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| ABSTRACT

The Mandalika Special Economic Zone (SEZ) on Lombok Island continues to develop as a national strategic area, particularly driven
by rapid tourism expansion. Intensive land-cover changes, vegetation degradation, and increasing rainfall in recent years have
contributed to the rise of recurrent flooding. These conditions highlight the need for a deeper assessment of flood sensitivity to
support mitigation efforts and adaptive spatial planning. This study aims to evaluate the MADM scoring—weighting process,
identify dominant parameters and the effects of weight variation on flood sensitivity, estimate the extent of vulnerability classes,
and formulate mitigation recommendations for the area. Six parameters were used: rainfall, slope, elevation, land cover, river
density, and population density. The Multi-Attribute Decision Making (MADM) method was applied using two weighting scenarios
(35%-13% and 25%-15%), supported by visual verification based on morphology, color distribution, and administrative
boundaries. The results indicate that medium-vulnerability zones dominate the study area, especially in transitional regions
between lowlands and hilly terrain. Land cover and slope emerge as the most influential parameters, producing more stable and
logical spatial patterns with weights of 0.30 and 0.25. Elevation and river density fall into the moderate-influence category, with
weights of 0.15 and 0.12. Rainfall and population density show lower discrimination due to data limitations, with respective weights
of 0.15 and 0.08. Land cover and slope also demonstrate the highest sensitivity, while elevation, rainfall, and river density show
moderate sensitivity, and population density represents the lowest level. Medium vulnerability dominates the study area at 50.66%,
followed by low vulnerability at 26.52% and high vulnerability at 22.83%. To reduce flood risk, government authorities and area
managers should strengthen land-cover rehabilitation, improve spatial-planning regulations, reorganize river networks to enhance
flood-control capacity, and manage population density through zoning and development monitoring.
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1. Introduction

The Mandalika Special Economic Zone (SEZ), located on Lombok Island, Indonesia, has undergone rapid development following
its designation as a national strategic priority area and tourism hub. This accelerated expansion has been accompanied by
substantial land-cover modifications, vegetation degradation, and increasing rainfall intensity, all of which have contributed to
recurrent flooding in recent years. Significant flood events recorded in 2021 and 2022 revealed the growing vulnerability of the
region’s hydrological systems, particularly within watersheds intersecting key tourism and residential zones. These incidents not
only disrupted community mobility and damaged infrastructure but also highlighted critical gaps in spatial planning and
environmental management.

Copyright: © 2025 the Author(s). This article is an open access article distributed under the terms and conditions of the Creative Commons
Attribution (CC-BY) 4.0 license (https://creativecommons.org/licenses/by/4.0/). Published by Al-Kindi Centre for Research and Development,
London, United Kingdom.
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Effective flood control in Mandalika requires a comprehensive understanding of the spatial factors influencing flood sensitivity,
especially given the area’s complex topography, evolving land-use patterns, and dense network of small to medium-sized
watersheds. Previous assessments in similar developing regions often focused on single-parameter analyses, limiting their ability
to capture the multidimensional nature of flood vulnerability. In contrast, Mandalika demands a more integrative approach because
its sensitivity to flooding is shaped by interactions among biophysical and anthropogenic variables, including rainfall intensity,
slope gradients, elevation distribution, land-cover conditions, river-network density, and population concentration.

Advances in geospatial analytics and the increasing availability of high-resolution spatial data provide new opportunities to analyze
these interacting parameters more systematically. The Multi-Attribute Decision Making (MADM) method—combined with
Geographic Information Systems (GIS)—offers a robust framework for evaluating parameter weights, identifying dominant controls
on flood sensitivity, and quantifying spatial variations in vulnerability levels. By assigning weights to each factor and testing
alternative weighting scenarios, MADM enables a structured and transparent assessment of how each parameter contributes to
overall flood sensitivity. Such an approach is crucial in Mandalika, where rapid urban development and land-use conversion require
continuous adaptation of flood-mitigation strategies.

Despite the strategic significance of Mandalika SEZ, scientific studies addressing its spatial flood sensitivity remain limited. This
research therefore seeks to fill this gap by evaluating the MADM scoring and weighting process, identifying dominant parameters
influencing flood sensitivity, and estimating the spatial extent of vulnerability classifications. The study also provides evidence-
based recommendations to strengthen flood-control capability in the area, focusing on land-cover rehabilitation, improved spatial
planning regulations, river-network reorganization, and population-density management.

By integrating hydrological, geomorphological, and socio-spatial variables into a single analytical framework, this study contributes
to the development of more adaptive, data-driven flood-management strategies for rapidly growing economic zones in tropical
regions.

2. Literature Review

Flood control capacity refers to the ability of a region to reduce, retain, and convey rainfall runoff in order to prevent
inundation and environmental damage (BNPB, 2012). According to Suripin (2004), flood control is not limited to physical
interventions through infrastructure development, but also involves environmental factors, land use planning, and social systems
that influence the hydrological balance of a watershed. Flood control capacity can be understood as the result of interactions
between biophysical conditions—such as slope, soil characteristics, and vegetation—and engineered systems, including drainage
networks, levees, retention basins, and urban spatial planning. The better the condition of the natural environment and supporting
infrastructure, the higher the flood control capacity of a given area. Based on the Regulation of the Ministry of Public Works and
Housing (Permen PUPR) No. 04/PRT/M/2015 concerning the Criteria and Delineation of Flood-Prone Areas, several key
components influence flood control capacity, as outlined below:

Physical Land Conditions

Physical land conditions include slope gradient, elevation, soil type, and land cover, all of which determine infiltration
capacity and surface runoff generation (Suripin, 2004). Areas with dense vegetation cover and highly permeable soils generally
exhibit better flood control capacity.

