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Global acceleration of compound flood
risks through fluvial-tidal interactions in a
warming climate

Check for updates
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Xudong Zhou4,6, Le Zhang7, Xiang Zhang8 & Zequn Huang9

Accelerating global sea-level rise (SLR) is fundamentally restructuring coastal flood regimes,
particularly in complex estuarine systems where fluvial-tidal interactions govern hydrological
extremes. In this study, we reveal a significant increasing trend in compound flooding probability
across 20 strategically selectedbasins spanning tropicalmega-deltas to high-latitude systems,where
extreme fluvial flooding coincides with high-tide flooding. CMIP6-driven ensemble modeling reveals
disparate growth rates between flood drivers, specifically a 273.6% (p < 0.01) increase in high-tide
flooding frequency contrasted with a 10.6% fluvial flooding frequency increase, highlighting their
markedly divergent responses to climatic forcing. With high-resolution fluvial flooding and high-tide
flooding coupling hydrodynamic simulation, SLR-driven compound flooding will affect upstream
regions farther from the estuary due to the backwater effect, amplifying inundation extent by 23–54%
compared to single-flood scenarios under 99th percentile compound extremes. Our findings
emphasize that SLR fundamentally reshapes fluvial flood dynamics through estuarine-tributary
coupling, a key mechanism for interpreting shifting flood impacts under a changing climate.

The escalating frequency of extreme precipitation events under global
warming has substantially increased fluvial flooding (FF) risks, while con-
current sea-level rise (SLR) has emerged as a critical planetary boundary
challenge1–3. Crucially, hydrodynamic coupling between upstream flood
waves and estuarine tidal anomalies amplifies compound flooding (CF)
through nonlinear stage-discharge interactions4,5. Emerging evidence from
European coastal systems6, North American watersheds7, and major Asian
deltas8 demonstrates a consistent and substantial increase in CF occurrence
probability since the pre-industrial era9, with particularly pronounced
intensification in urbanized deltaic regions10. These cascading hydrological-
marine forcings disproportionately threaten socioeconomically vulnerable
communities in low-lying coastal zones, potentially doubling economic
exposure by 2050 under SSP2-4.5 scenarios11,12. Consequently, the impacts
of extreme CF events demand urgent attention under climate change13.

The Intergovernmental Panel onClimateChange’s (IPCC) projections
on SLR have garnered widespread attention and recognition worldwide,
forecasting an increase of 40–48 cm under the 1.5 °C pathway over the

coming century14–16. This anticipated rise, coupled with coastal land
subsidence17, intensificationof tropical stormsurges due to globalwarming5,
and fluvial floods caused by extreme rainfall18–20, is poised to exacerbate CF
disasters in coastal regions globally21,22. An unequivocal trend indicates an
increase in floods within small-to-medium-sized basins23. However, due to
the complexity of numerical model simulations and limited data, the aug-
mentation and intensification of floods in large basins24,25, as well as the
high-resolution representation of flood inundation in downstream estuar-
ine regions, remain constrained26,27. Moreover, given that these disasters are
influenced by both high-tide flooding (HTF) and FF, and considering the
complexity of their underlyingmechanisms, it is challenging to differentiate
and analyze fluvial flooding from high-tidal floods within the same com-
pound event28. Consequently, identifying whether floodwater or tidal
levelshas a greater impact on these disaster events remains difficult, and
quantifying the contribution rates of fluvial flooding or storm surges to the
overall disaster is equally challenging29–31. These limitations pose significant
hurdles for comprehensive disaster prevention strategies in coastal cities32.
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Thus, a notable gap in existing research highlights the lack of quantitative
analysis on the coincidence of HTF and FF in global basins, as well as the
unexamined amplification effect of high tides on FF, despite extensive focus
on SLR-induced flood risks in coastal cities33,34.

To bridge these gaps, we strategically selected 20 well-known river-
estuary systems spanning all Köppen-Geiger climate zones from tropical
rainforest climate to tundra climate35. Using Projections under the Shared
Socioeconomic Pathways 5 (SSP5) with Representative Concentration
Pathways (RCP) 8.5 scenario, the annual exceedance frequency analyses of
FFandHTFwere conductedusing99th percentile thresholds.Aprobabilistic
framework to quantify the compound occurrence likelihood of FF andHTF
was developed, integrating both temporal dependence via copula models
and spatial overlap analysis across deltaic floodplains. Our ensemble ana-
lysis demonstrates significant intensification of compound flood hazards
during 1950-2015, which reveals accelerated intensification through 2050,
showing higher compound event frequency compared to the historical
baseline. A coupled hydrodynamic modeling framework was developed,
integrating a 1D kinematic wave model for upstream flood routing, a 1D
dynamic model for tide-forced simulation in estuarine reaches, and a 2D
inundation model for floodplain dynamics. It is important to note that this
framework specifically isolates the impacts of climate-driven variability (i.e.,
extreme precipitation and eustatic sea-level rise); consequently, localized
land subsidence is not explicitly incorporated into themodeling simulations
to maintain a focus on the inherent hydrological sensitivity to climate for-
cing. By comparing the inundation intensity and extent caused by FF, HTF,
and their compound events, we conducted a detailed analysis of the increase
in flood-affected areas due to CF compared to single hazards. Our findings
serve as a crucial warning about the potentially severe flooding impacts of
CF in the context of future scenarios of rising sea tide levels and frequent
extreme rainfall, with significant implications for disaster prevention and
mitigation strategies.

Results
High-tide flood occurrence and severity
This study analyzes trends in annual maximum water levels across global
estuary regions using a reanalysis of the total sea water level (SWL) dataset
spanning 1950–2024. The dataset incorporates pure tidal signals, storm
surges, and changes in annual mean sea level. Results reveal a mean
increasing trend of 0.85mm yr⁻¹ across 817major estuaries worldwide,with
the highest rate reaching 10.79mm yr⁻¹ (Fig. 1a). Among 20 major river
basins examined, 19 exhibited statistically significant upward trends
(p < 0.05, Fig. 1b). The rate of increase varied substantially spatially, ranging
from the lowest in the Murray-Darling Basin (Australia; 0.91mm yr⁻¹,
p = 0.0293) to the highest in the Lena Basin (Russia; 5.01mm yr⁻¹,
p < 0.0001). Notably, the Mackenzie Basin (Canada) showed a significant
rise of 3.04mm yr⁻¹ (p < 0.0001), while the Yukon Basin (USA/Canada)
exhibited a significant increase (1.50mm yr⁻¹, p = 0.0061), albeit with a wide
confidence interval (−10.40 to 13.40mm yr⁻¹).Major river basins including
the Mississippi (USA; 2.41mm yr⁻¹, p < 0.0001), Nile (Egypt; 1.42mm yr⁻¹,
p < 0.0001), Ganges (India/Bangladesh; 1.38mm yr⁻¹, p < 0.0001), and
Amazon (Brazil/Peru; 1.30mm yr⁻¹, p < 0.0001) all displayed significant
upward trends. The St. Lawrence Basin (Canada) was the sole exception,
showing a non-significant declining trend (-0.12mm yr⁻¹, p = 0.6404). The
exceptionally large confidence interval (approximately ±1.3×10³ mm yr⁻¹)
associatedwith this estimate underscores thehighuncertainty in this region.
The explanatory power (R²) of the linear regression models for annual
maximum water level changes differed markedly among basins, ranging
from 0.003 (St. Lawrence) to 0.590 (Orinoco Basin, Venezuela).

