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. Models of the atmosphere

Weeks
Extratropical cyclone (Schneider et al. 2017)
Days (+warm/cold fronts) Tropical '
Eﬁclo.ne ) Local weather Solar/wind
urricane
t
Hours extremes energy
Storm cell Boundary layer Entrainment
Minutes Stratocumulus
<Seconds
# Microphysics
1000 km 100 km 10 km 1 km 100 m 10 m <1m

Direct Numerical
Simulation
dx =0(m)

Global model
dx = 0(10km)

Regional model
dx = 0(1km)

Large Eddy Simulation (LES)
dx = 0(1—-100m)

Calibration hierarchy

Images: Wikipedia
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Low clouds are ,,good“ *

Contrails (high)

Marine stratocumulus clouds (low)

m 4 Ur ICh Calibration of High-Resolution Atmospheric Models *of course, there are more details to this story. Dana Grund (dgrund@ethz.ch) | 06/2025 | 4



Marine stratocumulus clouds

DYCOMS-II, Flight #r£ol

Second Dynamics and Chemistry of Marine Stratocumulus campaign (DYCOMS-II) 0T/10/2001, '06:00:55-15:18: 13

First research flight (RF01)

(Stevens et al. 2003, 2005a,b)

7000

]
\

3500

GALT (M)

97 GLAT (deq)

GLON (deg)

Guiding questions

=  Cloud properties?
=  Stability over time?
=  Sensitivities?
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Marine stratocumulus clouds

Geopstrophic ~ Large-scale Long-wave Turbulent mixing
wind subsidence radiation (sub-grid scale)
Ug w=—Dz cs, Pry

d
Surface fluxes Boundary layer
(heat, moisture, momentum) temperature, moisture
Cm, SST Ty, g

S S A T S

HHZUI'ICh Calibration of High-Resolution Atmospheric Models

Uncertain parameters 6

Initial BL temperature

qtg Initial BL total humidity

Z; Initial BL height

u, Forcing: Horizontal wind (geostrophic)

D Forcing: Vertical wind (diverence ~ subsidence)
SST Forcing: Sea surface temperature

cn Aerodyn. bulk coefficient (surface exchange)

¢s  Smagorinsky constant (turbulent viscosity)

Pry  Turbulent Prandtl number (turbulent diffusion)

Guiding questions

=  Cloud properties?
=  Stability over time?
=  Sensitivities?

Dana Grund (dgrund@ethz.ch) | 06/2025 | 6



~ Profiles d (Z) 4 ' third momeint ofw
r 4?/// q variance of w
10005— ::_‘ / — L L m——————— A ;
i Meas. Data
600;—"!
200 i
=: sivabawme)eppp bosaadanan

O VIR R T (SR S T (N Y M . .
291 294 297 300 303 01 02 03 04 (0 Timeseries d(t)

-1 .2 .
[K] [gkg™] i Cloud top, base heights
Potential temperature Moisture Vertical velocity Vertical velocity B
(liquid water-) (total, liquid) variance w'w’ skew w'w'w’ Free troposphere 500 | — fg - y
0, G @ - T
Cloud top E 600 | ‘:‘5 y 0 T g ra
= — A 9 -
PSS T ——_ o
trainment layer -
. - LNirainme ay T 400 |
B & central study region
| & northern study region
200 | 7 southemn study region
outside of study region
I | | . 1
2 0 2 4
Time [hrs]
Cloud base
Data d

d(z) Profiles: Horizontal and time averages
Sub-cloud layer at measurement heights

d(t) Timeseries: Horizontal averages

"well-mixed"

(Linearly approximated)

Sea surface
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. . : i
- Profiles d (Z) 1 third moment of w
- 4?,// q variance of w

1000 |

600 |

[m]

200}
) 4§ LG el ed i L 14 1ha Wi

U
91 294 297 300 303 01 02 03 04 10

(K] lgkg™]
Potential temperature Moisture Vertical velocity Vertical velocity F 5
(liquid water-) (total, liquid) variance w'w’ skew www' ree troposphere

qt, q

Cloud top

Entrainment layer

Cloud base

Sub-cloud layer

"well-mixed"

Sea surface

Height [m]

Meas. Data

800

600

400

200

Timeseries d(t)
Cloud top, base heights

& central study region

& northern study region

7 southern study region
outside of study region

Time [hrs]

