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Workshop on Gap Filling Comparison September 18-20, 2006, Jena, Germany
Organlzel’ Antje MOffat Gap Filling Technique Member Abbrev.

Askoo
Non-linear Regression (AQRTa model) Noormets NLR_A

Non-linear Regression (Eyring, Michaelis-Menten (ER,GEP)) Ankur Desai NLR_EM

E_ﬂ Non-linear Regression (2nd order Fourier, Michaelis-Menten) Andrew
OLS = Ordinary-Least-Squares, AD = Absolute-Deviation |Richardson NLR_FM

Non-linear Regression (Lloyd+Taylor, Michaelis-Menten) Eva Falge NLR_LM
© ZEDHARNHTEEL

Non-linear Regression (empirical ER, GEP)

QH_ / \j:}i \ kY N FCRN - Fluxnet Canada Research Network Alan Barr NLR_FCRN
£H7] 5] 5] /Z_E

° quzlﬁlﬁifﬂqgﬁ%i&?ﬁéﬁﬁ' i Artificial neural networks s

Artificial Neural Networks Dario Papale ANN1
AV
) I Artificial Neural Networks Antje Moffat ANN2
Baysian Regularized ANN with time series filtering Rob Braswell BRANN

- EERESESEMA,
A. EHMERENZE ——

Multiple Imputation Method Dafeng Hui MIM
© IEHER)

—_ Y sz
/E E,\] é& TE IMean Diurnal Variation Eva Falge MDV

E%I\ ﬂ%n ?ﬁﬁﬁ% Look-Up Tables E:;ialge LUT

Marginal Distribution Sampling Reichstein MDS

Semi-Parametric Light-Use Model Vanessa Stauch SPM

Dual Unscented Kalman Filter Dawve Hollinger, |UKF_LM
(Lloyd+Taylor, Michaelis-Menten) Jeff Gove

BETHY, a process-based model Jens Kattge BETHY
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Gap filling strategies for defensible annual
sums of net ecosystem exchange™
Eva Falge®"* Dennis Baldocchi? . Richard Olson®. Peter Anthoni €. Marc Aubinetd1

Christian Ben]hoiel € , George mea Relnllaﬁ Ceulemans £, Robert Clement b
Han Dolman', André Glamel,
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Andrew D. Richi.

Available online at www.sciencedirect.com
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Moffat et al., 2007, AFM

Technique (Variants)

NLR_AM

NLR_EM

NLR_FCRN (STD, MOD)

NLR_FM (AD, OLS)

NLR_LM

UKF_LM

BETHY (12, ALL)

Methodology

Description

Participant

Reference

Meteo requirement
Process based
Auto-correlation
Noise conservation

Data dependencies
nighttime

Data dependencies
daytime

Time window

Non-linear
regression

Classic NLR

Asko Noormets

Noormets
et al. (2007)

[ER = fiT,):
| Arthenius
[ GPP = fiPPFD);

| Michaelis-Menten

Monthly fixed

Non-linear
regression
Classic NLR
Ankur Desai

Desai et al. (2005)

x
x

ER =fiT.):
Eyring

GPP = fiPPFD):
Michaelis-Menten

Moving window
(30-60 day
adaptive length)

Non-linear regression

Additional linear
regression with
time LR(1)

Alan Barr

Barr et al. (2004),
Fluxnet Canada
Res. Network

{ER:uumRk
logistic equation
[GPP = B(r)fiPPFD);

Michaelis-Menten

First: annual NLR
(T.. PPFD)
Second: 100-valid
mov. data points
LR(r)

Non-linear regression

Seasonal ER dependency

Andrew Richardson

Hollinger et al. (2004) and
Richardson et al. (2006b)

(ER = fiDOY):
[ second-order Fourier
{ GPP = fiPPFD):

Michaelis-Menten

Monthly fixed

Non-linear regression

Classic NLR

Eva Falge

Falge et al. (2001)