A comprehensive analysis of HTF trends (defined here as the annual
count of days exceeding the 99th percentile threshold of historical sea surface
levels36–38) across 20 major global river basins reveals a clear and concerning
picture of how extreme sea level event frequencies are evolving across dif-
ferent timeframes (historical period, reanalysis data, and the high-emission
scenario SSP5-8.5; Fig. 2). TheCMIP6model data used are listed in Table S1,
while historical and future thresholds for the 99th percentiles are provided in

Table S2. The analysis not only demonstrates a widespread intensification of
these events but also highlights significant disparities in risk exposure across
different geographical regions and climate zones. An examination of his-
torical and reanalysis data indicates a pattern of moderate yet pervasive
increase inHTF frequency across the vastmajority of basins. The trendvalues
are predominantly clustered around 1.0 day per year, with relatively narrow
uncertainty ranges. This suggests a subtle but detectable rise in extremewater
level days in the past observational record, providing initial evidence of the
impacts of climate change. For instance, tropical basins such as the Amazon,
Congo, and Nile, as well as temperate basins like the Danube, Ganges, and
Yangtze, all exhibited historical trends fluctuating slightly around this base-
line frequency. Reanalysis data largely corroborate this pattern of a gradual
ascent, althoughdata for certainbasins (e.g.,Nile,Orinoco) showhigher trend
values and greater uncertainties, hinting at an earlier emergence of a stronger
warming signal or higher data variability in these regions39.

In stark contrast, projections under the high-emission SSP5-8.5 sce-
nario depict a dramatically different and far more severe outlook40,41. The
increasing trend in HTF frequency is projected to accelerate explosively,
with disparities between basins becoming vastly more pronounced. The
analysis reveals a distinct geographical pattern in extreme risk. Tropical
basins emerge as global hotspots of heightened sensitivity to warming. The
Amazon (20.3 days/year), Congo (20.9 days/year), and Niger (22.5 days/
year) basins all exhibit trends exceeding 20 days per year, while the Nile
(32.7 days/year) and Orinoco (44.3 days/year) basins show staggering
increases of over 30 days per year. This implies that in these regions, the
frequency of such events is transitioning from episodic to a near-permanent
state. Such a shift poses a devastating threat to ecosystems, agricultural
productivity, and public health.

This scenario stands in sharp relief against the projected trends for high-
latitude and some mid-latitude basins, where the rate of increase, while
present, is substantially lower. Basins near the Arctic Circle, such as the Lena,
Mackenzie, andYukon, show trends of only 2.7 to 3.2days per year. Similarly,
basins including the Murray-Darling, Rhine, and Yellow River are generally
projected to experience increases of less than 3.0 days per year, indicating a
comparatively lower sensitivity to rising HTF frequency. A middle tier of
basins, including the Mekong (4.6 days/year), Mississippi (5.9 days/year),
Salween (8.8 days/year), Danube (11.1 days/year), andPearl River (12.1 days/
year), demonstrates a moderate yet still substantial increase. The absolute
increments in these populous and economically critical regions already sig-
nify a future of escalating hydro-climatic stress. Furthermore, the uncertainty
ranges associated with the trend values provide critical context. Under the
SSP5-8.5 scenario, basins with the highest trend values, such as the Orinoco
(±26.8days/year), typically also exhibit largeruncertainty ranges.This reflects
greater divergence among climate models in simulating the feedback
mechanisms for the most vulnerable regions under extreme forcing. Cru-
cially, however, all basins without exception show a strong positive trend,
indicating with high confidence that the increase in HTF frequency is an
unequivocal global phenomenon. It is also noteworthy that for some basins,
like the Ganges (trend: 3.0 days/year; uncertainty: ±1.7 days/year), the
uncertainty range isproportionally large relative to the trend itself,warranting
cautious interpretation of the precise rate of change.

In summary, the HTF trends across these 20 basins collectively outline
a clear trajectory of escalating global extreme sea level risk. The transition
from a faint signal in the historical record to a projected dramatic intensi-
fication under a high-emission future, particularly the extreme climatic fate
facing tropical regions, underscores the critical urgency of implementing
robust global mitigation efforts aligned with the Paris Agreement goals42.
Simultaneously, the stark heterogeneity in regional responses demands the
development of tailored adaptation strategies to enhance resilience against
HTF in the most vulnerable areas, thereby mitigating the potentially cata-
strophic impacts on human societies and natural systems.

Trends in fluvial flood intensity-frequency
Employing a kinematic wave hydrodynamic model forced by ERA5 rea-
nalysis total runoff data43, we generate global-scale daily river discharge
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Fig. 1 | Global distribution of sea-level trends and time series analysis for major
estuaries. a Spatial distribution of sea-level rise trends (mm/year) across global
coastal stations. The inset histogram displays the probability density of the trend
distribution. The 20 major river-estuary systems (marked with their respective
names and IDs 1–20) were selected based on the ranking of highest annual runoff
volume and drainage basin area. The specific estuarine locations were defined by
identifying the terminal grid point of the river flow and matching it to the nearest

coastal grid point with valid sea-level data. b Historical time series of annual mean
sea levels for the 20 selected major estuaries from 1950 to 2024. The red dashed line
represents the linear trend. Note: The numbering corresponds to the basin IDs
(1–20). The statistical significance of the trends is indicated in the top-left corner of
each panel: an upward arrow followed by an asterisk (*) denotes a statistically
significant increasing trend (p<0.05), whereas “ns” denotes a non-significant
trend (p>0.05).
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Fig. 2 | Global distribution of studied river basins and projected evolution of
high-tide flooding frequencies. aMap showing the spatial distribution and drai-
nage areas (km²) of the 20 major river basins analyzed. River mouths are marked
with orange icons. b Time series of annual high-tide flooding (HTF) frequency (%)
for each basin from 1950 to 2050. Black lines indicate historical simulations
(1950–2014), and purple dashed lines represent reanalysis data (1950–2024). Red

lines depict future projections under the SSP5-8.5 scenario (2015–2050). Shaded
areas denote the uncertainty range (standard deviation). The HTF threshold is
defined as the >99th percentile of the 1950–2014 historical baseline for SSP5-8.5
projections, and the >99th percentile of the self-consistent 1950–2024 baseline for
reanalysis data.
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simulations at 0.1° resolution to quantify estuarine basin FF intensity
changes. This is achieved through grid-scale flood simulations establishing
basin-averaged areal rainfall as a primary driver, via correlation analyses
with simulated flood characteristics (peak discharge, frequency, duration).
The daily model performance was evaluated using the Kling-Gupta Effi-
ciency (KGE) metric44, which compares simulated streamflow discharge
with observed data from hydrological stations (Fig. 3). Observed hydro-
logical station data were obtained from Global Runoff Data Centre
(GRDC)45, United States Geological Survey (USGS)46, and Chinese local
hydrologic stations. A total of 11,495 stations exhibited a KGE index above
0, with 6392 stations surpassing 0.2, and 3123 stations reaching above 0.4,
783 stations hitting above 0.6, and 49 stations achieving aKGE index greater
than 0.8.

To rigorously evaluate the model’s hydrological performance, we
focused our analysis on the 20 major global estuarine basins previously
identified (Fig. 2). For locations within these basins, we further analyzed
simulations at stations demonstrating optimal basin area matching closest
to estuaries (Fig. 3, Table 1, Fig. S1). The results across these 20 major
estuarine basins reveal strong discharge replication capability, with a
median KGE of 0.743 and amean correlation coefficient (CC) of 0.813. The
Mekong Basin achieves optimal performance (KGE = 0.904, CC = 0.939),
followed by the Saint Lawrence (KGE = 0.833, CC = 0.852) and Yukon
(KGE = 0.818, CC = 0.849). Notably, 19 basins (95%) exceed KGE > 0.45,

while 13 basins (65%) maintain KGE > 0.70, confirming robust discharge
pattern capture.

