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INTRODUCTION


Land
use and land cover (LULC) maps is the things that very important for regional
planning and development. LULC can be used as a key to understand a number of
problems, such as urban planning, regional administration, and environmental
management (Liu et al. 2017; Li et al. 2018). LULC allows for the assessment and
monitoring of various sectors, such as the agricultural (Siti et al., 2016;
Odera et al., 2016), ecological, climatological, and many other sectors. Each
region will experience changes influenced by nature and humans, and any changes
will affect human nature as well as nature itself (Schultz et al., 2017).
Information on land cover and land use will help us understand the interaction
system between humans and the environment. Therefore, as the basis of
environmental management and to help understand the interaction between humans
and the environment, it is very important to know the information about the
land cover and land use in a region.


Major
scientific communities worldwide have been interested in LULC maps and have
made LULC accuracy a research issue (Tsendbazar, De Bruin, and Herold 2015;
Schultz et al. 2017). The efficiency, effectiveness, and accuracy of  LULC maps
are very important because the information obtained from them is used to
understand issues in various sectors, especially those related to the
environment. Some LULC maps in the world are the result of satellite remote
sensing (Schultz et al. 2017). Remote sensing has become a space technology
that can be relied upon. Remote sensing is useful for reducing the activities
of terrestrial surveys while conducting inventories and monitoring natural
resources and the environment. Remote sensing satellites have the ability to be
used in fields such as earth observation, environmental management, and
conservation (Keith et al., 2017), management of disasters (Rigid, 2019), and
other fields. Remote sensing is useful in various fields. Some remote sensing
data can be accessed for free, such as Landsat, Sentinel, and MODIS. Some
providing remote sensing data for free such as USGS (https://earthexplorer.usgs.gov/),
ESA Sentinel  https://scihub.copernicus.eu/, NASA Earth Data.


Sentinel-2
is a satellite designed to support global monitoring and security applications.
Sentinel-2 is an Earth observation satellite developed by the European Space
Agency (ESA), which was launched in 2015 and has good potential as an
environmental monitor (Wang & Atkinson, 2018). Sentinel-2 has the ability
to be used in various sectors, such as land research. To date, many research
themes have used sentinel two as a research tool, such as land cover mapping
(Steinhausen et al., 2018b; Seutloali et al., 2019), several studies in the
marine field (Pahlevan et al., 2019; Kutser et al., 2018), research in natural
disaster monitoring and mitigation (Poursanidis & Chrysoulakis 2017), and
other research themes. The reason researchers utilize this imagery is because
Sentinel imagery can be obtained for free of charge on the ESA website, in
addition, its spectral resolution produces multispectral with 13 channels which
includes visible sensor, near infrared and short-wave sensors and sentinel has
good spatial resolution (10 meters in red, blue, green and near infrared bands)


 


 


 


THEORETICAL
REVIEW


LULC
classification using remote sensing data generally consists of two imagery analysis
approaches: object-based and pixel-based. In this study, we analyzed the
imagery by comparing pixel- and object-based random forest and SVM algorithms.
Prior to this study, many studies have also used pixel and object imagery
analysis approaches (Khatami et al., 2016; Whiteside et al., 2011). In line
with the development of computer technology, many algorithms have been widely
used to identify land use and Land Cover. Duro et al., (2012), comparing pixels
and objects imagery analysis to classify the land cover agriculture cropland
using the decision tree (DT), Random Forest (RF), and Support Vector Mechine
(SVM) algorithms. Their results for the third algorithm on pixel and object
classification showed no significant differences. Compared to DT and SVM, RF
provides a more adequate visual. Rodriguez et al., (2012) comparing the RF
algorithm with the decision tree (DT) algorithm for assessment of the
effectiveness of land cover classification.  Their results showed that the RF
algorithm produced a more accurate land cover classification, with an overall
accuracy of 92%. Srivastava et al., (2012) compares three algorithms: maximum
likelihood classification (MLC), SVM and atrificial neural network (ANN). Their
insulation results indicated that ANN was better than MLC and SVM. Szuster et
al. (2011) compared SVM, MLC, and ANN to classify land use and land cover in
tropical coastal zones, and their results showed that SVM produced fewer
commission errors than MLC and ANN. Otukei and Blaschke (2010) used SVM, DT,
and MLC algorithms to assess land cover changes, and their results showed that
DT was better than SVM and MLC.


