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Abstract: Remote sensing images exhibit significant spatial geometric characteristics for ground
objects such as buildings and roads, while targets within scenes show enormous scale variations, posing
challenges to semantic segmentation algorithms’ spatial structure modeling capabilities and cross-scale
information processing abilities. Traditional methods lack specialized modeling mechanisms for spatial
geometric features and suffer from information loss in multi-scale feature fusion. This paper proposes the
SC-Net network, addressing these issues through three key technological innovations. First, we designed
a feature attention layer where the spatial attention module captures spatial geometric patterns through
directional feature decomposition, and the multi-scale attention module preserves feature information
at different scales through adaptive pooling strategies. Second, we constructed a three-branch fusion
transformer that employs cross-window attention and nine-group feature key-value pair interactions
to achieve collaborative modeling of spatial, multi-scale, and global features. Finally, the multi-
branch cascaded decoder enhances segmentation boundary accuracy through hierarchical feature fusion
strategies. Comprehensive experiments on three standard remote sensing datasets validated the method’s
superiority. SC-Net achieved 63.04% mean intersection over union (MIOU) on Wuhan dense labeling
dataset (WHDLD), 71.57% on Potsdam dataset, and 81.57% on Vaihingen dataset, outperforming state-
of-the-art methods such as AerialFormer and SERNet by 0.67-2.12% MIOU. The method particularly
demonstrated outstanding performance in scenarios with complex spatial structures and dense multi-scale
targets, providing an effective solution for precise remote sensing image interpretation.

Keywords: remote sensing images; semantic segmentation; cross-scale feature fusion; spatial structure
modeling; transformer; attention mechanism
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1. Introduction

The rapid development of remote sensing technology has made high-quality remote sensing images
play an increasingly important role in geological detection, land classification, and environmental
monitoring [1]. Remote sensing image semantic segmentation, as a key technology for understanding
ground object scenes at the pixel level, aims to assign accurate semantic category labels to each pixel,
thereby realizing effective extraction and utilization of rich spatial information in remote sensing images [2].

Remote sensing image semantic segmentation faces two interrelated core challenges, as shown in
Figure 1. First is the problem of insufficient spatial structure information modeling—buildings typically
present regular rectangular or polygonal structures, roads exhibit continuous linear features, while
vegetation areas display relatively irregular areal distributions [3,4]. However, existing methods often
treat these targets with essentially different spatial geometric characteristics equally, lacking targeted
spatial structure modeling capabilities [5]. Meanwhile, the problems of cross-scale information loss and
difficulty in detail preservation are also becoming increasingly prominent—due to the long shooting
distance and wide field of view of remote sensing images, targets in the same scene exhibit significant
scale variations. Large buildings may occupy hundreds of pixels, while small vehicles or trees may only
have a few pixels in size [6]. During the downsampling process of deep networks, feature information of
small-scale targets is extremely prone to loss, and traditional multi-scale processing methods are often
passive and coarse-grained, unable to adaptively adjust feature extraction strategies based on image
content [7]. These two challenges jointly lead to inaccurate boundary localization when the model
processes targets with obvious geometric features, insufficient recognition capability for small targets,
and limited segmentation accuracy in complex scenes. Figure 1(a) demonstrates the ambiguity of pixel
features in category boundary regions, Figure 1(b) reflects the difficulty of multi-scale target recognition,
and Figure 1(c) highlights the modeling challenges of targets with different spatial characteristics.
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Figure 1. Illustration of the main challenges in remote sensing image semantic segmentation.

The rise of deep learning has brought new development opportunities for remote sensing image
semantic segmentation. Fully convolutional networks (FCNs) [8] pioneered end-to-end pixel-level clas-
sification, while U-Net [9] and DeepLabV3+ [10] achieved significant progress in feature preservation
and multi-scale modeling through techniques such as skip connections and atrous convolutions. In
recent years, attention mechanism-based methods have been widely applied, such as enhancing feature
expression capabilities through spatial attention and channel attention [11], and designing multi-scale
feature fusion modules to handle scale variation problems [12].

The emergence of transformer architectures has opened new pathways for remote sensing image
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analysis [13]. Its core self-attention mechanism can establish long-range dependencies and effectively
capture global contextual information [14]. Segmentation transformers [15] first applied the pure
transformer to semantic segmentation, while the SegFormer [16] improved segmentation accuracy
through hierarchical feature fusion. However, the full-image self-attention mechanism of standard
transformers has excessively high computational complexity, limiting their application on large-scale
remote sensing images [17]. To address this issue, the Swin transformer [18] proposed a hierarchical
attention mechanism based on sliding windows, and the CSWin Transformer [19] further improved
modeling efficiency through cross-stripe window design.

The high-resolution network (HRNet) [20] demonstrates unique advantages in maintaining high-
resolution representations through multi-branch parallel architecture and has been widely applied in
remote sensing image segmentation [21,22]. Some improved methods integrate attention mechanisms
into the HRNet to enhance feature expression [23,24], while others explore hybrid CNN-transformer
architectures to balance local details and global modeling [25]. However, existing CNN-transformer
fusion methods mainly rely on simple feature concatenation or weighted fusion strategies [26], lacking
in-depth modeling of complementary relationships between different feature types, particularly still
having deficiencies in collaborative expression of spatial structure information and multi-scale features
in remote sensing images [27,28].

To address the above challenges, this paper proposes the SC-Net network, with three key technologi-
cal innovations specifically targeting the identified problems:

1). Design of the feature attention layer (FAL): To address the issue of existing methods uniformly
processing objects with different geometric features, we propose spatial attention (SA) and multi-scale
attention (MA) mechanisms. SA enhances attention to spatial feature categories such as buildings
through feature slicing and hierarchical processing, while MA reduces small-scale feature information
loss through pooling operations at different scales and learnable feature storage units. Unlike existing
attention mechanisms (CBAM [29], DAN [30]), our design is specifically tailored for the spatial
geometric characteristics of remote sensing images.

2). Proposal of the three-branch fusion transformer (TFT) architecture: To address the limitation
that existing CNN-transformer fusion methods rely on simple concatenation strategies, we design an
innovative nine-group feature key-value pair interaction mechanism based on the cross-rectangular
window partitioning strategy of the CSWin transformer, achieving efficient fusion of spatial, multi-scale,
and global features while reducing computational complexity and establishing explicit correlation
relationships among heterogeneous feature types.

