CALAMITY

Calamity: A Journal of Disaster Technology and Engineering Institute for Advanced Science,
CALAMITY 4(1): 1-23 Social and Sustainable Future
ISSN 3025-4140 ; MORALITY BEFORE KNOWLEDGE

Composite tidal flood risk assessment for adaptation
prioritization

Aswin Kurnia Ramadhanl, Wezia Berkademil*, Rachmadhi Purwana?

L Department of Environmental, Graduate School of Sustainable Development, Universitas Indonesia,
Central Jakarta, Special Capital Region of Jakarta 10440, Indonesia.

*Correspondence: wezia.b@ui.ac.id

Received Date: May 11, 2026 Revised Date: June 17,2026 Accepted Date: July 20, 2026

ABSTRACT

Background: Coastal areas of Jakarta, Indonesia face increasing flood risk due to sea-level rise, land subsidence,
tidal inundation, dense urban development, and uneven social vulnerability. Existing coastal flood studies in
Indonesia often analyze hazard, exposure, or vulnerability in isolation, limiting their value for integrated
adaptation, especially in data-limited planning. This study aims to create a data-minimal risk assessment
framework for Penjaringan District, North Jakarta, by integrating tidal flood trends, asset exposure values, and
social vulnerability at the urban village level. Methods: The study used official tidal flood records, spatial
building data, asset values from official unit costs and content ratios, and social vulnerability indicators
(population density, slum settlement proportion, and malnutrition prevalence). Analysis included trend
assessment, exposure estimation, min-max normalization, composite risk indexing, sensitivity analysis, risk
typology, and hazard-vulnerability quadrant analysis. Findings: Results show a spatial mismatch between
hazard concentration and composite risk. Pluit accounted for 149 of 171 flood-affected days (87.1%) and scored
the highest Hazard Index (HI = 1.000), but Penjaringan reached the highest Risk Index (RI = 0.628), due to a Very
High Exposure Index (EI = 0.816) and High Social Vulnerability Index (SVI = 0.667). District replacement asset
value was estimated at Rp 159.42 trillion. Sensitivity analysis showed Penjaringan remained the highest risk in
most scenarios, except for hazard-dominant, where Pluit ranked highest. Conclusion: Flood risk in Penjaringan
cannot be explained by hazard frequency alone. The proposed framework offers an initial risk assessment and
adaptation prioritization tool in data-limited coastal urban areas. Novelty/Originality: This study presents a
replicable framework combining tidal flood records, asset exposure values, social vulnerability, composite risk
indexing, sensitivity tests, risk typology, and hazard-vulnerability quadrant analysis.

KEYWORDS: coastal flood risk; composite risk index; exposure assessment; sensitivity
analysis; social vulnerability.

1. Introduction

Global warming increases risks in coastal areas through rising sea levels caused by
thermal expansion and melting polar ice (Nurhidayah et al., 2022). The sealevel is projected
to rise between 0.28-0.55 meters (low emission scenario, SSP1-1.9) and 0.63-1.01 meters
(high emission scenario, SSP5-8.5), relative to the period 1995-2014 (IPCC, 2023a). The
wide range of projections demonstrates that predicting a single future scenario with
certainty is difficult (Siegert & Pearson, 2021).

This condition puts approximately 11% of the global population (896 million people)
living in coastal areas at risk (IPCC, 2023b). Most coastal areas will experience rising sea
levels (Jevrejeva et al, 2016). The combination of rising sea levels and population
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concentration significantly increases risks to human safety, infrastructure sustainability,
and socio-economic resilience (Causevic etal., 2021). Rising sea levels further increase flood
frequency, even under non-extreme conditions, where tidal flooding contributes to
significant cumulative property damage (Mita et al., 2023). This global risk is amplified at
the local level, particularly in coastal areas that face additional threats from land subsidence
(Asmadin et al.,, 2021). DKI Jakarta, as one of the megacities in coastal areas, faces the
impacts of rising sea levels and experiences one of the world’s fastest rates of land
subsidence. In the past three decades, DKI Jakarta has experienced recurring coastal
flooding, with the main triggers being tides, sea level rise, wind, and land subsidence (Yusuf
et al,, 2025). North Jakarta has a total disaster risk index of 68.89, which is categorized as
Moderate. Although it is generally at moderate risk, this area faces a High threat specific to
the coastal sector, namely Flooding (score 19.02) and Extreme Waves and Erosion (score
12.68) (BNPB, 2025). The high hydrometeorological risk is also driven by the dominant
Extreme Weather index score of 87.60, highlighting the urgency of prioritizing coastal
disaster adaptation in this region (BNPB, 2025).

The subsidence rate in Jakarta varies between 1-10 cm/year, and it reaches 20-28
cm/year in certain hotspot areas, such as Penjaringan District, due to excessive
groundwater extraction and massive urbanization (Hasibuan et al., 2023). Recent data from
the 2015-2022 period show that the land subsidence rate in North Jakarta is 8.47 cm/year
(Harintaka et al.,, 2024). Furthermore, satellite data indicate that sea levels in Jakarta rise at
arate of 3.2-4.0 mm/year, which is higher than the global average (Bott etal.,, 2021). When
these two threats, land subsidence and sea level rise are combined, the relative sea level rise
in Jakarta, especially in Penjaringan District, becomes significantly higher (Hasibuan et al,,
2025). This not only intensifies the physical risks but also creates a resource allocation crisis
for local governments with limited budgets. The interaction between accelerated land
subsidence and sea-level rise substantially increases the frequency, depth, and spatial
extent of tidal flooding, because subsidence lowers the land surface relative to the rising
seq, so that relative sea-level rise exceeds the contribution of either process alone.

Flood risk should be understood as the interaction between hazard, exposure, and
vulnerability, because these three dimensions jointly determine how flood events translate
into tangible impacts on people, assets, and urban systems (Begum et al., 2023; Reisinger et
al, 2020). Exposure refers to the presence of people, built assets, infrastructure, and
economic activities in coastal flooding-affected areas. This dimension is particularly
important in urban coastal environments because the concentration of residential areas,
transport networks, commercial facilities, and public infrastructure can substantially
increase the scale of potential disruption and loss, even under moderate inundation
conditions (Pradana et al., 2023; Setiadi et al., 2020). Therefore, previous flood risk studies
have emphasized the need to assess not only where hazards occur but also which assets are
located in flood-prone areas and how their spatial concentration shapes the severity of
potential impacts (Eaves et al., 2023; FathiAzar, 2025). Incorporating exposure into coastal
flood analysis is essential for identifying the physical and economic elements at risk and for
supporting more spatially targeted adaptation planning (Acosta-Morel et al,, 2021; Warren-
Myers & Cradduck, 2023).

