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ABSTRACT: High-resolution remote sensing semantic segmentation is a fundamental task in Geospatial Artificial
Intelligence (GeoAI). Existing CNN-based methods are effective for local and multiscale feature extraction but often
lack progressive cross-scale semantic propagation, while attention- and Transformer-based methods improve global
spatial modeling but generally ignore frequency-domain regularities. To address these limitations, this study proposes
a Multiscale Long-Distance Feature Aggregation Network (MLFANet), a unified spatial-frequency segmentation
framework for high-resolution remote sensing imagery. MLFANet introduces three key components: a Multiscale
Global Dependency Extraction module for cascaded cross-scale contextual refinement, an FFT-based frequency-
domain branch with learnable global filtering for capturing structural and texture regularities, and a bidirectional
Spatial-Frequency Fusion module for adaptively aligning spatial details with frequency responses. Experiments on the
ISPRS Potsdam and Vaihingen datasets demonstrate the effectiveness and feasibility of the proposed model. MLFANet
achieves AF, MIoU, and OA values of 86.03%, 76.21%, and 88.70% on Potsdam, and 83.17%, 71.90%, and 86.33%
on Vaihingen, respectively, outperforming representative CNN-based, attention-based, and hybrid models in overall
metrics. In terms of computational complexity, MLFANet requires 17.49 G FLOPs under an input size of 256× 256 pixels,
indicating its practical feasibility for patch-based high-resolution remote sensing segmentation. Ablation studies further
verify that multiscale dependency extraction, frequency-domain modeling, and adaptive spatial-frequency fusion each
contribute to the final performance.

KEYWORDS: Geospatial artificial intelligence (GeoAI); high-resolution remote sensing images; semantic segmenta-
tion; spatial-frequency fusion; multiscale feature aggregation; attention mechanism

1 Introduction
The rapid development of geospatial artificial intelligence (GeoAI) has significantly advanced the

automatic interpretation of high-resolution remote sensing imagery. As a fundamental task in GeoAI,
semantic segmentation aims to assign a land-cover or land-use label to each pixel, thereby supporting
a wide range of downstream applications [1–4]. Compared with natural-scene semantic segmentation,
geospatial semantic segmentation in high-resolution aerial or satellite imagery involves more complex
imaging conditions and spatial organizations. Objects are observed from a nadir or near-nadir perspective,
where buildings, roads, trees, vehicles, shadows, and low vegetation are densely interleaved within the same
scene. In addition, high-resolution remote sensing images often contain multi-band radiometric variations,
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illumination differences, seasonal changes, topological shadows, repeated artificial textures, and severe scale
imbalance between large-area objects such as buildings or impervious surfaces and small objects such as
cars. These characteristics make high-resolution remote sensing segmentation not merely a general dense
prediction problem, but a geospatial interpretation task requiring scale-aware, context-aware, and structure-
preserving representation learning [5,6], which is also consistent with recent studies on context-aware aerial
landslide extraction and adaptive frequency–spatial interaction for aerial image semantic segmentation [7,8].

Despite remarkable progress in deep learning-based semantic segmentation, high-resolution remote
sensing imagery still poses challenges that are not fully addressed by standard computer vision architectures.
CNN-based segmentation networks are effective in extracting local textures, object boundaries, and hierar-
chical semantic features. Representative multiscale methods, including A2-FPN [9], improved PSPNet [10],
MCSNet [11], and MAResUNet [12], enhance contextual perception through feature pyramids, pyramid
pooling, multi-branch encoding, or attention-enhanced encoder–decoder structures. However, most of these
methods rely on parallel fusion, skip connections, or direct concatenation for multiscale aggregation, which
may limit progressive semantic interaction across different receptive fields. This limitation is particularly
important for high-resolution aerial scenes, where large buildings, roads, vegetation regions, and small
vehicles coexist within the same image.

Attention mechanisms and Transformer-based architectures have been introduced to strengthen long-
distance dependency modeling. Liu et al. [13] analyzed the applicability of Transformers to remote sensing
semantic segmentation, while STUNet [14] and CMTFNet [15] explored Transformer-based or CNN–
Transformer hybrid structures for hierarchical contextual modeling. Recent attention-enhanced models,
including AFENet [16], TerraSegNet [17], ABCNet [18], class-feature-attention-based DeepLabv3+ [19], and
self-attention/state-space-based lightweight segmentation networks [20], further demonstrate the effective-
ness of global context modeling. Nevertheless, these methods mainly operate in the spatial domain. Full
self-attention may introduce considerable computational cost for dense high-resolution imagery, whereas
window-based or hierarchical attention may restrict long-distance information exchange. Moreover, spatial-
domain attention alone does not explicitly exploit frequency-domain regularities in aerial scenes, such as
repeated rooftops, road networks, vegetation textures, shadows, and large homogeneous regions.

Spatial-frequency representation learning provides a complementary perspective for remote sens-
ing image segmentation. Frequency-domain information can describe global layouts, periodic textures,
structural continuity, and boundary-related details beyond spatial convolution or spatial attention. Recent
studies, including SFFNet [21], spatial–frequency dual-domain modeling [22], SF3Net [23], FSDENet [24],
adaptive frequency enhancement [25], and frequency decoupling networks [26], have verified the potential
of frequency-aware representation. However, many existing spatial-frequency methods still rely on direct
concatenation, addition, fixed filtering, or single-stage frequency enhancement. These strategies may be
insufficient for aligning spatial semantic features with frequency-domain structural cues, because the two
domains describe image content from different perspectives. Therefore, an adaptive cross-domain fusion
mechanism is needed to selectively integrate local spatial details and global frequency responses within an
encoder–decoder segmentation framework.

Based on the above analysis, this study proposes a Multiscale Long-Distance Feature Aggregation
Network, termed MLFANet, for semantic segmentation of high-resolution remote sensing imagery. The
proposed model is designed to address three unresolved problems in existing segmentation paradigms.
First, CNN-based multiscale methods improve local-to-global perception but often lack progressive cross-
scale semantic propagation. Second, attention- and Transformer-based methods enhance long-distance
spatial dependency modeling but usually ignore frequency-domain structural regularities. Third, existing



Comput Model Eng Sci. 2026;148(1):32 3

spatial-frequency methods exploit spectral cues but often lack adaptive alignment between spatial and
frequency representations.

