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Résumé

L'agriculture représente 10 a 15 % des émissions anthregide gaz a effet de serre (GES),
ce qui justifie que ce secteur soit amené a jouer un réle dahstéacontre les changements
climatiques. Les échanges de GES entre agro-écosystemgmna@tphéere font intervenir trois
composeés : le protoxyde d’'azote ), le méthane (Ck) et le dioxyde de carbone (GD Les
sols cultivés sont responsables de 60 % des émissiong@deddnt le potentiel de réchauffement
global équivaut a 300 fois celui du G@ horizon 100 ans. Le protoxyde d’azote est produit dans
le sol par les processus microbiologiques de nitrificatibdeedénitrification, ce qui induit des
émissions fugaces qui dépendent fortement des conditétsctimatiques locales et des pra-
tiques agronomiques. A I'échelle globale, les flux de,@@tre agro-écosystémes et atmosphére
sont pratiquement équilibrés, mais la mise en place deiceggratiques agronomiques permet
d’accroitre le stock de C de I'écosystéme et de réduire diasitant le stock atmosphérique.

La prédiction de ces échanges de GES nécessite de prendymptedes processus sous-jacents
au sein du systéeme sol-plante, qui sont fortement réguldspeonditions agro-pédoclimatiques.
L'utilisation de modeles biophysiques est actuellemestapproche trés prometteuse en ce sens,
mais encore en émergence. La problématique centrale dawegl tle thése est I'estimation du
pouvoir de réchauffement global des agro-écosystemeéelsas une modélisation biophysique
des agro-écosystemes et de leurs échanges de GES avespagne.

Le développement du modele CERES-EGC a permis d’estimgrasameétres, grace a une mé-
thode originale de calibration bayésienne, et d’évalueresceur de prédiction pour la simulation
des flux de NO et de CQ a I'’échelle de la parcelle. Ce modéle, qui intégre le fomatement de
I'agro-écosystéeme dans son ensemble et I'effet des pestiquiturales, est désormais en mesure
de prédire le bilan de GES des systemes de cultures, avecange glierreur que nous avons pu
guantifier.

L'application du modeéle sur des sites expérimentaux auxit@ms pédoclimatiques contrastées
a permis de quantifier le pouvoir de réchauffement globaldéemes de cultures a I'échelle de
rotations, en y incluant les flux de;®, de CQ et de CH. Les émissions indirectes dues a la
production des intrants, a leur transport jusqu’a la ferinau opérations culturales ont égale-
ment été intégrées au bilan final selon une approche d’amdlysycle de vie. Le modele a ainsi
permis de tester différentes stratégies de mitigation dwgio de réchauffement des systemes
de cultures, et mis en exergue certaines pratiques a hantmtnotamment celles qui induisent
des retours importants de résidus de cultures au sol.

L'utilisation et le développement du modéle dans une petsped’extrapolation spatiale per-
met de produire des inventaires d’émissions de GES parit&gss agricoles a échelle régionale.

Mots-clés: agro-écosysteme, gaz a effet de serre, protoxyde d’akg@®)( modélisation, CERES-
EGC, calibration bayésienne, approche de cycle de vie.






Abstract

Agriculture accounts for 10-15 % of anthropogenic emissiohgreenhouse gases (GHGS)
justifying that this sector must play a role in climate mdtign. The exchanges of GHGs between
agro-ecosystems and the atmosphere involve three compoumttous oxide (NO), methane
(CH,) and carbon dioxide (C£). Agricultural soils contribute 60 % of the global anthrgae
nic emissions of NO, which has a global warming potential equivalent to 30G8MCQ on a
100-year time horizon. Nitrous oxide is produced in soil hg microbial processes of nitrifi-
cation and denitrification. These complex processes ledugtdy variable fluxes in both time
and space depending on the local pedoclimatic and manageomafitions. At the global scale,
the CQ fluxes between agro-ecosystems and the atmosphere areiapgiely balanced, but
the introduction of specific agronomic practices makes #siae to increase the ecosystem C
stock and by the way reducing as much atmospherig.d@e prediction of GHG exchanges
needs to take into account the underlying processes witlgirsoil-crop system that are tightly
controlled by the agro-pedoclimatic conditions. Usinggdtigsical models is currently a very
promising approach in this direction, but still emergindneTcentral issue of this thesis is the
prediction of the global warming potential of agro-ecosyss, based on biophysical modelling
of agro-ecosystems and their GHG exchanges with the atreosph
The parameters of the CERES-EGC model were estimated usiogganal method of Bayesian
calibration. Independant data sets were used to assessdhefeanodel prediction for the simu-
lation of N,O and CQ fluxes at the plot scale. The model, which integrates the cehgmsive
functioning of agro-ecosystem and the effects of agrongractices, is now able to predict the
GHG balance of cropping systems with an error of predictiat tve have quantified.

The model application on experimental sites with contrassioil and climatic conditions made
it possible to quantify the global warming potential of gpamy systems for entire crop rotations,
including the fluxes of BO, CO, and CH. The indirect GHG emissions associated with input
production and the use of farm machinery were also intedrate the final global warming po-
tential indicator using a life cycle approach. The model emagossible to test various strategies
for mitigating the global warming potential of cropping s31%1s and to highlight some promising
practices, particularly those that induce significantmetwof crop residues to the soil.

The use and development of the model in the perspective dfaspatrapolation can produce
inventories of GHG emissions from croplands at the regisnale.

Keywords : agro-ecosystem, greenhouse gases, nitrous oxigl@)(Nnodelling, CERES-EGC,
Bayesian calibration, life cycle approach.
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Chapitre 1

Introduction

(GES). En Europe, il contribue a 50 % des émissions de prdmxjazote

(N2O) et a un potentiel de stockage estimé a quelques millionisriees de
C par an. Ces échanges de gaz a effet de serre entre 'atmesihés agrosystémes
concernent les flux de dioxyde de carbone ¢{£Qle N,O et de méthane (CH
et doivent étre quantifiés de maniere précise a I'échelleadealcelle agricole. Le
bilan net est exprimé en potentiel de réchauffement gloBRQ). Il est fortement
régulé par le milieu (climat et type de sol) et par les praggagricoles. Les modeles
de fonctionnement des agro-écosystéemes permettent dabaes interactions |a
travers la modélisation des cycles de I'eau, du carbone dtdete et fournisser
des estimations d’émissions de GES. Toutefois, ces modedesssitent d'étre
calibrés et évalués par rapport a des données expérimeréalme échelle locale
pour une gamme de conditions pédoclimatiques la plus laogsiple, avant d’env
sager leur application a une échelle régionale ou pountdstescénarios de mitigatign.

I e secteur agricole est a la fois une source et un puits de gfietade serre

—

Cette partie introductive situe le contexte de la thésetha&fise I'état de I'art et définjt
la démarche générale de modélisation mise en ceuvre. EBemieensuite les deux
grands objectifs de ce travail : 1/ modéliser les flux d®Net de CQ entre les agra-
systemes et I'atmosphére et 2/ d’en déduire des bilans dea@®€8helle de rotations
pour plusieurs sites et systemes de cultures en Europe. délmpermet de proposer
des pistes de réduction des émissions de GES par les agno®gsét peut étre appliqué
pour produire des inventaires a I'échelle régionale.




2 CHAPITRE 1. INTRODUCTION

1.1 Contexte de la these

1.1.1 Contribution de I'agriculture aux émissions de gaz aféet de serre

L'agriculture contribue de maniére importante aux émisside gaz a effet de serre (GES)
d’origine anthropique avec un flux total de 6.1 Gt C€xy yr !, ce qui représente 10 a 12 %
des émissions anthropiques totales. Les émissions dirddgyde nitreux (NO) par les sols
arables et de méthane (QHoar la fermentation entérique des ruminants sont les deuxkip

ales sources de GES a hauteurs respectives de 2 128 et 1 T0QMig yr! (Smith et ai.,
2007). Les flux de C®entre les sols cultivés et 'atmospheére sont considérésmmpratique-
ment équilibrés avec un bilan de 40 Mt G@q yr !, pour I'année 2005. Ces valeurs ne prennent
pas en compte les émissions indirectes qui ont lieu pendaufidse de production des intrants et
leur transport jusqu’a la ferme, et la combustion de camitigrpendant les opérations culturales.
Les émissions de GES associées aux cycles de vie des imgeavsnt représentées jusqu’a 50 %
du bilan final \(Biswas et al., 2008; Robertson et al., 2000s\ée Marland, 20d2) et ne doivent
donc pas étre négligées dans I'évaluation des bilans GESrddsits agricoles. De plus, les es-
timations globales des flux de GES du secteur agricole sémiricertaines car les connaissances
scientifiques actuelles ne permettent pas de quantifier aenedfiable les flux de GES a large
échelle (voir section 1.2.4; Smith et al. (2007)).

Les changements d’'usage des sols pour fournir de nouvettesiarables sont également des
sources importantes d’émissions de GES Ilicc; 2000). Ltscsg continentales contiennent
deux fois plus de C que le stock atmosphérique, une émissagsiue de C par les sols peut avoir
un impact important sur la concentration atmosphérique @n & sur le cIimatI.,
2005; Smith, 2008). Les surfaces agricoles sont parmi lesy@&témes terrestres qui stockent le
moins de C (Duxbury et al., 1993; IPCC, 2000). Une conversioterres arables peut donc étre

une source nette de GOLa déforestation concerne surtout les pays en développeme les
terres arables se sont étendues de 6 a 7 Mha par an pendabhtdesi&res annéﬁ al.,

2007).

Les émissions de CHet de NO ont augmenté globalement de 17 % entre 1990 et 2005.
Les projections a 2030 prévoient une augmentation de 35 a 8@emissions de JO prin-
cipalement a cause de l'augmentation de l'utilisation degas azotés minéraux et organiques
d’origine animale et une augmentation de 60 % des émissiemsé&lhane directement propor-

tionnelles a la croissance du cheptel mondial (Galloway.dfzaO& Smith et aIJ, 20@7; Vergé

et al., 2007).

