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Abstract—Recently, salient object detection (SOD) in opti-
cal remote sensing images, dubbed ORSI-SOD, has attracted
increasing research interest. Although deep-based models have
achieved impressive performance, several limitations remain:
a single image contains multiple objects with varying scales,
complex topological structures, and background interference.
These unresolved issues render ORSI-SOD a challenging task. To
address these challenges, we introduce a distinctive cross-model
nested fusion network (CMNFNet), which leverages hetero-
geneous features to increase the performance of ORSI-SOD.
Specifically, the proposed model comprises two heterogeneous
encoders, a conventional CNN-based encoder that can model
local features, and a specially designed graph convolutional
network (GCN)-based encoder with local and global receptive
fields that can model local and global features simultaneously.
To effectively differentiate between multiple salient objects of
different sizes or complex topological structures within an image,
we project the image into two different graphs with different
receptive fields and conduct message passing through two parallel
graph convolutions. Finally, the heterogeneous features extracted
from the two encoders are fused in the well-designed attention
enhanced cross model nested fusion module (AECMNFM). This
module is meticulously crafted to integrate features progres-
sively, allowing the model to adaptively eliminate background
interference while simultaneously refining the feature represen-
tations. We conducted comprehensive experimental analyzes on
benchmark datasets. The results demonstrate the superiority of
our CMNFNet over 16 state-of-the-art (SOTA) models.

Index Terms—Cross-model nested fusion, graph convolution
network, optical remote sensing images (ORSIs), salient object
detection (SOD).

I. INTRODUCTION

V ISUAL salient object detection (SOD) seeks to precisely
distinguish and uniformly segment a visually prominent
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Fig. 1. Visual comparative analysis between our method and several advanced
SOD models under classic and challenging ORSIs. (a) Original ORSIs.
(b) Groundtruth. (c) Ours method. (d) ACCo-V (ORSI-SOD Model) [16].
(e) Corr-V (ORSI-SOD Model) [17]. (f) Gated (NSI-SOD Model) [18].

object from its surrounding background [1], [2], [3]. For the
natural scene images (NSIs), remarkable advancements have
been made in the domain of SOD, owing to advancements in
deep convolution neural networks [4], [5], [6], [7]. Recently,
researchers have become increasingly interested in extending
SOD techniques from NSIs to optical remote sensing images
(ORSIs), a technique referred to as ORSI-SOD [8], [9], [10].
ORSI-SOD is designed to precisely pinpoint visually appeal-
ing objects in ORSIs, independent of their categories. It
can provide prior information for diverse subsequent tasks
in ORSIs analysis and enhance the performance of the
corresponding tasks, including super-resolution [11], scene
classification [12], target extraction [13], and semantic seg-
mentation [14]. ORSI-SOD faces unique obstacles that are not
encountered in the realm of NSIs, thereby hindering effective
detection. Attempts to directly apply existing NSI-SOD tech-
niques to ORSI-SOD frequently yield unsatisfactory outcomes,
as evident in column (f) of Fig. 1. This disparity is due to
the distinct imaging methods, which involve capturing images
from high altitudes using optical remote sensing satellites or
aircraft [15]. ORSIs typically encompass vast areas, compris-
ing various objects and intricate backgrounds. As a result,
ORSI-SOD poses a more formidable challenge, necessitating
a deeper investigation.

Recently, by tailoring to the unique properties of ORSIs,
researchers have proposed numerous novel insights and crafted
exceptional algorithms, which have significantly promoted
the development of ORSI-SOD and delivered remarkable
performance improvements [8], [9], [10], [16], [19], [20], [21],
[22], [23]. Some works have conducted in-depth analyses on
salient objects with variable scales in ORSIs and explored sev-
eral multiscale feature extraction and integration approaches,
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aiming to perceive salient objects with various scales [8], [9],
[10], [20], [21]. Inspired by the edge-aided SOD in NSIs, many
works deeply mine the edge/boundary-guided CNN architec-
ture to refine the coarse boundary of salient objects with
complicated edges [10], [19], [22], [23]. The adjacent cross-
layer features are also explored to adaptively complement the
local details and global information, enhancing the integrity
of the salient regions [16]. The hybrid features borrowed
from CNNs and Transformers are grafted in a one-stream
network, aiming to alleviate background interference [23].
Foreground/background decoupling has also been exploited
to enhance context [24] and repair local attention loss [25].
These advanced ORSI-SOD models have attained notable
performance.

However, the current methods still encounter several chal-
lenges when processing ORSIs. First, objects within ORSIs
exhibit significant variations in size within the same image and
the number of salient objects varies greatly across different
images (e.g., rows 3 and 4 of Fig. 1). Second, the objects
in ORSIs possess complex topological structures. There are
numerous objects belonging to diverse categories, such as
islands, rivers, airplanes, cars, houses, ships, etc., which
have different topological structures and greatly increase the
difficulty of detection (e.g., row 1 of Fig. 1). Moreover,
ORSIs often feature complex and intricate backgrounds.
This arises from the imaging technique employed in ORSIs,
wherein all objects presented within the captured area appear
equally. Consequently, ORSIs exhibit rich but complex back-
grounds(e.g., rows 2 and 3 of Fig. 1).

To address these problems, we innovatively devised a cross-
model nested fusion network (CMNFNet), which exploits
heterogeneous features to increase performance in the ORSI-
SOD task. Specifically, our proposed CMNFNet comprises
two heterogeneous encoder types: 1) a conventional CNN-
based encoder that can model local pattern features, and
2) a graph convolutional network (GCN)-based encoder with
local and global receptive fields that can model local and
global pattern features simultaneously. To perceive the salient
objects with varying scales or complex topological structures
within a single image, we project the image into two different
graphs with different receptive fields and conduct message
passing through two parallel graph convolutions. It allows
our network to detect and identify salient objects precisely
regardless of their varying scales or complex topological
structures. Finally, the heterogeneous features extracted from
the five stages of the two encoders are fused in the well-
designed attention enhancement cross model nested fusion
module (AECMNFM). Directly fusing the features from differ-
ent encoders may lead to low performance. Our nested fusion
model can complete the features in a progressive way, and can
better combine global and local features adaptively.

The following offers a summation of our contributions.
1) We innovatively devise a CMNFNet for ORSI-

SOD. Unlike existing models that rely on a single
encoder or directly fuse off-the-shelf CNN and
Transformer encoders, CMNFNet employs two het-
erogeneous encoders: a CNN and a custom-designed
GCN-based encoder. It progressively fuses their features

through a novel nested fusion strategy, effectively
complementing heterogeneous representations without
relying on existing direct fusion methods.

2) We propose a novel graph-based convolution subnet-
work (Encoder-GCN) as an auxiliary encoder. Unlike
traditional CNN or Transformer encoders, which can
model only local or global context within each layer,
our method employs dual parallel graph convolutions in
distinct semantic spaces with varying receptive fields at
each GCN layer, enabling joint modeling of both the
local and global context. This facilitates the multiscale
perception of complex salient objects (CSOs).

