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ABSTRACT 

Ensemble forecasting is a powerful tool for supporting informed decision-making in managing 

multi-hazard risks associated with tropical cyclones (TCs). Although TC ensemble forecasts 

are widely used in operational numerical weather prediction systems, their potential for disaster 

prediction and management has not been fully exploited. Here we propose a novel, efficient, 

and practical method to extract meaningful Multi-Hazard Worst Case Scenarios (MHWCS) 

from a large ensemble TC forecast of 1000-members. We performed the ensemble atmospheric 

forecasting of TC Hagibis (2019) using the Japan Meteorological Agency's (JMA) 

nonhydrostatic model. The simulated atmospheric predictions were serving as inputs for the 

JMA’s operational flood forecast model, as well as statistical storm surge and gust wind 

models. These models estimate river flooding, storm surge, and wind hazard intensities in 

Tokyo. By accounting for uncertainties in ensemble multi-hazard forecasts, we objectively 

demonstrate that Pareto-optimal solutions can effectively identify the meaningful MHWCS. 

These solutions illustrate complex trade-offs among competing hazard components across 

various forecast locations. While some identified MHWCS pose severe risks for a single hazard 

type or location, others present moderately high risks across multiple hazards and locations. 

This diversity in potential scenarios requires risk managers to prepare multiple response 

strategies for both imminent risks and post-disaster management. Our findings further 

underscore the importance of evaluating Pareto-optimal solutions to assist forecasters and risk 

managers in understanding how combinations of TC meteorological variables—such as track, 

translation speed, size, intensity, and rainfall—shape worst-case scenarios.  

SIGNIFICANCE STATEMENT 

This work aims to maximize the benefits of ensemble tropical cyclone (TC) forecasts by 

introducing a novel multi-hazard worst case scenarios (MHWCS) framework. By examining a 

large ensemble forecast of river flooding, storm surge, and gust wind hazards due to TC Hagibis 

(2019) in Tokyo, this approach objectively identifies, for the first time, MHWCS that maximize 

multi-hazard intensities relative to the ensemble mean, implying no other ensemble members 

offer better representations. Identifying this sub-set of ensemble forecasts, which reflects 

complex interdependencies between hazards, is crucial for better preparing and protecting 

communities. The study highlights how evaluating forecast meteorological variables of 

MHWCS can help forecasters and decision makers better understand TC characteristics that 

trigger significant multi-hazard impacts. 
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1. Introduction 

Tropical cyclones (TCs) serve as classic examples of  multi-hazards, where several hazard 

drivers—such as wind, storm surge, and intense rainfall—interact, leading to impacts that 

exceed the sum of their individual effects (Alipour et al. 2022). Approximately 18% of the 

world's population, equating to about one billion people, live in areas highly susceptible to TC-

related mortality. Moreover, over a quarter of the global Gross Domestic Product is at 

significant risk of economic losses due to TCs (Dilley et al. 2005). When preparing for a severe 

weather event like TCs, emergency planners often evaluate a variety of "what if" scenarios to 

anticipate potential outcomes (Gombos and Hoffman 2013). In this study, we demonstrate one 

such "what-if" scenario—the "worst-case" scenario, which represents the event-wise maximum 

hazardous condition derived from TC forecast ensembles. 

In recent years, numerical weather prediction centers, including the Japan Meteorological 

Agency (JMA), the National Centers for Environmental Prediction (NCEP) in the United States 

(US), and the European Centre for Medium-Range Weather Forecasts (ECMWF), have been 

generating TC track ensemble forecasts and incorporating them into operational settings 

(Swinbank et al. 2016). These forecast products are utilized by a wide range of user groups, 

extending beyond weather forecasting experts, and their economic advantages over 

deterministic forecasts (i.e., single best-guess forecasts) have been well-documented (e.g., 

Letson et al. 2007; Molina and Rudik 2024). In principle, a comprehensive approach to 

addressing the uncertainty in hazard intensity from an ensemble TC forecast would involve 

examining the potential hazard scenarios for each ensemble member. However, in case of TC, 

this approach is not practical or feasible, considering that forecasts consist of spatial patterns 

(Hoffman and Gombos 2012). Therefore, users are often restricted to relying on the ensemble 

mean or median hazard intensity (Titley et al. 2019). However, relying solely on the ensemble 

mean/median risks overlooking critical information about worst-case scenarios. This is 

particularly problematic, as many decision-making processes prioritize low-probability but 

high-impact worst-case events in the forecast (Scher et al. 2021). For instance, emergency 

service providers or local government may need to prepare large-scale evacuations in advance 

for worst-case TC scenarios. Moreover, in advance of a TC disaster, NGOs (e.g., the Red 

Cross) and businesses (e.g., insurance companies and hardware stores) may need to know 

worst-case spatial scenarios for efficiently allocating resources at a national level, 

encompassing provisions such as rescues, water, and food supplies. In such cases, an approach 
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that avoids the complexity of using every ensemble member but nevertheless captures potential 

worst-case scenarios can be highly valuable (Scher et al. 2021). Building on this idea, we 

explore a method to identify a subset of ensemble TC forecasts that represents a meaningful 

worst-case deviation from the ensemble mean, offering additional insights beyond those 

provided by the ensemble mean alone. 

To explore how to derive a worst-case scenario from ensemble forecasts, we first define 

'worst' as the condition that maximizes the estimated hazard intensity (e.g., storm surge, river 

flooding, gust wind) relative to the ensemble mean—in other words, values that are 'extreme' 

compared to other ensemble members. Depending on the forecast, these values may or may 

not represent extremes relative to the historical distribution of the hazard driver (e.g., storm 

surge) over a given period. This straightforward definition is sufficient for illustrating worst-

case scenarios and holds practical relevance, as it aligns with approaches currently adopted by 

several operational forecasting agencies. For instance, JMA uses the maximum storm surge 

height at each location across six typical TC track forecasts (Hasegawa et al. 2017). In contrast, 

National Hurricane Center (NHC) in the US employs the surge height with a 10% probability 

of exceedance (NHC 2023; Sharma et al. 2022), while Bureau of Meteorology in Australia 

applies the 98th percentile from an ensemble surge forecasts (Greenslade et al. 2017). These 

worst-case scenarios, being composite products, may be a reasonable approach for planning at 

a single locality. However, they are less suitable for generating a worst-case scenario across an 

entire region. This is because the varying meteorological conditions among different ensemble 

members (e.g., track, intensity, size, and translation speed) lead to an unrealistically large 

geographic area of extreme hazardous (e.g., storm surge) condition. In other words, the 

variability within the ensemble across different forecast locations is unlikely to exhibit strong 

positive correlations, except in the case of very small domains (Hoffman and Gombos 2012; 

Scher et al. 2021; Islam et al. 2023a). To overcome this shortcoming, several studies have 

proposed different methods that deal with the problem of interpreting ensemble forecasts and 

quantifying worst case scenarios. For example, Hoffman and Gombos (2012) introduced the 

concept of exigent analysis to derive TC induced worst wind damage scenarios constrained by 

the ensemble's statistical properties, ensuring that the results are dynamically consistent with 

the ensemble covariance structure. Scher et al. (2021) employed directional component 

analysis (DCA) as a novel statistical approach to identify extreme spatial patterns in ensemble 

forecasts. Unlike methods based on the worst single ensemble member or an average of 

extreme members, DCA identifies patterns that maximize likelihood while maintaining 
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physical plausibility. Although previous studies have been valuable for analyzing worst-case 

scenarios based on a single hazard, they are not equipped to address the complexities of multi-

hazard worst-case scenarios (MHWCS) during TCs. In this context, adopting a multi-hazard 

framework is crucial, as it can enable disaster risk practitioners to comprehensively assess risks 

arising from interconnected hazards. 