3). Construction of a multi-branch cascaded decoder: To address the detail loss problem caused
by traditional single-path upsampling, we adopt a progressive feature reconstruction strategy from
low resolution to high resolution, obtaining more accurate category prediction results and boundary
localization through layer-by-layer transmission of feature information between branches.

2. Related work

2.1. Deep learning and transformer methods for remote sensing image semantic segmentation

Deep learning has fundamentally transformed remote sensing image semantic segmentation, evolving
from traditional machine learning approaches to sophisticated neural architectures capable of extracting
rich hierarchical features [31]. Recent developments have focused on addressing specific challenges

Electronic Research Archive Volume 33, Issue 10, 6391-6417.



6394

in remote sensing imagery. Wang et al. proposed AFF-UNet with adaptive feature fusion modules to
handle the diverse scales and complex backgrounds typical in aerial imagery [32]. Li et al. developed
MFCA-Net, which combines multi-feature fusion with channel attention mechanisms to improve small
object recognition [33]. These methods demonstrate the ongoing evolution toward more specialized
architectures that account for the unique characteristics of remote sensing data, including varying
illumination conditions, complex spatial arrangements, and significant scale variations [34,35].

The integration of attention mechanisms has become increasingly important in recent remote sensing
segmentation approaches. Methods such as SCAttNet and SAPNet have shown that spatial and channel
attention can significantly improve feature representation by focusing computational resources on the
most informative regions [36,37]. However, most existing CNN-based methods still face limitations in
capturing long-range spatial dependencies and global contextual relationships, which has motivated the
exploration of transformer-based architectures [2].

The introduction of vision transformers (ViTs) has marked a paradigm shift in remote sensing image
analysis, offering superior capability in modeling long-range dependencies and global contextual rela-
tionships [38]. Unlike CNNs that process images through localized convolution operations, transformers
utilize self-attention mechanisms to establish relationships between all spatial positions simultaneously,
making them particularly suitable for remote sensing images where global context is often crucial for
accurate interpretation [39].

The computational challenges of standard transformers have led to several specialized architectures
for remote sensing applications. These hierarchical attention mechanisms have proven particularly
effective for remote sensing tasks where objects appear at multiple scales and orientations [14]. Recent
work has explored hybrid CNN-transformer architectures that combine the advantages of both paradigms.
UNetFormer integrates transformer blocks within U-Net structures to capture both local spatial details
and global contextual information [40]. CTFuseNet demonstrates the effectiveness of parallel CNN
and transformer branches for crop type segmentation, showing improved performance over single-
architecture approaches [25]. However, most existing fusion strategies rely on simple concatenation or
weighted averaging, potentially limiting the full utilization of complementary information from different
architectural components.

Recent advances in few-shot semantic segmentation have explored learning with limited labeled
samples through innovative attention mechanisms. For instance, class-aware self- and cross-attention
approaches [41] have demonstrated effective strategies for capturing robust class information from
support samples in remote sensing scenarios, while global-local query-support frameworks [42]
have shown how to leverage both prototype-level semantic information and pixel-level local details
for improved segmentation. While our work addresses the standard fully-supervised scenario with
sufficient training data, these few-shot approaches provide valuable insights into attention mechanism
design and feature interaction strategies that could inform future extensions toward data-efficient remote
sensing segmentation.

2.2. Multi-scale feature fusion and attention mechanisms

Multi-scale feature fusion has emerged as a critical component in remote sensing image analysis due to
the significant scale variations inherent in aerial and satellite imagery [43]. Traditional approaches to multi-
scale processing, such as image pyramids and multi-resolution analysis, have evolved into sophisticated
deep learning architectures that can adaptively extract and combine features across different scales [44].
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Feature pyramid networks (FPNs) established the foundation for modern multi-scale fusion by
creating a top-down pathway with lateral connections to combine high-level semantic information
with low-level spatial details [45]. This architecture has been widely adopted in remote sensing
applications, with numerous improvements proposed to address specific challenges. The multi-scale
feature progressive fusion network (MFPF-Net) introduced layer feature fusion modules and multi-scale
feature aggregation to improve change detection accuracy. Similarly, MS2LandsNet demonstrated
the effectiveness of lightweight multi-scale attention mechanisms for efficient landslide detection in
medium-resolution imagery [46].

Attention mechanisms have been increasingly integrated with multi-scale architectures to improve
feature selection and fusion. The CBAM and its variants provide both channel and spatial attention
to enhance feature representation. However, these methods typically operate on individual feature
maps without considering the relationships between different scales. More recent work has explored
hierarchical attention mechanisms that can model dependencies across multiple resolution levels. The
multi-scale channel and spatial attention module (MCAM) demonstrates improved building extraction
by jointly considering multi-scale spatial and channel relationships [47].

Advanced fusion strategies have moved beyond simple concatenation or addition operations to-
ward more sophisticated integration mechanisms. The hierarchical multi-scale feature fusion network
(MHF2Net) introduces self-weighted attention blocks that automatically determine the contribution of
different scale features without requiring supervised parameters [48]. Multi-scale dense graph attention
networks have shown promise for hyperspectral image classification by modeling complex feature
relationships across different spectral and spatial scales.

Despite these advances, most existing multi-scale fusion methods face several limitations. First,
they often treat different feature types uniformly without considering their unique characteristics
and complementary relationships [49]. Second, the fusion process typically occurs at fixed network
layers, potentially missing optimal integration points for different semantic concepts [50]. Third,
current attention mechanisms primarily focus on enhancing individual features rather than modeling
the interactions between different feature types and scales [5]. Recent work has begun to address these
limitations through more sophisticated fusion architectures, with adaptive fusion strategies that can
dynamically adjust the contribution of different features based on input content showing promise for
handling diverse remote sensing scenarios [26,49]. However, the development of unified frameworks
that can effectively integrate spatial structural information, multi-scale features, and global contextual
relationships remains an active area of research [50].

