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Abstract

This study examines flood risk conditions in the Juwana River watershed, Central Java, through the development of a
quantitative framework that incorporates destructive power (H), vulnerability (V), and institutional capacity (C).
Conceptually, the relationship among these components is represented by the fundamental risk formulation R = H x V/C.
A GIS-based Multi-Criteria Risk Assessment (MCRA) approach was applied to integrate the hazard (H), capacity (C), and
vulnerability (V) indicators within a spatial analytical environment. This conceptual model was subsequently calibrated
through a non-linear regression procedure, resulting in the empirical formulation R =0.695-H°-%32-C0-233-V0-711 The
analytical results demonstrate that flood risk is influenced by the combined effects of hydrodynamic characteristics and
socio-institutional conditions. Areas undergoing rapid land-use transformation tend to exhibit higher levels of vulnerability
due to increased exposure of populations and assets, whereas stronger institutional capacity is associated with reduced risk
through enhanced mitigation, preparedness, and emergency response mechanisms. The analytical framework provides
insights that may support informed decision-making in prioritizing interventions, allocating resources, and strengthening
regional flood management practices.
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1. Introduction

Urban expansion is increasingly altering flood-prone landscapes, intensifying the challenges of urban flood disasters.
Flood risk management provides a scientific foundation for present and future urban flood mitigation and preparedness
[1]. This process involves hazard identification, exposure and vulnerability assessment, and comprehensive risk
evaluation as the basis for spatially informed mitigation planning and decision-making.

In recent years, the coupling of GIS-based spatial analysis with two-dimensional (2D) hydrodynamic modelling has
significantly improved the accuracy of flood hazard mapping and the reliability of risk assessment in urban environments
[2-6]. These techniques enable the simulation of inundation dynamics such as flow velocity, flood depth, and spatial
extent providing a more realistic representation of hazard distribution for urban flood management. However,
conventional flood risk assessments often overlook the destructive power of floodwaters, including flow momentum,
debris transport, and potential structural damage, which represent critical gaps in current flood risk evaluation
frameworks [7-9]. Ignoring destructive power can lead to under-estimation of physical and economic impacts and may
limit the effectiveness of mitigation strategies.
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Several studies have applied univariate indicators, such as flood depth [10], or population exposure, to represent
flood risk, whereas others employ multivariate models that combine hydrological, socio-economic, and environmental
factors. As emphasized by Apel et al. [7] and Pradhan et al. [9], flood impacts extend beyond physical and economic
losses to include social and psychological effects, such as fatalities and emotional trauma. Consequently, recent studies
have incorporated social and environmental vulnerability indicators, such as population density, poverty level, and
access to emergency facilities, into GIS and machine learning frameworks to better quantify and visualize spatial risk
patterns [11-15]. Integrating destructive power alongside these conventional indicators allows for a more comprehensive
assessment of flood impacts and supports evidence-based decision-making for adaptive urban planning.

Methodologically, various frameworks have been developed, including statistical analysis based on historical data
[16], index-based systems [17], scenario simulation [18], and GIS-based spatial modelling [19]. While statistical and
scenario-based analyses depend largely on observed or simulated hydrological data, index and GIS-based approaches
allow the integration of multi-dimensional indicators, facilitating comprehensive spatial risk mapping across regional
and urban scales [20].

The theoretical foundation of this study is grounded in the integrative flood risk paradigm, which conceptualizes risk
as a function of hazard intensity, exposure characteristics, and socio-economic vulnerability. This paradigm is consistent
with international frameworks established by UNDRR (United Nation Office for Disaster Risk Reduction), which
describe flood risk as the interaction between physical flood processes and the susceptibility and adaptive capacity of
exposed systems. In this framework, hazard is defined not only by inundation depth and spatial extent but also by the
destructive power of floodwaters, which reflects combined influences of flow velocity, momentum, and potential
structural impact. Vulnerability is treated as a multidimensional construct encompassing demographic, socio-economic,
and environmental determinants of harm, while institutional capacity is incorporated as a moderating factor that can
reduce or intensify risk by shaping preparedness, mitigation, and emergency response performance. By adopting this
theoretical basis, the study operationalizes risk through both a conceptual formulation (R =H x V / C) and an empirically
calibrated model, ensuring coherence between the theoretical assumptions and the methodological procedures employed.

