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Abstract

A California “megaflood” - a weeks-long cluster of storms with centuries-long return times - would be catastrophic, yet its

timing and magnitude under climate change remains uncertain. A central source of uncertainty is whether Earth System

Model boundary conditions should be bias corrected before dynamical downscaling. Here, we analyze a large ensemble of

downscaled simulations to quantify how this uncertainty shapes California’s megaflood risk. Bias correction is necessary to

reproduce observed storm statistics and strongly influences both the megafloods historical and future characteristics. Without

correction, storm precipitation variability is inappropriately inflated, delaying the emergence of extreme precipitation signals by

decades. Further, megaflood intensity estimates based on statistically-extended obsdrvations are at least 10% drier than explicit

computations derived from sufficiently-sized storm populations. Our results show that bias correction choices crucially govern

projections of rare, high-impact events, with direct implications for infrastructure design/planning and water management in

California.
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Key Points: 14 

1. Statistically-extended observations under-predict megaflood intensity by at least 10%. 15 

2. 100- and 200-year storms increase more rapidly over time—both in frequency and magnitude—16 

than storms with shorter recurrence intervals. 17 

3. When passed through dynamic downscaling, biases from ESMs amplify storm sequence 18 

variability, delaying emergent climate trends. 19 

Abstract 20 

A California “megaflood” - a weeks-long cluster of storms with centuries-long return times - would be 21 

catastrophic, yet its timing and magnitude under climate change remains uncertain. A central source of 22 

uncertainty is whether Earth System Model boundary conditions should be bias corrected before 23 

dynamical downscaling. Here, we analyze a large ensemble of downscaled simulations to quantify how 24 

this uncertainty shapes California’s megaflood risk. Bias correction is necessary to reproduce observed 25 

storm statistics and strongly influences both the megafloods historical and future characteristics. Without 26 

correction, storm precipitation variability is inappropriately inflated, delaying the emergence of extreme 27 

precipitation signals by decades. Further, megaflood intensity estimates based on statistically-extended 28 

obsdrvations are at least 10% drier than explicit computations derived from sufficiently-sized storm 29 

populations.  Our results show that bias correction choices crucially govern projections of rare, high-30 

impact events, with direct implications for infrastructure design/planning and water management in 31 

California. 32 

Plain Language Summary 33 

Infrastructure design and planning are often informed by the best available downscaled climate 34 

projections. However, downscaling as a technique can produce low-quality outcomes if errors in driving 35 

climate models are not confronted and addressed (i.e., the garbage in, garbage out problem). Since 36 

billions in capital may be invested in infrastructure based on such information, it is critical to understand 37 

the consequences of climate model bias removal, termed bias correction, on high-impact infrastructure-38 

defining events (e.g., the California megaflood). Here we show that with bias coorection, coherent signals 39 

in the state’s rarest 30-day rainfall events emerge decades sooner than if climate model biases are not 40 

removed prior to downscaling. Our results indicate that policymakers and decision-makers may 41 
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potentially be making investment choices based on inappropriate time horizons in the 21st century when 42 

using non-corrected climate data.  43 
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 44 

1. Introduction 45 

California has historically experienced rare but catastrophic “megafloods”, multi-week storm 46 

sequences capable of submerging entire regions, destroying infrastructure, and reshaping the state’s 47 

economy. The Great Flood of 1861–62, driven by successive atmospheric rivers, produced nearly 10 feet 48 

of rain in some locations over a 43-day period, inundated Sacramento, killed thousands, and destroyed 49 

one-third of the state’s taxable property (Dettinger et al., 2012; Huang & Swain, 2022; Ingram, 2013). 50 

Such events pose fundamental threats to infrastructure and emergency preparedness frameworks (Porter et 51 

al., 2011), making their future behavior under climate change a central concern for California’s resilience 52 

planning. 53 

Several specific scenarios have been used to test the resilience of the state’s infrastructure, 54 

including probable maximum precipitation (PMP) and the ‘ARkStorm’ (the once per thousand-year 55 

Atmospheric River Storm), which serve different purposes. PMP for example is the most extreme 56 

individual 3-day event (on the order of ~600 mm [24 inches] in northern CA) thought to be possible at a 57 

given location, and is typically estimated for high-hazard dams and other critical infrastructure. 58 

ARkStorm scenarios meanwhile are multi-week precipitation sequences and are used to understand 59 

vulnerabilities in preparedness over the entire state. The two ArkStorm scenarios that have been 60 

developed produced  ~965–1600 mm [~38-63 inches] (ARkStorm1.0 (Porter et al., 2011)) and ~1270–61 

1780 mm [~50-70 inches] (ARkStorm2.0; (Huang & Swain, 2022)) at individual locations. Another 62 

complementary approach to flood preparedness is flood-frequency analysis to estimate the 100-year (and 63 

other return intervals) flood, which is used for most federal infrastructure projects, FEMA floodplain 64 

mapping, and state highway design (England Jr. et al., 2018).  65 

Many studies have highlighted that California’s complex terrain is key to modulating storm 66 

impacts and its response to warming. This occurs through a variety of mechanisms, including orographic 67 

enhancement of precipitation systems by mountain ranges (Houze Jr., 2012), rain-on-snow events at some 68 

elevations (Brandt et al., 2022; Heggli et al., 2022), and the control exerted by topography on surface and 69 

subsurface water flows. The coarse resolution of Earth System Models (ESMs) is prohibitive for 70 

representing these processes, leading to the need for physics-based downscaling.  71 

