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Abstract: High-precision remote sensing image semantic segmentation plays a crucial role in Earth
science analysis and urban management, especially in urban remote sensing scenarios with rich details
and complex structures. In such cases, collaborative modeling of global and local contexts is a key
challenge for improving segmentation accuracy. Existing methods that rely on single feature extraction
architectures, such as Convolutional Neural Networks (i.e., CNNs) and Vision Transformers, are prone
to semantic fragmentation due to the limited feature representation capabilities. To address this issue,
we propose a hybrid architecture model called PLGTransformer, which is based on dual-encoder
collaborative enhancement and integrates pyramid pooling and Graph Convolutional Networks (i.e.,
GCNs) modules. Our model innovatively constructs a parallel encoding architecture combining Swin
Transformer and CNN: the CNN branch captures fine-grained features such as road and building
edges through multi-scale heterogeneous convolutions; the Swin Transformer branch models global
dependencies of large-scale land cover using hierarchical window attention. To further strengthen
multi-granularity feature fusion, we design a dual-path pyramid pooling module to perform adaptive
multi-scale context aggregation for both feature types and dynamically balance local-global contri-
butions using learnable weights. Specifically, we introduce the GCNs to build a topological graph in
the feature space, enabling geometric relationship reasoning for cross-modal feature nodes at high
resolution. Experiments on the Potsdam and Vaihingen datasets show that our model outperforms
contemporary advanced methods and significantly improves segmentation accuracy for small objects
such as vehicles and individual buildings, thereby validating the effectiveness of the multi-feature
collaborative enhancement mechanism.

Keywords: image segmentation; multi-scale feature extraction; remote sensing; feature learning; graph
convolutional network

1. Introduction
With revolutionary advancements in aerospace and sensor technologies, multimodal remote

sensing data acquisition capabilities have achieved transformative breakthroughs. Researchers now
have unprecedented access to multidimensional Earth observation systems comprising optical imagery,
multispectral/hyperspectral data, Synthetic Aperture Radar (SAR), and Light Detection and Ranging
(LiDAR) [1–3]. These cutting-edge datasets, featuring sub-meter spatial resolution, nanometer-level
spectral resolution, and hourly temporal resolution, not only accurately document spatiotemporal
evolution patterns of terrestrial ecosystems but also reveal profound spatial imprints of human
activities [1,4,5]. Effectively mining valuable information from massive heterogeneous datasets has
emerged as a critical scientific challenge in intelligent remote sensing interpretation.

The synergistic fusion of multisource remote sensing data establishes a new paradigm for Earth
system science research. By integrating complementary sensor advantages, researchers can construct
multidimensional feature spaces to enhance surface characterization capabilities. This paradigm
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demonstrates remarkable efficacy in change detection: SAR’s all-weather observation combined with
optical spectral information enables precise urban expansion monitoring [1,3,4]; hyperspectral-LiDAR
fusion elevates land cover classification accuracy beyond 90% [6,7]; while multi-temporal multi-angle
image integration effectively resolves camouflage recognition challenges in military applications [8,9].
These breakthroughs propel the paradigm shift from visual to intelligent interpretation in remote
sensing [10–13].

As the core technology for deep image understanding, semantic segmentation has gained sig-
nificant attention in remote sensing. Through pixel-level classification generating semantic thematic
maps, it supports decision-making in digital twin cities, flood assessment, and precision agriculture.
However, unique remote sensing characteristics—sub-pixel features (e.g., small-scale structures),
inter-class similarity (e.g., vegetation types), and target occlusion—pose formidable challenges to
conventional segmentation algorithms [14–17]. Particularly in high-density urban areas, traditional
CNNs (i.e., Convolutional Neural Networks) struggle to distinguish occluded boundaries due to
limited receptive fields, leading to significant accuracy degradation. These challenges drive research
on novel segmentation frameworks tailored for remote sensing characteristics.

While CNN-based models excel in feature extraction, their hierarchical downsampling mech-
anisms progressively discard small-scale features. For instance, 3-5 pixel-wide road markings in
high-resolution urban imagery degrade to sub-pixel levels after four downsampling operations, com-
plicating network recognition. Furthermore, weakened inter-class heterogeneity (e.g., vegetation
spectral confusion, similar reflectance between buildings and pavements) undermines CNN’s reliance
on local textures for establishing discriminative boundaries [15,18–20]. Combined with vertical occlu-
sion effects, these limitations exacerbate pixel-level semantic ambiguity, highlighting the inadequacy
of single-scale feature extraction.

To tackle these challenges, we focus on developing multi-granularity feature fusion systems
that combine local details with global context. The Swin Transformer [21] introduces hierarchical
window attention mechanisms alongside CNN-style feature learning. It features: 1) Progressive feature
pyramids achieved through patch merging, 2) Window-based Multi-head Self-Attention (W-MSA)
that reduces computational complexity, and 3) Shifted Window (SW-MSA) mechanisms that address
limitations in the visual field. However, the limitations of Transformers in weak boundaries (such as
water-wetland transitions) and high-frequency textures (like farmland furrows) highlight the need
for the local inductive bias of CNNs, which has prompted research into hybrid architectures [22].
Dual-branch networks that combine CNN and Transformer pathways, along with channel-spatial
attention mechanisms, show superior multimodal fusion capabilities. Building on these foundations,
this paper proposes PLGTransformer—a dual-encoder enhanced hybrid architecture that innovatively
integrates local perception, global modeling, and graph-structured reasoning. To summarize, our main
contributions include:

1. Heterogeneous Multi-branch Local Feature Extraction: The proposed model establishes a multi-
modal local feature extraction network through three parallel convolutional branches. Specifically,
the feature extractors perform diverse processing operations within different architectures to
better capture comprehensive representations such as high-frequency textures, mesoscale struc-
tures, and detail representations for the remote sensing images. By doing this, the aligned and
concatenated composite features preserve both sub-pixel edge responses and regional semantic
correlations, effectively addressing feature representation limitations of single convolutional
kernels.

