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Highlights

What are the main findings?

¢ A Difference-Guided Dual-Branch Encoding Cross-Fusion Network (DGDE-CSFNet) is
developed for sea—land-ship semantic segmentation, integrating CNN and Transformer
branches to capture complementary local details and global contextual information.

* The proposed Hierarchical Difference-Guided Attention (HDGA) and Multi-Level Cross-
Scale Fusion (MCSF) modules effectively enhance small ship recognition and boundary
refinement by exploiting inter-branch differences and multi-scale feature interactions.

What are the implications of the main findings?

e DGDE-CSFENet provides a reliable solution for maritime scene interpretation, enabling
more accurate sea—land-ship segmentation under complex conditions such as back-
ground interference and irregular object distributions.

* The proposed difference-guided cross-branch learning strategy provides a promising
direction for leveraging heterogeneous feature representations in high-resolution remote
sensing image segmentation.

Abstract

Semantic segmentation of maritime imagery is challenging due to the coexistence of large

homogeneous regions, such as sea and land, and small, sparsely distributed ship targets,

particularly in complex port environments. Further, strong background dominance and

intricate boundary structures often result in missed detections and inaccurate ship de-

lineation with conventional segmentation frameworks. To address these challenges, this

) Check for updates paper proposes DGDE-CSFNet, a Difference-Guided Dual-Branch Cross-Fusion Network

‘ with Cross-Scale Feature Fusion specifically designed for sea—land-ship segmentation.
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backbones operate in parallel to capture local spatial structures and long-range contextual
dependencies. To exploit their complementary behaviors, the encoding stage incorporates
a Hierarchical Difference-Guided Attention (HDGA) module. By explicitly characterizing

Copyright: ©2026 by the authors. inter-branch inconsistencies, the module selectively enhances discriminative responses that
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This article is an open access article Cross-Scale Fusion (MCSF) to aggregate multi-resolution features, enabling effective in-
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interference and preserving subtle ship details. Experimental results on the ISDSD and
HRSC2016-SL datasets demonstrate that our method achieves consistent performance gains
over existing state-of-the-art methods.

Keywords: marine remote sensing; sea-land-ship segmentation; semantic segmentation;
difference-guided attention mechanism

1. Introduction

Sea-land-ship segmentation is a crucial task in the processing of ocean remote sensing
imagery [1,2], requiring accurate pixel-level classification of sea, land, and ship regions.
This task has become increasingly significant in a wide range of applications, including
maritime security, port management, and ocean monitoring. As a specific pixel-level
semantic segmentation task in remote sensing, sea-land-ship segmentation is closely related
to general semantic segmentation techniques.

Semantic segmentation of remote sensing images has advanced considerably with
the development of deep neural networks. However, challenges such as complex scene
structures, high intraclass variability, interclass similarity, and the need for fine spatial detail
and global contextual modeling remain central research issues. To address the limited avail-
ability of pixel-level annotations, Mubhtar et al. [3] proposed IndexNet, a self-supervised
dense representation learning framework that incorporates object spatial position cues and
jointly performs image-level and pixel-level contrastive learning, demonstrating improved
generalization over conventional ImageNet-pretrained models. Beyond representation
learning, attention mechanisms have been widely explored to enhance feature discrimina-
tion. Li et al. [4] identified attention bias when spatial and channel affinities are modeled
independently, and introduced a synergistic attention perception network that jointly cap-
tures channel-wise and spatial contextual relationships to better segment weak and sparsely
distributed objects. To further improve contextual reasoning under varying object scales,
Chen et al. [5] developed an adaptive attention network that integrates multiscale channel
attention, multidimensional spatial attention, and contextual fusion to enhance feature
expressiveness while maintaining computational efficiency. Chen et al. [6] developed a
semantic information-guided global-local fusion framework for UAV image small-object
detection, which enhances small target representation by integrating semantic and spa-
tial features. Chen et al. [7] developed MCSNet, which enhances remote sensing image
segmentation by jointly modeling global context and spatial details through multilevel
feature fusion. Lightweight design has also gained traction. Yue et al. [8] proposed Lite-
Seger, which combines MobileViT with global and local attention refinement, achieving
competitive accuracy with significantly reduced parameters and high inference speed.
Meanwhile, Li et al. [9] introduced GLVMamba, a global-local visual state-space model
that enhances global context reasoning and edge contour refinement through state-space
modeling and multiscale pyramid pooling. Incorporating domain knowledge has also
proven effective. Zhao et al. [10] constructed a geographical scenario knowledge graph
and designed a graph structure attention network to leverage semantic neighborhood
relationships, improving differentiation among visually similar ground objects. Further-
more, Gao et al. [11] proposed an adaptive frequency enhancement network that modulates
spatial and frequency-domain features to better handle diverse land-cover patterns. Al-
though these approaches have improved remote sensing semantic segmentation from
different perspectives, effectively balancing fine-grained spatial details and global semantic
understanding remains challenging, especially in complex maritime scenes.
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Within the broader context of remote sensing semantic segmentation, maritime scene
understanding represents a challenging application scenario due to large homogeneous
regions, irregular boundaries, and complex interactions between targets and backgrounds.
Unlike conventional land-cover segmentation, maritime scenes require accurate discrim-
ination among different semantic categories, particularly small ship targets embedded
in complex coastal environments. Ship detection and segmentation in remote sensing
imagery have been widely studied in optical, SAR, and infrared scenarios. For SAR im-
ages, Wei et al. [12] introduced LFG-Net to enhance instance-level ship segmentation by
incorporating low-level texture cues and high-resolution mask refinement, improving
small ship delineation under speckle noise. To enhance fine-grained ship recognition,
Ouyang et al. [13] proposed MGANet, which aligns local part features and global object
features through multigranularity self-attention, enabling better detection of densely dis-
tributed and visually similar ships. Beyond detection accuracy, interpretability has also
been explored. Xiong et al. [14] designed an explainable attention network that highlights
discriminative structural components of ships, providing visual reasoning without degrad-
ing classification performance. For modality gaps across visible and infrared imaging,
Zhang et al. [15] presented a two-stage domain adaptation segmentation framework to
improve infrared ship segmentation where pixel-level labels are limited. SEEviF-Net [16]
introduces an evidence-theoretic semi-supervised framework that fuses probabilistic and
evidential information via Dempster’s rule, explicitly quantifying epistemic uncertainty to
achieve robust ship segmentation with limited labeled data. In SAR-based ship detection,
Chen et al. [17] exploited polarization diversity through dual-polarization feature fusion
to enhance robustness in cluttered ocean scenes. Recent methods further combine CNN
and Transformer architectures to capture both detailed and global context. For instance,
MLANet [18] employs multi-level feature enhancement and attention fusion for robust
segmentation in complex coastal environments, while CGA-Det [19] integrates CNN and
GNN to model structural relations among densely packed ships. More recently, ShipMS-
BSNet [20] tackles multi-scale ship segmentation using a large-scale dataset and a novel
nnU-Net-based network that enhances multi-scale context, suppresses background in-
terference via channel attention, and refines target boundaries at the decoder. Similarly,
MPFT-UNet [21] enhances UAV-based ship segmentation through a multi-scale dynamic
sparse cross-gating mechanism for small targets, a boundary refinement module for edge
accuracy, and Transformer-based feature fusion for global context. With the recent emer-
gence of vision foundation models, Yang et al. [22] further extended SAM 2 to UAV-based
ship segmentation through a training-free constrained boundary enhancement strategy,
where weak contours are reinforced, and candidate boundaries are refined through prompt
consensus without additional fine-tuning.