3) We propose a novel AECMNFM. Unlike traditional
dual-/single-stream fusion methods, which tend to cause
mutual interference between heterogeneous features, our
approach progressively integrates these features in a
complementary manner. This process is further enhanced
by a hybrid attention mechanism that selectively empha-
sizes salient information while effectively suppressing
background noise.

4) We conduct thorough experiments across three challeng-
ing datasets to evaluate the overall performance and the
component effectiveness. Our method outperforms 16
advanced models, firmly demonstrating its superiority in
ORSI-SOD.

II. RELATED WORKS

In this section, we provide a concise overview of the SOD
models in both NSIs and ORSIs.

A. Salient Object Detection in NSIs

SOD was initially introduced to identify objects that
attract attention within NSIs. In the preliminary models, the
hand-crafted features are first well-designed to represent the
discriminative spatial features of the salient objects and then
learn to seamlessly integrate these saliency cues in an unsu-
pervised manner, ultimately yielding saliency outcomes. The
conventional methods encompass various approaches, includ-
ing saliency tree [26], Bayesian inference [27], random walk
ranking [28], [29], [30], structured matrix decomposition [31],
sparse reconstruction [32], probability graphs [33], [34], etc.
All these traditional methods have introduced a plethora of
innovative viewpoints, offering new ideas for the further
exploration of deep CNN-based methods.

In recent years, deep CNNs have been widely studied for
SOD, resulting in numerous advanced deep CNN models to
increase NSI-SOD performance. In the original deep CNN
models, pyramidal features and dilated convolution are com-
monly utilized to extract multiscale context [35]. To strengthen
the flow of information between distinct network blocks,
many studies [36], [37] have proposed cross-layer semantic
interaction to integrate deep-layer global semantic information
and shallow-layer local detail information. To adaptively
integrate features from different network layers, several
attention-based models have been proposed to distinguish
the importance of different features and use the generated
attentive features for salient object refinement [6], [38]. A
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novel reverse attention network is devised to capture miss-
ing object information, improving the object integrity [39].
Wang et al. [40] proposed an approach to determine
the salient object by analyzing fixation maps. To refine the
coarse boundaries, researchers have proposed exploiting the
boundary-enhancement loss function [41], [42] or learning to
seamlessly integrate salient boundaries and multilevel salient
regions [5], [43]. Inspired by human learning, Jin et al. [44]
proposed a dual-stage self-paced strategy to enhance detection.
The method first focuses on easy samples to establish a strong
foundation and then gradually incorporates more challenging
ones, adaptively weighting them on the basis of difficulty.

Although these deep CNN-based models have achieved
impressive performance, their ability to obtain large recep-
tive fields is still limited [45]. Many researchers have
reported that both “Transformer” and graph convolution
network (GCN) hold significant promise in overcoming
the limited receptive field challenge. Many works have
applied the Transformer backbone to acquire global context
information by modeling long-range dependency [46], [47].
To integrate local information and global information, many
works have proposed hybrid networks to exploite CNNs and
Transformers [48]. In [49], the CNN and Transformer are
grafted into a one-stage framework, and a novel cross-model
attention fusion module guides the combination of comple-
mentary information more holistically. BCMNet [50] leverages
a dual encoder with a CNN and Transformer to capture
textures and contexts, facilitating concurrent feature fusion,
morphology detection, and contour refinement via bidirec-
tional collaborative mentoring. WaveNet [51] adopts a siamese
encoder to extract features across modalities, subsequently
fusing them via a discrete wavelet transform for both low- and
high-frequency integration. FSANet [52] builds a dual-domain
encoder to extract features from the frequency and spatial
domains, attentively fusing them into hybrid features with
enhanced discriminability. Many works [7], [53], [54] project
the image into graph structure data, and devise the information
aggregation network under the framework of GCNs, which
are more flexible in modeling the long-range region relation.
Yin and Lin [55] recently achieved efficient SOD by applying
adder neural networks with a simple differential merging
strategy. Although the traditional NSI-SOD models may fall
short in addressing the distinct challenges posed by ORSIs,
they remain a rich source of inspiration for researchers, fueling
innovative approaches to advancing ORSI-SOD research.

B. Salient Object Detection in ORSIs

Owing to varying imaging conditions and environments, the
salient objects in ORSIs exhibit complex geometric topologies,
variable sizes, and cluttered backgrounds. Acknowledging the
distinctive features of ORSIs, many researchers have put
forward innovative insights and specifically designed numerous
exceptional algorithms tailored for ORSI-SOD. Some works
have conducted in-depth analysis on the scale variation of
salient objects in ORSIs and explored several multiscale feature
extraction and integration approaches, aiming to perceive
salient objects of various scales [8], [9], [21]. Li et al. [8]

designed a dual-stream pyramid structure to extract hierarchical
and complementary information, enabling the perception of
salient objects across diverse scales. Zhang et al. [9] devised
a cascaded pyramid attention architecture, where shallow-
layer attention and deep-layer attention cues can interact to
perceive the salient object at different scales. Cong et al. [21]
combined parallel multiscale attention in shallow-layers and
spatial-wise and channel-wise relation reasoning in deep-layers,
improving the integrity of salient objects across varying sizes.
Li et al. [20] integrated multiple types of content through diverse
attention techniques, leveraging the complementarity among
various features such as, foreground, boundary, background,
and global image features to enhance overall performance.
Inspired by the edge-aided SOD in NSIs, many works deeply
mine the edge/boundary-guided CNN architecture to refine
the coarse boundary of the salient object with complicated
edges [10], [19], [22]. Zhou et al. [22] devised an edge-guided
recurrent positing framework equipped with two decoders:
1) one extracts edge information, and 2) the other locates
the salient object by combining the edges at various scales.
Zhou et al. [19] proposed incorporating features across multiple
scales via guidance from edge cues. Tu et al. [10] developed a
collaborative learning approach that incorporates bidirectional
feature transformation, enabling the concurrent augmentation
of both edge and region features. The adjacent cross-layer
features are also explored to adaptively complement the
local details and global information, enhancing the integrity
of the salient regions [16]. To perceive the salient objects
at a larger receptive field, Wang et al. [23] introduced
a hybrid encoder by integrating CNNs and Transformer
into a single-stream network, enabling the capture of the
global context to mitigate the interference caused by complex
backgrounds. Zhao et al. [56] devised an adaptive dual-stream
encoder that addresses the issue of compensating for the
global information obtained from Transformers and the local
information obtained from CNNs. Huang et al. [24] enhanced
object representation by modeling intrascene variations with
cross-image context stored in foreground and background
banks. Gu et al. [25] improved ORSI performance by enhancing
features with bidirectional attention and mitigating attention
loss via foreground-background decoupling. Liang and Luo [57]
utilized a lightweight backbone network integrated with
multiscale edge-embedded attention and multilevel semantic
guidance to realize a lightweight ORSI-SOD model.

