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A toolkit for climate predictions

S ae® s

QN o
90‘5\ Y\O& oV Qe \“O(\ e2® 89(60 c° ce®
DIAGNOSTIC FORECAST PREDICTION PROJECTION

Progression from initiatalue problems with weather forecasting
at one end and muldecadal to century projections as a forced
boundary condition problem at the other, with climate prediction
(subseasonal, seasonal and decgdalthe middle. Prediction
Involves initialization and systematic comparison with a
simultaneougeference. (
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A toolkit for climate predictions

The predictions are based in the initial conditions of the
sea surface temperature, snow cover, soil condition or
sea ice, which have a slow evolution that can range from
few months to years. (
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An example: Users In the energy sector

Longterm user engagement has allowed identifying a number of
decisions that could benefit from climate predictions

Energy producers: Resource management
strategies

Energy traders: Resource effects on markets,
Anticipate energy prices

Plant operators: Planning for maintenance TR, (R S e
works, especially offshore wind O&M L | ke i i e i

Plant investors: Anticipate cash flow, optimize
return on investment

Grid operators: Anticipate hotter/colder seasons
to schedule power plants to reinforce supply.




Near term: Sector readiness

In all sectors there are potential applications but in some sectors the decision
making processes that would benefit from predictions are better defined.

High

MO
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Provided the added value of predictions is illustrated to the use

From project deliverables of EUCP (D 6.4), PRIMAVERA (D11.6) and EUPORIAS (D12.3). Additional q:
sectoral comments in user engagement by S2S4E, APPLICATEOUBDPHIATUS and VISCA. 5



Copernicus Climate Change Service (C3S)

TheClimate Data Store (CD$jovides a single point
of access to a wide range of climate datasets, namely
satellite and irsitu observations, reanalyses, seasonal
forecasts and climate projections.

~
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Copernicus Climate Change Service (C3S)
TheClimate Dm%.%Dﬁbovides a single point

of access to a wide ra ipate datasets, namely
satellite and irsitu observa I'éanalyses, seasonal

forecasts and climate projectio e
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MEDiterranean Services
C;\a'm based On climate P:Ed}c'?ors

CLIMATE SERVICE
PRODUCT

The final products from the

FORECAST service should provide useful
QUALITY and easy information for

decision-making.
ASSESSMENT

Several skill scores have been
obtained by the comparison of

predictions with observations.
Positive skill means an added

RAW CLIMATE value with respect climatology.
PREDICTIONS

Predictions obtained directly
from different climate

TAILORED
® CLIMATE

prediction systems.

@ BIAS ADJUSTMENT

These adjustments have been
applied to improve as much as
possible reliability of the climate
predictions.

PREDICTIONS

Climate predictions tailored to
specific needs for agricultural
users: specific agro-climatic
indices, higher spatial
resolution, ...
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AMEREC~AADE
VIEWIGVN =
MEDiterranean Services
Chain based On climate PrEdictions

CLIMATE SERVICE
PRODUCT

The final products from the

FORECAST service should provide useful
QUALITY and easy information for

decision-making.
ASSESSMENT

Several skill scores have been
obtained by the comparison of

predictions with observations.
Positive skill means an added

RAW CLIMATE value with respect climatology.
PREDICTIONS

Predictions obtained directly
from different climate

TAILORED
® CLIMATE
PREDICTIONS

prediction systems.

specific needs for agricultural
@ BIAS ADJUSTMENT users: specific agro-climatic
indices, higher spatial

These adjustments have been resolution, ...

applied to improve as much as
possible reliability of the climate
predictions.

Climate predictions tailored to
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% works may be distributed under different terms and without source code.

dimate SrviceTools

MEDSCOHMEpackage is calle@STools

Currently contains-25functions

Should contain 30 functions upon completion
Avallable on CRAN (R repository) since April 24th

Second release: November 2019
Further releases: Spring 2020 / Fall 2020
License: Apache License 2.0

3 A permissive license whose main conditions require preservation of copyright and license notices.
Contributors provide an express grant of patent rights. Licensed works, modifications, and larger

O¢ O¢ O« O¢ O¢ O¢ O«




dimate SrviceTools

0 Use VCS for development: MEDSCOPE GHiabd
0 Common procedurand conventions for adding new functions
to the Medscope prototype.