Dynamical downscaling is typically performed using the Weather Research and Forecasting 72 

(WRF; (C. Skamarock et al., 2019; W. C. Skamarock & Klemp, 2008)) model to downscale reanalyses or 73 

ESMs to terrain-resolving scales. There are multiple variants of this technique, each with their strengths 74 

and weaknesses (Hall et al., 2024). For example, the pseudo-global warming approach modifies historical 75 

storms, usually through warming of the boundary conditions, before downscaling. In such simulations, 76 

warming was found to intensify (diminish) precipitation amounts for events in which atmospheric rivers 77 

are (not) accompanied by a developed extratropical surface cyclone (Patricola & Wehner, 2018). 78 

Alternatively, ESM output for the future period can be used directly for WRF downscaling. Using this 79 

approach with dynamically downscaled output from the Community Earth System Model’s first Large 80 

Ensemble (CESM-LE) for an assortment of AR events, (Huang et al., 2021) found that precipitation 81 

intensity from ARs will generally increase (by as much as 10-40% in valleys and in the lee of mountains) 82 

and is mostly attributable to thermodynamic increases in water vapor. Similarly using CESM-LE ESMs to 83 

drive WRF, The ArkStorm2.0 study (Huang & Swain, 2022) dynamically downscaled a single 30-day 84 

historical and one future storm, finding the future storm to be 45% wetter than the historical event. The 85 

authors also found that the likelihood of historical megafloods will increase by roughly a factor of 2, 4 86 

and 6 under 1°, 2°, and 4°C of global warming from non-downscaled full CESM-LE simulations. 87 
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The above studies provide a strong foundation for California’s flood planning efforts. However, 88 

several sources of uncertainty have not been accounted for when considering the modeling of extreme 89 

storms and future shifts in their characteristics. First, using reanalysis even if downscaled (e.g., (Patricola 90 

et al., 2022; Porter et al., 2011)) constrains the dynamical storm behavior to match observed events 91 

selected from a short period with the current phasing of weather sequencing (Fischer et al., 2021). 92 

Second, most studies to date, including the quantification of ARkStorm2.0 (Huang & Swain, 2022), do 93 

not account for ESM-based structural uncertainty; this study also does not quantify the impacts of internal 94 

climate variability on the downscaled outcomes (Hawkins & Sutton, 2009). Third, research shows the 95 

importance of bias-correction (BC) of the ESM boundary conditions before dynamical downscaling 96 

(Bruyère et al., 2014; Holland et al., 2010; Kim et al., 2023a, 2023b; Pontoppidan et al., 2019; Rahimi et 97 

al., 2024; Risser et al., 2024). Specifically, (Rahimi et al., 2024) found that ESM bias transmission led to 98 

~40% wet-biased 30-day precipitation events when considering a 270-year historical climatology from 99 

dynamically downscaled ESMs. When mean biases in climate-mean temperature, sea-surface 100 

temperatures (SSTs), horizontal winds, and moisture from ESMs were removed, biases were reduced to 101 

5-10%. Further, while (Risser et al., 2024) found that BC does not consequently affect climate trends 102 

across the western U.S., their results suggested that a deeper analysis of BC impacts for targeted weather 103 

events is needed to develop a more complete assessment of its broader applicability as a standard 104 

operating procedure in dynamical downscaling. 105 

Here we address the opportunities presented in previous studies by analyzing 40 dynamically 106 

downscaled simulations spanning more than 6,000 model years. Our ensemble design enables a 107 

systematic comparison of how bias correction choices, structural model diversity, and internal variability 108 

shape estimates of California’s megaflood risk, providing the most comprehensive assessment to date of 109 

methodological influences on projections of rare, catastrophic precipitation events. 110 

 111 

2. Downscaling behavior and model bias 112 

We use 30 dynamically downscaled Coupled Model Intercomparison Project Phase 6 (CMIP6) 113 

simulations comprising the Western U.S. Dynamically Downscaled Dataset (WUS-D3) spanning the 114 

1980-2100 period. Fifteen members apply gridpoint-specific bias correction to the ESM boundary winds, 115 

temperature, humidity, and SSTs (see Materials and Methods; labeled w/BC), and 15 use the same 116 

models without bias correction (labeled no-BC), forming two 1,800-year ensembles (3,600 years total) to 117 

test sensitivity to ESM choice and bias correction. We add ten WRF-downscaled Community Earth 118 

System Model version 2 (CESM2) Large Ensemble members spanning 1850–2100 (WRF-CESM2), also 119 

bias-corrected, contributing 2,500 more years to probe internal variability and single-model versus multi-120 

model behavior (6,100 years overall). For observational context, we include a reanalysis-driven 121 

simulation using ERA5 boundary conditions (WRF-ERA5; 1950–2023) that reproduces observed weather 122 

sequencing. More information on the downscaled data used here can be found in Section S1.1, and a 123 

complte listing of downscaled ESMs is provided in Table S1. Model precipitation and related fields are 124 

evaluated against gridded observations from PRISM (4 km, 1981–2020) and the Livneh dataset (6 km, 125 

1951–2018) to characterize strengths and weaknesses of the downscaled outputs. 126 

