Evalvation of clouds in large-
scale models

What? Why? How?
Part 3

Christian Jakob & Jean-Louis Dufresne

Evalvating fields more
quantitatively
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Represent model and observations on the same grid (interpolation)

Then treat each grid-point as one entry to the “forecast” and
observation “vectors”.

Calculate quantitative error measures.

Mean and RMS errors

For example:
1 X fu - Forecast at point n
Mean error (Bias) ME = N (fa—o0n) on - Observation/Analysis at
=t point n
1 N
Mean absolute error MAE = Y |fe—onl
n=1
1 N
Root wiean square error RMSE =/ ), (fu— 0,)?
(RMSE) n=1

Note that in NWP the observations are often replaced (approximated by) the NWP analysis (initial
state)
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Mean error example

fc error of Total Cloud Cover [octa] Europe 30.0-22.0 72.0 42.0
"""" bias 60h bias 72h ---+--- stdv 60h —— stdv 72h
4 . '\ﬂ BA ,-‘r'\' Sea o l‘ 4
PR SR et St
A WA Y m AN e i ”
] ; N
'V el M S AT AR I TN
1 L WAL,
s
1 1
2!
3 H 4
[ " PLNEIE RN WS NN tepl o
‘"..‘:,.__'-,n‘;: NEYY ‘.‘I-‘/\, 4 . apd
3 (L ¢
M petiy V& ; |
S L L N S L R L L R N L R S N S R R A
1988 1989 1990 1991 1992 1993 1994 1995 1996 1997 1998 1999

ECMWEF cloud forecast over Europe

The Taylor diagram

Backaround

Based on roof-mean square error:

X If‘or example:

E=1/=Y (fy—0,)? fa-Forecastat point n

N n;l on - Observation at point n

We can write: E2—E*4E?
! SR / Jmeid im |
with E=f—-0o and E = N;::I[(fn—f)—(0,,—0)]2
E can further be modifiedas:  E? = 6% + 062 —26/6,R —> ¢* = a®+b* — 2abcos @
Law of cosines

(fn _?)(On —0)

1

M=

1
N
where R=-_"

is the correlation coefficient.
GG,

So E' denotes a combination of the standard deviations of the forecast and observed fields as
well as the correlation between thew. Construet a diagram from this!

The Taylor diagram
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Beware: 14
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the diagram has no
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Hence, as with all
measures, do not 06
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The Taylor diagram

Trop

Standard Deviation
Standard Deviation

Sea Level Pressure: ERA40 reference
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Air Temperature (850 hPa): ERA40 reference Gleckler ef al o JGK 20 0 8

Zonal Wind (850 hPa): ERA40 reference

A Taylor
diagram with
bias
information

ze 1 CMIP3 model performance

s 2l
Standard devation (mmiday)

6
3
T L (o) wnc (5) cami
T .
g N - @ AMIP @ ERA-40
I
H %{ ’ @ 2nd obs @ Super-CAM
\ B IPCC mean model
.

SW CRE

Pincus et al., J6R, 2008

6 12 18 24 30 3%
Standard devation (Wim?)

Metrie

*  Origin:

* French: métrique, from metre, meter
* Latin: metricus, relating to measurement
* Greek: wmetrike, (the art) of meter, fewminine of
metrikos, relating to measurement
* DPefinitions:

* A standard of measurement

* Mathewmatics: A geometric function that
describes the distances between pairs of points in
a space

* Poetic meter
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Metries

*  Quantitative scalar error measures used for climate models are
often referred to as performance METRICS

*  Pros:

*  provide quasi-objective evalvation

*  provide a history of performance

* allow for ‘easy” comparison between models
* Cons;

*  asingle metric cannot capture the complexity of wmodel
behaviour

*  Metrics per se do not provide insight into the causes of model
error

*  Metrics can be easily wmisinterpreted and can hinder model
development

Approaches to model evaluation

Application

NWP: seasonal;
climate

Overall assessment

v

Tuning (important but limited insight) |

Find processes and
Great insight but of potentially limited phenowmena of

Pesign wodel importance relevance

improvements
000

Perforwm process
studies (wodels *
observations)

v Select svitable
process studies

@ vata community @ Model user” evaluation community ‘ Model development community

Regime-oriented model
evaluation

*  While useful in the context of model application, the
overall evalvation of model results provides limited to
no insight into the causes of model error.

* Can we devise techniques that decompose the model
error into errors in different regimes? -> Divide and
conquer

* ldentifying the regimes that contribute the most to
the model error might then help us understand the
underlying processes.