To transparently communicate the reliability of our projections, we
stratified these basins into three distinct confidence levels based on KGE
thresholds: High Confidence (KGE > 0.7), Moderate Confidence
(0.45 < KGE ≤ 0.7), and Low Confidence (KGE ≤ 0.45) (Table 1). While
high historical performance increases the credibility of projections, cap-
turing trend directions is a vital indicator of a model’s sensitivity to future
climate forcing, evenwhen absolute performance ismoderate. Performance
differentiation emerges in sediment-dominated or heavily regulated sys-
tems; for instance, the Yellow River basin exhibits the lowest metrics
(KGE = 0.339). However, the Correlation Coefficient (CC) for the Yellow
River reaches 0.764 (Table 1), significantly higher than its KGE. This dis-
crepancy indicates that while the model successfully captures the temporal
variability and climatic timing of flood pulses (reflected in high CC), the
absolute discharge volume is heavily dampened by anthropogenic regula-
tion, such as reservoir impoundment and irrigation withdrawals
(affecting KGE). In such “Low Confidence” basins, our simulations
emphasize the naturalized hydrological response to climate forcing, pro-
viding a baseline of potential climate impacts isolated from intense
anthropogenic interventions.

This study employs high-resolution (0.1°) gridded diagnostics to
unravel complex spatiotemporal shifts in extreme flood regimes (annual

Fig. 3 | Evaluation of Global River Flow Discharge. The map illustrates the spatial
distribution of model performance across global hydrological stations using the
Kling-Gupta Efficiency (KGE) metric. The color and size of the dots correspond to

the KGE score, where darker red and larger dots indicate higher agreement
(KGE > 0.6) between simulated and observed discharge, while lighter yellow dots
represent lower performance. The blue lines depict the global river network.

Table 1 | Model performance evaluation results for 20 river basins

Basin CC KGE Confidence Level Basin CC KGE Confidence Level

Yukon 0.849 0.818 High Congo 0.814 0.742 High

Mackenzie 0.827 0.798 High Ganges 0.871 0.775 High

Saint Lawrence 0.852 0.833 High Salween 0.867 0.684 Moderate

Mississippi 0.797 0.721 High Chao Phraya 0.617 0.544 Moderate

Orinoco 0.599 0.496 Moderate Mekong 0.939 0.904 High

Amazon 0.839 0.669 Moderate Yellow 0.764 0.339 Low

Rhine 0.775 0.743 High Yangtze 0.941 0.763 High

Danube 0.788 0.769 High Pearl 0.905 0.786 High

Nile 0.943 0.784 High Lena 0.792 0.614 Moderate

Niger 0.796 0.726 High Murray Darling 0.689 0.672 Moderate
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maximum streamflow) across 20 major global river basins, analyzing
450,000 valid grid cells over the 1955–2024 period. To strictly control for
false discovery rates inherent in spatial data, we applied the Field Sig-
nificance testing procedure47, replacing the standard local threshold with a
dynamically adjusted critical value (pcritical=0.000948).

Figure 4 visualizes the global heterogeneity of annual maximum
streamflow changes between the historical baseline (1955–1989) and recent
decades (1990–2024). While raw intensity changes reveal broad spatial pat-
terns, our rigorous field significance analysis (Figure S2) confirms that robust
hydrological shifts are highly localized. Approximately 1.91% of global grids
exhibitfield-significant increasing trends (p<pcritical), a signal that is physically
distinguishable from internal climate variability.Asdetailed inTable S3, these
robust intensification signals are predominantly clustered in specific hotspot
basins, most notably the Orinoco (where 15.0% of grids show significant
increases), Niger (5.4%), Amazon (4.5%), and Mississippi (4.1%). In these
regions, the pronounced intensification is driven by synoptic-scale atmo-
spheric circulation shifts and land-cover feedbacks, whichwork in tandem to
amplify flood hazards48,49. Such a shift represents a critical transition in
hydrological regimes, particularly threatening the densely populated flood-
plains within these basins. Conversely, statistically significant decreasing
trends were negligible at the global scale, suggesting that widespread declines
identified in raw trend analyses may largely be artifacts of statistical noise.
Critically, the application of FDR confirms that climate change impacts
manifest through intensely regionalized, statistically robust hydrological
signatures rather than uniform global responses. The identified hotspots in
low-latitude estuaries represent areas where flood intensification poses acute
threats to densely populated floodplains.

We further observe that within the identified hotspots, flood intensi-
fication isnot randomlydistributedbutphysically concentrated alongmajor
hydrological conveyances. As shown in the basin-scale diagnostics (Fig. 4b),
the Orinoco and Mississippi basins display alarming amplification in their
central arteries, directly implicating enhanced flood risks for riverside
communities. In contrast, basins previously thought to be waning, such as
the Yellow River, exhibit no field-significant trends under the rigorous FDR
framework, suggesting that perceived desiccation may be statistically
indistinguishable from natural variability. Consequently, adaptation stra-
tegies must be highly targeted: prioritizing strategic flood-proofing for
amplifying systems (e.g., reinforced levees in the Orinoco), while avoiding
over-engineering in basins where clear climate change signals have not yet
emerged.

This study employs 15 models from the CMIP6 to analyze trends in
basin-averaged precipitation, with detailed descriptions of the models
provided in Table S4. Based on prior research, the seven-day cumulative
basin-averaged areal rainfall (Rx7day) was selected to characterize the
intensity of synoptic-scale meteorological forcing that drives flood
hazards50–54. While hydraulic response times vary across basin scales, this
standardized metric effectively captures the climatic flood potential driven
by atmospheric intensification55–59. Its robustness as a hazard proxy was
further validated against physically routed runoff simulations (see
Figs. S9, S10), which confirmed consistent trends across the majority of
basins. We defined FF days as those with 7-day cumulative areal pre-
cipitation exceeding the 99th percentile from 1950 to 2015. A global 0.1°
gridded analysis of changes in flood intensity at the 99th percentile, derived
from ERA5 runoff data, indicates that flood intensity increased over 37% of
the global land area, while it decreased across 59.6% of the grid cells. Pro-
nounced increases are observed in the Mississippi River Basin in North
America, as well as in the Amazon and Orinoco River Basins in South
America. In contrast, regions across Africa and Asia generally exhibited a
decrease in 99th flood intensity. Further comparison of flood intensity
changes between the latter period (1990–2024) and the earlier period
(1955–1989) (Fig. S3), and an assessment of changes at the estuaries of 20
major river basins, reveal that tropical basins (such as theAmazon,Orinoco,
Congo, Mekong, and Niger) experienced significant increases in flood
intensity. In mid- to high-latitude regions, however, the trends were more
heterogeneous: for example, the Yangtze and Yellow Rivers showed less

evident upward trends, while the Mississippi River exhibited a substantial
increase in intensity. These findings highlight the pronounced spatial het-
erogeneity in global flood intensity changes and underscore the necessity to
account for regional variability when assessing compound flood risks under
changing climatic conditions. Stratifying analysis by basin size (Small,
Medium-Small, Medium-Large, Large; Figure S4) reveals pronounced
upward trends in extreme flood events across minor basins from
1950–2024, with 99th percentile floods exhibiting the most significant
intensification in small catchments—contrasting with negligible trends in
large basins. Critically, lower-reach sections of the 819 studied basins
demonstrate accelerating flood frequencies, culminating in a 2024 extre-
mum event that necessitates heightened vigilance toward evolving lower-
basin hydrological hazards. Furthermore, our analysis of downstream sec-
tions across all basins, stratified by multiple percentile thresholds (from the
80th to the 99.99th percentile; Fig. S5), reveals a consistent increase in flood
frequency from 1950 to 2024. This indicates a pervasive and growing flood
risk in downstream basins globally, which urgently demands enhanced
monitoring and proactive adaptation strategies to mitigate escalating
impacts on vulnerable communities and infrastructure.

