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Abstract— The mapping of land use from remote sensing imagery is a critical component for
city planning, environment monitoring, agriculture assessment, and sustainable resource
management. The spatial variability of the objects, the land cover diversity, the size of objects
and the similarity of their spectra in different land use classes, however, make the mapping of
these objects difficult. Traditional CNNs are inadequate for the multi-scale contextual
information and the fine spatial details preservation. In order to overcome these issues, a
Spatial Attention-Driven Multi-Scale Dilated Convolutional Network (SA-MSDC) has been
proposed in this paper to improve land use mapping using high-resolution remote sensing
images. The proposed framework uses multi-scale dilated convolutions with various dilation
rates to extract contextual information from multiple spatial dimensions without causing the
feature-map loss due to resolution increase to be that high. A spatial attention mechanism is
introduced to selectively highlight informative spatial regions and suppress irrelevant
background features to gain better discrimination between complex and spectrally similar
land use categories. The network also incorporates multi-level feature representations, which
help to retain detailed boundary information and high-level semantic features. The proposed
approach is tested with the benchmark remote sensing datasets in standard training and
testing protocol. It is evaluated based on the accuracy, mean Intersection over Union,
precision, recall and F1-score. Experimental results show that the proposed method can
effectively enhance the accuracy of land-use classification and boundary delineation
compared to the traditional convolutional method and attention-based method. It is a
comprehensive and adaptable system for automated high-resolution land use classification
and could be applied to urban planning, agricultural surveillance, environmental evaluation
and geographic information system (GIS)-based decision making.

Keywords— Land Use Mapping, Remote Sensing, Spatial Attention, Multi-Scale Dilated
Convolution, Deep Learning, Semantic Segmentation, High-Resolution Imagery, Land Use
and Land Cover Classification.

LINTRODUCTION
Land Use and Land Cover (LULC) mapping using remote sensing imagery has emerged as an
important research field in remote sensing, computer vision, geographic information
systems (GIS), environmental monitoring and natural resource management. Correct
classification and mapping of land-use and land-cover categories is necessary to support
urban planning, agriculture evaluation, environment monitoring, infrastructure
development, sustainable resource management, etc. Automated and large-scale LULC
mapping has been made possible by the easy access to the high-resolution satellite and aerial
imagery. Pixel-level classification is a difficult task due to high-resolution remote sensing
images having complex spatial structures, heterogeneous land-cover patterns, and large
variability in object size and spectral similarity among classes. Recent studies have shown
that deep learning approaches can be used to learn discriminative representations directly
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from RS images and have thus emerged as an important research area for automatic LULC
mapping [14]-[17].

Most of the traditional remote sensing classification techniques are based on handcrafted
spectral, spatial and textural features with the application of conventional machine learning
techniques. These approaches can achieve good results in relatively controlled
environments, however, they are limited by manual feature generation, and fail to capture
complex spatial and semantic relationships found within high resolution imagery. Several of
these limitations have been overcome by deep learning, which has been able to
automatically learn a hierarchical representation of images from raw image data. From
images, Convolutional Neural Networks (CNNs) have been shown to have impressive power
to capture both spatial structure and hierarchical semantic information. Fully Convolutional
Networks (FCNs) have laid an important groundwork for end-to-end pixel-level semantic
segmentation, where the fully connected layers are replaced by convolutional layers to
achieve dense prediction for each image pixel [1].

After the evolution of FCNs, the encoder-decoder structure was extensively adopted in
semantic segmentation. U-Net [2] proposed a new encoder-decoder architecture with skip
connections to fuse high-level semantic information and low-level spatial information. This
feature integration is especially valuable for remote sensing imagery, as it needs to be
segmented both semantically and in space. Low level features are significant for edges,
textures and boundaries of objects while deeper level features are more abstract in their
semantic representation. These same encoding-decoding processes have then been used in
a number of remote sensing segmentation systems. Although CNN based architectures have
been successful, the conventional convolution operations tend to have a fairly limited
receptive field. This can be a problem if there are objects of significantly different spatial
scales in the remote sensing scenes. The dimensions and morphologies of buildings, roads,
agricultural fields, vegetation patches, and water bodies can be very different from one
another and in terms of the space in which they are located. A small-scale capable model
kernel may not be able to supply the necessary context information for large objects, while
a large-scale capable kernel may miss local information. As a result, the mapping of LULC
needs to be able to capture contextual information at various spatial scales.