 127 

2.1. Effects of downscaling on rx30day 128 

 When downscaling ESMs to the kilometer scale, (Rahimi et al., 2024) found that regardless of 129 

whether or not BC was applied to the ESM boundary conditions, downscaling led to a wetter 130 

representation of the historical rx30day climatology in the California state mean, compared to 131 

observations; rx30day is defined to be the climatology of the wettest 30-day precipitation sequence every 132 

year.  Specifically, an ensemble of no-BC experiments were 30% wetter than PRISM, while w/BC 133 

experiments were less than 5% wetter. Lundquist et al. (2019) argue that simulations exhibiting this 134 

degree of wet bias relative to gridded products such as PRISM and Livneh may actually be of high quality 135 

given the assumptions made in extrapolated precipitation across data sparse regions characterized by 136 

mountainous terrain, or known undercatch issues in the observations which are used to build these 137 
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gridded datasets. Particularly for intense atmospheric rivers, both issues may lead to the 138 

underrepresentation of extreme precipitation events in Livneh and PRISM. 139 

Building on (Rahimi et al., 2024), we take this evaluation a step further by considering rx30day 140 

as a function of multiple Return Intervals (Ris): 2-, 10-, 50-, 100-, and 200-years (the latter is defined as a 141 

megaflood). Downscaling generally leads to greater intensification of identical 1851-2099 CESM2-LE-142 

simulated rx30day events (ESM-CESM2) with increasing RI, being 1%, 11%, 12%, 16%, and 15% wetter 143 

for  the 2-year (i.e., median), 10-, 50-, 100-, and 200-year RIs (ESM values of 204, 301, 379, 407, and 144 

439 mm, respectively; Fig. S1, left). By comparison, the strongest rx30day event amongst all w/BC, no-145 

BC, and WRF-CESM2 experiments is simulated between 16 December 1962 and 14 January 1963 (714 146 

mm); this maximum occurs one day earlier in the native ESM (551 mm), representing the 3rd wettest 147 

sequence in the entire 100-member CESM2-LE (variant 1011); the most intense storm sequence in the 148 

full CESM2-LE of 562 mm occurs in 1981. These storms’ occurrence in the historical instead of the 149 

future periods underscores the important role that internal climate variability can play in modulating the 150 

periodicity of extreme rx30day events. That conclusion is also supported by the findings in (Rhoades et 151 

al., 2020), despite statistically robust storm-mean wetting signals in future cumulative precipitation across 152 

the western U.S. in their variable resolution downscaling experiments. This is particularly important for 153 

interpreting the results of the recently quantified ARkStorm2.0 (Huang & Swain, 2022), whose future 154 

storm was chosen to be wetter (~333-year RI in a 2051-2100 climate) than its historical comparative (85-155 

year RI in a 1971-2020 climate). 156 

 In WRF-CESM2, rx30day storms are generally wetter than in the raw ESM, but this behavior is 157 

not necessarily true in all w/BC experiments. Median, 10-, 50- 100-, and 200-year storms for the BC 158 

experiments are +1%, +1%, -1%, +2%, and +4% different on average than their parent ESMs in the 1981-159 

2099 period (Fig. S1, center). In contrast, a collection of ESMs (MPI-ESM1-2-LR, MPI-ESM1-2-HR, 160 

MIROC6, CNRM-ESM2-1, ACCESS-CM2, and EC-Earth3-Veg) depict WRF-to-ESM slopes of less 161 

than unity (Fig. S2, top), indicating that these native ESMs are, on average, each wetter than its 162 

downscaled counterparts. The strongest storm sequence from native CMIP6 ESMs and w/BC are nearly 163 

identical: 602 mm in 2066 (MPI-ESM1-2-HR) and 603 mm in 2089 (UKESM1-0-LL). In no-BC 164 

experiments, WRF-simulated storms are 25%, 23%, 19%, 18%, and 22% wetter than identical storms in 165 

their parent ESMs for median, 10-, 50-, 100-, and 200-year storms (Fig. S1, right), with all WRF-to-ESM 166 

slopes greater than 1 (Fig. S2, bottom). The most intense storm sequence from no-BC occurs in 2096 (690 167 

mm) and is 14.6% wetter than any storm sequence simulated from native CMIP6 ESMs. This systematic 168 

wetting of storms by downscaling in no-BC experiments is linked to inherited large-scale ESM biases that 169 

favor increased precipitation. When removed, this behavior is muted, and more information on the nature 170 

of these biases can be found in (Rahimi et al., 2024). 171 

 172 

2.2. Historical biases 173 

We next evaluate historical biases in the WRF-downscaled datasets across time scales using both 174 

explicit calculations alongside predictions from Generalized Extreme Value (GEV) Theory (see Sec. S1.2 175 

for specifics on the methodlolgy). WRF-ERA5 is 9.5% and 11.1% wetter than PRISM and Livneh, 176 

respectively, for median rx30day storm sequences, and 9.9% and 9.5% wetter for 20-year events (Figure 177 

1a). In the presence of adequate observations, the differences between WRF-ERA5 and observations may 178 

be thought of as biases introduced by WRF in downscaling. However, since the largest differences 179 

between WRF-ERA5 and observations occur over mountains, where observations are sparse, these 180 

differences may be thought of as part model bias and part observational uncertainty (Lundquist et al., 181 

2019). For the downscaled ESMs, BC of ESM boundary conditions results in 2- and 20-year storms that 182 

are more realistic compared to reference datasets (Fig. 1a). For median storms, ESM-mean Livneh-183 

relative biases of +50% in the no-BC median rx30day are reduced to +13.9% in w/BC, comparable with 184 