To address these problems, MLFANet introduces three key components. First, the Multiscale Global
Dependency Extraction (MGDE) module performs cascaded multiscale contextual refinement by combining
atrous convolution with polarized self-attention. Unlike conventional parallel multiscale aggregation, MGDE
progressively propagates contextual responses across multiple receptive fields, thereby improving cross-scale
semantic consistency. Second, an FFT-based frequency-domain branch with learnable global filtering is
developed to capture global structural patterns and texture regularities that are difficult to explicitly represent
in the spatial domain alone. Third, a bidirectional Spatial-Frequency Fusion (SFF) module is introduced to
adaptively align local spatial details and global frequency responses through cross-attention, avoiding the
semantic misalignment caused by simple feature concatenation.

The main contribution of this study is the proposal of MLFANet, a unified spatial-frequency feature
aggregation framework for high-resolution remote sensing semantic segmentation. The proposed framework
addresses scale variation, repeated textures, spatial heterogeneity, and long-distance semantic dependency
through three key designs. First, the MGDE module performs cascaded multiscale contextual refinement
by integrating atrous convolution with polarized self-attention, enabling progressive cross-scale semantic
propagation. Second, the FFT-based frequency-domain branch introduces learnable global filtering to
capture global structural patterns and texture regularities that are difficult to explicitly represent in the spatial
domain alone. Third, the SFF module uses bidirectional cross-attention to adaptively align local spatial details
and global frequency responses, reducing semantic misalignment between the two domains. Experimental
results on the ISPRS Potsdam and Vaihingen datasets show that MLFANet achieves AF/MIoU/OA values
of 86.03%/76.21%/88.70% and 83.17%/71.90%/86.33%, respectively, with 17.49 G FLOPs under a 256 × 256
input size. These results, together with ablation studies, verify the effectiveness and feasibility of the proposed
components. Future work will further investigate lightweight model design, interpretable frequency-domain
analysis, class-aware adaptive fusion, boundary-aware supervision, and cross-dataset generalization.

2 Related Works

2.1 CNN-Based Multiscale Feature Aggregation for Remote Sensing Segmentation
CNN-based encoder–decoder networks have been widely used in high-resolution remote sensing

semantic segmentation because of their strong capacity for local feature extraction and hierarchical represen-
tation. In this paradigm, multiscale feature aggregation is usually achieved through feature pyramids, atrous
convolution, pyramid pooling, multi-branch context encoding, or skip connections. Li et al. [9] proposed
A2-FPN, which uses a dual-attention feature pyramid network to enhance spatial and channel-wise feature
representation for fine-resolution remote sensing image segmentation. Zhou et al. [10] improved PSPNet
by enhancing both global and local feature representations, thereby improving multiscale perception and
boundary delineation. Chen et al. [11] proposed MCSNet, which integrates detailed local features and global
contextual information through multi-branch encoding and contextual fusion. Li et al. [12] introduced
MAResUNet, where multistage attention is embedded into a ResU-Net architecture to strengthen shallow
and intermediate feature representations.

Although CNN-based multiscale aggregation methods have achieved strong performance, their feature
fusion strategies are often based on parallel concatenation, addition, or fixed receptive-field expansion.
Such designs are effective for capturing objects at different scales, but they may not sufficiently model
semantic interactions across scales. This limitation is particularly important for high-resolution remote
sensing imagery, where large objects such as buildings and impervious surfaces coexist with small objects
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such as cars, and where objects from the same class may exhibit significant variations in shape, size, and
texture. Therefore, beyond simply enlarging the receptive field, remote sensing segmentation requires a
mechanism that can progressively refine and propagate semantic information across multiple spatial scales.

2.2 Attention and Transformer-Based Long-Range Dependency Modeling
Attention mechanisms and Transformer architectures have been introduced into remote sensing

segmentation to overcome the locality limitation of conventional convolution. Li et al. [18] proposed
ABCNet, an attentive bilateral contextual network that enhances contextual representation for efficient
semantic segmentation of fine-resolution remote sensing imagery. He et al. [14] embedded Swin Transformer
into a U-Net-like architecture and constructed STUNet to model hierarchical long-range interactions. Liu
et al. [13] systematically rethought the use of Transformers for semantic segmentation of remote sensing
images and showed that Transformer-based architectures require careful adaptation to remote sensing
data characteristics. Wu et al. [15] proposed CMTFNet, which combines CNN and multiscale Transformer
branches to integrate local spatial details and long-range semantic dependencies.

Recent studies have further explored attention-enhanced and hybrid CNN–Transformer architectures.
For example, AFENet [16] introduces attention-focused feature enhancement for efficient remote sensing
image segmentation, while TerraSegNet [17] uses bilateral axial attention and multiscale Transformer decod-
ing for remote sensing segmentation under diverse environmental conditions. These methods demonstrate
that attention-based models can improve global context modeling and semantic consistency. However, full
self-attention remains computationally expensive for very high-resolution aerial images, while window-
based attention may restrict information exchange across distant regions. More importantly, most attention
and Transformer methods still operate mainly in the spatial domain. They usually model pixel-wise or
token-wise similarity, but do not explicitly represent the spectral regularities, repeated textures, and global
structural patterns that are common in aerial and satellite imagery.

2.3 Spatial-Frequency Representation Learning
Frequency-domain modeling has recently attracted increasing attention in remote sensing image inter-

pretation. Compared with spatial-domain processing, frequency-domain analysis provides a complementary
perspective for representing global structures, periodic textures, directional patterns, and high-frequency
boundaries. In the context of remote sensing segmentation, Yang et al. [21] proposed SFFNet, a wavelet-
based spatial and frequency domain fusion network, showing that frequency-domain cues can improve
segmentation by complementing spatial features. Yao et al. [22] demonstrated that spatial–frequency
dual-domain fusion can enhance remote sensing image representation by jointly exploiting spatial and
spectral-domain information.

More recent works further confirm the usefulness of frequency-aware modeling. He et al. [23] proposed
SF3Net, a frequency-domain enhanced segmentation network for high-resolution remote sensing imagery.
Fu et al. [24] developed FSDENet, which enhances remote sensing semantic segmentation by integrating
detail information from both frequency and spatial domains. Gao et al. [25] proposed an adaptive frequency
enhancement network to improve semantic segmentation through frequency-domain feature enhancement.
Li et al. [26] introduced a frequency decoupling network for remote sensing image segmentation, aiming to
separate and exploit different frequency components for semantic representation.

