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Tropical urban watersheds are increasingly vulnerable to groundwater drought due to the 
combined effects of land use change, groundwater dependence, and climate variability. 
This study assessed current and future groundwater drought vulnerability in the Wanggu 
Watershed, Indonesia, using a geospatially integrated Groundwater Drought 
Vulnerability Index (GDVI) based on groundwater dependency, geohydrological 
conditions, and climatological factors. Factor weights were derived using the Analytical 
Hierarchy Process (AHP), while future land use and climate conditions were projected 
using the Geographical Simulation and Optimization System–Future Land Use 
Simulation (GeoSOS-FLUS) model and bias-corrected Coupled Model Intercomparison 
Project Phase 6 (CMIP6) scenarios under Shared Socioeconomic Pathways (SSP2-4.5 
and SSP5-8.5). Results show that historical vulnerability ranges from low to very high, 
with most of the watershed currently classified as moderate to high vulnerability and 
hotspots concentrated in the south-central area. Future projections indicate a marked 
increase in groundwater drought vulnerability, particularly under SSP5-8.5, where high 
to very high vulnerability expands across much of the watershed. This increase reflects 
the combined influence of land use change and stronger hydroclimatic stress, especially 
higher evapotranspiration relative to rainfall. These findings highlight the need for 
spatially targeted groundwater management, including recharge area protection, 
groundwater abstraction control, and adaptive land use planning to strengthen long-term 
water security. The approach provides a practical basis for drought mitigation and future 
planning. 
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1. INTRODUCTION

Groundwater plays a crucial role in the hydrological system, 
serving as the largest source of freshwater, easily accessible, 
and widely utilized to meet human needs, ranging from 
domestic needs to agricultural and industrial activities [1, 2]. 
Groundwater is closely linked to watersheds, which constitute 
a unified hydrological system. Within this system, watersheds 
regulate the interaction between surface water flow and 
groundwater availability. The biophysical characteristics of 
watersheds significantly determine infiltration capacity and 
groundwater recharge processes [3, 4]. 

Urban development and the conversion of land to built-up 
areas, which frequently occur in tropical urban areas, make 
groundwater availability highly vulnerable. This condition can 
significantly impact infiltration capacity, increasing surface 
runoff during the rainy season, thus disrupting groundwater 
recharge [5, 6]. Groundwater exploitation can affect the 
hydrological balance of watershed areas, which supply water 
resources for various human needs. This, combined with rising 
surface temperatures, increased evapotranspiration rates, and 

unpredictable climate variability, will disrupt the balance 
between groundwater recharge and withdrawal [7, 8]. The 
resulting impact is a decline in groundwater levels, particularly 
during dry periods, which can increase vulnerability to 
groundwater drought, posing a risk to water security and 
sustainable development [9]. Recent studies from tropical 
regions show that groundwater systems are increasingly 
pressured by climate change, urban growth, and limited long-
term monitoring capacity [10-12], but also by hydrogeological 
conditions [11-13]. 

Drought is a complex phenomenon that develops through 
several interrelated stages: meteorological, hydrological, 
agricultural, and socioeconomic. Meteorological drought, a 
condition resulting from rainfall deficit, is often considered the 
primary trigger of hydrological drought, affecting surface 
runoff, infiltration, and groundwater storage [14-17]. This 
meteorological drought impacts agriculture, which requires 
water for cultivation management, and thus impacts the 
socioeconomic conditions of communities [18, 19]. 

Several studies have used geospatial-based drought indices 
to assess drought conditions, such as the use of the 
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standardized precipitation index (SPI) and standardized 
precipitation evapotranspiratin Index (SPEI) indices for 
monitoring meteorological drought and its impacts [20-22], 
the use of the Soil Moisture Index (SMI) for evaluating 
agricultural drought [23, 24], and hydrological drought 
evaluation using the Stream Flow Index [25-28]. 

A recent study in a tropical region in Indonesia used SPI to 
assess meteorological drought, especially in Jember Regency 
[29], and a recent review in tropical Southeast Asia also found 
that the assessment of drought in this region is still dominated 
by SPI, SPEI, and Palmer drought severity index (PDSI), 
while important gaps remain in index sensitivity and climate-
related applications [12]. This shows that most of these studies 
focus on monitoring and evaluating meteorological and 
surface-water drought vulnerability, especially in tropical 
regions, even though recent evidence shows that drought 
propagation can vary by climate and may not be controlled by 
precipitation alone [30], while groundwater drought 
vulnerability remains relatively underexplored. 

Moreover, groundwater drought assessments are commonly 
limited to historical conditions, with little attention paid to 
future climate projections and land-use dynamics. This gap is 
especially critical in tropical urban watersheds, where 
groundwater abstraction, land conversion, and climate-driven 
changes in evapotranspiration interact in complex ways. 
Integrated assessments that combine groundwater dependence, 
geohydrological characteristics, climate change, and land use 
change are still scarce, particularly in tropical urban 
watersheds [10, 11, 30]. 

The Wanggu Watershed, located in Southeast Sulawesi, 
Indonesia, represents a typical tropical urban watershed 
experiencing increasing hydrological stress, based on previous 
studies [31, 32], declining infiltration capacity, expanding 
built-up areas, and intensified groundwater exploitation within 
the watershed, which may result in high potential vulnerability 
to drought even in the future. 

In response to these challenges, this study addresses that gap 
by applying a geospatially integrated Groundwater Drought 
Vulnerability Index (GDVI) to assess current and future 
groundwater drought vulnerability under changing climate and 
land use conditions. This research can provide a 
comprehensive assessment framework to support sustainable 
groundwater management and enhance resilience in tropical 
urban watersheds under increasing hydroclimatic pressure. 