2. Hierarchical Window Attention with Pyramid Pooling: To mitigate the Transformer’s local
detail loss, we propose an enhanced customized architecture termed Pyramid Self-learning
Fusion Module by constructing four-level feature pyramids via patch merging. The dynamic
shifted window mechanism enables cross-scale context modeling. Innovatively, dual pyramid
pooling modules perform multi-granular spatial pooling on local and global features. After
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bilinear upsampling and convolution-based channel control, this strategy significantly improves
vegetation classification by fusing local details with global semantics.

3. Spatial Graph Convolution-Guided Feature Propagation: The proposed Graph Fusion Module
maps local, global, and fused features into high-dimensional graph nodes, constructing spatial
topology using 4-neighbor adjacency matrices. Three GCN pathways facilitate feature propaga-
tion, with learnable weights dynamically aggregating improved node features. This design goes
beyond traditional grid limitations, establishing long-range dependencies in the reconstruction
space to address semantic discontinuities caused by high-rise occlusions.

In the next section, we discuss some related works in the remote sensing image segmentation.
Subsequently, the proposed framework is detailed in Section 3, followed by a presentation of all
experimental results in Section 4. Finally, in Section 5, we discuss future research directions and
summarize this work.

2. Related Works
In recent years, deep learning-based image segmentation techniques have made remarkable

progress, with a core focus on effectively extracting and fusing multi-scale and multi-modal features.
Representative technologies such as CNNs and Transformers have propelled this field from the
perspectives of local perception and global dependency modeling, respectively. Research trends are
gradually shifting from single-model dominance toward hybrid approaches that integrate multiple
techniques to overcome individual limitations and achieve performance breakthroughs.

2.1. CNN-Based Remote Sensing Image Segmentation

CNNs have achieved significant success in the field of remote sensing semantic segmentation
due to their powerful capabilities in local feature extraction and spatial relationship modeling. Early
CNN architectures like AlexNet [18] and VGGNet [23] achieved hierarchical abstraction of image
features through stacked convolutional layers, laying the groundwork for subsequent remote sensing
image analysis. The Fully Convolutional Network (FCN) [24] replaced fully connected layers with
convolutional layers to enable end-to-end pixel-level predictions, marking a milestone in remote
sensing segmentation.

Building on the FCN framework, U-Net [25] introduced an encoder-decoder architecture with
skip connections, effectively addressing the challenge of detail recovery in remote sensing images.
This design enables the network to fuse low-level edge information with high-level semantic features
during decoding, making it especially suited for accurately delineating complex object boundaries in
remote sensing scenarios. The DeepLab series [26] further expanded the receptive field by introducing
atrous convolution while preserving spatial resolution—crucial for capturing multi-scale features in
remote sensing images. Notably, the Atrous Spatial Pyramid Pooling (ASPP) module in DeepLabV3+
effectively captures multi-scale contextual information, enhancing segmentation accuracy for objects
of varying sizes. To address the unique characteristics of remote sensing imagery, Chen et al. [27]
proposed a CNN model based on attention mechanisms that learns to weigh important features,
thereby improving recognition of complex land covers. Wang et al. [28] introduced a multi-scale
feature fusion strategy to effectively handle large variations in object scale within remote sensing
data. However, traditional CNNs have limitations in modeling long-range dependencies, making it
challenging to capture broad contextual and non-local features in remote sensing images. This has
prompted researchers to explore more advanced model architectures.

2.2. Transformer-Based Remote Sensing Semantic Segmentation

Originally successful in natural language processing [29], Transformers have since been adopted
in computer vision. The Vision Transformer (ViT) [30] processes images as sequences of fixed-size
patches to model global context but suffers from quadratic computational complexity relative to
input image size, limiting its applicability to high-resolution remote sensing images. The Swin
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Transformer alleviates this limitation by introducing a shifted window mechanism. Its hierarchical
structure and localized self-attention computation allow for global dependency modeling while
maintaining linear computational complexity, making it especially suitable for large-scale remote
sensing images. The Swin Transformer’s ability to represent multi-scale features enables outstanding
performance in remote sensing segmentation tasks, particularly in modeling extensive regions and
intricate textures. Zheng et al. [31] proposed Swin-UNet, which integrates the Swin Transformer into
a U-Net framework, combining Transformer-based global modeling with U-Net’s detailed feature
recovery. Xu et al. [32] developed a hierarchical feature extraction network based on Swin Transformer
to address multi-scale semantic segmentation in remote sensing images. Bazi et al. [33] designed the
RS-ST model specifically for high-resolution remote sensing imagery, incorporating improved window
partitioning and feature fusion strategies to enhance sensitivity to complex boundaries. Liu et al. [34]
further incorporated a spatial attention module into the Swin Transformer, improving the model’s
perception of spatial distribution patterns in remote sensing data. Despite their strength in modeling
long-range dependencies, Transformers still face challenges in capturing fine-grained local details,
motivating research into hybrid architectures that combine CNNs and Transformers to leverage their
complementary strengths.

