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Minimizing the cost function
Uncertainties of Parameters
Uncertainties of Diagnhostics

Global application: The Carbon Cycle Data
Assimilation System (CCDAYS)



model diagnostics

/
f:m(x) ® V(X,1)

model parameters

a (non-linear) function from a vector space of (time-independent)
parameters to a vector space of (time and space dependent) diagnostics

note: in this example,

parameters are varied
globally
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J(m)=§[m- m,]C . [m m,]" += [Y(m) V,1C [y(m) - ¥,]"
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current values of a priori error covariance matrix error covariance matrix
model parameters a priori of parameters of measurements

parameter values
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First derivative (Gradient)
of J(m) w.r.t. m(model
parameters) :
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Cost function:
J(m) == [m- m- eI +2[9(m) - %,1C; Ty(m) - 5"

Taylor expansion around minimum:

a¥J(m,, )0
‘](m) »J (mopt) + qim B[ m- mopt] + mopt]
_ curvature of cost function around optimimum
— 0 =inverse of posterior error covariance of parameters



Second Derivative
(Hessian) of J(m):

?22J(m)/?m?

yields curvature of J, 7 |
provides estimated I
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linear projection from parameters to
diagnostics:

&y (M)

b T
Y(m) » y(mopt) +8 qam ém- r_ﬁopt]



Error covariance of diagnostics, y,
after optimisation: linearized

model

L _Ay(my)o_ afymy,)d
TEIm g Im o

error covariance
of parameters

note: think of Alan's

second slide above
your bed!
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South Pole



Atmospheric CO,

400
390 7
g Mauna Loa, Hawalii _
380 - 2D Gl e CCDAS inverse modelling period
E South Pole
= Cumulative fossil fuel
370 = emissions since 1960
] ... and more stations in CCDAS
360 Ann
350 J
340 3 I'll’ ﬁ lf _
3 A\ vv H
3 ‘. E
330 - MAMV r ‘f 1
A
TR AA
<3 [ = I I————
1960 1965 1970 1975 1980 1985 1990 1995 2000

Year



Atmosphere
760GtC +3.2GtCy!

Net sources of CO2 in the atmosphere

Gt cy™h
Fossil fuel combustion 6.4
Deforestation 1.6

Total 8.0

Photosynthesis
120 Gt C v

Net COo sinks (Gt © vy
Atmospheric increase 3.2

Plant Oceanic increase 2.0
. respiration Total 5.2
Fossil fuels 64 Gt C y'1

64 GtCyl Imbalance (Gt C y'1) 2.8

Deforestation
16GtCy!

Sail
respiration
56 GtC y!

Physiochemical
diffusion

Reserves
510 kGt C

Soil & detritus
1580 Gt C




_ —
atm. CO, data

inverse
atmospheric
transport
modelling

~

net CO,
fluxes at the
surface

combine in data
assimilation system

climate and other driving data




Forward modelling:

Misfit to Parameters —> Misfit

Observations Adjoint model:

- T Misfit / ? Parameters

Atmospheric Transport mmm) parameter optimization
Modef:

adjoint of BETHY
generated automatically

Bi

phere Madel:
BETHY

using TAF (Ralf Giering &
Thomas Kaminski, FastOpt,
Hamburg)




Phenology ®
Hydrolog

CCDAS Step 2
BETHY+TM?2
only Photosynthesis,

CCDAS Step 1
full BETHY
Energy& Carbon Balance
BCath):kﬁrounil Optimized Params
2 1UXES + Uncert.

* ocean: Takahashi et al. (1999), LeQuere et a. (2000); emissions: Marland et al. (2001), Andres et a. (1996); land use: Houghton et al. (1990)

atellite fAPAR
Uncert.

Diagnostics
+ Uncert.
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First derivative (Gradient)
of J(m) w.r.t. m(model
parameters) :

—2J(m)/?m

AfAINE
Ll

yields dir ection of sy

he projeclion o1 This
|
|

Steepest descent -i K
e

r{

Ty

f

of
0
7

: = f |
Figure taken from ”Z ‘\g A x) /'

1]
I LA A R e s
L S B AT ST AT i )

~zzEe S ) /
i o e S

Tarantola '87 k
Space of m (model parameters)



examples shown... South Pole
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global fluxes

— GPP
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nosrmalized 902 flux anld ENSO |
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lagged correlation _:—
at 99% significance



Yy

s Eurofiux (1-26) and other
" eddy covariance sites*
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Second Derivative

(Hessian) of J(m):

?22J(m)/?m?

yields curvatureof J,

provides estimated

uncertainty in m,

Figure taken from
Tarantola '87
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Error covariance of parameters

after optimisation:

= inverse Hessian

exampIeS: firstguiss optimizgd prior unc.
umol/m_“s umol/m s
60.0 43.2 20.0 10.5 0.28 0.02 -0.02 0.05
29.0 32.6 20.0 16.2 0.02 0.65 -0.10 0.08
42.0 18.0 20.0 16.9 -0.02 -0.10 0.71 -0.31
117.0 45.4 20.0 17.8 0.05 0.08 -0.31 0.80




Error covariance of diagnostics, y,
after optimisation (e.g. CO, fluxes): adjoint or

tangent linear

/T model
) 0
7]

?[yi (mopt) 9C ?[yl (mo

CY(mopt) :é ﬂmj o Té ﬂmj

error covariance
of parameters



Carbon Flux (MtC/year)

E Biospheric Carbon Sink
W Fossil Fuel Emissions

OLanduse Change Emissions




CCDAS with 58 parameters can already fit 20 years
of CO, concentration data

Sizeable reduction of uncertainty for ~13 parameters

terr. biosphere response to climate fluctuations
dominated by ENSO

System can test model with uncertain parameters,
and deliver a posteriori uncertainties of parameters,
and of fluxes