Despite these advances, existing spatial-frequency methods still have several limitations. Some methods
rely on simple concatenation, addition, or fixed filtering to combine spatial and frequency features, which
may ignore the semantic discrepancy between the two domains. Other methods introduce frequency
enhancement at a single stage but do not fully couple frequency-domain information with multiscale
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encoder–decoder feature aggregation. In high-resolution remote sensing scenes, spatial features provide
local geometry, object boundaries, and fine texture, while frequency features describe global regularities and
structural patterns. These two types of representations should therefore be adaptively aligned rather than
directly merged. This motivates the spatial-frequency cross-attention fusion strategy adopted in this study.

2.4 Summary of Research Gap
In summary, existing remote sensing semantic segmentation methods have advanced along several

directions. However, these paradigms usually focus on only part of the problem. CNN-based methods
are efficient in local and multiscale feature extraction, but they often lack explicit long-range dependency
modeling. Transformer-based methods improve spatial global context modeling, but they remain mainly
spatial-domain models and may introduce high computational cost. Spatial-frequency methods exploit
frequency-domain cues, but many of them use simple fusion strategies and do not fully align frequency
features with multiscale semantic representations. To make the research gap clearer, Table 1 compares the
proposed MLFANet with representative existing paradigms from several key design dimensions.

Table 1: Experimental configuration information.

Method Paradigm
Multiscale

Feature
Aggregation

Explicit
Long-Range
Dependency

Modeling

Frequency-
Domain

Representation

Adaptive
Spatial-

Frequency
Fusion

Progressive
Cross-Scale

Semantic
Propagation

CNN-based multiscale methods ✓ × × × ×

Attention based methods ✓ ✓ × × △

Spatial-frequency methods △ △ ✓ △ ×

Proposed MLFANet ✓ ✓ ✓ ✓ ✓

Note: ✓ indicates that the paradigm explicitly contains this design.△ indicates that the design is partially considered
or indirectly achieved. × indicates that the design is generally absent or not the main focus.

3 Models and Methods
The proposed MLFANet follows an encoder-decoder architecture based on an improved ResNet50

backbone [27]. ResNet50 is adopted as the backbone because it provides a balanced hierarchical repre-
sentation for high-resolution remote sensing segmentation. Compared with shallower ResNet variants, it
offers stronger high-level semantic abstraction, while avoiding the excessive computational burden of deeper
residual networks. The encoder generates hierarchical feature maps at four different spatial resolutions and
removes the final fully connected layer to adapt to dense pixel-level prediction, as shown in Fig. 1.

To enhance cross-scale semantic understanding, the decoder incorporates a MGDE module and a
frequency domain feature branch. The feature map res4 of the final ResNet bottleneck layer first passes
through a 1 × 1 convolution layer, and then batch normalization and ReLU activation are carried out, as
described in Eq. (1).

xConv = ReLU(BN (Conv(res4))) (1)

This intermediate output is subsequently fed into the MGDE module and the frequency branch (FFT).
The resulting features are subsequently fused using a cross-attention-based SFF, as described in Eq. (2):

xout = SFF (MGDE((xConv) , FFT (xConv))) (2)
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Figure 1: MLFANet framework.

To preserve low-level spatial details, the architecture employs U-Net-style skip connections. Features
from each decoder stage are combined with corresponding encoder-stage features using a learnable weight
coefficient α, generating the fused feature map F, as described in Eq. (3):

F = α ⋅ F1 + (1 − α) ⋅U psampl e(F2) (3)

where F1 represents the encoder feature and F2 denotes the output from the fusion module. The segmentation
head applies a 1 × 1 convolution convolution combined with bilinear interpolation to produce per-pixel
predictions matching the input resolution.

3.1 Multiscale Global Dependency Extraction Module
In this network, the study proposes the MGDE module designed to enhance the model’s ability to exploit

spatial information across multiple scales in the encoder feature maps, while better capturing the long-
range dependencies of objects at varying scales. Inspired by ASPP [28], the MGDE module performs dilated
convolutions with different dilation rates and applies the Polarized Self-Attention (PSA) mechanism [29], as
illustrated in Fig. 2.

The input features of MGDE are processed through four dilated convolution branches with different
dilation rates, which can extract contextual information from multiple receptive fields. This multiscale
representation is formulated in Eq. (4).

xi = Dil atedConvi(x) (4)

where xi is the output of the i-th dilated convolution branch. Each branch output is refined through polarized
self-attention mechanism (PSA), focusing on salient spatial and channel-wise features at each scale. MGDE
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adopts sequential optimization instead of conventional parallel ASPP. The branch output is combined with
the next branch input, and then processed by PSA to form the cascaded attention refinement pipeline, as
described in Eq. (5).

zi+1 = PSA(zi , xi+1) (5)

here, zi denotes the refined feature from the i-th stage. This architecture enables each stage to iteratively
refine and propagate feature significance, and helps fine-grained attention to the spatial structure. MGDE
performs stacking and fuses the features of multi-branch outputs to enhance the expressive ability of the
model. A 1 × 1 convolution adjusts the dimensionality of each output feature map to ensure compatibility for
fusion with the corresponding encoder-level feature map, as defined in Eq. (6):

output = Conv (concat (z1 , z2, z3, z4, global (x))) (6)

Compared to the parallel ASPP scheme, the proposed cascaded PSA-enhanced approach enables
richer cross-scale interactions and boosts the network’s capability to identify large objects by progressively
integrating multi-resolution contextual information.

Figure 2: MGDE structure diagram.

3.2 Frequency Feature Extraction and Cross-Domain Fusion
To augment spatial representations with global semantic information, MLFANet includes a frequency

feature extraction branch that captures global dependencies in the spectral domain, as illustrated in Fig. 3.
The input feature representation x ∈ RC×H×W is first processed by convolution and normalization

layers to enhance spatial encoding. A 2D Fast Fourier Transform (FFT) [30] is then applied to convert
the representation into the frequency domain as illustrated in Eq. (7), where F[x] represents the 2D FFT.
The output of the FFT is a complex-domain representation, which contains both amplitude and phase
information of the input feature. The amplitude component reflects the strength distribution of different
frequency responses, while the phase component preserves spatial structural information.

X = F[x] ∈ CH×W×D (7)
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Figure 3: Frequency information extraction branch structure.