2.3. GCNs-Based and Other Related Deep Learning Methods

GCN [35] perform convolutions in non-Euclidean space, offering a new paradigm for processing
data with complex topological structures. In remote sensing segmentation, GCNs can effectively model
spatial relationships and contextual dependencies between objects, addressing the limitations of CNNs’
local receptive fields. Remote sensing imagery often exhibits complex spatial dependencies. Liang et
al. [36] applied GCNs to remote sensing segmentation by constructing pixel-level relational graphs,
enhancing spatial correlation modeling—particularly beneficial for segmenting irregularly shaped
objects. Chen et al. [37] proposed a dynamically constructed GCN model that adaptively connects
nodes based on feature similarity, improving segmentation accuracy in complex scenes. Sun et al. [38]
innovatively combined GCNs with attention mechanisms to design a spatial relationship-enhanced
network, learning long-range dependencies between objects to significantly improve segmentation
performance. Zhang et al. [39] further explored multi-scale graph convolution operations, constructing
graphs at different scales to improve recognition of objects of varying sizes. In recent years, integration
of CNNs, Transformers, and GCNs has become a research hotspot. Wang et al. [40] proposed a
hybrid architecture where CNNs extract local features, Transformers model global dependencies,
and GCNs enhance spatial relationship modeling—together significantly improving remote sensing
segmentation accuracy. Li et al. [41] designed a hierarchical feature fusion framework that applies
CNNs, Transformers, and GCNs at different levels, achieving more accurate boundary delineation
through multi-level feature complementarity. Our proposed PLGTransformer model follows this trend
by integrating the strengths of CNNs (local feature extraction), Swin Transformers (global context
modeling), and GCNs (spatial relationship enhancement) into a unified remote sensing segmentation
framework. This model effectively handles multi-scale features and complex textures in remote sensing
images while modeling spatial dependencies through graph structures, thus achieving more accurate
and robust semantic segmentation results.

With the growth of deep learning technologies, research is increasingly focused on improving
feature extraction and modeling in remote sensing image segmentation. The Mamba model [42], an
emerging deep learning architecture, has shown promise in this area. It combines convolutional neural
networks (CNN) with attention mechanisms, enabling effective local feature extraction and global
dependency modeling. This allows the Mamba model to distinguish objects in complex images and
handle multi-scale features, making it particularly effective for high-resolution remote sensing images
with varying object sizes [43]. Additionally, the Mamba model enhances segmentation performance
through multi-modal information fusion, utilizing data from different sensors such as optical and
radar images. This capability improves object recognition and segmentation accuracy in complex

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 28 April 2025 doi:10.20944/preprints202504.2259.v1

https://doi.org/10.20944/preprints202504.2259.v1


5 of 20

environments [44]. Overall, the Mamba model excels in remote sensing image segmentation, leveraging
CNNs and attention mechanisms to provide effective solutions across various applications.

The YOLO (You Only Look Once) model [45] is a deep learning-based object detection method
recognized for its efficient real-time processing capabilities. Initially designed for object detection,
YOLO has gained attention in remote sensing image segmentation due to its end-to-end training,
which allows it to learn effective image features automatically. YOLO divides images into grids, with
each grid predicting the location and category of objects, enabling the detection and segmentation
of multiple targets in a single pass. This approach is more efficient than traditional sliding window
techniques, especially for large-area remote sensing images. Its rapid detection makes YOLO suitable
for real-time applications, such as disaster monitoring and urban planning, where it can quickly
identify land cover changes. For instance, Gao et al. [46] applied YOLO in flood monitoring to swiftly
pinpoint affected areas. However, while YOLO excels in object detection, it may lack precision in
complex segmentation tasks requiring high detail, prompting researchers to enhance it by integrating
other deep learning techniques for better accuracy.

Long Short-Term Memory (LSTM) [47] networks are a type of Recurrent Neural Network (RNN)
designed for handling long-term dependencies in sequential data. Originally developed for language
models and time series, LSTMs have proven effective in remote sensing image segmentation due to
their ability to capture time- or space-varying patterns. They are particularly useful for processing
multi-temporal remote sensing data, allowing models to learn relationships between images from
different time points and detect land cover changes. For example, Chen et al. [48] applied LSTM to
monitor urban development and crop growth, accurately identifying land cover changes. However,
LSTMs require substantial training data and computational resources, which can limit their practical
application, especially for high-resolution images. Nevertheless, advancements in technology are
enhancing the feasibility of LSTM models in remote sensing image segmentation, particularly for tasks
needing high spatiotemporal resolution.

2.4. Overall Architecture

The overall architecture of PLGTransformer is illustrated in Figure 1. The model combines
the strengths of CNNs for local structural perception, the Swin Transformer for global dependency
modeling, and GCNs for structured spatial representation. This synergy enables accurate segmentation
of multi-scale and diverse land cover types in remote sensing imagery. PLGTransformer comprises
three main functional modules.
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input

output

Local Feature Extraction 
Module

Global Feature 
Extraction Module

Graph Fusion 
Module

Pyramid Self-learning 
Fusion Module

Figure 1. The overall structure of the PLGTransformer we propose consists of four components: the local feature
extractor, the global feature extractor, the pyramid self-fusion module, and the graph fusion module.

3. Methodology
This section details the overall design of our proposed PLGTransformer model, including its

parallel encoding architecture and graph convolutional fusion module. The model integrates multi-
scale feature representation with local spatial cues, global contextual information, and graph-structured
awareness, significantly improving semantic segmentation performance.

First, three heterogeneous local feature extractors are employed in parallel to extract multi-scale
local representations, enhancing the model’s ability to capture texture and boundary information.
Second, a hierarchical Swin Transformer backbone is used to model global context through shifted
window-based multi-head self-attention, efficiently capturing long-range dependencies. Third, pyra-
mid pooling modules are embedded into both local and global branches to broaden semantic perception
and enhance contextual awareness via multi-scale pooling. After local and global features are ex-
tracted, a learnable weighted fusion mechanism is designed to explicitly integrate these complementary
sources, optimizing the combination of heterogeneous features. Furthermore, a graph-based fusion
module is introduced to enhance spatial structure awareness. This module leverages GCNs to model
topological relationships within the fused features, strengthening spatial adjacency and boundary
continuity.

