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INTRODUCTION

Environmental systems are complex and dy-
namic, shaped by interactions between biotic 
and abiotic components that regulate key eco-
logical functions and maintain ecosystem stability 
(Chamard et al., 2024). However, these systems 
are continuously influenced by natural processes 
and human activities, which may affect their sta-
bility. Changes in environmental conditions, such 
as climate variability, land transformation, and an-
thropogenic pressures, can disrupt ecological equi-
librium and generate various environmental chal-
lenges (Chen et al., 2025; Fayshal, 2024). As these 
pressures increase, many regions worldwide are 
experiencing heightened vulnerability to environ-
mental degradation and hazards (Xie et al., 2024). 

Therefore, understanding these dynamics is es-
sential for sustainable environmental management 
and disaster risk reduction (Ogunbode et al., 2025). 

One of the clearest manifestations of en-
vironmental change is the rapid expansion of 
settlements. Population growth and socio-eco-
nomic development have increased demand for 
residential land, leading to the conversion of 
natural landscapes into built-up areas (Bikis et 
al., 2025). These transformations alter hydro-
logical processes, particularly infiltration and 
runoff patterns (Agumagu et al., 2025). In many 
cases, settlement development occurs without 
adequate consideration of environmental con-
straints or hazard susceptibility, increasing com-
munity exposure to flood hazards (Badshah et 
al., 2024). Consequently, the spatial distribution 
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and planning of settlements play a critical role 
in determining vulnerability to natural hazards. 
Among these hazards, floods are among the 
most frequent and destructive, significantly im-
pacting settlements, infrastructure, agriculture, 
and ecosystems (Feizbahr et al., 2025). Flood 
occurrence is controlled by climatic, hydrologi-
cal, and geomorphological factors, while urban 
expansion and reduced natural infiltration fur-
ther increase runoff and flood risk. Settlements 
located in low-lying areas or near rivers are par-
ticularly vulnerable (Zhang et al., 2025). There-
fore, identifying flood-prone areas is essential to 
reduce disaster risk and support safer settlement 
planning (Fitriyati et al., 2024). 

To better understand how flood susceptibil-
ity interacts with settlement development, it is 
important to examine these dynamics within a 
specific regional context. This study focuses on 
Barru regency, south Sulawesi province, Indone-
sia. The population growth rate reached 1.38% 
during 2020–2024, with a projected population 
of 195,388 in 2024 (BPS, 2025). Alongside rap-
id settlement expansion, flooding is one of the 
most frequent hazards in the region, influenced 
by tropical rainfall patterns, hydrological condi-
tions, and low-lying terrain that increase suscep-
tibility to inundation (Wulandari et al., 2025). 
These conditions highlight the importance of 
spatial analysis for understanding flood suscep-
tibility and its implications for land-use plan-
ning (Oluwadare et al., 2025). In recent years, 
GIS-based spatial analysis has become a key 
tool for assessing environmental hazards and 
flood susceptibility (Bekalo et al., 2025). By in-
tegrating multiple spatial variables, GIS enables 
the evaluation of environmental influences on 
flood-prone areas (Amiruddin et al., 2026). Ad-
vances in computational methods have further 
promoted the use of machine learning for im-
proving prediction accuracy, with the Random 
Forest algorithm widely applied due to its ability 
to model complex relationships and assess pre-
dictor importance (Danumah et al., 2026).

Although conventional GIS-based and multi-
criteria evaluation (MCE) approaches have 
been widely used for flood susceptibility assess-
ment and disaster mitigation (Ahmad, Ping, et 
al., 2025), they are limited by their reliance on 
predetermined parameter weights and simpli-
fied assumptions of environmental interactions 
(Efraimidou and Spiliotis, 2024; Khan et al., 
2025). These limitations reduce their ability to 

capture complex, nonlinear relationships among 
climatic, hydrological, and topographical vari-
ables, which may affect model accuracy, partic-
ularly in dynamic environments (Chomani and 
Al-shrafany, 2025; Riaz and Mohiuddin, 2025). 
Moreover, previous studies often focus separately 
on hazard mapping or settlement exposure, with-
out integrating both within a comprehensive spa-
tial framework (Anastasia et al., 2021). This lack 
of integration, combined with the limitations of 
conventional methods, represents a critical gap 
in flood risk assessment. Addressing this gap re-
quires data-driven approaches capable of model-
ling nonlinear relationships while simultaneously 
evaluating hazard and exposure. Therefore, this 
study applies a GIS-based random forest model 
to assess flood susceptibility and settlement expo-
sure in Barru regency, providing more integrated 
and accurate insights to support spatial planning 
and flood hazard mitigation.