Recent studies have demonstrated that hybrid CNN-Transformer architectures can
effectively combine local spatial representation and global contextual modeling for remote
sensing semantic segmentation. CNN-based networks are effective in extracting fine-
grained spatial details, whereas Transformers provide stronger capabilities in capturing
long-range dependencies. Chen et al. [23] proposed CTFuse, which integrates CNN and
Transformer structures to exploit local feature extraction and global semantic modeling
capabilities. Similarly, Wu et al. [24] developed CMTFNet by combining CNN-based lo-
cal information extraction with multiscale Transformer-based global context modeling,
achieving improved semantic representation for high-resolution remote sensing images.
More recently, dual-branch CNN-Transformer architectures have been explored to further
enhance feature complementarity. Xiang et al. [25] introduced a parallel CNN-Transformer
framework, where features from both branches are interactively fused to capture spatial
details and global contextual information simultaneously. Zhu et al. [26] proposed IC-
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TransUNet, which employs CNN and Transformer branches as dual backbones to extract
detailed and semantic representations, respectively. Yang et al. [27] further designed a
dual-branch encoder consisting of a CNN branch and a Shunted Transformer branch,
together with multi-scale feature enhancement mechanisms to improve remote sensing
image segmentation. Ji et al. [28] developed DBRSNet, which enhances CNN-Transformer
feature interaction through adaptive selection and multi-scale fusion strategies. For mar-
itime scene understanding, Zhang et al. [29] proposed a spatial-semantic alignment fusion
network based on parallel Transformer-CNN encoders for sea-land port segmentation.
Although these methods have achieved promising performance by exploiting complemen-
tary information between CNN and Transformer branches, they mainly focus on feature
fusion, alignment, or interaction. The intrinsic discrepancy between heterogeneous CNN
and Transformer representations, which may contain valuable discriminative information
for complex scenes, remains insufficiently explored. However, whether such discrepancy-
aware feature learning can effectively improve sea-land-ship segmentation under complex
maritime environments remains insufficiently investigated.

Most existing studies have focused either on binary sea-land segmentation or on
ship target extraction alone, while research addressing the joint pixel-level classification
of sea, land, and ship targets remains relatively limited. Moreover, current sea—land
segmentation algorithms still face difficulties in complex maritime scenes, where the
presence of large-scale sea and land areas often leads to suboptimal segmentation of small
ship targets. These limitations indicate that joint sea-land—ship segmentation remains
challenging in complex maritime scenes. As illustrated in Figure 1a, ship segmentation in
sea—land port environments is challenged by complex backgrounds comprising diverse
man-made structures such as docks, containers, and buildings. Many of these objects
exhibit high visual similarity to ships in terms of color, texture, and shape, which can
easily lead to confusion during segmentation and increase the risk of both false positives
and missed detections. As shown in Figure 1b, when ships are moored at ports, they
are often tightly adjacent to docks, resulting in visual overlaps or occlusions that blur
object boundaries and complicate pixel-level differentiation, which further intensifies the
segmentation difficulty. Moreover, Figure 1c highlights the inherent scale imbalance in this
task where ships typically occupy much smaller areas compared to dominant sea and land
regions, and their sizes vary considerably, from small fishing vessels to large cargo ships.
This significant scale imbalance makes it difficult to preserve discriminative representations
of small ships while maintaining accurate segmentation of dominant background regions.

