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ARTICLE INFO ABSTRACT

For resource management, urban planning, and environmental monitoring, accurate land use
and land cover (LULC) categorization is essential. Nevertheless, spectral similarity across land
Revised: 28 Jan 2025 cover categories, feature redundancy, and the shortcomings of conventional classification
methods make it difficult to achieve high classification accuracy. The majority of research uses
either object-based (OB) or pixel-based (PB) classification, not making use of their
complementing advantages. Furthermore, feature selection is frequently done by manual
analysis which does not necessarily provide accurate classification results. This paper suggests a
hybrid OB-PB classification strategy in which OB classification is used for fine-tuning mapping
after PB classification is used for initial segmentation. Recursive feature elimination (RFE) is an
automated feature selection method that replaces traditional manual selection of textural
(GLCM) and statistical (PCA) features in order to further improve classification accuracy. The
study's emphasis is Rajasthan, India, which spans 219,676.75 km2 and is divided into five LULC
types: desert, agricultural, water, forest, and urban. Four machine learning classifiers Random
Forest (RF), Support Vector Machine (SVM), Classification and Regression Trees (CART), and
Gradient Tree Boosting (GTB) were used with 249 training examples. The kappa coefficient and
the confusion matrix were used to evaluate accuracy. The results show that the hybrid OB-PB
technique performs better in terms of segmentation and classification precision than the
independent OB and PB approaches. The classifier's eligibility for LULC mapping was confirmed
by GTB's greatest accuracy among the others. For LULC classification, this paper offers a unique
framework that combines automated feature selection with hybrid classification, providing a
more precise, effective, and scalable method. Improved classification techniques and better
decision-making for ecological surveillance and management of land are two benefits of the
research.
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INTRODUCTION

The effective management of land resources is pivotal for environmental sustainability, urban development, and
agriculture, underlining the importance of accurate land use and land cover (LULC) classification. Within remote
sensing, LULC classification serves as a fundamental process to convert raw satellite imagery into meaningful
thematic maps that can inform policy and decision-making. Rapid advancements in Machine Learning (ML)
algorithms and prepared ease of use of big datasets put geographies on the threshold of impressive growth. To
manage natural resources, it is necessary to classify remote sensing images to derive usable information from their
land cover type spectral signatures [1]. To classify land cover types for a particular area, it uses remotely sensed
multispectral satellite images. Remote sensing techniques are a reliable way to define land cover classes because these
techniques provide easily accessible large-scale data. Artificial Intelligence (AI), ML and deep learning (DL) are
innovative systems with remote sensing (RS) images for image processing. Land cover classification is the most
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fundamental source of information when managing environmental and agricultural monitoring tasks [2]. GEE gives
users the option to define various ways for combining the input data, making it possible to efficiently create a light,
cloud-free, multi-temporal composite dataset without running into problems because of a lack of adequate local
processing resources [3, 4].

With the advent of advanced satellite sensors and enhanced computational capabilities, there has been a significant
shift in classification approaches, notably from traditional pixel-based (PB) methods to more sophisticated object-
based (OB) methods. In PB, Spectral features are extracted from each pixel, typically the reflectance values from each
band in the multispectral image. PB classification has been the backbone of remote sensing LULC studies for decades.
This method relies on the spectral information of individual pixels without considering their spatial context, which
can lead to significant misclassification in heterogeneous landscapes [5]. The classification accuracy of PB methods
is often hampered by the ‘salt and pepper’ effect, where isolated pixels are incorrectly classified due to spectral
variability within land cover types [6, 7]. With PB methods, additional features like texture or vegetation indices can
be evaluated.

In contrast, object-based image analysis (OBIA) presents a paradigm shift by considering the spatial arrangement
and relationship between pixels. By grouping pixels into meaningful objects based on spectral, spatial, and textural
homogeneity, OBIA aims to mirror human visual interpretation more closely [8, 9]. This method is particularly
effective with high-resolution images where the increased detail can be leveraged to distinguish between different
land cover types more accurately. With OB, the image is divided into meaningful segments based on spectral and
spatial properties. Each segment becomes an object with its characteristics. Although PB approaches are normally
suggested for lower resolutions, despite the higher computing costs of segmentation and the use of several features
for the classification, OB approaches usually produce superior results on higher-resolution data.

Despite these advancements, there is still a considerable research gap in directly comparing the performance of OB
and PB methods, especially when applied to diverse and complex environments. The desert state of Rajasthan, India,
with its rich tapestry of land cover ranging from the arid Thar Desert to the lush Aravalli Range, and bustling urban
centers to sparse rural settlements, presents an ideal study area for such comparative analysis. The selection of
Rajasthan as the study area was deliberate due to its ecological and geographical diversity. This region’s coordinates,
spanning a vast area, encompass a variety of ecosystems that challenge the capabilities of LULC classification
methods. The choice of this locale offers a comprehensive understanding of the algorithm's performance in
discriminating between contrasting land cover types within a single geographic domain.

The three primary steps of the overall procedure are the composite initial dataset, the LULC classification, and the
accuracy evaluation. Every LULC classification has an important stage in the development of the base dataset. This
application, assembled the dataset for the L8 and S2 data in GEE, starting from a filtered and cloud-masked image
collection. The Simple Non-Iterative Clustering algorithm, which is provided in GEE, was effective at recognizing
probable distinct objects and grouping comparable pixels [10]. Following segmentation, GEOBIA typically performs
the final object classification by combining spectral, spatial, texture, and context data from the image [11]. Using the
very efficient Gray-Level Co-occurrence Matrix (GLCM) method, 18 textural indices may be extracted from 8-bit
greyscale images, which are included in the GEE. Given that it allows the GEOBIA application to operate even on
greyscale photos, this functionality seems to be quite helpful. Principal Component Analysis (PCA) can then
effectively reduce the large dimensionality of GLCM outputs into some representative bands [12].