A set of learnable global filters k ∈ RC×H×W modulates the frequency spectrum through element-wise
multiplication. The modulated spectrum is the Hadamard product of the frequency domain information X
and the global filter k, as shown in Eq. (8):

X̃ = k ⊙ X (8)

In this study, the learnable global filter is a real-valued parameter tensor with dimensions compatible
with the frequency-domain feature. During the element-wise multiplication, the real-valued filter adap-
tively scales the corresponding complex frequency responses, thereby enhancing or suppressing different
frequency components while preserving the complex-domain form required for the inverse FFT operation.

The filtered spectrum X̃ is converted back into the spatial domain via the inverse FFT, as expressed
in Eq. (9):

x ← F−1[X̃] (9)

After inverse transformation, the frequency-enhanced feature restores the same spatial resolution and
channel dimension as the input feature of the frequency branch. Therefore, the output feature can be directly
aligned with the spatial-domain feature and fed into the subsequent spatial-frequency fusion module.

To fuse spatial-frequency features, a cross-attention-based SFF is introduced, as shown in Fig. 4. The
frequency-domain information captures global patterns and specific components within the feature map,
and the spatial-domain information provides local details and structural information. By combining these
complementary strengths, the model can perceive image features across multiple levels better. However,
frequency-domain and spatial features represent distinct modalities that encode image attributes from
different perspectives, and theoretically there are essential semantic differences. To address this challenge
and achieve effective feature fusion, this paper proposes a spatial-frequency fusion module based on
cross-attention, as shown in Fig. 4.
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Figure 4: Spatial-frequency fusion module.

The spatial feature Xs and frequency feature X f are independently projected into query (Q), key (K),
and value (V) vectors. Cross-attention [31] is then computed in both directions. The spatial-to-frequency
attention is formulated in Eq. (10):

As f = So f tmax
⎛
⎝

Qs KT
f√

dk

⎞
⎠

, Zs f = As f ⋅ Vf (10)

Similarly, the frequency-to-spatial attention calculation is shown in Eq. (11):

A f s = So f tmax (
Q f KT

s√
dk
) , Z f s = A f s ⋅ Vs (11)

The bidirectional results are summed to obtain the final fused representation, as shown in Eq. (12).

Z f usion = Zs f + Z f s (12)

The mechanism of cross-domain integration enables the network to utilize complementary spatial
and spectral characteristics and enhance the ability to distinguish objects with subtle texture or structural
variations in remote sensing imagery.

4 Results and Analysis

4.1 Dataset
This study evaluates the model using two high-resolution remote sensing datasets provided by the

International Society for Photogrammetry and Remote Sensing (ISPRS), including Potsdam and Vaihingen.
The Potsdam dataset comprises 38 ortho-rectified RGB-IR aerial images captured over Potsdam, Germany,
as illustrated in Fig. 5. The spatial resolution of these images is 5 cm, and the size is 6000 × 6000 pixels.
The data comprises red, green, blue, and near-infrared (NIR) bands, and the study utilizes data from three
channels, NIR, red, and green, for training and testing. The dataset encompasses diverse urban environments,
such as dense buildings, roads, vegetation, and vehicles. According to the standard partitioning method,
there are 24 images in the training set and 14 images in the test set (https://www.isprs.org/resources/datasets/
benchmarks/UrbanSemLab/2d-sem-label-potsdam.aspx).

The Vaihingen dataset comprises 33 images acquired over Vaihingen, a village characterized by
predominantly residential buildings and rural landscapes, as illustrated in Fig. 6.

https://www.isprs.org/resources/datasets/benchmarks/UrbanSemLab/2d-sem-label-potsdam.aspx
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Figure 5: ISPRS Potsdam dataset. (a) 38 regions of the Potsdam dataset; (b) Images of regions 2–10; (c) Labels of
regions 2–10.

Figure 6: ISPRS Vaihingen dataset. (a) 33 regions of the Vaihingen dataset; (b) Images of region 1; (c) Labels of region 1.

Each image has 3 spectral bands, including NIR, red, and green. The average pixel size is 2494 × 2064,
and the ground sampling distance (GSD) is 9 cm. Following the ISPRS data partition, 16 image tiles are
designated for training purposes and 17 for testing. Given the negligible presence of clutter in this dataset, the
clutter class is omitted from the evaluation metrics (https://www.isprs.org/resources/datasets/benchmarks/
UrbanSemLab/2d-sem-label-vaihingen.aspx).

4.2 Evaluation Metrics
For assessing the semantic segmentation model’s performance, five commonly used quantitative metrics

are employed: Overall Accuracy (OA), F1-score, Mean Intersection over Union (MIoU), Intersection over
Union (IoU), and Average F1-score (AF), with their formal definitions provided in Eqs. (13)–(17). These
metrics are calculated based on the confusion matrix, which is made up of True Positive (TP), True Negative
(TN), False Positive (FP), and False Negative (FN).

(1) OA

OA = TPi + TNi

TPi + TNi + FPi + FNi
(13)

https://www.isprs.org/resources/datasets/benchmarks/UrbanSemLab/2d-sem-label-vaihingen.aspx
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(2) F1-score (F1)

F1 = 2 × precision × recal l
precision + recal l

precision = TPi

TPi + FPi
, recal l = TPi

TPi + FNi
(14)

(3) IoU

IoU = TPi

TPi + FPi + FNi
(15)

(4) MIoU

MIoU = 1
K

K
∑
i=1

TPi

TPi + FPi + FNi
(16)

(5) AF

AF = 1
K

K
∑
i=1

Fi (17)

where K denotes the number of evaluated semantic categories, and TPi , FPi , and FNi represent the
true positives, false positives, and false negatives of the i-th category, respectively. In this study, K = 6
for the Potsdam dataset and K = 5 for the Vaihingen dataset because the clutter class is excluded from
the Vaihingen evaluation.

4.3 Implementation Details
The environment for experimentation configuration is detailed in Table 2.

Table 2: Experimental configuration information.

Experiments Involving Hardware/Software Specific Configuration
CPU i7-9800x
GPU NVIDIA GeForce RTX 3090TI

Memory size 64 G
Deep learning frameworks Pytorch 1.12

CUDA 11.6
Python Python 3.10.9

On account of the high resolution of the original images, which exceeds the memory capacity of the
laboratory’s graphics card, each image is segmented into non-overlapping 256 × 256-pixel patches by means
of a sliding window approach. Given that the number of training samples is sufficient, no data augmentation
is applied in this study.

