysis to evaluate the superiority of the
proposed framework.

4.1. Datasets

In our study, we trained and evaluated the proposed framework
across four widely used benchmark datasets in SOD. These datasets
include ECSSD [72], HKU-IS [21], PASCAL-S [49] and DUTS [73]. The
utilized datasets present unique properties, such as complex structures,
multiple disconnected salient objects, and objects with uncertain envi-
ronments to challenge the SOD networks. ECSSD includes 1000 images
precisely annotated with semantically significant structures, making
it appropriate for assessing the ability to recognize fine features in
salient objects. HKU-IS contains 4447 challenging images with multiple
disconnected objects, overlapping boundaries, and low color contrast,
making accurate segmentation difficult. PASCAL-S contains 850 images
with distinct salient objects against complex backgrounds, offering a
diverse set for rigorous evaluation. We also used the large-scale DUTS
benchmark, which contains 15,572 annotated images. Table 1 provides
a detailed overview of these datasets, highlighting key properties such
as the number of images, training and test splits used in our specific
experiment, and detailed characteristics. Moreover, Fig. 5 presents
a selection of representative images from these datasets, illustrating
the diverse range of complexities and environments. These datasets
collectively serve as robust benchmarks, enabling thorough assessment
and validation of the proposed framework across different setups.

4.1.1. Enhancing data variation

We applied a random brightness function to enhance and inten-
tionally lower the brightness and contrast of images in a stochastic
manner. This practice serves as a critical data augmentation technique
to diversify the dataset. Initially, this function adjusts the contrast by
scaling each pixel value with a randomly generated factor ranging
from 0.5 to 1.5, thereby reducing or enhancing the contrast of the
images. Subsequently, it modifies the brightness by adding a random
integer within the range of —20 to 19 to each pixel, further altering
the visual features of the data. To ensure the integrity of the images,
the function clips all pixel values to remain within the valid range of 0
to 255. This randomized augmentation strategy significantly enhances
the framework’s robustness by exposing it to a diverse array of modified
images, potentially improving its performance on unseen datasets. After
applying the techniques, the samples are shown in Fig. 6, where images
with high and low brightness adjustments are visualized.

4.2. Experimental setup

The experiments were performed on a system equipped with an
Intel(R) Core(TM) i9-10900X CPU (10 cores) and 192 GB of RAM.
Model training was accelerated by the PyTorch framework using an
NVIDIA GeForce RTX 4090 GPU with 24 GB of VRAM, all within a Win-
dows 10 environment. Key libraries such as torch, torchvision, NumPy,
Matplotlib, Pandas, and Pillow were used to support the development
and training of the framework. Training configurations involved explor-
ing epochs, batch sizes, optimizers, and learning rates. Optimal results
were achieved with 50 epochs and an input image size of 224 x 224,
using a batch size 8 to balance performance and efficiency. Data aug-
mentation techniques such as low and high-intensity brightness were
applied to enhance generalization across diverse visual conditions. It is
observable that for fair comparisons, we followed the standard way of
previous methods to use the training set of DUTS to train and evaluate
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Fig. 5. Example images from the four datasets used in our study. The samples illustrate a range of challenging visual scenarios.

Table 1
Summary of the utilized datasets and train/test split of the data in the study.
Dataset name Description Total images Train split Test split MAE 15
ECSSD Complex, cluttered scenes 1000 800 200 0.0215 0.9575
HKU-IS High-resolution, rich structures 4447 4000 447 0.0200 0.9383
PASCAL-S Real-world, multiple objects 850 700 150 0.0273 0.9041
DUTS Large-scale, diverse scenes 15,572 10,553 5019 0.0318 0.8754
Original Low Original High Table 2
Image Brightness Image Comparative analysis of different backbones including EfficientNet (EffNet) family in

Brightness

Fig. 6. Sample images including with low and high brightness adjustments.

ECSSD, PASCAL-S, HKU-IS, and DUTS-TE. Additionally, we conducted
experiments within each dataset using the train/test splits outlined
in Table 1. Furthermore, the Adam optimizer was employed with
Momentum = 0.9, learning rate = 0.0002 (determined empirically),
and weight decay = 0.0005, chosen based on experimental insights and

terms of standard evaluation metrics of MAE and f; measures.

Backbone ECSSD HKU-IS
MAE fs MAE I

MobileNet 0.1192 0.8971 0.0877 0.8863
ShuffleNet 0.1026 0.8995 0.0862 0.8941
MobileNetV2 0.0778 0.9052 0.0673 0.9014
ShuffleNetV2 0.0733 0.9174 0.0545 0.9086
EffNetBO 0.0523 0.9205 0.0458 0.9113
EffNetB1 0.0462 0.9288 0.0441 0.9134
EffNetB2 0.0428 0.9304 0.0408 0.9144
EffNetB3 0.0395 0.9326 0.0381 0.9177
EffNetB4 0.0379 0.9363 0.0343 0.9218
EffNetB5 0.0327 0.9415 0.0305 0.9242
EffNetB6 0.0282 0.9441 0.0279 0.9296
Ours 0.0215 0.9575 0.0200 0.9383

literature in SOD. The optimal selection of these experimental settings
and hyperparameters significantly contributed to improve the accuracy
of the proposed framework.