Within the context of land-use dynamics, the Juwana River System exemplifies the increasing complexity of flood
risk associated with spatial transformation. Areas that once served as natural retention wetlands have been converted
into agricultural, residential, and industrial zones. These spatial transitions, combined with increasing population
density, have intensified potential physical damage and socio-economic losses, thereby complicated flood risk
management and necessitating an integrated, multidisciplinary approach.

A multidisciplinary framework integrating hydrodynamic modelling, spatial planning analysis, socio-economic
vulnerability assessment, destructive power evaluation, and climate scenario projections is essential to ensure
comprehensive and sustainable flood risk management. Such an approach not only strengthens the analytical foundation
for flood risk evaluation but also enhances policy relevance and supports adaptive spatial planning in flood-prone regions
[19-201].

The remainder of this manuscript is arranged as follows. Section 2 elaborates the conceptual framework and
methodological approach. Section 3 presents the results and spatial analyses. Section 4 discusses the broader
implications of the findings. Section 5 concludes the study and outlines potential avenues for future work.

2. Materials and Methods

In this study, flood risk management was assessed through an integrated approach combining hydrodynamic
simulation, spatial analysis, and socio-economic vulnerability evaluation. The methodology was structured into four
main stages:

(1) Data collection and preprocessing, including topographic, rainfall, land use, and population datasets;

(2) Hydrodynamic modelling using a two-dimensional (2D) model to simulate flood depth and flow velocity
(3) Spatial analysis within a GIS environment to derive hazard indicators; and

(4) Integration of hazard, exposure, and vulnerability parameters to generate the flood risk index.

This approach responds to the data limitations commonly faced in developing countries by utilizing freely available
datasets (e.g., DEM from SRTM) and open-source GIS tools. Socio economic variables such as population density and
income level were incorporated to ensure that flood risk management strategies reflect both technical and community-
based resilience aspects.
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2.1. Study Location

This research is conducted in Juana River region, specifically in the Juana Watershed (Figure 1), in Pati and Kudus
Regencies. There are 11 sub-watersheds that are Gembong, Juana 1a, Juanalb, Juana lc, Juana 1d, Juana 2a, Juana 2b,
Juana 2c, Juana 3a, Juana3b, and Logung.
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Figure 1. Research Location

2.2. Data Collection and Model Development

The data used in this study were derived from multiple sources, combining spatial, environmental, hydrological, and
socio-economic datasets to support a comprehensive flood risk modelling approach. The integration of spatial planning
layers (RTRW) with environmental and hazard data enabled the development of a robust framework for evaluating flood
risk within the context of land-use allocation and regional planning.

(a) Spatial and Environmental Data

Spatial planning data, including land-use zones, settlement hierarchies, and infrastructure networks, were obtained
from the official Regional Spatial Plan (RTRW) of the study area. Forest cover, vegetation indices, and topographic
information were extracted from remote sensing datasets, including Landsat 8 OLI/TIRS, Sentinel-2 MSI, and MODIS
NDVI composites (2019-2024). Digital Elevation Models (DEM) from SRTM (30 m resolution) were used to derive
slope, flow direction, and watershed boundaries. These datasets were processed and standardized within a GIS
environment for subsequent spatial overlay analysis.

(b) Hydrological and Meteorological Data

Hydrological parameters including rainfall intensity, flow discharge, and river network configuration were obtained
from the Indonesian Agency for Meteorology, Climatology, and Geophysics (BMKG) and the Ministry of Public Works
and Housing (PUPR). Daily rainfall data (2010-2024) from at least five monitoring stations were analysed using
frequency distribution methods to estimate design rainfall for different return periods (2-, 5-, 10-, 25-, and 50-year).
River discharge data were used to calibrate and validate the hydrological simulation model (HEC-HMS), while hydraulic
behaviour within the floodplain was analysed using HEC-RAS 2D.

(¢) Socio-Economic and Exposure Data

Population density, building footprints, and critical infrastructure were derived from World Pop, OpenStreetMap,
and regional statistical data (BPS). These layers were used to quantify vulnerability indicators, allowing risk to be
evaluated not only by physical inundation but also by potential socio-economic losses.

(d) Model Development

A GIS based Multi-Criteria Risk Assessment (MCRA) approach was applied to integrate hazard (H), capacity (C),
and vulnerability (V) indicators. Each factor was standardized using a fuzzy membership function, and weights were
assigned using the Analytic Hierarchy Process (AHP) based on expert judgement and literature derived significance
levels.
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Figure 2 shows the flowchart of the research methodology through which the objectives of this study were achieved.

