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Abstract: The frequent occurrence of flash floods in the small mountainous areas around Argopuro, Ijen and Raung in
East Java, with steep terrain and short hydrological response times, poses significant challenges for risk assessment in
regions with limited hydrological observations. This study assesses flash-flood susceptibility in eight small watersheds
in East Java, Indonesia, using a random forest (RF)-based approach. A flash-flood inventory for 2012-2022 was
compiled and used to train and validate the model. Ten conditioning factors were derived from a Digital Elevation
Model (DEM), river-network data and satellite imagery, including slope, topographic wetness index (TWI),
topographic position index (TPI), river density, land use and normalised difference vegetation index (NDVI). Land-use
changes from 2001 to 2020 were used to assess their influence. To strengthen the hydrological context, event-based
rainfall data corresponding to flash-flood occurrences and field-based photographic documentation were incorporated.
The accuracy of the RF model was assessed using ROC curves and root mean square error (RMSE), indicating
outstanding performance (scores of 0.96-0.99). Based on the model results, four main factors were identified as key
determinants of flash-flood occurrence: land cover and its changes, slope steepness, river-network density and TPI. The
spatial patterns generated by the RF model delineate areas with varying susceptibility levels, providing actionable
information for prioritising mitigation measures. These findings contribute to a better understanding of flash-flood
drivers in small watersheds and provide a scientific basis for local governments and stakeholders to design targeted
risk-reduction strategies that combine land-use planning, watershed management and community-based adaptation.
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INTRODUCTION

Flash floods have increasingly affected East Java over the last
decade, with more than 25 documented events between 2012 and
2024 across five districts: Banyuwangi, Jember, Bondowoso,
Situbondo and Probolinggo. These events, concentrated in small
mountainous watersheds, have caused fatalities, damaged hun-
dreds of hectares of rice fields and inundated settlements, schools,
fishponds and critical infrastructure. Unlike ordinary floods, flash
floods occur suddenly after short but intense rainfall and often
transport large amounts of debris, which amplifies their
destructive impacts. They have ruptured levees, damaged irriga-
tion systems, destroyed bridges and disrupted regional connectiv-
ity. Their localised nature and rapid onset make them highly
unpredictable, posing serious challenges for disaster preparedness
and mitigation (Hocini et al., 2021; Yuan et al.,, 2021).

Small watersheds in upland areas are especially sensitive to
flash floods because of their hydrological and topographic
settings. Intense precipitation generates higher runoff volumes
in mountainous regions than in lowlands (Sharifi, Eitzinger and
Dorigo, 2019). Steep slopes accelerate water flow, while rugged
terrain channels runoff rapidly downstream, threatening river-
bank stability (Choi et al., 2020). Contributing factors include
inadequate drainage systems, altered flow routes, poorly managed
levees and extensive land-use changes that reduce infiltration
capacity (Du, Fan and Pu, 2020; Zhang et al.,, 2021). Climate
change further intensifies these risks by increasing rainfall
variability and the frequency of extreme weather events (Abid
et al., 2021). Given the complexity of these interacting drivers,
identifying and understanding the environmental factors that
condition flash-flood occurrence is critical for developing
effective prevention and mitigation strategies.

Recent studies have adopted various techniques to assess
flash-flood susceptibility. Traditional approaches include multi-
criteria decision-making (Tariq et al, 2022) and bivariate
statistical models (Hidayah, Halik and Widiarti, 2023). Advances
in computational methods have introduced machine-learning and
deep-learning algorithms, which offer greater accuracy and
flexibility in handling non-linear relationships (Chen et al,
2023). Among these, the random forest (RF) algorithm has
emerged as one of the most effective tools for susceptibility
mapping. RF models have achieved prediction accuracies exceed-
ing 80% in flash-flood modelling and even higher rates in flood-
forecasting applications (Mirzaei et al., 2021). Their capacity to
rank the importance of conditioning factors provides additional
insight beyond susceptibility mapping, establishing RF as a state-
of-the-art method in hazard assessment (Abedi et al., 2022).

