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Urban areas often experience land cover changes. Banjarbaru is
one of several cities in Indonesia that has experienced land
changes. The relocation of the administrative center of
Banjarmasin City to Banjarbaru City led to the development of
settlements. One spatial analysis carried out to examine the
phenomenon of land change is remote sensing techniques. The
method that can be used is the Land Change Modeler from
MOLUSCE in QGIS. This model uses the CAM (Cellular
Automata Markov) method to identify land cover change and
predict land cover distribution. CAM can understand and
predict land change patterns by considering land use,
vegetation, and cell spatial interactions. This modeling is based
on land cover data for 2015 and 2020 and several supporting
parameters such as DEM data and distance to roads. Based on
the modeling results from 2015 and 2020, Banjarbaru City
experienced a change in built-up land, with most of it occurring
in the center of Banjarbaru City. Based on the Markov Chain
method by looking at land changes in the previous year, the
development of built-up land increased by about 8% of the
Banjarbaru City area of 32917.41 hectares. Based on the
prediction results, the development of built-up land is centered
in the middle of Banjarbaru City, such as North and South
Banjarbaru Districts, due to the development of residential
development.

INTRODUCTION land's potential. Factors such as population
Land cover change is a complex  growth, the development of new cities and
phenomenon based on complex  large manufacturing projects, increased job

relationships, interactions between different
land cover classes, the diversity of
variations, and factors that cause land cover
change (Lambin et al., 2003; Mahmood et al.,
2014). Urban areas often experience changes
in land cover. Development activities cause
changes in land cover (Cervero, 2013;
Kosasih et al., 2019). Rapid development
causes changes in land cover, where built-up
land increasingly dominates and forces
natural land to change its function (Arisanty
et al., 2021; Hermon, 2012; Wu et al., 2013).
Altering a region's land cover can shift its
functions from their original purposes,
adversely affecting the environment and the

opportunities, and improved transportation
access may drive changes in land cover
(Nurhanifah, 2021; Putri & Wicaksono,
2021). One of the cities in Indonesia that have
experienced significant land cover change is
Banjarbaru City (Muhaimin & Ramali, 2021;
Supriatna et al., 2022). Changes in land cover
that occurred in Banjarbaru resulted in the
locking of the center of government from
Banjarmasin to Banjarbaru in 2012, so
construction took place.

The increase in railroad construction
was caused by the large number of residents
who urbanized to Banjarbaru (Maryati et al.,
2021). In 2015, the original population was
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227,500 in 2014 to 234,371 in 2015, around
6,871 people who experienced an increase
(Erlina & Suherty, 2019). The population
increase continues until 2020, with around
253,442 people based on BPS 2021. This
increase in population affects the area of
sellers' land. The increase in land area in
2015-2020 is a reference for knowing changes
in land cover in 2025. The growth of urban
areas and a rise in population could reduce
the amount of fertile agricultural land
available (Sadali, 2018).

Identifying  land-cover  changes
manually in the field is feasible for small-
scale changes but becomes challenging when
changes occur on a larger scale. Different
attempts have been made to find the
appropriate method, with one approach
involving remote sensing technology
(Febrianti et al., 2023). Satellite imagery
offers an alternative solution to many
problems associated with LCLU changes
and their impacts on society and the
environment (Indarto et al., 2020).

Spatial approaches such as remote
sensing are used to analyze data changes.
Spatial modeling related to land cover
change is widely used in analyzing land
cover change, such as Markov Chain,
Cellular Automata, and empirical models
(Rimal et al., 2017). Information on changes
in land cover was obtained using Landsat 8
OLI/TIRS satellite image data. Landsat 8
OLI/TIRS imagery is based on each channel
used to determine land cover classification
(Estoque & Murayama, 2015).

Changes in land cover that occurred in
2015 and 2020 are exciting topic issues for
research, as well as the extent of changes in
land cover in those two years and the
potential changes that will occur in 2025. The
purpose of this research is explained in the
topic of the problem: to analyze the extent of
land cover change in 2015 and 2020 and the
potential for land cover change to occur in
2025.

This research will collect historical
land cover data, satellite imagery, and
accessibility indicators to calibrate the CAM
(Cellular Automata Markov) model. The
model will then simulate future land cover

changes based on different scenarios and
urban development policies. By applying
CAM to study urban expansion dynamics,
this research seeks to provide wvaluable
insights into the drivers of land cover change
in developing cities. The findings could help
urban planners and policymakers make
informed decisions regarding sustainable
land  use  planning, infrastructure
development, and environmental
conservation efforts. Additionally, the study
may contribute to the advancement of
spatial modeling techniques for predicting
land cover changes in dynamic urban
environments.