MATERIALS AND METHODS

Study area

Barru regency, located along the western 
coastal zone of south Sulawesi province, In-
donesia (4°05′49″–4°47′35″ S, 119°35′00″–
119°49′16″ E), serves as the study area. The re-
gency covers approximately 1,198.9 km² with a 
78 km coastline along the Makassar Strait and 
lies between Makassar and Parepare, about 100 
km north of Makassar and 50 km south of Pare-
pare City. Administratively, it comprises seven 
districts: Pujananting, Tanete Riaja, Tanete Rilau, 
Barru, Balusu, Soppeng Riaja, and Mallusetasi. 
Digital boundary data were obtained from the 
Geospatial Information Agency (BIG) in vector 
(shapefile) and raster (GeoTIFF,.tif) formats with 
WGS 84 coordinate system and are provided as 
supplementary materials (Figure 1). Climatic and 
hydrological characteristics, including rainfall 
variability, are key factors influencing flood oc-
currence in the study area.

Data sources and preparation

This study used spatial and statistical datas-
ets representing environmental and socio-demo-
graphic factors relevant to flood susceptibility 
analysis. The data included topographic, climat-
ic, hydrological, land cover, soil, and settlement 
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information obtained from official and open-ac-
cess sources. These datasets were used to charac-
terize environmental conditions influencing flood 
occurrence and settlement distribution in Barru 
regency (Table 1). Prior to analysis, all datasets 
were preprocessed using ArcGIS 10.6 to ensure 
consistency. They were standardized to a com-
mon coordinate system and spatial resolution, 
with raster data resampled to 30 × 30 m and vec-
tor data converted to raster format. Preprocessing 
steps included reprojection, resampling, raster-
ization, and clipping based on the administrative 
boundary. The overall workflow is presented in 
Figure 2. A statistical summary of the rainfall 
dataset used in this study, including minimum, 
maximum, mean, and standard deviation values 
for the period 2015–2024, is presented in Table 2 
to provide a descriptive overview of rainfall vari-
ability across the study area.

Flood susceptibility parameters

This study utilized spatial and statistical data-
sets representing key environmental factors influ-
encing flood susceptibility in Barru regency. Six 
environmental parameters were selected based 
on their direct influence on flood occurrence and 
settlement exposure (Ahmad et al., 2025; Sing-
ha et al., 2024). Elevation and slope were de-
rived from the Digital Elevation Model Nasional 
(DEMNAS) to capture topographic variations 
that govern surface runoff and flood accumula-
tion; areas with low elevation and gentle slopes 
are generally more prone to waterlogging (Jiang 
et al., 2025). Additionally, rainfall data, repre-
senting the annual average from 2015 to 2024, 
were obtained from CHIRPS, as precipitation in-
tensity and distribution directly determine surface 
flow volume that can trigger flooding (Jawale and 

Figure 1. Location of the study area in Barru regency, south Sulawesi, Indonesia
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Table 1. Spatial datasets used in this study

Data Description Source

Population data
Population statistics representing 
demographic pressure on settlement 
development

Statistics of Barru Regency 2025

Administrative boundary of Barru 
Regency

Regency and sub-district administrative 
boundaries

Geospatial Information Agency (BIG)
https://tanahair.indonesia.go.id/

DEMNAS (Digital Elevation Model 
Nasional)

Digital elevation model used to derive 
elevation and slope

Digital Elevation Model Nasional 
(DEMNAS) https://tanahair.indonesia.
go.id/demnas

Rainfall data Average annual rainfall (2015–2024) CHIRPS https://www.chc.ucsb.edu/data/
chirps

Land cover data Land cover classification representing 
surface conditions

Esri Land Cover https://livingatlas.arcgis.
com/landcover

River buffer River buffer used to calculate distance-
to-river parameter

Geospatial Information Agency (BIG)
https://tanahair.indonesia.go.id/

Soil type data Soil classification related to hydrological 
characteristics

FAO/UNESCO Soil Map of the World
https://www.fao.org

Settlement area Spatial distribution of residential areas Barru Regency Spatial Plan (RTRW) 
2011–2031

Spatial planning data (RTRW) Land-use zoning regulations Barru Regency Regulation No. 4 of 2012

Figure 2. Research workflow of the study
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Thube, 2025). Soil type, sourced from the FAO/
UNESCO Soil Map of the World, was included 
because soil characteristics control infiltration, 
water retention, and surface runoff rates; for in-
stance, clayey soils tend to increase waterlogging 
risk (Rupngam and Messiga, 2024). Land cover, 
derived from Esri Land Cover datasets, was con-
sidered due to its influence on surface hydrology 
and runoff dynamics, as impervious surfaces and 
built-up areas reduce infiltration and accelerate 
runoff (Umukiza et al., 2024). River proximity, 
represented by Euclidean distance buffers from 
the local river network obtained from the Geo-
spatial Information Agency (BIG), was used to 
quantify settlement exposure to fluvial flooding, 
since areas closer to rivers generally face higher 
flood risk (Alrifai et al., 2025). Finally, settlement 
area data, extracted from the Barru Regency Spa-
tial Plan (RTRW) 2011–2031, were incorporated 
to identify vulnerable residential zones, enabling 
the analysis to assess both flood susceptibility and 
potential impacts (Table 3). 

