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Abstract— Land Cover or Land Use (LCLU) classification is
essential for a plethora of activities, including navigation,
agriculture and urban planning. Remote Sensing (RS) imagery
provides an efficient way of identifying various land classes
through an aerial view when passed through a machine learning
or deep learning classifier, also known as Land Cover Land Use
(LCLU) Classification. This paper performs LCLU Classification
on multispectral imagery obtained from the Sentinel-2 satellite
using machine learning classifiers of Support Vector Machines
(SVM), Maximum Likelihood Classifier (MLC) and Artificial
Neural Networks (ANN) and is evaluated on the metrics of
confusion matrices, Producer Accuracy (PAC), User Accuracy
(UAC), Overall Accuracy (OAC) and Kappa Statistics.
Experiments revealed that SVM significantly outperforms the
architectures by reporting an OAC of 98.1% along with a 0.976
Kappa coefficient. Further, these results are analyzed to identify
the knowledge gaps as well as the potential for future research.

Keywords— Remote Sensing; SVM; ANN; MLC; LCLU
Mapping; Sentinel-2

I.  INTRODUCTION

Land Cover or Land Use (LCLU) represents the physical
composition of Earth’s surface area. It includes natural
characteristics like forests and water bodies as well as human
activity related elements of road networks and residential areas.
It is responsible for the radiation balancing of the earth’s
surface and any changes in its pattern affects the environment
and its processes both by a local and global scale. In addition to
using the land for anthropogenic activities, humans rely on it to
meet their fundamental requirements for food and shelter. This
makes it crucial to identify and map the land cover for
monitoring research, urban planning, and resource management
because changes in the physical features of the land reflect the
socio-economic, natural, and biological processes of a specific
region [1]-4]

There have been several research on sustainable
development based on LCLU classification conducted in the
past. Using the Random Forest (RF) approach for
categorization, [5] makes an attempt to combine remote sensing
data with social media data from twitter usage to assess urban
expansion in Tanzania's Morogoro urban region from 2011 to
2017. [6] suggests an integrated GIS and remote sensing-based
strategy to track and assess land development for the China's
Pearl River Delta. [7] uses very high resolution (VHR) images
to monitor LCLU change in Delhi's north-western districts to
aid policymakers in controlling land development. Recent
studies have analyzed and evaluated the changing patterns of
urban landscapes and how they affect the land surface
temperature in and around Delhi [8]-[10]. These studies show
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a warming tendency throughout the course of the research
periods, which makes it necessary to analyze Land Cover
changes to offset the consequences of rising urbanization.

While very high resolution (VHR) optical satellites capture
imagery with a sub-meter pixel resolution, it is subject to high
image cost, relief displacement and shadowing effect. This
creates the necessity of a strong and robust architecture which
can optimally perform LCLU classification without precise
high-resolution data. This research assesses high performing
machine learning classifiers of Support Vector Machines
(SVM), Maximum Likelihood Classifier (MLC), and Artificial
Neural Networks (ANN) for the task of LCLU classification on
medium resolution multi-spectral imagery. These classifiers are
analyzed using the metrics of confusion matrices, Producer
Accuracy (PAC), User Accuracy (UAC), Overall Accuracy
(OAC), and Kappa Statistics Coefficient. The knowledge gaps
and the possibility for further study are also determined by
further analysis of these data.

The remainder of this work is structured as follows. The
advancements achieved in the discipline are discussed and
analyzed in Section Il. In Section 11, we go over our suggested
approach and classifiers. The dataset and experimental set-up
for the proposed investigation are described in Section V. The
analysis of the experiments' outcomes is reported in Section V.
Section IV wraps up the paper by summarizing the work done.

Il.  LITERATURE REVIEW

Assessments of LCLU classification maps give meaningful
and relevant information about the landscape of any area and
have been utilized for understanding a region and for making
both geographic and administrative decisions. These maps are
produced using a variety of machine learning and deep learning
techniques. These algorithms may be divided into six main
groups.