0 Documentationand development policy for the MEDSCOPE
prototype

Feature of the Project

2 Roles g R
O @ X0 &
L L ) X &
3 Workflow P I VAW A A .
0 \\o“‘ @ < 04\0 & e o0 © * o>
h . \oo" Lo &0 P & K <& &° ‘\ef} c,\0a>
3 Branching strategy R I YA R Ve e
) @) & Vs v." R
o e
&S0 x| x | X
ERCA/AADE



https://earth.bsc.es/gitlab/external/cstools
https://docs.google.com/document/d/1mC0HD9VdcfY4I8gQCIihCaXs2yl9HXgTboT_bIory5s/edit
https://docs.google.com/document/d/1-ZtL_70Xdh5ELTQ_cY9ImMyWFQX21VmgciNY98AX-6c/edit

Introduction to CSTools

Basic functions Correction Downscaling SVEUTE ]y

Ploting functions

*BE|: Best Estimated Index

( mmmmm. e Suparcs m‘mm
q{:
b Y




Bias adjustment methodologies

Method Equation Description Reference
Based on the assumption that
] ] both the reference and forecasted
Slmple bias N (\':' = T)ﬂ 45 distribution are well approximated | Leung et al. (1999)
correction S T g, by a Gaussian distribution.
Variance inflation modifies the
. . predictions to have the same
Calibration Vi = afi+ B(Yim—Fi) +5 inter-annual  variance as the | Doblas-Reyes etal.
method 71m . Jome AT | reference dataset and corrects the (2005)
ensemble spread to improve the
reliability.

correlation between the

/ - . o
Yim Bias adjusted forecast Y Forecast climatology g ensemble mean forecast &= abS(P)gi
. oridinal Oy Forecast standard deviation and the observations
Yi.m riginal forecast _

g X Reference climatology B = J1—

Vi Ensemble mean O, Reference standard deviation standard deviation of the

: difference between the

Ean Hrr

ensemble members and
% the ensemble mean Barcelona
( Supercomputing

gl dhe Suparcar



MultiMetric

This function calculates the anomaly correlation coefficient (ACC),
the root mean square error (RMS) and the root mean square error
skill score (RMSSS) of individual models and multi-model ensemble
forecasts.

40N 50N 60N 70N
40N 50N 60N TON
L ! ! !

hpnmmpuﬂng
Cur Irey MEETonA) O SUparcarions IETi
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MultiMetric

This function calculates the anomaly correlation coefficient (ACC),
the root mean square error (RMS) and the root mean square error
skill score (RMSSS) of individual models and multi-model ensemble
forecasts.

40N 50N 60N 70N
40N 50N 60N TON
L ! ! !

hpnmmpuﬂng

Curn-:,\u o) o S parea s JETEN

> WhICh one is more skilful for my region?
Better to use the ensemble mean? AN



PlotCombinedMap

It can be used to identified the best model/forecast over a particular
region, as well as the particular level of skill over that region.

Spatial representation of the highest correlation values
for each grid point obtained for three different models -
GloSea5 (blue), ECMWF System 4 (red) and Météo-
France System 5 (yellow) seasonal forecasting systems
as well as the ensemble mean (MMM - grey) versus a
reference dataset.

Vignette available: https://cran.r
project.org/web/packages/CSTools/vignettes/Mul

Cerudne Masitnal o Suparariins JEi

o 20E 40E E
glosea5 ecmwf/system4_m1 meteofrance/system5_m1 MMM t| M Od e I S k| | | V| g n ette . htm |
- (T | [T [ TTEE [ m——
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PlotMostLikelyQuantileMap

How will be
the next
month/season
temperature?

Only areas with
positive skill are

shown
N Summarising
Below normal (%) Normal (%) Above normal (%) ~ information in one map
ﬁ I H * only
40 5 0 8 100 40 55 70 8 100 40 5 0 85
‘ ECMWF S4 10-m wind speed seasonal forecast for DJF 2015 initialized the 15t of November. The most
l:l\t't-n likely wind speed category (below-normal, normal or above normal) and its percentage probability to @ 5.,,,"""::;':,..1{.,,
MF}UD\-VI’ £ occur is shown. White areas show where the probability is less than 40 % and approximately equal for e v e S s

all three categories. Grey areas show where the seasonal forecasts d o nimdptove the climatology.
b I



PlotMostLikelyQuantileMap

How will be
the next
month/season
temperature?