2. RESEARCH METHOD

The Wanggu watershed, located in Southeast Sulawesi,
Indonesia, covers three regions: the South Konawe District, 
the Konawe District, and Kendari City, with geographic 
coordinates ranging from 3°59′23″ S – 4°10′14″ S and 
122°22′26″ E – 122°33′14″ E (Figure 1). 

2.1 Groundwater drought vulnerability 

A groundwater drought vulnerability assessment was 
conducted using the method proposed by Ling et al. [14] and 
the GDVI algorithm. This index is a measure of groundwater 
drought vulnerability, a composite of various variables that 
influence the potential for groundwater to experience drought. 
The assessment of dependence on groundwater, 
geohydrological conditions, and climatological conditions is 
the three main variables to be evaluated. Drought vulnerability 
assessment was done for two time frames: current or historical 
conditions and future scenarios. The assessments over two 
different periods were conducted to identify current potential 
drought vulnerability and project future drought risks, which 
are used as a form of anticipation. This assessment will 
provide a basis for sustainable groundwater management as a 
form of adaptation and mitigation of drought hazards. 

Figure 1. The Wanggu watershed 
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2.1.1 Groundwater dependency 
Groundwater dependency refers to the extent to which local 

populations and economic activities rely on groundwater 
resources for domestic, agricultural, and industrial needs. In 
the study area, groundwater dependency was assessed through 
three indicators, which consist of (1) groundwater exploitation, 
(2) distance to surface water, and (3) land use. First,
groundwater exploitation was assessed as the direct use of
groundwater for human needs, particularly domestic
consumption, with data obtained through field surveys and
structured interviews. The exploitation value was determined
based on the ratio between actual water use for household
needs and the standard water requirement based on
Permendagri No. 23 [33]. Second, the distance to surface
water was calculated using buffer analysis of river networks
with Geographic Information System (GIS) software to
determine the accessibility of alternative water sources. Third,
land use was derived from the acquisition and analysis of
LANDSAT 8/9 OLI TIRS satellite imagery for the period
2015–2024, processed through the Google Earth Engine (GEE)
platform and classified using the supervised classification
method in GIS software to capture spatial patterns of land
cover affecting groundwater dependency.

2.1.2 Geohydrological condition 
There are four main variables used to determine the 

geohydrological conditions of the soil that influence the 
vulnerability of groundwater to drought: groundwater 
potential, shallow well depth, permeability, and slope gradient. 
Groundwater depth is obtained from well measurements at 
several sampling points; permeability is calculated from 
laboratory analyses of soil samples; and slope gradient is 
derived from remote sensing data, specifically a digital 
elevation model (DEM). Geohydrological conditions indicate 
the soil's ability to store water in the soil layer through runoff 
and recharge processes. 

2.1.3 Climatological condition 
Assessment of Climatological Conditions in Influencing the 

Vulnerability of Groundwater Drought in the Wanggu 
Watershed using the two main variables, namely rainfall and 
Evapotranspiration. Rainfall data were analyzed over 10 years 
from 2013 to 2024 in the form of an annual average. To 
calculate Evapotranspiration, the Hargreaves-Samani method 
was used based on air temperature data for 10 years in the form 
of maximum, minimum, and average temperatures [34, 35]. 
This Climate Data was obtained from BMKG, which was used 
to determine how water availability in the soil is affected by 
the difference between rainfall values and evapotranspiration 
values. 

2.2 Groundwater Drought Vulnerability Index 

The indicator used to assess the vulnerability of 
groundwater drought in the Wanggu Watershed is the GDVI 
developed by Ling et al. [14]. GDVI is a measure that takes 
into account the factors that have the most significant impact 
on the groundwater drought situation. The computation of 
GDVI in this paper is based on the location where the variables 
are considered as spatial data. 

To determine the relative influence of each variable, factor 
weights were derived using the Analytical Hierarchy Process 
(AHP) based on expert pairwise comparisons conducted in 
Expert Choice software [14, 36-38]. The assessment involved 

five experts representing the fields of hydrology, climatology, 
watershed management, and relevant technical agencies. In 
this procedure, the evaluation criteria were first structured 
hierarchically, after which pairwise comparisons were 
performed to derive normalized priority weights for each 
variable. 

The consistency of expert judgments was evaluated using 
the Consistency Index (CI) and Consistency Ratio (CR) [14, 
37] as expressed in Eqs. (1) and (2), where the pairwise
comparison matrix was considered acceptable when CR < 0.10.

𝐶𝐶𝐶𝐶 =  (𝜆𝜆𝑚𝑚𝑚𝑚𝑚𝑚 − 𝑛𝑛)/(𝑛𝑛 − 1) (1) 

𝐶𝐶𝐶𝐶 = 𝐶𝐶𝐶𝐶/𝑅𝑅𝑅𝑅 (2) 

where, 𝜆𝜆𝑚𝑚𝑚𝑚𝑚𝑚 is the maximum eigenvalue, n is the order of the 
comparison matrix, and RI is the Random index. 

The GDVI was calculated using the weighted linear 
combination using the following Eq. (3). 

GDVI = ∑ 𝑊𝑊𝑖𝑖𝑋𝑋𝑖𝑖𝑛𝑛
𝑖𝑖=1  (3) 

where Wi is the weight of the i-th parameter, and Xi is the score 
of the i-th parameter. 

Each geospatial factor that affects the GDVI has different 
magnitudes and units. Hence, to make the values and units 
equivalent, they are standardized first before using Eq. (1). 
The standardization process is done by the calculations 
illustrated in Eqs. (4.1) and (4.2). The use of these equations 
is based on the relationship between geospatial variables and 
groundwater drought vulnerability. If the geospatial variables 
have a positive correlation, Eq. (4.1) is used. If the geospatial 
variables have a negative correlation, then the standardization 
process uses Eq. (4.2) [14]. 