Finally, a convolutional prediction head and an upsampling module map the refined feature maps
back to the original input resolution, yielding pixel-wise semantic segmentation outputs. In summary,
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PLGTransformer adopts a three-level synergy of local-global-structural design, forming an end-to-end
segmentation framework with both multi-scale understanding and spatial modeling capabilities for
remote sensing applications.

3.1. Parallel Encoding Architecture

We achieve efficient local feature extraction and multi-scale contextual fusion through the collab-
orative design of a heterogeneous convolutional architecture and pyramid pooling. Specifically, as
shown in Figure 2, three independent local feature extractors: LocalFeatureExtractor1, LocalFeature-
Extractor2, and LocalFeatureExtractor3, each use convolutional kernels of different sizes for feature
extraction and optimize the features through pooling strategies. This can be expressed as follows:

Local Feature Extraction Module

input

ECA Module

output

Conv

Channel compression

k=5

σ

1*1*C 1*1*C

σ

Average Pooling

Position-wise Dot 
Product

Sigmoid

3x3

3x3
3x3

5x5

Figure 2. The architecture of the local feature extractor in the parallel feature encoder.

(1) LocalFeatureExtractor1:

f eat1 = MaxPool2d(Conv2d3×3(x)). (1)

Here, a 3 × 3 convolutional kernel (i.e., Conv2d3×3) is used to extract high-frequency texture
features from the input x, and the max pooling (i.e., MaxPool2d) operation retains prominent features.

(2) LocalFeatureExtractor2:

f eat2 = AvgPool2d(Conv2d5×5(x)). (2)

A 5×5 convolutional kernel is used to extract mid-scale semantic features, and the average pooling (i.e.,
AvgPool2d) operation suppresses noise.

(3) LocalFeatureExtractor3:

f eat3 = Conv2d3×3(x) · Conv2d3×3(x). (3)

The cascading of two 3 × 3 convolutional kernels is used to extract fine-grained detail features.
After feature extraction through the three branches, the features are upsampled to a 64 × 64 resolution
using bilinear interpolation and concatenated along the channels to obtain a unified local feature map:

local_ f eatures = Concat( f eat1, f eat2, f eat3). (4)

To achieve efficient long-range dependency modeling and global feature extraction, we use an
improved hierarchical Swin Transformer and enhance global feature modeling through dynamic

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 28 April 2025 doi:10.20944/preprints202504.2259.v1

https://doi.org/10.20944/preprints202504.2259.v1


8 of 20

window attention mechanisms. As shown in Figure 3, the input image is first divided into non-
overlapping image patches using a 4 × 4 convolution kernel in the Patch Embedding layer, generating
a 96-channel feature map of size H/4 × W/4. The image is then input into the four-stage Transformer
architecture. In the first stage, it contains 2 Swin Blocks, using a fixed window size of 8 × 8 for
multi-head attention calculation (4 heads). This stage enhances the low-level semantic representation
through the interaction of local and global features:

stage1_out = SwinBlock1(SwinBlock2(patches)) (5)

Figure 3. The architecture of the global feature extractor based on Swin Transformer in the parallel feature encoder.

Then from the second to fourth stages, a hierarchical downsampling strategy is adopted, where
the SafePatchMerging module merges adjacent 2 × 2 feature blocks before each stage, achieving 2×
downsampling of spatial resolution (H/8 → H/16 → H/32) and a stepwise expansion of channel
numbers. The mathematical expressions are:

stage2_out = Sa f ePatchMerging(stage1_out). (6)

stage3_out = Sa f ePatchMerging(stage2_out). (7)

stage4_out = Sa f ePatchMerging(stage3_out). (8)

Each Swin Block uses an alternating structure of window multi-head attention and shifted window
attention, which is represented as:

Attention(Q, K, V) = So f tmax
(

QKT
√

dk
+ B

)
V, (9)

where B is a learnable relative positional bias and dk is the dimension of each attention head. During
the merging, features from 2 × 2 neighboring regions are concatenated and projected through a linear
layer for downsampling and channel expansion. The final global feature output is normalized and
upsampled via bilinear interpolation to align with the local feature resolution.

3.2. Pyramid Self-learning Fusion Module

To effectively capture multi-scale contextual information in images and enhance the segmentation
ability for complex objects, we propose an adaptive pyramid pooling fusion module as shown in
Figure 4. This module optimizes feature fusion through multi-scale context aggregation and dynamic
weight learning. The specific design is as follows:
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Figure 4. The main structure of the Pyramid Self-learning Fusion Module.

(1) Pyramid Pooling Operation: The module first applies the pyramid pooling operation to both
local and global feature channels to extract contextual information at different scales. Specifically, for
the input feature map xk, we perform pooling at different scales:

pyramid_ f eatk = AvgPool(xk) w.r.t k ∈ {1, 2, 3, . . . }, (10)

where xk denotes the feature maps at different pooling scales.
(2) Feature Dimension Matching: To reduce the number of channels and match the feature

dimensions, the multi-scale features obtained from pooling are processed through a 1 × 1 convolution:

pool_ f eatk = Conv2d(pyramid_ f eatk, channelsout), (11)

where channelsout is the output number of channels after the convolution.
(3) Feature Concatenation and Weighted Fusion: The pooled multi-scale features are fused

through concatenation:

f used_ f eat = Concat(pool_ f eat1, pool_ f eat2, . . . ). (12)

Subsequently, we design a weighted fusion mechanism, which explicitly fuses local and global features
through a 1×1 convolution and learnable normalized weights:

f used_output = Conv2d( f used_ f eat) · So f tmax(weights), (13)

where weights are the normalized weights learned to dynamically adjust the contribution ratios from
different feature sources. This mechanism can dynamically adjust the contribution of different feature
sources based on the task requirements, thus improving the expression ability of fused features,
enhancing the network’s perception of features at different scales, and ultimately improving the
accuracy and robustness of semantic segmentation for remote sensing images.

