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Regional Climate Models
... described by chatgpt

GLOBAL MODEL DOWNSCALING CONVECTIVE STORMS
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regional climate modeling

Global model




Why

Dynamical downscaling
Global Climate Model (GCM)

» or General Circulation Model
« Typical resolution between 50 and 250 km.

« “Cheap” models: Possible to make many long
simulations

» Appropriate tool to study the climate from the global scale
to sub-continental scale.

« Too coarse resolution for the local impacts of the global
climate change.

= Necessary to downscale those simulations.
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Regional Climate Models
What they are

GLOBAL MODEL DOWNSCALING CONVECTIVE STORMS
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High-ressolution
regional climate modeling

o Computer programs performing a physical down-
scaling over a limited domain region of the Earth

o Numerical discretized equations solved in a full 3D
flattened box domain
Global model
o High resolution (50km - 1km).
o Limited Area Models
o Driven by a GCM simulation at the domain borders

o Same physical basis as global models.




Regional Climate Models

Limited Area Models

e Same components of an earth system model
o Works in a box representing part of the earth surface
o Interacts with a coarse global model updating the boundaries

o Projects curved earth surface on a plane




Flattening the Earth

o A map projection is a set of transformations employed to
represent the curved two-dimensional surface of a Earth on a
plane.

o All projections of a sphere on a plane necessarily distort the
surface.




Local Area Projections

o Regional Climate Models use local projections which must

— Provide high accuracy over model integration domain
— Reduce to a minimum the deformation required to map vector quantities

— Provide analytical formulas to map from/to the projected grid and the sphere

o Map projections are typically classified according to the
geometric surface from which they are derived. The three
classes of map projections are cylindrical, conical and planar or

azimuthal TN

Cylindrical Conical Azimuthal




Mercator Projection Stereographic

Lambert conformal conical

o Lambert Conformal Conic
projection (LCC) is a conic

Normal S
map projection used for
- The Mercator projection is a cylindrical i . .
map projection that origins from the 16th aeronaUtl_cal charts, and . Projection parameters
century. It is widely recognized as the first many national and regional -
regularly used map projection. It is a mapping systems. - Latitude of the center

conformal projection in which the
equator projects to a straight line at
constant scale.

.. Longitude of the center
- Projection parameters

c Latitude of the center - Leifives o iz

= It is best usable at low latitudes projection center
. Longitude of the center .
- The projection parameters are: - Lon.gltu'de of the
. Latitude (two for secant projection center
. The central latitude projection) of standard
parallel - The reference ellipsoid

. The central longitude

. The ellipsoid description * ULGEUTEILIE Sl




Map correction factor

o In all projections, U and V components of the wind will be relative
to the model grid, not relative to earth coordinates (where U would
be west-east and V would be north-south).

In the case of a Mercator projection, the model grid does align with earth coordinates and
no rotation of the winds is needed.

For the other projections, a rotation is necessary whenever one wants to back-project the
output to calculate wind direction.

For the Coriolis effect, the wind in the equations must be earth relative

o A constant mapping factor must multiply wind component in the equations




Static model information

o Topography — Surface elevation generally comes form satellite
radiometric estimation at high resolution, called global elevation
model

o Global Land Cover Characterization (GLCC) is a global land cover
classification datasets that are based primarily on the
unsupervised classification of 1-km AVHRR (Advanced Very High
Resolution Radiometer) 10-day NDVI (Normalized Difference
Vegetation Index ) composites [1992-1993].

o The Zobler "World Soil File for Global Climate Modelling" shows
the global distribution of soil types, including soil texture classes.
These have been generalized from the FAO Soil Map of the
World (FAO, 1974) and the Matthews Vegetation data (1984) into
one-degree square latitude/longitude grid cells, using a dot grid
overlay technique to determine the largest map unit of each
one-degree cell.




