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Abstract—For monitoring the environment, building cities,
assessing crops, and studying the climate, it is very important
to be able to accurately classify land cover from remote sensing
images. Deep learning has made semantic segmentation work
much better, especially with encoder-decoder designs like U-
Net. Still, ordinary U-Net models have trouble capturing multi-
scale contextual relationships, distinguishing narrow borders, and
successfully emphasizing traits that are distinctive to an area. This
work presents an Advanced Multi-Scale Enhanced U-Net (AMSE-
U-Net) to address these difficulties. The AMSE-U-Net combines (i)
multi-scale feature extraction, (ii) squeeze-and-excitation channel
attention, and (iii) attention-gated skip connections. The model
improves learning of both local and global features while getting
rid of background noise that isn’t useful. Tests done on common
remote sensing datasets show big improvements in Intersection
over Union (IoU), pixel precision, and boundary delineation when
compared to standard U-Net and similar models. The suggested
AMSE-U-Net works better for generalization with only a little
amount of extra processing power, making it good for monitoring
land cover and the environment.

Keywords—Land cover classification; remote sensing; UNet;
satellite images; AMSE-U-Net; multi-scale features; semantic seg-
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I. INTRODUCTION

Remote sensing is a highly useful way to find out what
sort of land cover is in many various regions. It is vitally
crucial to classify land cover from satellite photos in order
to discover forests area, manage resources, preserve the en-
vironment, anticipate the weather, and locate cities, etc. [1].
Land cover classification gives us a lot of information about
how the ecosystem on Earth works by carefully sorting the
Earth’s surface into different categories of land. This creates
a complete picture of the many types of land coverings. This
makes it easier to comprehend and keep an eye on changes in
our natural environment as a whole [3], [4]. This systematic
classification makes it easier to comprehend and manage dif-
ferent ways that land is used. Remote sensing technology has
changed the way traditional surveys work, like field surveys,
aerial photography, map analysis, community engagement, and
other early remote sensing techniques. These new methods
can effectively collect and analyze land use and cover data,
giving us high quality images and important information about
vegetation cover, water bodies, and land use, building etc. [5].

There are two main types of traditional land use categoriza-
tion methods: pixel-based and object-oriented. Deep learning
methods have shown to be quite effective in automating
mapping through semantic picture segmentation [6]. Recently,
in semantic segmentation, particularly in land use and land

cover segmentation, traditional machine learning (ML) meth-
ods have been declining in popularity. Penatti et al. shown that
convolutional neural networks significantly surpass traditional
machine learning approaches in land cover categorization [7].
DeepGlobe 2018 Satellite image understanding challenge [8],
all the top list were predominantly led by deep neural networks
(DNNs) techniques [9]-[11].

Land cover looks different in different areas, therefore
data from one location may not be useful for mapping other
areas. Also, satellite images may be taken in many different
spectral bands [12]. It is very important to make a model that
accurately predicts different types of land cover so that we
can find aquatic and urban areas on the Earth’s surface. This
is important for keeping track of changes in the environment
and the growth of human settlements. Semantic segmentation
is figuring out how to get from broad to specific parts of a
scenario. The first step is categorization, which makes a guess
about the input. Deep learning, particularly fully convolutional
neural networks (FCNs) [13], has transformed semantic seg-
mentation. U-Net has become a very popular model in remote
sensing because of its symmetric encoder-decoder construction
and skip links [14]. Even though UNet has shown proven to
be one of the best approach of semantic segmentation, but it
has its own set of drawbacks as listed out below:

e  Weak multi-scale representation: Land cover classes
vary drastically in scale and texture.

e  Limited global context: Standard convolutions capture
restricted receptive fields.

e  Generalization issues: Satellite imagery differs across
countries, sensors, and acquisition conditions.

e Detail loss: Downsampling operations often remove
crucial fine boundary features.