Rainfall and Hydrological Conditions: Rainfall intensity and duration are directly related to runoff volume. Higher rainfall
increases hydrological pressure on both natural and artificial drainage systems (Asdak, 2010).

Flood Control Infrastructure Conditions: This component includes drainage networks, dams, detention ponds, retention basins,
and urban drainage systems. Well-maintained infrastructure enhances storage capacity and accelerates surface water conveyance,
thereby reducing flood risk (PUPR, 2018).

Land Use and Spatial Planning: The conversion of vegetated land into built-up or impervious surfaces significantly increases
surface runoff. Effective spatial planning and land use control play a critical role in maintaining groundwater balance and flood
mitigation (Fauzi et al., 2021).

Social and Institutional Conditions: Community awareness, local government capacity, and inter-agency coordination are

essential elements of sustainable flood control management (BNPB, 2021).
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In general, flood control capacity analysis can be conducted using a quantitative and spatial approach through a Multi-
Attribute Decision Making (MADM) method integrated with a Geographic Information System (GIS). According to Malczewski
(1999) and Chen and Yu (2018), the MADM-GIS approach enables the integration of multiple environmental parameters into a
single, comprehensive model that produces a spatial index of flood control capacity. This method utilizes thematic maps such as
rainfall, slope, soil type, land cover, population density, and flood control infrastructure. Each parameter is assigned a weight and
a score based on its relative influence on flood control capacity. The weighted overlay process generates a Flood Control Potential
Index, which can be classified into very high, high, moderate, low, and very low categories.

Sensitivity analysis is applied to evaluate the stability of the model with respect to variations in parameter weights.
According to Saltelli et al. (2000), sensitivity analysis is essential to ensure that the final results are not overly dependent on a single
dominant parameter, such as rainfall or land cover. In the context of the KEK Mandalika study, different weighting scenarios (e.g.,
35%—-13% and 25%—15%) were implemented to examine the effects of changes in parameter dominance on the spatial distribution
of flood control capacity. If the resulting classified maps show no significant differences between weighting scenarios, the model
is considered stable and robust against weighting uncertainty.

3. Methodology
3.1 Flood Events in the Mandalika Special Economic Zone

According to data from the Ministry of Public Works and Housing, Directorate of Water Resources, River Basin Authority
of Nusa Tenggara |, the Mandalika Special Economic Zone (SEZ) has experienced several significant flood events, namely on 30
January 2021, 22 March 2022, and 23 December 2022. Flood event reports from the River Basin Authority of Nusa Tenggara |
indicate that on 30 January 2021, flooding occurred along the Rangkap River in Kuta Village, Pujut District, Central Lombok
Regency. High rainfall reaching 140.6 mm caused inundation of the river channel, agricultural fields, roads, and approximately 500
residential houses, accompanied by mud deposition. This condition was exacerbated by solid waste accumulation along major
roads and drainage channels within the Mandalika SEZ. In addition, deforestation associated with maize cultivation triggered
landslides, leading to blockage of drainage channels and subsequent flooding in residential areas.

On 22 March 2022, flooding occurred along the Tebeo River within the Tebelo Watershed, Kuta Village, Pujut District,
with recorded rainfall of 54.32 mm based on the Rambitan ARR station and 30 mm according to the Pujut AWS station (BMKG).
This flood event disrupted approximately 700 m of village roads, damaged a bridge connecting several hamlets, and inundated
residential areas across six hamlets in Kuta Village.

Persistent high rainfall resulted in river narrowing by approximately 3—-4 m due to sedimentation processes and the
confluence of the Merendeng and Baturiti Rivers within the Tebelo Watershed. These conditions contributed to flooding on 23
December 2022 along the Ngolang and Soker Rivers, with rainfall intensities of 80.26 mm at the Mandalika ARR station and 81.70
mm at the Rembitan ARR station. The main road in front of the Mandalika Circuit was inundated along a 1.5 km stretch, causing
flooding in Kuta Village with water depths reaching up to 1 m at several locations. Table 4 presents the input parameters used for
the flood control capacity analysis in the Mandalika SEZ.

Table 1: Input Parameters for Flood Control Capacity Analysis in the Mandalika Special Economic Zone

F . N

Number | Parameter Data Source ormat / Unit Deskripsi & Penggunaan
Data Type

1 Rainfall BBWS NT | Rasters mm/year Represents the average annual rainfall

intensity influencing runoff volume and
hydrological pressure.

2 Slope DEMNAS (BIG, 2023) Rasters % Derived from the digital elevation model
using the slope function in ArcGIS to
indicate surface flow velocity potential.

3 Land Cover Sentinel-2 Imagery Rasters Category Describes land cover types (vegetation,
/ Land Use (ESA, 2024) settlements, paddy fields, etc.) affecting
runoff generation and infiltration capacity.
4 Distance to DEMNAS (BIG, 2023) Rasters meter Calculated using Euclidean Distance to
River / Main determine proximity to major flow paths
Drainage and drainage channels.
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Number | Parameter Data Source Format / Unit Deskripsi & Penggunaan
Data Type
5 Population Central Lombok Rasters persons/km? | Represents anthropogenic pressure on
Density Regency Statistics drainage systems and infiltration areas;
Agency (BPS, 2023) processed as village-based zoning.

and Village Boundary
Shapefile (BIG)

6 Elevation DEMNAS (BIG, 2023) Rasters m a.s.l. Identifies low-lying areas with higher flood
potential and assesses the natural
drainage capacity of the region.

