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Abstract— Kayu Agung District in Ogan Komering Ilir (OKI) Regency, South Sumatra, has undergone rapid
population growth, resulting in notable land-use transformations. This study examines land-use change
dynamics from 2019 to 2023 and identifies their spatial distribution using satellite imagery. Satellite imagery
classification was performed using three machine learning algorithms—K-Nearest Neighbors (KNN), Naive
Bayes, and Logistic Regression—with KNN achieving the highest accuracy. Spatial analysis employing the
Variance-to-Mean Ratio (VMR) revealed that land-use changes are spatially clustered, indicating concentrated
land conversion in specific areas. These findings emphasize potential environmental risks, including declining
green open spaces and increasing urban pressure. The study contributes by integrating machine learning and
spatial statistical analysis (VMR) as a comprehensive framework for understanding land-use conversion,
providing scientific insights to support adaptive spatial planning and the achievement of Sustainable
Development Goal (SDG) 11: Sustainable Cities and Communities.

Keywords: land use change, machine learning, Sustainable Development Goals (SDGs), Variance Mean Ratio

(VMR),

Intisari— Kecamatan Kayu Agung di Kabupaten Ogan Komering llir (OKI), Sumatera Selatan, mengalami
pertumbuhan penduduk yang pesat sehingga mendorong terjadinya perubahan penggunaan lahan yang
signifikan. Penelitian ini bertujuan untuk menganalisis dinamika perubahan penggunaan lahan selama
periode 2019-2023 serta mengidentifikasi pola persebaran spasialnya menggunakan citra satelit. Klasifikasi
citra satelit dilakukan dengan tiga algoritma machine learning, yaitu K-Nearest Neighbors (KNN), Naive
Bayes, dan Regresi Logistik, di mana metode KNN menunjukkan akurasi tertinggi. Analisis spasial
menggunakan Variance-to-Mean Ratio (VMR) menunjukkan bahwa perubahan penggunaan lahan bersifat
spatially clustered, yang berarti konversi lahan terkonsentrasi di area tertentu. Temuan ini menegaskan
adanya potensi risiko lingkungan, seperti berkurangnya ruang terbuka hijau dan meningkatnya tekanan
perkotaan. Penelitian ini berkontribusi melalui integrasi metode machine learning dan analisis spasial (VMR)
sebagai pendekatan komprehensif untuk memahami dinamika konversi lahan, serta memberikan dasarilmiah
bagi perencanaan tata ruang adaptif guna mendukung pencapaian Tujuan Pembangunan Berkelanjutan
(SDG) 11: Kota dan Permukiman yang Berkelanjutan.

Kata Kunci: Perubahan penggunaan lahan, pembelajaran mesin, Variance Mean Ratio (VMR), Pembangunan
Berkelanjutan (SDGs),
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INTRODUCTION

Ogan Komering Ilir (OKI) Regency is one of
the administrative regions in South Sumatra
Province, covering an area of 17,025.87 km?. The
regency is subdivided into 18 districts, 314 villages,
and 13 sub-districts, with Kayu Agung serving as its
capital. According to data from Statistics Indonesia
(BPS) in 2024, the population of OKI Regency
reached 807,09 inhabitants, with a population
growth rate of 1.82% [1]. The dynamics of
population growth indicate an increasing trend that
requires further in-depth examination. Therefore, a
comprehensive analysis is essential to better
understand the demographic development in OKI
Regency [2].

Kayu Agung District is one of the most
densely populated areas in Ogan Komering Ilir
Regency. Data from Statistics Indonesia (BPS) show
an increase in population in this district from
75,976 people in 2020 to 76,939 in 2021, and
further to 77,970 in 2022 [3]. This population
growth has directly contributed to the rising
demand for land for housing, public facilities, and
infrastructure. Consequently, land-use conversion
has occurred, particularly the transformation of
agricultural land and green open spaces into
residential and commercial areas.

Land-use change not only influences spatial
planning but also produces substantial ecological
and social consequences. Proper management is
therefore essential to maintain environmental
sustainability while enhancing community well-
being. Conceptually, land use represents human
intervention on the Earth’s surface, reflecting
dynamic interactions between socio-economic
activities and environmental conditions. Although
related to land-cover change, which describes the
physical alteration of the Earth’s surface, land-use
change in this study specifically refers to the
transformation of land functions driven by human
activities [4]. Population growth is among the main
drivers of such transformations, as the increasing
demand for space inevitably leads to spatial
conversion for residential, commercial, and
infrastructural purposes [5]. Consequently,
examining the dynamics of land-use change is
fundamental to formulating effective regional
planning and sustainable development strategies.

