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Abstract

Compound flooding occurs when multiple contributing factors, such as oceanic (storm
surge, tide, and waves) and continental (heavy rainfall and river discharge), combine to
exacerbate flood impacts. Tropical cyclone (TC)-induced compound flooding is a major
hazard and societal concern, particularly in underdeveloped, highly exposed and vulnerable
countries like Madagascar. Despite being repeatedly impacted by TCs, the region receives
little attention from the scientific community, particularly in the modeling of TC-induced
flooding and associated hazards. Here, we developed a high-resolution (30 m) compound
flood model over Madagascar. The model is nested in a regional tide-surge-wave model
purpose-built for this region. A dedicated topographic and bathymetric dataset was devel-
oped to accurately represent the whole land—ocean continuum. Using this framework, we
modeled a recent intense TC Batsirai (2022) and assessed the resulting flooding. Our model
shows good accuracy, achieving a hit ratio of 0.83 when matched with the remote sensing
derived flood map. Our results demonstrate that the TC-induced flooding in this region
is compound in nature, with flooding being significantly underestimated when continental
factors (e.g. rainfall-runoff) are excluded. The impact of the ocean is primarily observed
along the coastline, extending 5-10 km inland along the rivers. Additionally, we identi-
fied a non-linear interaction between oceanic and continental factors, which has important
implications for the numerical modeling of such compound flood events. We estimate that
at least 30% of the flooded area in our modeled domain comprises agricultural lands, high-
lighting the potential for significant societal impact. The developments and findings of this
study pave the path forward for a national-scale compound flood modeling over Madagas-
car at a resolution suited for household-scale flood risk and impact assessments.
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1 Introduction

Tropical cyclones (TCs) are among the costliest and deadliest of natural disasters (Need-
ham et al. 2015). Each year about a hundred TCs develop over the world’s oceans, causing
numerous deaths and widespread destruction. TC-induced storm surge has received signifi-
cant attention in the literature due to its association with nearly one million deaths globally
over the past century (Bouwer and Jonkman 2018), particularly in low-lying, TC-prone
regions like the Bengal delta (Alam and Dominey-Howes 2014; Khan et al. 2022). A stark
reminder of this risk in recent time is Cyclone Nargis that made landfall in Myanmar in
2008 and claimed over 100 thousand lives (Webster 2008). In recent years, advancements
in early warning systems have significantly reduced human losses during TCs (Paul 2009;
Khan et al. 2021). However, the socio-economic impacts and associated losses related to
TCs are increasing (Welker and Faust 2013; Halverson 2018), driven by growing exposed
population and assets (Hallegatte et al. 2013) as well as the effects of climate change (Ema-
nuel 2021; Bloemendaal et al. 2022). Among the countries exposed to TC-related hazards,
the least developed countries are particularly vulnerable (Dasgupta et al. 2010; Hallegatte
et al. 2013). Addressing these vulnerabilities necessitates a better understanding and quan-
tification of the hazards associated with TCs to avoid derail national and global efforts to
achieve sustainable development goals.

TCs are naturally a conduit of multiple concurrent hazards (AghaKouchak et al. 2020).
In addition to heavy winds that drive storm surges, TCs also bring intense rainfall, which
alone can cause significant damage, while also contributing to urban and coastal flooding
(Wahl et al. 2015). Over coastal zones, continental runoff and local precipitation from a TC
can combine with oceanic storm surge, creating a phenomenon now termed as compound
flooding (Zhang et al. 2020b). Compound flooding has only recently gained attention,
prompted by unprecedented flooding events like during cyclone Harvey in 2017 (Huang
et al. 2021). The frequency of compound flooding events is increasing (Bevacqua et al.
2019; Couasnon et al. 2020) with the increase in heavy precipitation during TCs (Wahl
et al. 2015; Pfahl et al. 2017) on the backdrop of a rising sea (Fox-Kemper et al. 2021).
Under the current trajectory of the warming climate, more intense and precipitation-laden
storms are anticipated (Emanuel 2021; Thackeray et al. 2022). Consequently, in both pre-
sent and future climates, the role of rainfall and continental processes cannot be overlooked
when assessing flooding from TCs around the world (Couasnon et al. 2020; Bevacqua et al.
2020).

Among various parts of the world exposed to TCs, the South-Western Indian Ocean—
stretching from Mozambique, through Madagascar and La Réunion island—is one of the
most intensely exposed (Nash et al. 2014), yet least studied regions (Needham et al. 2015).
On average, 9 TCs develop per year in the South-West Indian Ocean, which amounts to
about 14% of the global TCs (Ramsay et al. 2011; Bié and de Camargo 2023). The TCs
that have passed by Madagascar over the past two decades are shown in Fig. 1 based on
best track data from International Best Track Archive for Climate Stewardship (IBTrACS,
Knapp et al. 2018). The colorbar in Fig. 1 indicates the cyclonic strength, categorized in
Saffir-Simpson scale. In total, 75 TCs were identified, which amounts to about 40% of
the TCs that developed in South West Indian Ocean. For comparison, on average, 7 TCs
develop per year in the North Atlantic, with 2 making landfall in the continental U.S. (Vec-
chi and Knutson 2011). Many of the TCs that impacted Madagascar made landfall with
very high intensity, a recent example being cyclone Batsirai (2022) and cyclone Freddy
(2023).
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Fig.1 Historic cyclones passing in the vicinity of Madagascar from IBTrACs dataset over 2002-2023
period. Colorbar indicates the cyclonic strength categorized in Saffir-Simpson scale (Cat-1 to Cat-5) as well
as Tropical Depression (TD) and Tropical Storm (TS)

The TCs impacting Madagascar develop in the southern Indian Ocean, between
Mozambique and Australia. From Fig. 1, their tracks can grossly be classified into two
main types. Some TCs follow a track that curves southwards after hitting the east coast
of Madagascar, impacting only the eastern side of the island (Beucher 2010; Nash et al.
2014). On the other hand, some TCs cross the entire Madagascar landmass before moving
into the Mozambique channel and making landfall again on the east coast of Mozambique
(Fitchett and Grab 2014). The mountainous topography of Madagascar essentially acts as
a land-shield for many of the intense cyclones that develop in this region, while producing
orographic rainfall. In fact, this entire region is home to some of the most precipitation-
laden storms (Needham et al. 2015). Despite this, only a handful of regional storm surge
modeling studies have been published for the region, mostly covering Mozambique (Bié
et al. 2017; Prime 2018) or La Réunion island (Daniel et al. 2009). Moreover, these studies
did not address compound flooding from TC-induced precipitation, which can significantly
contribute to the flood risk. Overall, Madagascar appears to be a "void" in TC-flooding
related research, despite frequently being featured in the news for TC-induced flooding that
impacts hundreds of thousands of people (Reuters 2022).

Madagascar is home to approximately 32 million people, with an average population
density of 55 people per square kilometer. It is one of the poorest countries globally, with
a GDP per capita of only 529 USD in 2023, ranking 188th in the world (IMF 2023). Such
low economic wealth significantly increases the country’s vulnerability to the impact of
TCs (Dasgupta et al. 2010). One notable social impact of TCs in this region is a large-scale
human migration in the form of displacement (OCHA 2022a). Quantifying the flooding
hazards associated with TCs is crucial for understanding these socio-economic impacts.
This requires enhanced monitoring systems and the development of efficient and accurate
hydrodynamic modeling frameworks.
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Across the global coastline, numerical coastal ocean modeling has been a very potent
tool for assessing storm surge hazards (Bertin et al. 2014; Krien et al. 2017b; Bié et al.
2017; Liu et al. 2020; Tran et al. 2024). Improved and efficient coupled ocean-wave model
combined with statistical and statistical-deterministic techniques of modeling cyclonic
storms allowed development of robust storm surge hazard assessments (Lin et al. 2012;
Krien et al. 2017a; Khan et al. 2022). Subsequently, assessment of social vulnerability to
coastal storm surges at commune-scale became possible (Bernard et al. 2022). In recent
year, further improvement of the modeling of the cyclone induced flooding has emerged
by explicitly integrating rainfall and runoff associated with cyclones, conducive to com-
pound flooding (Nederhoff et al. 2024; Green et al. 2025). Our study region, Madagas-
car, is highly exposed to cyclone as shown in Fig. 1. Consequently, the land—ocean con-
tinuum of Madagascar is susceptible to heavy rainfall, storm surges, and extreme wave
activity. An assessment of the resulting compound flooding hazard requires development
of a dedicated land—ocean coupled compound flood modeling framework that integrates all
the necessary natural drivers. In addition, further assessment of vulnerability and climate
migration related to flood within this region requires high-resolution flood hazard assess-
ment. Achieving such high-resolution compound flood modeling is by itself a challenging
task, both technically and numerically (Xu et al. 2022). In addition, a significant obstacle
to achieve such modeling is also linked to the lack of geophysical data, a common issue in
many underdeveloped regions worldwide.

Recent advances in spaceborne remote sensing have made reasonably accurate geo-
physical observations more accessible than ever, even in extremely data-scarce regions like
Madagascar. The modeling of compound flooding has also progressed substantially, with
recent efforts integrating rainfall-runoff processes into 2D hydrodynamic flood modeling
frameworks (Huang et al. 2021; Eilander et al. 2023). Leveraging these advancements in
numerical modeling and the increasing availability of remote sensing datasets, this study
aims to address the critical need for a better understanding of TC-induced compound flood-
ing hazards across Madagascar’s land—ocean continuum.

In this paper, we develop a coupled modeling framework to capture the flooding during
the recent intense TC named Batsirai that was formed over South-Western Indian Ocean
during 2022 and made its landfall in the Mananjary Basin in Madagascar. This cyclone
brought intense wind and heavy precipitation, induced widespread coastal and inland
flooding, and caused significant casualties and damages. In the present study, we focus par-
ticularly on the dynamics of compound flooding, which likely holds the key to explain-
ing observed flooding patterns as well as their associated impacts. To that extent, we first
describe the TC Batsirai in Sect. 2. It is followed by the details of the development of
bathymetric data and the atmospheric data processing in Sect. 3. In Sect. 4, we describe the
oceanic and continental components of our coupled modeling framework. Subsequently,
the results are presented and discussed in Sect. 5 and the paper is concluded in Sect. 6.