RESEARCH METHODS

This research was conducted in
Banjarbaru, South Kalimantan Province. The
location was chosen because Banjarbaru is
one of the cities that has experienced rapid
development since the move of the
government center to Banjarbaru. The effect
of displacement has not least caused several
land conversions, such as reduced
vegetation land to become built-up land or
bare land. The data used in this study
include Landsat 8 OLI/TIRS imagery,
Digital Elevation Model (DEM), and
distance to road maps. The tools used are a
set of laptops with ArcGIS software for the
initial processing of vector data, ENVI to
perform digital land cover classification,
QGIS to model land cover changes and
mobile GPS for field surveys.

Remote sensing techniques are used
in this study to interpret land cover and
classification processes. Interpretation using
Landsat 8 OLI/TIRS imagery for coverage in
the dry season assuming lower cloud cover.
The images used are Landsat 8 on 13 August
2015 and 5 May 2020. The classification
process uses supervised classification with
the maximum likelihood classification
method (Aryaguna & Saputra, 2020a;
Khatami et al., 2016). Determination of
classification using land cover classification
from Anderson with four land cover classes
that can be found in this study according to
Table 1.
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Table 1. Land Cover Class

No Land Cover Class

Information

Housing, offices, industry, infrastructure, and

1 Built up development facilities

2 Bare land Bare land, landfills, and mining area

3 Vegetation Forests, rice fields, agriculture, and plantations
4 Waterbody Rivers, lakes, swamps, and reservoirs

(Source: Anderson 1979 in (Aryaguna & Saputra, 2020b)

In the early stages of this research,
radiometric and geometric corrections were
made to Landsat 8 OLI/TIRS images before
being used for the classification process.
Radiometric correction is done to correct
image errors due to atmospheric phenomena
when recording and converting digital
number values into reflectance values
(Arisanty et al., 2019; Lépez-Serrano et al.,
2016; Pons et al, 2014). The geometric
correction is carried out to adjust the
georeferenced image conditions with the
existing georeferenced on the earth's surface.

For the image that has been corrected,
the land cover classification is carried out
according to Table 1. The land cover change
classification results are analyzed based on
the land cover data obtained by digital
classification using maximum likelihood.
The number of samples used in digital
processing classification is 100 points spread
across the administrative area of Banjarbaru.
The results of the classification obtained land
cover maps for 2015 and 2020. The results of
the classification were tested for accuracy
using a confusion matrix. The 2015 land
cover accuracy test used images from
Google Earth with 2015 coverage, while the

2020 land cover accuracy test was conducted
with a field survey.

Land cover data tested for accuracy is
used for the land cover change modeling
stage. The land cover change modeling
phase uses land cover data for 2015 and 2020
as the primary data and altitude data and
distance to roads as supporting data in the
modeling process. Modeling uses the help of
QGIS software with MOLUSCE plugins at
the construction stage (Muhammad et al.,
2022) The modeling results are in the form of
the latest land cover data with an accuracy
test carried out in the field.

RESULTS AND DISCUSSION

The results of a land cover
classification in 2015 and 2020 using
supervised classification using maximum
likelihood in ArcGIS software can be seen in
Figures 1 and 2. The land cover classification
results were tested for accuracy with the
confusion matrix table, and the results were
87% for 2015 and 96 % for 2020. The accuracy
test results can be seen in Tables 2 and 3. The
accuracy test process aims to determine the
accuracy of land cover data for 2015 and
2020 before being used for modeling land
cover change in Banjarbaru.

171 o

Figure 1. (a) Land cover in 2015; (b) Land cover in 2020 (Source: Data Processing, 2023)
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Table 2. Accuration test of land cover in 2015

Classified values

Land Cover Built B U Tlotal
2015 up are Vegetation Waterbody Total Ser class
and accuracy  area
area
(Ha)
B‘:rl(:;p 5302 39 1150 0 6491 082 58419
5 Bareland 26 1102 453 26 1607 0.69 144.63
T Vegetation 0 0 22734 0 22734 1.00 2046.06
; Water body 1 0 0 289 290 1.00 26.10
g Total 5329 1141 24337 315 31122 2800.98
£ Producer o459 097 093 0.92 0.87
accuracy
Overall 0.87
Accuracy
(Source: Data Processing, 2023)
Table 3. Accuration test of land cover in 2020
Classified values
Built Total
Land C 2020
and ~ovet up Bare Vegetation Waterbody Total User class
land accuracy  area
area
(Ha)
Builtup area 1431 12 49 0 1492 0.96 134.28
g Bare land 17 686 43 12 758 0.91 68.22
£ Vegetation 123 62 31456 4 31645 0.99 2848.05
g Waterbody 2 7 3 392 404 0.97 36.36
'*é total 1573 767 31551 408 34299 3086.91
g Producer 54, g9 1.00 0.96 0.96
= accuracy
Overall 0.96
Accuracy