1.1.2 Les flux d'azote réactif

L'azote réactif (Nr) regroupe toutes les formes d’'azoteti€as d’'un point de vue biologique,
radiatif et photochimique. Il peut étre sous forme oxydé®(NN,O, NO;) ou réduite (NH,
NH;) et seul le diazote (N est considéré comme une forme non-réactive. Les flux deazatc-



1.1. CONTEXTE DE LA THESE 3

tif ont un réle crucial dans I'établissement des bilans d&S@ESs écosystemes terrestres (Sutton

carbone : la production primaire et la décomposition de laér@organique du sol. De plus, les
entrées de Nr peuvent étre directement sources d’émisd®Ns0, et d’oxydes d’'azote (N
qui sont des precurseurs d’ozone;JQui lui-méme participe au réchauffement climatique addi-

tionnel [ PCC?)

Avant I'ere pré-industrielle, I'entrée d’azote dans ladpbere était assurée par la fixation
biologique du N atmosphérique. Les retours d’azote vers 'atmospheéreagaurés par la déni-
trification de I'azote réactif (Nr) en N Depuis le début du 20°siécle, la production anthropique
d’azote réactif, pour la fabrication des engrais, est pasagne production marginale pour de-
venir actuellement la principale source de fixation deeN Nr, devant les processus de fixation
biologique ., 2004). La majorité de I'azoteéfest destinée a la production d’en-
grais agricoles dont I’ utlllsatlon est en pleine croissapa Asie du sud-est mais a tendance a
se stabiliser ou a décroitre en Eurobe (Smith et al., 200&1e€, sans une fourniture d’azote
optimale, les cultures ne peuvent pas exprimer leur patkedé rendement, cependant, selon

\Gallowav et Cowllnb\ (2002) pour 100 atomes d’'azote fixésibsés comme engrais, seulement

14 sont consommés comme aliments végétaux (Fig. 1.1) et dig®aliments carnés. L'azote
restant subit alors une série de transferts et de transfmmnsadans les compartiments air, sol,
eau, biosphére et engendre des impacts multiples sur lsgstemes, la qualité de I'air, les chan-
gements globaux et la santé humaine. L'agriculture est aineede cette «cascade de I'azote», et
Ie def| scientifique actuel est de quantifier, prévoir et réigis émissions et dépbts d’azote réac-
., 2007; Galloway et al., 2008; Sutton et %(DO'?) Le projet NitroEurope décrit
dans I'encadré 1 se consacre a cette problématique et el tlavthése participe et s’'integre a
ce projet.

N fertiliser N fertiliser N
produced applied in CFOIO harvested in food consumed
-16 -5 -12

FiG. 1.1 :Devenir de I'engrais azoté de l'usine de production jusgldaconsommation d’un produit
alimentaire d'origine végétal (pour 100 atomes d’ azote lIGaay et Cowllnb\(ZOdZ))




CHAPITRE 1. INTRODUCTION

Encadré 1 Le projet européen NitroEurope

Le projet européerNitroEurope (2006-2011) a pour objectif principal d’étudie
les mécanismes d’émissions de gaz a effet de serre par lsyséemes terrestre
en lien avec les flux d’azote réactif. Dans ce projet, difiéee échelles spatiales ¢

temporelles sont étudiées allant de I'échelle de la pargetigu’au continent européen.

Les méthodes développées a chacune des échelles repaseiggiement sur des
mesures expérimentales et la modélisation. Le projet masise une soixantaine
d’instituts provenant de 25 pays, majoritairement europget 160 scientifiques son
fortement impliqués. Le projet est organisé selon les 6 amaptes scientifiques
présentées dans la figure suivante.

C4
Flux geltwork ¥ lLandscape
analysis
Other EU & C3 C6
international activities Plot-scale P
including CarboEurope Modelling Verification
A4
Cc2 C5
Ecosystem European
manipulation integration

La composante «Flux Network» a pour objectif de mesurer tbsugges biosphere

atmosphére a travers un réseau de sites de mesures pouini@paarx écosystemes

terrestres européens (forét, prairie, culture, zone hanat lande). Dédiée a Iz

modélisation a I'échelle de la parcelle, la composante t&tale Modelling» a pour

objectifs :

» d’évaluer l'incertitude des modeles d’écosysteme,

» de simuler et d’interpréter les flux de GES mesurés dansskearé de mesures Ni
troEurope,

* et de tester des scénarios de mitigation sur certainsesit&srope.

Les écosystemes anthropisés (forét, prairie, culturedseétosystémes naturels (zo

humide, lande) sont modélisés avec des modeles dédiés @systame ou des mo
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deles multi-écosystemes. Ce travail de these s’integré@ a@mposante.
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1.2 Etatde I'art

Cet état de 'art rassemble une partie de I'état des cormaiss sur la problématique des
bilans de GES des agro-écosystemes. Tout d’abord, lesgmegbiologiques d’échanges de GES
entre le systeme sol-plante et 'atmosphere sont détalfiésuite, nous présentons des bilans de
GES d’'agro-écosystemes issus de la bibliographie et leatenpels de mitigation. Enfin, les
différentes méthodes d’estimation des flux de GES des agsy§temes sont décrites

1.2.1 Processus biologiques des échanges de GES

Les flux de CQ entre les surfaces agricoles et 'atmosphére mettent eleggprocessus de
fixation du C par la photosynthése et la minéralisation deglué de cultures et de la matiére
organique du sol. Les flux de méthane sont le bilan net entréystion et consommation. Le
N,O est produit lors des processus de nitrification et de déodtion dans les sols.

Les entrées de carbone dans la biosphere continentaletsx@bnsivement par la production
primaire nette (PPN). Les plantes chlorophylliennes fixei@O, atmosphérique dans leur tissu
par le processus qmotosynthése\Rojstaczer et al. (20@1) ont estimé qu’environ 40 % de la
PPN était utilisée pour les activités humaines. Une graadiepde C retourne au sol sous forme
de matiére organique ou sous forme de,Qfans I'atmosphére aprés des temps de résidence
variables selon les produits (aliments, fibres, constouctBmith et al.. (200$b)). Le bilan entre
les entrées de C, fixé par photosynthése, et la minéralisggftete I'évolution du stock de C de
I'écosystéme.

La minéralisation est le processus de transformation de la matiére organigueturne
au sol en éléments minéraux sous l'action des micro-orgasshétérotrophes du sol. L'azote
organique est transformé en azote ammoniacal par la réattonmonification et le bilan avec
immobilisation (N consommeé par les micro-organismeglgte la quantité d’azote potentielle-
ment disponible pour les plantes (FWi.Z. Balesdent\éﬂé%)).

La nitrification est le processus d'oxydation de I'ammonium (NHou de I'ammoniac
(NH3) en nitrites (NQ) et en nitrates (NQ) en condition aérobie par des micro-organismes
majoritairement autotrophes du gemNi#rosomagpour I'oxydation de N§ en NQ, et du genre
Nitrobacter pour I'oxydation de N@ en NG; (Fig[1.3). La nitrification est principalement
controlée par la teneur en NH la pression partielle en OI'humidité et la température du
sol. L'observation d’émissions de,® dans des sols bien aérés et dépourvus dg NOntre
gu’elles sont corrélées a la concentration en}l\ﬂKhaliI et al., 2004). La production de)® a
lieu a partir de I’hydroxylamine (NKOH) quand la disponibilité en Odiminue. Le NO ainsi
formé est un sous-produit de la réaction de nitrificatiors &missions de MO produites sont mi-
neures relativement aux quantités d’azote nitrifiées, teagsimul des émissions sur une saison

1Une partie de I'état de I'art consacré aux méthodes et aunteds de la bibliographie est incluse directement
dans les chapitres de la thése et n’est pas détaillée ediration.
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Fic. 1.2 :Le cycle de I'azote des écosystémes agricoles (les comgazésx sont entourés d'un cercle,
Cellier et al. (1996)).

de culture peut représenter au final une fraction importdeteémissions totales de®. Des
oxydes nitriques (NQ) sont également produits pendant la transformation d&emten nltrates
et peuvent représenter de 1 a 4 % de 'ammonium oxydé (Leetilld.
dénitrifiante est la succession de I'oxydation de 'ammaongn nitrites, suivie dlrectement par
la réduction des nitrites enJ® et N,. Cette réaction a lieu en condition d;dimitante. Peu
de travaux sont disponibles pour quantifier la part d®Mmise par cette réaction par les sols
agrlcoles\(Wraqe etal., 20\01)

La dénitrification est I'unique processus biologique de retour de I'azote fikétmosphére
sous forme de N(Fig.[1.2). Le nitrate provenant de la nitrification ou diement des applica-
tions d’engrais peut étre réduit en KFig.[1.3). La réaction a lieu en condition anaérobie par des
micro-organismes dénitrifiants hétérotrophes qui ont kiq@adarité de pouvoir utiliser le NO
comme accepteur d’électrons lors de la respiration en tiondi’O, limitante (Hutchinson et
Davidsoan:B). Les bactéries des geritssudomonast Bacillusprésentent cette faculté. Les
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produits intermédiaires de la réaction de dénitrificat@, et N,O, sont échangés avec le milieu
et peuvent étre émis dans I'atmosphere. La dénitrificatépedd : i) du degré d’anaérobiose du
sol directement relié au niveau de saturation en eau, iipd®mhcentration en substrats carbo-
nés et en nitrates, et iii) de la température qui régule lasti@ns biologiquei (Conrbd, 1@96).
Le ratio N,O sur N, varie en fonction des facteurs précédents et les émissmhs@ peuvent
représenter le produit terminal dominant de la réactiors Eanditions de faibles teneurs en N
du sol et d’humidité importante peuvent également engenaire consommation de,® atmo-
sphérique. Les facteurs contrdlant cette consommationesmore assez peu connus et méritent
d’étre mieux étudiés (Chapuis-Lardy etal., 2\007).

