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Abstract: As the core technology of artificial intelligence, salient object detection (SOD) is an important
approach to improve the analysis efficiency of remote sensing images by intelligently identifying key
areas in images. However, existing methods that rely on a single strategy, convolution or Transformer,
exhibit certain limitations in complex remote sensing scenarios. Therefore, we developed a Dual-
Stream Feature Collaboration Perception Network (DCPNet) to enable the collaborative work and
feature complementation of Transformer and CNN. First, we adopted a dual-branch feature extractor
with strong local bias and long-range dependence characteristics to perform multi-scale feature
extraction from remote sensing images. Then, we presented a Multi-path Complementary-aware
Interaction Module (MCIM) to refine and fuse the feature representations of salient targets from the
global and local branches, achieving fine-grained fusion and interactive alignment of dual-branch
features. Finally, we proposed a Feature Weighting Balance Module (FWBM) to balance global and
local features, preventing the model from overemphasizing global information at the expense of local
details or from inadequately mining global cues due to excessive focus on local information. Extensive
experiments on the EORSSD and ORSSD datasets demonstrated that DCPNet outperformed the
current 19 state-of-the-art methods.

Keywords: salient object detection; remote sensing images; dual-stream network; feature interaction;
feature weighting

1. Introduction

Salient object detection (SOD) is a visual attention-based technique designed to pre-
cisely locate and segment the most prominent regions in images [1,2]. Similar to semantic
segmentation, SOD isolates salient regions and generates pixel-level saliency maps [3].
Both semantic segmentation and saliency mapping involve pixel-level processing, but se-
mantic segmentation assigns semantic labels to all pixels, while saliency maps differentiate
foreground from background without assigning specific meanings. SOD can accurately
capture significant targets in remote sensing images, offering valuable applications in
environmental protection, urban development, and national defense [4–7]. For instance,
SOD can monitor changes in forest cover, wetland protection, and vegetation health, aiding
environmental departments in detecting ecological changes [8]. Additionally, SOD also
supports resource monitoring, building detection, and road network analysis, enhancing
urban management and resource allocation [9]. Finally, it can be used for enemy target
identification, battlefield analysis, and strategic resource monitoring, improving national
defense and operational efficiency.
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In recent years, researchers have proposed various improved strategies for segmenta-
tion tasks to address different challenges. For example, Prokop et al. [10] had introduced
a heuristic algorithm-based training set expansion strategy, combined with an improved
thresholding method, which significantly enhanced the ability to capture fine-grained
features in images. The PiDNet proposed by Wang et al. [11] had combined hierarchical
feature extraction and a progressive saliency refinement mechanism to effectively alleviate
common issues in salient object detection, such as false saliency, detail loss, and blurred
boundaries. The GPONet proposed by Zhang et al. [12], inspired by the gating mechanism,
had designed a gate fusion unit (GFU) that refined effective features during multi-level
feature fusion while suppressing redundant information, further enhancing feature rep-
resentation. Zhou et al. [13] had employed unsupervised learning strategies and domain
adaptation methods to align the data distribution between the source and target domains,
leveraging high-level information to refine segmentation results and reduce the model’s
dependency on data scale.

However, unlike natural images [14–16], SOD faces many challenges in remote sensing
due to structural differences. Remote sensing images have complex backgrounds with
diverse spectral information, making target detection harder [17]. And the high-altitude
perspective of remote sensing images introduces varying object directions and significant
scale changes, increasing detection complexity [18]. Additionally, remote sensing images
contain various types of objects such as buildings, roads, and water bodies, differing
greatly in size, shape, and color. These challenges require the development of more
robust feature extraction and fusion strategies to design SOD methods tailored to remote
sensing characteristics.

Despite these challenges, many scholars had explored SOD methods in remote sens-
ing based on CNN and achieved a series of significant advancements. Xu et al. [19] had
proposed a progressive semantic flow strategy that enhances global semantic cues while
refining salient objects on complex backgrounds. Huang et al. [20] had utilized mem-
ory modules to store and retrieve cross-image context information, enhancing context
awareness. Zhang et al. [3] had recognized that a large amount of noise interfering with
detection could be generated during the multi-scale feature fusion process, so they de-
signed a two-stage multi-scale weighting strategy to effectively reduce noise impact. Li
et al. [21] had used dynamic convolution to perceive advanced semantic features, aligning
multi-scale features from the perspective of channel correlation and improving feature
fusion accuracy. Gong et al. [22] had optimized the initial saliency map using target edge
and skeleton information to restore target details. However, these CNN-based methods
excel at generating discriminative local features but lack long-range dependency modeling
capability. This limitation makes it challenging to precisely extract salient objects from
complex backgrounds.

With the rise of transformers [23–25], the importance of global information in SOD has
been increasingly recognized. VST [26] was the first to propose a transformer architecture
suitable for SOD, detecting salient objects through global perception. Subsequently, Gao
et al. [27] had carried out adaptive tokenization of Patch to reduce information redundancy
in Transformer. Li et al. [28] had used a Transformer-driven model to extract multi-level
features with global dependencies, achieving knowledge transfer from global to local. Liu
et al. [29] had extracted features using Transformer blocks with global receptive fields,
employing a divide-and-conquer approach to capture and fuse specific information from
multiple branches. Dong et al. [30] had designed an architecture capable of capturing long-
range dependencies, using large convolution kernels to fuse multi-scale information during
the decoding, enhancing salient features recovery. Yan et al. [31] had cleverly integrated
Transformer and CNN into an encoder, modeling global and local relationships through
an adaptive semantic matching mechanism. However, while Transformers can capture
long-range dependencies by processing images into patches without spatial constraints,
they lack local mechanisms for information exchange within individual image patches.
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Considering that CNN excels at capturing local information while Transformer is
adept at modeling global dependencies, devising a fusion strategy that leverages the
complementary features of both approaches is a viable solution. One strategy [32,33]
involves using convolutional blocks in the shallow layers to capture local textures and
transformer blocks in the deep layers to model long-range dependencies. However, this
strategy fails to collect sufficient contextual information in the shallow layers, making
it prone to losing targets in dense detection tasks. Another strategy [34,35] is to create
a new module by combining convolution and attention. Liu [36] had designed a novel
hybrid block that cascades W-MSA and CNN, capable of modeling local information and
global dependencies simultaneously. A third fusion strategy [37,38] employs a parallel
architecture, fully utilizing Transformer and CNN strengths at each stage. The features at
each stage can flexibly choose various fusion mechanisms for features complementarity
and interaction. Given the differing feature distribution dimensions in shallow and deep
layers, we adopted the third approach for flexible feature processing at various stages.