However,
the purpose of classifying LULC is to provide information about land in an
area. Therefore, in addition to considering efficiency, the accuracy of mapping
from remote sensing data is also important. The selection of classification
algorithms is essential to improve the accuracy, as the selection will also
have an impact on the outcome of the classification (Otukei & Blaschke
2010). In this study, Sentinel-2 Imagery was analyzed using pixel- and
object-based random forest and SVM algorithms to identify land use and land
cover. The results of the analysis will be used as a recommendation for the
expansion and development of agricultural crops in subsequent research.


 


METHODOLOGY 



Study Area


The study area shown in
Figure 1 is the Anggeraja sub-district, one of the sub-districts in the
Enrekang district of South Sulawesi, approximately 246 km from the provincial
capital of South Sulawesi. Topography is at 500-1300 m above sea level, and the
area of research is 126.96 km square. Most of the land use in the research area
is intended for agricultural activities such as plantations, horticulture, and
wetland agriculture. The research area is crossed by the Allo Eye River, which
also crosses two other sub-districts, namely Alla' and Enrekang. Anggeraja is
also designated as a protected forest area and as a buffer area in the Enrekang
District. Anggeraja is a region that is often affected by disasters such as
flooding and mudslides. One cause of this is inappropriate land use. Heryanto
et al., (2018) showed their research result that approximately 5114.74 hectares
experienced dysfunction, that Should be used as a protected forest area but is
used as a mixed farm and plantation area.


 


Sentinel 2B Level 2a Immagery


Sentinel-2 is a program
developed by the European Space Agency (ESA) that is designed with a good
resolution for global monitoring (Wang et al. 2016). Its main mission is to
classify land cover and related change detection mapping. The Sentinel-2B Level
2A imagery used was recorded on January 10, 2025, and downloaded for free from
the ESA Sentinel portal (https://scihub.copernicus.eu/). Through a
high-resolution multispectral sensor, Sentinel-2 can provide comprehensive
earth imaging on land, sea, and atmospheric monitoring through a combination of
13 spectral bands. Sentinel 2 has spatial resolutions of 10, 20, and 60 m. The
spatial resolution of B2, B3, B4, and B8 was 10 m, that of B5, B6, B7, B8a,
B11, and B12 was 20 m, and that of B1 and B9 was 60 m. This study combined 10
of the 13 Sentinel-2 Bands. The summary of the Sentinel-2B Level 2A band used
in the study is presented in Table 1.


Table 1 Characteristics band of
Sentinel used in this study





 
  	
  BAND 

  
  	
  Resolution
  (m)

  
  	
  Band Width
  (nm)

  
  	
  Central 

  Wavelange
  (nm)

   

  
  	
  Purpose In
  Processing Context

  
 

 
  	
  2

  
  	
  10

  
  	
  98

  
  	
  492.1

  
  	
  Aerosol
  Scatteriing (Atmosferic correction), plants, karotenoid, and Soil

  
 

 
  	
  3

  
  	
  10

  
  	
  46

  
  	
  559.0

  
  	
  sensitive
  to total chlorophyll in vegetation

  
 

 
  	
  4

  
  	
  10

  
  	
  39

  
  	
  664.9

  
  	
  chlorophyll
  absorption

  
 

 
  	
  5

  
  	
  20

  
  	
  20

  
  	
  703.8

  
  	
  Vegetation
  red Edge
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  20

  
  	
  18
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  20
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  detection, biomass, 
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  238

  
  	
  2185.7

  
  	
  Aerosol
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Figure 1. Research Area used
sentinel image 2B Level 2a with true color composite R = B4, G = B3, B = B2


 


Pra Processing, Sample and Sample Training


            In the sampling of the sample training with
pixel-based, polygons were created and taken as homogeneous as possible. Sample
training was performed with polygons selected from the pixels representing each
type of land use land cover classified as water bodies, settlements, plants,
and forests. It is important to take samples randomly and spread them in the
research area. The quality of training and labels is one of the keys to the
results of classification accuracy; therefore, inappropriate training in data
collection is a source that damages some classification results. The accuracy
of the classification is significantly influenced by the size of the training
data, variables, and datasets used. The distributions of the training and test
samples are detailed in Table 2. Twenty polygons were created for each
land-cover class. Table 3 shows the land cover classes to be mapped. The mapped
land cover class was based on the classification of the Indonesian national
standard land cover.