Attention mechanisms have been increasingly integrated with multi-scale architectures to improve
feature selection and fusion. The CBAM and its variants provide both channel and spatial attention
to enhance feature representation, while methods like efficient channel attention (ECA) [51] and
coordinate attention (CA) [52] have explored efficient designs for modeling inter-channel and positional
relationships. However, these methods are primarily developed for natural images and typically operate
on individual feature maps without explicitly considering the unique characteristics of remote sensing
imagery. Remote sensing scenes present distinct challenges: buildings exhibit regular rectangular
structures, roads demonstrate continuous linear features, and objects show extreme scale variations
due to aerial perspective—small vehicles may occupy merely a few pixels while large buildings span
hundreds of pixels. Existing attention mechanisms lack specialized modeling for these directional
geometric patterns and struggle to preserve small-scale features during downsampling. Our feature
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attention layer addresses these challenges through targeted design, where the spatial attention module
captures directional geometric features through separate X-axis and Y-axis processing, while the multi-
scale attention module employs adaptive pooling at multiple scales with learnable feature storage to
prevent information loss of small objects during network depth progression.

3. Methodology

3.1. Overall network architecture

This section details SC-Net’s overall architecture and its key module design principles. To address the
two core challenges of insufficient spatial structure modeling and cross-scale information loss in remote
sensing image semantic segmentation, we propose a complete solution that enhances the expression of
spatial geometric features and multi-scale features through feature attention layers, achieves efficient
fusion of heterogeneous features through a three-branch fusion transformer, and implements progressive
feature reconstruction through a multi-branch cascaded decoder.
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Figure 2. Overall architecture of SC-Net showing the multi-branch encoder, feature attention
layers (FAL), three-branch fusion transformer (TFT), and multi-branch cascaded decoder.

Figure 2 illustrates the overall architecture of SC-Net. The network employs a multi-branch parallel
encoder based on HRNet as the backbone network, which can simultaneously extract and maintain
multi-scale feature representations across different resolution branches. Unlike traditional methods
that primarily focus on multi-scale feature fusion, our design emphasizes modeling the inherent spatial
structures and semantic relationships in remote sensing images.

The encoder consists of four parallel branches corresponding to different resolution levels, achieving
collaborative learning of multi-scale features through information exchange between branches. After
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each HRNet module, we introduce feature attention layers (FAL) to specifically handle the enhancement
of spatial geometric features and multi-scale features. The output of the FAL serves as input to the
three-branch fusion transformer (TFT), which achieves deep fusion of spatial features, multi-scale
features, and global features through innovative cross-rectangular window mechanisms and nine-group
key-value pair interactions.

Unlike the simple upsampling approach of the original HRNet, we design a multi-branch cascaded
decoder to achieve more precise feature decoding. The decoder adopts a progressive fusion strategy,
starting from low-resolution branches and gradually transferring and refining feature information to
high-resolution branches, ensuring effective recovery of detailed information.

3.2. Feature attention layer

Different ground object categories in remote sensing images exhibit distinct spatial distribution
characteristics and scale variations. Traditional methods often treat these heterogeneous features
uniformly, leading to loss of spatial structural information and fine-scale information. To address this
problem, we design the feature attention layer (FAL), which specifically enhances spatial geometric
features and multi-scale features through two complementary modules: spatial attention (SA) and
multi-scale attention (MA).

3.2.1. Spatial attention mechanism

Objects such as buildings and roads in remote sensing images exhibit obvious spatial geometric
regularity, and this spatial structural information is crucial for accurate segmentation. Traditional
attention mechanisms mainly focus on channel or global spatial relationships, lacking the ability to
model specific spatial directions and geometric patterns.

As shown in Figure 3, spatial attention (SA) employs a parallel branch structure to extract latent
spatial features. We treat the input features as three-dimensional spatial representations and divide them
into g slices along the channel dimension, with each slice independently processed in spatial dimensions.
This design enables the model to focus specifically on spatial patterns in different directions, particularly
the rectangular structures of buildings and linear features of roads.

For the g-th feature slice, SA first applies SoftPool operations in both the X-axis and Y-axis directions
to capture directional features, and then performs feature encoding through 1 X 1 convolution and
sigmoid activation functions. Meanwhile, we apply 1 X 1 convolution to the original features to
concentrate channel dimension information. Subsequently, X-axis, Y-axis, and C-axis dimension
features are encoded through Softmax and average pooling operations to generate more refined spatial
representations.

Mathematically, this process can be expressed as:

X, = Sigmoid(Conv iy (SoftPoolx(F,))) © F, (3.1
Y, = Sigmoid(Conv 4 (SoftPooly(F,))) © F, 3.2)
C, = Convx(F,) (3.3)
SA; =X, +Y, +Cy 34)

where F, and S A, represent the input and output of the g-th feature slice, respectively. Finally, we
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concatenate all group slices as the output of SA:

SAyu = Concat([SA,S A, ..., SA,]D (3.5)

N
<
-
N
A
“N
~_ N\
N
NN S
A
\
\
o
g
=
7
s

[00d}oS X ‘
prowsig

@
=
&,
Z
B

]

=

j00dSAy | | Xeunjos |

©

i
2.
o

|
I x]AU0D) | | |x[Au03|

1< [AUOD)+1BOU0 )

=
(0]
[0040S A
o
05
X
K

R
[
[
[ —
[ .
¢ ° R £l b
>

[ _’3
[ A £

[ ] [ | g
i L —
[ =
[ - z c/gx1+1
[ — e
vy &
N S
NN NN

h SN (-

w
c/g

Figure 3. Spatial attention (SA) mechanism with parallel branch structure for extracting
directional spatial features.

3.2.2. Multi-scale attention mechanism

The long imaging distance and wide coverage of remote sensing images result in significant scale
differences among objects in the same scene. Traditional downsampling operations easily cause loss
of small-scale object features, affecting segmentation accuracy. Multi-scale attention (MA) adaptively
addresses this problem by designing pooling modules at different scales.

As shown in Figure 4, MA performs downsampling at four different scales on input features,
generating features of sizes 1, 2, 4, and 8, and then concatenates them to obtain multi-scale features of
the image. To better learn and encode multi-scale features, we introduce learnable feature storage units
D, which can store learned main feature information to accelerate model convergence.

