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and Hierarchical Edge Perception for Lightweight
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Abstract—Existing Salient Object Detection in Optical Remote
Sensing Image (ORSI-SOD) methods are often cumbersome
and require expensive computational resources, making them
inconvenient to deploy on aircraft. Lightweight ORSI-SOD
methods alleviate this issue. However, the cluttered background
and varied object shapes of ORSIs cause the saliency maps
generated by lightweight methods to have blurry boundaries
or even be interfered by backgrounds. In this paper, we
propose a novel lightweight ORSI-SOD network via exploring
Information Entropy-driven Interaction and Hierarchical Edge
Perception, i.e., iHEPNet. Our iHEPNet employs an informa-
tion interaction and edge perception strategy to mitigate the
issues in lightweight methods. Specifically, iHEPNet consists of a
lightweight backbone and a saliency predictor, seamlessly bridged
by two important modules. The Information Entropy-driven
Detail-Context Interaction Module (iDCIM) connected to the
backbone is responsible for intra-layer information interaction.
iDCIM measures the information entropy of features along the
channel dimension to decouple detail features (e.g., textures and
edges) from context features (e.g., smooth regions), and promote
them to mutually interact and fuse. Following the iDCIM, the
Hierarchical Edge Perception Module (HEPM) further explores
the inter-layer edge information. HEPM comprehensively ag-
gregates the differences across multi-layer features to gener-
ate an edge attention map for sharpening object boundaries,
thereby facilitating the predictor to produce boundary-preserving
saliency maps. Extensive experiments on three public ORSI-
SOD benchmarks demonstrate that our iHEPNet outperforms
the vast majority of existing lightweight methods with fewer
parameters (merely 1.99M). Furthermore, it exhibits highly
competitive performance even compared to conventional normal-
size methods. The code and results of our method are available
at https://github.com/MathLee/iHEPNet.

Index Terms—Salient object detection, information entropy,
detail-context Interaction, hierarchical edge perception.

I. INTRODUCTION

SAlient Object Detection in Optical Remote Sensing Im-
ages (ORSI-SOD) aims to automatically identify and

extract the most visually distinctive objects from complex
aerial scenes [1]–[4]. Unlike natural scene images [5]–[8],
ORSIs are inherently characterized by unique properties, such
as top-down perspective, arbitrary object orientations, cluttered
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Fig. 1. Saliency maps of four state-of-the-art lightweight ORSI-SOD methods
(i.e., SeaNet [19], MEANet [20], SggNet [21], and LiteSalNet [22]) and our
method. All methods are edge-based methods, but our method has the clearest
edges and the fewest count of parameters. Please zoom-in for details.

background, varied object shapes and scales, low contrast, and
diverse topologies [9]–[11]. These properties make ORSI-SOD
more challenging than conventional SOD tasks [12]–[18].
Consequently, directly transferring the existing relevant SOD
methods to ORSIs fails to achieve satisfactory performance. To
this end, we are dedicated to developing a specialized ORSI-
SOD method.

To adapt to the characteristics of ORSIs, a series of spe-
cialized ORSI-SOD methods have been proposed [11], [23]–
[27]. Benefiting from robust backbone networks [28]–[31] and
elaborately designed modules, these methods have achieved
remarkable performance. However, this high performance typ-
ically comes at the cost of high computational overhead,
making them computationally intensive and hard to deploy
on airborne devices. It is precisely the heavy backbones and
complicated modules that make existing ORSI-SOD methods
overly complex. To alleviate these issues, researchers shift
their attention to lightweight ORSI-SOD, which no longer
solely prioritizes model performance, but rather strikes an
optimal balance between accuracy and computational effi-
ciency [19], [32], [33].

As a pioneer in lightweight ORSI-SOD, CorrNet [32]
directly replaces the regular convolution in VGG [28] with
the depthwise separable convolution, yielding a lightweight
but effective backbone. Coupled with the specific feature
correlation module and decoder blocks, CorrNet reduces the
count of model parameters to the sub-5M level (i.e., 4.09M)
for the first time. Following in the footsteps of CorrNet, nu-
merous lightweight ORSI-SOD methods [19]–[22], [33]–[36]
adopt lightweight pre-trained networks, such as MobileNet-
V2 [37], RepVGG [38], and MobileViT-S [39], as backbones,
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gradually reducing the count of model parameters to the sub-
3M level. To mitigate the inherent inadequacies of lightweight
backbones in feature extraction, edge information is widely
utilized in lightweight ORSI-SOD methods to preserve the
object integrity of saliency maps [19]–[22]. However, due to
the restricted extraction of edge information from solely indi-
vidual or adjacent layers by existing lightweight ORSI-SOD
methods (e.g., SeaNet [19], MEANet [20], SggNet [21], and
LiteSalNet [22]), their saliency maps exhibit blurry boundaries
or suffer from background interference, as shown in Fig. 1.

Inspired by the above observation, in this paper, we fur-
ther explore edge information by developing an information
interaction and edge perception strategy to address these
issues. This strategy extracts edge cues in a hierarchical
manner while seamlessly facilitating information interaction.
Furthermore, considering that the currently used lightweight
backbones [37]–[39] still possess a relatively large count of
parameters, we adopt the more compact MobileViT-XS [39]
as the backbone. By coupling it with our strategy, we propose
a novel lightweight ORSI-SOD network, named iHEPNet,
which is built upon Information Entropy-driven Interaction
and Hierarchical Edge Perception. iHEPNet achieves com-
parable performance to previous state-of-the-art lightweight
ORSI-SOD methods while reducing the count of parameters,
driving the overall count of parameters down to the sub-2M
level (merely 1.99M). As illustrated in Fig. 1, compared to
other edge-based lightweight counterparts, the saliency maps
generated by iHEPNet are the most accurate, exhibiting the
sharpest and most complete boundaries.

Specifically, we implement our strategy through the Infor-
mation Entropy-driven Detail-Context Interaction Module (iD-
CIM) and the Hierarchical Edge Perception Module (HEPM).
The iDCIM utilizes information entropy to quantify the in-
formation content of a feature. Since information entropy
effectively reflects the disorder of image textures, a higher
value indicates more complex textures, whereas a lower value
denotes smoother regions [40]. Therefore, guided by the
channel-wise information entropy, the features are decoupled
into detail and context representations, which subsequently
undergo mutual interactions. As for the HEPM, it hierarchi-
cally captures edge differences between the current feature
and higher-level features. It then aggregates multi-level edge
cues to generate an effective edge attention map for sharpening
object boundaries. By embedding these two modules into an
encoder-decoder framework, iHEPNet can handle challenging
scenarios in ORSIs, e.g., objects with complex geometric
edges, similar backgrounds, and tiny objects.

Our main contributions are summarized as follows:

• We propose iHEPNet, a novel lightweight method with
the information interaction and edge perception strategy
for ORSI-SOD. iHEPNet has merely 1.99M parameters
and 2.69G floating point operations. Nevertheless, it
outperforms the vast majority of lightweight methods and
is even comparable to normal-size methods.

• We propose an Information Entropy-driven Detail-
Context Interaction Module, which decouples the basic
features into detail features and context features based

on channel-wise information entropy, and promotes the
intra-layer detail-context interaction.