Analysis of the annual trend in maximum 7-day accumulative areal
precipitation (Rx7day) values based on the SSP5-8.5 scenarios (Fig. S6)
reveals an upward trend in themulti-model ensemble (MME)of Rx7day for
nearly all basins, implying an increase in the intensity of FF in the future.
Among them, the Chao Phraya, Ganges, Mekong, Pearl, and Salween River
basins exhibit the most pronounced growth trends, with linear k slopes of
increase reaching 94.55%, 68.23%, 54.33%, 85.25%, and 86.62%, respec-
tively, under the SSP585 scenario. The disasters caused by FF may reach
unprecedented severity, necessitating vigilance against the occurrence of
large-scale floods in these basins. The extended analysis of historical and
projected Rx7day evolution under SSP2-4.5 and SSP5-8.5 scenarios
(1950–2050) is shown in Fig. S6, which supports intensifying fluvial flood
risks in future projections.

To further analyze the trends in flood occurrence frequency across the
20 river basins, we use the 99th percentile of the Rx7day statistical indicator
from the historical period of 1950–2014 as the flood threshold. This
threshold is then used to analyze the number of flood days on a daily basis
from 1950 to 2050, with a primary focus on the trends under the
SSP585 scenario. Examining the trend in the number offlooddays per basin
from 1950 to 2050 (Fig. 5), we can see that there is an increasing trend in
historical flood days for almost all basins between 1950 and 2015, except for
the Yangtze andMurrayDarling basins60. TheNiger basin has exhibited the
highest increase in flood days, with a linear trend coefficient (k) of 8.23%.
Looking at the future period from2015 to 2050, based on theMMEanalysis
under the SSP5-8.5 scenario, all basins are projected to experience a sig-
nificant increase in the number of flood days annually. The Niger basin
remains themost severely affected, with a k of 24.66%, and its estuary region
is projected to face the threat of FF for more than 10 days annually in the
future, highlighting the urgency of addressing this hazard. The Congo River
basin is projected to experience the highest number of flood days, demon-
strating a k value of 31.95% in the future. By 2050, it is anticipated that the
Congo River basin will face approximately 20 days of FF annually, which is
twice the historical average.

Compound flood risk driven by SLR
A granular analysis of the 20 river basins (Fig. 6) revealed an unexpected
temporal shift in flood dominance: the frequency of HTF is projected to
exceed that of FF post-2050. For example, the Orinoco, the Nile, and the
Mississippi are particularly exposed to HTF. Across the study basins, the
average growth rate of HTF frequency is 273.6%, while FF only increases by
an average of 10.6%.As the numberof dayswithHTF is projected to rise, the
risk of compound disasters, where FF and HTF events occur together, will
also increase, posing significant challenges for coastal resilience and adap-
tation strategies.

Assessing compound flood hazards requires identifying temporal
overlaps between FF andHTF. In our study, we initially treat FF andHTF as
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Fig. 4 | Spatiotemporal trends in global annual maximum streamflow from 1955
to 2024. a Global distribution of the percentage change in mean annual maximum
discharge, calculated as the relative difference between the recent period
(1990–2024) and the historical baseline (1955–1990). Red shading indicates an
increasing trend in flood peak magnitude (wetting), while blue shading denotes a

decreasing trend (drying). The map highlights the spatial heterogeneity of hydro-
logical shifts at the global scale. b Detailed spatial patterns of streamflow changes
across 20 major river basins. The visualization reveals intra-basin variability in
flood-generating processes. Yellow starsmark the locations of river estuaries, serving
as the interface for the upstream-downstream coupling analysis.
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two separate events. The probability of these events occurring at the same
time can be calculated by multiplying the individual occurrence prob-
abilities of both events (Fig. 7). To empirically validate this independence
assumption, we conducted a lag correlation analysis (0–7 days) using
Kendall’s τ rank correlation coefficient across all 20 basins (Table S5,
Fig. S7). The results verify that for the majority of basins (e.g., Mississippi,
Rhine, Yellow), the dependence between drivers is either statistically
insignificant or negligible (|τ| < 0.05), confirming the validity of the inde-
pendence assumption. Forbasins exhibitingweaknegative correlations (e.g.,
Mekong, τ=-0.10), this approach yields a conservative estimate of joint risk.
In the few basinswithmoderate positive correlations (e.g., Ganges, τ= 0.29),
the independence assumption represents a conservative lower bound for
compound flood probability.

From 1950 to 2015, the probability of CF was relatively low in all 20
basins, never exceeding one in a thousand. However, during the future
period from 2015 to 2050, our analysis identifies that all these basins exhibit
significantly increased annual CF frequencies, with tropical and subtropical
systems particularly vulnerable. Seven major river basins (the Amazon,
Orinoco, Congo, Niger, Nile, Danube, andMississippi) have exhibited daily
joint probabilities p cf

� �
exceeding 1% under future scenarios, which is

double than historical period. According to the SSP585 scenario, these

basins will experience at least 150 high-tidal days in 2050, significantly
increasing the likelihood of concurrent basin-scale and high-tidal floods.
ProjectedCFprobabilities exhibit a positive acceleration in trendmagnitude
(Δk̄ = 2.068% yr⁻¹, p < 0.01) during 2015–2050 compared to historical
baselines (Δk̄ = 0.035% yr⁻¹, 1950–2015), suggesting nonlinear intensifica-
tion of flood synchronization mechanisms. The impact of CF cannot be
underestimated, and our findings emphasize the urgent need for compre-
hensive flood risk management strategies that consider the interconnected
nature of flood hazards and the evolving threat posed by climate change.

High-resolution mechanistic modeling of compound flooding
The preceding sections have delineated the increasing likelihood of CF
across 20 global river basins. This sectiondelves deeper into the hydrological
impacts associated with compound events where FF and HTF coexist. To
quantitatively compare the impacts ofCFacross various estuary regions, this
study employs the 99th percentile thresholds for both HTF and FF within
each estuary as benchmarks. We delineated the estuarine zones within the
20 basins (Fig. S8a) for inundation mapping, with the Pearl River basin
selected as the representative case for mechanistic analysis. By utilizing the
99th percentile SWL at estuary grid points and the validated 99th percentile
FF data from hydrological stations (depicted in Fig. S8b), we simulate the

Fig. 5 | Projected changes in annual FF days across 20 major river basins. Time
series display the annual frequency of FF days simulated by 15 CMIP6models under
the SSP5-8.5 scenario. FF days are defined as dayswhere the 7-day accumulated areal
precipitation exceeds the historical (1950–2014) 99th percentile threshold. The solid
lines represent the Multi-Model Ensemble (MME) mean for the historical period

(1950–2014, black) and the future period (2015–2050, red). The shaded regions
(gray for historical, pink for future) indicate the uncertainty range (model spread).
The dashed vertical line marks the transition year (2015) between historical simu-
lations and future projections. Inset numbers denote the linear trends for the
respective periods, with asterisks (*) indicating statistical significance (p < 0.01).
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different scenarioswithin thePearl River basin’s estuary.Ourfindings reveal
that, under the 99th percentile disaster scenario, the inclusion of each
additional factor in the model results in significant increases in both the
flood inundation area and depth.