This process can be expressed as:

M, = AVgPOOIn(Fbackbone) (36)
Mconcat = COHC&t([Ml s My, My, MS]) (37)
MArJut =D O M oncar + Meoncar (38)

where Fpucipone 1 the backbone feature extracted from the high-resolution branch of SC-Net, n represents
the size after downsampling, and D is the learnable spatial feature storage unit.
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Figure 4. Multi-scale attention (MA) mechanism with different scale pooling operations and
learnable feature storage units.

3.3. Three-branch fusion transformer

Traditional feature fusion methods mainly rely on simple feature concatenation or weighted summa-
tion, which limits the full utilization of complementary relationships between different feature types.
To achieve deep fusion of spatial features, multi-scale features, and global features, we propose the
three-branch fusion transformer (TFT).

The TFT combines innovative cross-rectangular window partitioning strategies with complex nine-
group feature key-value pair interaction mechanisms, not only reducing computational complexity but
more importantly establishing explicit correlation relationships between heterogeneous feature types,
significantly enhancing the model’s representational capability.

3.3.1. Window partitioning strategy

Standard transformers perform self-attention computation on entire images, leading to excessively
high computational complexity (Figure 5(a)). The Swin transformer reduces complexity through
sliding square windows but fixed window sizes limit global modeling capability (Figure 5(b)). The
CSWin transformer adopts cross-stripe window design (Figure 5(c)), achieving better global feature
representation through point-center feature encoding.
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Figure 5. Comparison of attention mechanisms: (a) standard transformer, (b) Swin trans-
former, (c) CSWin transformer with cross-shaped windows.

Our TFT inherits the advantages of the CSWin transformer’s cross-rectangular window partitioning
but innovatively designs a three-branch feature fusion mechanism. Unlike standard methods where each
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attention head processes the same type of features, we assign three different features from MA, SA, and
their matrix sum to different branches for processing.

3.3.2. Nine-group key-value pair interaction mechanism

As shown in Figure 6, The TFT processes multi-scale features, spatial features, and global features
through three branches respectively. The input of each branch generates a corresponding Query, Key,
and Value through linear transformations:

e Multi-scale feature branch: F,, — (¢, ki, Vin)
e Spatial feature branch: F; — (g, ks, vy)
e Global feature branch: F, — (g, kg, V)

Concat+Linear

Matmul | +——

Softmax

f
t
t
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Avg | | Soft | Max
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Figure 6. Three-branch fusion transformer (TFT) architecture with a nine-group key-value
pair interaction mechanism.

The core innovation of the TFT lies in the cross-use of key-value pairs from different branches. For
the multi-scale feature branch, we use the combination of g,,, k,, v; for the spatial feature branch, we
use the combination of g, k,, v,,; and for the global feature branch, we use the combination of g,, k,,,
v,. This cross-configuration ensures deep interaction between different feature types.

For the i-th attention head in the multi-scale feature branch, feature keys and values are divided into
different cross-windows through linear transformation:

[qima kis, vig] = Linear([Qm’ ks, Vg]) (3.9
where the number of windows is N = 5;;;;, and w,. and H are the width and length of the cross-windows,

respectively.
Multi-scale information is obtained through feature encoding:

. qimkiTs
Attention;,, = Softmax A Vig (3.10)
k
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M = Concat([Atty,,, Atty,, ..., Att,]) 3.11)

Similarly, the spatial feature branch and global feature branch compute, respectively:

qisk{g

Attention;, = Softmax | —= | v, (3.12)
Vd

S = Concat([Att,, Attog, . .., Attz]) (3.13)

Att;, = Soft (Qigkg”) (3.14)

ic = DOoItmax Vis .

¢ Vi

G = Concat([Att;g, Atty,, ..., Atts,]) (3.15)

Finally, the outputs of the three branches are concatenated along the window number dimension, and
then adapted to C X H X W dimensions through linear embedding and reshaping operations, maintaining
consistency with original feature dimensions.

To ensure reproducibility, we provide complete specifications of the TFT implementation. The
attention head dimension at each stage is computed as d; = C/h, where C represents the channel
dimension from Table 2 (cy, ¢, c3, ¢4 for the four stages) and /4 denotes the number of attention heads
(hy = 4,h, = 4,h; = 8 for SC-L as shown in Table 2). We employ layer normalization in a pre-
norm configuration, applying it before the attention operation and before the feed-forward network.
Relative position bias is used for positional encoding, learning a bias term for each relative position
within the cross-shaped windows, similar to the approach in the Swin transformer. The feed-forward
network (MLP) consists of two linear layers with GELU activation, where the hidden dimension is
expanded by a factor of 4 (i.e., intermediate dimension = 4C). Residual connections are applied around
both the attention module and the MLP block. The complete computation for each branch follows:
X’ = X + Attention(LN(X)), and X" = X’ + MLP(LN(X")), where LN denotes layer normalization. The
dropout rate is set to 0.1 for both attention weights and the MLP output. All three branches share this
identical architectural structure, with the distinguishing feature being the cross-branch key-value pair
assignments described in Egs (3.9)—(3.15).

3.4. Multi-branch cascaded decoder

Remote sensing image semantic segmentation requires precise boundary localization and fine-grained
detail preservation. Traditional single upsampling methods often lead to a loss of spatial details. We
design an advanced multi-branch cascaded decoder architecture that starts feature reconstruction from
low-resolution branches and systematically propagates refined feature information to higher-resolution
branches, achieving hierarchical feature enhancement.

As shown in the decoder part of Figure 2, our method sequentially processes low-resolution features
from the encoder and integrates them into preceding high-resolution branches to ensure robustness. Each
decoder module implements batch normalization to optimize feature distribution uniformity, followed
by 1 X 1 convolution for channel dimension reduction and bilinear interpolation for 2X upsampling.

This progressive decoding strategy can fully utilize complementary information from different
resolution levels, gradually refining from coarse-grained semantic information to fine-grained spatial
details, ultimately achieving high-quality segmentation results.
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3.5. Loss function

To optimize network training, we adopt a combination of cross-entropy loss and Dice loss, both
widely applied in semantic segmentation tasks. Cross-entropy loss quantifies pixel-level deviations from
ground truth label values, while Dice loss measures category-level distribution differences from target
distributions. Our composite loss function is defined as:

Ltotal = LCrossEntropy + LDice (316)

This combination of loss functions can simultaneously consider pixel-level accuracy and region-level
consistency, facilitating better segmentation performance.