Xi = 10(ymax-yi)/(ymax-ymin) (4.1) 

Xi = 10(yi-ymin)/(ymax-ymin) (4.2) 

where Xi is the standardized value of the factors influencing 
vulnerability, yi is the original value of the i-th factor, ymax is 
the maximum value of the i-th factor, and ymin is the minimum 
value of the i-th factor. For categorical factors such as land use, 
the scoring is based on scientific references by Yuan et al. [39], 
which were then modified by the researchers to accommodate 
the number of land uses in the study area. 

From the standardization process, the resulting GDVI 
ranges from 0 to 10. This index range is used to categorize 
groundwater drought vulnerability. An index value < 2 
indicates very low vulnerability, 2-4 indicates low 
vulnerability, 4-6 indicates moderate vulnerability, 6-8 
indicates high vulnerability, and an index value > 8 indicates 
very high drought vulnerability [14]. 

2.3 Future projection of groundwater drought 
vulnerability 

The assessment of future groundwater drought vulnerability 
uses the same geospatial factors as the existing vulnerability 
factors. However, three factors are projected for future 
vulnerability assessment: land use, rainfall, and 
evapotranspiration. These three factors are projected for the 
period 2025 to 2050.
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2.4 Land use projection 
 

Future land use projections are conducted by integrating 
geographic information systems and the GeoSOS-FLUS 
model [40]. The 2019 land-use map was used as the initial 
land-use map, while the 2025 land-use map was used as the 
observed reference map for model validation. Before 
simulation, all raster inputs were standardized to the same 
rows and columns, and land-use classes were reclassified into 
consecutive integer codes. The model incorporated several 
driving factors, including distance to settlements, roads, 
airports, and health facilities, as well as population density, 
topography, and historical rainfall. Land-use change was 
simulated using two main modules in GeoSOS-FLUS, namely 
Artificial Neural Network (ANN)-based Probability-of-
occurrence Estimation and Self-Adaptive Inertia and 
Competition Mechanism CA. Model performance was 
evaluated using the Kappa Statistic Tool by comparing the 
simulated 2025 land-use map with the observed 2025 land-use 
map. After the model performance was confirmed, future land-
use demand was projected using the Markov Chain Model. 
The Kappa coefficient is a statistical validation metric which 
used to assess the model's ability to predict land use. If the 
Kappa value is > 0.80, it reflects the model's strong 
performance, reliability, and good spatial prediction accuracy 
between simulated and observed [41, 42]. However, the 
GeoSOS-FLUS simulation is still subject to uncertainty 
related to the selection of driving factors, the calibration of the 
ANN module, the transition settings in the CA module, and the 
quality of the historical land-use maps used for training and 
validation. Therefore, the projected land-use pattern should be 
interpreted as a plausible future scenario rather than an exact 
spatial prediction. 
 
2.5 Climate projection and bias correction 
 

Climate projections are vital for the command and control 
to get the gist of the environmental risks caused by climate 
change and to lay down the scientific basis for the long-run 
strategies of mitigation and adaptation [43, 44]. Various 
General Circulation Models (GCMs) have been employed to 
depict the changes caused by the global climate crisis over 
different environmental systems. In this research, the selected 
GCMs from the Coupled Model Intercomparison Project 
Phase 6 (CMIP6), which is a source of coordinated climate 
simulations from multiple models, are used, thus giving more 
data for climate impact assessments [45, 46]. 

Specifically, two CMIP6 models, Centro Euro-
Mediterraneo on Climate Change Earth System Model version 
2 (CMCC-ESM2) and Australian Community Climate and 
Earth-System Simulator – Climate Model version 2 
(ACCESS-CM2), were selected based not only on the 
availability of key climate variables (precipitation and 
maximum–minimum air temperature) but also on their 
documented ability to represent large-scale climate variability 
in regions [47, 48]. These models have been widely used in 
previous climate impact studies and provide consistent outputs 
required for hydrological assessments. The datasets were 
obtained through the CMIP6 Earth System Grid Federation 
(ESGF) data portal. The datasets were obtained through the 
CMIP6 ESGF data portal (https://esgf-
node.ipsl.upmc.fr/search/cmip6-ipsl/). Three periods were 
considered: (1) the historical period, which served as the 
baseline for 2013-2024, and (2) two future Shared 

Socioeconomic Pathways (SSP2-4.5 and SSP5-8.5) for the 
2025-2050 period, representing intermediate and high 
greenhouse gas emission scenarios, respectively [49-51] The 
selection of these two scenarios aims to evaluate the range of 
possible future hydrometeorological conditions, from 
moderate to extreme, that could potentially impact 
groundwater dynamics in the Wanggu Watershed. 

However, GCMs operate at coarse spatial resolutions and 
are often unable to capture local topographic variations and 
small-scale climatic processes accurately. Then, to better 
represent local climatic conditions in the study area, the 
selected CMIP6 outputs were bias-corrected using the Delta 
Change Method, a commonly applied approach for 
downscaling and adjusting GCM outputs to match local 
observations [45, 52-54]. Observational data from a local 
climatological station were used as the reference for bias 
correction, ensuring that the adjusted datasets reflect both the 
observed historical climate and the projected climate change 
signal at the local scale. Due to the incompleteness of ground-
based observations, this study employed the fifth-generation 
ECMWF reanalysis (ERA5)-Land reanalysis data for the 
minimum and maximum air temperature [55] and CHIRPS 
satellite-based precipitation data [56] as secondary datasets to 
support spatial and temporal calibration. The ERA5-Land and 
CHIRPS datasets were calibrated against observation data to 
enhance spatial coverage and temporal consistency across the 
study area [57]. The entire data processing and analysis 
workflow was conducted using GEE and RStudio to ensure 
reproducibility and computational efficiency. 