.

1. Data Collection

Hydrological Data (raintall, discharge)

Topographic Data (DEM, slope, river network)
Socio-economic & Infrastructure Data (populatiation,
roads, evacuation facilities)

Institutional Data (disaster management agencies,
budgets, cocrdination)

!

.

2. Flood Hazard Analysis
HEC-HMS: rainfall-runoff modeling
HEC-RAS: floed depth & flow veiocity simulation
Classification of Hazard Zones (Low / Moderate / High

!

.

.

3. Vulnerability Assessment
Social, Physical, Economic, Environmental Id#cators
Standardized scoring (Perka BNPB No. 2/2012)
Map Vulnerability Zones

]

e ..

4, Institutional Capacity Assessment
Availability & Functionality of Disaster Agencies
Early Warning System Readiness
Disaster Management Budget
Inter-agency Coordination Effectiveness

1

.

7. Regression & Statistical Analysis
Log-linear Regression: In(R) = a+ b In(H) +d In(C)+einv
Model Performance Evaluation: R*, RMSE, NSE, r
Identify Dominant Factor (Vulnerability)

End: Evidence-Based Flood Risk Management Recommendations

Figure 2. Flood Risk Assessment and Modelling Framework

3. Results

In order to support the planning of effective flood risk mitigation, the result of spatial analysis is used for analysing
the area that is included in each risk class that is low, moderate, and high. This approach is possible to quantitatively
identification to the distribution of flood risk in the study area, so it makes easy the prioritization of mitigation action
and the allocation of water resources is right on target.

3.1. Determination of Flood Depth Hazard Classification with Probability

Flood hazard classification was performed using spatial analysis, dividing the area into three hazard classes: low,
moderate, and high. The assessment considered flood frequency probability, rainfall intensity, topography, and drainage
system availability. Hydrological and hydraulic modelling was conducted using HEC-HMS and HEC-RAS, and flood
depth hazard maps were generated for 2020, 2025, 2045, and 2070. Figure 3 presents the flood depth hazard map for

2025.

orsere nreve

nosove

Favs

Ters

o

[cbosin

SR 7

e

e

Q5

e nrevE

Q25

e

Q50

e

Figure 3. Map of Flood Depth Hazard 2025 for Some Return-Periods

3.2. Classification of Flood Destructive Power Hazard (H)

MAP OF FLOOD DEPTH
HAZARD IN 2025

Legend :
Iwatershed
] Subdistrict
— River

Flocd Depth Classification
B Low (<1 m)

Moderate (1 - 3 m)
Bl High (> 3 m)

Flood destructive power hazard was analysed based on the combination of inundation depth and flow velocity,
consistent with FEMA guidelines. Flood depth and velocity data were obtained from HEC-RAS hydrodynamic
simulations. Integrating HEC-RAS results with spatial analysis improved the accuracy and relevance of flood risk
information, supporting informed decision-making for disaster risk reduction and regional resilience enhancement.
Flood destructive maps were produced for 2020, 2025, 2045, and 2070 (Figure 4).
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MAP OF FLOOD
DESTRUCTIVE POWER
HAZARD IN 2025

vars

Legend :

[ Iwatershed
[ Subdistrict
— River

Index Hazard

I Low (< 0,2 m2ss)
Moderate (0,2-0,5 m2/s)

I High (> 0,5 m2/s)

Q25
Figure 4. Map of Flood Destructive Power Hazard 2025 for Some Return-Periods

3.3. Analysis of Vulnerability (V)

Regional vulnerability was evaluated based on four components: social, physical, economic, and environmental.
Specific indicators included population density, infrastructure quality, poverty rate, and ecosystem condition.
Standardized vulnerability scores were calculated following BNPB guidelines (Perka BNPB No. 2, 2012). Flood
vulnerability maps were developed for 2020, 2025, 2045, and 2070 (Figure 5).

MAP OF FLOOD
VULNERABILITY
Q25 IN 2025

Legend :
[ Iwatershed
] Subdistrict
— River

Vulnerability Classification
Moderate

Il High

Figure 5. Map of Vulnerability to Flood 2025 for Some Return-Periods

3.4. Assessment of Institution Capacity (C)

The institution capacity in facing the flood risk is assumed on the high level, based on the report of BNPB, 2024.
This assumption involves the ability of local institution in planning, response, disaster mitigation, and the availability
of human resources and supporting infrastructure. The assessment of the capacity is the limitation of this research, and
it is used as the permanent parameter in the risk analysis.