4.3. Evaluation metrics

Two well-established evaluation metrics, MAE and F measure f,
are used for assessing performance. These metrics provide comprehen-
sive insights into the effectiveness of the framework across diverse
evaluation dimensions. MAE is a widely used evaluation metric in SOD
that measures the mean absolute difference between the predicted SM
and the ground truth (GT). A lower MAE shows higher performance,
as it demonstrates that the predicted saliency scores are closer to the
GT. Conversely, a higher MAE defines larger discrepancies between the
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Table 3

Ablation study using different combinations of the integrated modules to assess the progressive improvement in the network.
Settings ECSSD HKU-IS PASCAL-S

MAE 1 MAE fs MAE fs

Baseline 0.0321 0.9167 0.0380 0.9000 0.0386 0.8640
Baseline + LL 0.0305 0.9261 0.0367 0.9115 0.0375 0.8655
Baseline + LL + CFT 0.0295 0.9330 0.0362 0.9158 0.0367 0.8671
Baseline + LL + CFT + SA 0.0289 0.9377 0.0354 0.9206 0.0358 0.8673
Baseline + LL + CFT + SA + Residual 0.0288 0.9381 0.0331 0.9224 0.0348 0.8685
Baseline + LL + CFT + SA + Residual + HL 0.0279 0.9428 0.0317 0.9289 0.0342 0.8722
Baseline + LL + CFT + SA + Residual + HL + SC 0.0273 0.9452 0.0298 0.9310 0.0321 0.8750
Baseline + LL + CFT + SA + Residual + HL + DC 0.0265 0.9474 0.0292 0.9344 0.0310 0.8786
Baseline + LL + CFT + SA + Residual + HL + DC + CA 0.0261 0.9476 0.0289 0.9345 0.0297 0.8791
Baseline + LL + CFT + SA + Residual + HL + DC + CA + Residual 0.0241 0.9501 0.0269 0.9373 0.0284 0.8832
Baseline + LL + CFT + SA + Residual + HL + DC + CA + Residual + AUG (Ours) 0.0215 0.9575 0.0200 0.9383 0.0273 0.9041

GT and predicted SMs. In contrast, the f; strikes a balance between
precision and recall. In order to calculate f;, precision, and recall are
established through the comparison of binary maps produced from dif-
ferent thresholds used to the predicted and GT SMs. The f; incorporates
a harmonic mean of recall and precision scores, adopting referred-to
standards in the domain, with g2 being assigned a value of 0.3.
_ (1 + p% x Precision x Recall

= 7
T p? x Precision + Recall )

To calculate the MAE, the absolute differences between the pixels in
the predicted SM and those in the GT are summed up. This sum is then
divided by the total number of pixels in the image to yield the final
normalized MAE value. This provides a direct measure of the average
magnitude of errors between the predicted and actual saliency values,
thereby quantifying the accuracy of the predictions relative to the GT:

W H
e 3 Y 1P = Y () ®
x=1y=1

where Y means the GT SM, and P denotes the predicted SM. These
evaluation metrics are rigorously computed using Python toolboxes,
ensuring robust and dependable assessment outcomes. By leveraging
both MAE and fj, we achieve a thorough assessment of our model’s
efficacy in precisely identifying salient objects across various datasets
and scenarios.

MAE =

4.4. Intermediate feature analysis

We conducted an empirical analysis to identify the optimal back-
bone for intermediate feature extraction. Table 2 presents a compre-
hensive assessment of various backbone models integrated with our
proposed modules. The performance of these models is evaluated using
two key metrics: MAE and the f; measure. Among the evaluated
models, MobileNetV2 achieved an MAE of 0.0778 and an fj; score
of 0.9052 on ECSSD. ShuffleNetV2 performed slightly better with an
MAE of 0.0733 and an f; of 0.9174. The EfficientNet series demon-
strated consistent improvements, with EffNetBO to EffNetB6 achieving
MAEs ranging from 0.0523 to 0.0282 and corresponding f; scores
increasing from 0.9205 to 0.9441. Our proposed MFRNet framework
outperformed all evaluated backbones, achieving an MAE of 0.0215
and an f; score of 0.9575 on ECSSD, and an MAE of 0.0200 with an
fp score of 0.9383 on the HKU-IS dataset. These results underscore
the effectiveness of integrating our proposed modules with the optimal
backbone architectures and the novel idea of extracting features from
the targeted layers. These practices affirm the capability to enhance
feature representation and improve SOD performance across various
visual scenarios.

