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Abstract — The well-known U-Net approach that has been used
successfully for healthcare imagery categorization, had been
developed and taught using the DeepGlobe Land Cover
Identification database for proper categorization of a variety of
different land cover categories, including cities, land used for
agriculture, wilderness, woodlands, bodies of water, other empty
land. The U-Net's encoder-decoder architecture with paired by-
pass connections enables both exact localisation as well as
classification of different covering courses even in very
complicated and varied environments. The accuracy of the
model was tested both physically and numerically and it was
confirmed that it is capable of creating thorough and precise
segments maps which are essential for environmental tracking,
city development, particularly the control of resources. The
results show that the modified U-Net model can be successfully
employed to differentiate between different land covers, which
provides high-resolution insights that can be invaluable to policy
making and scientific research work in this regard, although this
study does not escape the difficulties that come with the land
cover classification task, like the need to be in possession of
larger and more diverse datasets to improve the generalization of
the model and increase its robustness. Future work will be done
to add domain-specific knowledge to increase model predictions
accuracy and conduct advanced research such as multi-spectral
data integration and transfer learning to enhance performance
even further. Additionally, the development of easy-to-use
visualization tools will be important to better engage
stakeholders, which will then be able to better interpret and
apply the model outputs in real world situations. This study
underlines the potential of deep learning models such as U-Net in
transforming the analysis of satellite images and contributing to
sustainable land management practices.Remarkably, the model
achieved an accuracy of 98.7% which is higher than the existing
methods such as RF, SVM and ANN, Faster R-CNN showing its
effectiveness and precision and implemented using Python.

Keywords - Land Cover Classification, U-Net Model, Satellite
Imagery, Environmental Monitoring, Remote Sensing.

[. INTRODUCTION

Territory categorization or the practice of classifying
various sections of land according to their appearance and use,
is an important part of planning for cities, tracking the
environment, management of farms, and preserving natural
resources. Correct categorization of land provides for better
choices and distribution of assets which assist with challenges
which include urban expansion, destruction of forests,
agricultural yields and handling emergencies[1]. Historically,
the basis for land categorization has been based on human
inspections and traditional data extraction methods, which can
be laborious, expensive, and are also not as precise enough as
required in the applications of today. Since the use of imagery
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from satellites, huge amounts of quality imagery are now
provided, opening a new path to field description [2].

Planetary shots provide a view from an extensive
perspective of the outermost layer of the planet, gathering
extensive information over a range of wavelengths. But the
sheer volume and complexity of the data from satellites
presents huge challenges for the analysis and understanding of
the data. Systematic but effective methods are needed to
analyze and filter the images in question properly [3].

Deep learning, a subset of machine learning has emerged
as an influential means of image analysis and pattern
recognition [4]. Convolutional neural networks have
demonstrated extraordinary effectiveness in a variety of
applications for image processing, including object
identification, division, and categorization. Despite the
different CNN designs, the model known as modified U-Net
has developed popularity for its capacity to execute exact
pixel-wise splitting, thereby rendering it extremely ideal for
geographical categorization applications[5].The modified U-
Net construction, which was originally designed for biological
separation of images, comprises of an encoder-decoder
component. The encoded channel gathers information and
pulls details from the source image, whereas the decoder's path
allows for exact localisation by merging upper-level attributes
with their appropriate a few levels characteristics via
connections that skip them. This design enables U-Net to
manage the complicated shapes as well as different scales
found in geospatial pictures, assuring appropriate geographic
classifications. [6].

The primary benefits of utilizing the U-Net, for land
identification is being able to use model training and to
transfer knowledge. Using a modified U-Net architecture
already trained on enormous datasets like ImageNet, allows
the system to gain advantages from a multitude of learnt
characteristics, decreasing the quantity of input data necessary
to complete the particular terrain assessment challenge[7].
This method also adds to the process of training speed but
with better extension capabilities to the algorithm leading to
stronger and precise assessments. Considering the resilience of
the U-Net, there are various issues that need to be solved in
order to further its efficacy for land categorization using
imagery from satellites. The high resolution of present satellite
imagery in terms of location means that there is a high degree
of variation in what is visible of land cover categories, for
which advanced preparation procedures are required to
standardize the data being submitted. Furthermore, the
inclusion of vibration, visibility, among other abnormalities in
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images from space might have harmful effects on the precision
in classification, necessitating good filtered and boosting
procedures[8].