3.2 Research Stages

This study adopts a quantitative descriptive approach integrating the Multi-Attribute Decision Making (MADM) method
with a Geographic Information System (GIS). This approach was selected because it allows numerical processing of multiple
parameters and produces spatial analyses that represent the level of flood control capacity within the study area. The MADM
model was applied to determine the relative weights of each parameter, while GIS was used for spatial data processing and map
generation. Subsequently, a scoring procedure was applied to all parameters included in the analysis.

Rainfall is defined as the amount of precipitation occurring in a given area over a specific period. In flood control planning,
rainfall input is not based on point rainfall data but rather on the average rainfall across the entire study area. Rainfall is directly
proportional to flood occurrence; higher rainfall intensities increase flood potential, whereas lower rainfall levels reduce flood risk.
Slope, commonly referred to as terrain gradient, is defined as the percentage ratio between elevation difference and horizontal
distance. Slope plays a significant role in flood occurrence. Steep slopes allow surface runoff to flow rapidly, thereby reducing flood
potential. Conversely, gentle slopes slow down runoff, increasing the likelihood of water accumulation and flooding. Land cover
quality is strongly associated with vegetation density. Vegetated areas enhance soil infiltration capacity, reduce surface runoff, and
delay the concentration of flow into river channels. Consequently, the likelihood of flooding decreases compared to areas with
limited or no vegetation cover.

Drainage density is defined as the total length of river channels per unit area of a watershed. High drainage density
generally indicates efficient runoff conveyance, while low drainage density increases infiltration potential. However, excessive
runoff combined with limited infiltration may increase flood risk. According to Linsley (1975) in Darmawan et al. (2017), watersheds
with drainage density values below 0.62 km/km? tend to experience inundation, whereas values above 3.10 km/km? are commonly
associated with dry conditions. Elevation represents the height of a location above mean sea level. Low-lying areas are more
susceptible to flooding than higher-elevation areas. Higher elevations generally indicate lower flood risk. Population density
significantly influences environmental conditions and land use change (Kuswadi, 2014). Rapid population growth often leads to
land conversion from vegetated areas to built-up settlements, affecting runoff volume and flow timing. Increased surface runoff
may result in downstream flooding.

This study applies a scoring and weighting method to all parameters based on their relative influence on flood occurrence.
The weighted parameters were analyzed using the MADM framework integrated with GIS. During data preparation, grid size
selection was carefully considered, as inappropriate grid resolution may produce misleading flood vulnerability results (Zhan et al.,
2022). Flood vulnerability maps for the period 2013-2022 were subsequently compared to assess parameter sensitivity.
Vulnerability classification was conducted based on environmental and social indicators. The weighting factors are presented in
Table 2.7, and class intervals were determined using the following equation (Carolita, 2014 in Pratama, 2020):

Ki — Xt—Xr
k
.......... @)
where:
Ki : class interval,
Xt : maximum value,
Xr : minimum value,
K : number of desired classes.

The weighting stage was conducted using the Analytical Hierarchy Process (AHP) or other derivative methods of Multi-
Attribute Decision Making (MADM) to determine priority weights among the selected parameters. In this study, two experimental
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weighting scenarios were applied to evaluate parameter sensitivity, including rainfall, slope, land cover, drainage density, elevation,
and population density. These six parameters were assigned different weight combinations under two scenarios, as detailed in
Table 2, to assess the influence of parameter dominance on the resulting flood control capacity analysis.

Table 2: Weight Distribution of Parameters in the Spatial Sensitivity Analysis for the 35%—-13% and 25%-15% Scenarios

Sensitivity Other Contributing Parameters Total
parameter
No 1 2 3 4 5 6 7
Weight 35% 13% 13% 13% 13% 13% 100%
Weight 25% 15% 15% 15% 15% 15% 100%

Both weighting scenarios were employed to test the stability of the model through sensitivity analysis. Sensitivity analysis
using alternative weighting scenarios provides theoretical insight into the influence of dominant indicators on the vulnerability
model. From a practical perspective, it also serves as a basis for policy decision-making in identifying more appropriate flood
control strategies. Spatial sensitivity analysis was conducted by assigning a relatively dominant coefficient to one indicator while
distributing smaller coefficients evenly among the remaining indicators.

To ensure the accuracy of spatially based flood vulnerability modeling, purely quantitative evaluation is insufficient. In a
geospatial context, visual validation of model outputs is an integral component in assessing the feasibility and consistency between
model predictions and actual spatial conditions in the field. Therefore, a set of visual indicators is required to guide the
interpretation of model-generated maps in a systematic, logical, and objective manner. These indicators function as key
benchmarks for evaluating the spatial-conceptual consistency of each scenario map. This evaluation forms part of a visual spatial
sensitivity analysis approach, which has been widely applied in recent geospatial studies, particularly those integrating
environmental data with Geographic Information Systems (GIS).

Through visual assessment, it is possible to determine whether the spatial distribution of color classes (e.g., green, yellow,
and red) corresponds with geomorphological characteristics, land cover patterns, topography, and empirical evidence such as
recorded flood locations. This visualization enables researchers to assess not only the internal validity of the model but also the
interpretability and practical relevance of the resulting maps.

Accordingly, this study developed a visual indicator-based evaluation system structured into several main categories,
each consisting of multiple sub-indicators representing specific spatial aspects. In general, the indicators are classified into four
major groups: (1) Spatial-Conceptual Consistency Indicators, (2) Color Distribution Indicators, (3) Visual Sharpness Indicators, and
(4) Visual Distortion Indicators. Each indicator group was designed to capture critical dimensions of map interpretation in flood
vulnerability modeling. The visual indicators and sub-indicators used as references for visual vulnerability analysis are presented in
Table 3.