3.3. Graph Fusion Module

While CNNs and Transformers effectively extract local and global features, they face challenges
in capturing structured spatial relationships—particularly in complex remote sensing scenes. Pixels in
remote sensing images exhibit not only local attributes but also long-range, structured dependencies
tied to object boundaries, textures, shapes, and inter-object interactions. To better model such spatial
structures, we introduce a GraphFusionModule based on GCNs. This module enhances the semantic
coherence and boundary accuracy of the segmentation results by learning topological relations across
multi-source features. As shown in Figure 5, the multi-source graph convolution fusion network
constructs dynamic graphs and learns adaptive weights to model the topological relationships between
local and global features. The specific design process is as follows:
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Graph Fusion Module
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Local input
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Figure 5. The main structure of the Graph Gusion Module.

(1) Graph Construction: The module constructs a multi-adjacency graph structure, converting
local features, global features, and fused features into graph nodes, and performs graph convolu-
tion operations to enhance the expression of target boundaries, structural relationships, and spatial
consistency. First, the local, global, and fused features are uniformly upsampled to generate feature
maps:

f eature_map = UpSample(local_ f eatures, global_ f eatures, f used_ f eatures). (14)

These feature maps are flattened to form the node feature matrix H and the adjacency matrix A.
(2) Graph Convolution Operation: The graph convolution operation updates the node features

H as follows:
H′ = σ(D−1/2 AD−1/2HW), (15)

where D is the degree matrix, A is the adjacency matrix, W is the weight parameters, and σ is the
activation function. The graph convolution operation is performed separately on local features, global
features, and fused features.

(3) Weighted Fusion: A learnable vector γ = [γ1, γ2, γ3] is used to perform weighted fusion on
the graph convolution outputs of local, global, and fused features:

f used_output = γ1H′
local + γ2H′

global + γ3H′
f used. (16)

This weighted mechanism dynamically adjusts the contribution of different source graph models
according to the task requirements.

(4) Category Mapping and Feature Recovery: Finally, the network maps the fused output to the
category space using a 1 × 1 convolution, and recovers the features to the input size using bilinear
interpolation, thus obtaining the final semantic prediction map:

pred_map = BilinearInterpolation(Conv1×1(fused_output)). (17)

This process is simple and efficient, supports end-to-end training, and is particularly suitable for
segmentation tasks in remote sensing images with complex structures and diverse scales.

3.4. Loss Function

In remote sensing image semantic segmentation, precise object recognition requires high accuracy
in both region classification and boundary localization. This is crucial for high-resolution images,
where complex object shapes can lead to blurred boundaries and concentrated errors. This study
presents a composite loss function, the Multi-scale Boundary Focal Loss Function , to optimize both
region recognition and boundary delineation. This loss function consists of two components: the first
component is the Multi-class Region Focal Loss, which is used to optimize pixel-wise classification
within regions; the second component is the Multi-scale Boundary Loss, which strengthens the model’s
sensitivity to boundary pixels. The final combined loss function is expressed as follows:
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Ltotal = (1 − β) · Lregion + β · Lboundary (18)

where Lregion denotes the Multi-class Region Focal Loss for the region, Lboundary represents the Multi-
scale Boundary Loss, and β is the balancing coefficient controlling the relative importance of the two
components. Among this, the two loss terms are defined as:

Lregion = α · (1 − ptrue)
γ · log(ptrue) (19)

Lboundary =
1

Nscales

Nscales

∑
s=1

BCEWithLogitsLoss(ps
f oreground, boundary_masks) (20)

The number of classes is set to 6, addressing the requirements of multi-class segmentation tasks in
remote sensing images. For the Multi-class Region Focal Loss, the focusing parameter γ is set to 2.0 to
emphasize hard examples, while the class balancing factor α is set to 1.0 to ensure equal contributions
from all classes. The weight of the boundary loss is also regulated by α, which is set to 0.3 to emphasize
boundary regions. To enhance boundary perception at different scales, the boundary loss is calculated
using three scales: 0.5, 1.0, and 2.0. Finally, the balancing coefficient β is set to 0.3 to adjust the trade-off
between region focal loss and boundary loss.

4. Experiments and Discussion
The primary objective of the experiments is to quantitatively and qualitatively verify the perfor-

mance of the proposed model in remote sensing image segmentation. By comparing with traditional
methods and the latest deep learning models, we aim to demonstrate the advantages of the proposed
model in improving segmentation accuracy, handling boundaries, and detecting small objects.

4.1. Dataset Descriptions

In this study, we used the ISPRS Vaihingen and Potsdam datasets to evaluate the PLGTransformer
model. Both datasets contain high-resolution remote sensing images and Digital Surface Models
(DSM), providing detailed label information for semantic segmentation tasks.

• Vaihingen Dataset: The Vaihingen dataset consists of 16 high-resolution orthophotos, each
measuring 2500 × 2000 pixels. Each image includes three spectral channels: Near-Infrared (NIR),
Red (R), and Green (G), along with a DSM at 9cm ground sampling distance (GSD). The dataset’s
labels consist of 5 foreground classes: Buildings, Trees, Low vegetation, Cars, and Impervious
surfaces, along with one background class (Clutter). The 16 images were split into a training set
(12 images) and a testing set (4 images).

• Potsdam Dataset: The Potsdam dataset consists of 24 high-resolution orthophotos, each with a
resolution of 6000 × 6000 pixels. It offers four multispectral channels: Red (R), Green (G), Blue
(B), and Infrared (IR), with a 5cm GSD. Similar to the Vaihingen dataset, it includes 5 foreground
classes and 1 background class, but the distribution of foreground classes differs.