LES intercomparison
(Stevens et al. 2005)

Biases: 6, T, q; {

Missed: Cloud base sinking

Missed: negative skew
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i
third moment of w
C variance of w
1000 F

Meas. Data

600 |

E T
200 F
i ' ' ' ' ' ' ' ' 1 trua I IR BE I LU I L} I . .
204 297 300 303 01 02 03 04 Timeseries d(t)
[K] lgkg™] Cloud top, base heights
Potential temperature Moisture Vertical velocity Vertical velocity B

(liquid water-) (total, liquid) variance w'w’ skew w/w'w’ Free troposphere 800 |

0, G a | | Cloud fop so0 L

Height [m]
T

400 | —

@& central study region

All models use the same specified input parameters! 200 S sty ragon

outside of study region

| i i I i i i | i i I
-2 0 2 “

Q1. Can the model biases be eliminated by model calibration? fimefhrsl

LES intercomparison
(Stevens et al. 2005)

Sub-cloud layer Biases: 6, T, q; {

Missed: Cloud base sinking
Missed: negative skew

"well-mixed"

Sea surface
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Simulation of marine stratocumulus clouds

Large-eddy simulation in an anelastic framework with closed
water and entropy balances

Kyle G. Pressel’, Colleen M. Kaul', Tapio Schneider'-2, Zhihong Tan'2, and Siddhartha Mishra3

(Pressel etal. 2015)  ,PyCLES® = Python Cloud LES

'Department of Earth Sciences, ETH Ziirich, Ziirich, Switzerland, *California Institute of Technology, Pasadena, California,

USA, 3Seminar for Applied Mathematics, ETH Zurich, Zurich, Switzerland

Numerics: Grid-scale

=  Common in the field: central differences
= Dispersive, needs numerical diffusion to stabilize

=  PyCLES: Finite volumes 5th order WENO
= Dissipative, does NOT need extra diffusion

= Radiation: RRTM

=  Surface fluxes: constant
(in space and time)

HHZUFICh Calibration of High-Resolution Atmospheric Models

Numerics: Sub-grid scale (SGS)

Turbulent mixing
(sub-grid scale)
=  Smagorinsky scheme (simplest!)

=  SGS stresses
1 /0u Oy
= L4
Sy 2(8)(,- 8)9)

Dt=vt/Pl’t

Cs, Pry

’C,‘j = thS,-,-

=  SGS viscosity, diffusivity
2
ve=(csA)“fg|S]

= Flow-dependence through moist buoyancy frequency N

fB_{max 0,
o.

1 for N? <0,

1/2
1—N2/(Pr,|5|-’-)} for N2> 0.

- SGS schemes add numerical diffusion.

Dana Grund (dgrund@ethz.ch) |
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Simulation of marine stratocumulus clouds

Large-eddy simulation in an anelastic framework with closed (Presseletal. 2015)  ,PyCLES" = Python Cloud LES
water and entropy balances
Kyle G. Pressel’, Colleen M. Kaul', Tapio Schneider'-2, Zhihong Tan'2, and Siddhartha Mishra3

'Department of Earth Sciences, ETH Ziirich, Ziirich, Switzerland, *California Institute of Technology, Pasadena, California,
USA, 3Seminar for Applied Mathematics, ETH Zurich, Zurich, Switzerland

Numerics: Grid-scale Numerics: Sub-grid scale (SGS) Turbulent mixing
(sub-grid scale)

n Smaaarinclky cohama (cimnlact cs, Pry

= Common in the field: central differq
= Dispersive, needs numerical diffusig

PyCLES works best without SGS scheme,
=  PyCLES: Finite volumes 5th order i.e. cg = 0 (“implicit LES”).

= Dissipative, does NOT need extra d (Pressel et al. 2017)

= Radiation: RRTM Q2. How do different numerics affect the calibration?

=  Surface fluxes: constant

(in space and time) cSST_ [ max [o. 1—N2/(Pr;|5|Z)J for N2 > 0.

- SGS schemes add numerical diffusion.