Specifically, ERA5-Land temperature data were calibrated 
using observed maximum and minimum air temperatures 
using Eq. (5), and subsequently used to estimate reference 
evapotranspiration (ET₀) using the Hargreaves–Samani 
method [35, 58], as expressed in the following formula: 

 
𝐸𝐸𝐸𝐸0,𝐻𝐻𝐻𝐻 = 0.0023 𝑅𝑅𝑎𝑎 (𝑇𝑇𝑚𝑚𝑚𝑚𝑚𝑚 − 𝑇𝑇𝑚𝑚𝑚𝑚𝑚𝑚)0.5(𝑇𝑇𝑎𝑎 + 17.8) (5) 

 
where ET₀ is the reference evapotranspiration (mm day⁻¹), Ta 
is the mean air temperature (℃), Tmax and Tmin are the daily 
maximum and minimum temperatures (℃), Ra is the 
extraterrestrial radiation based on the latitude position of the 
study area, and 0.0023 is an empirical coefficient 

The empirical coefficient of the Hargreaves–Samani 
equation was locally calibrated to represent site-specific 
climatic conditions. The calibrated ERA5 dataset was then 
used as a reference for bias correction of GCM temperature 
data. 

For precipitation, CHIRPS data were first calibrated against 
observed rainfall using a monthly scaling approach. The 
calibrated CHIRPS dataset was then used as the reference for 
bias correction of GCM precipitation data using a 
multiplicative scaling method. This two-stage bias correction 
framework ensures that both satellite-based and model-
derived precipitation data are consistent with local 
observational conditions. 

The bias correction functions derived from the baseline 
period were subsequently applied to future climate scenarios 
(SSP2-4.5 and SSP5-8.5), ensuring temporal consistency in 
the correction process. Although the bias-correction procedure 
improves the consistency of CMIP6 outputs with local 
observations, residual uncertainty remains because coarse-
resolution climate models may not fully represent watershed-
scale climatic heterogeneity, especially for rainfall and 
evapotranspiration. Therefore, the corrected projections 
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should be interpreted as scenario-based estimates rather than 
exact local predictions [59-61]. 

The Delta Change Method adjusts GCM projections by 
applying the modeled future change signal (delta) to the 
observed baseline [52, 54, 62, 63]. The downscaling process 
for precipitation and temperature data is expressed by the 
following formula [14, 64]: 

Pf = P0 (PGf / PG0) (6) 

Tf = T0 + (TGf - TG0) (7) 

where, 𝑃𝑃𝑓𝑓  and 𝑇𝑇𝑓𝑓  are the bias-corrected future precipitation 
and temperature, respectively, 𝑃𝑃0  and 𝑇𝑇0  are observation 
baseline values for precipitation and temperature, respectively. 
𝑃𝑃𝐺𝐺0  and 𝑇𝑇𝐺𝐺0  represent the historical GCM simulations for 
precipitation and temperature, respectively, and 𝑃𝑃𝐺𝐺𝐺𝐺  and 𝑇𝑇𝐺𝐺𝐺𝐺 
represent the future GCM simulations for precipitation and 
temperature, respectively. 

3. RESULT AND DISCUSSION

3.1 Groundwater drought vulnerability factors assessment 
(historical period) 

The assessment of groundwater drought vulnerability was 
carried out using the GDVI approach. The GDVI calculation 
is based on three main variables: groundwater dependency, 
geohydrological conditions, and climatological conditions. A 
total of nine parameters were evaluated according to the 
characteristics of the study area, namely: groundwater 
exploitation, distance to surface water, land use, groundwater 
potential, shallow well depth, permeability, slope, 

precipitation, and evapotranspiration. 

3.1.1 Groundwater dependency 
One of the factors that influences groundwater drought 

vulnerability is groundwater dependence. Groundwater 
dependence reflects the relationship between human 
groundwater use and groundwater availability. The spatial 
distribution of groundwater dependence in the Wanggu 
watershed, based on distance to surface water, groundwater 
exploitation, and land use, is shown in Figure 2 and Table 1. 

Table 1. Areal statistics of groundwater dependency factors 

Parameter Class Area 
(ha) 

Percentage 
(%) 

Distance to surface 
water 

<100 m 15,583.19 46.4 
100–500 m 15,701.55 46.8 
500–1000 

m 2,088.25 6.2 

>1000 m 210.23 0.6 

Groundwater 
exploitation 

Very good 1,325.50 3.9 
Good 6,882.66 20.5 

Medium 12,798.74 38.1 
Bad 5,303.09 15.8 

Very bad 7,273.24 21.7 

Land use 

Built-up 
land 5,520.41 16.4 

Forest 13,827.74 41.2 
Agriculture 4,170.99 12.4 
Open land 1,211.84 3.6 

Scrub 8,717.43 26.0 
Pond 68.46 0.2 

Mangrove 19.15 0.1 
Water body 47.19 0.1 

Source: data analysis, 2026 

Figure 2. Groundwater dependency factors: (a) distance to surface water, (b) groundwater exploitation level, (c) land use 

Figure 2(a) and Table 1 show that most of the watershed is 
located close to surface water. The < 100 m and 100-500 m 
classes account for 46.4% and 46.8% of the total area, 
respectively, while the 500-1000 m and >1000 m classes cover 
only 6.2% and 0.6%. Areas with the closest distance to surface 
water indicate that they can maintain groundwater moisture. 
Meanwhile, areas far from surface water will struggle to 
maintain groundwater moisture. This condition demonstrates 
the interconnectedness between surface hydrology and 

groundwater. This finding is in accordance with the results of 
research in the San Pedro River area, where a closer distance 
to surface water is associated with greater groundwater depth, 
indicating a relationship between surface water and 
groundwater [65, 66].  