(Source: Data Processing, 2023)

Data on altitude and distance to roads
are also used for land cover modeling (Puertas
etal., 2014). Elevation and distance to roads can
have significant influences on land cover
change. Studies have shown that as the
distance to roads increases, there are fewer
changes in land use and land cover change
(Patarasuk & Binford, 2012). Elevation, on the
other hand, can affect land cover change
through its impact on vegetation and soil
conditions (Liu et al., 2021) The results of the
altitude and distance to the road can be seen in
Figures 3 and 4. The altitude in Banjarbaru is
included in the lowland category with an
altitude of 0-380 meters. The altitude of the

place in Banjarbaru has increased to the east
around the Cempaka District area.

Banjarbaru City's Roads have adequate
mobility access for the influence of
development with the main road route around
Jl. Ahmad Yani. Distance to road analysis
results using Euclidean Distance in ArcGIS
software shows results of 0-3918.07 meters. The
results of the distance to the road explain the
effect of the shortest distance to the road (Leta
et al., 2021). The shortest distance to the road
starts from 0, and the longest distance is at
3918.07.

The relationship between the altitude
data and the distance to the road is used for the
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land cover modeling process. The influence of
altitude and distance data on the road was
analyzed in evaluation correlations using the
Pearson correlation technique (Al-Najjar et al.,
2019). The results of the Pearson correlation

Saputra, A.N. et al. (2024)

between the altitude data and the Euclidean
distance of the road is 0.1 or the correlation is
very weak. Pearson correlation results can be
seen in Table 4.

Table 4. Relationship of Altitude Data and Distance to the Road

No Class Distance to Road Altitude
1 Distance to Road 0 0.11114
2 Altitude 0 0

(Source: Data Processing, 2023)
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Figure 2. Digital Elevation Model in Banjarbaru (Source: Data Processing, 2023)
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Figure 3. Distance to Road (Source: Data Processing, 2023)
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Table 5. Land Cover Changes in 2015 and 2020

Class Statistic Area (Ha) Percentage
No Class 2015 2020 A 2015% 2020% A%
1 Built up area 3593.61 4639.95 1046.34 10.92 14.10 3.18
2 Bare land 603.9 1407.69 803.79 1.83 4.28 244
3 Vegetation 28597.68 26630.55 -1967.13 86.88 80.90 -5.98
4 Waterbody 12222 239.22 117 0.37 0.73 0.36
Total 32917.41 3291741 100 100
(Source: Data Processing, 2023)
Comparison of Land Cover Area 2015 & 2020
2015 ® 2020
Water Body ‘
vegetation [ S
Bareland II
Built-up area --
30,000 20,000 10,000 0 10,000 20,000 30,000
Area (Ha)

Figure 4. Comparison of the land cover area in 2015 and 2020 (Source: Data Processing, 2023)

The results of the 2015 and 2020 land
cover analysis show the level of change over
five years. According to Anderson, the effect of
changes is based on land cover class
parameters. The results of the land cover
analysis can be seen in Table 5. The percentage
of changes in land cover that occurred over five
years from 2015 and 2020 saw a significant
increase in built-up land with a percentage of
3.18%. A significant decrease in the rate of
change in land cover occurred in vegetation
types where the rate of decline was at -5.98% of
the total area of 32917.41 Ha. Changes in land
cover in 2015 and 2020 are also explained in

profit and loss diagrams, which can be seen in
Figure 4.

The distribution of land cover changes
resulting from land cover data for 2015 and
2020, supported by altitude and distance to
roads, shows that several land cover classes
have changed. The distribution of land cover
changes can be seen in Figure 6. The
distribution results are supported by a
transition matrix table for the distribution of
land cover changes which can be seen in Table
6.
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Figure 5. Distribution of Land Cover Change (Source: Data Processing, 2023)

Table 6. Land Cover Change Distribution Transition Matrix

Transition Matrix ~ Built up area Bare land Vegetation Waterbody
Built up area 0.73571 0.03827 0.21516 0.01087
Bare land 0.07779 0.56915 0.30179 0.05127
Vegetation 0.06807 0.03205 0.89716 0.00273
Waterbody 0.02136 0.08174 0.15096 0.74595

(Source: Data Processing, 2023

g 2023)