A. Pixel based Approaches

The class of each individual pixel in the picture is identified
independently using per-pixel techniques. This is accomplished
by using the spectral data of the pixel to compare the n-
dimensional feature vector of each pixel to the prototype vector
of each class. Per-pixel techniques ignore the contributions of
many pixels that make up a class by assuming that each pixel
only belongs to one class. Techniques for classifying individual
pixels may be parametric or non-parametric. The typical
assumptions made by parametric classifiers are that the data set
is normally distributed and that the class density functions are
known beforehand. They become quicker, simpler, and use less
data as a result. A regularly distributed dataset, however, is
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uncommon in the actual world. As a result, the assumption of a
normal spectral distribution is frequently broken when working
with complicated landscapes. The limited structure of these
methods, which sometimes makes it extremely difficult to
combine spectral data with auxiliary data, is another significant
problem. The Maximum Likelihood Classifier is the most often
used parametric technique because of its dependability and
simplicity. Non-parametric classifiers do not require additional
statistical parameters like the mean vector or covariance matrix
and do not presume that the data is regularly distributed. This
makes it far more applicable to situations in the real world.
Numerous studies in this area have shown that non-parametric
classifiers produce results that are far superior than those
produced by parametric ones [11]. The most popular non-
parametric classifiers are Artificial Neural Networks (ANNS),
which include models like Convolutional Neural Networks
(CNNs , Hopfield Neural Networks [12]-[15] and Granular
Neural Networks [16], [17], Support Vector Machines (SVMs)
- used in many forms such as, Active SVM Learning [18]-[20],
Semi-supervised SVM Learning [21]-[24] and SVM integrated
with other approaches [25]-[29], Decision Trees (DTs) [30]-
[32] and expert systems.

B. Sub-pixel based Approaches

The majority of conventional classification techniques rely
on per-pixel methods, in which each pixel is assigned to a single
category, with the land-cover classes being mutually exclusive.
Mixed pixels are, nonetheless, a fairly typical occurrence due
to the diversity of real-world landscapes, particularly in the case
of medium or low-resolution data. The existence of mixed
pixels creates a major challenge when using this data for
activities like mapping tiny agricultural farms in heterogeneous
settings. In order to overcome this mixed pixel problem, sub-
pixel techniques were created, which work by calculating the
fractional percentage of each form of land cover in a pixel on
the basis of an acceptable training dataset. One of the most well-
liked sub-pixel-based methods is called SMA (Spectral Mixture
Analysis), and it compares the spectral signatures of the various
forms of land cover in a pixel to a set of endmember spectra to
calculate the fractional proportions of each pixel. One of the
most important SMA phases is endmember selection. Various
forms of this have been used in earlier research, including [33]-
[35] Earlier studies have demonstrated how SMA can increase
classification accuracy compared to other approaches,
particularly when dealing with low- or medium-resolution data
[36], [37]. Subpixel categorization has a number of problems,
including a challenge in determining accuracy. However,
research that are proposing novel methodologies for accuracy
evaluation have recently come to light [38]. The Fuzzy based
methodology is another pixel-based method for resolving the
mixed pixel problem. In a fuzzy representation, it was
conceivable for one region to include numerous, incomplete
members of every potential land cover class. Fuzzy-based
strategies have been used in a number of approaches. In contrast
to current state-of-the-art techniques, [39] presents a large-scale
remote sensing picture segmentation approach that integrates
fuzzy area competition with the Gaussian mixture model. Based
on the collected indices from MODIS data, [40] uses a Fuzzy
C-Means Clustering Algorithm to divide 38 watersheds into
three homogenous groups. Other approaches to subpixel

classification include using neural networks [41], SVM-based
classification [42], and adaptive sparse subpixel mapping [43].

C. Object based Approaches

The idea of numerous pixels constituting a land cover class
is ignored by pixel-based classification approaches, which
presume that each picture pixel is a separate land cover class.
This can be a serious danger to the categorization accuracy
when working with high- and very high-resolution
photography. Using a segmentation algorithm, object-based
classification approaches first divide the image pixels into
spectrally similar-looking picture objects before classifying
those objects individually, as opposed to classifying individual
pixels, as is the case with pixel-based classification techniques.
These methods now yield superior outcomes when working
with images with precise spatial resolution. The object-based
categorization strategy, on the other hand, has its own set of
restrictions regarding over- and under-segmentation [44]. The
first is that under-segmentations result to image objects that end
concealing more than land cover class and thus introduce errors
in classification. Further, the features extracted from these
incorrectly segmented image objects owing to over- or under-
segmentation will not actually reflect shape and area of the real
world and might end up lowering the overall classification
accuracy. The eCognition approach, which has shown to be
adaptable and extremely accurate [45], is one of the most
widely utilized techniques today.