Only areas with
positive skill are

shown
i Summarising
Low (%) Below normal (%) Normal (%) Above normal (%) High (%) N information in one map

- only

47.5 65 82.5 100 30 47.5 65 82.5

65 82.5 100 30 47.5 65 82.5 100 30

30 . 82.5 100 30 47.5
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easonal forecasts for Jan-Mar 2015
Lead time: 3 months Lead time: 2 months Lead time: 1 month
Start date: Apr 2014 Start date: May 2014 Start date: Jun 2014
Extremes:

prob. above P90 |

20.0 \ Probability of
terciles

D Above normal
|:| Normal

D Below normal Ensem ble
members

Three forecasts with
different lead time

Tercile probabilities
and Most Likely
Tercile

o)

17.5

%9 -

Probability of

— 8
b5 @ - extremes
a © [0 &
"E"C_j 8 * o * ——  Above P90
8 P °
= ||, P . — BelowP10 PDF from
2 |* B * # __—— ensemble
o %,
S X §D°°° Ensemble
* members I
s o 5 dressing
2 /|5 S R o

%t

Barcelana
Supercomputing
I.T-Irnrar

| B B 8 Observation | Qphserved value
@
DSCOPE b / (
I ’_ _________ I 0_ _________ - [ R EE— |

Probabilty density
(total area=1)
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Multi-variable EOFs

EOF1 for ul0 EOF1 for tas EOF1 for z500

']
t o ; <+ . .
. j/armw-x_ ) f i .

ﬂfé;f“‘“ 4 - z
@ =3 £ m __g sy
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EnsClustering

The method has been applied here to the new ECMWF seasonal

forecasts (System 5) of 2m temperature in the Mediterranean
area.

Summer 2017.

Observed anomaly Ensemble mean

Barcelana

-1.62 -1.08 -054 000 054 1.08 1.62 -162 -1.08 -0.54 000 054 108 162
Temperature anomaly (K) Temperature anomaly (K) s“-l"'"r-""’"-""'-l"“'""‘i'
Center
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EnsCluster

The 50 ensemble forecasts anomalies

2t anomalies (K)

2t anomalies (K)

Cluster 1 - 25% of cases

Cluster 0 - 31% of cases

Supercomputing
Cerudne Masitnal o Suparariins JEi

Barcelana
Center
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Cluster 3 - 20% of cases

Observed anomaly

Cluster 2 - 24% of cases

-162 -1.08 -054 000 054 108 162
Temperature anomaly (K)

—-0.54 0.00 0.54 1.08 1.62
Termperature anomaly (K)

—1.08

-1.62



RainFARM

Impact studies at a local scale, particularly in the water sector, may
require a representation the unresolved smsadlale structure of

precipitation, in particular subgric
extremes. Examples include stuc
flood impacts in small basins and

latitude [°]

variability and precipitation
les on the impact of extreme rainfall,
ecosystem studies.




RainFARM

Impact studies at a local scale, particularly in the water sector, may
require a representation the unresolved smsdlale structure of
precipitation, in particular subgrid variability and precipitation
extremes. Examples include studies on the impact of extreme rainfall,
flood impacts in small basins and ecosystem studies.

Example of a daily
precipitation field
Downscaled with
RainFARM

latitude [°]




RainFARM stochastic precipitation downscaling

The RainFARM method belongs to the class of stochastic precipitation downscaling methods:
It derives its only parameter from the original large-scale precipitation field and does not require further
variables/information. It conserves precipitation at the scale of the original model.

| - , | RainFARM uses simple statistical properties of
@ _° | S TR large-scale field (shape of the power spectrum)
o 1 & and generates small-scale rainfall fields
propagating this information to smaller scales in
“ P g WO _ Fourier space.
a2t