Several previous studies have highlighted
issues related to land-use change in various regions.
Hakim et al. (2021) modeled the prediction of land-
use change in Makassar City using the Multi-Layer
Perceptron Neural Network (MLPNN) combined
with a Markov chain, revealing that built-up areas
are projected to dominate approximately 80% of
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the total area by 2031 [6]. Achmad et al. (2024)
investigated land-cover transformation in Central
Aceh and projected a decline in carbon stocks by
2039 as a result of forest conversion [7]. Sari et al
(2021). evaluated the accuracy of land-cover change
maps through automated digital processing and
visual interpretation, and identified challenges in
distinguishing between natural forests and
plantation forests[8].

Another study by Kelly-Fair et al. (2022)
linked land-cover change to the achievement of the
Sustainable Development Goals (SDGs) in
Semarang, demonstrating that urbanization and
conversion into rubber plantations can trigger
conflicts among different SDGs [9]. Meanwhile,
Basheer et al. (2022) compared the performance of
several classification algorithms—such as SVM,
Random Forest, and CART—in mapping land-
use/land-cover (LULC) change using Landsat,
Sentinel, and Planet imagery, emphasizing the
relevance of these methods in improving land-
change detection accuracy [10]. Similarly, Venter et
al. (2022) compared three high-resolution global
LULC datasets (Dynamic World, World Cover, and
Esri Land Cover) and concluded that selecting an
appropriate dataset should be aligned with the
spatial context and research objectives [11].

While these studies highlight urbanization,
carbon loss, and classification performance in other
regions, limited research has focused on the spatial
clustering of land-use change in Ogan Komering Ilir
(OKI) Regency, particularly in Kayu Agung District.
The present study addresses this gap by analyzing
the spatial and temporal dynamics of land-use
change in Kayu Agung from 2019 to 2023.
Methodologically, this research integrates machine-
learning-based classification (K-Nearest Neighbors,
Naive Bayes, and Logistic Regression) with the
Quadrant Method implemented through the
Variance-to-Mean Ratio (VMR) to identify spatial
clustering patterns. This integrated framework not
only facilitates the detection of land-use change
intensity and direction but also enhances
understanding of its spatial distribution
characteristics.

Overall, this study contributes by combining
machine learning and spatial statistical analysis into
a comprehensive framework for examining land-
use change dynamics. The findings are expected to
support sustainable spatial planning and policy
formulation in alignment with the Sustainable
Development Goal (SDG) 11: Sustainable Cities and
Communities.
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MATERIALS AND METHODS
A. Data and Sources of Information

The data used in this study consist of
Sentinel-2A satellite imagery covering the Kayu
Agung District for the period 2019-2023. The
imagery was obtained through the Google Earth
Engine platform. The dataset is in raster format with
a spatial resolution of 10 meters, meaning that each
pixel represents a real-world area of 10 x 10 meters
[12]. Subsequent digitization was carried out using
the Quantum Geographic Information System
(QGIS) software. Digitization refers to the process of
converting information from analog or image form
into digital data that can be processed by a
computer [13]. In this stage, polygons were created
torepresent the Kayu Agung District area. The study
was limited to the Kayu Agung sub-district to
explore local land-use patterns in detail, but this
spatial scope may limit the generalization of the
results. The digitization process was categorized
into two main classes, namely vegetation (V) and
non-vegetation (NV). For each polygon, 10 random
points were generated. These points were then
assigned attributes that included location
information, coordinates (longitude and latitude),
and the designated class (0 = vegetation (V), 1 =
non-vegetation (NV)).

B. Materials and Methods

The dataset, once obtained and
preprocessed, was subsequently split using the
hold-out method [14]. In this approach, the dataset
was divided into two subsets: training data and
testing data. Three partitioning schemes were
applied, namely 90%:10%, 85%:15%, and
80%:20%. The overall research workflow is
illustrated in Figure 1.

The training data from each partition were
classified using three machine learning methods: k-
Nearest Neighbors (Knn), Naive Bayes (NB), and
Logistic Regression (LR). The Knn method operates
by comparing new data with previously observed
instances. The principle of Knn is straightforward: it
identifies a specified number of k nearest neighbors
of a new data point based on a chosen distance
metric [15], [16]. This distance is used to measure
the similarity between the new instance and the
training data. Once the distances between the new
data point and all training samples are calculated,
Knn selects the k closest instances as references and
assigns the class of the new data point according to
the majority class among these nearest neighbors.

v

he acquisition of Sentinal-2A
imagery data (2013-2023).

i | 80%, 85%., and 90% for
, training data

v
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Figure 1. Research Methodology Flowchart
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Naive Bayes (NB) is a classification method
based on the concept of probability. It operates by
estimating the likelihood that a new data point
belongs to a particular class, using the frequency
patterns and value combinations of the training
data [17]. For example, if there are two classes, m =
1 and m = 0, NB calculates the posterior
probability—that is, the probability that a data
point with characteristics x belongs to class m. This
posterior probability is generally expressed as
shown in Equation (1).