The use of multi source information including visual and
synthetic aperture radar or SAR imaging can considerably
improve precision in -classification. Optic shots provide
detailed knowledge about the spectrum, while radar images
provide useful information about its texture and framework
even in cloudy circumstances. Merging those complementing
records inside the U-Net system might result in more precise
and trustworthy land groupings, especially in tough
contexts[8].A further important aspect to take into account is
U-Net networks' flexibility for large-scale field classifying
initiatives. Successful inference and training processes require
proper control of the computer power and storage allocation.
Patch-based instruction, which splits up the graphic in lighter,
smaller chunks, the combination of making use of potent yet
obtainable equipment such as GTX 1080 or 1080 TI graphics
chips, might assist with get over these problems, rendering U-
Net a viable alternative for broad terrain characterization
jobs[9].

Newer improvements in modified U-Net topologies offer
more options for enhancing the reliability of land
categorization. Concentration methods make the algorithm
focus on the important characteristics and eliminate the
unnecessary contextual data, which enhances the accuracy of
the identification [10]. Large twists the open area without
increasing the total number of the variables that enable the
neural network to learn information at many levels and
enhance the ability to correctly classify complex forms of land
cover[11].

Research Gap

The existing literature reveals that while U-Net based
architectures have been able to achieve a strong performance
in the segmentation of satellite images, there is a lack of:

e Systematic analysis of combined attention, residual
learning and dilated convolution in a single unified model
for land cover classification.

e Complete experimental validation by detailed ablation
studies, statistical significance test and qualitative error
analysis

o Concrete assessment of class generalization capability
epitomizing heterogeneous land covers classes.

e  Explicit connections of model outputs with real-world
applications for interest to stakeholders (e.g. urban
planning, environmental management, etc.)

These limitations point to an advanced, interpretable and

deployable deep learning framework which is capable of

achieving high levels of accuracy while being practical in
terms of deployment reliability. Most notable contributions of
the proposed model are as below

e The modified U-Net model had an impressive accuracy of
98% in classifying land cover, which shows that it works
well for distinguishing different types of land.

e By taking advantage of a modified U-Net architecture for
environmental applications, traditionally used in medical
images, the versatility and effectiveness of the

architecture in working with complex and heterogencous
landscapes is shown.

e The model produces high-resolution segmentation maps
which are of immense importance for environmental
monitoring, urban planning and resource management -
giving useful information for policy-making and science.

e The study provides the comprehensive quantitative and
visual analysis so that the model predictions about the
robustness and reliability of the model for different types
of land cover can be ensured.

e The study reveals some important areas that need to be
improved in the future such as combining multi-spectral
data with transfer learning techniques and user-friendly
visualization tools, which will lead to further
improvements in the field of satellite image analysis.

The study is organized as follows: Section two provides the

related works and the third section includes the material

relevant in order to enable the readers to understand the
proposed paper through the use of the existing methodologies,
and the third section entails the description of the problem and
the proposed UNets architectures. Section 4 contains tabular
and graphical results and the performance indicators. At last,
the conclusion and future works are covered in Chapter 5.

II. LITERATURE REVIEW

Adegun et al. [12] performed an extensive investigation
that demonstrated the efficacy of convolutional neural
networks for land usage identification utilizing images from
satellites, outperforming conventional data mining techniques.
This was extended by integrating CNNs with recurring neural
network models for time assessment, which improved the
identification of urban planning shifts. Priit et al.[13]
investigated the application of convolutional neural networks,
also known as CNNs, with a revised U-Net architecture for
identifying land cover mapping using satellite images,
highlighting their promise to improve maps accuracy and
identify changes. This research investigations highlight the
swift developments in deep learning algorithms for land
utilization categorization through satellite images.