Training data for flood susceptibility model-
ling were generated using spatial sample points 
distributed across the study area. Sampling points 
representing flood-prone and non-flood areas were 
selected to ensure balanced spatial representation. 
The dataset was constructed using a stratified ran-
dom sampling approach to ensure that variations 

in topography, land use, and flood susceptibil-
ity conditions were proportionally represented 
across the study area. The dependent variable (Y) 
was derived from the flood-related layer obtained 
from the INA-RISK platform developed by the 
National Disaster Management Agency (BNPB). 
This dataset was used as a reference proxy for 
identifying flood-prone and non-flood areas across 
the study area. The flood-related classes from the 
INA-RISK dataset were converted into binary la-
bels, where flood-prone areas were assigned (label 
= 1) and non-flood areas were assigned (label = 0). 
These binary labels served as the training targets 
for the Random Forest model.

Flood susceptibility modelling was per-
formed using the random forest algorithm to 
analyze the relationship between environmental 
variables and flood occurrence, producing prob-
ability values that were subsequently classified 
into susceptibility levels.

Random forest modelling

The random forest model was developed us-
ing Python 3.13.10 within the Anaconda environ-
ment, employing scikit-learn (v1.7.2) along with 
NumPy, pandas, and GeoPandas for spatial data 
processing. Input data, including environmental 
parameters and sampling points, were maintained 
in shapefile (SHP) format. Flood-prone and non-
flood points (250 per class per district) were used 
to ensure balanced representation, with flood-
prone areas assigned label 1 and non-flood areas 
assigned label 0. Numerical variables were used 
directly, while categorical variables (soil type and 
land cover) were encoded using OneHotEncoder.

The dataset was divided into training and 
testing subsets using two data partition schemes, 
namely 80% training and 20% testing, and 70% 
training and 30% testing. The splitting process 
was performed using a stratified random sampling 
approach to preserve class balance, with a fixed 
random seed (random_state = 42) to ensure repro-
ducibility of the results. The use of multiple data 
partitions supports the assessment of model ro-
bustness, while detailed performance comparisons 
are presented in the model evaluation section.

The random forest model was configured 
with 100 decision trees (n_estimators = 100), a 
maximum tree depth of 10 (max_depth = 10), 
and a random subset of predictor variables de-
termined using max_features = sqrt. The Gini 
index was used as the splitting criterion, and 

Table 2. Statistical summary of rainfall data (2015–2024)

Parameter Value

Data source CHIRPS

Period 2015–2024

Minimum rainfall 2277.70 mm

Maximum rainfall 2820.60 mm

Mean rainfall 2587.50 mm

Standard deviation 95.16 mm

Table 3. Environmental parameters used for flood 
susceptibility modelling

Parameter Unit Source

Slope % DEMNAS
Rainfall 

(2015–2024) mm/year CHIRPS

River buffer m BIG

Elevation m DEMNAS

Soil type - FAO/UNESCO Soil Map 
of the World

Land cover (2024) - Esri Land Cover
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final predictions were obtained through major-
ity voting across trees (Park et al., 2019; Sun et 
al., 2020). Parameter tuning was conducted by 
testing different values of n_estimators (50, 100, 
200) and max_depth (5, 10, 15) to obtain an op-
timal configuration. The selected configuration 
provided a balance between predictive accuracy 
and computational efficiency. The trained random 
forest model was subsequently applied to gener-
ate spatially explicit flood susceptibility probabil-
ities across the study area based on the selected 
environmental parameters (Lange et al., 2025; 
Magalhães et al., 2024). 

Model validation

Model validation was conducted to evaluate 
the predictive performance and robustness of the 
Random Forest model. The dataset was divided 
into training and testing subsets using stratified 
random sampling to preserve class balance, em-
ploying two partition schemes of 80/20 and 70/30.

In addition to the train–test split, a 5-fold 
cross-validation approach was applied to further 
assess model stability. In this approach, the da-
taset was randomly partitioned into five folds of 
approximately equal size, where the model was it-
eratively trained on four folds and validated on the 
remaining fold until each fold had been used as 
validation data (Park et al., 2019; Riaz and Mohi-
uddin, 2025). To complement external validation, 
out-of-bag (OOB) scoring was also used as an in-
ternal validation method inherent to the Random 
Forest algorithm. This method estimates model 
performance using bootstrap samples during train-
ing, allowing an additional unbiased evaluation 
without requiring a separate validation dataset.

