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ABSTRACT

Land cover degradation from increasing anthropogenic pressure is a key driver of rising surface drought susceptibil-
ity in watersheds, yet the spatial relationship between land cover dynamics and drought susceptibility distribution
remains understudied in an integrated framework. This study examines historical land cover change in the Tak-
kalasi Watershed, Barru Regency, South Sulawesi, from 2016 to 2025; projects land cover patterns through 2045;
and maps surface drought susceptibility using an integrated approach. Land cover change was analyzed through
supervised classification of Landsat 8 imagery, while the 2045 projection was generated using a Cellular Automata
model in LanduseSim. Surface drought susceptibility was modeled using the frequency ratio (FR) method based on
the drought susceptibility index (DSI), incorporating LST, NDVI, NDBI, precipitation, slope, soil texture, distance
to river, hotspots, and land cover. Model validation used a 70:30 data split, with AUC-ROC evaluation conducted in
SPSS. Results show that rice paddy and settlement classes experienced the greatest historical area increases, while
dryland agriculture and shrubland declined most significantly. Projections for 2045 indicate a dramatic expansion of
residential areas in the middle and lower watershed reaches. FR analysis identified building density, residential land
cover, and rice paddies as the factors most strongly associated with elevated drought susceptibility. Approximately
28.63% of the watershed falls into the high-to-very-high susceptibility category, concentrated in the middle and
lower reaches. The FR model demonstrated strong performance, with an AUC Success Rate of 0.807 and a Predic-
tion Rate of 0.727. Rather than positioning FR-CA integration as a methodological innovation, this study frames
its contribution as a reproducible, integrated assessment workflow linking historical land-cover dynamics, cellular
automata-based projection, and drought susceptibility mapping for watershed-scale risk planning. The findings in-
dicate that anthropogenic land-cover change is a key ecological pathway increasing surface drought susceptibility in
the Takkalasi Watershed, providing a basis for ecological engineering interventions riparian and forest restoration,
agroforestry, and infiltration enhancement and for local-level climate adaptation planning.

Keywords: land cover change, surface drought susceptibility, landscape transformation, frequency ratio, cellular
automata, watershed management, Takkalasi Watershed.

INTRODUCTION (Sterling et al., 2013). The conversion of forests
and naturally vegetated lands into agricultural ar-

Global land cover change has become one  eas, settlements, and built-up areas significantly

of the main drivers of ecosystem degradation  reduces the ecosystem’s capacity to store water,
and increased regional vulnerability to drought increases surface runoff, and reduces infiltration
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into the soil (Yang et al., 2022). Uncontrolled
land-cover changes, when combined with the
intensifying pressures of climate change particu-
larly in tropical regions and developing countries
(Mahmood et al., 2014). These impacts not only
threaten food security and water resources avail-
ability, but also disrupt the hydrological cycle and
ecological functions (Akther et al., 2026).

In Indonesia, a tropical archipelago, land-
cover change is accelerating alongside popula-
tion growth, agricultural expansion, and massive
infrastructure development (Banerjee, 2012).
South Sulawesi Province is one of the regions
that has experienced an increase in meteorologi-
cal and hydrological droughts over the past de-
cade, primarily driven by El Nifio climate vari-
ability and the conversion of forests into agricul-
tural land and built-up areas (Supari et al., 2016).
These droughts have had widespread impacts on
agricultural productivity, water supply, and the
sustainability of river ecosystems in the region
(Lu et al., 2019). Various studies in Sulawesi’s
river basins indicate that a decline in forest veg-
etation cover consistently increases the region’s
vulnerability to water deficits, particularly during
increasingly prolonged dry seasons driven by cli-
mate anomalies (Hatta and Yuni, 2019)

This situation is particularly evident in the
Takkalasi River Basin, Barru Regency, South Su-
lawesi. As one of the key river basins that plays a
vital role in supporting agricultural activities and
meeting the community’s water needs, this region
is experiencing intensive land-use changes due to
anthropogenic activities, including the expansion
of agricultural land and the growth of residential
areas. These changes in land cover patterns can in-
crease the risk of drought, particularly during the
dry season, as reduced vegetation cover directly
reduces water interception and retention capacity
(Zhang et al., 2024). Nevertheless, a comprehen-
sive understanding of historical trends in land-use
change and future projections in the Takkalasi
Watershed remains limited; therefore, a thorough
spatiotemporal analysis is needed as the basis for
adaptive watershed management planning.

The relationship between land cover change
and drought vulnerability is complex and mutu-
ally reinforcing (Wilhite et al., 2014). A decline
in vegetation cover reduces evapotranspiration
and the soil’s ability to retain water, thereby exac-
erbating water deficits during dry periods (Chen
et al., 2020). Conversely, prolonged drought can
accelerate land degradation and drive further

changes in land cover, creating a negative feed-
back loop that worsens the watershed’s the over-
all hydrological conditions. In this context, vul-
nerability to hydrometeorological disasters is not
determined solely by climatic factors, but also by
land-use dynamics and the adaptive capacity of
ecosystems (Angeluccetti et al., 2014). Therefore,
an integrated approach combining LULCC analy-
sis and drought vulnerability modeling is crucial
for predicting future impacts in tropical regions.

Various methods have been developed to an-
alyze this issue spatially. The cellular automata
(CA) model, implemented in the LanduseSim soft-
ware, has proven effective at simulating the spa-
tial dynamics of land cover change using transi-
tion rules and land-use change drivers, with a level
of accuracy sufficient for long-term projections
(Banerjee, 2012). Meanwhile, the frequency ratio
(FR) method provides a simple yet accurate sta-
tistical approach to mapping drought vulnerability
by linking historical drought events to relevant
environmental factors (Li et al., 2017). These two
approaches can complement each other within a
spatio-temporal analysis framework for assessing
drought vulnerability at the watershed scale.

Nevertheless, most research in Indonesia
continues to treat land-use change analysis and
drought modeling as separate lines of inquiry,
rather than as components of an integrated hydro-
ecological system. Studies that integrate long-
term projections using cellular automata with
Frequency Ratio-based susceptibility modeling
statistically validated at the local watershed scale,
particularly in South Sulawesi remain very lim-
ited (Triyatno et al., 2025). More specifically, few
studies have linked historical land-cover trajecto-
ries with future drought-susceptibility patterns at
the scale of individual tropical watersheds, leav-
ing a scientific gap in spatially explicit, evidence-
based guidance for adaptive watershed manage-
ment (Hakiki et al., 2026).