4.5. Ablation study
In our comprehensive ablation study, we systematically examined

various combinations of integrated modules to evaluate their impact on
the performance as tabulated in Table 3. These practices are conducted

across three benchmark datasets: ECSSD, HKU-IS, and PASCAL-S. Start-
ing from the intermediate features extracted from the backbone (base-
line), we incrementally added modules to assess improvements in both
MAE and F; measure, which balances precision and recall. Initially,
integrating Low-Level Features (LL) modestly enhanced performance
across all datasets, laying a foundational improvement in capturing
finer details and edges within salient objects. Subsequent integration of
the CFT module continued to refine predictions, particularly benefiting
from improved spatial localization on intricate images from ECSSD and
complex scenes in HKU-IS.

Introducing feature refinement using SA modules marked a signif-
icant improvement, which is crucial for accurately detecting discon-
nected and overlapping salient objects in HKU-IS. Further enhancement
through Residual modules underscored improved boundary delineation
and overall prediction accuracy. Integrating High-Level Features (HL)
expanded the comprehensive understanding of the framework, demon-
strating substantial gains across all evaluation metrics. Additionally,
incorporating Standard Convolution (SC) and Dilated Convolution (DC)
modules improved the ability of the framework to capture contex-
tual information across different scales, further enhancing accuracy.
Continued refinement with CA modules highlighted informative fea-
ture channels and strengthened the discriminative capabilities of the
framework. It is also evident in [74] that spatial and channel atten-
tion mechanisms progressively enhance the network’s performance by
refining feature representation and contextual awareness [54]. Adding
residual connections to these changes substantially strengthened fea-
ture representation, boosting the ultimate framework’s performance
and resilience. Finally, the integration of Data Augmentation (AUG)
techniques, including adjustments in brightness with high and low-
level lights, significantly boosted the ability of the model to generalize
across diverse visual scenarios, achieving superior scores in both MAE
reduction and Fj; measure across all evaluated datasets.

4.6. Qualitative analysis

Visual representations provide valuable insights into the perfor-
mance of our proposed framework across various scenarios. Fig. 7 com-
pares input images, GT labels, and predictions generated by the pro-
posed framework on utilized benchmark datasets. MFRNet accurately
delineates salient objects against complex backgrounds, showcasing
its ability to capture complex details and maintain sharp boundaries.
Fig. 8 presents a comprehensive visual comparison of our framework’s
predictions with input images, GT labels, and other SOTA networks.
It is evident from these visual comparisons that MFRNet achieves
competitive performance, outperforming other methods in accurately
highlighting salient objects across diverse datasets. It is observable
that our framework leverages a multi-scale feature refinement ap-
proach combined with optimal dual attention mechanisms, enhancing
its capability to capture both low-level details and high-level semantic
information effectively. This strategic integration allows our framework
to refine spatial features using the SOFA module and capture multi-
scale contextual information through CACR blocks. Progressive feature
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Fig. 7. Visual illustrations of comparing input images, labels, and our framework
prediction.

Table 4
Comparison of computational complexity (Params) and Frames Per Second (FPS) of the
proposed network with various SD methods.

Methods Params (M) FPS
RECN [78] 134.69 0.4
DCL [79] 66.24 1.4
BRN [24] 126.35 3.6
PiCANet [27] 47.22 5.6
DSS [59] 62.23 7.0
Amulet [25] 33.15 9.7
EGNet [60] 111.64 9.9
DHSNet [80] 94.04 10
SRM [22] 43.74 12.3
C2S [81] 137.03 16
NLDF [66] 35.49 18.5
MINet [82] 47 22.3
AFNet [63] 35.95 28.4
CPD [75] 47.85 324
BASNet [31] 87.06 36.2
MFRNet (Ours) 74.41 38.28

fusion ensures seamless information integration across network layers,
contributing to robust and precise SD results. These visual analyses
underscore the effectiveness of our network in handling complex scenes
and diverse salient objects, thereby demonstrating its superiority over
existing methods in the field of SOD.
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4.7. Computational complexity and efficiency

In our computational complexity and efficiency evaluation, we
compared our proposed framework against several SOTA methods,
as shown in Table 4. Each method was assessed based on two key
metrics [85]: the number of parameters (Params in millions) and the
FPS achieved during inference. Our approach achieved a parameter
count of 74.41 million, positioning it competitively alongside existing
methods. Importantly, the model demonstrated robust performance in
real-time scenarios, achieving an FPS of 38.28. This efficiency is crucial
for applications requiring rapid processing of SD tasks, ensuring timely
and responsive outputs without compromising on accuracy. Among
the benchmarked methods, MFRNet compares favorably in terms of
both parameter efficiency and computational speed. For instance, while
some methods like RFCN and DCL offer lower FPS rates due to their
higher parameter counts, others like BASNet and CPD prioritize higher
FPS at the cost of increased parameter complexity. Our approach
balances these factors, leveraging its optimized architecture to deliver
competitive performance across varied computational demands. These
results underscore the practical viability of our framework for real-
world applications, offering a blend of computational efficiency and
robust SOD capabilities.