While the concept of a MHWCS is relatively new, related research has been conducted on 

compound extreme events (e.g., Sadegh et al. 2018; Gori et al. 2020). Compound extreme 

events involve multiple concurrent or consecutive hazard drivers (e.g., ocean and riverine 

flooding) that, while not necessarily extreme individually, can collectively result in substantial 

disaster impacts (Leonard et al. 2014; Wahl et al. 2015). Although MHWCS and compound 

extremes share similarities in addressing interactions between different hazard components, 

they differ fundamentally in several key aspects. First, studies on compound extremes typically 

rely on statistical techniques to analyze dependence structures (e.g., joint probability 

distributions, copula models) between hazard drivers, using historical datasets (e.g., Wahl et 

al. 2015; Sadegh et al. 2018). In contrast, MHWCS employs scenario-based methods to 

combine ensemble forecasts, identifying scenarios that represent potential worst-case risks 

across multiple hazards (e.g., storm surge, river flooding, gust wind speed). Second, compound 

extremes generally focus on concurrent or sequential events over short timescales (e.g., hours) 

and localized areas (e.g., Gori et al. 2020; Valle-Levinson et al. 2020), whereas MHWCS spans 

broader temporal and spatial scales, integrating hazards that may not occur simultaneously but 

collectively contribute to regional risk. Lastly, most compound extreme frameworks are limited 

to assessing risks from a pair of hazard drivers (e.g., storm surge and river discharge, or rainfall 

and wind; e.g., Messmer and Simmonds 2021; Du et al. 2024), while the MHWCS framework 

is more flexible and independent of specific hazard driver combinations. Consequently, 

understanding how to objectively integrate various TC-induced hazard drivers into a coherent 

and comprehensive forecast framework for defining MHWCS remains a significant challenge, 

requiring further exploration beyond the existing methods for compound extremes. 

In this study, we aim to enhance the utility of ensemble TC forecasts by building on our 

previously proposed single-hazard based objective quantification of worst-case scenarios 

(Islam et al. 2023a) and introducing a framework for Multi-Hazard Worst-Case Scenario 

(MHWCS) assessment, for the first time. We present a novel approach based on Pareto-

optimality to evaluate storm surge, river flooding, and gust wind-induced MHWCS using 
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ensemble TC forecasts. Our methodology advances existing assessment techniques by 

employing a multi-objective function alongside affinity propagation, an advanced clustering 

algorithm, to identify meaningful MHWCS and quantify multi-hazards for Tokyo, Japan. Our 

approach involves a comprehensive analysis of Pareto-optimal solutions to explore how 

forecasted TC meteorological variables—such as rainfall, track, intensity, size, and translation 

speed—affect to produce MHWCS. To demonstrate the framework, we used an extremely 

large ensemble forecasts (1,000 members) of TC Hagibis, which made landfall in Japan in 

2019. The proposed approach will enable forecasters to efficiently predict MHWCS from 

ensemble TC forecasts and serve as a valuable tool for emergency responders to prepare for 

multi-hazard scenarios effectively. 

2. Data and methods 

a. TC Hagibis and ensemble forecasts 

TC Hagibis, one of the most destructive and deadliest cyclones to impact Japan in decades 

(Ma et al. 2021; Shimozono et al. 2020), was selected to demonstrate our MHWCS assessment. 

Hagibis formed over the western North Pacific Ocean on October 2, 2019, and made landfall 

in Japan, near Tokyo (Fig. 1) on October 12, 2019, at approximately 09:00 UTC. At landfall, 

TC's 10-minute maximum sustained wind speed reached 80 kt. Combined with strong winds 

and intense rainfall, Hagibis triggered significant storm surges, widespread flooding, and wind 

disaster in the region and resulted in 86 deaths, three missing persons, nearly 500 people 

injured, and approximately 400 billion dollars of damage (JMA 2021; Ma et al. 2021). 
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FIG. 1. Domain of the multi-hazard forecasts in Tokyo and the locations of the weather station (wind), tide, 

and river gauges used for gust wind, storm surge, and flood model validation and forecasts, respectively. 

The atmospheric ensemble forecasts for TC Hagibis were generated using JMA’s former 

operational limited-area nonhydrostatic model (NHM; Saito et al. 2006) . The model domain 

had a horizontal resolution of 5 km, with 817 × 661 grid points and 50 vertical levels. Boundary 

conditions were derived from JMA’s operational global model forecasts, with boundary 

perturbations obtained by the method described in Duc et al. (2021). 

Since we used NHM for all forecast members, uncertainty in the forecasts stemmed solely 

from initial and boundary conditions. Initial conditions were based on error covariances of the 

atmospheric state, estimated through a four-dimensional variational-ensemble assimilation 

technique (4DEnVAR; Liu et al. 2008) with a large ensemble size of 1,000 members. 

Localization is needed to reduce sampling noise in background error covariances, however, 

localization at the same time can distort the coherent vertical structure between atmospheric 

fields, critical for TC prediction. As the ensemble size was large, localization was relaxed by 

retaining vertical correlations as determined by ensemble members and removing horizontal 

correlations at distant locations (Duc et al. 2021). The horizontal localization length scale, i.e., 

the distance at which horizontal correlations are tapered to zero, was set to 700 km. 
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The assimilation system began at 00 UTC on October 7, 2019, and ran with a 3-hour 

assimilation cycle until 18:00 UTC on October 10, 2019. The resulting analysis ensemble was 

used as the initial condition for 39-hour NHM forecasts, matching the forecast horizon of 

JMA’s operational Mesoscale Ensemble Prediction System (MEPS; Ono et al. 2021; JMA 

2023a). Routine observations from JMA’s database were assimilated across the forecast 

domain, ensuring consistency between the assimilation and forecast settings. Further 

methodological details, including the unique implementation of 4DEnVAR for generating 

analysis perturbations without relying on an ensemble Kalman filter, can be found in Islam et 

al. (2023). 

b. Ensemble storm surge forecasts 

In this study, we employed the storm surge hazard potential index (SSHPI; Eq. 1; (Islam et 

al. 2021, 2023a)), a statistical model designed to estimate peak storm surge height based on 

key meteorological and geographical variables. The SSHPI incorporates TC intensity as 

maximum sustained wind speed (Vmax), size (radius of 50-kt wind, R50) and translation speed 