To address the above challenges, we propose DGDE-CSFNet, a Difference-Guided
Dual-Branch Cross-Fusion Network for sea-land-ship segmentation. Unlike existing CNN-
Transformer fusion approaches that mainly aggregate complementary features, DGDE-
CSFNet explicitly models hierarchical differences between CNN and Transformer branches
through the Hierarchical Difference-Guided Attention (HDGA) module, enabling more dis-
criminative feature learning for small ship targets and complex backgrounds. Furthermore,
the Multi-Level Cross-Scale Fusion (MCSF) module integrates multi-level semantic and
spatial information to improve boundary preservation and scale-aware representation. The
main contributions of this work are summarized as follows:

*  We propose DGDE-CSFNet, a Difference-Guided dual-branch Cross-Fusion network
that integrates hierarchical difference-guided attention with multi-scale feature fusion
for accurate sea—land-ship segmentation in complex maritime scenes.

¢ Weintroduce an HDGA module to fuse local-global features via cross-branch differ-
ence modeling, and a MCSF module to progressively integrate semantics and spatial
details for fine-grained ship boundary segmentation.
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*  Experimental results on the ISDSD and HRSC2016-SL port scene sea-land-ship segmen-
tation datasets demonstrate that our method achieves better segmentation precision
than other state-of-the-art approaches.
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Figure 1. Challenges of joint sea-land-ship segmentation in complex maritime scenes. The yellow
boxes highlight representative ship targets that are challenging to segment in complex maritime
scenes. (a) Example of a port area, featuring various objects such as docks, containers, and buildings.
Some of these objects share high similarity with ships in terms of color, texture, and shape. (b) Image
of ships docked at the port, where ships are often closely adjacent to docks, resulting in visual overlap
and even occlusion between ship and dock boundaries. (c) Distribution of ship targets. Compared to
the vast ocean and land areas, ship targets generally occupy smaller regions and appear at a relatively
smaller scale.

2. Materials and Methods
2.1. Overall Architecture

The core of the proposed DGDE-CSFENet is to categorize each pixel in a given image
and then correspond it to the predefined objects of sea area, land area, and ship targets
in our task. As illustrated in Figure 2, the model follows an encoder—decoder paradigm.
The encoder adopts a dual-branch architecture that integrates CNN and Transformer back-
bones to extract both local and global features, which are subsequently fused through the
proposed HDGA module. The decoder then progressively integrates multi-scale features
via the MCSF module, followed by layer-wise upsampling and regression operations to
generate the final segmentation map.
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Figure 2. Overview of the proposed DGDE-CSFNet framework. The model follows an en-
coder-decoder architecture. The encoder adopts a dual-branch design, combining CNN and Trans-
former backbones to extract local details and global contextual features, respectively. A HDGA
module is employed to adaptively integrate multi-level features from both branches. The final
representations from each backbone are fed into corresponding FCN and SegFormer decoders to
compute auxiliary supervision. In the decoding stage, an MCSF module is utilized to fuse features
from different encoder levels, enhancing the model’s ability to segment small-scale ship targets under
complex maritime conditions.

2.2. Dual Branch Encoder

The proposed framework employs a dual-branch encoder structure that synergistically
combines a ResNet50 CNN backbone [30] and a SegFormer Transformer backbone [31] for
complementary feature extraction. Given an input image F € REXHXW where C, H, and W
represent the channel, height, and width dimensions, respectively, the network processes
features through four hierarchical stages:

Ry H_y W_
ResNet Branch stage outputs: R; € RE X341 X 5T , SegFormer Branch stage outputs:

T; € RCiT x 2’% x 21% forie1,2,3,4. ClR and CiT represent the number of feature channels
extracted at each stage of the ResNet and SegFormer backbones, respectively. Following
feature extraction, the HDGA module receives multi-stage features from the two backbones
above as input and leverages the complementary characteristics between local and global
features to enhance the extraction and fusion of discriminative features. The output of the
HDGA module at each stage is represented as Fp € ]RC’D x 2’% % 2’% forie1,2,3,4, where
CP indicates the channel dimension of the fused features. Finally, the outputs from all four
HDGA stages are fed into the decoder network for hierarchical feature refinement and final
prediction generation.

Additionally, the final stage features extracted from both backbone networks are inde-
pendently fed into their corresponding decoder heads: FCN decoder for CNN features and
SegFormer decoder for Transformer features, for the computation of auxiliary supervision
losses during training. The implementation of dual-branch auxiliary loss supervision
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provides three key benefits: (1) it strengthens gradient flow throughout the entire network

architecture during backpropagation; (2) through deep supervision, potential information
degradation is mitigated; (3) it enhances overall training stability and convergence proper-
ties. Importantly, this mechanism ensures that both the CNN and Transformer branches
maintain their distinctive feature extraction capabilities while simultaneously optimizing
their collaborative performance for the final fused segmentation output.

2.3. Hierarchical Difference-Guided Attention Module

The HDGA module captures inter-feature differences and employs an attention mech-
anism to enhance the adaptability of the model to complex scenarios, thereby overcoming
the limited receptive field of CNNs and the local detail neglect of Transformers. Figure 3
illustrates the overall structure of the proposed HDGA module.

R; —>| 1 x1 Cony m > DASE

w
2i+1 X 2i+1 \

R
Ci X

auo) ¢x §

3 x3 Conv |
3 x3 Conv

H w
2i+1 X 3

C,-X

Figure 3. Architecture of the HDGA module. The CNN and Transformer features are first channel-
aligned, and their differences are compared to generate an attention map. This map is then applied
to the original features via residual connections, which are further refined by a Dynamic Adaptive
squeeze-and-excitation mechanism and subsequently concatenated for convolutional integration.