ER = fiT,):
Lloyd-Taylor
[GPP = fiPPFD);
[ Michaelis-Menten

Bimonthly fixed

Kalman filter

Dual unscented
Kalman filter

David Hollinger,
Jell Gove

Gove and Hollinger
(2006)

¥ oK X K

{ER =fiT,): Lloyd-
Taylor
{GPP = fiPPFD);

Michaelis-Menten

Recursive single steps

Terrestrial biosphere model

Biosphere energy-transfer
hydrology model

Jens Katige

Knorr and Kattge (2005)

PPFD. T, Rh. SWC,

LAL LE. height of canopy
and tower. soil type,
texture, and depth

Parameterization for
ALL: all available data
Parameterization for
12: 12 days of data

Remarks Simultancous fit Additional r-test STD: linear Parameter estimation, During daytime: Winter dormancy: Modeled NEE for
of daytime and interpolation of AD: absolute deviation, 4" C-T,-classes random walk plus noise  whole year
nighttime data gaps <4 hhs. OLS: ordinary least air temperature

MOD: zero squares classes
intercept and
no interpolat

Framework SAS IDL Matlab SAS PV-Wave, Fortran R, Fortran Fortran, IDL

Runtime (per single run) Medium (30 s) Medium (30 s) Fast (5s) Medium (30 s) Fast (55) Fast (5 5) Very slow (2-6 h)

Ease of implementation Medium Medium Medium Medium Medium Complex Complex

Performance hh daytime Good Good Good Good Good Medium Good

Performance hh nighttime  Low Low Low Low Low Low Low

Performance daily Good Good Good Good Good Good Good

daytime

Performance daily Medium Medium Medium Medium Medium Low Medium

nighttime

Reliability of annual sum  Medium Low (negative bias)  Medium Medium Good (above average)  Low (long gaps) Low (site bias)




Moffat et al., 2007, AFM

(Variants)

ANN_BR

ANN_PS

ANN_S

LUT

MDS

SPM

MDV

MIM

Methodology
Description

Participant
Reference

Meteo requirement
Process based
Auto-correlation
Noise conservation

Data dependencies
nighttime
Data dependencies

Artificial neural
network
Bayesian network
regularization
Rob Braswell
Braswell et al.
(2005)

(=)

{Al] available

meteo data

Artificial neural
network
Date pre-sampling

and network smoothing

Dario Papale
Papale and Valentini
(2003)

(=)

{?;‘ T.. Rh, SWC plus
luzzies for DOY
{Rg, T,. Rh, SWC,

Artificial neural
network
Standard

Antje Moffat

MolTat (in
preparation)

(x)

Look-up table
Fixed look-up table
Eva Falge

Falge et al.
(2001)

All available meteo {35 T, classes
data plus fuzzies for

HOD and DOY

{23 PPFD classes

Moving “LUT"

Marginal distribution
sampling

Markus Reichstein
Reichstein et al.
(2005)

(x)

*
(=)

Look-up of similar
meteo conditions of

margin: R, < 50 W m 2,

3D continuous “LUT™
Semi-parametric model

Vanessa Stauch
Stauch and Jarvis
(2006)

x
(%)

Cubic spline
interpolation of
semi-parametric model

Diurnal interpolation  Monte Carlo technigue

Mean diurnal
variation

Eva Falge

Falge et al. (2001)

x
(x)

{ANEE. 1

Multiple imputation
method

Dafeng Hui

Hui et al. (2004)