The level of groundwater exploitation, as shown in Figure 
2(b) in this study, was determined based on the comparison 
value between domestic groundwater use and the national 
groundwater use standards set by the Minister of Home Affairs 
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Regulation No. 23, 2006 [33]. The results indicate that the 
watershed is dominated by medium to very bad exploitation 
levels. The medium class accounts for the largest proportion 
(38.1%), followed by very bad (21.7%), good (20.5%), bad 
(15.8%), and very good (3.9%). Areas with high levels of 
exploitation are concentrated in the north-central region. 
Naturally, groundwater exploitation is driven by increasing 
population growth, which in turn increases groundwater 
extraction. In addition, the development of groundwater 
extraction technologies, such as well drilling, water pumps, 
and rural electrification, provides easy access to groundwater 
extraction [67]. As observed in the San Pedro River, the 
phenomenon of excessive groundwater extraction through 
intensive local pumping has caused a decline in the 
groundwater table [68]. This condition indicates that excessive 
extraction can lower the groundwater table and deplete 
aquifers, increasing the potential for groundwater drought. 

The next factor influencing groundwater dependence is land 

use, which indicates anthropogenic pressure on the surface 
hydrological cycle. Based on Figure 2(c) and Table 1, the 
Wanggu watershed is dominated by forest, which covers 
41.2% of the total area, followed by scrub (26.0%), built-up 
land (16.4%), and agriculture (12.4%). According to the study 
[69], one factor influencing the groundwater hydrological 
system is land use. Land cover and land use significantly 
influence the amount of infiltrated water flow, thus affecting 
groundwater recharge and water use for domestic and 
agricultural purposes. Previous studies in Bantul Regency 
have shown that urban expansion has increased the risk of 
groundwater drought due to reduced infiltration and increased 
water demand [70]. In Kolar District, southern India, it also 
shows how the expansion of agricultural areas can increase the 
need for irrigation water by around 145% [71]. This condition 
may reduce the availability of groundwater during the dry 
season when irrigation demand is high, while groundwater 
recharge is at a minimum. 

Figure 3. Geohydrological condition factors: (a) shallow well depth, (b) slope, (c) soil permeability, (d) groundwater potential 
level 
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3.1.2 Geohydrological condition 
As displayed in Figure 3(a), the Wanggu watershed water 

tables vary in depth between 2.56 m and 99.57 m. This 
particular parameter suggests the position of the phreatic 
surface, which is considered one of the most important 
indicators of groundwater for domestic and agricultural 
purposes [72]. Areas that have shallow groundwater tables 
usually provide that water extraction is easier and requires less 
energy, while deeper water tables indicate less accessibility 
and greater energy pumping. 

Figure 3(b) shows SSP5-8.5 scenarios. Slopes with 
gradients that are between 0% and 54.9%, where gentle slopes 
(0-8%) are predominantly found across most of the watershed, 
while only a small portion contains slopes greater than 25%. 
Slopes are one of the factors that affect the rates of runoff and 
infiltration. The gentle slopes help recharge the saturated zone, 
while steeper slopes cause runoff to increase with little or no 
infiltration [73]. The soil permeability map (Figure 3(c)) 
shows that soil permeability ranges from 0.07 to 8.98 cm/ hour. 
Most of the area, particularly in central regions and the 
surrounding areas, has low permeability. This shows how fast 
a particular soil type can allow water to percolate. Sandy soils 
tend to have a high water infiltration rate, which classifies 
them as fast-permeable. Clay, on the other hand, is slower-
permeable and can impede water infiltration, causing high 
runoff rates [74]. 

The groundwater potential level (Figure 3(d)) indicates 
moderate potential across most of the Wanggu watershed. It is 
graded into four classes: high potential, moderate potential, 

low potential, and limited potential. Moderate potential means 
that water is indeed present underground. It may be seasonally 
variable or depleted seasonally [74]. It may be available and 
sporadically flow. Hence, recharge rate and variable 
groundwater depletion may be weakened or strengthened by 
seasonality, by one or a combination of the determinants 
described above. An area of high depth to water table value, 
high topographic slopes, low permeable soil materials, 
followed by low potential, may be stressed by high recharge 
depletion. Thus, relative water availability may increase the 
drought risk to the watershed. The determinants described 
include depth to water table value, topographic slopes, soil 
permeability, and potential. 

3.1.3 Climatological conditions 
The patterns of Evapotranspiration and precipitation in the 

region have high variability (Figure 4(a)–(b)). From the 
Evapotranspiration maps (Figure 4(a)), there is high variability 
in Evapotranspiration rates, ranging between 1,035.19 
mm/year and 1,337.29 mm/year. The maps display a high 
gradient of Evapotranspiration rates from east to west. In the 
eastern part of the watersheds, there is a high 
Evapotranspiration rate. On the other hand, the western part of 
the watersheds indicates a low Evapotranspiration rate. 
Groundwater Evapotranspiration is a critical component of the 
hydrological cycle. Estimating the amount of 
Evapotranspiration in groundwater is critical in arid 
watersheds [75]. 