2.3.1. Dynamic Adaptive SE Block

The Dynamic Adaptive SE (DASE) block is designed to dynamically capture feature
dependencies between channels. Fundamentally, the Squeeze-and-Excitation (SE) block [32]
enhances feature representation by explicitly modeling channel-wise dependencies through
an attention mechanism; this process can be formulated as

H W
Z, = Squeeze(X,) = T W ; ; 1)
where X, represents the input feature map for the c-th channel; X (i, j) denotes the pixel

value at spatial location (i, j) of the c-th channel; and Z. corresponds to the c-th element of

the global channel descriptor vector Z.
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Specifically, an adaptive recalibration process is performed to comprehensively cap-
ture channel-wise dependencies, namely the Dynamic Adaptive SE (DASE) block. This
excitation operation employs two fully-connected layers: the first reduces channel dimen-
sionality from C to C/r through compression, while the second restores the original channel
dimension. The complete process can be formally expressed as

s = Excitation(Z.) = oc(W,6(W1Z)), ()

where W; and W, represent the weight matrices of the two fully connected layers, respec-
tively; 6(-) denotes the ReLU activation function; ¢ (-) indicates the Sigmoid activation
function; and the output s corresponds to the learned channel attention weights. This
formulation enables the network to dynamically emphasize informative features while
suppressing less useful ones through channel-wise feature recalibration.

The final step involves a channel-wise rescaling operation, where the learned attention
weights are applied to the original feature maps through element-wise multiplication. This
reweighting process is formally expressed as

Output = Scale(X,s) = X ®s, 3)

where ® denotes channel-wise multiplication between the input feature map X and the
attention weight matrix s.

2.3.2. Hierarchical Difference-Guided Attention Process

As shown in Figure 3, the hierarchical difference-guided attention process operates on
input features R; € RC’R x 2'% x 21% from the ResNet backbone and T; € RCIT x 2’% x 21% from
the Transformer backbone at stage i, and the processes are as follows:

Initially, outputs from two encoder backbones are fed into the module to model the dis-
tinctive characteristics between the two complementary information sources. The processes

are as follows:
Di = |R: - Tz',| = |pr0jc1(Ri) - projc2<Ti)|' (4)

where R; and T; represent the input features from the ResNet and Transformer branches,
respectively; proj.; and proj,, are two 1 x 1 convolutions with different parameter weights.
R} and T/ are intermediate outputs of the R; and T; transformed by proj., and proj,,
operations, respectively. | - | indicates the absolute value operation.

Then, the above difference feature D; is further processed to get a differential attention
weight that measures divergence scores between the local and context information on the
overall feature map, which can be formulated as

w = o (proj.(Dy)), ©)

where ¢ is the sigmoid activation function, and proj_ is a 3 x 3 convolution operation.

Next, a refinement operation is performed on the transformed features of the two
branches to further enhance their feature representations. Specifically, the Dynamic Adap-
tive SE (DASE) block is introduced to adaptively recalibrate the channel responses of
each branch, enabling the network to emphasize informative features while suppressing
redundant responses. The refinement process is formulated as

R} = w® R} + DASE(R;), (6)

T/ = w® T + DASE(T}), 7)
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where R/ and T/ denote the transformed feature representations of the CNN and Trans-
former branches at the i-th stage, respectively. R/ and T/ represent the refined feature
representations after adaptive enhancement. DASE(-) denotes the Dynamic Adaptive SE
block, which generates adaptive channel-wise attention weights to recalibrate the input
features. w is a learnable weighting coefficient that controls the contribution of the original
transformed features, and © represents the element-wise multiplication operation.

To further enhance the joint representation capability of the two branches, a fusion
operation is performed on the two refined features, as formally defined below:

Ci =Fn([R{: T)), ®)

where [:] is a concatenation operation, and F;; denotes a 3 x 3 convolution operation.
Finally, to reinforce the overall discriminability of the fused representation, the final
output of the HDGA module is obtained as follows

Ci = proju (w © C), 9)
where © denotes element-wise multiplication, and proj is a 3 X 3 convolution operation.

2.4. Multi-Level Cross-Scale Fusion Module

Figure 4 illustrates the architecture of the proposed MCSF module, which employs a
scale attention mechanism for feature integration. The module processes two input features
from adjacent encoder stages: C; € RCI xHxW (lateral connection preserving spatial details)
and Cjy1 € RCGHXW (deeper features with advanced semantics), where C;;1 has been
upsampled by a factor of two via bilinear interpolation to match spatial dimensions.

Transpose

B el e

Transpose

MatMul

Figure 4. MCSF module. Linear projections and transpose operations are applied to the input features,
followed by two matrix multiplications and a feed forward network, with a convolution applied
before producing the output.

The fusion process proceeds as follows: First, two input features from adjacent encoder
stages are projected through three linear layers to obtain query (Q), key (K), and value (V)
matrices. This process can be formulated as follows:

Q=W,C, K=WCir1, V=WCis1, (10)
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where W;, Wy, and W, are linear projection parameters.

Subsequently, to obtain the similarity scores between the query and key, a dot-product
operation is performed to measure their correspondence. This process can be mathemati-
cally represented as

QK"
attn = Cross(Q, K, V) = Softmax| = |, (11)
Vd
where d is the attention head dimension; (-)T represents the transpose operation; and
Softmax(-) denotes the softmax activation function.
The similarity scores are multiplied with the dimensionally transformed value matrix
V to produce the scale-fused feature representation Z. This operation can be formally

expressed as
Z =attn-V, (12)

At last, the scale-fused feature Z is further processed for local enhancement. The pro-
cess can be mathematically represented as

E; = R,(FEN(2)), (13)

where R, denotes a 3 x 3 convolution operation, and FEN(-) represents a feed-forward
network (FFN) with ReLU activation. This module effectively combines shallow spatial
details with deep semantic information while maintaining dimensional consistency.