Diverse environmental and morphometric variables shape
flash-flood susceptibility, and their relative influence varies across
regions. Studies have highlighted the importance of land use/land
cover (LULC), vegetation indices such as NDVI, precipitation and
proximity to rivers (Cao et al., 2020; Choudhury et al., 2022).
Other parameters, such as slope, aspect, elevation, river density
and indices derived from digital elevation models (e.g. topo-
graphic wetness index - TWI, convergence index - CI and
topographic position index - TPI), also significantly influence
runoff generation and infiltration (Sellami, Maanan and Rhinane,
2022). In particular, land-use patterns, surface slope, terrain
position (as represented by TPI) and river density have frequently
emerged as key contributors to flash-flood susceptibility, as they

directly control flow concentration, runoff pathways and land-
scape connectivity (Sellami, Maanan and Rhinane, 2022). For
instance, deforestation and the conversion of natural vegetation
into agricultural or built-up land increase runoff and flood
volume, whereas afforestation can reduce peak flows (Bathurst
et al., 2020). The NDVI is an effective indicator of vegetation
health and greenness, with lower values indicating reduced
canopy cover and increased flood susceptibility (Sidi et al., 2021).
Despite extensive research on flash-flood susceptibility, key
limitations persist. Many studies focus on single watersheds,
limiting the generalisation of conditioning-factor importance
across diverse land-water systems and geomorphological settings.
Moreover, land use/land cover and vegetation indicators are often
treated as static variables, neglecting the long-term land-cover
dynamics that influence runoff.

To address these limitations, this study adopts a multi-
watershed RF-based framework that simultaneously analyses eight
small watersheds in East Java with documented flood events. By
integrating multi-temporal land use/land cover datasets from 2001
to 2020, the proposed approach captures long-term land-cover
dynamics and enables the identification of transferable condition-
ing-factor patterns beyond single-watershed and static-variable
analyses. The objectives are threefold: (1) to evaluate the role of
topographic, hydrological and land-use variables in determining
flash-flood susceptibility; (2) to analyse the influence of land-cover
change on susceptibility patterns; and (3) to generate susceptibility
maps that can guide mitigation strategies. The findings advance
the state of the art in flash-flood modelling and offer practical
implications for watershed management and disaster risk reduc-
tion in vulnerable mountainous regions of Indonesia.

MATERIALS AND METHODS

STUDY AREA

The study area is characterised by complex mountainous terrain
influenced by three major volcanic massifs: Mount Argopuro,
Mount Jjen and Mount Raung. For analytical purposes, the eight
mountainous catchments were classified according to elevation
zones, with five (Wonoboyo, Curah Nongko, Pecaron, Deluwang
and Gelondong) located below 500 m above sea level (m a.s.l.)
and three (Banyuputih, Pekalen and Klokoran) situated between
500 and 1000 m a.s.l. (Fig. 1). A dataset of documented flash-
flood events during the period 2008-2024 was compiled and used
to characterise flood-prone catchments, with individual moun-
tainous catchments experiencing between one and six recorded
events (Tab. S1-S7).

These flash-flood events were consistently associated with
intense rainfall recorded at multiple rain-gauge stations sur-
rounding the affected sub-watersheds, with daily rainfall totals
commonly exceeding 50 mm per day, corresponding to the
BMKG classification of heavy to very heavy rainfall (BMKG,
2023). The consistency of rainfall magnitudes across neighbour-
ing stations indicates that the events were driven by widespread
precipitation rather than isolated local storms.

Field documentation further supports the severity of these
events. Photographs taken during and immediately after flood
occurrences show channel overtopping, sediment-laden flows,
bank erosion and infrastructure damage (Tab. S1-S7). Together,
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Fig. 1. Research area; source: own elaboration

the multi-station rainfall measurements and visual field evidence
provide independent confirmation that the documented flash
floods were triggered by intense rainfall over steep mountainous
catchments.

DATA SOURCES AND SPATIAL PROCESSING

The methodology, summarised schematically in Figure 2,
involved three main steps: (1) selecting and classifying factors
influencing flash-flood occurrence at eight locations; (2) estimat-

Flood conditioning factor

Reclassification

ing susceptibility-index values using an RF model and validation;
and (3) analysing spatial patterns among influential factors.