3.6. Architecture variants and module parameters

To validate the effectiveness of the proposed SC-Net architecture, we construct three architecture
variants by adjusting specific module parameters in the model: SC-net-tiny (SC-T), SC-net-small (SC-S),
and SC-net-large (SC-L).

The specific settings of the SC-Net architecture modules are shown in Table 1. The network contains
four main stages, each performing feature extraction and processing at different resolution levels. In the
4x downsampling stage, the network first establishes basic feature representations through standard
convolution operations. Starting from the 8x downsampling stage, The TFT modules are introduced for
multi-type feature fusion, while the TFT continues to be applied in the 16X and 32X stages to process
deeper semantic features.

Table 1. SC-net architecture module settings.

Stage Stage 1 Stage 2 Stage 3 Stage 4
1x1,64 1Xbyxm

4x  3x3,64 TFT }TFT Z‘FT
1x1,256  hi,we, 81 2:We2, 82 113, We3» 83

Xby X my Xby X my

8x gig%l 3%3, N, 3x3.N,
el 3% 3, N, 3%3, Ny

Xb3 X m3

16x gii x“z 3% 3, No
* 3% 3 Ny

3% 3, N

32X 3%3, N

The parameters in Table 1 are defined as follows: (hy, h,, h3) represents the number of heads in the
TFT; (N.1, N2, N3) represents the number of output channels; (b1, by, b3, by) represents the number of
HRNet blocks; (m,, m,, m3, my) represents the number of HRNet modules; (g, g2, g3) represents the
number of feature slices in SA; and (w,1, w2, W) represents the width of cross-rectangular windows.

To accommodate different computational resources and accuracy requirements, the specific module
parameter configurations of the three architecture variants are shown in Table 2.
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Table 2. Module parameters for three architecture variants.

Variant (b1, b2, b3,b4)  (my,mp,m3,ms)  (81,82,83) Wel,We2,We3)  (hi,ha,h3)  (ci,¢2,¢3,¢4)

SC-T  (44.4.4) (1,1,4,3) (8.8,8) (2,2,2) (4.4.4) (32,64,128,256)
SC-S (4,4,4,4) (1,1,4,3) 9.9.9) (4,4,4) (4,4,4) (36,72,144,288)
SC-L (4,4,4,4) (1,1,4,3) (10,10,10) (4,4,4) (8,8,8) (40,80,160,320)

SC-T, as the most lightweight variant, adopts smaller numbers of feature slices (8) and cross-window
width (2), suitable for scenarios with limited computational resources. SC-S increases the number of
feature slices (9) and window width (4), providing a balance between accuracy and efficiency. SC-L,
as the largest variant, uses the most feature slices (10) and attention heads (8), achieving optimal
segmentation performance but requiring more computational resources.

This hierarchical architecture design enables SC-Net to flexibly adapt to different application scenar-
i0os. Users can select appropriate variants based on specific performance requirements and computational
constraints, finding the optimal balance between accuracy and efficiency.

4. Experiments

To validate the effectiveness of SC-Net in addressing the problems of insufficient spatial structure
modeling and cross-scale information loss in remote sensing image semantic segmentation, we con-
ducted extensive experiments on three classic remote sensing image datasets, including ablation studies,
architecture variant comparisons, and comparative analysis with other state-of-the-art methods.

4.1. Datasets

The WHDLD dataset [53] is a high-density annotated remote sensing dataset created by Wuhan
University, containing 4940 high-resolution remote sensing images of size 256 x 256 with RGB imaging
bands, covering six categories: bare soil, buildings, pavement, vegetation, roads, and water bodies. The
building and road categories in this dataset have obvious spatial geometric features, making it very
suitable for validating our spatial structure modeling approach.

The ISPRS Potsdam dataset [54] comes from Potsdam, Germany, consisting of 38 images of size
6000 x 6000 with a resolution of 5cm, containing 6 categories. We selected partial images (Image IDs:
2.13,2.14,3.13,3.14,4_13, 414, 4_15, 513, 5_14, 5_15, 614, 6_15, 7_13) and divided them into
256 x 256 size, totaling 6877 images. The high-resolution characteristics of this dataset make it an ideal
choice for testing cross-scale information preservation capabilities.

The ISPRS Vaihingen dataset is a classic rural remote sensing dataset containing 3 areas and 33
images of different sizes with a resolution of 9 cm, bands including near-infrared, red, and green, and 6
land cover categories. We divided it into 12,491 images of size 256 x 256 for experimental research and
removed background categories that had minimal impact on research significance.

To evaluate model robustness, we apply data augmentation techniques to all three datasets, including
rotation, flipping, and Gaussian noise. Unless otherwise specified, all experiments use an 8:1:1 ratio for
training, validation, and test sets.
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4.2. Experimental setup and evaluation metrics

We employ the SGD optimizer during model training with a momentum of 0.9 and weight decay
of 0.0001. The initial learning rate is set to 0.001 with a warmup strategy for the first 5 epochs, where
the learning rate increases linearly from 0.0001 to 0.001. After warmup, we adopt a step decay strategy
that halves the learning rate every 20 epochs, with the minimum learning rate set to 1e-6 and maximum
epoch set to 100. The batch size is set to 16, and all training is performed on 2 GeForce RTX3090 GPUs
with CUDA 11.3 and PyTorch 1.12.0. We utilize mixed precision training (FP16) with automatic mixed
precision (AMP) to accelerate training and reduce memory consumption. The model employs dropout
with a rate of 0.1 in the transformer modules to prevent overfitting. Data augmentation techniques
include random rotation with angles (0°, 90°, 180°, 270°), horizontal and vertical flipping with a
probability of 0.5, and Gaussian noise with a standard deviation of 0.01. To prevent statistical errors, all
experiments are performed 3 times and the average of the 3 results is taken as the final result.