• We propose a Hierarchical Edge Perception Module,
which combines edge attention and object attention to
sharpen object boundaries. The edge attention, which
fully exploits inter-layer edge information, is generated
by aggregating the differences across multi-layer features.

II. RELATED WORK

A. Normal-size ORSI-SOD Method
High detection accuracy is the goal pursued by ORSI-SOD

methods. With the emergence of new technologies in the
field of deep learning, numerous high-performance ORSI-SOD
methods have been proposed [1]–[3], [11], [23], [41]–[45].
Through the seamless combination of robust backbones [28]–
[31] and elaborately designed modules, these methods adapt to
the unique characteristics of optical remote sensing scenarios,
pushing detection accuracy to a remarkable height.

Edge cues are widely used in ORSI-SOD to preserve object
boundaries. There are various ways to use edge cues. Typically,
edges are integrated into a multi-task learning framework [44],
[46], [47], which collaborates with pixel-level object anno-
tation to supervise the outputted prediction map, thereby
accelerating model convergence. Beyond imposing edge su-
pervision on the final prediction, edge supervision can also
be leveraged to enhance the discriminability of intermediate
features, driving the design of various edge-aware modules [1],
[11], [23], [42], [44]–[48]. In addition to the aforementioned
explicit edge extraction via supervision, edge information can
also be captured through the filtering operation [49], which is
flexible and produces rich edge representations [45], [48].

Semantic cues also play an important role in ORSI-SOD.
Such semantic cues can be used to roughly locate the position
of objects, which acts as a basis for accurate detection. They
are usually extracted from high-level basic features, and then
employed to guide the fusion of low-level features [2], [41],
[50], [51]. This process is usually accompanied by the adjacent
fusion strategy. As the name implies, rather than focusing
solely on the intra-fusion of single-level features, the adjacent
fusion strategy emphasizes exploiting the complementarity
between adjacent-level features [24], [52]–[54]. The joint
attention [24], [52] and cross-attention [53], [54] serve as
commonly used mechanisms to execute the adjacent fusion.

The above techniques are conventionally implemented in
combination with an encoder-decoder framework. Recently,
some researchers have introduced denoising diffusion mod-
els [55], [56] into ORSI-SOD, which produce saliency maps
through a generative diffusion process [3], [43], [57]–[59].
This represents a new paradigm that extracts conditional
information from ORSIs and then injects it into the denoising
network to iteratively optimize the noise mask. This diffusion-
based paradigm breaks through the bottleneck of the traditional
encoder-decoder framework, improving the detection accuracy
by a substantial margin.

However, the aforementioned ORSI-SOD methods neglect
the model complexity, rendering the deployment of high-
performance models on aircraft exceedingly difficult. No-
tably, due to the inherent shortcomings of denoising diffusion
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models, diffusion-based methods require T inference steps
to produce a saliency map, resulting in a particularly high
computational overhead. Therefore, we propose iHEPNet to
achieve an optimal balance between performance and model
complexity. With merely 1.99M parameters and 2.67G floating
point operations (FLOPs), iHEPNet achieves performance
comparable to conventional normal-size methods.

B. Lightweight ORSI-SOD Method

In addition to high detection accuracy, the balance between
performance and model complexity is also the goal pursued by
recent lightweight ORSI-SOD methods. Existing lightweight
ORSI-SOD methods primarily achieve model lightweighting
by replacing cumbersome backbones and developing efficient
modules. For instance, Li et al. [32] replaced the regular
convolutions of the last three blocks in vanilla VGG with the
depthwise separable convolutions. This effort yielded CorrNet,
the first lightweight ORSI-SOD method with merely 4.09M
parameters. CorrNet inspires subsequent lightweight methods
to adopt lightweight backbones, significantly reducing the
count of parameters.

Specifically, Luo et al. [33] employed MobileNet-V2 [37]
as the backbone, and explored the multi-scale attention fusion,
resulting in SAFINet with 3.12M parameters. Li et al. [34]
adopted RepVGG-A0 [38] as the backbone to accelerate the
inference speed, enabling SOLNet to achieve an inference
speed of 161 fps and 6.52M parameters. In addition to the
lightweight convolutional neural networks, Han et al. [35]
utilized the lightweight transformer (i.e., MobileViT-S [39])
as the backbone, and modeled global and local relationships
to improve the discriminative ability, resulting in RAMENet
with 5.18M parameters and impressive performance.

However, an inherent drawback of lightweight backbones
lies in their limited feature extraction capability. Inspired by
normal-sized methods, the popular edge information is in-
troduced into lightweight ORSI-SOD methods to compensate
for this drawback. Li et al. [19] extracted the adjacent edge
features through the filtering operation, and aligned them via
L2 loss. Similarly, Liu et al. [21] also employed the filtering
operation to capture edge features from integrated features, and
further imposed an edge supervision. Liang et al. [20] directly
employed the edge supervision to extract the edge-embedded
attention from the individual-layer feature. Ai et al. [22]
constructed a triple-task learning framework jointly supervised
by saliency, edge, and skeleton.

The above edge-based methods extract restricted edge in-
formation from individual or adjacent layers. Moreover, the
lightweight backbones used still carry a relatively high pa-
rameter burden. To this end, we propose iHEPNet with merely
1.99M parameters and superior performance. In iHEPNet, we
employ the highly compact MobileViT-XS as the backbone,
drastically reducing the parameter burden. Additionally, we de-
velop HEPM to capture valuable edge information in a hierar-
chical manner, enriching the diversity of edge representations.
Driven by these tailored designs, iHEPNet surpasses most
state-of-the-art lightweight counterparts with merely 1.99M
parameters.
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Fig. 2. The overall architecture of the proposed lightweight iHEPNet.
iHEPNet comprises a backbone (i.e., MobileViT-XS [39]), four Information
Entropy-driven Detail-Context Interaction Modules (iDCIMs), three Hierar-
chical Edge Perception Modules (HEPMs), and a saliency predictor. Initially,
an input ORSI is fed into the MobileViT-XS backbone to extract basic features
of four layers. Subsequently, these features undergo information interaction
in iDCIMs, followed by edge perception in HEPMs. Finally, the saliency
predictor aggregates the refined features to infer the final saliency map S.

III. METHODOLOGY

A. Network Overview

We illustrate the architecture of our lightweight iHEPNet in
Fig. 2. iHEPNet employs the MobileViT-XS [39] as the feature
extractor, and modifies the partial decoder [60] as the saliency
predictor, resulting in the commonly used encoder-decoder
architecture. Moreover, the Information Entropy-driven Detail-
Context Interaction Modules (iDCIMs) and the Hierarchical
Edge Perception Modules (HEPMs) seamlessly bridge the
feature extractor and the saliency predictor.