To overcome the the above said limitations of UNet
model we proposed a Advanced Multi-Scale Enhanced U-
Net (AMSE-UNet), which includes the modifications as listed
below:

1)  Atrous Multi-Scale Enhancement Module (AMEM)
2)  Hybrid Channel-Spatial Attention Block (HCSAB)
3)  Cross-Level Context Fusion (CLCF)

With the above said modification the proposed model is
used for the classification of remote sensing images into the
distinct regions showing land cover and land use segments
within the image.
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II. LITERATURE REVIEW

Land use and land cover mapping was examined by Lilay
and Taye through the use of high-resolution Sentinel-2 images
and a collection of deep learning models, which included
CNN-RF, CNN-SVM, and LinkNet-ResNet34 [15]. The strat-
egy that they took was successful in achieving an accuracy
of 88.2%, which demonstrates the advantages of combining
comprehensive satellite data with powerful neural networks. In
the study, persisting issues such as misunderstanding among
visually similar land cover categories and insufficient training
samples are highlighted. Additionally, the study suggests that
future work should make use of deeper spectral information
and extend datasets.

SA-SC U-Net is an improved form of U-Net that Khan and
Jung developed [16]. It contains self-attention mechanisms and
separable convolutions, and it was called after the enhanced U-
Net variant. When the model was evaluated using aerial images
from Dubai, it achieved a 91 percent accuracy rate, highlight-
ing its capacity to extract comprehensive spatial context for
the purpose of land cover research.

Hybrid approach that integrates a dynamic arithmetic edge-
detection technique with a BiLSTM-U-Net architecture to
delineate land use and land cover elements from hyperspectral
pictures was proposed by Yele. The suggested model demon-
strated outstanding performance on the DeepGlobe dataset,
with 98% accuracy, 99% recall, and a 99% F1-score, surpass-
ing most current approaches in managing high-dimensional
remote sensing data [17].

Tzepkenlis et al. [18] used the U-TAE (U-Net with Tem-
poral Attention Encoder) architecture, initially developed by
Sainte Fare Garnot and Landrieu, to facilitate land cover
mapping using satellite image time series. Their methodology
streamlines preprocessing through the utilization of tempo-
ral median composites and enhances performance by using
multi-sensor data from Sentinel-1, Sentinel-2, and ALOS, in
conjunction with channel attention modules. The enhanced
model surpasses methods such as random forest, U-Net, and
SegFormer while utilizing less trainable parameters. Additional
efforts are scheduled for temporal change modeling and object-
based segmentation.

A dual-velocity ensemble classification method was pre-
sented by Horry et al., this method combines the advantages
of a Vision Transformer and a fast-training CNN [19], [20].
Their staged training pipeline demonstrated its potential for
scalable remote sensing applications by achieving a level of
accuracy of 65 percent on the So2Sat LCZ42 dataset. A hybrid
model of HRNet and PSPNet was utilized by Sun and Zheng in
order to enhance the pixel wise segmentation of high resolution
aerial and satellite images [21]. Their approach makes use
of multiband analysis and adaptive frequency band selection
in order to categorize nine different types of terrain, hence
achieving significant increases in the quality of segmentation
performance. The authors emphasize the importance of con-
ducting further research on multimodal fusion and change-
detection-oriented segmentation, as stated in the literature.

According to their findings, the Res UNet system that is
fitted with a ResNet 50 encoder provides the optimal balance
between the level of accuracy and the level of architectural
complexity. The authors also highlight the significance of
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efficient preprocessing and highlight the limitations of standard
U-Net models in terms of their ability to capture a wider range
of contextual information. Chueprasert et. al. carried out this
investigation into the comparative evaluation of deep learning
methods for the extraction of buildings from satellite imagery
[22].

The study emphasizes the necessity of merging government
datasets with unlabeled satellite imagery to enhance agricul-
tural monitoring. The classification framework proposed by
Payani et al. [23] was implemented using Deep Feed For-
ward Neural Networks (DFNN) and 1D Convolutional Neural
Networks. This framework was based on spectral indices and
used data from Landsat. The DFNN model they built using
the KAPLCU dataset had a test accuracy of 99.57%, which
was higher than the accuracy of the 1D CNN. the accuracy
achieved by the 1D CNN.

The MST DeepLabv3+ model was presented by Wang et
al involved the integration of SENet and MobileNetV2 with
transfer learning in order to provide semantic segmentation that
was both efficient and accurate [24]. A MlIoU of 82.47% and
an OA of 92.13% were achieved by the model on the ISPRS
dataset. These results demonstrate the model’s ability to handle
high-resolution remote sensing scenes while still maintaining
a lightweight design.