Initial conditions

o The regional model needs an initial state

— Reanalysis : Pick the interpolated status from global reanalysis

— GCM : Pick the status from GCM at the particular initial date

The two concepts are not equivalent




Variables for model run

o Global 6 hourly
- 3D

o Temperature
o Wind U (zonal) component
e Wind V (meridional) component

« Moisture (either mixing ratio, specific humidity, relative humidity)

o [Geopotential height]

o Sea Surface Temperature (SST)
e Pressure

o [Topography, Land mask]




Horizontal interpolation

o Data from file or OpenDAP protocol is horizontally interpolated

— Bilinear interpolation (x:.y2) (X2,y2)
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Vertical interpolation

o Data horizontally interpolated on model grid is vertically
interpolated from pressure or global model levels onto local
area model levels
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Boundary conditions

; TIME DEPENDENT

e Global Model derived

RCM

GCM
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Boundary Scheme

o Global Model derived, TIME DEPENDENT

Jda

dt
=+ F(M)F(argc — Amoa) — F(MF, V2 (aLpc = @moa)

(RCM is fixed (last “relaxed” “free” RCM

to LS value) point) integration
| Boundary "buffer" !
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Summary

Motivation: The resolution of GCMs is still too coarse to
capture regional and local climate processes.

Technique: Regional Climate Model (RCM) is one way
nested within a GCM in order to locallyincrease the model
resolution.

* Atmospheric Initial conditions (IC) and lateral
boundary conditions (LBC) for the RCM are obtained
from the GCM (Climate projection) or Reanalysis
(perfect LBC Hindcast).

* Climate boundary conditions are the same of the
driving GCM : the RCPs in CMIP Strategy: The GCM
simulates the response of the general circulation to
the large scale forcings, the RCM simulates the effect
of sub-GCM-grid scale forcings and provides fine
scale regional information

Technique borrowed from NWP




RCM resu ItS (AV) Mean Precipitation
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RCM results: extreme precipitation

Ensemble mean
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RCM results(AV)

Added value for RCM ensemble
means of the CORDEX-CORE at
different percentile intervals
compared to CHIRPS at 0.22

Dummy distribution at single grid point
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Ciarlo’, J.M., Coppola, E., Fantini, A. et al. A new spatially distributed added value index for regional climate models: the EURO-CORDEX and the CORDEX-CORE highest resolution ensembles. Clim
Dyn57,1403-1424 (2021). https://doi.org/10.1007/s00382-020-05400-5
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-> side note: differences between the two observations can be larger than 20%
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RCM results(Tropical Cyclones density)
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RCM results(Tropical Cyclones
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Regional Climate Model

Pros Cons
. « One-way nesting
« Comprehensive climate modeling system « No regional-to-global feedbacks
« Wide variety of applications « Technical issues in the nesting
. Process studies technique
. Paleo-climate . Domain, LBC procedure, physics, etc.

. Climate change
« Seasonal prediction

« High resolution through multiple

nesting
. currently 3 to 50 km grid interval

« Simulation at very high km scale
resolution with explicit convection

« Not intended to correct systematic
errors in the large scale forcing
fields

. Always analyze first the forcing fields
« Computationally demanding




Natural and Anthropogenic Climate Change

Natural Climate Change

Tectonic-Scale Climate Changes Clobel emperature

0Co|d<——>Warm 0Cold<—>Warm Cold«—>Warm  Cold«»Warm
0 0

Orbital-Scale Climate Changes
Solar luminosity

* Acrosols from vulcanic eruption 3 3 g 0
e usghe
300 3
+—10'C—> +~10°C—+ 50’009—3"C—> mOQ—VC—*
A Tectonic B Orbital  C Deglacial/millennial D Historical

(from Earths Climate: Past and Future)




Natural and Anthropogenic Climate Change

Natural Climate Change

Tectonic Control of Climate

* Plate Tectonics probably does influence climate over long time scales (on the order of millions of
years).

* The main influence of plate tectonics on climate appears to be indirect: by modulating CO, levels in the
atmosphere through the chemical weathering process.

e This, in turn, affects climate by way of the greenhouse effect.

