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Increasing tropical cyclone rainfall and 
landslide risk in Southern California
 

Laiyin Zhu    1, Yuan Wang    2  , Kerry Emanuel    3, Sasha N. Tolstoff    2 & 
Noah S. Diffenbaugh    2,4

Tropical cyclone (TC) risk has long been overlooked in Southern California 
due to its relatively low historical frequency. Here we couple a physics-based 
TC downscaling model with a probabilistic, machine learning-based 
landslide model to assess changes in TC rainfall and landslide risks in ten 
Southern California counties. Historical simulations and reanalysis data 
show robust agreement in downscaled TC rainfall. The return period of 
Hurricane-Hilary-magnitude rainfall (~100 mm) shortens by 50% from 
110 years to 54 years in a future high-emission warming scenario. Eastern 
Pacific sea surface temperature is projected to increase by 2.7 ± 0.7 °C from 
1985–2014 to 2071–2100 and, together with enhanced mid-tropopsheric 
moisture, contribute to increasing TC rainfall risk. All Southern California 
counties exhibit growth in areas exposed to landslides from 2000 to 2050. 
The steepest fractional increases in landslide exposure exist in low-income 
households with a heavy tax burden. These findings underscore a pressing 
need for proactive and equitable planning and mitigation strategies for TC 
rainfall-induced hazards.

Tropical cyclones (TCs) cause massive amounts of damage globally1–3. 
In the USA, damage caused by TCs occurs primarily along the Atlan-
tic and Gulf coasts4,5. In comparison, the Pacific coast of the USA 
is less exposed to landfalling TCs due to lower local sea surface 
temperatures (SSTs) driven by cold currents and upwelling in the 
eastern Pacific Ocean6. Historically, strong TCs have occasionally 
made landfall in Southern California, causing catastrophic dam-
age7. For example, the 1939 California tropical storm cost 43 dead 
or missing and US$1 million damages (US$22.6 million today with 
inflation adjustment)8. In 2023, Hurricane Hilary produced massive 
inland flooding and landslides in Southern California and the Baja 
California peninsula in Mexico, resulting in three fatalities and over 
US$900 million in damages9.

Historically, Southern California has frequently observed land-
slide cases with fatalities (Supplementary Fig. 1). Previous literature 
has also discussed the major contribution of atmospheric rivers to 
California’s wet season precipitation and their ability to generate an 
extreme ‘mega flood’ event10. During summer and fall seasons, TCs can 

produce more intense rain rates within a short period than atmospheric 
rivers11, and trigger severe flash floods and landslides9,12. For example, 
Hurricane Hilary (Supplementary Fig. 2a) has produced record daily 
rainfall in Los Angeles (63 mm) and San Diego (46 mm) since 1877 
and 1875, respectively9. Moreover, landfalling TCs during Southern 
California’s warm and dry season have the potential to compound 
with drought and wildfires, creating ‘whiplash’ storms13 with unique 
associated risks.

A heavy TC rainfall event in this region is normally described 
as a ‘grey swan’ event—a high-impact event that cannot be precisely 
predicted by historical data but can be anticipated based on avail-
able physical knowledge of the climate system14. Recent climate 
change has established regional oceanic and atmospheric condi-
tions that increasingly favour the development of such ‘grey swan’ 
TC events, including the rapidly rising ocean surface temperature 
along the California coast15, greater atmospheric instability16 and 
enhanced atmospheric moisture capacity following the Clausius–
Clapeyron scaling17,18.
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has discussed the connections between landslide risk and rainfall vari-
abilities under the present and future climate24–27. Still, our understand-
ing of TC rainfall’s role in landslides is constrained by limited historical 
observation records, particularly for Southern California. Given those 
gaps, we integrate a physics-based synthetic TC model with a machine 
learning-based probabilistic landslide model and high-resolution 
population information to investigate how global warming influences 
the probability of TC rainfall in Southern California, what the pos-
sible controlling factors are, how changes in TC rainfall risk influence 
landslide risk and whether social disparities exist in exposure to the 
changing TC rainfall-induced landslide risk.

Such heavy TC rainfall events pose a particular risk for Southern 
California, home to major metropolitan areas like Los Angeles and San 
Diego, the 2nd and 23rd largest urban areas in the USA, according to the 
2023 census data19. Groups with diverse socioeconomic statuses reside 
in this region, potentially creating social disparities in exposure to 
weather-related disasters and in certain communities’ ability to recover 
from extreme weather events. Moreover, complex regional orography 
is known to strengthen precipitation over the mountain ranges14,20,21 and 
create vulnerable environments for severe landslides22,23.

Despite these risks, there is still limited knowledge about the spe-
cific risks of ‘grey swan’ TC events in Southern California. Previous work 
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Fig. 1 | TC rainfall and its return periods based on the historical and SSP3-
7.0 climate scenarios. a, Multi-model mean of TC rainfall return period. Lines 
represent eight model ensemble means for the historical (Hist) runs (blue), SSP3-
7.0 runs (red) and the ERA5 run (black) for Los Angeles (34° 03′ N, 118° 15′ W), 
and shadings represent upper and lower model estimates from the historical 
ensemble (blue) and SSP3-7.0 ensemble (red). Inset shows the probability 
distribution functions (PDF) for return periods (years) of 100-mm TC rainfall 
based on eight models of historical and SSP3-7.0 climate scenarios, estimated by 
bootstrapping ensemble GCM estimates. b, Fractional changes in return periods 
of the 100 mm TC rainfall between the historical ensemble mean and the SSP3-7.0 
ensemble mean at all locations (formula shown in the panel). c–j, Lines show the  