D. Knowledge based Approaches

Road networks, soil maps, housing and population
densities, and other types of auxiliary data are becoming more
widely accessible and may be merged with the current
categorization systems to improve accuracy. Making a
knowledge-based classifier using the selected auxiliary data
and the geographical distribution pattern of land-cover classes
is one technique to do this. F or instance, data on population,
housing, road density, and industrial land areas may aid to
improve overall classification accuracy when dealing with
urban land cover land use (ULCLU) categorization. Three
approaches are put forth by [46] for developing rules for
categorizing images: (1) explicitly eliciting knowledge and
rules from experts, then refining the rules; (2) using cognitive
methods to implicitly extract variables and rules; and (3)
empirically generating rules from the observed data using
automatic induction techniques. The capacity of the
knowledge-based categorization strategy to include data from
many sources has helped it become quite popular in recent
years. [47] suggests a classifier that divides the scene's L- and
C-Band polarimetric SAR readings into four categories: tall
vegetation (trees), short vegetation, urban, bare surface, or last
category (includes water surfaces, bare soil surfaces, and
concrete or asphalt-covered surfaces). The classifier is built in
a way that it sequentially constructs the relevant discriminators
using information about the characteristics of radar
backscattering from surfaces and objects. For all situations and
categories, the accuracy ranged from 91 to 100%. A
knowledge-based approach is suggested in [48] for integrating
readily available spatial context data from a GIS with remotely
sensed image processing. Both the picture and the geographical
context rules are contained in the knowledge base. Using the
Dempster-Shafer  paradigm of  evidential  reasoning,
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probabilistic data from the rule base and the image classifier are
integrated. [49], [50] are two other papers that make use of
knowledge-based classifiers.

E. Spatio-Contextual based Approaches

Although conceptual simplicity and low cost of computing
are two of the many benefits of spectral classifiers, their
drawbacks are also readily apparent [51]. The total
classification accuracy of spectral-only classifiers is reduced
because only a limited number of land cover classes may be
successfully distinguished using spectral information. Spatio-
contextual classifiers make use of the spatial information
shared by nearby pixels to increase their overall classification
accuracy. Spatio-contextual analysis techniques can be
classified into three methodological approaches [52]: Text
extraction, MRF models and Spatio-contextual with object-
based image analysis.

F. Combined Approaches

Each classifier has a unique set of benefits and drawbacks.
For instance, if a normally distributed dataset and
representative statistical parameters (such as the mean vector
and covariance matrix) were constructed from the training
samples, a parametric classifier like MLC would produce
excellent results. However, non-parametric classifiers like
neural networks and decision trees will perform better when the
picture data are not typically disturbed. Earlier studies have
frequently shown that combining two or more of these
classifiers can produce much superior results. Findings from
[53] demonstrate that multi-classifier systems may successfully
increase the stability and accuracy of remote sensing image
classification, and that diversity measures play a significant role
in the integration of multiple classifiers. The survey also offers
a direction for further study and approaches for algorithm
improvement. [54] indicates that as compared to the output of
a univariate decision tree classifier, all ensemble decision tree
techniques enhance overall classification accuracy by roughly
4%. The creation of a set of guidelines for merging the results
from various classifiers is the most crucial stage in creating a
multi-classifier system. [55] examines several approaches for
combining multiple categorization results, including
production rules, sum rules, stacked regression technigues, and
more.

Over the years, a number of categorization algorithms and
methods have been created, however no single approach is
effective for all jobs. Per-pixel, sub-pixel, object-based,
knowledge-based, spatio-contextual-based, and multi-classifier
systems are some of the several types of classification methods.
In the modern world, per-pixel categorization is the most
popular. However, because there are mixed-pixels, its precision
might not always be sufficient. In particular for low- and
medium-resolution imaging, subpixel-based techniques can
achieve improved accuracy by resolving the mixed-pixel issue.
Spatio-contextual classifiers handle the issue of within-class
spectral variability and the spatial dependence of the pixels in
high-resolution imaging, even though the issue of mixed pixels
may be less of an issue. Knowledge-based classifiers are
preferable to others when working with data from numerous
sources, including ancillary data, together with sophisticated
non-parametric classifiers as neural networks and decision
trees. A group of classifiers can be used in multi-classifier

systems to overcome the constraints of each one separately. To
find the optimal sort of approach for a specific assignment, a
comparison study of several categorization techniques is
frequently carried out [56]-[58]. It has repeatedly been
demonstrated that classifiers like MLC perform worse than
contextual-based classifiers as well as non-parametric
classifiers that utilize machine learning and SVM, with some
small trade-offs in total classification accuracy and processing
time.