Table 3: Spatial Sensitivity Evaluation Indicators

No Visual indicator Description
1 Spatial-Conceptual Assesses whether the color patterns on the map are consistent with spatial concepts
Consistency such as topography, elevation, upstream-downstream flow, land-use changes,
infrastructure, and alignment with actual flood locations.

2 Color Distribution Evaluates whether the distribution of green—-yellow-red zones is spatially logical, has
proper transitions, does not overrepresent safe areas, and displays clear zone
contrasts.

3 Visual Sharpness Assesses the clarity of spatial patterns: color consistency, the ability to distinguish
between vulnerable and safe areas, appropriate heterogeneity, and alignment with
actual land-use conditions.

The first indicator group, Spatial-Contextual Consistency, addresses the model’s ability to represent the correspondence
between vulnerability zones and key spatial features such as elevation, topography, land use, and observed flood locations.
Indicators within this group evaluate spatial logic, namely whether high-vulnerability zones (red) are located in low-lying areas or
densely populated settlements, and whether low-vulnerability zones (green) are situated in upland, forested, or hilly areas. This
group constitutes the primary foundation of model validation, as it directly reflects geological and geographical conditions.
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The second indicator group, Color Distribution, evaluates the balance and realism of the spatial distribution of low (green),
moderate (yellow), and high (red) vulnerability zones across each scenario map. Indicators in this group assess dominant color
consistency, the accuracy of transitional zones (yellow), and the spatial distribution of high-vulnerability areas. This evaluation is
essential to ensure that no single class excessively dominates the map (e.g., the entire area classified as moderate) and to identify
anomalies, such as high-vulnerability zones occurring in geomorphologically implausible locations.

The third indicator group, Visual Sharpness, assesses the model’s ability to clearly distinguish between safe and vulnerable
areas and evaluates whether the visualization provides sufficient contrast and interpretability. This group reflects the classification
strength of the model in filtering spatial information and producing maps that are communicative and informative for both
policymakers and the general public.

The fourth indicator group, Visual Distortion, is used to identify model artifacts resulting from non-spatial influences,
particularly administrative boundaries. This indicator is critical because a robust model should define flood vulnerability based on
environmental and geophysical conditions rather than administrative units. The appearance of block-like high-vulnerability zones
covering entire villages without consideration of topography or land cover indicates invalid dependence on social or administrative
data.

Each indicator was evaluated using a visual scoring system based on direct observation of model output maps across
multiple scenarios and years. Scores were assigned to dominant parameters under two primary weighting scenarios (35:13 and
25:15) for the period 2017-2023. Visual assessment followed a systematic approach using predefined indicators, with scores
assigned on a quantitative scale of 1-5, where the highest score (5) represents the strongest spatial consistency and map quality,
and the lowest score (1) indicates the opposite.

The primary purpose of developing these visual indicators was not merely to support subjective evaluation, but to bridge
data-driven modeling and applied spatial interpretation. Furthermore, these indicators assisted in determining the final parameter
weights by assessing how effectively each parameter contributed to producing logical and valid vulnerability patterns.

4. Results/Findings
4.1 Parameter

Drainage density represents the number and total length of river channels per unit area. Similar to slope, drainage density
was derived from DEM data, as illustrated in Figure 4.3. Areas with numerous tributaries or dense natural drainage networks
typically exhibit more complex hydrological flow systems; however, they also face a higher flood risk when channel capacity is
insufficient or when blockages occur.

This parameter was classified based on river morphology and branching intensity. A higher degree of branching indicates
greater drainage density, which accelerates the accumulation and concentration of surface runoff toward outlet points.
Consequently, peak runoff (flood discharge) occurs more rapidly and with greater magnitude. Therefore, drainage density must
be analyzed in conjunction with rainfall and land-cover parameters.

Scoring was assigned based on river length per square kilometer, ranging from 1 (very low) to 5 (very high). In the
Mandalika Special Economic Zone (KEK Mandalika), the drainage network is relatively dense, particularly in the central and
southeastern areas. This spatial pattern remains relatively stable over the study period. Figure 1 shows the scoring results of the
drainage density parameter.
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Figure 1: River density parameter scoring map

Figure 1 above indicates that the river density level in the study area is predominantly very high. This condition is reflected
by the extensive distribution of dark blue areas representing a score of 5, which is relatively balanced with areas assigned a score
of 4. Areas with a score of 3 are evenly distributed across the region, followed by limited areas classified as score 2 and only a very
small proportion categorized as score 1. This spatial pattern suggests that the spatial vulnerability analysis in the study area is likely
to result in a relatively extensive distribution of flood-prone zones.

Slope, commonly referred to as terrain gradient, is defined as the percentage ratio between elevation change and
horizontal distance. In this study, slope was analyzed using the national digital elevation model (DEMNAS). Slope plays a critical
role in controlling surface runoff velocity. Steep slopes allow water to flow rapidly downstream, thereby reducing the potential for
water accumulation, whereas gentle slopes significantly increase the likelihood of ponding and inundation. In the study area, slope
distribution varies considerably between the western and eastern parts, where upstream regions exhibit steep topography while
downstream areas are predominantly flat. Slope classes were assigned scores ranging from 1 for steep slopes (>45%) to 5 for flat
slopes (0-8%). Although slope is a relatively static parameter, it remains highly relevant in flood vulnerability assessment, as it
governs flow pathways and floodwater accumulation, particularly when combined with land cover conditions. Based on Figure 2,
the study area is strongly dominated by slopes classified as score 5. This dominance indicates that most of the area consists of flat
terrain with slope gradients of 0-8%, which substantially increases flood susceptibility. Consequently, this condition suggests that
the spatial flood vulnerability analysis is likely to result in a relatively extensive distribution of vulnerable areas.