WRF-ERA5. And similarly, WRF-CESM2, in which BC is applied, has just a 7.9% bias. For 20-year 185 

storms, the bias in no-BC drops from +42% to bias values comparable with that of WRF-ERA5 in w/BC 186 

and WRF-CESM2: +12.7% and +10.1%, respectively. 187 
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 188 
Figure 1. Historical bias profiles: (a) Historical-era (1981-2020) 2- and 20-year rx30day total 189 

precipitation magnitudes [mm] for different downscaled ESMs and reference datasets. Non-bias corrected 190 

(bias corrected) CMIP6 experiments are displayed as blue (red) horizontal lines and labeled as no-BC 191 

(w/BC). Downscaled CESM2-LE (WRF-CESM2) experiments are presented as gray horizontal lines. 192 

PRISM, WRF-ERA5, and Livneh values are presented as a black open circle, green open star, and gray 193 

open triangle. Twin CMIP6 experiments are connected by red lines. ESM-mean magnitudes for 2- and 194 

20-year return levels are provided in the legend, delineated by a ‘/’. Panels (b), (c), and (d) present ESM-195 

based probability distribution, cumulative distribution, and return interval estimates from ESM-specific 196 

Generalized Extreme Value distribution fits. Blue, red, and hatched shading in (a) depicts the histograms 197 

of no-BC, w/BC, and WRF-CESM2, respectively. For (b) and (c), the shading represents the GEV spread 198 

produced from multiple ESMs. 199 

 200 

Considering the full probability and cumulative densities (Figs. 1b,c), as well as RIs (Fig. 1d) as 201 

derived from the GEV approximation, reveals further bias characteristics. WRF-ERA5, as well as the 202 

w/BC experiments, closely follow the probability density and cumulative density functions (PDFs and 203 

CDFs, respectively) of Livneh and PRISM. Here, ESM-based GEVs are fitted by aggregating 40-year 204 

periods from 15 ESMs into 600-year periods to compute the GEV parameters. Without BC, however, an 205 



manuscript submitted to Journal of Geophysical Research - Atmospheres 

 

unrealistically wet-shifted PDF/CDF of rx30day arises, leading to unrealistically low RIs in no-BC 206 

experiments. Further, a compressed spread is evident in w/BC (red shading) compared to no-BC (blue 207 

shading) experiments. This is also a feature of the 10-ESM WRF-CESM2 experiments (hatched shading). 208 

The no-BC experiments meanwhile, have much wider spreads in their PDFs, CDFs, and RI profiles; 209 

wider inter-ESM spreads in no-BC-simulated rx30day were found in (Rahimi et al., 2024) owing to 210 

differences in precipitation-enhancing mean biases (e.g., temperature and vorticity) transmitted from 211 

parent ESMs to WRF. Distributional rx30day profile differences between no-BC and w/BC are also 212 

present in other climatological periods (Fig. S3). 213 

 214 

2.3. The historical 200-year storm 215 

Presented in Figure 2, GEV-based estimates of the historical megaflood are between 407 and 430 216 

mm, with the PRISM (1981-2024) and Livneh (1951-2018) datasets nearly statistically indistinguishable 217 

from each other in terms of their 95th percent confidence intervals (CIs; bars bounding the 2.5th and 218 

97.5th percentiles from 1000 bootstrapped samples). Interestingly, the 1951-2023 WRF-ERA5-based 219 

upper bound estimate is much lower than PRISM and Livneh, even though its 200-year return level is 220 

virtually identical to PRISM. This could be due to (i) spatial and temporal inhomogeneities in the 221 

observational data (i.e., real-world noise) which may drive up the variability in rx30day from which the 222 

200-year RL is defined and (ii) resolutions in PRISM (4-km) and Livneh(6-km) are higher than WRF-223 

ERA5 and downscaled ESM ensembles (9-km).  224 

For ESM experiments, explicitly computed megaflood return levels (RLs) are at least 10% wetter 225 

than GEV-extended observations, covering a noticeably smaller range (Fig. 2a); smaller CI ranges are 226 

expected given the larger sample sizes. Here, GEV parameters were computed based on aggregating all 227 

available realizations for each ESM ensemble over the 1981-2020 time period, resulting in between 400-228 

600 samples from which parameters are derived. Statistical similarity between explicitly calculated and 229 

GEV-estimated megaflood intensities is also evident amongst w/BC, no-BC, and WRF-CESM2 230 

experiments, identical WRF-CESM2 storms but in their parent ESM (ESM-CESM2), and all storms from 231 

the full 100-member CESM2-LE (Full ESM-CESM2). Finally, using a Gumbel approximation yields 232 

megaflood intensities which are 5-10% wetter than when assuming the full GEV (Fig. S4), and its 233 

intensity is relatively insensitive to the choice to aggregate all ESM realizations before RL computation 234 

(Figs. 2, S4a) instead of computing RLs for each ESM separately using 40-year samples (Fig S4b). In 235 

summary, the RL statistics are relatively insensitive to common, alternative methodological choices, 236 

lending confidence to the megaflood magnitude in datasets where it cannot be explicitly calculated. 237 