For reproducibility, a fixed random seed (ran-
dom_state = 42) was applied during data split-
ting and model training. Model performance was 
evaluated using accuracy, precision, recall, and 
F1-score derived from the confusion matrix (Ag-
boola et al., 2024; Markoulidakis and Markouli-
dakis, 2024; Sujon et al., 2025). The evaluation 
metrics are defined as follows:
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(4) 

 
	 (4)

where:	TP (true positive) represents correctly 
predicted flood-prone areas, TN (true neg-
ative) represents correctly predicted non-
flood areas, FP (false positive) represents 
non-flood areas incorrectly predicted as 
flood-prone, while FN (false negative) 
represents flood-prone areas incorrectly 
predicted as non-flood areas.

Variable importance analysis

The relative importance of the predictor 
variables was evaluated using the mean decrease 
in accuracy (MDA) metric derived from the per-
mutation importance procedure within the Ran-
dom Forest model. This method evaluates the 
contribution of each predictor by measuring the 
decrease in model accuracy after random permu-
tation of its values. A larger decrease in accuracy 
indicates that the variable plays a more impor-
tant role in the model’s predictive performance. 
Higher MDA values indicate greater variable 
importance in determining flood susceptibility 
(Debeer and Strobl, 2020; Hooker et al., 2021; 
Wies et al., 2023). In this study, permutation 
importance was computed using 10 random per-
mutations (n_repeats = 10) with a fixed random 
seed (random_state = 42), consistent with the 
model configuration, to ensure reproducibility 
of the results.

Flood susceptibility mapping and settlement 
overlay analysis

The flood susceptibility probability values 
generated by the random forest model were 
transformed into a flood susceptibility map cov-
ering the entire study area. The model output 
consists of continuous flood susceptibility prob-
ability based on environmental parameters. To 
facilitate spatial interpretation, the probability 
values were classified into three susceptibility 
levels: class 1 (low susceptibility), class 2 (mod-
erate susceptibility), and class 3 (high suscepti-
bility). The classification was performed using 
fixed threshold values, where probabilities ≤ 
0.33 were classified as low susceptibility, val-
ues between 0.33 and 0.66 as moderate suscep-
tibility, and values > 0.66 as high susceptibility. 
Subsequently, the flood susceptibility map was 
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overlaid with settlement areas derived from the 
Barru regency spatial plan (RTRW). The over-
lay analysis was conducted in a Python-based 
GIS environment using raster–vector integra-
tion techniques (GeoPandas and Rasterio). Spe-
cifically, settlement polygons were used to mask 
the raster-based flood susceptibility map using 
a geometry masking approach, allowing the ex-
traction of susceptibility values within settle-
ment areas. Through this process, settlement 
areas were categorized into low, moderate, and 
high susceptibility zones based on the underly-
ing raster classification. This approach enables 
a spatially explicit assessment of settlement ex-
posure to flood susceptibility. The results of this 
analysis were further used to evaluate settlement 
conditions and support spatial planning and di-
saster mitigation efforts in Barru regency.

RESULTS

Spatial distribution of flood susceptibility 
parameters

Figure 3 illustrates the spatial distribution of 
environmental parameters used in flood suscep-
tibility modelling. Slope (Figure 3a) shows that 
low-gradient areas are mainly located in central to 
coastal regions, which may enhance surface water 
accumulation. Rainfall (Figure 3b) is relatively 
uniform with minor spatial variation, indicating 
limited spatial differentiation in precipitation pat-
terns across the study area. Soil type (Figure 3c) 
exhibits heterogeneity, reflecting variations in in-
filtration capacity and hydrological response. Land 
cover (Figure 3d) is dominated by forest areas, 
while agricultural land and settlements are primar-
ily concentrated in lowland regions. This pattern 

Figure 3. Spatial distribution of environmental parameters used for flood susceptibility modelling 
in Barru regency: (a) slope, (b) rainfall, (c) soil type, (d) land cover, (e) elevation, and (f) river buffer
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corresponds with elevation (Figure 3e), where 
lower elevations are associated with increased 
potential for water accumulation. The river buf-
fer (Figure 3f) highlights areas in close proximity 
to river networks, which are more susceptible to 
flooding due to potential overflow. Overall, the 
spatial patterns indicate that low-elevation, low-
slope areas located near river networks and domi-
nated by certain land cover types are more likely to 
contribute to higher flood susceptibility. These spa-
tial relationships, as evidenced in Figure 3, provide 
the basis for the subsequent modelling process us-
ing the random forest algorithm.