2.5. Objective Function

The final segmentation loss £ is formulated as a composite objective consisting of the
cross-entropy loss L and the focal loss Ly, [33]. In addition to the final segmentation
loss, the proposed sea-land-ship segmentation model employs two auxiliary decoder heads
to compute auxiliary loss terms. Auxiliary losses £, and Lt are generated by the FCN and
SegFormer decoder heads, respectively, both based on standard cross-entropy loss. The
overall loss function consists of two components: the final segmentation loss and auxiliary
losses. The final segmentation loss combines both cross-entropy loss and focal Loss, while
the auxiliary losses comprise the outputs from two auxiliary decoder heads, both computed
using cross-entropy loss. This can be formally expressed as

L=Lce+ B- LFocals (14)
»Caux = »CC + »CT/ (15)
ﬁtotal =L+0- Layx, (16)

where f is a weighting coefficient empirically set to 1, and 0 is another weighting coefficient
balancing the influence between main and auxiliary losses, set to 0.4 in this work. Lcg
and Lg,, denote the cross-entropy loss and focal loss computed by the model’s final
predictions, while £ and L1 represent the auxiliary losses from the FCN decoder head
and SegFormer decoder head, respectively.

2.6. Datasets and Evaluation Metrics
Extensive experiments were conducted on two datasets used for sea-land-ship segmen-
tation: the ISDSD dataset [34] and the HRSC2016-SL dataset derived from HRSC2016 [35].
The ISDSD dataset contains 200 high-resolution remote sensing images collected from
multiple port areas worldwide from Google Earth imagery. The images have a spatial
resolution of approximately 1 m, and their spatial dimensions range from approximately
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1000 x 1000 to 3000 x 3000 pixels. Since the original ISDSD data do not directly provide
the pixel-level sea-land-ship semantic segmentation masks used in this study, we man-
ually annotated the original images to construct the corresponding three-class semantic
segmentation dataset, where the semantic categories are sea, land, and ship. To avoid
information leakage, the 200 original images were first randomly divided at the image level
into 140 training images and 60 validation images. No independent test set was used in our
experiments. After the image-level split, patch extraction and data augmentation, including
random cropping, rotation, and flipping, were independently performed on the training
and validation subsets. This process produced 947 training samples and 252 validation
samples with an image size of 512 x 512 pixels. Since the data partition was performed
before augmentation, augmented samples derived from the same original image do not
appear simultaneously in the training and validation subsets.

HRSC2016 is a high-resolution optical remote sensing dataset originally developed
for ship recognition and detection [35]. The images were collected from Google Earth
and cover several well-known port and maritime areas under different acquisition con-
ditions. The original HRSC2016 benchmark does not provide pixel-level sea-land-ship
semantic segmentation annotations. In this study, we construct a sea-land-ship semantic
segmentation dataset, termed HRSC2016-SL, based on 443 selected HRSC2016 images.
The pixel-level semantic segmentation masks were manually annotated by us, with three
semantic categories, namely sea, land, and ship. For overlapping regions between ship and
land, the ship category is assigned priority to preserve the complete structure of ship targets
and maintain consistent semantic labeling. The 443 images were first divided into training
and validation subsets at the original image level, and no independent test set was used.
Patch extraction and data augmentation, including random cropping, rotation, and flip-
ping, were subsequently applied to the two subsets independently. After preprocessing,
1912 training samples and 292 validation samples with an image size of 512 x 512 pixels
were obtained.

To prevent image-level and spatial data leakage, the 444 original images used for
HRSC2016-SL were repartitioned into training, validation, and test subsets before patch
generation. Image patches of 512 x 512 pixels were then generated independently within
each subset. All patches originating from the same original image were assigned exclusively
to one subset. Data augmentation was applied only to the training subset, whereas the
validation and test subsets were kept unchanged.

To evaluate segmentation performance, four widely used metrics were adopted: F1-
score, overall accuracy (OA), per-class Intersection over Union (IoU), and mean Intersection
over Union (mloU). A comprehensive analysis of these metrics enables an objective and
thorough evaluation of the effectiveness of the proposed DGDE-CSFNet Network.

2.7. Experiment Details

The proposed DGDE-CSFNet network was implemented using the PyTorch 1.12.0
framework and trained on a Linux server equipped with an NVIDIA Quadro RTX 5000
GPU. Extensive comparative experiments were conducted on two publicly available port
scene segmentation datasets, with a batch size of 4 for both training and validation, and all
models trained for 100 epochs. During training, various data augmentation techniques
such as random rotation, random flipping, and photometric distortion were applied to
enhance generalization. The AdamW optimizer was employed for parameter optimization,
with an initial learning rate of 0.0001, momentum parameters set to (0.9, 0.999), and a
weight decay of 0.001. A PolyLR learning rate schedule was adopted, with the power
parameter controlling the decay curve set to 0.9. To ensure the reliability of the reported
results, all experiments were repeated three times under identical experimental settings,
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and the values presented in the tables were the averaged results over these repeated runs
rather than those from a single run.