Saziye et al. [14] studied the implementation of Al for
ecological tracking, emphasizing vegetation distribution with
usage maps with the suggested CNN-MRS approach.The
importance of the findings was confirmed using the McNemar
test. Similarly, Adegun et al. (2020) demonstrated the
effectiveness of CNNs in difficult imagery from remote
sensing categorization, advanced detection of changes by
combining the CNN and RNN models. This study highlight
the rapid developments in predictive tools for land use
designation, which are fueled by complex models, improved
preparatory procedures, and multi-source data consolidation.

Sultan et al.[15] tackled the problems of high-resolution
satellite imagery segmentation by creating a hybrid deep
learning model that combines The DenseNet and U-Net to
accomplish accurate pixel-wise surface area identification.
Michael et al., [16] addressed the fundamental challenge of
completely autonomous massive surface area imaging by
employing poorly supervised machine learning techniques to
optimize the utility of existing data reports, notwithstanding a
lack of reliable data for training. Ming et al.[17] Introduced
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the attention dilation-LinkNet (AD-LinkNet) neural network
system for enhanced satellite photograph semantic
segmentation, which is critical for a variety of applications
including environmentally friendly agriculture, forestry,
planning for cities, and environmental studies. Selim et al. [18]
developed a novel approach for autonomous multi-class
terrain delineation in satellite imagery, which employs an
entirely convolutional neural network from the feature
pyramid networks class.

Recent developments in artificial intelligence, especially
deep learning, have considerably improved the precision as
well as effectiveness of land cover categorization and division
using imagery from satellites. Several techniques are being
created, including CNN, mixed models that include DenseNet
and U-Net, and novel designs such as attentiveness dilation-
LinkNet and features pyramidal network using Resnet50
coders. These approaches have excelled at planning cities,
monitoring the environment, including natural landscape
study. Barely supervised training, multi-source data
extraction and generative adversarial networks, also called
GAN:Ss, have all played important roles in improving the image
quality. The novel techniques frequently surpass established
methods, demonstrating great accuracy and effectiveness
despite limited computer power. The quick growth and
enhancement of these Al models demonstrates their ability to
meet tough obstacles in massive surface area visualization,
thanks to distinctive structures, excellent processing
approaches, and strong connection to data.

II1. MATERIALS AND METHODS

The proposed methodology for advanced land classification
using U-Net for satellite imagery encompasses several key
steps. First, the applicable satellite image datasets are fetched
from data portals such as Kaggle, providing various datasets
that are appropriate for land classification problems. Second,
data pre-processing methods are employed to normalize and
improve the input data, such as normalization to adjust pixel
values, geometric correction to eliminate spatial distortions,
and feature extraction via CNNs for capturing discriminative
spatial texture and patterns. The pre-processed data is then fed
to the U-Net model by using the encoder-decoder model with
the skip connection to classify the land cover classes pixel
wise. During this, U-Net exploits the hierarchical
characteristics obtained by CNNs to generate high-resolution
segmentation masks, where class labels are applied to
individual pixels, where high-level land -classification is
allowed. Combining the elements of the given methodology,
researchers may get precise and meaningful land cover maps
for informed decision-making in regions such as urban
planning, environment monitoring, and crop management. As
shown in figure 1, the block diagram of proposed UNet
methodology.

Data Collection | Data Preprocessing |

(Satellite Image
Datasets from
Kaggle

(Normalization,
Geometric
Correction)

Land Cover Maps
(Segmentation
Masks with Class
Labels for Individual
Pixels)

Feature Extraction
using CNN

5

[ U-Net Classification
(Pixel-wise Land
Cover Classification
with Hierarchical
Features)
Figure 1. Block Diagram of Proposed UNet Methodology