The three most representative evaluation metrics in semantic segmentation research are used in this
paper: mean intersection over union (MIOU), mean pixel accuracy (MPA), and mean F1 score (MF1).
These metrics can be obtained from the confusion matrix of the experimental results, which consists of
four components: true positive (TP), false positive (FP), true negative (TN), and false negative (FN).
The three evaluation indicators can be expressed as follows:

TP
10U = “4.1)
TP+ FP+FN
Precision = TP/(TP + FP) 4.2)
Recall =TP/(TP + FN) 4.3)

Flo2x pr€Cl.Sl.01’l X recall (4.4)
precision + recall

MIOU, MF1, and MPA represent the mean of all classes IOU, F1, and precision.

4.3. Architecture variant performance comparison

To validate the performance of SC-Net architecture variants, we conducted comparative experiments
on the WHDLD dataset, comparing them with classic Deeplab models and HRNet with corresponding
parameters. Table 3 shows the detailed experimental results.

From the results, SC-Net’s FLOPs are significantly lower than those of HRNet with similar parame-
ters, mainly due to the CSWin cross-window method adopted in the TFT that reduces computational
complexity. Under these circumstances, SC-Net significantly outperforms HRNet with the same pa-
rameters, indicating that our designed feature attention layer and TFT can effectively integrate different
types of features to achieve higher-quality feature encoding.

It is worth noting that DeepLabv3+ shows significant performance degradation when the parameter
count decreases, possibly because atrous convolutions tend to lose more features in lightweight models.
ABCNet enhances remote sensing image segmentation capability through dual-path focusing on spatial
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and contextual information, but its performance is inferior to SC-Net, possibly due to a lack of fusion
for different types of features to obtain high-level semantic features from multiple perspectives.

Table 3. Results of different architecture variants on the WHDLD dataset.

Method Backbone Params (M) FLOPs(G) MIOU MPA MF1

DeepLabv3+ ResNet34 224 7.932 54.07 67.08 67.51
DeepLabv3+ ResNet50  26.67 9.233 5594 68.22 69.42
DeepLabv3+ ResNetl01 45.67 14.108 58.64 71.20 71.94
ABCNet ResNet34  23.72 6.579 58.01 69.01 70.10
ABCNet ResNet50  28.79 9.693 60.99 72.15 73.01
ABCNet ResNet101 47.78 14.712 62.17 7421 75.82
HRNet W32 29.55 11.339 56.87 70.01 70.32
HRNet W36 37.27 13.982 5843 71.11 71.56
HRNet W40 45.89 16.862 61.09 72.89 73.68
SC-Net SC-T 29.33 10.507 58.27 70.26 71.27
SC-Net SC-S 37.14 12.327 61.33 73.07 73.89
SC-Net SC-L 45.68 14.618 63.04 75.54 76.22

4.3.1. Overall architecture ablation experiment

To validate the effectiveness of the proposed modules, we conducted ablation experiments on the
WHDLD dataset. We used the version with a TFT, FAL, and decoder modules removed as the baseline.
Table 4 and Figure 7 show the evaluation metric results and partial visualization prediction results of the
experiments, respectively.

Table 4. Overall architecture ablation study results on the WHDLD dataset.
Baseline TFT FAL SC-up HR-up Params (M) FLOPs(G) MIOU MPA MFl

v v v 45.09 13.231 62.10 73.67 74.40
v v v 45.25 13.389 62.49 7453 75.19
v v v v 45.68 14.618 63.04  75.54 76.22
HRNet(W40) 16.862 61.09 72.89 73.68

The ablation results reveal several important insights about module interactions. First, adding a TFT
alone (first row) improves MIOU by 0.39% over the baseline while reducing FLOPs, demonstrating
its efficiency in feature fusion without computational overhead. Second, the decoder module (second
row) contributes an additional 0.39% improvement, showing that progressive upsampling effectively
preserves spatial details. Third, the complete model with FAL (third row) achieves the highest perfor-
mance with 63.04% MIOU, indicating that FAL’s spatial and multi-scale attention mechanisms provide
complementary benefits to the TFT’s feature fusion. The consistent performance gains at each stage
suggest that the three modules address different aspects of the segmentation task without redundancy:
the TFT handles heterogeneous feature fusion, the decoder manages spatial resolution recovery, and
FAL enhances specific feature types. Notably, we observe no negative interactions among modules,
as each addition monotonically improves performance. The visualization in Figure 7 further confirms
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Pavement Vegetable

Image Ground Truth

Figure 7. Ablation study visualization results showing progressive improvements with each
module addition.

these quantitative findings, where each module addition progressively refines boundary accuracy and
reduces misclassification, particularly in challenging regions marked by red boxes.

4.4. Ablation studies

Figure 7 shows the visualization results of the ablation experiments. We can see that after adding
each module, the prediction results are closer to the ground truth labels, demonstrating the effectiveness
of our designed modules. Particularly in building boundaries and small target areas, the advantages of
SC-Net in spatial structure modeling and cross-scale information preservation are clearly visible.

4.4.1. Feature attention layer ablation study

In this section, we compare the attention modules used in our feature attention layer with other
excellent module combinations, including CBAM+CA and DAN+ECA, where CBAM and DAN use
two branches to obtain spatial features and channel features from different perspectives, CA groups
features to model feature directional information, and ECA learns relationships between local and global
features through feature compression.

The results in Table 5 show that our designed SA+MA combination achieves better performance.
We believe the reason is that the four-branch different-scale pooling layers of MA can better combine
with SC-Net’s multi-branch structure to extract more detailed multi-scale features; SA hierarchically
processes features, focusing on spatial feature information encoding modeling that might be ignored by
other models, helping to further enhance network segmentation performance.

To gain deeper insights into the operational mechanisms of different modules, we employed Grad-
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CAM visualization to analyze feature activation maps in building category prediction results (as shown
in Figure 8). The visualization results clearly demonstrate that our proposed SA+MA architecture
achieves superior performance compared to DAN+ECA and CBAM+CA configurations in building
contour localization. Notably, in building boundary regions, SA+MA produces more concentrated and
distinct activation responses, attributed to the effective spatial structure information modeling of the
SA module. Additionally, through the multi-scale feature extraction capability of the MA module, the
model exhibits enhanced adaptability to building targets of different scales.

