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ABSTRACT

Land cover classification plays an important role in supporting environmental management
and spatial planning, particularly in watershed areas. However, recent studies have
predominantly emphasized advanced machine learning approaches, with limited attention
given to the applicability of conventional methods such as Maximum Likelihood Classification
(MLC) in specific local contexts. This study aims to evaluate the performance of the MLC
method in classifying land cover in the Krueng Langsa watershed using high-resolution
RapidEye imagery. This research was conducted from July to October 2024 in the Krueng
Langsa watershed, covering East Aceh, Aceh Tamiang, and Langsa City. Land cover
classification was performed using supervised Maximum Likelihood Classification in ArcGIS
10.8.2, followed by accuracy assessment using a confusion matrix and kappa coefficient
based on stratified random sampling. The results identified ten land cover classes, with
dryland forest dominating the area at 38.01%, while open land had the smallest proportion at
0.80%. The classification achieved an overall accuracy of 89% and a kappa coefficient of 0.88,
indicating an almost perfect level of agreement. These findings demonstrate that the MLC
method remains effective and reliable for land cover classification in tropical watershed
environments. This study highlights the continued relevance of conventional classification
approaches and provides valuable baseline information for sustainable watershed
management and regional planning in the Krueng Langsa area.
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INTRODUCTION

A river is a water drainage system starting from the source to the estuary, bounded on the
right and left sides and along its course by boundary lines (Ministry of Public Works Republic
of Indonesia, 1989). An area of land that is topographically bounded by mountain ridges that
collect and store rainwater, which is then distributed to the sea through the main river, is called
a river basin (DAS) (Sambou et al., 2023; Putra et al., 2024). The Krueng Langsa DAS is part
of the Tamiang-Langsa watershed with an area of 49,735 hectares stretching from East Aceh
Regency, Langsa City, to Aceh Tamiang Regency (BPDAS, 2024). Land classification is an
important and complex process that has evolved alongside advances in remote sensing
technology and Geographic Information Systems (GIS). In the context of research conducted
over the past five years, land classification is defined as an effort to group types of land use
based on physical and socio-economic characteristics (Digra et al., 2022; Macarringue et al.,
2022; Marlina, 2022; Wang et al., 2023; Radhinal et al., 2025).

The use of remote sensing technology for land cover classification can be applied in various
fields such as natural resource management, urban planning, agriculture, and environmental
management (Christy, 2021). One of the land cover/land use classification systems used to
classify land cover/land use using remote sensing data is the classification system, SNI 2010
Land Cover (National Standardization Agency, 2010). The land cover classification standard
by the National Standardization Agency (BSN) consists of land cover classes with 3 different
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scale areas and can be used with adjustments to the available images. From a remote sensing
technology perspective, land cover is an image of objects in the form of biophysical
appearances on the earth's surface obtained from selected sources (Miranda & Aryuni, 2021).
Remote sensing technology makes it possible to obtain land cover data without direct contact
with the area or phenomenon being studied. Efforts to determine the condition of land cover
in an area using remote sensing can be carried out comprehensively, quickly, and with relative
accuracy.

Despite the rapid development of land cover classification techniques, recent studies have
predominantly focused on improving classification accuracy through advanced approaches
such as machine learning and deep learning algorithms (Digra et al., 2022; Marlina, 2022;
Wang et al., 2023; Radhinal et al., 2025). These approaches are considered more adaptive in
handling complex and heterogeneous landscapes. However, this trend has led to relatively
limited attention being given to the applicability and performance of conventional classification
methods, such as the Maximum Likelihood Classification (MLC), particularly in specific local
contexts such as tropical watershed environments. Previous studies have demonstrated that
MLC remains widely used and effective for land cover mapping due to its strong statistical
foundation and ease of implementation ( Sampurno & Thorig, 2016; Mishra et al., 2020).
Nevertheless, there is still a lack of studies that specifically evaluate the reliability of MLC in
localized watershed areas with diverse land cover characteristics, such as the Krueng Langsa
watershed. Therefore, this study aims to fill this gap by assessing the performance of the MLC
method in classifying land cover using high-resolution RapidEye imagery in a tropical
watershed setting.