(=)
{All available meteo

plus NEE
4 Same as above

daytime sin, cos and 35 T, classes T,<25C.VPD SR, T 1)
< 5.0hPa
Time window Full year Pre-sampling into equal  Full year Bimonthly Sliding window Continuous Sliding window of  Full year
subsets: 28 periods +n = 7 days. daytime: £ 14-days.
with three daytime slots with n = 1 1o find data nighttime: =7-days
within margin
Remarks Time series Network smoothing by Algorithm varies for Introduces uncertainties to
filtering sampling of networks incomplete meteo, emulate natural variability
and training data, see reference
averaging over 6 best
Framework Matlab Matlab C++ PV-Wave, Fortran ~ PV-Wave Matlab PV-Wave, Fortran SAS
Runtime (per single run) Medium (1 min)  Slow (10 min) Medium (1 min) Medium (30 s) Fast (1-5 s) Very slow (2 days) Fast (1 s) Fast (1-2s)
Ease of implementation  Complex Complex Complex Easy Easy Complex Easy Easy
Performance hh daytime Good (above Good (above average)  Good (above Good Good Good Medium Medium
average) average)
Performance hh Low Low (above average) Low Low Low Low Low Low
nighttime
Performance daily Very good Very good Very good Good Very good Good Medium Medium
daytime
Performance daily Medium Medium (above Medium Medium Medium Medium Medium Low
nighttime average)
Reliability of Good (above Good Low (outliers) Good Good Good Medium Low (outliers)

annual sum

average)
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o TEETJTVE: RMENHE. BEIRR. HABRER

« SF¥HZAR{k: Mean Diurnal Variation

o JRZPE[1)9%E: Nonlinear Regressions (PPFD, Tair, etc.,)

o VL. Look Up Tables (PPFD, Tair, VPD, etc.,)

o UPRIATEFEZE: Marginal Distribution Sampling (PPFD, Tair, VPD)
Gt 7k

o  NTLAHZM%%. Artificial Neural Networks (ANN)

o ZHE/AL: Multiple Imputation (MI)

o RIS HE 1L State Dependent Parameter Estimation
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BB FE: kR

o HiEET/MIGAP (1-3
AN SRR TR)

o RpREA T A ER AR
AR E R B A
(Tair, rH, &%)

(YSE

o JLBETHANME KGN [R] YR
KRB

08:30

09:00

09:30

10:00

10:30

11:00

19.58

19.59

19.52

19.57

P I N7
09:30: 19.59+(19.52-19.59)/3=19.57
10:00: 19.57+(19.52-19.59)/3=19.54

or

19.59+2%(19.52-19.59)/3=19.54
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o FMHAARRAZEZIRIAHE LR BAHTE#
PPFD and Rg
VPD, Tair, rH
u*, momentum
« Bltn, PPEDSRMNAS %, v LA 2K PPFDAI RGN Z 4
ST R AR, TR R L ) Ok R Al AN R 2R I PPFD 2N
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Mean Diurnal VVariation, MDV

o SERAERIRIE L, G A TR B 24-15K, R T

14K B %
o CBEETIE]E N [E)— B Z0 I B s AT P Y, 53—
Y H A E

o “PEHAAL A BRI EIE R L 1 Y Sl HEAT S A
P IEEPINAN AR SN = B R & IR NS S
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T HTRYIEE

o SMELE, FHHEBREAMPARBE: FHE & -
“independent” windowF1¥& 3l & H “gliding” window ;

« XTREERAOME, FNEOMNEGENHZRBEN, 25
THRECF H AR, D3 AN TE] P B R SR 23

o XPTIEBNE O, FEASI A E O3 [ 5 AR A g 30,
THREAFIH AR, SR )5 F LRSS s 9 #b .
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MDVit&H

Tk

DOY 8
00:30  --- 19.33
01:00 --- 19.49
01:30 - 19.6
02:00 --- 19.55
02:30 - 19.57
03:00 --- 19.53
03:30  --- 19.5
04:00 --- 19.44
04:30 - 19.42
05:00 --- 19.42
05:30 - 19.45
06:00 --- 19.56
06:30 - 19.86
07:00 --- 19.96
07:30 - 19.86
08:00 --- 20.09

21.64
21.46

21.38
21.42
21.35
21.31
21.39
21.29
21.08
21.04
21.17

21.4
21.53
21.68

10
22.75
22.33
22.08
22.14
22.43

22.7
22.39
22.25
22.04
21.64
21.26
21.44
21.33
21.09
21.09
21.53

11
24.18
23.58
2341
23.37
23.25
23.33
23.43

23.3
23.03
23.03

22.7
22.58
22.61

22.6

22.6
22.68

12
22.15
22.25
22.21
22.15
22.05
21.84
21.39
20.97
20.24
19.45
19.05
18.45
17.99
17.87
17.71
17.55