Figure 2: Slope parameter scoring map

Elevation is a critical factor in understanding surface runoff direction and accumulation patterns. Similar to the slope and
river density parameters, elevation was derived from digital elevation model (DEM) data, as illustrated in Figure 4.3. Low-lying
areas, particularly coastal plains, are highly susceptible to flooding, especially when located near river downstream sections or
estuarine zones. In contrast, elevated or hilly regions tend to be less vulnerable to flooding, although they may still present hazards
related to landslides or rapid runoff.
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Elevation classes were assigned scores ranging from 1 for areas higher than 200 m above sea level to 5 for areas lower
than 10 m above sea level. From a spatial perspective, elevation plays a crucial role in shaping natural catchment zones and
controlling water convergence. The elevation scoring therefore assists in identifying potential stagnation zones and areas prone
to surface water accumulation, which are key indicators of flood vulnerability.

Figure 3: Elevation parameter scoring map

Based on Figure 3, the elevation parameter exhibits a stable scoring pattern due to its static nature. However, areas
located at low elevations consistently receive high scores (4-5), particularly in coastal zones and downstream river plains. In the
final modeling results, these zones become priority areas for mitigation efforts, as their topographic characteristics make them
highly susceptible to tidal flooding and runoff contributions from upstream regions.

Areas with a score of 2 are predominantly distributed across the central part of the study area, while areas assigned a
score of 1 are very limited and mainly located in upstream regions. This spatial pattern indicates that the flood vulnerability analysis
is likely to produce a relatively extensive vulnerable area within the study region.

Population density represents a social parameter that influences the magnitude of flood impacts on human systems. This
parameter was derived using village administrative boundaries as the primary spatial unit, with population density values assigned
as attribute data, as illustrated in Figure 4. Areas with higher population densities are associated with greater potential losses,
including casualties, economic damage, and increased evacuation requirements. Although population density does not directly
influence flood occurrence, it plays a critical role in flood vulnerability modeling. The scoring scheme ranges from 1 (very low
population density) to 5 (very high population density).

Population density is closely linked to land use characteristics. High population concentrations tend to drive land-use
transformation, such as the conversion of forested areas into residential settlements. As residential areas expand, open spaces that
function as infiltration zones decrease, thereby increasing surface runoff and the likelihood of flooding. Based on land-use
classification, residential areas are considered among the most flood-prone zones. Population density values were calculated by
dividing the total population by the area of each administrative unit.
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Figure 4: Elevation parameter scoring map for 2017-2013 (a-g)

Figure 4 illustrates a gradual increase in population density from 2017 to 2020 and from 2021 to 2023, particularly in the
core tourism villages. This trend results in a consistent increase in population density scores, reflecting the rising social and
economic risks associated with potential flood events. The score increase is especially evident in the eastern part of the study area.

Well-managed land cover is characterized by areas dominated by vegetation. Vegetation enhances soil infiltration
capacity, thereby reducing surface runoff that contributes to river discharge and potential flooding. The land cover data used in
this study were derived from a time series of Sentinel-2 imagery provided by ESRI. These data were subsequently classified,
assigned values, and scored for further analysis.

Land cover plays a critical role in determining the infiltration capacity of a region. Areas dominated by vegetative cover,
such as forests, shrublands, and agricultural lands, are able to reduce surface runoff due to their high soil infiltration capacity. In
contrast, areas that have undergone land conversion into settlements or built-up surfaces tend to be impermeable, leading to
increased surface runoff. In urban areas and tourism destinations such as the Mandalika Special Economic Zone (KEK Mandalika),
land use dynamics change rapidly, thereby increasing hydrological instability. Consequently, this parameter represents a highly
dynamic and crucial factor in flood vulnerability assessment. Land cover scoring was assigned from a value of 1 for natural
vegetated areas to 5 for impervious surfaces.

o) In gl

Figure 5: Land-cover parameter scoring map for 2017-2013 (a-g)

Figure 5 shows relatively stable land cover scoring results during the 2017-2019 period, in which this parameter was
predominantly characterized by a score of 2. During this interval, areas of vegetative cover assigned a score of 1 were still clearly
present, although they were less extensive than areas with a score of 2. Scores 3 and 5 were relatively evenly distributed, followed
by a small proportion of areas classified as score 4.

In 2020, a decline in land cover quality was observed, as areas with a score of 2 became highly dominant across the study
area. This was followed by a relatively balanced distribution of scores 3 and 5, with very limited areas classified as scores 1 and 4.
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Land cover conditions began to improve again in 2021, marked by the re-emergence of vegetated areas with a score of 1. A more
pronounced improvement in land cover quality occurred during 2022-2023, when areas with a score of 1 expanded considerably,
accompanied by a balanced distribution of scores 3 and 5 and a consistently minimal extent of score 4 areas.

Rainfall represents the primary dynamic factor that directly influences flood occurrence. Higher annual rainfall results in
greater surface runoff and overland flow generation, thereby increasing flood potential. Consequently, areas experiencing higher
rainfall exhibit greater flood vulnerability. Rainfall scores were determined based on annual mean values, ranging from 1 for very
dry areas to 5 for very wet areas. The rainfall parameter scores for the KEK Mandalika area during the 2017-2023 period is presented
in Figure 6.

I} n 1)

Figure 6: Rainfall parameter scoring map for 2017-2013 (a-g)

The rainfall parameter exhibits a highly fluctuating temporal pattern. The years 2018 and 2023 recorded the lowest rainfall
levels, reflecting relatively dry conditions across the study area. An increase in rainfall was observed in 2019, transitioning from dry
to moderately wet conditions with a relatively uniform spatial distribution. Overall, rainfall conditions were consistently classified
as moderately wet during 2017, 2020, and 2021. In contrast, 2022 experienced a pronounced and extreme increase in rainfall,
characterized by conditions ranging from moderately wet to wet.