* Such change, in combination with the long-term increase in solar luminosity, can account for the main
features of the long-term climate changes.




Natural and Anthropogenic Climate Change

Natural Climate Change

Orbital-Scale Climate Change

Cold<+—>Warm

‘ * Changes in solar heating driven by changes in Earth’s orbit are the major cause
of cyclic climate changes over time scales of tens to hundreds of thousands of
\ years (23k years, 41k years, and 100k years) .
5 * Orbital-scale climate changes are caused by subtle shifts in Earth’s orbit.
>3
go ". * Three features of Earth’s orbit around the Sun have changed over time:

* the tilt of Earth’s axis,
* the shape of its yearly path of revolution around the Sun
* the changing positions of the seasons along the path.

Orbital-scale climate changes have typical cycles from 20,000 to 400,000
years.

-—10°C—
B Orbital
(from Earths Climate: Past and Future)




Natural and Anthropogenic Climate Change

Anthropogenic Climate Change

Running a climate scenario simulation : Initial conditions

Futurel

/

Temperature

Control
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Natural and Anthropogenic Climate Change

Anthropogenic Climate Change

(a) Multi-model ensemble (MME)

One simulation of the time evolution of Q per model, with internal variabiliy

—— Model 1
g —
> Model 2
*é I Model 3
S b (etc.)
Yy )
--- Baseline

(b) Initial condition ensemble (ICE)
Multiple simulations of Q from one model, differing by initial conditions only

—— Model 1
10 realizations

Quantity Q

(c) Perturbed parameter ensemble (PPE)
Systematic perturbation of parameter(s) affecting Q, within one model
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IPCC AR6 WGI Figurel.21 | Illustration of common types of model ensemble, simulating the time evolution of a quantity Q (such as global mean surface temperature)




Natural and Anthropogenic Climate Change

Anthropogenic Climate Change

IPCC AR6 WGI Cross-Chapter Box 1.4, Figure 2 | Comparison between the Shared Socio-economic Pathways (SSP)
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Why

Dynamical downscaling

Ensemble approach for uncertainty estimate

(@) Multi-model ensemble (MME)
One simulation of the time evolution of Q per model, with internal variabiliy
—— Model 1 . - 1:
o ot Internal Variability
= : Model 3 . .
C
e Scenario uncertainty
Model uncertainty
Time c Global, decadal mean surface air temperature d British Isles, decadal mean surface air temperature
. ” 100+ - 1004
(b) Initial condition ensemble (ICE)
Multiple simulations of Q from one model, differing by initial conditions only 90+ 90
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o - 2 X
> 10 realizations o 707 o 70
z 2 e
g 5§ . § 60
3 8 g
g 501 g 50
Time % 40 % 404
S .g
(c) Perturbed parameter ensemble (PPE) § 301 8 307
Systematic perturbation of parameter(s) affecting Q, within one model e 201 i b= 20
(¢] A / Model 1
> X H
B2 TS \."'\¢ —— Parameter set 1 101 I 10
g —:ii‘aﬁ” N o2 .|| Decadal temperature - Global : Decadal temperature — UK
o N Z=0 ,,».‘0/\\ — Parameter set 3 0 2'0 4'0 6I0 8'0 10C 0 20 40 60 80 10C
Lead time [years from 2000] Lead time [years from 2000]
IPCC AR6 WGI Figurel.21 | Illustration of common H aWkl ns an d S Utto n 2009
types of model ensemble, simulating the time evolution of
a quanti such as global mean surface temperature
quantity Q ( g p )



GCM models

.