Social vulnerability also shapes risk, which reflects the susceptibility of individuals or
communities to harm and their limited capacity to anticipate, cope with, and recover from
hazardous events (Flanagan et al., 2011). Social vulnerability is commonly associated with
demographic, socioeconomic, and settlement-related conditions, including population
pressure, informal housing, health status, and unequal access to resources and public
services. although comprehensive frameworks incorporate various such dimensions, their
operationalization in data-limited urban contexts is constrained by the availability of sub-
district administrative data. Therefore, in this study, social vulnerability is represented
through three indicators: population density, slum settlement proportion, and malnutrition
prevalence, selected on the basis of their theoretical relevance to flood coping capacity and
their availability at the urban village level.
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In coastal settings, these factors often explain why similar magnitude flood events can
produce unequal consequences across places and social groups (Solecki & Friedman, 2021).
Therefor adaptation planning should not be based solely on where flooding occurs or which
assets are exposed, but also on which communities face the greatest constraints in
responding to and recovering from flood impacts (Paranunzio et al, 2022). Similar
magnitude flood events for developing adaptation priorities that are not only technically
effective but also socially equitable (Johnson et al., 2023; Turner et al., 2025). In Indonesian
coastal contexts, social vulnerability assessments have employed composite indexing
approaches that combine socio-demographic and built-environment indicators at the sub-
districtlevel (Kim & Gim, 2020; Putiamini et al., 2023). At the regional scale, composite flood
risk assessment frameworks integrating hazard, exposure, and vulnerability dimensions
have been applied across Southeast Asian coastal contexts, from regional-scale multi-
country indices to urban village-level assessments in Indonesian coastal cities affected by
land subsidence and sea-level rise (An et al., 2020; Anindita et al., 2020).

In Indonesia, particularly in coastal areas such as Jakarta, there is a gap in research
integrating the three dimensions of flood risk (hazard, exposure, and vulnerability) into a
comprehensive coastal flood risk assessment. Previous studies in Indonesia have examined
coastal flooding from different perspectives, but focused only on physical hazards or
vulnerability separately, without integrating hazard, exposure, and social vulnerability into
a single assessment framework. Studies in Pekalongan and Indramayu have mainly focused
on tidal inundation, sea level rise, land subsidence, and physical coastal vulnerability
(Nashrrullah et al.,, 2013; Putiamini et al., 2023). Meanwhile, research on the northern coast
of Java and Kalibaru, North Jakarta, addressed exposure, potential losses, and settlement
vulnerability, but did not fully integrate historical flood trends, asset exposure, and social
vulnerability into a composite coastal flood risk framework (Mutia Gunandar et al., 2024;
Suroso & Firman, 2018). Unlike these studies, the proposed framework integrates historical
hazard records, asset exposure valuation, and social vulnerability into a single sensitivity-
tested composite index for adaptation prioritization.

This creates a methodological gap because the interaction between physical hazard,
economic exposure, and the social capacity of affected communities shapes actual flood risk.
The originality of this study lies in the simultaneous integration of three explicitly
parameterized indices; a Hazard Index (HI) constructed from historical tidal flood
frequency records, an Exposure Index (EI) derived from spatially referenced replacement
asset values of classified building stocks, and a Social Vulnerability Index (SVI)
operationalized through population density, slum settlement proportion, and malnutrition
prevalence. These three indices are embedded within a sensitivity-tested composite Risk
Index and a hazard-vulnerability quadrant analysis, forming a replicable, data-limited
computational framework for adaptation prioritization in urban coastal districts with
constrained planning data. Therefore, this study aims to assess coastal flood risk in
Penjaringan District by identifying tidal flood trends, estimating exposed asset values,
measuring social vulnerability, and prioritizing adaptation by classifying urban village-level
risk profiles. This study assumes that urban villages with higher tidal flood frequency,
greater exposed asset value, and higher social vulnerability will have higher composite flood
risk and should therefore receive greater priority in coastal adaptation planning.

2. Methods

The Penjaringan District is located along the northern coastal edge of North Jakarta and
comprise five urban villages: Penjaringan, Pluit, Pejagalan, Kapuk Muara, and Kamal Muara.
The district covers 35.47 km? of administrative area and is positioned at the mouth of Teluk
Jakarta, with elevations largely at or below mean sea level. The combination of rapid land
subsidence, tidal forcing, and dense urban development creates near-permanent flood risk
conditions for its estimated 288,000 residents. Tidal flood data near-permanent flood risk
conditions for the form of official daily situation report spreadsheets (Rekap Data Banjir).
Records were filtered for Penjaringan District, deduplicated so that multiple snapshots from
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the same calendar day and urban village counted as one flood-affected day, and processed
to extract inundation depth and stated flood cause. Temporal trends were assessed using
the OLS linear regression and the Mann-Kendall non-parametric test with Sen's slope
(Hussain & Mahmud, 2019).
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Fig. 1. Research workflow for the composite coastal flood risk assessment framework
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Fig. 2. Location map of Penjaringan District, North Jakarta, showing its five constituent urban
villages

Building inventory data were compiled by integrating the 1:1,000 scale building
polygon layer from DCKTRP (2020) with OpenStreetMap footprints, yielding 65,496
building polygons reprojected to UTM Zone 48S (EPSG:32748). Buildings were classified
using centroid-based spatial join against the RDTR zoning layer, with 30 original zone
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categories aggregated into seven classifications. Green Space, Water Body, and Road Right-
of-Way zones were exclude, leaving four active land-use classifications as the basis for
exposure assessment. Building footprint area was used as the exposure unit following the
Global Flood Depth-Damage method (Huizinga et al.,, 2017), representing a conservative
lower-bound estimate of the exposed floor area. This assumption may underestimate
exposure for multi-storey buildings and should therefore be interpreted as a conservative
estimate. This approach is justified on two grounds: first, total floor area data by building
are not available in the DCKTRP building polygon dataset; second, tidal flooding in
Penjaringan is predominantly shallow (mean depth 15-34 cm across kelurahan), primarily
affecting ground-floor spaces, such that footprint area provides a reasonable proxy for
flood-exposed area under observed inundation conditions.