Nitrification Dénitrification
N,O NO; 44— NO, — NO—{N,O N,
I Pseudomonas, Bacillus...
| Nitrobacter Processus anaérobie
NH; — NH,OH — NO,
Nitrosomas

Processus aérobie

Fic. 1.3 :Réactions de transformation de I'azote dans le sol par réatfon et dénitrification.

Le flux net de CH d'un sol agricole est le bilan entre production de Gidrméthanogenése
et consommation de CHpar méthanotrophie. La méthanogenése est un processus microbien
de décomposition de la matiére organique qui a lieu en ciondinaérobie (Knowlé%, 1993). Les
principales sources de méthane des écosystemes sontéssitemergées, les zones humides et
la riziculture inondée. Le méthane est consommeé par legtnside surface des sols en condi-
tion aérée et ce puits pourrait représenter 5 a 8 % des sogiaesles de CH .,
1998; Ojima et al., 1993). En 20(;6; Keééler et al. rapportegee les plantes pouvaient étre di-
rectement une source importante de méthane (10 a 40 % dees@lobales actuelles). Depuis,
cette observation a été contestée et Nisbet et al. (2009 omtré que les plantes sont un media
par lequel le méthane peut transiter mais ne peuvent étrsauree de Cllaussi importante.

1.2.2 Bilan de gaz a effet de serre des agro-écosystemes

Afin de comptabiliser les flux de GES des systémes de cultiiest, important de prendre
en compte toutes les émissions de GES de I’agrosysfémec(Ela!;rthpeL 2004; Soussana et al.,
W). Les flux de GES sont quantifiés en terme de pouvoir detgement global (PRG), ex-
primés relativement au for¢age radiatif du C&horizon 20, 100 ou 500 ans (IPCC, 2007). Par
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ailleurs, plusieurs travaux suggerent qu’il est nécess#gr considérer la totalité des émissions
directes de GES afin de quantifier le PRG total du systeme etahel@ en compte les effets
antagonistes de certaines pratiques sur les flux. Par egém'pit al. \(2005a) mettent en garde
sur I'effet de pratiques, qui pourraient stocker du C dansdle sur les émissions de,™. En
effet, les auteurs ont montré que les bénéfices du travaibliéduit en terme de stockage de C
pouvaient étre annulés par une augmentation des émissoNgQl Par ailleurs, il s’avéere que
les émissions indirectes ont un poids important sur le lglabal (Robertson et al., 2000; Smith
et al., 200&). Bernacchi et al. (2@05) ont montré que le pgakde stockage de carbone dans
le sol lors de la conversion au non-labour est diminué quasird’un tiers lorsqu’on prend en
compte les émissions indirectes.

Robertson et aIL(&bO) ont montré qu’un systéme convemgilavec une rotation mais-soja-
blé aux Etats-Unis possédait un potentiel de réchauffemiebial de 114 g C@eq n1? dont
une moitié provient des émissions deN(52 g CQ-eq n12) et 'autre moitié des émissions
indirectes (66 g C@eq n1?), le sol étant un puits de méthane de 4 g,@@Q n12. Dans le cas
d’un systeme sans travail du sol, le stockage de C dans leesolgb de diminuer le potentiel de
réchauffement a 14 g G@q n1 2, les émissions de JO et les émissions indirectes étant prati-
guement identiques au systeme conventionnel. Mosier ézmﬁ) et Del Grosso et al. (2d05)
ont calculé le PRG de systemes de cultures et leurs estimsatmnnent des résultats plus élevés
en moyenne que ceux de Robertson et al. (2000) (voir Tabldau 1

Pour réaliser un bilan complet de gaz a effet de serre d’'umsggtéme, les émissions directes
de GES biogéniques (GON,O et CH,) et les émissions indirectes dues a la consommation
d’intrants et aux pratiques culturales doivent étre cotiptges selon la démarche inspirée de
'analyse de cycle de vie (ACV). L'encadré 2 présente la méthogie de I'ACV appliquée a la
production agricole.

1.2.3 Potentiel de mitigation

Le potentiel de mitigation des GES d’origine agricole sas#iven trois grandes catégories
basées sur les mécanismes suivants (Smith et al., 2008a) :

» Réduire les émissions Une gestion plus efficace des flux de C et de N permet de réduire
de maniére substantielle les émissions de GES.

» Augmenter les prélevements de C@atmosphérique: Les techniques culturales qui per-
mettent d’augmenter les entrées de C photosynthétique dindeuer la respiration de la
matiere organique du sol permettent d’accroitre le stock dll sol et donc de diminuer
d’autant le stock atmosphérique.

» Substituer le C fossile: La biomasse peut étre utilisée comme source de bioénergie d
tement en combustion ou aprés conversion en biocarbutamtsarbone fixé est renouve-
lable et le bénéfice net en terme de GES est calculé par ragppévitement des émissions
générées par la combustion des carburants fossiles.
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Ces trois mécanismes peuvent étre mis en pratique a tragestion agronomique des cultures,
le changement d’usage des sols et la bioénergie. La gestitanfdrtilisation basée sur des ap-
ports en adéquation avec la demande des plantes permetuie léd émissions deJd. McS-
winey et Robertson (2005) ont montré que les émissions,@ ddublaient dés que les apports
d’azote dépassaient les besoins des cultures (pour du Mhatsgan, Etats-Unis, Fig.1.4).

Selon Arrouays et al. (20b2), les techniques culturalepkii®es pourraient stocker 0.2t C
ha ! am! et selon Freibauer et al. (2004), le potentiel de stockage dé’échelle européenne
pourrait étre de 2.4 Mt C hd an! a I'horizon 2012. Le bilan net de ces pratiques entre stagkag
de carbone et émissions de®In’est toujours pas démontré globalement et dépend lanfeane
type de sol, du climat et des pratiques de gestion (Behed i jardi :
etal., 20056{; Six et é‘ 20b4). L'implantation de couvedgétaux et de cultures intermédiaires
ﬁFreibauer et al., 20@4) et la conception de systémes dereslt bas niveaux en intrants avec
l'intégration de Iégumineusds (Dick et al., 2008; Rochett@anzen, 2005; Tonitto et al., 2¢)O7),
peuvent aussi participer a la réduction des bilans de GESyd#t&mes de cultures.

Le changement de couverture du sol est la méthode la pluaadffpour réduire les émissions
mais elle entraine inévitablement un changement d’'usageohversion de surface cultivée en
prairie ou en forét, permet d’augmenter le stock de C du spbatrait réduire les émissions de
N,O du fait d’apports azotés réduits (Arrouays etal., 2002 nlEme, le reboisement de terres
cultinEes c;nduit a une accumulation moyenne de 0.5 t¢ ha ! sur 100 ans selon Arrouays
et al. (2002).

1.2.4 Méthodes d’estimation des flux de GES des agro-écossies

Les échanges de gaz a effet de serre entre les écosystemassatll’atmosphére dépendent
de processus biologiques, dont I'intensité est en relati@t les conditions du milieu et la ges-
tion par I'agriculteur. Des méthodes basées sur les mepearesettent de quantifier les flux de
I'échelle de la parcelle agricole a quelques’kidne autre voie basée sur des facteurs d’émission
(FE) consiste a calculer directement les flux de GES en foncles activités (IPC@OG). Mais
I'approche qui semble la plus prometteuse est I'utilisatie modéles mécanistes orientés sur les
processué (Butterbach-Bahl et al., 2004; Gabrielle \éQQDSa).

1.2.4.1 Systémes de mesures

Echanges de CQ entre 'atmosphére et le systéme sol-plante

La mesure de la variation du stock de carbone du systemdautepeut étre envisagée de
2 manieres possibles : i) soit en mesurant les flux dg &0nterface du systéme sol-plante et
de 'atmosphere, en prenant en compte les entrées et lésssdet C aux frontiéres de la par-
celle, ii) soit en mesurant directement I'évolution du &tde C du sol (résidus, litiere, matiere
organique). Nous présenterons ici, seulement les techgida mesure de flux de G@vec la
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Adviento-Borbe et al. (2007) Mesures

Ram (2000) rapporté par

Robertson et Grace (2004)

(culture, fertilisation, climat;
Michigan et Colorado, USA)

1 systeme monocuttammais (CC)
1 systeme mais-soja (CS)
2 traitements par systeme :

(carburant+machine 48%% du PRG

+engrais)

CC-R=-440 CC-R=690
CC-1=-620 CC-I=920
CS-R=300 CS-R=490

gestion recommandée (R) et intensive (I) CS-1=-20 CS-I=71

(Nebraska, USA)

Systéme tropical
riz-blé-haricot
(Plaine indo-gangétique, Inde)

NT=311 1938=
CT=625 CT=169

CC-R=320
CC-I1=570
CS-R=250

S-1€340

NT=475

Références Méthode d’estimation des ~ Systémes Net CO Emissions NO CH, PRG net
émissions directes de GES de cultures indirectes

Robertson et al. (2000) Cultures annuelles NT=-300NT=200 CT=180 NT=153 NT=-13  NT=40
(mais-soja-blé) CT=0 (carburant, engrais, CT=140 CT=-10 T=%10
(Michigan, USA) chaux)) Luzerne=-50

Del Grosso et al. (2005) Moyenne nationale NT=-140 =NB NT=255 NT=-1 NT=290
pour les systemes de grandes CT=-25 CT=160 CT=300 CT=-5 80=4
cultures dominants (USA) (carburant)

Mosier et al. (2005) 3 sites, 18 traitements de -88B ade 31 a 252 De 31 a 200 De-5a-9 De481a753

CC-R=-3 CC-R=540

CG-I= CC-I1=840

€3-R CS-R=1020
CS-I=-1  CS-I=1020

NT=1527 NT=2435
CT=1527 CT=2795
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T 341LIdVHO
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premiére méthode, la seconde étant plus généralememsgéstitiour rendre compte de change-
ment de systemes ou de pratiques sur le long terme (labounia deect, par exemple).