The introduction of sophisticated textural and statistical techniques such as GLCM and PCA adds a cutting-edge
dimension to the novelty of this work. GLCM allows for a nuanced analysis of texture in object-based classification,
providing a means to quantify and classify the variability in pixel intensities, which can be critical in distinguishing
between similar land cover types [13]. By integrating GLCM, this research enhances the textural assessment within
high-resolution imagery, facilitating a more accurate interpretation of complex land patterns, which is a significant
departure from conventional classification methods that rely heavily on spectral data alone.

Meanwhile, PCA contributes to the novelty of the study by reducing the dimensionality of the dataset without losing
the variability of the data, thereby improving processing times and computational efficiency while retaining essential
information for classification. The employment of PCA is particularly innovative in the way it's combined with object-
based methods, as it allows the study to overcome the common challenge of high dimensionality in multispectral
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datasets. It helps in identifying the most informative features, which can be especially advantageous when dealing
with the large datasets typical of satellite imagery.

Together, the incorporation of GLCM and PCA represents a novel approach to remote sensing classification tasks,
providing a richer, more detailed analysis and leveraging both textural and structural information. This multi-faceted
approach not only underscores the study’s innovation but also its potential to set a new standard in LULC
classification, significantly contributing to the precision and reliability of environmental monitoring practices.

The primary objective of this work is to implement PB and OB classification techniques suitable for heterogeneous
landscapes and complex object shapes, combining the GLCM for computing cluster textural indices, the SNIC
algorithm for identifying spatial clusters, and four well-liked ML techniques (RF, CART, SVM, and Gradient Tree
Boost) for classification. RF is known for its high efficiency and accuracy, making it a preferred classifier in the context
of LULC classification [14, 15]. CART operates as a simple binary decision tree classifier that functions by applying a
set predetermined threshold [16]. SVM is recognized for its effective classification capabilities, though it presents a
degree of complexity due to the necessity for selecting and fine-tuning kernels and additional input parameters [17,
18]. GTB is a robust machine learning technique that enhances predictive accuracy through the sequential
combination of weak decision tree models. It involves iteratively refining predictions by addressing errors from
previous models, which can require careful adjustment of parameters to optimize performance [19]. The efficacy of
OB and PB methods in classifying and interpreting the complex landscape of Rajasthan using LULC data from
Landsat 8 and Sentinel-2 satellites from multispectral satellite imagery are compared and analyzed.

The proposed method is implemented in an open-source, user-friendly GEE script that can perform OB classification
tuning various parameters (such as selecting the input bands, selecting the classification technique, and evaluating
various segmentation scales), and contrast it with a PB method suitable for fine-grained analysis and homogeneous
landscapes. Two confusion matrices and their associated statistics (Kappa co-efficient) are used to compare the two
approaches' accuracy quantitatively.

Therefore, this research is poised to make significant contributions to the field of remote sensing by providing a
detailed comparative analysis of LULC classification methodologies. Through this study, we aim to enhance the
understanding of these methods in the context of Rajasthan’s diverse landscape, which holds implications for similar
environments globally. By addressing the outlined research objectives, this study paves the way for more accurate
and reliable LULC classification, supporting sustainable land management practices.

STUDY AREA

With GPS coordinates of 27° 23' 28.5972" N and 73° 25' 57.4212" E, Rajasthan is in India and is one of the States that
was chosen as the research study area for developing and evaluating the suggested technique. In Figure 1., we can see
the study region area covered 219676.75 km2 of Rajasthan. The largest province of India, Rajasthan, is situated on
the border with Pakistan in the country's northwest. It covers over 132000 square miles in total and accounts for 10%
of the land [20]

Rajasthan is a unique State that exhibits significant regional variance. The Thar Desert in the west, the Aravalli Hills
in the east, and the plateau in the southeast make up Rajasthan's three main geographic zones. 16,036 km2 of the
State is covered by forests or 4.69 % of the overall land area [20]. Rajasthan, which is in India's dry and semi-arid
regions, has a low area (4768.84 km2) covered by water bodies (including wetlands) and makes up 1.39% of the
country's overall land area. Rajasthan is primarily used for agriculture, covering about 250123.15 km2 (73.08%) [21]

Figure 1. (a) Map of India Showing, (b) Enlarged View of Indian State Rajasthan and (c) Region Area Covered
219676.75 Km2 Methods.
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DATA COMPOSITION

The initial stage of the LULC classification is data composition. In this approach, Landsat8, and Sentinel 2 are both
datasets firstly filtered by area and time duration; to remove cloud contamination, cloud-masking functions are used
for image collection. After that, each image's bare soil index (BSI) and normalized difference vegetation index (NDVI)
are computed. It is usual practice to employ these extra indices to enhance LULC classification. The export of the
dataset's desired bands is the last step in data composition.