(S), as well as factors such as coastal geometry (a), landfall location sensitivity (DL), and 

regional bathymetry (L30). Reference constants (Vref, Rref, and Sref) represent typical historical 

values of 50-kt winds, 95 nautical miles (nm) for R50, and 35 km/h for S during landfall in 

mainland Japan (Islam et al. 2021). Full details of the SSHPI formulation and parameter 

definitions can be found in our earlier studies (Islam et al. 2021, 2022, 2023b,a). The 

formulation of the SSHPI is the following: 

SSHPI = (
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In this study, ensemble forecasts of TC Hagibis (1,000 members) were used as 

meteorological forcing for the SSHPI, focusing on the landfall period, when storm surge 

amplification typically occurs (Islam et al. 2021, 2022, 2023b). However, the peak surge may 

not always coincide with landfall characteristics, as surge heights can be higher when the TC 

track is closer to enclosed areas, such as inner Tokyo Bay. This may introduce some 

uncertainties in the surge estimations. Furthermore, SSHPI does not include the inverse 

barometer effect, wave setup, and astronomical tides to maintain simplicity. While this 

approach may lead to some errors in estimating surge heights, it is found suitable for ensemble-

based analyses as shown in Islam et al. (2023a). 

We produced 1,000 perturbed peak surge forecasts with a 39-hour lead time. Figure 1 

illustrates the location of tide gauges used for both validating the surge model and forecasting 

surge hazards. It should be noted that the tide gauges selected for this study are the only stations 

with recorded historical storm surge data in Tokyo, maintained by JMA (2022). The 

bathymetry for the target region was sourced from the Japan Oceanographic Data Center 

(2020). Empirical relationships between SSHPI and observed surge data at the selected tidal 

stations, developed in prior studies (Islam et al. 2021, 2022, 2023b), were used for forecasting 

storm surge hazards in this study. 

c. Ensemble flood forecasts 

We employed the Runoff Index Model (RIM), the operational flood forecasting model used 

by the JMA for medium- and small-sized rivers (21,394 rivers) in Japan (Tanaka et al. 2008; 

Ota 2017; Ota and Makihara 2018; Ota et al. 2023). RIM serves as the basis for issuing flood 

advisories and warnings. The model consists of two primary components: the runoff 

component, which simulates rainfall flowing into rivers, and the river routing component, 

which models rainfall flowing downstream. The runoff component employs a tank model 

structure, comprising three tanks (surface, midstream, and groundwater) for non-urban areas 

and five tanks for urban areas. These tank models are positioned at 1 km intervals across Japan. 

The river routing process is simulated using Manning’s roughness formula, enabling the 

calculation of river discharge. 

RIM generates an output termed the "Index," which is used to issue flood advisories and 

warnings based on predefined "Criteria Levels" (levels 1–3). The “Index” is defined as the 

square root of river discharge at each river channel grid point, which is computed using the 

runoff and river routing models. Rather than explicitly accounting for factors such as dams, 
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levees, river confluences, tides, and other influences on river discharge, RIM integrates these 

effects indirectly through the “Criteria Levels”. These levels are calibrated using historical 

flood events from heavy rainfall cases since 1991 and are further adjusted to reflect the impact 

of infrastructure and additional flooding mechanisms, such as backwater effects and tides. For 

example, if a new dam is constructed upstream, the Criteria Level values will be set higher. 

Conversely, if a levee is breached, the Criteria Levels are adjusted lower. The JMA and local 

governments review and adjust these Criteria Levels for all rivers annually. 

Geographic data including river channels, geology, slope, and land use, are made from the 

National Land Information System. The conceptual foundation of RIM aligns with the 

principles of impact-based forecasting and warning systems. Full details including the 

operational performance of the RIM are available in earlier studies (Ishihara and Kobatake 

1979; Tanaka et al. 2008; Ota 2017; Ota and Makihara 2018; Ota et al. 2023). 

In this study, the spin-up run of the RIM model was conducted from 00:00 UTC on 

September 1, 2019, to 18:00 UTC on October 10, 2019, using rainfall observations from the 

JMA Radar-AMeDAS system (hereafter RA; Nagata 2011). The ensemble flood forecast 

simulation spanned from 18:00 UTC on October 10, 2019, to 23:00 UTC on October 12, 2019. 

Each 54-hour forecast for all rivers in Japan required one node and approximately 10 minutes 

of computational time per ensemble member. The forecasts utilized precipitation data derived 

from the ensemble TC forecasts, which were interpolated to the RIM domain with a spatial 

resolution of 1 km. While the RIM computed the flood index for approximately 21,000 rivers 

across Japan, two specific grid points within the study area (Fig. 1) were selected for validation 

and flood hazard forecasting. These points correspond to two river gauges: Oashi-bashi 

(hereafter, Oashi), located upstream in the Arakawa River basin (2,940 km2), and Den-en-

chofu, situated downstream in the Tama River basin (1,240 km2; Fig. 1). These gauges 

represent two primary rivers flowing through Tokyo. The selection of these locations was based 

on record-breaking river water levels observed since monitoring began by the Ministry of Land, 

Infrastructure, Transport, and Tourism, Japan (MLIT 2024), as well as documented flood 

disasters in the respective areas (Das et al. 2020). While the forecasts provided a complete 

hydrograph of the flood index, this study focuses on the forecasted peak flood index from each 

ensemble member for the assessment of MHWCS. Although river engineers and hydrologists 

are often concerned with the complete flood hydrograph, decision-makers responsible for 
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issuing flood warnings and coordinating relief measures primarily focus on the predicted peak 

flood water level. 

d. Ensemble gust wind forecasts 

Our ensemble TC forecasts did not directly estimate gust wind factors. To address this, we 

derived gust wind speeds using the JMA (n.d.) wind force scale, which provides an empirical 

relationship between the average wind speed over a 10-minute period and the maximum gust 

wind speed that could occur on land, as summarized in Table 1. Figure 1 shows the locations 

of the JMA-operated weather stations (Haneda and Edogawa), which were used for both 

validation and forecasting of gust wind. These two stations were specifically chosen because 

of their proximity to Tokyo Bay and their reduced susceptibility to terrain-features compared 

to other weather stations in Tokyo. Although the 1,000-member ensemble forecasts produced 

time series data for gust wind, this study focuses on the forecasted maximum gust wind speed 

from each ensemble member as a representative measure for the worst wind hazard scenario. 

TABLE. 1. JMA (n.d.) wind force scale 

Average wind speed 

(kt) on land 

Maximum gust wind speed 

(kt) on land 

Wind strength 

19-29 39 Moderate gale 

30-39 58 Gale 

40-58 78 Storm 

59-68 97 Violent storm 

69-78 117 Violent storm 

 

e. Pareto optimality and assessing MHWCS 

In an ensemble TC forecast, the worst-case scenario is not likely to occur simultaneously 

at all forecast locations across a region. This is because the variability in the forecast (e.g., 

differences in wind speed and rainfall) tends to distribute extremes unevenly across different 

areas, except in the case of very small domains. The best we can do is to quantify the trade-off 

between different hazard intensities across different locations. Here, we performed multi-

objective optimization to identify ensemble forecast members (among 1,000 ensemble 

forecasts) that effectively represent the potential worst-case scenario induced by TC Hagibis 
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in Tokyo (Fig. 1) by calculating the Pareto frontier. The Pareto frontier represents the trade-

offs between multiple objectives and consists of all Pareto-optimal solutions. 