Les flux de CQ et de vapeur d’eau sont habituellement mesurés par la tpobmnicrométéo-
rologique des corrélations turbulentesifly covariance La méthode est largement répandue a
travers le monde, en particulier au sein de réseaux de nestomme le réseau international
FluxNeT (Baldocchi et al., 2001) ou le réseau européen Eartmpe \(Aubinet et al., 20@0).
La méthode c8ddy covarianceerturbe trés peu I'environnement étudié et permet des regsu
de maniére continue sur des périodes de plusieurs annéashalle de plusieurs hectares. Elle
consiste a mesurer la vitesse verticale du vent et la coratenmt des gaz étudiés au-dessus du
couvert, les flux des gaz mesurés (vapeur d’eaw,)@@nt proportionnels a la covariance entre
les fluctuations de la vitesse verticale du vent et la comagoh des gaz. Les composantes de
vitesse du vent sont mesurées avec un anémometre soniegeaetricentrations des gaz avec
un analyseur a infrarougds (Denmead et Rauﬁach, 1993).dres2ds brutes mesurées néces-
sitent d’étre retraitées afin d’éliminer les données quiémndent pas a certains critéres. Les
données manquantes sont recalculées, selon différerdéésgses de remplissage des vidgag
filling, Falge et al. (2001)). Les flux de;® et de CH peuvent également étre mesurés selon ces
méthodes micrométéorologiques pour une évaluation desflune échelle spatiale de quelques
hectares.

Mesures des flux de GES par la méthode des chambres statiques
La méthode des chambres statiques est couramment utibsgenesurer les flux de CO

CH, et N,O a la surface du sol, a I'échelle d’une parcelle homogenerireipe est basé sur
un confinement des échanges sol-atmosphére dans une eraimétiquement fermée par un
couvercle. L'évolution de la concentration des gaz a liiietdér de la chambre permet de calculer
un flux selon I'’équation :

_VAC

CANAT
Avec F, le flux de gaz,V le volume d’air de la chambrei la surface au sol couverte par la
chambre etﬁ—g, I’évolution de la concentration du gaz en fonction du tenipess prélevements
de gaz a I'intérieur de la chambre permettent de suivre lidian de la concentration des gaz.
Cette derniére est analysée au laboratoire en chromatugrap phase gazeuse. Un détecteur a
ionisation de flamme (FID) mesure la concentration en €Hin détecteur a capture d’électrons
(ECD), le N;O. Le CG, est mesuré avec le FID aprés transformation en méthane graoe
méthaniseur. Rochette et Eriksen-Hamel (2008) proposentérie de criteres a respecter pour
mettre en place des mesures avec des chambres statiqueseRyle, les auteurs conseillent
de réaliser au moins quatre prélevements de gaz pour étdban@étique d’accumulation et de
limiter le temps d’accumulation a 40 minutes maximum.
Des systemes de chambres automatiques, dont la fermetlamadyse des gaz sont faites en
continu et de maniére automatisée sont en développemeusdgpelques années (Laville et al.,
\2009; Pape et al., 2009; Yao et al., 2008). Ces systemes fteninde mesurer les flux sur de
longues périodes avec une résolution infra-journalieraisNa charge de maintenance est impor-
tante car le systeme nécessite d'étre déplacé avant chpquegion culturale.
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Encadré 2 1’Analyse de Cycle de Vie de produits agricoles

L’Analyse de Cycle de Vie (ACV) est une méthode d’évaluatomironnementale quli

se base sur un inventaire des ressources utilisées et desi@msivers I'environnemer
inhérentes a la production d’un bien ou d’'un service (Gu'etéfindeijeH 2002). L'ana
lyse de cycle de vie repose sur une approche globale du systémroduction (“du
berceau a la tombe”). Linventaire de I'utilisation dessesrces et des émissions Ve
I'environnement concerne les étapes de production defrifdction des matiere
premiéres jusqu’a la mise en déchet du produit. De plust alees méthode multicriter
qui renseigne I'ensemble des impacts environnementasxaliéne activité : effet d
serre, eutrophisation, écotoxicité... L'application d&dV dans le cas des produit
agricoles est délicate du fait qu’il faille estimer les ésnss vers I'environnemen
qui ont lieu sur la parcelle agricole : les émissions directéraditionnellement
dans les analyses de cycle de vie des produits agricolegniessions directes soi
estimées soit avec de simples facteurs d’émissions qentdl quantité d’intrants au
émissions, ou soit par des modeles simples, basés sur des bi¢ matiere (bilan d
métaux lourds, bilan d’azote ; Lehuger et al. (ZOOba); Nexket al. \(2003)).

Les analyses de cycle de vie de produits agricoles ont dejextifs principaux : soit
de comparer différents systemes de production, par exemplsystéme biologiqu
VS. un systeme conventionnel (Thomassen etal., 2008)d'smialuer les impacts su
I'environnement d’une filiere ou d’un produit et de repéres Ipoints sensibles qt
peuvent étre améliorés (Gabrielle et Gagnaire, 2008; Peieal., 2008).

Dans les ACV de produits agricoles transformés (produitaésou laitiers, biocar
burants), I'étape de production au champ est déterminamties impacts finaux di
produit. En effet, la contribution de I'étape de culture msijeure pour les impacts @
réchauffement climatique, d’eutrophisation et d’acidifion.

Le choix de l'unité fonctionnelle est d’'une portée impottasur le résultat de ce
impacts. Le choix d’'une unité fonctionnelle basée sur lfesar@rea-based indicatgr
privilégie la fonction d’entretien de I'espace (servicewieonnementaux de I'agri
culture) et implique des impacts qui ont lieu a une écheltalle. Limpact sera alor
exprimé par ha et ne tiendra pas compte de l'efficacité deddymtion. Au contraire
si 'unité fonctionnelle est basée sur la quantité prod@i@duct-based indicatdr
la fonction de production est mise en valeur, les impacts atmis exprimés par k¢
produit (kg de grain, kg de lait, kg de viande...; Halberqleﬂ%OO$)). Les systeme
de production extensifs sont privilégiés lorsque les inipaont exprimés par ha. A
contraire, les systémes plus intensifs sont privilégiésgoe les impacts sont exprim
par kg produit. Pour les ACV de cultures, la prévision du ement devient alors d
premiere importance.
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FiG. 1.4 :Relation entre le rendement en mais grain et les flux ¢l@ Nour 9 niveaux de fertilisation
azotée. (McSwiney et Robertson, 2005).

Les mesures avec les chambres statiques demandent un dvéachnicité inférieur aux me-
sures micrométéorologiques mais une charge en main d’obeargcoup plus conséquente. Les
chambres manuelles peuvent étre utilisées pour tout typerden et d’écosysteme (forét, prai-
rie, sol cultivé, zone lacustre...) alors que les mesurasamétéorologiques doivent étre im-
plantées sur des surfaces étendues et planes. Les charnahigges ont tendance a perturber
fortement le milieu, elles ne permettent d’explorer qu'daible proportion de I'espace et ne
donnent que des valeurs ponctuelles dans le temps. Paeceligs sont trés pratiques pour
comparer différents traitements ou pratiques agrononsidj@ellier et al., 1996; Hénault et al.,
iZOOS

2005b).

La Fig.[1.5 illustre les points forts et les points faibledalenéthode des chambres statiques
en prenant 'exemple du suivi des flux dg@sur trois parcelles. Des mesures de GES ont été
réalisées sur le site de Grignon (France) pour trois pas€PAN1, PAN2, PAN3) sur lesquelles
une rotation mais-blé-orge-moutarde est décalée de 0, hes afin d’avoir chaque année les
différentes cultures de la rotation en place. Cette expgntation permet d’étudier, sur plusieurs
traitements en paralléle, I'effet des cultures et des quas agronomiques sur les émissions de
GES pour un climat et un sol constants (voir chap. 4). En relveon remarque que la méthode
ne donne que des valeurs ponctuelles dans le temps (enttQpeints par an et par parcelle).

1.2.4.2 Méthode d’estimation par facteur d’émission

Les pays signataires de la Convention des Nations Unieses@hangement Climatique
(United Nations Framework Convention on Climate CharngRFCCC) doivent réaliser leurs
inventaires nationaux de GES, en précisant les méthodesalda employées. Les méthodes
d’'inventaires de GES du secteur agricole sont plus complgxe pour les autres secteurs du fait
de la grande diversité des sources d’émissions et de labileégaspatiale des émissions (IPbC,
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Fic. 1.5 :Flux de NO pour trois parcelles expérimentales suivies sur une aadeéeulture sur le site de
Grignon, France (PAN1 : moutarde-mais, PAN2 : blé, PAN3 eprg

). Les pays membres doivent utiliser des méthodes delsalomparables et agréées par la
Conférences des Parties (COP, linstitution politique’d&FCCC). Les inventaires nationaux
sont produits annuellement depuis 1994 et doivent suigrédaes directrices de I'lPCQr{ter-
governmental Panel on Climate ChangBe nouvelles lignes directrices ont été proposées en
2006. Elles fournissent des méthodes de calcul de com@lesdissante : de niveau 1 pour la
méthode par défaut (Fig. 1.6), de niveaux 2 ou 3 pour rédksealcul des émissions avec des
données ou des méthodes spécifiques au pays (Fig. 1.6).

La méthode de niveau 1 consiste en de simples équations atteeifs d’émissions (décrits
dans I'encadré 3 pour leJ®). La méthode de niveau 2 utilise les mémes équations que le n
veau 1 mais requiert I'utilisation de facteurs d’émissispgcifiques au pays qui prennent en
compte le climat local et les types de sol. La méthode de niBeast basée sur I'utilisation de
modeles complexes et de systéemes d’'information géographice principe est d’estimer les
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flux de GES a une échelle spatiale réduite qui puisse premdcermpte les variabilités locales

en termes de types de sol, de climat et de pratiques agrigniesd’agréger les émissions pour
produire les inventaires nationaux. De plus, les pays mesdwnt encouragés a estimer l'incer-
titude de leurs inventaire!s(TC’C,—Z‘)OG).