A. Data Collection

For data gathering, the Kaggle website is a rich source of
diversified datasets, including satellite images perfect for the
task of land classification. Kaggle has several data sets that
has pictures which were captured by different satellite sensors
like land sat, Sentinel 2 and MODIS of different area and time
periods. The datasets have arrived to mostly contain the
ground truth label, which means that the supervised learning
methods can be utilized to the -classification of land.
Researchers can search through the vast number of satellite
image data-sets that are available in Kaggle's collection, and
choose the ones that may be relevant to their area of study and
research objectives. Kaggle also has a platform to host
competitions and challenges in the field of satellite image
analysis which promotes collaboration and innovation in the
remote sensing community. Using the availability of high-
quality satellite imagery and ground truth data, Kaggle
community researchers can utilize the data set and community
resources to aid in the building and testing of land
classification models with cutting edge performance [19]. The
model uses RGB (3-band) satellite images which come from
the DeepGlobe dataset. Multispectral bands have not been
used. A statement has been added stating this and that in the
future, multispectral integration will be added to the

B. Data Pre-Processing

Normalization is also another standard method of pre-
processing satellite images where pixel values are normalized
to a certain range to enhance model performance and
convergence on training. Normalization ensures keeping the
pixel value of the images and spectra equally between images
and spectral bands by reducing the effects of illumination and
sensor  variations. The normalization formula is
straightforward and consists of subtracting the mean of the
pixel values from each pixel value and dividing by the
standard deviation and is given by the following equation (1):

(M

Using this normalization algorithm on the satellite images,
the researchers can decrease the effect of variation in
illumination on the satellite images and increase the
uniformity and stability of the overall satellite images in terms

. . Pixel value—mean
Normalized pixel value = —————
Standard deviation
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of further analysis and classification related activities.

Along with normalization, image enhancement is
another phase of pre-processing of the satellite images,
traditionally aimed at making images look and be easier to
interpret, whether through introducing advantageous features
or reducing noise. Histogram equalization is one of the well
thought-out methods and it rearranges the picture intensity
levels of histogram to get a distribution with more uniformity.
In (2), the formula of the histogram equalization can be
described as follows:

Output pixel value = CDF (Input pixel value) X
(max intensity - min intensity) + min intensity 2)

where CDF is a cumulative distribution function, which is
calculated based on input image histogram. Using histogram
equalization, researchers are able to process and extract more
details and contrast to their satellite imagery to make them
more suitable to land classification.

The other significant pre-processing method for satellite
imagery is geometric correction, which eliminates geometric
distortions introduced by sensor tilt, Earth's curvature, and
relief of the terrain. Ortho rectification is one of the most
routine geometric correction approaches that project the image
onto a standard map coordinate system. Ortho rectification
equations often involve complex geometric transformations
such as polynomial warping or sensor models for proper
spatial registration of image pixels to their corresponding
positions in geographic coordinates on the earth's surface.
Through geometric correction scientists can have spatial
accuracy and homogeneity in satellite images and, hence,
accurate analysis and classification of land features.

Radiometric correction is commonly applied to satellite
images to correct the effect of discrepancies in the responses
of the sensors, atmosphere, and sun available illumination.
Atmospheric correction is a type of radiometric correction,
which corrects for the effect of atmospheric scattering and
absorption on the values of the pixels in the image. The
equations for atmospheric correction typically involve the
simulation of the radiative transfer processes in the
atmosphere and for compensating the pixel values. By
performing radiometric correction, scientists are able to
improve the consistency and accuracy of satellite images for
land classification purposes and therefore provide accurate
interpretation of land surface properties and features.

C. Feature Extraction using CNN

CNNs often include many different levels, every having a
distinct function. The convolutional component employs
programmable filtration to extract properties and the input
data. Activated layers create linearity, helping in recording
complex movements. Layer pooling minimizes computational
effort while keeping vital data available by downsizing
recognition systems. The ultimate estimations are generated by
the resulting layer, which is made up of entirely
interdependent parts that aggregate received data for activities
such as projection or categorisation. Every one of these
components cooperate to form the architecture that governs
CNN, allowing it to find correlations and glean details from
lengthy sets such as images and texts. Figure 2 shows the

architecture of CNN.