(a)False color composite (b) True color composite

Figure 2. (a) False and (b) True color composite of the data

First, the collection of raw satellite images by study area of the region of interest (Rajasthan), then filtered by the
specific time duration (from 1 Jan 2020 to 02 July 2022) an initial image collection was filtered by the desired time
then filtered metadata for avoiding cloud shadow. It provided a QA60 band in GEE for cloud cover masking for the
Sentinel 2 dataset and to perform cloud cover masking for the Landsat 8 dataset GEE provides a 'pixel_qa' band [3].
In the research region, this selection method generated two imagery data collections, comprising 119 photos intended
for the S2 and 43 images used for the L8. The "inBands" were chosen from S2 10 m spatial resolution bands B2 (490
nm), B3 (560 nm), B4 (665 nm), and S2 20 m spatial resolution bands: B6 (740 nm), B8 (865 nm), B11 (1610 nm)
and median bands were calculated. Figure 2 shows a false and true color composite of the data composition. Each
image's NDVI and BSI are calculated, and the reduction functions are used to produce the relative spectral index
statistics. Only the intended bands ("outBands") that were previously defined are considered in the final exporting
process. NDVI mean, NDVI Std. Dev. (Standard Deviation), Bands 2, 3, 4, 6, 8, and BSI mean were chosen in this
approach to construct the first S2 dataset. NDVI mean, Dev. (Standard Deviation), Bands 2, 3, 4, 5, 6, 7, and BSI
means were chosen to make up the initial L8 dataset.

METHODOLOGY OF LULC CLASSIFICATION

Image classification is a process of assigning a pixel of raster data to a specified class. Typically, land cover
classification utilizing remote sensing images involves classifying the pixels into different types of land cover based
on specific criteria. In this work, landcover identification was done using remote sensing data from satellites with a
resolution of 30 meters, such as Landsat 8 and Sentinel 2 with a resolution of 10 meters, which were both studied
from 1 Jan 2020 to 02 July 2022. There are two kinds of image classification methods Pixel-based image classification
and Object-based image classification. In this research, both classification methods are utilized to perform land use
land cover classification of the Rajasthan area. In the pixel-based classification method, each pixel is classified into
land cover types according to the spectral value of each pixel. On the other hand, the object-based image classification
method consists of two steps first a spatial clustering phase that groups related and adjacent pixels together called
segmentation, a subsequent calculation of textural indices based on the clusters, and a classification step at the end.
Figure 3 shows the step-by-step process of the object-based Image analysis methodology.

For the segmentation, Simple Non-Iterative Clustering (SNIC) is used to generate the clusters called image objects.
The function "Image. Segmentation.seedGrid" which needs a superpixel seed location spacing, delivers a regular grid
of seeds on the same bands as the PB categorization that are used as SNIC input (in pixels). It impacts cluster size
and can be adjusted to achieve the best result. Some parameters were adjusted as follows in our approach, always
considering the features of the study area: compactness = 0, connectedness = 8, and neighborhoodsize = 256. These
parameters need to be set for SINC. A smaller value of the “compactness” parameter provides the less compact
clusters. The “connectivity” parameter takes the value 4 or 8, used when merging the adjacent clusters determined
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by Rook’s or Queen’s contiguity. This avoids the next parameter “neighborhoodsize”, tile border artifacts. Algorithm
1 shows the SNIC algorithm's pseudo-code which is used to generate the data segments.

Data filtering Atmospheric Spectral Indices
~— (Region, Time —— cgrrections ’ Staticties

—

Export
SNIC Image ) Bands
@ Clustering Segments @ c
o l g C
e ==
ES o3 Traini
LANDSAT-8 - = raining
SENTINEL-2 gh(_f_g BCA GLC"l:fL;‘f;(;ural @ § Samples
IMAGES 3% 0 l
s a
L0 J, o Classification
o) Training Classification (RF,CART,GTB,
samples — (RF,CART,GTB, SVM)

SVM)

\ )
1{

Accuracy Assessment

* Overall Accuracy

= producer's accuracy (PA)

« user's accurac(UA)

= Kappa Coefficient
Result

* Land Cover Classified Maps
= Area Calculation
« Execution Time Analysis

Figure 3. Flow chart of the object-based Image analysis methodology

The second phase is feature extraction, which involves calculating the textural features based on each segment to
create a feature vector. This GLCM algorithm requires an input image for an 8-bit gray level, this 8-bit gray level is
generated by following the formula;

For each pixel (x, y):
Grayyevel = (0.3 * NIRganp) + (0.59 * REDganp) + (0.11 * GREENgND) @

The GLCM algorithm is effective in analyzing texture features such as roughness, smoothness, and directionality in
an image. It is relatively easy to compute from an image. It involves counting the occurrences of pairs of pixel values
at specified offsets within the image. It provides quantitative measures of texture such as contrast, correlation,
energy, and homogeneity. GLCM can be used in conjunction with other image-processing techniques to enhance the
overall analysis of images. Consequently, it can be combined with feature extraction methods or machine learning
algorithms for improved performance in tasks like object recognition. The texture features extracted using GLCM are
often interpretable thereby providing insights into the underlying properties of the image texture.

For a picture in grayscale, G

GLCM(d, 8)x,y = count of instances in which a pixel pair(p, q)contains values x and y

Extract GLCM features

Contrast = Z (x —y)2-GLCM(x,y) 2)
xy
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Yy (X —ux)(y — py) - GLCM(x,y)

Correlation = 3)
ox - oy
where:

ox and oy are the standered devitaion of x and y

ux = Z x - GLCM (x,y) 4)

X
W= y-GLCM(x,y) (5)
y

In this study, we have demonstrated how to improve segmentation accuracy by combining texture GLCM features
with PCA fusion. To apply PCA, we must first integrate the data from the GLCM to get the segmentation for texture
results. Then, texture feature fusion is accomplished using a

PCA fusion technique. The average of the first PC for each object that belongs to the SNIC "clusters" band is then
calculated in a distinct band. The bands produced by the SNIC segmentation method are finally combined with the
first PC object averaged band.