BC, ensemble choice and size, and the use of native ESMs versus downscaled data all affect the 238 

estimated megaflood intensity. In no-BC, the explicitly simulated megaflood (562 mm; 22 inches) is, or is 239 

nearly, beyond the 95th percent CI of PRISM (Livneh); and its bootstrapped-derived 95th percent CI is 240 

beyond the upper bound of any observationally-constrained gridded product (627 mm; 24 inches). 241 

Meanwhile, w/BC and WRF-CESM2 exhibit megaflood intensities of 471 and 494 mm (18.5-19.5 242 

inches), respectively, with w/BC covering a narrower statistical uncertainty space and presenting a 5% 243 

weaker megaflood than WRF-CESM2. We find that BC of ESMs dries the megaflood by more than 16% 244 

when comparing w/BC to no-BC experiments, consistent with rx30day drying found in (Rahimi et al., 245 

2024). Overall, this indicates that the choice to bias correct plays a larger role in modulating historical 246 

megaflood intensities than ESM ensemble choices. Additionally, we find that identical storms in the raw 247 

ESM ensemble (ESM-CESM2) are wettened by nearly 19% through downscaling, however, this wetting 248 

of rx30day events by downscaling may not be universal to all ESMs as indicated in Section 3.1 (Figs. S1, 249 

S2). We also find that using all 100 members of the raw CESM2-LE, instead of the 10-member sample 250 

that coincides with WRF-CESM2, wettens the megaflood by 9%. Finally, we report that the above 251 

calculations for CESM2 make use of output from 1981-2020. When using data from 1851-1980 instead of 252 

1981-2020, the explicitly-computed RLs are virtually unchanged. We cannot however assert that a 400-253 

year sample (40 years X 10 realizations)  is large enough to achieve a convergent megaflood intensity, as 254 

megaflood intensity is found to  fluctuate over time, based on a running 40-year climatology (see Section 255 
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3). Despite this, it is clear that BC has at least a comparable or larger influence on megaflood intensity 256 

than both downscaling considerations and ESM-ensemble choices. 257 

 258 

 259 
Figure 2. The historical megaflood quantified: Historical (1981-2020) megaflood total precipitation 260 

magnitude [mm] across the whole of California computed explicitly (circles) and using Generalized 261 

Extreme Value Theory (fat bars). In (a), 200-year return levels (RLs) are computed after aggregating 262 

amongst ESM ensembles before distributional parameters are computed. The 95th percent confidence 263 

interval for each dataset is estimated using 1000 bootstrapped samples, bounded by each population’s 264 

2.5th and 97.5th percentile values, and is presented as whiskers on the bars. Panel (b) shows the 265 

explicitly-computed gridcell-specific 200-year RL from w/BC experiments [mm]. Panel (c) shows the 266 

standard deviation of the w/BC-simulated megaflood computed using 1000 bootstrapped samples [mm]. 267 

The white star shows the location of California’s maximum megaflood RL. 268 

 269 

 We next use our w/BC ensemble to examine megaflood magnitudes at specific locations across 270 

California. (Fig. 2b). Here, the megaflood is defined as the local 200-year event, and thus  is likely to 271 

derive from completely different storms across the state, manifesting in large uncertainties in their 272 

magnitudes as quantified by bootstrapped-derived standard deviation values (Fig. 2c). Therefore, the 273 

results in Figs. 2a and 2b cannot be directly linked. With this in mind, we present w/BC estimates here 274 

given their broader realism in simulating the full rx30day distribution (Fig. 1) relative to no-BC, noting 275 

their similarity to WRF-CESM2. The megaflood showcases a modest correlation with the local terrain 276 

height: 0.34, 0.35, and 0.41 in WRF-CESM2, w/BC, and no-BC, respectively; correlations in standard 277 

deviations and terrain height are similarly modest. The higher correlations in no-BC may be attributed to 278 

an inappropriately tight coupling between the orographic forcing and the overlying atmospheric 279 

conditions, which are specifically prone to erroneously large upward velocities in the no-BC experiments 280 

via ESM biases which are not removed before downscaling. Coastal California’s megaflood intensity 281 

ranges from 800-1200 mm (31-47 inches), with the coastal ranges of southern California being prone to 282 

event intensities between 1500-2000 mm (59-78 inches). The highest elevations of the Sierra Nevada are 283 

prone to the largest megaflood intensities across the western U.S. (not shown), with values in excess of 284 

2000 mm (78 inches) in several locations. A California-maximum of 2471 ± 155 mm (97 ± 6.1 inches) is 285 

simulated in the southern Sierra Nevada (white star, Fig 2b,c). Meanwhile, the no-BC California 286 

maximum is much higher than w/BC: 2861 ± 160 mm (112 ± 6.2 inches), while the maximum in WRF-287 

CESM2 is more similar to w/BC (2529 ± 191; 99 ± 7.5 inches). We note a highly similar spatial pattern of 288 

megaflood intensity across California between  w/BC, no-BC, and WRF-CESM2 experiments (inter-289 

ensemble correlations > 0.98; Fig. S5), with no-BC being much wetter relative to w/BC. 290 
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 291 

3. Future changes in rx30day magnitude and frequency 292 

Next, we turn our attention to examining how California’s rx30day magnitude will respond to 293 

future regional change. The colorfill in Figure 3 presents rx30day magnitude as a function of rolling 40-294 

year climatology and RI from different ESM ensembles. For a given RI, total precipitation magnitude 295 

increases throughout the 21st century. By end-of-century (2061-2099) median rx30day events are 296 

projected to increase in magnitude by 22, 20, and 32 mm (7.7, 9.3, and 15.7%) in no-BC, w/BC, and 297 