Data were obtained from four primary sources: field surveys,
a Digital Elevation Model (DEM), the river network and satellite
imagery. Flood-inventory data were used for training and testing.
The 30 x 30 m DEM (USGS SRTM) was processed to derive slope,
aspect, topographic position index (TPI), topographic wetness
index (TWI), convergence index (CI) and curvature parameters.
These parameters represent terrain controls on runoff generation,
flow concentration and saturation potential.

Information
gain ratio
Flood susceptibility
model

Random
forest

Multicolinearity

Spatial pattern
analysis of flood flash
conditioning factor

Fig. 2. Workflow of methodology; TPI = topographic position index, TWI = topographic wetness index,
NDVI = normalised difference vegetation index; source: own elaboration
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River density was extracted from a 1:25,000 topographic
map. Land-cover information was derived from Landsat imagery
(2001 and 2020) using supervised classification and was validated
with field surveys. Eight land-cover classes were identified:
forest, plantation, settlement, paddy fields, shrubs, coastal sand,
river and pond. The NDVI derived from Sentinel-2 (2020)
was also used, focusing on dry-season imagery to capture
minimum vegetation cover before rainfall. All spatial data were
processed in QGIS and standardised into raster grids (30 m
resolution) to support random forest (RF)-based susceptibility

mapping.

FLASH FLOOD CONDITIONING FACTORS

The selection of conditioning factors is essential for assessing
flash-flood susceptibility. Morphometric parameters such as
slope, aspect, TPI, TWI and CI strongly influence flood potential.
Steeper slopes accelerate runoff, aspect affects local hydrological
conditions, and TPI reflects terrain position relative to
neighbouring areas, while high TWI and convergence values
indicate saturated zones with greater runoff and limited
infiltration (Saleh, Yuzir and Sabtu, 2022). River density also
plays a key role, as areas near dense river networks are more
prone to floods (Tariq et al, 2022). Land use and NDVI
significantly influence the occurrence of flash floods. Less
permeable land-use types, such as densely built-up areas,
generate higher runoff than forests or cropland because the
surface absorbs less water and rainfall is conveyed more quickly
into drainage channels, increasing flash-flood risk. Each land-use
class affects flood events differently (Chen et al., 2020). The
conversion of natural vegetation into farmland, the expansion of
built-up areas and the loss of forest can increase runoff and flood
volume, while afforestation may reduce the frequency of peak
discharge (Costache et al., 2020). The NDVT indicates vegetation
greenness, with decreasing values suggesting a higher potential
for flash floods. This index is used to detect land-cover change
because it shows positive values for vegetation, values close to
zero for bare soil and negative values for water (Sidi et al., 2021).
Areas with lower NDVI values are therefore more sensitive to
flash floods (Saha, Gayen and Bayen, 2022). To support flash-
flood inventory validation, event-based rainfall data were
compiled for each small watershed (Tabs. S1-S7).

MULTICOLLINEARITY AND INFORMATION GAIN RATIO

The selection of factors is a crucial phase in preprocessing, as it
aims to improve data quality by reducing redundancy while
preserving variables with strong discriminative capability (Ahmad
and Aziz, 2019). Multicollinearity, defined as a strong linear
relationship among explanatory variables, can obscure the relative
importance of factors and reduce the interpretability of spatial
susceptibility models.

To address this issue, a correlation-based multicollinearity
analysis was performed by calculating pairwise Pearson correl-
ation coefficients among all conditioning factors. A threshold of
|r| = 0.80 was adopted to identify strongly correlated variables,
following common practice in GIS-based flood susceptibility
studies. When this threshold was exceeded, only one variable was
retained based on its physical relevance and contribution to flash
flood processes.

Furthermore, the importance of the selected conditioning
factors was evaluated using the gain ratio (GR) method,
a supervised feature-selection technique derived from informa-
tion theory that normalises information gain to reduce bias
towards attributes with many distinct values (Arora and Kaur,
2020). The GR is defined in Equation (1).