1. METHODOLOGY
This section describes the methodology used for LCLU
classification as demonstrated in Fig 1. It can be further broken
down into the following parts.

A. Preprocessing Satellite Imagery

A satellite's multispectral imaging sensors frequently record
various spectral bands, each of which has a distinct function.
The noise created by optical sensors has a calibration mistake
or is an inherent feature of the hardware in these bands, which
are acquired from satellites. Noise can also result from
atmospheric influences like cloud cover, topography impacts,
or even shadows. The performance of ULCLU Classification is
hampered by this noise. Remote sensing data preprocessing
typically consists of two main steps: (A) Radiometric
calibration; (B) Atmospheric and geometric distortion
correction. Additionally, other mistakes such line drops and
striping are eliminated.

B. LCLU Classification

SVM, MLC and ANN models were utilized for this
investigation, that were trained and assessed on the same. The
optimum hyperparameters for each baseline model are
identified using K-Cross Validation, where K is set to 5. The
fundamentals of the baseline models and the best
hyperparameter choices are covered in the next subsections.

1) SVM

SVM uses a kernel to transform a complicated non-linear
space into a linear one. This kernel may be sigmoid, radial basis
function (RBF), polynomial, linear, or polynomial. SVM seeks
to solve the maximizing issue of a convex function to discover
the best hyperplane that fits through the training data classes.
The best hyperplane for the n-dimensional job is discovered by
an iterative procedure for the training data, and it is then applied
to the evaluation data. The linear function used in this
investigation offered the best overall accuracy while also
requiring the least amount of training time. The radial function's
gamma was set to 0.333, and the punishment parameter was set
to 100.00 after a number of trials.

2) MLC

In a parametric technique, the distribution of pixel values
across different classes is predicated on a posterior probability.
Using a learning function inferred from the training data, the
classifier then determines the probability that each pixel
corresponds to each category of land cover. The following
definition applies to the posterior probability of a class rn:

P(r).P(a|r)
P(rle) = sy~ pron
Zj:lp(])'P(alj)
(1)

The probability threshold is set at 0.13%, and P(r) is the
predetermined probability of any class r. N denotes the total
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number of classes. P(a |r) denotes the conditional probability
of a from any class r.

I
I

Multispectral Imagery
from Sentinel-2 satellite

utilized as data for this study, is created by preprocessing level
1C product.

Training samples

Algorithm Training

Testing samples

h J

Training and Testing
Assessment

Fig 1. Flowchart of the implemented methodology

h 4
Conversion of ToA to BoA
{Atmospheric Correction) > lﬂrlrl,t?.(]rr}, 60m
using Sen2Cor and SNAP resolution Imagery
3) ANN

For the objectives of this study, multispectral footage from
Sentinel-2 is classified using a feed-forward neural network
with one hidden layer based on the backpropagation method. A
gradient descent algorithm, the backpropagation method seeks
to minimize loss between the input training samples and the
output class. The learning rate is then used to update the
backward weights once this defect in the pair has repeatedly
been transported backward from the output layer to the input
layer. The hyperparameters of the ANN are chosen after
thorough scrutiny and multiple training and testing cycles in
order to attain the maximum accuracy achievable. A sigmoid
activation with a momentum rate of 0.9 and a learning rate of
0.2 is used in the neural network with one hidden layer during
training, which lasts for more than 1000 iterations.

IV. EXPERIMENTAL SETUP
This section describes technical details of the experimental
analysis conducted on the selected classification models.

A. Study Area

The study area is a 20 km x 20 km diversified topography
as shown in Fig 2. It is situated in the south-west part of Pune
in Maharashtra, India. At a height of 560 meters (1,840 feet)
above sea level, Pune is located on the western edge of the
Deccan plateau. It is located on the leeward side of the
mountain range known as the Sahyadri, which serves as a
barrier between it and the Arabian Sea. The average
temperature of Pune, India, is between 20 and 28 °C (68 and 82
°F), which is classified as having a tropical wet and dry climate
that is on the cusp of a hot semi-arid one. In the ten years
between 1991 and 2001, the population of Pune, a significant
industrial metropolis, massively increased.