Despite significant progress in SOD, existing research that employs a single feature-
extraction strategy still has certain limitations. The CNN-based methods lack global model-
ing capabilities, making it difficult to comprehensively understand the overall structure of
ground object distribution. Conversely, the Transformer-based methods lack inductive bias
towards local regions, failing to adequately capture local information. To address these lim-
itations, we proposed a Dual-Stream Feature Collaboration Perception Network (DCPNet)
that enabled Transformer and CNN to synergize. First, DCPNet established a dual-branch
feature extractor that combined Transformer and CNN strengths to deeply explore local
features and capture extensive dependencies in remote sensing images. Next, to achieve a
deep fusion of global and local features, we designed a Multi-path Complementary-aware
Interaction Module (MCIM), which achieved multi-path interaction and salient feature
alignment between the dual branches. Finally, we introduced a Feature Weighting Balance
Module (FWBM) to balance global semantics and local information, refining and enhancing
features across different regions, thereby improving the perception of salient features.

Our contributions are summarized as follows:

(1) We develop a Dual-Stream Feature Collaboration Perception Network (DCPNet) that
coordinates Transformer and CNN to model global relationships and capture local
fine-grained representations.

(2) We propose a Multi-path Complementary-aware Interaction Module (MCIM) to fully
leverage the local bias of CNN and the long-range dependency characteristics of
Transformer, thereby achieving complementation between global information and
local details.

(3) We propose a Feature Weighting Balance Module (FWBM) to balance global and local
features, preventing the model from overly focusing on global information at the
expense of local details, or overly focusing on local information at the expense of
overall understanding of images.

2. Materials and Methods
2.1. Network Overview

The high resolution and diverse scene structures of remote sensing images increase
the difficulty of SOD. Single feature-extraction methods, such as CNN or Transformer,
have limitations in addressing these challenges. CNN performs well in extracting local
detail features but struggles to capture global information, particularly when handling
complex semantic relationships, scale variations, and occlusions. On the other hand, while
Transformer can effectively capture global features, its self-attention mechanism tends to
introduce irrelevant background noise into the feature representation, which negatively
impacts detection accuracy.

Therefore, we designed a Dual-Stream Feature Collaborative Perception Network
(DCPNet) that leverages the strengths of both CNN and Transformer. The main framework
is shown in Figure 1. The CNN branch focuses on extracting local detail features, allowing
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the model to perform more finely on small-scale features, while the Transformer branch
captures global features, enabling the model to understand large-scale semantic relation-
ships. These two sets of features are complemented and fused through the dual-branch
structure, allowing the model to effectively handle targets of varying scales and complex
backgrounds. This dual-branch architecture enables the use of CNN’s local bias to reduce
interference from background noise, while Transformer’s global feature extraction enhances
the model’s semantic understanding.

Electronics 2024, 13, x FOR PEER REVIEW 4 of 21 
 

 

Therefore, we designed a Dual-Stream Feature Collaborative Perception Network 
(DCPNet) that leverages the strengths of both CNN and Transformer. The main frame-
work is shown in Figure 1. The CNN branch focuses on extracting local detail features, 
allowing the model to perform more finely on small-scale features, while the Transformer 
branch captures global features, enabling the model to understand large-scale semantic 
relationships. These two sets of features are complemented and fused through the dual-
branch structure, allowing the model to effectively handle targets of varying scales and 
complex backgrounds. This dual-branch architecture enables the use of CNN’s local bias 
to reduce interference from background noise, while Transformer’s global feature extrac-
tion enhances the model’s semantic understanding. 

 
Figure 1. The network framework of DCPNet. DCPNet adopted a classic encoder–decoder architec-
ture comprising a dual-stream feature extractor, Multi-path Complementary-aware Interaction 
Module (MCIM), Feature Weighting Balance Module (FWBM), and a decoder. Below, we detail the 
functionality of each component. 

First, the dual-stream feature extractor consisted of a complementary transformer 
branch and CNN branch to realize the collaboration of global context dependent and local 
fine-grained features. The transformer branch was built on PVTv2 [39], while the CNN 
branch was based on ResNet50 [40]. PVTv2 had four stages, each with patch embedding 
and multi-head attention blocks. ResNet50 retained pooling layers and four residual 

Figure 1. The network framework of DCPNet. DCPNet adopted a classic encoder–decoder archi-
tecture comprising a dual-stream feature extractor, Multi-path Complementary-aware Interaction
Module (MCIM), Feature Weighting Balance Module (FWBM), and a decoder. Below, we detail the
functionality of each component.

First, the dual-stream feature extractor consisted of a complementary transformer
branch and CNN branch to realize the collaboration of global context dependent and local
fine-grained features. The transformer branch was built on PVTv2 [39], while the CNN
branch was based on ResNet50 [40]. PVTv2 had four stages, each with patch embedding



Electronics 2024, 13, 3755 5 of 21

and multi-head attention blocks. ResNet50 retained pooling layers and four residual layers
for feature extraction. The input image x ∈ 3 × 352 × 352 was processed by both encoders,
outputting four sets of multi-scale complementary features, f x

i , f y
i ( i = 1, 2, 3, 4 ).