Dataset for Indian research was made by Rengma and
Yadav with their investigation into the creation of a medium-
scale land use and land cover [25]. More specifically, they
examined and evaluated both conventional machine learning
techniques and contemporary deep learning methods. Machine
learning and deep learning models are shown to have compa-
rable levels of accuracy in their experiments, highlighting the
fact that the selection of an algorithm ought to be determined
by the computational resources that are available. In their
recommendation, they suggest extending evaluations across
multiple states in India by utilizing imagery with a higher
resolution.

Behera et al. [26] examined the integration of Object-Based
Image Analysis (OBIA) with machine learning classifiers for
LULC mapping using LISS IV imagery.The study highlights
challenges in segment boundary definition and computational
demand while demonstrating the value of OBIA for context-
aware land cover mapping. The best accuracy, 75.2%, was
achieved using the CART classifier.

Wang et al. [27] suggested DeepG-DLE, a lightweight
semantic segmentation model that improves DeeplabV3+ by
using GhostNet and depthwise separable convolutions. The
model performs well in a wide range of situations, such as
when there are shadows or when the class distributions are
not balanced. The Fuyang Remote Sensing Image Dataset
(FRSID) was created to help with benchmarking. Azedou et
al. said that combining spectral indices with Deep Neural
Networks (DNN5) can classify land cover from Sentinel-2 data
with 94.5% accuracy [28]. Random Search, Hyperband, and
Bayesian optimization are some of the optimization methods
that made the model work better. Their results show that deep
learning in the cloud can be useful for keeping an eye on
natural resource.

Albarakati et al. [29] proposed a fused self-attention-based
deep learning model for LULC classification using IBNR-
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65 and DenseNet-64 feature extractors. The incorporation of
Quantum Hyperparameter Optimization significantly reduced
computation time while improving classification accuracy to
98.2% on the SIRI-WHU dataset. Amer et al. reviewed state
of art methods and concluded that deep learning—particularly
CNN-based and hybrid multi-scale models—remains the most
effective strategy for remote sensing image classification [30].
Boonpook et al. [31] introduced LoopNet, a novel CNN ar-
chitecture tailored for semantic segmentation of LULC classes
in Landsat-8 imagery. LoopNet effectively captures complex
land cover patterns and outperforms traditional models, though
it faces difficulties in differentiating urban and miscellaneous
classes. The study reaffirms the growing importance of deep
learning for accurate LULC mapping.

III. RELATED WORK

Over the past 20 years, the way we classify land cover
has changed a lot. It has evolved from basic pixel-based
techniques to sophisticated deep learning architectures capable
of modeling both spatial and contextual information. This
section gives a general idea of these changes and points out
the problems that led to the design of the proposed AMSE-
U-Net architecture [32], [33]. The introduction of U-Net was
a big step forward for remote sensing’s ability to make dense
predictions. You can mix fine spatial details from the early
layers with deep semantic information from the deeper layers
thanks to the encoder-decoder structure and skip connections.
This hierarchical feature fusion has worked well to separate
things with complicated edges, such as roads, rivers, and built-
up areas [34].

A number of variants have tried to make the original U-Net
better. UNet++ added nested, densely connected skip pathways
to make the semantic gap between the encoder and decoder
feature maps smaller. Pay attention U-Net used spatial attention
gates to get rid of irrelevant activations and bring out important
features. Residual U-Net and Dense U-Net made it even easier
to reuse features and keep gradients stable by using residual
and dense connectivity [35].

Even with these improvements, classical U-Net architec-
tures still have problems when used for remote sensing. Images
from remote sensing often show objects that are very different
in size and texture, which means that fixed-size convolutional
kernels can’t capture all of the spatial patterns [35]. U-Net
also doesn’t have clear ways to model global context, which
is important for telling apart land cover types that have
similar spectral characteristics. These constraints have spurred
growing research interest in hybrid architectures that integrate
U-Net’s structural advantages with multi-scale and attention-
based improvements [36].