Pm = P(Y = m|x)
_ P(x|Y =m)P(Y =m) (1)

P(x)

The probability of an instance x occurring
within a particular class Y = m, denoted as
P(x|Y = m), is calculated by multiplying the
conditional probabilities of each predictor variable.
This is possible because NB relies on the
fundamental assumption that all predictor variables
are mutually independent. Based on this
assumption, the general form of P(x | Y = m) can
be expressed as presented in Equation (2).

p
P(x|Y = m) = HP(xilY

=m)

In the Naive Bayes method, the data to be predicted
are represented as a predictor vector x =
(x1,%3, ..., X), where p denotes the number of
predictor variables used in the model. Once the
posterior probabilities for each class (p,,) are
calculated, the next step is to determine the final
class by comparing these probability values. A new
data point is then classified into the class with the
highest probability [15], [16]. Subsequently,
Logistic Regression (LR) was employed because its
regression coefficients can be directly interpreted
as the influence of predictor variables on the
likelihood of a data point belonging to a specific
category [18]. LR links the predictor variables
Xy, X,, ..., X,with the response variable Y, which
consists of two classes (0 and 1). This relationship
is formulated as shown in Equation (3) [19].

m; = P(Y = 1|x)
exp (25;1 BiXij) (3)

N 1+ exp( ?zl,Binj)
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. ;
= IOglt(T[i) = lOg (ﬁ)
— i

p
= Zﬂj Xij
=1

Here, ,Bj represents the parameter value (model
coefficient) for the jt" variable, with j = 1,2,...,p,
where p denotes the number of predictor variables.
Classification is performed by comparing the
probability value ir; against a threshold 8. If T; > 6,
the data point is classified into class 1; otherwise, if
m; < 0, it is assigned to class 0. Although this
threshold can be flexibly chosen between 0 and 1,
the commonly used value is 0.5 [20].

To ensure consistency of the results, each
classification method was executed 100 times by
randomly resampling the training and testing data
in each partitioning scenario. For the Knn method,
simulations were conducted using three variations
of the number of nearest neighbors, namely k =
3,5, and 7. In total, 1,500 iterations were
performed, consisting of 900 iterations from the
Knn method and 600 iterations from LR and NB.
Upon completion of the repetitions, the next step
was to evaluate the performance of each method.

he initial stage of this evaluation involved
onstructing a confusion matrix. An illustration of
the confusion matrix is presented in Table 1 [21],
[22].

Table 1. Confusion matrix
Positive Prediction  Negative Prediction
True Positive (TP)  False Negative (FN)

Actual Positive

(P

Actual Positive

(N)

False Positive (FP)  True Negative (TN)

Source : (Research results, 2025)

Based on Table 1, True Positive (TP) refers to the
condition in which positive data are correctly
identified as positive, while False Positive (FP)
occurs when negative data are incorrectly classified
as positive. False Negative (FN) arises when positive
data are misclassified as negative, and True
Negative (TN) represents the condition in which
negative data are correctly identified as negative.
Thus, TP and TN indicate correct predictions,
whereas FP and FN represent misclassifications.

The performance of the models was
evaluated using several classification metrics,
including accuracy, precision, recall, F1-score,
specificity, Area Under the Curve (AUC), error rate,
and Matthews Correlation Coefficient (MCC). The
formulas for each metric are presented in Equations
(4)to (11) [23], [24].
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TP+TN
Accuracy = (4)
TP+TN+FP+FN
Precision = (5)

TP+FP
Sensitivity = 6
y TP+FN ©)
2-Precision-Recall
F1-Score = — (7)
Precision+Recall
Specificity = ™ 8
p Y = IN+FP (8)

AUC = [ TPR (FPR'(x))dx ()
Error Rate = 1 - Accuracy
MCC =

(10)

TP-TN—FP-FN
J(TP+FP)(TP+FN)(TN+FP)(TN+FN)

(11)

Values closer to 1 in the metrics of accuracy,
precision, recall, Fl-score, specificity, and AUC
indicate better model performance, as 1 represents
perfect classification. In contrast, values closer to 0
in the error rate metric are preferable, since 0
indicates no misclassifications. Regarding MCC, a
value of 1 denotes perfect prediction, a value of 0
indicates performance equivalent to random
guessing, and a value of -1 reflects that all
predictions are incorrect. Overall, high values
(approaching 1) across most metrics signify good
model performance, whereas low values
(approaching 0, or negative in the case of MCC)
indicate poor performance.