The combined effects of fluvial-tidal interactions significantly amplify
flood hazards. Isolated FF induces substantial inundation (Fig. 8a), while
incorporating the 99th percentile downstream SWL elevates flood extent by
24.6%due to the backwater effect. Estuarine tidal forcing further exacerbates
upstream water stage fluctuations, extending hydrodynamic impacts along
river corridors, which causes HTF in coastal regions (Fig. 8b). Under CF
scenarios, the inundated area expands by 54% compared to FF-only events
(Fig. 8c), demonstrating the imperative of coupled FF-HTF modeling for
hazard assessment. Considering the inherent uncertainty in hydraulic
parameters (e.g., Manning’s roughness), sensitivity analysis suggests an
inundation extent variation of approximately ±15% for this deltaic region,
confirming the robustness of the amplification trend. Therefore, when
simulating complexflooddisasters, it is crucial to comprehensively consider
both FF andHTF, as well as their internal interactionmechanisms, in order
to accurately predict future flood hazards. Neglecting any of these factors
can significantly underestimate the severity of the disaster.

To better understand the impact of CF compared to single FF or single
HTF,we used numerical simulation to create a flood inundationmapwith a
spatial resolution of 0.1° and 90 meters worldwide. Utilizing the afore-
mentioned methodology applied to the Pearl River basin, we calculated the
inundation extents for individual FF, individual HTF, and their combined
CF scenarios for each designated area (Fig. 8d). In general, CF exacerbates
the intensity of fluvial flooding, resulting in greater inundation extents and
depths along river channels, thereby intensifying the severity of associated
disasters. Across the twenty basins, an average increase of 28.6% was
simulated in the CF scenario. To account for hydrodynamic uncertainties,
we applied topography-dependent error margins ranging from 5% in
bedrock-confined channels (e.g., Salween) to18% inflat deltaic regions (e.g.,
Amazon), as depicted by the error bars in Fig. 8d. Although FF typically
results inmore extensive inundation areas thanHTF, the frequency of HTF
events is projected to surpass that of FF in the future. Given the substantial

impact of HTF on amplifying FF, continued emphasis should be placed on
monitoring and understanding the evolving coastal flood risks associated
with SLR.

Discussion
Previous studies on flood disasters caused by SLR have mainly focused on
simulating coastal flooding scenarios and assessing risks associated with a
single HTF61. These studies have consistently found that the probability of
future HTF events will continue to increase, resulting in more severe
impacts.However, these studieshave lacked comprehensive evaluations and
rigorous analytical frameworks for examining extreme compound
disasters10. Additionally, the influence of tidal backwater on fluvial flooding
has not been adequately integrated into hydrodynamic simulations of CF
disasters30,31. Our findings, consistent with prior research, clearly demon-
strate that excluding the inherent amplification mechanism of estuarine
tides on fluvial flooding in compound flood assessments leads to a con-
siderable underestimation of flood severity. To provide deeper insights, we
conducted an extensive study across the20 river-estuary regions.Our results
show that in areas experiencing significant SLR and an increased frequency
of consecutive high-tide days at mid-to-low latitudes (such as the Orinoco,
Niger,Mississippi, andother estuarine regions), the likelihoodof compound
major flood disasters will continue to escalate in the future. Specifically, our
findings reveal that the amplification effect of high sea level on FF has
increased from the historical average at the 99th percentile. Furthermore,
upstream regions situated farther from the estuary will also be adversely
affected by fluvial flooding exacerbated by the backwater effect resulting
from SLR. These findings highlight the urgent need for comprehensive risk
assessments and the development of effective mitigation strategies to
address the imminent threats posed by CF.

Notably, our analysis reveals divergent fluvial flood trajectories across
basin scales. While large basins show minimal FF intensification (83.9% of
global grids exhibited no significant trend), small catchments display
alarming acceleration in 99th percentile floods—particularly vulnerable
tropical systems like the Niger (flood days +8.23% historically, projected
+24.66% under SSP5-8.5). This scale-dependent response is compounded

Fig. 6 | Spatial heterogeneity of projected intensification trends for FF and HTF
under the SSP5-8.5 scenario. The map illustrates the linear increasing trends in
flood frequency across 20 major global river basins. Blue shading represents the
trendmagnitude of FFwithin each basin, with darker shades indicating amore rapid
increase. Pink/Purple circles at river mouths denote the trend magnitude of HTF,

where circle size and color intensity are proportional to the rate of increase.
Numerical annotations adjacent to each basin display the specific trend values,
formatted as “FF trend / HTF trend”. The comparison highlights a global pattern
where HTF intensification rates generally exceed those of FF, particularly in tropical
and sub-tropical estuaries (e.g., Orinoco, Mississippi).
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by pronounced downstream amplification: lower-basin flood frequency
escalation culminated in 2024’s record extremum. These findings highlight
the critical vulnerability of small-to-medium coastal basins, where SLR
synergizes with intensified runoff to generate catastrophic compound
impacts62,63. Global estuaries face accelerating coastal flood exposure due to
synergistic amplification of sea-level rise (SLR) and tidal dynamics, with
95% (19/20) of major systems exhibiting statistically significant increases in
annual maximum water levels (1950–2024), ranging from polar
amplification-driven surges (Lena Basin: 5.01mm/yr) to moderate tropical
rises (Amazon: 1.30mm/yr). Under SSP5-8.5, HTF frequency intensifies
nonlinearly against SLR: 25% of studied estuaries will exceed 150 annual
flood days by 2050, led by the Orinoco (300 days) and Mississippi
(250 days), where shallow bathymetry and dense populations compound
risks. Concurrently, extreme water levels escalate disproportionately, with
the 99.99th percentile SWL rising 24.3% globally (2015–2050 vs.
1950–2015), confirming the heightened severity of CF events. Spatial het-
erogeneity—fromArctic SLR hotspots to low-predictability systems like the
St. Lawrence (R² = 0.003)—underscores region-specific vulnerabilities
demanding urgent adaptive interventions.

In summary, CF events in the estuarine areas of river basins involve the
combined effects of upstream FF and downstream HTF. To better under-
stand the trends of these compound events and predict their frequency and
impacts under future climate change, there is a need to further strengthen
the quantitative and detailed description of the interactions between these

disasters64. This study analyzed the occurrence frequency and intensity of FF
and HTF over a century from 1950 to 2050, revealing the increasing
probability of CF. Moreover, due to the continuous SLR, the frequency of
HTF events is expected to increase in the future65. Ultimately, in low- and
middle-latitude basins where SLR is pronounced, HTF may become the
dominant cause of future flood disasters, leading to persistent and con-
tinuous flood events in coastal regions. This, in turn, will increase the
likelihood of CF occurrences.

High-resolution numerical simulations were used to enhance the
quantitative description of the amplification effect of HTF on FF in CF,
while also distinguishing the impact ranges of both types of floods on
estuarine areas of river basins. This paper emphasizes that understanding
the internal influence mechanism between FF and HTF is essential for
model establishment and future flood prediction, providing important
methodological support for risk assessment and flood control strategy
formulation in estuarine areas of river basins under climate change. Global
SLR exacerbates the likelihood of the simultaneous occurrence of river
floods and coastal HTF66. When such floods do occur, they can cause
unprecedented disaster losses. In future coastal flood control and disaster
mitigation projects, it is necessary to further consider the multiple and
complex impacts brought about by HTF.