mean TC rainfall risk for Los Angeles, estimated from downscaling eight climate 
models (UKESM1-0-LL (c), MRI-ESM2-0 (d), MPI-ESM1-2-HR (e), MIROC6 (f), 
IPSL-CM6A-LR (g), EC-Earth3 (h), CNRM-CM6-1 (i) and CESM2 (j)), for the 
historical (blue) and SSP3-7.0 (red) runs. Shadings are 95% confidence intervals 
(CIs) calculated from 1,000 bootstrap samples for each of the 100 steps, based 
on the Monte Carlo algorithm that fits each GPD (Methods). Green dashed lines 
in panels a and c–j represent Hurricane Hilary’s accumulative precipitation 
(~100 mm) for Los Angeles. The return periods of 100 mm TC rainfall and 95% 
CIs are also labelled for Hist runs (blue) and SSP3-7.0 runs (red) in panels c–j. 
Basemap in b created with MATLAB28.

http://www.nature.com/natureclimatechange


Nature Climate Change

Article https://doi.org/10.1038/s41558-026-02633-w

Elevated TC rainfall risk
We employ a physics-based TC rainfall model embedded in a synthetic 
TC downscaling framework (Methods and Supplementary Information) 
to predict rainfall spatial distributions at the event level. We filter 1,200 
synthetic TCs within 500 km of Los Angeles (34.05° N, −118.24° W), 
downscaled from each of the eight global climate models (GCMs) 
in Phase 6 of the Coupled Model Intercomparison Project (CMIP6). 
The CMIP6 simulations include historical and Shared Socioeconomic 
Pathway (SSP) 3-7.0 future forcing scenarios28,29. The SSP3-7.0 scenario 
reflects a GHG pathway30 with continued high levels of aerosol emis-
sions and decreases in forest area, providing a more recommended GHG 
emission range for the impact assessment of future warming climate31. 
For comparison with historical climate variability, we also generate 
a synthetic TC set based on the European Centre for Medium-Range 
Weather Forecasts Reanalysis version 5 (ERA5) data. We then apply 
the generalized Pareto distribution (GPD) to model the tail of the 
heavy TC rainfall distribution (>90th percentile of the data, ~10 mm) 
and the return period curves (Methods). Multiple statistical tests 
(Supplementary Figs. 3–6 and Supplementary Table 2) demonstrate 
that the GPD technique has reasonable skills.

The ensemble means of all eight downscaled TC sets demon-
strate systematically increased TC rainfall risk at Los Angeles and 
surrounding locations in response to global warming (Fig. 1a,b). The 
TC rainfall risk from ERA5 is generally consistent with the historical 
ensemble when the rainfall amount is less than 100 mm for the Hur-
ricane Hilary event (Supplementary Fig. 2). The return period of the 
100 mm TC rainfall event decreases by 50% (with uncertainty bounds 
between 19% and 77%), from ~110 years in both ERA5 and the histori-
cal simulations (bounds between 56 and 258 years) to 54 years in the 
SSP3-7.0 scenario (bounds between 25 and 89 years). The elevated 
TC rainfall risk is widespread in Southern California, with 144,157 km2 
(76%) of the study area exhibiting a greater than 50% reduction in the 
return period of the 100 mm TC rainfall (Fig. 1b). The total areas with 
<100 years of return period for the 100 mm TC rainfall increase from  
12,004 km2 (7.42%, Extended Data Fig. 1a) based on the historical ensem-
ble mean estimate to 27,423 km2 (15.4%, Extended Data Fig. 1b) based 
on the SSP3-7.0 estimate. Generally, heavier rainfall events associated 

with TCs are predicted to occur more frequently along the Southern 
California coast.

TC rainfall downscaled from eight individual CMIP6 GCMs (Fig. 1c–j)  
exhibits substantial inter-model variability in magnitude. Models 
UKESM1-0-LL, MIROC6, IPSL-CM6A-LR, EC-Earth3, CNRM-CM6-1 and 
CESM2 (Fig. 1c,f–j) show consistently larger increases in TC rainfall risk, 
whereas MRI-ESM2-0 and MPI-ESM1-2-HR (Fig. 1d,e) demonstrate mini-
mal differences. MPI-ESM1-2-HR, MIROC6, CNRM-CM6-1 and CESM2 
systematically estimate higher TC rainfall risk than the other GCMs, 
with return periods for the 100 mm event falling below 100 years in 
the SSP3-7.0 scenarios. EC-Earth3 and CNRM-CM6-1 (Fig. 1h,i) show 
larger fractional increases in TC rainfall risk, projecting six- to eight-fold 
greater TC rainfall under SSP3-7.0 than in historical simulations.