4.2 Discussion

Overall, the evaluation results indicate that the land cover parameter consistently achieved the highest visual scores across
all years. This finding suggests that land cover is the most effective parameter in generating flood vulnerability zone patterns that
closely reflect real-world conditions, in terms of morphological consistency, color classification, and visual clarity between zones.
Under this parameter, high-vulnerability zones (red) tend to occur in densely built-up areas, transitional zones (yellow) appear in
open land or plantation areas, and low-vulnerability zones (green) are concentrated in forested and hilly regions, demonstrating
strong spatial logic. A similar pattern is observed for the slope parameter, where high-vulnerability zones dominate flat areas near
river channels, while low-vulnerability zones are consistently located in upland areas.

In contrast, parameters such as population density and river density received lower visual scores for several sub-indicators.
For population density, the spatial visualization shows a strong dependence on administrative boundaries at the village or sub-
district level, which reduces the spatial validity of the model. This is evidenced by the dominance of yellow or red zones forming
block-like administrative patterns that do not follow topographic contours. For river density, limitations arise from the use of overly
wide river buffers, resulting in hilly areas being classified as moderate to high vulnerability zones solely due to their proximity to
rivers, despite being topographically less susceptible to flooding.

The elevation, slope, and river density parameters exhibit relatively stable performance, with moderate to high visual
scores. Across multiple scenarios, these parameters generate clear green zones in upland areas and consistent red zones in low-
lying regions. However, challenges emerge in transitional elevation zones when these parameters are not adequately balanced by
supporting variables, causing yellow zones to appear less proportionally. In the case of river density, although the overall score is
moderate, the spatial distribution of vulnerability remains less logical, as the map is dominated by yellow zones and extensive red
buffer areas.
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For rainfall and population density parameters, visual scores vary considerably depending on annual conditions. In 2022,
when rainfall reached extreme levels, these parameters exhibited improved spatial performance compared to years with relatively
stable rainfall, such as 2018. This suggests that these parameters are highly sensitive to extreme hydrometeorological events but
are less effective in capturing fine-scale spatial differentiation under more homogeneous rainfall conditions.

The average visual scores for each parameter indicate that models dominated by primary parameters—such as land cover,
slope, and elevation—tend to produce more spatially logical results and more effectively represent flood vulnerability. This finding
strengthens the argument that these parameters should be assigned higher weights in the final MADM analysis. Meanwhile,
supporting parameters such as rainfall, population density, and river density remain important, but their role is more
complementary, serving to balance transitional zones or provide additional sensitivity within the model.

From a temporal perspective, score fluctuations highlight the importance of incorporating annual dynamics into flood
vulnerability analysis. During extreme years, such as 2022, the spatial extent of high-vulnerability zones expanded considerably,
and models dominated by supporting parameters became more relevant because they were able to capture anomalous conditions
more effectively. In contrast, during normal or hydrologically stable years, primary parameters demonstrated much higher
consistency. Therefore, a proportional integration of both parameter types is essential to produce a final model that is not only
technically accurate but also adaptive to spatial and interannual climatic variability.

Overall, these findings demonstrate that visual evaluation methods provide more than supplementary validation for
spatial models; they also play a critical role in guiding decision-making related to final parameter weighting. By considering the
spatial visual performance of each parameter, researchers can determine optimal final weights, thereby enhancing the reliability
of flood vulnerability models for spatial planning, mitigation strategies, and policy formulation.

Parameter classification is essential for distinguishing variables that exert a dominant influence on the spatial distribution
of flood vulnerability from those that function primarily as modifiers or contextual adjustments related to social conditions.
Accordingly, parameters were classified into two major categories: Primary Parameters and Supporting Parameters. This
classification is based not only on the frequency of strong spatial influence observed in visual evaluations but also on scientific
considerations regarding how each parameter interacts with flood-generating mechanisms within the study area.

Primary parameters are those that exert direct, strong, and significant influence on physical flood processes, including
infiltration, surface runoff, overland flow, and water accumulation zones. These parameters exhibit high sensitivity to environmental
changes and consistent spatial patterns across multiple years. Supporting parameters, in contrast, do not directly cause flooding
but influence the spatial distribution of impacts, social vulnerability, or reflect the capacity of flood control systems within a given
area.

This parameter classification is inherently dynamic and context-dependent. In regions characterized by poor drainage
networks, river density may act as a primary parameter. However, in the context of the present study area—where open drainage
systems exist alongside rapidly developing urban zones—land cover and topographic characteristics exert greater control over
flood vulnerability patterns. Based on visual spatial evaluations of the six parameters and supported by temporal observations
from 2017 to 2023, primary parameters demonstrate high consistency in forming spatially logical high-vulnerability (red) and low-
vulnerability (green) zones. Supporting parameters primarily function to refine and complement the model, improving its
adaptability to social variations and annual rainfall fluctuations.

In this study, land cover, slope, and elevation are classified as Primary Parameters. Land cover directly controls soil
infiltration capacity and surface runoff generation; areas dominated by built-up surfaces exhibit low infiltration and consequently
higher flood vulnerability. Similarly, slope influences flow velocity, where low-gradient areas are more prone to water accumulation
and flooding. Elevation plays a critical role in determining water convergence, with low-lying areas serving as natural accumulation
zones for runoff originating from upstream regions.