13
20.46
19.91
19.45
19.53
19.63
19.91
19.84
19.46
19.35
19.27
19.24
19.22
19.37
19.01
18.94
18.73

14

20.02
20.55

19.15
18.54
18.81
18.57
18.47
18.35
17.94
17.85
17.75
17.59
17.21
17.99

15 16 17 18 19 20 21

1991  18.42 2121  24.09 23.35 -
18.42 1842 1936 2126 2445 2402 2328 -
18.47 1767 1916 21.23 2462 2371 2326 -
17.64 19.37 2121  24.48 2299  --
1753  17.23 19 2124 2442 2284 2275 -
1701 1739 1885 2168 2437 2255 2302 -
16.58 171 1892 2178 2421 2243 2273 -
1711 17.15 1889 21.21 2412 2242 2253 -

174  17.02 1892 2054 2373 2212 2235 -
16.79 16.64 1871 20.75 2338 2221 2209 -
1691 16.69 1848 20.22 23.08 2213 2162 -
16.01 16.7 18.06 20.21  23.04 214 2155 -
15.89 164 1775 20.07 2275 2143 2142 -
1588 1636 17.66  20.11 2271 2131 2164 -
1658 1693 17.99 20.14 2264 2151 2196 -

23



44 AT S

o EETENAREIE B HRAITE;
o SMATE, FERUGEIESRRBDIIEOL T, MDVITAR]
DL PR 1O A S5 A i b o

o WRHATIFE R H AR BTS2 A 2 S T R 2L
Wi, DRI, #Ad AR vl REAS R I SEAEOL  1 HSE S B

o WAHAMAH—ENARAESHTIEIITLIR,

o &G THREFIGAP (<14 days).
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Nonlinear Regression

o FIFHUSG € BT RN B R AR A5 i 70 T k4T
SUSEIIE IR

o FEAMHIISA] T I 22 H BB A =T

o ZERITREME ARG EAMEZE, — MR THK
BRI A o AT AR, AR B — L
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1% |B] TR < B4

o FIHAFRRIZLL TR Lloyd & Taylor, Arrhenius,
or Van’t Hoff equations (4 or 6 period/yr)

Lloyd & Taylor

NEE

night = Reco

night — - 0
" 0 A Loy & Taylor (1934
~ B m..ll A Uoyo&Taylor (194)
) EO*(1/(T
Arrhenius £ mﬂ@@? R=py T
4 -
E o Amhenius (1889)
= :!gdﬁ ECF(1/Tn
NEEnight g , o/ R=Rypes * e( (
@ E
[id Hﬁ
Van't Hoff ) B . et Hor (),

' | ' R=A"
A0 0 10 20 30 40 Qi

Tair ':oc)

26
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2 1
R, (pmolm~™s™)

(measurements from UMBS, Schmid et al., 2003)

T T T T T T T T T T T T T T T

00 -
o
g o
X leaf off
O leafon 9% o @
o g e ya
— = |eafon % o 4
=== |eaf off 5 08 5
all year o /S
Yy 7o 2
)’ 4 O

/o T T T T T T
0 2 4 6 8 10 12 14 16

T, (°C)at 2 cm Depth

18 20

— AN,

LEERGNT

e CRCTRDEIN g ) Al

=R

IR E IR E

FFAESR 2 R R &
S AR G R i R

iPANCTIIE S
B e W 52 31 5L

B ETr

I EL R AR

558 o

ﬂ%ﬁé@ exp(b-Ty)
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T8k o & B YN iR 50E E X ZRAY S

Q12

B ecoret(mg COam~ 57')
=
[
g

®x Wan'it HofT

® Arhenins

o Llovd& Tay lor

B et =exp(-55.35. 420,15, 4.2)
R =0625 Pl ER
um 1 A 1
a1 015 0.2 025 03
Sy (m’ m"‘}
4
O Multiplicative model iy
£ S Y
O madel [
il o010 model T " f'.-ﬂ"
" Mesured Q10 o
a
035