The GCM ensemble mean SST of the eastern Pacific Ocean 
TC development region (−80° W to −140° W and 5° N to 40° N) 
is projected to increase from 26.7 ± 0.6 °C in the historical period 
(1985–2014) to 29.3 ± 0.7 °C in SSP3-7.0 (2071–2100), with a 
slope of 0.03 °C per year (P < 0.01) from 1985 to 2100 (Fig. 2a and 
Extended Data Fig. 2). This increasing trend is consistent among the 
eight GCMs (Supplementary Fig. 7). We also independently identify 
warming trends (Fig. 2a) in historical SST observations from the ERA5 
reanalysis (0.007 °C per year from 1940 to 2024, P < 0.01) and the 
National Oceanic and Atmospheric Administration Optimum Interpo-
lation Sea Surface Temperature V2 dataset (0.016 °C per year from 1981 
to 2024, P < 0.01). The regions with warmer SST (for example, above 
26.5 °C) have expanded substantially northward (Extended Data Fig. 2). 
The absolute SST values show widespread increases from the historical 
simulations to SSP3-7.0 (Supplementary Fig. 8a). In contrast, the frac-
tional increases are notably more pronounced in the northern region 
near the California coast (Supplementary Fig. 8b). All GCMs exhibit 
similar spatial patterns of SST warming, albeit with varying magni-
tudes of change (Supplementary Figs. 9–12). The GCMs showing larger 
increases of TC rainfall risk (UKESM1-0-LL, MIROC6, IPSL-CM6A-LR, 
EC-Earth3, CNRM-CM6-1 and CESM2, Fig. 1) also generally demonstrate 
larger increases in SST (Supplementary Fig. 11a,e–g). However, TC 
rainfall from different GCMs exhibit variability in their sensitivity to 
SST change (Extended Data Fig. 3a). Global and regional SSTs directly 
control rain rate following Clausius–Clapeyron scaling32. Our result 
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Fig. 2 | Evolutions of environmental variables relevant to TC dynamics and 
rainfall. a, SSTs from eight CMIP6 GCM models UKESM1-0-LL, MRI-ESM2-0, MPI-
ESM1-2-HR, MIROC6, IPSL-CM6A-LR, EC-Earth3, CNRM-CM6-1 and CESM2, their 
ensemble means, ERA5 reanalysis and the National Oceanic and Atmospheric 
Administration Optimum Interpolation Sea Surface Temperature V2 dataset. 

b, Specific humidity at 500 hPa for eight CMIP6 GCM models and the ERA5 
reanalysis. c, Vertical wind shear calculated between 200 hPa and 850 hPa for 
eight CMIP6 GCM models and the ERA5 reanalysis. All metrics are based on 
seasonal means from May to November in the eastern Pacific TC development 
region from 1985 to 2100.
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indicates that the ensemble mean hourly TC rain rate with a 100-year 
return period is likely to increase by 28% from the historical to the 
SSP370 simulations (Extended Data Fig. 4). From our estimates, Clau-
sius–Clapeyron scaling is ~9% per kelvin of SST change—larger than 
the theoretical value (7%) and the value (5%) reported by idealized 
climate model simulations32.

Elevated atmospheric moisture increases TC rainfall risk in 
Southern California. Mid-level humidity is an important contribu-
tor to TC development, intensification and rainfall processes33. We 
observe a substantially increasing trend in the ensemble mean of 
specific humidity at 500 hPa in the eastern Pacific, with a slope of 
9.2 × 10−6 kg kg−1 yr−1 (P < 0.01, Fig. 2b) from 1985 to 2100. The ERA5 
reanalysis also shows an increasing trend in the specific humidity, with 
a slope of 4.2 × 10−6 kg kg−1 yr−1 from 1979 to 2024 (P < 0.01, Fig. 2b). 
The sensitivity varies across different GCMs for changes in TC risk to 
elevated specific humidity (Extended Data Fig. 3b). The GCM ensemble 
mean of eastern Pacific mid-level relative humidity also increases by 
0.02% per year from 1985 to 2100, with ERA5 increasing by 0.045% per 
year from 1979 to 2024 (Supplementary Fig. 13).

In contrast, stronger vertical wind shear usually inhibits TC 
development34,35 and could introduce asymmetries in TC rainbands36,37. 
We find an increasing trend in eastern Pacific vertical wind shear of 
between 200 hPa and 850 hPa, with a slope of 0.014 m s−1 yr−1 (P < 0.01) 
from 1985 to 2100 based on the GCM ensemble mean (Fig. 2c). 

Interestingly, ERA5 shows a statistically decreasing trend in vertical 
shear from 1979 to 2024, with a slope of −0.034 m s−1 yr−1 (P = 0.03).

Change in TC rainfall-induced landslides
Intense TC rainfall will destabilize the soil and likely create landslides 
on the mountain slopes12. Here we use the National Aeronautics and 
Space Administration Landslide Hazard Assessment for Situation 
Awareness model version 2.1 (LHASA 2.1)38 to calculate local landslide 
probabilities (1-km grid) based on TC rainfall with the same initial soil 
moisture condition as Hurricane Hilary (Methods). We show that, on 
average, 79.5% (58,493.6 km2) of Southern California is exposed to high 
landslide probability (P > 0.5) if hit by TC rainfall with a 100-year return 
period in SSP3-7.0 (Fig. 3a). Mountain ranges facing the Pacific Ocean 
(Supplementary Fig. 14) exhibit a larger landslide probability (Fig. 3a) 
and they show larger fractional changes than the inland region (Fig. 3b). 
The high landslide probability area (P > 0.5) increases by 20,847 km2 
(Fig. 3b), accounting for more than 55.4% of the historical scenario 
estimate (Supplementary Fig. 15).