* How do we define the regimes so that they have a
“physical” meaning?
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Geographic regimes
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Figure 13 Schematic NE-SW cross section over the northeastern Pacific, summarizing
typical observed cloud regimes. From right to left, the sea surface temperature increases and
subsidence decreases. The stippled arca is the PBL, the top of which is shown by the
continuous and discontinuous double-stroked lincs. The dashed lines above the cumulus
clouds show an inversion layer, which is principally the trade wind inversion. (Redrawn from
Arakawa, 1975.)

*  Easiest regime definition: Use geographically distinct cloud regimes

*  Works well in the relatively steady subtropics
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Geography is not always
this kind
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Vertical velocity sor’rmg

Model ISCOP B

* Sort cloud properties by
sowe other variable

* Here: Instantaneous
Vertical velocity at
500 hPa

Tselioudis and Jakob, JGR, 2002

Ver’ﬂcal velocn‘y sor’rmg
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*  Cloud cover in the tropics sorted by monthly mean vertical velocity

Bony an Dufresne, GRL, 2005

Compositing

* Cowmposite cloud
tields around
dynawical
features

* Most prominent:
Extratropical
cyclones

Klein and Jakob, MWR, 1999
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Composites

*  (loudSat/CALIPSO cloud cover composites around Southern Ocean
Cyclones
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Govekar et al., 2013 in the works

Composites

*  CloudSat/CALIPSO cloud cover composites around Southern Ocean
Cyclones

*  Relationships between clovd and dynawical variables
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Govekar et al., 2013 in the works

ISCCP cloud regimes

The ISCCP P1 data set provides joint histograms of the frequency of occurrence of clouds with a certain cloud top-
pressure and optical thickness in grid boxes of ca. 280x280kw. These histograms have a strong relationship to
cloud types (e.q., Rossow and Schiffer, 1999). The example below shows the mean histogram for 1999-2000
averaged over an area in the Western Pacific (130-170 E, 10 N-10 S).

TCC=0.66
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Frequency of occurrence (7)
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Cluster (and related analysis)

The basic idea

Measure the distance between points in
the phase space and group them such
y that the distance to a point’s group mean

is shorter than that any other group’s

wmean.

Each group is called a cluster.

Different mathematical techniques to do

this exist - Hierarchical clustering, k-
e weans, Self-Organizing Maps

-
0’00

> Beware: The analysis will find groups
x  evenif thereis no real ‘clumping”! This
can still be useful. (e.g., real numbers
between 0 and 1)

CRE in CMIPY wmodels

(2) Shortwave

radiative effect - MOD-OBS (d) zonal average of shortwave CRE
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SH Cloud regimes

K-Means Cluster analysis - 8 clusters

TCC=0.93, FOCC=0.11 C2 SH TCC=0.95, FOCC=0.10 C3 SH TCC=0.97, FOCC=0.12

30

xm-

002 127 355 938 2263 6036 378.65
C6 SH TCC=0.99, FOCC=0.10

30
180
440
560
80
800
1000

002 127 355 938 2263 60.36 378.65

355 938 2263 6036 378.65
TCC=0.57, FOCC=0.35

355 938 2263 6036 378.65
TCC=0.74, FOCC=0.03

356 938 2263 60.36 378.65
TCC=0.91, FOCC=0.11 TCC=0.87, FOCC=0.09
30

356 938 2263 60.36 378.65

L

0 5 10 15 20 25 30

e v a5 om mes som s o 1w o oo ez sase smss Haynes et al, JCL 2011

Wednesday, 3 July 13




SH Cloud regimes

Frequency of occurrence
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Haynes et al, JCL 2011
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ISCCP cloud regimes

Tropics

Tanetal, JCL 2013

ISCCP cloud regimes

Tropics
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Tanetal, JCL 2013

Things we did not talk
about

... but maybe should have!

* Process studies
* (Categorical forecast evalvation

* Probabilistic forecast/projection
evaluation

* Evaluation of non-cloudy, but cloud-related
phenowmena (e.g., Tropical waves, ...)
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The future

* Completing “the loop” on a regular basis -
80 clouds example was almost there

* Evalvating relationships, rather than
single quantities, e.g., cyclone example

* Bringing different approaches together
wmore rigorously

* Evalvating the weather in climate models -
bringing communities together

How much rain comes
from fronts?
Model-ERAI
Nuwber of
fronts (7 of
time)
Fraction of

annval rainfall
that is related
to fronts (%)

e ——
220 260 300

ER A-lnterim+GPCP Model-ERAI/6PCP

Thank you for...

... your attention.
... YOUr great questions.
... Your enthusiasm.

* X ¥ *

... making this school a real fun experience.
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