K3 X A2 F GEPIRH 52

o LT RSP R 3R E Y R
P, O IR R R A

o I KT FBOR A VE TR

o EIARS, 23K K] HE = b 15k
FHIE IR, BTS2 20
fill o

Roo = Remmﬁelﬂiﬂlu}iﬁ:—l}d-}fIi.:l
Q10 Model,

Qm = — bTﬁ + f.gw + d.g,i,

28
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o FIFIAEITEZ A em N AR (AL FEZ P linear « il
W2z parabolic A XY Hh ZkhyperbolicZ);

 Michaelis—Menten or Misterlich functions.

" Qpprp * Fopp sat
NEE,, =
Fopp.sat T8 Qpprp

— Fre gay Michaelis-Menten
E?‘ a"Qpprp
NEE., = Fopp opt [1— g PP ]— Fre day Misterlich

29
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—REOL N, AEREFEWIE, S
KRGOGETEH (AL 4E B R HE
) 2Bl & PPFDI 3 55 1M F+
= Hie 2Dtk e R
Ja, Jea1EHBE T AL
MAERENHBERESE, £A4A
[l YRS 8] B RS IR SR AR,
ZJE AR SR A

J o SRR, HPmEE L, K

0w w0 w0 S0 T B L R B O
Incoming radiation (W m ™) )EH

Fygg (Rmol m” s-')
>

[y
o
1

-30

a -Acg, PPFD
Acsq ta -PPFD

30

NEE =

Carrara et al., 2004, AFM



S BE AR S KA BHIES X RS

;2 i Fomope=0 247 g OO 1 57! : F mapt= 486 g (057! L . .
00 Foa o q @&hod Ao %IKZREZ)EHHTJ" EIU\%F?»&
a5 f o N .

AN B BE S8 A 3047

15 b 3C<Ta=gC () [ 320 =Ta=3H1 il

e — A, ARSI R
;3 | & | AT

e WHER AT/ 4, 4
wEmet 0] R4 SRR
., ¢ oot J7R2(LIU et al., 2006).
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o clond sky
o ud sky regression
[ & clearsky
s JoaT SKY TogLESSiON

-2 -1
g CO,m™s")
=1 — [

NEE (mg CO

"
[

2003

2003

NEE (g CO,m”s™)
- o —_

'
(3]

(]

-2 -1
0,m*s")
i

=

NEE (mg €
[

2005

'
)

< [.and () o
o
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()
o
@
o

2006

h

"
wr

0 500 1000 1
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)

00 20000

500

1000 ’ ]1500
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2000

SN N
{1755 (Zhang et
al., 2009)
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JEZ BRI = I

W=

o ARANERDAR AL W E TN R B B, Bk, X
P50 AT ARG 9 92 5 A8 B ARl S RS, AT BB HE R

P Fi R R 3 5

B R

o TURHIERTRIFABRA R, HIHAET 2560 T KA Ry
T B R T

o TG ERTEBAT IR IEEMPEER S, Hik, FAHIEZ N
[ V=1 4 4 NS A Y R AT Bk I R] Be A — 8 I XU 5

o WREIHNAKRERFENER, ZHELENA,

o EHE TR IEPEIEGAP,
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KIIREKN A BEARIA

P2 A BN o i AR R R,
ERMREN, 2ot IR R RN ESE 4. Elsix (or

four) seasonal periods X 23PPFD-classes X 35 Ta-classes;

PPFD#%%£100 1 mol m2s534%, A 0 % 2200 343234 7, H
PPFD=02 i —

EE 2°C 32, A -19°C to 49°C (M4t s B A I DL i ) 7 354K

IRIE 3 AT A GO AR R, IREA GO, AT
S A NEREITE L

DA e oA P 1 BN (P8 S € R CEE RIS €

Fagle et al., 2001 ARMI



BERIERIF S

Look-up Tables

A IR LI R R
MR T BN TR, AIRARBIAE & N B9 R
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Marginal Distribution Sampling (MDS)

o Bt

< NEE = NEE(Rg, Tair, VPD, time) + ¢

< NEE (Rg, Tair, VPD, time) = NEE(Rg+ARg,
Tair+ATair, VPD+AVPD, time+Atime)