S’agit-il d’une

Dispose-t-on de aEh i
catégorie clé (2) et

données sur les activités Non

» <
spécifiques au pays pour chaque Ll la source (_15 Nest-
source de N 7 (1) elle significative ?
(3)
Obtenir les
données :
IS spécifi ue: au < ow Non
Oui P a
pays
Estimer les émissions a [’aide d’équations de
Di le facteur niveau 1, de facteurs d’émissions par défaut,
d}s_po.sefr-on e a; eurs des données sur les activités de la FAO quant a
CHLSSIONS Speciiiques I"utilisation d’engrais minéraux au N et les e

au pays rigoureusement
documentés pour FE;.
FE, et/ou FEzppp ?

populations de bétail. et "opinion d’experts sur
les antres données sur les activités.

Niveau 1

Out I

' '

Estimer les émissions a ['aide des
équations de niveau 2 et des facteurs
d’émissions spécifiques au pays
disponibles, ou par une méthode de
niveau 3

Estimer les émissions 4 1aide de la valeur du
facteur d’émissions par défaut de niveau 1 et de
données sur les activités spécifiques au pays

Niveau 2 ou 3 Niveau 1

FiG. 1.6 : Diagramme décisionnel pour le calcul des émissions disedeeNO des sols cultivés (IPCC,

2006).

Les lignes directrices de 2006 fournissent une méthodelpgur estimer :

» Les émissions directes de,® des sols issues des apports en engrais azotés minéraux ou
organiques et du retour d’azote par les résidus de cultures;

* les émissions indirectes de,® produites en aval du champ par les écosystémes naturels
ou les hydrosystemes a partir de I'azote perdu par voie gihdgjue (volatilisation d’am-
moniac, ou émissions de NPpuis redéposé sous forme séche ou humide, ou par voie
souterraine (lixiviation de NO);

* les émissions de MD induites par les activités d’élevage (émissions pendastdckage
des effluents et par les prairies paturées) ;
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* les flux de CQ reflétant les variations de stock de carbone (de la biomdssle, matiére
organique du sol et lors de conversion de surface en teritgéas) ;

* les émissions de méthane dues a la riziculture inondée;;

* les émissions de GES dues au brilage de biomasse.

La méthodologie IPCC présentée ici est centrée sur le cdéziEmissions deJO. Le facteur
d’émissions (FE) de la méthode de niveau 1 est égal a 1 % avec une gamme dtinderva-
riant entre 0.3 et 3 %. Ce facteur d’émission a été établi tirghe la compilation des données
issues de la bibliographib (Stehfest et Bouwman, 2006): azalcul des émissions indirectes,
les quantités d’'azote lixiviées ou volatilisées puis rexdes sont multipliées, respectivement,
avec des facteurs d’émissions de 0.75 % et 1 %.

La plupart des pays utilisent la méthode de niveau 1 par téftaseuls quelques-uns ont
commenceé a mettre en place des méthodologies de niveaueén@gdine, Canada, Etats-Unis;

\Lokupitiva et Paustian (20b6)). La méthode de niveau 1 a Ietend’étre simple a mettre en

place et les émissions peuvent étre directement reliéesasommations d’engrais minéral et
organique. Toutefois, elle est de plus en plus critiquéesaaimplicité induit une grande incer-
titude due a I'application de valeurs universelles pourféeseurs d’émissions. L'utilisation de
valeurs globales peut entrainer des erreurs importanéggpriciation des émissions de GES des
lors que la région ou le pays considéré est en dehors de Iarme)giobald (Biswas et al., 2d08).
De plus, les processus d’émissions des GES sont contr@ésspeonditions d’humidité du sol,
de température, de concentration en azote et par les peatagricoles. L'utilisation de données
agrégées au niveau national annihile toute variabilitéiaglgades échanges de GES aux échelles
inférieures. De plus, plusieurs études montrent que lesstams de MO ne sont pas directement

proportionnelles aux guantités d’azote apportées (vg’_@l Barton et él[ (2008); Del Grosso
et al. kZOOB)\: Kaiser et Ruser (ZOOb): McSwiney et Rober{2605); Roelandt et al.(mOS)).
L'utilisation de modeéles d’agro-écosysteme pour prédisedmissions deJD agricoles cor-
respond a la mise en place de la méthodologie IPCC de niveRar&xemple, Li et al, (2ob1)
ont utilisé le modele DNDC pour calculer I'inventaire nat#h des émissions de,® provenant
des terres agricoles pour la Chine. lls ont comparé leundteds avec les émissions de®
basées sur l'utilisation de facteurs d’émission de I'lPCEs émissions directes de,® selon
cette méthode sont de 0.36 TgMN, alors que le modéle DNDC pour I'année 1990 prédit des
émissions totales de 0.31 Tg®-N. Avec le modele, les émissions induites par la fertiisa
azotée varient de 0.25 a 4 % de la quantité d’engrais appsetén la région, avec une moyenne
nationale de 0.8 %. Del Grosso et al. (2005) ont utilisé le @m@AYCENT pour simuler les
émissions de MO de systémes de grandes cultures aux Etats-Unis, qu’itsoomparées aux esti-
mations calculées par les facteurs d’émission de I'lPCCni&eaau national, les simulations des
emissions de MO sont 25 % inférieures aux estimations par les FE. De mémelaRdt et al.
W) ont montré que I'utilisation de deux modéles empees (MCROPS et MGRASS) per-
mettait d’améliorer la prédiction des données observéespiparaison avec celle réalisée avec

la méthodologie IPCC. Les modeles ont été ensuite appligmuésprédire les émissions directes
de N,O des sols agricoles de Belgique pour la période 1990-205@Iaﬁdt etal, 20®7). A une
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échelle plus réduite mais basée sur une résolution spalizefine, le modéle CERES-EGC a
permis d’estimer les émissions dg®pour la région de la Beauce (France, 59 000 ha) et de les
comparer aux estimations de la méthode IPCC (Gabriellé,&(}ﬂ%). Les émissions a I'échelle
de ce territoire sont de 2.1 kg®-N ha! an~! pour le modele CERES-EGC ce qui correspond
a un FE de 0.44 %. La méthode IPCC donne une valeur largempétisure : 3.1 kg hO-

N ha! an?! (avec un FE de 1.25 %).

L'application de modéles biophysiques ou empiriques a dbslkes spatiales qui permettent
de prendre en compte la variabilité du climat, du type de sdés pratiques agricoles, puis leur
agrégation a échelle régionale ou nationale, montre quethade proposée par I'lPCC semble
surestimer les émissions directes @es sols cultivés (Brown et al., 2002; Del Grosso et al.,
2005; Gabrielle et al., 2006a; Li et al., 2001; Roelandt b\m_%). Une vérification des modéles
grace a des réseaux de mesures permettra de tester la gealfgéedictions des modeles et d’es-
timer leur incertitude.

1.2.4.3 Modélisation biophysique des agro-écosystemes

La modélisation des cycles de I'eau, de C et N, au sein ded*agosysteme permet de simu-
ler les émissions de gaz trace vers I'atmosphére. Plusieadgles proposent une modélisation
spécifiqgue de I'écosysteme agricole et des fonctions dens&gsodifférentes pour simuler les
émissions de GES.

Chenetal. (2008) proposent de différencier les approchesatiélisation selon I'échelle d’étude :
le laboratoire, I'écosysteme agricole et I'échelle glebalkes modeles d’agro-écosystéme al'échelle
du champ sont les plus utilisés et les deux défis majeurs|rhent sont : i) d’appliquer ces
modéles a des échelles spatiales supérieures (pais ipe,, Iglgbe) et i) de quantifier le bilan
complet des GES des systéemes de cultures (Chen et al., 2@88)rincipales différences entre
les modules d’émissions de, des modeles d’agro-écosysteme concerne la modélisa®on d
processus de nitrification et de dénitrification. Le modeNIT dLi et aI.,@Z) et le modéle
ECOSYS \(Grant et Pattdy. 2603) simulent directement la alyguae microbienne nitrifiante et
dénitrifiante et la production de NO et de® dépend directement de la biomasse microbienne.
D’autres modeles tels que DAYCENT (Parton etal, 1996), FBF (Chatskikh et al., 20@5) et
CERES-EGC| (Gabrielle et al., 20@6b) ne simulent pas dineet# |'activité microbienne mais
calculent les processus de nitrification et dénitrificaterec des fonctions de réponse liées aux
variables de I'’environnement du sol (humidité, tempématsubstrats, pH). Le tableau 1.8 permet
une comparaison des principaux modeles d’écosystememuiesit les émissions de GES. Nous
décrivons ici trois modéles mécanistes d’agro-écosysté CENT, DNDC et CERES-EGC.
DAYCENT et DNDC sont des modeles capables de simuler le fmmeement de différents éco-
systemes (forét, prairie, culture) alors que le modele C&EEISC est dédié aux grandes cultures.




18 CHAPITRE 1. INTRODUCTION

Encadré 3 Equations de la méthode IPCC pour le calcul
des émissions directes dg®lpar les sols cultivés

Le calcul des émissions directes deNpar les sols cultivés selon la méthode IPCC (Ib(
2006) est effectué selon les équations suivantes :

N2Odirectes_N - N2O_NNentrées + N2O_NSO + N2O_NPPP

avec N Oy, cces-N : €missions annuelles directes degONN imputables aux sols gérés, kgO+
Nam!;

NoO-Ny enirees - €Missions annuelles directes deONN imputables aux apports d’azote N S
les sols gérés, kgMD-N arr?;

N,O-Nso : émissions annuelles directes deONN imputables aux sols organiques gér
kg N,O-N an?

N,O-Nppp : €émissions annuelles directes deONN imputables aux entrées d'urine et de fe
sur les sols paturés, kg,®-N an?.