Table 7. Distribution Area of Land Cover Change

No Class Area (Ha) Percentages (%)
1  Builtup area 2643.84 8.03
2 Built-up area to Bare land 137.52 0.42
3 Built-up area to Vegetation 773.19 2.35
4 Built-up area to Waterbody 39.06 0.12
5 Bareland to Built up area 46.98 0.14
6  Bareland 343.71 1.04
7 Bareland to Vegetation 182.25 0.55
8  Bareland to Water body 30.96 0.09
9  Vegetation to Built up area 1946.52 591
10  Vegetation to Bare land 916.47 2.78
11  Vegetation 25656.66 77.94
12 Vegetation to Water body 78.03 0.24
13 Water body to Built up area 2.61 0.01
14  Water body to Bare land 9.99 0.03
15 Water body to Vegetation 18.45 0.06
16 Waterbody 91.17 0.28

Total 3291741 100.00

(Source: Data Processing, 2023)
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The distribution area of land cover
changes based on the distribution of land cover
changes shows several areas that have
changed, such as the area of bare land that
became the built-up area of 46.98 Ha or the area
of vegetation that became built-up area of
1946.52 Ha. The results of the distribution area
of land cover change can be seen in Table 7.

The results of land cover distribution
are used to determine the transition potential
model. The potential transition model uses
Artificial Neural Network (ANN) and Logistic
Regression (LR) as analytical media in
determining land cover change predictions
(Sajan et al., 2022). The results of the Artificial
Neural Network (ANN) method show a kappa
index validation level of 0.76 for the potential
transition of land cover change prediction. The
Logistic Regression method shows the
opposite value related to the potential
transition effect of 0.92 Pseudo R-squared or
how well the level of the equation model is
formed.

The results of the potential transition
model are simulated into predictions of land
cover change in 2025. Land cover in 2025 is
generated from the Markov chain model with

the variable land cover prediction in 2015 and
2020 in the QGIS plugins MOLUSCE software.
The 2025 land cover model was validated
based on the 2020 simulation model. The
model simulation results for the 2020 land
cover validated the overall kappa level or
kappa index at 90%. The results of land cover
in 2025 can be seen in Figure 5.

The results of land cover in 2025 are
then carried out by field accuracy tests to
determine the accuracy of the predictions
determined. The results of the field accuracy
test can be seen in Table 8. The accuracy test for
land cover in 2025 shows 90% results. The 2025
land cover results show that Banjarbaru will
experience changes in land cover. Changes in
land cover that occurred in Banjarbaru were
concentrated in built-up land with a total built-
up area of 4991.67 Ha, and areas with high
potential for built-up land were in North and
South Banjarbaru District due to the
concentration of settlements in North and
South Banjarbaru. The bare land area is around
1779.84 Ha, compared to the 2020 area of
around 1407.69 Ha, with areas with high
potential in Cempaka District.
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Figure 6. Land Cover Prediction Map in 2025 (Source: Data Processing, 2023)
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Table 8. Land Cover Accuracy Test in 2025

Classified values
Land Cover in Built B U Tlotal
2025 up are Vegetation Waterbody Total ser cass
land accuracy area
area
(Ha)
Built up area 10 0 0 0 10 1.00 4991.67
, ~Bare land 1 8 0 0 9 0.89 1779.84
£  Vegetation 0 0 12 1 13 0.92 25870.23
5 Water body 0 1 1 6 8 0.75 279.72
"é total 11 9 13 7 40 32921.46
g Producer 091 089 092 0.86 0.90
E  accuracy
Overall 0.90
Accuracy

(Source: Data Processing, 2023)

CONCLUSION

Changes in land cover that occurred in
2015 and 2020 show the level of change
where the built-up land area is around
3583.61 Ha to 4539.95 Ha, and the bare land
area is around 603.9 Ha to 1407.69 Ha. The
body of water is around 122.22 Ha to 239.22
Ha, while the area of vegetation has
decreased from 28597.68 Ha to 26630.55 Ha.
The potential for changes in land cover in
2025 can be seen in the fact that built-up land
will increase from 4640.31 Ha in 2020 to
4991.67 Ha and the bare land area from
1407.69 Ha to 1779.84 Ha. Areas with the
potential to experience land change occur in
North and South Banjarbaru District as built-
up land and Cempaka District as bare land.
North Banjarbaru District is connected to
Martapura City, which is the capital of
Banjar Regency, and is planned for a new
residential area so that it has the potential to
become a built-up area in the next few years.
Whereas in Cempaka District, the potential
for bare land in the next few years is based
on active community mining activities.

The results of this study can serve as a
basis for conducting further simulation
processes to model land cover change.
Elevation parameters and distance to the
road are proven to influence the distribution
of land cover, especially in urban areas. The
CAM (Cellular Automata Markov) method
in the MOLUSCE instrument in QGIS can

provide information on land cover change
and model future land cover forecasting.
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