ETH uric h calibration of High-Resolution Atmospheric Models Dana Grund (dgrund@ethz.ch) | 06/2025 | 11




Long-wave
radiation

Vertical velocity + liquid water

W

Resolution 31e+00 2 - 0 1 229e+00 00e+00 0.0002 0.0004
1 |
e dx=35m, dz=5m ' = '
 nx?x nz = 96%x 300 = 2.8M pixels
e T=4h, dt=~1-10s

Surface fluxes
Ressources (heat, moisture, momentum)

« Memory: 166M per time step Cy, SST

 Compute: 4:15h on 16 cores = 68 CPUh
mzuriCh Calibration of High-Resolution Atmospheric Models “

Dana Grund (dgrund@ethz.ch) | 06/2025 | 13




Liquid water

6.0e-04
I: 0.0005
= 0.0004

— 0.0003

— 0.0002

— 0.0001

— 0.0e+00

Resolution
e dx=35m,dz=5m
 nx?x nz = 96%x 300 = 2.8M pixels
e T=4h, dt=~1-10s

Ressources
* Memory: 166M per time step
 Compute: 4:15h on 16 cores = 68 CPUh

E"HZUI'ICh Calibration of High-Resolution Atmospheric Models Dana Grund (dgrund@ethz.ch) | 06/2025 | 15



Data assimilation setup

Parameter-to-data map

Target of the calibration

Model Cm Ug
parametersHMz[Cs 0= D G=HoM: R >R%; 0 y
and forcing Pr SST
O1c xo(2) x(t =0) x(t=4h) Vru(2) y d
Tg i ] _ _ | | " . ;
) = -
th',g . — . Simulation . Observation | T ? \‘5
i M(x,0r, 0y) H(x) ~ )
Initial j e i zr;;';;
condition i | I |
parameters | ] Profile and Simulated Real
| timeseries observations measurements
observations
[—— | o e
OR
Synthetic
measurements

HHZUFICh Calibration of High-Resolution Atmospheric Models

Dana Grund (dgrund@ethz.ch) |
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Data assimilation setup

Target: parameter-to-datamap G:0 » y = d

Bayes law: p(8]d) < p(d|0) p(6) Weather forecasting (ECMWF)

Ensemble analysis Ensemble forecast
posterior « likelihood * prior

analysis < observations * forecast 4D-Var trajectories —
Irst
Assume JV: p(6) = N (ug, Co), p(dl6) = N (u;,Cc)
DA Method: EnKF (perturbed observations)

[ETKF (sqrt) gave similar results]

State of the atmosphere

ao DAPPER package (credit to P. Raanes!)

Observation

Single-event calibration = Weather forecasting

I | I \
09:00 12:00 15:00 18:00 21:00 lime |

Assimilation window Forecast
Last forecast Nov

= @ = parameters (not state)

= No time cycling (,smoothing®, not ,filtering®)

mzurICh Calibration of High-Resolution Atmospheric Models Dana Grund (dgrund@ethz.ch) | 06/2025 | 17



»Physical space“

Bayesian Setup
oor i ml [ [ T 1 a—
120000 A
:z:: | 100000 1
'g 0j04 i 80000 -
5 i 60000 -
Bayes law: p(8]d) x p(d|8) p(8) o 40000 |
posterior « likelihood * prior 0011 200001
0.00 0.
analysis « observations * forecast 00 25 50Ty 100 125 B0 0 ? vergence
/ U(a, b)
Assume JV: p(6) = N (ug, Co), p(dl60) = N (u), Ce) _x I
6 —a
\ T(Q) = log <m> /O' T_1
- Data: of =meas. Error B
v
C. = diag(o}): no model error, no cross-correlations N(0,1)
- Parameters: Transform uniform bounds U(a, b) to N(0,1): Cg =1 0 ]

Bounds around nature parameters from the intercomparison

o
w
!

variance of w

distribution
(=]
[ 9]

e
=

e
=]
"

-2 -1
divergence

,Normalized space*
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Prior ensemble