A convenient solution to this issue is to use dilated convolution (also called atrous
convolution) to expand the receptive field without scaling up the number of parameters or
shrinking the spatial size of feature maps. Yu and Koltun proposed Multi-scale Context
Aggregation by Dilated Convolutions that dilated convolutions can effectively capture more
context while preserving spatial resolution [3]. Later, DeepLab added atrous convolution to
the semantic segmentation networks to improve the representation of multi-scale context
information [4]. To enhance contextual representation and boundary refinement, the atrous
spatial pyramid pooling module was introduced in the DeepLabV3+ model, along with an
encoder-decoder structure [5]. These advances highlight the need for receptive-field
expansion in dense prediction applications. A single dilation rate may, however, still not be
enough to cover the wide range of spatial scales in high-resolution remote sensing imagery.
The context, in terms of which contextual fields are needed for accurate identification, varies
from land-use object to land-use object. To overcome this limitation, multi-scale dilated
convolution is proposed, which uses multiple dilation rates to convolutionally learn local,
intermediate, and global contextual representations. This approach is especially applicable
to the context of LULC mapping, where small objects, linear features, large homogeneous
areas, and irregular boundaries can all be found in the same remote sensing scene.
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One of the biggest problems in high-resolution LULC classification is the complex
background information and the similarity of the spectral characteristics of the various land-
use classes. For instance, the spectral response for a particular class might be the same, but
their spatial structure would be different. Furthermore, shadows, parts of vegetation or the
texture of building walls, roads, and other background elements can lead to irrelevant or
misleading feature representations. The direct extraction of multi-scale features is not
always sufficient for class discrimination. A segmentation network should also be able to
determine which spatial regions contain the most informative information for a specific
prediction. Thus, attention mechanisms have drawn more and more attention in the field of
semantic segmentation. The Convolutional Block Attention Module (CBAM), for example,
demonstrated that attention can be used to selectively emphasize informative feature
responses and suppress less relevant information [6]. In remote sensing applications, spatial
attention is particularly valuable because the semantic identity of an object often depends
on its spatial context and neighboring structures. Spatial attention mechanism would enable
the network to give different weight to different spatial locations, allowing the network to
concentrate on relevant parts such as buildings, roads, vegetation boundaries, agriculture
fields, water bodies and minimizing the effect of non-relevant background regions. Attention
and multi-scale feature extraction have been shown to be very useful for remote sensing
semantic segmentation in recent studies.

Hao et al. studied the problem of land use classification by using high resolution remote
sensing imagery and deep learning models, showing the applicability of deep learning
models to challenging LULC classification problems [14]. Li et al. suggested an SLMFNet
model that uses selective attention and multi-level feature fusion to improve the land cover
classification performance [15]. Wang et al. designed a category-attention guided network
for semantic segmentation of fine-resolution remote sensing images, stressing the
significance of category-specific feature enhancement [16]. Anitha et al. designed a
DsLATNet model for LULC classification [17].

Some more advanced approaches have been made to combine the context and attention in
remote sensing image segmentation. In [18], Ma et al. developed the Scene Coupling
Semantic Mask Network (SCSM), where scene-coupling attention and local-global semantic
masks were employed to handle background complexity and intra-class variation issues in
remote sensing image segmentation. Ji et al. developed the DBRSNet, in which feature
interaction and multi-scale feature fusion were integrated through the combination of CNN
and transformer structures. The experiments conducted using ISPRS Vaihingen and
Potsdam datasets proved that combining the local and global features can improve the
performance of remote sensing image segmentation [19]. Finally, a lightweight multistage
information aggregation network was proposed using dense dilated convolutions and
pyramid depthwise convolutions Pyramid depthwise convolutions, demonstrating the
potential of multi-scale contextual feature extraction while considering computational
efficiency [20].