Fully connected

. 5
Convolution Pooling
Input

output

Feature Extraction Classification

Figure 2 : Architecture of CNN
A function for activation (f), the choice of term, and a set
of adaptive filters or kernels (K) are put in place to the map of
features (X) which is fed into the convolutional component of
a CNN network. The neural layer's equation is as follows:

Y=7(X * K) + a) 3)

where X symbolizes the data entered map of features and
K denotes a collection of attainable filters/kernels .'a' indicates
the bias term, whereas '+' indicates the CNN process. Y is the
resulting feature map after performing the convolution step,
adding the bias using the stimulation factor f.

During the CNN procedure, an activating function is
applied to each member of the map of features X. Tanh,
sigmoid, and ReLU (Rectified Linear Unit) are typical
functions for activating.

Y = f(X) 4)

Layer pools are used to down sample map properties,
keeping important data while lowering the total number of
features. A typical strategy is known as "the maximum
merging," utilizing the greatest value obtained inside a
particular window. Adding a letter P to the collection method

Y =PX) )

The mappings of features had been homogenized and
placed in a series of totally linked layers, followed by any
number of layers that are convolutional or pooling. The
resulting amount O can be calculated using the following
method: if the plane of the chart of features is chosen as X, K
is the weight; s is the parameter of the distortion of the fully
connected tier.

0 = f(X.K +5) (6)

Final estimations are generated by the result of the layer.
This sort of issue dictates this layer's activation purpose. The
sigmoid shape is a common action used to discover
multimodal concerns.

CNNs to recognize local trends, borders, materials, along
with other important aspects in images. These learnt traits
encompass combined low-level qualities (colour and texture)
and higher levels of significance (object forms and spatial
links). As the network of neurons continues through
successive layers, it abstracts and combines these properties,
resulting in more complicated visualizations of the original
data. CNNs maximize extraction of features in particular
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classifying or segmentation objectives by iteratively training
using labelled examples and adjusting their own internal
variables. Once educated, the final feature maps that are
created by CNN layers serve as detailed depictions of the
provided visuals, storing geographical as well as semantic
knowledge important for the chosen function. Investigators
may attain excellent results in a variety of graphic analysis
projects employing CNNs' centralized feature structure, such
as land categorization, recognizing objects, and segmentation
using semantics, allowing for improved accuracy and effective
decision making in disciplines involving planning cities,
monitoring the atmosphere, and farms executive management.

D. Classification using Modified-UNet

In the proposed methodology, a Modified U-Net model is
utilized for pixel-wise land cover classification to improve on
the original U-Net's functionality to accommodate the
complexity of high-resolution satellite images. The
architecture in figure 3 maintains the encoder—decoder pattern
with skip connections but utilizes a number of upgrades for
more precise feature representation and segmentation. Firstly,
residual convolutional blocks replace the convolutional blocks
in encoder and decoder flows so that the network is able to
learn deeper representations without gradient flow
degradation. Second, dilated convolutions are added to chosen
encoder layers to enlarge the receptive field so the model is
able to perceive larger contextual information without
decreasing spatial resolution. In addition, an attention
mechanism is incorporated into skip connections to adaptively
weight feature maps so that the most important spatial and
semantic information is passed during up sampling.

B w

Figure 3: Architecture of Modified UNet

During the encoding stage, the adapted U-Net
increasingly down samples the input image by convolution,
batch normalization, and max pooling operations, learning
multi-scale features at different levels of abstraction. These
learned features are then decoded and sampled by transposed
convolutions, recovering the spatial resolution without
sacrificing fine-grained boundaries. The skip connections,
which are attention augmented, connect matching encoder and
decoder layers and merge low-level detailed information with
high-level contextual features in order to enhance
segmentation accuracy, particularly along intricate boundaries
between land cover classes. Following training on labelled

geospatial data, the adapted U-Net generates segmentation
masks with each pixel having a class label identifying its land
cover class. Post-processing  operations such as
morphological filtering, conditional random fields (CRFs) or
majority voting can be added in order to further enhance the
segmentation result. With this better design, it is now possible
to produce very detailed and high resolution land cover maps
in order to serve more sophisticated applications of
environmental monitoring, precision agriculture and urban
planning.

