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Abstract

LULC (Land use and land cover) mapping is crucial for understanding
environmental monitoring, supporting sustainable development and
managing natural resources. This study evaluated the accuracy of object-
based LULC classification using Sentinel-2 data and machine learning
classifiers in the Ariyalur, Perambalur and Mayiladuthurai districts of Tamil
Nadu during the kharif season of 2023. OBIA (Object-based image analysis)
clusters pixels based on their spectral and spatial characteristics, utilizing
segmentation to generate masks that effectively represent the image content.
The OBIA methodology involves multiresolution segmentation using
eCognition software to delineate homogeneous image objects based on
spectral, spatial and contextual characteristics. Several widely used machine
learning algorithms, including Random forest (RF), Support vector machine
(SVM), Decision Tree (DT), Naive bayes (NB) and k-nearest Neighbor (k-NN),
were evaluated to improve classification accuracy. The classification results
varied across the districts, with the RF algorithm consistently demonstrating
high performance. The Perambalur and Mayiladuthurai RF achieved an
overall accuracy of 88 %, with a kappa coefficient of 0.76 and 83 % and a
kappa coefficient of 0.66. In Ariyalur, the DT model was used, with an accuracy
of 85 % and a kappa coefficient of 0.70. The NB and k-NN classifiers achieved
lower accuracies in all districts. In contrast, the RF algorithm was the most
reliable for LULC classification in these areas, highlighting its strength and
efficiency in accurately identifying complex land cover patterns.
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Introduction

Remote sensing is the most critical land use and land cover (LULC) mapping
application, enabling efficient and large-scale analysis (1,2). Land use land
cover maps are highly valuable for analysis. This classification provides a
foundation for change detection studies, enabling the analysis of land cover
changes over time. By comparing LULC maps from different periods,
researchers can detect patterns such as deforestation, urban expansion and
agricultural intensification. These insights are essential for understanding
landscape transformation dynamics driven by natural processes and human
activities (3). OBIA effectively identifies small objects and complex land cover
types, reducing misclassification rates associated with spectral confusion (4).
Machine learning techniques, such as neural networks, fuzzy systems,
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inheritable algorithms, intellectual agents and SVM, have
recently been developed to improve accuracy (5-7). Machine
learning algorithms (MLAs) are essential for accurately
classifying land use land cover (LULC) using remote sensing
data. Machine learning algorithms (MLAs) are necessary for
accurately classifying LULC using remote sensing data.
Numerous studies have shown that LULC classification
using medium and low-resolution satellite images suffers
from spectral and geographical limitations, reducing
classification accuracy (8). To overcome these challenges,
ML methods have gained importance in achieving high-
precision LULC classification. However, the accuracy of
results depends significantly on the choice of ML model,
training data and input parameters, as different ML
methods yield varying precision levels (9).

Several studies have wused machine learning
algorithms, including RF, SVM and Classification and
Regression Trees (CART), to generate accurate LULC maps. RF
achieves the highest overall accuracy of 97.02 % in the
uMngeni catchment area, outperforming SVYM and artificial
neural networks (ANN) (10). Like the Kabul LULC map from
google earth engine (GEE), RF demonstrated superior
performance with an accuracy of 93.99 % and 94.42 % for
Landsat-8 and Sentinel-2 imagery, respectively (11). The
combination of Sentinel-2 data with OBIA and ML significantly
enhances the accuracy of LULC classification. Some studies
have demonstrated this improvement, with research on small
farmlands achieving up to 95 % accuracy using kNN and other
classifiers (12). Similarly, OBIA and ML techniques used in
tropical forest mapping in Brazil reported an overall accuracy
of 96 % (13).

Materials and Methods

The study area includes the districts of Ariyalur, Perambalur
and Mayiladuthurai (Fig. 1), which are in the South Indian