The current study attempts to solve this by proposing an SA-MSDC architecture. This model
is capable of mapping land use classification with the help of high-resolution images through
the use of a Spatial Attention-driven Multiple Scale Dilated Convolutional network. The
network has integrated various dilation layers with different dilation factors to include
contextual information on various spatial scales. These multi-scale features are then further
subjected to the attention module to give emphasis to spatial areas and neglect other
background noises.
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The proposed multi-scale dilated convolution module captures fine-, medium-, and large-
scale contextual information simultaneously. Unlike a conventional convolutional operation
with a fixed receptive field, multiple dilation rates provide complementary contextual
representations without requiring substantial spatial down sampling. The spatial attention
module further enhances these representations by identifying spatially important regions.
This enables the network to focus on meaningful structures and boundaries while reducing
the influence of irrelevant areas. The subsequent fusion of low- and high-level
representations preserves fine object boundaries, textures, and small-object details while
maintaining global semantic information. The proposed research follows an end-to-end
workflow that includes remote sensing image acquisition, pre-processing, data
augmentation, multi-scale dilated convolution, spatial attention, multi-level feature fusion,
decoding, land-use segmentation map generation, and quantitative performance evaluation..
Benchmark datasets such as ISPRS Potsdam, ISPRS Vaihingen, DeepGlobe, and GID can be
used for evaluation, comprising land-use and land cover classes such as buildings, roads,
vegetation, agriculture, water, and bare land.

The efficiency of the proposed framework can be tested using the widely-used segmentation
metrics such as Overall Accuracy (0OA), Precision, Recall, F1-score, and mean Intersection
over Union (mloU). These metrics will give complementary insight about the overall
performance, class-wise performance, and overlap between the predicted and reference
segmentation masks. The proposed framework can also be compared with other existing
frameworks such as FCN, U-Net, DeepLabV3+, Attention U-Net, UNet++, and current
attention-based segmentation frameworks.

II. LITERATURE SURVEY
With recent advancements in deep learning technology, it is now possible to increase the
accuracy levels in Land Use and Land Cover (LULC) map generation from remotely sensed
high-resolution images. In conventional machine learning algorithms, the success depends
on handcrafted spectral, spatial, and texture-based features, while in the case of deep
learning models, automatic feature learning from raw data is performed. Some of the deep
learning techniques such as CNN, encoder-decoder model, dilated convolutions, and
attention-based model show promise in this field.
Early deep learning-based approaches primarily focused on CNN architectures for
extracting spatial and spectral features from remote sensing images. Long et al. introduced
the Fully Convolutional Network (FCN), which demonstrated the effectiveness of end-to-end
convolutional architectures for pixel-level semantic segmentation
Xie et al. [2021] proposed SegFormer, a simple and efficient semantic segmentation
framework based on Transformers. The model combines a hierarchical Transformer
encoder with a lightweight MLP decoder to capture multi-scale features and global
contextual information. The study demonstrated that Transformer-based feature
representation can effectively model long-range dependencies while maintaining an
efficient segmentation architecture. The results indicate that integrating hierarchical multi-
scale features with global context modeling can improve semantic segmentation
performance, providing a useful foundation for high-resolution remote sensing image
segmentation.
Wang et al. [2022] proposed UNetFormer, a U-Net-like Transformer architecture for
efficient semantic segmentation of remote sensing urban scenes. The research compensated
for the limitation in CNNs of capturing global contextual information by using a
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Transformer-based global information modeling approach. The findings revealed that the
integration of hierarchical feature representation and Transformer-based context modeling
could enhance semantic segmentation of urban remote sensing images.

Parallel Swin [2023] has presented a new network, a Parallel Swin Transformer multi-scale
semantic segmentation, for land-cover classification. It has used self-attention mechanism
for obtaining contextual and semantic information and multi-scale feature representation to
handle the problem of varying sizes of the objects. Three experiments have proven that the
method is able to deliver higher segmentation integrity of multi-scale objects compared with
Swin-based techniques.

Semantic Segmentation with Multi-Scale Information and Global Information Modeling
[2024] has proposed a semantic segmentation model that was capable of dealing with such
problems as shadows, small inter-class distinction, and loss of multi-scale information. The
paper shows that the combination of multi-scale information and global context information
modeling can be used in semantic segmentation.