The global features were f x
1 ∈ 64 × 88 × 88, f x

2 ∈ 128 × 44 × 44, f x
3 ∈ 320 × 22 × 22,

f x
4 ∈ 512 × 11 × 11. The local features were f y

1 ∈ 256 × 88 × 88, f y
2 ∈ 512 × 44 × 44,

f y
3 ∈ 1024 × 22 × 22, f y

4 ∈ 2048 × 11 × 11.
Then, the corresponding features were input into the MCIM for fine-grained feature

fusion and interactive feature alignment. The MCIM integrated global features and local
details, meticulously merging salient information from different channels. Subsequently,
the FWBM was designed to maintain the balance of semantic information between fore-
ground and background in the deep features, adaptively enhancing feature representation
in different regions.

Finally, multi-level feature cascading fusion and up-sampling were performed in the
decoder to output high-quality segmentation results. The decoder comprised DeBlock1,
DeBlock2, DeBlock3, and SalHead. The DeBlocks integrated convolution and deconvolution
operations, with deconvolution used to up-sample low-resolution feature maps, addressing
the issue of inconsistent resolutions across multi-level features. SalHead was a 1 × 1
convolution used to generate a single-channel segmentation map.

2.2. Multi-Path Complementarity-Aware Interaction Module (MCIM)

In the SOD, methods relying exclusively on either CNN or Transformer have inherent
limitations. The strengths and weaknesses of CNN and Transformer decide that a single-
feature extraction approach cannot fully harness their capabilities, thereby constraining the
performance of SOD.

CNN extracts local features progressively through a sliding window mechanism. The
strong correlation between pixels within the window enables CNN to excel at capturing
local details of salient objects. However, this mechanism also restricts the ability of CNN
to capture global features, as they have limited connectivity to pixels outside the win-
dow, leading to suboptimal performance in representing the global structure of images.
Transformer, on the other hand, transforms all pixels into query (Q), key (K), and value
(V) triplets for self-attention interaction, which allows for comprehensive connectivity of
all pixel information on a global scale. This gives Transformer a notable advantage in
aggregating global features. However, this global attention mechanism can introduce sub-
stantial background noise, which interferes with salient features extraction and decreases
detection accuracy.

In order to solve these limitations, we proposed a Multi-path Complementary-aware
Interaction Module (MCIM). This module deeply explored the complementary information
within the CNN and Transformer branches to perform multi-layer feature fusion, achieving
alignment between global and local features. The MCIM employed spatial and channel
interaction strategies at different feature extraction stages to fuse and complement features
from both branches. The architecture of this module is depicted in Figure 2.

This module adopted different interaction strategies at various stages of feature ex-
traction, employing spatial interaction in Stage 1 and Stage 2, and channel interaction in
Stage 3 and Stage 4. Due to the higher resolution and lower channel dimension of feature
maps in the shallow network, spatial interaction is more appropriate. In contrast, feature
maps in the deep network have higher channel dimensions, making channel interaction
more suitable.

Spatial Interaction: In the shallow network (Stage 1 and Stage 2), the feature maps
have higher resolution, with features primarily distributed in the spatial dimension. We
adopted a spatial interaction strategy for feature alignment and fusion. Spatial Exchange
involves embedding contextual information and local area features into each other in the
spatial dimension. On one hand, the feature information from the Transformer branch
helps the model better capture spatial relationships and structural information within the
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image. On the other hand, the feature information from the CNN branch enables the model
to capture clearer local details.

Channel Interaction: In the deep network (Stage 3 and Stage 4), salient features are
primarily concentrated in the channel dimension, making channel interaction strategies
more suitable for information fusion across different feature channels. The contextual
aggregated features from the global branch enhance the model’s perception of overall
patterns, while the detailed regional information from the local branch further refine the
feature representation of the targets.

Electronics 2024, 13, x FOR PEER REVIEW 6 of 21 
 

 

 
Figure 2. Architecture of the MCIM. MCIM used spatial interaction on low-level feature maps and 
channel interaction on high-level feature maps. 

This module adopted different interaction strategies at various stages of feature ex-
traction, employing spatial interaction in Stage 1 and Stage 2, and channel interaction in 
Stage 3 and Stage 4. Due to the higher resolution and lower channel dimension of feature 
maps in the shallow network, spatial interaction is more appropriate. In contrast, feature 
maps in the deep network have higher channel dimensions, making channel interaction 
more suitable. 

Spatial Interaction: In the shallow network (Stage 1 and Stage 2), the feature maps 
have higher resolution, with features primarily distributed in the spatial dimension. We 
adopted a spatial interaction strategy for feature alignment and fusion. Spatial Exchange 
involves embedding contextual information and local area features into each other in the 
spatial dimension. On one hand, the feature information from the Transformer branch 
helps the model better capture spatial relationships and structural information within the 
image. On the other hand, the feature information from the CNN branch enables the 
model to capture clearer local details. 

Channel Interaction: In the deep network (Stage 3 and Stage 4), salient features are 
primarily concentrated in the channel dimension, making channel interaction strategies 
more suitable for information fusion across different feature channels. The contextual ag-
gregated features from the global branch enhance the model’s perception of overall pat-
terns, while the detailed regional information from the local branch further refine the fea-
ture representation of the targets. 

Thus, by adopting a spatial interaction strategy in the shallow layers, we can fully 
utilize the cooperativity of local and global features in the initial stages, improving feature 

Figure 2. Architecture of the MCIM. MCIM used spatial interaction on low-level feature maps and
channel interaction on high-level feature maps.

Thus, by adopting a spatial interaction strategy in the shallow layers, we can fully
utilize the cooperativity of local and global features in the initial stages, improving feature
representation capability and target recognition accuracy. By employing a channel interac-
tion strategy in the deeper layers, we can effectively integrate feature information across
different channels when handling complex scenes, improving the richness and accuracy of
salient feature representation.

First, channel normalization was performed on the input feature map to align the
channel numbers of the CNN and Transformer branches.

Zx
i = CBR( f x

i ) Zy
i = CBR( f y

i ) (1)
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where CBR stands for a combination of convolution, batch normalization, and the activation
function ReLU. This step ensured that the feature maps from different branches had the
same number of channels, facilitating subsequent feature complementation.

Next, channel attention was used to enhance the representation capability of important
feature channels, improving the recognizability of salient features.