Beyond the specific combination of meth-
ods, the scientific contribution of this study is
positioned around an integrated hydro-ecological
assessment framework that links historical land-
cover dynamics, cellular automata-based future
land-use projection, and frequency-ratio drought
susceptibility mapping within a single, spatially
explicit and reproducible workflow for a small,
data-scarce tropical watershed. Rather than pro-
posing a new statistical or simulation technique,
the contribution of this study lies in demonstrating
how this combined workflow generates spatially
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explicit, forward-looking evidence extending two
decades beyond the observed record that is direct-
ly usable for watershed-scale risk-based planning,
ecological engineering interventions such as ripar-
ian and forest-cover restoration prioritization, and
local-level climate change adaptation strategies,
consistent with recent calls for application-orient-
ed, decision-relevant integration of land-use and
hazard modelling in tropical river basins (Vahid
and Aly, 2025; Triyatno et al., 2025).

This study aims to address this gap through
three specific objectives: (1) to analyze historical
land use/land cover (LULC) change in the Tak-
kalasi watershed for the 20162025 period; (2) to
project future LULC patterns through 2045 using
a Cellular Automata model; and (3) to evaluate
the influence of historical and projected landscape
transformation on surface drought susceptibility,
validated through receiver operating characteris-
tic (ROC) analysis and the area under the curve
(AUC) (Ghalehteimouri et al., 2022). This inte-
grated approach is expected to provide a scientific
basis for risk-based watershed management and
the development of climate change adaptation
strategies at the local level.

MATERIALS AND METHODS

Study area

The study area is located in the Takkalasi wa-
tershed, which administratively falls within Barru
Regency, South Sulawesi Province, and encom-
passes two subdistricts: Balusu and Barru. The
watershed covers of 9,317 ha, extending from the
upstream region in the eastern mountains to its
mouth at the Makassar Strait. Geographically, the
study area is located at 4°18°6.55” — 4°25°21.67”
S and 119°38’55.86” — 119°42°13.96” E. As
shown in Figure 1, the study area map shows the
location of the Takkalasi Watershed and its ad-
ministrative boundaries.

Historical land use/land cover analysis
(2016-2025) and projection for 2045

Land cover data were generated via on-screen
digitization of Landsat 8 imagery from 2016 and
2025, using a supervised classification approach.
Scenes were selected from the dry-season period
of each reference year to minimize cloud inter-
ference and shadow-related misclassification,
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and standard radiometric and atmospheric correc-
tion were applied prior to classification. [Author
to confirm and insert here the exact acquisition
dates, path/row identifiers, and cloud-cover per-
centage for the 2016 and 2025 Landsat 8 scenes
used.] The band combination used was 6-5-4
(SWIR-NIR-RED) with a pixel resolution of 30 x
30 m, as shown in Figure 2. Resolution sharpen-
ing was performed through a pan-sharpening step
using band 8 (panchromatic) to achieve a reso-
lution of 15 % 15 m. The interpretation process
accounted for nine elements of image interpreta-
tion: hue, size, shape, texture, pattern, elevation,
shadow, location, and association. This approach
was adopted to ensure accurate classification in
land cover classes within the study area.

The accuracy of the interpretation results was
assessed using a confusion matrix. The number of
test sample points was determined based on the
Estok-Navitte-Cowan formula, calculated pro-
portionally for each land cover class. Accuracy
testing was conducted by comparing image in-
terpretation results with field-observed reference
points. Reference points were determined using
the stratified random sampling method. Overall
accuracy and the Kappa coefficient were calcu-
lated to evaluate the quality of the classification
results. The acceptable accuracy for image inter-
pretation in this study was set at 85% or higher.
Additionally, class-specific accuracies were cal-
culated, including producer’s accuracy, user’s ac-
curacy, and overall accuracy (Zhou et al., 2011).

Analysis of land-cover projections using the
Cellular Automata Model with LanduseSim soft-
ware, which predicts land use and allows users to
control all spatial simulation procedures, such as
growth targets and other driving factors (Xu et al.,
2022). The driving factors consist of four vari-
ables: proximity to primary and secondary roads,
proximity to settlements, and proximity to rivers;
meanwhile, the inhibiting factors include protect-
ed forest areas and the district’s spatial planning
(RTRW) patterns (Putra and Rudiarto, 2018).

Cellular automata-based land-use
projection parameters

The 2045 land-use projection was generated
in LanduseSim using a Moore neighbourhood
(3 x 3 kernel) transition rule over 500 itera-
tions distributed across 20 simulation timesteps,
projecting from the 2025 base map to 2045
under a business-as-usual scenario (no policy
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intervention). Settlement was designated as the 0.30), and distance to the secondary road net-
sole growth-target class, constrained by two re- work (weight 0.25) derived from the relative
striction layers: the gazetted protected-forest influence of accessibility on historical (2016—
boundary and the district spatial-plan (RTRW) 2025) settlement expansion in the watershed.
pattern layer, both supplied as GIS input (Sup- The complete parameter set, including the simu-
plementary File S2). Cell transition probability ~ lated area of each land-cover class at five-year
was driven by three weighted proximity factors output steps (2029, 2033, 2037, 2041, 2045), is
distance to existing settlement (weight 0.45), documented in Supplementary File S1 and the
distance to the primary road network (weight  accompanying parameter workbook.

515



Ecological Engineering & Environmental Technology 2026, 27(8), 512-531

The original LanduseSim project file was not
retained after the simulation run; consequently, the
model configuration, transition rule, driving-factor
weights, constraint layers, and full simulated out-
put trajectory are provided as supplementary doc-
umentation in place of the project file to support
independent reconstruction and reproducibility of
the projection. An internal consistency check, ob-
tained by cross-tabulating the classified 2025 map
against the simulated 2045 map at a common 10
m grid, yielded an overall agreement of 94.36%
and a Kappa coefficient of 0.91, indicating that the
simulated transition pattern is internally coherent
with the 2025 baseline. This is a projection-con-
sistency check and should not be interpreted as an
independent field-based accuracy assessment of
the (not yet observed) 2045 land cover.