2

state of Tamil Nadu. The Perambalur District is located at
approximately 11.2366° N latitude and 78.9070° E longitude,
followed by the Ariyalur District at 11.2286° N latitude and
79.0370° E longitude and the Mayiladuthurai District at
11.1965° N latitude and 79.4298° E longitude. The climates in
these districts are variable but are predominantly hot and dry
for approximately eight months of the year. The challenging
topography refers to areas with complex landforms such as
mountains, steep slopes and varied vegetation, which make
accurate land cover classification difficult. These regions
often require advanced techniques to address issues like
mixed pixels, overlapping spectral signatures and rapid
changes in terrain. The climate contributes to the rich
biodiversity and diverse landscape observed in the LULC of
these areas. To minimize the complexity of the landscape,
information in the study area has been divided into major
categories, such as growing crops (rice, cotton, maize and
cashew), forests, urban land, water bodies and mountains.
Sentinel-2 (Level 1C) provides data in 13 bands across the
visible, near-infrared and shortwave infrared spectra (ESA,
2023) (14). The multispectral Sentinel-2 data, with less than 5
% cloud cover from June to October 2023, was accessed via
the Copernicus Data Space Browser and utilized in the
current study. The Sentinel-2 satellite data, including 13
spectral bands (green 560 nm), Band 4 (red 665 nm) and Band
8 (NIR 842 nm), were utilized in this study. The satellite data
were downloaded from the Copernicus Open Access Hub and
optimized through  preprocessing techniques. The
preprocessing steps included (i) compositing bands to
generate an RGB image (Fig. 2), (i) mosaicking to create a
new raster image by combining multiple downloaded scenes
and (iii) extraction with the mask to obtain a Sentinel-2 image
of the three districts with reduced cloud cover. The mission-
wide swath, acceptable spatial resolution (10 m),
multispectral capabilities (13 spectral bands) and frequent
revisit interval (10 days at the equator with one satellite or 5
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Fig. 1. Study area map.

https://plantsciencetoday.online


https://plantsciencetoday.online
https://browser.dataspace.copernicus.eu

é ﬂ‘lGI'WE . ?Q'JJ"ZD'E ?9'5?'0'!

?8‘4!’"&0"E ?S‘UI‘ﬁ"E

ARIYALUR

T
11*3240°N

11°20°20°N

T
160°N

=

%_ MAYILADUTHURAI PERAMBALUR

£ 0 5 10 20 30 40 0 4 B8 16 24 3z

i Mmlcmwrs L= Kilometers [ = Kilometers
N:MI:'W‘E ' n‘zsl'ln"s i ?B‘u"zu'& ! Hrsllru—s 'ra-'sé-u"z 7&"#‘20"5 'm'zol"n-E Tsﬂnlz'n-f_ 75‘4?"40"& n-n"u"s

Fig. 2. Sentinel-2 False-colour composite data for the study area.

days with two satellites) enable a range of applications,
including vegetation monitoring during growing seasons,
forest management, land cover change detection and natural
disaster response (15).

Machine learning algorithm models support vector machine
(SVM)

The SVM is a supervised learning method widely used for
LULC classification and regression analysis. SVM also finds
applications in various domains, such as face recognition,
text categorization and image classification and is grounded
in the theoretical framework of structural risk minimization
(16). The SVM classifier constructs a hyperplane, or a set of
hyperplanes, in a high- or infinite-dimensional space,
depending on the number of features, to effectively classify
spatial data, even when training data are limited (17). SVM
employs an iterative approach to construct the optimal
hyperplane that separates patterns in the training dataset. It
is achieved by selecting extreme data points (support vectors)
crucial in defining the decision boundary. Key parameters,
such as the cost parameter, kernel function and gamma,
influence the identification of support vectors. Using
nonlinear kernel functions, SVM can efficiently handle
nonlinear classification tasks (18). However, the SVM complex
training mechanism heavily depends on the dataset size,
making it less suitable for large datasets. Despite this
limitation, SVM remains highly effective for complex datasets
due to its kernel-based approach. The performance of SVM
relies significantly on the choice of kernel functions and the
fine-tuning of parameters, such as the regularization
parameter. Achieving high accuracy with SVM requires careful
selection of model parameters and kernel functions to avoid
overfitting or underfitting (19).

Random forest (RF)

The RF algorithm, widely recognized in supervised learning,
constructs a forest of multiple decision ntrees, making it
applicable to regression and classification tasks. It is based on
the tree algorithm, which generates and combines multiple
trees to produce the desired output. RF employs ensemble
methods, such as bagging, to improve predictive
performance (20). The algorithm divides the initial dataset

into in-bag samples (approximately two-thirds of the data)
and out-of-bag (OOB) samples (the remaining one-third). The
in-bag samples are used to train individual decision trees,
while the OOB samples are utilized to estimate the OOB error.
The core principle of RF is that an ensemble of multiple
bootstrap-aggregated classifiers achieves higher accuracy
and robustness than a single classifier (21). RF aggregates
predictions from each tree and the final output is determined
based on the majority vote of these predictions. By averaging
values from randomly selected data subsets, RF enhances
predictive accuracy and reduces overfitting (22). RF is
particularly crucial for LULC classification due to its high
accuracy and ability to handle complex datasets. Studies
have demonstrated that RF can significantly improve
classification outcomes by utilizing various data inputs, such
as spectral indices and training sample sizes. For instance,
increasing the size of the training samples notably enhances
overall accuracy (OA) and reduces uncertainty in LULC
mapping (23).