Population density, rainfall, and river density are categorized as Supporting Parameters. Population density does not
directly cause flooding but significantly increases social risk and vulnerability when flooding occurs. This parameter is also strongly
influenced by administrative boundaries, causing its spatial pattern to reflect demographic distributions rather than natural spatial
processes. Rainfall, although a direct trigger of flood events, tends to exhibit relatively homogeneous spatial distribution at local
scales, limiting its ability to differentiate vulnerability between adjacent areas. Consequently, rainfall is more appropriately classified
as a flood-triggering factor rather than a determinant of spatial vulnerability patterns. Similarly, river density—while important for
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identifying flow pathways—often produces visual anomalies in spatial modeling due to buffer zones that are disproportionate to
actual topographic and land cover conditions. A summary of parameter categories and their relative sensitivity levels in flood
vulnerability assessment is presented in Table 4.

Table 4: Spatial Sensitivity Classification of Flood Vulnerability Parameters

No Indicator Parameter Category Sensitivity Level
1 Rainfall Supporting Moderate

2 | Land Use / Land Cover Primary High

3 | Population Density Supporting Moderate

4 | Slope Primary High

5 | Elevation Primary Moderate

6 | River Density Supporting Moderate

Systematically, the primary parameters exhibit a high level of sensitivity to changes in weighting scenarios. This is evident
from the significant shifts in spatial distribution when these parameters are assigned a dominant weight of 35%, compared to a
lower weight of 25%. In contrast, although supporting parameters produce visible spatial color variations, their resulting patterns
tend to be inconsistent with topographic conditions and the actual distribution of flood vulnerability observed in the field.
Therefore, in determining the final recommended weighting scheme, primary parameters are assigned higher proportional weights
due to their substantial contribution to generating a more accurate and rational flood vulnerability model, as presented in Table
5.

Table 5: Recommended weighting factor values for flood vulnerability parameters

No Parameters Value
1 Rainfall 0.10
2 Land cover 0.30
3 Population density 0.08
4 Slope 0.25
5 Elevation 0.15
6 Channel density 0.12

The use of data derived from different sources may result in variations in analytical outcomes and, consequently, require
different weighting values. Nevertheless, the classification of parameters into primary and supporting categories, as defined in this
study, remains applicable as a reference for future research. Minor adjustments to weighting values are necessary to account for
differences in data quality and the specific characteristics of the watershed or study area being analyzed.

Overall, the mapping results indicate that flood vulnerability levels within the Mandalika Special Economic Zone (KEK
Mandalika) range from low to high. The spatial distribution of vulnerability classes exhibits patterns that are consistent with the
area's topographic conditions and land-use characteristics.

High flood vulnerability zones are predominantly distributed across the central area to the western coastal zone of KEK
Mandalika, particularly around Kuta Village and its surrounding areas. These zones are characterized by dense residential land use,
intensive tourism-related development activities, and relatively low elevation (<20 m above sea level). The combination of high
population density, dense networks of small rivers partially obstructed by infrastructure, and reduced infiltration areas due to land-
use conversion constitutes the primary factors contributing to increased surface runoff and inundation potential in this region.

Moderate vulnerability zones are mainly located in areas with gentle to moderate slopes and relatively open land-use
patterns, such as shrubland and vacant land, particularly in the eastern part of KEK Mandalika. In contrast, low vulnerability zones
are found in areas with relatively higher elevations and steeper slopes in the northern and northeastern parts of the study area.
These conditions facilitate rapid drainage of rainfall runoff toward downstream areas, thereby reducing the likelihood of water
stagnation and flooding. Figure 7 presents the flood vulnerability maps for the period 2017-2023, overlaid with flood-affected
area data obtained from BNPB, providing a comprehensive depiction of the temporal and spatial dynamics of flood vulnerability
in the study area.
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Figure 7: Overlay of BNPB Flood Vulnerability Extent with the Flood Vulnerability Analysis Results for 2017-2023 (a-g)

Figure 8 illustrates the dynamics of changes in the percentage of flood vulnerability areas during the 2017-2023 period,
classified into three main categories: Low, Medium, and High vulnerability. In addition, the graph includes a BNPB reference line,
which serves as a threshold for high flood vulnerability, facilitating the evaluation of the consistency between the modeling results
and national disaster risk standards. This temporal analysis aims to examine how variations in physical and anthropogenic factors
influence the spatial distribution of flood risk over time.

The Medium vulnerability class consistently dominates the study area throughout the observation period. This indicates
that the majority of the region remains in a transitional condition—neither entirely safe from flood hazards nor categorized as
highly vulnerable. Such conditions are generally associated with a combination of moderate slopes, semi-open land cover, and
relatively high river density.

In contrast, the Low and High vulnerability classes exhibit more dynamic fluctuations over time. These variations reflect
the sensitivity of the model to changes in parameters such as annual rainfall variability, land-cover dynamics, and increasing
population density in specific areas. In this context, the presence of the BNPB reference line is particularly important, as it functions
as a benchmark to assess whether the extent of high vulnerability zones remains within acceptable risk limits or exceeds established
warning thresholds. Therefore, this graph serves not only as a statistical visualization but also as an evaluative tool for assessing
the stability of the modeling results, the effectiveness of parameter weighting, and the long-term policy implications for sustainable
flood risk management.
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Figure 8: Comparative graph of flood vulnerability areas for 2017-2023

Based on the graph, the proportion of areas classified as medium flood vulnerability ranges between approximately 45—
55% and shows a declining trend after reaching its peak in 2020. This decrease can be interpreted as the combined effect of
improvements in land-cover conditions and adjustments in the weighting of dominant parameters, which resulted in a
redistribution of vulnerability zones toward the Low and High classes. Nevertheless, the continued dominance of the medium
vulnerability class indicates that the study area still requires considerable attention in flood risk management, particularly in zones
that have the potential to escalate into higher vulnerability levels.