4.8. Comparative analysis

Table 5 summarizes the performance comparison of our proposed
MFRNet with several SOTA approaches across four benchmark datasets:
ECSSD, HKU-IS, PASCAL-S, and DUTS-TE. MAE and F; measures are
used as standard evaluation metrics. Our framework achieved remark-
able results across all datasets and outperformed the SOTA approaches.
Particularly, it reaches an MAE of 0.030 and a Fy of 0.936 on ECSSD,
demonstrating higher accuracy in comparison to other approaches,
including CPD [75] and DFI [83]. The proposed framework demon-
strates comparable performance on the HKU-IS, PASCAL-S, and DUTS-
TE datasets, with MAE values of 0.023, 0.058, and 0.031, and cor-
responding Fj; scores of 0.929, 0.878, and 0.875, respectively. The
proposed framework shows more consistent performance compared
to other SOTA methods like BASNet [62] and ACFFNet [33], which
achieve MAE/ F;; scores of 0.037/0.927 and 0.032/0.935, respectively,
on the ECSSD dataset. Our framework outperforms these benchmark
methods, highlighting its ability to detect salient regions with high
precision effectively.

5. Conclusion

In this paper, we proposed a novel framework designed for salient
object detection (SOD), leveraging the strengths of EfficientNet-B7 for
multiscale feature extraction. The proposed framework extracts de-
tailed low-level and rich high-level features from six stages to offer opti-
mal multiscale features. We practiced the successful integration of the
Spatial-optimized Feature Attention (SOFA) block to enhance spatial
features selectively. Moreover, the Context-Aware Channel Refinement
(CACR) block refines multi-scale contextual information effectively.
Our framework utilizes a progressive feature fusion technique to merge
high-level information with low-level spatial features for strengthening
before ultimate prediction. This is achieved by several concatenative
skip connections, resulting in a robust and detailed feature represen-
tation. To enhance the robustness, we augment the data with varying
brightness levels to simulate complex environmental conditions. Our
rigorous experiments on widely used benchmark datasets show that the
proposed framework consistently outperforms state-of-the-art methods
in accuracy and robustness for SOD tasks. In the future, we intend
to divert our research focus to optimize the network for real-time
applications and extending its capabilities to tackle even more com-
plex environments. Moreover, we plan to propose more challenging
large-scale benchmarks. Additionally, we will propose more advanced
attention mechanisms to further boost the precision and robustness
across a wide range of environmental conditions.
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R3Net BASNet GCPANet

Fig. 8. Visual comparison of our framework predictions with the input images, GT, and the predictions of other SOTA networks CPD [75], SCRN [76], R3Net [77], BASNet [31]

and GCPANet [29].

Table 5
Comparative analysis with SOTA methods in terms of standard evaluation metrics of MAE and f; measures.
Methods ECSSD HKU-IS PASCAL-S DUTS-TE

MAE 7 MAE 7 MAE 7 MAE 7
R3Net [77] 0.051 0.896 0.047 0.868 0.103 0.815 0.067 0.778
SCRN [76] 0.037 0.927 0.034 0.907 0.066 0.863 0.040 0.856
GCPANet [29] 0.035 0.925 0.030 0.915 0.063 0.861 0.038 0.858
DFI [83] 0.035 0.929 0.031 0.911 0.066 0.867 0.039 0.857
GateNet [84] 0.040 0.925 0.033 0.909 0.071 0.858 0.040 0.855
AFNet [63] 0.042 0.915 0.036 0.899 0.071 0.849 0.046 0.834
RAS [23] 0.045 0.901 0.039 0.889 0.076 0.820 0.049 0.802
PoolNet [64] 0.039 0.923 0.032 0.908 0.076 0.856 0.040 0.851
CPD [75] 0.037 0.924 0.034 0.904 0.074 0.852 0.043 0.843
CAGNet [67] 0.037 0.931 0.030 0.919 0.069 0.864 0.040 0.858
PAGR [26] 0.061 0.902 0.048 0.888 0.095 0.832 0.055 0.822
BASNet [62] 0.037 0.927 0.032 0.911 0.079 0.842 0.048 0.842
ACFFNet [33] 0.032 0.935 0.026 0.923 0.059 0.867 0.033 0.874
MINet [82] 0.033 0.931 0.029 0.917 0.066 0.860 0.037 0.860
MFRNet (Ours) 0.030 0.936 0.023 0.929 0.058 0.878 0.031 0.875
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