2 TC Batsirai (2022)

Our study focuses on the most-intense recent TC that made landfall in Madagascar in
2022 named TC Batsirai. The track of this TC near Madagascar is depicted in Fig. 2.
Batsirai was a category-4 equivalent TC in Saffir-Simpson scale with a maximum sus-
tained wind-speed of 230 km/h, and a lowest central pressure of 932 hPa. The gen-
esis of Batsirai occurred on January 23, 2022, in the South West Indian Ocean. Initially
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Fig.2 a Basins of Madagascar based on HydroBASINS (Lehner and Grill 2013). Red line shows the track
of TC Batsirai (2022) passing through Madagascar over Mananjary basin. The impacted zone delineated
from the 34-kt wind speed extent is shaded. The same location was also impacted by TC Freddy in 2023. b
Daily rainfall averaged over Mananjary basin. Inset shows the maximum daily precipitation amount over the
region during TC Batsirai. The Mananjaray basin outline is shown by a black dashed line and the location
of Nosy-Varika, Mananjary, and Manakara is shown with white stars

forming as a tropical depression, it gradually intensified into a category-1 TC by Janu-
ary 26, 2022. The system moved fast towards the west, undergoing several intensifi-
cations and weakening cycles until February 1. During the early hours of February 2,
Batsirai underwent rapid intensification from a category-2 to category-4 cyclone with
a 28 km wide eye. The peak wind speed occurred around 12:00 UTC as the cyclone
was approaching Madagascar. It then continued through another eye-replacement cycle
while weakening to a category-3 cyclone followed by another rapid intensification to
a category-4 system with an estimated central pressure of 934 hPa. TC Batsirai made
landfall in Madagascar on February 5 around 18:00 UTC, as a category-3 cyclone,
before weakening due to land interaction. While crossing over the Mananjary Basin,
TC Batsirai poured a basin average precipitation of about 300 mm in a day (Fig. 2b).
Such heavy precipitation is bound to cause sharp rise in the rivers located along this
coast (Aldegheri 1972). The heaviest precipitation occurred on the southern flank of
the cyclone track (Fig. 2b, inset), which also corresponds to the region experiencing
the maximum wind speed. After crossing Madagascar as a remnant system, TC Batsirai
regained strength over the Mozambique channel, eventually transitioning into an extra-
tropical cyclone before dissipating as it moved southward.

Cyclone Batsirai was reported to cause massive destruction along its path, with sig-
nificant flooding in Nosy-Varika, Mananjary, and Manakara (OCHA 2022a; WMO 2022).
The cyclone claimed at least 123 lives (OCHA 2022b), and resulted in economic losses
exceeding 190 million USD across Madagascar, La Réunion, Mauritius (AON 2022). In
Madagascar, the agricultural loss was estimated to be about 47 million euros, or about 53
million USD (Le Quotidien 2022). Grossly, the economic damage amounts to 1% of gross
domestic product (GDP) of Madagascar. The devastation from cyclone Batsirai in Mada-
gascar included the destruction of over 19 thousand houses—9,000 destroyed, 3,000 dam-
aged, and 7,000 flooded. Additionally, more than 4,000 classrooms were affected, severely
disrupting education and shelters (OCHA 2022b). In an estimate across hundreds of sites,
cyclone Batsirai displaced over 60 thousand people (OCHA 2022a).

@ Springer



Natural Hazards

3 Data

Numerical modeling of compound flooding requires various datasets, including topogra-
phy, bathymetry, river hydrography, land-use/land-cover, and various environmental forc-
ing fields. Among these datasets, we have put particular attention towards the bathymetry
and topography, which is the main geometric factor that dictates not only the flow charac-
teristics but also flooding. This is also often the main factor that influences model quality
(Krien et al. 2016). In addition, we have applied bias corrections and data fusion to accu-
rately represent the environmental forcing in the models. These two are discussed in details
in this section. Other datasets that have been used in model development, or in validation
are presented as we utilize them.

3.1 Bathymetry and topography

High-resolution and accurate bathymetry and topography is one of the main requirements
for any successful flood modeling effort. However, acquiring a reliable and high-resolution
bathymetric and topographic dataset is one of the most challenging aspects of such mod-
eling. We have used a combination of remote sensing-derived and in situ datasets which
are described below.

3.1.1 Chart dataset

The first source of bathymetric data comes from a set of digitized navigational charts
published by the French national hydrographic service (Shom, https://diffusion.shom.fr/
cartes/cartes-marines.html). We have acquired and digitized two charts in the framework
of this paper (See Figure S1 in the supplementary materials). Chart 6672 covers the whole
Madagascar island at 1:3,500,000 scale, and chart FR274890 covers the part of our study
domain at a finer scale. Chart 6672 is a paper chart, which was digitized by hand amount-
ing to about 19 thousand sounding points. On the other hand, chart FR274890 is a vector
chart that was converted to sounding points through Geographic Information System (GIS)
toolbox (python shapely, https://shapely.readthedocs.io/) resulting in about 31,000 points.
The chart data is provided in so-called Chart Datum (CD). Using the global tidal model
FES2014 (Lyard et al. 2021), we have vertically referenced it to the Mean Sea Level (MSL)
(Simon 2013; Fuchs et al. 2021). The chart resolution varies from relatively close sound-
ings and contours (10, 30, 50 m) at the coastline, with sparse data for much deeper regions.
For the domain of the continental model, that only covers a small part of the nearshore
ocean, chart data sufficiently cover the whole oceanic part of the model domain. Indeed, if
available, Shom charts of similar resolution as FR274890 covering the whole ocean model
domain would have been ideal. In the absence of such dataset at the current moment, the
remaining parts of the ocean model domain were supplemented from the global GEBCO
dataset (v2022, https://gebco.net, last accessed: 22/06/2022).

3.1.2 FABDEM
The land topography of the modeled region is obtained from the FABDEM dataset
(Hawker et al. 2022). This 30 m resolution topographic dataset is vertically referenced to

the geoid (EGM2008). The dataset is built on top of the Copernicus 30 m digital terrain
model (DTM), where the vegetation and the other settlement features are removed using
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a machine learning technique (Hawker et al. 2022). This dataset has been extensively vali-
dated in challenging environments (Seeger et al. 2023) and has been extensively used in
compound flood modeling in recent years (Eilander et al. 2023; Olcese et al. 2024; Wing
et al. 2024). However, this topography dataset does not contain any ocean depth informa-
tion (set to 0). As our ocean circulation model is referenced to the mean sea level (MSL),
to ensure the datum continuity, we have used the Mean Dynamic Topography by CNES/
CLS (Mulet et al. 2021) derived from altimetry to transfer the datum from geoid to mean
sea level.

3.1.3 Intertidal DEM (pyIntertidalDEM)

At the very interface of the land and ocean lies the intertidal zone, where the bathymet-
ric coverage is typically the poorest and often erroneous (Mason et al. 2000; Krien et al.
2016). The topographic data (e.g., FABDEM) is derived from relatively older X-Band
radar dataset. The coast of Madagascar experiences frequent energetic wave conditions
(Reguero et al. 2012; Gaffet et al. 2024), tide (Lyard et al. 2021), and large sediment supply
particularly in the west coast (Brooke et al. 2020). These factors drive continuous change
in the intertidal topography. Additionally, as mentioned previously, the topography data do
not cover the water depths of the ocean. A similar issue of changing shoreline also affects
the charts dataset. Moreover, the sampling done by the hydrographic agencies near the
coast (very shallow water) is typically minimal due to limited access by boat, and often
reporting shallower levels to ensure safer navigation (Simon 2013). For our study region,
where the beach shoreline extent is quite narrow with nearby settlements, it is thus impera-
tive to properly resolve this intertidal area. To do that, we have used the pyIntertidalDEM
method—an in-house toolbox to extract the intertidal topography from high-resolution
Sentinel-2 imagery at 10 m resolution (Khan et al. 2019). A total 242 images over 53 tiles
(1° by 1°) were analyzed and referenced vertically with our ocean circulation model (See
Numerical models). Hence, by construction, the vertical datum for this data is MSL. Since
it is an intertidal topography, it covers the land band located between the FABDEM topog-
raphy and chart bathymetry dataset, thus ensuring an accurate representation of the shore-
line and a smooth transition between the land and the ocean.

3.1.4 Hydrography and river

The above-described bathymetry and topography datasets, while providing a reasonable
description of the geometry of our modeling domain, do not resolve the rivers’ depths
properly. To circumvent this issue, additional river hydrography data is obtained from (Lin
et al. 2019). They provide a global estimate of the bankfull river discharge (1-in-2-year
simulated return value) and the river width. We have clipped this dataset over our region
of interest and applied minor corrections to the rivers to properly intersect the coastlines.
Based on the bankfull discharge and river width, a rectangular channel depth is estimated
using a power law relationship # = aQ®. A default value of 0.27 and 0.30 for the parame-
ters a and b are used based on Andreadis et al. (2013), and a minimum river depth of 0.5 m
is imposed. The river-bed elevation is then estimated by reducing the existing bed level
by bankfull depth and burned onto the bathymetry-topography data described above. This
resulted in a more realistic representation of the river hydrography in the final topography
bathymetry dataset used for numerical modeling over the continent.
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3.2 Atmospheric forcing

For our numerical hydrodynamic modeling, we need several atmospheric forcing fields.
These include wind speed at 10 m MSL level, pressure reduced to MSL, and precipitation.
The bulk of these data is obtained from the European Center for Medium-Range Weather
Forecasts (ECMWF) reanalysis version 5 (ERAS) (Hersbach et al. 2018, 2020). With a
12-h assimilation window, ERAS ensures a smooth hourly product, which is chosen for the
present study. It has been used globally for various relevant modeling activities, including
storm surge (Muis et al. 2020; Mentaschi et al. 2023), wave-climate (Gaffet et al. 2024),
and hydrology (Harrigan et al. 2020). However, the extreme events, which are the focus
of our study are typically underestimated in ERAS (Mazza and Chen 2023; Kumar et al.
2024; Gaftet et al. 2024). We have applied data fusion and bias correction to circumvent
various underestimations as discussed below.