While this study provides a comprehensive global assessment, several
methodological constraints warrant interpretation. First, regarding the
statistical framework, we assumed occurrence independence between

Fig. 7 | Compound flood risk from FF-HTF joint probability under SSP5-8.5.
Where: p cf

� � ¼ p ff
� �

× p htf
� �

. p cf
� �

: daily joint probability of concurrent FF and
HTF events. p ff

� �
: daily FF probability (FF days/365). p htf

� �
: daily HTF probability

(HTF days/365). The numbers in black and red denote the multi-model ensemble
(MME) mean p cf

� �
for the historical and future periods, respectively. The asterisk

(*) indicates a statistically significant trend (e.g., p < 0.05).
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drivers. Although our verification (Fig. S1) supports this formost basins, the
independence-based approach likely provides a conservative lower-bound
estimate for regions with positive dependence (e.g., Ganges, Yangtze).
Second, regarding the hydrological definition, we transitioned to direct
runoff simulations (CMIP6) to capture land-surface processes. However,
this characterizes the naturalized response to climate forcing. Byfixingflood
thresholds to a historical baseline, we isolate the climate signal but do not
account for non-stationarity driven by anthropogenic interference (e.g.,
dam regulation, land-use change). Therefore, our results represent the
relative intensification of climate-driven flood potential rather than man-
aged flow conditions. Third, global-scale hydrodynamic modeling neces-
sitates spatiotemporal simplifications. The use of a daily temporal resolution
and the omission of certain near-shore processes (e.g., wave setup) may
underestimate the intensity of short-lived, transient compound events,
although the physical backwater effect remains explicitly resolved. Finally,
our projections assumea static estuarinemorphology.We acknowledge that
sediment transport, anthropogenic sand mining, and land subsidence can
significantly alter channel bathymetry and inundation depth. However,
given the high uncertainty in predicting future human sediment manage-
ment globally, adopting a static DEM serves as a necessary first-order
approximation to attribute trends to clear climatic signals (sea-level rise and
runoff intensification) rather than speculative geomorphic scenarios. Future
research shouldprioritize high-resolution coupling of dynamicmorphology
and sub-daily forcing to refine local adaptation strategies.

To rigorously evaluate the representativeness of the precipitation-
based flood proxy (Rx7day) used in our global screening, we performed a
comparative analysis using physically routed discharge simulations from 13

CMIP6 models (Fig. S9 for flood frequency and Figure S10 for flood
intensity). The results reveal a strong consistency across the majority of
high-latitude and monsoon-dominated basins, such as the Yukon, Ganges,
and Mississippi. In these regions, the intensification of meteorological
precipitation translates linearly into increased flood discharge, confirming
thatRx7day serves as a robust indicator of climaticfloodpotential.However,
a significant hydrological divergence is observed in the Amazon basin.
Whilemeteorological indices suggest an intensification ofwet extremes, our
hydrodynamic ensemble projects a distinct decrease in flood intensity
(−8.21% under SSP5-8.5) and a substantial reduction in flood frequency
(−92.04% under SSP5-8.5). Similar attenuation patterns are also visible in
the Orinoco (flood frequency −26.61%) and Danube (flood frequency
−24.71%) basins. This discrepancy highlights the nonlinear modulation of
catchment hydrology: in massive tropical and evaporation-sensitive basins,
the enhanced evaporative demand driven by warming temperatures can
offset precipitation gains, leading to a “drying” hydrological response
despite “wetter” atmospheric forcing. Therefore, while Rx7day effectively
characterizes the meteorological drivers of compound hazards, our inte-
gration of hydrodynamic modeling provides a critical correction that cap-
tures the hydrological attenuation in evaporation-dominated basins,
ensuring a more comprehensive assessment of future risks.

Methods
Historical flood simulations
The reliability of our flood modeling hinges on multi-scale hydrological
integration. At the continental scale, MERIT-HYDRO datasets67 provide
foundational terrain parameters (Digital ElevationModel, DEM)with 90m

Fig. 8 | Hydrodynamic assessment of compound flood amplification effects
versus single drivers. a–c High-resolution inundation maps of the Pearl River
Estuary (representative deltaic system) under 99th percentile extreme scenarios. The
panels illustrate inundation patterns driven by: a Fluvial Flooding (FF) only; bHigh-
tide Flooding (HTF) only; and c Compound Flooding (CF), where fluvial and tidal
forces interact. The blue color gradient indicates inundation depth (mm). d Global

comparison of flood exposure across 20 major river basins. The bar chart quantifies
the percentage of inundated estuarine grid cells under isolated (FF, HTF) versus
compound (CF) scenarios. Light blue, medium blue, and pink bars represent FF,
HTF, and CF, respectively. Error bars indicate the uncertainty range associated with
hydraulic roughness sensitivity, varying from 5% to 18% based on specific basin
topography.
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resolution, while the (Dominant River Tracing-Routing) DRT upscaling
algorithm synthesizes these with river morphology data to generate 0.1°
hydrological grids68. River network topology follows the Strahler Order
classification. Hydrological forcing data were derived from ERA5-Land
reanalysis (1950-2024), with hourly runoff fields temporally upscaled to
daily frequencies for simulation purposes. The global-scale flood model
employs a kinematic wave approximation to solve the coupled continuity-
momentum equations69–72, ultimately yielding global flood maps at a daily
temporal scale and a spatial resolution of 0.1°. These synoptic-scale outputs
provide essential boundary conditions for nested high-resolution estuarine
models. In the estuary coastal zones, high-resolution estuarine flood mod-
eling employs MERIT-HYDRO’s 90m topographic data as the hydro-
dynamic baseline, with river centerlines automatically extracted through a
width-threshold algorithm. Spatial matching and coupling between scales
are critical formodel initialization. To perform the precise spatialmatching,
we explicitly align the main channel grid points of the 90m estuarine
domain with the corresponding main channel grid points of the upstream
0.1° network. We extract the simulated discharge time series from these
specific 0.1° main channel grids and impose it as the upstream inflow
boundary condition (Qinflow) for the 90m hydrodynamic model. Whereas
the downstream boundary conditions utilize tidal level data. Within the
90m domain, a one-dimensional dynamic wave method derived from the
Saint-Venant equations is adopted to reconstruct the flood process in the
main river segments with high resolution. This approach explicitly accounts
for both the upstream basin-wide flood dynamics and the downstream
backwater effects induced by high SWL. Furthermore, a 2D inundation
model is incorporated to simulate the inundation diffusion of river grids
subjected to elevated water levels73, ultimately producing the final
inundation process of the estuary river channels with a spatial resolution of
90 meters.

During the simulation, we used the total runoff from the ERA5-Land
reanalysis as the input for surface runoff generation. Through the kinematic
wave model, we simulated the flood distribution with a global resolution of
0.1°. The Saint-Venant equations are formulated as follows:

∂Q
∂x

þ ∂A
∂t

¼ q ð1Þ

gA
∂H
∂x

þ ∂ Q2=A
� �
∂x

þ ∂Q
∂t

þ gASf ¼ 0 ð2Þ

where Q (m3/s) is the streamflow flow discharge; A (m2) is the area of flow
section; q(m2/s) is the lateral inflow. Sf is the friction slope; g (m/s2) is the
gravitational acceleration; and H (m) is the water depth. Kinematic wave
method is used following assumption:
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The following equation is derived from themomentumand continuity
principles embedded in Eqs. (3)-(6):

Qt
m � Qt

m�1
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Q0:6t
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where lateral inflow qtm and qt�1
m is input fromERA5-Land total runoff data.

Qt
m�1 means the inflow discharge from upstream grids at t time step.