Flood susceptibility mapping

The random forest model produced a flood 
susceptibility map with probability values ranging 
from 0 to 1, representing the likelihood of flood 
occurrence at each pixel across Barru regency. 
The spatial distribution of these probability values 
is presented in Figure 4a. Areas with high prob-
ability values approaching 1 are primarily con-
centrated in lowland regions, coastal zones, and 
areas adjacent to major river networks, character-
ized by low elevation and high runoff potential. In 
contrast, regions with higher elevation and steeper 
slopes tend to exhibit lower probability values ap-
proaching 0, indicating lower flood susceptibility. 
To improve interpretability, the continuous prob-
ability values were subsequently classified into 
three categories: low, moderate, and high suscep-
tibility using fixed threshold values (≤0.33; 0.33–
0.66; >0.66). This classification was applied as a 
post-modeling step and did not influence the Ran-
dom Forest training process. The resulting map 
is shown in Figure 4b, where high-susceptibility 
zones are mainly associated with lowland areas, 
coastal plains, and river corridors. Moderate 

susceptibility is generally observed in transition-
al zones between lowlands and elevated terrain, 
while low-susceptibility areas are predominantly 
located in hilly to mountainous regions.

Based on Table 4, low susceptibility dominates 
the study area, covering 67.51% (119,890.62 ha), 
followed by moderate susceptibility at 15.47% 
and high susceptibility at 17.02%. At the sub-
district level, Mallusetasi and Pujananting are 
largely characterized by low-susceptibility condi-
tions, accounting for 76.57% and 75.34% of their 
respective areas. In contrast, Tanete Rilau shows 
a different pattern, where high susceptibility con-
stitutes the largest proportion (45.14%). Barru 
and Balusu show a relatively balanced distribu-
tion between low and high susceptibility classes, 
whereas Soppeng Riaja and Tanete Riaja remain 
predominantly low-susceptibility despite the 
presence of localized high-susceptibility zones. 
The reliability of the susceptibility map is sup-
ported by the consistent validation results pre-
sented in Table 5 and Table 6.

Model performance and validation

Model performance was evaluated using 
two data partition schemes (80/20 and 70/30), 
with results summarized in Table 5. The model 
achieved comparable overall accuracy values of 
0.8629 and 0.8619, respectively, indicating stable 
performance across different data splits. Other 
evaluation metrics, including weighted precision, 
weighted recall, and weighted F1-score, also 
show consistent values of approximately 0.86, 
suggesting balanced classification performance 
between flood-prone and non-flood classes.

The OOB scores of 0.8632 and 0.8629 further 
confirm the reliability of the model’s internal vali-
dation. The close agreement between OOB scores 

Table 4. Areal distribution of flood susceptibility classes by sub-district in Barru regency

Sub-district Sub-district area (ha)
Low susceptibility Moderate susceptibility High susceptibility

ha % ha % ha %

Barru 20,436.57 12,461.67 61.01 3,387.69 16.58 4,587.21 22.41

Tanete Rilau 6,941.97 2,867.31 41.3 941.04 13.56 3,133.62 45.14

Soppeng Riaja 7,860.24 4,373.55 55.66 965.52 12.28 2,521.17 32.06

Balusu 10,916.37 6,723.72 61.6 1,404.99 12.87 2,787.66 25.53

Mallusetasi 22,692.15 17,373.87 76.57 2,423.34 10.68 2,894.94 12.75

Tanete Riaja 15,997.41 10,727.64 67.06 2,944.71 18.41 2,325.06 14.53

Pujananting 35,045.91 26,398.17 75.34 6,488.01 18.51 2,159.73 6.16

Total Area 119,890.62 80,925.93 67.51 18,555.30 15.47 20,409.39 17.02
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Figure 4. Flood susceptibility in Barru regency: (a) flood susceptibility probability; 
(b) flood susceptibility classes

and test accuracy indicates that the model does not 
suffer from overfitting and maintains good gener-
alization capability. Additionally, 5-fold cross-val-
idation yielded a mean accuracy of 0.8209 with a 
standard deviation of 0.102, as presented in Table 
5. The fold-by-fold accuracy values are detailed in 
Table 6, providing transparent evidence of model 
performance variability across different subsets of 
the data. Most folds show high accuracy values 
above 0.85 (Fold 1, 2, 4, and 5), while one fold 
exhibits a lower accuracy (0.617). This variation 

Table 5. Performance evaluation metrics of the random 
forest model under different data partition schemes

Evaluation metric 80/20 scheme 70/30 scheme

Accuracy 0.8629 0.8619

Precision (weighted) 0.8638 0.863

Recall (weighted) 0.8629 0.8619

F1-score (weighted) 0.8628 0.8618
Out-of-bag (OOB) 
score 0.8632 0.8629

Cross-validation mean 0.8209 0.8209

Cross-validation std 0.102 0.102
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suggests that model performance is influenced by 
spatial heterogeneity in environmental conditions 
and the distribution of flood and non-flood sam-
ples within the dataset.