K-nearest neighbor (KNN)

The kNN machine learning algorithm for classification and
regression. It predicts the outcome by finding the 'k’ closest
data points (neighbours) to the input data and using them
to make decisions. For classification, KNN assigns the class
most common among the neighbours, while for regression,
it predicts the average value of the neighbours. The basic
theory behind kNN is to identify a group of k samples in the
calibration dataset that are closest to an unknown sample,
typically based on distance functions. The label (class) of
the unknown sample is then determined by calculating the
average of the response variable (i.e., the class attributes of
the kNN) (24). As a result, a low k value produces an intricate
decision boundary, while a higher k value generates a more
generalized boundary. Additionally, as the number of
training samples increases, the k-NN classification will
require more computational resources since it does not rely
on a pre-trained model (25). The kNN algorithm is a robust
and effective LULC method, especially when processing
high-dimensional remote sensing data. The performance of
kNN can be improved by incorporating multilabel
classification, enabling more detailed and realistic land use
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modelling. The choice of the 'k’ value in kNN significantly
affects its performance. The traditional kNN uses a constant
'k' value, which may only be optimal for some spatial units,
potentially reducing the prediction accuracy (26).

Decision tree (DT)

The DT classification method is an algorithm with a tree-like
structure, where each node represents a decision based on
data attributes (27).In a DT, data are split into subsets, with
each internal node representing a feature, each branch
corresponding to a decision rule and each leaf node signifying
an outcome or prediction. DTs are computationally efficient
and do not rely on statistical assumptions about data
distribution, making them well-suited for analyzing remote
sensing data. They can process data at various measurement
scales and are widely accessible through numerous software
implementations. DTs are valuable tools for establishing
thresholds and developing decision rules for land cover
classification in remote sensing. As non-parametric models,
they are suitable for diverse landscapes and their simplicity
ensures straightforward interpretation (28,29). DTs are
particularly useful for selecting the most influential
variables and identifying thresholds for different land cover
classes, further enhancing their applicability (30). While DTs
are commonly used in classification tasks for accuracy, they
are prone to overfitting and may perform poorly when
handling continuous values. DTs are formulated using if-
then-else rules to define classification criteria (31).

Naive bayes (NB)

Bayesian methods treat parameters as random variables
with a known prior distribution. They are based on the
Bayes classifier, which assumes that a particular feature's
presence (or absence) is independent of any other feature's
presence (or absence). The classifier estimates the
probabilities of different attribute value occurrences for
various classes in a training set and these probabilities are
then used to classify recall patterns. (NB) simplifies
computational complexity by reducing calculations to basic
multiplications of probabilities, making it particularly
effective for datasets with many attributes. During
classification, it uses training data to calculate the highest
probability for a given input and assigns it the
corresponding class label (32). NB is relatively tolerant of
noise, which makes it suitable for LULC classification, even
when the data contain attribute noise caused by cloud
cover or class noise resulting from location and labelling
errors in crowd-sourced datasets (33). However, Bayesian
methods, including NB, require a complete probability
model, which can be a limitation when the evidence is
incomplete or insufficiently provided by the data (34).

Ground truth data

Extensive crop exploration was conducted in June and July
2023 to understand the cropping systems during the kharif
season. Sampling points were collected for each crop grown
in the region, including cotton, rice, maize, coconut and
cashew, as well as for other categories such as forestry, urban
areas, water bodies and barren land. These sampling points
are distributed throughout the entire study area. Nine
hundred ground truth locations (Ariyalur 275, Perambalur

353, Mailaduthurai 271) (Fig. 2) were identified and
documented for classification and verified through visual
interpretation using satellite imagery from Google Earth Pro.

Software used

ArcGIS10.1 and QGIS 3.38.0 were used to handle spatial
datasets and perform geographical information system
(GIS) operations. eCognition 9.1 software was employed for
object-based image classification and Excel was used to
derive statistical analyses.