4.2. Experimental Setup

All experiments were implemented on an NVIDIA GeForce RTX 4090 GPU using the PyTorch
framework with 24GB RAM. The specific setup is as follows: We used the AdamW optimizer with an
initial learning rate of 0.0001, momentum of 0.9, a decay factor of 0.0005, and a sliding window size of
256×256 for training. During testing, the sliding window size was 32. Data augmentation methods like
random rotation, horizontal flipping, and vertical flipping were employed. The training duration was
set to 100 epochs.

The AdamW optimizer performed excellently in image segmentation tasks, particularly during
deep network training. To avoid overfitting, L2 regularization (weight decay) was added during
training with a weight decay coefficient of 1e-4. The learning rate was dynamically adjusted using the
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CosineAnnealingLR scheduler to help the model converge more effectively. The batch size was set to 4,
and we also implemented dropout and early stopping mechanisms to prevent overfitting. Validation
metrics like IoU and F1-Score were monitored, and training was stopped early when no improvement
was observed.

We utilized custom loss functions such as Multi-Scale Boundary Loss and Adaptive Focal Loss.
The Multi-Scale Boundary Loss helped the model better handle boundary regions, while the Adaptive
Focal Loss addressed class imbalance by adjusting the weight of each class dynamically.

4.3. Evaluation Metrics

In this experiment, we used multiple evaluation metrics to measure the model’s segmentation
performance. Common evaluation metrics for remote sensing image segmentation include Intersection
over Union (IoU) and F1-Score.

• IoU (Intersection over Union): IoU is a standard metric for evaluating image segmentation model
performance, calculated as the intersection area of the predicted and ground truth regions divided
by their union area. A higher IoU indicates better segmentation accuracy. In the experiments, we
computed the IoU for each class and averaged them to obtain the overall IoU. A high IoU value
indicates that the model performs well in handling complex boundaries and small objects.

• F1-Score: F1-Score is the harmonic mean of precision and recall and is typically used to evaluate
models with class imbalance. In remote sensing image segmentation tasks, some classes may
have significantly fewer samples than others. The F1-Score provides a more comprehensive
evaluation of the model’s performance across different object types. A higher F1-Score indicates
better balance between precision and recall.

To evaluate the segmentation results from multi-modal remote sensing data, we used the mean F1-
score (mF1) and mean IoU (mIoU) as the key statistical indicators. These metrics were used to compare
the performance of the proposed PLGTransformer with other state-of-the-art methods. Specifically, we
computed mF1 and mIoU for the four foreground classes and averaged them to get the final results.

4.4. Comparative Experiments

We compare the PLGTransformer with several state-of-the-art remote sensing image segmentation
methods on two different datasets. The selected models for comparison include SwinT [21], Swin
UNet [49], BANet [50], FTUNetFormer [51], and CTFuse [52]. As shown in Table 1, on the Vaihingen
dataset, the PLGTransformer achieves performance scores of 72.85% for mean Intersection over Union
(mIoU) and 83.80% for mean F1 score (mF1). Compared to the baseline model CTFuse, PLGTransformer
improves by 1.45% in mIoU and 1.11% in mF1. The table highlights that our model excels in the
categories of impermeable surfaces, buildings, low vegetation, and trees. Figure 6 presents the visual
results obtained by all six methods on the Vaihingen dataset.

Table 1. Comparison results of different modules on the Vaihingen dataset.

Model Imp. surf. Building Car Low veg. Tree mIoU mF1IoU F1 IoU F1 IoU F1 IoU F1 IoU F1
SwinT 72.74 82.27 81.90 88.83 26.24 44.02 66.31 79.93 68.41 79.46 63.12 74.90
Swin UNet 65.75 77.08 71.51 81.24 28.05 46.36 55.10 69.61 61.01 73.89 56.28 69.64
BANet 72.14 81.87 81.47 88.44 32.96 52.26 65.70 79.38 68.94 79.84 64.24 76.36
FTUNetFormer 75.91 84.60 84.49 90.38 43.71 63.99 69.06 82.33 70.28 80.88 68.69 80.44
CTFuse 77.19 85.37 78.51 87.96 56.06 71.84 73.20 84.53 72.03 83.74 71.40 82.69
PLGTransformer 81.46 88.45 77.64 87.41 59.05 74.26 73.38 84.65 72.74 84.22 72.85 83.80

On the Potsdam dataset, as shown in Table 2, the PLGTransformer achieves performance scores
of 70.16% for mean Intersection over Union (mIoU) and 81.00% for mean F1 score (mF1). Compared to
the baseline model CTFuse, PLGTransformer improves by 3.12% in mIoU and 1.78% in mF1. Figure 7
presents the visual results obtained by all six methods on the Potsdam dataset. Similar to the results
on the Vaihingen dataset, our PLGTransformer performs better than other state-of-the-art models in
handling fine details.
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Figure 6. Image segmentation comparisons on the Vaihingen dataset. In the figure, the following are shown:
(1) Original Image; (2) Ground Truth; (3) SwinT; (4) Swin UNet; (5) BANet; (6) FTUNetFormer; (7) CTFuse. (8)
PLGTransformer.

Table 2. Comparison results of different models on the Potsdam dataset.