Despite this variability, the overall consis-
tency between multiple validation approaches 
– train–test split, OOB estimation, and cross-
validation – demonstrates that the Random For-
est model is robust and reliable. The inclusion of 
detailed fold-level results (Table 6) and multiple 
evaluation metrics (Table 5) provides empirical 
support for the validity of the modelling results, 
ensuring transparency and reproducibility in ac-
cordance with scientific research standards.

Variable importance analysis

Variable importance analysis was conducted 
to quantify the relative contribution of each envi-
ronmental predictor in the random forest model us-
ing the mean decrease in accuracy (MDA) metric 
derived from permutation importance. The results 
are presented in Table 7 and visually illustrated in 

Figure 5, providing both numerical and graphical 
evidence of the relative importance of each variable.

Elevation emerged as the most influential pre-
dictor, with an MDA value of 0.3353, which is 
substantially higher than all other variables. This 
dominant contribution, as clearly shown in Fig-
ure 5, indicates that topographic conditions play 
a critical role in controlling flood susceptibility. 
Low-lying areas tend to accumulate surface water 
more easily, making them more prone to flooding. 
Slope and soil type also show considerable contri-
butions, with MDA values of 0.0881 and 0.0701, 
respectively (Table 7). These variables influence 
runoff dynamics and infiltration capacity, thereby 
affecting flood generation processes. River buffer 
distance (MDA = 0.0552) and land cover (MDA 
= 0.0536) exhibit moderate importance, as they 
represent proximity to water sources and surface 
characteristics that regulate hydrological respons-
es. Rainfall shows the lowest contribution among 
all predictors, with an MDA value of 0.0430. This 
relatively lower importance is consistent with the 
spatial distribution of rainfall presented in Figure 3, 
which indicates limited variability across the study 
area. As a result, rainfall contributes less to dis-
tinguishing flood-prone and non-flood areas com-
pared to topographic and land surface variables.

Overall, the consistency between the numeri-
cal results (Table 7) and the graphical represen-
tation (Figure 6) provides strong empirical evi-
dence that topographic and land surface charac-
teristics, particularly elevation, are the dominant 
controlling factors in flood susceptibility patterns 
in Barru regency. These findings are consistent 

Table 6. 5-fold cross-validation accuracy results

Fold Accuracy

1 0.874286

2 0.877143

3 0.617143

4 0.875714

5 0.86

Figure 5. Variable importance (MDA) from the random forest model, with elevation as the dominant predictor
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with fundamental hydrological principles, fur-
ther supporting the robustness and interpretabil-
ity of the model.

Flood susceptibility and settlement overlay 
analysis

The spatial distribution of settlement areas in 
Barru regency derived from the Regional Spatial 
Plan is presented in Figure 6. Settlements are pre-
dominantly distributed along the western coastal 
zone, forming a linear pattern that follows the 
coastline. This pattern reflects the tendency of 
development to concentrate in accessible low-
land areas. In addition to coastal concentrations, 
several scattered settlement clusters are observed 
inland, particularly in Barru, Tanete Rilau, and 
Tanete Riaja sub-districts, generally following lo-
cal road networks and valley systems. In contrast, 
the northern and southern parts of the study area, 
especially in Mallusetasi and Pujananting, exhibit 
relatively limited settlement coverage, indicating 
lower development intensity.

The quantitative distribution of settlement ar-
eas is summarized in Table 8, showing that Barru 
sub-district accounts for the largest proportion of 
settlements (33.66%), followed by Tanete Rilau 

(20.28%) and Tanete Riaja (12.16%), while Pu-
jananting has the smallest share (5.67%). Overall, 
this pattern indicates that settlement development 
is unevenly distributed and strongly concentrated 
in central and coastal lowland areas. This spatial 
configuration provides an important baseline for 
assessing the interaction between settlement dis-
tribution and flood susceptibility. The overlay of 
the flood susceptibility map and settlement data 
was conducted to evaluate settlement exposure 
to high-susceptibility areas. The spatial distribu-
tion of settlement exposure is presented in Figure 
7, which clearly shows that a large proportion of 
settlements is located within high susceptibility 
zones (red areas), particularly in coastal plains and 

Table 7. Variable importance based on mean decrease 
accuracy (MDA) in the random forest model

Rank Predictor MDA

1 Elevation 0.335286

2 Slope 0.088107

3 Soil type 0.070107

4 River buffer 0.055179

5 Land cover 0.053643

6 Rainfall 0.043036

Figure 6. Spatial distribution of settlement areas 
derived from the Barru regency spatial plan

Table 8. Areal extent of settlement areas by sub-
district in Barru regency

Sub-district Area (ha) Percentage (%)