_ Gain(X)
GR(X) = SplitInfo(X) ()
where: SplitInfo(X) = the entropy of the probability distribution
after data partitioning, as shown in Equation (2).

, M| |Mi|
SplitInfo(X) = E<M logs | (2)

where: |Mi| = the number of members of the Mi subset of the M
training data.

RANDOM FOREST

Random forest machine learning was used as the classification
method for flash-flood events. The random forest (RF) is
a classification method that consists of a combination of decision
trees (Abedi et al., 2022). The method combines bootstrap
aggregation and randomisation in node selection during the
construction of decision trees. A decision tree with L leaves
divides the feature space into L parts, Rl, 1 < I < L. For each
decision tree, the prediction function follows Equations (3) and
(4) (Chen et al., 2023).

L
fa) = 3 ati(e, Bl 3)
=1
_ 1, ifx € RI
Iz, BI) = { 0, otherwise )

where: L = the number of parts of the feature space, RI = the I-th
part and ¢ is the constant corresponding to the /-th part.

The final classification is based on the majority vote across
all trees.

Random forest parameters were adopted from commonly
used settings reported in previous flood-susceptibility studies to
ensure model stability and consistency. No extensive hyperpara-
meter sensitivity analysis was performed, as the primary objective
of this study is spatial susceptibility mapping rather than
algorithm optimisation.

Model performance was evaluated using a confusion matrix
derived from the training and testing results, summarising
outcomes as true positives (TP), false positives (FP), true
negatives (TN) and false negatives (FN) (Kamarudin, Cox and
Kolamunnage-Dona, 2017). Although misclassifications are un-
avoidable, effective models exhibit low and balanced error rates.
Performance was assessed using accuracy, recall (true positive
rate, TPR) and precision, with formulations given in Equations

(5)-().

TP+TN
TP+TN+ FP+ FN

Accuracy =

)
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. TP
Precision = m (6)
TP
Recall = m (7)

Furthermore, the receiver operating characteristic (ROC)
curve was employed to evaluate prediction quality by plotting the
false positive rate (FPR) against the true positive rate (TPR)
(Wang et al., 2022). The area under the curve (AUC) provides
a quantitative measure of overall model performance, with higher
values indicating stronger discriminative ability (Yao et al., 2022).
To enhance validation, ROC curves were generated for different
subgroups of flash-flood events. Since ROC analysis alone does
not define explicit susceptibility thresholds, the resulting
susceptibility map was classified into five equal-area susceptibility
classes. This classification facilitates spatial interpretation while
preserving model accuracy in distinguishing flood-prone and
non-flood areas.

RESULTS AND DISCUSSION

FLASH FLOOD CONDITIONING FACTOR RESULTS

The resulting correlation matrix is provided in Table S8 to enable
independent evaluation of inter-variable relationships. The
analysis indicates that no significant multicollinearity is present;
therefore, all ten variables were retained and used in the
modelling procedure: NDVI, plan curvature, aspect, profile
curvature, convergence, TWI, slope, land use, TPI and river
density. This result confirms that each factor contributes unique
information to the random forest (RF) classifier and avoids
redundancy that could obscure interpretation.

The relative importance of these variables was evaluated
using the gain ratio (GR) based on average merit values,
providing an interpretable measure of their contribution to
flash-flood susceptibility across the eight watersheds. Across the
watersheds, land use consistently exhibits the highest average
merit, followed by slope, river density and TPI (Fig. 3). The
dominance of land use, slope, river density and TPI reflects their
complementary roles in controlling watershed hydrological
response. Land use governs runoff generation by regulating
infiltration and surface storage, commonly represented through
variations in curve number (Hu, Fan and Zhang, 2020). Slope
controls flow velocity and response time by shortening the time of

Land use
Slope s ——
River density I
TP/ EEEER
Tw EnE
Profile curvature Wil
NDVI WER
Convergency index il
Plan curvature 1l
Aspect 1l
0 0.05 0.1 0.15 0.2 0.25 0.3 0.35 04