The third stage involves classifying each item (segment) according to one or more pixel-level textural
attributes. For classification popular machine learning classification algorithms, the RF, CART, SVM, or
GTB are used. PB and OB both approaches used the same training dataset. Then at last accuracy
assessment was carried out for individual approaches applying a confusion matrix and the identity
validation data as before.

Algorithm 1: SNIC Algorithm for segmentation
Input: Input satellite image SI, n initial centroids C[n] = {xn, cn} Consistent grid sampled data, Color normalization
digit

Output: La label assigned

Initialization:

1: Set La[:] <-0

Loop Process

2: forn=1toNdo

3: Element E {xn, cn, n, o}

4: Insert E in priority queue Pq

5: end for

6: while Pq is not empty do

7: Remove from Pq to get Ei

8: if La[xi] is o then

9: La[xi] = ni

10: Update centroid C[ni] online with xi and ci
11: for every connected neighbour xj of xi do
12: Generate element Ej = {xj, ¢j, ki, dj, ki}
13: if La[xj ] is o then

14: Insert Ej on Pq

15: end if

16: end for

17: end if

18: end while
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19: return La
TRAINING SAMPLE SELELCTION

For this study, six major classes are selected for land cover classification in Rajasthan, India. Water: includes ponds,
valleys, rivers and dams, and other land water resources. Forest: the area that is covered by natural or planted tree
stands but is not used for trade, Crop: land used for framing and growing crops, built up: land includes buildings,
roads, mines, and any other structures that were consciously built to support human activity, Desert: dry area with
often little vegetation. It manually labels 249 validation points at the Google Map Foundation layer. Table 1 has details
of the training points with a class label.

Table 1. The total sum of LULC (land use-land cover) validation points for every class.

Class name | No. of Validation-Points

Water 52
Forest 50

Crop Land 53
Urban 50
Desert 44
Total 249

CLASSIFICATION

Supervised classification methodology must gather the data from the training points to train the classifiers for the
LULC classification. This study performed Pixel-based and object-based classifications using the same dataset, same
region, and same training data collection. The image is quickly classified in the PB classification process as it is a
traditional ML technique. The OO classification stage consists of a spatial clustering phase that groups related and
adjacent pixels together. This is called segmentation, a subsequent calculation of textural indices based on the
clusters, and a classification step at the end. So, the object-based method required more time for execution than the
pixel-based classification method. The pixel-based and the object-based approaches were applied to classify
Rajasthan’s land cover map using RF, SVM, CART, and Gradient Tree Boost machine learning classification methods.
Here RF and SVM CRAT classifiers are commonly used classifiers, but the GTB classifier is not used by others to
perform land use land cover classification using multispectral satellite images.

SVMs are effective with minimal-sized training data but capable of handling high-dimensional data. The feature
extraction technique such as Kernel Principal Component Analysis where RFs can handle diverse feature types and
non-linear relationships. Decision Trees (DTs) are considered decipherable models for understanding feature
importance. DT belongs to Ensemble method Boosting which designates multiple models for improved accuracy.

Figure 4 shows the different classified maps of the study region of the selected classification methods. To get the
overall area (in km2 and percentage) for each LULC class, a final calculation is performed by counting the number of
pixels that belong to each class. In the end execution, the time of both approaches is also calculated and compared
with different datasets.
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Figure 4. Classified map of study region using (a) Random Forest, (b) CART, (c) Gradient tree boost, and (d) SVM

RESULTS AND ACCURACY ASSESSMENT

GEE framework uses a confusion matrix for accuracy assessment. The accuracy assessment determines how
confident the classified maps are. The calculation of overall accuracy is the basic need, according to various studies,
and the kappa coefficient is used to measure the correctness of the classification process. The preliminary comparison
of the results by overall accuracy and kappa coefficient.

The most OO and PB methodologies combinations were chosen for each dataset (L8 and S2) using four different
classifiers, and they were compared visually and in terms of the percentage of the total area and overall accuracy. The
execution time of the chosen classification was also assessed and compared. Finally, classified maps of the ultimate
land cover are provided. The total area occupied by each type of land cover was extracted and included. So, the results
are divided into two parts one is the overall accuracy of RF, SVM, CART, and GTB classifiers using the object-based
image classification method using the Sentinel 2 dataset. The second part is the overall accuracy of RF, SVM, CART,
and GTB classifiers using the Pixel-based image classification method using Landsat 8 and Sentinel 2 datasets. Image
pre-processing and feature engineering can significantly impact classification accuracy.

PERFORMANCE OF OBJECT- BASED METHODOLOGY

The overall accuracy of the object-based classification methodology applied for different classifiers is successfully
evaluated with the outcomes shown in Table 2 OB GTB, OB RF, OB CART, and OB SVM algorithms respectively
(91%,86%,90%, and 47%). These values suggest that CART is quite effective at handling the object-based
classification tasks with the given dataset. The standout result comes from the GTB classifier along with GLCM, which
outperforms the other classifiers with the highest OA of 91% and a Kappa Coefficient of 0.88. This reflects a very high
level of agreement between the classified output and the reference data, indicating that GTB is highly effective for
object-based classification using Sentinel 2 data in this study. The comparative graph (shown in Figure 5) presents
the Producer's Accuracy (PA) and User's Accuracy (UA) for different LULC classes using object-based image
classifications with GTB, RF, and CART. GTB shows a balanced performance with both PA and UA consistently high
across most classes, indicating reliable classification and user trust in the results. RF exhibits strong PA but slightly
varied UA, suggesting good class representation but potential user misinterpretation or sampling errors. CART
displays the most fluctuation in both PA and UA, implying variability in both classification consistency and user
expectation. The PA is generally higher than UA across all classifiers, which could indicate that while classes are well-
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represented, users might be experiencing difficulties in correctly identifying certain classes, possibly due to class
similarities. The OB method performs better using the Sentinel 2 dataset because of its higher spatial resolution.
Textural features improve the OA of OBIC.