In this study, we analyzed a subset of 1000 forecasted hazard scenarios (e.g., river flooding, 

storm surge, gust wind) for each forecast location in Tokyo (Fig. 1), referred to as solution z. 

Each scenario was evaluated based on m objectives (m-dimensional), represented as y1(z), 

y2(z),….., ym(z). As an example, in the case of the worst river flooding scenario, the objectives 

were to maximize the forecasted peak flood index at two river gauges: Den-en-chofu (y1(z)) 

and Oashi (y2(z)). This objective function aimed to identify potential worst-case flooding 

scenarios relative to ensemble mean from the 1,000 ensemble flood forecasts. In this multi-

objective optimization, the criterion space (the set of all objective values) was two-

dimensional. To objectively compare two scenarios, z and z', a ranking was established based 

on dominance. Scenario z dominates z' if and only if yi (z) ≥ yi (z') for i ∈{1, 2} and yi (z) > yi 

(z') for at least one objective. Using this framework, we identified Pareto-optimal solutions 

from the 1,000 scenarios. A Pareto-optimal solution represents a scenario where no other 

solution can improve one objective without compromising another. These solutions lie on the 

boundary of the criterion space and may result in multiple non-dominated (optimal) solutions, 

reflecting trade-offs between objectives. Each Pareto-optimal solution represents a distinct but 

equally valid outcome among competing criteria. In such cases, there is no single "best" worst 

case scenario, and a set of solutions should be analyzed. Similarly, an objective function was 

defined to minimize the forecasted peak flood index at the two river gauges, enabling the 

identification of ensemble members that characterize potential minimum flood scenarios. We 

repeated the same analyses for other hazard components: storm surge and gust wind. The 

advantages of this method from a single hazard perspective are discussed in detail in Islam et 

al. (2023a). 

Building upon the single-hazard framework, we extended this methodology to a multi-

hazard perspective for assessing MHWCS. This extension integrated forecasts of flood (y1(z) 

and y2(z)), storm surge (Harumi: y3(z) and Yokohama: y4(z)), and gust wind (Haneda: y5(z) and 

Edogawa: y6(z)) hazards, creating a six-dimensional criterion space where the objective 

function is to maximize {y1(z), y2(z), y3(z), y4(z), y5(z), y6(z))}. A scenario z is Pareto-optimal 

if no other scenario z' exists such that: 

yi(z') ≥ yi(z), i ∈{1, 2, 3, 4, 5, 6}  
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with at least one inequality being strict. Here, a strict inequality (>) means that z' must 

outperform z in at least one objective to dominate it. This ensures that z is not entirely surpassed 

by any other scenarios in the forecast and thus, z lies on the Pareto frontier. As discussed above, 

the Pareto frontier may include several non-dominated solutions, representing the appropriate 

trade-offs among the hazard components.  

Unlike single-hazard-based worst case scenarios, not all identified Pareto-optimal solutions 

for MHWCS represent the worst-case across all hazard components, as 'worst' is defined here 

as the condition that maximizes the estimated hazard intensity relative to the ensemble mean. 

For instance, maximizing y1(z) and y2(z),  might compromise worst y5(z) and y6(z)  or worst 

y3(z) and y4(z), and vice versa. To refine the analysis, we further sampled Pareto-optimal 

solutions using an advanced clustering algorithm called affinity propagation and assessed the 

hazardousness of each cluster across all hazard components. Affinity propagation uses 

measures of similarity between pairs of data points as input and iteratively exchanges real-

valued messages between these points until a high-quality set of clusters is formed. This 

clustering algorithm does not require the number of clusters to be specified beforehand, and it 

has been found to be advantageous over related techniques such as k-means clustering, 

expectation-maximization, hierarchical agglomerative clustering, and spectral clustering for 

various applications (Frey and Dueck 2007). While each MHWCS (Pareto-optimal solutions) 

represents a unique balance among the competing hazard objectives, affinity propagation-

based evaluation utilized to identify a special cluster (a set of Pareto-optimal solutions) that 

maximizes the deviation from the ensemble mean across the six forecast locations selected in 

this study. 

3. Results 

a. model evaluation 

1) TC AND STORM SURGE ENSEMBLE FORECASTS AND VALIDATION 

In the previous study (Islam et al. 2023a), we have compared and validated our 4DEnVAR 

based TC Hagibis forecasts (39-h lead time) with JMA’s operational 21-member ensemble 

forecast (Meso-scale Ensemble Prediction System; MEPS). It demonstrated superior track 

prediction accuracy, with the ensemble mean closely aligning with the best track and exhibiting 

smaller distance errors compared to MEPS. Our forecast systematically underestimated (~ 5-

kt) Vmax, particularly at earlier forecast times (forecast hours 3–30). However, during the 
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landfall period (forecast hours 33–39), the forecasts converged closer (~3-kt) to the best track 

estimates. 

Similar to the evaluation of ensemble TC forecasts, we compared and validated the 1,000 

ensemble-based storm surge predictions with the JMA best track estimate, as detailed in Islam 

et al. (2023a). The analysis revealed that both the ensemble mean forecasts in 39-h lead time 

and the best track estimates consistently underestimated (~5 cm) the observed peak surge 

levels. However, the observed peak surge values were encompassed within the full ensemble 

spread at both tide gauge locations (Harumi and Yokohama), indicating that the ensemble 

spread was sufficiently large to capture the uncertainty in the predictions. The mean absolute 

error across the two stations is 6.7 cm. Further details on the track, intensity, and storm surge 

forecasts are provided in Islam et al. (2023a). 

2) RIVER FLOOD FORECASTS VALIDATION 

Figure 2 presents the evaluation of the RIM using 1,000 ensemble flood forecasts, with RA 

serving as the ideal input data for flood forecasting at two water level observation points: Den-

en-Chofu and Oashi. The average hourly rainfall amounts (purple bars) for the Tama River 

(Fig. 2a) and the Arakawa River (Fig. 2b) exceeded 10 mm between 07:00 and 22:00 JST on 

October 12, indicating prolonged periods of very heavy rainfall in both basins. The peaks of 

the RA index (red line) and the water level observations (green line) occurred almost 

simultaneously, suggesting that the RIM, when using RA as input, could accurately reproduce 

the observed flood conditions. 