Once the evaluation metrics were obtained
from all iterations, the next step was to calculate the
average classification accuracy. The comparison of
these average values served as the basis for
identifying the most suitable classification method
to analyze the dynamics of land-use change in the
study area. Subsequently, the raster data were
converted into sample points using Rstudio
software, and the results were stored in CSV format.
This dataset was then used as the foundation for the
classification process and land-use change analysis.

The subsequent step involved land-cover
prediction. Predictions for the 2019-2023 period
were carried out using the best classification
method identified from the previous evaluation
stage. This prediction process integrated two data
sources, namely Sentinel-2A imagery and the
digitized dataset. Land-cover change analysis was
then conducted by comparing the conditions in
2019 and 2023. The analysis focused on two main
types of change: (1) Vegetation (V) to Non-
vegetation (NV), representing the conversion of
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green areas into built-up or non-green areas, and
(2) Non-vegetation to Vegetation, reflecting the
reconversion of non-green areas back into
vegetated land. The results of this analysis provide
insights into the dynamics of land-use conversion in
Kayu Agung District during the study period.

The classification results were subsequently
followed by the identification of spatial distribution
patterns using the Quadrant Method [25]. The
Quadrant Method is a planar approach in which the
study area is divided into grids of equal-sized cells,
referred to as quadrants, with the number of points
in each cell being random. These quadrants are
generally  square-shaped. @~ The  underlying
hypothesis aims to determine whether the points
are distributed in a regular, clustered, random, or
non-random pattern [26]. The purpose of this
method is to analyze the distribution of points in
space in order to identify the tendency of their
spatial patterns. In principle, there are three
possible types of spatial point distribution: (1)
random pattern, in which points are scattered
without any specific order; (2) regular spatial
pattern, in which points are relatively evenly spaced
from one another; and (3) clustered spatial pattern,
in which points are concentrated in specific groups
within certain areas. By applying the Quadrant
Method, the distribution of points obtained from
classification and digitization can be analyzed,
allowing the spatial patterns of land-use change in
Kayu Agung District to be more clearly identified.
The identification of point distributions using the
Quadrant Method can be based on the values of VMR
and x2 The calculation of VMR is formulated in
Equation (12) [27].

2
VMR = —
, X (12)
§2 = Yo (i—%)" N
(m-1) '’ m

m denote the number of cells, N the total number of
points, x; the number of points in the i cell, X the
average number of points per cell, and s? the
variance of the number of points per cell. The
interpretation criteria for the Variance-to-Mean
Ratio (VMR) can be described as follows: (1) VMR =
0 indicates a uniform or systematic distribution of
points, (2) VMR =1 indicates a random distribution,
and (3) VMR > 1 indicates a clustered distribution
[28]. Although relatively simple, the VMR offers a
practical and efficient means of identifying general
spatial distribution tendencies. It enables rapid
detection of whether a spatial phenomenon exhibits
randomness, regularity, or clustering, without the
need for complex spatial weight matrices or
intensive computation. Consequently, VMR serves
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as an effective preliminary diagnostic tool for
spatial pattern analysis. The determination of
spatial distribution patterns can also be statistically
tested using the chi-square (y?) approach, as
formulated in Equation (13) [29].

¥?=(m—-1)x VMR (13)

In testing spatial distribution patterns using the chi-
square approach, the null hypothesis (H,) states
that the distribution of points is random or follows
a Poisson distribution. The y? test statistic follows a
chi-square distribution with degrees of freedom
equal to n—1, where n denotes the number of
observation units. The calculated y? value is then
compared with the critical values of the chi-square
distribution at a specified significance level, for
example a = 0.05. If the calculated y? is smaller
than the lower critical value, the distribution
pattern is classified as uniform. If the calculated y?
lies between the lower and upper critical values, the
distribution is considered random. Conversely, if
the calculated y? exceeds the upper critical value,
the point distribution pattern is identified as
clustered [30].

RESULTS AND DISCUSSION
A. Spatial Classification Results

As in the research methodology, the first
stage involved data preprocessing, which began
with downloading satellite imagery, digitization,
and the compilation of satellite data with the
digitization results. The downloaded Sentinel-2ZA
imagery, particularly the red and near-infrared
bands, was combined with the digitization output.
An illustration of the integration between the
digitized data and the satellite imagery is presented
in Table 2.