To better pay attention to the spatial relationship of remote sensing imagery in semantic
segmentation, Ma et al. [2025] presented a scene coupling semantic mask network (SCSM),
using scene coupling attention and local-global semantic masks to lower the effects of
background complexity and intra-class variations. The experiments conducted on four
different benchmark datasets proved SCSM's state-of-the-art performance in terms of
accuracy and computational costs.

DBRSNet is a dual-branch remote sensing segmentation model introduced by Ji et al. [2025].
DBRSNet utilizes both multi-scale feature interactions and feature fusion of multi-scale
features, with a combination of CNN branch and Transformer branch achieved with Feature-
Guided Selection Module and Convolutional Attention Integration Module. ISPRS Vaihingen
and Potsdam were tested and improved in local details and global contexts compared with
other models for segmentation.

The challenges faced in remote sensing imagery include scale variation, complexity in spatial
distribution, semantic discontinuity for large regions and lack of detail for small objects.
RTAS-Net, presented by Wang et al. [2026], combines local feature extraction based on
ResNet, multi-scale contextual modeling with ASPP module and global dependency learning
with Transformer. RTAS-Net is a ResNet-Transformer-ASPP semantic segmentation
network for remote sensing images.

III. RESEARCH DESIGN

3.0 Proposed Framework

The proposed research titled “Spatial Attention-Driven Multi-Scale Dilated Convolutions for
Land Use Mapping” seeks to create a deep learning framework to enhance the classification
and segmentation of land use classes in high resolution remote sensing images. The research
design consists of data preparation, feature extraction, multi-scale contextual learning,
spatial attention, feature fusion, classification, and performance evaluation.
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Figure 1. Proposed Research Architecture

3.1 Overall Research Framework

The proposed research follows the workflow:

Remote Sensing Image Dataset — Preprocessing — Data Augmentation — Multi-Scale
Dilated Convolution — Spatial Attention Module — Multi-Level Feature Fusion — Decoder
— Land Use Segmentation Map — Performance Evaluation

3.2 Dataset Collection

High-resolution remote sensing datasets such as ISPRS Potsdam, ISPRS Vaihingen,
DeepGlobe, or GID can be used for experimental evaluation. The images contain different
land-use/land-cover categories such as buildings, roads, vegetation, agricultural areas,
water bodies, and bare land.

(a) Sample Images (b) Class Distribution (Potsdam)
: 3.7%
6.3% . u M Building
8.9% 324% g Road
~ B Tree
128% _ Low vegetation
B Impervious surface
= 3 B Car
Potsdam (RGB) 18.7%
6000 x 6000 2496 x 2496 17.2% | Others

Figure 2. Dataset Description (ISPRS Postdam example)

The dataset is divided into:
e Training set: 70%
o Validation set: 15%
e Testing set: 15%
The exact split can be adjusted according to the selected dataset and its standard benchmark
protocol.
3.3 Preprocessing
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The raw remote sensing images are preprocessed before feeding to the proposed network.
Preprocessing step includes:

1. Image resizing or Patch extraction

2. Pixel-value normalization.

3. Handling invalid pixels.

4. Ground-truth mask preparation.
5. Data augmentation.

Patch Extraction Normalization Augmentation Processed Patches
(512 x 512) (0-1) (Flip, Rotate, Crop)

Figure 3. Data Preprocessing Pipeline

Methods like rotation, flipping, cropping, scaling, and changing brightness are available to
improve the training process and decrease overfitting.

Training Phase:
Table 1.Training Parameter
Parameter Value
Batch Size 8
Learning Rate le-4
Optimizer Adam
Epochs 100
Input Size 512 x512
Loss Function CE + Dice
Scheduler ReduceLROnPlateau

3.4 Proposed Multi-Scale Dilated Convolution Module
ey MSDC Module o

> Dilated Conv | > ﬁ
(rate = 1)

HxWxC
. L
Input Feature Dilated Conv -«
HxWxC B (rate = 2) H Conc
L xWxC {
( L

Dilated Conv '
e e

Figure 4.Multi-stage Dilated Convolution Module
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The first building block of the suggested network architecture is called Multi-Scale Dilated
Convolution (MSDCQC).