All ten counties of interest exhibit an increased fraction of area 
exposed to higher landslide risk (Fig. 3c). Notably, as the most popu-
lous county, Los Angeles has 2,989 km2 (49.6%) of its domain area 
exposed to severe landslide risk (P > 0.8) in the historical scenario. 
This severe risk area increases by 1,655.7 km2 (+55.4%) in the SSP3-7.0 
scenario, reaching 77.1% of Los Angeles’ total area. Other densely 
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Fig. 3 | Landslide probability based on TC rainfall events with a 100-year 
return period. The maximum landslide probability is calculated across the 
three consecutive, most rainfall-intensive days for eight GCMs with 20 TC events 
each. a, Median landslide probability from the SSP3-7.0 ensemble. b, Changes 
in landslide probability from the historical ensemble to the SSP3-7.0 ensemble 

(calculated as SSP3-7.0 − historical). c, Fraction of areas with landslide probability 
from the historical ensemble median (blue) and the SSP3-7.0 ensemble median 
(red), summarized within different counties. Basemap administrative boundaries 
in a and b from GADM v.3.6.
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populated counties also demonstrate substantial increases in areal 
exposure to severe landslide, including Orange County (by 212.9 km2, 
+25.6%), San Diego (by 924.6 km2, +13.3%) and San Bernardino (by 
2,910 km2, +115.4%). Those increases are primarily contributed by 
substantially increased TC rainfall intensity, and partially influenced by 
the larger inter-model variations in TC landslide probability estimates 
from the SSP3-7.0 scenario, as shown in the interquartile range maps 
in Extended Data Fig. 5.

Population exposure to TC rainfall landslides
We overlay landslide probability maps from each GCM with population 
density estimates in 2000 and projections for 2050 and 2100 (SSP3, 
regional rivalry; Methods)39. A total of 90% of counties exhibit increases 
in ensemble mean population exposure to landslides from 2000 to 
2050, with a median fractional increase of 72.1% across individual GCMs 
ranging from 36.1% to 410.6% (Fig. 4a). We also identify slight decreases 
in population exposure in 2100, albeit still mostly higher than the 2000 
statistics, due to the projected decline in county-level population from 
2050 to 2100 (Extended Data Fig. 6). Meanwhile, Los Angeles, San 
Diego and Orange County show large fractional increases in popula-
tion exposed to severe landslide risk (P > 0.8, Fig. 4b). Census tracts 

with larger exposure (Extended Data Fig. 7) and more absolute change 
(Fig. 4c) are more likely to cluster over the mountainous areas along 
Los Angeles, Orange County and San Diego, while the fractional change 
map (Fig. 4d) shows a more complex and widespread spatial pattern.

Social equity has become a focus of debates on disaster exposure 
and vulnerability in both the USA and globally40,41. By integrating the 
current census-tract-level family income dataset with our estimates of 
future TC landslide probability (Methods), we show more low-income 
households (<US$100,000 annual income) than high-income house-
holds (>US$200,000 annual income) are exposed to landslides in both 
2000 and 2050 (Extended Data Fig. 8). Low-income households (Fig. 5a) 
also face more increases in landslide exposure than high-income 
households from 2000 to 2050 (Fig. 5a,b), contributed by both spatial 
heterogeneity of household incomes and the changing landslide prob-
ability. The more detailed income breakdown analyses demonstrate 
stronger social disparities in projected changes in landslide expo-
sure (Fig. 5a). The ensemble median exposure for <US$50,000 annual 
income households will increase by 197%, while the >US$200,000 
annual income households will increase by only 40%. Number of house-
holds with >US$200,000 income have larger net increases in exposure 
by ~86,500, which is 35% more than the net increase in exposure of 
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Fig. 4 | Changes in population exposure to landslides induced by TC rainfall 
events with a 100-year return period. a, Populations exposed to landslides 
in different counties. Eight GCM ensemble means are calculated as bars for 
the historical (Hist) ensemble + SSP3 population in 2000 (blue), SSP3-7.0 
ensemble + SSP3 population in 2050 (red) and SSP3-7.0 ensemble + SSP3 
population in 2100 (yellow), with error bars representing the standard deviations 
from eight GCM ensemble members in dots; ensemble means for Imperial, Kern 

and San Luis Obispo are labelled as numbers. b, Fractional changes in population 
exposure to different landslide probability ranges (P) from 2000, 2050 and 2100. 
c, Changes in population exposure to landslides at the census tract level from 
2000 to 2050, based on the mean value from eight ensemble member estimates. 
d, Fractional changes (%) in population exposure to landslides at the census tract 
level from 2000 to 2050. Basemaps in c and d created with MATLAB28.
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households with <US$50,000 annual income (~63,900) but 34% less 
than the net increase in the exposure of households with <US$100,000 
annual income (~131,000 when we combine the <US$50,000 and the 
US$50,000–100,000 income brackets). There is variability among 
GCM estimates (Fig. 5c,d), but they follow consistent patterns at dif-
ferent scales. Additionally, we overlay paid tax data at the zip code 
level with the same sets of landslide probability maps (Methods) and 
show that low-income households have larger fractional increases in 
exposed paid tax than high-income households (Extended Data Fig. 9 
and Supplementary Fig. 16).

Discussion
Our results suggest a broad consensus on the increased TC rainfall risk 
under a warmer climate. The increased TC rainfall risk is very closely 
linked to substantial SST increases within the eastern Pacific TC devel-
opment region (5–40° N, 140–80° W), as warmer SST is likely to be more 
favourable for TC development by providing larger surface enthalpy 
fluxes and releasing greater latent heat in the atmosphere42,43, leading to 
higher rainfall rates. Under the SSP2-4.5 scenario, the regional SST also 
exhibits robust increasing trends (Supplementary Fig. 17), although the 

magnitudes are smaller than those under the SSP3-7.0 scenario. We also 
find increases in both specific and relative humidity over the eastern 
Pacific enhance TC rainfall rates following the Clausius–Clapeyron 
scaling, and even at a higher rate through ‘super’ Clausius–Clapeyron 
scaling at the local scale32. Note that there is uncertainty in the response 
of regional vertical wind shear to continued warming, with GCMs pro-
jecting slight increases in the future under SSP3-7.0 but observations 
showing decreases from 1979 to 202444. Hence, its influence on the 
changing probability of TC landfall in Southern California requires 
further investigation.