Table 2. Data Illustration

UTM

y Class B4 B8
Zone
48S 480768 9631319 0 0.072 0.180
48S 480797 9631325 0 0.056 0.144
48S 480815 9631315 0 0.066 0.316
48S 480554 9631244 1 0.074 0.144
48S 480562 9631243 1 0.073 0.188
48S 480553 9631253 1 0.114 0.209

Source : (Research results, 2025)

Table 2 presents an illustration of the extracted data
from Sentinel-2A satellite imagery in the study area,
using the UTM coordinate system, zone 48S. Each
row represents a sample point identified by its
coordinates (x, y) and classified into two categories:
class 0 for vegetation and class 1 for non-vegetation.
In addition to positional and class information, the
table also includes reflectance values from two key
Sentinel-2A bands, namely Band 4 (Red) and Band 8
(Near Infrared/NIR). These two bands play an
essential role in distinguishing vegetation from non-
vegetation, as healthy vegetation typically exhibits
low reflectance in the red band but high reflectance
in the NIR band. For instance, the point with
coordinates (480768, 9631319), classified as
vegetation, shows a reflectance value of 0.072 (B4)
and 0.180 (B8), whereas the point with coordinates
(480553, 9631253), classified as non-vegetation,
records values of 0.114 (B4) and 0.209 (B8).

In this stage, 1,530 random points were
generated from the digitization process. These
points were then subjected to data splitting with
training and testing proportions of 80%:20%,
85%:15%, and 90%:10%. The training datasets
from each split were analyzed using machine
learning methods. The applied models included: (1)
KNN with k = 3, 5, and 7; (2) Naive Bayes (NB); and
(3) Logistic Regression (LR). Each model and
partitioning scheme was repeated 100 times. The
evaluation results (both training and testing) for all
repetitions are presented in Tables 3 and 4.

Table 3. Evaluation Results on Training Data

Error

No Method Proportion  Accuracy Precision Recall F1-Score Specificity AUC Rate MCC

1 kNN (k=3)  80%:20% 0.969 0.975 0.963 0.969 0.975 0.969 0.031 0.938

2 0.966 0.971 0.958 0.964 0.973 0.965 0.034 0.931
100 0.968 0.980 0.956 0.968 0.981 0.968 0.032 0.937
101 85%:15% 0.971 0.977 0.965 0.971 0.977 0.971 0.029 0.942
200 0.970 0.976 0.963 0.970 0.977 0.970 0.030 0.940
201 90%:10% 0.971 0.975 0.967 0.971 0.975 0.971 0.030 0.941
300 0.969 0.978 0.959 0.969 0.978 0.969 0.031 0.938
301 kNN (k=5) 80%:20% 0.962 0.967 0.958 0.963 0.967 0.962 0.038 0.925
600 90%:10% 0.970 0.972 0.967 0.970 0.972 0.970 0.031 0.937
601 kNN (k=7)  80%:20% 0.960 0.979 0.944 0.961 0.978 0.960 0.040 0.921
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No Method Proportion  Accuracy Precision Recall F1-Score Specificity AUC E{;&r MCC
900 90%:10% 0.964 0.979 0.950 0.964 0.980 0.965 0.036 0.929
901 NB 80%:20% 0.935 0.933 0.933 0.933 0.936 0.935 0.065 0.869
1200 90%:10% 0.925 0.928 0.918 0.923 0.932 0.925 0.075 0.850
1201 LR 80%:20% 0.945 0.948 0.940 0.944 0.950 0.945 0.055 0.891
1500 90%:10% 0.942 0.948 0.934 0.941 0.950 0.942 0.058 0.884
Source : (Research results, 2025)

Table 4. Evaluation Results (on Testing Data)
. . F1- e Error
No Method Proportion Accuracy Precision Recall Score Specificity AUC Rate MCC
1 kNN (k=3) 80%:20% 0.967 0.972 0.959 0.966 0.975 0.967 0.033 0.935
2 0.967 0.964 0.976 0.970 0.957 0.967 0.033 0.934
100 0.958 0.981 0.939 0.959 0.979 0.959 0.043 0.916
101 85%:15% 0.948 0.937 0.954 0.946 0.942 0.948 0.052 0.896
102 0.965 0.974 0.957 0.965 0.974 0.965 0.035 0.931

200 0.944 0.939 0.947 0.943 0.940 0.944 0.057 0.887

201 90%:10% 0.954 0.971 0.932 0.951 0.975 0.953 0.046 0.909

300 0.961 1.000 0.926 0.962 1.000 0.963 0.039 0.925

301 80%:20% 0.948 0.934 0.948 0.941 0.948 0.946 0.052 0.894

: kNN (k=5) : : : : : : : : :
600 90%:10% 0.941 0.969 0.899 0.932 0.976 0.945 0.059 0.916
601 80%:20% 0.951 0.947 0.940 0.944 0.959 0.951 0.049 0.900