Les émissions directes annuelles dgONN imputables aux apports d’azote N sont cal
lées selon :
N2O_NNentrées = { [FSN+FON+FRR+FM03] .FEl }

avec Fyy : quantité annuelle de N d’engrais synthétiques appliqu&esals, kg N an' ;
Fox : quantité annuelle d’effluents organiques (composts, bdigpuration, engrais organique
appliquée aux sols, kg N ah;

Frr : quantité annuelle de N retourné aux sols dans les résidésdies (aériens et souterrain
y compris les cultures fixatrices d’azote, kg N-an

Firos @ quantité annuelle de N minéralisé associé aux pertes desGale et de la matier
organique des sols en raison de changements d’affectagi®tedes ou de gestion, kg Nan
FE; : facteur d’émissions dues aux entrées de N, KON\ par kg d’entrées de N. Un facte

ur
és,

Ces

CU-

d’émissions FEkg; est spécifique a la riziculture inondée.
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Fic. 1.7 : Relation entre les apports d’engrais azotés et les émissler’s,O. Figure de gauche : pour
différentes années, différents sites en Allemagne eratiti&s cultures (représentés par les
différents symboles). La ligne en pointillé représentedigression entre les apports de N et les
eémissions de pO, et la ligne continue la relation proposée par 'NPCC (medologie 1996,
N>O-N= 1 kg + 1.25 % engrais N; Kaiser et Ruser (2000)). Figure deitd : émissions
annuelles de bD en fonction de la quantité d’engrais azoté apporkée (Raitlanal., ZOOE).

Présentation des modéles

Le modele DAYCENT est un modéle d’écosystéme a pas de temps journalier adapté d
modele CENTURY\(DeI Grosso et al., 2000; Parton et al., 2\&996). DAYCENT possede un
module nommé NGAS qui calcule les émissions dONNO, N,. Le modéle simule la crois-
sance des plantes, la décomposition de la matiére orgamegputux d’eau, de chaleur et d’azote
dans le sol. NGAS calcule les taux de nitrification et de diicétion selon plusieurs fonctions
de réponse liées a la température et au taux de saturaticawetuesol, aux concentrations de
NO; et de NH et a la respiration du sol. La nitrification est limitée lousge contenu en eau
du sol est trop faible ou trop élevée. Lhumidité optimalerespond a une part de la porosité
du sol remplie par I'eau de 55 %. La dénitrification est fooctde la concentration en NO
(accepteur d’e-), de la disponibilité en C labile (donn€er)] de I'humidité du sol et des pro-
priétés de texture du sol. La fraction de@irésultante de la nitrification est fixée a 2 % des flux
d’azote nitrifié. Les émissions de,® provenant de la dénitrification augmentent avec le taux de
saturation en eau du sol. DAYCENT a été testé avec des dommesmgéees de GES (Del Grosso
et al.%& et a été utilisé pour simuler les émissions dissgricoles a I'échelle des Etats-Unis
{Del Grosso et al., 2005) et a I'échelle du glo\be (Del Gro$sadlé2009).

Le modele DNDC (DeNitrification and DeCompositio . (99); Zhang
etal. iZOOZ)) est un modéle qui simule les cycles biogéoichies de I'eau, de C et N, a I'échelle
de I'écosysteme. Il a été développé a la base pour simuleifspement les émissions de®
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Model NGAS- DNDC EOOS)F NLOSS Expert-N WNMM FASSET CERES-NOE
DAYCENT
Time step Daiby Doaily Seconds- Daily Daily Diaily Daily Daily
cenfuries
Plant growth Own Own and Ovwn CERES CERES, EPIC, SUCROS, Own CERES
MACRO SUCROS, CERES and
LEACHM, GRASSGRO
PLAGEN and
SPASS
Water dynamics Water balance Water balance Richards and Richards Richards Richards Water balance Richards
Green-Ampt equation equationwater equation/water equation
equations halance halance
C cycling & C pools & C pools 6 organic states, 8 C pools 3-7 C pools 5 C pools 6 C pools 6 C pools
4 orpamic
matter-microbe
complexes and
6 binlogical
organization
Grases: CO» Grases: (0, Gases: COy and  Gases: CO, Gases: CO, (Giases: C0, Crases: CO- Grases: CO»
and CH, and CHy CH, and CHy
N cycling Processes: Processes: Processes: Processes: Processes: Processes: Processes: Processes:
mineralization,  mineralization,  mineralization,  mineralization,  mineralization, mineralization, mineralization,  mineralization,
immobilization, immobilization, immobilization, mmobilizaton, immobilizadon, immobilization, immobilizaton, immobilizaton,
ammonia ammonia ammonia ammonia nitrification, ammonia ammonia ammonia
wvolatilization, volatilization, volatilization, volatlization, denitrification volatilization, volatilization, volatilization,
nifrification, nitrification, nitrification, nitrification, and nitrate nitrification, nifrification, nitrification,
denitrification denitrification denitrification denitrification leaching denitrification denirification denitrification
ond nitrate and nitrate and mifrate md nitrate and nitrate and nitrate and nitrate
leaching leaching leaching leaching leaching leaching leaching
Gases: NH3, Grases: NH;, Gases: NH;, Gases: NH;, Gases: N;O Gases: NH;, Gases: NH3, Gases: NH;,
NO, N2O and NO, N-O and N0 and Na N20 and Na and Na NO (not Ma0 and N N2O and Na
N, N, tested),
N2O and N
NaO Nitrification ~ Nitrification: Nitrification: Nitrification: Nitrification: Nitrification: Nitrification: Nitrification: Nifrification:
Emissions first-order nitrifier Nitrifier nitrifier zero or first- first-order first-order first-order
kinetics dynamics dynamics dynamics order kinetics kmnetics kinetics kinetics
NLO: fixed N.O: fixed NLO: dynamic  N,O: fixed NLO: fixed NLO: fixed N.0: fixed N-O: fixed
proporton PrOpOTTON Proportion proporion proportion proportion PropoTion
2%) (0.25%) (0.25%) (0.5%) (0.1-0.5%) (calibrated) (calibrated)
Denitrification Denitrificaion:  Denitrification:  Denimrificaion:  Denitrificaion:  Denitrification: Denimrification:  Denitrification:  Denitrification:
WEPS denitrifier denitrifier denitrifier WEPS threshold WFPS WEFPS WEFPS
threshold dynamics and dynamics dynamics and driven and first-  threshold threshold threshold
driven and “anaerobic “anacrobic order kinetics driven and driven and driven and
first-order balloon™ hallpon™ first-order first-nrder first-order
kinetics driven driven kinetics kinetics kinetics
NLOMNLOMN NoO: dynamic NaO: dynamic  N:O: dynamic  NoO/MNLO/MN, NaON O MNLOMNLOMN > NoOMN/OM
ratio division ratio division/ ratio division ratio division ratio division
first-order
kinetics
Gas diffusion  Soil diffusivicy  Diffusion Drynamic Dynamic Dynamic No MNo No
based on soil proportion
texture
Source Awailability By request By request No By request No By request By request By request
code Language Ct+ C++ FORTRAN FORTRAN FORTRAN Visual Basic Ci+ FORTRAN
and Visual Basic
Landuse Crops, pastures  Crops, pastures  Crops, pastures  Crops Crops Crops and Crops and Crops
and forests and forests and forests pastures pastures
Applications USA, Canada,  USA, Canada,  USA and Mexico Gemany, UK, China, Australia, Europe France
Australia, New  Australia, New  Canada USA and Korea and
Zealand and Zealand, Canada Mexico
Europe Europe, China
and India

FiG. 1.8 : Comparaison de la structure et des fonctionnalités de réiffis modéles d’agro-écosystéme
{Chen et ai., 20d8).
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par nitrification et dénitrification, et la décomposition ldematiére organique. Il est construit
selon deux modules principaux. Le premier consiste en lagtgation du “climat du sol”, de la
croissance des plantes et de la décomposition des matigeesques qui prédisent les variables
de température, d’humidité, de pH, de potentiel redox (Edeeconcentration des substrats dans
le profil du sol. Le second module simule les processus déication, de dénitrification et de
fermentation afin de prédire les flux de NO,®l CH, et NH;. Le modéle nécessite comme don-
nées d’entrées les données météorologiques journaliergsegmettent de simuler a I'échelle
horaire, les flux d’eau et de chaleur dans le sol, le profil deqeel redox et I'absorption d’eau
par les racines. Le sous-module de décomposition de lamatiganique est basé sur un modele
a 4 compartiments de matiére organigue analogue au modé&©ONCde Molina et al. (1983).
La nitrification est contr6lée par la température, I'hurtédie pH et la concentration en NH
du sol. Le sous-module de dénitrification s’active quandriiidité du sol augmente ou quand la
disponibilité en Q diminue, et quand le sol géle limitant ainsi la diffusion ¢’@Qa dénitrifica-
tion est simulée selon la réaction séquentielle (INONO, — NO — N;O — N,) qui dépend
des conditions d’oxydo-réduction, du pH, du carbone disstisponible et des cinétiques des
différentes réactions. Le concept de “ballon anaérobiqaaaerobic ballooha été développé
afin de diviser la matrice du sol en zones aérobie et anaérBhisimulant la diffusion et la
consommation d'@ dans le sol, le modele calcule I'accroissement et la dinonudu ballon
anaeérobique. Ainsi seulement les substrats de la zoneameaéont utilisés pour la dénitrifica-
tion. Les deux processus de nitrification et dénitrificapi@uvent avoir lieu simultanément.

Le modéele DNDC a été largement appliqué a travers le mondediférentes conditions de sol
et de climat pour différents écosystemes (Babu 2007; Kurba-
tova et al. 200§; Pathak et nt utilisé pour
produire des inventaires de gaz a effet de serre a écheltnalg et continentale (Butterbach-

Bahl et al., 2004; Leip et al., 2008; Li et al., 2001).