Figure 4. Climatological condition factors: (a) evapotranspiration (mm/year), (b) precipitation (mm/year) 

High water utilization in the Wanggu watershed can lead to 
a situation where water is lost from the ground by evaporation. 
Similarly, this breathing process that happens in the vegetation 
is also slowly reduced by Evapotranspiration. The distribution 
of precipitation per year, as shown in Figure 4(b), reveals that 
the measurements of precipitation vary between 2,318.65 
mm/year and 2,973.30 mm/year. The precipitation in the 
northern part of the catchment is very high and gradually 
decreases towards the southern and eastern parts. An analysis 
of the total precipitation in the Wanggu Watershed indicates 

that it is categorized as a medium area according to the BMKG 
classification [76]. Understanding this classification is 
essential for the hydroclimatic setting of the basin. It means 
that the basin receives moderate levels of precipitation per year. 
The average value of the yearly evapotranspiration is 1,186.24 
mm/year. The average yearly precipitation is 2,645.98 
mm/year. The huge difference between these two climatic 
factors shows that the water flux amount that comes from 
precipitation is much higher than the water flux amount that is 
lost to the atmosphere during the process of evapotranspiration. 
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This is the reason why water levels are so high, with the 
potential to recharge large volumes of underground water and 
create high surface runoff. 

3.2 Groundwater drought vulnerability conditions 

Groundwater drought vulnerability in the Wanggu 
Watershed is mainly controlled by groundwater dependence, 
geohydrological conditions, and climatological factors. 
Parameter weights, as shown in Table 2, were derived using 
the AHP based on pairwise comparisons from five experts in 
hydrology, climatology, watershed management, and relevant 
technical agencies. The pairwise comparison matrix met the 
AHP consistency requirement (CR = 0.05), indicating that the 
weights were derived from consistent expert judgment. The 
results show that precipitation, land use, groundwater potential, 
and evapotranspiration were the most influential parameters. 
This pattern is generally consistent with Ling et al. [14], who 
also identified land use and meteorological factors as the 
dominant controls in groundwater drought vulnerability 
assessment [14]. 

Figure 5. Groundwater drought vulnerability in the historical 
period 

The groundwater vulnerability of the Wanggu watershed is 
illustrated in Figure 5. The vulnerability degree ranged from 
low to very high. Over the recent period, the watershed was 
predominantly classified as moderately to highly vulnerable.  

The south-central part of the watershed, particularly West 
Ranomeeto, Sampara, Ranomeeto, and much of Konda, forms 
the main hotspot of high to very high vulnerability. In contrast, 
the northern and eastern areas are dominated by moderate 
vulnerability, while parts of Moramo and Wolasi exhibit 
relatively low vulnerability. This spatial pattern suggests that 
groundwater drought vulnerability is shaped by the interaction 

of anthropogenic pressure, geohydrological conditions, and 
hydroclimatic stress. Areas with higher vulnerability are 
generally associated with stronger groundwater abstraction, 
greater distance from surface water sources, deeper shallow 
wells, steeper slopes, higher evapotranspiration, and lower 
effective rainfall, all of which reduce recharge and increase 
groundwater stress. By comparison, less vulnerable areas tend 
to have relatively better groundwater potential and more 
favorable recharge conditions. These findings indicate that the 
south-central part of the watershed should be prioritized for 
groundwater abstraction control, protection of recharge areas, 
and intensified groundwater monitoring, whereas the 
moderately vulnerable areas require preventive management 
to avoid further deterioration. 

Table 2. Results of the factor weighting assessment 

Factor Weights 
Groundwater dependency 
Groundwater exploitation 0.066 
Distance to surface water 0.047 

Land use 0.187 
Geohydrological conditions 

Groundwater potential 0.136 
Shallow well depth 0.098 
Soil permeability 0.071 

Slope 0.050 
Climatological conditions 

Precipitation 0.213 
Evapotranspiration 0.133 

Source: data analysis, 2025 

The GDVI classes in this study should be interpreted as 
relative groundwater drought vulnerability categories rather 
than directly validated measures of drought occurrence, 
because the present study did not include formal validation 
against historical drought events, standardized drought indices, 
or long-term independent groundwater observations. The 
GDVI means the area with high to very high indicates that the 
area has high potential to experience drought. But it is 
necessary that Future studies are needed to test the robustness 
of the classification using independent observational and 
drought-related datasets.  

Overexploitation of groundwater is a major factor 
increasing the risk of drought, particularly when the rate of 
extraction exceeds the rate of recharge, leading to a 
groundwater balance deficit. This condition increases the 
vulnerability of aquifer systems to hydrological stress during 
dry periods, as reported in global studies on groundwater 
depletion due to intensive extraction [77, 78]. Furthermore, 
distance to surface water bodies affects recharge capacity, so 
areas farther from surface water sources tend to have lower 
storage capacity and are more vulnerable to drought [79]. 
Shallow well systems are also more sensitive to groundwater 
level fluctuations, potentially experiencing decreased 
discharge during periods of drought or intensive extraction. In 
a mitigation context, increasing well depth can be one strategy 
to reduce water deficits [80]. 

Steep slopes increase surface runoff and reduce water 
retention and infiltration, thus limiting aquifer recharge, 
particularly in upland areas. This impact is even more 
significant in areas with high evaporation potential and low 
rainfall, which exacerbates water deficits during dry [81]. 
Conversely, areas with high groundwater potential, 
characterized by large aquifer capacity and good soil 
permeability, can serve as natural buffers during droughts [82]. 
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High rainfall also directly contributes to increased aquifer 
recharge, as confirmed by GRACE satellite analysis [77]. 