3.5. Assessment of Flood Risk (R)

Flood risk was assessed using the formulation R = H (V/C) to identify high risk areas for targeted mitigation. Risk
maps were produced for 2020, 2025, 2045, and 2070. Figure 6 shows flood risk based on depth hazard, and Figure 7 on
destructive power hazard for 2025, providing a spatial overview of potential flood impacts.

MAP OF FLOOD RISK
. BASED ON DEPTH
{ HAZARD IN 2025

Legend :
[Iwatershed
[ 1Subdistrict
— River

Flood Risk Class
B Low

% Moderate

I High

o

Figure 6. Map of Flood Risk Based on Depth Hazard 2025 for Some Return-Periods
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Figure 7. Map of Flood Risk Based on Destructive Power Hazard 2025 for Some Return-Periods

3.6. Quantitative Analysis for Risk Assessment Classification

A quantitative analysis was conducted using Geographic Information System (GIS) techniques to classify and
evaluate areas according to their respective risk levels low, moderate, and high. This analysis supports effective flood
risk mitigation planning. The GIS based spatial analysis was applied to calculate the total area within each risk class,
enabling precise quantification of flood affected zones.

3.7. Flood Risk Modelling

Initially, a flood risk map is generated by integrating hazard, vulnerability, and capacity data using GIS based spatial
analysis. Each spatial unit, such as a grid or polygon, is then classified into a specific risk class according to its calculated
risk index. Following classification, the area corresponding to each risk class is determined by summing the spatial units
within each category. The resulting data are subsequently presented in a matrix or risk distribution table, illustrating the
area associated with each risk class. Table 1 presents the flood risk assessment matrix for both flood depth hazard and
destructive power hazard for the QS5 discharge (5-year return period) in 2020.

Table 1. Matrix of Flood Risk Modelling Due to Qs on 2020

PRESENT MODIFIED MODEL
H H
River Basin Risk R=H depth C \% R=Hx  destructive c \%
Index (VIC) ____~ (Capacity) (vulnerability) (V/C) ___ POWer  (Capacity) (vulnerability)
based on based on
simulated flood simulated flood