: kNN (k=7) : : : : : : : : :
900 90%:10% 0.941 0.961 0.924 0.942 0.960 0.941 0.059 0.883
901 80%:20% 0.892 0.913 0.872 0.892 0.913 0.893 0.108 0.785

: NB : : : : : : : : :

1200 90%:10% 0.928 0.941 0.929 0.935 0.927 0.928 0.072 0.855

1201 LR 80%:20% 0.935 0.949 0.925 0.937 0.945 0.934 0.065 0.870

1500 90%:10% 0.961 0.963 0.963 0.963 0.959 0.961 0.039 0.921

Source : (Research results, 2025)

From the classification results, the average valuesof = method. As an illustration, the mean values for the
the evaluation metrics were calculated for each testing data are presented in Table 5

Table 5. Average Evaluation Metrics on Testing Data
80% : 20% 85%:15% 90% : 10%

KNN kNN kNN N L kNN kNN kNN N L kNN kNN kNN N L

(k=3) (k=5) (k=7) B R (k=3) (k=5) (k=7) B R  (k=3) (k=5 (k=7) B R
Accur 096 095 095 0. 0. 096 095 095 0. 0. 096 096 096 0. 0.
acy 92 95 92 95 93 95
Precis 096 096 096 0. 0. 096 096 096 0. 0. 096 096 096 0. O.
ion 93 95 92 95 93 95

095 094 094 0. 0. 095 095 095 0. 0. 096 095 095 0. O.
Recall 91 94 92 94 92 94
F1- 096 095 095 0. 0. 09 095 095 0. 0. 096 095 095 0. O
Score 92 94 92 94 92 94
Specif 096 096 096 0. 0. 09 096 096 0. 0. 096 096 096 0. 0.
icity 93 95 93 95 93 95

096 095 095 0. 0. 09 095 095 0. 0. 096 096 096 0. 0.
AUC 92 95 92 95 93 95
Error 004 005 005 0. 0. 004 005 005 0 0 004 005 005 0. O.
Rate 10 06 08 05 07 05

091 090 091 0. 0 092 091 091 0. 0 092 091 091 0. O
MCC 84 89 84 89 85 89

Source : (Research results, 2025)
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This method achieved evaluation scores with
accuracy, precision, recall, and specificity of 96%,
which falls into the category of very good
performance, while the error rate was 4% and the
MCC reached 92%. After identifying the best-
performing model, classification was applied to the
entire land cover of Kayu Agung District for the
2019-2023 period. The predicted land-cover
changes were then visualized in raster format to
facilitate spatial interpretation. As an illustration,
the classification result of land cover in 2023 is
presented in Figure 2.

Source : (Research results, 2025)
Figure 2. Land-Cover Classification Result in 2023

In Figure 2, the green color represents the
vegetation class, while red represents the non-
vegetation class. In this study, the vegetation class
includes areas of rice fields, plantations, forests, and
planted green trees, whereas the non-vegetation
class covers residential areas, open land, and roads.
Figure 3 provides an illustration of the classification
output to facilitate the interpretation of the results.

Source : (Research results, 2025)
Figure 3. [llustration of Classification.

Similar to the previous explanation, Figure 3
clarifies the classification results, with green
representing  vegetation objects and red
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representing non-vegetation objects. Furthermore,
the classified outputs for each year were used to
calculate the area of land-cover change between
classes. The results of the land-cover change area
calculations from 2019 to 2023 are presented in
Table 6.

Table 6. Predicted Land-Cover Area

Year Vegetation (m?) Non-Vegetation (m?)
2019 195677000 28856100
2020 198475800 26057300
2021 202914400 21618700
2022 203552400 20980700
2023 191368000 33165100

Source : (Research results, 2025)

Quantitatively, the results presented in Table
6 indicate that the vegetated area decreased by
approximately 4.31 million m? (x 430.9 ha)
between 2019 and 2023, corresponding to a 1.9-
percentage-point reduction in the total land-cover
proportion (from 87.15 % to 85.23 %). Conversely,
non-vegetated areas expanded by the same
magnitude, reflecting a consistent trend of urban
expansion and the decline of green open spaces.
This netloss of vegetation—averaging about 107 ha
per year—suggests increasing ecological pressure
and a potential reduction in ecosystem functions
such as micro-climate regulation, surface-runoff
control, and habitat provision. If this linear trend
continues, an additional 5.39 million m? (~ 539 ha)
of vegetated land could disappear over the next five
years, underscoring the urgency of implementing
adaptive land-use and environmental management
strategies. As an illustration, evidence of land-cover
change—both from vegetation to non-vegetation
and from non-vegetation to vegetation—can be
observed in the calculated areas of change
presented in Visualization 4.