Given an input ORSI with the size of 3×352×352, the
MobileViT-XS backbone extracts four-level basic features,
which are denoted as {f i

b ∈ Rci×hi×wi}4i=1, where ci ∈
{48, 64, 80, 96} and hi/wi = 352

2i+1 . These basic features
are respectively processed by a convolutional layer to unify
their channel dimensions, generating updated representations
{f i

b ∈ Rc×hi×wi}4i=1 with c = 32. Guided by our spe-
cific information interaction and edge perception strategy, we
enhance the information interaction of f i

b in iDCIMs, and
undergo edge perception in HEPMs. Concretely, the iDCIM
decouples f i

b into detail and context representations, and
enhances the intra-layer detail-context interaction, generating
{f i

dci ∈ Rc×hi×wi}4i=1. Subsequently, the HEPM hierarchically
extracts inter-layer edge cues from {f i

dci}4i=1 to acquire pre-
cise edge attention maps and collaboratively utilizes object
attention maps to refine {f i

dci}3i=1, producing discriminative
features {f i

hep ∈ Rc×hi×wi}3i=1. Finally, the saliency predictor
aggregates f4

dci and {f i
hep}3i=1 to generate the final saliency

map, denoted as S ∈ [0, 1]1×352×352.

B. Information Entropy-driven Detail-Context Interaction
Module

Due to the high-altitude top-down perspective and vast
coverage of ORSIs, objects often appear as large and holistic
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Fig. 3. Illustration of the Information Entropy-driven Detail-Context Interac-
tion Module.

blocks with obvious macro features. This inherent nature poses
a significant challenge for segmenting delicate structures and
sharp boundaries of the objects. Consequently, we investigate
whether macro features and fine-grained features within the
basic features f i

b can be explicitly decoupled. Motivated
by the fact that information entropy effectively characterizes
the spatial disorder of image textures [40], we propose the
Information Entropy-driven Detail-Context Interaction Module
to decouple these two types of features in the channel dimen-
sion, and subsequently facilitate explicit feature interaction.
The structure of our iDCIM is illustrated in Fig. 3. In the
following, we elaborate on iDCIM in two parts, i.e., the
information entropy-driven feature decoupling and the detail-
context interaction.

1) Information Entropy-driven Feature Decoupling: The
input of iDCIM is fb ∈ R32×h×w (index is omitted for brevity).
We directly perform the information entropy measurement1 on
fb to evaluate the information entropy for each channel of fb,
generating entropy values {en}32n=1. Then, we sort {en}32n=1

in descending order and obtain {ên}32n=1. Subsequently, the
sorted {ên}32n=1 is evenly partitioned into two groups, i.e., the
top 50% {ên}16n=1 and the last 50% {ên}32n=17. A higher
value indicates more complex textures, whereas a lower value
denotes smoother regions. Therefore, based on this division
of entropy values, fb is decoupled into the detail features
fd ∈ R16×h×w (corresponding to the top 50% {ên}16n=1) and
the context features fc ∈ R16×h×w (corresponding to the
last 50% {ên}32n=17). The detail features are the fine-grained
features, such as intricate textures and edges, while the context
features are the macro features, such as the smooth regions.

1We calculate the feature entropy through a pipeline of absolute transfor-
mation, spatial flattening, probability normalization, and entropy calculation.
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Fig. 4. Feature visualization of fd and fc.

The above operations are parameter-free, and thus introduce
negligible computational cost to the overall model.

To intuitively demonstrate the effect of our information
entropy-driven feature decoupling, we visualize fd and fc

in Fig. 4. As observed, fd exhibits a more extensive ac-
tivation region, which demonstrates that fd contains richer
information, such as more details and textures. Conversely, fc

displays a more consistent and noise-free activation across the
background regions, indicating that the background regions of
fc are substantially smoother.

2) Detail-Context Interaction: Following the decoupling, we
perform feature interaction to bridge the gap between fine-
grained details and global context. Here, we adopt the cross-
self-attention [31] to implement the detail-context interaction.
We first project fd to {Qd,Kd,Vd}, and fc to {Qc,Kc,Vc}.
Then, we interchange Qd and Qc, and perform cross-self-
attention on {Qc,Kd,Vd} and {Qd,Kc,Vc}, respectively.
The above process can be formulated as:

{Qd,Kd,Vd} = Proj(fd), (1)

{Qc,Kc,Vc} = Proj(fc), (2)

fd−c = CrossAtt(Qc,Kd,Vd), (3)

fc−d = CrossAtt(Qd,Kc,Vc), (4)

where Proj(·) is the project operation implemented through
convolutional layers, and CrossAtt(·) is the cross-self-
attention. Notably, the cross-self-attention performs spatial
self-attention on the corresponding channels to maintain ef-
ficiency.

In this bidirectional interaction process, the query Qd

generated from detail features retrieves key Qc and value Qc

from the context features. This operation allows the details to
locate semantic anchors within the context, preventing detail
cues from activating cluttered background noise. The query Qc

from the context features simultaneously retrieves key Qd and
value Qd from the detail features. This operation enables the
context to seek precise boundary constraints within the details,
preventing the over-smoothing of salient object boundaries.

In the final stage of iDCIM, we concatenate fd−c and fc−d,
and employ a convolutional layer to integrate them, yielding
the output of iDCIM, i.e., fdci. Overall, iDCIM is highly
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Fig. 5. Illustration of Hierarchical Edge Perception Module at three levels,
i.e., HEPM-1, HEPM-2, and HEPM-3. ⊖ is the element-wise subtraction with
the absolute value function, ⊕ is the element-wise summation, and ⊗ is the
element-wise multiplication.

lightweight. It bridges the gap between macroscopic scene
understanding and microscopic structural preservation, effec-
tively enabling iHEPNet to adapt to complex ORSI scenarios.

C. Hierarchical Edge Perception Module

The issue of blurry boundaries is prevalent in existing
lightweight ORSI-SOD methods, even those leveraging edge
information [19]–[22]. These methods typically extract edge
information from individual or adjacent layers. However, edge
information is indispensable for precise saliency detection,
how to fully exploit and utilize edge information remains
a challenging problem. Consequently, we propose the Hier-
archical Edge Perception Module to extract edge attention
across multiple layers, and integrate it with object attention to
produce discriminative features. The structure of three HEPMs
is illustrated in Fig. 5. Since the structure of HEPM varies
slightly across different levels, we take HEPM-1 as an example
to elaborate from three parts, i.e., the hierarchical edge extrac-
tion, the attention integration, and the feature modulation.

1) Hierarchical Edge Extraction: The input of HEPM-
1 is {f i

dci}4i=1. We first unsample the size of {f i
dci}4i=2

to match f1
dci, yielding {f̂ i

dci}4i=2. Subsequently, we extract
edge information from the pairs {f1

dci, f̂
2
dci}, {f1

dci, f̂
3
dci}, and

{f1
dci, f̂

4
dci}, respectively. Taking {f1

dci, f̂
4
dci} as an example,

we compute the absolute difference between them to generate
the edge features f4

eg. Since the original f4
dci is a higher-

level feature than f1
dci, the upsampled f̂4

dci contains fewer
details than f1

dci. Thus, the above operation can capture edge
cues [49]. Finally, we concatenate the multi-level edge fea-
tures, and perform the edge attention operation (implemented
via the spatial attention [61]) to yield an edge attention map
Aeg. The above process can be formulated as:

Aeg = SA
(
Cat(|f1

dci ⊖ f̂2
dci|, |f1

dci ⊖ f̂3
dci|, |f1

dci ⊖ f̂4
dci|)

)
,

(5)
where SA(·) is the spatial attention and Cat(·) is the con-
catenation. In this way, Aeg incorporates edge cues of various
granularities, enabling a more comprehensive characterization
of object boundaries.
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Fig. 6. Feature visualization of Aobj and Aeg.