However, some challenges in ORSI-SOD, such as irregular
geometric topological structures, scale variations within the
same image, and cluttered backgrounds, remain unresolved
by the aforementioned methods. To address these issues
effectively, we introduce a novel CMNFNet. This framework
leverages heterogeneous features to enhance performance in
ORSI-SOD tasks, which is discussed in detail in the subse-
quent section.

III. PROPOSED METHOD

In this section, we delve deeper into our proposed
CMNFNet. Section III-A introduces the overarching architec-
ture of CMNFNet. Section III-B provides a concise overview
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Fig. 2. Visual representations of the architecture. (a) Framework of our proposed CMNFNet. (b) Details of our E-GCN. (c) Details of our DE-AE3. (d) Details
of our DE-AE2.

of the CNN-based feature extractor. Section III-C delves
into the meticulously designed GCN-based feature extractor.
Section III-D details the attention enhanced cross model fusion
module. Section III-E describes the loss function.

A. Overall Architecture

As illustrated in Fig. 2(a), our CMNFNet is equipped
with two heterogeneous encoder subnetworks (Encoder-CNN
and Encoder-GCN) and an AECMNFM. The heterogeneous
features (generated from our heterogeneous encoder) here
actually represent distinct descriptions of the same input.
By leveraging different information aggregation strategies,
these encoders enhance feature diversity and complementarity.
These heterogeneous features are subsequently fused in a
nested fusion decoder, effectively addressing the challenges of
SOD in ORSIs.

B. CNN-Based Feature Extractor

Similar to prior studies [9], [10], [16], [19], [22], we utilize
the classical VGG-16 as the fundamental feature extractor.
Unlike the primary VGG-16 architecture designed for image
classification, we omit the final classification heads. The
“Encoder-CNN” depicted at the top of Fig. 2(a) represents
the CNN-based encoder subnetwork, which consists of five
blocks denoted E-VGG-x (x ∈ {1, 2, 3, 4, 5} is the block
index). We utilize the outputs of the last convolution layer of
these five blocks as side-output feature maps, denoted f c

i ∈
R

Ci×Hi×Wi (i ∈ {1, 2, 3, 4, 5}). The values for C1,2,3,4,5 are
64, 128, 256, 256, 256, and H1,2,3,4,5 are 256, 128, 64, 32, 16.
Note that, to alleviate computational complexity, we reduce
the dimension of the side outputs in the final two blocks from
512 to 256 by introducing additional convolution layers.

C. GCN-Based Feature Extractor

To target salient objects with complex geometric topological
structures and variable scales in remote sensing images, we
design a novel context-aware GCN encoder, which exploits
the GCN in modeling long-range dependencies between any
two spatial regions. The “Encoder-GCN” shown in Fig. 2(a)
provides an overview of our proposed GCN-based encoder
subnetwork, which consists of two basic convolution blocks
“E-CNN-1” and “E-CNN-2,” and three specially devised graph
convolution blocks “E-GCN-3,” “E-GCN-4,” and “E-GCN-5.”
The first two “E-CNN-x” (x ∈ {1, 2} is the block index)
blocks are all composed of Conv3×3, batch normalization
(BN), and a ReLU, which are utilized to extract discriminative
features and decrease the spatial resolution of the feature maps.
Then, the feature maps are fed into three “E-GCN-x” blocks
(x ∈ {3, 4, 5} is the block index) sequentially, and the local–
global context information is mined in graph embedding space.
In each “E-GCN-x” block, shown in “GCN-based encoder
block (E-GCN)” of Fig. 2(b), three operations are conducted
sequentially. First, the feature maps are projected from regular
grid data to irregular graph data. To mitigate the computational
complexity associated with graph projection, we divide the
feature maps into four patches, and project each patch into
three graph nodes by graph projection operations. Considering
the scale-variation objects within the same image, we construct
local graph data and global graph data at different active
regions, respectively. The local graph is built by linking every
node within the same patch, whereas the global graph is built
by linking all nodes across all patches. Second, to perceive
scale-variation objects within the same image, graph reasoning
operations are conducted on the local graph and global graph,
and the parallel graph results are fused in an adaptive way.
Finally, the acquired graph data are reprojected into regular
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grid feature maps. The local–global context information for the
salient objects with complex geometric topological structures
and variable scales are modeled through three rounds of
iterative operations. Similar to the CNN encoder, we also adopt
the outputs of five blocks as side-out feature maps, which
are denoted f g

i ∈ R
Ci×Hi×Wi(i ∈ {1, 2, 3, 4, 5}). C1,2,3,4,5 =

64, 128, 256, 256, 256 and H1,2,3,4,5 = 256, 128, 64, 32, 16.
1) Patch-Based Graph Projection: To construct graph

structure data G = (V, E) from a regular grid feature map
f ∈ R

C×H×W , we propose learning a patch-based pixel-to-
vertex soft assignment matrix, which clusters the pixels with
similar features into coherent image regions. Different from
the existing work [58] that produced a pixel-to-vertex soft
assignment matrix by calculating the relationship between
all pixels and all graph vertices, owing high computational
complexity of O(HWC|V|). We propose grouping pixels into
clusters within a smaller image patch individually. Specifically,
given the regular grid feature map f ∈ R

C×H×W , we first split
it into n × n image patches. As depicted in the top part of
Fig. 3, n is set to 2 by default in this work. In each image
patch, we compute the similarity vector rp,k

i,j by measuring the
Euclidean distance between pixel f p

i,j and the specific graph
anchor point cp

k . It is formulated in

rp,k
i,j = f p

i,j − cp
k (1)

where f p
i,j ∈ R

C×1 refers to the (i, j)th pixel in pth patch,
and cp

k ∈ R
C×1 is the initial feature vector of the kth graph

vertex in the pth patch. Then, we generate the pixel-to-vertex
soft assignment value via a Softmax operation on all K graph
vertices within an image patch. It is formulated in

qp,k
i,j =

exp
(
−‖rp,k

i,j /sp
k‖2

2

)

∑
k exp

(
−‖(rp,k

i,j )/sp
k‖2

2

) (2)

where sp
k ∈ R

C×1 is a learnable column vector. ‖·‖2
2 represents

L2 normalization. We also represent Q ∈ R
hw×|V | as the

final complete soft assignment matrix from pixels to vertices,
where h and w are the height and width of image patches,
respectively, and |V| refers to the total number of graph
vertices. In each row, the vector qp,k

i,j belonging to the same

pth image patch satisfies that
∑

k qp,k
i,j = 1. Finally, we encode

feature vp
k for the kth graph vertex in the pth image patch by

weighted averaging of the residuals rp,k
i,j . It is in

vp
k = 1

∑
i,j∈p qp,k

i,j

∑
i,j∈p

qp,k
i,j rp,k

i,j /sp
k . (3)

We also denote V ∈ R
C×|V | as the final obtained graph

embedding feature, where |V| = n×n×K represents the total
count of graph vertices and K is the number of graph vertices
in each image patch. Computational complexity is reduced
from O(HWC|V|) to O(HWC|V|/n2).