Low 1.407 6.892 0.000 0.000 2.639 10.597 0.000 0.000

1 Gembong Moderate 7.019 5.054 0.000 3.363 9.331 0.240 0.000 3.363

High 4.455 0.937 12.850 9.487 0.880 0.104 12.850 9.487

Low 1.269 2.163 0.000 0.000 3.669 5.957 0.000 0.000

2 Juana la Moderate 3.207 3.567 0.000 4.747 2.866 0.280 0.000 4.747

High 2.924 1.676 7.391 2.644 0.856 0.117 7.391 2.644

Low 1.509 2.485 0.000 0.000 2.923 6.671 0.000 0.000

3 Juana 1b Moderate 3.663 5.372 0.000 5.487 3.874 2.456 0.000 5.487

High 4.960 2.273 10.094 4.607 3.297 0.532 10.094 4.607

Low 3.790 0.000 0.000 7.469 0.000 0.000

4 Juana Ic Moderate 3.788 7.258 0.000 0.000 5.947 4.613 0.000 0.000

High 10.679 3.420 14.428 14.428 8.481 2.015 14.428 14.428

Low 8.501 18.786 0.000 0.000 18.048 63.121 0.000 0.000

5 Juana 1d Moderate ~ 22.484 29.407 0.000 26.238 27.906 12.697 0.000 26.238

High 30.757 13.587 61.575 35.337 15.621 3.661 61.575 35.337

Low 0.365 2.973 0.000 0.000 6.848 23.864 0.000 0.000

6 Juana 2a Moderate 9.361 23.266 0.000 7.306 14.515 1.568 0.000 7.306

High 17.797 1.349 27.514 20.208 6.151 0.313 27.514 20.208
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Low 1.288 5.665 0.000 0.000 2.931 21.190 0.000 0.000
7 Juana 2b Moderate 6.763 11.743 0.000 4.833 13.345 4.198 0.000 4.833
High 22.121 12.773 30.064 25231 13.788 2.196 30.064 25.231
Low 14.930 18.646 0.000 0.000 30.424 47.261 0.000 0.000
8 Juana 2¢ Moderate 24.924 25.975 0.000 41.387 15.727 5.716 0.000 41.387
High 11.147 6.381 50.930 9.543 4.779 1.086 50.930 9.543
Low 1.397 3.280 0.000 0.000 3.108 11.330 0.000 0.000
9 Juana 3a Moderate 5.467 8.013 0.000 5.902 6.924 2.809 0.000 5.902
High 9.200 4.771 16.016 10.114 5.984 1.100 16.016 10.114
Low 2.824 6.841 0.000 0.000 5.715 17.432 0.000 0.000
10 Juana 3b Moderate 8.691 9.088 0.000 11.516 11.075 3.598 0.000 11.516
High 10.983 6.570 22.468 10.952 5.678 0.874 22.468 10.952
Low 9.123 27.928 0.000 0.000 20.541 66.857 0.000 0.000
11 Logung Moderate 34.277 46.958 0.000 34.554 43.925 10.885 0.000 34.554
High 52.542 21.068 95.686 61.132 31.220 3.214 95.686 61.132

3.8. Model Evaluation

To evaluate how far the regression model is able to present the relation between independent and dependent variables,
there is carried out the statistical analysis by determination coefficient (R?). This evaluation is one of the main techniques
in regression analysis because it gives the quantitative size to the proportional variation of dependent variable that can
be explained by the independent variable in the model that is used.

In this study, the value of R? is used for comparing the contribution level between the parameter of flood depth (H)
and the parameter of flood destructive power (H destructive power) il €xplaining the frequency of actual flood on the different
year.

Table 2. Determination Coefficient of Flood Risk

No. Year Probability Flood R
H depth H damage
1 Qs 0.92 0.587
2 2020 Qas 0.87 0.679
3 Qso 0.96 0.798
4 Qs 0.90 0.593
5 2025 Qas 0.95 0.702
6 Qs 0.97 0.784
7 Qs 0.94 0.364
8 2045 Qxs 0.96 0.432
9 Qso 0.96 0.503
10 Qs 0.89 0.456
11 2070 Qas 0.93 0.565
12 Qso 0.98 0.630

Table 2 presents the statistical analysis result that is determination coefficient (R?) for 2 main parameters: flood depth
(Haeptn) and flood destructive power (Haestructive power) that is analysed for some quantile scenarios (Qs, Q2s, and Qso) in the
different time periods that are 2020, 2025, 2045, and 2070.

Flood depth (Haepin) consistently exhibited high R* values (0.868—0.981) across quantile scenarios (QS5, Q25, Q50)
for 2020-2070, indicating strong explanatory power of the input parameters. In contrast, R? for flood destructive power
ranged from 0.431 to 0.798, reflecting the additional complexity influenced by structural characteristics, socioeconomic
factors, and infrastructure resilience not fully captured by the model.

The performance of the flood risk models was evaluated using determination coefficient (R?), Root Mean Square
Error (RMSE), Nash—Sutcliffe Efficiency (NSE), and correlation coefficient (r). RMSE, NSE, and r were used to
quantify prediction accuracy. The result of RMSE and NSE for the flood modelling are as follow: the RMSE is 12.009
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and NSE is 0.601; the correlation is 0.629 and the R? is 0.396. The RMSE is 12.009, it indicates that the deviation
average between model prediction result to the actual data is in the range of 12 units. This value gives the quantitative
illustration about the size of prediction error which the smaller RMSE indicates the model is getting accurate.

The NSE is 0.601, it indicates that the model has good enough ability in explaining the variability of data. The value
of NSE is between —oo-\nifty—oo until 1, If the value is close to 1, it indicates that the model performance is very good.
In this context, the value of 0.601 indicates that the model has the precision model in moderate and can be accepted for
predictive need.

The correlation coefficient (r) is 0.629, it indicates there is the strong enough relation between the prediction and
observation values. Although this relation is not very strong, this value is keep reflecting the pattern consistency between
the prediction result and actual data. However, the determination coefficient (R?) is 0.396, it indicates that about 39.6%
of variability on observation data can be explained by model. In other words, there is still about 60.4% of variability is
not explained by model. It may be caused by the other factors outside the input variables or inaccuracy of model.