< Atimeili/N . MERLRAR TR, NN ROR B

(Reichstein et al. 2005 GCB) 36
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U2, WG AN, WP A& D 2K 357 528K, i E598
PRICN“A”,

IR WRIEEA G, WK A& D48 2N aTF 145, MR %%
PN BB ST(RO) R s, flA i &R bR iC A,

WA, WNRIEEA GRS, WPELE 8] & 1D 46856 2087 5240/, DIz B
WA IR AR, faRN B E AR IE AT,
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Quality-controlled half-hourly data (storage, ustar,...) Reichstein et al. Gap Filling Method

Yes Don't fill:
NEE present ? —
No il wi - :
l Yes Fill with average of available values:

Rg, T, VPD, NEE available with [di| <=7 days ~— Filling quality: A USINg similar meteo
values (within 50 Wm-,

| No Ves 2.5° C, 5.0 hPa)
Rg, T, VPD, NEE available with |dt| < 14 days — Filling quality: A
1 Yes
Rg, NEE available with |dt| < 7 days — Filling quality: A
v Yes
NEE available within |dt| < 1 hour — Filling quality: A
v Yes
NEE available within |dt| < 1 day (& same hour of day) —> Filling quality: B
1 Yes
Rg, T, VPD available with |dt| << 21, 28, ..., 140 days — Filling quality: B, if |dt| <=28, else C
1 Yes
Rg, NEE available with |dt| << 14, 21, ..., 140 days —> Filling quality: B, if |dt| <=14, else C
l Yes
NEE available within |dt| << 7, 14, ... days —> Filling quality: C



AR T KRR

o FREARMFARBFMERLALL (Falge et al., 2001);
e #MDVAILook-up Tablespf /712247 T 454 -

X AT

— FIAHIERE 1 (as small as possible =» better
exploitation of temporal autocorrelation)

— &N look-up table ( = value to be filled always in the
center of the class)
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Moffat et al., 2007, AFM

Description of the five artificial gap length scenarios (*v’, *s’, ‘m’, ‘I’, *x”) with 10 random permutations each (*0’ to *97)

Header Gap length Amount of half-hours Count of gaps Count of total hhs
v, ..., v9 Very short 1 (0.5h) 1752 1752
s0, ....s9 Short 8 (4h) 219 1752
m0, ..., m9 Medium 64 (~1.5 days) 27 1728
10, ....19 Long 576 (12 full days) 3 1728
x0, ..., x9 Mix of the above 400 v, 50s, 6 mand 11 gap 457 ~ 1760

+ R Monte-CarlozkBootstrap Jy %, F JUAL# 4. 47 ) S AL
FE CHI10007K B B TR ARETHARSE, ARG EHT Nt

A7 R




A EliEAN G AR ELE

Daytime _Nighttime

Cum. Error

Cum. Error

BV97
S ~
o E
ES
[&]
20 T ; :
20
SH97
<]
& g
ED
o
-20 T T T T T T T T
1 3 5 7 9 11 1 3 5 7 9 11 42
Month Month



A BN AR LR

5.0

4.5

4.0 :

RMSE (g ¢ m2d’1)

2.0

1.5

0.0

b, \"
‘\\g“‘\\g'?s\/\\/ Q‘hq\b";\g‘ *gl\\‘\ “@, )

———— bR AREEE - P HAENE —————

3.5

3.0 i

25 1

BRI

————————————————————————————————————

kg AT

)
<
L €

[ ] Very short gaps
[] sShort gaps

[ ] Medium gaps
[ Long gaps

BT AL 449 1 A ok

R TR

\* (.’\3 QO 00 ?,0 o> \}“ \’\l‘ S 6\,3)5 ‘& \&\\::“\‘{ \" %“ 4\0 00 ?.0 S \'\5 \'\!‘ Q‘