2) Attention Integration: In addition to edge information,
object information is the cornerstone for accurate saliency de-
tection. Therefore, we introduce an additional object attention
branch (also implemented via the spatial attention) to capture
the object attention map Aobj from f1

dci. Notably, we visualize
Aobj and Aeg in Fig. 6. We can observe a distinct discrepancy
between Aobj and Aeg. Specifically, Aobj exhibits a high
response primarily toward the salient object regions, whereas
Aeg shows a visible response specifically targeted at the object
boundaries. Subsequently, we perform a weighted fusion on
Aobj and Aeg to generate the joint attention map Ajoint as
follows:

Ajoint = Aobj + γ1 ·Aeg, (6)

where γ1 is a learnable parameter and γ1 ∈ (0, 1). This adap-
tive integration enables the HEPM to learn an optimal attention
map from the data, which facilitates precise object localization
while simultaneously sharpening the object boundaries.

3) Feature Modulation: We transfer the informative cues
from Ajoint to the input f1

dci. Specifically, we first apply Ajoint

as a modulation factor for f1
dci. Then, following the residual

learning paradigm, the modulated features are added back to
f1
dci, resulting in the output of HEPM-1, i.e., f1

hep. The above
process can be formulated as:

f1
hep = (Ajoint ⊗ f1

dci)⊕ f1
dci. (7)

As shown in Fig. 5, following a similar procedure, HEPM-
2 produces f2

hep and HEPM-3 produces f3
hep. Overall, we

believe that our hierarchical manner possesses a greater po-
tential to excavate informative edge features, which facilitates
subsequent saliency inference. Additionally, the computational
cost and parameter count of HEPM are minimal, ensuring that
it does not impose a burden on iHEPNet.

D. Saliency Predictor and Training Loss Function

As shown in Fig. 2, the inputs of our saliency predictor
are f4

dci ∈ R32×11×11, f3
hep ∈ R32×22×22, f2

hep ∈ R32×44×44,
and f1

hep ∈ R32×88×88. Motivated by the robust inference
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TABLE I
QUANTITATIVE EVALUATIONS AND MODEL COMPLEXITY ANALYSES AGAINST STATE-OF-THE-ART ORSI-SOD METHODS CROSS THREE BENCHMARK

DATASETS. ↑ AND ↓ DENOTE THAT HIGHER AND LOWER VALUES ARE PREFERRED, RESPECTIVELY. THE TOP TWO RESULTS IN EACH METRIC ARE
HIGHLIGHTED IN RED AND BLUE.

Methods Backbone Input Param↓ FLOPs↓ Speed↑ EORSSD [10] ORSSD [9] ORSI-4199 [11]
size (M) (G) (fps) Sα ↑ Fmax

β ↑ Emax
ξ ↑ M ↓ Sα ↑ Fmax

β ↑ Emax
ξ ↑ M ↓ Sα ↑ Fmax

β ↑ Emax
ξ ↑ M ↓

Normal-size ORSI-SOD Methods

MJRBM22 [11] VGG 3522 43.54 95.7 32 .9197 .8656 .9646 .0099 .9204 .8842 .9623 .0163 .8593 .8493 .9311 .0374
EMFINet22 [23] VGG 2562 107.26 480.9 25 .9290 .8720 .9711 .0084 .9366 .9002 .9737 .0109 .8675 .8584 .9340 .0330

MCCNet22 [1] VGG 2562 67.65 112.8 95 .9327 .8904 .9755 .0066 .9437 .9155 .9800 .0087 .8746 .8690 .9413 .0316
HFANet22 [62] ResNet+PVT 4482 60.53 68.3 26 .9380 .8876 .9740 .0070 .9399 .9112 .9770 .0092 .8767 .8700 .9431 .0314
ERPNet23 [42] ResNet 2242 56.48 87.2 50 .9210 .8632 .9603 .0089 .9254 .8974 .9710 .0135 .8670 .8553 .9290 .0357

ACCoNet23 [24] VGG 2562 102.55 179.95 81 .9290 .8837 .9727 .0074 .9437 .9149 .9796 .0088 .8775 .8686 .9412 .0314
GeleNet23 [53] PVT 3522 25.45 11.66 30 .9376 .8923 .9828 .0064 .9469 .9254 .9860 .0079 .8862 .8842 .9544 .0264

GLGCNet23 [48] PVT 3522 25.15 9.8 21 .9375 .8924 .9803 .0055 .9488 .9236 .9864 .0071 .8839 .8808 .9508 .0274
MIRGNet24 [52] VGG 2562 78.72 136.2 46.9 .9383 .8930 .9789 .0056 .9455 .9192 .9812 .0081 - - - -

TSCNet24 [2] VGG 2562 103.56 116.82 59 .9376 .8900 .9765 .0061 .9428 .9198 .9850 .0081 .8783 .8771 .9486 .0295
SFANet24 [50] Res2Net 2562 25.1 7.7 - .9349 .8833 .9769 .0058 .9453 .9192 .9830 .0077 .8761 .8710 .9447 .0292

RAGRNet24 [46] Res2Net 2562 35.6 17.8 31 .9361 .8852 .9785 .0057 .9507 .9242 .9861 .0066 .8811 .8811 .9492 .0284
ADSTNet24 [63] Res2Net+T 2562 62.09 27.72 40 .9311 .8804 .9769 .0065 .9379 .9124 .9807 .0086 .8710 .8698 .9433 .0318

PRNet24 [25] PVT 3522 20.8 8.47 21 .9276 .8684 .9784 .0054 .9459 .9177 .9848 .0075 .8873 .8819 .9527 .0272
BCARNet25 [54] ResNet 3522 24 7 - .9361 .8871 .9761 .0054 .9465 .9196 .9833 .0071 .8757 .8689 .9407 .0306
MRBINet25 [47] Res2Net 2562 32.4 42.8 9.0 .9351 .8852 .9766 .0056 .9474 .9199 .9851 .0069 .8824 .8800 .9489 .0268

SAANet25 [51] Res2Net 3522 43.06 43.31 17 .9397 .8918 .9801 .0057 .9483 .9226 .9840 .0078 .8806 .8773 .9455 .0302
MTPNet25 [44] SwinT 3522 55.0 - 91 .9385 .8930 .9808 .0050 .9538 .9330 .9916 .0066 .8862 .8873 .9553 .0268

DPU-Former25 [26] DPU-Former 3522 44.20 32.51 - .9401 .8930 .9816 .0056 .9412 .9263 .9868 .0062 .8833 .8877 .9547 .0263
RoCAFENet25 [27] PVT 3522 31.66 24.15 19.96 .9437 .8983 .9844 .0053 .9497 .9272 .9873 .0074 .8847 .8845 .9465 .0267