3.2.1 Wind and pressure

We have extracted zonal and meridional wind speed at 10 m height and at a 25 km rema-
pped resolution from Copernicus Climate Service portal (Hersbach et al. 2018). We have
applied the bias correction on the total wind speed according to Gaffet et al. (2024). Fur-
thermore, we have also obtained the cyclones best track dataset from Joint Typhoon Warn-
ing Center (JTWC). This dataset contains the center of storm, central pressure, maximum
wind speed, and when available the 34, 50, and 64-knots wind radii along the trajectory of
the storm. Wind speed is derived using this dataset from analytical formulation of Emanuel
and Rotunno (2011) for the inner-core and using Holland (1980) formulation for the outer
core as suggested by Krien et al. (2018). On the other hand, the analytical pressure field
is derived using the Holland (1980) formulation. Available radial distance information is
used to better constrain the computation of radius of maximum winds (R,,,,) in the analyti-
cal model (Krien et al. 2017b; Khan et al. 2021). Use of such analytical wind and pressure
field is well known in storm surge modeling (Lin and Chavas 2012) and has been exten-
sively used in previous studies (Krien et al. 2017a; Khan et al. 2022).

The analytical wind and pressure field is derived on a higher-resolution 0.025° grid that
better corresponds the high-resolution coastal models. The bias corrected ERAS data is
up-sampled linearly and merged with the analytical wind and pressure fields based on the
distance from the center of the storm similar to Khan et al. (2021). Only analytical fields
are used from the center of the storm to 3 times the R,,,.. Outside of 10 times the R,
only ERAS data is retained. In between, the sources are fused with gradual transitions from
analytical fields to ERAS (Khan et al. 2021).

3.2.2 Rainfall

Similar to wind and pressure, hourly total rainfall is extracted at a 25 km remapped resolu-
tion from Copernicus Climate Service portal (Hersbach et al. 2018). We refrained from
using remote sensing derived products, such as GPM/TRMM. It is because along the east-
ern side of Madagascar the pattern of annual rainfall observed by GPM/TRMM appears
to be spatially shifted eastward relative to a reference in situ derived annual rainfall data-
set (Rija 2019), as shown by (Leroux et al. 2023, 2024). Consequently, the inland rainfall
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estimates from GPM/TRMM is underestimated (Szabé et al. 2015; Leroux et al. 2024).
Interestingly, ERAS does not show such spatial bias which is potentially due to some data
assimilation (Leroux et al. 2023, 2024).

Similar to wind and pressure fields, the precipitation rate is also underestimated in
ERAS (Hersbach et al. 2020). Such underestimation is more pronounced during extreme
events such as storms (Kumar et al. 2024), and tropical cyclones (Mazza and Chen 2023),
which is the focus of our study. Over the continental United States, Mazza and Chen
(2023) compared the ERAS rainfall with radar-derived rainfall and found that ERAS under-
estimates the rainfall during tropical cyclone events by a factor of 2 across all quantiles.
For our study over Madagascar, we thus tested two versions of the ERAS rainfall dataset.
One is without applying any correction (identified simply as ERAS). On the other hand, is
ERAS5 %2, where the ERAS rainfall was multiplied by a factor of 2 across all quantiles, as
estimated by Mazza and Chen (2023). This literature-based bias correction is considered a
first-order estimate of precipitation bias over Madagascar in the absence of regional studies
or observed data for a regional bias analysis.

3.3 Auxiliary datasets

In addition to the bathymetry and topography dataset in Sect. 3.1, atmospheric forcing
datasets described in Sect. 3.2, we also resorted to several auxiliary datasets to derive the
necessary inputs to the model. These datasets include the global curve number dataset
GCN250 at 250 m resolution (Jaafar et al. 2019), a Hierarchical Ensemble Model estimates
of soil water retention (soil effective porosity) at 0.083° resolution (Zhang et al. 2020a),
and a remote-sensing derived land-use land-cover (LULC) dataset from Copernicus at
100 m resolution (Buchhorn et al. 2020a). The use of these datasets and necessary addi-
tional details are provided wherever they are used in the subsequent sections.

A brief summary of the datasets indicating resolution, strengths, and weaknesses is pre-
sented in Table 1.

4 Numerical models

Our objective in this paper is to study the compound flooding in Madagascar, which
occurs due to both oceanic and continental factors. Many previous studies have relied on
readily available storm-surge estimates from global models, such as GTSM (Muis et al.
2020) to simply drive local compound flood models. However, such datasets are derived
from models forced with global atmospheric datasets, which often underestimate extreme
winds, pressure drops (Krien et al. 2017b; Khan et al. 2021; Gaffet et al. 2024) and rain-
falls (Mazza and Chen 2023). In addition, the resolution can be coarse (e.g., maximum
2.5 km in GTSM), which is not enough to resolve the fine-scale coastal dynamics, such
as tide-surge interactions and wave setup, properly (Bertin et al. 2014). More importantly,
these global models rely on global bathymetric datasets, which often contain large biases,
particularly in data-poor and shallow areas (Krien et al. 2016), such as the coastal oceans
of Madagascar. Hence, we developed our dedicated modeling platform that covers from the
deep ocean to the continental hydrology based on the custom-made topographic-bathym-
etric dataset described in Sect. 3.1. Beyond the benefit of the bathymetry-topography and
the modeling resolution, this dedicated modeling framework also allows us to assess the

@ Springer



Natural Hazards

K)1[BUOSBIS INOYIIA
pardepe A[[eo0] 10U 218 SUONBIYISSB[D)

[eqO1D woor

SOSSE[O JOA0D-pUET asn-pue] (B)Z0g Te 10 uoyyong) DN snoturado)

so[dwres uonepiea asreds pue WIOJIUN-UON JOSBIEp S[qUIdSUY ‘[eqO[D) -€80°0 Aysoxod 9A199 108 (®0207) ‘TR 10 Sueyyz
dnoig3 [10s 21301
-0IpAH pue DNT UM pajerdosse siorrs pajededorg [eqo[D w (OGg IoquINu 2AIND) (610C ‘Te 30 Ieyee[) OSZNDD
uoneydioald [eiog,
aInssald
PoIeWNSAIOPUN 9B SOWIANXH [eqo[D oST°0 paads puipy (020T 'Te 32 YorqsIoH) SVId
1JSBOJ AU} 0) 9SO[J SNOJUOLID A[[eNuj0q
93BI0A0D QULIENISI ON PoALIOp ANy .S21°0 (w) Ayderodoy orwreuAp uedn (1207 ‘T2 39 19MA) 81STD-SAND
9SreyosIp [npjueg
a3xreydsIp [[nyyueq Jeak g-ul-[ A[uQ [290[D VN UIPIM JOATY (6102 Te 30 ury) AydersoIpAy Joary
SUIOUQIOJAI [BO11IOA JOJ SPIOJAI
[9A9] I9)eM [BD0] 2INJOSqR JO AJI[IqeTeAe o) uo spuado  POALISP SUISULS JOWRY w Q] Jy3roy oyder3odog, (6107 'Te 31° ueyy]) WAdrepniuiid
"ISIAL 0} POOUIaJaI JON
syydop JoALl pojuasardarsi jaseep [eqo[D w ¢ 1Sty oryder3odog, (2207 1B 10 1meH) INHAGVA
93.10A00 PAYIWI]
orqnd JoN
WLIOJTUN-UON 9JeInode QIO O[qELIEA yydop Surpunog (woys) reyd)
SSOUYBIM ISuang  uonN[osAY (s) 9[qerrep jaseIR(

juowdo[aAap [opoul IO pasn sjase)ep Ay} Jo Arewwung | 3jqel

pringer

Qs



Natural Hazards

sensitivity to the atmospheric forcing fluxes used, as well as to correct their biases when
necessary.

Our modeling framework has two main components. For modeling the ocean circula-
tion and storm surges we have used a coupled SCHISM-WWM model (Roland et al. 2012;
Zhang et al. 2016) that covers the seas around Madagascar. On the other hand, for modeling
the coast-to-inland of our study region in Madagascar, we have adopted a reduced physics
compound flood model called SFINCS (Leijnse et al. 2021; Van Ormondt et al. 2025). It
is noteworthy here that SCHISM has already been applied to compound flood modeling
in stand-alone mode (viz. without resorting to any other model for the continental part of
the domain), with success (Huang et al. 2021, 2023). In our application over Madagascar
however, we only use SCHISM-WWM for the oceanic part of the domain without consid-
ering it for the compound flood modeling. The primary constraint that drove our choice
was the computational requirements. The larger objective of our work is to develop flood
hazard assessments for an interdisciplinary study of the impact of environmental hazards
on the Malagasi society, economy, and internal migration. This demands very fine-scale
assessment of flooding hazard, preferably at the household scales (typically in the order of
10 m). A cross-scale standalone SCHISM-WWM configuration covering the whole Mada-
gascar domain at a sufficiently high resolution would be too costly, as suggested by the
nation-scale application developed over Japan (Huang et al. 2023). The development of
the SCHISM model over continental regions for compound flooding applications is also
relatively delicate since extensive high-resolution topography dataset is necessary to appro-
priately resolve the various geometric structures (Zhang et al. 2020b; Huang et al. 2021,
2022). In comparison, SFINCS model solves simplified flow equations on a structured grid,
hence the model development is relatively straightforward and the computations are much
cheaper. Additionally, the hydrologic features (e.g., various rainfall-runoff models, soil fil-
tration) are not currently built in SCHISM-WWM. Hence, it requires implementation of
pre-computed water fluxes across the model domain (Huang et al. 2023). Such function-
alities already built-in inside SFINCS pleaded for considering the SCHISM-SFINCS cou-
pling strategy used in the present study.

The model domains are illustrated in Fig. 3. In the next subsections we describe these
two models and the one-way coupling between them used in the present study. We delib-
erately put more emphasis on the details of our compound flood model (SFINCS) as its
results will be the main focus of this paper.