Therefore, it is important to evaluate whether conventional methods such as Maximum
Likelihood Classification (MLC) remain effective when applied to specific environmental
contexts, particularly in tropical watershed areas. In this context, remote sensing technology
combined with the MLC method offers a practical approach for monitoring and analyzing land
cover types. The MLC algorithm is capable of distinguishing spectral characteristics of objects
in satellite imagery, thereby providing an objective representation of land cover conditions.
This research is expected to contribute to sustainable watershed management in the Krueng
Langsa area by providing reliable land cover information. The results of land cover
classification can serve as a basis for policymakers in regional planning and environmental
management. Therefore, this study aims to identify and classify land cover types in the Krueng
Langsa watershed in 2024 using RapidEye satellite imagery through the Maximum Likelihood
classification method.

METHOD

This research was conducted in the Krueng Langsa watershed, which administratively falls
within the regions of East Aceh, Aceh Tamiang, and Langsa City. The research activities were
carried out from July to October 2024. The analysis, data processing, and map creation
processes were carried out at the Remote Sensing and Cartography Laboratory, Department
of Soil Science, Faculty of Agriculture, Syah Kuala University. Spatially, the study area map
can be seen in Figure 1.
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Figure 1. Administrative Map of the Krueng Langsa Watershed Research Location

The tools used in this research were laptops for processing research data and writing reports,
ArcGIS 10.8.2 software to perform land classification using the Maximum Likelihood method,
a camera to document each research activity, a Global Positioning System (GPS) to assist in
taking ground check sample points, QGIS software to perform post-analysis or correct
classifications that did not match the satellite imagery, Microsoft Excel and Microsoft Word to
write and calculate the accuracy test of the ground check results. The use of GIS-based
software and remote sensing tools is widely recognized as essential in land cover classification
and spatial data processing (Macarringue et al., 2022; Wang et al., 2023).

The materials used were RapidEye satellite images obtained from the official Planet Labs
website (Planet.com), with a spatial resolution of 3—5 meters per pixel. Digital Elevation Model
(DEM) data were obtained from the official Indonesian geospatial data portal
(tanahair.indonesia.go.id) and used to generate topographic maps, Shapefile (SHP)
administrative boundary data for the Langsa Watershed were acquired from the Watershed
and Protected Forest Management Agency (BPDAS) Aceh, and non-spatial data, including
journal articles, theses, and books, were utilized as supporting literature. The use of satellite
imagery and DEM data is a common approach in Land Use and Land Cover (LULC) studies
for spatial analysis and terrain representation (Mishra et al., 2020; Tadese et al., 2020).

The research stages began with radiometric and geometric image correction, image cropping,
cropping of the study area, and training area. The training samples will represent variations in
land cover, such as organization, forest vegetation, agricultural areas, and water bodies. The
data will be processed by taking pixel samples from each type of land cover. These
preprocessing steps are crucial to improve classification accuracy and ensure the quality of
remote sensing data analysis (Dash et al., 2023). The next stage involves classification using
the supervised Maximum Likelihood method. Land cover maps will be created using ArcMap
10.8.2 software. The Maximum Likelihood classification method is one of the most commonly
used supervised classification techniques due to its statistical robustness and effectiveness in
distinguishing land cover classes ( Sampurno & Thorig, 2016; Macarringue et al., 2022). Data
validation will be carried out using Google Earth Pro Base Map and field surveys, and accuracy
testing will be conducted. Accuracy assessment is an essential step in evaluating classification
performance, often using statistical measures such as confusion matrix and kappa coefficient
to ensure the reliability of classification results ( Cohen, 1968; Aigbokhan et al., 2022;
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Feizizadeh et al., 2022). Accuracy assessment is performed using a contingency matrix or
error matrix, which allows for a more in-depth analysis of classification performance. A
confusion matrix is a matrix table that links classified pixels with data obtained from field
observations or verified maps. According to (Sampurno & Thoriqg, 2016), accuracy testing can
be expressed mathematically using the following equation:

Table 1. Cohen’s Kappa (Inter-Rater Reliability or Agreement Measurement) Suitability

Category
No Kappa’s Value Agreement Classification
1 <0 Less than change agreement
2 0.01-0.20 Slight agreement
3 0.21-0.40 Fair agreement
4 0.41-0.60 Moderate agreement
5 0.61-0.80 Substantial agreement
6 0.81-0.99 Almost perfect agreement

Source: (Cohen, 1968)

Table 2. Confussion Matrix

Classification Classified Into - Class Total

Results A B C D Rows Producer’s
A Xii Xit Xii/Xi+
B
Total N
Kolom Xi.
User's Xii/Xis
Source: (Sampurno & Thorig, 2016)
Mathematically, the above accuracy can be expressed as follows:
User’s accuracy = ;:i b USRI (1)
+i
Producer’s accuracy = ;:i X L0000 vt (2)
i+
Overall accuracy = Z"%MOO% .................................................................................................. (3)
= N X Xii = 3 Xig Xy
Kappa = W D 0L N (4)
Description:
Xii = The value of the contingency matrix row - i and column - i
Xi+ = Number of test classes in row - i
X4 = Number of test classes in column i

Yi Xii = Number of diagonal classes

N = Total number of test classes in the matrix

198



Jurnal Belantara Vol. 9, No.1, March (196-204)

RESEARCH METHOD
o

|

Administrative Map of Krueng Langss Wtarsbed ‘ ‘ ‘ @
., Eastiee

|

|

s &Camera  ArcGIS1082 GPS Device

-&/;z:p

RapidEye Satefiite lmagery DEM Data  SHP iy D

.- —

Ground

ot | By

lhdiumml lma;o ’..- "o/ Points
: ’ﬂ\‘ummh -t J

I Us«"ﬂmxyx%-!m

Pmdueﬂk(wuy.f‘. +100%
Overall Accuracy = L%‘;_.m

NXX =3 X1 X0
L LR V- X110 I
Kappa N-XX X1
Where: X, = The value of tha concingency matrix row + and col-

201
N = Total number of test clasyes in the matrix

Source. Sampumo and Thona (2016}

Figure 2. Research Flow
RESULTS AND DISCUSSION

The Krueng Langsa watershed is part of the Tamiang-Langsa watershed based on Indonesian
Minister of Forestry Decree No. SK.511/Menhut-V/2011 on the Determination of Watersheds,
which spans two districts and one city with an area of 49,735 hectares stretching from East
Aceh, Langsa, to Tamiang. Geographically, the downstream section of this watershed is
located at coordinates 98° 01' 58.8" E to 98° 03' 7.2” E and 4° 32' 38.4“ N to 4° 31' 26.4” N.
Meanwhile, the upper reaches of the watershed are located at 97° 51' 46.8" E to 97° 58' 26.4”
E and 4° 25'8.4“Nto 4° 19' 30” N. The upper part of the Krueng Langsa watershed is in Birem
Bayeun Village and the lower part is in Alur Sentang Manyak Payed Village, Aceh Tamiang
Regency. The RapidEye image map can be seen in Figure 3.
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Figure 3. RapidEye Image of the Krueng Langsa Watershed
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Identification of Land Use Classes

Objects on the earth's surface can be identified using satellite imagery by recognizing them
visually. To distinguish each object more clearly, it is necessary to pay attention to texture,
shape, and their relationship to other objects ( Sampurno & Thoriq, 2016; Macarringue et al.,
2022). Based on the interpretation of RapidEye images in the Krueng Langsa watershed using
maximum likelihood classification, 10 land cover classes were obtained, namely body of water,
wet forests, dry forests, open land, mixed plantations, shrubs, road networks, ponds, rice
fields, and settlements.