2) Local–Global Graph Construction: To address the chal-
lenge caused by salient objects of varying scales within the
same image, we propose constructing a local–global context-
aware graph structure data at different active patch regions.
Specifically, in each image patch, we generated K graph

Fig. 3. Illustration of E-GCN. This module projects 2-D feature maps into
local-connected and global-connected graph data, and conducts two parallel
graph convolutions on them with different receptive fields. The graph features
are adaptively fused by weight, and then reprojected into 2-D feature maps.

vertices by operating above patch-based graph projection
Gproj. To better perceive the small salient objects (SSOs), we
construct the local graph data Gr

L = (Vr
L, E r

L) ∈ R
C×K (r ∈

{1, 2, 3, 4}) by connecting each graph vertex within the same
image patch, which is shown in the left-top part of Fig. 3. The
adjacent matrix AdjrL ∈ R

K×K can also be generated by

AdjrL = (Gr
L

)T(Gr
L

)
(4)

where (·)T represents the matrix transpose operation.
Similarly, to better perceive the large size salient object, we
construct the global graph data GG = (VG, EG) ∈ R

C×|V | by
connecting all graph vertices over all image patches, which
is shown in the right-top part of Fig. 3. The adjacent matrix
AdjG ∈ R

|V |×|V | can also be generated by

AdjG = (GG)TGG. (5)

It is noteworthy that both the parallel local and global
graphs in Fig. 3 are built on the same set of graph nodes. The
purpose is to map these nodes into two distinct graph spaces
for information aggregation, thereby enabling the perception of
both small and large targets. Subsequent ablation experiments
in Section IV-C1 clearly show that the removal of either the
local or global graph leads to a performance degradation.

3) Graph Reasoning: The local graph GL or global graph
GG has a receptive field of all vertices on the image patch or
on the whole image, respectively, it is potential for capturing
local and global context information for scale-variation salient
objects. Thus, we use the Edge-Gated Graph Convolution
Operation [53] to further propagate important information on
the local and global graph data adaptively. The information
aggregation is formulated in

vl+1
i =

∑

j∈N l
i

egi,j � Mlvl
j + Ulvl

i (6)

where vl+1
i refers to the newly updated feature of the ith graph

vertex in the (l + 1)th layer, and vl
i and vl

j refer to the features
of the ith and jth graph vertices in the lth layer. � indicates the
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element-wise Hadamard product. egi,j is the Edge-Gated filter,
which can promote the transmission of crucial information
while suppressing the transmission of irrelevant information
in graph data. Ml ∈ R

C×C and Ul ∈ R
C×C represent the

learnable parameters. N l
i represents the neighbor vertices set

for the ith central graph vertex.
4) Adaptive Weighted Graph Fusion: The scale-variation

salient objects have different sensitivities to local and global
context information within the same image. To compre-
hensively model the local–global context information, we
distinguish the importance of local graph embedding GL and
global graph embedding GG for the salient objects of different
scales and then generate the final graph embedding through
adaptive weighted graph fusion. Specifically in Fig. 3, we first
conduct channel-wise attention (CA(G)) on two graph struc-
ture data using (7), which enhances the graph representation
Ĝ by a residual connection in{

CA(G) = σ(MLP(global_max_pool(G))) (7)

Ĝ = G(1 + CA(G)) (8)

where global_max_pool is the channel-wise max pooling
operation along the graph nodes, which generates the channel-
wise attention weight in R

1×C. The multilayer-perception
(MLP) has parameters in R

C×C. σ is a sigmoid function.
To evaluate the importance of two graph embeddings, we

conduct weight generation (W(G)) to produce the weight of
each graph embedding, which is formulated in

W(G) = σ(linear(global_mean_pool(G))) (9)

where global_mean_pool indicates the channel-wise mean
pooling operation along the graph nodes, which generates the
channel-wise attention weight in R

1×C. linear is the linear
transformation with parameters in R

C×1, which project the
channel attention into a single weight. Then, we adopt the
Softmax operation to balance the local graph embedding and
global graph embedding, which are formulated as⎧⎪⎪⎨

⎪⎪⎩

wL = exp(W(GL))

exp(W(GL)) + exp(W(GG))
(10)

wG = exp(W(GG))

exp(W(GL)) + exp(W(GG))
. (11)

Finally, the final graph embedding GF is obtained by aver-
aging the enhanced local graph embedding ĜL and the global
graph embedding ĜG weighted by wL and wG, respectively. It
is formulated in

GF = linFu
(

wL · ĜL + wG · ĜG

)
(12)

where wL and wG refer to the importance of local graph and
global graph, respectively. linFu is a linear function.

5) Graph Reprojection: To reproject the irregular graph
data into 2-D grid feature map f , we conduct the graph
reprojection operation Greproj on each image patch. Greproj
can linearly interpolate 2-D pixel features on the basis of
their region assignment Qr ∈ R

(hw)×K . Specifically, given
the rth image patch, we compute the pixel features of f̂ r ∈
R

C×h×w by reweighting the graph vertices features Gr
F ∈

R
C×K , formulated as

f̂ r = view
(Gr

F(Qr)T)
(13)

where r ∈ {1, 2, 3, 4} is the index of the image patch and (·)T

represents the matrix transpose operation. Gr
F ∈ R

C×K refers
to the updated graph embedding belonging to the rth image
patch. Qr ∈ R

(hw)×K refers to the soft assignment matrix
belonging to the rth image patch. view reshapes it into a shape
of RC×h×w.

D. Attention Enhanced Cross Model Nested Fusion Module

The heterogeneous features (extracted from the CNN-based
encoder and GCN-based encoder) exhibit diversity and com-
plementarity. However, traditional direct fusion (Dual-Stream
or Single-Stream fusion strategy) of these features often leads
to mutual interference and information loss, hindering their
effective complementary integration. Our Nested Fusion is
inspired by the notion that progressively fusing heterogeneous
features at different levels can reduce mutual interference,
minimize information loss, and facilitate their complementary
fusion. Specifically, we propose encoding robust salient fea-
tures by progressively selecting two kinds of heterogeneous
features via nested fusion. The proposed AECMNFM is
shown in Fig. 2, where attention-enhanced decoder submodule
(DE-AE) is treated as the basic component and organized
in a nested architecture. As shown in Fig. 2(c) and (d),
the heterogeneous features are fed into “attention enhanced
decoder block with three input (DE-AE3)” or “attention
enhanced decoder block with two inputs (DE-AE2),” from
which these features are first enhanced by the proposed “AE”
and spatial attention “SA,” then we concatenate the enhanced
heterogeneous features and conduct convolution operation.
Note that, the basic configurations of DE-AE3 and DE-AE2
are the same, and the sole difference between them is the
number of inputs they can receive. The features follow the
data flow shown in the “AECMNFM” of Fig. 2. Next, we first
present the operations in “DE-AE” and then describe the key
attention components in “AE.”