PPE = Perturbed Physics Ensemble, N=512
Compared to Stevens et al. 2005

800 [ _ f %
i ;X *
variance of w third moment of w
a E 600 | L s
Other LES A T4
with nature = 400 |-
parameters s wnanss
200 7 sobemayieion
pe3alayiurelespaltazaalanavlen
01 02 03 04 05 1 o | o I
[gkg™] 2 0 2 4
Time lhrs]
1200 1200 1200 1200 1200
B meas. data
B prior (N=512) 1000 A 1000 A 1000 A 1000 A 1000 A
— mean *
-—- median i i | = ] —_ ]
confidence (50%, 90% 800 800 800 ,§, 800 ,E, 800
— nature (Stevens05) E‘ 600 - E‘ 600 - E‘ 0- % g— 600 1
N N N ﬁ >;
. 3
PyCLES with 400 A 400 1 400 1 3 S 400
9]
erturbed
P 200 A 200 A 200 A 200 A 200 -
parameters
O 1 T O T T T O T T 0 - - O - -
. 0.0 0.5 -0.2 0.0 0.2 0.0 0.2 0.4
PyCLES with ww' [m?s™?] ww'w' [m3s~3] a1 lgkg™] ° 500to[sl]0000 ° 500?[;]0000
nature
parameters

w profiles: good
performance

HHZUFICh Calibration of High-Resolution Atmospheric Models

Moisture and cloud base: similar

bias to Stevens05

Dana Grund (dgrund@ethz.ch)



total

RMSE_N

- 1 2 1/2 samples
Prior ensemble RMSEy (0) = (230, (4 - (@) /o) et
Gaussian RMSE, N=512 Y nature (Stevens05)

® three best samples

Gaussian RMSE over all observations

: @ . . i e e "_.r_" . . ® : .
0:0 2j5 5.0 7.3 289.5 290.0 290.5 0.008 0.009 0.010 0.1 0.2 0.25 050 0.75 1.00
D[s7l] 1le-6 Ty [K] Gty [kgkg] (1 Prel]
No sign of correlation for the
Uncertain parameters 6 Smagorinsky constant.
T, Initial BL temperature Clear minimum only for

initial moisture and

qrg Initial BL total humidity }
boundary layer height

Zj Initial BL height
Ug Forcing: Horizontal wind (geostrophic)

D Forcing: Vertical wind (diverence ~ subsidence)

SST Forcing: Sea surface temperature
cm  Aerodyn. bulk coefficient (surface exchange)
Cs Smagorinsky constant (turbulent viscosity)

Pry  Turbulent Prandtl number (turbulent diffusion)

m zuric h Calibration of High-Resolution Atmospheric Models Dana Grund (dgrund@ethz.ch) | 06/2025 | 20



prior (N=512) (samples) Synthetic data:
— prior (N=512)

Ass i m i Iati ng syntheti c Obse rvations posterior (N=512) (samples) nature Sample

—— posterior (N=512) (kde)

Ensemble Smoother (EnKF with perturbed observations), N=512 —— true parameters ~

0 5 10 15 0.0 2.5 5.0 7.5 750 800 850 900
ug [ms™1] D[s7'] le-6 zi[m]

Uncertain parameters 6

g Initial BL temperature

qrg Initial BL total humidity

Zj Initial BL height

Ug Forcing: Horizontal wind (geostrophic)

D Forcing: Vertical wind (diverence ~ subsidence)
SST Forcing: Sea surface temperature

cm  Aerodyn. bulk coefficient (surface exchange)

Cs Smagorinsky constant (turbulent viscosity)

Pry  Turbulent Prandtl number (turbulent diffusion)

HHZUFICh Calibration of High-Resolution Atmospheric Models

L

290.0 290.5 85 9.0 95 291 292 293 1.0 11 1.2 0.0 0.1 0.2 0.25 0.50 0.75 1.00

Tq [K] Grg [kgkg™] le-3 Tsst [K] cm [1] le-3 cs ] Pre ]
Skewed Not identifiable Identifiable ©  Not identifiable

(due to prior transform T)