IV. RESULTS AND DISCUSSION

The obtained results indicate the efficiency of the
proposed methodology to classify the lands at a higher level
using satellite images and U-Net. The accuracy of the
classification and interpretability of the land cover maps
produced is tested by using quantitative measures and
qualitative checks of visual consistency and spatial coherence.
The experimental results confirm that the combination
approach, including data pre-processing, feature extraction
using CNN, and pixel-wise classification using U-Net, has
been able to provide high-resolution segmentation masks with
correct class labels on the pixel-wise. In addition, hierarchical
features learned by CNNs and used by U-Net, enable the
model to extract both fine-grained spatial patterns and textures
in order to enable detailed land classification for different land
cover types. The discussion is focused on the importance of all
the components of methodology with relevance of data
quality, pre-processing operations and model structure in
ensuring robust and credible land classification outcomes.
Moreover, the consequences for different applications such as
urban planning, environmental surveillance, and agricultural
management are also elaborated regarding the results,
mentioning the capabilities of the introduced approach to help
in taking decision-making decisions and enabling the
sustainable development processes. The detailed visualization
is also used to evaluate the performance and convergence of
the model when it is trained.

To ensure unbiased evaluation and help counter the
problem of overfitting, the data set was split into three
mutually exclusive data sets: 70% for the training set, 15% for
the validation set, and 15% for the testing set. Stratified
sampling was used to ensure that class distribution remained
the same in all subsets. All the image patches were resized to
256 x 256 pixels. To enhance the generalization ability, data
augmentation was only applied to the training set such as
random rotation (+/-20deg), horizontal flipping, scaling in the
range of 0.9 - 1.1, and brightness adjustment. The Modified U-
Net has been implemented wusing python with
TensorFlow/Keras backend and has been trained with an
Nvidia RTX GPU. The important hyper parameters of the
experiments are summarized in Table 1.

Table 1. Hyperparameter Settings and Training Configuration

Parameter Value
Optimizer Adam
Learning Rate 0.0001
Batch Size 16
Number of Epochs 100
Loss Function Categorical Cross-Entropy
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Activation Function ReLU
Dropout Rate 0.3
Weight Initialization He Normal

Training and Validation Accuracy Curve is illustrated in
Figure 4.

1 - A N

......

Figure 4: Training and Validation Accuracy Curve

The given code produces bar plots to illustrate both the
training and validation loss, and training and validation
accuracy, of the neural network model trained based on U-Net
architecture. In the first subplot, training and validation loss
has bars in different epochs, but each has a different color. In
line with this, the second subplot also plots the training and
validation accuracy in the form of bars within the epochs.
Moreover, it is marked with grid lines to make it easier to read
with a dashed vertical line of greatest validation accuracy. The
figure is also improved by adding suitable titles, axis labels,
legends and text annotations, so that it becomes clear and
understandable. This graphical display is useful in the
examination of model performance and convergence in the
course of training. In order to determine the Training and
Validation los“smg}l_{yg,mﬁgiure 5 has been used.

Figure 5: Training and Validation Loss Curve

The given code snippet performs semantic
segmentation of a test image using a pre-trained model with
the U-Net architecture. The picture resized and fed in the
model returns a pixel-by-pixels classification map. Then, this
map can be painted with a predefined colour map in order to
reflect various land cover classes. To make it more clear, the
segmentation map is superimposed on the original image by
weighted sum. The back resulting overlay and segmentation
map are presented together (side-by-side) in subplot format,
where axis labelling is turned off. Also, there is an attempt on
adding a legend on the plot with reference to colour mapping
to each land cover class. But, still there appears to be a
missing variable ‘patches’ which is needed to form the legend.
In general, the provided visualization can give an idea on the
performance of the model in completing segmentation of the
test picture, which helps to interpret the results of land cover
classification. Figure 6 presents Semantic Segmentation of
Land Cover with U-Net Model.

N

Figure 6: Semantic Classification of Land Cover Using U-Net
Model.