Le modele CERES-EGC(Crop Environment REsource Synthesis - Environnementah@Gers
est basé sur la famille des modéles CERES développés ats¢\fites par Jones et
Kiniry (1986). Ces modeles sont développés et diffusés mudseréseau international DSSAT
(Decision Support System for Agrotechnology Trang'bema qui permet sa validation dans diffé-
rentes conditions pédoclimatiques et agricoles. Les nesdaEcanistes de croissance de culture
sont regroupés au sein d’'une plate-forme modulaire et gamtde méme sous-modele pour si-
muler les dynamiques de I'eau, de C et N dans le sol. Le modeRES-EGC est congu de
maniere similaire bien qu’il ait ses propres modules dedfiem d’eau, de chaleur et de solu-
tés dans le sol (Gabrielle etal, 1995), et de décompositeofa matiere organique basé sur
NCSOIL (Gabrielle et al., 2002a; Molina et al., 1983). Le raledCERES-EGC simule le dé-
veloppement et la croissance de nombreuses cultures (ni@jgrge, colza, sorgho, tournesol,
pois, betterave, soja) a un pas de temps journalier. L'agiie du modele CERES-EGC est sa
conception basée sur I'évaluation des impacts environntaug des cultures. En conséquence,
les fonctions de production sont couplées avec des modidesss$ions vers I'environnement

2www-egc.grignon.inra.fr/ceres_mais/ceres.html
Swww.icasa.net/dssat
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(Fig.[1.9). Les émissions de,® sont calculées avec le module NOE (Nitrous Oxide Emission,
Hénault et al. (2005a)). Dans ce module, la dénitrificatiépeshd du potentiel de dénitrification
du sol, du ratio&,%, qui sont mesurés in situ selon les méthodologies de HéeaGlermon
(2000) et Garrido et al. (2002), et de trois variables de réat la température, 'lhumidité et
la concentration en NOdu sol. La nitrification est calculée de la méme maniere : le {ao-
tentiel de nitrification (mesuré in situ) est multiplié a dasteurs de température et d’humidité
du sol. Les émissions de;™ résultantes de ces processus sont des fractions corsstiestéux
d’'azote nitrifiés et dénitrifiés. Le module d’émissions dgONest détaillé dans le chapitre 2. Le
modele CERES-EGC simule également les émissions de NOafRiodit al., 2008), les échanges
d’ammoniac entre le systeme sol-plante et 'atmosphéondelconcept de Génermont et Cellier
(1997) et les échanges de C&bl-plante-atmosphére (chap. 3).

Les modules de croissance de culture du modele CERES-EG&&largement validés a travers
le monde (Gabrielle et al., 2002b; Langensiepen et al., 2R@8zoug et al., 2008; Xiong et al.,
2007). De plus, le modéle a été appliqué a diverses probignestde bilans environnementaux
des activités agricoles aux échelles parcellaires et nédgs (Gabrielle et al., 2005; Gabrielle et
Gagnaire, 2008; Gabrielle et al., 2006b).
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FiG. 1.9 : Représentation schématique générale du modéle CERES-EGC.
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Comparaison des modéles

Une multitude d’autres modeles existent pour simuler lesgions de GES des écosystemes
agricoles qui ont chacun été développé selon une approaes etbjectifs spécifiques. Les mo-
deles mécanistes dynamiques permettent d’analyser labilité des émissions de GES en lien
avec la variabilité journaliere, saisonniére et interaglle du climat, les types de sol et la gestion
des pratiques agronomiques. |l existe actuellement peomigaraisons des modeles basées sur

la qualité de prédiction des émissions n relation avec des données observées (Frolking
et al., 1998; Gabrielle et al., 200 b; Li et gl., 2005b).

Frolking et al. (199@) ont compare les performances des feed@AYCENT, DNDC, Expert-
N et NASA-CASA avec des mesures delprovenant de 5 sites de culture et de prairie différen-
ciés selon le climat, les pratiques agricoles et le niveémissions observées. Les simulations
ont été réalisées sur deux années consécutives et compaegdss données observées. Tous les
modeles prédisent des dynamiques de N dans le sol comparahls les flux de gaz trace sont
assez différents entre les modeéles. Les modéles DAYCENXmifEN prédisent des émissions
les plus proches des observations alors que DNDC et NASAACZ®It moins performants. De
plus, aucun des modéles n'a pu simuler les brefs pics d'émnis®nsécutifs aux épisodes de
gel observés sur un site de culture en Allemagne. Cette caispa de modeles ne permet pas
d’identifier un modele plus performant mais préconise dagudes efforts de développement
sur la modélisation des contenus en eau dans le sol et deaiamedvec les émissions de®.
Depuis cette étude, les modéles DAYCENT et DNDC ont largeém@enlué et Chen et al. (2008)
recommandent de réaliser une nouvelle comparaison de c#dl@so

Li et al. f2005b) ont couplé le modele WNMMMater and Nitrogen Management Moygel
avec 3 modules d’émissions dg®l (comprenant les processus de nitrification et dénitrificét
provenant de DNDC, DAYCENT et le propre module de WNMM. Lesgassus de transfert
d’eau, de chaleur et de solutés dans le sol, de décompodéitanmatiére organique et de crois-
sance des plantes étaient simulés avec les équations p@MENMM. La comparaison a été
réalisée avec des observations d@®Nbrovenant de 3 sites expérimentaux. Au final, les auteurs
concluent que la performance des modéles est comparabégardrdes simulations des dyna-
miques de NQ et NH; dans les 20 premiers cm de sol, mais que I'approche simplifitgée
dans WNMM est plus performante que DNDC et DAYCENT pour sienlgs émissions dej®.

De la méme maniere qlhe Li et al. (ZOOElb), Gabrielle et al. 6PY@nt couplé les modules
d’émissions de DO, NOE et NGAS, en incluant la nitrification et la dénitrificat propres a
chaque module, au modéle sol-plante CERES. La performaad8ERES-NOE et CERES-
NGAS a été testée avec trois jeux de données collectés dBesalrce (France). CERES-NGAS
a tendance a surestimer les émissions ¢@ Nans les trois sites du fait d’'une réponse excessive
des émissions de 0 au contenu en eau du sol. CERES-NOE parvient a simuler Vesum
moyens d’émissions pour les trois sites mais échoue a sinasigics d’émissions qui suivent
les apports d’engrais N. La meilleure performance de CEREX: tient en partie a I'inférence
de paramétres locaux mesurés in situ.
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La comparaison des modéles ne permet pas de faire researtiadéle idéal, qui serait multi-
écosystemes, multi-échelles, multi-polluants et qui etrait de répondre a divers objectifs. Le
défi actuel est plutdt d’améliorer les modeles existantssghe démarche de progres qui permet
d’inclure de nouveaux processus, et de les tester et ldsealivec des observations provenant
de conditions agro-pédoclimatiques variées. Les obgdtf I'approche par modélisation sont
de pouvoir quantifier les flux de GES la ou les mesures ne sanepasageables de maniéere
exhaustive, de prendre en compte les conditions localesilieunet de gestion des pratiques
agricoles la ou les méthodes par facteurs d’émissions éctipet enfin de pouvoir appliquer les
modeles avec une incertitude mimimum pour tout nouveaw&teide ou dans I'optique d’une
extrapolation spatiale.

1.3 Objectif et démarche de modélisation

Les échanges de gaz a effet de serre (azotés et carbonés)emtcosystemes cultivés
et 'atmosphéere dépendent étroitement de processus ligetdvité microbiologique des sols
(nitrification, dénitrification, minéralisation) et auxgmessus physiologiques de croissance des
cultures. Ces processus sont eux-mémes régulés par lesicosndlimatiques, le type de sol et
sa structure, la culture en place et sa gestion par I'aggaulPour quantifier les échanges nets
de GES, l'utilisation de modeles mécanistes simulant lesgssus biophysiques sous-jacents
est actuellement 'approche qui semble la plus prometteDeeplus, modéliser les processus
avec une approche intégrée permet de prédire les modificadio systeme en réponse a des for-
cages anthropiques, d’'intégrer les flux dans le temps, ipater les modeles dans I'espace et
de tester des scénarios de pratiques culturales visanuaedmbs émissions. L'objectif central
de ce travail est denodéliser les émissions de D et les échanges nets de G I'échelle de
la parcelle pour prédire le pouvoir de réchauffement globa(PRG) des systemes de cultures

Le développement des modéles mécanistes -dans le cas dwaig ttes modeles biophy-
siques dynamiques- nécessite de suivre différentes édega®gression qui sont décrites dans la
partie suivante. Ce travail de these se situe dans cetterdéenat a pour objectif de I'appliquer
au modele CERES-EGC.

1.3.1 Boucle de progres des modéles

La (re)formulation des modeles, leur calibration et leualéation sont des étapes primor-
diales pour permettre leur application. L'utilisation dé#mnnées observées joue un role central
dans la calibration et I'évaluation des modéles. WiIIiamalétZOOQ) définit le concept de “fu-
sion modéle-donnéesimodel-data fusion, MDJ-comme une série de procédures qui combine
les données avec le modeéle, tout en quantifiant I'incertites$pective des deux parties. Notre
démarche se rapproche de celle-ci en suivant les étapatedéar Figl. 1.10.

La boucle de progrés a comme intérét d’intégrer les nouvetd@naissances sur les processus
élémentaires. Elle a pour effet le développement d’'un systéomplexe qui integre différentes
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FiGg. 1.10 :Schéma de développement et d'application des modelesodimgisysteme (adapté de
Williams et al. (2009) et Gabrielle (2006a)).
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composantes (eau, sol, plante, microflore du sol) et diftéraiveaux d’organisation. Le carac-

tere heuristique de la boucle de progres permet d’améliammpréhension du fonctionnement
des écosystemes. La boucle a également un intérét opérali@ie peut commencer par une

définition d’'un objectif de développement en relation avat application future. Pour cela, les

éguations relatives aux processus étudiés sont séleétieret formulées, avant d’étre intégrées
au code existant sous forme d’'un module qui doit rester céhmarsible séparément du reste du
modele.

La calibration est une étape majeure. En effet, les modéles décrits cirslesd I'inconvé-
nient d'impliqguer un nombre trés important de paramétrag gamuler les nombreux processus
en jeu. Chaque parameétre contient une part d'incertitudiiogst propre et souvent mal connue,
ce qui rend les sorties des modéles tres incertaines. Laauipeint de méthodes de calibration
des parametres couplées avec une quantification de I'inmbrtdes parametres et des sorties
du modéle est un défi majeur (Sutton et al., 2007). Les pratbeipméthodes de calibration des
modéles sont décrites dans I'encadré 4.