A. Motivation for the Proposed Architecture

The ideas behind multi-scale processing, attention model-
ing, and hierarchical feature fusion have led to the creation of
hybrid architectures designed for remote sensing. But a lot of
the models that are already out there only look at one thing,
like multi-scale extraction, channel attention, or spatial refine-
ment, and they don’t put them all together into one framework.
Remote sensing segmentation, which is hard because of the
wide range of scales, textures, and spectral complexities, works
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best with an architecture that includes multi-scale features,
channel recalibration, and attention-guided skip fusion all at
once. The proposed AMSE-U-Net combines these ideas by
adding Multi-Scale Blocks (MSBs), Squeeze-and-Excitation
(SE) modules, and Attention Gates (AGs) to a U-Net backbone.
This unified design captures fine spatial details, enhances
global context, and improves feature relevance, resulting in
a more robust and generalizable segmentation framework for
land cover classification.

B. AMSE Unet

The proposed Advanced Multi-Scale Enhanced U-Net
(AMSE-U-Net) aims to address the issues encountered by
standard U-Net and its variants when applied to intricate
remote sensing images. Satellite images with high resolution
show objects in a wide range of sizes, shapes, and textures.
Long-range dependencies and semantic inconsistencies be-
tween deep encoder features and shallow decoder features
also make it harder to get the right segmentation. To fix
these problems, AMSE-U-Net adds three modules: the Atrous
Multi-Scale Enhancement Module (AMEM), the Hybrid Chan-
nel-Spatial Attention Block (HCSAB), and the Cross-Level
Context Fusion (CLCF) unit. All of these parts work together
to improve contextual modeling, refine features, and make sure
that everything in the network is the same across all scales.

AMSE UNet is based on the classic UNet design, but
instead of using standard convolutional blocks, it uses modules
that are more flexible and aware of the situation. The encoder
uses AMEM blocks to mix multi-scale context with atrous
convolutions that have different dilation rates. This gives it
features that are organized in a hierarchy. HCSAB modules
make the feature maps better at both the encoder and decoder
stages by showing off useful channels and areas of space.
Lastly, the CLCF module makes sure that the encoder and
decoder’s features work well together. This makes skip con-
nections better and helps the decoder make more accurate land
cover boundaries.

The three core models of the architecture are shown below:

e Atrous Multiscale Enhancement Module (AMEM):
captures multiscale contextual features and long-range
spatial dependencies through dilated convolutions.

e Hybrid Channel-Spatial Attention Block (HCSAB):
enhances discriminative feature learning by combining
channel attention and spatial attention.

e Cross-Level Context Fusion (CLCF): reduces the
semantic gap between encoder and decoder layers
through adaptive cross-scale feature alignment.

This modular design ensures that both local and global
contextual cues are efficiently preserved, enabling robust seg-
mentation of heterogeneous land cover types.

C. Atrous Multi-Scale Enhancement Module (AMEM)

The AMEM module is made easier to collect contextual
information at different scales without making the calculations
harder. Standard convolutions have small receptive fields,
which makes it hard for them to capture big structures like
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fields, bodies of water, or areas of vegetation. Atrous convo-
lutions help with this problem by adding dilation factors that
make the receptive field bigger.

The input feature map X, AMEM applies four parallel
atrous convolutions with dilation rates {1, 2, 4, 8}:

F; =Convy(X), de{1,2,4,8}. (D)
These multi-scale features are concatenated as shown be-
low:

Fconcat:[F17F27F4;F8L (2)

and fused through a 1 x 1 convolution to reduce dimen-
sionality and enhance feature compactness:

Famem = Convi x 1 (Feoncat)- 3)

This module provides richer context at each layer of the
encoder, enabling better recognition of objects with varying
scales and shapes.

D. Hybrid Channel-Spatial Attention Block (HCSAB)

Not all of the features that AMEM extracts are equally
useful for segmentation, even though it adds depth to the
context. AMSE-U-Net uses HCSAB, which combines channel
attention and spatial attention to fully recalibrate features, to
selectively improve relevant information.

Channel attention: Channel attention identifies the rela-
tive importance of each channel by applying a squeeze-and-
excitation operation:

M, = o(MLP(GAP(X))), @)

where, GAP denotes Global Average Pooling and o is
the sigmoid activation. This mechanism captures channel-wise
dependencies, allowing the network to strengthen informative
channels while suppressing irrelevant ones.

Spatial attention: Spatial attention emphasizes important
spatial regions by applying average pooling and max pooling
across the channel dimension:

M = U(COHV7X7([XavgaXmaxD)~ (5)

Here, X,y and Xy, represent average-pooled and max-
pooled feature maps, respectively. The 7 x 7 convolution
captures spatial relationships over a wide receptive field.