Average merit

mBanyupatih ®Curah Nongko #Wonoboyo ®Pekalen ®Kelokoran = Pecaron ®mGelondong ®Deluwang

Fig. 3. Overall average merit values of the gain ratio; TPI = topographic
position index, TWI = topographic wetness index, NDVI = normalised
difference vegetation index; source: own study

concentration and amplifying peak discharge (Sultan et al., 2022).
River density determines the efficiency of runoff conveyance by
accelerating flow concentration towards the channel network
(Ogden et al., 2011), while TPI represents topographic conver-
gence and divergence that regulate the spatial distribution and
accumulation of runoff (Chowdhury, 2023). Together, these
factors control both the magnitude and timing of watershed
response to intense rainfall, explaining their dominant influence
on flash-flood susceptibility.

FLASH FLOOD SUSCEPTIBILITY PREDICTION
USING RANDOM FOREST

Flash-flood susceptibility was classified into five levels, ranging
from very low to very high. Across the eight watersheds, areas
classified as very high susceptibility account for approximately 58—
77%, while the high and medium susceptibility classes account for
31-54% and 11.6-24.0%, respectively (Fig. 4). Across the eight
watersheds, flash-flood susceptibility decreases sequentially from
Gelondong to Klokoran, with higher-ranked watersheds charac-
terised by larger proportions of high to very high susceptibility
classes and lower-ranked watersheds dominated by low to medium
classes. This pattern indicates pronounced spatial variability in
flash-flood susceptibility, highlighting clear differences in relative
risk among the analysed catchments. Model performance was
evaluated using receiver operating characteristic (ROC) and root
mean square error (RMSE) metrics for both the training and
testing phases. Training ROC values range from 0.87 to 0.99, while
testing ROC values remain consistently high (>0.83), indicating
strong discriminative capability across all watersheds. Low RMSE
values further confirm the robustness and generalisation ability of
the random forest model. Similar evaluation frameworks using
ROC and RMSE are widely adopted in flash-flood susceptibility
studies to assess spatial classification accuracy and model reliability
(Nguyen et al., 2020; Shirzadi et al., 2020). Detailed performance
metrics for each watershed are provided in Table S9.

LAND COVER CHANGE VERSUS FLASH FLOODS

Land cover is classified into eight categories according to Yang
et al. (2012). Percentage changes in land-use/land-cover (LULC)
classes between 2001 and 2020 for each watershed are presented

Gelondong
Deluwang
Pecaron

Wonoboyo

Watershed

Banyuputih
Curah Nongko
Pekalen

Kelokoran

0% 20% 40% 60% 80% 100%

Flash flood index

u Very low Low Medium High  ®Very high

Fig. 4. Flash flood index; source: own study
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in Figure S1, where negative values indicate land-cover loss and
positive values indicate gains in areal proportion. Hydrologically,
land cover influences runoff response through variations in CN,
which integrates vegetation condition, soil properties and land
management (Abdelkebir, Mokhtari and Engel, 2024).

Over the 20 years from 2001 to 2020, the Banyuputih, Curah
Nongko, Pekalen, Pecaron and Deluwang watersheds experienced
a decline in forest cover, which was replaced by plantations
or paddy fields. Forest cover decreased markedly in Banyuputih
(-38.0%) and Pecaron (-66.0%), while plantation areas increased
significantly, reaching +34.0% in Banyuputih, +42.0% in Delu-
wang and up to +72.0% in Klokoran. Paddy fields also expanded
notably in Deluwang (+24.8%). These transitions are hydro-
logically important because forests generally exhibit lower CN
values. In contrast, plantations and paddy fields tend to increase
CN due to soil compaction and reduced surface retention,
promoting higher runoff and peak discharge (Abdelkebir,
Mokhtari and Engel, 2024; Widyasasi et al., 2024).