The hyperparameters employed in the experiments are tabulated in Table 3. The Adam optimizer is used
for updating network parameters, and the learning rate undergoes dynamic adjustment through a cosine
annealing strategy.
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Table 3: Experimental parameter configuration.

Hyperparameters Value
Batch size 32

Learning rate 0.0001
Epoch Potsdam 60

Vaihingen 100
Optimizer Adam

Weight decay 0.0001

This experiment employs the standard cross-entropy function as its loss function [32]. Let K denote the
total number of categories to which image pixels can belong and let N represent the total quantity of pixels.
Let yi ,c indicate the true label of the i-th pixel for category c, and let pi ,c denote the probability assigned by the
model to the i-th pixel belonging to category c. The total cross-entropy loss is obtained through summation
over all pixels and categories, with subsequent averaging, as defined in Eq. (18).

L = − 1
N

N
∑
i=1

K
∑
c=1

yi ,c log (pi ,c) (18)

4.4 Ablation Study
4.4.1 Effect of Backbone Networks

To analyze the influence of backbone selection on the proposed framework, four representative
backbones were compared, including ResNet18, ResNet34, ResNet50, and Swin-Tiny. ResNet18 and ResNet34
were selected to evaluate the effect of shallower CNN backbones, ResNet50 was adopted as a deeper
residual backbone with stronger semantic representation, and Swin-Tiny was included as a lightweight
Transformer-based architecture to examine the suitability of self-attention-based feature extraction for the
proposed network. All backbone variants were trained under the same experimental settings to ensure a
fair comparison.

As shown in Tables 4 and 5, ResNet50 achieves the best overall performance on both ISPRS Potsdam
and Vaihingen datasets. On the Potsdam dataset, ResNet50 obtains the highest AF, MIoU, and OA values,
reaching 86.03%, 76.21%, and 88.70%, respectively. Compared with ResNet18 and ResNet34, ResNet50
provides stronger high-level semantic representation, which is beneficial for the proposed MGDE module
to perform cross-scale dependency modeling and for the SFF module to integrate spatial and frequency-
domain features. Although ResNet18 and ResNet34 have lower model complexity, their relatively shallow
feature hierarchies may limit the representation of complex geospatial structures.

Table 4: Ablation experiment results of the backbone network on the ISPRS Potsdam dataset.

Backbone F1 AF MIoU OA
Imp. Building Low. Tree Car Clutter

ResNet18 90.22 94.95 84.15 83.37 88.15 70.48 85.22 74.99 88.12
ResNet34 90.89 95.13 84.41 83.05 88.25 70.14 85.31 75.18 88.39
Swin-Tiny 85.68 90.70 77.56 72.50 83.51 59.57 78.25 65.38 82.03
ResNet50 90.99 95.21 84.79 83.71 89.72 71.77 86.03 76.21 88.70
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Table 5: Ablation experiment results of the backbone network on the ISPRS Vaihingen dataset.

Backbone F1 AF MIoU OA
Imp. Building Low. Tree Car

ResNet18 85.87 91.48 73.01 86.17 72.27 81.76 69.86 85.19
ResNet34 85.22 91.29 71.62 85.89 67.05 80.21 67.94 84.59
Swin-Tiny 81.23 87.16 64.39 80.86 44.27 71.58 57.88 79.55
ResNet50 87.42 93.43 73.39 86.13 75.47 83.17 71.90 86.33

On the Vaihingen dataset, ResNet50 also achieves the best AF, MIoU, and OA values, reaching 83.17%,
71.90%, and 86.33%, respectively. Although ResNet18 slightly outperforms ResNet50 in the tree category,
ResNet50 performs better in most other categories and shows stronger overall robustness. This indicates
that a deeper residual backbone is more suitable for extracting discriminative semantic features in complex
multi-class remote sensing scenes. Therefore, ResNet50 is selected as the backbone of MLFANet because it
provides the best trade-off among semantic representation capability, training stability, and compatibility
with the proposed multiscale and spatial-frequency feature aggregation modules.

4.4.2 Effect of MGDE Placement
This section investigates the contribution of the proposed MGDE module and determines its optimal

position within the decoder. The experiments are carried out on the ISPRS Potsdam and Vaihingen datasets,
and the effect of integrating the MGDE module at different decoder stages is assessed. In the ablation study,
the insertion positions are marked as 1, 2 and 3. The larger the number, the closer it is to the final segmentation
head. The results are presented in Table 6.

Table 6: Ablation experiment results of the MGDE module on the ISPRS Potsdam dataset.

MGDE Position F1 AF MIoU OA
Imp. Building Low. Tree Car Clutter

1 90.76 95.09 84.96 83.75 89.35 71.69 85.93 76.04 88.66
2 90.27 94.92 84.57 83.49 88.64 69.69 85.26 75.09 88.20
3 90.07 94.79 84.43 83.13 89.11 69.73 85.21 75.02 87.98

1+2 90.74 95.17 84.85 83.71 88.60 71.16 85.71 75.72 88.59
1+3 88.89 93.64 83.79 83.83 87.97 68.51 84.44 73.82 87.19
2+3 90.69 95.13 84.79 83.71 88.97 71.49 85.79 75.84 88.56

1+2+3 90.99 95.21 84.79 83.71 89.72 71.77 86.03 76.21 88.70

The results demonstrate that the placement of MGDE within the decoder has a notable influence on
segmentation performance. Among all evaluated configurations, integrating MGDE at all three decoder
stages (1+2+3) achieves the best overall performance in terms of AF, MIoU, and OA, whereas the 1+3
configuration yields the lowest overall results. In addition, the three-stage configuration obtains the best
performance for most semantic categories. These results suggest that jointly integrating MGDE across all
decoder stages can more effectively fuse multi-scale features and enhance the model’s ability to capture
contextual information.
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As shown in Table 7, the placement of MGDE within the decoder has a clear influence on segmentation
performance. Among all evaluated configurations, applying MGDE at all three decoder stages (1+2+3)
achieves the best overall AF, MIoU, and OA results, whereas applying MGDE only at Position 2 yields the
lowest overall performance. At the category level, the 1+2+3 configuration obtains the highest F1 scores for
impervious surfaces, buildings, and cars, while the best results for low vegetation and trees are achieved by
the 1+2 configuration and Position 1, respectively. These results indicate that integrating MGDE across all
decoder stages generally provides the most effective overall configuration, although the optimal placement
may vary for individual semantic categories.