Overall, the combination of anthropogenic and natural 
factors significantly shapes groundwater drought vulnerability 
patterns. Areas with high groundwater abstraction, high slope 
gradients, long distances from rivers, low permeability, high 
evapotranspiration, and low rainfall can be identified as 
priority management zones. These findings are consistent with 
studies in other tropical regions that emphasize the interplay 
of natural and anthropogenic factors in shaping groundwater 
drought. The implications of this research are important for 
formulating mitigation and adaptation strategies in the tropical 
watershed, particularly in assessing the region's capacity to 
maintain groundwater supplies during prolonged dry periods. 
Furthermore, these results support efforts to strengthen the 
watershed's function as a provider of freshwater ecosystem 
services [14, 39, 83]. 

From a practical perspective, however, the implementation 
of mitigation strategies must also consider local land-use 
planning, institutional coordination, financial capacity, and 
community acceptance, because groundwater recharge 
management is closely linked to landscape use and spatial 
planning decisions [84]. In densely built areas, the creation of 
additional green space or large recharge zones may be difficult 
to implement, so more feasible options may include 
controlling groundwater abstraction, protecting the remaining 
recharge areas, and introducing small-scale infiltration 
measures adapted to local hydrogeological conditions [85]. In 
areas where land conversion pressure is lower, vegetation 
restoration and land protection may be more realistically 
applied as longer-term strategies to maintain recharge capacity 
[84, 86]. Accordingly, groundwater management should be 
implemented in phases and supported by community 
partnerships, local regulations, and policy-based incentives to 
improve feasibility and long-term effectiveness [85, 86].  

Figure 6. Projection groundwater drought vulnerability factors: (a) land use 2050, (b) precipitation at Shared Socioeconomic 
Pathways (SSP2-4.5) scenario, (c) precipitation at Shared Socioeconomic Pathways (SSP5-8.5) scenario, (d) evapotranspiration 
at Shared Socioeconomic Pathways (SSP2-4.5) scenario, (e) evapotranspiration at Shared Socioeconomic Pathways (SSP5-8.5) 

scenario 

3.3 Projection of groundwater drought vulnerability 
factors assessment 

3.3.1 Land use projection 
Projections for land cover in 2050 were conducted using 

GeoFlus as shown in Figure 6(a), resulting in an overall Kappa 
value of 89.74%. Changes in land cover area from 2025 to 
2050 are shown in Table 3. A significant increase in pond land 
use (331.36%), indicating very rapid expansion, and built-up 
land (18.19%), indicating continued urban growth, was 

observed. Significant decreases were found in open land (23%) 
and scrub (7.55%), indicating substantial land conversion. 
Forests decreased by 1%, indicating a continuous decline. 

The increase in built-up land has the potential to be the main 
cause of reduced groundwater availability in the future, as the 
expansion of built-up areas reduces rainwater infiltration areas 
because built-up land materials are impermeable, thereby 
decreasing the ability of rainwater to infiltrate into the soil, 
accelerating surface runoff, reducing baseflow, and thus 
inhibiting groundwater recharge to the aquifer [87]. In addition, 
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the increasing demand for water for domestic and industrial 
consumption in built-up areas intensifies groundwater 
extraction activities, which can contribute to a decline in 
groundwater levels. The increase in agricultural areas is also 
one factor contributing to the decline in groundwater levels, as 
found in the Breede Water Areas, where the expansion of 
agricultural land can trigger increased water use for irrigation 
through abstraction for intensive agricultural water supply, 
especially during dry periods, which can cause groundwater to 
become vulnerable to dry conditions [88]. The reduction in 
open areas, shrubs, and forests can lead to the loss of natural 
infiltration areas that function to support aquifer recharge. 

Table 3. Land use change for the 2025-2050 period 

No. Land Use Area (ha) % 
2025 2050 ∆ 

1 Forest 14,062.4
3 

13,921.7
9 -140.64 -1.00

2 Built-Up 
Land 5,560.22 6,571.38 1,011.1

7 +18.19

3 Agricultur
e 4,170.99 4,313.97 142.98 +3.43

4 Open Land 1,225.70 943.77 -281.93 -23.00
5 Scrub 8,786.37 8,123.38 -662.99 -7.55

5 Pond 71.59 308.82 237.23 +331.3
6 

6 Mangrove 26.08 27.50 1.42 +5.46

7 Water 
Body 47.45 47.86 0.42 +0.87

Note: Where a negative sign (-) denotes a decrease in area and a positive 
sign (+) denotes an increase in area 

3.3.2 Climate scenarios 
The distribution of rainfall in the SSP2-4.5 scenario in 

Figure 6(b) shows a range of 2645.97-3374.66 mm/year with 
a high concentration in the northern region. However, in the 
SSP5-8.5 scenario in Figure 6(c), there is a decrease in rainfall 
to 2472.71-3156.38 mm/year with a maximum difference of 
218.28 mm/year, especially in the northern region. As shown 
in Figure 6(d) and Figure 6(e), evapotranspiration under the 
SSP5-8.5 scenario increases compared to the SSP2-4.5 
scenario, with a maximum increase of 11.77 mm/yeard. The 
combination of decreased rainfall and increased 
evapotranspiration increases the water deficit and increases the 
risk of drought, especially in the northern region, which also 
experiences land use pressure. In contrast, the southern region, 
which is still dominated by forests, is relatively more resilient 
to hydrological pressures, although land degradation still has 
the potential to reduce the level of resilience if not managed 
sustainably. 

3.4 Projection of groundwater drought vulnerability 

The GDVI projection in the Wanggu watershed was done 
using the Historical GDVI parameters derived from previous 
analyses. The projection model considers land use change 
projected for the year 2050, as well as climatological variables 
such as precipitation and evapotranspiration estimated over a 
period from 2025 to 2050. This analysis considers both land 
use change that is projected for the year 2050 and climate 
change, which together have the potential to alter the 
hydrological balance and groundwater recharge dynamics 
within the watershed. 