Table 1. Aggregation of RDTR zone categories into research land-use classifications

No C(lassification RDTR Zone Categories (number of zones)
1 Residential Very High Density Housing, High Density Housing
2 Green Space and Nature City Park, Green Belt, Permanent Production Forest, Nature

Tourism Park, Mangrove Ecosystem, Protection Forest,
Limited Production Forest/Water Body, Wildlife Reserve,
Neighbourhood Park, District Park, Urban Village Park,
Horticulture, RT Park, Permanent Production Forest/Road
Right-of-Way

3 Industrial and Industrial Zone, Power Generation Facility
Infrastructure
4 Road Right-of-Way Road Body
5 Commercial and Services WP-Scale Trade and Services, SWP-Scale Trade and
Services, WK-Scale Trade and Services
6 Water Body Water Body
7 Government and Public City-Scale Public Service, Local Protection Zone,
Facilities Transportation, District-Scale Public Service, Urban Village-
Scale Public Service, Government Office, Defence and
Security

Maximum asset values per building were assigned using unit replacement costs from
the Governor of DKI Jakarta Decree No. 580/2025 (SHSBGN) combined with content-to-
structure ratios from Huizinga et al. (2017, Appendix C), as summarized in Table 2. The total
asset value per building was computed as V=A x C x (1 + r), where A is the footprint area
(m?), C is the structural unit cost (IDR million/m?), and r is the content-to-structure ratio.
Buildings were assigned to Types A-E according to the footprint-area thresholds defined in
Table 2, applied uniformly to all residential building polygons, with urban village-level
weighted average unit costs derived from the empirical type distribution. Building density
was computed as the total number of building polygons in each urban village divided by its
administrative area (units/km?), using the same building footprint dataset employed for
asset valuation.

Table 2. Standard building unit prices and content ratios by land-use classification

No Classification Structural Content Content Total (IDR
Cost (IDR Ratio Value (IDR  million/m?)
million/m?) million/m?)

la Residential Type A (>120 m?) 7.56 50% 3.78 11.34

1b  Residential Type B (70-120 m%)  7.48 50% 3.74 11.22

1c  Residential Type C (54-70 m?) 6.23 50% 3.12 9.35

1d Residential Type D (36-54 m?) 5.80 50% 2.90 8.70

le Residential Type E (<36 m?) 5.50 50% 2.75 8.25

2 Commercial and Services 7.73 100% 7.73 15.46

3 Industrial and Infrastructure 6.94 150% 10.41 17.35

4 Government and Public Facilities  7.73 50% 3.87 11.60

(Huizinga et al., 2017)
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Social vulnerability indicators were compiled from two primary sources at the urban
village level. Population density and prevalence of malnutrition were obtained from BPS
Kota Jakarta Utara, Kecamatan Penjaringan Dalam Angka 2024. The population density was
calculated as the ratio of the total population to urban village area (persons/km?). The
prevalence of malnutrition was expressed as recorded cases per 1,000 population. The
proportion of slum settlement area was derived spatially through the overlay of the DKI
Jakarta Slum Settlement Map (Peta Permukiman Kumuh, DCKTRP, 2025) against urban
village administrative boundaries in QGIS, computed as the ratio of slum-classified area (ha)
to total urban village area (ha). Because they capture key dimensions of social vulnerability,
including demographic pressure, settlement quality, and baseline health status, while
ensuring consistent data availability at the urban village level

Table 3. Sub-indicators of the hazard index (HI), exposure index (EI), and social vulnerability index

(SVD)
Index Sub-indicator Metric Rationale
HI Total number of Days during the Overall flood frequency during the
flood-affected days observation period  observation period
HI Temporal N years affected Persistence and regularity of the flood
consistency (out of 6) hazard
HI Maximum cm Flood severity; empirical upper-bound
inundation depth intensity under observed conditions
El Total asset value IDR Trillion Overall magnitude of economic exposure
across the four built-asset classifications
El Building density Units/km? Intensity of built environment
independent of asset value
SVI Population density Persons/km? Concentration of people exposed to flood
hazard and emergency response demand
SVI Slum settlement % of the urban Structural housing inadequacy and
proportion village area limited adaptive capacity of the built
environment
SVI Malnutrition rate Cases per 1,000 Baseline health vulnerability; reduced
population capacity to cope with flood stress

A multi-dimensional Risk Index (RI) was constructed by integrating three component
indices: a Hazard Index (HI), an Exposure Index (EI), and a Social Vulnerability Index (SVI),
each operationalized at the urban village level, following the hazard-exposure-vulnerability
risk decomposition approach (UNDRR, 2015). All inputs are derived from routinely
produced government administrative and spatial data without recourse to hydrodynamic
simulation. Each sub-indicator was normalized to a [0, 1] scale using the following min-max
transformation:

norm = (I - [_min) / (Lmax - I_min) (Eq. 1)

Where higher values indicate greater hazard, exposure, or vulnerability. Min-max
normalization was applied because it rescales sub-indicators with different measurement
units onto a common dimensionless [0, 1] scale while preserving their relative ordering,
enabling aggregation across dimensions. Each component index was computed as the
unweighted arithmetic mean of its normalized sub-indicators, and the composite Risk Index
as:

RI=(HI+EI+SVI) /3 (Eq-2)

To facilitate direct cross-dimensional comparison, all four indices were classified using
uniform equal-interval thresholds (Table 4).
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Table 4. Equal-interval classification thresholds applied uniformly to HI, EI, SVI, and RI

Score Class
0.80 -1.00 Very High
0.60 -0.79 High
0.40 - 0.59 Moderate
0.20-0.39 Low
0.00-0.19 Very Low

The three-component indices were constructed using different sets of sub-indicators.
The Hazard Index (HI) and Social Vulnerability Index (SVI) were each constructed from
three sub-indicators, while the Exposure Index (EI) was constructed from two sub-
indicators: total asset value and building density, as detailed in Table 3. Equal weighting
was adopted because no empirical or stakeholder-derived weighting scheme was available
for the study area, avoiding subjective prioritization among the three dimensions; the
implications of this choice are examined through the four-scenario sensitivity analysis.
Sensitivity analysis tested ranking stability under four weighting scenarios: SO (equal
weights: HI = EI = SVI = 1/3), S1 (hazard-dominant: HI = 0.50, EI = SVI = 0.25), S2 (exposure-
dominant: EI = 0.50, HI = SVI = 0.25), and S3 (vulnerability-dominant: SVI = 0.50, HI = EI =
0.25), using RI = (wH x HI) + (wE x EI) + (wS x SVI).

Risk typology classification identified the dominant risk driver per urban village:
Hazard-Dominant (HD) when HI was highest, Exposure-Dominant (ED) when EI was
highest, Vulnerability-Dominant (VD) when SVI was highest, and Compound Risk (CR) when
two or more indices simultaneously reached the High or Very High class. This criterion was
adopted because concurrent high values across multiple dimensions indicate interacting
risk drivers that require integrated, rather than single-sector, adaptation measures. A
hazard-vulnerability quadrant analysis positioned each urban village in HI x SVI space,
divided by district mean values (mean HI = 0.367; mean SVI = 0.337), into four quadrants:
Q1 (High Hazard - High Vulnerability), Q2 (Low Hazard - High Vulnerability), Q3 (Low
Hazard - Low Vulnerability), and Q4 (High Hazard - Low Vulnerability). The mean values
were selected as quadrant boundaries because, with only five observation units, the median
coincides exactly with Pejagalan's own index values, making the classification threshold
sensitive and inconsistent with its component index classes.