Table 7: Ablation experiment results of the MGDE module on the ISPRS Vaihingen dataset.

MGDE Position F1 AF MIoU OA
Imp. Building Low. Tree Car

1 85.75 91.54 73.39 86.47 73.71 82.17 70.39 85.36
2 85.97 91.82 72.59 86.19 71.99 81.71 69.85 85.28
3 86.88 92.90 72.76 86.19 75.06 82.76 71.31 85.93

1+2 86.48 92.26 73.48 86.44 72.19 82.17 70.49 85.81
1+3 86.78 92.60 73.26 86.03 73.11 82.36 70.76 85.78
2+3 86.83 92.66 73.40 86.06 72.09 82.21 70.59 85.90

1+2+3 87.42 93.43 73.39 86.13 75.47 83.17 71.90 86.33

However, for the low vegetation and tree classes, the highest F1 scores are not achieved with the all-
stage configuration. Specifically, low vegetation attains optimal performance when MGDE is embedded
only at position 1, whereas trees achieve peak results when MGDE is applied at positions 1 and 3. This
behavior may stem from the imbalance in category proportions within high-spatial-resolution remote
sensing imagery, where dominant categories like buildings and impervious surfaces occupy larger spatial
extents. When MGDE is introduced across all stages, the model may prioritize these prevalent classes, thereby
underemphasizing the finer, more localized features of minority classes like trees and low vegetation.

4.4.3 Effect of Core Components
To evaluate the contribution of each core component in MLFANet, ablation experiments are conducted

on the ISPRS Potsdam and Vaihingen datasets. Three variants are compared with the full model: removing
the MGDE module, removing the frequency information extraction module, and replacing the proposed
spatial-frequency fusion module with simple feature concatenation. Table 8 presents the ablation results on
the ISPRS Potsdam dataset. Table 9 reports the ablation results on the ISPRS Vaihingen dataset.

As shown in Table 8, the full MLFANet achieves the best AF and MIoU on the Potsdam dataset,
reaching 86.03% and 76.21%, respectively. When the MGDE module is removed, AF and MIoU decrease
to 85.75% and 75.79%, indicating that cascaded multiscale global dependency extraction is beneficial for
improving contextual aggregation and cross-scale semantic consistency. Removing the frequency informa-
tion extraction module decreases AF and MIoU to 85.88% and 75.96%, respectively. This shows that the
FFT-based branch provides complementary spectral cues for representing global structures and repeated
textures beyond spatial-domain aggregation. When the spatial-frequency fusion module is replaced with
simple concatenation, MIoU also decreases to 75.97%, suggesting that direct feature merging is less effective
than adaptive cross-domain alignment. These results verify that the proposed modules jointly improve
segmentation performance on complex urban aerial scenes.
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As shown in Table 9, the full model also achieves the best overall performance on the Vaihingen
dataset, with AF, MIoU, and OA values of 83.17%, 71.90%, and 86.33%, respectively. Compared with the full
model, removing MGDE decreases MIoU by 1.05%, which confirms the importance of multiscale semantic
refinement for scenes containing objects with different sizes and irregular spatial distributions. Removing
the frequency information extraction module causes a more evident performance decline, with AF, MIoU,
and OA decreasing by 1.68%, 2.36%, and 1.09%, respectively. This result empirically supports the necessity
of frequency-domain modeling, especially for Vaihingen scenes that contain complex residential layouts,
vegetation textures, shadows, and fine object boundaries. These characteristics require not only spatial-
domain context but also frequency-domain cues related to global structural regularities and high-frequency
texture details.

Table 8: Ablation results of core components on the ISPRS Potsdam dataset.

Removed Module AF MIoU OA
MGDE 85.75 75.79 88.55

Frequency information extraction module 85.88 75.96 88.72
Spatial-frequency domain fusion module 85.88 75.97 88.63

Table 9: Results of ablation experiments on the ISPRS Vaihingen dataset.

Removed Module AF MIoU OA
MGDE 82.43 70.85 85.81

Frequency information extraction module 81.49 69.54 85.24
Spatial-frequency domain fusion module 81.70 69.80 85.22

Full model proposed 83.17 71.90 86.33

Replacing the proposed spatial-frequency fusion module with simple concatenation also leads to clear
degradation. AF, MIoU, and OA decrease to 81.70%, 69.80%, and 85.22%, respectively. This indicates that
spatial and frequency features should not be directly merged without alignment, because they describe
image content from different representational perspectives. The proposed bidirectional cross-attention
fusion adaptively integrates local spatial details and global frequency responses, thereby improving the
discriminative representation of high-resolution remote sensing scenes. Overall, the ablation results on
both datasets demonstrate that MGDE, frequency information extraction, and spatial-frequency fusion all
contribute to the final performance of MLFANet.

4.5 Comparison Experiments
To evaluate the performance of the proposed MLFANet, a series of comparative experiments is

conducted with several representative and advanced semantic segmentation models, including ABCNet [18],
PSPNet [10], MCSNet [11], MAResUNet [12], CMTFNet [15], and the proposed MLFANet. The com-
pared methods are selected to cover the main methodological paradigms related to this study, including
CNN-based segmentation, multiscale context aggregation, attention-enhanced feature modeling, and CNN–
Transformer hybrid segmentation. This selection is consistent with the objective of this work, which is to
evaluate the effectiveness of the proposed dual-domain feature aggregation paradigm rather than to construct
an exhaustive benchmark leaderboard. All compared models are trained under the same hyperparameter
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settings to ensure a fair comparison within this evaluation protocol. Quantitative results on the ISPRS
Potsdam dataset are summarized in Table 10.

Table 10: Comparative experimental results of different network models on the ISPRS Potsdam dataset.