2023

MadrasahjTsanawiyah
Darussalam
J e

(b)
Source : (Research results, 2025)
Figure 4. Land-Cover Change: (a) Vegetation to
Non-Vegetation, (b) Non-Vegetation to Vegetation
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Figure 4(a) illustrates land-use change from
vegetation to non-vegetation. An area that was
previously green (as shown using the Bing base
map) was converted into a residential zone. In
contrast, Figure 4(b) depicts land-use change from
non-vegetation to vegetation. An area that was
formerly occupied by the MTS Darussalam building
(visible in the Google Satellite base map) was
transformed into a yard or green area (vegetation),
as displayed in Google Maps. These changes provide
concrete evidence of the dynamic nature of land-
cover transformations in the study area.

B. Identification of Spatial Patterns of Land-
Cover Change

Based on the classification results for 2019
and 2023, the spatial distribution patterns of land-
cover change over this interval were identified.
Figure 5 presents the changes from vegetation (V)
to non-vegetation (NV) and vice versa. Figure 5
visualizes the areas of change between 2019 and
2023. Yellow indicates regions with no change
(areas classified as vegetation in 2019 that
remained vegetation in 2023, and likewise for non-
vegetation). Purple represents land-cover change
from vegetation to non-vegetation, while blue
indicates the reverse, namely change from non-
vegetation to vegetation. The distribution of land-
cover change in areas that experienced transitions
(purple and blue) was then analyzed using the
Quadrant Method.

e

ek 5

Figure 5. Land-Cover Change from 2019 to 2023

In this method, changes from vegetation to non-
vegetation and vice versa were examined
separately. The initial step involved converting the
raster-based areas into point data, after which the
VMR value was calculated using Equation (12). As
an illustration, Figure 6 presents the grid used for
identifying point distributions in the context of
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vegetation-to-non-vegetation (and vice versa)
changes.

Sl T —

T M T -~
frig] 1932 peat s foon] 10| %2 uoo g6t |
) )

/7188|1077 | 10585 | 9404 | 2625 (5706 2769 | 6548 | 1429 | 31820
\ —_—
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/7826 8915 | 12231 4723 J /9916 17746 | 13165 | 817 @J
{ 56 _
) 48
\3552 11722 | 10325 [0 15375 23898 | 3599 %
a7
Lo { 200d733 L
1883925 40, 203

1863925~ N

(a) (b)

Source : (Research results, 2025)
Figure 6. [llustration of the Number of Points in
Each Grid: (a) Vegetation to Non-Vegetation, (b)
Non-Vegetation to Vegetation

Figure 6 illustrates the number of grids (m)
for each type of land-cover change, with a total of 6
x 4 = 24 grids. The value in each grid indicates the
number of points that experienced change within
that grid. Based on this illustration, the VMR values
are presented in Equations (13) and (14).

I (D)
VMR, .y = & = =0
v-nv X X
(2336 — 7646.26)2 + - + (2002 — 7646.26)>
B 24-1)
- 7647.26
= 8383.277
m N2
VMR =< Zi:(ﬁ:)
nv-v — £ - z
(2441 — 5593.13)2 + - + (436 — 5593.13)?2
_ 24-1)
- 5593.13
= 3679.898

Equation (13) represents the VMR value of
point distributions from vegetation-to-non-
vegetation changes, whereas Equation (14)
represents the change from non-vegetation to
vegetation, with a total of 24 grids. Since the VMR
value varies with the number of grids, calculations
were performed using different grid combinations.
In this study, a range of grid sizes, from smaller to
larger, was applied. The results of the VMR
calculations and their statistical tests from these
combinations are presented in Table 7.

Table 7. VMR Values and Test Statistics with
Combined Grid Sizes

Point Test Critic

No Distributi m VMR Statistic al
on s Value
1 Vke NV 4 1611172. 197(;31.4— 781
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Point Test Critic
No Distributi  m VMR Statistic al
on s Value
2 6 20719. 55044.1
24 7 11.07
Source : : :
(Resear
ch
results,
2025)
99 90 5083.4 282091. 112.0
7 80 2
100 10  4583.2 282330 123.2
0 0 30 3
101 NV ke V 4 8332.4  12532.0
4 8 7.81
102 6 6297.0 15736.9 11.07
9 1
199 90 1597.2  78458.5 112.0
8 0 2
200 10 1212.4 66474.1 123.2
0 6 6 3

Source : (Research results, 2025)

When visualized, the calculated VMR values
based on Table 7 are presented in Figure 7. Based
on Table 7, the VMR values for both vegetation-to-
non-vegetation and non-vegetation-to-vegetation
changes, obtained from different grid combinations,
are substantially greater than the threshold,
indicating that the points are clustered (VMR > 1).
Similar results are observed for the y? test statistic,
which is greater than its critical value (x? table).
This finding is further reinforced by the
visualization in Figure 7. In Figure 7, the X-axis
represents the grid combinations (ranging from 2 to
100), while the Y-axis indicates the corresponding
VMR values. The red dots show the calculated VMR
values, whereas the linear line represents the
relationship between the number of grids and the
VMR values. Taken together, Table 7 and Figure 7
demonstrate that regardless of the grid
combinations applied, the conclusion remains
consistent: the distribution of points (both from V
to NV and vice versa) exhibits a clustered pattern.