4.1 Coupled ocean-wave model (SCHISM-WWM)

To model the oceanic factors for our compound flood modeling, we have developed a
regional ocean circulation model based on open-source code SCHISM (Zhang and Baptista
2008; Zhang et al. 2016). SCHISM is a cross-scale 2D/3D hydrodynamic model that solves
the primitive equations on an unstructured mesh of varying resolution. SCHISM uses a
semi-implicit time-stepping scheme combined with an Eulerian-Lagrangian method for
advection. Such numerical method allows very efficient computation with highly variable
mesh resolution, typical of cross-scale applications (Zhang et al. 2016; Khan et al. 2021).
SCHISM also includes a wetting-and-drying scheme, which is instrumental for proper
modeling of the coastal flooding. SCHISM has previously been applied at local to global
scales for modeling tide (Krien et al. 2016; Zhang et al. 2023), storm surges and associated
coastal flooding (Bertin et al. 2014; Krien et al. 2017b; Khan et al. 2021; Mentaschi et al.
2023).
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Fig.3 Larger scale wave-coupled ocean circulation model SCHISM+WWM (left). Blue line shows the
imposed model boundary, where tidal forcing originates from the global FES 2014 tidal model and the sea
states from a regional application of the WaveWatchIll model. The outline of SFINCS continental flood
model is shown in red and in detail on the right. Black star indicates the only altimetry virtual station in this
basin. The location of Mananjary City is shown in cyan dot

In our application over Madagascar, SCHISM is coupled with WWM, a third-genera-
tion spectral wave model, allowing for representing the effects of short waves on the mean
hydrodynamic circulation, including the development of a wave setup along the coast.
This coupled oceanic model is henceforth termed as SCHISM-WWM in the rest of this
manuscript.

The overall model domain of SCHISM-WWM over Madagascar (Fig. 3) covers from
30°E to 64°E and 32°S to 4°N. The model domain is extended up to 20 m above MSL
inside Madagascar and up to 10 m above MSL along the eastern shoreline of Mozambique.
The computational mesh is made of triangular elements. It is based on the topographic-
bathymetric dataset described before (excluding river hydrography). The mesh resolution is
finer wherever the bathymetry is shallow or steep, similar to Krien et al. (2016). The coars-
est resolution is 30 km, typically in the deepest parts of the domain in the offshore ocean.
Along the Madagascar coastline, the finest resolution is 500 m. On the other hand, along
the coastline of Mozambique, the resolution is 1000 m. Overall, the model mesh amounts
to around 500 thousand nodes and around 1 million elements.

We have adopted a depth-average formulation for our modeling over Madagascar simi-
lar to Khan et al. (2021). The bottom friction is modeled with a regionally constant Man-
ning’s coefficient of 0.04. This value is albeit a bit larger than the typical value (0.025)
(Bunya et al. 2010), but it has been tuned to produce the best comparison with the observed
tidal characteristics (see supplementary materials). Here, the most appropriate model time
step was found to be 600 s, which is typical of applications with similar spatial resolutions
(Fassoni-Andrade et al. 2023). Additional details regarding the ocean model validation is
provided in the supplementary materials. For all simulations, the model is forced at its oce-
anic open boundaries with water levels from FES2014 global tidal atlas (Lyard et al. 2021).

The wave model WWM is coupled with SCHISM at source-code level and shares the
same model grid and domain decomposition (Roland et al. 2012). We consider all the rel-
evant source terms including wave growth and energy dissipation due to white-capping
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(Bidlot et al. 2007; Bidlot 2012), deep (Hasselmann et al. 1985) and shallow water (Elde-
berky 1996) non-linear interaction, effect of bottom friction (Hasselmann et al. 1973), and
wave breaking (Battjes and Janssen 1978) using the adaptive parameterization of (Pezerat
et al. 2021). Every 30 min, SCHISM passes the wind forcing and water level to WWM.
Wave radiation stresses as well as friction velocities are then updated from WWM and
passed to SCHISM. Wave spectrum in WWM is discretized in 36 directional bins (0-360°)
and 24 frequency bins (0.04—1 Hz). Advection in spectral and spatial space is computed
using fully implicit schemes.

For the simulations with atmospheric forcing, the custom wind field derived using the
combination of analytical field of Emanuel and Rotunno (2011) and Holland (1980) is
superimposed on the bias corrected ERAS (Gaffet et al. 2024) (see Data). Similarly, for
the pressure fields, the analytical fields derived from Holland (1980) is superimposed over
ERAS. The water level along the boundary is also corrected for the inverse barometer
effect.

Particularly for cyclonic events, an additional wave boundary condition is applied to
account for the swell that travels from outside of the SCHISM-WWM domain. To do that
a regional WaveWatchIll (WW3DG 2019) configuration similar to the one used in Khan
et al. (2021) is used here that covers the whole Indian Ocean at a resolution of 0.5°. Here,
this model is also forced with the bias-corrected ERAS wind.

4.2 Compound flood model (SFINCS)

To model the coastal flooding from the coast to top of the river basin, we adopted SFINCS
(Super-Fast INundation of CoastS)—a reduced complexity compound flood model (Leijnse
et al. 2021). The model domain of SFINCS is shown in Fig. 3. Since we will be mainly
presenting the results of SFINCS, the formulation and characteristics of this model is fur-
ther discussed in the following subsections.

4.2.1 Model formulation

SFINCS solves simplified and de-coupled shallow-water equations on a regular, staggered
Arakawa-C grid. Bathymetry and water level in this model are defined at the center of each
cell, and the flow variables are defined at the face of the cells. The governing equations of
SFINCS are based on Linear Inertial Equations (LIE) derived by Bates et al. (2010) with
additional advection terms (Leijnse et al. 2021). In this formulation, the volumetric flow
rate per unit width (g) at the interface of the cell reads as in Eq. (1)

q - <ghi% + F)At
1+ gAtnilqi.l (D

t+At _

9;

3
h[

Here, ¢/ is the flow rate with /; water depth and A/ Ax water level gradient at the i cell
interface. At is the time step. g and n are the gravitational acceleration and the Manning’s
roughness coefficient respectively. The water depth at the cell interface #; is the difference
between the maximum water level and the maximum bed levels of two adjacent cells.

F in Eq. (1) contains the advection and the wind-stress terms. The advection terms in
1-D conservative form are written as Eq. (2)
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Inside SFINCS, the gradients in the advection terms are implemented using an
upwind discretization for the model’s x-direction and using central difference in the
y-direction (Leijnse et al. 2021). Finally, in the original LIE, the water level is computed
from the mass-continuity equation (Bates et al. 2010; Leijnse et al. 2021). In our appli-
cation for Mananjary region of Madagascar, we have adopted the recently developed
subgrid version of these equations, where the representative values for the conveyance
depth #; and the Manning’s coefficient n are adjusted based on a finer topographic and
bathymetric dataset (Van Ormondt et al. 2025). This amounts to an up-scaling technique
where the flow variables—namely the conveyance depth A; and the Manning’s rough-
ness n in Eq. (1) are corrected for the finer scale subgrid features (Kennedy et al. 2019).
The benefit of this approach is that it allows solving the LIE in a relatively coarse reso-
lution while retaining the properties of the high-resolution geometry of the topography.

The LIE in subgrid form is defined as Eq. (3)

<qi>iv - (g(Hl-)% + F)At

( '>T+At —
1+ gAtniWinXVl/(Hi)ZV/S

w

3)

Here, (g;),, and (H,),, are average unit discharge and water depth. Subscript w donates
the wet average quantity of these variables defined as (Q), = AL ff 4 QdA for any quan-

tity O with corresponding wet area A,,. The wet average area is defined in terms of cell
area A as A, = ¢A, where ¢ is the wet fraction. Subsequently, for any hydrodynamic

quantity Q, the grid scale quantity (Q) amounts to (Q), = $(Q),, = %f/A QdA.

n; is the Manning’s n coefficient adjusted for subgrid variation, which is derived by

considering Manning’s equation for open channel flow. The expression turns out to be
Eq. (4)

()
Riyw = <Hf/3> €]

n

where the denominator is computed from the subgrid consist of N pixels, with its own bed

level z,,, and Manning coefficient n,. For a water level {;, the water depth in each subgrid
N 5/3

pixel is iy = max({; — z;, , 0) and the denominator is ¢LN ZLI h;—k

In SFINCS, Eq. (3) is expressed in grid-averaged quantities ((Q),) instead of wet-
average quantities ((Q),,). For a given subgrid topography and a set of water level, the
grid-averaged water depth (H,);, and associated subgrid Manning and wet fraction ¢
can be stored in a look-up table as a function of water level in a pre-processing step.
During simulation, the necessary variable can be easily looked up with interpolation
without recomputing in each time step. The number of discrete vertical levels is a user-
defined parameter, and 20 levels are shown to be sufficient for an accurate description of
the subgrid quantities (Van Ormondt et al. 2025).

In subgrid form, the continuity equation is written as grid-averaged fluxes instead of
water level as the corresponding water level is obtained again from a pre-processed sub-
grid table. The water volume V in a cell is computed as Eq. (5)
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Vrtp:—nAr = Vrtn,n + ((<q)6>;:m—l,n - <qx>tg:m,n>Ay + (<qy>;:m,n—1 - <qy>;:m,n>Ax + SmJl> * At
&)
where, m and n is the cell number in x and y direction, and S, , is the sources (e.g., inflow,
rainfall) and sinks (e.g., infiltration). The g prefix indicates the grid-average fluxes.
In the subgrid table, the wet volume as function of the local water level () is deter-
mined from Eq. (6)

AxAy

Vo =—

N
z max(§ — z;,0) (6)
k=1

In practice, instead of an equi-distance water levels, equi-distance volume levels are
defined, which allows for a faster interpolation. During the simulation, the corresponding
water level is computed by interpolating over the subgrid table of volume and water level.
Further details of the numerical implementation of the subgrid method can be found in Van
Ormondt et al. (2025).

Finally, an important assumption of this subgrid approach is that the water level within
a cell remains uniform, therefore equal for all subgrid pixels. In practice, such assumption
may manifest itself as water level discontinuities in case of complicated subgrid structures.

4.2.2 Rainfall-runoff process

One of the important aspects of compound flood modeling is the rainfall-runoff process. As
rain falls, some part of it is "lost" due to canopy storage, evaporation, transpiration, absorp-
tion, surface storage. The rest of the precipitation then turns into runoff. Thus, runoff gen-
eration depends on many factors such as the land-use/land-cover, soil-structure, antecedent
moisture condition, and atmospheric condition. If the sum of rainfall and loss becomes less
than or equal to zero, there is no runoff.