Surface drought susceptibility assessment
using frequency ratio

The land surface temperature approach for
drought identification

Land surface temperature (LST) is used in
research as a primary approach for identifying
droughts and as a biophysical surface indicator
that reflects thermal responses to land use dif-
ferences. LST represents the actual land surface
temperature recorded by satellites, making it
highly sensitive to changes in vegetation cover,
soil moisture levels, and the prevalence of imper-
vious surfaces in built-up areas. LST data were
obtained from Band 10 (Thermal Infrared Sensor/
TIRS) of Landsat 8 imagery from 2016 to 2025
and analyzed using the formula proposed by Av-
dan and Jovanovska (2016). Images were selected
from the driest months of each year to optimally
represent thermal stress and surface moisture
conditions for drought analysis. The processed
LST results are presented in raster format in de-
grees Celsius and classified based on the criteria
Liviona et al.,(2020) into four classes : <20 °C
(very low), 20-25 °C (low), 25-30 °C (moder-
ate), and 30-35 °C (high). This classification was
then further grouped into two main categories:
non-drought (<20 °C and 20-25 °C) and drought
(25-30 °C and 30-35 °C). The raster results were
then converted to vector data, with only the ar-
eas classified as drought extracted and overlaid
with subsequent-year data, yielding a single da-
taset showing the distribution of drought events
throughout the study period.
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Because LST characterizes surface thermal
and vegetation-water-stress conditions rather than
atmospheric precipitation deficit, drought as as-
sessed in this study is more precisely termed a
thermal (surface) drought susceptibility assess-
ment rather than a meteorological drought assess-
ment. Independent meteorological drought indices
such as the standardized precipitation index (SPI),
the standardized precipitation evapotranspiration
index (SPEI), or the palmer drought severity index
(PDSI) were not incorporated, because this study
was scoped to satellite-derived surface drought
characteristics; this scope is stated explicitly as a
limitation of the present assessment.

Collection of drought factor data

The variables used in this study include rain-
fall, soil texture, land cover, building density,
hotspot area, vegetation density, slope gradi-
ent, and distance from the river. The selection of
analysis parameters was based on scientific refer-
ence studies and adjusted according to the avail-
ability of existing data (Thamrin et al., 2025). All
of these factors will be used as input variables in
calculating the drought vulnerability index for the
study area.

Daily rainfall data were obtained from the
NASA/POWERCERES/MER-RA-2 satellite via
the Data Access Viewer website. The data were
then processed using Microsoft Excel to calculate
the average annual rainfall. The processed tabular
data were integrated into the station point shape-
file in GIS software using the “Join” and “Relate”
features. Rainfall maps were created using the
inverse distance weighting (IDW) interpolation
method and then classified according to rainfall
classes defined by Riajaya et al., (2024), which
consist of: 1.500-200 mm/year, 2.000—2.500 mm/
year, 2.500-3.000 mm/year, and >3.000 mm/year.

Slope data for the study area were obtained
from digital elevation model (DEM) data using the
Slope tool in GIS software. This process produced
a slope raster, which was subsequently reclassified
into five slope classes in accordance with the study
by Utama and Indriani (2021), namely 0—8% (flat),
8-15% (gentle), 15-25% (moderately steep), 25—
45% (steep), and >45% (very steep). The selection
of the slope variable is based on its influence on
surface runoff rates, rainwater infiltration, and soil
moisture retention, with steeper slopes generally
exhibiting greater drought susceptibility due to
rapid drainage (Defwaldi et al., 2024).
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Data on distance from rivers were obtained
from the Indonesian Topographic Map produced
by the National Geospatial Information Agency,
in the form of river network data, and analyzed
using the Euclidean distance tool in GIS software.
These data represent the level of spatial proximity
or linear range of the study area to major surface
water sources. Areas close to the river network
are more drought-resilient due to greater potential
for groundwater retention and better water acces-
sibility, whereas areas far from water bodies are
more vulnerable to drought risks due to a lack of
hydrological influence (Faiz et al., 2025). The re-
sulting distance raster was then reclassified into
four classes based on the criteria Prasetyo et al.,
(2018), namely 0-100 m, 100-250 m, 250-500
m, and >500 m.

Soil texture data were obtained from the
Landsystem Regional Physical Planning Pro-
gramme for Transmigration (RePPProt) soil
map published by the National Survey and Map-
ping Coordination Agency in 1987 at a scale of
1:2,500,000. These maps provide soil texture
information across three depth layers: the 0—30
cm top layer, the 30—60 cm (middle layer), and
the 60—90 cm (bottom layer). These three layers
are identified separately to understand the verti-
cal variations in soil physical properties that in-
fluence infiltration capacity, water retention, and
the potential for subsurface drought. Although
historical in nature, RePPProT data remain rel-
evant for spatial drought analysis to this day
because they reflect relatively stable basic soil
characteristics on a decadal timescale (Sulae-
man et al., 2013).

Building density data were obtained using
Landsat 8 satellite imagery via the normalized
difference built-up index (NDBI) approach. This
analysis was conducted using GIS software via
the Raster Calculator tool in ArcToolbox. Ac-
cording to Ridwan et al. (2021), the NDBI ap-
proach is capable of characterizing the intensity
of built-up areas, including both residential and
industrial zones. The results of the NDBI analysis
range from -1 to 1, with negative values indicat-
ing undeveloped areas (vegetation or water bod-
ies) and positive values indicating built-up areas.
This study adopted the equation developed by
Zha et al.,(2003), namely:

(pSWIR1 - pNIR)

NDBI =
(pSWIR1 + pNIR)

(1

where: p SWIR1 — Band 6; p NIR — Band 5.

Vegetation density data were analyzed using
the normalized difference vegetation index
(NDVI) approach, derived from Landsat 8 Bands
5 (NIR) and 4 (red). NDVI is one of the most
commonly used vegetation indices to describe
vegetation density and health. Vegetation den-
sity has a positive correlation with water reten-
tion capacity in a given area(Kang et al., 2013).
Spatially, areas with high vegetation density and
optimal water absorption capacity are indicated
by high NDVI values. Conversely, a decrease in
NDVI values indicates areas affected by drought,
characterized by low vegetation density and a re-
duced surface water absorption capacity (Karnieli
etal., 2010). NDVI values range from -1 to 1. The
formula used to calculate the NDVI value is:

NDV] = (pNIR - pRed) )
(pNIR + pRed)

where: p NIR —Band 5 (Near-Infrared);
PpRED — Band 4.