Ax
i = Zx

i ⊙ σ(FC(GMP(Zx
i )) + FC(GAP(Zx

i )))
Ay

i = Zy
i ⊙ σ(FC(GMP(Zy

i )) + FC(GAP(Zy
i )))

(2)

where GMP denotes Global Max Pooling, GAP stands for Global Average Pooling, FC
is Fully Connected Layer, σ is the Sigmoid activation function, and ⊙ denotes channel-
wise multiplication.

Then, depending on the distribution of the input features in the spatial and channel
dimensions, different exchange strategies were adopted. Spatial feature exchange was used
in the shallow layers, while channel feature exchange was used in the deep layers.

FEx
x , FEx

y = SEx(Ax
i , Ay

i ) i f i = 1 or 2
FEx

x , FEx
y = CEx(Ax

i , Ay
i ) i f i = 3 or 4

(3)

where SEx represents spatial exchange operations, CEx means channel exchange opera-
tions, and i indicates the feature at the i-th stage of the encoder.

After performing feature exchange, a 1 × 1 convolution was used to adjust the number
of channels in the feature map back to its original size. This ensured that the interacted
features can be smoothly passed on to the next stage of the backbone, further promoting
the fusion of dual-branch information.

f x
i+1 = conv1×1(FEx

x ) f y
i+1 = conv1×1( f Ex

y ) (4)

2.3. Feature Weighting Balance Module (FWBM)

For salient objects in complex scenes, such as buildings, roads, and water bodies,
the semantic features extracted can vary significantly due to differences in size, shape,
color, lighting, and imaging conditions. Although we had made improvements through
global and local feature complementation and fusion strategies, an imbalance between
global semantics and local information can still lead to the drowning of critical features.
Specifically, an overabundance of global features may result in inadequate capture of
foreground details, while an excess of local features can lead to insufficient understanding
of background information, thereby affecting the distinction between foreground and
background. To address this, we proposed a Feature Weighting Balance Module (FWBM)
to balance the global and local features of salient regions and to refine and enhance features
in different areas.

This module allowed the model to adaptively weight the features of foreground and
background regions. When the ground things in the background area are misjudged as the
salient object, indicating that the background features are too strong, the module weakens
the feature representation of the background regions to achieve more accurate separation
of salient objects. Conversely, when the object features of the salient area are interfered
with by background information, the module enhances the feature representation of the
salient targets, ensuring their clarity and recognition in complex backgrounds.

The FWBM integrated global context and local detail information, using self-attention
and feature re-weighting strategies to dynamically adjust the importance of features. This
ensures the precise detection and detailed depiction of salient targets in diverse remote
sensing scenes, significantly enhancing the detection performance of the model. The
architecture of this module is displayed in Figure 3.
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The deep feature maps f x
4 and f y

4 from the Transformer and CNN branches were used
as inputs to achieve feature refinement and enhancement. First, the input features were
embedded through a convolutional layer, and trainable positional encoding was added to
retain positional information.

tx = embedx(x) + posx
ty = embedy(y) + posy

(5)

Next, the feature signals underwent layer normalization (LN) to stabilize the training
process and accelerate convergence.

t̂x = LN(tx)
t̂y = LN(ty)

(6)

The layer normalization processed the input x as follows:

y =
x − E(x)√
Var(x) + ε

∗ γ + β (7)

where E(·) and Var(·) represent the expectation and standard deviation of the input x. The
term ε is added to the denominator for numerical stability, typically set to 1 × 10−5. The
parameters β and γ are learnable affine transformation parameters.

In the multi-head cross-attention, global features were transformed into queries (Q),
while local features were transformed into keys (K) and values (V). This cross-attention
aggregated global contextual information, effectively capturing relationships between
distant pixels in the image and providing the model with a deeper understanding of global
structural information.

ca = φ(
QxKT

y√
d

)Vy (8)

where Qx, Ky, and Vy are obtained through projection matrices Wq, Wk, and Wv. The d is
the normalization parameter, and φ(·) represents the softmax function.

Qx = t̂xWq
Ky = t̂yWk
Vy = t̂yWv

(9)
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Then, a feedforward neural network (FFN) further processed the features to enhance
their representational capacity. Residual addition was used to merge the information
processed by different branches, further enhancing the features of different regions.

ĝ = tx + ca
g = ĝ + FFN(ĝ)

(10)

2.4. Hybrid Loss

During the training phase, we defined a hybrid loss to backpropagate and update the
model parameters. The overall loss comprised a pixel-level loss, BCE, and a map-level loss,
IOU, with the following formula:

Ltotal = Lbce(Up(S), GT) + LIOU(σ(Up(S)), GT) (11)

where S represents the saliency segmentation map, GT indicates the ground truth labels,
Up(·) is the bilinear interpolation used for up-sampling, and σ is the sigmoid function.

3. Results
3.1. Datasets

We used two datasets, ORSSD and EORSSD, to evaluate the performance of DCPNet.
Each dataset includes original images along with their corresponding pixel-level annota-
tions. It should be noted that in order to better train the model, the number of training
samples in both datasets was augmented by eight times. The detailed descriptions of these
two datasets are as follows:

(1) The ORSSD, proposed by Li et al. [41], is the first publicly available remote sensing
dataset for SOD. It comprises 800 images in total, with 600 designated for training and 200
for testing. These images are generated by remote sensing satellites and aerial systems,
primarily collected through Google Earth, with a few sourced from existing databases.
Each original image has a spatial resolution between 0.5 and 2 m, and image resolutions
vary between 256 × 256 and 2107 × 1198 pixels. This dataset covers eight types of salient
objects, including airplanes, ships, cars, rivers, ponds, bridges, stadiums, and beaches.

(2) The EORSSD [42] is an extended version of ORSSD, incorporating 1200 additional
images, also sourced from Google Earth. EORSSD contains a total of 2000 samples, divided
into 1400 for training and 600 for testing. Compared to ORSSD, EORSSD presents greater
challenges. For instance, in EORSSD, individual images frequently contain multiple targets,
with scenes featuring two or more targets accounting for 36.5% of the dataset, increasing
the difficulty of multi-target detection. Moreover, scenes with small targets (where targets
occupy less than 10% of the image) account for 84.65% of the dataset, emphasizing the
challenges of small target detection.