WRF-CESM2, respectively (Fig. 3a-c; see absolute magnitudes in Fig. S5). Meanwhile, the 50-year storm 298 

is quite sensitive to BC choices with a projected intensification of 41 (8.1%) in no-BC, but 63 mm (15%) 299 

in w/BC and 52 mm (13.8%) in WRF-CESM2.  Meanwhile, rarer storms experience even greater 300 

fractional increases: the 100-year storm intensifies by 67, 71, and 70 mm (12.2, 16.5, and 16.2%) in no-301 

BC, w/BC and WRF-CESM2, respectively; and the megaflood, i.e., 200-year storm, intensifies by  91, 302 

54, and 77 mm (16.7%, 15.0%, and 11.5%) in the same ensembles. Time series of these changes for 303 

specific RIs are shown in Fig. S6. For perspective, a 50 mm increase is approximately 21 km³ (~17 304 

million acre feet) over a 30-day period, representing a volume of water which is ~58% of California’s 305 

total reservoir storage capacity at the time of writing this paper (https://engaging-data.com/ca-reservoir-306 

dashboard/). 307 

The different behaviors between no-BC and w/BC experiments can be explained via summary 308 

statistics. Both ensembles exhibit positively skewed rx30day historical distributions,  which is much 309 

larger (~0.2) in w/BC than no-BC. That is, the distributions of rx30day in w/BC have relatively longer 310 

right tails than in no-BC because the latter experiments’ inner-quartiles are broader and wet-shifted 311 

relative to w/BC as the transmission of ESM bias distorts precipitation statistics in no-BC. This skewness 312 

behavior is consistent and systematic throughout the 1981-2099 period (Figs. S3, S7). Before about 2040, 313 

skewness gradually decreases in both ensembles, after which time skewness rapidly increases in 314 

positivity, eclipsing its historical maxima by 2070 (Fig. S7a). Meanwhile, no-BC experiments exhibit 315 

negative Gaussian-relative kurtosis (shorter tails) from the historical period through about 2050 (Fig. 316 

S7b), a fundamentally different behavior than the w/BC experiments, which exhibit positive Gaussian-317 

relative kurtosis (longer tails; Fig. S7b). Notable differences in climatology-specific variability trends are 318 

present between no-BC and w/BC experiments, as defined by each population's standard deviation (Fig. 319 

S7c). While both no-BC and w/BC simulate increasing variability under warming, w/BC shows a more 320 

rapid increase than no-BC. Ultimately, these variability, kurtosis, and skewness differences underpin the 321 

different behaviors between no-BC and w/BC experiments’ RLs during their historical eras. Specifically, 322 

ESM mean-state biases are transmitted to WRF in the no-BC experiments, leading to storms that are 323 

systematically wetter. This inflates population variability and underskews the PDFs, resulting in 324 

downscaled behaviors that mask emergent externally-forced climate trends. By 2040, an anthropogenic 325 

warming signal begins to intensify rx30day magnitudes in both sets of experiments (defined by positive 326 

skewness trends; Fig. S7a). For this signal to emerge, it must overcome internal variability, which is 327 

critically important for modulating storm sequences with longer RIs (i.e., the 100- and 200-year storms). 328 

Since the no-BC experiments have unrealistically high variability owing to transmitted mean-state ESM 329 

biases, emergent trends in 100- and 200-year storms manifest later in the 21st century. For example, 330 

historical 100-year storms in w/BC become 50-year storms by the 2045 climatology (Fig. 3b), while this 331 

transition occurs by the 2080 climatology in no-BC (Fig. 3a) experiments. In summary, we contend that 332 

trend divergence between no-BC and w/BC is the result of the distribution-wide distortion of rx30day 333 

within no-BC experiments associated with ESM bias transmission, leading to masked emergent climate 334 

trends, rather than unphysical trend modifications associated with pre-downscaling bias correction 335 

choices.  336 

Further divergence in projected rx30day is expressed when examining WRF-CESM2 experiments 337 

(Fig. 3c). Different from both w/BC and no-BC, WRF-CESM2 exhibits reduced rx30day intensities from 338 

2010 through about 2040, over which time the 10 underlying CESM2-LE simulations showcase strong 339 

regional and global warming trends (not shown). While this feature aligns well between WRF-CESM2 340 

and identical storm sequences from ESM-CESM2 (Figs. 3c,d), Fig. 3e, which depicts the rx30day RLs 341 

https://engaging-data.com/ca-reservoir-dashboard/
https://engaging-data.com/ca-reservoir-dashboard/
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from the 100-member CESM2-LE (Full ESM-CESM2), does not show the same decadal-scale variability 342 

in RLs. This suggests that internal climate variability as depicted by the selected 10 CESM2 members 343 

masks the emergence of a near-future forced response as found in the larger 100 CESM2 member 344 

ensemble. Specifically, when considering all 100 members, there are no local minima in RLs centered 345 

around 2025 anymore. In fact, around 2025, the historical 200-year storm RI trace begins to 346 

monotonically decrease at a rate of ~30 years per decade, becoming a 60-year event by 2080.  347 

Finally, since rx30day is wettened by dynamical downscaling in WRF-CESM2, we fit a fourth-348 

order polynomial to the scatter of WRF-CESM2 versus ESM-CESM2 storm magnitudes (Fig. S2), using 349 

its coefficients to scale the Full ESM-CESM2 to effectively downscale all storms from the 100-member 350 