B. Dataset

This work utilizes sentinel-2 imagery. Level 1-C imagery
with tile ID of L1C_T43QCA_A026872_20220429T054147,
acquired on 15" October 2022 from the USGS website [59], has
been utilized here. This tile is made up of 100 km by 100 km,
including our study area in the form of orthorectified tiles in the
UTM/WGS 84 projection. Sentinel 2A product, which is

C. Preprocessing Multispectral Imagery

The data from Sentinel-2 is given on the official USGS
website as Level 1C data in the JPG2000 encoding/format. The
Level 2A Algorithm (L2) is used to preprocess this data using
the SNAP 7.0 toolbox and the Sen2Cor plugin (2.80). Scene
Classification (SC) and Atmospheric Correction (S2AC) are
the two components of the L2 algorithm; the former aims to
provide a pixel classification map, while the latter converts
TOA (Top of Atmosphere) reflectance into BOA (Bottom of
Atmosphere) reflectance. Product 2A, the pre-final processing's
output, consists of atmospherically adjusted imagery with the
cartographic impact removed. The WGS 84 UTM coordinate
system is used to geo-reference this item.

D. Training the model

A vast number of samples are needed for supervised
algorithm training, and these samples are crucial to the
algorithm's ultimate quality, which is frequently defined by its

IJERTV 111 S100056

www.ijert.org 139

(Thiswork islicensed under a Creative Commons Attribution 4.0 International License.)


www.ijert.org
www.ijert.org
www.ijert.org

Published by :
http://lwww.ijert.org

International Journal of Engineering Research & Technology (IJERT)

I SSN: 2278-0181
Vol. 11 I'ssue 10, October-2022

accuracy. Thematic maps can be used to pick training data.
Though dependable and precise, such data may nevertheless
contain inherent mistakes from earlier ULCLU classifications.
This study employs training and validation data that were
collected from true-color composite images of Sentinel-2 by
matching with VHR imagery of Google Earth in order to
prevent such discrepancies. In order to ensure the independence
of the training and test samples, a 15m buffer is applied to each
data point. Five ULCLU classes—barren terrain, residential
areas/buildings, aquatic bodies, and road networks—are chosen
for categorization purposes since the research region is part of
an urbanized zone with uneven landscapes. The class-wise data
samples for training and testing are further described in Table
l.
Table I. Class-wise data samples for training and testing

Training Points Testing Points
Barren terrain 521 200
Residential area 600 200
Water bodies 463 200
Vegetation 499 200
Road Network 511 200

V. RESULTS AND DISCUSSION
This section discusses and evaluates the experimental
results obtained by the selected classification models.

A. Performance Metrics

Precision and recall are the two most often used qualitative
criteria for rating binary classification algorithms. These factors
are frequently referred to as User's accuracy and Producer's
accuracy in remote sensing. In addition, this study also uses
Kappa Coefficient and Overall accuracy as assessment metrics.
The ground truth and forecast images are cross-tabulated in the
error matrices, from which all metrics are derived.

1) User’s Accuracy (UAC)

The correctness of a map from the perspective of the user,
not the map developer, is referred to as the user's accuracy. It
informs us how often the class on the map will actually be
present on the ground based and is synonymous to the term’s
precision and reliability. It is calculated as shown below.

TP
(2)

2) Producer’s Accuracy (PAC)

Producer accuracy refers to the correctness of the map from
the perspective of the map creator (the producer). This is the
chance that a certain landscape of a region on the land is
categorized as such or the frequency with which actual
characteristics on the ground are accurately depicted on the
classified map. The Omission Error's complement, the
Producer's Accuracy, and recall are the same thing. The
calculation is displayed below.

TP + TN

OAC = 9p T TN + FP +FN

100

(4)

4) Kappa Statistic (k)

For qualitative items, the Cohen's kappa coefficient statistic
is used to assess inter-rater reliability. Since it considers the
potential that the agreement may have happened by chance, it
is typically believed to provide a more reliable measurement
than a simple % agreement estimate. For the observed accuracy
P(A) and chance accuracy P(B), k can be calculated as shown.

§ = P(A) — P(B)
~  1-P(B)
(5)

B. Performance Analysis

In this study, the urban land cover is classified into five
classes, namely barren terrain, residential area, water bodies,
vegetation and road network. Out of all the implemented
models, SVM reports the highest Overall Accuracy (OAC) of
98.1% and a Kappa Statistic measure of 0.976. The models
MLC and ANN are also produced excellent results with an
OAC of 96.4% and 95.6%, and with a Kappa Statistic measure
of 0.955 and 0.945 respectively.