4 w\ S
o5 ¢ e ©
W z&‘&’ Daytime W

Moffat et al., 2007, AFM

————————————————————————————————————

ki AT
W

i;mzﬁi

sutnnaiaitall

v Sz ;\\g' & ’@_\:\ . ?“‘Q\l‘ ” ‘;\9' :gfg < ’Y‘“
<©

/‘i“

Nighttime

‘ /

> \gx ‘,ps gq““,p“ ‘“\\m '&4

43



2

Determination Coefficient R
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Half-hourly Bias Error (g C m2 d'1)
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Moffat et al., 2007, AFM
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1 bR 204 KRV (Marginal Distribution Sampling) A %k 45 & 7 MDVAT
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NEP=GEP-Reco
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Respiration from Nighttime flux (g C m*d™)

f(x) = 0.25 + 0.94 x

2 4 6 8
Respiration from Light response (g C m*d™)

Falge et al., 2002, AFM
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Table 1 Classification of currently available statistical flux-partitioning algorithms of eddy covariance net CO. flux data

Algorithm

Advantages

Disadvantages

(A) Using only night-time data

1. Representation of R.., by one single
function of temperature (Hollinger et al., 1994)
2. Representation of R, by one single
function of temperature and other factors
(Reichstein et al., 2002a; Rambal ef al., 2003)
3. Representation of Re., by temporally
varying functions of temperature (R
varying, one single temperature sensitivity
derived from annual data set (Falge ef al.,
2002a; Law et al., 2002)

4. Representation of R.., by temporally
varying functions of temperature (R varying,
one single temperature sensitivity derived
from short-term data set (this study)

5. Representation of R.., by temporally
varying functions of temperature (both R
and temperature sensitivity varying) (this
study)

(B) Reco derived from light-response curves
(including daytime data)

1. R, as y-intercept from light-response curve
of GEP (Falge et al., 2002a)

2. Ry, and GEP are simultaneously modelled
as parts of one fixed model equation
(Gilmanow ef al., 2003)

3. Reeo and GPP are simultaneously modelled
as parts of one model equation with state
dependent parameters (Data-based
mechanistic modelling approach)

4. Reeo and GPP are derived via a posteriori
analysis of an artificial neural network
conditioned with all data. (cf. Papale &
Valentini, 2002 for gap-filling; flux-
partitioning not explored)

Flux data is directly used, i.e. direct estimation of R,

Simplicity

Simplicity, not only temperature as factor considered;
allows for seasonally varying temperature sensitivity

Accounts for temporally varying respiration rates at
reference temperature, caused by any factor

Accounts for temporally varying respiration rates at
reference temperature, caused by any factor, ‘correct’
temperature response avoids introduction of systematic
error when extrapolating to daytime

Accounts for temporally varying respiration rates at
reference temperature, caused by any factor, seasonally
varying temperature sensitivity is accounted for

Reduces influence of night-time data, may capture the
effect of photo-inhibition of mitochondrial leaf
respiration, if this exists (see Discussion)

Day-to-day variation of R, reflected

Uses all data (night- and daytime)

Uses all data (night- and daytime); very flexible
approach; parameters can evolve with time and state

Uses all data (night- and daytime); very flexible
approach; influence of different input data can be
evaluated for best description of the data set

Filtering of bad night-time data necessary, extrapolation to
daytime necessary; near and above the polar circle few or
no night-time data in summer, respectively

Only applicable where no other factors than temperature
influence R, significantly, not generic

Results in selection of site specific factors that determine

Recor not generic

Long-term temperature sensitivity from annual data set
may not reflect short-term response, introduction of
systematic error when extrapolating to daytime

Seasonally varying temperature sensitivity not accounted
for

Often noisiness of eddy covariance data does not allow
derivation of temperature sensitivity for large periods of
the year with statistical significance, i.e. limited practical
applicability