Table 2. The overall accuracy of OB approach classification using the Sentinel 2 dataset.

Classifier Overall Accuracy Kappa
(0A) Coefficient
SVM 47% 0.34
RF 86% 0.82
CART 90% 0.86
Gradient Tree 91% 0.88
Boost

Performance of object-based methodology in terms of PA and UA
120%
100%

80%
60%
40%
20% I
0%
PA UA PA UA PA UA

GTB RF CART

m\Water mForest mCrop = Urban m Desert

Figure 5. Comparison of producer’s accuracy (PA) and user’s accuracy (UA) of the LULC classes predicted by OBIC.
PERFORMANCE OF PIXEL-BASED METHODOLOGY

The PB method was applied to two data sets Landsat8 and Sentinel 2 and the results are shown in Table 3. The
outcome shows this method provides better Overall accuracy while using the Landsat 8 dataset. Our results of OA for
four classifiers while using the Landsat 8 dataset are respectively PB GTB, PB RF, PB CART, and PB SVM
(92%,87%,89%, and 63%). From Table 3, we can see the best outcomes delivered by Pixel-based techniques were
accomplished with GTB, which had a kappa of 0.89 and an OA of 92%. Similarly, we evaluated OA for a PB method
using the Sentinel 2 dataset and did a comparative analysis of OB and PB methods. The outcomes of the PB method
using the Sentinel 2 dataset exhibit respectively PB GTB, PB RF, PB CART, and PB SVM algorithms (76%,75%,62%,
and 74%). The PB method provides better accuracy while using the Landsat 8 dataset. Thus, the GTB classifier
demonstrates the highest overall accuracy in pixel-based classification for both Landsat 8 and Sentinel 2 datasets,
while the CART classifier shows varied results, performing better with Landsat 8 than with Sentinel 2.
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Table 3. The overall accuracy of Pixel-based approach classification using Landsat8 and S2 dataset.

Classifier OA Kappa OA Kappa
(L8) Coefficient (S2) Coefficient

(L8) (S2)

SVM 63% 0.59 74% 0.68

RF 87% 0.83 75% 0.70

CART 89% 0.85 62% 0.53

Gradient Tree 92% 0.89 76% 0.70
Boost

The choice of classification approach depends on the study area and its land cover complexity. OB methods generally
outperformed PB methods in terms of overall accuracy and kappa coefficient for the above-mentioned land cover
classes methods were particularly effective for complex landscapes with heterogeneous land cover types. However,
PB methods could be more efficient for simpler landscapes with large, homogenous land cover classes.

COMPARATIVE ANALYSIS

In this section, a comparative analysis of the proposed work and existing work has been done. According to several
studies [27, 28], the accuracy of the classification depends on the methods, datasets, time, space, and techniques. The
accuracy evaluation in this study reveals a difference between the outputs of the classifiers applied in this instance. A
LULC classification's accuracy varies not only with the classifier but also with datasets (1.8 and S2) and Technique
(PB and OB). This may be a result of fluctuations in the atmosphere, surface, time, and, space [22]. The most widely
used method for evaluating accuracy is the Kappa coefficient. kappa index (K), which is obtained from a confusion
matrix, is the most popular statistic for measuring the accuracy of LULC classification [23]. The result demonstrates
in our case the maximum accuracy has been noted (0.89) of the GTB classifier. According to the existing studies [24,
25], the Gradient tree boost classifier outperforms the other approaches used for comparison and the overall accuracy
for GTB was 0.8905. Another Study [26] contrasted extreme gradient boosting with benchmark classifiers like SVM
and RF. The LULC change analysis has an overall classification accuracy of 83.17 % and the kappa coefficient value
(k) was found 0.80.[30]. One study [29] carried out the comparative analysis of machine learning algorithms for land
use land cover classification that shows Random forest classfier performs better. This study did not explore the GTB
classifier. The findings show that, especially for larger sample sizes, extreme gradient boosting, parameterized with
a Bayesian approach, consistently outperformed RF and SVM.

In our work, the outcomes demonstrate that performance is contingent upon the choice of dataset and classification
techniques. Employing the Sentinel 2 dataset, the OB approach with the GTB classifier surpassed the PB method with
the GTB classifier, showing a discernible difference in OA. Specifically, the OB method utilizing the GTB classifier
achieved an OA of 91% with a Kappa Coefficient of 0.88. In contrast, the PB method with GTB yielded an OA of 76%
when applied to the Sentinel 2 dataset, indicating a 15% increase in accuracy when using the OB method over the PB
method with the same classifier.

Further analysis revealed that the RF classifier under OB achieved an OA of 86%, whereas PB with RF on the Sentinel
2 dataset had a slightly lower OA of 75%. The CART classifier demonstrated variable results, with an OA of 90% for
OB and 62% for PB using Sentinel 2 data. The SVM classifier showed a reversal in the expected pattern; OB with SVM
had a lower OA of 47%, while PB with SVM reached an OA of 74% on the Sentinel 2 dataset.