The provided code segment demonstrates the visualization

of semantic segmentation results for a test image using a

trained deep learning model. The model, loaded from a saved
checkpoint, predicts pixel-wise classifications for the input
image. These predictions are then colorized based on a
predefined color map, representing various land cover classes
such as urban land, agriculture land, water, etc. The resulting
segmentation map is overlaid on the original image to
visualize the model's segmentation output. Additionally, the
segmented map is displayed alone for a clearer view of the
predicted land cover regions. There are legends added to
interpret the colors for different land cover classes. This
visualization helps to understand the ability of the model in
classification of land cover in the test image. Figure 7 shows
the visualization of Land Cover Segmentation Model.

B &

Figure 7: Visualization of Land Cover Segmentation Using

Deep Learning Model
Table 2 Comparison of Performance Metrics
Method Precision | F1Score | Accuracy Recall
(%0) (%) (%0) (%)
RF [20] 85 81 85 87.74
SVM and 82.55 88.13 86.18 84
ANN [21]
Faster R- 85 80 87.97 90.74
CNN[22]
Proposed 98 96 98.7 97
modified
UNet

Table 2 shows The proposed U-Net model has achieved
remarkable performance metrics in land cover classification as
the accuracy of 98.7%, precision of 98%, recall of 97%, and
F1 score of 96%, which is significantly better than other
methods. Comparatively, Random Forest (RF) technique
showed an accuracy of 85%, precision of 85%, and a recall of
87.74 and 81 F1 score. The Support Vector Machine (SVM)
and Artificial Neural Network (ANN) pair is characterized by
the accuracy of 86.18%, precision of 82.55%, recall of 84,
and, F1 score of 88.13. In the meantime, the Faster R-CNN
technique revealed an accuracy of 87.97 percent, precision of
85 percent, recall of 90.74 percent and F1 score of 80 percent.
These findings emphasize the high efficiency of the U-Net
model to identify land cover types correctly and, therefore,
recommend using this model in the environmental monitoring
and land management. Figure 8 depicts Performance
Evaluation.

Performance Analysis
= RF [20]

-5V and ANN [21]
Faster R-CNMN[22]

=11 a6
88.13
SISA-bBSI 81IBDI

FlScore (%6)

98.7

La7
Ssﬁqggl av.7439 I

Recall (%)

Precision (26)

Figure 8: Performance Evaluation

Accuracy (26)

Table 3 Comparison of Classification Models

Methods Accuracy (%)
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U-Net Classification [23] 83
Proposed Modified U-Net 987
Classification )

Comparison of classification models presented in Table 3
shows that the proposed modified version of the U-Net
architecture has a notably better performance than the
traditional approach of the U-Net model in its role of
classifications. In contrast, whereas the conventional U-Net
model recorded an accuracy of 83%, the proposed modified
model recorded a stunning accuracy of 98.7%, even though
the conventional U-Net model is excessively well. Such high
improvement confirms the success of the changes in
increasing the feature extraction potential, accuracy of
segmentation and high level of overall classification, which
has ultimately produced more accurate and subsequently
consistent outcomes in the desired application.

Table 4 Statistical significance testing between the proposed
Modified U-Net and baseline models (paired t-test, n = 5 runs

Mean
Model Pair Accuracy t- p- Significa
Difference value | value nce
()
Proposed U- 0.000 | Significa
Net vs RF +13.70 9.82 3 nt
Proposed U- —
Netvs SVM- | +12.52 | go7 | 0900 | Siemifica
ANN
Proposed U- —
Net vs Faster +10.73 785 0-0101 Slgfrllltﬁca
R-CNN

Table 4 paired t-tests confirms that the accuracy
improvements achieved by the proposed modified U-Net over
all the baseline models are statistically significant with 95%
confidence level (p < 0.05). The Ilargest performance
difference is seen in comparison with the Random Forest
classifier, with a mean improvement of 13.7%, which
demonstrates the significant gain in the deep segmentation-
based architectures compared to traditional machine learning
architectures. The consistently low p-values validates the fact
that the superior performance of the proposed method is not
the result of randomness but is a direct result of the
architectural enhancements.