There is pronounced spatial variability in TC rainfall across the 
region, as demonstrated by the return period maps of 100 mm TC rain-
fall (Extended Data Fig. 1), and the maps of TC rainfall with 100-year 
return periods (Extended Data Fig. 10; Supplementary Figs. 2b, 19 and 
20) and 500-year return periods (Supplementary Figs. 18, 21 and 22). 
Larger TC rainfall is primarily concentrated in regions of complex ter-
rain (Supplementary Fig. 14) facing the Pacific Ocean, possibly due to 
the rapid orographic lifting of moist air10,24,45. This effect can be captured 
by our TC rainfall algorithm using high-resolution topography data46. 
Our analyses also indicate that enhanced TC rainfall is introducing 
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Fig. 5 | Changes in households exposed to landslides induced by TC 
rainfall events with a 100-year return period. a, Changes in households with 
<US$100,000 annual income exposed to landslide risk from the historical to the 
SSP3-7.0 scenario, mapped as the ensemble mean value by census tracts.  
b, Changes in households with >US$200,000 annual income exposed to 
landslide risk from the historical to the SSP3-7.0 scenario. c, Fractional changes in 
households exposed to landslides from the historical to the SSP3-7.0 scenarios, 
calculated as a lump sum across all census tracts for each GCM, shown as 

box-and-whisker plots for each household income category. The interquartile 
range (IQR, bounds defined as 25th and 75th percentiles) of eight GCM estimates 
(coloured dots) is shown as the height of the filled box, the median is the black line 
and the whiskers represent the minimum and maximums of the sample. d, Net 
changes in the number of households exposed to landslides from the historical 
to the SSP3-7.0 scenarios, shown as box-and-whisker plots for each household 
income category. Basemaps in a and b created with MATLAB28.
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widespread increases in landslide risk across Southern California, with 
the most pronounced pattern over the coastal-facing mountain ranges. 
Some mountainous areas also have high population densities and are 
particularly susceptible to landslides when increasing TC rainfall and 
rapid urbanization effects are combined47. Southern California’s popu-
lation exposure to TC rainfall-induced landslides will likely increase 
rapidly from the present to 2050, driven by both the elevated probability 
of extreme TC rainfall under a warmer climate and projected population 
growth in the SSP3 scenario. However, a reduction in exposure will likely 
occur from 2050 to 2100, primarily due to SSP3’s projected decline in 
total population in the latter half of the century48.

The projected increases in TC rainfall and the associated landslide 
risk have implications for the public and decision-makers. In the cur-
rent climate, atmospheric rivers during cool, wet seasons are typically 
regarded as the main drivers of rainfall in this region, and residents are 
generally well-adapted to these events. In contrast, heavy TC rainfall 
occurs less frequently but is usually more intense within a shorter 
period49. Furthermore, the climatological eastern Pacific TC season 
primarily overlaps with California’s warm, dry seasons, potentially 
compounding the impacts of extreme drought and wildfires. Wild-
fires and long-lasting drought could also exacerbate flash floods and 
landslides in the region50,51. With more intense and frequent wildfires 
in California in recent decades52, future research should investigate the 
hydroclimatic ‘whiplash’ effects on vegetation dynamics and incorpo-
rate these processes into landslide risk assessments53,54.

The present study provides a county-level risk assessment of TC 
rainfall and associated landslides in Southern California, offering a 
basis for informing efforts to reduce hazard impacts that could be 
exacerbated by climate change, economic development and popula-
tion growth. Mitigation strategies should include improving the pre-
diction and monitoring of TC development over the Northeast Pacific, 
implementing stricter zoning regulations to restrict construction in 
areas with high landslide probability, maintaining robust vegetation 
to stabilize susceptible soils, and employing structural hardening 
measures to reinforce infrastructure in vulnerable zones. We also esti-
mate the varied exposures to projected changes in TC rainfall-induced 
landslide risk among families with different annual incomes and tax 
brackets in Southern California. Low-income households (<US$50,000 
annually) have disproportionately larger fractional increases in expo-
sure to landslide risk than higher-income households (>US$200,000 
annually), and the exposed paid tax has the fastest-growing rate for 
low-income households, which could increase their vulnerability 
when facing exacerbated TC-induced landslide risk under a chang-
ing climate6, given the relatively limited resources available to those 
disadvantaged communities. Disparities in exposure and vulnerability 
have been previously reported for various hazard types in Southern 
California, including wildfires, urban flooding and heatwaves44,55,56. 
The large and disproportionate increases in population exposure in our 
study can be attributed to more frequent and intense TC rainfall events 
under a warmer climate and the widespread geographical distribution 
of low-income communities. Meanwhile, communities with limited 
resources face more challenges in recovery, as reflected in previous 
catastrophes such as hurricanes Katrina and Harvey57,58. Potential 
actions to mitigate this vulnerability include implementing policies 
that promote resilient and low-cost housing, adopting participatory 
approaches to urban planning that ensure fairness and safety, provid-
ing education and training in hazard prevention and offering reason-
able relocation assistance for areas at high risk.