3. Results
3.1. Methods Comparison

Extensive experiments are conducted on the two aforementioned sea—land—ship seg-
mentation datasets to validate the effectiveness of the proposed DGDE-CSFNet method,
along with comparisons against eight representative baseline approaches:

*  FCN [36]: Fully Convolutional Network (FCN) is a classical semantic segmentation
model that replaces fully connected layers with convolutional layers to enable end-to-
end dense prediction.

*  DeepLabV3+ [37]: DeepLabV3+ enhances DeepLabV3 by adding a decoder module
to refine segmentation boundaries and applies depthwise separable convolutions for
faster and more effective encoding and decoding.

*  CCNet [38]: CCNet introduces a criss-cross attention module to aggregate contextual
information along horizontal and vertical paths for each pixel. A recurrent mecha-
nism further enhances global feature capture while maintaining low memory and
computation costs.

e  SegFormer [31]: SegFormer integrates a hierarchical Transformer encoder with a
lightweight MLP decoder, capturing multiscale features without positional encoding.
Its simple yet effective design balances local and global attention, enabling efficient
and accurate semantic segmentation.

e ST-UNet [39]: ST-UNet combines a Swin transformer and CNN in parallel, using
modules to enhance spatial detail and fuse global and local features for improved
segmentation.

®  CTFuse [23]: CTFuse is a hybrid CNN-Transformer model that combines multi-scale
convolutional attention with global context modeling. It enhances both local and
global feature extraction through spatial and channel attention modules in both the
CNN and Transformer components.

¢  CTCFNet [40]: CTCFNet combines CNN and PVT blocks to extract complementary
local and global features. A feature aggregation module and bi-directional decoder
are used to enhance multiscale fusion and boundary precision.

e  AENet [41]: AENet adopts a dual-branch architecture with SCAM and SAM modules
to enhance fine-detail and edge feature extraction. Edge features are fused with
segmentation features, and edge loss is used to refine boundary segmentation.

Table 1 presents the comparative results on the ISDSD and HRSC2016-SL datasets.
On the ISDSD dataset, the proposed DGDE-CSFNet model consistently surpasses all
baseline methods across all evaluation metrics. Specifically, for the ship category, DGDE-
CSFENet achieves an IoU of 86.64%, outperforming SegFormer by 1.66% and exceeding
ST-UNet, CTFuse, and CTCENet by 3.35%, 4.18%, and 2.82%, respectively. Compared to
AENet, the improvement reaches 1.86%. Regarding overall segmentation performance,
DGDE-CSFNet attains 97.09% in F1 score, 94.51% in mloU, and 99.05% in OA, demon-
strating consistent superiority over all other baselines. On the HRSC2016-SL dataset,
DGDE-CSFNet again delivers superior performance, outperforming all baselines in all
metrics except for the IoU of the sea class. For ship segmentation, DGDE-CSFNet achieves
87.36% loU, with gains of 1.11%, 1.59%, 1.76%, 1.04%, and 1.82% over SegFormer, ST-UNet,
CTFuse, CTCFNet, and AENet, respectively. In terms of overall metrics, DGDE-CSFNet
obtains 96.56% F1, 93.46% mloU, and 98.39% OA, showing consistent improvements across
all baselines.

https://doi.org/10.3390 /1518203460


https://doi.org/10.3390/rs18203460

Remote Sens. 2026, 18, 3460 13 of 19

Table 1. The experimental comparison results between DGDE-CSFNet and compared state-of-the-art
methods on the ISDSD and HRSC2016-SL datasets.

ISDSD Dataset HRSC2016-SL Dataset
Method Class IoU(%) Overall Metrics Class IoU(%) Overall Metrics
Sea Land Ship F1(%) mlIoU (%) OA (%) Sea Land Ship F1(%) mlIoU (%) OA (%)

FCN [36] 97.09 9599 7441 9349 89.17 97.94 9829 9153 8227 95.0 90.7 97.69
Deeplabv3+ [37] 9836 97.79 8058  95.77 92.24 98.78 98.58 9229 83.35 95.4 91.41 97.94
CCNet [38] 983 9788 8229 96.12 92.82 98.81 9841 924 8375 9547 91.52 97.91
SegFormer [31] 9842 98.09 8498 96.71 93.83 98.93 98.7 9374 8625 96.25 92.9 98.27
ST-UNet [39] 98.29 97.89 8329 96.32 93.16 98.83 98.73 93.65 85.77 96.14 92.71 98.25
CTFuse [23] 98.49 98.09 8246  96.22 93.01 98.91 98.74 93.61 85.6 96.1 92.65 98.24
CTCFNet [40] 98.54 982 83.82 96.52 93.52 98.97 98.74 9393 86.32 96.3 93.0 98.31
AENet [41] 98.43 98.1 84.78 96.67 93.77 98.93 98.72 9345 8554  96.06 92.57 98.22
DGDE-CSENet  98.57 98.33 86.64 97.09 94.51 99.05 98.73 94.28 87.36  96.56 93.46 98.39

Bold values indicate the maximum value of each indicator.