Model Imp. surf. Building Car Low veg. Tree mIoU mF1IoU F1 IoU F1 IoU F1 IoU F1 IoU F1
SwinT 65.17 74.50 58.06 63.03 51.71 58.41 67.84 79.01 58.74 68.76 60.30 68.74
Swin UNet 59.52 69.56 54.59 60.22 56.77 62.52 63.38 75.12 52.06 62.35 57.26 65.95
BANet 63.25 72.82 55.99 61.28 53.51 59.82 66.77 78.09 54.65 64.62 58.83 67.33
FTUNetFormer 66.87 75.78 59.23 63.96 57.66 63.24 70.16 81.14 60.25 70.30 62.83 70.88
CTFuse 67.98 76.55 68.81 81.52 59.56 74.66 77.46 87.30 61.37 76.06 67.04 79.22
PLGTransformer 58.90 74.14 85.21 92.01 70.44 82.66 61.11 70.40 75.14 85.81 70.16 81.00

It is evident that, compared to other state-of-the-art models, our PLGTransformer performs
better in recognizing fine details and handling edges. Specifically, the CNN + Swin Transformer
parallel encoding structure effectively combines local texture information with global semantic context,
providing a stronger receptive field and region discrimination ability. As observed in Figure 6, the dual-
branch encoding structure allows the model to maintain clear boundary expressions when processing
complex scenes, such as "building-road" and "building-low vegetation" adjacent areas. Moreover, the
Pyramid Self-Learning Fusion Module (PSFM) in the decoding stage adapts and guides the fusion
of multi-scale features, allowing the model to flexibly focus on important regions at different scales.
The model effectively captures the subtle semantic transitions between buildings and surrounding
low vegetation, achieving continuous edges and complete form segmentation of building objects,
significantly outperforming other comparison methods. The integrated GFM models structural
relationships between objects in the high-level semantic space, enhancing semantic consistency and
reducing errors like object fragmentation. In conclusion, the proposed model excels in segmentation
accuracy and shows superior generalization in structural continuity, boundary completeness, and
small-object recognition.
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Figure 7. Image segmentation comparisons on the Potsdam dataset. In the figure, the following are shown:
(1) Original Image; (2) Ground Truth; (3) SwinT; (4) Swin UNet; (5) BANet; (6) FTUNetFormer; (7) CTFuse; (8)
PLGTransformer.

4.5. Ablation Experiments
4.5.1. Performance Analysis From Different Modules

To validate the effectiveness of each component in the PLGTransformer, we conducted a series of
ablation experiments. By retaining the dual-branch framework, we removed specific components to
assess their contributions. We used the basic CNN + Swin Transformer as the baseline and performed
ablation experiments on both datasets for comparison. We separately removed the Pyramid Self-
Learning Fusion Module (PSFM) and the Graph Neural Network Fusion Module (GFM) on the
two datasets. After introducing the hybrid CNN and Transformer structure, the model showed an
improvement in accuracy compared to the original UNet model. When the Pyramid Self-Learning
Fusion Module (PSFM) was removed, the model’s performance significantly dropped, especially in
tasks involving the segmentation of small objects and fine details. This demonstrates that shallow
feature fusion is crucial for preserving local details such as object shapes and boundaries. When the
Graph Neural Network Fusion Module (GFM) was removed, the model’s ability to model global
contextual information greatly decreased. Deep feature fusion plays a key role in handling long-range
dependencies and large-scale contextual information in remote sensing images.

The Vaihingen dataset contains images with high texture complexity and a significant presence of
small objects, such as vehicles, and tightly distributed targets, such as buildings. The experimental
results, as shown in Table 3, are as follows, After removing the PSFM module, the overall accuracy
of the model significantly decreased, with IoU dropping from 72.85% to 60.04% and F1 decreasing
from 83.80% to 70.62%. This performance drop was particularly noticeable in the recognition of
"small object" categories. The introduction of PSFM played a key role in multi-scale feature fusion
and boundary recovery, especially improving performance in the "building" and "low vegetation"
categories; When the GFM module was removed, the model’s performance in handling large-scale
scenes declined, with both IoU and F1 values dropping. IoU decreased from 72.85% to 53.09%, and
there was a noticeable blurring of boundaries in large-scale scenes, highlighting the crucial role of
GFM in modeling global contextual information. In remote sensing images, land cover objects often
have long-range dependencies, and GFM provides global coherence modeling, ensuring that complex
regions in remote sensing images are accurately identified; The complete model (Base + PSFM +
GFM) achieved the best performance on this dataset, with significant improvements over the baseline.
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After integrating PSFM and GFM, the model’s accuracy was balanced in both small-object and large-
area segmentation, demonstrating the model’s ability to optimize both global and local features in a
collaborative manner.

Table 3. Ablation results from different modules on the Vaihingen dataset.

Model Imp. surf. Building Car Low veg. Tree mIoU mF1IoU F1 IoU F1 IoU F1 IoU F1 IoU F1
Base 65.75 77.08 71.51 81.24 18.05 26.36 45.10 59.61 61.01 73.89 52.29 63.64
Base+PSFM 67.28 78.41 78.70 86.81 6.90 11.24 50.68 64.70 61.90 74.27 53.09 63.09
Base+GFM 70.57 80.66 79.66 87.19 29.19 39.27 53.71 67.62 67.07 78.35 60.04 70.62
Base+PSFM+GFM 81.46 88.45 77.64 87.41 59.05 74.26 73.38 84.65 72.74 84.22 72.85 83.80

The Potsdam dataset, known for its high resolution and diverse categories, is ideal for model
performance evaluation. Experimental results in Table 4 indicate that Removing the PSFM module
reduces IoU from 70.16% to 63.65%, significantly impairing small object segmentation, notably for "car"
categories where IoU drops by 13.89%. PSFM is vital for fine-grained target and multi-scale feature
fusion. Removing the GFM module further decreases IoU to 60.63%, highlighting its importance
for large-scale semantic classification and maintaining global structural consistency. The combined
removal of both modules results in a 9.53% IoU decrease and a 11.35% F1 drop. Using both PSFM
and GFM together markedly improves handling complex structures, enhancing feature fusion and
adaptability in challenging scenes.

Table 4. Ablation results from different modules on the Potsdam dataset.