20000
15000
10000

5000
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Source : (Research results, 2025)
Figure 7. VMR Values: (a) Vegetation to Non-
Vegetation, (b) Non-Vegetation to Vegetation

The analysis results indicate that land
conversion from vegetation to non-vegetation and
vice versa tends to form clustered distribution
patterns [VMR > 1 and X?alculate >Xt2able)' This
pattern is consistently evident in Table 7 and the
visualization in Figure 7, reflecting the existence of
spatial pressure centers. Such clustering is in line
with the findings of Qiao et al. (2025), who
emphasized the importance of identifying critical
zones to support sustainable ecological practices
through simulations of land-use change patterns.
The concentration of land conversion in specific
areas may reduce the ecosystem’s capacity to
provide essential services, such as climate
regulation, water absorption, and habitat provision.
Similarly, Li et al. (2025) using the “Production-
Living-Ecological Space” approach, demonstrated
that ecological space conversion leads to a
significant decline in ecosystem service values.
These findings highlight the urgent need for
mitigation strategies to address the spatially
concentrated impacts of land-use change.

The clustered spatial pattern of land
conversion has direct implications for the global
agenda of SDG 11 (Sustainable Cities and
Communities). Cardenas-Ritzert et al. (2024)
emphasized that the resolution of land-use data
significantly affects the assessment of SDG indicator
11.3.1 on the rate of urban expansion, making
accurate monitoring of land-use change essential
[34]. These findings indicate that controlling land
conversion and improving the quality of spatial data
are key elements in realizing inclusive, safe,
resilient, and sustainable cities and settlements.

Thus, the identified spatial patterns not only
contribute to the advancement of scientific
knowledge but also hold strategic significance for
the formulation of integrated spatial planning
policies grounded in spatial data. The tendency of
land conversion to cluster should be anticipated
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through adaptive and inclusive spatial planning that
integrates data accuracy, legal certainty in policy,
and the principles of sustainable development.
Integrating research findings with strengthened
regulations and SDG reporting mechanisms will
enhance the synergy between development needs
and efforts toward long-term environmental
sustainability.

Overall, the identified spatial patterns not
only contribute to the advancement of scientific
knowledge but also carry strategic significance for
the formulation of integrated spatial planning
policies grounded in spatial data. The clustering
tendency of land conversion should be addressed
through adaptive and inclusive spatial planning that
incorporates data accuracy, legal certainty in
policymaking, and the principles of sustainable
development. Integrating these research findings
with strengthened regulations and SDG reporting
mechanisms will enhance the synergy between
development needs and efforts toward long-term
environmental sustainability.

CONCLUSION

Based on the research objectives and
findings, this study successfully examined the
dynamics of land-use change in Kayu Agung District
from 2019 to 2023 using satellite imagery. Among
the applied machine learning methods, the K-
Nearest Neighbors (KNN) algorithm produced the
most accurate classification results. The analysis
showed a clear shift from vegetation to non-
vegetation areas, driven by increasing development
pressure and growing land demand. Spatial analysis
using the Quadrant Method revealed that land-use
change is not evenly distributed but tends to be
spatially clustered, indicating that land conversion
is concentrated in specific areas. These findings
highlight the importance of controlling land
conversion through adaptive and data-driven
spatial planning policies. Identifying clustered
spatial patterns can help prioritize areas that
require stricter monitoring and regulation. Overall,
this study provides valuable insights into local land-
use change dynamics and supports sustainable
spatial planning aligned with national policies and
Sustainable Development Goal (SDG) 11 on
Sustainable Cities and Communities. Future
research should integrate social, economic, and
spatial policy variables as key drivers of land-use
change to achieve a more holistic understanding of
spatial dynamics. Combining the Variance-to-Mean
Ratio (VMR) with advanced spatial autocorrelation
measures such as Moran'’s [ or Getis-Ord Gi* may
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further strengthen spatial validation and pattern
interpretation. Additionally, the application of
advanced machine learning methods, such as
Random Forest, Support Vector Machine (SVM), or
Deep Learning, could enhance classification
performance and ensure more accurate and reliable
analytical outcomes.
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