Lightweight ORSI-SOD Methods

CorrNet22 [32] LFE-VGG 2562 4.09 21.09 100 .9289 .8778 .9696 .0083 .9380 .9129 .9790 .0098 .8623 .8560 .9330 .0366
SeaNet23 [19] MobileNet-V2 2882 2.76 1.66 96 .9208 .8649 .9710 .0073 .9260 .8942 .9767 .0105 .8772 .8653 .9426 .0308

SAFINet24 [33] MobileNet-V2 2882 3.12 7.63 - .9267 .8799 .9732 .0065 .9401 .9106 .9786 .0086 .8583 .8573 .9367 .0340
MEANet24 [20] MobileNet-V2 3522 3.27 9.62 33 .9282 .8766 .9708 .0070 .9340 .9033 .9768 .0098 .8708 .8662 .9417 .0312
SOLNet25 [34] RepVGG-A0 2562 6.52 8.14 161 .9171 .8609 .9623 .0078 .9284 .9012 .9734 .0111 .7901 .7708 .8848 .0592
SggNet25 [21] MobileNet-V2 2882 2.70 1.38 108 .9278 .8871 .9762 .0068 .9342 .9030 .9758 .0111 .8563 .8461 .9337 .0351

LiteSalNet25 [22] MobileNet-V2 2562 3.90 7.35 35 .9273 .8877 .9743 .0063 .9372 .9124 .9789 .0090 .8521 .8385 .9273 .0383
RAMENet25 [35] MobileViT-S 3522 5.18 8.72 92 .9419 .8971 .9822 .0050 .9489 .9229 .9862 .0072 .8776 .8758 .9503 .0277
iHEPNet (Ours) MobileViT-XS 3522 1.99 2.69 220 .9388 .8914 .9832 .0046 .9435 .9154 .9820 .0084 .8825 .8776 .9506 .0274

capability of the triple-input partial decoder [60], we adapt its
architecture into a four-input saliency predictor. Specifically,
we follow the fusion paradigm of the original decoder and
integrate an extra level of features. To maintain efficiency,
depthwise separable convolutions are employed throughout our
saliency predictor, facilitating a lightweight design. Finally, the
initial saliency map generated by the predictor is processed
through a 4× upsampling layer to produce the final saliency
map S ∈ [0, 1]1×352×352.

We employ a comprehensive training loss function to su-
pervise our iHEPNet, which integrates the weighted binary
cross-entropy loss (ℓwbce), the weighted intersection-over-
union loss (ℓwiou), and the F-measure loss (ℓfm). These com-
ponents provide multi-dimensional supervision from comple-
mentary perspectives. ℓwbce focuses on pixel-level accuracy
by assigning higher weights to hard pixels. ℓwiou emphasizes
global structural integrity and shape consistency. ℓfm directly
optimizes iHEPNet towards a higher F-measure, effectively
bridging the gap between training objectives and the evaluation
metric. The training loss function ℓtrain is formulated as:

ℓtrain = ℓwbce(S,G) + ℓwiou(S,G) + ℓfm(S,G), (8)

where G ∈ {0, 1}1×352×352 denotes the Ground Truth (GT).

IV. EXPERIMENTS

A. Experimental Setup

1) Datasets: We adopt three ORSI-SOD datasets, named
ORSSD [9]2, EORSSD [10]3, and ORSI-4199 [11]4, to con-
duct experiments. The ORSSD dataset has 800 ORSIs and
their corresponding GTs, among which 600 images form the
training set and the remaining 200 form the test set. The
EORSSD dataset has 2000 ORSIs and their corresponding
GTs, among which 1400 images form the training set and
the remaining 600 form the test set. The ORSI-4199 dataset
has 4199 ORSIs and their corresponding GTs, among which
2000 images form the training set and the remaining 2199
form the test set. These three datasets are trained and tested
independently, not jointly.

2) Implementation Details: All experiments are conducted
on PyTorch using an NVIDIA RTX 3090 GPU (24GB mem-
ory). For training and test, the input size of iHEPNet is
352×352. Accordingly, in the training phase, we first resize
all ORSIs, and then perform data augmentation on them, such
as rotation and flipping. We adopt the pre-trained parameters
of MobileViT-XS to effectively extract basic features. All pa-
rameters of iHEPNet are optimized using the Adam optimizer

2https://li-chongyi.github.io/proj optical saliency.html
3https://github.com/rmcong/DAFNet TIP20
4https://github.com/wchao1213/ORSI-SOD
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Fig. 7. Visual comparisons with two normal-size ORSI-SOD methods with similar performance (TSCNet and MRBINet) and six lightweight ORSI-SOD
methods (RAMENet, SggNet, SAFINet, MEANet, SeaNet, and CorrNet).

with an initial learning rate of 2e−4 and a batch size of 16
until convergence. Notably, the initial learning rate is decayed
by a factor of 10 every 40 epochs.

3) Evaluation Metrics: We adopt the accuracy and the model
complexity metrics to comprehensively evaluate the model.
The accuracy metrics5 include S-measure (Sα, α = 0.5) [64],
maximum F-measure (Fmax

β , β2 = 0.3) [65], maximum E-
measure (Emax

ξ ) [66], and mean absolute error (M). The
model complexity metrics include parameter count, compu-
tational cost, and inference speed (excluding I/O time).

B. Comparison with State-of-the-arts
For a comprehensive comparison, we compare our iHEPNet

against two types of state-of-the-art methods on three ORSI-
SOD datasets, i.e., EORSSD, ORSSD, and ORSI-4199. The
first type contains 20 normal-size ORSI-SOD methods, includ-
ing MJRBM [11], EMFINet [23], MCCNet [1], HFANet [62],
ERPNet [42], ACCoNet [24], GeleNet [53], GLGCNet [48],
MIRGNet [52], TSCNet [2], SFANet [50], RAGRNet [46],
ADSTNet [63], PRNet [25], BCARNet [54], MRBINet [47],
SAANet [51], MTPNet [44], DPU-Former [26], and Ro-
CAFENet [27]. The second type comprises 8 lightweight

5https://github.com/MathLee/MatlabEvaluationTools

ORSI-SOD methods, including CorrNet [32], SeaNet [19],
SAFINet [33], MEANet [20], SOLNet [34], SggNet [21],
LiteSalNet [22], and RAMENet [35]. We collect the saliency
maps of the aforementioned methods through their open-
source code repositories and public benchmarks6.

1) Quantitative Comparison: We summarize the compre-
hensive quantitative results in Tab. I. On the EORSSD dataset,
our iHEPNet achieves the best M of 0.0046 among all meth-
ods, and the highest Emax

ξ of 0.9832 among all lightweight
methods. It even outperforms some normal-size methods,
e.g., MTPNet [44] and MRBINet [47], demonstrating superior
performance. On the ORSSD dataset, our iHEPNet maintains
competitive performance with an Sα of 0.9435. It significantly
surpasses early lightweight methods, such as SeaNet [19] and
MEANet [20], across all four metrics. On the ORSI-4199
datasets, our iHEPNet demonstrates robust generalization on
this large-scale dataset, achieving the highest Fmax

β (0.8776)
and Emax

ξ (0.9506) in the lightweight methods. Notably, its
Fmax
β even exceeds that of several recent normal-size methods,

e.g., BCARNet [54] and SAANet [51].
2) Model Complexity Comparison: We also report the

model complexity results in Tab. I. The primary advantage

6https://github.com/MathLee/ORSI-HRSI-SOD Summary
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TABLE II
ABLATION STUDIES ON EVALUATING THE INDIVIDUAL CONTRIBUTION OF EACH MODULE IN IHEPNET. THE BEST ONE IN EACH METRIC IS BOLD.