Spatial visualization was conducted by linking the urban village-level index scores to
the administrative boundary layer and mapping all four indices using equal-interval
classification with consistent color ramps. This study has several methodological
limitations. First, the flood observation period covers only January 2020 to September 2025,
with 2025 representing only nine months, which limits the statistical power for detecting
long-term trends. Second, the absence of a hydrodynamic simulation means that the
exposure estimates represent the urban village-level potential exposure under full-
inundation assumptions rather than event-specific inundation loss and cannot resolve
spatial variation within individual urban villages. Third, the building footprint area as the
exposure unit may underestimate the total floor area in multi-story structures. Fourth, the
SVI only incorporates indicators available at the urban village level from published
government sources; broader dimensions, including poverty rate, age dependency,
educational attainment, and disability, could not be included due to data unavailability at
this administrative scale. Despite these limitations, the proposed framework provides a
transparent and replicable method for prioritizing coastal flood risk using routinely
available administrative and spatial data.

3. Results and Discussion
3.1 Result

This section presents the results of the multi-criteria flood risk assessment for
Penjaringan District, structured around the four component outputs of the analytical
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framework; historical tidal flood characteristics and the Hazard Index, building asset
exposure and the Exposure Index, social vulnerability and the Social Vulnerability Index,
and the integrated Risk Index. Results are presented at the urban village level across all five
administrative sub-units of Penjaringan District.

3.1.1 Historical characteristics of tidal floods and hazard index

A total of 171 flood-affected days were recorded across Penjaringan District between
January 2020 and September 2025 (Table 5). Tidal flooding was overwhelmingly
concentrated in Pluit (149 days, 87.1%), with annual counts ranging from 2 days (2023) to
59 days (2024). The remaining four urban villages collectively contributed 22 days or
12.9% of the total district.

Table 5. Annual flood-affected days by urban village, Penjaringan District, 2020-2025

Urban village 2020 2021 2022 2023 2024 2025 Total % ofthe
Total
Pluit 18 9 14 2 57 49 149  87.1%
Penjaringan 3 2 3 0 2 0 10 5.8%
Pejagalan 3 2 0 0 0 0 5 2.9%
Kapuk Muara 5 1 0 0 0 0 6 3.5%
Kamal Muara 0 1 0 0 0 0 1 0.6%
Penjaringan District 29 15 17 2 59 49 171 100%

The OLS linear regression produced a positive district-level slope of +6.20 days/year
(R? = 0.284). The Mann-Kendall test also showed a positive direction, with T = +0.200 and
Sen’s slope = +4.00 days/year. However, neither test was statistically significant, with p-
values of 0.276 and 0.707, respectively. The HI uses observed flood frequency as a
descriptive measure of the historical hazard burden rather than as a trend-based projection;
the non-significant trend therefore does not invalidate frequency as a hazard indicator, but
indicates that the short record (six years, with 2025 incomplete) lacks the statistical power
to establish a temporal trend.

Tidal flooding showed a bimodal seasonal pattern, with the highest number of flood-
affected days occurring in June (43 days, 25.1%) and December-January (38 and 28 days,
respectively). These seasonal peaks coincide with periods of elevated astronomical (spring)
tides, with the December-January peak further coinciding with the northwest monsoon,
which raises coastal water levels along Jakarta Bay. Of the 171 flood-affected days, 163 days
or 95.3% were attributed exclusively to tidal inundation without rainfall contribution. The
recorded inundation depths ranged from 10 to 80 cm. Pluit recorded a mean depth of 25.6
cm, while Penjaringan recorded a higher mean depth of 33.8 cm despite having fewer flood-
affected days (Table 6).

Table 6. Recorded inundation depth statistics by Urban village, 2020-2025

Urban village Mean Depth Max Depth Peak Event

(cm) (cm)
Pluit 25.6 80 16-17 Dec 2024, RW 22
Penjaringan 33.8 50 Multiple events 2020-2024
Pejagalan 27.5 60 2020-2021 only
Kapuk Muara 15.0 25 2020-2021 only
Kamal Muara 15.0 15 Single event, 2021

The Hazard Index (HI) was calculated by normalizing three sub-indicators using min-
max transformation and averaging them equally (Table 7). Pluit recorded the highest HI
score of 1.000, which was classified as Very High. Penjaringan ranked second with an HI
score of 0.400 and was classified as Moderate, driven primarily by its temporal consistency
(norm = 0.600, with flood events recorded in four out of six observation years) and
inundation depth (norm = 0.538), rather than its flood-day count (norm = 0.061). .
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Table 7. Hazard index (HI)

Urbanvillage Total N Years Max norm norm norm  HI Class
Days Affected Depth Total N Depth
(cm) Days Years

Kamal Muara 1 1 15 0.000 0.000 0.000 0.000 VeryLow

Kapuk Muara 6 2 25 0.034 0.200 0.154 0.129 Very Low

Pejagalan 5 2 60 0.027 0.200 0.692 0306 Low

Penjaringan 10 4 50 0.061 0.600 0.538 0.400 Moderate

Pluit 149 6 80 1.000 1.000 1.000 1.000 Very
High

3.1.2 Building the asset exposure profile and exposure index

The building inventory comprises 65,496 building polygons across four active land-use
classifications, covering a total built-asset footprint of 1,187.70 ha (Table 8). Pluit recorded
the largest total footprint at 282.40 ha, with the largest share coming from Residential land
use (196.44 ha), followed by Commercial and Services (63.17 ha). Penjaringan and Kamal
Muara recorded substantial Industrial and Infrastructure footprints, at 115.09 ha and
117.95 ha, respectively. The building density was highest in Pejagalan, reaching 11,138
units/km?. This indicates that exposure is influenced not only by building extent but also by
land-use composition and asset value, as a larger footprint does not necessarily translate
into the highest exposed value.