The one-dimensional dynamic wave approach is implemented to
simulate tidal-river interactions at basin outlets, solving the Saint-Venant
equations (Eqs. (1) and (2): continuity and momentum conservation)
through a tridiagonal matrix system using the Thomas algorithm. This
numerical scheme computes concurrent water depth and discharge profiles
along the channel network, requiring: (1) initialized discharge-water depth
relationships; (2) upstream boundary conditions: Time-varying inflow
hydrographs; (3) downstream boundary conditions: Sea water level from
tidal stage. Both initial discharges and upstream inflows are derived from
0.1°-resolution gridded runoff products, spatially aggregated to river net-
work nodes through inverse-distance weighting (see Data Availability
Statement).

The two-dimensional surface inundation algorithm incorporates the
flooding algorithm introducedbyChen et al. (2022) for the redistribution of
surface water depths, employing the seeded region growing technique. The
initialization of the water depth field for the two-dimensional river network
is achieved through the assignmentof rivernetworkdepthswith a resolution
of 0.1 degrees. Meanwhile, the water depths in tidal river sections are
determined through dynamic wave calculations and then assigned
accordingly.

The downscalingmethod: (1) The spatial matching between the global
0.1° grid and the local 90mhydrodynamic domain is implemented through
a unidirectional hydrological-hydrodynamic coupling (Fig. 9). At the 0.1°
scale, themodel focuses onbroad-scale runoff generation and routing across
the entire basin. For this, we employ a kinematic wave approximation,
which simplifies the St. Venant equations by assuming the friction slope (sf )
is equal to the bed slope (s0).

(2) To perform the precise spatial matching, we explicitly align the
main channel grid points of the 90m estuarine domain with the corre-
sponding main channel grid points of the upstream 0.1° network. We
extract the simulated discharge time series from these specific 0.1° main
channel grids and impose it as the upstream inflow boundary condition
(Qinflow) for the 90m hydrodynamic model. Within the 90m domain, we
transition from the kinematic wave to a full Dynamic Wave (or diffusive
wave) formulation to resolve the complex water level gradients. The model
solves the shallow water equations:

∂Q
∂t

þ ∂

∂x
Q2

A

� �
þ gA

∂h
∂x

þ Sf � S0

� �
¼ 0 ð8Þ

This ensures that the upstream flow is accurately handed over to the
high-resolution main river stem, allowing the model to physically capture
the non-linear interactions between fluvial discharge and tidal bound-
aries (Htide).

(3) Regarding the mitigation of parametric uncertainty amplifica-
tion, our justification rests on the disparity in data availability across
scales. While high-resolution topographic data (DEM) from MERIT
Hydro is highly reliable at 90 m, hydrological parameters such as soil
hydraulic conductivity are generally only validated at coarser resolutions
(~10 km). Attempting to run a fully distributed hydrological model at
90 m would necessitate interpolating these sparse parameters, leading to
massive equifinality. By maintaining runoff generation at the 0.1° scale
(where land-surface data is robust) and reserving the 90 m scale strictly
for hydrodynamic routing (where topography is the dominant driver),
we leverage the accuracy of the DEMwithout introducing unconstrained
parameter uncertainty.

The hydrological station data employed in this study for historical
validation include sources such as the Global Runoff Data Centre (GRDC),
the United States Geological Survey (USGS), runoff data from Hunan
Province’sHydrological Public ServiceMap, stations provided by theHubei
Hydrology andWaterResourcesCenter, andpublicly accessible stationdata
from the Pearl RiverWater Resources Bureau. The dataset comprises a total
of 33,793 stations,with26,762stationspossessing time series spanningmore
than a year. These station data were matched with model results based on
latitude and longitude for assessment and comparison. The KGE index
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served as the metric to evaluate the fidelity of the model simulations.
We assumed an error tolerance confined within one grid point, and a nine-
grid validation framework was implemented, where each station’s host grid
and its eight contiguous neighbors underwentKGE evaluation. The optimal
KGE value from this 3 × 3 grid matrix was assigned to the station through
spatial optimization, yielding a spatially optimized validation dataset. The
statistical metrics were computed as:

Pearson correlation coefficient:

CC ¼
Pn

i¼1 xi � �x
� �

yi � �y
� �

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn
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where xi is observed runoff at time step i (mm/day)yi: Simulated runoff at
time step i (mm/day).�x and�ymean values of observed and simulated series.
σs and σo mean standard deviations of simulated and observed data.

Future flood simulation and assessment
The assessment of future fluvial floods primarily relies on daily pre-
cipitation data as the foundational input. This involves calculating the
average areal rainfall for each basin and utilizing Rx7day as an indicator
to evaluate the occurrence of basin-wide floods.We adopted SSP5-8.5 as
benchmarks to assess future flood occurrences. The 15 precipitation
datasets from CMIP6 include ACCESS-CM2, CESM2, CMCC-CM2-
SR5, CMCC-ESM2, EC-Earth3-CC, EC-Earth3-Veg-LR, FGOALS-g3,
GFDL-ESM4, INM-CM4-8, INM-CM5-0, and IPSL-CM6A-LR (see

Table S4 for detailed information). Due to variations in resolution, these
models were uniformly resampled to a spatial resolution of 1° using
bilinear interpolation. To rigorously assess hydrological responses
beyond meteorological proxies, we additionally utilized daily total
runoff outputs from a subset of 13 CMIP6 models (detailed in Table S6)
to simulate physical river discharge. Using the kinematic wave routing
scheme, we generated daily streamflow series and extracted discharge
data specifically at the river mouths (estuaries) of the 20 basins to
quantify future trends in runoff magnitude under both SSP2-4.5 and
SSP5-8.5 scenarios.

The historical analysis utilizes two primary baseline datasets with
specific temporal constraints: the ERA5-Land reanalysis provides a con-
tinuous historical record from 1950 to 2024, facilitating long-term trend
assessment. In contrast, for climate-drivenprojections, theCMIP6historical
baseline is standardized to 1950–2014, as the historical experimental pro-
tocol officially transitions to future SSP scenarios in 2015. This slight var-
iation in timeframes is necessary to leverage the most recent reanalysis
observations while maintaining alignment with standardized CMIP6
modeling protocols.

The SWLdata along coastal regions primarily generated fromDeltares
Global Tide and Surge Model (GTSM) version 3.0, using CMIP6 model
results under SSP5-8.5, encompassing five models: CMCC-CM2-VHR4,
EC-Earth3P-HR, GFDL-CM4C192-SST, HadGEM3-GC31-HM, and
HadGEM3-GC31-HM-SST74. These models simulate the uplift effect of
tides on river channels based on hourly water level data and consider high-
resolutionHTF scenarios. Similar to the hydrological datasets, the temporal
coverage of SWL data varies by source: the CMIP6-driven GTSM historical
simulations are constrained to the 1950–2014 window, while the ERA5
reanalysis for SWL extends to 2024 to provide a more comprehensive his-
torical record of coastal extremes. All baseline comparisons and frequency
analyses have been adjusted to ensure temporal consistency within their
respective modeling chains.

Fig. 9 | Schematic illustration of the multi-scale unidirectional coupling frame-
work. The diagram demonstrates the downscaling process from global 0.1°
hydrological routing to local 90 m estuarine hydrodynamics. Left: At the 0.1°
scale, basin-wide runoff is routed using the Kinematic Wave approximation based
on ERA5 forcing and the DRT river network, driven primarily by gravity. Center: A
spatial matching procedure explicitly aligns the 0.1° main channel with the 90 m

domain inlet, transferring the simulated discharge Q tð Þ as the upstream boundary
condition. Right: At the 90 m scale, the model transitions to the full Dynamic Wave
(Shallow Water Equations) formulation. This allows for the explicit resolution of
complex water level gradients and tidal backwater effects (Tidal Interactions) using
high-resolution topography, which are neglected in the kinematic wave
approximation.
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Assumptions of the CF simulation
The analysis and numerical simulations conducted in this study are based
on the following assumptions:

(1) Fluvial floods are operationally defined by areal precipitation
exceeding the 99th percentile threshold derived from 1950–2015 basin
observations.