Wetland forests are characterized by dark shades of deep green, while dryland forests have
lighter shades of green with diverse vegetation and a rough texture, as well as a layer of large
tree canopies. Open land is characterized by bright reddish-purple shades with a smooth
texture and low vegetation structure. Mixed plantations are characterized by a smooth green
texture with neat and parallel planting patterns. Shrubs are characterized by light green with
a rough texture and irregular planting patterns. Ponds are characterized by a smooth texture
with a dark blue-black color and have a regular plot pattern with a dark hue. Rice fields are
characterized by light to dark colors, smooth textures, homogeneous patterns, and proximity
to water sources and populated areas. Settlements are characterized by a consistent pink
color pattern, a slightly rough texture, and association with road networks. The results of the
interpretation of RapidEye satellite images using the maximum likelihood method in ArcGIS
10.8.2 software in the form of a 2024 land cover map can be seen in Figure 4 below.
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Figure 4. Land Cover Classification Map in the Krueng Langsa Watershed in 2024

The total area of the Krueng Langsa watershed is 49,735.00 ha, with the area of each land
cover shown in Table 3.
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Table 3. Percentage of Land Cover in the Krueng Langsa Watershed

Land Cover Area (Ha) % Total
Water Bodies 2275,22 4.57%
Wetland Forests 7587,49 15,26%
Dryland Forests 18903,08 38,01%
Road Networks 1565,08 3,15%
Open Land 396,17 0,80%
Mixed Plantations 6375,89 12,82%
Settlements 2682,91 5,39%
Rice Fields 3689,0 7,42%
Scrubland 1500,73 3,02%
Fish Ponds 4759,13 9,57%
Total 49.735,00 100 %

Source: Primary Data (2024)

The table above shows land cover in the Krueng Langsa watershed with a total of 49,735
hectares (Ha) having varying percentages of area. The highest percentage is in the dry forest
land cover class with 38.01%, while the lowest percentage is in the open land class with
0.80%.

Accuracy Test Results (Confusion Matrix)

This accuracy test must be conducted before proceeding to a more in-depth analysis of the
method. The accuracy test is carried out using a confusion matrix to calculate the accuracy
rate of the classification results. Sampling for this accuracy test is conducted using the
Stratified Random Sampling method, which is a random or heterogeneous sampling method.
This study tests accuracy using independent data sources, where the samples for the
accuracy test are different from the samples used in the classification training area.

The Stratified Random Sampling method is run on ArcGIS software using 46 samples. The
results of these observations are then entered into the confusion matrix table to facilitate the
accuracy test calculation process in classification. The error matrix in this study is presented
in Table 4.

Table 4. Ground Check Data Confusion Matrix

Classification Ground Check
results HLK PC SWH SMK LT PKN HLB JLN BA TBK

HLK 5 1
PC 5
SWH 5
SMK 2 1

LT 2
PKN 7
HLB 5
JLN 2
BA 3
TBK 5

Total Kolom 4 7 5 3 3 7 5 5 3 5 H
Producer 100% | 100% | 100% | 67% | 67% | 100% | 100% | 40% | 100% | 100%

Overall o
accuracy 89%

Kappa 88%
accuracy

Source: Primary Data (2024)

Total Users
Rows Accuracy
83%
100%
100%
67%
67%
78%
100%
100%
100%
100%

]

N[—

QW|IN|O|O(W|w|lg|O;

Description:

HLK : Dry Land Forest PKN : Settlements

PC : Mixed Plantation HLB : Wet Land Forest
SMK : Shrubs JLN : Roads

SWH : Rice Fields BA : Water Bodies
LT : Open Land TBK : Fish Ponds
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Table 4 shows the results of Maximum Likelihood classification for ten land use classes in the
Krueng Langsa watershed, with an overall accuracy of 89% and an accuracy error of 11%.
This overall accuracy value is used to calculate kappa accuracy. In this study, the kappa
accuracy value of land use classification using the Maximum Likelihood method reached 0.88
(88%), indicating a high level of agreement between classified results and reference data.
According to (Cohen, 1968), a kappa value within the range of 0.81-0.99 is categorized as
almost perfect agreement, suggesting that the classification results are highly reliable.