CESM2-LE (Fig. 3f; Full ESM-CESM2 Scaled). Wetter RLs relative to Full ESM-CESM2 manifest, but 351 

the RL patterns between the scaled and unscaled ensembles are nearly identical. This implies smaller 352 

relative future changes in the scaled ensemble and has direct implications for determining precipitation 353 

scaling factors, which are often derived for probable maximum precipitation studies and applied in 354 

statistical downscaling frameworks (Pierce et al., 2014, 2023). 355 

 356 
Figure 3. Storm-sequence changes in time: California-mean rx30day magnitude (colors; mm) as a 357 

function of  year (x-axis) and return period (y-axis). Shown for: (a) no-BC, (b) w/BC, (c) WRF-CESM2, 358 

(d) identical storms in the native CESM2-LE (ESM-CESM2), (e) the 100-member CESM2-LE, and (f) 359 

the 100-member native CESM2-LE with a fourth-order scaling factor applied, which estimates the 360 

wetting effects of downscaling using information derived from WRF-CESM2. Each year on the x-axis 361 

represents a 40-year running centered climatology. Line contours represent the 1981-2020 return levels 362 

for the 100- and 200-year storms. 363 

 364 

 Next, we explicitly evaluate how different dynamically downscaled ESM ensembles represent the 365 

changing likelihood of rare rx30day events. Figure 4 presents the annual likelihood of 20-, 50-, 100-, and 366 

200-year storms as a function of 40-year climatology amongst different datasets throughout the 21st 367 

century. By end-of-century, the historical 20-year storm will occur roughly 72 and 79% more frequently 368 

in w/BC and no/BC, respectively. Meanwhile, WRF-CESM2 projects a slightly larger increase of 121%. 369 

50-year storms show an even larger change in their frequency, with end-of-century increases of 123%, 370 

166%, and 125% in no-BC, w/BC, and WRF-CESM2, respectively, effectively reducing the historical 50-371 

year storms’ RIs to 22, 19, and 22 years. 372 
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The 100-year and 200-year storms generally showcase the greatest jumps in frequency throughout 373 

the 21st century while also diverging the most between the ensembles. Specifically, no-BC, w/BC, and 374 

WRF-CESM2 predict that the historical 100-year storm will occur 2.5, 4.3, and 3.25 times as often by 375 

end-of-century, respectively, reducing the RIs to 40, 23, and 31 years. The historical megaflood, on the 376 

other hand, will occur every 60, 50, and 100 years in no-BC, w/BC, and WRF-CESM2, respectively, by 377 

end-of-century. Regardless of RI considered, however, amplifications in the frequency of rare rx30day 378 

events, from 20 to 200 years, may be mischaracterized or underrepresented when failing to account for 379 

ESM biases and structural uncertainties. More broadly, the rarest storms (i.e., 100- and 200-year RIs) are 380 

more sensitive to frequency shifts under warming than 20- and 50-year storms, meaning that events with 381 

different frequencies respond differently to warming. This overall behavior is also evident when 382 

comparing empirical calculations of RIs to GEV-based estimates (Fig. S8). 383 

 384 

 385 
Figure 4. Frequency shifts in storm sequences: Frequency estimates of the historical (1981-2020) 20-386 

year (a), 50-year (b), 100-year (c), and 200-year (d) rx30day events across California from different 387 

dynamically downscaled ESM ensembles, including no-BC (blue), w/BC (red), and WRF-CESM2 388 

(orange). The small numbers show the number of storm sequences which exceeded the historical 389 

threshold for each considered period. The years labeled on the x-axis represent the midpoint of a 40-year 390 

window. 391 

 392 

4. Discussion 393 
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 We use 40 dynamically downscaled simulations to quantify California’s historical megaflood, 394 

defined as the once-per-200-year total state-wide precipitation magnitude over a 30-day period, and its 395 

response to regional warming. We consider the impacts of bias correction (BC), structural uncertainty, 396 

and internal variability, as well as the effects of downscaling in quantifying megaflood frequency and 397 

magnitude characteristics. 398 

 BC of the monthly means of ESM boundary conditions increases the physical realism of 399 

historical rx30day across the probability density relative to observations, at least for ESMs that were 400 

chosen based on their skillful representation of regional dynamics. The distributions of 30-day storm 401 

sequences are unrealistically wetter and exhibit overly strong variability in the simulations without BC. 402 

The unrealistically wet behavior was also present in estimations of the historical 200-year storm (the 403 

megaflood), with non-bias corrected simulations predicting a megaflood magnitude of 562 mm (~22 404 

inches), a value at the upper edge of or exceeding observational uncertainties derived from Generalized 405 

Extreme Value-based (GEV-based) methods. Meanwhile, experiments with BC from the CESM2-LE and 406 

CMIP6 ensembles, predicted a 14-to-19% drier megaflood magnitude (471 and 494 mm; 18.5 and 19.5 407 

inches, respectively) relative to simulations without BC. Of note, these explicit calculations of megaflood 408 

magnitude were larger than GEV-extended observations, indicating a potential underestimation of 409 

megaflood intensity when using statistical methods to estimate the megaflood intensity. 410 

Regarding the impacts of downscaling on storm intensity, we find that megafloods within 411 

dynamically downscaled CESM2-LE storms were 19% wetter than identical storms in their parent 10-412 