Table 2. Distributions of pixel training dan test Sampel; 1=Building,
2=Cloud, 3=Cloud Shadow, 4=Dry Land Agriculture, 5=Forest, 6=Plantation, 7=Rice
Fields, 8=Scrub, 9=Water





 
  	Sampel Types

  	1

  	2

  	3

  	4

  	5

  	6

  	7

  	8

  	9

 

 
  	Training Sampel

  	1495

  	29191

  	2797

  	1586

  	9649

  	1358

  	627

  	3152

  	1180

 

 
  	Test Sampel

  	770

  	10320

  	3348

  	1958

  	6310

  	1040

  	376

  	2637

  	845

 







 


 


Table 3. Land Use and Land Cover
Class



 
  	
  T

  
  	
   

  
  	
  Land Use Class

  
  	
   

  
  	
  Description

  
 

 
  	
   

  
  	
   

  
  	
  River

  
  	
   

  
  	
  Body of water
  flowing through the channel at the surface of

  
 

 
  	
   

  
  	
   

  
  	
   

  
  	
   

  
  	
  the ground

  
 

 
  	
   

  
  	
   

  
  	
  Scrub

  
  	
   

  
  	
  Clumps of plants
  with short, creeping stems, several cm to

  
 

 
  	
   

  
  	
   

  
  	
   

  
  	
   

  
  	
  about 1.5 m high.

  
 

 
  	
   

  
  	
   

  
  	
  Dry Rice Fields

  
  	
   

  
  	
  Rice Fields in dry
  lands

  
 

 
  	
   

  
  	
   

  
  	
  Rice fields

  
  	
   

  
  	
  Rice Field in wet
  lands

  
 

 
  	
   

  
  	
   

  
  	
  Plantation

  
  	
   

  
  	
  Plants are rather
  tall with regular patterns and spacing

  
 

 
  	
   

  
  	
   

  
  	
  Setlement

  
  	
   

  
  	
  Houses, offices, mosques
  and other buildings

  
 

 
  	
   

  
  	
   

  
  	
  Dry land
  agriculture

  
  	
   

  
  	
  agriculture on dry
  land such as onions, carrots and so on

  
 

 
  	
   

  
  	
   

  
  	
   

  
  	
   

  
  	
  with a regular
  pattern

  
 

 
  	
   

  
  	
   

  
  	
  Forest

  
  	
   

  
  	
  trees, trees 
  remain  year-round  green,  tall  plants  with

  
 

 
  	
   

  
  	
   

  
  	
   

  
  	
   

  
  	
  irregular patterns

  
 

 
  	
   

  
  	
   

  
  	
  Cloud

  
  	
   

  
  	
  Clouds

  
 

 
  	
   

  
  	
   

  
  	
  Cloud shadow

  
  	
   

  
  	
  shadows formed by
  clouds

  
 




 


Segmentasi and
Feature Selection


The object-based
classification process has two main phases: segmentation and classification. Ma
et al., (2015) revealed in their study that the accuracy of object-based
classification was determined by segmentation scale, selection feature and
existence of spectrally mixed objects. Segmentation with scale 10 and the Image
of the Sentinel 2b with composite true color are shown in Figure 2. The
segmented objects were defined as classes. Then, each stratum was randomly
selected with the same sample. Training set ratio (the proportion of segmented
objects used for training in a specific segmented layer). The same test set was
used for the evaluation of all classifications. This test Set consists of
all objects marked back from each class.
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Figure 2.
Segmentation with scale 10 and the Image of the sentinel 2b with composite true
colour.


 


Random Forest (RF) Based Model


The RF algorithm is a
combination of several trees. Each tree depends on the pixel value of each
vector taken randomly, independently with the same distribution for each tree,
and is an effective tool for predictions. Many studies have concluded that
classifying using the RF algorithm is good, as the algorithms do not overfit
and are much faster in training compared to other methods. Rodriguez-Galiano et
al. (2022) assessed the performance of RF in terms of accuracy, vulnerability
to data, and its habits. The accuracy of the RF algorithm reached  an overall
accuracy of 92 %, was strong in training data reduction, and was noisy. Random
forest allows the calculation of approximate errors based on the remaining
cases  "Outof-Bag " (OOB). In tree formation, the random forest
algorithm conducts data training against the sample data. 1/3 data were used as
OOB. Determination of OOB data for estimating errors and specifying variable
importance. The variables used to determine the best separation were randomly
selected. After all the tree combinations are formed, the classification
process is performed. The class is determined by voting for each tree, and the
most votes are the winner. In the tests, used 100, 200, 300, 400, tree.