Table 5. Feature attention layer ablation study results on the WHDLD and Potsdam datasets.

WHDLD Potsdam
FAL Params (M)~ FLOPs (G) —tram—NpA  MFT  MIOU MPA  MFI
DAN+ECA 45.74 14.735 61.83 73.88 7426 7054 81.94 81.02
CBAM+CA  45.64 14.790 62.07 7401 7431 7023 8201 8145
SA+MA 4568 14.618 63.04 7554 7622 7157 83.02 8277

G

i]‘ -

“ﬁ“ .

«

-

Image Ground Truth DAN +ECA CBAM+CA SA+MA

Figure 8. Grad-CAM visualization comparison of different attention mechanisms for building
category prediction.

4.4.2. Window partitioning method ablation study

In this section, we conducted ablation experiments on our designed window partitioning. Table 6
shows partitioning in Swin-T square windows and CSwin-T cross-rectangular windows, respectively.
We can see that the model performs better with the latter method, possibly because cross-rectangular
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windows can focus on areas around feature points through different heads, having advantages in global
modeling effects, while square windows may need to rely on more layers to increase global modeling
capability. However, too many layers lead to high hardware consumption and model overfitting.

Table 6. Window partitioning method ablation study results on the WHDLD and Potsdam

datasets.
Partitionin . fwo X H WHDLD Potsdam
artiioning - wy X W/ We MIOU MPA MFI MIOU MPA MFI
Swin-T 16 % 16 62.17 7431 7488 7077 8232 8134
CSWin-T 4 X 64 63.04 7554 7622 7157 83.02 82.77

4.4.3. Hyperparameter sensitivity analysis

To validate our design choices, we conduct sensitivity analysis on key architectural parameters.
Table 7 shows the impact of feature slice number g in SA and cross-window width w,. in the TFT on the
WHDLD dataset using the SC-L variant.

For the feature slice number g, performance improves as g increases from 6 to 9, with MIOU
rising from 61.87% to 63.04%. However, further increasing g to 10 yields only marginal gains of
63.09%, suggesting that 9 slices provide sufficient directional feature decomposition for capturing
spatial geometric patterns. The cross-window width w, demonstrates optimal performance at w, = 4
with 63.04% MIOU. Smaller windows of w, = 2 achieve only 62.17% MIOU, lacking sufficient
contextual information for effective global modeling, while larger windows of w. = 8 reach 62.83%
MIOU but increase computational complexity without proportional performance benefits. These results
confirm the robustness of our default parameter settings and provide practical guidance for applying
SC-Net to different remote sensing scenarios.

Table 7. Sensitivity analysis of key hyperparameters on the WHDLD dataset.

Parameter setting MIOU (%) MPA (%)
Feature slices g in SA (with w, = 4)

g=06 61.87 73.21
g=38 62.76 74.88
g = 9 (default) 63.04 75.54
g=10 63.09 75.61
Cross-window width w. in TFT (with g = 9)
we =2 62.17 74.31
we = 4 (default)  63.04 75.54
w.=28 62.83 75.29

4.5. Comparison with other methods
4.5.1. Comparison on the WHDLD dataset

We conducted SC-Net experiments on the WHDLD dataset under different training set ratios
and compared with other excellent works, including: AerialFormer [55], SERNet [56], HRViT [57],
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DecoupleNet [58], SFA-Net [59], A2-FPN [60], UNetFormer, HRFormer [61], and RSSFormer.

Table 8 shows experimental results under different dataset split ratios (training:validation:test). The
results demonstrate that SC-Net consistently outperforms other methods under different dataset splits.
Specifically, under the 8:1:1 split ratio, SC-Net achieved 63.04% MIOU, surpassing transformer-based
state-of-the-art methods such as AerialFormer and SERNet.

Table 8. Comparison results under different dataset split ratios on the WHDLD dataset.

Method Backbone 8:1:1 7:1:2 6:2:2
MIOU MPA MF1 MIOU MPA MF1 MIOU MPA MF1
HRViT HRViIT-b3  60.78 73.89 73.72 60.11 72.28 72.60 59.01 71.99 72.23

HRFormer HRFormer-B 61.01 74.22 74.56 60.43 72.57 73.36 59.88 72.07 73.72
A2-FPN ResNetl01 61.22 74.4374.99 60.77 74.01 74.09 60.17 73.71 73.32
SERNet EResNet 61.47 73.56 74.32 60.35 72.47 73.88 59.56 71.01 72.48
DecoupleNet DNetD2 61.54 73.9573.9560.83 72.2273.57 60.31 71.4570.34
UNetFormer ResNetl01 61.56 74.02 74.22 60.80 73.76 74.13 60.24 73.03 73.81

RSSFormer RSS-L 61.94 74.46 74.87 61.17 75.1574.99 60.69 73.51 74.02
SFA-Net EfficientNet 62.32 73.97 73.48 61.45 72.46 72.94 59.87 71.6571.46
AerialFormer ViT-B 62.37 72.99 73.54 62.01 74.36 72.57 60.01 71.47 72.35
SC-Net SC-L 63.04 75.5476.22 62.37 75.2475.42 61.45 74.00 74.83

This improvement can be attributed to our efficient multi-type feature fusion strategy. While Aerial-
Former excels at capturing global dependencies through its aerial perspective design, it lacks effective
mechanisms for integrating spatial structural information. HRViT and HRFormer, both built on high-
resolution backbone networks, achieve competitive performance but show limitations in feature fusion.

The visualization results in Figure 9 further confirm our quantitative findings, showing that SC-
Net produces more precise segmentation boundaries and better preserves details compared to other
methods. This is particularly evident in challenging areas with significant scale variations or complex
spatial structures.

Image Ground Truth HRVIiT HRFormer A™FPN SERNet DecoupleNet UNetFormer RSSFormer SFA-Net AerialFormer EFMNet

Figure 9. Visualization comparison results on the WHDLD dataset showing SC-Net’s superior
boundary preservation and detail recovery.
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4.5.2. Comparison on Potsdam and Vaihingen datasets

To validate SC-Net’s generalization capability across different scenarios, we conducted experiments
on the Potsdam and Vaihingen datasets, which represent different remote sensing image scenarios. We
compared with other excellent works, including AerialFormer, SERNet, DecoupleNetD2, SFA-Net,
DAFormer [62], ST-UNet [63], SegViT [64], DC-Swin [65], and ABCNet.