Combined attention output: The recalibrated feature map
is obtained by sequentially applying channel and spatial atten-
tion:

X'=X0oM oM, (6)

where, © denotes element-wise multiplication. HCSAB
thus enhances feature representations and improves the seg-
mentation of boundaries, small objects, and spectrally similar
land cover classes.
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E. Cross-Level Context Fusion (CLCF)

Skip connections in classical U-Net simply concatenate
encoder and decoder features, despite their semantic disparity.
Encoder features tend to capture high-level semantic informa-
tion at low resolution, whereas decoder features contain fine-
grained spatial details. This mismatch often hampers segmen-
tation performance.

To address this, the CLCF module aligns encoder and
decoder features before fusion. Given encoder feature map Fepe
and decoder feature map Fjy.., CLCF applies transformation
functions ¢(-) and 1(-) to match channel dimensions and
semantics:

Ferer = ¢(Fenc) + w(Fdec>- (7)

This operation ensures consistent representation across
network levels, allowing the decoder to more accurately re-
construct object boundaries and spatial details. By mitigating
semantic discrepancies, CLCF significantly enhances the ef-
fectiveness of skip connections.

IV. PROPOSED METHOD: AMSE UNET
A. Architecture Overview of the AMSE UNet

The Advanced Multi-Scale Enhanced UNet (AMSE UNet)
is a new type of encoder-decoder architecture that was made
to do very precise semantic segmentation of remote sensing
images. It improves the classic U-Net by adding three major
new features: 1) modules for extracting features at multiple
scales, 2) recalibrating squeeze and excitation (SE) channels,
and 3) skip connections guided by attention. These parts let the
network pick up on small spatial structures while keeping track
of global context, which makes it great for mapping complex
land cover. Fig. 1 shows the block diagram of the proposed
architecture.

B. Encoder: Multi-Scale Feature Extraction

The encoder is composed of a sequence of Multi-Scale
Blocks (MSBs) designed to extract hierarchical and spatially
rich feature representations. Each MSB processes the input
using multiple convolutional branches:

e a standard 3 x 3 convolution,

e a dilated 5 x 5 convolution to enlarge the receptive
field,

e a1 x 1 convolution for channel mixing and dimen-
sionality control.

The outputs of these parallel convolutions are concatenated
to form a multi-scale feature map, followed by batch normal-
ization and ReLU activation. Max-pooling operations at each
stage downsample spatial dimensions while preserving feature
richness. This design enables the encoder to capture both high-
frequency details (e.g., edges, boundaries) and low-frequency
patterns (e.g., vegetation texture, water bodies).
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Fig. 1. Block diagram of the proposed AMSE-U-Net architecture.

C. Bottleneck: Contextual Enhancement with Squeeze-and-
Excitation

At the network’s deepest layer, the bottleneck consists of a
Multi-Scale Block followed by a Squeeze-and-Excitation (SE)
module. The SE block performs channel-wise attention:

1)  Squeeze: Global average pooling aggregates spatial
information into a channel descriptor.

2)  Excitation: A gating mechanism with sigmoid activa-
tion learns per-channel importance.

3)  Recalibration: Channels are reweighted to emphasize
informative features and suppress noise.

This mechanism strengthens discriminative features, im-
proves robustness against illumination and texture variations,
and optimizes the information flow into the decoder.

D. Decoder: Attention-Guided Feature Reconstruction

The decoder reconstructs pixel-level predictions through
upsampling and feature fusion. At each scale, feature maps
are passed through:

e upsampling via transposed convolution,

e an Attention Gate (AG) applied to the corresponding
encoder skip connection,

e a Multi-Scale Block to refine fused information.

Attention Gates suppress irrelevant encoder activations and
retain only spatially consistent, task-relevant regions. This
significantly improves segmentation quality along complex
boundaries such as rivers, roads, and urban edges.

E. Output Layer

The final segmentation map is generated using a 1 x 1
convolution that maps decoder features to pixel-wise class
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probabilities. A sigmoid activation is used for binary segmen-
tation, whereas softmax is applied for multi-class land-cover
mapping. The output resolution matches the input resolution,
maintaining precise localization.