Dana Grund (dgrund@ethz.ch) | 06/2025 | 21



B synth. data (Stevens05) Synthetlc data:
. -I n h = b = B prior (N=64) nature Samp|e
Assimilating synthetic observations B posteror (N6
Ensemble Smoother (EnKF with perturbed observations), N=512 mean ~
--- median - ~ -
confidence (50%, 90%)
—— nature (Stevens05)
0 5 10 15 -0.0 2.5 5.0 7.5 7-50 800 850 900 - 290.0 290.5 o 8.5 9.0 9.5 -291 292 293 - 1.0 1.1 1.2 -0.0 0.1 0.2 (-).25 0.50 0.75
ug [ms™] DI[s7 1] le-6 z; [m] Tg [K] Geg [kgkg™1 1e-3 Tsst [K] cm (] le-3 ¢ (] Pre (]
Simulate posterior
ensemble (N=64) ... : :
( ) Good fits to the synthetic data ©
1200 1200 1200 1 1200 1200
1000 1 1000 - 1000 1 1000 A 1000 A
9 1.0 T L
800 ~ 800 ~ 800 1 i = —~~———| £ 8001 E‘ 800 1 !
5 5 5 £ 3 B
E 600 £ 6001 E 6001 o094 | 8 6001 2 600 -
N N N = e °
3
400 1 400 1 400 1 E] 3 4004 2 400 -
o [&]
T 0.8
200 A 200 A T 200 A 200 - 200 A
0 0= - - 0 ; ' 0.7+ - 0 ' - 0 - -
-02 00 02 0.00 025 0.0 0 10000 0 5000 10000 0 5000 10000
ww' [m2s2] www' [m3s3] g lgkg ] t [s] El5] t [s]
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prior (N=512) (samples)
prior (N=512)

posterior (N=512) (samples)
posterior (N=512) (kde)
true parameters

Assimilating real measurements

Ensemble Smoother (EnKF with perturbed observations), N=512

) 0 5 10 15 -0.0 2.5 5.0 7.5 7-50 800 850 900 290.0 290.5 - 8.5 9.5 -291 292 293 ) 1.0 1.1 1.2 -0.0 0.1 0.2
Uy [m 571] %fl] le-6 zi [m] Tg [K] qfkgl] le-3 Tsst [K] cm [1] le-3 cs[1]
~ )= | I
) 0 5 10 15 -0.0 25 5.0 7.5 7-50 800 850 900 ) 290.0 290.5 ) 8.5 9.0 95 -291 292 293 ) 1.0 1.1 1.2 -0.0 0.1 0.2
ug [ms™] D[s"!] 1le-6 zi[m] Ty [K] qig [kgkg™1] 1e-3 Tost [K] em (] le-3 el
Divergence = 0!? Not skewed. . e e
g Not identifiable Identifiable ©

Large-scale  Potential temperature

Why divergence »> 0 ? subsidence (liquid water-)
Less ,squeezing” helps to reduce bias just above cloud top* w=-Dz . 0,

1200

1000 -

Why not increase the initial layer height z;?

z; is strongly constrained by cloud top height and w profiles*
E"Hz(jrich Calibration of High-Resolution Atmospheric Models *prelminary results

800 A

600 A

400 -

06/2025 | 25




prior (N=512) (samples)
n u u —— prior (N=512)
Assimilating real measurements poseror (4-512) Gampes)
Ensemble Smoother (EnKF with perturbed observations), N=512 — frzs::ir;‘;;r(n’:::) (kde)

0 5 10 15 0.0 2.5 5.0 7.5 750 800 850 900 290.0 290.5 8.5 9.5 291 292 293 1.0 1.1 1.2 0.0 0.1 0.2
Uy [ms1] %*1] le—6 z [m] Ty K] dw Wakg 1] 1e-3 Test K] ]  1le-3 el

| N

) 0 5 10 15 -0.0 25 5.0 7.5 7-50 800 850 900 ) 290.0 290.5 ) 8.5 9.0 95 291 292 293 ) 1.0 1.1 1.2 -0.0 0.1 0.2
ug [ms™] D[s7l] 1le-6 zi[m] Ty [K] qig [kgkg™1] 1e-3 Tost [K] em (] le-3 el
Divergence = 0!? Not skewed. . . e e
g Not identifiable Identifiable ©

Q1. Can the model biases be eliminated by model
calibration?