Figures 2a and 2b reveals that the ensemble forecast underpredicted the RA forecast at both 

observation points until 19:00 JST on October 12. After that, the 1,000-member ensemble 

forecast began to be similar to the RA forecast. Notably, at Oashi (Fig. 2b), the RA forecast 

exhibited a pronounced increase in the index starting at 10:00, while the ensemble forecast 

showed a similar increase with a delay, between 13:00 and 15:00. This discrepancy is likely 

due to deviations in the TC track and translation speed as predicted by the meteorological 

model. The upper basin of Oashi, with an area of 1,019 km², poses challenges for accurate 

rainfall forecasting, even with the large 1,000-member ensemble. It is hypothesized that the 5-

km resolution of the model may not be sufficient for capturing localized heavy rainfall events. 

Previous studies have emphasized that higher resolution is critical for effective heavy rain 

forecasting in Japan (e.g., Oizumi et al. 2018, 2020). In contrast, the Den-en-Chofu observation 

point, located downstream on the Tama River, exhibited less deviation between the RA and the 



15 

 

1,000-member ensemble forecasts, as shown in Fig. 2a. The exceedance probabilities at both 

observation points indicates that over 75% of the ensemble members at both locations predict 

a risk of surpassing the previous maximum flood index. Nevertheless, RIM’s flood risk 

ensemble forecast   has a satisfactory accuracy to be used for scenario-based analysis. 

 

FIG. 2. A comparison of the RIM based 1,000 ensemble flood index forecasts (ensemble member: gray lines; 

ensemble mean: blue line) in 39-h lead time and the flood index using Radar AMeDAS system (green line) 

for TC Hagibis at two river gauges: (a) Den-en-chofu; (b) Oashi.  The observed river water level respective 

to each river gauge is indicated by a red line. The basin averaged hourly observed rainfall (purple bars) 

corresponds to Tama River (a) and Arakawa River (b). Historical maximum index, 30-year probabilistic 

index, and 50-year probabilistic index respective to each river gauge are indicated by a dotted black, blue, 

and green line, respectively. 

3) GUST WIND SPEED FORECASTS VALIDATION 

Figure 3 compares the observed maximum hourly gust wind speeds with a 1,000-member 

ensemble forecast in 39-h lead time at two weather stations: Edogawa (Fig. 3a) and Haneda 

(Fig. 3b). For each hour, the observed gust wind speed was determined by sampling six 
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measurements recorded at 10-minute intervals by JMA (2024) and selecting the maximum 

value (red dots). The ensemble forecast data are represented by the ensemble mean (blue dots) 

and a vertical range (black bars) spanning the minimum to maximum gust wind speeds 

predicted by the 1,000 ensemble members. At both weather stations, the uncertainty range 

increases with forecast lead time. During earlier forecast hours (01:00–05:00 JST on 12 

October), the forecasts overestimated the observed maximum gust wind speeds. Around the 

time of TC landfall (approximately 18:00 JST on 12 October), the observed gust wind speeds 

generally fell within the ensemble’s range, indicating that the forecast envelope effectively 

captured the actual conditions as the TC approached land. The mean absolute error across two 

stations during landfall is 3.4-kt. In other instances, the observed gust exceeded the upper limits 

of the ensemble range limits, highlighting circumstances where the empirical estimate 

underestimated the maximum gust wind speed.  

 

FIG. 3. A comparison of the 1,000 ensemble gust wind forecasts and observed hourly peak gust wind speed 

(red dot) for TC Hagibis at two weather stations: (a) Edogawa; (b) Haneda. The hourly ensemble mean is 
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indicated by a blue dot and max-min range is determined from 1,000 ensemble gust wind forecasts for each 

forecast hour respective to each weather station.     

b. Multi-scenario analysis 

1) PARETO-OPTIMAL MULTI-SCENARIOS 

The Pareto-optimal frontier, as shown in Fig. 4, illustrates a set of solutions that highlight 

the forecasted potential worst and optimal scenarios from a single-hazard perspective for TC 

Hagibis in Tokyo. For example, the two-dimensional Pareto frontier (Fig. 4a) allows for a clear 

evaluation of the trade-offs between forecasted peak flood indices at two different river basins. 

The results identify the appropriate ensemble members from the 1,000 TC forecasts to 

represent the potential worst-case flood scenario (Den-en-chofu: ~ 97.5; Oashi: ~ 90.1) and the 

optimal scenario (Den-en-chofu: 66.1; Oashi: ~63.7). The location of the river gauges (Den-

en-chofu and Oashi) are geographically distant (Fig. 1) and exhibit differing hydrological 

characteristics, such as river gradients. As a result, the relationship between the predicted peak 

flood indices in the two locations are not fully linear, leading to diverse trade-offs among the 

worst-case flood outcomes within the Pareto frontier (Fig. 4a). A similar pattern is also 

observed for gust wind forecasts across the two weather stations (Fig. 4c). In contrast, a strong 

linear relationship is evident in the worst storm surge forecasts for inner Tokyo Bay (Fig. 4b), 

as the two locations share similar coastal geometries, including bathymetry, and are situated 

close to each other (Fig. 1). It is important to note that no commonality exists in the Pareto-

optimal solutions presented in Fig. 4 across all hazard components. This indicates that the 

ensemble member producing the worst flood hazard does not necessarily result in the worst 

storm surge or gust wind hazard for Tokyo, and vice-versa. 

 

FIG. 4. Forecasted Pareto-optimal multi-scenarios in 39-h lead time due to TC Hagibis, apply for (a) flood 

hazard in Den-en-chofu and Oashi (objective function (red dot): max flood index in Den-en-chofu and Oashi; 
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objective function (blue dots): min flood index in Den-en-chofu and Oashi); (b) storm surge hazard in 

Harumi and Yokohama (objective function (red dot): max surge height in Harumi and Yokohama; objective 

function (blue dots): min surge height in Harumi and Yokohama); (c) wind hazard in Haneda and Edogawa 

(objective function (red dot): max gust wind in Haneda and Edogawa; objective function (blue dots): min 

gust wind in Haneda and Edogawa). 

Figure 5 shows forecasted multi-hazard scenarios for TC Hagibis in Tokyo. Unlike the 

single hazard framework (Fig. 4), it is unrealistic to anticipate a “nice” forecast scenario that 

maximizes hazard intensity across all components at all locations due to the existence of a large 

number of Pareto optimal solutions (= 153; red lines in Fig. 5). This diversity arises from the 

trade-offs among hazard components, each driven by distinct physical mechanisms and 

influenced by different TC meteorological conditions. For instance, some Pareto optimal 

solutions in Fig. 5 predict worst storm surge levels exceeding 150 cm at Harumi and 120 cm at 

Yokohama, while under the same scenarios, Den-en-chofu (Oashi) and Haneda (Edogawa) 

experience significantly lower hazard magnitudes—less than 86 (77) for the flood index and 

55 kt (60 kt) for maximum gust wind, respectively. These flood index (~86) and gust wind 

speed (~55 kt) values are notably lower than those predicted by other Pareto-optimal solutions 

for worst-case flood and wind hazards in Fig. 5. Likewise, 41% of the Pareto optimal solutions 

(= 62) predict worst-case scenarios at any two forecast locations where the respective hazard 

magnitudes are lower than the 1,000-ensemble mean.  