Baseline iDCIM HEPM
Param FLOPs EORSSD [10]

(K) (M) Sα ↑ Fmax
β ↑ Emax

ξ ↑ M ↓

! 1973.59 2594.22 0.9263 0.8763 0.9760 0.0058

! ! 1986.14 +12.55 2677.29 +83.07 0.9372 0.8884 0.9805 0.0051

! ! 1978.27 +4.68 2611.92 +17.70 0.9369 0.8886 0.9798 0.0052

! ! ! 1990.82 +17.23 2694.99 +100.77 0.9388 0.8914 0.9832 0.0046

of iHEPNet lies in its exceptional efficiency, characterized
by its ultra-lightweight architecture and remarkable infer-
ence speed. Specifically, our iHEPNet occupies the lowest
parameter count among all methods at merely 1.99M. This
is less than 40% of the size of the most recent lightweight
RAMENet (5.18M), and only a tiny fraction of those used
by normal-size methods like MCCNet (67.65M). In terms
of computational cost, iHEPNet requires only 2.69G FLOPs.
Compared to CorrNet, it achieves superior performance while
utilizing only 12.7% of its computational resources (2.69G
vs 21.09G). Furthermore, iHEPNet sets a new benchmark for
speed, reaching 220 fps. This is significantly faster than the
fastest lightweight method, SOLNet (161 fps), and nearly 7
times faster than the typical normal-size method, MJRBM
(32 fps). In summary, the comparative results demonstrate
that iHEPNet successfully achieves high-performance saliency
detection within an extremely constrained resource budget.

3) Visual Comparison: To intuitively demonstrate the supe-
riority of iHEPNet, we provide a visual comparison with eight
state-of-the-art methods across five challenging scenarios, as
illustrated in Fig. 7. When dealing with scenes containing mul-
tiple objects, most lightweight competitors either miss small
objects or generate adhesive predictions that fail to distinguish
individual objects. In contrast, iHEPNet accurately identifies
all objects with clear separations. For objects possessing
complex geometric edges, iHEPNet produces the sharpest and
most complete saliency maps. While other methods suffer
from boundary blurring (e.g., SAFINet and MEANet), our
HEPM effectively preserves geometric integrity. In scenarios
where the objects are highly indistinct from the background
(i.e., similar background interference), iHEPNet exhibits su-
perior discriminative power. It effectively suppresses back-
ground clutter, whereas methods like MEANet and SeaNet
produce significant false positives. For objects with internal
gaps (i.e., fine structure with holes), iHEPNet demonstrates
exceptional microscopic structural preservation. Detecting the
tiny object is a classic challenge for lightweight method due to
feature dilution. Leveraging its multi-scale feature integration,
iHEPNet precisely localizes the tiny object without losing
its distinct shape details. In summary, iHEPNet effectively
balances macro-understanding with micro-preservation, pro-
ducing more accurate saliency maps than recent lightweight
and even certain normal-size methods.

TABLE III
ABLATION STUDIES ON EVALUATING THE RATIONALITY OF EACH

COMPONENT IN IDCIM. THE BEST ONE IN EACH METRIC IS BOLD.

Variant
EORSSD [10]

Sα ↑ Fmax
β ↑ Emax

ξ ↑ M ↓

w/ DirectSplit 0.9338 0.8858 0.9780 0.0060

Mean 0.9352 0.8866 0.9798 0.0053

Maximum 0.9338 0.8831 0.9770 0.0057

Variance 0.9355 0.8874 0.9802 0.0057

CSA→SSA 0.9344 0.8856 0.9788 0.0052

CrossAtt→IndepAtt 0.9336 0.8831 0.9778 0.0054

Information Entropy (Ours) 0.9372 0.8884 0.9805 0.0051

C. Ablation Studies

We conduct comprehensive ablation studies on the EORSSD
dataset using the same configurations to evaluate the con-
tribution of components in our iHEPNet. In particular, we
investigate the individual contribution of modules, the structure
of iDCIM and HEPM, and the training loss function.

1) The Individual Contribution of Each Module in iHEPNet:
We implement the information interaction and edge perception
strategy through iDCIM and HEPM. As reported in Tab. II, we
provide three variants to evaluate the individual contribution
of iDCIM and HEPM. Notably, in the Baseline variant, we
remove all four iDCIMs and three HEPMs from iHEPNet, and
directly transfer the updated {f i

b}4i=1 to the saliency predictor.
Specifically, the Baseline achieves an Sα of 0.9263 and an

M of 0.0058 with 1973.59K parameters. The integration of
the iDCIM yields a substantial performance leap to 0.9372 in
Sα, and reduces the pixel-level error to 0.0051, while incurring
a negligible parameter count of only 12.55K. This indicates
that the information entropy-driven decoupling and intra-layer
interaction of iDCIM effectively compensate for the limited
feature extraction capabilities of the lightweight backbone.
Similarly, the introduction of the HEPM enhances Fmax

β to
0.8886 with a mere 4.68K parameter increase, proving that
the hierarchical edge perception mechanism is highly efficient
at capturing structural boundaries without burdening iHEPNet.
When both modules are embedded into the complete iHEPNet,
iHEPNet reaches its peak performance across all metrics,
particularly achieving a top-tier Sα of 0.9388 and a minimal
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TABLE IV
ABLATION STUDIES ON EVALUATING THE RATIONALITY OF EACH

COMPONENT IN HEPM. THE BEST ONE IN EACH METRIC IS BOLD.

Variant
EORSSD [10]

Sα ↑ Fmax
β ↑ Emax

ξ ↑ M ↓

w/ CurLayer 0.9349 0.8860 0.9791 0.0060

w/ AdjLayers 0.9353 0.8859 0.9777 0.0057

w/o EdgeAtt 0.9341 0.8859 0.9772 0.0062

w/o ObjAtt 0.9334 0.8853 0.9786 0.0058

γ = 1 0.9352 0.8837 0.9788 0.0056

γ = 0.5 0.9356 0.8872 0.9793 0.0053

w/ MultiLayers (Ours) 0.9369 0.8886 0.9798 0.0052

TABLE V
ABLATION STUDIES ON EVALUATING THE EFFECTIVENESS OF THE

TRAINING LOSS FUNCTIONS. THE BEST ONE IN EACH METRIC IS BOLD.

ℓwbce ℓwiou ℓfm
EORSSD [10]

Sα ↑ Fmax
β ↑ Emax

ξ ↑ M ↓

! 0.9287 0.8758 0.9789 0.0064

! ! 0.9370 0.8879 0.9811 0.0049

! ! ! 0.9388 0.8914 0.9832 0.0046

M of 0.0046. Crucially, this significant performance gain
is realized with a total parameter increase of only 17.23K
and a modest computational increment of 100.77M FLOPs
compared to the Baseline.