MGDE Position F1 AF MIoU OA
Imp. Building Low. Tree Car Clutter

ABCNet 90.11 94.77 83.92 83.03 86.74 70.05 84.77 74.30 87.88
PSPNet 90.63 95.17 84.43 83.33 85.78 70.65 84.99 74.64 88.31
MCSNet 87.46 92.69 79.72 76.01 84.00 61.39 80.21 68.65 84.12

MAResUNet 90.19 94.89 84.03 83.19 87.22 69.17 84.78 74.38 87.96
CMTFNet 90.79 95.19 84.79 83.59 89.99 71.18 85.92 76.07 88.59
MLFANet 90.99 95.21 84.79 83.71 89.72 71.77 86.03 76.21 88.70

The experimental results on the ISPRS Potsdam dataset show that MLFANet achieves competitive over-
all performance among the compared methods. In terms of the three overall evaluation metrics, MLFANet
obtains the best AF, MIoU, and OA values, reaching 86.03%, 76.21%, and 88.70%, respectively. Compared
with the strongest competing model, CMTFNet, the improvements in AF, MIoU, and OA are 0.11%, 0.14%,
and 0.11%, respectively. These gains are relatively limited, indicating that MLFANet provides moderate rather
than substantial improvement on the Potsdam dataset. For class-wise performance, MLFANet achieves the
best or tied-best F1-score in most categories, including impervious surfaces, buildings, low vegetation, trees,
and clutter. The largest class-wise gain over CMTFNet appears in the clutter category, with an improvement
of 0.59%. However, the F1-score for cars is 0.27% lower than that of CMTFNet, indicating that small-object
segmentation remains challenging. For a further evaluation of visual performance, qualitative comparisons
on the Potsdam dataset are presented in Fig. 7.

Figure 7: Qualitative comparison between different methods on the ISPRS Potsdam dataset.
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In the first row of the visual results, most baseline models exhibit varying degrees of confusion between
low vegetation and the background, whereas MLFANet accurately differentiates these two classes. In the
second and third rows, MLFANet produces more complete and smoother building boundaries, reducing
misclassification into the background and enabling more accurate contour delineation. Additionally, in
the third row, MLFANet segments roads with greater continuity and coherence. In the fourth row, both
MLFANet and CMTFNet achieve similar performance in distinguishing between background and buildings,
demonstrating comparable robustness in this particular scenario.

Table 11 presents the comparison results on the Vaihingen dataset. MLFANet attains the best perfor-
mance across overall metrics and four out of five semantic classes, with average F1-score, MIoU, and OA
reaching 83.17%, 71.90%, and 86.33%, respectively. The only exception is the tree class, where MAResUNet
attains a marginally higher F1-score, which is 0.1% above that of MLFANet. The superiority of MLFANet is
especially pronounced for large-scale categories including impervious surfaces and buildings, demonstrating
consistently balanced segmentation performance across all classes. These findings additionally confirm the
model’s capability in managing multiscale object segmentation tasks in high-resolution aerial imagery.

Table 11: Comparative experimental results of different network models on the ISPRS Vaihingen dataset.

Model F1 AF MIoU OA
Impervious Surfaces Buildings Low Vegetation Trees Cars

ABCNet 85.15 91.19 70.78 85.32 71.94 80.88 68.66 84.42
PSPNet 85.91 92.09 72.04 85.44 68.19 80.73 68.65 85.06
MCSNet 81.35 88.06 64.68 82.72 47.15 72.79 59.28 80.44

MAResUNet 86.31 92.13 73.05 86.23 75.29 82.60 71.47 85.39
CMTFNet 86.19 92.17 73.22 86.01 75.29 82.58 71.33 85.44
MLFANet 87.42 93.43 73.39 86.13 75.47 83.17 71.90 86.33

To visualize fine-grained segmentation results on the Vaihingen dataset, the study presents detailed
outputs in Fig. 8.

Figure 8: Qualitative comparison of different methods on the ISPRS Vaihingen dataset.
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Fig. 9 specifically magnifies the bottom-right portion of the second row in Fig. 8, providing a com-
parative analysis of the segmentation performance between CMTFNet and MLFANet on a representative
sub-region. This area includes a large road segment with sparsely distributed vehicles and encompasses all
annotated classes in the dataset, thereby providing a thorough evaluation of model behavior.

Figure 9: Locally enlarged view of the visualization results of the Vaihingen dataset; (a) Ground truth label; (b)
Segmentation result of CMTFNet; (c) Segmentation result of MLFANet.

Fig. 9a displays the ground truth, Fig. 9b presents the segmentation output of CMTFNet, and Fig. 9c
shows the result produced by MLFANet. While CMTFNet correctly delineates most buildings, it fails to
detect the small car in the upper-right corner and exhibits misclassifications between trees and cars. In
contrast, MLFANet accurately segments both cars and buildings, with only minor errors occurring in
overlapping regions of trees and low vegetation. These results demonstrate MLFANet’s enhanced capability in
capturing multiscale features and its superior performance in segmenting both large- and small-scale objects
within complex remote sensing scenes.

From the qualitative results, the differences among the compared models are distributed across the
entire segmentation map rather than being limited to a single localized region. The main visual differences
are reflected in building boundary continuity, regional consistency of impervious surfaces, fragmentation
of vegetation areas, recognition of small objects such as cars, and confusion between low vegetation and
trees. MLFANet produces more complete object regions and more consistent semantic predictions in
complex urban scenes. It better preserves building structures and reduces missed detections of small vehicles
compared with several baseline methods. However, some errors still remain in areas where low vegetation
and trees have similar spectral and spatial characteristics, especially near shadows or ambiguous boundaries.

4.6 Computational Complexity Analysis
To further evaluate the practical applicability of the proposed MLFANet, the computational complexity

of different segmentation models is compared in terms of the number of trainable parameters and floating-
point operations (FLOPs). All models are evaluated under the same input size of 256 × 256 pixels, which is
consistent with the patch size used in the experiments. The results are shown in Table 12.

As shown in Table 12, MLFANet contains 43.90 M parameters and requires 17.49 G FLOPs. Although the
number of parameters is larger than that of ABCNet, MAResUNet, and CMTFNet, its computational cost
remains relatively low. Specifically, the FLOPs of MLFANet are close to those of MCSNet and substantially
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lower than those of PSPNet, MAResUNet, and CMTFNet. This indicates that the proposed MGDE, FFT-
based frequency branch, and spatial-frequency fusion module increase the representational capacity of the
model without causing excessive computational overhead.

Table 12: Computational complexity comparison of representative segmentation models.

Method Params (M) FLOPs (G)
ABCNet 13.39 15.58
PSPNet 53.32 28.00
MCSNet 42.41 17.43

MAResUNet 26.28 35.09
CMTFNet 30.07 32.85
MLFANet 43.90 17.49

Compared with CMTFNet, MLFANet achieves better segmentation performance while reducing FLOPs
from 32.85 to 17.49 G. This suggests that the proposed spatial-frequency feature aggregation strategy provides
a favorable trade-off between accuracy and computational efficiency.