Our comparative analysis of both OB and PB approaches using the Sentinel 2 dataset underscores the superiority of
the OB method, particularly when coupled with the GTB classifier, which achieved a Kappa Coefficient of 0.88 and
an OA of 91%. Landsat 2 data performed 16% better than Sentinel-2 for the PB method, and Sentinel 2 data performed
12% better for the OB method, according to the GTB classifier.
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AREA CALCULATION

Figure 6 shows the part (in %) of the entire area occupied by individual classes using the selected classification
methods and Table 4 shows the detailed area in km occupied by each class, which is calculated by counting the
number of pixels for each class type.

Percentage of land cover class area

RF CART SVM GTB
120
100
80 38.67 i 41.56
60 | 541 35.89 | 645
20 22.05 - 17.88
12.46 4,08
10.06
) .
0

B Water M Forest Crop M Urban Desert

Figure 6. Total area (in percentage) enclosed by every LULC class for selected classifications algorithm.

Table 4. Total area (in km2) enclosed by every LULC class for selected classifications algorithm.

Class RF CART GTB
Name
Water 27185.17 4171.62 4058.76
Forest 46796.35 63860.3 70470.30
Crop 48445.32 35106.77 39281.48
Urban 11900.86 27378.37 14172.14
Desert 91301.67 88767.25 91301.67

EXECUTION TIME ANALYSIS

The execution times of both approaches are inversely correlated with the processing complexity and image resolution.
As a result, shown in Table 5 the OB approach typically takes longer than the PB technique (Landsat 8: 18.76 s vs.
8.35 s; Sentinel 2: 33.74 s vs. 5.12 s). This time includes total execution time and exporting the final LULC classified

map.
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Table 5. Execution time of both techniques using two different datasets (in sec.)

Classification Landsat 8 Sentinel 2
Technique
Pixel-based 8.35 5.12
Object-based 18.76 33.74
DISCUSSIONS

This research is carried out to Performance Evaluation of Object-Based and Pixel-Based Land Use and Land Cover
Classification Using Multispectral Satellite Images and Machine Learning Algorithms. In this work, we have analyzed
that the overall accuracy of the LULC classification depends on the dataset, classification techniques, and different
classifiers.

We have evaluated the performance of the object-based classification technique and pixel-based classification
technique using two different datasets Landsat 8 and Sentinel 2 with four types of machine learning classifiers named
Random Forest, CART, SVM, and Gradient tree boost classifier using the tool Google Earth Engine. A study [23]
revealed that with machine learning methods applied to data with varying spatial resolutions, LULC in coastal areas
may be mapped. As a result, the final LULC maps differ, and the number of LULC classes found was determined by
the resolution picked. Sentinel-2 data had a reduced resolution but produced useful maps. The quality and quantity
of training data are pivotal for any machine learning algorithm.

The study findings, based on Tables 2 and 3, indicate that the Sentinel 2 data, when processed using the OB approach
with the inclusion of GLCM textural information, yields the highest Overall Accuracy (OA) of 91%. Furthermore, the
GTB classifier out-performs other classifiers in both OB and PB methods, with the OB method achieving a Kappa
coefficient of 0.88 and an OA of 91%, compared to the PB method’s 0.89 Kappa and 92% OA with the GTB classifier.

The research also highlights that the Sentinel 2 dataset is better suited to the OB method due to its higher spatial
resolution, which enhances classification accuracy when textural features are taken into account. Moreover, the study
provides new insights into the effectiveness of the GTB classifier, which has not been as extensively researched as the
RF and CART classifiers. It underscores the GTB classifier’s superior performance over the commonly used RF
classifier in the realm of LULC classification.

When comparing the two approaches with different datasets, it is observed that the PB method yields better accuracy
with the Landsat 8 dataset. Specifically, the OA re-sults for the Landsat 8 dataset are 92% for GTB, 87% for RF, 89%
for CART, and 63% for SVM. For the Sentinel 2 dataset, the corresponding accuracies are 76% for GTB, 75% for RF,
62% for CART, and 74% for SVM. These results suggest that while the GTB classifier leads to the highest accuracy
across both datasets, the choice of dataset plays a crucial role in determining the effectiveness of the classification
method. The study concludes that the OB approach when paired with the Sentinel 2 dataset and GTB classifier,
provides the most accurate LULC classification results, showcasing the importance of matching the classification
approach to the specific attributes of the dataset used.

CONCLUSIONS

The objective of this study is to carry out a performance Evaluation of Object-Based and Pixel-Based Land Use and
Land Cover Classification Using Multispectral Satellite Images and Machine Learning Algorithms. This evaluation
helped to find out the best approach for land use and land cover classification.

This work evaluated an OB classification technique using the SNIC algorithm to locate spatial clusters, GLCM to
compute object textural features, and four popular machine-learning algorithms RF, CART SVM, and Gradient tree
Boost ML algorithm to carry out the final classification within the GEE environment. The method was put into effect
in an approachable code that can contrast the OB and PB classification approaches while using two different datasets
Landsat 8 and Sentinel 2. We found that the Gradient Tree Boost Classifier produces the best accuracy in both
approaches. It performed better than RF, CART, and SVM.
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According to this our experimental results Landsat 8 dataset provides better results with pixel-based methodology
and sentinel 2 performed better with Object-based classification methodology. According to the comparative analysis
of both approaches Object based method outperforms over pixel-based approach. Because the best outcomes
delivered by OB techniques were accomplished with the Sentinel 2 dataset using the GTB classifier.