2) The Rationality of Each Component in iDCIM: The
core of iDCIM lies in the feature decoupling and the feature
interaction, where the former is based on the channel-wise
information entropy. As reported in Tab. III, we provide
six variants to evaluate the effectiveness of these critical
components: 1) directly splitting f i

b evenly along the channel
dimension (i.e., w/ DirectSplit), 2) adopting the channel-wise
mean values for feature decoupling (i.e., Mean), 3) adopting
the channel-wise maximum values for feature decoupling
(i.e., Maximum), 4) adopting the channel-wise variance values
for feature decoupling (i.e., Variance), 5) replacing the spatial
self-attention with the channel self-attention in the feature
interaction (i.e., CSA→SSA), and 6) replacing the cross-
self-attention with the independent self-attention without Q
exchanging (i.e., CrossAtt→IndepAtt).

Specifically, comparing the complete iDCIM (i.e., “In-
formation Entropy”) with w/ DirectSplit, our entropy-driven
feature decoupling method improves Sα from 0.9338 to
0.9372 and reduces M from 0.0060 to 0.0051. Although
other statistics-based feature decoupling methods, such as
“Mean”, “Maximum”, and “Variance”, show better results
than w/ DirectSplit, they are still inferior to our “Information
Entropy”. This indicates that information entropy provides
a more robust criterion for distinguishing detail features
from context features. Furthermore, “CSA→SSA” results in

TABLE VI
ABLATION STUDIES ON EVALUATING THE FLEXIBILITY OF OUR IHEPNET
ON DIFFERENT BACKBONES AND INPUT SIZES. THE TOP TWO RESULTS IN

EACH METRIC ARE HIGHLIGHTED IN RED AND BLUE.

Methods Backbone
Input Param↓ FLOPs↓ EORSSD [10]
size (M) (G) Sα ↑ Fmax

β ↑ Emax
ξ ↑ M ↓

CorrNet [32] LFE-VGG 2562 4.09 21.09 .9289 .8778 .9696 .0083
SOLNet [34] RepVGG-A0 2562 6.52 8.14 .9171 .8609 .9623 .0078

MEANet [20] MobileNet-V2 3522 3.27 9.62 .9282 .8766 .9708 .0070
SeaNet [19] MobileNet-V2 2882 2.76 1.66 .9208 .8649 .9710 .0073

SAFINet [33] MobileNet-V2 2882 3.12 7.63 .9267 .8799 .9732 .0065
SggNet [21] MobileNet-V2 2882 2.70 1.38 .9278 .8871 .9762 .0068

LiteSalNet [22] MobileNet-V2 2562 3.90 7.35 .9273 .8877 .9743 .0063
RAMENet [35] MobileViT-S 3522 5.18 8.72 .9419 .8971 .9822 .0050

iHEPNet (Ours) MobileViT-XS 3522 1.99 2.69 .9388 .8914 .9832 .0046
iHEPNet (Ours) MobileNet-V2 2882 2.31 1.84 .9307 .8782 .9799 .0055
iHEPNet (Ours) MobileNet-V2 2562 2.31 1.43 .9287 .8766 .9755 .0056

a performance drop across all metrics (e.g., Emax
ξ decreases

to 0.9788), demonstrating that spatial self-attention is more
effective than channel self-attention in modeling the intra-
layer dependencies. “CrossAtt→IndepAtt” has a significant
performance decline, indicating that the cross-self-attention-
based detail-context interaction is a core operation in iDCIM.

3) The Rationality of Each Component in HEPM: The core
of HEPM lies in the edge attention and the object attention,
where the former extracts edge cues from multiple layers in
a hierarchical manner. As reported in Tab. IV, we provide
six variants to evaluate the effectiveness of these critical
components: 1) extracting edge cues from the current layer
rather than multiple layers (i.e., w/ CurLayer). 2) extracting
edge cues from adjacent layers rather than multiple layers
(i.e., w/ AdjLayers), 3) removing the edge attention from
HEPM (i.e., w/o EdgeAtt), 4) removing the object attention
from HEPM (i.e., w/o ObjAtt), 5) fixing the learnable γ to 1
(i.e., γ = 1), and 6) fixing the learnable γ to 0.5 (i.e., γ = 0.5).

Specifically, comparing our w/ MultiLayers with w/
CurLayer and w/ AdjLayers, w/ MultiLayers is comprehen-
sively superior to both w/ CurLayer and w/ AdjLayers, indi-
cating that extracting edge cues from multiple layers facili-
tates better structural perception. Furthermore, the removal of
either the edge attention or the object attention results in a
performance decline. Notably, w/o EdgeAtt yields the highest
M of 0.0062, indicating that explicit edge cues are vital for
precise boundary sharpening. Similarly, w/o ObjAtt shows a
decrease in Sα to 0.9334, confirming that the object attention
is essential for maintaining regional integrity and suppressing
background noise. These results collectively demonstrate that
the synergy between hierarchical multi-layer edge extraction
and the dual-attention mechanism is critical for generating
high-quality saliency maps. In addition, changing the learnable
parameter γ to the fixed parameter hinders the module from
performing more effective attention integration, and leads to
performance degradation for both γ = 1 and γ = 0.5. We
report the learned parameters, where γ1 is 0.4935, γ2 is
0.4689, and γ3 is 0.5046. The fixed parameter 0.5 is closer
to the above learned parameters than 1, therefore γ = 0.5 has
better performance than γ = 1.

4) The Effectiveness of the Training Loss Function: To
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TABLE VII
GENERALIZATION EXPERIMENTS ON THE COD TASK WITH

STATE-OF-THE-ART METHODS ON TWO COD BENCHMARKS. THE TOP
TWO RESULTS IN EACH METRIC ARE HIGHLIGHTED IN RED AND BLUE.

Method Backbone
Input Param↓ FLOPs↓ CAMO [67] COD10K [68]
size (M) (G) Sα ↑ Fmax

β ↑ Emax
ξ ↑ M ↓ Sα ↑ Fmax

β ↑ Emax
ξ ↑ M ↓

SLSR [69] ResNet 3522 25.21 57.90 .7872 .7532 .8538 .0801 .8044 .7315 .8918 .0368
FEDER [70] ResNet 3522 44.13 64.04 .8021 .7887 .8731 .0712 .8223 .7678 .9050 .0316
RISNet [71] ResNet 7042 26.58 51.08 .8695 .8617 .9298 .0504 .8733 .8369 .9378 .0247
BGNet [72] Res2Net 4162 58.38 77.80 .8116 .7987 .8817 .0734 .8307 .7737 .9115 .0326

SINetV2 [73] Res2Net 3522 12.31 27.98 .8201 .8011 .8950 .0705 .8151 .7519 .9060 .0368
UTGR [74] PT 4732 121.33 37.54 .7847 .7541 .8545 .0859 .8178 .7422 .8908 .0354