In contrast, the Wonoboyo, Klokoran and Gelondong
watersheds did not show substantial land-use change. These
areas are mainly covered by scrubland and contain only small
patches of forest, indicating that flash floods are not caused solely
by deforestation but can also be associated with the prevalence of
shrubland cover. Flash-flood susceptibility can therefore occur in
shrubland or agricultural watersheds where infiltration capacity
and surface roughness are low. Shrubland- and agriculture-
dominated watersheds can exhibit rapid runoff responses under
intense rainfall because of inherently low infiltration capacity and
surface roughness (Mansida et al., 2025).

The GR analysis (Fig. 3) indicates that land use is the most
informative conditioning factor for distinguishing flash-flood-
prone areas across the studied watersheds. Rather than implying
a direct causal relationship, this result suggests that land-use
classes integrate multiple surface characteristics, including
vegetation condition, topographic condition and long-term
land-management practices. Changes in land-use composition,
such as forest conversion, plantation expansion and the
dominance of shrubland or agricultural land, provide strong
discriminatory information for flash-flood susceptibility at the
watershed scale.

Although forest cover can reduce runoff and attenuate flood
peaks through increased interception, infiltration and evapotran-
spiration, its influence on flash floods induced by short-duration,
high-intensity rainfall may be limited (Herath et al., 2025). This
supports observations that flash floods occur even in watersheds
with limited forest change or shrubland dominance, where
intense rainfall overwhelms hydrological buffering capacity. The
LULC analysis focuses on quantified areal transitions relevant to
susceptibility modelling and does not aim to perform detailed
statistical testing, fragmentation metrics or change-rate intensity
analysis.

GEOMORPHOLOGICAL CHARACTERISTICS
AFFECTING FLASH FLOODS

Slope
The slope gradient in the eight watersheds is categorised into five
classes: [0°% 5°), [5% 10°), [10°% 25°), [25°% 45°), and >45°. Slopes
with gradients over 40% are present in four specific watersheds:
Wonoboyo, Curah Nongko, Pekalen and Deluwang, as shown in

Figure S2. These watersheds exhibit steep conditions, with slope
angles ranging from 25° to 45°. The Gelondong watershed
features significantly steeper slopes, exceeding 45°.

The Banyuputih and Pecaron watersheds have moderate
inclines, ranging from 10° to 25°. In the Klokoran watershed,
there are two main slope classes: moderately steep and very steep.
Flood occurrence is strongly influenced by slope gradient, as
steeper slopes produce more rapid and forceful flows. For
instance, in hilly regions, steeper slopes can lead to larger and
faster peak flows (Kowalczyk et al., 2023). According to previous
studies, slopes exceeding 45° are particularly prone to initiating
flash floods (Tariq et al., 2022; Sapan et al., 2023).

River density

The analysis shows that, of the eight observed watersheds,
five have a dominant river-density class accounting for more than
50% of their area, as shown in Figure 5. This indicates that most
watersheds have a relatively low number of rivers. However, two
watersheds, Curah Nongko and Pecaron, have substantial
proportions within river-density levels of 0-1, while the
Wonoboyo watershed is dominated by values of 0-2. This
suggests that some watersheds have low river density across
a large proportion of their area, which can affect flash-flood
conditions.

The upstream areas have high river density, indicated by
darker colours, while the downstream areas exhibit lighter
colours, indicating low river density (Fig. 5). Low river density
suggests increased susceptibility to floods, consistent with
findings by other researchers (Hagos et al., 2022). High river
density indicates that watersheds can generate large discharges
(Khalifa et al., 2023; Shawky and Hassan, 2023). Consequently,
during extreme rainfall, the large water supply from upstream
areas leads to significant water accumulation downstream,
increasing the risk of flash floods.

Flash floods often occur in watersheds with low river-
density values (<2), as observed in these eight watersheds. The
smaller the river-density value, the fewer rivers there are in the
watershed. The risk depends on the occurrence of extreme rainfall
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Fig. 5. River density in the eight small watersheds; source: own study
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and the capacity of the rivers to contain the flow; if capacity is
exceeded, flooding will occur. Additionally, flash floods in hilly
upstream areas cause flood overflow to spread downstream
without clear spatial confinement.