3.2. Experiment Details
3.2.1. Parameter Settings

Our research was conducted using the PyTorch 2.1 alongside a high-performance
GPU 4060Ti with 16GB of memory. During the training process, we used PVTv2 [39] and
ResNet50 [40] as the feature extraction networks, initializing them with their respective pre-
trained weights. The input image size was set to 352 × 352 pixels. We employed the Adam
optimizer for network training. During training, the batch size was set to eight, and the
model was trained for a total of 90 epochs. During our experiments, we observed that the
training loss stabilized at around 90 epochs, indicating that the model had largely converged.
The initial learning rate was set at 1 × 10−4 and was reduced to one-tenth of the initial value
after 75 epochs. The code is available at https://github.com/OrangeCat12352/DCPNet
(accessed on 18 September 2024).

https://github.com/OrangeCat12352/DCPNet
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3.2.2. Evaluation Metrics

To comprehensively evaluate our approach, we employed various evaluation met-
rics for comparison with different methods. The S-measure [43] assesses the structural
similarity between the predicted results and the ground truth from both object similarity
and background similarity perspectives, with the parameter α set to 0.5 to balance the
importance of the object and the background. The Mean Absolute Error (MAE) indicates the
absolute error between the predicted results and the ground truth and is a commonly used
metric for assessing prediction accuracy. The E-measure [44] evaluates experimental results
based on the differences between the global mean and local pixels, emphasizing the overall
characteristics of the image and the matching degree of local details. The F-measure [45]
comprehensively evaluates the quality of the saliency map by balancing precision and
recall. Among these metrics, a smaller MAE indicates better model performance, while
higher values for the other metrics signify better performance.

3.3. Comparison with State-of-the-Arts

We conducted both visual and quantitative comparisons of DCPNet with 19 com-
petitive SOD methods. These methods are categorized into CNN-based methods (SAM-
Net [46], HVPNet [47], DAFNet [42], MSCNet [48], MJRBM [49], PAFR [50], CorrNet [51],
EMFINet [52], MCCNet [53], ACCoNet [54], AESINet [55], ERPNet [56], ADSTNet [57],
SFANet [19]), Transformer-based methods (VST [26], ICON [58], HFANet [59], TLCKD-
Net [30]), and the CNN–Transformer-based method (ASNet [31]).

3.3.1. Visual Comparison

To demonstrate the superiority of the proposed method in visual detection perfor-
mance, we showed the visualization results in Figure 4, comparing it with other existing
methods across various challenging scenarios. Specifically, we selected a series of represen-
tative complex scenes, including scenarios with shadow interference, complex backgrounds,
multiple small targets, and narrow elongated salient objects. By comparing the visual-
ization effects of different methods in these scenarios, our method showed significant
advantages in visual presentation, capturing and displaying key details in the images more
accurately. In addition, to more clearly illustrate the visual differences between various
methods, we further processed the saliency maps. In comparison to the ground truth (GT),
red areas represent false positives, while blue areas indicate missed detections.

Salient Objects with Shadow Interference: In scenes with shadow interference, the
overlapping of shadows and targets can affect detection. In the two illustrated examples,
airplane detection was misled by shadows. DAFNet failed to accurately distinguish be-
tween the airplane and the shadow, resulting in very blurry airplane contours. Although
CorrNet was able to barely outline the plane, it was not able to fully detect the full shape
of the aircraft. In our method, the FWBM was used to carry out weighted processing on
the features of the aircraft and the shadow, weakening the feature weight of the shadow
and enhancing the weight of the aircraft. This approach effectively distinguished the target
from the shadow, maintaining edge clarity and avoiding the blurring caused by shadows.

Salient Objects with Complex Backgrounds: In detecting salient objects within com-
plex backgrounds, there is often an inter-class feature similarity problem between the
background and the target, making it challenging for a single feature-extraction strategy
to cope effectively. For example, in the two illustrated instances, the Transformer-based
HFANet failed to extract sufficient texture details around the target and mistakenly consid-
ers the surrounding roads as part of the building. Our method employed a dual-stream
feature extraction strategy based on both Transformer and CNN, achieving a complemen-
tarity of global semantics and local details. Through Transformer, we captured the global
spatial distribution features, and, through CNN, we extracted local features around the
target. Consequently, our method can recognize the spatial distribution of various objects
and capture the texture details around the target, effectively isolating the target from the
background and making it more visually prominent.
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Multiple Tiny Salient Objects: In a scenario with multiple small targets, the tiny size
and varied shapes of the targets make them prone to being missed, posing a significant
challenge for the model to capture small features. In the two illustrated examples, although
ERPNet focused on capturing target edges, it still missed some small targets. Our method
adopted the MCIM to achieve feature fusion of the two branches, processing in the spatial
dimension to preliminarily locate the spatial areas of small targets and then enhancing
the feature representation of small targets in the channel dimension. Compared to other
methods, our approach demonstrated excellent detection capabilities, accurately identifying
each small target and clearly showing their contours and details. This is particularly
important for images with dense and small-sized targets.

Narrow Extended Salient Objects: For narrow and elongated salient objects, due
to their irregular geographical structures and small width, most models showed broken
detection results, as illustrated by HFANet and MSCNet. This further demonstrated
the limitations of single feature-extraction strategies. On the other hand, our method
maintained the integrity and details of the target through multi-feature complementation,
multi-scale fusion, and salient feature enhancement, avoiding breakage or detail loss.
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3.3.2. Quantitative Comparison

Tables 1 and 2 presented the quantitative comparison results of our approach with oth-
ers on the EORSSD and ORSSD datasets. These methods were categorized into CNN-based,
Transformer-based, and CNN–Transformer-based methods. Regardless of which category,
ours had a leading position in a variety of indicators. This indicated that the feature comple-
mentation strategy using CNN and Transformer was feasible and effective. Specifically, our
method ranked first in all six metrics on EORSSD, outperforming other methods compre-
hensively, and had only a slight underperformance compared to DAFNet in Emax

ξ . DAFNet
employed dense attention to inject shallow cues into deep layers during feature extraction,
supplementing shallow texture information in high-level features but still lacking the ability
to model globally. The significantly inferior performance of DAFNet across other metrics
substantiated this point. And, on ORSSD, ours ranked first in seven different indicators,
except for MAE, where it was only 0.003 behind the top-ranked SFANet.