Table 8. Building footprint area, unit count, and building density according to the urban village and
land-use classification

Urban Industrial & Commerci Governmen Residentia Total Building
village Infrastructure al & t & Public 1 (ha) Built- Density

(ha) Services Facilities Asset (units/k

(ha) (ha) Footprint  m?)
(ha)

Kamal 117.95 31.16 6.31 75.96 231.38 418
Muara
Kapuk 66.19 17.19 591 152.96 242.25 2,633
Muara
Pejagalan 21.62 46.06 6.49 107.31 181.48 11,138
Penjaringan 115.09 52.25 17.26 65.59 250.19 7,192
Pluit 13.45 63.17 9.34 196.44 282.40 2,182

The total replacement asset value for Penjaringan District was estimated at IDR 159.42
trillion (Table 9). At the urban village level, Penjaringan recorded the highest total asset
value at IDR 36.43 trillion, followed by Pluit at IDR 34.82 trillion, Kamal Muara at IDR 34.23
trillion, Kapuk Muara at IDR 31.01 trillion, and Pejagalan at IDR 22.93 trillion. The weighted
average unit costs underlying these values were spatially differentiated: Pluit exhibited the
highest (IDR 11.015 million/m?, with 87.5% of residential buildings classified as Type A+B),
while Penjaringan exhibited the lowest (IDR 9.724 million/m?, with 44.0% classified as
Type D+E).

Table 9. Total replacement asset value by urban village and land-use classification (IDR Trillion)

Urban village Industrial & Commercial Government Residential  Total Asset
Infrastructure & Services & Public (IDRT) Value (IDR
(IDRT) (IDRT) Facilities T)
(IDRT)
Kamal Muara 20.464 4.817 0.732 8.211 34.225
Kapuk Muara 11.484 2.658 0.686 16.187 31.014
Pejagalan 3.751 7.121 0.753 11.305 22.930
Penjaringan 19.968 8.078 2.002 6.378 36.426
Pluit 2.334 9.766 1.083 21.638 34.821
Total District 57.999 32.440 5.256 63.719 159.416
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The Exposure Index (EI) was calculated using two normalized sub-indicators: total
asset value and building density (Table 10). Penjaringan recorded the highest EI score at
0.816 and was classified as Very High. The remaining four urban villages were classified as
Moderate, with EI scores ranging from 0.403 to 0.523. Pluit recorded an EI score of 0.523
despite having the largest built-asset footprint, while Pejagalan recorded an EI score of
0.500 due to its high building density.

Table 10. Exposure index (EI)

Urban village Total Building norm norm El Class

Asset Density Asset Building

Value (units/km?) Value Density

(IDRT)
Kamal Muara 34.225 418 0.837 0.000 0.418 Moderate
Kapuk Muara 31.014 2,633 0.599 0.207 0.403 Moderate
Pejagalan 22.930 11,138 0.000 1.000 0.500 Moderate
Penjaringan 36.426 7,192 1.000 0.632 0.816 Very

High

Pluit 34.821 2,182 0.881 0.165 0.523 Moderate

3.1.3 Social vulnerability profile and social vulnerability index

Raw social vulnerability indicator values are presented in Table 11. Penjaringan and
Pejagalan recorded the highest population densities at 29,131.65 and 28,127.24
persons/km?, respectively. Penjaringan recorded the highest slum settlement proportion at
90.49%, while Kapuk Muara recorded the highest malnutrition rate at 0.650 cases per 1,000
population.

Table 11. Raw social vulnerability indicator values by urban village

Urban village Population Density Slum Settlement Proportion =~ Malnutrition Rate
(persons/km?) (% of area) (cases/1,000 pop.)
Kamal Muara 1,760.59 15.75% 0.270
Kapuk Muara 4,745.67 2.48% 0.650
Pejagalan 28,127.24 9.76% 0.022
Penjaringan 29,131.65 90.49% 0.000
Pluit 7,756.29 0.00% 0.000
Min 1,760.59 0.00% 0.000
Max 29,131.65 90.49% 0.650

Following min-max normalization and equal-weight averaging, Penjaringan attained
the highest Social Vulnerability Index (SVI) score of 0.667 and was classified as High (Table
12). Kapuk Muara and Pejagalan recorded Low SVI scores, at 0.379 and 0.368, respectively.
Kamal Muara recorded a Very Low SVI score of 0.196, while Pluit had the lowest SVI score
at 0.073 and was also classified as Very Low. Penjaringan's High SVI was primarily driven
by the combination of the highest population density and the largest slum settlement
proportion among the five urban villages (both normalized to 1.000), while its malnutrition
indicator contributed the least (norm = 0.000).

Table 12. Social vulnerability index (SVI)

Urban village  norm Pop. norm norm SVI Class Dominant
Density Slum Malnutrition (mean) Driver
Prop.

Kamal Muara  0.000 0.174 0.415 0.196 Very Low  Malnutrition
rate

Kapuk Muara 0.109 0.027 1.000 0.379 Low Malnutrition
rate

Pejagalan 0.963 0.108 0.034 0.368 Low Population
density
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Penjaringan 1.000 1.000 0.000 0.667 High Pop. density +
Slum
proportion

Pluit 0.219 0.000 0.000 0.073 Very Low  Population
density (only)

3.1.4 Risk index

The integrated Risk Index (RI), calculated as the unweighted arithmetic mean of the
Hazard Index (HI), Exposure Index (EI), and Social Vulnerability Index (SVI), is presented in
Table 13 and visualized spatially in Figure 2. Penjaringan recorded the highest composite
RI score at 0.628 and was classified as High. Pluit ranked second with an Rl score of 0.532
and was classified as Moderate. The remaining three urban villages recorded Low Rl scores,
namely Pejagalan at 0.391, Kapuk Muara at 0.304, and Kamal Muara at 0.205.

Penjaringan’s composite RI was associated with a Moderate HI score of 0.400, a Very
High El score of 0.816, and a High SVI score of 0.667. In contrast, Pluit recorded the highest
Hl score at 1.000, but its EI and SVI scores were lower, at 0.523 and 0.073, respectively. This
result shows that the urban village with the highest hazard score did not have the highest
composite risk. The highest RI was found in Penjaringan, where high exposure and high
social vulnerability occurred simultaneously. This reordering occurs because a hazard-only
assessment would rank Pluit first, whereas the composite index registers Penjaringan's
combination of Very High exposure and High social vulnerability, which jointly outweigh its
Moderate hazard. This distinction is consequential for adaptation planning, as prioritizing
interventions by hazard intensity alone would direct resources away from the urban village
where flood impacts on people and assets are likely to be greatest.