3.2. Qualitative Analysis

As illustrated in Figure 5, visual comparisons are conducted using several represen-
tative baseline models on the ISDSD dataset and the HRSC2016-SL dataset, respectively,
with black boxes highlighting the key regions of interest. Specifically, (a) shows the original
image, (b) the ground truth annotation, (c) the output of FCN, (d) DeepLabv3+, (e) CCNet,
(f) SegFormer, (g) CTCFNet, and (h) the proposed DGDE-CSFNet model.
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Figure 5. (I) Visualization results on the ISDSD dataset. (II) Visualization results on HRSC2016-
SL dataset. Specifically, (a) denotes the original image, (b) the ground truth annotation, (c) the
result of FCN, (d) DeepLabv3+, (e) CCNet, (f) SegFormer, (g) CTCFNet, and (h) the proposed
DGDE-CSFNet model.
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In Figure 5I, it is obvious that the proposed DGDE-CSFNet model significantly re-
duces background interference and mitigates issues caused by edge overlap and occlusion,
thereby preventing misclassification between ships and other land-based structures such as
docks. As shown in Figure 511, some CNN-based methods tend to misclassify ship targets in
complex environments, particularly in regions with blurred boundaries. Although models
such as SegFormer and CTCFNet have shown improvements in overall segmentation per-
formance, they still suffer from detail loss and fail to fully capture the complete structure of
ship targets. In contrast, the proposed DGDE-CSFNet effectively mitigates misclassification
issues, thereby achieving more accurate and complete segmentation performance. Overall,
the visual evidence clearly highlights the robustness and effectiveness of the proposed
DGDE-CSENet model in handling challenging sea-land-ship segmentation tasks.

3.3. Ablation Experiment

To validate the effectiveness of the proposed modules in this work, ablation experi-
ments are conducted on the ISDSD dataset. The ablation study primarily focuses on the
following aspects:

3.3.1. Effectiveness of the Dual Branch Encoder and HDGA Module

To evaluate the effectiveness of the Dual Branch Encoder and the proposed HDGA
module, five comparative variants are designed for the ablation study: (a) Using only
the CNN encoder without any fusion mechanism; (b) Using only the Transformer en-
coder for feature extraction; (c) Employing a CNN and Transformer dual-branch encoder,
with their features fused via a simple absolute difference operation; (d) Employing a CNN
and Transformer dual-branch encoder, with their features concatenated along the channel
dimension followed by a 1 x 1 convolution for conventional feature fusion; (e) Incorpo-
rating the proposed HDGA module to perform adaptive fusion of the output features of
the dual-branch encoder. By comparing the performance under different configurations,
the contribution of the HDGA module to feature representation and segmentation accuracy
can be thoroughly evaluated.

As illustrated in Table 2, the proposed HDGA module achieves the best performance
among the different encoder and feature fusion configurations. Compared with the CNN-
only encoder, HDGA improves the F1-score, OA, and mloU by 1.73%, 0.50%, and 2.98%,
respectively. Compared with the Transformer-only encoder, the corresponding improve-
ments are 0.49%, 0.06%, and 0.85%. In addition, simply fusing features through abso-
lute element-wise subtraction results in lower performance, indicating that difference
information alone cannot preserve sufficient local and global semantic representations.
Furthermore, compared with conventional feature concatenation followed by a 1 x 1 con-
volution, the proposed HDGA module achieves improvements of 0.37%, 0.05%, and 0.59%
in F1-score, OA, and mloU, respectively. This demonstrates that explicitly modeling the
hierarchical differences between CNN and Transformer representations is more effective
than directly aggregating two branch features. By adaptively exploiting complementary
information and discriminative differences between the two branches, HDGA enhances
key region representation while suppressing background interference, leading to more
accurate maritime-land-ship segmentation.
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Table 2. Ablation experiment results of the HDGA module.
Methods HDGA Module F1 (%) OA (%) mloU (%)
(a) - 95.36 98.55 91.53
(b) - 96.60 98.99 93.66
() - 96.30 98.85 93.12
(d) - 96.72 99.00 93.92
(e) v 97.09 99.05 94.51

v indicates that the HDGA module is used.

3.3.2. Effectiveness of the MCSF Module

To validate the effectiveness of the proposed MCSF module, three experimental setups
were designed (a) concatenating the two feature maps along the channel dimension fol-
lowed by a 1 x 1 convolution to adjust the channel number, replacing the MCSF module; (b)
using only the UNet decoder module instead of the MCSF module; and (c) incorporating
the proposed MCSF module. The results are shown in Table 3.

Table 3. Ablation experiment results of the Multi-Level Cross-Scale Fusion module.

Methods MCSF Module F1 (%) OA (%) mloU (%)
(a) - 96.69 98.98 93.8
(b) - 96.84 99.04 94.07
(c) v 97.09 99.05 94.51

v’ indicates that the MCSF module is used.

When incorporating the Multi-Level Cross-Scale Fusion (MCSF) module, compared
to experiment (a), the F1, OA, and mloU metrics improved by 0.4%, 0.07%, and 0.71%,
respectively. Compared to experiment (b), improvements of 0.25%, 0.01%, and 0.44%
were observed on these three metrics. These results demonstrate that the MCSF module
effectively integrates multi-scale features from the encoder at each layer, leveraging the
global contextual information of deep features alongside the detailed information of shal-
low features. This reduces information loss during decoding and significantly enhances
segmentation performance for ship targets.

3.3.3. Effectiveness of the Auxiliary Decoder Supervision

As shown in Table 4, four experimental setups were designed to validate the effective-
ness of the loss supervision components in the proposed land-sea-ship segmentation model.
Specifically, (a) represents the absence of both FCN and SegFormer auxiliary decoders;
(b) employs only the FCN auxiliary decoder in the CNN encoder branch; (c) applies only
the SegFormer auxiliary decoder in the Transformer branch; and (d) utilizes both FCN and
SegFormer auxiliary decoders simultaneously.

Table 4. Ablation experiment results of the auxiliary decoder supervision.

Methods FCN SegFormer F1 (%) OA (%) mloU (%)
(a) - - 96.99 98.98 94.32
(b) v - 97.02 99.01 94.39
(c) - v 97.08 99.04 94.47
(d) v v 97.09 99.05 94.51

v indicates the inclusion of the corresponding auxiliary decoder in the network.