Table 1. Quantitative comparisons with competitive SOD methods on EORSSD dataset.

Methods
EORSSD [42]

Sα MAE Eadp
ξ

Emean
ξ Emax

ξ Fadp
β

Fmean
β Fmax

β

CNN-based SOD methods

SAMNet 0.8622 0.0132 0.8284 0.8700 0.9421 0.6114 0.7214 0.7813
HVPNet 0.8734 0.0110 0.8270 0.8721 0.9482 0.6202 0.7377 0.8036
DAFNet 0.9166 0.0060 0.8443 0.9290 0.9859 0.6423 0.7842 0.8612
MSCNet 0.9071 0.0090 0.9329 0.9551 0.9689 0.7553 0.8151 0.8539
MJRBM 0.9197 0.0099 0.8897 0.9350 0.9646 0.7066 0.8239 0.8656
PAFR 0.8927 0.0119 0.8959 0.9210 0.9490 0.7123 0.7961 0.8260

CorrNet 0.9289 0.0083 0.9593 0.9646 0.9696 0.8311 0.8620 0.8778
EMFINet 0.9319 0.0075 0.9500 0.9598 0.9712 0.8036 0.8505 0.8742
MCCNet 0.9327 0.0066 0.9538 0.9685 0.9755 0.8137 0.8604 0.8904
ACCoNet 0.929 0.0074 0.9450 0.9653 0.9727 0.7969 0.8552 0.8837
AESINet 0.9358 0.0079 0.9462 0.9636 0.9751 0.7923 0.8524 0.8838
ERPNet 0.9210 0.0089 0.9228 0.9401 0.9603 0.7554 0.8304 0.8632

ADSTNet 0.9311 0.0065 0.9681 0.9709 0.9769 0.8532 0.8716 0.8804
SFANet 0.9349 0.0058 0.9669 0.9726 0.9769 0.8492 0.8680 0.8833

Transformer-based SOD methods

VST 0.9208 0.0067 0.8941 0.9442 0.9743 0.7089 0.8263 0.8716
ICON 0.9185 0.0073 0.9497 0.9619 0.9687 0.8065 0.8371 0.8622

HFANet 0.9380 0.0070 0.9644 0.9679 0.9740 0.8365 0.8681 0.8876
TLCKDNet 0.9350 0.0056 0.9514 0.9661 0.9788 0.7969 0.8535 0.8843

CNN–Transformer-based SOD methods

ASNet 0.9345 0.0055 0.9748 0.9745 0.9783 0.8672 0.8770 0.8959

Ours 0.9408 0.0053 0.9772 0.9773 0.9817 0.8695 0.8812 0.8936

The best result is highlighted in red, and the second-best is indicated in blue.

Among the numerous compared methods, DCPNet demonstrated significant supe-
riority on both datasets. This can be attributed to the unique dual-stream architecture of
DCPNet, which skillfully combines the advantages of Transformer and CNN to achieve
a complementary fusion of global semantics and local features. DCPNet not only has
strong global modeling capabilities, analyzing the spatial distribution of multi-scale, multi-
category, and multi-quantity targets, but also possesses good local bias capabilities, mining
more detailed abstract semantic information of significant objects. Additionally, the MCIM
answers the issue of “how to fuse dual-branch features” by adopting spatial and channel
interaction strategies for feature alignment, enabling multiple feature exchanges during
the feature coding phase and achieving the deep fusion of features. The FWBM balances
global and local features by weighting features in different regions, refining and enhancing
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features. Overall, both the visual results in various complex scenarios and the quantitative
results across different metrics demonstrate the robustness and superiority of DCPNet.

Table 2. Quantitative comparisons with competitive SOD methods on ORSSD dataset.

Methods
ORSSD [41]

Sα MAE Eadp
ξ

Emean
ξ Emax

ξ Fadp
β

Fmean
β Fmax

β

CNN-based SOD methods

SAMNet 0.8761 0.0217 0.8656 0.8818 0.9478 0.6843 0.7531 0.8137
HVPNet 0.8610 0.0225 0.8471 0.8717 0.9320 0.6726 0.7396 0.7938
DAFNet 0.9191 0.0113 0.9360 0.9539 0.9771 0.7876 0.8511 0.8928
MSCNet 0.9227 0.0129 0.9584 0.9653 0.9754 0.8350 0.8676 0.8927
MJRBM 0.9204 0.0163 0.9328 0.9415 0.9623 0.8022 0.8566 0.8842
PAFR 0.8938 0.0211 0.9315 0.9268 0.9467 0.8025 0.8275 0.8438

CorrNet 0.938 0.0098 0.9721 0.9746 0.979 0.8875 0.9002 0.9129
EMFINet 0.9432 0.0095 0.9715 0.9726 0.9813 0.8797 0.9000 0.9155
MCCNet 0.9437 0.0087 0.9735 0.9758 0.9800 0.8957 0.9054 0.9155
ACCoNet 0.9437 0.0088 0.9721 0.9754 0.9796 0.8806 0.8971 0.9149
AESINet 0.9460 0.0086 0.9707 0.9747 0.9828 0.8666 0.8986 0.9183
ERPNet 0.9254 0.0135 0.9520 0.8566 0.9710 0.8356 0.8745 0.8974

ADSTNet 0.9379 0.0086 0.9785 0.9740 0.9807 0.8979 0.9042 0.9124
SFANet 0.9453 0.0070 0.9765 0.9789 0.9830 0.8984 0.9063 0.9192

Transformer-based SOD methods

VST 0.9365 0.0094 0.9466 0.9621 0.9810 0.8262 0.8817 0.9095
ICON 0.9256 0.0116 0.9554 0.9637 0.9704 0.8444 0.8671 0.8939

HFANet 0.9399 0.0092 0.9722 0.9712 0.9770 0.8819 0.8981 0.9112
TLCKDNet 0.9421 0.0082 0.9696 0.9710 0.9794 0.8719 0.8947 0.9114

CNN–Transformer-based SOD methods

ASNet 0.9441 0.0081 0.9795 0.9764 0.9803 0.8986 0.9072 0.9172

Ours 0.9498 0.0073 0.9809 0.9815 0.9855 0.9040 0.9124 0.9251

The best result is highlighted in red, and the second-best is indicated in blue.

