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METNOAS USEA O PrECESS-hased medels
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Individual grid cells

(“regions”) are large —
What is the model output
uncertainty for each cell ?

UPSCALING METHOD

Input aggregation

y = 1(x)

Point selection
n
=1
Yy = - yi

Interpolation
(e.g. geostatistics)

p(YI{y:}) =

j p(?l? ) P61y 46

© = Spatial hyperparameters
(variance, correlation length)
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UPSECALING MENH®D 25 Point Selection
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URPSCALNINGIVIENHODISEBayesian Kiaging
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EXANVPIEEN S COMPaSeCNICIHMENGAS

Upscaling by Upscaling by Upscaling by
input-aggregation (+) point-selection geostatistics
|
|
= ¥ 51 - G :
S | T
EI = _|_ 4 1 —_ 4 |
E + : i
.
I R Einainal—" - — s o | | = ==
E | : — | L
07 [ I 7 : — 2 :
™ 1 T —
5 1 :
g 1 - Ui B
|
o - 0 04 i
| | T T | | | T | T | T
= w ] [} = w o} [} = w o} ]
-— [} [} -— O [} — [} o
— =T — =T — -
# =trata # pointz # pointz

Biased method



EXaMPlETEgIonH 128X 64 Kim

Mac data 2015 Cangle




VIGGEIIBASECO

N-deposition

Cco,

Radiation

Temperature

Rain

Atmospheric drivers

Humidity

wind speed

Parameters
& initial
constants

\

>_

Atmosphere
e ——

N c 1 )

N Tree
N C H,0

Soil
N C H,0

Model

——  Output



SOMEnpUtsandieuiputsI i BASECO

N20 (kg N m-2 y-1)

2 o
T(deC) 0] - 0.0025
— 40 0.0020
30 - 0.0015
20 . - 0.0010
a0 9 10 — 1 i - 0.0005
5D 5 [ S 0.0000
40 o 20 40 80 0 100 120
20
70 8
10 5 NEE (kg C m-2 y-1)
4
| | | | 0z
20 40 B0 20 100 120 &0 L7 af F I 0
BTl W 0.0
- = ‘._- ) | A
- > el i ey i 0.1
. 20 0. % g | 02
- _ -_- -\-'." | = 0.3
s0ilC (kg C m-2) 10 \: o L e 22
| L1 1 20 40 60 80 100 120
80 E 140
50 - . = | 120 GPP (kg C m-2 y-1)
i ag i i 100
el " N a0
0 7 o] 60
20 7 sinihl . TN 4] 60
PN, T b - 20 50
a - S ] a0
— T T T T 1 20
20 40 60 80 100 120 — 20
10

20 40 &0 20 100 12D

Input Model Output



EXANVIPISE 2 COMPaSeN I CIHMENGAS

Upscaling by Upscaling by Upscaling by
input-aggregation (+) pointselection geostatistics
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Spatial

correl. =
length
(clustering)
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Impactieispataliconrelationisvarnance onupscaling

Upscaling by Upscaling by Upscaling by
input-aggregation (+) point-selection geostatistics
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Currentwerkeupscalingiormultplelana-uUse typPeS
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Upscaling mermeadss DISCUsSsIon

* Upscaling errors depend on:
« sampling intensity and spatial distribution
e output variable
e variance & autocorrelation length

* Input Aggregation gives biased estimates of the
regional mean; the other methods are unbiased

» Uncertainty estimation is part of (geostatistical)
Interpolation; the other methods require data from
representative regions




2071-2100

Risk:analysis

In
project Carboe-Extreme
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RiSkdanalySiSicaniied ouiin Carnho-EXIreme

* Time periods: 1971-2000, 2071-2100

* SYS: NPP, NEP, R,,, SWC, ET
s env: Drought )
Models:
generic
LCSE ORCHIDEE generic
MPI JSBACH generic
CEH BASFOR forest
IASA EPIC crops
INRA PASIM grassland

® Threshold: Standardized Precipitation Evapotranspiration Index (SPEI) < -1



Examples Risksanalysistiorn NPR

NPP in good | T VULNERABILITY | > RISK
years (= Difference NPP good-bad) (= Prob.*VULNERABILITY)
NPP in bad Probability of
years bad years

B



RiSkdanalySISSNPR(MOdeIfRPIKY

A: E[NPP|SPEI>-1]
1971-2000

gCm-2d1

B: E[NPP|SPEI<-1]
1971-2000

g Cm-2d-1

= 548

= 435
3.21
2.07
0.937
-0.199

C: Vulnerability[ NPP | SPEI < -1]
1971-2000

gC m-2d-1

D: P[SPEI<-1]
1971-2000

E: Risk[ NPP | SPEI<-1]
1971-2000

gCm-2d-1




RiSkdanalySISSNPR(MOdeIfRPIKY

A: E[NPP |SPEI>-1] C: Vulnerability[ NPP | SPEI < -1] E: Risk[ NPP|SPEI<-1]
2071-2100 2071-2100 2071-2100
g C m-2 d-1 g C m-2 d-1 ; gC m-2d-1 %
" 548 = 376 3.64
" 435 " 295
3.21 2.15
" 207 " 134
" 0.937 = 0535
© -0.199 " 0272
" 134 .

B: E[NPP|SPEI<-1] D: P[SPEI<-1]
2071-2100 2071-2100
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RiSkeanalysiIsSsNRPREmModelfcompanson
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RiSksanaly/SISHIDISCUSSIoN

* Definitions of risk (R), vulnerability (V) and
probability of hazard (P(H)) allow decomposition:
R=V*P(H)

* Analysis method is applicable to data as well as
to model outputs

 For drought, both V and R expected to increase
in the south, but large model (vegetation)
differences