The simplest method in SFINCS is to convert rainfall flux to runoff amount by apply-
ing a constant infiltration (e.g., constant sink). Such approach is very crude and might only
be useful for short simulations over a small region. However, our model domain is rela-
tively large and inhomogeneous which requires a more realistic loss and runoff estimation
method. Here we use the Soil Conservation Service (SCS) curve number (CN) method
(Ponce and Hawkins 1996; Mishra and Singh 2003). The CN method is designed to com-
pute the runoff amount based on soil properties and antecedent moisture condition. All
the loss (e.g., storage, infiltration, evaporation, and transpiration) is computed as a bulk
estimate. This empirical method is developed by SCS, and has been extensively used in
hydrologic modeling (Mishra and Singh 2003).

In the original curve number method (termed here as CN-A), the runoff R is computed
as in Eq. (7)

P-1)

R=—F—
P-1)+S

(N
where, R and P is the runoff and precipitation amount in inches respectively. S is the soil’s
moisture storage capacity in inches, which is computed from the curve number (CN) as
S= % — 10. Thus, a CN value of 100 means there is no retention in the soil. Typically,
the CN value does not go below 40. The initial abstraction (/) is estimated as 20% of S.
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The original curve number method was developed for a single rain event, with a speci-
fied S. Hence, for continuous simulation, the CN-A method cannot be used directly where
the effective storage capacity should also evolve over time. This is achieved by assuming
that all the losses are transformed into infiltration, and using the infiltration rate to update
effective S at each time step. When there is no rainfall, no water infiltrates, and the soil
recovers its retention capacity at a given rate, known as the recovery constant K, (hr™).

K, is related to the hydraulic conductivity of the soil K| as K, = % (Rossman and Huber

2016). This modified curve number method is termed here as CN-B. The aforementioned
CN methods are implemented in SFINCS and tested on watersheds along the east coast of
the USA (Nederhoff et al. 2024).

We have tested both infiltration methods in this study. For CN-A method, we have used
the GCN250 global curve number with average antecedent moisture condition (Jaafar et al.
2019). This 250 m resolution dataset is interpolated to our model grid with a nearest neigh-
bor interpolation. For CN-B method, the curve number is replaced with two input data-
sets—1) maximum soil-moisture capacity S,,,, in meters and 2) hydraulic conductivity, K|
in mm/hour. S,,,, is computed using the abovementioned curve number derived by Jaafar
et al. (2019). K| is computed based on the pedotransfer function proposed by Ahuja et al.
(1989) as K (cm/hour) = 764.5¢>*% (Zhang and Schaap 2019). Soil effective porosity
(¢, also known as saturated moisture content) is obtained from the ensemble mean dataset
developed by Zhang et al. (2020a).

4.2.3 Model grid and domain

Cyclone Batsirai (2022) made its landfall in the Mananjary Basin (Fig. 2), hence our region
of interest for the compound flood model SFINCS. This is the same location where cyclone
Freddy (2023) made landfall too. We have defined the model domain using the basin out-
line obtained from the HydroBASINS dataset at level 5 (Lehner and Grill 2013). All the
individual basins over Madagascar are shown in Fig. 2a. For the current study, we develop
our SFINCS model only over the Mananjary Basin.

The area of Mananjary Basin obtained from HydroBASIN dataset is extended towards
the ocean, where the model is forced with the SCHISM-WWM water level. The one-way
coupling is described in detail in the next section. We have adopted the subgrid version
of the SFINCS model. Based on the experiments presented by Van Ormondt et al. (2025)
in the original subgrid paper for SFINCS, we have adopted a coarse-grid of 300 m with
a subgrid of 30 m resolution. This is a tenfold subgrid-grid ratio of upscaling, which is
shown to produce accurate results (Van Ormondt et al. 2025). This coarse grid amounts to
400,000 computational cells and about 800,000 cell-faces. The grid is developed in a pro-
jected coordinate system, in our case UTM39S.

In generation of subgrid, we have assigned the Manning’s coefficient at the subgrid level
based on the Copernicus LULC dataset at 100 m resolution (Buchhorn et al. 2020b). The
land-use classes are interpolated to the 30 m subgrid using nearest neighbor interpolation.
The table to convert the LULC classes to the corresponding Manning value is provided
in the supplementary materials. Along the rivers, a Manning’s n value of 0.035 is applied
(Bunya et al. 2010).

While developing the subgrid tables, we have used the default 20 vertical levels. The
subgrid table is generated using the HydroMT-SFINCS python toolbox (https://github.
com/deltares/hydromt-sfincs).
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4.3 Coupling between SCHISM-WWM and SFINCS

To drive the SFINCS compound flood model, we apply water level and wave setup
extracted from the SCHISM-WWM along its open boundary (shown in Fig. 3). Such
coupling is known as one-way coupling (Xu et al. 2022) and a typical strategy with
SFINCS (Eilander et al. 2023). Our open boundary is strategically chosen at 10-15 m
water depth. At such depth, the wave setup contribution from SCHISM-WWM is found
to be negligible (maximum 1-2 cm), thus allowing us to extract the tide-surge level.
However, this also means that wave setup is not represented with only the extracted
tide-surge water level. In our modeling framework, there could be two ways to do it—1)
extract the continuous wave setup at the coastline and add it to the tide-surge water level,
2) extract wave parameters from the SCHISM-WWM and apply an appropriate paramet-
ric method to estimate wave setup. Along the boundary of SFINCS, at each boundary
point, the continuous sum of tide-surge level and wave setup then can be applied.

We choose the second approach here. We have found that due to the resolution,
wave setup is vastly underestimated in SCHISM-WWM. Indeed, it has been shown
that decametric resolution (or finer for steeper slopes) is required to properly simulate
the wave-setup in coupled spectral model (Guérin et al. 2018), whereas our resolution
in SCHISM-WWM is 500 m or coarser. Placing our boundary at a reasonably deep
10-15 m depth allowed us to extract the Significant Wave Height (Hs) and Mean Period
(Tm) from SCHISM-WWM at the same location of the water level boundary and from
these diagnose a more realistic wave setup using the parametric formulation of Stockdon
et al. (2006). This formulation has been used in global to local applications (Vitousek
et al. 2017; Camus et al. 2021; Eilander et al. 2023), using Eq. (8)

Wave setup = 0.358;+/H L, ®)

where, H, and L, are deep-water wave height and wave length, respectively. L is computed
from the mean period using linear wave theory. A beach slope (f;) of 0.045 is assumed here
as suggested in Stockdon et al. (2006) for dissipative sites, which is typical of large portion
of the world beaches (Aucan et al. 2018). Properly estimating the beach slope and wave
setup requires dedicated field data collections and numerical modeling which is beyond our
current reach. However, as such formulation is an approximation, we have tested various
beach slopes (0.01 to 0.1), which does change the extreme water level (50 cm) but does not
alter the conclusions of our study, i.e., the flooding extent and the spatio-temporal role of
compound factors in flooding, as discussed later.

4.4 Computation

SFINCS is written in Fortran, with OpenMP parallelization. We ran our model configu-
ration in a 48-core Intel Skylake based node of a large cluster. Overall, the average time
step of the model was between 6 and 8 s, and 1-month of simulation took around 8 min
in our computational configuration.

The model output from SFINCS subgrid model is stored in NetCDF files, at the
coarse resolution grid (300 m). A high-resolution flood map (30 m) from the coarse
model output is computed by superimposing the result on the subgrid bathymetry

@ Springer



Natural Hazards

Table 2 Summary of the numerical experiments

Experiment Time period Rainfall Runoff method Water level boundary
CN-A ERAS Long ERAS CN-A SCHISM-WWM
CN-B ERAS Long ERAS CN-A SCHISM-WWM
CN-B ERA5 X2 Long ERA5X2 CN-B SCHISM-WWM
Baseline Batsirai ERA5X2 CN-B SCHISM-WWM
Ocean only Batsirai None N/A SCHISM-WWM
Continent only Batsirai ERA5X2 CN-B None

Long experiments are from 2019 to 2023. Batsirai experiments are from 01/01/2022 to 15/02/2022

Water level (m)

2021 2022 2023
CN-AERA5  ----- CN-B ERA5 —— CN-B ERA5x2 *  Hydroweb

Fig.4 Timeseries of KM47 location at the upstream of the Mananjary River for simulation with ERAS
rainfall and curve number method without recovery (orange), curve number with recovery (brown), curve
number with recovery and ERAS X2 rainfall (blue), altimetric virtual station from Hydroweb (red dots). A
longer timeseries for 2019-2023 is shown in the supplementary materials (Figure S4)

(30 m). Since, the model flow fields are adopted based on the subgrid bathymetry, this
flood map estimate is more accurate than the LIE approach (Van Ormondt et al. 2025).

We have conducted several multi-year experiments (2019-2023) to assess the model’s
response to the rainfall dataset (ERAS, ERA5X?2) and rainfall-runoff methods (CN-A,
CN-B). For cyclone Batsirai, aside from the baseline experiments, we have also conducted
experiments by turning on and off oceanic and continental factors to assess their individual
contributions. A summary of these experiments is provided in Table 2.

5 Results and discussion

5.1 Long-term hydrograph

First, we assess the capacity of the SFINCS model to represent the rainfall-runoff pro-
cesses over an extended period of time from January 2019 to December 2023. We focus on

a location named KM47 (see Fig. 3), along the course of Mananjary River, 47 km upstream
of its mouth. This is the only location over our domain where the water level is monitored.

@ Springer



Natural Hazards

The observations are based on spaceborne altimetry distributed on Hydroweb (Crétaux and
Calmant 2015). The time series of the water level at KM47 is shown in Fig. 4. Two con-
figurations of the infiltration method are tested here based on the CN method (Ponce and
Hawkins 1996). The orange dashed line represents the hydrograph for our original curve
number method without any recovery (CN-A ERAS), and the brown line shows the hydro-
graph for curve number method with recovery (CN-B ERAS). Blue line shows the model
for CN-B but forced with bias-corrected ERAS rainfall—CN-B ERAS X 2—according to
the findings of Mazza and Chen (2023).

The very first observation from the hydrographs shown in Fig. 4 is that the Mananjary
River exhibits a very strong variability of water level at intra-monthly timescales. This is
consistent with the physical geography of this mountainous region (Aldegheri 1972). The
river baseflow water level is typically flat without much seasonality. On the other hand,
episodic high-water events can gain as high as 20 m additional water level—a feature well
documented in this region (Aldegheri 1972).