Based on the evaluation result above, the model development of flood risk assessment can be developed again by
using linear regression modelling as follow:

R=a-HY.-Cc%-V¢® (1
where a, b, d, e are regression coefficients. The model was linearized using natural logarithm transformation:

In(R)=In(a)+b-In(H)+d-In(C) +e-In (V) )
Systematically, the modelling result is presented in Table 3.

Table 3. Systematic of Modelling Result

Calculation Data Modified Model with Linear Regression

R H C \% Ln(R) Ln(H) Ln(C) Ln(V)
2.889 0.0810 9.635 7.537 1,061 -2.513 2.265 2.020
1.416 0.150 4.637 2.019 0,348 -1.897 1.534 0.703
3.065 0.323 7.547 3.910 1,120 -1.130 2.021 1.364
7.540 0.974 11.871 11.871 2,020 -0.026 2474 2.474
12.377 3.165 44.601 26.496 2,516 1.152 3.798 3.277
12.945 0.064 22.910 15.972 2,561 -2.749 3.132 2.771
14.000 2.180 21.818 18.496 2,639 0.779 3.083 2918
5.965 1.190 32.833 6.378 1,786 0.174 3.491 1.853
6.446 0.935 12.287 7.941 1,863 -0.067 2.509 2.072
5.969 0.557 15.047 7.169 1,787 -0.585 2711 1.970
30.543 4356 70.389 47.326 3,419 1.472 4254 3.857

By using the function of LINEST on excel, so there is obtained the model coefficient as follows: a= 0.695, b= 0.032,
d=0.233,e=10.711, so the formulation of flood risk assessment is as follows: R = 0,695.H%%2 (2?33, v07!l Performance
evaluation of this model showed RMSE = 9.392, NSE = 0.756, r = 0.793, and R? = 0.629, demonstrating good
predictive accuracy and strong consistency between predicted and observed values. While approximately 37% of
variability remains unexplained, the model provides a robust basis for flood risk assessment and evidence-based disaster
management.

To ensure that the flood risk assessment model is not overfitted, we conducted rigorous statistical validation beyond
the use of R? by applying a training—testing split (80% training, 20% testing) and evaluating predictive performance
using RMSE and NSE. In our analysis, the model achieved an RMSE of 5.748 and an NSE of 0.754 on the training
subset, while on the testing subset it attained an RMSE of 5.765 and an NSE of 0.881. The negligible difference in
RMSE between training and testing, combined with the higher NSE in testing, strongly suggests that the model possesses
stable and generalizable performance, rather than being over-fitted to the calibration data.

This validation strategy parallels the principle of cross validation, which is widely recognized in hydrological
modelling for its effectiveness in testing model robustness and preventing overfitting [21]. Indeed, NSE is a well-
established metric for measuring hydrological model skill, and its use along with RMSE provides a balanced view of
both bias and variability [22]. Furthermore, combining split sample validation with other statistical checks (such as
hidden Markov modelling) has been demonstrated in the literature to enhance the robustness assessment of hydrological
models [23].
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While the linear regression model used in this study provides reliable flood risk predictions, it has inherent limitations
due to the non-linear nature of hydrological processes. Validation using an 80%—-20% training—testing split showed
stable performance without overfitting, indicating that the model is suitable for flood risk assessment in the Juwana
watershed.

Therefore, through this comprehensive validation framework, we provide statistical evidence that our flood risk
model is not overfitted but rather reliably predictive, making it a sound basis for evidence-based disaster management
and flood risk assessment. Overall, the log linear regression model is effective and feasible for practical application.
Further refinements, including additional variables or nonlinear modelling approaches, can improve predictive accuracy
for complex flood hazard scenarios.

4. Discussions

This study advances the understanding of spatially integrated flood risk assessment by developing an adaptive model
that combines Geographic Information Systems (GIS) and Multi-Criteria Risk Assessment (MCRA) within a spatial
planning framework [24]. The results demonstrate a strong correlation between urban expansion and the increasing
frequency and intensity of floods. Areas experiencing rapid land use transformation—particularly from agricultural to
urban functions—tend to exhibit higher flood vulnerability, reflected in deeper inundation, longer flood duration, and
more frequent flood occurrences [23].