The classification results for SVM are statistically
represented through its confusion matrix. Similarly, Table Il
showcases the confusion matrix for MLC and the results
obtained from ANN are shown in Table IV.

TABLE II: Confusion Matrix for SVM

Barren | Residential | Water Vegetat | Road
terrain area bodies ion Network
Barren terrain 193 0 0 1 0
Residential area | 0 200 0 0 0
Water bodies 6 0 200 0 0
Vegetation 0 0 0 193 5
Road Network 1 0 0 6 195

TABLE IllI: Confusion Matrix for MLC

Barren | Residential | Water Vegetat | Road
terrain area bodies ion Network
Barren terrain 190 1 0 1 0
Residential area | 0 198 6 0 1
Water bodies 0 0 194 5 4
Vegetation 8 1 0 193 6
Road Network 2 0 0 1 189

TABLE 1V: Confusion Matrix for ANN

Barren | Residential | Water Vegetat | Road
terrain area bodies ion Network
Barren terrain 186 8 0 1 0
Residential area | 2 191 1 1 1
Water bodies 12 0 199 1 4
Vegetation 0 1 0 189 4
Road Network 0 0 0 8 191

TABLE V: Class-wise Performance Evaluation

TP Model | Acc | Barren | Residential | Water | Vegetat | Road
PAC = 100 terrain | area bodies | ion Network
TP + FN SVM | UAC | 995% | 100% 97.1% | 975% | 96.5%
(3) PAC | 965% | 100% 100% | 965% | 97.5%
3) Overall Accuracy (OAC) MLC | UAC | 98.9% | 96.5% 955% | 92.7% | 98.4%
The overall accuracy informs us what percentage of the PAC | 95% 99% 97% 96.5% | 94.5%
reference locations were accurately mapped. In most cases, the | ANN | UAC | 953% | 97.4% 92.1% | 97.4% | 95.9%
total accuracy is given as a percentage, with 100% accuracy PAC | 93% | 95.5% 95% | 94.5% | 95.5%
denoting a flawless classification in which all reference sites
were properly categorized. The calculation is displayed below.
140
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TABLE VI: Overall Performance Evaluation

Model Overall Accuracy Kappa Statistic
SVM 98.1% 0.976
MLC 96.4% 0.955
ANN 95.6% 0.945

Fig 3. Classification map prodced by SVM

The assessment of the three implemented models, with
respect to the performance metrics User’s Accuracy (UAC) and
Producer’s Accuracy (PAC) is elaborated for all land cover
classes in Table V. While SVM showcases the best results
among all the selected models, it reports the highest UAC and
PAC for the class of residential area, followed by barren terrain.
This is owing to the nature of the selected study area, which is
an unevenly urbanized city located in a hilly region, causing a
plethora of barren terrains in the area. Further, MLC is shown
to outperform the other two models for the class of road
networks, and can be further use for road identification and
segmentation.

The overall performances of SVM, MLC and ANN are
summarized in Table VI. Further, they are visualized as
classification maps in Fig 3, Fig 4 and Fig 5 respectively, and
provide further insight into the pixel-wise classification.

e
*
o
¥

Fig 4. Classification map produced by MLC

VI. CONCLUSION

This work successfully classifies unevenly populated
regions such as the hilly region of Pune, by using machine
learning classifiers of SVM, MLC and ANN. With three red-
edge bands, the Sentinel-2 mission offers a singular mix of data
with various spatial resolutions, making it very appropriate for
the categorization of ULCLU, as can be observed in this work.
While all the models demonstrated outstanding results for the
task of LCLU classification on multispectral imagery, SVM
outperformed the others by reporting an overall accuracy of
98.1% and a 0.976 Kappa statistic. Further, preprocessing and
atmospheric correction of raw satellite imagery aided in the
high performance of the selected models by removing noise and
unnecessary information from the images. This classification of
Sentinel-2 imagery into the five classes of road networks,
residential area, water bodies, road networks and barren terrain
can be further utilized for various applications including
navigation, sustainable development, urban planning and so on.

Future efforts may employ high- and very high-resolution
imagery to improve accuracy and make more use of the
classified LCLU maps. In order to increase accuracy,
classification methods like convolutional networks and other
sophisticated deep learning techniques can be used.
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