The higher the density of the water network in an area, the
greater its potential impact on downstream flood-flow expansion.
If heavy rainfall occurs and river capacity is insufficient, floods
may spread extensively. Dense rivers tend to have better drainage
systems, aiding the conveyance of excess rainwater. However, if
the river network becomes too dense, high water flows can still
cause flooding where drainage capacity is inadequate. High
drainage density is positively correlated with flood peak and
volume (Khosravi et al., 2018).

TOPOGRAPHIC POSITION INDEX

The topographic position index (TPI) helps to identify various
forms of topographic land, including different types of slopes,
valleys and ridges. The TPI values in the eight watersheds range
from -254.79 to 209.18 (Fig. 6). Negative TPI values depict areas
lower than their surroundings, while positive TPI values indicate
central zones higher than their neighbouring averages. The TPI
values were divided into five classes using natural breaks. On

average, the TPI values in the eight watersheds show a distribution
approaching a bell shape. The highest area percentage is in class 3,
with values close to 0, indicating relatively flat areas. The lowest
area percentages are in class 1, indicating valleys, and class 5,
indicating ridges.

The TPI factor shows strong dominance over other factors
for flash floods in small watersheds across various regions. This is
supported by other research on flash-flood cases (Costache,
Barbulescu and Pham, 2021). However, for flood inundation in
coastal or low-lying areas, its influence appears to be less
significant (Youssef, Mahdi and Pourghasemi, 2023). In the case
of flash floods, TPI characteristics in all watersheds exhibit
a normal distribution pattern, indicating that watersheds with TPI
values close to 0 (constant slope) are prone to flash floods, as
shown in Figure 6. This finding is consistent with flash-flood
studies elsewhere (Costache, Barbulescu and Pham, 2021;
Costache et al., 2021). Conversely, flood occurrences in low-
lying areas are generally associated with the dominance of low
TPI values (Choudhury et al, 2022). These results indicate
a difference in the dominance of TPI values between flash floods
and flood inundation. Identifying the environmental factors
influencing flash floods is crucial for mapping flash floods in
small watersheds. Additionally, these watershed physical char-
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Fig. 6. Topographic position index factor in the
eight watersheds; source: own study
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acteristics can be used as supplementary parameters in rainfall-
runoff modelling for areas prone to flash floods. The final results
of this assessment can guide flood-mitigation efforts, both
structural and non-structural.

CONCLUSIONS

This study demonstrates that flash-flood susceptibility in small
mountainous watersheds can be effectively identified using
a random forest-based spatial-modelling framework that inte-
grates terrain, land-use and environmental variables. Model
evaluation shows strong and consistent performance across eight
watersheds, with training and testing receiver operating char-
acteristic (ROC) values ranging from 0.87 to 0.98 and from 0.83
to 0.96, respectively. The results indicate that land use, slope, river
density and topographic position index (TPI) are the most
influential conditioning factors, highlighting the combined role of
land-development patterns and geomorphological controls in
flash-flood generation.

From a practical perspective, watersheds characterised by
steep slopes, extensive land-use conversion, reduced forest cover
and low TPI values should be prioritised for flash-flood risk
management. The findings support the application of integrated
mitigation strategies, including forest conservation and reforesta-
tion in upper catchments, land-use regulation, river-corridor
protection and the strategic implementation of nature-based and
engineered solutions. These susceptibility-based insights provide
valuable guidance for watershed zoning, spatial planning and
disaster risk reduction in data-limited regions.

Several limitations should be acknowledged. Uncertainties
remain in the completeness and spatial accuracy of the flash-flood
inventory, and land-use and normalised difference vegetation
index (NDVI) products may be affected by classification errors.
High-resolution rainfall dynamics were not explicitly incorpo-
rated due to data constraints, and the analysis focuses on
susceptibility mapping rather than event-based flood prediction.
Despite these limitations, the proposed framework offers a robust
and transferable approach for identifying flash-flood-prone areas
and supporting evidence-based mitigation planning. These
recommendations are intended to support strategic planning
and prioritisation rather than site-specific engineering design.

SUPPLEMENTARY MATERIAL

Supplementary material to this article can be found online at:
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