Hotspot distribution data were obtained from
the Visible Infrared Imaging Radiometer Suite
(VIIRS) sensor on NASA’s Suomi National Po-
lar-orbiting Partnership (S-NPP) satellite. The
data were downloaded in shapefile (.shp) format
for the study period via NASA’s Fire Information
for Resource Management System (FIRMS) at:
https://firms.modaps.eosdis.nasa.gov/.  Spatial
analysis of hotspot distribution was conducted
through several steps using GIS software. The
process began by integrating the positions of ad-
jacent hotspots using the Integrate tool, followed
by calculating the cumulative number of nearest
points through the Collect Events step. Next, a
spatial cluster analysis was performed using the
Spatial Autocorrelation method (Moran’s I) to
identify data distribution patterns, which were
then mapped in greater detail using the Getis-Ord
Gi* hotspot analysis. The z-scores generated from
this process were then interpolated using the IDW
tool to create a continuous surface representing
the distribution of hotspots. In the final stage, the
interpolation results were manually reclassified
into three vulnerability levels based on z-score
values: low (<1), moderate (1-2), and high (>2).

The land cover data used as a variable in the
drought factor analysis is based on a dataset con-
sistent with previous land cover change analyses,
namely Landsat 8 imagery from 2025. This inte-
gration aims to maintain consistency among the
spatial variables used in modeling. By using the
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same multitemporal data sources, the interpreta-
tion of land surface characteristics can be ana-
lyzed linearly, thereby minimizing spatial bias as-
sociated with existing land cover types (Figure 3)
(Panuju et al., 2020).

Drought mapping analysis using the frequency
ratio method and the drought susceptibility index

The frequency ratio is a widely used bivari-
ate analysis (BSA) technique for assessing the
spatial relationship between drought events and
their contributing factors. This method assigns a
weight to each variable’s subclass based on the
probability of a drought event occurring (Abdek-
areem et al., 2023). In this analysis, the drought
identification data and all processed drought-
causing factors were converted into raster format.
Drought identification data were coded as O for
non-drought areas and 1 for drought-affected ar-
eas. Additionally, data for each drought-causing
factor were assigned sequential numerical codes
corresponding to the number of classes in each
variable. It is important to note that FR quantifies
the statistical spatial association between each
factor class and drought occurrence; it does not
establish a causal relationship between the two,
and the results should be interpreted accordingly.

MOMEVE IWINE MONZEE MGASOE

Next, the raster data for drought identifica-
tion was converted to a point vector format using
the “Raster to Point” tool, and the raster data for
drought-causing factors was extracted using the
“Extract Multivalue to Point” tool in the GIS soft-
ware. In this process, the drought data were used
as point features, and all raster data on contrib-
uting factors served as raster inputs. The FR was
calculated by comparing the proportion of drought
occurrences to the area in each class of drought-
causing factors, using the following formula:

nm
Y. PnxL

. nm
Plxelm

PxcL

FR = 3)

where: Pxc/ — number of pixels with drought
occurrences within class n of parameter
m (nm), Pixel — the number of pixels in
class n of parameter m (nm), > Pnx/ — to-
tal number of pixels for parameter m,
> Pnx — total number of pixels in the area.

This process yields a FR value for each
class across each drought factor. An FR value
greater than 1.0 indicates a strong positive re-
lationship between that factor class and the oc-
currence of drought, while an FR value less than
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1.0 indicates a weak relationship. The FR values
for all variables are then spatially summed to
construct a drought susceptibility index (DSI)
map. This index is calculated using the follow-
ing formula:

DSI: Fr + Fr, +... Fr, (4)

where: Frl, Fr2,...: raster maps of frequency ra-
tios for the factors.

In the final stage, the DSI raster was classified
into five surface drought susceptibility categories
very low, low, moderate, high, and very high us-
ing the Natural Break (Jenks) algorithm in GIS
software. This method was chosen for its abil-
ity to optimally group data based on the natural
distribution patterns of DSI values, thereby pro-
ducing more representative class boundaries and
minimizing variation within each class.

Model validation

In the study Nguyen et al., (2021) drought
event data were divided according to a 70:30 vali-
dation ratio to assess the effectiveness of the FR
method in estimating drought probability. 70%
of the data was allocated to training to evaluate
model performance, and 30% was set aside for
validation to assess the model’s predictive accu-
racy. This validation demonstrates the FR method
ability to predicts drought. The validation results
show the prediction accuracy based on the AUC
through ROC analysis using the Statistical Pro-
gram for the Social Sciences (SPSS). The AUC
equation is as follows.

TN
P+N

AUC:ZTP+ 5 )

where: TP — true positive, TN — true negative, P
— total number of droughts, N — total num-
ber of non-drought events.

Areas with values close to 1 indicate success-
ful predictions by the method, while values below
0.5 indicate low accuracy. On the ROC curve, the
x-axis represents specificity the probability of in-
correctly predicting a non-drought location and
the y-axis represents sensitivity the success rate
in predicting drought locations. The AUC classi-
fication in the studies Balamurugan et al. (2017)
and Naghibi et al. (2015) is as follows: perfect
(0.9-1.0), very good (0.8-0.9), good (0.7-0.8),
average (0.6—0.7), and poor (0.5-0.6).

RESULTS AND DISCUSSION

Historical land cover changes (2016-2025)

The interpretation of satellite imagery in the
Takkalasi Watershed yielded nine land cover
classes: secondary forest, open area, settlements,
agricultural/crop land, mixed agriculture, paddy
area, shrubland, fish bonds and water. Verification
and validation of the classification results were
conducted differently across periods. For 2016,
validation was performed by comparing the clas-
sification results with high-resolution imagery
from Google Earth Pro as reference data. Mean-
while, validation for 2025 was conducted through
direct field surveys (Ramadhan et al., 2026; Is-
lami et al., 2022).

The accuracy test results show 93.60% overall
accuracy in 2016 and 94.19% in 2025. The Kappa
coefficients obtained were 92.26% (2016) and
92.22% (2025). These accuracy values indicate
a very high level of precision, far exceeding the
generally accepted minimum threshold of 80% for
both overall accuracy and the Kappa coefficient
(McCombs et al., 2016). This high accuracy dem-
onstrates the reliability of the land cover classi-
fication results, which can be used for historical
change analysis and for input inti land cover pro-
jection modelling (Vahid and Aly, 2025).

Based on Table 1, land cover conditions in
the Takkalasi Watershed in 2016 and 2021 were
dominated by secondary forest, although it de-
creased by 40.44 Ha. Over the ten-year period,
there were significant changes in land cover dy-
namics, marked by increases and decreases in
the area of several land cover classes. The most
significant land cover change was an increase in
the area of paddy area by 356.52 Ha, with an an-
nual growth rate of 39.61 Ha/year. This increase
was followed by expansions in open area (+48.72
Ha) and settlements (+44.93 Ha). Conversely, the
largest decreases in area occurred in the agricul-
tural/crop land class (-191.65 ha) and the Shru-
bland class (-163.57 ha).