(b) Change at 2°C global warming
(d) Change at 4°C global warming
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(c) Change at 3°C global warming
-] No change or no robust signal

7] Conflicting signals

(a) Change at 1.5°

0
A
Q

&

\

3

L

\
1

Robust signal

—_————
NN

>

Anthropogenic Climate Change

Natural and Anthropogenic Climate Change
IPCC AR6 WGI Figure 4.32 | Projected spatial patterns of change in annual average precipitation (expressed as a percentage change) at different levels of global warming



Natural and Anthropogenic Climate Change

Anthropogenic Climate Change: GCM&RCM
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A New Scientific Frontier in Climate Science

High-Resolution Kilometer-Scale Regional Climate
Modelin

Total Precipitation 2001/10/01 00
50°W ZORWERNO02W252F 50°E
- - o #

Domain CPU h per year Raw output per year (Th)
EUR 12 km 7500 h 1T

CP domain CPU h per year Raw output per year (Th)
EUR - 3km 207000 h 8.8
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How

Machine Learning Emulator
The scetch
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GCM or RCM resolution
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How

Machine Learning Emulator
The approaches

« Perfect Prognosis (PP) downscaling approach : high-resolution RCM variables as target and upscaled large-
scale variables from the same RCM as predictors

« Imperfect approach or Model Output Statistics (MOS) : high-resolution RCM variables as target and driving
GCM large-scale fields as predictors

« Hybrid imperfect approach (HIA): high-resolution observed variable as target and driving reanalysis large-
scale fields as predictors




How

Machine Learning Emulator
The PP approache

The RCM can be seen as a function (Frewm) that creates a high resolution simulation (Y) from a low
resolution one (X).

Y = Frem(X)

It can be decomposed as a Large Scale Transformation and a
Downscaling functions (Laprise et al, 2008).

= FrRcem = FReMT + FrRCMD

courtesy of Antoine Doury
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Y = Frem(X)

It can be decomposed as a Large Scale Transformation and a
Downscaling functions (Laprise et al, 2008).

= FrRcem = FReMT + FrRCMD
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The RCM can be seen as a function (Frewm) that creates a high resolution simulation (Y) from a low

resolution one (X).

Y = Frem(X)

It can be decomposed as a Large Scale Transformation and a
Downscaling functions (Laprise et al, 2008).
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The RCM can be seen as a function (Frewm) that creates a high resolution simulation (Y) from a low
resolution one (X).

Y = Frem(X)

It can be decomposed as a Large Scale Transformation and a
Downscaling functions (Laprise et al, 2008).

= FrRcem = FReMT + FrRCMD

Geopotential altitude at 700hPa
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Frem 7 @ Chaotic, depends on the driving GCM simulation. (Boé et al, 2020; Taranu et al, 2022)

RCM-emulator: find the best estimator Fycyw p
Perfect prognosis strategy : link a set of predictors (LR) with the expected target variable (HR).
Supervised learning approach in a perfect model framework.

TRAINING

GCM SIMULATION ~150km

¥

RCM SIMULATION ~12km

INPUTS

UPSCALED
RCM

Emulator

——

Frem,p
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* Fremt : chaotic, depends on the driving GCM simulation. (Boé et al, 2020; Taranu et al, 2022)

« RCM-emulator: find the best estimator Fycy p

« Perfect prognosis strategy : link a set of predictors (LR) with the expected target variable (HR).
« Supervised learning approach in a perfect model framework.

TRAINING EVALUATION
GCM SIMULz}TION ~150km GCM SIMULI;&TION ~150km
RCM SIMUL!&TION ~12km RCM SIMULYATION ~12km
INPUTS INPUTS
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Frem 1 @ Chaotic, depends on the driving GCM simulation. (Boé et al, 2020; Taranu et al, 2022)
RCM-emulator: find the best estimator Fycyw p

Perfect prognosis strategy : link a set of predictors (LR) with the expected target variable (HR).
Supervised learning approach in a perfect model framework.

TRAINING EVALUATION APPLICATION
GCM SIMULATION ~150km GCM SIMULATION ~150km GCM SIMULATION ~150km
RCM SIMULATION ~12km RCM SIMULATION ~12km RCM SIMU ~12km

INPUTS

UPSCALED
RCM

INPUTS

UPSCALED
RCM

EVAL

Emulator Emulator Emulator
Frewm,p Frem,p FreMm,p
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Adapted from the Unet architecture (Ronneberger et al, 2015).