Support Vector Mechine (SVM)


SVM is a classifier in the
guided classification system that uses sample training in its classification
process. In the classification process, a polygon was formed as a training
sample. The stages of classification using SVM include conducting a scale
between training and test samples, selecting multiple polygons to become
training data representing each class of land cover, and inputting training
data into the SVM system to classify the land cover class.


 


Accuracy Assesment


           
Assessing the accuracy of the thematic map in remote sensing is used to
determine the map correctness level or classification results. The accuracy of
classification interprets the level of truth or suitability of the
classification of remote sensing with respect to the actual state. The thematic
map of remote sensing is expressed accurately when the classification result is
not significantly different from the classified region. In remote sensing, many
methods have been discussed for accuracy assessment, and the essence of the
literature is the confusion matrix. The confusion matrix is a comparison matrix
between the class of the classification and the actual class, which shows the
indicator of accuracy and error in the classification results. The
classification accuracy is derived from the confusion matrix, such as the accuracy
of the individual classes and overall accuracy. Many researchers recommend a
confusion matrix to illustrate the accuracy of classification results
(Bogoliubova & Tymków 2016)


           



RESULTS
AND DISCUSSION


Classification uses pixel-
and object-based random forest and support vector machine (SVM). There are
clear differences in accuracy between pixel- and object-based random forests
and support vector machines (SVM).


 


Pixel Base Classification


The pixel-based random
forest algorithm was performed with four scenarios using 100, 200, 300, and 400
trees.  For Pixel Based Support Vector Mechine (SVM) algorithm
Classification is done by testing the parameters C (0.0100000, 0.100000,
1.00000, 10.0000, 100,000, 1000.00) and G (0.000000, 0.0100000, 0.100000,
1.00000, 10.0000, 100,000, 1000.00) and number of Cross Validation as much as
3. The application of two algorithms in pixel-based classification has an
impact on the size area of each
class, as well as the application of a different number of trees to the random
forest algorithm, which has an impact on the class size of each class as shown
in Figure 3 (a) and visualization in Figure 4 (a).
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Figure 3. Difference size area
from difference algorithm pixel based classification (a) and object based
classifications (b)


 


The
RF 100 Tree configuration produces the highest total classified area (92.2
million pixels), which decreases substantially to 84.8 million pixels with RF
200 Tree, then stabilizes around 83.0 million pixels for RF 300 and 400 Tree
configurations. SVM produces 83.5 million pixels, closely aligned with the
higher tree count RF models. The pixel-based classification exhibited clear
monotonic trends as the RF tree count increased from 100 to 400. Classes with
Decreasing Trends: Building Decreases 10% reduction, Cloud 33% reduction, Cloud
Shadow 17% reduction, Dry Land Agriculture 11 % reduction, Forest 21%
reduction, Plantation 3% reduction, Rice Fields 11% reduction, Scrub 6%
reduction.  Classes with Stable Trends: Water: Remains constant at 2.5 million
pixels (0% change). The most dramatic reductions occurred in the cloud (33%),
forest (21%), and building (17%) classes. Notably, most classes stabilized
between RF 200 and RF 300 trees, with minimal further change at RF 400 trees.
This suggests that the RF model converges around 200-300 trees for this
dataset, with additional trees providing marginal refinement. The Water class
demonstrated perfect stability across all RF configurations, indicating high
classification confidence and spectral distinctiveness for this class. In
pixel-based classification, SVM produces distinctive patterns compared to RF. Classes in
which SVM produced lower areas than all RF configurations were Building, Cloud,
Cloud Shadow, Rice Fields, Scrub. Classes where SVM produced higher areas than
all RF configurations: Forest, Plantation. Classes where SVM matched RF:
dryland agriculture and water. SVM's
total classified area of the SVM closely matches RF 300-400 Tree, suggesting a
comparable overall classification extent despite class-level differences.


 


Objek Base
Classification


The Sentinel-2B imagery segmentation
uses a multiresolution segmentation algorithm with 10-scale parameters, as displayed
in Figure 3. Objects produced through the segmentation process can be
over-segmented and reduced (under segments). Consequently, the land cover
classes were not correctly classified. If the scale value is small, the
segmented object becomes smaller and more numerous, and if the scale value
increases, the segmented image object becomes larger and fewer. Similar to
pixel-based classification, object-based classification also used the RF
algorithm with trees 100, 200, 300, and 400 and SVM with parameters C
(0.0100000, 0.100000, 1.00000, 10.0000, 100,000, 1000.00) and G (0.000000,
0.0100000, 0.100000, 1.00000, 10.0000, 100,000, 1000.00) and a cross-validation
number of 3. The class size of each class using object-based classification is
shown in Figure 3 (b) and visualized in Figure 4 (b).