These findings indicate a trend toward inten-
sification of wet agriculture and the conversion
of agricultural/crop land class and shrubland
into productive land and built-up areas. The an-
nual rate of land cover change in the Takkalasi
Watershed shows the most significant increase
in the rice paddy class and a substantial decrease
in dryland agriculture and scrubland. Although
the expansion of rice paddies may increase food
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Table 1. Land cover changes in 2016 and 2025 in the Takkalasi Watershed

Land cover Area in 2016 | Area in 2025 Area change (2016-2025)
Ha % ha % Ha Ha/Year

Secondary forest 4,952.17 53.15 4,911.73 52.71 -40.44 -4.49
Open area 11.20 0.12 59.92 0.64 48.72 5.41
Settlement 230.99 248 275.92 2.96 44.93 4.99
Agricultural/crop land 374.65 4.02 183.00 1.96 -191.65 -21.29
Mixed agriculture/Agroforestry 566.06 6.08 507.28 5.44 -58.78 -6.53
Paddy area 1,984.22 21.30 2,340.74 2512 356.52 39.61
Shrubland 885.07 9.50 721.10 7.74 -163.97 -18.22
Fish bond 255.05 2.74 259.50 2.79 4.45 0.49
Water 58.18 0.62 58.40 0.63 0.22 0.02
Total area 9,317.57 100 9,317.57 100

production, the reduction in shrubland and natural
forests may decrease water retention and infiltra-
tion in the upstream region (Anwar et al., 2011).
This could potentially exacerbate vulnerability to
drought in the future. These changes align with
the land-conversion patterns commonly observed
in many watersheds in South Sulawesi, driven by
to anthropogenic pressures and the need for agri-
cultural land (Marwah, 2014).

The increase in rice paddies and settlements,
offset by a decline in shrubland and dryland agri-
culture, reflects a landscape transformation from
a subsistence agricultural system toward a more
intensive agricultural system and population ur-
banization in the Takkalasi watershed (Parera,
2024). These changes not only alter the landscape
structure but also have the potential to affect the
region’s hydrological balance (Sujarwo et al.,
2023). The decline in natural vegetation, such as
shrubs and thickets that act as buffers for rainwa-
ter infiltration, can accelerate surface runoff and
groundwater recharge (Yadav, 2023). Therefore,
the dynamics of land cover change over the past
decade serve as a crucial foundation for under-
standing the increased risk of drought in the Tak-
kalasi Watershed.

Projected land cover changes in 2045

An internal consistency assessment of the
2045 land cover projection, obtained by cross-
tabulating the classified 2025 base map against
the simulated 2045 map, indicated strong agree-
ment between the simulated transition pattern
and the 2025 baseline, with an Overall Accuracy
of 92.69% and a Kappa coefficient of 88.93%.
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Because the 2045 land cover has not yet been ob-
served, these values should be interpreted as mea-
sures of internal model consistency relative to the
2025 starting condition, rather than as a field-vali-
dated accuracy assessment of the projection itself.
Nonetheless, values well above the commonly
cited acceptability thresholds of 85% for Overall
Accuracy and 80% for Kappa (Kundu et al., 2025)
indicate that the simulated land-use transition pro-
cess is internally coherent, providing a reasonable
basis for exploring plausible future landscape tra-
jectories and their implications for surface drought
susceptibility in the Takkalasi Watershed.

Based on a Cellular Automata model simula-
tion using the LanduseSim software, the project-
ed changes in land cover in the Takkalasi Water-
shed, shown in Table 2, indicate a fairly signifi-
cant trend compared to conditions in 2025. The
most dominant change is a significant increase in
settlement area, reaching 641.28 Ha an average
growth of 32.06 Ha per year. Conversely, there
was a decrease in the area of several agricultural
land classes, particularly paddy fields (-515.61
ha) and agricultural/crop land (63.92 ha). Simi-
larly, secondary dryland forests and shrublands
also experienced a decrease in area, albeit with
smaller changes.

The visualization of land cover changes in
the projection years shown in Figure 4a displays
a bar chart of area by land cover class, reveal-
ing that the settlement area is the only land cover
class experiencing positive growth. In the study
Salvacion (2021), it is stated that the expansion
of built-up areas replacing agricultural land and
natural vegetation is the dominant pattern of land
cover change in developing tropical regions, with
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Table 2. Projected changes in land cover for the year 2045 in the Takkalasi Watershed

Area in 2025 Area in 2045 Area change (2025-2045)
Land cover

Ha % ha % Ha Ha/Year
Secondary forest 4,911.73 52.71 4,908.40 52.68 -3.33 -0.17
Open area 59.92 0.64 57.80 0.62 -2.12 -0.11
Settlement 275.92 2.96 917.20 9.84 641.28 32.06
Agricultural/crop land 183.00 1.96 119.08 1.28 -63.92 -3.20
Mixed agriculture/Agroforestry 507.28 5.44 484.33 5.20 -22.95 -1.15
Paddy area 2,340.74 2512 1,825.13 19.59 -515.61 -25.78
Shrubland 721.10 7.74 687.11 7.37 -33.99 -1.70
Fish bond 259.50 2.79 259.48 2.78 -0.01 0.00
Water 58.40 0.63 59.06 0.63 0.66 0.03
Total area 9,317.57 100 9,317.57 100

serious implications for the water balance. Mean-
while, the settlement expansion trend projected
in this study shows a progressive and consistent
growth pattern throughout the simulation period.
Based on Figure 4b, the cumulative growth pro-
jection for the settlement area shows a linear in-
crease from 275.92 ha in 2025 to 917.20 ha in
2045, with an average increase of 128.26 ha per
five-year interval. This growth rate indicates a
relatively stable acceleration, with the increase
in area over each five-year interval ranging from
104.30 ha to 145.83 ha, suggesting that the pres-
sure for land conversion to built-up areas shows
no signs of slowing. Beyond the change in area
itself, this settlement expansion carries direct
ecological consequences: the progressive re-
placement of vegetated and agricultural surfaces
with impervious built-up land is expected to re-
duce infiltration capacity and evapotranspiration,
and to elevate surface temperatures in the affected
zones, thereby reinforcing conditions conducive
to surface drought susceptibility.
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These land-cover changes are projected to oc-
cur primarily in the lower and middle reaches of
the Takkalasi watershed, as shown in Figure 5.
These areas are expected to be growth centers due
to strong driving factors in the model, including
proximity to the road network, high accessibility,
and proximity to existing settlement centers. Sup-
porting factors such as relatively flat topography
and proximity to water bodies also accelerate the
conversion of agricultural land into built-up areas
(Mitsuda and Ito, 2011). The results of this simu-
lation depict a “Business as Usual” scenario, in
which trends of urbanization and the conversion
of agricultural land into residential areas continue
unabated without strong policy intervention (Wu
et al., 2011). Massive increases in residential de-
velopment in the middle and lower reaches of the
watershed could increase pressure on water re-
sources and heighten susceptibility to future sur-
face drought conditions, given that built-up land
has low water infiltration and retention capacity
(Muhammad et al., 2020).
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Figure 4. Graph of land cover changes: (a) change in area by class (2025 — 2045)
(b) projected settlement growth (5-year iteration)
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Figure 5. Spatial land cover map for 2016-2025 and projections for 2045 in the Takkalasi Watershed