This complexity becomes even more apparent when analyzing the correlations across the 

1,000 ensemble multi-hazard forecasts. As shown in Fig. 6, none of the hazard components 

exhibit strong associations with each other, with Pearson correlation coefficients below 0.25. 

This highlights that the worst-case scenario for one hazard component often does not align with 

the worst-case scenario for other components. Consequently, the lack of strong correlations 

and the independent behavior of different hazard components lead to a large number of Pareto-

optimal solutions in our forecast framework. This emphasizes the importance of considering 

multiple scenarios when issuing warnings and assessing the risks posed by extreme weather 

events like TCs. 
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FIG. 5. Forecasted Pareto-optimal MHWCS in 39-h lead time due to TC Hagibis in Tokyo using the parallel 

coordinate plot [objective function (red lines): max surge height in Harumi and Yokohama + max flood 

index in Den-en-chofu and Oashi + max gust wind speed in Haneda and Edogawa; objective function (blue 

lines): min surge height in Harumi and Yokohama + min flood index in Den-en-chofu and Oashi + min gust 

wind speed in Haneda and Edogawa]. In this plot, each parallel line represents a hazard component, with 

coordinates marking hazard magnitudes, and the red (blues) lines connecting these values represent 

individual Pareto-optimal solutions for MHWCS (multi-hazard optimum cases). The remaining grey lines 

correspond to TCs that are not Pareto optimal.  

While each MHWCS shown in Fig. 5 (red lines) represents a unique trade-off among the 

competing hazard objectives, we further refined the assessment by applying the affinity 

propagation clustering algorithm. This allowed us to identify a subset of Pareto-optimal 

solutions (a special cluster) that maximizes worst-case deviations from the ensemble mean. 

Figure 7 illustrates the resulting 12 clusters of MHWCS, where the number of clusters was not 

pre-specified. Instead, the clustering process relied on the message-passing method inherent to 

affinity propagation, which determined the appropriate number of clusters (12 in this case) 

automatically. 
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FIG. 6. Multivariate correlation (Pearson) matrix for three hazard components in 1,000-ensemble forecasts: 

storm surge, flood, and gust wind across six forecast locations. 

To assess how effectively this clustering approach identifies a subset of Pareto-optimal 

solutions, we evaluated multi-hazard intensities of each cluster with respect to their deviation 

from the 1,000-ensemble mean hazard intensity. We define the special cluster of MHWCS as 

the highest percentage of ensemble forecasts in each cluster that deviates from the ensemble 

mean hazard intensity. Overall, the ensemble mean (black line marker in Fig. 7) of the 153 

MHWCS exceeds the 1000-ensemble mean (blue line marker in Fig. 7). However, with the 

exception of cluster (i) in Fig. 7 (red lines), all other clusters include some ensemble members 

that predict worst-case scenarios at two or more forecast locations where the respective hazard 

magnitudes fall below the 1,000-ensemble mean. For instance, clusters (c), (g), and (k) forecast 

the most severe cases for flood hazards (e.g., similar to Fig. 4a), storm surge (e.g., similar to 

Fig. 4b), and wind hazards (e.g., similar to Fig. 4c) in Tokyo, respectively. However, several 

ensemble members within these clusters predict lower intensities of other hazard components 

compared to the 1,000-ensemble mean. On the other hand, our clustering analysis effectively 

identifies cluster (i), consisting of 18 Pareto optimal solutions, as the special cluster of 

MHWCS. Given the definition of special cluster, each Pareto-optimal solution in cluster (i) in 

Fig. 7 (red lines) exceeds the 1000-ensemble mean. Therefore, cluster (i) maximizes multi-

hazard intensity across all the six forecast locations compared to the solutions in the other 

clusters (Fig. 7a–h, j–l). In addition to multi-hazard intensities, Fig. 7(i) also provides 
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FIG. 7. (a-l) Twelve clusters identified by affinity propagation from 153 Pareto optimal solutions (MHWCS 

in Fig. 5) are color coded in red. Each parallel line represents a hazard component, with coordinates marking 

hazard magnitudes, and the grey lines connecting these values correspond to individual Pareto-optimal 

solutions (among 153 MHWCS) that are not included in the cluster sub-set. The black and blue line markers 

on each parallel line represent ensemble mean hazard intensity derived from the 153 MHWCS and the 1,000-

enssemble hazard forecasts, respectively. 

uncertainty ranges for the special cluster of MHWCS, offering a more comprehensive 

understanding of potential scenarios. It is noteworthy that this special set of Pareto-optimal 

solutions does not necessarily represent the most extreme events from a single-hazard 

perspective. For example, Fig. 7(i; red lines) predicts a maximum flood index of 101.9 (89.1) 

at Den-en-chofu (Oashi), a surge level of 143 cm (115 cm) at Harumi (Yokohama), and gust 

wind speeds of 68 kt (67 kt) at Haneda (Edogawa). These values are approximately 3% (~5%), 

10% (~9%), and 12% (~13%) less severe, respectively, than the worst-case scenarios depicted 

in Fig. 4a–c (red dots). Nevertheless, the interdependence among the three hazard drivers 

shown in Fig. 7(i) is forecasted to trigger significant multi-hazard impacts, highlighting the 

critical importance of identifying special set of Pareto-optimal solutions. 

2) TC METEOROGICAL VARIABLES AND TRACK ANALYSIS OF MHWCS 

To understand which combinations of TC meteorological variables contribute to the worst 

case scenarios shown in Fig. 7, we analyzed the forecasted key meteorological variables (Fig. 

8) and tracks (Fig. 9) associated with Pareto optimal solutions. Figure 8 (i-v) illustrates the 

cluster-wise distributions of (i) translation speed (S), (ii) radius of 50-kt wind (R50), (iii) mean 

sea level pressure (MSLP), (iv) maximum wind speed (Vmax), and (v) basin averaged 

accumulated rainfall, at the time of landfall or when the track passed closest to the study area. 

Among these variables, translation speed emerged as the strongest single predictor of single-

hazard worst-case scenarios (Fig. 8 (vi)). For example, cluster (c) in Fig. 7, which is associated 

with slower S (Fig. 8 (i)), forecasts the most severe flood cases, in contrast to cluster (k), which 

exhibits faster-moving ensembles (Fig. 8 (i)). The distinct differences in flooding intensity 

between these two clusters can be largely attributed to variations in rainfall accumulation. As 

shown in Fig. 8 (v), the river basins in cluster (c) are forecasted to receive 26% more rainfall 

compared to those in cluster (k). This disparity aligns with the differences in translation 

speed—Fig. 8 (i) reveals that the forecasted mean S in cluster (c) is 18% slower than in cluster 

(k). Given that other meteorological variables (Fig. 8 (ii-iv)) remain relatively similar, the 

slower-moving ensembles in cluster (c), passing closer to the study area (Fig. 9), likely resulted 
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in higher rainfall amounts and consequently, an increased risk of flooding. This tendency 

becomes apparent when S and flooding intensity exhibits association with each other (Pearson 

correlation coefficient ~ -0.5; Fig. 8 (vi)) and aligns with findings from previous studies, which 

demonstrate significant negative correlations between TC translation speed and flood severity 

(e.g., Hall and Kossin 2019; Gori et al. 2020; Titley et al. 2021). 
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FIG. 8. Forecasted 6-h averaged (3-h before and 3-h after landfall) meteorological variables associated with 

Pareto optimal solutions in each cluster (Fig. 7 (a-l)): (i) translation speed; (ii) radius of 50-kt wind; (iii) 

mean sea level pressure; (iv) 10-minute sustained wind speed. (v) Forecasted 24-h (12 October 2023 00:00-

23:00 JST) basin averaged accumulated rainfall associated with Pareto optimal solutions in each cluster (Fig. 