(a)  (b) 

Figure 7. Projection of groundwater drought vulnerability under different climate scenarios (a) Shared Socioeconomic Pathways 
(SSP2-45), (b) Shared Socioeconomic Pathways (SSP5-85) 
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Figure 7 depicts the distribution of groundwater drought 
vulnerability levels in the Wanggu catchment under two 
climate change conditions, SSP2-4.5 (Figure 7(a)) and SSP5-
8.5 (Figure 7(b)). That future groundwater drought 
vulnerability remains spatially differentiated and becomes 
more severe under stronger climate forcing. Under SSP2-4.5, 
areas of high vulnerability remain relatively concentrated in 
the central and southwestern parts of the watershed. Under 
SSP5-8.5, however, these areas expand more widely toward 
the central and southern regions. This projected shift can be 
interpreted as the combined effect of hydroclimatic stress and 
land-use change. The projected climate conditions show 
spatial variation in rainfall and evapotranspiration across the 
watershed, while the land-use projection, as shown in Table 3, 
suggests a transition toward less infiltration-supporting land 
cover. Built-up land is projected to increase by 1,011.17 ha 
(18.19%) and agricultural land by 142.98 ha (3.43%), whereas 
forest, open land, and scrub are projected to decline. Together, 
these changes imply reduced recharge capacity and increasing 
pressure on groundwater systems.  

This interpretation is consistent with the projection as 
presented in Figure 8; the percentage of areas classified as 
having very high vulnerability is projected to increase from 
2.45% under historical conditions to 2.59% under SSP2-4.5 
and 10.60% under SSP5-8.5 scenarios. Notably, the SSP5-8.5 
scenario shows a particularly significant increase. Similarly, 
areas categorized as having high vulnerability are projected to 
rise to 64.14% under the SSP5-8.5 scenario, resulting in a 
corresponding reduction in areas with low vulnerability. 

These findings suggest that future conditions may 
exacerbate groundwater drought vulnerability and highlight 
the urgent need for appropriate mitigation strategies. 
Therefore, areas projected to remain or become highly 
vulnerable under future scenarios should be treated as priority 
zones for adaptive groundwater management, including 
stricter control of land conversion, recharge enhancement, 
improved water-use efficiency, and scenario-based 
groundwater monitoring. 

Figure 8. Distribution of groundwater drought vulnerability 
under historical conditions and different climate scenarios 

Under SSP2-4.5, increased rainfall will also alleviate 
increased evapotranspiration, leading to stable groundwater 
recharge. Conversely, under SSP5-8.5, increased 
evapotranspiration surpasses increased rainfall, leading to low 
soil and groundwater recharge rates [9, 89]. 

The combined effects of land-use change and climate 

change can intensify groundwater drought by altering 
groundwater balance and reducing recharge. In particular, the 
conversion of vegetated land into built-up and agricultural 
areas may accelerate the transition from meteorological 
drought to hydrological drought, as built-up expansion 
increases impermeable surfaces and limits infiltration, while 
agricultural expansion raises irrigation demand, and 
deforestation further weakens recharge capacity. Together, 
these changes can lower groundwater recharge and 
groundwater levels, thereby increasing drought risk and 
overall vulnerability [89-95]. 

Similar results have been documented in other regions of 
Southeast Asia, such as Ho Chi Minh City, where rapid 
urbanization is predicted to substantially lower groundwater 
recharge as vegetated land is converted to urban built-up areas 
[96]. Changes to land use in the Jinjiang Coastal Catchment, 
China, have also substantially fragmented the recharge and 
runoff redistribution, whereby the expansion of built-up areas 
shifts the balance by increasing surface runoff and reducing 
infiltration to underlying aquifers [92]. 

Therefore, land use planning, vegetation conservation, and 
climate adaptation measures must be combined to ensure the 
hydrological resilience of the Wanggu watershed is 
maintained in the future. Mitigation activities and groundwater 
conservation not only play a major role in the conservation of 
groundwater but also in the proper support of food security, 
economic, and social sustainability. To sum up, it can be 
pointed out that land use trends and climate are the two big 
factors that have a major impact on the vulnerability to drought 
of groundwater in the Wanggu watershed. Changes in land use 
that result in decreased infiltration rates, together with 
increased temperature and evapotranspiration due to climate 
change, are the main factors that lead to a reduction of a 
watershed's capacity to maintain its groundwater; thus, 
drought vulnerability in groundwater will increase over the 
next several decades. 

4. CONCLUSIONS

The Wanggu Watershed is an important source of
freshwater for domestic, agricultural, and industrial uses, but 
it is increasingly exposed to groundwater drought risk. The 
GDVI assessment shows that more than half of the watershed 
currently falls within the medium to very high vulnerability 
classes, reflecting the combined influence of groundwater 
dependence, geohydrological conditions, land use, and 
climatological stress. Future projections to 2050 indicate that 
groundwater drought vulnerability is likely to intensify under 
both SSP2-4.5 and SSP5-8.5 scenarios, with a substantial 
expansion of areas classified as high to very high vulnerability, 
especially under SSP5-8.5. This increase is associated with the 
combined effects of land-use change and hydroclimatic stress, 
particularly higher evapotranspiration relative to rainfall. 
These findings suggest that groundwater management in the 
Wanggu Watershed should prioritize recharge protection, 
control of groundwater abstraction, and adaptive land-use 
planning. Practical measures may include infiltration wells, 
biopores, protection of remaining recharge areas, and 
vegetation restoration where feasible. Their implementation 
should be adapted to local conditions and supported by 
community participation, local regulations, and coordination 
among relevant stakeholders.
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