The Low vulnerability class exhibits a fluctuating pattern, with a decrease observed in 2020 followed by a gradual increase
up to 2023. This pattern suggests a shift of certain areas toward relatively safer conditions, potentially influenced by improvements
in land-cover quality or the stability of topographic factors. However, these fluctuations also imply that low-vulnerability zones
remain sensitive to changes in land-use policies and development pressures.

In contrast, the High vulnerability zone demonstrates a gradual increasing trend since 2018 and has consistently remained
above the BNPB reference line after 2019. This condition indicates an expansion of high-risk areas that has surpassed the national
alert threshold. The increase is closely associated with the concentration of low-lying areas, coastal zones, and regions with high
population density, which are physically and socially more susceptible to flood hazards.

Overall, the graph emphasizes that although some areas show improvement toward lower vulnerability classes, the
expansion of high-vulnerability zones represents a critical warning signal. Therefore, mitigation strategies should prioritize land-
use control, river and drainage system management, and regulation of built-up area expansion to sustainably suppress the
increasing trend of flood risk.

At least three out of the six analyzed parameters can be directly intervened in flood management efforts within the study
area, namely land use, river density, and population density.

Land Cover/Land Use

Rapid land-use changes driven by infrastructure development within the KEK Mandalika area have significantly reduced
soil infiltration capacity and increased surface runoff. Areas that were previously dominated by open land and shrub vegetation
have been converted into built-up zones with impervious surfaces, particularly around The Mandalika Circuit, hotel developments,
and major access roads. As a result, rainfall is no longer optimally absorbed by the soil, leading to localized water accumulation,
especially in low-elevation areas. Mitigation efforts to address land-use issues may include drainage-oriented spatial planning that
follows natural flow paths, the implementation of green infrastructure such as infiltration parks and biopores, and stricter control
of land-use conversion in river buffer zones and low-lying areas.

River Density

River density in the KEK Mandalika area exhibits considerable spatial variation, particularly between the northern and
southern parts of the region. The southern area, which directly borders the coastline, is characterized by relatively low river density.
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In contrast, the northern and central parts of the study area show higher river density, with several tributaries draining toward the
Seger and Kuta coastal zones.

Overlay analysis indicates that areas with low river density tend to have lower flood control capacity. This condition occurs
because surface runoff lacks adequate drainage pathways, causing water to accumulate and remain on the land surface for longer
periods. Conversely, areas with higher river density generally demonstrate more effective runoff distribution, thereby reducing the
potential for prolonged inundation.

Mitigation measures to address issues related to river density may include rehabilitation of natural river networks and
drainage channels, control of sedimentation and solid waste within waterways, construction of connecting channels to convey
runoff toward main rivers through retention structures, and protection of river buffer zones using riparian vegetation to enhance
infiltration capacity and reduce erosion.

Population Density

Population density is a key social parameter influencing flood vulnerability and flood control capacity, as it is closely
associated with human activity intensity, land-use pressure, and the adaptive capacity of local communities. Areas with high
population density generally experience greater exposure and sensitivity to flood hazards due to increased demand for land and
infrastructure.

In the KEK Mandalika area, zones with high population density—particularly in Kuta Village and its surrounding areas—
exhibit higher levels of flood vulnerability. Population growth has led to an expansion of built-up areas and increased pressure on
existing drainage systems. Furthermore, community behavior related to waste management and the maintenance of drainage
channels often exacerbates flood risk, especially during the rainy season when blockages reduce drainage efficiency.

To mitigate flood risk associated with high population density, government agencies and relevant institutions should
focus on strengthening community capacity in environmental management and micro-drainage systems. Additional measures
include reorganizing dense residential areas by integrating infiltration zones, implementing public education programs, and
promoting Community-Based Flood Management (CBFM) initiatives to enhance preparedness and raise awareness of flood risks.

5. Conclusion

The rainfall parameter exhibits a highly fluctuating temporal pattern. The years 2018 and 2023 represent dry periods with
the lowest annual rainfall, whereas 2019 experienced an increase from dry to moderately wet conditions with relatively uniform
spatial distribution. Rainfall conditions were consistently moderately wet in 2017, 2020, and 2021, while 2022 recorded an extreme
increase, reaching the wet category.

Slope analysis indicates that the study area is predominantly characterized by a score of 5, representing flat terrain (0—

8%), which significantly increases the potential for flood inundation. Land cover conditions were relatively stable during 2017-
2019, deteriorated in 2020, and subsequently improved from 2021 to 2023. River density is classified as very high, as indicated by
the widespread dominance of scores 5 and 4, resulting in a large extent of potentially flood-prone areas.
Elevation remains temporally constant; however, low-lying areas consistently exhibit high scores (4-5), particularly in coastal zones
and downstream floodplains, making these areas a priority for flood mitigation measures. Population density shows a gradual
increase during 2017-2020 and 2021-2023, especially in tourism core villages, thereby amplifying social and economic risks when
flooding occurs.

Land cover and slope are identified as the most dominant and representative parameters in shaping stable flood
vulnerability patterns throughout the 2017-2023 period. Rainfall, elevation, and river density exhibit moderate sensitivity, while
population density demonstrates the lowest sensitivity due to its strong dependence on administrative boundaries. Weighting
schemes significantly influence spatial patterns, with higher weights assigned to representative parameters producing more
accurate and rational flood vulnerability maps. The recommended final weights are 30% for land cover, 25% for slope, 15% for
elevation, 12% for river density, 10% for rainfall, and 8% for population density.

On average, flood vulnerability zones consist of 26.51% low vulnerability, 50.66% medium vulnerability, and 22.83% high

vulnerability areas. Among the analyzed parameters, those that can be directly intervened through management and policy
measures include land-use planning, river network management, and population density control.
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