Barru 1211.49 33.66

Tanete Rilau 730.08 20.28

Tanete Riaja 437.58 12.16

Soppeng Riaja 362.70 10.08

Mallusetasi 344.07 9.56

Balusu 308.97 8.59

Pujananting 204.21 5.67

Total 3599.10 100.00
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Figure 7. Spatial distribution of settlement exposure 
to flood susceptibility in Barru regency

along river corridors. Moderate (yellow) and low 
(green) susceptibility zones are less dominant and 
more spatially fragmented. The quantitative results 
of settlement exposure are presented in Table 9. At 
the regency level, approximately 72.63% of the to-
tal settlement area (3,599.10 ha) is located within 
high susceptibility zones, while 17.95% and 9.42% 
fall within moderate and low susceptibility zones, 
respectively. This distribution indicates a strong 
concentration of settlements in hazard-prone areas. 
At the sub-district level, most areas are dominated 
by high flood susceptibility. Mallusetasi exhib-
its the highest proportion (94.51%), followed by 
Soppeng Riaja (82.85%), Tanete Rilau (78.57%), 
Balusu (78.42%), and Barru (75.62%). In contrast, 
Tanete Riaja and Pujananting show more varied 
patterns. Tanete Riaja, although still dominated 
by high susceptibility (46.26%), also contains sig-
nificant proportions of low (30.87%) and moderate 
(22.87%) classes. Meanwhile, Pujananting is char-
acterized by a relatively lower proportion of high 
susceptibility (26.27%), with moderate (42.31%) 
and low (31.42%) classes being more prominent.

Overall, the consistency between the spatial 
patterns shown in Figure 7 and the quantitative 
results in Table 9 provides strong empirical evi-
dence of a spatial mismatch between settlement 
distribution and flood susceptibility. This indi-
cates that a substantial proportion of settlements 
is located in high-susceptibility areas, highlight-
ing critical implications for spatial planning, 
land-use management, and disaster risk reduction 
strategies in Barru regency.

DISCUSSION

Spatial pattern of settlement exposure to 
flood susceptibility

The spatial pattern of settlement exposure to 
flood susceptibility shows a clear concentration 
in the western coastal zone of the study area. In 
this study, exposure is defined as the spatial inter-
section between settlement areas and flood sus-
ceptibility probability, representing a combina-
tion of settlement extent and model-derived flood 
susceptibility. This configuration was obtained 
through an overlay analysis between settlement 
maps from the RTRW and the flood susceptibil-
ity probability map. The integrated results (Figure 
7) indicate that a large proportion of settlements 
is located in high-susceptibility areas, consistent 

with previous studies showing that coastal re-
gions are increasingly exposed to flooding due to 
dense settlement concentration and environmen-
tal changes (Aminur et al., 2024; Kunze and Stro-
bl, 2024). The linear pattern of highly exposed 
settlements along the coastline highlights a strong 
spatial relationship between settlement expansion 
and flood-prone zones, particularly in low-lying 
coastal environments characterized by low eleva-
tion, proximity to water bodies, and limited drain-
age capacity (Zhou et al., 2024). 

Quantitatively, approximately 72.63% of set-
tlement areas fall within high-susceptibility zones, 
while only 9.42% are located in low-susceptibility 
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Table 9. Settlement exposure to flood susceptibility by Sub-district in Barru regency

Sub-district Total settlement (ha)
Low flood Moderate flood High flood

(ha) % (ha) % (ha) %

Barru 1211.49 74.52 6.15 220.86 18.23 916.11 75.62

Tanete Rilau 730.08 30.33 4.15 126.09 17.27 573.66 78.57

Tanete Riaja 437.58 135.09 30.87 100.08 22.87 202.41 46.26

Soppeng Riaja 362.7 20.97 5.78 41.22 11.36 300.51 82.85

Mallusetasi 344.07 6.66 1.94 12.24 3.56 325.17 94.51

Balusu 308.97 7.47 2.42 59.22 19.17 242.28 78.42

Pujananting 204.21 64.17 31.42 86.4 42.31 53.64 26.27

Total area 3599.10 339.21 9.42 646.11 17.95 2613.78 72.63

areas, indicating that most settlements are ex-
posed to elevated flood exposure. This distribu-
tion reflects not only environmental constraints 
but also socio-spatial drivers such as accessibility 
and proximity to economic activities, which tend 
to encourage development in coastal areas (Cal-
cagni and Battisti, 2025; Fan et al., 2025). In con-
trast, inland areas exhibit a more heterogeneous 
exposure pattern due to greater topographic vari-
ability and localized environmental conditions 
(Liu et al., 2025). 