Table 13. Composite risk index (RI)

Urban HI HI Class El El Class SVI SVI RI RI Class Rank

village Class

Kamal 0.000 VeryLow 0.418 Moderate 0.196 Very 0.205 Low 5

Muara Low

Kapuk 0.129 VeryLow 0.403 Moderate 0.379 Low 0.304 Low 4

Muara

Pejagalan 0.306 Low 0.500 Moderate 0.368 Low 0.391 Low 3

Penjaringan 0.400 Moderate 0.816 Very 0.667 High 0.628 High 1

High

Pluit 1.000 Very 0.523 Moderate 0.073 Very 0.532 Moderate 2

High Low

Note: The cell color in the RI Class column indicates the composite risk class — High (red),
Moderate (orange), Low (green), and Very Low (dark green), where applicable

Figure 3 shows that the spatial distribution of composite risk differs from that of
hazard alone. The HI map shows a strong concentration of tidal flood hazard in Pluit, which
appears as the only urban village in the Very High hazard class. Penjaringan occupies a
lower hazard class, while Kamal Muara, Kapuk Muara, and Pejagalan have lower hazard
scores. This spatial pattern is consistent with the flood-affected day distribution presented
in Table 5, where Pluit accounted for most recorded tidal flood events during the
observation period.
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Fig. 3. Spatial distribution of flood risk indices

The El map shows a different spatial pattern. Penjaringan appears as the urban village
with the highest exposure level, corresponding to its Very High EI score. Meanwhile, Pluit,
Kamal Muara, Kapuk Muara, and Pejagalan are classified as Moderate exposure. The SVI
map further differentiates the risk profile of the district, with Penjaringan appearing as the
most socially vulnerable urban village, while Pluit records the lowest vulnerability level.
The RI map shows Penjaringan as the highest-risk urban village, followed by Pluit. This
spatial pattern suggests that adaptation priorities should focus on areas where multiple risk
dimensions converge, as in Penjaringan, rather than on hazard hotspots alone, as a hazard-
based reading would single out Pluit.

Table 14. Sensitivity analysis of composite risk index

Urban village S0 Equal S1 Hazard- S2 Exposure- S3 Vuln.- Max Shift
dom. dom. dom.
RI Rank RI Rank RI Rank RI Rank
Kamal Muara 0.205 5 0.153 5 0.258 5 0.203 5 0
Kapuk Muara 0304 4 0.260 4 0329 4 0323 4 0
Pejagalan 0.391 3 0.370 3 0418 3 0386 3 0
Penjaringan 0.628 1 0.571 2 0.675 1 0.637 1 1
Pluit 0532 2 0649 1 0.530 2 0417 2 1

Note: RI Class color follows the classification thresholds in Table 13. SO = equal weights (HI = EI = SVI
=1/3); S1 = hazard-dominant (HI = 0.50, EI = SVI = 0.25); S2 = exposure-dominant (EI = 0.50, HI =
SVI = 0.25); S3 = vulnerability-dominant (SVI = 0.50, HI = EI = 0.25). Max Shift = maximum rank
change across all four scenarios.

Table 14 presents the sensitivity analysis results. Kamal Muara, Kapuk Muara, and
Pejagalan maintained the same ranking across all weighting scenarios, indicating that their
relative positions were stable under alternative weighting assumptions. Under the hazard-
dominant scenario, the only rank change occurred between Penjaringan and Pluit, where
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Pluit became Rank 1 with an Rl score of 0.649, while Penjaringan became Rank 2 with an RI
score of 0.571. Under the equal-weight, exposure-dominant, and vulnerability-dominant
scenarios, Penjaringan remained the highest-ranked urban village. Penjaringan retains the
top rank under these scenarios because it holds the highest EI and SVI simultaneously, so
any weighting scheme not dominated by the hazard component preserves its position; only
the hazard-dominant scenario, which halves the combined influence of these two
dimensions, allows Pluit's maximum HI to prevail. The maximum rank shift across all four
scenarios was one position. This indicates that the composite RI ranking was relatively
stable, although the top position was sensitive to the hazard component’s weighting. .
Therefore, the equal-weight scenario was retained as the reference scenario for the
subsequent typology and quadrant analyses.

Table 15. Risk typology classification by urban village in Penjaringan District

Urban village RI (Class) Dominant Driver Typology

Kamal Muara Low EI Exposure-Dominant
Kapuk Muara Low El Exposure-Dominant
Pejagalan Low EI Exposure-Dominant
Penjaringan High EI + SVI Compound Risk
Pluit Moderate HI Hazard-Dominant

Note: Compound Risk refers to an urban village where two or more component indices reach the
High or Very High class. RI Class color follows the classification thresholds in Table 13.

The risk typology classification is presented in Table 15. Penjaringan was classified as
a Compound Risk because its El and SVI simultaneously reached the High or Very High class.
This indicates that Penjaringan’s risk profile was driven by the combined contribution of
high asset exposure and high social vulnerability rather than a single component. For flood
risk management, this classification implies that single-sector interventions would be
insufficient for Penjaringan; risk reduction requires pairing physical flood protection with
measures that reduce exposure and strengthen the adaptive capacity of its vulnerable
population. Pluit was classified as Hazard-Dominant because HI was its highest component
index, reflecting the concentration of recorded tidal flood events in this urban village. Kamal
Muara, Kapuk Muara, and Pejagalan were classified as Exposure-Dominant because EI was
the highest component index in each urban village.
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Fig. 4. Hazard-Vulnerability quadrant analysis
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Although these three urban villages shared the same Exposure-Dominant typology,
their RI classes remained Low, indicating that high exposure alone did not translate into
high composite risk when hazard and social vulnerability scores were comparatively lower.
Pejagalan showed the highest RI among the Exposure-Dominant urban villages, while
Kamal Muara recorded the lowest RI. Overall, the typology classification shows that the
dominant risk driver varies across urban villages, with Penjaringan characterized by
compound exposure-vulnerability risk, Pluit by hazard concentration, and the remaining
urban villages by exposure-led risk profiles. These different risk profiles indicate that
adaptation strategies should be differentiated accordingly, with hazard reduction
prioritized in Pluit, combined exposure and vulnerability reduction emphasized in
Penjaringan, and asset-protection measures suited to the exposure-led profiles of the
remaining urban villages.

Figure 4 and Table 16 present the hazard-vulnerability quadrant analysis. The
quadrant boundaries were determined using the district mean values of HI and SVI (mean
HI = 0.367; mean SVI = 0.337), which serve as thresholds distinguishing urban villages with
above-average and below-average hazard and vulnerability conditions. Penjaringan was
located in Quadrant 1 (High Hazard-High Vulnerability), as both its HI (0.400) and SVI
(0.667) exceed the district mean. Pluit was located in Quadrant 4 (High Hazard-Low
Vulnerability), recording the maximum HI with SVI well below the mean. Kamal Muara was
located in Quadrant 3 (Low Hazard-Low Vulnerability), with both indices below the district
mean. Kapuk Muara was classified as borderline Quadrant 2 (Low Hazard-High
Vulnerability), because its SVI (0.379) is only marginally above the mean (0.337). Pejagalan
was classified in Quadrant 2 (Low Hazard-High Vulnerability), with HI below the mean
(0.306 < 0.367) and SVI above the mean (0.368 > 0.337).