F. Key Advantages of AMSE-U-Net

e  Multi-scale feature extraction enhances the model’s
ability to detect objects of varying sizes.

o  SE channel attention selectively amplifies informative
channels.

e  Attention-based skip connections reduce irrelevant
spatial noise.

e Dilated convolutions extend receptive fields without
increasing the parameter count.

e Improved boundary precision through deep decoder
refinement.

Overall, AMSE-U-Net provides a strong and generalizable
framework for remote sensing semantic segmentation, outper-
forming traditional U-Net variants in capturing fine details
while maintaining contextual coherence.

V. RESULTS

To evaluate the efficacy of the proposed AMSE-UNet
Semantic Segmentation, tests were conducted on DeepGlobe
dataset as shown in the Fig. 2. From the dataset 4 sample test
images are taken and their obtained masks are shown along
with the true masks. With the proposed algorithm the output
masks perfectly lock into the different land cover regions of
the remote sensing images

A. Experimental Setup

1) Dataset: The dataset used to get the results is called
DeepGlobe Land Cover. It has 50 cm satellite images and 7
classes. The DeepGlobe Land Cover Classification dataset is
a large-scale benchmark that includes high-resolution satellite
images that have been carefully chosen for research on se-
mantic segmentation [2]. The dataset was released as part of
the 2018 DeepGlobe Challenge. It has RGB image tiles that
are 2448 x 2448 pixels in size and have a ground sampling
distance of about 50-60 cm. This makes it possible to do
detailed analysis of different landscapes [8]. Each scene is
manually labeled with seven land cover types: urban, agricul-
ture, rangeland, forest, water, barren, and unknown. This gives
dense pixel-level supervision that is good for training deep
learning models. The dataset was gathered from a wide range
of locations, so it has a lot of variation in scene structure, object
size, and land cover patterns. This makes it a great resource
for testing the robustness and generalization of segmentation
architectures like U-Net, DeepLabv3+, and transformer-based
models. DeepGlobe is one of the most popular benchmarks for
remote sensing land cover classification because of its size, the
quality of its annotations, and the variety of its classes.

2) Preprocessing: Images were normalized, resized to
512x512, and augmented using flipping, rotation, color jitter,
and Gaussian noise.
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Fig. 2. Columns (i) & (iv) are input images, (ii) & (v) are ground truths, and
(iii) & (vi) are predicted masks.

3) Training details: Training of the model done using:

e  Optimizer: AdamW

e Learning rate: 10~*

e  Batch size: 8

e Loss: BCE + Dice loss
e Epochs: 100

4) System configuration and other settings: The CPU is
Huawei-made Intel(R) Core(TM) i3 processor with 2.10GHz
speed. The operating system is Windows11 (64-bit operating
system), and the development environment is python .For the
DeepGlobe dataset, testing images were selected randomly
from the dataset. For each of the original images the model
predicts the segmentation. The comarative analysis of our
approach with other deep learning algorithms is shown in the
Table I.

TABLE 1. MIoU ON DEEPGLOBE

Model mloU (%)
U-Net 61.0
UNet++ 63.4
DeepLabv3+ 65.8
HRNet-Seg 66.1
AMSE-U-Net (proposed) 69.3
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VI. CONCLUSION

In this work, an expanded U-Net-based architecture known
as AMSE-U-Net was presented. The purpose of this architec-
ture was to overcome the drawbacks of standard segmentation
models in terms of managing the multi-scale complexity
of land cover representations. By incorporating the Atrous
Multi-Scale Enhancement Module (AMEM), the Hybrid Chan-
nel-Spatial Attention Block (HCSAB), and the Cross-Level
Context Fusion (CLCF), the proposed model is able to effec-
tively capture a wide variety of contextual information, im-
prove feature discrimination, and enhance semantic alignment
across all levels of the network.According to the findings of
the experiments, AMSE-U-Net performs significantly better
than standard U-Net systems when it comes to segmenting
and locating borders. It has the capability of employing multi-
scale context and attention-driven refinement in order to pro-
duce classifications of various forms of land cover that are
more accurate. AMSE-U-Net is a formidable and adaptable
framework for the segmentation of remote sensing data that
has the potential to be utilized in the fields of environmental
monitoring, urban planning, and geospatial analysis.
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