Traditionally, flood risk models have represented hazard (H) primarily through flood depth, emphasizing the extent
of inundation while perhaps overlooking the potential destructive force of flowing water. In conventional models, R is
often expressed as H-(V/C), where H represents the flood depth. It has been observed that areas with similar water levels
may be assigned comparable risk, despite potential differences in the actual physical impact on infrastructure and
property. Conversely, incorporating destructive power as H enables the model to capture both the intensity and potential
for damage, thereby providing a more realistic assessment of flood consequences [24]. The empirical model (R =
0.695-H°-032-(C0-233.y0-711) indicates that, in regions exposed to high destructive power, moderate levels of vulnerability
or institutional capacity are insufficient to completely mitigate the elevated flood risk. This approach highlights the need
to integrate hazard severity into flood risk assessment, enabling more effective management and prioritization of
mitigation strategies.

The use of destructive power (H) as the hazard component in flood risk assessment highlights areas with the highest
potential for physical damage, rather than simply the deepest water. This approach identifies zones where fast-moving
or high-momentum floodwaters have the potential to cause significant harm to infrastructure, property, and human life.
By focusing on these key areas, flood risk maps can become more realistic and actionable, offering a solid foundation
for disaster preparedness [25].

The integration of destructive power (H) into the flood risk model enables the identification of strategic evacuation
routes by explicitly considering areas with the highest potential physical impact. GIS-based spatial analysis is employed
to map high-risk zones, determine evacuation starting points, and delineate routes that minimize exposure to high-
destructive floodwaters. Evacuation paths are optimized according to criteria such as elevation, flow velocity, and
infrastructure condition, prioritizing rapid access to safe shelters. This approach also facilitates efficient allocation of
emergency resources, including medical posts and logistics distribution points, and supports risk-based evacuation
scenarios that can be quantitatively tested prior to flood events. Consequently, evacuation planning is informed not only
by geographical location but also by hazard intensity, thereby enhancing community safety and the operational
effectiveness of emergency response [23, 24].

The findings of this study are broadly consistent with prior investigations in Indonesian and Southeast Asian
watersheds, while also highlighting important distinctions. Studies by Apel et al. [7] and Pradhan et al. [9] primarily
quantified flood risk using flood depth or population exposure, often neglecting the destructive power of floodwaters
and institutional capacity. In contrast, the present model integrates destructive power (H) and institutional capacity (C)
alongside vulnerability (V), providing a more comprehensive representation of flood risk dynamics.

Compared to other GIS-based MCRA studies in similar regions [26—28], the empirical calibration employed here
allows improved spatial resolution and quantitative accuracy, particularly in capturing high-risk zones affected by rapid
urban expansion and land-use change. Unlike prior studies that often focused solely on physical or socio-economic
indicators, the current approach demonstrates how multi-dimensional risk factors interact, revealing areas where strong
institutional capacity mitigates otherwise high vulnerability.

Spatial patterns observed in the Juwana watershed also show similarities with findings in the Ciliwung River Basin
[29], where highly urbanized lowlands exhibit elevated flood risk due to high exposure and constrained cross-
jurisdictional governance. By contrast, our study emphasizes the moderating role of institutional capacity more
explicitly, akin to the adaptive capacity challenges identified in the Brantas River Basin [30], thereby providing more
actionable insights for coordinated, policy-driven flood resilience planning.”
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5. Conclusion

This study demonstrates that incorporating destructive power (H), along with vulnerability (V) and institutional
capacity (C), into flood risk assessment provides a more comprehensive and realistic representation of flood dynamics
compared to traditional models based solely on flood depth. The empirical model developed here (R =
0.695-H0-032-C0-233- V0. 711 effectively identifies areas where moderate institutional capacity or vulnerability levels are
insufficient to mitigate high flood risk, highlighting zones with the greatest potential for physical damage.

By integrating Geographic Information Systems (GIS) with Multi-Criteria Risk Assessment (MCRA), the study not
only enhances the spatial resolution and quantitative accuracy of flood risk maps but also enables practical applications
such as risk-informed evacuation planning and optimized allocation of emergency resources. The results underscore the
critical interplay between rapid urbanization, land-use change, and institutional capacity in shaping flood vulnerability,
providing actionable insights for disaster preparedness and policy-driven flood resilience strategies.

The findings collectively suggest that incorporating hazard strength, socio economic vulnerabilities, and governance
capabilities into flood risk assessments creates a robust framework for managing floods and minimizing adverse effects
on communities in fast developing watersheds.
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