Table 16. Hazard-vulnerability quadrant positions per urban village in the Penjaringan District

Urbanvillage HI(x) SVI(y) Quadrant Quadrant Label Notes

Kamal Muara 0.000 0.196 Q3 Low Hazard - Low Clear Q3; HI and SVI both
Vulnerability below the district mean

Kapuk Muara 0.129 0.379 Q2 Low Hazard - High Borderline Q2; SVI =
Vulnerability 0.379, marginally above

the mean (0.337)

Pejagalan 0.306 0.368 Q2 Low Hazard - High HI below mean (0.367);
Vulnerability SVI above mean (0.337)

Penjaringan 0.400 0.667 Q1 High Hazard - High Clear Q1; both HI and SVI
Vulnerability above the district mean

Pluit 1.000 0.073 Q4 High Hazard - Low Clear Q4; maximum HI,
Vulnerability SVI well below the mean

Quadrant boundaries: Mean HI = 0.367; Mean SVI = 0.337.

3.2 Discussion

Consistent with the objective of developing an integrated flood risk assessment
framework, the results demonstrate that coastal flood risk in Penjaringan District is shaped
by the interaction of hazard, exposure, and vulnerability rather than by hazard frequency
alone.Although Pluit recorded the highest Hazard Index (HI = 1.000) and accounted for the
largest proportion of flood-affected days, the highest composite Risk Index was observed in
Penjaringan (RI = 0.628). This confirms that disaster risk is produced through the
interaction between hazard, exposure, and vulnerability, rather than by physical hazard
alone (Bin et al,, 2023). This study directly addresses the methodological gap identified in
previous Indonesian coastal flood studies by empirically combining historical tidal flood
records, asset exposure valuation, and social vulnerability indicators into a composite urban
village-level risk index by combining historical tidal flood records, asset exposure valuation,
and social vulnerability indicators into a composite urban village-level risk index (Ariyani
et al, 2024; Hastuti et al, 2022; Mutia Gunandar et al., 2024; Putiamini et al,, 2023).
Therefore, the integration of HI, El, and SVI provides a more comprehensive basis for
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understanding coastal flood risk than a single-dimensional hazard assessment. This
integrated framework allows decision-makers to identify priority areas where hazardous
conditions coincide with high asset exposure and limited community coping capacity, which
a hazard-only assessment would overlook.

Pluit represents a hazard-dominant risk profile. The urban village recorded the most
frequent tidal flood events and was the only area classified as Very High in the Hazard Index.
This indicates that recurrent tidal inundation remains a major physical threat in Pluit. In
contrast, Penjaringan achieved the highest composite risk because its moderate hazard
conditions were amplified by very high asset exposure and high social vulnerability.
Repeated tidal flooding can cause cumulative disruption to mobility (Yao et al., 2024),
housing (McAlpine & Porter, 2018; Utami et al., 2021), infrastructure (Rezvani et al., 2024),
andlocal economic activity (Dong et al., 2024), even when individual flood events are not
extreme. However, Pluit also recorded the lowest Social Vulnerability Index (SVI = 0.073),
which reduced its composite RI to the Moderate class. This suggests that high physical
exposure to flooding does not automatically produce the highest composite risk when social
vulnerability is relatively low (Fox et al., 2024) Consistent with its Hazard-Dominant
classification, Pluit's risk is mainly related to the management of recurrent tidal hazard
through flood protection infrastructure, drainage systems, pumping capacity, and tidal
monitoring

In contrast, Penjaringan represents the district’s most critical compound risk profile.
Although its HI score was lower than that of Pluit’s, Penjaringan had the highest Exposure
Index (EI = 0.816) and the highest Social Vulnerability Index (SVI=0.667). This combination
indicates that Penjaringan’s risk is not driven by flood frequency alone, but by the
simultaneous concentration of economic assets and socially vulnerable populations. Social
vulnerability studies argue that communities with limited resources, poor settlement
quality, and high demographic pressure tend to experience greater losses and slower
recovery after flood events (Fox et al., 2024). In Penjaringan, high population density and
extensive slum settlement area indicate limited household-level coping capacity and greater
potential disruption if tidal inundation expands or intensifies. Thus, Penjaringan should be
interpreted as a latent high-risk area, where future changes in flood extent may produce
severe social and economic consequences.

One of the central findings of this study is the contrast between Pluit and Penjaringan.
A hazard-only approach would identify Pluit as the main priority because it records the
most frequent tidal flooding. However, the composite RI shows that Penjaringan has a
higher overall risk because high exposure and high vulnerability occur simultaneously. This
finding is consistent with the risk governance literature, which argues that adaptation
priorities should consider not only where hazards occur but also where exposed assets and
vulnerable communities are concentrated (Fox et al,, 2024). In practical terms, an area with
less frequent flooding may still require urgent attention for adaptation if its potential losses
and social constraints are greater. Therefore, the results support the use of multi-
dimensional risk assessment for spatially targeted and socially equitable coastal adaptation
planning (Anderson et al., 2024).

The results of exposure and vulnerability further explain why Penjaringan ranks
highest in composite risk. Pluit recorded the largest built-asset footprint, but Penjaringan
recorded the highest total asset value and EI, indicating that exposure is shaped not only by
built-up area but also by land-use composition and asset value (Bonatz et al., 2024).
Simultaneously, Penjaringan’s high SVI is associated with very high population density and
extensive slum settlement area, showing that social vulnerability is spatially uneven across
the district. The residential building-type distribution corroborates this pattern
independently, as Penjaringan's predominance of smaller Type D-E dwellings is consistent
with its high social vulnerability profile. Kapuk Muara illustrates a different vulnerability
pathway, where malnutrition prevalence contributes more strongly to its SVI profile.. These
findings suggest that exposure and vulnerability should be interpreted as multidimensional
conditions, rather than as single-indicator measures (Mah et al., 2023). Therefore, the
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combination of high asset exposure and high social vulnerability makes Penjaringan more
critical than areas where only one risk dimension is dominant.

The sensitivity analysis strengthens the robustness of the composite RI results. Kamal
Muara, Kapuk Muara, and Pejagalan maintained the same ranking across all weighting
scenarios, while the only rank change occurred between Penjaringan and Pluit under the
hazard-dominant scenario. This indicates that the relative risk positions are generally
stable, although the top priority becomes sensitive when hazard is assigned a dominant
weight. Such sensitivity is common in composite index construction because weighting
choices reflect normative and policy assumptions about which risk dimension should
receive greater importance (Kelemen et al.,, 2024). Penjaringan remains the highest-ranked
urban village under the equal-weight, exposure-dominant, and vulnerability-dominant
scenarios suggests that its priority status is not merely an artifact of one weighting model.