1) Attention-Enhanced Decoder Submodule: Taking
DE-AE3 in Fig. 2(c) as an example, for the given
heterogeneous features x1, x2, x3, the plain spatial attention
(PSA) weight wpsa is first generated by conducting PSA Fpsa
(formulated in (14)) on feature x1. Then, the enhanced features
x̂1, x̂2, x̂3 are enhanced by the attention enhanced (“AE”)
module and spatial attention wpsa, using (15)-(17). Finally, the
enhanced features are concatenated and fused by performing
two basic convolution operations, which are formulated in

⎧
⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎩

wpsa = Fpsa(x1) (14)

x̂1 = AE(x1)(1 + wpsa) (15)

x̂2 = AE(x2)(1 + wpsa) (16)

x̂3 = AE(x3)(1 + wpsa) (17)

xde = conv(concat(x̂1, x̂2, x̂3) (18)

The Fpsa refers to the PSA operation described in (25). Concat
concatenates the features in channel dimension. conv indi-
cates the convolution layer. The AE represents the proposed
attention enhanced module (AE-M), which is shown in Fig. 4
(a) and can be formulated as

AE = PSA(HCA(x)) (19)
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Fig. 4. Illustration of our AE-M. It is composed of HCA, which explores the plain and reverse attention to enhance channel-wise features, and PSA, which
further enhances spatial-wise features. (a) AE-M. (b) HCA-M. (C) PSA-M.

where HCA and PSA refer to the following hybrid chan-
nel attention (HCA) submodule and PSA (PSA) submodule,
respectively.

2) Hybrid Channel Attention: By inspecting the feature
maps channel by channel, we found that some effective
feature maps can accentuate the foreground and attenuate
the background, whereas some adverse feature maps incor-
rectly accentuate the background and attenuate the foreground.
Directly applying traditional channel attention may still suffer
from the cluttered background, so we devise a HCA module
to enhance the representations by weakening the contrary
feature maps. Specifically, we keep the effective feature maps
unchanged, while reversing the contrary feature maps to
explore effective information as much as possible. As shown in
Fig. 4(b), to generate reversed feature maps, we first compute
the channel-wise maximum using (20), and obtain the reversed
feature maps via {

max = max_Pool(x) (20)

xr = max −x (21)

where x ∈ R
C×H×W refers to the feature maps. max_pool is

the max pooling operation along the spatial dimension. max ∈
R

C×1×1 refers to the maximum value within each channel.
xr ∈ R

C×H×W represents the reversed feature maps. To obtain
enhanced feature maps, we apply a weighted average of the
original and reversed feature maps using

xe = x + α � (conv(xr) � x) (22)

where α ∈ R
C×1×1 is the learnable parameters, and each

value indicates the importance of each channel. xe ∈ R
C×H×W

represents the enhanced feature maps. Then, the new channel-
wise attention weights are generated using

whca = FCL(max_Pool(xe)) (23)

where FCL is the fully connected layer. The new feature xhca
enhanced by channel attention can be obtained by

xhca = xe + whca � xe (24)

where � refers to the channel-wise Hadamard product.
3) Plain Spatial Attention: In order to focus on salient

objects in the spatial dimension, as shown in Fig. 4(c), we
generate a spatial attention map by performing convolution
operations on xhca. It is formulated in

Fpsa = σ(conv(xhca)) (25)

Fig. 5. Visual examples of the feature maps produced by different decoder
blocks. The “wHCA” in the 1st and 3rd rows show the feature maps produced
by the blocks equipped with HCA, and the “woHCA” in the 2nd and 4th rows
show the feature maps produced by the blocks equipped without HCA.

where conv refers to the basic convolution operation, and σ is
the sigmoid function. Then, the final feature maps enhanced
by spatial attention can be obtained using

xpsa = xhca + Fpsa(xhca) � xhca (26)

where � is the Hadamard product over spatial dimension.
Fig. 5 presents the feature maps within five decoder blocks.

This shows that with HCA in AE-M, the clutter background
can be effectively suppressed and the salient objects can be
more precisely focused.

E. Loss Function

To train our network more effectively, we utilize a combina-
tion of binary cross-entropy (BCE) loss and intersection over
union (IOU) loss, which comprehensively supervises all nine
saliency output of the network decoder, formulated as follows:

L =
9∑

i=1

(lBCE(Si, G) + lIOU(Si, G)) (27)

where Si is the ith saliency outcome produced by the ith
decoder block, G is the ground truth maps corresponding to
the original input images, and L represents the whole loss
function.

IV. EXPERIMENT

A. Experimental Protocol

1) Datasets: To perform the following comparison experi-
ments, we select three benchmark datasets.

ORSSD [8], the earliest dataset released for ORSI-SOD,
comprises an assemblage of images sourced from Google
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Earth and other existing ORSI datasets. It splits the dataset
into training and testing sets, with sizes of 600 images and
200 images, respectively. Each image is accompanied by pixel-
wise annotations for salient objects.

EORSSD [9] is an expanded version of ORSSD with 1400
images for training and 600 images for testing. It encompasses
more complex and diverse scenes, with each image accompa-
nied by pixel-wise annotations for salient objects.

ORSI4199 [10] is a recently released ORSI-SOD dataset
with 2000 training images and 2199 testing images, all
with precise pixel-level annotations. This dataset encompasses
diverse complex objects across various attributes, rendering it
one of the most challenging datasets.

2) Evaluation Metrics: Five mainstream performance met-
rics are utilized to assess our proposed network thoroughly.

S-Measure (Sα) [59] assesses the likeness between the
saliency map and ground truth, including both object-specific
(Soj) and region-specific (Sre) structure similarity

Sα = α × Soj + (1 − α) × Sre (28)

where the balancing weight α is set to 0.5 by default.
F-Measure (Fβ) [60] provides a balanced evaluation metric

that considers Precision (Pr) and Recall (Re)

Fβ =
(
1 + β2

) × Pr × Re

β2 × Pr + Re
(29)

where we adopt β = 0.3 to align with mainstream standards.
E-measure (Eξ ) [61] measures both the pixel-level corre-

spondence and image-level statistical information

Eξ = 1

H × W

H∑
x=1

W∑
y=1

φ(x, y) (30)

where H and W are the height and width of the map, respec-
tively. φ(x, y) represents the enhanced alignment function.

MAE (M) [62] calculates the average deviation of all
saliency maps from the corresponding ground truths

MAE = 1

H × W

H∑
x=1

W∑
y=1

|S(x, y) − G(x, y)| (31)

where S(x, y) and G(x, y) refer to the pixel values indexed by
(x, y) in the saliency map and the ground truth, respectively.
| · | represents the absolute value function.

PR Curve [60] depicts the relationship between precision
(Pr) and recall (Re) across various thresholds. A curve that is
closer to the top right corner indicates superior performance

Pr = Sb
⋂

G

Sb
, Re = Sb

⋂
G

G
(32)

where Sb is the binarized salient segmentation map with
different thresholds, and G is the ground truth map.