(2) High-tide flooding onset corresponds to estuarine water levels
surpassing the 99th percentile of 1950–2015 tidal records.

(3) Vertical datum alignment ensures consistency between the tidal
reference plane and DEM baseline elevations.

(4) Hydraulic connectivity couples each river mouth to its nearest
oceanic tidal node, with the latter’s stage defining the downstreamhydraulic
boundary.

(5) The 2D inundation algorithm assumes daily temporal resolution is
sufficient to propagate channel floods to the maximum hydraulically con-
nected extent.

Simulation of FF, HTF, and CF
In this study, floods are primarily classified into three categories based on
their causes:
(1) FF, which primarily describes floods resulting from intense rainfall

within a river basin. These floods are driven by the accumulation of
precipitation in upstream areas, leading to overflow and subsequent
inundation downstream.

(2) HTF,whichmainlypertains to the coastalflooding causedby the rise in
sea levels at rivermouths.This typeoffloodingoccurswhenocean tides
reach exceptionally high levels, causingwater to spill over into adjacent
low-lying areas and coastal regions.

(3) CF, which represents a complex interaction between the above two
types of flooding in river mouth regions. In compound flooding sce-
narios, river-fluvialfloods are exacerbatedby thepresenceof high tides.
The combined effects of riverine runoff and tidal surge can result in
more extensive and severe inundation than would occur from either
factor alone.

The simulation methods for these three types of floods vary slightly.
For pure FF simulations, the kinematic wave approach is predominantly
used globally, without considering downstream backwater effects or tidal
backwater influence. TheMERIT-HYDROhydrological dataset, upscaled
using the DRT method to a spatial resolution of 0.1°, along with ERA5
runoff and daily runoff data from CMIP6, are used to simulate river
routing flow in the kinematic wave form, yielding global FF results at a
spatial resolution of 0.1°. In HTF simulations, theMERIT-HYDRODEM
data with a spatial resolution of 90 meters is used as the baseline, and sea
level data from ERA5 and CMIP6 at estuaries are used as input. The
coastline and sea level grid points are matched and assigned values, and
the inertia wave method is employed to simulate high-resolution coastal
inundation scenarios. For CF simulations, the DEM with a resolution of
90meters is also used as the baseline. The upstreamboundary condition is
the kinematic wave runoff at a resolution of 0.1°, serving as the state input.
The downstream boundary condition is the sea level grid point, serving as
the input. The dynamic wave backwater effect is simulated formajor river
segments.

Dependence analysis of drivers
To empirically verify the independence assumption between FF and HTF,
we conducted a lag correlation analysis across all 20 study basins using the
reanalysis dataset (1950–2024). We employed Kendall’s rank correlation
coefficient (τ) to assess the temporal dependence between daily river dis-
charge anddaily sea level75–77. Considering the hydrological response timeof
large basins, we tested time lags ranging from 0 to 7 days and identified the
maximum correlation for each basin. The analysis reveals that for the
majority of basins (e.g., Mississippi, Rhine, Yellow), the dependence is sta-
tistically insignificant (p > 0.05) or negligible (τ < 0.05), validating the
independence assumption. In basins exhibiting weak negative correlations

(e.g.,Mekong), the independence assumption yields a conservative estimate
of joint probability. For the few basins with moderate positive correlations
(e.g., Ganges, Yangtze), the independence assumption represents a con-
servative lower bound of the compound risk. Detailed statistical results are
provided in Table S5 and Fig. S7.

It is critical to distinguish between occurrence independence and
impact independence in our modeling framework. The probability calcu-
lation p cf

� � ¼ p ff
� �

× p htf
� �

assumes occurrence independence, which
refers to the statistical likelihood of extreme discharge and high sea levels
coinciding in time. While we simplify this statistical coupling (verified as
valid or conservative for most basins), our methodology explicitly accounts
for impact dependence through hydrodynamic modeling. By dynamically
coupling river boundaries with tidal-surge boundaries, our hydrodynamic
model (integrating kinematic and dynamic wave solvers) captures the
physical interactions—specifically the backwater effect—where high sea
levels impede river drainage and non-linearly amplify flood levels.

Multi-scale flood simulation
We initiated global 0.1°-resolution kinematic wave runoff simulations
validated against basin-scale observational discharge. Subsequently, we
established spatial topological connectivity between 0.1° and 90-m resolu-
tion river networks, dynamically downscaling hydrologically verified 0.1°
discharges to 90-m mainstem grids through drainage-area weighting to
eliminate redundant upstreamcomputations. For estuarine zones, full 90-m
resolution topological networks spanning headwaters to river mouths were
extracted for local flood modeling, while mainstem channels retained 0.1°
resolution where appropriate - an approach that optimizes computational
efficiency while preserving basin integrity. This multi-resolution strategy
intentionally mitigates parametric uncertainty amplification inherent in
hyper-resolution large-basin modeling where subsurface characteristics are
poorly constrained, while simultaneously meeting high-precision require-
ments for vulnerable coastal regions. During 90-m model construction,
Strahler stream orders were derived from MERIT hydrography flow-
direction data. Basin completeness was verified via upstream tracing from
each estuary cell: systems reaching source grids (Strahler order = 1) within
the domainwere classified as complete, while truncated basins incorporated
boundary inflows scaled from 0.1° discharge data using catchment-area
matching. ERA5-Land total runoff (0.1° resolution) provided hydrological
forcing, downscaled to 90-m grids via nearest-neighbor sampling. Estuarine
inundation was simulated using dynamic wave routing incorporating tidal
backwater effects, with sea-level boundaries at river mouths derived from
CMIP6 scenarios.

Statistical analysis and trend quantification
To quantify the changes in flood frequency, we calculated the percentage
increase (R) using the formulaR = (�Ffuture � �FbaselineÞ=�Fbaseline, where �F
denotes the multi-year average frequency for the baseline (1950–2014) and
future (2015–2050) periods. The aggregate percentage increases reported
(e.g., for HTF and FF) represent the arithmetic mean of the individual
percentage changes across the 20 study basins. For the multi-model
ensemble, we applied an equal-weight approach to the 5CMIP6 models.
Statistical significance of the projected changes was assessed using the
Wilcoxon signed-rank test (p < 0.01), while historical trend significancewas
evaluated using the Modified Mann-Kendall test to account for temporal
autocorrelation in the hydrological time series.

Data availability
The hourly CMIP6 sea water level dataset, ERA5-Land dataset are available
on the Climate Data Store: https://cds.climate.copernicus.eu/. The CMIP6
precipitation and runoff datasets are available at https://esgf-node.llnl.gov/
search/cmip6/. The observed records of global stream flow are obtained
fromGRDC(http://www.bafg.de/GRDC),USGS (https://www.sciencebase.
gov/catalog/), Hunan Province’s Hydrological Public Service Map (http://
yzt.hnswkcj.com:9090/#/), Yangtze River Hydrological Website (http://
www.cjh.com.cn/sqindex.html), and Water Information Website of the
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HydrologyBureauof thePearl RiverWaterResourcesCommission (https://
zjhy.mot.gov.cn/zhuhangsj/shuiqingxx/). The MERIT Hydro datasets can
be downloaded from the website: http://hydro.iis.u-tokyo.ac.jp/~yamadai/
MERIT_Hydro/. The code used as the basis for this study is available at
Zenodo: https://doi.org/10.5281/zenodo.18264563.
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