The risk typology and hazard-vulnerability quadrant analyses provide a practical basis
for developing differentiated adaptation strategies. Penjaringan was classified as a
Compound Risk, indicating that adaptation should address both the physical and social
dimensions of risk. Infrastructure-based flood control alone may be insufficient in
compound-risk areas if it is not accompanied by settlement upgrading, vulnerability
reduction, and community preparedness (Bhanye, 2025). Therefore, adaptation in
Penjaringan should combine flood protection measures with actions that improve
settlement conditions and reduce social vulnerability. Pluit, classified as Hazard-Dominant
in Quadrant 4 (High Hazard-Low Vulnerability), requires adaptation focused primarily on
managing recurrent tidal inundation through structural measures: strengthening sea walls,
expanding pumping capacity, improving drainage systems, and establishing early warning
and tidal monitoring. Kamal Muara, Kapuk Muara, and Pejagalan, all classified as Exposure-
Dominant, face lower current risk but require proactive land-use management and asset
protection to prevent future risk accumulation as relative sea levels continue to rise.
Pejagalan and Kapuk Muara, both positioned in Quadrant 2 (Low Hazard-High
Vulnerability), indicate that social vulnerability dimensions should be monitored alongside
asset exposure. For Kapuk Muara specifically, the malnutrition-driven SVI profile suggests
that health and nutrition service access should be incorporated into adaptation planning
alongside physical measures.

The results of this study should be interpreted as an initial prioritization tool rather
than a final set of adaptation interventions, identifying where more detailed technical,
socioeconomic, and institutional assessments are needed. If planning attention is based only
on observed flood frequency, areas with lower current hazard but higher exposure and
social vulnerability, as illustrated by Penjaringan, risk being systematically
underrepresented in coastal risk assessment. This constitutes an equity inversion that
multi-dimensional frameworks are specifically designed to prevent(Anderson et al., 2024).

This study contributes a data-limited and replicable approach for prioritizing urban
coastal flood risk. The framework provides a practical alternative for local governments that
do not yet have access to detailed hydrodynamic simulation by integrating official flood
records, spatial building data, asset valuation, and urban-village-level social indicators.
Thus, the main contribution of this study lies not only in identifying which urban village has
the highest risk but also in demonstrating how a data-limited integrated framework can
reveal spatial mismatches between hazard concentration, economic exposure, and social
vulnerability in coastal urban areas.

However, the results should be interpreted within several limitations. The flood record
covers only January 2020 to September 2025, thus limiting the statistical power of long-
term trend detection. Because hydrodynamic modeling was not included, exposure values
represent potential asset exposure rather than event-specific damage estimates. In
addition, the SVIis limited to three indicators due to data availability. Furthermore, analysis
at the urban village level may mask within-village spatial heterogeneity, a limitation
inherent to the available administrative data resolution. Future research should extend the
flood observation period, integrate hydrodynamic simulation, include broader
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socioeconomic indicators, and consider stakeholder-based weighting methods to improve
the available administrative data resolution.

4. Conclusions

This study applied an integrated coastal flood risk assessment framework to
Penjaringan District, North Jakarta, by combining the Hazard Index (HI), Exposure Index
(ED), and Social Vulnerability Index (SVI) into a composite Risk Index (RI) at the urban
village level. Using routinely produced administrative and spatial data, the study shows that
coastal flood risk in Penjaringan District cannot be explained by tidal flood frequency alone.
The main finding is a spatial mismatch between the urban village with the highest hazard
and the urban village with the highest composite risk. Pluit recorded the highest hazard
level, accounting for 87.1% of all flood-affected days and reaching a maximum HI score of
1.000. However, Penjaringan recorded the highest composite RI score of 0.628, driven by
Very High exposure (EI = 0.816) and High social vulnerability (SVI = 0.667). This highlights
that flood risk should be assessed beyond hazard frequency alone. These findings confirm
the importance of integrating hazard, exposure, and vulnerability in coastal flood risk
assessment. A hazard-only approach would identify Pluit as the primary risk area, while the
composite Rl reveals Penjaringan as the most critical risk area because of the co-occurrence
of high asset exposure, extreme population density, and extensive slum settlement area.
This result addresses the methodological gap in previous Indonesian coastal flood studies,
which have often separately examined tidal inundation, exposure, or vulnerability. This
integrated approach provides a more complete understanding of coastal flood risk.

Differentiated adaptation priorities are recommended for each urban village based on
the composite risk profiles. As the highest-risk area with a Compound Risk profile,
Penjaringan requires simultaneous intervention across physical and social dimensions:
slum settlement upgrading, community flood preparedness, and protection of high-value
industrial and commercial assets. As a hazard-dominant area, Pluit should prioritize
structural flood protection, pumping capacity, drainage improvement, and tidal early
warning systems. Kamal Muara, Kapuk Muara, and Pejagalan, classified as Exposure-
Dominant with Low composite risk, require proactive land-use management and asset
monitoring to prevent future risk accumulation as relative sea levels continue to rise.

This study also demonstrates that a data-limited approach can provide meaningful risk
prioritization when detailed hydrodynamic modeling is unavailable. This makes the
framework useful as an initial risk assessment and preliminary adaptation prioritization
tool in coastal urban contexts with limited data. To replicate this framework in other
Indonesian coastal districts, the minimum data requirements are as follows: (1) a multi-
year administrative flood event record with inundation depth at the urban village level; (2)
a georeferenced building polygon layer with land-use classification; (3) official building
replacement unit costs; and (4) urban village level social indicators covering at least
population density, settlement quality, and a health proxy. Institutionally, access to these
datasets requires formal coordination with the BPBD, DCKTRP, or equivalent spatial
planning agency, and the BPS at the city level, all of which are routinely produced by
Indonesian local governments and accessible via formal academic research requests.

Nevertheless, the findings should be interpreted cautiously. The flood record covers
only January 2020 to September 2025, with the 2025 record incomplete. Exposure values
represent potential asset exposure rather than event-specific losses, and due to data
availability, the SVI is limited to three indicators. Future research should extend the flood
record, integrate hydrodynamic modeling, include broader socioeconomic vulnerability
indicators, and apply stakeholder-based weighting methods. These improvements can
increase the accuracy of future risk assessments. These findings suggest that adaptation
prioritization in Penjaringan District should extend beyond hazard-focused flood control to
include settlement upgrading and social vulnerability reduction, while hazard-dominant
areas such as Pluit require continued investment in structural flood management. This
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distinction offers a practical basis for spatially differentiated adaptation planning in
similarly data-limited coastal contexts.
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