The accuracy level in this study has met the requirement of >81%, which is considered
acceptable for satellite image use. The high accuracy obtained in this study indicates that the
Maximum Likelihood Classification (MLC) method remains effective for land cover mapping,
particularly when supported by appropriate preprocessing and representative training
samples. Research by (Aigbokhan et al., 2022) also used MLC for land cover analysis and
assessed accuracy using the Principal Component Analysis approach. The researchers found
that MLC showed good analytical depth for identifying land cover types from Landsat image
data, demonstrating significant benefits in assessing classification accuracy for environmental
monitoring purposes. In the research by (Mishra et al., 2020), the Maximum Likelihood method
was also used to detect changes in land use and land cover in Sikkim Himalaya, India. The
data generated can ultimately be used to help identify limited resources and identify important
environmental areas that can be designated as priority zones for conservation or restoration.

However, when compared with more recent approaches, several studies have highlighted the
emergence of machine learning and deep learning methods, such as Random Forest and
Convolutional Neural Networks (CNN), which often produce higher classification accuracy and
better generalization performance, particularly in complex landscapes (Digra et al., 2022;
Marlina, 2022; Radhinal et al., 2025). For instance, Random Forest-based classification has
been shown to improve classification robustness by handling non-linear relationships and
reducing classification errors in heterogeneous land cover conditions (Amini et al., 2022). This
indicates that although MLC is still widely used due to its simplicity and statistical foundation,
it may be less adaptive compared to newer algorithms in handling highly complex spectral
variations.

Despite these advancements, the results of this study demonstrate that MLC remains a
relevant and practical method, especially in regions where data availability, computational
resources, and methodological simplicity are important considerations. The achieved
accuracy (89%) is comparable to or within the acceptable range reported in other LULC
studies using conventional classification methods ( Tadese et al., 2020; Al-Taei et al., 2023).
This suggests that, when properly implemented, traditional classification approaches can still
provide reliable outputs for watershed-scale analysis.

From a research gap perspective, many previous studies have focused on improving
classification accuracy through advanced algorithms, particularly machine learning and deep
learning approaches (Digra et al., 2022; Wang et al., 2023; Faradilla, 2025). However, fewer
studies have emphasized the applicability of conventional methods such as Maximum
Likelihood Classification (MLC) in specific local contexts, particularly in tropical watershed
environments, where data characteristics and landscape heterogeneity may differ significantly
( Tadese et al., 2020; Macarringue et al., 2022). Therefore, this study highlights the continued
relevance of MLC in providing reliable classification results within such localized
environmental settings.

In addition, the use of confusion matrix and kappa coefficient in this study aligns with standard
practices in remote sensing accuracy assessment (Feizizadeh et al., 2022; Li et al., 2023),
ensuring that the evaluation is not only based on overall accuracy but also considers
agreement beyond chance. This strengthens the validity of the classification results and
supports their use for further environmental analysis, such as land use planning and
watershed management.
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CONCLUSION and RECOMMENDATION

Based on the results of the research analysis and discussion, it can be concluded that the
land cover classification results in the Krueng Langsa Watershed on Rapid Eye 2024 imagery
using the Maximum Likelihood Classification method obtained an accuracy test value of 89%
and a kappa accuracy value of 88%. Based on the classification accuracy obtained, the
interpretation of Rapid Eye images using the Maximum Likelihood classification method is
very good for land cover identification. It is recommended to conduct further research using
higher resolution images so that class classification can be performed in greater detail. In
addition, other methods need to be applied as comparators to evaluate the accuracy test
results of the classification method used.
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