Model Imp. surf. Building Car Low veg. Tree mIoU mF1IoU F1 IoU F1 IoU F1 IoU F1 IoU F1
Base 59.52 69.56 59.72 64.58 40.61 45.91 52.27 63.12 41.01 51.08 50.63 58.85
Base+PSFM 61.18 71.40 76.76 82.10 42.35 50.52 61.87 73.26 61.00 70.97 60.63 69.65
Base+GFM 62.26 72.06 75.00 80.57 56.55 62.58 58.73 70.19 65.70 76.22 63.65 72.32
Base+PSFM+GFM 58.90 74.14 85.21 92.01 70.44 82.66 61.11 70.40 75.14 85.81 70.16 81.00

Figure 8 presents the performance of different modules in the ablation experiments. The analysis
is as follows: PSFM demonstrates excellent performance in small-object detection and multi-scale
scenarios, effectively preserving object shapes and boundaries, particularly in cases with blurred
edges. GFM plays a critical role in global semantic modeling, contributing to semantic consistency and
capturing long-range dependencies, although its improvement is relatively less pronounced compared
to PSFM. The proposed PLGTransformer integrates both local and global feature information, further
enhancing segmentation accuracy and cross-dataset robustness. Overall, the experimental results
indicate that each module is indispensable for remote sensing image segmentation tasks, and they
exhibit strong complementarity.
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Figure 8. Image segmentation results in the ablation study. In this figure, the following are shown: (1) Original
Image, (2) Baseline Model, (3) PSFM Module Removed, (4) GFM Module Removed, (5) Proposed Model.

4.5.2. Performance Variations on Diverse Losses

To evaluate the contribution of each component within the loss function, we conducted a series
of ablation experiments on the Vaihingen dataset using our proposed PLGTransformer model. To
better understand the role of each component, we designed the following experimental settings: 1)
Baseline: Both Multi-class Region Focal Loss (i.e., Lregion) and Multi-scale Boundary Loss (i.e., Lboundary)
are applied; 2) Multi-class Region Focal Loss only: Only the Multi-class Region Focal Loss is used; 3)
Multi-scale Boundary Loss only: Only the Multi-scale Boundary Loss is used. The experimental results
are summarized in Table 5. The experimental results show that the complete loss combination, which
jointly optimizes both the region focal and boundary losses, results in the best overall performance.
Removing either branch leads to a significant decrease in both mIoU and mF1 scores, demonstrating
the complementary nature of region classification and boundary modeling.

Table 5. Ablation results on the Vaihingen dataset with different loss settings

Setting Lregion Lboundary mIoU mF1
Baseline ! ! 72.85 83.80
Multi-class Region Focal Loss Only ! 61.62 70.09
Multi-scale Boundary Loss Only ! 63.43 74.06

4.6. Discussion

The PLGTransformer model, by combining the strengths of CNN and Vision Transformers,
achieves excellent performance in remote sensing image segmentation tasks. Specifically, the CNN
backbone network is employed to extract local detail features, while the Transformer is used to model
the global contextual information and long-range dependencies within the image. This multi-level
feature fusion mechanism enables PLGTransformer to effectively handle complex scenes and objects
with rich details.

Although PLGTransformer achieves excellent performance in remote sensing image segmentation
tasks, there are still some limitations, particularly in handling certain categories such as trees and
low vegetation. These categories have high similarities in color, texture, and shape, and their bound-
aries are relatively ambiguous, posing challenges for the model in distinguishing these fine-grained
targets. Additionally, despite the model outperforming current methods in segmentation accuracy,
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its computational complexity is relatively high, especially when processing high-resolution images.
The memory usage and inference time are longer. Therefore, optimizing the model architecture to
reduce computational overhead and memory consumption remains an important research direction.
Moreover, there is still room for improvement in the multi-modal data fusion strategy. Although the
integration of optical imagery and DSM data has been used, challenges still exist in handling the
heterogeneity and inconsistencies between modalities. Future work could focus on designing more
refined fusion mechanisms to improve cross-modal data integration, thereby enhancing the model’s
performance in multi-modal remote sensing images.

Future research can focus on several improvements. For fine-grained target segmentation, intro-
ducing precise scale-aware modules can enhance performance with irregular shapes and boundary
ambiguity. Incorporating traditional methods like edge detection may also boost accuracy in boundary
extraction. As remote sensing image resolution increases, computational efficiency and memory
demands rise. Future studies could investigate model compression, quantization, or more efficient
attention mechanisms for real-time applications and lightweight models for large-scale data processing.
Additionally, multi-modal remote sensing image fusion could be improved by effectively handling
various data types like radar and LiDAR, addressing modality heterogeneity for better segmentation
accuracy. Finally, the PLGTransformer model’s application could extend to fields like medical image
analysis and autonomous driving, where similar segmentation challenges exist.

5. Conclusion
This study proposes a novel remote sensing image semantic segmentation method, PLGTrans-

former, which combines the advantages of CNN and Transformer to optimize for the complexity and
diversity of remote sensing images. By fusing multi-level and multi-modal features, the model can
effectively capture both local details and global context information, thereby improving segmentation
accuracy. In the experimental section, we used the ISPRS Vaihingen and Potsdam datasets to verify the
effectiveness of the proposed method. The experimental results show that PLGTransformer outper-
forms the current state-of-the-art segmentation methods on various evaluation metrics, especially in
the tasks of segmenting buildings, trees, and impervious surfaces. Specifically, by deeply integrating
optical imagery and DSM data, the model successfully improves segmentation performance for objects
with different scales and shapes. The innovation of this study lies in the proposed multi-level feature
fusion mechanism. By combining the strengths of shallow and deep features, the model improves its
ability to handle complex remote sensing images. Furthermore, the model’s global context modeling
ability, based on the Swin Transformer, enables it to capture long-range dependencies, significantly
improving segmentation performance in remote sensing images.
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