These datasets and methods are used to track upcoming changes, the LULC planning procedure, and other related
studies. Future research will incorporate an optimization-based feature selection methodology into the suggestion to
determine whether the LULC classification accuracy can be further enhanced.

The outcome of the comparative evaluation of object-based and pixel-based classification methods using machine
learning algorithms for multispectral satellite imagery is a significant step forward in the field of remote sensing,
particularly for complex and diverse landscapes like that of Rajasthan, India. This research offers a comprehensive
analysis that meticulously delineates the strengths and weaknesses of each classification approach across varied land
cover types. The findings reveal that object-based methods when paired with advanced machine learning algorithms
such as GTB, provide superior accuracy in classifying high-resolution satellite images. This is a pivotal discovery, as
it underscores the potential of object-based approaches to better interpret and classify the intricate patterns and
textures of the earth's surface, which are especially prevalent in heterogeneous regions. Additionally, the study
highlights the considerable improvement in classification results when employing machine learning over traditional
statistical methods, paving the way for enhanced LULC mapping.

The contributions of this study to the research community are manifold. Firstly, it presents a novel, rigorous
comparison of classification methods within a real-world setting, providing empirical evidence to guide future remote
sensing projects. This study not only fills a crucial gap in comparative LULC analysis but also sets a benchmark for
the evaluation of classification methods in similar geographic settings. Secondly, the research introduces the use of
GTB in LULC classification, a method not commonly applied in this context. The promising results obtained with
GTB offer a new tool for researchers and practitioners, potentially leading to more accurate and efficient land cover
mapping. Collectively, the outcomes of this study enhance our methodological toolkit and provide a reference point
for future investigations into the optimization of LULC classification techniques, thereby supporting the sustainable
management of land resources through improved environmental monitoring and planning.

To summarize, the present study highlights the significance of the determined selection of both the classification
approach and machine learning algorithm for accurate land use and land cover classification utilizing multispectral
satellite images. It also draws attention to the need for further research to explore the prospects of advanced
techniques like deep learning in this field. Deep learning algorithms like CNNs were not precisely tested in this study,
but they are being claimed as the evolving popular technique for satellite image classification furthermore could
potentially provide extremely higher accuracy.

REFERENCES

[1] Shobita Shetty, Enschede, The Netherlands, March, (2019) Analysis of Machine Learning Classifiers for LULC
Classification on Google Earth Engine (Ph.D. Thesis).

[2] Yinghuai Huang, Xiaoping Liu, Xia Li, Yuchao Yan, and JinpeiOu, (2018) Comparing the Effects of Temporal
Features Derived from Synthetic Time-Series NDVI on Fine Land Cover Classification, IEEE Journal of
Selected Topics in Applied Earth Observations and Remote sensing.

[3] Griths, P.; van der Linden, S.; Kuemmerle, T.; Hostert, P. A (2013) Pixel-Based Landsat Compositing
Algorithm for Large Area Land Cover Mapping. IEEE J. Sel. Top. Appl. Earth Obs. Remote Sens. 2013, 6.

[4] Hermosilla, T.; Wulder, M.A.; White, J.C.; Coops, N.C.; Hobart, G.W. (2018) Disturbance-Informed Annual
Land Cover Classification Maps of Canada's Forested Ecosystems for a 29-Year Landsat Time Series. Can. J.
Remote Sens. 2018, 67—-68.

[5] Wang, D., Wan, B., Qiu, P., Su, Y., Guo, Q., Wang, R,, ... & Wu, X. (2018) Evaluating the performance of
Sentinel-2, Landsat 8 and Pléiades-1 in mapping mangrove extent and species. Remote Sensing, 10(9), 1468,
2018.

[6] Chun, L.I. U., Liang, H. O. N. G., Jie, C. H. E. N, Sensen, C. H. U., & Min, D. E. N. G. (2015) Fusion of pixel-
based and multi-scale region-based features for the classification of high-resolution remote sensing image.
Journal of Remote Sensing, 19(2), 2015.

[71 Zhang, D., Wang, M., & Ke, Y. (2018) Comparison of object-and pixel-based high resolution image



182 J INFORM SYSTEMS ENG, 10(16s)

classification under different reference sampling schemes. In Proceedings of the 7th International Conference
on Informatics, Environment, Energy and Applications (pp. 242-246), March, 2018.

[8] Kindu, M., Schneider, T., Teketay, D., & Knoke, T. (2013) Land use/land cover change analysis using object-
based classification approach in Munessa-Shashemene landscape of the Ethiopian highlands. Remote sensing,
5(5), 2411-2435, 2013.

[o] Lichtblau, E., & Oswald, C. J. (2019) Classification of impervious land-use features using object-based image
analysis and data fusion. Computers, Environment and Urban Systems, 75, 103-116, 2019.

[10] Achanta, R.; Siisstrunk, S. (2017) Super pixels, and polygons using simple non-iterative clustering. In
Proceedings of the 3oth IEEE Conference on Computer Vision and Pattern Recognition, CVPR 2017, Honolulu,
HI, USA,21—26 July 2017.

[11] Flanders, D. Hall-Beyer, M.Pereverzo, J.(2003) Preliminary evaluation of eCognition object-based software
for. cut block delineation and feature extraction. Can. J. Remote Sens. 2003, 441—452.