The difference between the two run-off models is evident here not on the peak water
levels but on the water level at baseflow. A larger baseflow water level for CN-A, and a flat
base flow for the CN-B model are found. The intermittent spikes (following a dry spell) are
much larger in CN-A, suggesting the inability to capture the initial moisture retention of
the system, which appears to be well represented in the CN-B model.

Between the two forcings of CN-B model—one with the raw ERAS output (CN-B
ERAS) and another with the bias corrected ERAS5 (CN-B ERAS5 X 2)—both show essen-
tially the same baseflow water level response. For small rain events, the response is propor-
tional to the change in the rainfall.

Validating water level in such an ungauged river basin is difficult. In the recent years,
altimetry-derived water level has been found to be an efficient approach to obtain data in
ungauged basins, where altimetric passes cross the rivers (Sun et al. 2012; Bogning et al.
2018; Andriambeloson et al. 2020; Kitambo et al. 2022). Such crossings are also known
as virtual stations. One such virtual station monitored by Sentinel-3B satellite is currently
being operationally distributed in Hydroweb (Santos da Silva et al. 2010; Crétaux and Cal-
mant 2015; Normandin et al. 2018) over Mananjary River at the KM47 location shown
in Fig. 3. The hydrograph from this dataset is shown in red dots. We applied a —0.94 m
correction to reference the Hydroweb data from geoid to MSL—the datum of our model—
through a linear interpolation of the CLS Mean Dynamic Topography dataset (Mulet et al.
2021). The water level estimate is available at this virtual station from 2019 to 2024 at a
1-month interval.

Strikingly, Hydroweb fails to observe the flooding events (e.g., January—February 2022).
The maximum and minimum water level observed by Hydroweb is 13.45 m and 11.62 m
respectively during the whole observation period. Such behavior is not consistent with the
characteristics of basins prone to flash floods like that of Mananjary (Aldegheri 1972).
This is linked to the processing chain of Hydroweb, which heavily relies on climatology
and an aggressive outlier detection (J-F Crétaux, personal communication, 2024). Hence,
we only made a direct comparison with the results from the baseflow water level part of
the model by filtering out the model outputs that fall outside the min—max values of the
Hydroweb data (Not filtered in Fig. 4). We computed the root mean squared error (RMSE)
and bias relative to Hydroweb (Table 3). In our comparison, CN-A ERAS shows an RMSE
of 0.66 m with a bias of 0.52 m. The CN-B model with ERAS improves the RMSE to
0.54 m and bias of 0.43 m. And finally, the bias-corrected ERAS X2 further improves the
baseflow with a RMSE of 0.44 m and a bias of 0.36 m. In addition, sensitivity experiments
with varying hydrographic depth ranging from 50 to 200% of the reference value shows
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Table 3 Statistical comparison

. . Metric CN-A ERAS CN-B ERAS CN-B ERA5 X2
of the quality of baseflow in the
long-term simulation for SFINCS RMSE (m) 0.66 0.54 0.44
Bias (m) 0.52 043 0.36

that the model response remains robust (not shown). As the baseflow is well represented
in the bias-corrected ERA5 (ERASX2), we only analyze the ERAS X2 experiments for
subsequent analysis. The ability of the model to reproduce the altimetry derived water lev-
els during baseflow increases our confidence in the vertical referencing of the bathymetric
and topographic datasets, as well as the bias correction applied to the ERAS dataset (e.g.,
ERAS5x2).

5.2 Flood frequency evaluation

To further assess the characteristics of the model, we compared the water extent derived
from our model to Global Surface Water Extent Dataset (GSWE) developed by Pekel et al.
(2016) (Data retrieved from https://global-surface-water.appspot.com/). This dataset was
originally developed based on the Landsat 5, 7, and 8 images from 1984 to 2015 with non-
uniform global coverage. Recently this dataset was revised to cover the recent period till
2021. We have used the recurrence layer, which provides the yearly probability of a pixel
being identified as water.

As cloud cover is an important limiting factor on the observability of the water extent
(Pekel et al. 2016), for a reasonably accurate comparison, it requires that the model output
is also subject to similar constraints. Over the modeled period (2019-2023), we first identi-
fied all the Landsat-8 images that cover our region of interest and filtered out the images
which have 10% or more cloud cover. The model results from those timestamps are then
used to compute the water extent. For this experiment, we have chosen 5 cm as threshold to
identify an area to be flooded or not, which is within the typical range for compound flood-
ing studies (Huang et al. 2021).

From these two occurrence datasets—one from remote sensing and one from the
model—we compared the water extent corresponding to 10% or more of flooding prob-
ability. Although both of the datasets are 30 m resolution, they are not in the same grid.
For comparison GSWE dataset was re-projected in the model pixel grid with a bilinear
interpolation. The comparison is shown in Fig. 5 as binary analysis. A few areas of specific
interest are shown in zoom (Fig. 5b—d). The areas that are identified as dry in both model
and GSWE are masked in the figure.

The areas which are identified as water in both datasets are shown in blue, which is the
majority of the regions (nearshore ocean, rivers, channels). Orange pixels indicate the loca-
tions where the model suggests dry whereas the GSWE shows a wet pixel. This mismatch
is consistent with the movement of the shoreline over the years that is not resolved in the
GSWE dataset. This is very clear in Fig. 5c, where the sandbars closing the Mananjary
River are correctly identified as dry (consistent with the satellite images of recent years;
not shown), whereas GSWE identify them as flooded.

On the other hand, the red pixels indicate the areas that GSWE identified as dry, but
the model identifies them as wet. Closer inspection of these regions from satellite imagery
and a cross-referencing with the Copernicus LULC dataset (Buchhorn et al. 2020a, b) indi-
cates many of those to be agricultural fields. Our topographic dataset is based on relatively
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Fig. 5 Comparison of water extent (> 10% or more probability) in GSWE dataset with the extent derived
from long-term simulation (CN-B ERAS x 2)

recent acquisitions (i.e., TanDEM-X from 2015), with vegetation and building corrections
applied based on recent land-cover dataset (also from 2015) (Hawker et al. 2022). Such
that we can reasonably assume that the topography is more representative of the current
period. Indeed, it is well documented that in Madagascar forests lands have been turned
into agricultural land at an aggressive rate over the past decades (Vieilledent et al. 2018;
Suzzi-Simmons 2023). As the GSWE data rely on observations from pre- and post-2000s,
such land-use and land-cover change may contribute to some of the discrepancy between
the model and the GSWE for the pixels that are identified as wet in the model but dry in
GSWE.

Overall, the model seems to be able to capture the water extent quite well, including
very narrow rivers (~50 m) as shown in the inset of Fig. 5a.
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5.3 Flooding during Batsirai

Analysis of long-term riverine water level and flood frequency maps discussed in the
previous section give confidence about the relevance of the choice of rainfall forcing as
well as rainfall-runoff model. In this section, we focus on tropical cyclone Batsirai. We
considered our CN-B ERAS5 X2 simulation. Along the coastal boundary, the tide-surge
level and wave setup derived from the coupled SCHISM-WWM model are prescribed.
For our experiments, SFINCS appears to be spun-up within 3 days of model simulation.
In our application, the model is integrated from 2022-01-01 to 2022-02-15, well ensur-
ing the dynamic adjustment of the model to the forcings.

The flooding during cyclone Batsirai is expected to be spread over a domain that
encompasses the land—ocean continuum. Over the continent, the relevant metric for
flooding is the water depth (water level above the topography), whereas in the ocean the
relevant metric is water level relative to MSL. Hence, to represent the flooding, we first
define disturbance as the water depth over land wherever topography is positive, and
water level above MSL over ocean (Krien et al. 2017b; Huang et al. 2021; Khan et al.
2022). The maximum disturbance is computed from the downscaling of modeled water
level over subgrid topography during Batsirai (2022-01-24 to 2022-02-11) and illus-
trated in Fig. 6a. Previously used threshold water depth of 5 cm is also applied here to
separate flooded and non-flooded areas. Additional panels show three different areas in
detail—namely (b) Ambohitsara, (c) Mananjary, (d) Farafagana. Water depth could be
much higher in the rivers’ reaches and inland due to the flashy nature of the rivers (order
of 10 m). This is capped in the colorbar for clarity and illustrating the contrast of the
water level along the coastline. The water level along the rivers will be further discussed
later.

At first glance, our modeling shows a large-scale flooding, particularly along the
reaches of the rivers. The flooding extent increases in the downstream regions due to
accumulation of rainwater and flattening of the topography. Along the coast, the surge
peak can be identified between Ambohitsara (Fig. 6b) and Mananjary (Fig. 6¢) reaching
about 1.35 m. Over Madagascar, lakes, low-lying lands and their surrounding areas are
found to be severely flooded, which is clearly seen in Fig. 6b near Ambohitsara. Cities
that are built on relatively high-grounds (e.g., Farafagna in Fig. 6d) appear to be sur-
rounded by floodwater while the core of the cities remain above floodwater. Figure 6¢
shows Mananjary City, situated downstream of the Mananjary River by the coastline.
The peak of the surge is not too far from the city (35 km). On the other hand, along the
Mananjary River, we observe large-scale flooding similar to other rivers in this region.
We further focus on this region and compare the observed and simulated water extent as
shown in Fig. 7.

The map of observed flooding extent over Mananjary is provided by Copernicus
under an Emergency Management Service—Activation no. 564 (Copernicus 2022).
The flood extent is derived from a post-event image collected on 2022-02-07 at 07:20
UTC (about 1.5 day after the cyclone landfall) observed by WorldView-2 satellite. The
pre-event image is taken on 2021-08-07 at 06:56 UTC by WorldView-1 satellite. Both
of these satellites collect images at 50 cm spatial resolution. We compared the flooded
areas extracted by Copernicus with the flooding extent in the model at the same date as
the post-event image. As the imagery does not provide any water depth, the comparison
is done only based on the water extent as binary (flooded vs non-flooded). In Fig. 7,
the light-blue indicates the permanent water bodies (e.g., rivers, lake, and ocean). The
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Fig.6 The maximum water extent modeled during Batsirai (2022-01-24 to 2022-02-11) over the whole
model domain (a). The colorbar indicates the water level disturbance defined as the water level relative to
mean sea level at the sea (topography < 0) and water depth over the inland (topography > 0). Note that the
colorbar is restricted to 1.5 m for clarity, but it can reach much higher (~ 10 m) over the inland. Two regions
of maximum water levels in (b) Ambohitsara and ¢ Mananjary, and a region with relatively minor surge in
d Farafagna is shown in detail in the subpanels

pixels where both the model and observation agree are shown in green, and where they
disagree are shown in red. In addition, the imprint of the maximum flooded area in the
model (Fig. 6) is also shown in dark blue (hence red and dark blue combined is the
maximum flooding extent).