In addition, in Figure 5, we used PR and F-measure curves on ORSSD and EORSSD
to examine the superiority of DCPNet. As seen in (a) and (c), the balance point of ours
on the PR curves was closer to (1,1) compared to other methods, showcasing a clear
advantage. Specifically, our method maintained high Precision and Recall on the PR curves.
The F-measure curves in (b) and (d) showed that as the threshold increases, our method
consistently performed better than others, demonstrating satisfactory performance. This
further verified the stability and superiority of our method across different thresholds.

The box chart is a statistical figure mainly applied to explore the distribution charac-
teristics of a group of data and shows the centralized trend and dispersion degree of the
data. Figure 6 presented the comparative results of box plots across eight metrics. Each box
has boundary lines representing the maximum value, median, and minimum value from
top to bottom. In the metrics (a) to (h), the boxes for our method are generally narrower,
indicating a more concentrated data distribution. This concentration reflects the consistent
and stable performance of our method across various metrics, demonstrating its reliability
and robustness. For instance, in (a), our method not only achieved the highest value but
also had a very concentrated data distribution. Additionally, although our method did
not achieve the highest value in (e), the data distribution was more concentrated, showing
strong consistency and stability. Since a smaller MAE indicates better model performance,
our method’s performance in (b) meets expectations, achieving the lowest error value, fur-
ther proving the superiority of our method. Overall, whether in terms of the concentration
of data distribution or the overall performance across various metrics, our method exhibits
significant advantages, demonstrating excellent reliability and consistency.
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3.4. Ablation Studies
3.4.1. The Ablation Study of DCPNet

We conducted multiple ablation experiments on the EORSSD to verify the effectiveness
and contributions of each module in DCPNet. In this experiment, we designed four com-
bination schemes: (1) Baseline, a U-shaped network architecture using only Transformer
and CNN feature extractors; (2) Baseline + MCIM; (3) Baseline + FWBM; (4) the complete
model DCPNet, combining all modules. The results are shown in Table 3.

Table 3. The contribution degree analysis of each module. The best one in each column is shown
in bold.

No. Method
EORSSD [42]

Sα Fadp
β

Fmean
β Fmax

β

1 Baseline 0.9346 0.8545 0.8675 0.8826
2 Baseline + MCIM 0.9387 0.8584 0.8749 0.8912
3 Baseline + FWBM 0.9401 0.8648 0.8783 0.8932
4 DCPNet 0.9408 0.8695 0.8812 0.8936

As shown in Table 3, on the EORSSD dataset, the Baseline with the addition of the
MCIM showed improvements of 0.41%, 0.39%, 0.45%, and 0.86% in four indicators. The
Baseline with the addition of the FWBM showed increases of 0.55%, 1.03%, 1.08%, and
1.06% in the same metrics. This indicated that the MCIM and FWBM modules effectively
enhance model performance. Moreover, DCPNet, through the collaborative work of the
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MCIM and FWBM modules, achieved the best performance across all metrics. Specifically,
DCPNet reached 94.08%, 86.95%, 88.12%, and 89.36% in Sα, Fadp

β , Fmean
β , Fmax

β , respectively.
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3.4.2. Analysis of Feature Interaction Strategies

The MCIM employed a spatial interaction strategy in the shallow layers and a channel
interaction strategy in the deep layers. To further investigate the impact of interaction
strategies between the dual branches, we designed two variants of the MCIM: (1) MCIM
with Spatial Interaction, which uses the spatial interaction strategy in all four stages of
feature extraction; (2) MCIM with Channel Interaction, which uses the channel interaction
strategy in all four stages of feature extraction. The analysis results are shown in Table 4.

As seen from the table, the MCIM exhibited optimal performance, outperforming the
other two variants in three metrics. MCIM with Spatial Interaction, although handling
spatial dimension features well in the shallow layers, overlooked the richness of channel
dimension features in the deep layers, resulting in lower overall performance than the
MCIM. Conversely, MCIM with Channel Interaction shows the opposite pattern. This
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demonstrated that employing a spatial interaction strategy in the shallow layers and a
channel interaction strategy in the deep layers allows the MCIM to better capture and fuse
feature information, thereby enhancing overall performance.

Table 4. Analysis of feature interaction strategies. The best one in each column is shown in bold.

No. Interaction Method Sα Emax
ξ Fmax

β

1 DCPNet (MCIM) 0.9387 0.9816 0.8912
2 MCIM w/, Spatial Interaction 0.9364 0.9780 0.8857
3 MCIM w/, Channel Interaction 0.9373 0.9787 0.8868

Additionally, the distribution of attention for features at different stages was shown in
Figure 7. When the image is input, the texture distribution of the image is clearly visible,
but the attention is not focused on the salient targets. In Stage 1 and Stage 2, the model
primarily extracted features in the spatial dimension, with attention dispersed across the
texture and structure of the entire image, and the semantic representation of the salient
targets was not prominent. However, in Stage 3 and Stage 4, the model extracted more
salient semantic information, with attention focused in the channel dimension, making the
features of the salient targets more prominent and distinct. This phenomenon indicates that
adopting a spatial interaction strategy is more effective in the shallow stages of the network,
as the model needs to capture the overall spatial structure and texture distribution of the
image at this point. In the deeper stages of the network, a channel interaction strategy
is more appropriate, as the model is already focused on the salient targets and needs to
further refine and enhance feature representation at the semantic level. This provided a
certain level of interpretability for the use of different interaction strategies in the MCIM at
different stages.