Online content
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maries, source data, extended data, supplementary information, 
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Methods
The synthetic TC model and risk assessment
We first downscale synthetic TCs based on eight CMIP6 GCMs 
(Supplementary Table 1) and the ERA5 reanalysis. We then generate 
1,200 tracks for each CMIP6 model for two periods: 1985–2014 from the 
historical simulations and 2071–2100 from the socioeconomic pathway 
SSP3-7.0 simulations, which include a 7 W m−2 radiative forcing by the 
year 2100. Additionally, we generate 1,260 tracks based on the ERA5 
reanalysis from 1980 to 2022. All CMIP6 (historical and SSP3-7.0) and 
ERA5 TCs are within 500 km of Los Angeles (34° 03′ N, 118° 15′ W) with 
a maximum one-minute surface wind ≥35 knots (65 km h−1). Here we 
assume that the annual frequency of TCs does not change (~0.11 for TCs 
within 500 km of Los Angeles) but follows a Poisson distribution, based 
on the default setup of a synthetic TC downscaling algorithm59. We 
apply the TC rainfall algorithm60–63, which can simulate hourly rain rates 
at any location from a rain field defined by each TC location along each 
synthetic TC track. This algorithm has been validated using in situ and 
remotely sensed precipitation products61,63. The TC rainfall algorithm 
calculates TC convective rainfall based on quasi-balanced physics, with 
additional considerations for the surrounding atmospheric environ-
ment, surface roughness and topographic information derived from 
a high-resolution digital elevation model at 0.1° (ref. 46). The hourly 
rain rate Prate can be generally written as equation (1):

Prate = ϵp
ρair

ρliquid
qsw (1)

where ϵp is precipitation efficiency set to 0.5 (ref. 64), ρair and ρliquid are 
the water vapour and liquid water density, respectively (the ratio is set 
to 0.0012), qs is the saturation specific humidity and w is the vertical 
velocity, which is controlled by the TC wind field, the surface roughness 
from topography, TC vortex stretching and the contribution from the 
baroclinic shear (more details can be found in ref. 62).

Then, we calculate and collect hourly rain rates at all 1-km grids 
across Southern California for each TC event, and aggregate them to 
obtain the cumulative rainfall for each TC event (96 hours). We con-
struct a climatology of TC event rainfall based on 1,200 TCs per GCM 
or ERA5 run. From the full set of 394 × 877 1-km grids, we used a land 
mask to subset the dataset to 199,728 land-only grids.

Previous studies61,63,65 used an empirical approach to estimate 
the probability density functions and return periods for different TC 
rainfall algorithm magnitudes. In this study, we employ a different 
approach to fit the tails of the TC event rainfall data using a GPD, based 
on the extreme value theory66. The probability density function of GPD 
is given in equation (2):

f(x | k,σ,θ) = ( 1σ ) (1 + k (x − θ)
σ )

−1− 1
k

(2)

where k is the shape parameter (k ≠ 0), σ is the scale parameter and θ is 
the threshold parameter. If k = 0 and θ = 0, the GPD is equivalent to the 
exponential distribution. If k > 0 and θ = σ/k, the GPD is equivalent to 
the Pareto distribution with a scale parameter equal to σ/k and a shape 
parameter equal to 1/k. The cumulative distribution function is then 
given in equation (3):

F(x | k,σ,θ) =
⎧⎪
⎨⎪
⎩

1 − (1 + k (x−θ)
σ

)
− 1

k for k ≠ 0

1 − exp (− (x−θ)
σ

) for k = 0
(3)

Finally, the return period is calculated as equation (4):

Returnperiod = 1
1 − F(x | k,σ,θ) × scale (4)

where F is the cumulative distribution function calculated from equa-
tion (3), and we set the scale factor to 10, as we only model TC event 
rainfall with a return period greater than 10 years. We set 100 steps, 
evenly distributed within each TC rainfall sample range, to estimate 
the return period curves, then create 1,000 bootstrap samples for 
each step using the Monte Carlo algorithm to fit the GPD across the full 
range. We also use bootstrapped samples at each step to estimate 95% 
confidence intervals for the upper and lower bounds. Then, the mean, 
upper and lower uncertainty boundaries of the GPD are transformed 
into return periods for specific TC rainfall magnitudes. We then repeat 
this algorithm for all 1-km grids over land and create their TC rainfall risk 
curves for ERA5 and all individual ensemble members from both the 
historical and the SSP3-7.0 scenarios. We can estimate the correspond-
ing TC rainfall magnitude from given return intervals (for example, 100 
years) or, conversely, estimate the return interval based on the given 
TC rainfall magnitude (for example, 100 mm). These estimations apply 
spline interpolation between granular steps based on each risk curve. 
We can finally map TC rainfall risk (return period for a given magnitude 
or magnitude for a given return period) across Southern California 
with high spatial resolution (1 km). We use an official definition67 of the 
eastern Pacific basin of TCs as the spatial extent (5–40° N, 140–80° W) 
to analyse the monthly variability in SST, 500 hPa specific humidity and 
vertical wind shear from the ERA5 reanalysis and each GCM, since these 
are important environmental conditions for determining TC develop-
ment and characteristics.