3) Implementation Details: We performed all the exper-
iments on our workstation, which runs the Windows 10
operating system and is equipped with an NVIDIA GeForce
RTX 3090 GPU, Python 3.8, and PyTorch 1.11.0+cu115.
During the training stage, we resized both the input image and
groundtruth to 256 × 256. We augmented the dataset eight
times by flipping and rotating operations, as recommended

by [8]. Additionally, the batch size was 8, and the model
was trained for 100 epochs on each of the three training sets
separately. We utilized the Adam optimizer with an initial
learning rate of 0.0002 and halved it every 20 epochs for
efficient training. In addition, we developed two versions of
the model: 1) Ours-V, which employs VGG-16 as the CNN
feature encoder, and 2) Ours-R, which uses ResNet-50 for the
same purpose.

B. Comparison With State-of-the-Art Methods

1) Models for Comparative Studies: Our proposed
CMNFNet and 16 state-of-the-art (SOTA) models are
compared across all three benchmark datasets. The compared
methods encompassed a diverse range of models: RRWR [30]
and RCRR [28] are two conventional NSI-SOD models.
EG [5], MI [4], and Gated [18] are three deep NSI-SOD
models. LV [8], DAF [9], MJRB [10], EMFI [19], Corr [17],
ERP [22], ACCo [16], MEA [57], and ADST [56] are nine
deep ORSI-SOD models. RR [21] and HFA [23] are two
Hybrid ORSI-SOD models. Table I lists all the quantitative
results, which were generated by running the corresponding
open-source codes provided by the author and adopting the
default parameter configurations, or through calculations based
on publicly accessible saliency maps. Notably, the results of
the LV are unavailable for the ORSI4199 dataset, which is
indicated as “-” in Table I. Our model demonstrates impressive
speed, reaching 19 fps when paired with the VGG backbone
and 18 fps when coupled with the ResNet backbone.

2) Quantitative Comparisons and Discussions: As shown
in Table I, our approach (both Ours-V and Ours-R) gener-
ally achieves the nine best performances and three second
best performances among all twelve evaluation metrics,
which clearly demonstrates the superiority of our proposed
method. Specifically, both Ours-V and Ours-R outperform
all other models across all performance metrics on the
ORSSD dataset. This validates the optimality of our method
on this dataset. For the EORSSD dataset, although Ours-
V achieves a slightly lower performance than DAF-V does
with respect to Eξ and MAE, Ours-V achieved 2.10% and
2.45% performance improvement with respect to Sα and Fβ ,
respectively. Similarly, Ours-R ranks first with respect to Eξ

and MAE and rank second with regard to Sα and Fβ . HFA-R
achieves slightly higher performance than Ours-R dose with
respect to Sα and Fβ , which may be attributed to its larger
input image size of 480 × 480.

For the ORSI4199 dataset, both Ours-V and Ours-R rank
first with respect to Fβ , Eξ , and MAE. Although ACCoNet-V
and ACCoNet-R outperform our method with respect to Sα ,
the gap is not significant. Notably, compared with the two
most recent advanced models (MEA-MV2 [57] and ADST-
R2 [56]), our method (Ours-R and Ours-V) also achieves
superior performance across all datasets, which verifies the
advantages of our method.

We also compare these methods with respect to the PR
curves on three benchmark datasets, as shown in Fig. 6. Ours-
V and Ours-R are indicated by bold red solid and dashed
lines, respectively. The results presented in Fig. 6 show that
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TABLE I
QUANTITATIVE COMPARISON BETWEEN OUR CMNFNET AND 16 SOTA MODELS ACROSS THREE BENCHMARK DATASETS. THE COMPARED MODELS

FALL INTO FOUR CATEGORIES: TRADITIONAL NSI-SOD (T-NSI), DEEP NSI-SOD (D-NSI), DEEP ORSI-SOD (D-ORSI), AND HYBRID ORSI-SOD
(H-ORSI) METHODS. THE MODELS APPENDED WITH “-V,” “-R,” “-R2,” OR “-MV2” SUFFIXES SIGNIFY THE USE OF VGG, RESNET, RES2NET OR

MOBILENETV2 AS THE CNN-BASED ENCODER, RESPECTIVELY. ↑ AND ↓ INDICATE THAT HIGHER AND LOWER VALUES ARE BETTER. THE TOP

THREE PERFORMANCES ARE MARKED IN RED, BLUE, AND GREEN

Fig. 6. Comparative analysis of the PR curves of our CMNFNet and 16 SOTA methods across three benchmark datasets.

our approach exhibits the closest proximity to the top right
corner on three datasets, which further shows its superiority.
Overall, both Ours-V and Ours-R generally achieve better
performance than 16 SOTA models on the three datasets,
which demonstrates the superiority of our CMNFNet.

3) Qualitative Comparisons and Discussions: We also
qualitatively compare visual examples selected from the
ORSSD, EORSSD, and ORSI4199 datasets. As shown in
Fig. 7, all the visual examples are carefully chosen to
encompass a diverse range of complicated scenes, such as
background interference (e.g., the examples of ORSSD-1 and
EORSSD-2), multiple salient objects (MSOs) of different sizes
within the same image (e.g., the examples of ORSSD-3,
EORSSD-1, and EORSSD-3), and complicated topological
structures (e.g., the examples of ORSSD-2, ORSI4199-1,
ORSI4199-2, and ORSI4199-3). Note that, the example in
the ith row of each dataset is abbreviated as “data-i” in the
following article.

For the examples of background interference shown in
ORSSD-1 and EORSSD-2, the salient objects and back-
ground may share similar shapes or color features. Previous
advanced methods may suffer from these cluttered back-
grounds, and may mistakenly detect the background region
near the salient object. Our method alleviates this issue through
the AE-M in the cross-model nested fusion subnetwork,

which suppresses background and complements heterogeneous
features by selecting important salient features.

For the examples of MSOs of different sizes within the
same image shown in ORSSD-3, EORSSD-1, and EORSSD-
3, previous advanced methods may struggle to locate all
the salient objects simultaneously, as seen in the cases of
ACCo-V, ERP-V, and Corr-V. Conversely, our approach can
discover all the salient objects with different scales and predict
precise saliency maps on these challenging visual scenes.
This is attributed to our tailored GCN-based encoder, which
captures multiscale salient objects across diverse regions via
dual parallel graph inference branches.

For the example of salient objects with complex appearance
topological structures. ORSSD-2 and ORSI4199-3 exhibit
salient objects with elongated shapes, which span the entire
image and make it difficult for conventional detection methods
to detect the entire salient object, resulting in partially miss-
ing predictions. ORSI4199-1 and ORSI4199-2 exhibit salient
objects with complex topological shapes, which makes it
difficult for previous methods to capture complete topological
structures, leading to misjudgments and some nonsalient areas
being incorrectly highlighted. However, our proposed method
can successfully handle these challenging visual scenes. This
can be attributed to our specially devised two parallel graph
inference branches in the GCN-based encoder, where the local
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Fig. 7. Visual comparison between Ours method and other SOTA models across three diverse and challenging datasets. The suffix (-V, MV2, R2) appended to
the method’s name indicates that the model employs VGG or MobileNet-V2 or Res2Net as its CNN-based encoder. The visual examples presented encompass
a diverse range of complicated scene, including those with background interference (ORSSD-1, EORSSD-2), MSOs of varying sizes within a single image
(ORSSD-3, EORSSD-1, and EORSSD-3), and complicated topological structures (ORSSD-2, ORSI4199-1, ORSI4199-2, and ORSI4199-3).