7); (vi) Pearson correlation matrix for meteorological forecasts in panels (i-v) and MHWCS in Fig. 7 (a-l; 

red lines). The dotted black (panels i-v) and grey (panel v) lines represent the ensemble mean for each 

meteorological variable, derived from the 153 MHWCS forecasts.  

While faster-moving ensembles, such as those in cluster (k), are forecasted to cause weaker 

flooding hazards due to the reduced duration of rainfall exposure, they are also predicted to 

generate the lowest storm surges in inner Tokyo Bay (Fig. 7 (k); Fig. 8 (vi)), as compared to 

Pareto-optimal solutions in Fig. 7(g). In addition to translation speed (S), the spread of the R50 

(Fig. 8 (ii)) and track (Fig. 9 (g), (k)) substantially influence surge heights. Although the Pareto-

optimal solutions in both clusters are forecasted to make landfall approximately 75 km west of 

the longitudinal axis of Tokyo Bay (Figs. 9(g) and 9(k)), their tracks exhibit distinct behaviors. 

Tracks in cluster (g) diverge significantly, move at a slower S (~32 km/h; Fig. 8 (i)) and 

maintain a larger R50 (~250 km; Fig. 8 (ii)) as they approach inner Tokyo Bay. With a longer 

duration of exposure, this large swath of strong winds directly impacts a broader sea area, 

inducing motion in a larger volume of water in inner Tokyo Bay (Fig. 7(g)). This phenomenon 

supports earlier numerical analyses that highlight the likelihood of severe storm surge scenarios 

in upper Tokyo Bay when a large and intense TC moves slowly and parallel to the bay’s 

longitudinal axis after making landfall ~25 km southwest of the area (Islam and Takagi 

2020a,b, 2021). Conversely, ensembles in cluster (k) exhibit faster S (~39 km/h; Fig. 8 (i)) and 

smaller R50 (~222 km; Fig. 8 (ii)), resulting in less water being pushed toward Tokyo Bay (Fig. 

7(k)) compared to all other clusters in Fig. 7. Furthermore, we observed variability in the worst 

storm surge scenarios under similar meteorological conditions, except for differences in TC 

size. For example, clusters (e) and (g) share comparable S (Fig. 8 (i)), Vmax (Fig. 8 (iv)), and 

trajectory forecasts (Fig. 9), yet differ significantly in their spatial strong wind footprints. 

However, both clusters are significantly distinct from the forecasted spatial strong wind 

footprints (R50; Fig. 8(ii)). This distinction leads to approximately 9% variation in worst-case 

storm surge forecasts (Figs. 7(e) and 7(g)). This behavior is expected, as TC size is a well-

established predictor of peak storm surges (Irish et al. 2008; Islam and Takagi 2020a) and 

aligns with the association shown in Fig. 8 (vi; Pearson correlation coefficient 0.58). 
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FIG. 9. Forecasted TC Hagibis tracks with a 39-h lead time corresponding to each MHWCS (Pareto-optimal 

solutions) identified in Fig. 7. Pannels (a-l) represent the clusters shown in Fig. 7 (a-l). Red lines indicate 

the forecasted TC tracks, while blue symbols denote the forecast locations considered in this study. 

The analysis above demonstrates that slow-moving ensemble forecasts, when combined 

with other meteorological conditions, are likely to intensify flooding and storm surge hazards. 
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However, fast-moving forecasts cannot be overlooked as it is likely to cause strong wind 

hazards (Pearson correlation coefficient ~ 0.8; Fig. 8 (vi)). For instance, both cluster (h) and 

cluster (k) in Fig. 7 are forecasted to produce the most severe wind hazard scenarios in Tokyo, 

surpassing other forecasts, including clusters (a), (b), (c), and (g). Both cluster (h) and cluster 

(k) are associated with the fastest ensemble forecasts (~39 km/h; Fig. 8(i)), characterized by 

small R50 (~ 225 km; Fig. 8 (ii)) and intense Vmax (~ 37 m/s; Fig. 8 (iv)). It is reasonable, as 

rapid forward motion combined with strong rotational winds amplifies the total wind intensity, 

particularly in the right-front quadrant (Olfateh et al. 2017; Klotz and Jiang 2017) where the 

forecast points are located (Figs. 9h and 9k). This phenomenon results in catastrophic wind 

damage upon landfall. Furthermore, intense storms tend to be smaller in size, consistent with 

findings from earlier studies (Carrasco et al. 2014; Gori et al. 2020). Conversely, ensemble 

forecasts in clusters (a), (b), (c), and (g) are characterized by slower S (~32 km/h; Fig. 8 (i)), 

larger R50 (~241 km; Fig. 8 (ii)), and slightly weaker Vmax (~ 36 m/s; Fig. 8 (iv)) compared to 

the ensembles in clusters (h) and (k). It is also noteworthy that the tracks associated with 

clusters (h) and (k) maintain relatively straight trajectories before and after landfall, unlike the 

diverging tracks seen in other clusters (Fig. 9). These straight paths after landfall increase the 

likelihood of strong winds impacting the land, as they minimize interaction with land or 

atmospheric conditions that could weaken the TC. 

Although single-hazard-based worst case scenario forecasts tend to exhibit the 

characteristics discussed above, no single predictor for MHWCS was identified in our 

ensemble forecasts. For instance, the ensemble means of S, R50, MSLP, Vmax, and basin 

averaged accumulated rainfall associated with the special cluster (i) in Fig. 7 are comparable 

to the total population ensemble means (Fig. 8 (i-v)). In general, the ensembles in cluster (i) 

exhibit moderate meteorological characteristics, representing a balanced condition that is not 

evident in other clusters (Fig. 8 (i-v)). In other words, the special set of Pareto-optimal solutions 

in Fig. 7(i), capable of producing significant multi-hazard impacts across all investigated 

locations, does not necessarily correspond to the most extreme meteorological conditions 

compared to other forecast conditions observed from a single-hazard perspective. However, 

the uncertainty ranges for S (Fig. 8 (i)) and R50 (Fig. 8 (ii)) within cluster (i) are notably wide. 