ESM ensemble. However, even using the full 100-member CESM2-LE fails to capture the magnitude of 413 

megafloods predicted from dynamically downscaled experiments within the CESM2-LE; using 4000 414 

versus 400 years of historical native CESM2-LE outputs to calculate the megaflood intensity predicts a 415 

value 15% smaller than a value based on 400-years of dynamically downscaled CESM2-LE outputs. 416 

While dynamical downscaling tended to wetten rx30day events within the structurally similar CESM2-LE 417 

(particularly for the more intense events), this same behavior may not be true for structurally dissimilar 418 

CMIP6 ESMs, as 6/15 downscaled simulations tended to be drier than their parent ESMs for rx30day 419 

events of increasing magnitude. In summary,  the historical megaflood is most sensitive to BC of the 420 

ESM boundary conditions and the act of downscaling itself. At least in this study, the effects of internal 421 

variability and sample size (using 400 versus 4000 years), and structural ensemble differences (15 single-422 

member ESMs versus a single ESM with many members) are of secondary importance in terms of 423 

modulating the 200-year storm’s magnitude. On this last point, it was found that considering a 10-424 

member ensemble (ESM-CESM2) versus a 100-member ensemble (Full ESM-CESM2) was important for 425 

disentangling decadal-scale internal variability from externally-forced climate trends when considering a 426 

single ESM. 427 

Following the SSP3-7.0 trajectory, rx30day events intensify throughout the 21st century, with the 428 

rarest events (100- and 200-year RIs) undergoing the largest intensifications and shifts in probability and 429 

intensity relative to 20- and 50-year events. By end-of-century, dynamically downscaled estimates project 430 

a wetter megaflood by 11.5 to 16.7% depending on ensemble and bias correction choices, while the 431 

historical megaflood will occur at least twice as often (every 50-100 years). 432 

Concerningly, we found that trends in historically rare storm sequences are modified when 433 

removing climate-mean ESM biases prior to downscaling. For example, the historical 100-year storms in 434 

the bias-corrected ensemble become 50-year storms by the 2045 climatology, while this transition occurs 435 

by the 2080 climatology in a twin ensemble without BC. This trend divergence potentially signifies that 436 

emergent climate signals may be masked by the transmission of ESM biases of different magnitudes, 437 

which act to distort the summary statistics of rx30day distributions. For example, it was found that 438 

simulations without BC have larger inter-climatological variability during the historical era than their 439 

bias-corrected twin ensemble; this relative behavior is echoed for interannual variability, which we 440 

directly quantified as a wet bias relative to observations. Under the assumption that the 100-year storm is 441 

unrealistically variable, this implies that unrealistic regional climate model behavior is delaying the time-442 

of-emergence for externally forced signals until much later in the century. The 2040-2050 return 443 

frequency change and intensification of the rx30day event also has practical implications.  Water 444 
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infrastructure takes decades to amass the necessary capital and then design, permit, and construct 445 

(Cosgrove & Loucks, 2015).  It is then expected to be resilient to design storms for decades after its 446 

construction.  If the hydroclimatic assumptions of those design storms (e.g., rx30day events) rapidly 447 

change after the construction of the infrastructure, it will be stress tested more regularly than was 448 

anticipated. Therefore, historical assumptions in rx30day events could become less reliable in the next 449 

few decades, stressing the need for carefully designed climate model experiments to help ensure that 450 

future water infrastructure is designed with appropriate design storms that are more representative of the 451 

hydroclimates in which they will exist and operate within.  452 

 Taken from a famous scientist, “the more one needs to bias correct, the less useful the practice 453 

becomes.” (Dave Pierce, 2024; personal communication) The transmitted ESM biases referenced here are 454 

surprisingly similar amongst code bases as presented in (Rahimi et al., 2024) for structurally different 455 

CMIP-class climate simulations, leading to a consistent distortion of the statistics of dynamically 456 

downscaled precipitation. It is therefore quite possible that the results of previous studies, which focused 457 

on extreme precipitation events across California without considering the problem of ESM bias 458 

transmission, may have skewed outcomes in terms of their projected hydrometeorological shifts 459 

associated with storm sequences under warming, particularly when ESMs were dynamically downscaled 460 

to quantify these shifts (Huang et al., 2021; Huang & Swain, 2022). On the other hand, bias correction of 461 

the ESM boundary conditions breaks the physical consistency between variables used to drive regional 462 

climate models, but the degree to which this is of consequence for dynamical downscaling has yet to be 463 

formally tested. We note however, that as applied here, BC is not introducing new uncertainties 464 

comparable in their magnitude to traditionally considered sources of climate uncertainty (Risser et al., 465 

2024, 2025). Further, this study highlights the importance of internal variability given that the strongest 466 

storm from our 6,100-year ensemble occurred in the 1960s and that even a 10-member ensemble can 467 

create multi-decadal trends in return levels that have an  opposite sign relative to a larger 100-member 468 

ensemble. Future research should focus on a more holistic analysis of the surface hydrometeorology, 469 

including runoff, snow, evaporation, and soil moisture, for compound flooding events of differing 470 

durations and across different states, to provide estimates of infrastructure-defining weather events on 471 

scales of decision relevance to support community partners. This is important as precipitation magnitude 472 

alone does not dictate the largest flood events in California history (e.g., the 1997 New Year’s flood 473 

event; (Rhoades et al., 2023, 2024)). 474 
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