Landslide modelling
We sample 20 out of 1,200 events from each GCM downscaling set 
based on the accumulative TC rainfall with a 100-year return period at 
Los Angeles. We obtain the 100-year TC rainfall amount from the risk 
curve for Los Angeles via spline interpolation, then select 20 events 
with the 100-year TC rainfall amount as the median. We then record 
hourly TC rain rates for 96 hours for each of these 20 events at 1-km 
grid resolution and extract the 72-hour window of daily rain rates 
with the largest total rainfall (the first 48 hours for antecedent rainfall 
and the last 24 hours for the triggering day). These rain rates from 
each TC event are then coupled with the LHASA model to estimate 
daily landslide probabilities at 1-km resolution. LHASA 2.1, developed 
by the National Aeronautics and Space Administration, is a hybrid 
landslide hazard model driven by real-time rain rate measurements 
from the Global Precipitation Measurement Mission. It uses a machine 
learning-based probabilistic prediction approach, combining static 
and dynamic variables, to provide global, real-time, high-resolution 
landslide probability estimates68,69. We use the same initial condition 
(constant surface conditions and vegetation, soil moisture observed 
on 21 August 2023) for Hurricane Hilary in LHASA simulations of all TC 
events from both the historical and SSP3-7.0 scenarios for consistency.

In total, we simulate 160 (20 × 8) TC events for each scenario 
ensemble. Then we compute the maximum daily landslide probability 
over the three-day LHASA simulation window for each grid and event, 
and calculate the median across 20 events for each GCM downscaling 
run. Finally, we calculate the ensemble median across all GCMs within 
the historical and SSP3-7.0 ensembles for comparison and change 
detection. Therefore, projections of changes in landslide probability 
are primarily based on the changes in TC rainfall and its interactions 
with the orography. Uncertainty in change detection and attribution 
could be partially attributed to variations in the spatial pattern of indi-
vidual TC rainfall events; however, we choose 20 events for each set to 
minimize this uncertainty. Recording larger sets of events is also limited 
by data storage capacity. We then aggregate the results by county and 
create maps that describe the spatial variations in changes in landslide 
probability from the historical ensemble to the SSP3-7.0 ensemble. 
The detailed 1-km landslide maps are directly transferred to the next 
population exposure and disparity analysis. The LHASA model is one 
of the currently available state-of-the-science landslide prediction 
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models. However, it still needs further calibration using more complete 
samples of both landslide and non-landslide observations.

Population exposure to landslides and social disparity
We obtain population data48 from spatially explicit global population 
scenarios consistent with the SSPs and merge them with our estimates 
of landslide risk. This population projection was developed from a 
gravity-based downscaling model. It is quantitatively consistent with 
the best available census data and urbanization projections based on 
SSPs and qualitatively consistent with the assumptions of SSP narra-
tives on spatial development39. The original population projection has 
a spatial resolution of 1/8 arc, which is further downscaled to a 1-km 
resolution and shared by the Socioeconomic Data and Applications 
Center at Columbia University70. We select the population projection 
from the SSP3 (‘regional rivalry’) scenario to match the SSP3-7.0 sce-
nario used for the TC downscaling.

We first combine the Southern California population estimate 
in 2000 with the historical landslide estimates (1985–2014), thereby 
constituting a baseline historical population exposure to landslide risk. 
The population exposure in 2000 is calculated as the 2000 population 
× the historical landslide probability at each 1-km grid. We also calculate 
population exposures for 2050 and 2100 under the SSP3 scenario as 
follows: 2050 population × SSP3-7.0 landslide probability and 2100 
population × SSP3-7.0 landslide probability, respectively. We sum-
marize high-resolution estimates of population exposure and their 
ratios within geopolitical boundaries (counties, census tracts and zip 
codes), then link the population exposure ratio (defined as the exposed 
population divided by the total population) to income and tax data to 
analyse social disparities in the final step.

Households with different annual incomes may differ in their expo-
sure to natural hazards and their ability to recover71, so we use household 
income data at the census tract level from the US Census in 202372 to 
study social disparities in TC rainfall-induced landslide risk. We first 
calculate the number of households exposed to the TC landslide in each 
census tract as follows: the total number of households × population 
exposure ratio. We reclassified the original ten income brackets into 
five classes with equal intervals for simplicity in discussing the results. 
Then, we estimate the number of households exposed in each reclassi-
fied income bracket as follows: the total number of households exposed 
in the TC landslide in each census tract × the fraction of households in 
each income bracket. We then summarize and map the exposure of 
households across income groups and their changes from the historical 
scenario to the SSP3-7.0 scenario, showing both the ensemble mean and 
inter-GCM variability. Here we assume that the number of families with 
different annual income ranges remains constant within each census 
tract between 2000 and 2100, and that the number of households is 
proportional to the population size. Only the TC landslide probability 
change, the population change and their combination with the static 
spatial variations in family income determine the changes in exposure. 
To support our findings, we also obtain the 2022 tax bracket data from 
the US Internal Revenue Service73 and complete the same set of calcula-
tions to estimate the household’s paid tax exposure to the landslide. We 
adapt colour-blind-safe palettes for all our maps and figures74.

Data availability
All curated data used for the figures and results in the paper are 
available via Zenodo at https://doi.org/10.5281/zenodo.18962075 
(ref. 29), under a single zipped folder named ‘Codes+AndData_
NCLIM-25051495A.zip’. TC track data can be made available 
from co-author K.E. under a non-commercial, non-distribution 
agreement. The data used for the LHASA landslide model can be 
accessed from the official website at https://github.com/nasa/
LHASA. The income and tax bracket data are also freely available 
via https://data.census.gov/map and https://www.irs.gov/statistics/
soi-tax-stats-individual-income-tax-statistics-zip-code-data-soi.