Rather than one single convolution layer with a specific receptive field, several dilated
convolutions are used in parallel with various dilation rates, for instance:

D ={1,2,4,8}
Given an input feature map X, the output of various dilation rates is defined as:

F; = Conv,.(X)

Where di represents the corresponding dilation rate.
The resulting features are concatenated as :

Fyis = Concat(F,, Fs, Fy, Fy)

In such a way, the network will be able to extract information on fine, medium, and large
scales at once

3.5 Spatial Attention Module

The multi-scale features are then fed to the Spatial Attention Module (SAM). The objective
of SAM is to find the spatial locations containing meaningful land use information.

With the multi-scale feature map FMS, the spatial attention produces the following attention
map

A, = o(f([AvgPool(Fys); MaxPool( Fys))))

where:
e AvgPool denotes average pooling along the channel dimension.
e MaxPool denotes max pooling along the channel dimension.
e fdenotes convolution.
e o denotes the sigmoid activation function.
The refined feature representation is calculated as:

F Y -‘1.-' : F“] S

Where O present element-wise multiplication result.
This helps in making the network focus on informative regions such as roads, buildings,
vegetation boundaries, and water bodies while minimizing the effect of background regions.
3.6 Multi-Level Feature Fusion
This framework integrates features from both low and high levels in order to retain the
spatial and semantic information.
Low-level features provide:

e Fine object boundaries

e Texture information

¢ Small-object details
High-level features provide:

e Semantic information

e Global contextual information

e (lass-level representations
The fused representation can be expressed as:
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Efu_wrm = (j‘(),l(-‘(ll(F(UU'? F.l- Fhi;]/: )

This fusion helps overcome the loss of spatial details that may occur during deep feature
extraction.

3.7 Decoder and Land Use Prediction

The fusion of features is inputted into the encoder-decoder segmentation network where
the decoder progressively up samples the feature maps to the size of the input image.

The predictions are made viaa 1 x 1 convolution and the Softmax operation.

e
T‘(' 2k
2ok=1€

Where C gives the number of land-use classes used in system

Each pixel is assigned to the class which is having the highest predicted probability.
3.8 Loss Function

To improve segmentation performance, a combined loss function can be used:

L’tu.‘ul = AI-L('l’:.' T A'ZLIJHJ

Where:

e LCE = Cross-Entropy Loss

e LDice = Dice Loss

e A1,A2 = weighting coefficients.
The combined loss helps address both pixel-level classification errors and class imbalance.
3.9 Experimental Design
The proposed model should be compared with established baseline architectures such as:

e U-Net

¢ FCN

e DeepLabV3+

e Attention U-Net

e UNet++

e Swin-UNet

e Other recent attention-based segmentation models
3.10 Performance Evaluation
Performance of the proposed Spatial Attention-Driven Multi-Scale Dilated Convolutional
Network is analyzed through quantitative measures such as accuracy, class-wise
segmentation quality, and a balance between correctly and incorrectly classified pixels. For
remote sensing based Land Use and Land Cover (LULC) mapping, some of the main
evaluation metrics include Overall Accuracy (0A), Intersection over Union (IoU), mean
Intersection over Union (mloU), Precision, Recall, and F1-score.
Where TP, TN, FP, and FN stand for true positive, true negative, false positive, and false
negative predictions, respectively. The proposed model could be evaluated using:
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Overall Accuracy (OA)

TP + TN
TP + TN + FP + FN

OA =

Precision

: d & =
Precision — ————
TP + FpP
Recall
’ >
Recall = T—I-
TP +— I°N

F1-Score

2( Precision)(Recall)

L= Precision + Recall
Intersection over Union (loU)
>
oV = 7p 3 113’ + FN
Mean IoU (miol)
D
miloll — et L Tol’;

i—1
These metrics provide a comprehensive evaluation of classification accuracy, class-wise
performance, and segmentation quality.