For PyCLES, adapt the nature parameter as follows:

* Remove input biases Tyl qrg d
» Correct misspecification(?) D -0
« Choose model parameter cs =0

m zuric h Calibration of High-Resolution Atmospheric Models Dana Grund (dgrund@ethz.ch) | 06/2025 | 26



Assimilating real measurements

Ensemble Smoother (EnKF with perturbed observations), N=64

1200 1200
1000 - 1000 -
800 - 800 -
£ 600 E 600
N N
400 - 400 -
~ ) 200 1 200 -
~y
0 0

HHZUFICh Calibration of High-Resolution Atmospheric Models

-0.2

0.0 0.2
ww'w' [m3s73]

1200

11
1000
o 1.0 A T Ee——
800 A z | TR | =
—_ 5 0
& i ] 0
= 00 % 0.9 - _8
o t | ©
i b | =
g S
S 0.8+ ©
200 -
0 T T
0.7 - -
00 02 ?-4 0 10000
a1 lgkg "] t[s]
Lack of liquid water
remains.
800
E 600
£
o
B
400
200
xlII!\"I""I'!""'II'II
01 02 03 04 05
-1
[gkg]

meas. data

prior (N=64)

posterior (N=64)

mean

median

confidence (50%, 90%)
nature (Stevens05)

1200 1200
1000 - 1000 - i
- T 800- —gﬁf
o
600 { & 2 600 V
©
- }
4001+ S 400 1
200 200 -
0 T T 0 T T
0 5000 10000 0 5000 10000
t[s] t[s]

Better timeseries fit.
Growing cloud layer ©

central study region

A northern study region
7 southern study region

outside of study region

Time [hrs]



Calibrating different numerics

Ensemble Smoother (EnKF with perturbed observations), N=64

1~

Default
dx=35, dz=5
WENO-WENO

1~

Low resolution
dx=50, dz=15

1~

Other numerics
central-WENO
central-central

(0

| A

291

1.0

0.0

prior (N=64) (samples)
—— prior (N=64)

posterior (N=64) (samples)
—— posterior (N=64) (kde)

Q2. How do different numerics affect the calibration?

Both numerics and resolution affect the posterior
estimates.

For implicit LES numerics, the Smagorinsky constant

Qg [kgkg™] 1e-3

HHZUFICh Calibration of High-Resolution Atmospheric Models

8.5 9.0 9.5 292 293 1.1 1.2 0.1 0.2
Qig kg kg‘l] le-3 Tsst [K] cm ] le-3 G [l
i / el N P
8.5 9.0 9.5 291 292 293 1.0 1.1 1.2 0.0 0.1 0.2
Qtg [kgkg‘l] le-3 Tsst [K1 Cm (] le-3 ¢l
\ : 1 |
-3
V1NN g o e A~ 1]
8.5 9.0 95 291 292 293 1.0 1.1 1.2 0.0 0.1 0.2
Tsst [K] Cm (1] le-3 G (1

Forcing bias depends on
resolution and numerics.

Model parameter ¢, depends on
numerics, but not on resolution.
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Next Steps

’ \ 1. Compare to other calibration methods
d ] = Data assimilation: ES-MDA
= |
w ' 4 =  Atmospheric community: Typically O(1-10) parameters
Ac
e ; i

= | (Hawker et al. 2021, Liu et al. 2022)
> = History matching (ruling out parameter space regions)
7 (Covreux et. al 2021)
— B A . = Gaussian Process + Markov-Chain Monte—Carlo
- (Cleary et. al 2021)

Ay

= Latin Hypercube sampling + performance score

At

(a) Ice effective radius at 14 km
emulated surface

40

35

2. Increase problem complexity: G: R? - R%; 6 - y
= Infer full profiles > 6 € R°G0
= Assimilate full timeseries y € R(100)

=  More complex dynamics - More nonlinear G
= Differnt atmospheric conditions (test case)
= Include microphysics parameters (precipitation)

30

(wrl) sniped A3 3|

25

20

m zuric h Calibration of High-Resolution Atmospheric Models
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Calibration of High-Resolution Atmospheric Models

))' 2. Clouds &

_ | h o
& |/ casurements - 1 3. Simulation T 4. Calibration

go 1. Models

1. Large Eddy Simulations serve to calibrate lower-resolution models.

2. The DYCOMS-II RFO1 marine stratocumulus measurements are a well-known
intercomparison case for LES, but the models share similar biases.

3. PyCLES is an implicit LES which performs best without sub-grid scale scheme.

4. EnKF can be used to tune PyCLES to DYCOMS-II RFO01.
Q1: We obtain improved input biases and model parameters.

Q2: The posterior estimates are sensitive to resolution and numerics.

m zuric h Calibration of High-Resolution Atmospheric Models
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