TABLE II
SCENE SUBATTRIBUTE ANALYSIS ON THE ORSI4199 DATASET. TO

ENSURE CONSISTENCY WITH ADVANCED METHODS, ALL THE MODELS

USE THE RESNET BACKBONE, EXCEPT FOR THE CORR (VGG-ONLY),
MEA (MOBILENET-V2-ONLY), AND ADST (RES2NET-ONLY) MODELS.

THE TOP THREE MAX Fβ VALUES ARE HIGHLIGHTED IN RED, BLUE,
AND GREEN, RESPECTIVELY

graph inference branch can explore the structural information
of different parts of the salient object in different active
regions, and the global graph inference branch can com-
prehensively grasp the overall structural information of the
salient object in a global receptive field. The combined local
structure details and global structure information make it more
precise for predicting salient objects with complex topological
structures.

4) Scene Subattribute Analysis: The ORSI-4199 dataset
serves as a formidable benchmark, featuring a thorough cat-
egorization into various attribute subsets, which are carefully
crafted to reflect the wide range of challenges presented in
remote sensing scenes. We also compare our method with
eight cutting-edge approaches across these diverse attribute
challenges. All the max Fβ results are presented in Table II,

Fig. 8. Visual examples of the attribute analyzes on the ORSI-4199 dataset,
compared with current advanced methods. The suffix (-R, V, MV2, R2)
indicates that the model employs ResNet or VGG or MobileNet-V2 or
Res2Net as its CNN-based encoder. The presented classic complex scenarios
encompass BSO, SSO, and NSO scenes.

showing that our method achieves the seven best perfor-
mances and 2 s best performances among the nine challenging
attributes, and performs best in terms of average performance.
These quantitative results show that our approach generally
outperforms existing advanced models in scenes with different
category attributes, highlighting its effectiveness in handling
various challenges.

Specifically, our method significantly outperforms other
methods in scenarios featuring big salient objects (BSOs) and
narrow salient objects (NSOs), highlighting its effectiveness in
capturing complex topological structures. The BSO and NSO
shown in Fig. 8 also validate the effectiveness of our approach
in preserving the overall integrity of the salient object. In
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TABLE III
ABLATION STUDIES CONDUCTED ON THE ORSSD AND EORSSD DATASETS. ↑ AND ↓ INDICATE THAT HIGHER AND LOWER

VALUES ARE BETTER, RESPECTIVELY. SCORES HIGHLIGHTED IN BOLD INDICATE THE BEST, WHILE SCORES

HIGHLIGHTED IN RED REPRESENT PERFORMANCE DEGRADATION

complex scenes (CSs), our approach also exhibits performance
enhancements relative to the second-best model, proving its
capacity to discover the salient object and mitigate background
interference. In scenarios with MSOs and SSOs, our model
outperforms all other models, and the examples in Fig. 8
also show consistent results. In scenarios involving incomplete
salient objects (ISOs) and low-contrast scenes (LCSs), our
approach performs better than do all other advanced models.
Although the performance of our model in CSO and off center
(OC) scenarios is not yet the best, the gap between our method
and the top-performing method is rather insignificant.

C. Ablation Study

This section presents ablation studies on the ORSSD and
EORSSD datasets to evaluate the impact of our proposed
modules with a VGG-based backbone.

1) Effect of the Local–Global Graph: The impact of the
local and global graph reasoning branches in the E-GCN block
is first assessed. Specifically, we trained two network variants
equipped with only a local graph reasoning branch (GL) or
only a global graph reasoning branch (GG). The quantita-
tive results are shown in lines No.3 and No.4 of Table III.
Compared to that of the complete network equipped with both
local and global graph reasoning branches (shown in line No.1
of Table III), the performance of these two network variants
consistently decreases with respect to all three metrics on both
the ORSSD and EORSSD datasets. This finding validates the
positive effect of our proposed two parallel graph inference
branches on performance enhancement. We also present some
examples generated by the baseline network variant, our
complete network “Ours,” the “GL” network variant, and the
“GG” network variant. The examples presented in Fig. 9 show
that “GL” still suffers from severely ISOs, whereas “GG”
can maintain the integrity of the salient object and overlook
certain local regions of salient objects. Our complete network
‘Ours’ equipped with both local and global graph branches
can preserve the fine details and overall structure of the salient
objects.

2) Effectiveness of the Attention Enhanced Decoder Block:
We perform experiments to assess the influence of the attention
modules (HCA and SA) in our attention enhanced decoder
(DE-AE) block on enhancing performance. Specifically, we
trained another three network variants in which “SA(woHCA)”

Fig. 9. Visual examples of the ablation study of local–global graph
branches in the E-GCN block. “Baseline” represents the baseline model, “GL”
represents the model equipped with only a local graph branch in the E-GCN,
“GG” represents the model equipped with only a global graph branch in the
E-GCN, and “Ours” represents the complete model equipped with both local
and global graph branches in the E-GCN.

representing HCA is removed from DE-AE, “HCA(woSA)”
representing SA is removed from DE-AE, “PCA+SA” repre-
senting HCA is replaced with plain channel attention (PCA)
in DE-AE, and “Ours” representing the complete model. The
quantitative results are displayed in lines No.5, No.6, and
No.7 of Table III. Compared with the model equipped with
complete DE-AE (displayed in line No.1 Table III), all three
metrics of these three network variants consistently decrease
on both datasets. When we remove the HCA module from
DE-AE (as shown in line No.5 of Table III), the performance
significantly degrades in terms of both the Fβ and Eξ met-
rics. This validates the effectiveness of the HCA module
in suppressing the background. When we remove the SA
module from DE-AE (as shown in line No.6 of Table III),
we observe a slight performance degradation in terms of
all the metrics, confirming its role in highlighting important
information. Replacing HCA with a PCA module (line No.7
in Table III) leads to performance degradation, highlighting
the superior effectiveness of HCA in capturing channel-wise
information.

Fig. 10 displays several examples. The visualization results
show that regardless of whether the HCA module or the SA
module is removed from the DE-AE, or if the HCA module
is replaced with the PCA module, there are detection errors in
the final predicted saliency maps. When we replace HCA with
PCA, excessive salient object prediction occurs. In contrast,

This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination. 

Authorized licensed use limited to: SHANDONG UNIVERSITY. Downloaded on September 13,2025 at 14:26:21 UTC from IEEE Xplore.  Restrictions apply. 



12 IEEE TRANSACTIONS ON CYBERNETICS

Fig. 10. Visual examples of the ablation study on DE-AE. “Baseline”
represents the baseline model, “HCA(woSA)” represents that SA is removed
from DE-AE, “PCA+SA” represents that HCA is replaced with PCA in DE-
AE, “SA(woHCA)” represents that HCA is removed from DE-AE and “Ours”
represents the complete model.