Analysis of land surface temperature in the This increase in extreme temperatures was dri-
Takkalasi Watershed ven by a strong El Nifio phenomenon. This is
supported by studies by Thamrin et al. (2025)
Analysis of land surface temperature (LST)  and Yuniasih et al. (2024), which report that In-
from Landsat 8 OLI/TIRS imagery (Figure  donesia experienced El Nifio events during that
6) reveals varying results across the Takkalasi period. A drastic increase in surface temperature
watershed during the study period. The highest  can accelerate groundwater evaporation and re-
land surface temperature was recorded in 2019,  duce soil surface moisture, thereby exacerbating
reaching 41 °C, followed by 2023 with a maxi- drought, especially in areas with sparse vegeta-
mum temperature of 37 °C and 2016 at 34 °C. tion (Cassardo, 2014).
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Figure 6. LST map of the Takkalasi Watershed from 2016 to 2025
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Surface drought susceptibility assessment
using the FR model

The FR values presented in Table 3 were
obtained through a bivariate statistical approach
based on Equation 3. The FR values are not nec-
essarily a direct result of the spatial analysis pro-
cess, but are calculated from the ratio of the pro-
portion of drought occurrences to the area of each
factor subclass. Specifically, the number of pixels
experiencing drought in each factor class (PxCL)
was obtained through the “Extract Multi-Values
to Point” process, while the number of pixels in
each factor class (PnXL) was calculated using
raster statistics. These two values were then sub-
stituted into the FR equation to produce vulner-
ability weights for each factor.

Based on the analysis results, building density
(FR = 1.82), residential land cover (FR = 1.81),
and rice paddies (FR = 1.78) show the strongest
spatial association with surface drought suscepti-
bility in the Takkalasi Watershed. These patterns
are consistent with urban hydrology theory, which
indicates that an increase in built-up areas and
building density is associated with a reduction in
rainwater infiltration capacity and an increase in
surface runoff, thereby reducing groundwater re-
charge and being linked to greater surface drought
susceptibility (Weng, 2012). Several studies in
tropical regions have also shown that high-density
residential areas tend to have higher surface tem-
peratures and lower water retention capacity, a
combination associated with greater water deficits
during the dry season (Marcotullio et al., 2021).

Meanwhile, rice field intensification is also
strongly associated with higher surface drought
susceptibility. Although rice fields are irrigated,
converting land from natural vegetation to mono-
culture rice fields can reduce biodiversity and
overall groundwater storage capacity (Azadi et
al., 2018). Previous research in Southeast Asia has
shown that the expansion of wet agricultural land,
if not balanced by water-conservation practices,
is associated with greater long-term hydrological
susceptibility through increased evapotranspira-
tion and decreased natural vegetation cover (Di-
myati et al., 2024).

The results of the drought susceptibility index
(DSI) calculation indicate that drought suscepti-
bility in the Takkalasi watershed is distributed het-
erogeneously. Based on Table 4, areas with very
low and low susceptibility levels dominate the wa-
tershed, extending from the upper to the middle

reaches, accounting for 26.13% and 26.03%, re-
spectively. Meanwhile, overall, approximately
28.63% of the watershed area falls into the high to
very high susceptibility categories. The DSI dis-
tribution map in Figure 7 shows that areas with
high and very high susceptibility are concentrated
in the middle to lower reaches of the Takkalasi
watershed. This spatial pattern shows a strong as-
sociation with the factors most strongly linked to
drought namely, building density, settlement ex-
pansion, and the dominance of agricultural land in
relatively flat areas (Murthy et al., 2015). In con-
trast, the upstream areas of the watershed, which
are still dominated by secondary dryland forests
and shrublands, tend to exhibit low to very low
susceptibility levels (Vogt et al., 2016).

These findings indicate that although most
of the Takkalasi watershed remains classified as
having low to very low susceptibility, the pres-
ence of areas with high and very high suscep-
tibility in the middle to lower reaches warrants
special attention. These areas have the potential
to experience more severe water deficits during
the dry season, reflecting a susceptibility pattern
characteristic of watersheds in tropical regions
under high anthropogenic pressure (Angeluccetti
et al., 2014). Previous research has shown that ar-
eas with high pressure are typically concentrated
in the middle and lower reaches of river basins
due to the cumulative impacts of land conversion,
increased surface impermeability, and reduced in-
filtration capacity (Huang et al., 2016). This situ-
ation aligns with the theory that, although most of
the region remains relatively safe, the presence of
high-susceptibility hotspots can become critical
points that threaten the overall hydrological resil-
ience if not properly managed (Giri et al., 2018).

Model validation

The surface drought susceptibility model was
validated using ROC curve analysis by compar-
ing DSI raster values at drought and non-drought
sample points, which were classified into a train-
ing dataset comprising 70% and validation dataset
comprising 30% of the total sample points. The
evaluation results show that the AUC (area under
the curve) for the Success Rate model was 0.807,
while that for the Prediction Rate model was
0.7272. Based on the model performance classi-
fication proposed by Balamurugan et al. (2017),
the AUC value for the Success Rate model is cat-
egorized as “good,” while the AUC value for the
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Table 3. FR values of drought-causing factors