5 Discussion
This study proposes MLFANet to address several intrinsic challenges in high-resolution remote sensing

semantic segmentation, including severe scale variation, long-distance semantic dependency, repeated
textures, and spatial heterogeneity. Different from methods that mainly rely on stronger backbones or
isolated attention modules, MLFANet follows a unified feature aggregation paradigm that combines
progressive cross-scale semantic propagation, frequency-domain global representation, and adaptive spatial-
frequency fusion.

The MGDE module is designed to improve multiscale dependency modeling. Existing CNN-based
methods often aggregate multiscale features through parallel atrous convolution, pyramid pooling, or direct
feature concatenation. Although these strategies enlarge the receptive field, they do not explicitly propagate
semantic information across different scales. In contrast, MGDE performs cascaded multiscale refinement
with polarized self-attention, enabling features from different receptive fields to interact progressively. The
ablation results show that removing MGDE reduces the performance on both Potsdam and Vaihingen
datasets, confirming its contribution to cross-scale semantic modeling.

The FFT-based frequency branch provides complementary global structural information. High-
resolution aerial scenes often contain repeated rooftops, road networks, vegetation textures, shadows, and
large homogeneous regions. These patterns are not always sufficiently captured by spatial convolution or
spatial attention alone. Frequency-domain features can represent low-frequency regional consistency and
high-frequency boundary or texture details. The ablation results indicate that removing the frequency
branch leads to performance degradation, especially on the Vaihingen dataset. This supports the necessity
of introducing frequency-domain modeling into remote sensing segmentation.

The SFF module further improves feature integration by adaptively aligning spatial and frequency
representations. Since spatial features emphasize local geometry and semantic details, while frequency
features describe global texture and structural distributions, simple concatenation may cause semantic
misalignment. The proposed bidirectional cross-attention fusion enables the two domains to interact more
selectively. Compared with direct fusion, SFF improves AF, MIoU, and OA on both datasets, showing that
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the gain of MLFANet comes not only from adding a frequency branch, but also from effective dual-domain
feature alignment.

The comparison experiments show that MLFANet achieves competitive performance against repre-
sentative segmentation networks. On the Potsdam dataset, MLFANet obtains the best AF, MIoU, and
OA, although the improvement over CMTFNet is moderate rather than large. On the Vaihingen dataset,
MLFANet shows clearer advantages in overall metrics and most semantic categories. Qualitative results
also show that MLFANet produces more complete building regions, smoother boundaries, and better
small-object segmentation in several local regions, while errors still occur around vegetation overlap and
ambiguous boundaries.

In terms of computational complexity, MLFANet contains 43.90 M parameters and 17.49 G FLOPs.
Although its parameter size is larger than several lightweight baselines, its FLOPs remain lower than
PSPNet, MAResUNet, and CMTFNet. This suggests that MLFANet improves feature representation while
maintaining a moderate computational cost. However, it should not be regarded as a lightweight model, and
the relatively large parameter size may limit deployment in real-time or resource-constrained scenarios.

Despite these promising results, several limitations remain. First, MLFANet introduces additional
parameters and computational cost due to the use of multiscale attention refinement, FFT-based filtering,
and bidirectional spatial-frequency fusion. Therefore, future work will focus on lightweight network design
and efficient frequency filtering to improve deployment feasibility. Second, although the frequency-domain
branch is quantitatively verified through ablation experiments, the learned frequency responses are not
explicitly visualized in this study. Since the FFT-based branch is optimized in an end-to-end manner together
with learnable global filters and the SFF module, its intermediate responses may not directly correspond
to manually interpretable land-cover categories. Future work will investigate more interpretable frequency-
response visualization, class-aware spectral analysis, and attribution-based methods to better explain how
frequency cues contribute to different semantic classes. Third, the current model still shows confusion
between spectrally and spatially similar classes, such as low vegetation and trees, especially near ambiguous
boundaries or shadowed regions. Incorporating class-aware adaptive fusion, boundary-aware supervision,
and additional multispectral or multi-temporal information may further improve the discrimination of such
challenging categories. Finally, the experiments are conducted on two standard ISPRS benchmark datasets,
and future studies will evaluate the generalization ability of MLFANet on larger-scale and more diverse
remote sensing datasets.

6 Conclusions
This study proposed MLFANet, a multiscale long-distance feature aggregation network for semantic

segmentation of high-resolution remote sensing imagery. The motivation of MLFANet is to address the
limitations of existing segmentation paradigms, where CNN-based methods mainly focus on local and
multiscale spatial aggregation, attention- or Transformer-based methods emphasize spatial long-range
dependency modeling, and spatial-frequency methods often lack adaptive semantic alignment between
the two domains. To bridge these gaps, MLFANet integrates cascaded cross-scale semantic propagation,
FFT-based frequency-domain representation, and bidirectional spatial-frequency fusion within a unified
encoder–decoder framework. Specifically, the MGDE module progressively refines multiscale contextual fea-
tures and strengthens cross-scale dependency modeling. The frequency-domain branch introduces learnable
FFT-based filtering to capture global structural regularities and texture patterns that are difficult to explicitly
represent in the spatial domain alone. The SFF module further aligns spatial and frequency features through
bidirectional cross-attention, enabling adaptive integration of local details and global frequency responses.
Experiments on the ISPRS Potsdam and Vaihingen datasets show that MLFANet achieves competitive
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performance compared with representative segmentation models. Ablation studies confirm the effectiveness
of the proposed MGDE, frequency-domain modeling, and spatial-frequency fusion components.

Nevertheless, several limitations remain. MLFANet still has a relatively large number of parameters
due to the ResNet50 backbone and additional refinement modules. In addition, the improvement is more
evident for large and structurally coherent categories, while confusion between low vegetation and trees
may still occur because of similar spectral responses and irregular textures. The current evaluation is also
limited to two benchmark datasets, and further validation on more diverse sensors, seasons, and geographic
regions is needed. Future work will focus on lightweight network design, class-aware adaptive fusion,
efficient frequency filtering, and boundary-aware supervision to improve both segmentation accuracy and
deployment efficiency in complex geospatial scenarios.
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