Object-based segmentation method

eCognition software utilizes a segmentation method called
multiresolution segmentation, which is a bottom-up, region
-based merging algorithm. The process starts by
considering each pixel as a separate object. These objects
are then iteratively merged into more significant segments
based on a local homogeneity criterion that measures the
similarity between neighbouring objects. At each step, the
pair of objects with the smallest increase in the
homogeneity criterion is merged. This merging continues
until the rise in homogeneity surpasses a user-defined scale
parameter, which acts as the threshold for stopping the
segmentation. The scale parameter is a critical component
in multiresolution segmentation. A formal method for
determining the optimal scale factor, using the Estimation
of Scale Parameter (ESP) tool, was proposed in prior studies
(35). For this study, the ESP tool identified optimal values of
40 for Scale, 0.3 for Shape and 0.6 for compactness, as given
in Fig. 3. Using these parameters, the multiresolution
segmentation algorithm in eCognition Developer 9.1 was
applied to divide the images into spectrally homogeneous
objects (36).

Object feature extraction

After the feature creation process is segmented, image
segments generate image objects. In this study, several
spectral features were extracted. These included the mean
of three bands, the false colour composite bands and shape
texture features. Rule-based techniques and algorithm-
based classification have enhanced land cover mapping,
while feature space optimization has led to higher accuracy
in agricultural applications (37). Each image object extracts
the spatial and spectral feature information such as mean,
ratios, indices, size, shape and texture of the object. Object-
related feature values were developed using spectral and
spatial indexes (38). LULC feature extraction in object-based
methods involves extracting spatial and structural features
from image objects, which are then classified using one-
dimensional classifiers. This process requires the manual
design of features, unlike Convolutional Neural Networks
(CNNs), which automatically learn spatial features during
training (4).

The sample selection process involves identifying
representative objects for training and classification. These
objects can be randomly selected manually, using expert
knowledge, or automatically through random sampling. The
selected objects are then used to train machine learning
classifiers, ensuring accurate land cover classification. The
trained models are applied to classify each object into its
respective land cover class. Define the classes for the class
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Fig. 3. eCognation segmentation process.

hierarchy and create a new hierarchy that contains the target
classes. Colour codes are assigned to each class to make
visualization easier. RF, SVM, DT, kNN and NB. Machine
learning algorithms classify objects based on their extracted
features. Each segment (object) is labelled with a class,
resulting in a classified map. Finally, the classified objects were
compared with ground truth data using confusion matrices,
kappa statistics and other accuracy metrics.

Accuracy assessment and validation

Accuracy assessment or validation is a crucial step in remote
sensing data processing, as it evaluates the informational
value of the generated data for end users (39). In LULC cover
mapping, accuracy assessment is essential not only to gauge
the quality and reliability of the map but also to understand
thematic uncertainty and its potential impact on users (40).
An error matrix and kappa statistics were employed to
evaluate classification accuracy. The error matrix is
constructed based on matched and mismatched pixels and it
serves as the basis for calculating metrics such as the kappa
coefficient, producer accuracy, user accuracy and overall
accuracy (41)
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Results

Different machine learning algorithm performances

The LULC map highlights significant classes such as rice,
maize, cashew, settlements, barren land and water bodies.
The classification results were compared based on the
corresponding accuracy assessments, including overall
accuracy and the kappa coefficient (Table 1). Various machine
learning models were evaluated in the Ariyalur district (Fig. 4)
to assess their effectiveness in LULC classification. The DT
model demonstrated the highest performance, achieving an
overall accuracy of 85 % and a kappa coefficient 0.7. It was
closely followed by the RF model, which recorded an accuracy
of 84 % and a kappa of 0.68. The SVM model showed moderate
performance, attaining an overall accuracy of 78 % with a
kappa coefficient of 0.56. The NB model yielded an accuracy of
73 % and a kappa coefficient of 0.46.

In contrast, the k-NN model had the lowest
performance, with an accuracy of 71 % and a kappa coefficient
of 0.42. In the Perambalur district (Fig. 5), machine learning
models were evaluated for their LULC classification
performance. The RF model achieved the highest overall
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Table 1. Individual classification results of efficient performing algorithm

Ariyalur

Model Overall accuracy (%) kappa Coefficient
Random Forest 84 0.68
Decision Tree 85 0.7
Support Vector Machine 78 0.56
Naive Bayes 73 0.46
k-Nearest Neighbour (k-NN) 71 0.42