Object-based classification showed
dramatically different patterns. Classes with Increasing Trends: Building:
12.5% increase, Forest: 50% increase, Plantation: 33% increase), Scrub: 275%
increase. Classes with Decreasing Trends: Rice Fields 50% reduction. Classes
with Stable Trends Cloud, Cloud Shadow, Dry Land Agriculture, Water


The most striking observation is the
massive 275% increase in the Scrub classification from RF 100 to RF 200 Tree,
followed by stabilization. Forests and plantations also showed substantial
increases (50% and 33%, respectively). This behavior contrasts sharply with
pixel-based classification, in which most classes decrease with increasing tree
counts.


The transition from RF 100 to RF 200
trees represents a critical threshold in object-based classification, with most
dynamic changes occurring at this transition. Beyond the RF 200 Tree,
classifications largely stabilize, similar to the pixel-based pattern. Object-based
classification produces substantially lower total areas for RF 100 Tree (50.5
million pixels), which increases dramatically to 69.5 million pixels with RF
200 Tree, then stabilizes at approximately 70.5 million pixels for RF 300 and
400 Tree. Notably, SVM in object-based mode produces the highest total area
(87.0 million pixels), exceeding all RF configurations. The object-based SVM
exhibited more dramatic deviations from the RF. Classes in which SVM produced
substantially higher areas were Forest, Scrub. Classes in which SVM produced
lower areas were Building and Rice Fields. Classes in which SVM matched RF were
cloud, cloud shadow, dryland agriculture, plantation, and water. The most
striking finding is the SVM's dramatically higher classification of Forest and
Scrub in the object-based. This suggests that SVM's decision boundary of the
SVM in the feature space, when applied to object-level features, favors these
vegetation classes over others.
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Figure 4. Visualization of Pixel Classification (left side) and
Object Classification (right side)


 


based Random Forest algorithm a =
100 Tree, b = 200 tree, c = 300 tree d = 400 tree. e = SVM algorithm. 


1 = Builds, 2 = Cloud, 3 = Cloud
Shadow, 4 = Dry Land Agriculture, 5 = Forest, 6 = Plantation, 7 = Rice Fields 8
= Scrubs and 9 = Water


Accuracy and comparison.





 
  	
 

 
  	
  	
 






Figures 5 and 6 present the classification performance of the
Random Forest (RF) and Support Vector Machine (SVM) algorithms using
pixel-based and object-based approaches, as evaluated by Producer's Accuracy
(PA) for each land cover class and ficant difference. 
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Figure 5. Producer's accuracy;
pixel-based classification of the left and Object 
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Figure 6. Comparison of the
overall accuracy of pixel and object based


 


In general, the
object-based classification consistently achieved higher classification
accuracy than the pixel-based approach. As shown in Figure 5, the Cloud and
Cloud Shadow classes attained the highest producer's accuracy, approaching 100%
for both algorithms, reflecting their distinctive spectral characteristics. In
contrast, the Rice Fields class exhibited the lowest producer's accuracy,
particularly in the pixel-based classification, indicating persistent confusion
with other vegetation-related land cover classes due to their similar spectral
responses.


A comparison between the
two machine learning algorithms revealed that Random Forest generally
outperformed Support Vector Machine across most land cover classes. In the
pixel-based classification, RF achieved higher producer's accuracy for the
Building, Plantation, Rice Fields, Scrub, and Water classes, whereas SVM showed
slightly better performance for Dry Land Agriculture and Forest. Under the
object-based approach, both algorithms exhibited improved producer's accuracy
for nearly all classes, with RF maintaining superior performance for Forest,
Plantation, Scrub, and Water, while SVM slightly outperformed RF for the
Building class and showed nearly identical performance for Cloud, Cloud Shadow,
and Dry Land Agriculture. These findings indicate that integrating spatial
information through image objects substantially improves class separability and
reduces classification uncertainty.