Influence of physical factors on flood 
exposure

The spatial distribution of settlement expo-
sure to flood susceptibility may be further under-
stood in relation to the physical characteristics 
of the study area, particularly geomorphological 
and hydrological conditions. Coastal and lowland 
regions are generally characterized by low eleva-
tion, gentle slopes, and limited natural drainage 
capacity, which facilitate water accumulation and 
increase the likelihood of inundation during high 
rainfall events (Al-ruzouq et al., 2024; He et al., 
2025). The variable importance results from the 
Random Forest model further support this inter-
pretation, where elevation and slope are identified 
as the most influential predictors.

In addition, the presence of river networks 
and their proximity to settlement areas play a 
significant role in shaping flood exposure. Ar-
eas located near rivers are more susceptible to 
flooding due to potential overflow when dis-
charge exceeds channel capacity, particularly 
in downstream zones where river flow interacts 
with coastal processes (Gao et al., 2025; Yaseen, 
2024). In contrast, areas with higher elevation 
and more complex topography tend to exhibit 

lower exposure, as these conditions promote 
more efficient runoff and drainage, thereby re-
ducing water accumulation.

Although rainfall shows relatively low impor-
tance in the model, it does not mean it is insig-
nificant in real-world flood processes. Its limited 
contribution is likely due to its relatively uniform 
spatial distribution across the study area. How-
ever, rainfall becomes more critical under tempo-
ral or seasonal conditions, especially during ex-
treme events not captured by long-term averages. 
Therefore, while topographic and surface vari-
ables control spatial variability, rainfall remains 
an important triggering factor in flood events.

Implications for spatial planning and flood 
risk reduction

The dominance of high settlement exposure to 
flood susceptibility (Figure 7) highlights impor-
tant implications for spatial planning and disaster 
risk reduction in the study area. Many settlements, 
particularly along the western coastal zone, are 
located within high-susceptibility areas. When 
compared with settlement distribution (Figure 6), 
this pattern suggests that existing spatial planning, 
as reflected in the RTRW, may not fully integrate 
flood susceptibility considerations, with develop-
ment more strongly influenced by accessibility, 
coastal proximity, and economic activities.

This interpretation is supported by the Ran-
dom Forest variable importance results (Table 7), 
where elevation (MDA = 0.335) and slope (MDA 
= 0.088) are the most influential predictors. These 
values, derived from the Mean Decrease in Accu-
racy (MDA) metric, indicate that low-lying and 
gently sloping areas – where settlements are con-
centrated – have higher flood susceptibility (Pei-
ris, 2024; Gawrysiak et al., 2024). The distribution 
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of settlements further confirms this imbalance, 
with 72.63% located in high-susceptibility zones 
and only 9.42% in low-susceptibility areas.

These findings provide a basis for more risk-
informed spatial planning. Limiting settlement 
expansion in high-susceptibility zones, particu-
larly in coastal areas, may be considered as one 
strategy, while optimizing land use in relatively 
safer inland areas may also support risk reduc-
tion. In this context, the integration of machine 
learning-based flood susceptibility modelling 
with spatial exposure analysis offers a data-driv-
en framework for identifying priority areas for 
planning and mitigation. These approaches are 
not intended as prescriptive solutions, but rather 
as analytical support for adaptive and risk-based 
planning strategies (Chauhan et al., 2025; Kuru-
gama et al., 2024). 

From a future perspective, continued ex-
pansion of settlements into high-susceptibility 
zones – especially in coastal and river-adjacent 
areas – may significantly increase exposure and 
potential damage. Although rainfall shows lower 
importance in the model, its role may intensify 
under seasonal or extreme conditions, poten-
tially exacerbating flood impacts in vulnerable 
areas. Therefore, integrating flood susceptibility 
information into spatial planning frameworks is 
essential to support more sustainable and risk-
sensitive development.

CONCLUSIONS

This study demonstrates that flood suscepti-
bility in Barru regency exhibits clear spatial vari-
ability influenced by environmental conditions, as 
analysed using a random forest-based approach. 
The results indicate that low susceptibility domi-
nates the region (67.51%), followed by moder-
ate (15.47%) and high susceptibility (17.02%). 
However, overlay analysis reveals that a large 
proportion of settlement areas (72.63%) are locat-
ed within high susceptibility zones, indicating a 
high level of exposure. The spatial pattern further 
shows that settlements are predominantly con-
centrated in lowland and coastal areas, which are 
more prone to flooding due to topographic and hy-
drological conditions. Among the influencing fac-
tors, elevation is identified as the most dominant, 
followed by slope and soil type, highlighting the 
key role of terrain characteristics in shaping flood 
susceptibility patterns. These findings emphasize 

the importance of integrating flood susceptibility 
assessments into spatial planning frameworks to 
support more susceptibility-informed and sus-
tainable settlement development, particularly in 
reducing exposure in hazard-prone areas.
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