Perambalur

Model Overall accuracy ( %) kappa Coefficient
Random Forest 88 0.76
Support Vector Machine 83 0.66
Decision Tree 82 0.64
k-Nearest Neighbor (k-NN) 74 0.48
Naive Bayes 72 0.44

Mayiladuthurai
Model Overall accuracy ( %) kappa Coefficient

Random Forest
Decision Tree
k-Nearest Neighbor (k-NN)
Support Vector Machine
Naive Bayes

83 0.66
80 0.6
75 0.5
74 0.48
73 0.46

RANDOM FOREST

DECISION TREE

LAND USE LAND COVER
Maize Rice [ Cashew [ Forest [ Barren Land [ Buildup Arca

SUPPORT VECTOR MACHINE

K-NEAREST NEIGHBORS

NAIVE BAYES

ARIYALUR DISTRICT

40 "
Kilometers

Il Watcr Bodics

Fig. 4. LULC map for Ariyalur district.

accuracy at 88 % with a kappa coefficient of 0.76, making it the
most effective model in this analysis. The SVM model followed,
with an accuracy of 83 % and a kappa coefficient of 0.66. The
DT model had an overall accuracy of 82 % and a kappa
coefficient of 0.64. Moreover, the k-NN model had an accuracy
of 74 % and a kappa coefficient of 0.48 and the NB model had
the lowest performance, with an accuracy of 72 % and a kappa
coefficient of 0.44.

In the Mayiladuthurai district (Fig. 6), the performance
of various machine learning models for LULC classification was
assessed. The RF model achieved the highest overall accuracy,
reaching 83 % with a kappa coefficient of 0.66. The DT model
followed, with an accuracy of 80 % and a kappa coefficient of
0.6. The k-NN model recorded an accuracy of 75 % with a
kappa of 0.5. The SVM model showed a slightly lower

performance, with an accuracy of 74 % and a kappa coefficient
of 0.48.

In contrast, the NB model had the lowest performance,
with an accuracy of 73 % and a kappa of 0.46. Across the
districts of Perambalur, Ariyalur and Mayiladuthurai, machine
learning models demonstrated varying effectiveness in LULC
classification. The RF model consistently achieved high
accuracy, performing best in Perambalur (88 %) and
Mayiladuthurai (83 %), whereas the DT and SVM models
achieved competitive results in Ariyalur. Overall, RF emerged as
the most effective model, followed closely by DT and SVM,
depending on the district. However, lower performances were
generally observed with the NB and k-NN classifiers across all
districts.

DECISION TREE

RANDOM FOREST

LAND USE LAND COVER
. Cotton

Maize 0 Rice WM BarenLand [l Forestry B Mountain

SUPPORT VECTOR MACHINE

I:' Buildup Area

K-NEAREST NEIGHBORS

NAIVE BAYES

- Water Bodies

Fig. 5. LULC map for Perambalur district.
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Fig. 6. LULC map for Mayiladuthurai district.

This study employed the confusion matrix approach to
validate and evaluate the classification accuracy of various
machine learning models. The metrics, including overall
accuracy and the kappa coefficient, were calculated using the
following equations (42). The accuracy of different object-
based supervised classification methods was assessed using an
error matrix with validation samples. An error matrix is
generated based on the agreement and disagreement of
classified pixels and it serves as the basis for calculating the
kappa coefficient, user's accuracy, producer's accuracy and
overall accuracy (41). Across the districts of Perambalur,
Ariyalur and Mayiladuthurai, machine learning models
demonstrated varying effectiveness in LULC classification. The
RF model consistently achieved high accuracy, performing best
in Perambalur (88 %) and Mayiladuthurai (83 %), while the DT
and SVM models delivered competitive results in Ariyalur
(Supplementary Table 1A, B, C). Overall, RF emerged as the
most effective model, followed closely by DT and SVM,
depending on the district. However, all districts generally
observed lower performances with the NB and k-NN classifiers.

Discussion

This study utilized Sentinel-2 (S2) data from the 2023 Kharif
season to perform LULC classification for Ariyalur, Perambalur
and Mayiladuthurai districts in Tamil Nadu. OBIA, combined
with segmentation techniques, was applied to group pixels
into meaningful objects based on shape, size, texture and
spectral properties. The optimal segmentation scale and
careful feature selection enhanced classification accuracy
while minimizing computational costs. The results revealed
that the RF model consistently achieved the highest
classification accuracy across all three districts, with a peak
performance of 88 % in Perambalur. The DT and SVM models
delivered competitive results, particularly in Ariyalur. At the
same time, the k-NN and NB classifiers demonstrated
relatively lower accuracies and kappa coefficients across the
regions.