This spread is expected, as slow-moving (fast-moving) and large (small) TCs are individually 

capable of generating worst-case scenarios from a single-hazard perspective. It is also 

noteworthy that the tracks associated with single-hazard worst case scenarios (clusters (c), (g), 
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and (k) in Fig. 9) are enveloped by the ensemble forecasts of cluster (i). This indicates that the 

ensemble spread is sufficiently large to represent track uncertainty in MHWCS predictions. 

4. Discussion and conclusions  

The application of ensemble TC forecasting for predicting MHWCS has not been fully 

exploited, despite its widespread use in forecasting TC track, intensity, and genesis. Enhanced 

analytical approaches can unlock the full potential of ensemble forecasting. Here, we propose 

Pareto-optimality as a novel, efficient, and practical method to identify meaningful ensemble 

TC (Hagibis) forecasts from a large ensemble (1,000 members) to objectively assess MHWCS 

for a target region. The variability within the ensemble (e.g., track, intensity, size, translation 

speed, rainfall) across different forecast locations makes it challenging for decision makers in 

planning effective preparedness measures against multi-hazard risks. Our analysis 

demonstrates that meaningful trade-offs among competing hazard objectives can be identified 

by selecting Pareto-optimized forecasts. By accounting for uncertainties in ensemble multi-

hazard forecasts, Pareto optimal solutions illustrate a compact view of MHWCS, maximizing 

multi-hazard intensities relative to the ensemble mean. Additionally, these solutions can aid 

emergency managers in understanding how combinations of TC meteorological variables—

such as track, translation speed, size, intensity, and rainfall—contribute to shaping worst-case 

scenarios. Although operational implementation of MHWCS prediction for each ensemble 

member poses significant challenges within the current global forecasting context, our 

proposed multi-objective framework can extract meaningful MHWCS from large ensemble 

forecasts within minutes. This runtime efficiency makes it a viable option for operational 

hazard forecasting systems, assuming that large ensemble forecasts will become more 

computationally affordable and practical in the near future with the advancement of artificial 

intelligence-based weather forecasting (Li et al. 2024; Price et al. 2025). 

The significance of evaluating ensemble forecasts has long been recognized for quantifying 

single-hazard worst-case scenarios (Hoffman and Gombos 2012; Scher et al. 2021; Islam et al. 

2023a). Nevertheless, the application of multi-objective approaches, such as Pareto 

optimization, in MHWCS analysis remains noticeably underexplored. During a TC event, 

preparedness measures including effective evacuation planning, emergency resource 

allocation, and warning issuance involve multi-criteria problems such as multi-hazard 

intensity, population vulnerability, and available evacuation resources. Traditionally, this 

decision-making process has relied on the severity of the predicted single hazard (e.g., storm 
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surge) based worst case scenarios (Hasegawa et al. 2017; NHC 2023; Sharma et al. 2022). 

However, this approach does not fully capture the diversity and collective impact of individual 

hazard components in a target location, which can lead to ineffective decision making. While 

such a complex decision-making process can certainly be improved by quantifying the 

uncertainty in multi-hazard forecast, incorporating Pareto-optimality can further maximize the 

benefits of it. 

In Japan, JMA is responsible for issuing TC related alerts at national level, with distinct 

alerts provided for each hazard component. Notably, no unified alert system exists to address 

combined multi-hazard risks. Furthermore, the decision to implement specific actions, such as 

evacuation orders, rests with local governments, which base their decisions on JMA guidelines 

and predefined warning criteria (e.g., reference tidal height set by local government, JMA 

2023b). At first glance, it might seem sufficient for a city or local government to focus solely 

on single-hazard worst-case (e.g., storm surge) at their designated reference points when 

issuing warnings, without considering MHWCS. For example, disaster risk managers in Den-

en-chofu might not perceive the need to account for storm surge impacts in Harumi. In such 

cases, detailed localized risk, like that presented in Fig. 4, may appear adequate. Consequently, 

the necessity for considering trade-offs among competing hazard components, as depicted in 

Fig. 7, could be questioned. However, from a multi-hazard risk perspective, we emphasize the 

importance of analyzing diverse trade-offs across multiple hazard components and geographic 

locations. The rationale for this is twofold. First, holistic multi-hazard analyses are essential 

for efficiently allocating resources at a national level. This includes provisions such as rescue 

operations, food, water, and medical supplies. Unlike single-hazard scenarios, MHWCS 

forecasts capture the combined impacts of hazards (e.g., storm surge, river flooding, and wind 

hazards), enabling more strategic resource planning to address complex disaster impacts 

comprehensively. Second, diversity in multi-hazard trade-off scenarios facilitates intercity 

cooperation before and after mega-disasters. For example, a city less affected by storm surges 

might be severely impacted by flooding or wind hazards, necessitating support from 

neighboring cities. Conversely, areas less affected by wind hazards may assist in 

accommodating evacuees or sharing resources in the post-disaster period. Such 

interdependencies highlight the need for a multi-hazard approach that considers trade-offs and 

synergies between hazards across regions. In this regard, MHWCS analyses expand the scope 

of disaster preparedness, encouraging intercity collaboration and fostering resilience beyond 

the scope of single-hazard frameworks. Moreover, the MHWCS approach enables risk 
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managers and forecasters to better understand how the interactions among meteorological 

variables influence worst-case scenarios. This understanding is critical for designing 

evacuation plans that account for multi-hazard risks, such as simultaneous storm surges and 

riverine flooding or the compounded impacts of wind and flooding hazards. For instance, while 

localized storm surge-focused planning might suffice for individual cities, MHWCS 

predictions highlight broader regional impacts, ensuring preparedness for cascading effects that 

could disrupt neighboring areas. 

While ensemble forecast is certainly beneficial to analyze MHWCS, we particularly 

emphasize over a large ensemble forecast (e.g., 1000-member). Unlike the small number of 

ensemble forecast (e.g., operational 20-member JMA ensemble forecast (MEPS)), large 

ensemble forecast can reduce sampling error (Kobayashi et al. 2020; Duc et al. 2021) by 

providing a broader range of possible outcomes for TCs, capturing variations in meteorological 

parameters. This comprehensive representation of uncertainty is crucial for MHWCS, as each 

hazard component (e.g., storm surge, river flooding, gust wind) can respond differently to these 

variables. Moreover, larger ensembles allow for the identification of diverse Pareto-optimal 

solutions, offering a more detailed exploration of trade-offs among competing hazard 

objectives. This diversity ensures that MHWCS analyses account for complex 

interdependencies between hazards, which may be missed in smaller ensembles and increases 

the probability of identifying extreme yet plausible MHWCS. 

Finally, the present study highlights the efficacy of applying Pareto-optimality in extracting 

MHWCS from an ensemble forecast, however, it relies on specific numerical and statistical 

models and assumptions that may not fully capture all potential uncertainties, such as those 

related to model physics. Additionally, the analysis is focused on a single TC (Hagibis) and a 

specific geographic region, limiting the generalizability of the findings to other regions or TC 

events. Future research should explore the application of this framework to other regions and 

hazard contexts and incorporate additional sources of uncertainty. 
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