Electronics 2024, 13, x FOR PEER REVIEW 17 of 21 
 

 

network, as the model needs to capture the overall spatial structure and texture 
distribution of the image at this point. In the deeper stages of the network, a channel 
interaction strategy is more appropriate, as the model is already focused on the salient 
targets and needs to further refine and enhance feature representation at the semantic 
level. This provided a certain level of interpretability for the use of different interaction 
strategies in the MCIM at different stages. 

 
Figure 7. Feature visualization at different stages. 

4. Discussion 
4.1. Effect of Date Augmentation Analysis 

We used rotation and flipping methods to augment the training samples of EORSSD 
and ORSSD, significantly increasing the sample number. Rotation and flipping only alter 
the orientation of objects in the image while preserving the core features and semantic 
integrity of the original image. This allows the model to learn the diverse representations 
of targets from different angles and directions, enhancing its robustness in various 
scenarios and further improving its generalization ability. Specifically, the training images 
for EORSSD were expanded from 1400 to 11,200, and the training images for ORSSD were 
expanded from 600 to 4800. To investigate the influence of data augmentation strategies 
on the detection results of DCPNet, Figure 8 compared the metrics without data 
augmentation (blue) and with data augmentation (orange). 

 
Figure 8. Comparison of EORSSD (a) and ORSSD (b) with and without data augmentation. 

Figure 7. Feature visualization at different stages.

4. Discussion
4.1. Effect of Date Augmentation Analysis

We used rotation and flipping methods to augment the training samples of EORSSD
and ORSSD, significantly increasing the sample number. Rotation and flipping only alter the
orientation of objects in the image while preserving the core features and semantic integrity
of the original image. This allows the model to learn the diverse representations of targets
from different angles and directions, enhancing its robustness in various scenarios and
further improving its generalization ability. Specifically, the training images for EORSSD
were expanded from 1400 to 11,200, and the training images for ORSSD were expanded
from 600 to 4800. To investigate the influence of data augmentation strategies on the
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detection results of DCPNet, Figure 8 compared the metrics without data augmentation
(blue) and with data augmentation (orange).
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The data shown in Figure 8 indicates that data augmentation is significantly necessary
for improving model performance. On the EORSSD dataset, all metrics show notable
improvement after data augmentation. For instance, MAE decreased from 0.0096 to 0.0053,
indicating a significant reduction in error; Sα increased from 0.9131 to 0.9408, indicating
an enhanced overall ability of the model to recognize salient features; Fmax

β increased
from 0.8527 to 0.8936, demonstrating a significant improvement in detection accuracy;
Emax

ξ increased from 0.9669 to 0.9871, further proving that the model’s ability to capture
significant target details is enhanced. Similarly, on the ORSSD dataset, data augmentation
brought significant performance improvements. In summary, data augmentation plays
an essential role in improving the performance, detection accuracy, and stability of the
DCPNet model. By augmenting the data, we can sufficiently increase the sample amount,
thereby enhancing the overall performance of the model.

4.2. Model Parameter Analysis

We conducted a comparative analysis of the complexity of multiple models, evaluating
them using the Params and FLOPs metrics, with the results shown in Table 5.

Table 5. Analysis of the computational efficiency of various methods.

Methods Params (M) FLOPs (G)

CorrNet 4.086 21.379
EMFINet 95.086 176
MCCNet 67.652 114
ACCoNet 127 50.422
ERPNet 77.195 171
GeleNet 25.453 6.43

Ours 99.311 20.524

As seen in Table 5, our method had more parameters than all models except ACCoNet,
indicating that, while ours performs exceptionally well in terms of accuracy, there is still
room for improvement in terms of lightweight optimization. In the future, we will consider
incorporating techniques such as pruning to further optimize the model’s parameter size
and computational efficiency.
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5. Conclusions

We designed a Dual-Stream Feature Collaboration Perception Network (DCPNet)
based on Transformer–CNN to address the issue where a single branch cannot fully extract
salient objects in complex environments. The design concept of DCPNet is to combine the
strengths of Transformer and CNN, enabling the modeling of global relationships while cap-
turing local fine-grained representations, thus enhancing the detection capability for salient
objects. First, we simultaneously modeled global relationships and captured local biases
through Transformer, which has long-distance dependency characteristics, and CNN, which
has a strong local bias. This dual strategy ensures that the model can understand global
structures while focusing on local details when handling large-scale scenes. Next, during
the feature extraction stage, we employed a Multi-path Complementary-aware Interaction
Module (MCIM) to achieve feature alignment and interaction between the dual branches.
The MCIM guided local feature perception through global semantics and supplements
the weak parts of global semantics with local details, thereby promoting deep fusion of
dual-branch features. Finally, to prevent an excess of global features from leading to insuffi-
cient capture of foreground details or an excess of local features from leading to inadequate
understanding of background information during dual-branch feature complementation,
we adopted a Feature Weighting Balance Module (FWBM) to balance the foreground and
background features of salient regions. The FWBM integrated global context and local
detail information, employing self-attention and feature re-weighting strategies to refine
and enhance features in different regions. In summary, DCPNet performed excellently
across multiple benchmark datasets, achieving breakthroughs in SOD and demonstrating
outstanding performance and broad application potential in complex environments.

We found that dataset scale is crucial for model training, so future research will focus
on exploring semi-supervised learning to reduce reliance on large amounts of labeled data.
In addition, although DCPNet is currently used for significant object detection in remote
sensing images, it is essentially a binary segmentation task. Similar tasks also exist in the
fields of medical and natural images. We can consider extending DCPNet to other areas.
For instance, DCPNet can be applied to segment important organs or lesions in medical
images, helping to improve diagnostic accuracy. Likewise, in natural images, DCPNet can
also be used to detect and segment key objects.
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