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Current Predictions and Uncertainties

Previous studies found more confidence in predicting extratropical extreme precipitation under
global warming, mostly due to thermodynamical reasons.

Tropical convection exhibits large uncertainties: 2 - 9 %/K of warming.

For tropical cyclones’ precipitation, experts' estimation is 1.5 - 11 %/K of warming (Knutson et al.
2020).

Some high-resolution (~25km) global models, despite their outliers status, suggest an even

hlgher sen5|t|V|t3/ of 13-17% (Liu et al. 2019) , _
9.9 percentilé of daily precipitation in CMIP5 Fractional changes (O'Gorman and Schneider 2009)
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Convection Permitting
Simulations

* Convection permitting simulations (Ax ~ 1 km) have become

popular in climate studies.
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CONUS404
The NCAR-USGS 4-km Long-Term Regional Hydroclimate Reanalysis over the CONUS
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(a) CONUS404 Mean annual precipitation: WY1986-WY2020 (b) PRISM Mean annual precipitation: WY1986-WY2020
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Key Points:

« Dynamical downscaling at ~1-km
resolution produces reliable
estimations of extreme rainfall but
is computationally expensive

« Machine learning (ML) makes

smart dynamical downscaling
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Enabling Smart Dynamical Downscaling of Extreme

(SDD) in 2020.
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* It features regular and channel-wise separable
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More Confident Estimation of
Precipitation Extremes

* The deep learning model identifies potentially
extreme cases from a global climate model (CESM2
under SSP5-8.5) simulation for 2015 - 2034 (present)
and 2081 - 2100 (future).

* Then we used 3- and 1-km resolution WRF to resolve
storms in the South China region in the dynamical

. 30°N
downscaling

*  We select 32 cases for WRF simulations of present 20
extreme precipitation events and 32 cases for future
extremes. fon

* Finally, we re-rank those simulations and retain the
top 16 + 16 for analysis.
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Cases of Extreme L B R |
Precipitation

*  The Al model can reliably estimate rainfall [ B LU LA i L LA A )
2020 2030 2040 2050 2060 2070 2080 2090 2100

intensity, though underestimation exists due to
training data limitation (0.25" x 0.25%). o

* Al prediction for the present period extremum is S
202 mm and future period extremum 342 mm, N el ). R e 1 K-
implying a +17%/K sensitivity. R : ey Tma S o -

*  WRF downscaling found top cases are all tropical

cyclones.

* 6/16 are typhoons for the present period and
9/16 for the future period.

* 2/16 are super typhoons for the present
period and 3/16 for the future.




Sensitivity at
Different Scales

Clausius-Clapeyron (CC) equation
suggests a 7%/K increase in water
vapor; Does the ~1-km WRF simulation
suggest sub- or super-CC scaling or
precipitation extremes? Yes and No.

When focusing on a small scale (1 km)
and short duration (1 hour), the
sensitivity is ~4 %/K.

However, the sensitivity reaches ~ 18
%/K for 30 - 50 km and half-day
accumulation.

Hong Kong’s scale is ~ 30 km; Shenzhen
is ~ 50 km; Guangzhou is ~ 80 km
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Weaker Convection?

We analyzed the characteristics of
convective cores.

* Updraft cores’ mean intensity has a
slight decrease in the mid-troposphere.

« The size of updraft cores increases
due to warming.

*  The distance of cores to the cluster
center has no change at lower levels
and increases at upper levels

* The convective cores move faster in the
lower troposphere in response to
warming.
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Idealized Cloud Model 1 (CM1) Simulations

Previous idealized simulations suggest TCs weaken under global warming due to the
stabilization of the atmosphere under global warming.

In the “standard” setup of CM1 idealized TC simulations, warming causes rainbands to
become stronger and but have a larger radius, resulting no change in total precipitation.
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Change Driven by Radiative Effect

However, the “standard” setup uses a Newtonian relaxation of temperature to replace active
radiation code.

With radiation code (RRTMG) on, TC rainbands become not only stronger but also more
continuous; the smoother TC rainbands’ rainfall accumulation may exhibit higher
sensitivity than instantaneous precipitation.
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imilar Trends in the Atlantic
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* Previous GCM predicts that extreme rain rate
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Future Landslides

Conservative estimation assumes current relation applies
to future, and optimistic view assumes no further increases
above CU rrent maXimum (b) Present case
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Future Landslides

* Assuming super-CC scaling and apply 1-km resolution r:
data yield more accurate projection of future risks

* Landslide risks exhibit additional exponential amplifica
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Compound Risks

Other examples of cascading hazards:

+ Wildfires leading to mudslides and flooding

* Droughts and heatwaves coinciding

¢ EXte n d ed fi re Sea SO n S d U e to S n OW a n d ice m e |t A search for survivors after Typhoon Mangkhut triggered a landslide last week in ltogon, the

nature » comment > article

COMMENT | 24 September 2018

How do natural hazards cascade to
cause disasters?

Track connections between hurricanes, wildfires, climate change and other risks, urge

Philippines. Credit: Jes Aznar/NYT/Redux/eyevine
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Summary

Deep learning is a useful tool to enable selective
(targeted) cloud-resolving climate downscaling (SDD). 15.8) Sensitivity (%/K)

High-resolution simulations of extreme events suggest 42
that the sensitivity of extreme precipitation cannot be
quantified as a single value.

Instead, the sensitivity is sub-CC at small-scale, short
durations but becomes amplified for larger spatial and
temporal scales and is more than 2 x CC.

temporal scale (h)
N

The amplified strengthening of urban-scale extreme

precipitation has important implications for flooding " 20 40 60 80 100
and landslide risks under climate change spatial scale (km)

Ongoing work to generate large-ensemble projection
with SDD
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