Factor Factor class PxcL % PxCL PnXL % PnXL FR
Secondary forest 7.409 18.28 54.561 52.70 0.35
Paddy area 18.586 45.85 26.634 25.72 1.78
Shrubland 5.191 12.81 8003 7.73 1.66
Settlement 2.178 5.37 3.068 2.96 1.81
Land cover Agricultural/crop land 1.392 3.43 2.039 1.97 1.74
Mixed agriculture/Agroforestry 3.905 9.63 5.661 5.47 1.76
Fish bond 1.424 3.51 2.886 2.79 1.26
Open area 14 0.03 46 0.04 0.78
Water 436 1.08 638 0.62 1.75
Loam 10.983 27.10 37281 36.01 0.75
Silty loam 10.598 26.15 37.993 36.70 0.71
Soil texture L1 Silty clay 4106 10.13 6687 6.46 1.57
Sand 14.133 34.87 20.388 19.69 1.77
Loamy sand 715 1.76 1187 1.15 1.54
Loam 715 1.76 16.574 16.01 0.1
Silty loam 10.983 27.10 21.894 21.15 1.28
Soil texture L2 Clay loam 10.598 26.15 37.993 36.70 0.71
Silty clay 4106 10.13 6687 6.46 1.57
Sand 14.133 34.87 20.388 19.69 1.77
Loam 0 0.00 15.387 14.86 0.00
Soil texture L3 Silty loam 10.983 27.10 21.8%4 21.15 1.28
Sandy clay loam 15.419 38.04 45.867 44.30 0.86
Silty loam 14.133 34.87 20.388 19.69 1.77
Rainfall 1,500-2,000 mm/year 40.535 100.00 103.536 100.00 1.00
0-8% 16936 42 27.648 27 1.56
8-15% 9.633 24 18.874 18 1.30
Slope class 15-25% 7.416 18 20.596 20 0.92
25-45% 5372 13 24.612 24 0.56
>45% 1178 3 11.806 1 0.25
Non-building (-1-0) 40039 98.78 102.840 99.33 0.99
Building density

Rare (0-0.1) 496 1.22 696 0.67 1.82
Non-vegetation (<0.125) 1092 2.69 2.466 2.38 1.13
Sparse (0.125-0.25) 1.403 3.46 2.621 2.53 1.37

Vegetation density
Moderate (0.25-0.5) 35.879 88.51 93.287 90.10 0.98
Dense (>0.5) 2161 5.33 5.162 4.99 1.07
0-100 m 24.526 61 66.489 64 0.94
River distance 100-250 m 13.723 34 33.202 32 1.06
250-500 m 2220 5 3.749 4 1.51
>500 m 66 0 96 0 1.76
Low (-1-0) 18.730 46.2 45.735 4417 1.05
Hotspot Moderate (0-1) 13.904 34.3 41.614 40.19 0.85
High (1-2) 7901 19.5 16.187 15.63 1.25

Prediction Rate model falls into the “adequate” Frequency Ratio (FR) model developed in this
category. Both values exceed the minimum study is assessed as having acceptable internal dis-
threshold required for a model to be considered  criminatory performance to distinguish drought-
statistically valid, namely AUC > 0.70; thus, the  prone areas from non-drought-prone areas.
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Table 4. Surface drought susceptibility classes based on DSI values in the Takkalasi Watershed

DSI Vulnerability categories Number of pixels Area
(Ha) (%)
5.62-7.84 Very low 27,095 2,434.28 26.13
7.84-9.89 Low 26,830 2,425.16 26.03
9.89-11.63 Medium 19,861 1,790.24 19.21
11.63-13.23 High 13,741 1,221.02 13.10
13.23-16.19 Very high 16,009 1,446.88 15.53
Total 103,536 9,317.57 100

It should be noted transparently that both
the 70% training subset and the 30% validation
subset were drawn by random sampling from the
same overall pool of drought/non-drought points
for the study area, rather than from spatially inde-
pendent or externally held-out locations. Because
nearby sample points can share similar environ-
mental conditions (spatial autocorrelation), this
sampling design may overstate the model’s true
predictive independence, and the resulting AUC
values should be interpreted as measures of in-
ternal consistency rather than fully independent
external validation. Spatially independent valida-
tion strategies, such as spatial block cross-valida-
tion or buffered leave-one-out cross-validation,
are recommended for future refinements of this
modelling framework (Table 5).

The ROC curve visualizations for both data-
sets show curves that consistently slope upward

toward the top-left corner of the graph, away
from the reference diagonal line, indicating that
that the models have high sensitivity with rela-
tively low false-positive rates. The difference in
AUC values between the Success Rate model
and the Prediction Rate model is approximate-
ly 0.08, indicating that no significant overfitting
occurred during the modeling process; thus, the
models retain good generalization ability for data
not used in the training process (Balamurugan et
al., 2017). These results indicate that the selection
of conditioning factors for FR modeling reflects a
spatial representation proportional to the dynam-
ics of drought in the study area. The lack of sub-
stantial differences in AUC values between the
training and validation datasets is an indicator of
the model’s stability and reliability in the context
of spatially-based predictive modelling (Figure 8)
(Rahmati et al., 2016).
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Figure 7. Map of surface drought susceptibility indices and classes
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Table 5. AUC values from ROC validation results
for the success rate and prediction accuracy of the FR
model for surface drought susceptibility

AUC AUC value
Model success rate 0.807
Model prediction rate 0.727

The model validation performance obtained in
this study is consistent with the findings of various
previous studies that used similar spatial modeling
approaches in the context of hydrometeorological
disaster susceptibility assessment. Pradhan (2013)
in his study on landslide hazard mapping based on
the Frequency Ratio method, reported AUC val-
ues ranging from 0.72 to 0.85, which are compa-
rable to those obtained in this study. Furthermore,
Oh and Pradhan (2011) affirm that an AUC value
for the Model Prediction Rate above 0.70 meets
the validation criteria for use as a basis for deci-
sion-making in spatially-based disaster mitiga-
tion efforts. In the field of drought research, Rhee
et al. (2010) state that the integrating of remote
sensing-based indices, such as DSI into a spatial
modeling framework, can significantly improve
the accuracy of drought condition representation,
particularly when combined with robust statistical
validation methods such as ROC-AUC analysis.
Beyond methodological benchmarking, these re-
sults are also consistent with broader evidence
from other tropical watershed studies: Vogt et al.
(2016) and Guzha et al. (2018), for instance, simi-
larly report that land-cover conversion in tropical
river basins measurably reduces hydrological reg-
ulation capacity and elevates drought-related risk,
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reinforcing the relevance of the present findings
beyond the Takkalasi watershed. Thus, the Fre-
quency Ratio model for surface drought suscepti-
bility mapping developed in this study meets the
validity standards set in the scientific literature; it
can therefore be deemed suitable and reliable as a
basis for compiling surface drought susceptibility
maps in the study area.