Depends on specific light-response curve model; light-
response curve can be confounded by other factors, e.g. air
humidity, problem of equifinality of different solutions
(resulting in high standard errors); K., estimate
susceptible to storage flux problems, since those occur in
the morning and evening during low-light conditions
Only daily Ry, can be derived

Resulting GEP is from a model and thus constrained by
model assumptions (disallows comparison with other
models), temperature sensitivity maybe confounded by
response of GEP to environmental factors, that are hard to
separate; e.g. is afternoon drop in NEE caused by Ry as f
(T) or by high VPD, or even by plant-internal hydraulic
constraints?)

Statistical assumptions, e.g. non-correlated residuals, and
robustness against violations may be problematic; maybe
affected by confounding factors similar to B2.

Extrapolation problem, because zero radiation has to be
assumed estimating R, from neural network during the
day; potentially confounded by other factors similar to B2.

NEE, net ecosystem CO, exchange; VPD, vapour pressure deficit; GEF, gross ecosystem production.

Reichstein et al., 2005 GCB
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Short term exponential method

Half-hourly raw
eddy fluxes

l

Half-hourly good quality eddy
fluxes

fitting 15-day
fitting whole year periods, & 10day
time step.
Long-term E,/Q10 Short-term E,/Q10

(A3) l Estimation of R ¢ l (A5)

for 4-day periods

Short-term Short-term
Reco,ref Reco,ref
Extrapolation of Reco
I to daytime !
Recol Reco2

GEP=NEP+Reco,
v gap-fililng v

Half-hourly and aggregated GEP

Reichstein et al., 2005
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Table 1 - List of methods used to derive GPP and RE for all sites. Detailed descriptions can be found in Moffat et al. (2007) or

the noted citation. Abbreviations used by Moffat et al. (2007) are noted in italics

Abbreviation Description Citation

Non-linear regression

NA (NLR_AM)
NE (NLR_EM)
NFA (NLR_FM_AD)
NFO (NLR_FM_OLS)

Noormets model

Eyring respiration model
Absolute deviation model
Ordinary least squares model

Noormets et al. (2007)
Desai et al. (2005)
Richardson et al. (2006a)
Richardson et al. (2006a)

NFW* Weighted absolute deviation model Richardson et al. (2006a)
NLI Light intercept based regression Falge et al. (2001)

NLT (NLR_LM) Air temperature based regression Falge et al. (2001)

NLS Soil temperature based regression Falge et al. (2001)

NC1 (NLR_FCRN) Multi timescale regression Barr et al. (2004)

NG2P Multi timescale regression Barr et al. (2004)

MR1 Long term air temperature regression Reichstein et al. (2005)
MR1R Robust long term air temperature Reichstein et al. (2005)
MR2 Short term air temperature regression Reichstein et al. (2005)
MR2R Robust short-term air temperature Reichstein et al. (2005)

Lookup tables/mean diurnal course
NLID

Diurnal course with light intercept

Falge et al. (2001

)
NLIL Lookup table with light intercept Falge et al. (2001)
NLTD (MDV) Diurnal course with air temperature Falge et al. (2001)
NLTL (LUT) Lookup table with air temperature Falge et al. (2001)
NLSD Diurnal course with soil temperature Falge et al. (2001)
NLSL Lookup table with soil temperature Falge et al. (2001)

Other methods

B365 (BETHY_ALL)

Ecosystem model inversion

Knorr and Kattge (2005)

SPM (SPM) Semi-parametric method Stauch and Jarvis (2006)
UKF® (UKF_LM) Unscented Kalman filter Gove and Hollinger (2006)
ANN (ANN_PS) Artificial neural network Papale and Valentini (2003)
ANNS? Artificial neural network with soil moisture Papale and Valentini (2003)

# Method used only for synthetic analysis.
® Method not used in synthetic analysis.

Desal et al., 2008, AFM
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f(x) =0.25 + 0.94 x
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Respiration from Light response (g C m?d™”)

Fagle et al., 2002 AFM 09
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