MGL [75] SwinT 3842 63.55 443.56 .7718 .7334 .8419 .0894 .8109 .7332 .8895 .0367
CamoFormer [76] PVT 3842 71.40 84.03 .8169 .8008 .8850 .0671 .8381 .7864 .9300 .0291

RUN [77] PVT 3842 79.15 331.68 .8042 .7862 .8730 .0698 .8228 .7665 .9045 .0308
DSAM [78] Hiera&PVT 10242 121.93 743.97 .8306 .8336 .9204 .0610 .8442 .8046 .9298 .0329

iHEPNet (Ours) MobileViT-XS 3522 1.99 2.69 .7904 .7736 .8682 .0771 .8151 .7505 .8968 .0348

investigate the effectiveness of each component in our training
loss function, we provide two variants. As reported in Tab. V,
using the standard ℓwbce as a baseline yields an Sα of 0.9287
and an M of 0.0064. The introduction of ℓwiou significantly
boosts performance across all metrics, with Fmax

β increasing
from 0.8758 to 0.8879 and the M dropping to 0.0049, which
demonstrates that ℓwiou effectively guides our iHEPNet to
focus on global structural integrity. Finally, incorporating ℓfm
further refines the predicted saliency maps to achieve the best
results in all metrics, reaching a peak Sα of 0.9388 and a
minimal M of 0.0046. This consistent improvement confirms
that the combination of these three loss functions enables a
comprehensive supervision strategy that successfully balances
pixel-level accuracy and structural consistency.

5) The Flexibility of Our iHEPNet on Different Backbones
and Input Sizes: To verify the flexibility of our iHEPNet, we
conduct ablation experiments by deploying our iHEPNet on
the commonly used MobileNet-V2 under varying input sizes
(i.e. 2882 and 2562). We report the quantitative results in
Tab. VI. When embedded with the lightweight MobileViT-
XS at a 3522 size, our iHEPNet requires extremely low
parameters and burdens of merely 1.99M and 2.69G FLOPs,
yet it achieves the top-tier Emax

ξ of 0.9832 and the absolute
lowest M of 0.0046. This significantly surpasses RAMENet,
which carries substantially heavier computational burdens.
When evaluated with the MobileNet-V2 backbone at a 2882

size, our iHEPNet consistently exhibits superior performance
compared to SeaNet, SAFINet, and SggNet, but with fewer
parameters at 2.31M. Similarly, under the input size of 2562,
our iHEPNet not only outperforms LiteSalNet, but also has
fewer parameters and computational burdens than LiteSalNet.
These empirical results soundly demonstrate that our iHEPNet
possesses exceptional flexibility and architectural scalability,
enabling it to adapt to different backbones and input sizes
while sustaining highly robust performance.

6) The Generalization Experiments on Camouflaged Object
Detection: To verify the generalization of our iHEPNet, we
conduct experiments on the challenging Camouflaged Ob-
ject Detection (COD) task [67], [68], [79]. We adopt the
training sets of the CAMO dataset [67] and the COD10K
dataset [68] to jointly train our iHEPNet, and evaluate it
on the test sets of both datasets. We report the quantitative
results of our iHEPNet and state-of-the-art COD methods,
including SLSR [69], FEDER [70], RISNet [71], BGNet [72],
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Fig. 8. Failure cases of our iHEPNet.

SINetV2 [73], UTGR [74], MGL [75], CamoFormer [76],
RUN [77], and DSAM [78], in Tab. VII.

We can observe that although our iHEPNet lags behind
most COD methods, it achieves superior performance over
SLSR, UTGR, and MGL using only 1.6%–7.9% of their
parameter count. This demonstrates that our iHEPNet achieves
a good balance between model complexity and performance.
The inferior performance on the COD task arises because our
iHEPNet is specifically designed for the SOD task. In SOD,
salient objects can be distinguished from the background.
Accordingly, we propose iDCIM and HEPM tailored for the
SOD task. However, in COD, camouflaged objects are often
difficult to differentiate from the background, especially in
terms of object boundaries, which causes these two modules to
fail. In addition, our lightweight backbone has limited feature
extraction capability. The combination of these factors results
in our iHEPNet not performing outstandingly on the COD
task, yet it achieves the optimal trade-off between performance
and model complexity.

D. Failure Cases and Future Work

Despite the remarkable performance and architectural ro-
bustness demonstrated by our iHEPNet across various scenar-
ios, it still encounters performance bottlenecks under certain
extreme conditions. As shown in Fig. 8, we summarize the typ-
ical failure cases of our iHEPNet into three types. The first one
is the low resolution. In cases characterized by severe resolu-
tion degradation (the first two columns), the fine-grained visual
cues of objects become heavily blurred. Although our iHEPNet
incorporates an edge perception mechanism to sharpen object
contours, the heavily pixelated structures inherently restrict
the discriminative capability of the edge features, leading to
incomplete extractions at boundaries. The second one is the
shadow occlusion. Illumination variations, particularly severe
shadow occlusions (the middle two columns), pose another
hard challenge. Strong shadows cast by adjacent objects or
ship hulls alter the original textural features of the salient ob-
jects. Consequently, our iHEPNet suffers from structural over-
segmentation or object-background confusion, failing to pre-
cisely decouple the salient object from its associated shadow
field. The last one is the ambiguity annotation. Semantic ambi-
guity in GTs (the last two columns) hinders precise prediction.
For complex airport scenes, specific ancillary structures, such
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as passenger boarding bridges, exhibit inconsistent annotations
across different images, being labeled as salient foreground in
some samples but discarded as background in others. Such
annotation inconsistencies introduce optimization orientation
conflicts during the training process, causing iHEPNet to
produce ambiguous prediction results.

In future work, we will focus on two major directions.
First, we aim to integrate lightweight low-level vision en-
hancement modules, such as super-resolution and image de-
shadowing sub-networks, directly into the feature extraction
stage of iHEPNet. This end-to-end synergy will effectively
restore pixel-level granularity and eliminate occlusions before
dense prediction. Second, we plan to explore robust learning
paradigms, such as noise-tolerant learning or uncertainty-
aware estimation, to automatically mitigate the adverse effects
of ambiguous annotations, thereby further strengthening the
perceptual reliability of our iHEPNet.

V. CONCLUSION

In this paper, we provide an in-depth exploration of the
utility of edge information and present iHEPNet, an ultra-
lightweight ORSI-SOD framework. To achieve a compact
architecture, iHEPNet adopts the efficient MobileViT-XS as
its backbone. We develop the information interaction and
edge perception strategy in iHEPNet to compensate for the
limited representational capacity inherent in MobileViT-XS.
Specifically, we employ iDCIM to decouple detail features
from context features in an information entropy-driven manner,
followed by an efficient intra-layer detail-context interaction.
Building upon these enriched features, we leverage HEPM
to capture an edge attention map in a hierarchical manner,
which is different from conventional edge-based lightweight
methods. By combining the edge attention map with the object
attention map, HEPM effectively sharpens object boundaries.
Finally, a lightweight saliency predictor is employed to infer
high-precision saliency maps. To the end, our lightweight
iHEPNet achieves top-tier performance with minimal parame-
ter count (1.99M) and low computational cost (2.69G FLOPs).
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