Y &= oo
112 —— km 12 —ne km

Spatial Power spectrum of the
The precipitation fields generated by stochastic procedures are rainfall field

consistent with the large-scale features imposed by the original

T . . . 10° Slope derived fronPand
precipitation fields, such as the total rainfall volume, and with the \ propagate o smaller scal
known statistical properties of precipitation at multiple scales. e

D
n

power spectrum

% - N. Rebora, L. Ferraris, J. von Hardenberg, A. Provenzale R2006ARM: 107
NErADE Rainfall Downscaling by a Filtered Autoregressive Mddelydrometeorology, 3
IEWINGVT = 7, 724738

- D'Onofrio, D.; Palazzi, E.; von Hardenberg, J., Provenzale A., Calmanti S.; 1~} , S |
Stochastic Rainfall Downscaling of Climate Modktf.Hydrometeorology 15 " ' . : :
(2), 830843 (2014) 10° Lo ) 10° A 10°




I A LISNFSOG Y2RSt¢ SE
WRF precip, 0.04es. (19792008, forced by ERA Interim)
WRF at 0.04(197/92008) WRF upscaled to 0.64

Downscaling
aaidl yRIN

RainFARM
climatology




l GLISNFSOU Y2RSté¢ SE
WRF precip. (1972008, forced by ERA Interim), 0°04s.
WRF at 0.04(197/92008) WRF upscaled to 0.64

Downscaling Downscaling
with orographic correcti aaul yRI

RainFARM
climatology

RMSE=0.86 mm/ylay
N — —— L

10




CS7Analogs

The analogs are days within the database which have a similar circulation to the
day of interest. The temperature (or precipitation) of the analogs are then
compared to the temperature (precipitation) of the day of interest

At least 2 variables: large scale (i.e. SLP) and local scale (i.e. temperature)

Extreme cbservable FRa, J = 2T

- No regional constraints o R

- Resolution depends on obs/reanalyses "y A 15 hAD

- Method of Yiou et al, 2013; it
Min euclidean distance . aist corr

19860507 146 0.90
19920520 356 0.78

and max correlation geu 2 o - (67"30?1' e
20130510 553 0.61 * o ,a-’ - v : .
,_.’\ ’ —_ I Similar to ir),z - - »;\:":“ cf r +(r2:_)_

20090523 740 0.59

% “4 8 ” 35 — > S el o
Yicu. P T. Salameh. P. Drobinski. L. Menut. : R | 7 LR Bl EAL

EDSCOPE R Wautard. and M. Vrac, 2013 0 Ensemble : . E ’J‘ | I | ' (e 1‘ ET— s
reconstruction of the atmospheric column b Jo= | wslRa :"\‘__ LS \ 2\Fdil5 Sy
from surface pressure using analogues. : =4 ;: ‘ o |1
Clim. Dyn.. 41, 1419-1437 .4 d+30,y'2y L ASR

Jezequel et al. 2017



What else?

A Function to improve NAO forecasts 3 FDHOCESSS

: : : Ve |
A Quantile mapping function el L
A Calibration function
A Ensemble combination for probabilistic forecasts

In future release

A Weather Regimes

A Statistical Model for Orographic Precipitation
A spatial distribution and intensity of precipitation over complex
terrain

A ADAMONT
&0 A hourly time series of temperature, precipitation, ... @m
A And more... CORIRE oo Scpamomorn

wWork in




CSTools In R session @

The CSTools R package v1.0.0 is publishg€cRANThe
Comprehensive R Archive Network

Youcanuseitin R

5 OAYAGlEf ®OLI OlF3ISa0a/ {¢22¢ a¢é <|nsta|lit

*Only the first time

> library(CSTools) .

Loading required package: maps <'-°ad L

> |s("package:CSTools") <List functions

> ?PlotForecastPDF <Visualize documentation
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Supercomputing
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Getting Started

read files and return an

obj ect

6s2dv _cubebd

@
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Getting Started

read

f

€es

and

return

an

obj ect

o

6s2dv _cubebd

s2dv_cube \

it is an object containing the data and metadata:

$data an array with named dimensions
$lon a vector

$lat a vector

$Variable é for inst
$Datasets

$Dates

$source_files /

ance Ot

Barcelana
Supercomputing
Center
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Getting Started

read files and return an object 6s2dv _cubeb
/ s2dv_cube \
CST _Load is able to:
- load simultaneously experimental and observational data it is an object containing the data and metadata:
- load monthly and daily data - $data an array with named dimensions
- selectaregion - $lon a vector
- select a period - $lat a vector
- regrid data (it uses cdo internally) - $Variable é for instlance Ot
- adjust the number of members loaded - $Datasets
- adjust the start dates, etc. - $Dates

k $source_files /

Supercomputing
AMEREC /A
MEDSCCPE @ Centar

Cerudne Masitnal o Suparariins JEi



Getting Started

read files and return an object 0s2dv _cubebd

teps ... / s2dv_cube \

it is an object containing the data and metadata:
- $data an array with named dimensions

these intermediate steps will work on and - $lona vector
return a 6s2dv_cubed obj elct 9latavector

- $Variable é for instjlance 0t a
- $Datasets
- $Dates
- $source_files

Your CST function will work E\B\'a' 6s2dv _cubebd J

object and it can return a 0s2dv _cubed too

Barcelona
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Center
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Vignette is an instructive tutorial demonstrating practical uses of the software with discussion of the interpretation of the

results.
Using the CST_Load function from CSTool package, the data available in our data store can be loaded. The following lines show how this
function can be used. Here, the data is loaded from a previous saved .RData file: Ask nuria.perez at bsc.es for the data to run the recipe.
require(zeallot)
glosea5 =- list(path = '/esnas/exp/gloseaS/specs-seasonal_11pl/$STORE_FREQ$_mean/$VAR_NAME$-allmemb/$VAR_NAMES $57
p—
clexp T, obs_T) %=-%
CST Load CST_Load(var = temp, exp = list{gloseaS),
_ obs = obs, sdates = dateseq, leadtimemin = 2, leadtimemax = 4,
— : .
Ioads temperature data latmin = 25, latmax = 75, lonmin = -20, lonmax = 70, output = 'lonlat’.
nprocs = 1, storefreq = "monthly", sampleperiod = 1, nmember = 9,
method = "bilinear"”, grid = pastel"r", grid, sep = ""})
—
clexp P, obs P} %<=-%
CST Load CST Load(var = precip, exp = listigloseas).
— Lo . obs = obs, sdates = dateseq, leadtimemin = 2, leadtimemax = 4,
|OadS pl‘eCIpItatlon data-' latmin = 25, latmax = 75, lonmin = -20, lonmax = 78, output = 'lonlat’,
nprocs = 1, storefreq = "monthly", sampleperiod = 1, nmember = 9,
method = "bilinear", grid = pastel("r", grid, sep = ""}}

— J - m v T nhe T 3 ~ ko 3 £2 T A i e nrlr +n o P
avelexp T, obs T, exp P, obs P, T1le = ftas prir toyaata.RDe

# Or use the following line to lead the file provided in .RDa

load(file = "./tas_prlr_toydata.RData")

There should be four new elements loaded in the R working environment: exp_T, obs_T, exp_P and obs_P. The first two elements
correspond to the experimental and observed data for temperature and the other are the equivalent for the precipitation data. It's possible
_. o check that they are of class sd2v_cube by running:

class{exp_T)
class(obs_T)
class{exp_P)
class{obs_P)

follow the steps -

(7
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Vignette is an instructive tutorial demonstrating practical uses of the software with discussion of the interpretation of the
results.

Latitudes and longitudes of the common grid can be saved:

Lat =- exp Tslat
Lon =- exp Tilon

The next step is to compute the anomalies of the experimental and observational data using CST_Anomaly function, which could be
applied over data from each variable, and in this case it's compute applying cross validation technigue over individual members:

CST_Anomaly

Cross Validation Option — clano_exp T, ano_obs T) %<-% CST Anomalylexp = exp T, obs = obs T, cross = TRUE, memb = TRUE)

clano_exp_P, ano_obs_P) %<-% CST_Anomaly(exp = exp_P, obs = obs_P, cross = TRUE, memb = TRUE)

~= The original dimensicns are preserved and the anomalies are stored in the data element of the correspondent object:

!