Table 9 shows the results of these experiments. We can see that better results were obtained on
both datasets, proving that SC-Net can handle datasets from different scenarios well. Compared to
CNN-based models such as SERNet and SFA-Net, SC-Net can more effectively capture global feature
information. Compared to DC-Swin, SC-Net’s multi-branch design allows it to extract diverse feature
types, enabling the model to obtain advanced semantic representations.

Table 9. Comparison results on the Vaihingen and Potsdam datasets.

Vaihingen Potsdam
Method Backbone  —rsVIBA  MFI  MIOU MPA  MFI
DAFormer  — 7923 8736 87.81 6779 80.01 80.12
ST-UNet - 79.42 8731 8773 6833 7923 79.45
SegViT ViT-B 79.01 8722 8824 69.01 79.57 80.01

DecoupleNet DNetD2 79.45 86.32 86.45 69.32 81.25 80.02
UNetFormer ResNetlO1  79.29 87.34 8842 6945 8132 81.21

SERNet EResNet 79.49 87.01 87.64 70.01 81.49 &1.35
DC-Swin Swin-B 79.67 87.37 88.01 69.67 80.19 80.74
SFA-Net EfficientNet 80.37 86.23 87.45 70.01 81.37 80.49
AerialFormer ViT-B 80.45 8594 8721 6990 82.01 &81.22
SC-Net SC-L 81.57 88.82 8942 71.57 83.02 82.77

Figure 10 shows the visualization comparison results on the Potsdam dataset. We can see that
SC-Net’s results are close to the ground truth labels, performing better in the “building” category. We
believe this may be due to our designed SA having stronger attention to spatial categories.

idﬂdﬂﬂdﬂd

Wi dddddidda
PERAE R R RR

Image Ground Truth DAFormer ST-UNet SegViT DecoupleNet UNetFormer DC-Swin SFA-Net AerialFormer EFMNet

Figure 10. Visualization comparison results on Potsdam dataset demonstrating SC-Net’s
effectiveness in building segmentation.
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4.6. Computational efficiency analysis

To provide a comprehensive evaluation of model efficiency, we report the training and inference
time for all SC-Net variants on the WHDLD dataset. Table 10 summarizes the computational
performance metrics.

Table 10. Computational efficiency comparison of SC-Net variants on WHDLD dataset.

Model Params (M) FLOPs (G) Training time Inference time FPS
(s/epoch) (ms/image)
SC-T 29.33 10.507 165 18.4 54.3
SC-S 37.14 12.327 192 22.7 44.1
SC-L 45.68 14.618 223 27.5 36.4
HRNet-W32  29.55 11.339 178 21.3 46.9
HRNet-W40 45.89 16.862 248 32.8 30.5
DeepLabv3+ 26.67 9.233 152 16.2 61.7

As shown in Table 10, SC-Net achieves a favorable balance between accuracy and efficiency. SC-T
demonstrates competitive training efficiency at 165 seconds per epoch (approximately 2.75 minutes) and
achieves 54.3 FPS during inference with 18.4 ms per image, which is suitable for real-time applications.
Although slightly slower than DeepLabv3+ (152 s/epoch), SC-T achieves significantly higher accuracy
(58.27% vs. 55.94% MIOU from Table 3). Notably, SC-L demonstrates better computational efficiency
than HRNet-W40 with comparable parameters, requiring 10.1% less training time per epoch and 16.2%
faster inference speed, while achieving 1.95% higher MIOU. This efficiency gain is primarily attributed
to the cross-rectangular window mechanism in the TFT that reduces computational complexity compared
to full attention mechanisms.

5. Conclusions

5.1. Main contributions

Our core contributions include: First, we designed the FAL module, where SA specifically enhances
modeling capabilities for spatial feature categories such as buildings through feature slicing, and MA
reduces small-scale feature loss through multi-scale pooling and learnable feature storage units. Second,
we proposed the TFT architecture, which achieves efficient fusion of spatial, multi-scale, and global
features based on cross-rectangular window partitioning and nine-group key-value pair interaction
mechanisms, reducing computational complexity while establishing explicit correlation relationships
between heterogeneous features. Additionally, the multi-branch cascaded decoder adopts a progressive
feature reconstruction strategy, effectively improving detail recovery capabilities.

5.2. Performance and limitations

Our proposed SC-Net achieves state-of-the-art performance across three benchmark datasets. Specif-
ically, SC-Net-L attains 63.04% MIOU, 75.54% MPA, and 76.22% MF1 on the WHDLD dataset,
representing improvements of 0.67-2.12% MIOU over existing methods. On the ISPRS Potsdam dataset,
we achieve 71.57% MIOU, 83.02% MPA, and 82.77% MF1. For the ISPRS Vaihingen dataset, our
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method reaches 81.57% MIOU, 88.82% MPA, and 89.42% MF1, demonstrating consistent superiority
across different remote sensing scenarios.

However, several limitations should be acknowledged. First, while SC-Net shows strong performance
on regular geometric objects like buildings and roads, it may be less effective for highly irregular natural
objects such as complex vegetation boundaries or irregular water bodies. Second, the model’s compu-
tational cost, though optimized through cross-rectangular windows, remains higher than lightweight
CNN-based methods, which may limit deployment on resource-constrained platforms. Third, our exper-
iments focus on images with 256 X 256 resolution, and the model’s scalability to very high-resolution
images (e.g., 2048 x 2048) requires further investigation. Fourth, the current design relies on three
separate modules (FAL, TFT, decoder), and exploring more integrated architectures could potentially
reduce parameter redundancy. Finally, while we validate on three datasets, testing on more diverse
remote sensing scenarios (e.g., multi-temporal analysis, different sensor types) would further establish
the method’s generalizability.

Future research will focus on addressing these limitations by developing more lightweight variants for
edge deployment, extending the framework to handle irregular objects more effectively, and exploring
its application in multi-temporal change detection and cross-sensor scenarios.
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