The improvement achieved
by the object-based approach is further confirmed by the Overall Accuracy
results presented in Figure 6. RF increased from approximately 87% in the
pixel-based classification to 92% in the object-based classification, while SVM
improved from approximately 85% to 91%. These results demonstrate that Object-Based
Image Analysis (OBIA) effectively enhances land cover classification by
incorporating spectral, spatial, shape, and textural information, thereby
reducing within-class spectral variability and the salt-and-pepper effect
commonly observed in pixel-based classification. Although both algorithms
benefited from the object-based approach, Random Forest consistently produced
the highest overall and class-specific accuracies, suggesting that it is more
robust in handling spectral heterogeneity and complex land cover patterns.
Consequently, the combination of OBIA and Random Forest provides the most
reliable and accurate land cover classification in this study.


The findings of this study
are consistent with previous research demonstrating the effectiveness of
Sentinel-2 imagery for land use and land cover (LULC) classification. The
higher classification accuracy achieved by the object-based approach agrees
with the findings of Blaschke (2010), who reported that Object-Based Image
Analysis (OBIA) improves classification performance by integrating spectral,
spatial, and textural information while reducing the salt-and-pepper effect
commonly observed in pixel-based classification. Similarly, several studies
using Sentinel-2 imagery have shown that object-based methods are particularly
effective in heterogeneous landscapes where neighboring land cover classes
exhibit similar spectral characteristics.


The superior performance
of the Random Forest algorithm observed in this study is also consistent with
previous studies. Belgiu and Drăguț (2016)
reported that Random Forest is robust for remote sensing classification because
it effectively handles high-dimensional datasets, nonlinear relationships, and
correlated predictor variables while requiring relatively limited parameter
tuning. Likewise, Maxwell et al. (2018) concluded that Random Forest frequently
outperforms Support Vector Machine in complex land cover mapping applications
due to its ability to model heterogeneous landscapes and reduce overfitting.
The approximately 1–2% improvement in overall accuracy obtained in this study
further supports these observations.


Nevertheless, the
magnitude of the improvement between Random Forest and Support Vector Machine
was relatively small, indicating that both algorithms are capable of producing
reliable LULC maps from Sentinel-2 imagery when appropriate training data are
available. However, this study further demonstrates that the choice of
classification approach has a greater influence on mapping performance than the
choice of machine learning algorithm alone. By simultaneously evaluating
pixel-based and object-based classifications using both Random Forest and
Support Vector Machine within the same experimental framework, this study
provides a more comprehensive understanding of how methodological choices
affect classification accuracy and the spatial distribution of land cover
classes in heterogeneous agricultural landscapes.


 


CONCLUSIONS AND RECOMMENDATIONS


This comprehensive analysis reveals
that land cover classification outcomes are highly sensitive to methodological
choices, with different classes responding differently to pixel-based vs
object-based approaches and to Random Forest vs Support Vector Machine
algorithms. Unlike previous studies that typically compared either
classification approaches or machine learning algorithms separately, this study
systematically evaluates the combined influence of both factors within a single
experimental framework using identical Sentinel-2 imagery, training samples, and
validation data. This integrated comparison provides a clearer understanding of
how methodological choices affect both classification accuracy and the spatial
distribution of land cover classes, offering practical guidance for selecting
the most appropriate classification strategy for heterogeneous landscapes. The
key insight is that classification strategy should be tailored to the
characteristics of the target land cover classes rather than applying a single
approach uniformly. Object-based classification consistently achieved higher
accuracy than pixel-based classification. Compared with the SVM algorithm, the
Random Forest algorithm improved the overall classification accuracy by
approximately 1–2% under both pixel-based and object-based approaches. In
addition, Random Forest required less training time than SVM, making it more
computationally efficient for large datasets. Furthermore, increasing the
number of trees in the Random Forest model did not produce a substantial
improvement in classification accuracy, indicating that higher model complexity
does not necessarily lead to better performance. Finally, the results
demonstrate that the choice of classification algorithm influences not only the
reported accuracy but also the estimated area of each land cover class,
highlighting the importance of selecting an appropriate classification method
to produce reliable land cover maps for subsequent agricultural planning and
land management applications.


  


FURTHER STUDY


Future research should investigate the
applicability of these findings across different geographic regions, satellite
sensors, and temporal datasets to evaluate the consistency and generalizability
of classification performance. Further studies are also recommended to explore
advanced machine learning and deep learning algorithms, optimize object
segmentation parameters, and assess the influence of feature selection on
classification accuracy. In addition, future work should examine the
implications of algorithm selection on land cover area estimation and change
detection, ensuring that methodological choices support both high
classification accuracy and reliable spatial analysis.
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