> striano_exp_THdata)
checks to make sure num [1, 1:9, 1:21, 1:3, 1:35, 1:64] -1.647 1.575 2.77 0.048 -1.886 ...
. . — - attr(*, "dimensions")= chr [1:6] "dataset" "member" "sdate" "ftime"
everythlng IS Ok = stri{ano_obs_THdatal
num [1, 1, 1:21, 1:3, 1:35, 1:64] 0.0235 1.546 1.3885 -0.344 -5.972 ...
— - attr(*, "dimensions")= chr [1:6] "dataset" "member" "sdate" "ftime"

Two lists containing the experiment ,ano_exp, and the observation, ano_obs, lists should be put together to serve as input of the function
to compute multivariate RMSEs.

Furthermore, some weights can be applied to the difference variables based on their relative importance (if no weights are given, a value
of 1 is automatically assigned to each variable). For this example, we'll give a weight of 2 to the temperature dataset and a weight of 1 to
the precipitation dataset:

R = ; ;
o — Settlng InpUtS ano_exp <- listlano_exp T, ano_exp P} {(—‘ Barcelona
mEEmss= —fOr next Step ano_obs <- list{ano obs T, ano_obs P) ’ Supercomputing

1

weight =- c(2, 1)

)

\

AFEATE 2 JETEN



Vignette is an instructive tutorial demonstrating practical uses of the software with discussion of the interpretation of the
results.

2.- Computing and plotting multivariate RMSEs

The multivariate RMSE gives an indication of the forecast performance (RMSE) for multiple variables simultaneously. Variables can be
weighted based on their relative importance. It is obtained by running the CST_MultivarRMSE function:

CST_MultivarRMSE
cross validation option

myrmse <- CST_MultivarRMSE(exp = ano_exp, obs = ano_obs, weight)

The function CST MultivarRMSE returns the multivariate RMSE value for 2 or more variables. The output is a CSTool object containing
the RMSE values in the data element and other relevant information:

= classimvrmse)
= strimvrmsesdata)

checks for the users to = num [1, 1, 1, 1:35, 1:64] 0.764 0.8 0.67 0.662 0.615 ...
fO”OW the Steps > strimvrmsesVariable)

Named chr [1:2] “"tas" "prlr”

| - = o T e Multivariate RMSE tas, prir 1992 - 2012

The following lines plot the multivariat

PlotEquiMap mvrmsesdata, lon =

V|Sual|zat|0n toptitle = "Multiv

bar limits = c(@6,2
fileout = "./Multi

@=
X
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Downscaling seasonal precipitation forecasts
with RainFARM

A R\/I g n ette IS aval Iab I e : pr 17/03/2010 original pr 17/03/2010 dowtnscal.ed |
https://cran.r-project.org/web/packages/CSTools/vignettes/RainFARM vignette.html
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Downscaling seasonal precipitation forecasts with RainFARM

Preliminary setup fon fon

In order to run the examples in this vignette, the CSTools package and some other support R packages need to be loaded by running: cllmatology nio weights

install.packages('C5Tools" )
library(CSTools)

We use test data provided by CSTools to load a seasonal precipitation forecast:

exp <- lonlat_prec

This gives us a CSTools object exp, containing an element exp$data with dimensions:

dim(expidata)
#dataset member sdate ftime lat lon
# 1 6 3 31 4 4

ww <- CST_RFWeights("./worldclim.nc”, nf = 20, lon = exp%lon, lat = exp$lat)

The result is a two-dimensional weights matrix with the same lonand lat dimensions as requested. The weights (varying around an
average value of 1) encode how to distribute differently precipitation in each stochastic realization of RainFARM. We call again L
CST_RainFARM(), this time passing climatological weights:

elona

rcomputing
‘er
 aEEnA) g Suparsarins JETi

exp_down_weights <- CST_RainFARM(exp, nf 20, kmin = 1, nens = 3,

weights = ww, time_dim = c("member", "ftime"))

6 7 8 9 b} \

lon


https://cran.r-project.org/web/packages/CSTools/vignettes/RainFARM_vignette.html

CSTools on CRAN

Developing methodologies to extract usable information from predictions. We will produce tools for prediction verification,
calibration, downscaling, ensemble member combination and selection that will be publicly released via a toolbox and
shared among partners and users.
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