When only the FCN auxiliary decoder is incorporated, compared to the baseline
experiment (a) without loss supervision, the model achieves improvements of 0.03%,
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0.03%, and 0.07% in the F1, OA, and mloU metrics, respectively. With only the SegFormer
auxiliary decoder added, the corresponding improvements over experiment (a) are 0.09%,
0.06%, and 0.15%. When both auxiliary decoders are integrated simultaneously with their
respective auxiliary losses, the model attains the highest accuracy, with F1, OA, and mloU
scores reaching 97.09%, 99.05%, and 94.51%, respectively. These results indicate that the
FCN and SegFormer auxiliary decoders provide additional supervisory signals during
training and contribute to model optimization. Although the resulting improvements are
modest, multi-level auxiliary supervision yields small numerical gains in the mean F1, OA,
and mloU scores.

3.3.4. Computational Complexity Analysis

To further evaluate the computational efficiency of the proposed method, we compare
the model complexity of DGCFNet with several representative segmentation models in
terms of the number of parameters and FLOPs. All models are evaluated with an input
resolution of 512 x 512 under a unified counting protocol. As shown in Table 5, DGCFNet
contains 107.95 M parameters and requires 106.50 G FLOPs. Compared with SegFormer-
B4, DGCFNet introduces additional computational cost due to its dual-branch feature
extraction and cross-branch feature interaction. However, its computational cost remains
substantially lower than that of CTFuse and CTCFNet.

Table 5. Computational complexity comparison of different segmentation models.

Model Input Size Params (M) FLOPs (G)
SegFormer-B4 512 x 512 61.37 58.58
ST-UNet 512 x 512 168.81 95.12
CTFuse 512 x 512 147.06 309.31
CTCFNet 512 x 512 80.73 475.25
DGCFNet 512 x 512 107.95 106.5

4. Discussion

The superior performance of the proposed DGDE-CSFNet algorithm can be attributed
to its ability to capture multi-scale semantic information and enhance feature discrimination,
particularly for small-scale ship targets in cluttered port environments. Such performance
benefits mainly result from the dual-branch encoding strategy for capturing both local
details and global context, along with the differential attention fusion and cross-stage
feature integration mechanisms that jointly enhance multi-scale feature representation and
suppress background interference.

To further understand the effectiveness of DGDE-CSFNet, we analyze the performance
differences among different semantic categories and datasets. The performance variations
among different semantic categories are mainly related to their distinct visual characteristics
and spatial distributions. Sea and land regions usually occupy large continuous areas with
relatively homogeneous appearances, making them easier to distinguish using contextual
information. In contrast, ship targets are more challenging due to their small spatial
occupancy, diverse scales, complex surrounding backgrounds, and ambiguous boundaries.
The consistent improvement in ship segmentation demonstrates the effectiveness of DGDE-
CSENet in enhancing discriminative feature representation through dual-branch feature
learning and multi-scale feature fusion.

The performance differences between the ISDSD and HRSC2016-SL datasets can be
attributed to their different scene characteristics. The ISDSD dataset contains complex
port environments with diverse artificial structures and strong interactions between ships
and surrounding facilities, resulting in more challenging segmentation conditions. In com-

https://doi.org/10.3390 /1518203460


https://doi.org/10.3390/rs18203460

Remote Sens. 2026, 18, 3460

17 of 19

parison, HRSC2016-SL provides maritime scenes with different target distributions and
background compositions. The stable improvements achieved by DGDE-CSFNet on both
datasets demonstrate its robustness in handling variations in scene complexity, object scale,
and target-background relationships.

5. Conclusions

In this work, we address the challenges in sea-land-ship segmentation posed by
complex port backgrounds, overlapping and occluded ship edges, and the difficulty of seg-
menting small ship targets. Specifically, a novel land-sea ship segmentation model based on
hierarchical difference-guided attention and multi-level cross-scale fusion is proposed. The
HDGA module integrates local features extracted by CNNs and global features obtained
from Transformers, effectively leveraging their complementary characteristics to minimize
feature redundancy and improve the overall understanding of complex scenes. The MCSF
module effectively fuses multi-scale encoder features, accurately preserving fine details
and amplifying feature responses in small target regions, thereby improving segmentation
performance on small ships. Two auxiliary decoders are employed with corresponding aux-
iliary losses to provide multi-level supervisory signals during training, facilitating model
optimization. Extensive experiments on two publicly available sea-land-ship segmentation
datasets demonstrate the effectiveness of the proposed model through both quantitative
comparisons and qualitative visualizations. Specifically, the proposed method improves
mloU by 0.68 and 0.46 percentage points over the strongest competing methods on the
ISDSD and HRSC2016-SL datasets, respectively. For the ship category, which is particularly
challenging because of its small spatial extent and complex surrounding backgrounds,
the corresponding IoU improvements reach 1.66 and 1.04 percentage points.

Despite these improvements, several limitations remain. First, the dual-backbone archi-
tecture introduces additional computational overhead compared with single-backbone seg-
mentation models. Second, the current evaluation is restricted to optical remote sensing im-
agery. Third, cross-dataset testing has not yet been conducted; therefore, the model’s gener-
alization capability across different acquisition conditions, geographic regions, and dataset
distributions requires further investigation. Future work will focus on lightweight model
design through pruning, quantization, and knowledge distillation, while also extending
the evaluation to cross-dataset and multi-source remote sensing scenarios.
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