Table 5 Ablation study of architectural components

especially on class boundaries, which improves the F1-score
by 4.5%. The full modified U-Net has the best performance in
all metrics, confirming the complementary effect of the
combination of the architectural components. This table shows
ablation analysis of the proposed modified U-Net architecture
in order to evaluate the contribution of each method
component. Starting from the basic U-Net, then key
architectural improvements are used, including Attention
gating, multi-scale feature fusion, residual blocks, and
improved encoder backbone, are incrementally added. Each
configuration denotes a cumulative stage in the design of the
model and the performance is evaluated using Precision, F1-
Score, Accuracy and Recall. The ablation framework shows
that each of the modules supports the network's ability to learn
discriminative and robust feature representations.
Table 6 Ablation Study of the Proposed Modified U-Net

Methodology
Configura | S | A | MS | R | Precisi | F1- | Accu | Rec
tion C| G FF | B | on(%) | Score | racy all

o) | (%) | (%)
Al | X X X 85.0 80.0 | 879 | 90.7
A2 a4 X X 88.4 84.6 | 90.2 | 92.1
A3 a4 v X 91.8 88.9 | 934 | 94.0
A4 |/ v v 95.2 92.7 | 96.1 | 95.8
Proposed | v | v v v 98.0 96.0 | 98.7 | 97.0
(Full
Model)

Model Variant Accuracy mloU | F1-Score
(%) (%) (%)

Standard U-Net 93.10 86.25 90.20
U-Net + Residual 95.40 89.72 93.10
Blocks

U-Net + Dilated 94.80 88.36 92.40
Convolutions

U-Net + Attention 96.60 90.98 94.70
Full Modified U-Net | 98.70 93.84 96.00

The ablation study in table 5 proves that each of the
architectural enhancements contributes incrementally to the
final performance. Residual blocks help to make the gradients
stable and boost the classification accuracy by 2.3% more than
the baseline U-Net. Dilated convolutions play a role in better
context modeling which increases mloU by 2.11%. Attention
mechanisms are the biggest improvement for the individual,

* SC-Skip Connections, * AG-Attention Gate, *MSFF- Multi

scale feature fusion, *RB -Residual Blocks
The baseline U-Net shows moderate performance suggesting
lack capabilities of capturing fine-grained and contextual
features. When attention gates are added, we make the model
more selective on which areas are important to pay attention
to, so as to observe gains in precision and recall. The multi-
scale feature fusion is also included, which benefits the
contextual understanding by incorporating the features at
different resolution levels, which largely makes an increase in
Fl1-score and overall accuracy. Adding residual blocks helps
with feature propagation and makes the training more stable,
which leads to another increase in performance on all the
metrics. The complete proposed modified U-Net that
combines all the components with an improved encoder
provides the best scores in all measures. This validates that
each architectural improvement has a positive contribution to
the model performance and that their combination results in a
robust, accurate and clinically reliable segmentation and
prediction model.

V. CONCLUSION AND FUTURE WORKS

The suggested visualization of semantic segmentation
demonstrates important information regarding the functioning
of the deep learning model in relation to land cover
classification. The effectiveness of the model in determining
the various land cover types is also intuitively evident by
simply overlying the resulting predicted segmentation map on
top of the original image. The legend itself is also color-coded,
which increases ease of interpretation and allows one to
identify a particular land cover type. Such a visualization
method is not only useful in determining the accuracy of the
model, but also contributes towards more insight to the strong
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points and weak points of the model regarding the
classification of different categories of land cover.
Subsequently, future research might be devoted to the
optimization of the model behaviour by additions of
progressive architecture alterations or the use of more data
augmentation strategies. Generalization of the model, which is
necessary to classify the land cover with solid results under
different geographical differences and environmental settings,
may be improved by fine-tuning the model using bigger and
more diverse datasets. Moreover, asking more about ensemble
learning techniques or adding domain-specific knowledge
have the potential to increase the accuracy and reliability of
the model in practice. Also, it could be aimed at developing
some interactive visualization tools which will enable the
stakeholders to navigate and find the results of land cover
classification more dynamically and easier to use facilitating
the communication and better familiarization of the end-user
with the results.
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