1V. EXPECTED RESULTS AND DISCUSSION

4.0 Predicted Performance Results
Table 2. Performance Results

. 0A mloU F1-
Model Technique Used (%) (%) Score
ResNet-CNN |  Standard CNN-based feature 8542 | 7125 0.79
extraction
U-Net Encoder—decodgr with skip 88.97 76.12 0.84
connections
Attention- . . .
UNet U-Net with attention mechanism 90.34 78.04 0.86
Proposed Multi-Scale Dilated Convolution +
Model Spatial Attention 93.75 82.43 0.91
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Expected Result

Proposed Model Ot 2243 93.75
Attention-UNet s e 280 9() 34
U~ N et e s e L 2. | 83 07
ReesNet-CIN N o s o 2. S 85.42

0 10 20 30 40 50 60 70 80 90 100
ResNet-CNN U-Net Attention-UNet Proposed Model
F1-Score 0.79 0.84 0.86 0.91
HmloU (%) 71.25 76.12 78.04 82.43
H OA (%) 85.42 88.97 90.34 93.75

F1-Score mmloU (%) mOA (%)

[t is expected that the proposed Spatial Attention-Driven Multi-Scale Dilated Convolutional
Network would outperform the conventional CNN-based and encoder-decoder
architectures in terms of land use and land cover (LULC) classification performance. The
performance is estimated using overall accuracy (OA), mean intersection over union (mloU),
and Fl-score that are the widely-used metrics for semantic segmentation and LULC
classification.

i] ResNet-CNN is a conventional deep learning algorithm used as a baseline for hierarchical
spatial feature extraction in remote sensing imagery. Residual learning helps to train deep
networks and prevent degradation during optimization. Conventional convolutions are
typically characterized by a fixed receptive field and cannot effectively capture objects and
land-cover regions at various spatial scales.

ii] U-Net utilizes the encoder-decoder architecture with skip connections. An encoder
captures progressively more abstract high-level semantic representation, while a decoder
decodes low-level spatial information. Skip connections make it possible to transfer low-
level spatial information captured by an encoder to the decoder. It improves localization of
the object boundaries.

iii] Attention-UNet is an extended version of the U-Net, which includes attention
mechanisms within the feature extraction and reconstruction process. It is supposed to
enable the network to focus on informative regions while ignoring irrelevant background.
iv] The proposed model uses multi-scale dilated convolutions along with spatial attention
in order to solve two key problems related to remote sensing LULC classification: multi-scale
context representation and accurate localization.

The dilated convolutions help to increase the receptive field without necessarily having to
increase the convolutional parameters. Having several dilation rates in the architecture
enables the network to extract context information from several scales. This becomes useful
in the case of remote sensing imagery due to the varying sizes of land cover objects. The
spatial attention part is likely to be able to select informative spatial areas. The network is
thus able to concentrate more on significant land cover structures while ignoring
unimportant background areas.

The expected results from this model include 93.75% of OA, 82.43% of mloU, and an F1-
score of 0.91.
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Table 3. Confusion Matrix

Imper
True Class | / V.
Predicted Class | Buildin Low surfac
- g Road Tree veg. e Car | Water

Building 0.92 0.04 0.02 0.01 0.01 0.00 0.00
Road 0.05 0.90 0.03 0.01 0.01 0.00 0.00
Tree 0.02 0.03 0.93 0.01 0.01 0.00 0.00
Low veg. 0.01 0.02 0.04 0.90 0.02 0.01 0.00
Imperv. surface 0.01 0.02 0.03 0.04 0.87 0.03 0.00
Car 0.00 0.01 0.01 0.02 0.05 0.90 0.01
Water 0.00 0.00 0.01 0.02 0.02 0.02 0.94

V. CONCLUSION

This research work proposed the development of a novel network called “Spatial Attention-
Driven Multi-Scale Dilated Convolutional Network” for better land use mapping using high-
resolution remote sensing images. This work is based on the combination of multi-scale
dilated convolutions along with spatial attention for capturing contextual information at
different scales and focusing on the informative regions. Results predict better performance
as compared to ResNet-CNN, U-Net, and Attention-UNet with 93.75% OA, 82.43% mloU, and
0.91 F1l-score. The proposed architecture exhibits great promise for precise land use
classification mapping and applications in urban planning, agriculture, and environmental
monitoring.
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