Code availability
Codes for TC rainfall are in the zipped folder ‘MIT_TCR_scripts_
ver6.7.zip’, and codes to replicate all figures are in the zipped folders 
‘CodesAndData_NCLIM-25051495A.zip’ and ‘Codes_NCLIM-25051495A_
v2.zip’; both are available via Zenodo at https://doi.org/10.5281/
zenodo.18962075 (ref. 29). The source codes for the LHASA 2.1 landslide 
model are also freely available from https://github.com/nasa/LHASA.
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Extended Data Fig. 1 | Return periods for 100 mm TC rainfall event at different locations. a. the historical ensemble means; b. the SSP 3–7.0 ensemble mean. The 
return period at each location is calculated as the mean of the return period estimates from eight GCMs. Basemaps in a and b created with MATLAB28.
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Extended Data Fig. 2 | Spatial distribution of the monthly mean Sea Surface Temperature. a. the Hist ensemble (1985–2014) and b. SSP3-7.0 ensemble (2071–2100) 
from eight GCMs (different GCM spatial grids are linearly rescaled into the same spatial grids based on UKESM1–0-LL). Basemaps in a and b created with MATLAB28.
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Extended Data Fig. 3 | Sensitivity of the return period of 100 mm TC rainfall to changes in environmental forcings from Hist (1985–2014) to SSP3–7.0 (2071–2100) 
for each of eight GCMs. a. Sea Surface Temperature; b. Specific Humidity; c. Vertical Wind Shear.
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Extended Data Fig. 4 | Tropical Cyclone hourly rain rate and its return periods 
based on the historical (Hist), SSP3-7.0 climate scenarios, and ERA5 reanalysis. 
Lines represent 8-model ensemble means for the historical runs (blue), SSP3-
7.0 runs (red), and the ERA5 run (black) for Los Angeles (34°03′N, 118°15′W) 
and shadings represent upper and lower model estimates from the historical 
ensemble (blue) and SSP3-7.0 ensemble (red); the embedded sub-panel shows 

the probability distribution function (PDF) of TC rain rate with 100 year return 
period based on eight models of Hist (blue) and SSP3-7.0 climate scenarios (red), 
estimated by bootstrapping ensemble GCM estimates, and the ERA5 estimate 
(black straight line). The green dashed line in the main figure represents the 
100-year return period for comparison.
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Extended Data Fig. 5 | The interquartile range (IQR) map for the median landslide probability across GCMs for the 3-day window maximum of the historical ensemble 
(Hist) and the SSP3-7.0 ensemble. Basemap administrative boundaries from GADM v. 3.6.
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Extended Data Fig. 6 | The total population projection for each Southern California county by SSP3 in 2000, 2050, and 2100.
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Extended Data Fig. 7 | Population exposure to landslides in 2000 and 2050. 
a. population exposure to landslides at the census tract level in 2000 based on 
the mean value from eight Hist ensemble member estimates, calculated from the 
Hist landslide probability and the SSP3 population estimation for 2000.  

b. projected exposure to landslides at the census tract level in 2050 based on the 
mean value from eight SSP3-7.0 ensemble member estimates, calculated from 
the SSP3-7.0 landslide probability and the SSP3 population projection for 2050. 
Basemaps created with MATLAB28.
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Extended Data Fig. 8 | Population exposure to landslides within census 
tracts summarized by income levels. a. number of households with < $100,000 
($100k) annual income exposed to landslides in the Hist scenario in 2000;  
b. number of households with > $200,000 ($200k) annual income exposed to 
landslides in the Hist scenario in 2000; c. number of households with < $100,000 

($100k) annual income exposed to landslides in the SSP3-7.0 scenario in 2050; 
d. number of households with > $200,000 ($200k) annual income exposed to 
landslides in the SSP3-7.0 scenario in 2050. We assume the fraction of household 
income does not change in each census tract from 2000 to 2050. Basemaps 
created with MATLAB28.
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Extended Data Fig. 9 | The changes in paid tax exposure to landslide hazards. 
a. fractional (%) change in the paid tax exposure for households with < 25k 
annual income (first tax bracket) from Hist to SSP3-7.0, summarized within each 
zip code; b. fractional (%) change in the paid tax exposure for households with 
> 200k annual income (sixth tax bracket) from Hist to SSP3-7.0 summarized 
within each zip codes; c. census tract mean fractional changes of total paid tax 

exposure from Hist to SSP3-7.0, grouped by six tax brackets (income ranges), 
with distribution of separate GCM models and their median shown; d. census 
tract mean changes in total paid tax exposure ($ USD) from Hist to SSP3-7.0, 
grouped by six tax brackets (income ranges), with the distribution of separate 
GCM models and their median values shown. Basemaps in a and b created with 
MATLAB28.
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Extended Data Fig. 10 | Tropical cyclone rainfall and change based on 
100-year return period. a. the spatial distribution of event TCP with a 100-year 
return period (100-year TCP) calculated as the ensemble mean of eight models 
from the SSP3-7.0 run; b. the absolute change of ensemble means of 100-year 

TCP from the historical (Hist) to SSP3-7.0, calculated as SSP3-7.0 - Hist; c. the 
fractional change of ensemble means of 100-year TCP from Hist to SSP3-7.0, 
calculated as (SSP3-7.0 - Hist)/Hist*100%. Basemaps created with MATLAB28.
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