[12] Hall-Beyer, M. (2017) Practical guidelines for choosing GLCM textures to use in landscape classification tasks
over a range of moderate spatial scales. Int. J. Remote Sens. 2017, 38, 1312—1338.

[13] Hall-Beyer, M. (2017) Practical guidelines for choosing GLCM textures to use in landscape classification tasks
over a range of moderate spatial scales. International Journal of Remote Sensing, 38(5), 1312-1338, 2017.

[14] Jin, Y., Liu, X., Chen, Y., & Liang, X. (2018) Land-cover mapping using Random Forest classification and
incorporating NDVI time-series and texture: A case study of central Shandong. International journal of remote
sensing, 39(23), 8703-8723, 2018.

[15] Gislason, P. O., Benediktsson, J. A., & Sveinsson, J. R. (2006) Random forests for land cover classification.
Pattern recognition letters, 27(4), 294-300, 2006.

[16] Mather, P., & Tso, B. (2016) Classification methods for remotely sensed data. CRC press, 2016.

[17] De Luca, G., N. Silva, J. M., Cerasoli, S., Aragjo, J., Campos, J., Di Fazio, S., & Modica, G. (2019) Object-based
land cover classification of cork oak woodlands using UAV imagery and Orfeo ToolBox. Remote Sensing,
11(10), 1238, 2019.

[18] Mountrakis, G., Im, J., & Ogole, C. (2011) Support vector machines in remote sensing: A review. ISPRS journal
of photogrammetry and remote sensing, 66(3), 247-259, 2011.

[19] Sharma, V., & Ghosh, S. K. (2023) Evaluating the Potential of 8 Band Planetscope Dataset for Crop
Classification Using Random Forest and Gradient Tree Boosting by Google Earth Engine. The International
Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences, 48, 325-330, 2023.

[20] Jangid, A., Gupta, M.K. (2021). Investigating the Effect of Lockdown During COVID-19 on Land Surface
Temperature Using Machine Learning Technique by Google Earth Engine: Analysis of Rajasthan, India. In:
Sharma, H., Gupta, M.K., Tomar, G.S., Lipo, W. (eds) Communication and Intelligent Systems. Lecture Notes
in Networks and Systems, vol 204. Springer, Singapore. https://doi.org/10.1007/978-981-16-1089-9_ 29.

[21] C., Sudhakar Reddy &Peddi, Hari Krishna & Kiran, Ravi. (2011). Mapping the Vegetation Types of Rajasthan,
India Using Remote Sensing Data. E3 Journal of Environmental Research and Management. 02. 019.

[22] Jamali, A. (2019) Evaluation and comparison of eight machine learning models in land use/land cover
mapping using Landsat 8 OLI: A case study of the northern region of Iran. SN Appl. Sci. 2019.

[23] N. Zaabar, S. Niculescu and M. M. Kamel (2022) "Application of Convolutional Neural Networks with Object-
Based Image Analysis for Land Cover and Land Use Mapping in Coastal Areas: A Case Study in Ain
Témouchent, Algeria," in IEEE Journal of Selected Topics in Applied Earth Observations and Remote Sensing,
vol. 15, pp. 5177-5189, 2022, DOI: 10.1109/JSTARS.2022.3185185.

[24] Bui, Q.-T.; Chou, T.-Y.; Hoang, T.-V.; Fang, Y.-M.; Mu, C.-Y.; Huang, P.-H.; Pham, V.-D.; Nguyen, Q.-H.; Anh,
D.T.N.; Pham, V.-M.; Meadows, M.E. (2021) Gradient Boosting Machine and Object-Based CNN for Land
Cover Classification. Remote Sens. 2021, 13, 2709.

[25] S. Georganos, T. Grippa, S. Vanhuysse, M. Lennert, M. Shimoni, and E. Wolff, (2018) "Very High-Resolution
Object-Based Land Use—Land Cover Urban Classification Using Extreme Gradient Boosting," in IEEE
Geoscience and Remote Sensing Letters, vol. 15, no. 4, pp. 607-611, April 2018, DOL
10.1109/LGRS.2018.28032509.

[26] Benyamin Hosseiny, Abdulhakim M. Abdi, Sadegh Jamali (2022) Urban land use and land cover classification
with interpretable machine learning — A case study using Sentinel-2 and auxiliary data, Remote Sensing
Applications: Society and Environment, Volume 28, 2022, 100843, ISSN 2352-9385.

[27] Maxwell, A.E.; Warner, T.A.; Fang, F. (2018) Implementation of machine-learning classification in remote



183 J INFORM SYSTEMS ENG, 10(16s)

sensing: An applied review. Int. J. Remote Sens. 2018, 39, 2784—2817.

[28] Camargo, F.F.; Sano, E.E.; Almeida, C.M.; Mura, J.C.; Almeida, T. (2019) A comparative assessment of
machine-learning techniques for land use and land cover classification of the Brazilian tropical savanna using
ALOS-2/PALSAR-2 polarimetric images. Remote Sens. 2019, 11, 1600.

[29] Zhao Z, Islam F, Waseem LA, Tariq A, Nawaz M, Islam IU, Hatamleh WA (2024) Comparison of three machine
learning algorithms using Google earth engine for land use land cover classification. Rangel Ecol Manage
92:129—137.

[30] Patel A, Vyas D, Chaudhari N, Patel R, Patel K, Mehta D (2024) Novel approach for the LULC change detection
using GIS & Google Earth Engine through spatiotemporal analysis to evaluate the urbanization growth of

Ahmedabad city. Results Eng 21:101788.