Integration of land cover dynamics and
surface drought susceptibility

The results of integrating land cover dynamics
analysis and surface drought susceptibility mod-
eling using the frequency ratio method reveal a
strong, systematic relationship between the two
variables in the Takkalasi Watershed. Areas ex-
periencing a decline in natural vegetation cover
particularly in secondary dryland forests and
shrublands and accompanied by an increase in the
extent of built-up land and rice fields consistently
exhibit higher DSI values, with building density,
residential land cover, and rice fields identified as
conditioning factors with the highest Frequency
Ratio values. Mechanistically, this pattern reflects
a coherent ecological pathway: a decline in veg-
etation cover reduces evapotranspiration and the
soil’s water-retention capacity, which in turn el-
evates land surface temperature and reduces mois-
ture availability at the surface, ultimately increas-
ing surface drought susceptibility. This condition
is exacerbated by surface temperature anomalies
associated with the El Nifio phenomenon, which
accelerate groundwater evaporation and reduce
surface area in regions with low vegetation cover
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Figure 8. ROC curves from the ROC validation results against FR for surface drought susceptibility modeling:
(a) model success rate, (b) model prediction rate
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(Thamrin et al., 2025). Historically, the decline in
the area of dryland agriculture and scrubland has
been positively correlated with the expansion of
areas with moderate to high susceptibility, while
upstream watershed areas still dominated by forest
cover consistently exhibit relatively low suscepti-
bility levels, consistent with the findings Guzha et
al., (2018) that the conversion of forests and nat-
ural vegetation into agricultural land or built-up
areas in tropical regions significantly reduces the
hydrological regulation functions of watersheds.

Land-cover projections through 2045 using
cellular automata simulations further reinforce
this relationship, showing that massive settlement
expansion, accompanied by a decline in the area
of rice paddies and natural vegetation, is predict-
ed to substantially expand areas with high to very
high susceptibility in the middle to lower reaches
of the watershed, as emphasized by Salvacion
(2021), who note that the expansion of impervi-
ous areas due to uncontrolled urbanization strong-
ly correlates with increased intensity and duration
of hydrological droughts in tropical watersheds.
Overall, an integrated approach combining land
cover dynamics analysis, Cellular Automata pro-
jection simulations, and Frequency Ratio-based
susceptibility modeling has yielded a comprehen-
sive spatial understanding of the mechanisms un-
derlying the formation and escalation of surface
drought susceptibility in the Takkalasi watershed,
thereby making this methodological framework a
potentially relevant scientific tool for developing
risk-based spatial planning and formulating wa-
tershed-level climate change adaptation strategies
(Pokhrel et al., 2021).

From an ecological engineering perspective,
these findings point to concrete, spatially targeted
management interventions capable of moderating
future increases in surface drought susceptibility.
Priority actions include riparian buffer restora-
tion and forest-cover conservation in the upper
and middle reaches to sustain evapotranspiration
and baseflow regulation; the promotion of agro-
forestry systems in transitional zones between
forest and agricultural land to maintain partial
canopy cover and root-zone water retention; and
the incorporation of infiltration-enhancing and
green-infrastructure measures (e.g., bioswales,
permeable surfaces, and retention ponds) with-
in projected settlement-expansion zones in the
middle and lower reaches. Embedding these eco-
logical engineering measures into district spatial
planning (RTRW) and watershed management

plans could help offset the hydrological conse-
quences of the anthropogenic land-cover change
identified in this study.

Limitations of the study

Several limitations should be acknowledged.
First, drought susceptibility in this study was
assessed through a thermal (LST-based) proxy
rather than through independent meteorological
drought indices (e.g., SPI, SPEI, PDSI) or in-situ
soil moisture measurements; the resulting suscep-
tibility maps should therefore be interpreted as
surface thermal drought susceptibility rather than
meteorological or agricultural drought risk in the
strict sense. Second, the training and validation
samples used in the ROC/AUC evaluation were
drawn from the same overall spatial sample pool
rather than from an independently held-out spatial
subset, which may understate spatial dependency
between the two subsets; spatially independent
cross-validation is recommended in future work.
Third, a formal sensitivity analysis of the cellular
automata driving-factor weights (e.g., system-
atically perturbing the settlement, primary-road,
and secondary-road weights by £20%) was not
executed as part of this study; the baseline simu-
lated land-use trajectory (2025-2045) is reported
in full in the supplementary material, and a per-
turbation-based sensitivity design is proposed as
a direction for subsequent refinement of the pro-
jection model. Fourth, the original LanduseSim
project file was not retained after the simulation
run; the complete parameter set, driving-factor
weights, and simulated output trajectory are pro-
vided as supplementary documentation to support
reproducibility in place of the project file itself.

CONCLUSIONS

The study successfully identified the dynam-
ics of land cover change in the Takkalasi Water-
shed, both historically and prospectively, by in-
tegrating multitemporal satellite image analysis
with Cellular Automata simulations. The clas-
sification results indicate that during the obser-
vation period, significant shifts in land cover
occurred, characterized by increases in built-up
areas, rice fields, and open area and a decrease in
natural vegetation, including secondary forests,
shrubland and agricultural/crop land. Land cover
projections generated through Cellular Automata
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simulations, which showed a high degree of inter-
nal consistency with the 2025 baseline, indicate
that these land conversion trends will continue and
intensify in the future, with the expansion of resi-
dential areas as the dominant change. This overall
pattern of land cover transformation reflects in-
creasing anthropogenic pressure on the Takkalasi
Watershed ecosystem, which has implications for
the balance of its hydrological functions.

Surface drought susceptibility modeling us-
ing the Frequency Ratio method, validated via
an ROC curve, shows that the developed model
possesses acceptable internal discriminatory per-
formance and is statistically adequate for dis-
tinguishing between drought-prone and non-
drought-prone areas. The spatial distribution of
the drought susceptibility index (DSI) shows that
areas with high to very high susceptibility are
concentrated in the middle to lower reaches of
the watershed, which strongly corresponds to ar-
eas experiencing the expansion of built-up areas
and intensive agriculture. The integration of land
cover dynamics and drought susceptibility mod-
elling confirms that the conversion of land cover
from natural vegetation types to anthropogenic
land is a key determinant shaping and reinforcing
the spatial distribution of drought susceptibility in
the Takkalasi watershed, both under current con-
ditions and in future projection scenarios. Taken
together, these findings indicate that landscape
transformation in the Takkalasi watershed func-
tions as an ecological risk pathway that will con-
tinue to shape and intensify surface drought sus-
ceptibility over time, underscoring the need for
proactive, ecologically informed watershed man-
agement rather than reactive drought response.
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