The study highlights the effectiveness of integrating
OBIA with ML techniques, notably the RF algorithm, for LULC
mapping. Similar findings have been reported in other studies,
such as those using Sentinel-2 data for LULC classification in
Parana, Brazil (43). The ability of RF to incorporate spatial
context through OBIA significantly enhances classification
results compared to traditional pixel-based methods (44). This
superior performance can be attributed to RF's robustness
against noise, its ability to handle high-dimensional and
nonlinear data and its ensemble nature, which minimizes

overfitting. Other studies further validate the advantages of
OBIA combined with ML. For example, integrating textural
data into object-based classification significantly improved
land use classification accuracy using QuickBird imagery in
Karbala, Iraq (45). Similarly, RF achieved 90.3 % accuracy
(kappa 0.87), outperforming SVM for land cover classification
in the Novosibirsk region (46). On the other hand, image
segmentation and classification were performed using the
SNIC and RF algorithms, supported by an efficient parallel
processing workflow (47). The LULC map achieved an overall
accuracy of 91.7 %, with the highest accuracy for water and
wetlands and the lowest for rangelands.

Several studies emphasize the importance of model
selection and parameter tuning for achieving optimal
accuracy. The object-based RF algorithm achieved the highest
overall accuracy (89.74 %) for land use classification in Wulian
County, China (27). Conversely, a NB classifier using geotagged
Flickr images achieved an accuracy of 87.94 %, indicating its
potential for automated feature extraction (48).

Despite RF dominance, SVM has also shown
competitive performance in certain studies. For instance, a
study in El Fayoum Governorate, Egypt, reported that SVM
achieved a kappa coefficient of 0.916, outperforming RF (49).
Similarly, research in Kerala, India, indicated that RF attained
an accuracy of 89.5 %, while SVM and regression tree models
delivered slightly lower accuracies (50). These variations
underscore the influence of regional, temporal and dataset-
specific factors on ML model performance. The quality of
training samples remains a critical factor influencing LULC
classification accuracy. For instance, atmospheric variations,
surface conditions and illumination changes can introduce
classification errors, as highlighted in studies (51). The various
classifiers exhibit differing performance outcomes depending
on climatic and geographic conditions (52). Furthermore,
Different classifiers exhibit varying performance across diverse
climatic zones and geographical locations (53).

Parameter tuning complexity also affects the
consistency and reproducibility of ML results. Feature selection
improves classification accuracy by incorporating spectral,
spatial and textural information (54). The high-precision LULC
mapping depends on an optimized model setup, high-quality
training samples and appropriate input parameters (55).

For algorithm improvement, future studies could
integrate  GLCM (Gray-Level Co-occurrence Matrix-derived
textural features) (e.g., contrast, correlation, homogeneity,
entropy) with spectral data can significantly enhance object-
based image analysis, particularly for complex land cover types.
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Incorporating auxiliary datasets such as vegetation indices, soil
details and elevation, combined with feature fusion techniques,
can improve classification accuracy. Ensuring high-quality
training samples, optimizing segmentation and utilizing multi-
temporal data will enhance the consistency and reliability of
LULC studies.

conclusion

The study highlights the effectiveness of various machine
learning models in LULC classification across the districts of
Ariyalur, Perambalur and Mayiladuthurai, with the RF model
consistently achieving the highest overall accuracy. The RF
and DT models performed well in most cases. However,
challenges such as accurately distinguishing mixed land cover
classes and handling complex terrains were evident,
particularly for models like NB and k-NN, which showed lower
accuracy and kappa values. LULC classification includes
challenges in accurately distinguishing mixed land cover
classes, especially in heterogeneous landscapes. Classifier
performance can vary significantly across regions due to
topography and data quality differences.

Additionally, models like NB and k-NN tend to perform
poorly in complex terrains and computational demands
increase with high-resolution imagery. LULC studies are
essential for understanding topography and supporting
Sustainable Development Goals (SDGs), serving as the
foundational layer for numerous earth-based applications.
While most studies highlight the efficiency of object-based
LULC classifiers, this study focused on assessing their
performance in delineating the topography of the Eastern
districts of Tamil Nadu, characterized by complex terrain. The
classifiers demonstrated their utility in accurately segregating
LULC at regional and sub-regional levels. The thematic maps
generated from this study can support precise policy decisions
and promote the judicious use of resources in these districts.
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