For a statistical assessment, we have computed the hit ratio for the flooded areas
(without permanent water bodies). Hit ratio here is defined as the number of pixels in
green (flooded areas identified by the model) divided by sum of red and green (flooded
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Fig.7 Comparison with the satellite observation from the Copernicus Emergency Service (Copernicus
2022) over Mananjary City derived from WorldView satellite (Pre-event image: 2021-08-07, Post-event
image: 2022-02-07). For comparison, the results from the model at the same time are used. Light green
shows the areas that are correctly identified (model wet, observation wet), and flooding in the red areas
is not captured by model (false dry). White outlines show the areas that are identified with traces of flood
from visual interpretation (but not flooded in the post-event image). Blue shows the maximum outline of
flooding from the model considering the whole period of TC Batsirai (28/01/2022 to 11/02/2022)

areas identified by the observation). The value ranges from 0 to 1 with 0 indicating no
match between observed and the model and 1 indicating a perfect match.

Overall, the model shows a very good agreement with the observed flooding extent over
the domain with a hit ratio of 0.83. It means the model under-predicts some of the flooding.
A closer look at the dry errors (red pixels) shows that many of these are located at the edge
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of the observed flooding extent with 1-pixel width (30 m). Such single-pixel error is typical
when comparing relatively coarse fields (model, 30 m) with a much finer one (WorldView,
50 cm). On the other hand, a large extent of flooded area is not captured by the image
as shown by the blue shaded areas, possibly linked to the acquisition of post-event image
much later than the cyclone landfall. Particularly there is a wide zone of flooding just to the
south of Mananjary City (around 21.24°E, 48.34°E) as well as over the agricultural land on
the southern bank of the river (21.27°S-21.26°S, 48.32°E-48.34°E).

In addition, the flood extent, the visually delineated boundaries of impacted areas (flood
traces) are also provided with the mapping by Copernicus (Copernicus 2022). These blocks
are shown in white dashed outlines in Fig. 7. Most of these areas are captured by our model
except along the coastline. Such reported flood traces are potentially due to wave-runup, a
process that does not exist in our current modeling framework—hence a limitation of the
current modeling which is discussed later. These modeled flood maps were found to be
robust in a sensitivity testing with another model configuration with twice as fine grid size
(viz. 150 m, not shown).

A cross-comparison with the LULC dataset of Copernicus (Buchhorn et al. 2020b) and
the flooded area reveals that about 30% and 27% of the flooded areas are classified there as
vegetation and agricultural fields respectively. The largest portion, about 42%, is classified
as forests. The rest, less than 1%, is classified as built-up areas. Indeed, in disaster reports,
large scale damages to crops and agricultural fields were reported (OCHA 2022a; WMO
2022). However, these estimates should be considered with caution. Our LULC dataset
is based on 2015, which does not capture any recent conversion of forests to agricultural
fields. Pixels that are identified as vegetation, also often get misclassified instead of agri-
cultural lands. Overall, we can conclude that the flooding induced by TC Batsirai signifi-
cantly affected the agricultural lands through large-scale flooding.

5.4 Role of compounding factors

In this section, we assess the individual contribution from the oceanic and continental fac-
tors to ascertain the mechanism of compound flooding. From the oceanic side, we have
accounted for tide, storm surges, and wave-setup. They will be treated as one single term—
oceanic factor. On the other hand, the processes considered over the continent are encapsu-
lated in another single term, which we call continental factor. In our model configuration,
the Mananjary watershed is a self-contained system from the point of view of hydrology.
By forcing the model with rainfall and accounting for losses, the model could simulate the
necessary rainfall-runoff processes. In other words, by designing our watershed as self-
contained, we got rid of the need for external river discharge input (Huang et al. 2023), in
contrast to other studies (Zhang et al. 2020b; Huang et al. 2021; Eilander et al. 2023).

As we are modeling a dynamic system—the oceanic and continental factors will interact
with one another. Such interaction could be non-linear in nature, so that the sum of the
individual terms does not add up to the total water level (Huang et al. 2021; Khan et al.
2021). To make the analysis more legible, we split our analysis into two parts. First, we
analyze the contribution of the two factors without considering any interaction between
them. This will evidence the individual role of each of the factors. Then, for the second
analysis, we compare the total water level to the individual sum of the water levels from
oceanic and continental factors. This will allow us to assess the potential non-linearities of
their interaction.
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For the first analysis, we conducted two simulations. In the first simulation without con-
tinental factors—termed as "Ocean only" in Table 2—we have turned off the rainfall input,
keeping only the oceanic water level boundary (tide, storm surges, wave-setup). The sec-
ond simulation without oceanic factors—termed as "Continent only"—contains only rain-
fall as forcing with the oceanic water level boundary set to zero. A linear sum of the water
level computed in these two simulations gives us a total water level that does not contain
any non-linear interaction (TWL;,.,,). Figure 8 shows the ratio between the maximum of
(TWLj;,c.r) and the maximum of water level computed in the Only Ocean simulation. A
value of 1 in Fig. 8 means the maximum water level is coming fully from the ocean (yel-
low). On the other hand, 0 means the maximum water level is fully due to the continental
processes.

(@) o 25 50 75km (b) Ambohitsara
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(c) Mananjary

-
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Fig.8 Compound ratio computed as the ratio of maximum disturbance computed for “Ocean only” simula-
tion to the maximum disturbance from the linear sum of “Ocean only” and “Continent only” simulation
over model domain (a) Zoomed areas indicate some of the notable areas—b Ambohitsara and the zone
of maximum storm surge, ¢ Mananjary City along the Mananjary River, and d Faraoni River where storm
surge was minor but with large hydrological signature

@ Springer



Natural Hazards

In general, the maximum water level in the large part of the ocean and inland is caused by
their respective factors, as one would expect. Along the shoreline, a relatively narrow region
is observed where both factors interact and significantly contribute. A few of those regions are
shown in detail in Fig. 8, over (b) Ambohitsara, (c) Mananjary, (d) Faraoni. These locations
are selected around the location of maximum water level in Fig. 6, where the oceanic water
level is larger, hence the contribution is more legible.

For the larger rivers, e.g., in Fig. 8c, d, there is a gradual change in the role of contribution
(oceanic to continental) from the outlet to the upstream of the estuaries mouth. Up until about
5-8 km inside the estuaries the ocean clearly contributed to the maximum water level. Clearly,
this interaction is more important in the regions affected by storm surge and wave setup. For
example, in Fig. 8b, which is located in the vicinity of the storm surge maximum, a strong
oceanic contribution in the lagoons and small coastal channels could be seen. Overall, both
oceanic and continental factors are found to be significantly contributing to the flooding haz-
ard during cyclone Batsirai. Although the oceanic factors become more important along the
coastline, particularly around the location of landfall, the major continental flooding is caused
by cyclone-induced rainfall-runoff. In other words, the overall flooding hazard in our study
domain is clearly compound in nature.

5.5 Non-linearity of compound factors

In the previous section, we analyzed the total water level without considering the non-linear
interaction between the factors (TWLy;,.,.). However, the dynamics of the total oceanic water
level during storm events along the coastline is known to be non-linear. One such example
is the tide-surge interaction (Idier et al. 2012; Krien et al. 2017b), where the change in back-
ground sea level triggers a change in tide (Khan et al. 2020), which subsequently changes the
total water level (Khan et al. 2021). In this study, we focus on the non-linearity of contribution
between only the two compounding factors, i.e., the oceanic factor considered as a whole, and
the continental factor.

Here we assess the non-linear interaction between the compounding factors by taking the
ratio between the maximum water level from the full SFINCS (TWL;,;) model and the indi-
vidual sums (TWL,;,.,.) and its deviation to unity. The non-linearity metric reads as in Eq. (9)

. . TWLgy
Non — linearity = WL~ 1 9)
linear

Non-linearity
-0.30
-0.20

‘ -0.10
| 0.00
[_‘w

L
1 0.10

Fig.9 Spatial distribution of non-linearity for the zoomed region shown in Fig. 8. Any region other than
yellow indicates areas with non-negligible non-linear compound effect
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The computed non-linearity is illustrated in Fig. 9 for the three regions highlighted in
Fig. 8b—d. A value close to unity indicates that there is no significant non-linearity among
the two compound factors. A positive non-linearity means TWL;,, is larger than TWLy;,,,,
and the opposite for a negative non-linearity. Where the compound ratio in Fig. 8 is 0
(Ocean only) or 1 (Continent only), the non-linearity is 0—i.e., independent factors, hence
no non-linearity. This is the case for most of our model domain. Expectedly, non-linearity
between factors is only meaningful when there is significant contribution from both of the
factors as seen in Fig. 9. We see that they have different patterns based on the area of
focus. In Ambohitsara (Fig. 9b), strong negative non-linearity is observed in the backwater
along the coastline where the TWL,;, is significantly smaller than the TWL;;, ..., as much
as 30%. Over Mananjary (Fig. 9b), the negative non-linearity decreases from the mouth of
the Mananjary River (—0.15) to about 8 km upstream (—0.05 to 0). A very high negative
non-linearity is seen in the lakes and floodplains (—0.25 to —0.30) similar to Ambobhitsara.
The scenario is not so different in the Faraoni River (Fig. 9c) albeit with a stronger negative
non-linearity at the coast (—0.20 to —0.25) which vanishes about 10 km upstream of the
river.

In general, in the coastal region the non-linearity ratio is negative (supplementary Fig-
ure S4). This means that for TC Batsirai the non-linear interactions between the oceanic
and the continental factors consistently act to reduce the total water level.