Fig. 11. Two traditional fusion strategies: Dual-Stream (“2-S,” left) and
Single-Stream (“1-S,” right). (a) Dual stream fusion network (Abbreviated
as symbol “2-S”). (b) Single-stream fusion network (Abbreviated as symbol
“1-S”).

Fig. 12. Visual examples of ablation study of the fusion strategy. “Baseline”
represents the baseline model, “2-S” represents the Dual-Stream strategy, and
“1-S” represents the Single-Stream strategy.

our complete network that combines the HCA module and the
SA module in DE-AE produces the best saliency maps.

3) Effectiveness of the Progressive Fusion Strategy: We
further examine the efficacy of our Nested Fusion (“Nest”)
strategy. Specifically, we construct another two network vari-
ants, as shown in Fig. 11, where the heterogeneous features
are fused in a traditional Dual-Stream (“2-S”) or Single-
Stream (“1-S”) manner. The quantitative results are presented
in lines No.8 and No.9 of Table III. Both the “2-S” and
“1-S” network variants clearly exhibit significant decreases in
both the Fβ and Eξ metrics. This fully demonstrates that our
proposed nested fusion strategy helps to progressively fuse
two heterogeneous features, avoiding the loss of information
caused by the crude combination of traditional methods, and
ensuring the integrity and accuracy of the predicted salient
objects.

Fig. 12 presents visual comparisons of different fusion
strategies. Replacing our “Nest” with a traditional “2-S”
or “1-S” fusion strategy often leads to missed objects or

TABLE IV
ABLATION EXPERIMENTS ON THE SINGLE ENCODER AND DUAL

ENCODER. THE BEST RESULTS EQUIPPED WITH VGG OR

RESNET ARE, RESPECTIVELY, MARKED IN BOLD FACE

falsely highlighted backgrounds. In contrast, our nested fusion
yields more accurate predictions for both multiple and SSOs,
demonstrating its effectiveness in seamlessly integrating het-
erogeneous features while avoiding the information loss and
mutual interference common in traditional methods.

4) Analysis of Different Encoder Configurations: In this
part, we provide a comprehensive analysis of the performance
and computational complexity of using a single encoder
or dual encoders, with the quantitative results reported in
Table IV. In the “Single Encoder” setup, we adopted a Swin
Transformer (abbreviated as SwinT) [47], a Conformer [63],
VGG, ResNet (abbreviated as RES), or our specially designed
GCN as a standalone encoder. As shown in Table IV,
“Conformer” and “SwinT” achieve the two best performances
in the “Single Encoder” configuration due to their strong
local and global modeling capabilities. While the single
CNN (VGG or ResNet) and GCN achieve slightly inferior
performance than the above Transformers do, they exhibit
lower computational complexity. Notably, the GCN, a simple
network that we constructed without pretraining, is trained
directly on either the ORSSD or EORSSD dataset and still
achieves commendable performance. In the “Dual Encoder”
setup, our final model, “Nest (CNN+GCN)”, has two versions:
one utilizes VGG as the CNN branch and the other utilizes
ResNet as the CNN branch. As shown in Table IV, both two
“Nest” generally achieve the two best performances across
all datasets. “Nest (VGG+GCN)” has more FLOPs, which
is due primarily to the shallow down-sampling strategy of
the VGG branch (retaining a 256 × 256 resolution in the
initial layers). In contrast, “Nest (RES+GCN)” reduces the
number of FLOPs by 80% (from 154.37G to 30.90G) due to
the more aggressive down-sampling strategy of the ResNet
branch (reducing the resolution to 64 × 64 in the early lay-
ers). Furthermore, our “Nest (RES+GCN)” and “Conformer”
have comparable computational complexity, yet our model
achieves superior performance, demonstrating an effective
balance between performance and computational complexity.
Additionally, we analyze the complexity of using nested
fusion in the “Dual Encoder” setup by comparing single-
stream (abbreviated as “1-S”) and dual-stream (abbreviated
as “2-S”) approaches. As shown in Table IV, while our
Nested Fusion (abbreviated as “Nest (CNN+GCN)”) approach
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TABLE V
ABLATION EXPERIMENTS FOR THE CONFIGURATIONS (IMAGE PATCH

NUMBERS, PATCH NODE NUMBERS AND GCN LAYERS) IN THE E-GCN.
THE BEST RESULTS ARE REMARKED IN BOLD FACE

has slightly higher computational complexity than “1-S” and
“2-S” approaches do, it achieves superior performance. This
demonstrates that our progressive nested fusion strategy, with
an acceptable increase in complexity, effectively facilitates
the fusion of heterogeneous features and efficiently addresses
challenges, such as multiscale targets and complex topologies
in remote sensing images, validating its superiority.

5) Analysis of Different Configurations In E-GCN: In this
ablation part, we analyze the impact of different numbers
of image patches, patch nodes, and GCN layers on the
performance, as presented in Table V. Rows 1–8 focus on
the influence of varying numbers of image patches and
patch nodes on performance. Specifically, rows 1–4 report the
influence of varying number of patch node on performance for
a 2 × 2 patches setting. The optimal result is attained when the
number of patch nodes is set to 3 (row No. 3). Similarly, rows
5–8 report the influence of varying number of patch nodes on
performance for a 4 × 4 patch setting, which shows that a
good result is obtained when the number of patch nodes is
adjusted to 2 (row No.6). Overall, the optimal performance is
achieved for parameter settings of 2 × 2 patches and 3 patch
nodes. Furthermore, we study the effect of varying the number
of GCN layers on performance. The results presented in rows
9–12 reveal that the optimal outcome is achieved when only
a single GCN layer is employed. However, the MAE metric
on the ORSSD dataset is slightly inferior to those of the other
settings, and the difference is negligible. Thus, we adopt a
2 × 2 patch division with 3 patch nodes and 1 GCN layer as
the default setting for all the experiments.

V. CONCLUSION

This article delves into the diversity and complementarity
of heterogeneous features and introduces a novel CMNFNet,
which is composed of an E-VGG encoder subnetwork, an E-
GCN encoder subnetwork, and an AECMNFM. The E-VGG
encoder is devised to model basic local features. The E-
GCN encoder is a graph-based convolution encoder, which
is devised to perceive the salient object with different scales
or complex topological structures, by conducting parallel
message passing over two graph structure data with different
receptive fields. Finally, the heterogeneous features extracted

from the two encoders are seamlessly fused within the
AECMNFM module. This fusion process completes the fea-
ture integration in a progressive manner, while simultaneously
adapting to eliminate background interference. The extensive
experiments and ablation studies robustly showcase the effi-
cacy and superiority of our approach over 16 SOTA models.
Although our CMNFNet demonstrates superior performance,
the computational complexity of the dual-encoder architecture
requires further optimization compared with that of the single-
encoder models. In future work, we plan to further optimize
the architecture to achieve an effective balance between detec-
tion performance and computational efficiency and enhance its
real-world applicability.
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