UNET (Ronnenberg et al. 2015) 64 64 1 11
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(a) Random Day : 15th June 2021
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Doury, A., Somot, S., Gadat, S. et al. Regional climate model emulator based on deep leaming: concept and first evaluation of a novel hybrid downscaling approach. Clim Dyn (2022). https://doi.org/10.1007/s00382-022-06343-9
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(a) PRESENT CLIMATOLOGY (2006-
RCM TRUTH

I-UPRCM - RCM TRUTH

i 'u )

EMULATOR

S

R

)

SQO5: 4.44
1 9. M: 10.41
SQ95: 16.60| | SQ95: 16.39

SQ05: -2.17

SQO5: -2.05
M: 9.88 M: 9.91
SQ95: 16.52 |
L)

P

 —— E——— | EENT - 00 T
-20 -15 -10 -5 20 2 5 10 20 -2.5-2.0-1.5-1.0-0.50.0 05 1.0 1.5 2.0 2.5
Climate Change (2100-2080)-(2006-2025)

RCM TRUTH EMULATOR 1-UPRCM EMULATOR - RCM TRUTH 1-UPRCM - RCM TRUTH

(a) PRESENT CLIMATOLOGY (2006-
EMUATOR B M

1-GC|

SQ05: -2.17

M: 9.88
SQ95: 16.52
L]

e LN |
20 -2.5-2.0-1.5-1.0-0.50.0 0.5 1.0 1.5 2.0 2.5
Climate Change (2100-2080)-(2006-2025)
EMULATOR 1-GCM EMULATOR - RCM TRUTH 1-GCM - RCM TRUTH
s ATV
S
= )

-1.0 -0.5 0.0 0.5 1.0

Doury, A., Somot, S., Gadat, S. et al. Regional climate model emulaf - . - - - - Jdoi.org/10.1007/s00382-022-06343-9
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(a) MOS approach (partial day-to-day correspondence)

Large scale predictors Convolutional Neural Net Predictand o
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(b) PP approach (full day-to-day correspondence)

Bano-Medina et al., Transferability and explainability of deep leaming emulators for regional climate model projections: Perspectives for future applications (2023). Submitted to Artificial Intelligence for the Earth Systems https://doi.org/10.1007/s00382-022-
06343-9
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MOS PP
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— EMU1training | X = ta850 (°C) YA tas (°C) b2 = (3) - (4)
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PP approach is suitable for emulating RCM outputs when using bias-adjusted predictors from the same driving
GCM used for learning. But this cannot be done in the Hard transferability framework to emulate a new GCM
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Summary so far

PP approach learns the same robust predictor patterns for different driving GCMs thus increasing
confidence. These predictor patterns are locally connected to the predictand, resembling more closely the
functioning of the RCM

MOS yields model-dependent patterns which, in some cases, are more difficult to interpret and lack from
physical consistency.

both approa s limiting their

Wednesday 14 May: Al And Regional Climate Downscaling, by Blasone
Valentina




.
_ﬂ_iﬁj ' \

% Erika Coppola - You A S ! ! , % ) -
- Scientific Researcher at The Abdus Salam International Centre f... . - o
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&5 ICTP ESP section is hiring two post-docs to work under the LIQUIDICE
project to evaluate the future century-long impacts of climate change on
the Greenland ice sheet and climate-sensitive regions in the Alps,
Norway, High Mountain Asia (HMA), and Svalbard.

¥ Required qualifications are PhD in Atmospheric Physics and Climate
sciences, geophysical science or related disciplines. Specific
requirements are expertise in high resolution regional climate modelling,
coupled regional earth system modelling for one position and expertise in
ML (with a focus on DL) theory and application for climate science for the
other.

7 Application deadline is 31 May 2025

For further information please visit the Abdus Salam International I I I a I l k y O u

Centre for Theoretical Physics (ICTP) web site
at https://Inkd.in/dcUbkbAX

4’ Application link https://Inkd.in/dFbGSn53

Earth System Physics Postdoctoral Fellowship starting fall 2025

ictp.it