5.6 Compound timing of the flooding

One important facet of compound flooding is the occurrence of consecutive flooding
caused by flood peaks that take place at different times under the influence of different driv-
ers. Here, we examine whether the flooding that occurred during cyclone Batsirai shows
such behavior. For this analysis, we kept our focus on the Mananjary River where we have
previously compared our modeling with observations (both low-flow hydrology and flood
extent). To analyze the water level characteristics, we have extracted a set of modeled water
level timeseries during cyclone Batsirai along the river channel as shown in Fig. 10a. The
locations are marked with a prefix—KM—followed by the distance from the shoreline.
For example, KM3 means the location is 3 km inland from the shoreline, whereas KM-0.5
means the location is 500 m offshore from the shoreline. The shoreline point, which is
located between KMO0.4 and KM-0.5, is shown in the inset panel in Fig. 10a. For clarity,
the water level evolution from KM47 (the most upstream) to KM2 are shown in a separate
panel (Fig. 10c) from KMO0.4 to KM-0.5 (Fig. 10b). Cyclone Batsirai made landfall around
16:00 UTC on 5th of February 2022, which is indicated in red dashed vertical line.

At KM47, the most upstream location, we observe a water level rise of about 20 m dur-
ing the event. As discussed before, such a sudden and sharp rise is typical of this region
and similar sudden rises have been reported in the region in the past during extreme events
(Aldegheri 1972). This bulge of water can be considered solely generated by the heavy
rainfall that accompanied cyclone Batsirai. As it propagates towards the outlet, the peak
progressively flattens and its magnitude is roughly reduced to half at KM21. Between KM6
and KM3, the riverine flood water level starts to be affected by the oceanic tide, as seen
from the consistent semi-diurnal oscillations. At Tsaravary, a small-town east of Manan-
jary and nearby station KM3, a water level rise of 3 m is reported, which corresponds well
to the modeled water level (OCHA 2022a).

The tidal influence is more clearly visible in the bottom panel at KM0.4, Shoreline,
and KM-0.5. At KMO0.4, before the inland flood water reaches, the water level follows
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Fig. 10 a The location of the virtual stations along Mananjary River. The stations are named based on their
distance from the Shoreline in kilometer (e.g., KM47 is 47 km inland, KM-0.5 is 0.5 km offshore). The
timeseries of flood hydrograph from b KM47 to KM2, which is shown separately in from ¢ the three sta-
tions around the Shoreline. In addition, the water level from Continent only experiment is shown for KM0.4
with pink dashed line (KMO0.4 w/o Ocean) in panel c. The red vertical line in b-c indicates the time of the
landfall of cyclone Batsirai

essentially the same tidal water level as offshore (KM-0.5). At the time of landfall, we
see a peak of about 1.1 m, that comes from the oceanic surge. This peak is then followed
by a much larger peak of about 1.9 m that corresponds to the upstream floodwater rush-
ing through the river. The shape of this peak is significantly distorted by its non-linear
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interaction with the ocean. This becomes clear when compared to the water level at KMO0.4
for Continent only experiment (KMO0.4 w/o Ocean). This distortion becomes more promi-
nent for the water level at Shoreline (black).

The floodwater takes about 6 h to travel from the upstream location (KM47) to the
coastline. Consequently, at the coastline around Mananjary City, the maximum storm surge
(along the coastline) occurs more than 18 h before the water level in the rivers rises to its
maximum, consistent with the field reports (WMO 2022). This characteristic of the com-
pound flooding and its impact conforms with local testimonies of Mananjary during the
disaster (Reuters 2022).

5.7 Limitations

Like any other modeling work, our study is not void of limitations. An important limita-
tion over our study domain is the lack of observational, consistent substantiation of the
water level variability. We have tried our best to compare our model results with as many
observations as possible, including remote sensing water level, water extent, flood extent,
and reported water height. However, it would be ideal to have more synoptic data for
comparison. In this regard, more detailed analysis would be possible with the new gen-
eration of altimeters such as Interferometric-SAR in Surface Water Ocean Topography
(SWOT) which has a great potential.

The current configuration of the coupled circulation model (SCHISM-WWM) poten-
tially does not have enough resolution to resolve the wave breaking processes and associ-
ated wave-setup, although this is considered to some extent by adding parametric wave
setup in the one-way coupling through a boundary condition. However, this approach has
known limitations (Aucan et al. 2018), mostly related to the use of a constant beach slope,
which is a key parameter for wave setup development (Martins et al. 2022).

While comparing with the remote sensing derived flood map, we observed that along
the coastline there are reported flood traces, where in the model only minor flooding
occurs. This is potentially due to wave run-up, a process not represented in phase-averaged
models like SCHISM as discussed in Bertin et al. (2014). Again, relying on the parametric
formula of Stockdon et al. (2006), one could estimate a run-up in the order of 4 m, which is
the typical elevation of the zone with flood trace.

Overall, we have used various assumptions for the input bathymetric and topographic
data, atmospheric forcing, and hydrologic properties. Each of these assumptions can be
criticized as limitations. They may be addressed as new datasets become available over the
area in the future.

6 Conclusions

In this study, we assessed the dynamics of compound flooding during cyclone Batsirai in
the Mananjary Basin in Madagascar. The scarcity of reliable data posed significant chal-
lenges, necessitating several practical assumptions in our modeling approach. Despite those
constraints, our findings underscore the critical importance of incorporating compound
flooding processes to accurately evaluate TC-induced flooding hazards over Madagascar.
Our results highlight the joint roles of oceanic and continental factors in driving TC-
induced flooding, with oceanic contribution typically extending up to 10 km upstream
along the rivers. TC-induced rainfall and runoff jointly emerge as the dominant drivers
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of inland flooding, while along the coast, both oceanic and continental factors contrib-
ute. Notably, our analysis revealed that the timing of flooding from oceanic and conti-
nental factors is asynchronous along the rivers. For example, in the Mananjary River,
the floodwaters from the watershed reach Mananjary City, located at the river mouth,
about 18 h after the peak oceanic surge event. At the coastline, the magnitudes of both
surge peak and riverine flood water peak are comparable (1-1.3 m). This consecutive
flooding pattern aligns with reports from the affected communities (Reuters 2022),
emphasizing the necessity of considering compound flooding in hazard assessments to
capture the nature of the physical hazards that is compatible with people’s perception
and relevant human exposure.

We showed that along the coastline the compound flood water level has a non-linear
behavior, indicating interaction between oceanic and continental factors. For cyclone Bat-
sirai, the non-linear interaction is found to be affecting negatively the total water level, with
negative non-linearity reaching as much as —0.30. In other words, the total water level
is 30% less than the summation of the individual factors. However, the non-linearity is
expected to be different for different events, which may depend on the phase and amplitude
of the tidal water level at the time of landfall (Krien et al. 2017b), as well as with the inter-
action of riverine flood water. Given the diversity of tides from micro-tidal to macro-tidal
around Madagascar, such non-linear factors may become even more important in the other
watersheds of the island.

Our modeling platform showed reasonable capability in simulating the observed flood-
ing patterns at fine spatial resolution (30 m). In this study, we have focused on one par-
ticular basin—Mananjary—where cyclone Batsirai made landfall. The same methodology
that has been developed and demonstrated here can be applied over the other basins of
Madagascar for a nation-scale assessment of TC-induced flooding. Furthermore, being
largely based on global remote-sensing derived datasets, the overall modeling framework
presented here could easily be implemented for any cyclone impacted regions in the world.
In data poor regions, the limited availability of ocean bathymetry data of acceptable quality
may potentially be one of the remaining challenges (Krien et al. 2016), in addition to in situ
observed water levels for calibration/validation of the modeling framework.

The perspective development of a Madagascar-scale modeling framework is challenging
yet needed as the whole island is exposed to intense TC activities (Fig. 1). In fact, cyclone
Batsirai was accompanied by two other cyclones. Cyclone Ana (2022) made landfall only a
week before the genesis of cyclone Batsirai and caused significant flooding and landslides
in the northern parts of Madagascar. Notably, the capital of Madagascar Antananarivo was
significantly impacted affecting more than 58 thousand people (OCHA 2022c; Li et al.
2023). On the other hand, cyclone Emnati made landfall in the southern parts of Mada-
gascar on February 24, 2022—only 18 days after cyclone Batsirai, claiming 15 lives and
significant damages (OCHA 2022d). At least 60 thousand hectors of rice fields are reported
to be flooded twice during these events. Overall these events have reported to impact half a
million people (OCHA 2022c, d). The socio-economic impacts of such consecutive events
are currently not well understood, and a national-scale compound flood model can signifi-
cantly help to ascertain the impact of TC-induced flooding. In view of this, the fine scale
hazard assessment made in the present study paves the way for evaluating flood risks and
exposures at household scales across Madagascar (Hawker et al. 2024). A dedicated house-
hold scale survey is currently undergoing over Mananjary with an explicit objective to bet-
ter understanding the prevalent climate migration driven by floods. The modeling frame-
work developed in this work is expected to provide an appropriately resolved hazard layer
that is compatible with this overarching multi-disciplinary research goal.
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One important open question in TC-hazards community is the role of climate change.
In response to global warming, the current knowledge is that the TCs will become more
intense, and more precipitation-laden (Knutson et al. 2020; Emanuel 2021; Bloemendaal
et al. 2022). The impact of such trend is already making compound flooding more pro-
nounced (Wahl et al. 2015). In addition, sea level rise due to climate change will not only
directly contribute to overall flooding (Vitousek et al. 2017), but also can significantly
change the underlying drivers such as tide (Pickering et al. 2017; Khan et al. 2020). Under-
standing such climatic hazards often requires simulating very long time periods for prob-
abilistic assessment (Mentaschi et al. 2023), or thousands of individual storms for more
robust probabilistic-deterministic assessment (Krien et al. 2017a; Khan et al. 2022). Being
computationally efficient, the modeling strategy developed in the current study can facili-
tate such assessments in the future, which is essential for an informed future flood risk
management and climate resilient planning in Madagascar and similar cyclone-prone
regions.

Overall, our study paves the path forward to not only assessing the TC-induced com-
pound flooding hazards but also understanding the socio-economic impacts from extreme
events over Madagascar at a fine spatial and temporal scale. We expect this study to simu-
late more interest towards compound flooding and its impacts in least-studied regions like
Madagascar.
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