Comme il semble illusoire de pouvoir estimer simultanémantnombre important de para-
metres 20), une étape de sélection d’'un sous-ensemble de paraneétaamont de I'étape de
calibration est nécessaire (Harmon et Challenor, 1997;duWaki et al., 2006). Les méthodes
d’analyse de sensibilité globale permettent d’estimepkemmetres qui ont le plus d’influence
sur les variables de sorties et donc de déterminer les p&nesr®estimer avec les données. Les
parametres qui ont le moins d’influence conservent leueswalnominales (Monod et al., 2006).
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Encadré 4 Méthodes de calibration des parametres

L'objectif de I'étape de calibration (ou d’estimation) demrameétres est de déterminer une valeur

approchée des parameétres du modele a partir de donnéevédsseDeux grandes famillg
de méthodes d’estimation se différencient selon une apprée@quentiste ou une approc
bayésienne.

La description des méthodes ci dessous provient de Makatdduffroy (2002a) et Makowski

et al. (2006). Les approches fréquentistes utilisent dethadés d’estimation qui permette
d’approcher une valeur fixe du vecteur de parametres ersanitliun échantillon de donnée
Elles utilisent des fonctions appelées estimateurs qunegent de relier les valeurs estimé
des paramétres aux données observées.

La méthode des moindres carrés ordinaires est appliquéelquaseul de type de mesure ¢
utilisé pour calculer I'estimateur du vecteur des paraggetCelui-ci minimise la somme dé
carrés des écarts entre les observations et les prédic@atie méthode est mise en applicat
pour des modeles non-linéaires avec des algorithmes ifgede type Gauss-Newton. L
principal défaut de ces méthodes locales est que le réssitates dépendant de la valeur

départ du vecteur de parametres et que I'algorithme peutecgar vers un minimum local.

Des algorithmes itératifs d’optimisation globale perrapttde s’assurer d’une convergen
vers le minimum global (eg, I'algorithme du «recuit simuléba méthode des moindres carr
pondérés permet d'estimer les parameétres quand plusigues tle mesures sont disponibl
L'estimateur des moindres carrés pondérés minimise la soaes carrés des écarts pondé
par les variances sur les mesures obtenues par les répgtibans les cas ou il n’y a pas ¢
peu de répétitions, on peut définir un modele de variancdletentia méthode du maximum d
vraisemblance pour estimer les parametres.

L'utilisation de la connaissance a priori sur les parangpeut étre mise a profit avec legé-

thodes bayésiennesdont la premiére étape est la définition de la distributiopriari et la

deuxieme étape est le calcul de la distribution a posteriori

La distribution a priori peut étre définie comme une loi uniforme dont les bornes é&tmt une
gamme de variation des parametres et refléte le niveau dincke des valeurs de parametr
avant de les confronter avec les données observées. Lstifnte consiste a estimer une ng
velle distribution des paramétres a partir des donnéesriexpgtales en utilisant le théoren
de Bayes. La distribution des parametres obtenue est gipedéedistribution a posteriori et
reflete a la fois les données de la littérature et les donngaesrienentales. Différentes valeu
des paramétres, par exemple I'espérance ou le mode deriutisin a posteriori, peuvent alor
étre utilisés dans le modele. De plus, la distribution agramt permet de générer la distributia
de probabilité des sorties du modele et ainsi de quantifiedititude du modéle. L'applicatio
des méthodes bayésiennes aux modéles non-linéairesnduiksation d’algorithmes de type
Markov Chain Monte Carlo (MCMC), comme l'algorithme de Msiplis-Hastings décrit e
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L'évaluation des modélesest réalisée en aval de la calibration. Les prédictionscmmiron-
tées aux mesures observées indépendantes et des indicstdigtigues permettent de juger de
la performance du modéle (Makowski et Jeuffroy, 2002b; sl 2006). Les données pour
I'évaluation doivent étre indépendantes des donnéeseég#i pour construire ou calibrer les mo-
deles. L'évaluation permet de juger de la qualité de prémiadu modéle et quantifie I'erreur de
prédiction (Wallach, 2006). Un choix doit donc étre effectyuant a I'utilisation des données
pour la calibration ou I'’évaluation. Par ailleurs,test multi-sitesdu modele, grace a un réseau
multi-local de mesures, permet de s’assurer de sa robeskessuvrir diverses conditions agro-
pédoclimatiques. Cette étape est indispensable avantiségyer une extrapolation spatiale du
modéle. Une étape supplémentaire pour I'évaluation corckr comparaison des modeles sur
la base de jeux de données identiques. Nous avons vu darititmsk2.4.3 qu’elle a été assez
peu appliquée pour les modéles d’écosystéme mais est géaeisa perspective de cette these.

La mise en place @xpérimentationsdétaillées ou allégées permet d’appliquer les étapes de
calibration et d’évaluation. Les données nécessaires lpaalibration des modeles ont besoin
d’étre détaillées, d’étre mises en place sur plusieursemaegec une fine résolution temporelle
et avec une incertitude quantifiée. Les observations doo@nprendre a la fois les données de
flux mais aussi les variables qui régulent les processugxeanple, le suivi de 'humidité du sol,
de sa concentration en azote et de la production de biomastédes données indispensables qui
permettent de s’assurer de la pertinence globale du systeamaé. Les mesures intensives de
flux de GES peuvent étre assurées en continu par la méthoaddaedres automatiques ou par
les méthodes micrométéorologiques. Les données poutt lmtet-sites sont plus allégées et les
points de mesure peuvent étre ponctuels dans le temps. kzemiglace de chambres manuelles
convient a ce type de suivi.

L'étape dapplication du modelepermet d’extrapoler les flux dans le temps, pour produire
des bilans, ou dans 'espace, pour produire des inventdiette étape ne peut étre envisagée a
condition que les étapes de calibration et d’évaluationta@&é réalisées. Le passage de I'étape
de la formulation ou d’intégration directement a I'étapapplication n’est pas concevable sans
un minimum de vérifications de la performance avec des dane§@erimentales.

La confrontation du modele avec des données expérimentalesn application permet
d’identifier les processus manqguants qui nécessitented&taminé. Par exemple, les processus
d’échanges de CH de consommation de f par le sol, et les émissions de® consécutives
aux épisodes de gel-dégel ont été identifiés comme manqoantadaptés dans les modéles
d’agro-écosysteme (Frolking et al., 1998). lls devroné &aractérisés par des mesures au la-
boratoire et au champ puis intégrés au modeéle. Le retoutt@pked’analyse des processus ou
d’intégration peut également étre envisagé a la suite dapéede calibration ou d’évaluation.
Si un parameétre considéré comme universel se révele vadersite a un autre ou varier dans
le temps, il est probable que certains mécanismes sont raatgjdans le modele et qu'il faut
de nouveau analyser les processus. De méme, si I'étapeub@ea montre que la qualité de
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prédiction du modéle est faible, la comparaison de moduléslpur intégration dans le modeéle
peuvent étre requises.

1.3.2 Sélection du modéle et application de la boucle de prazs

Sélection du modele CERES-EGC

Pour ce travail de these, nous avons choisi d'utiliser le @l@CERES-EGC. La comparai-
son des modeéles d’agro-écosysteme capables de simulanissié@ns de DO n’a pas permis
d’identifier un modele mécaniste plus performant (voir jgatt2.4.3). De plus, I'incertitude des
modeles et leur qualité de prédiction n’ont pas été quaesifet une comparaison selon ces ca-
ractéristiques n’est pas possiﬁle (Chen etal., 2008).iPaurs, les modeles multi-écosystémes,
tels que DAYCENT et DNDC, ne sont pas spécifiquement dévéleppur simuler les systemes
de cultures et leur productivité. En revanche, le modéle EEREGC est développé a l'unité
Environnement et Grandes Cultures depuis une quinzaimnéé&s avec comme objectif central
de réaliser le bilan environnemental des systemes de esltlre plus, les modéles de culture
CERES sont développés depuis les années 80 et ont démamtafecité a simuler la crois-
sance des cultures a travers le monde (voir partie 1.2 Ra)ailleurs, le modele CERES-EGC
inclut des modules d’émissions de gaz traces, dont les Emssde NO, et il peut simuler le
cycle du carbone de I'écosystéme cultivé dans son ensefbfi,, CERES-EGC a été sélec-
tionné comme un des modeles centracor¢ modgdu projet NitroEurope et son investissement
dans ce projet doit permettre d’améliorer I'évaluation biggns de GES des cultures en Europe.
Ce travail de thése a pour objectif de modéliser les bilanGHE des agro-écosystemes. Pour
cela, nous avons appliqué la boucle de progression des ewdeCERES-EGC et, plus par-
ticulierement, nous nous sommes consacrés aux étapeslibeation, d'évaluation, de test
multi-sites et d’application (indiquées en gras dans la Fig. 1.10 et décrites dans |l&dagil).
Ces étapes sont cruciales pour répondre a notre objectifnrepte tenu de I'état de l'art, nous
avons montré que les modeles nécessitent d’étre calidasdes méthodes adaptées telle que la
calibration bayésienne. Par ailleurs, I'évaluation doi ®ien distincte de la phase de calibration
et les jeux de données utilisés pour ces étapes doivenhé&péndants. Enfin, le test multi-sites
permet d’évaluer la robustesse du modele a simuler touteawusite et est une étape préalable
pour I'extrapolation spatiale.

Sélection des paramétres et calibration

Lamboni et al.\(2009) ont mis au point une méthodeélection des parametre®asée sur
une analyse de sensibilité globale multivariée pour lesétesddynamiques décrite en détail en
annexe B. Nous avons appliqué cette méthode au modéle CERESafin d’identifier les para-
metres a estimer par calibration bayésienne. De plus, nausanontré que I'écart quadratique
moyen (MSEP) entre les valeurs prédites par le modele eblesreations diminue des lors qu’on
estime les parameétres les plus sensibles (voir arinexe Bbharet al. \(2009)). Cette méthode
a été appliquée pour sélectionner les six parameétres lesphsibles du module d’émissions de
N,O de CERES-EGC avant de les estimer par calibration bay@si@oir chap. 4).
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La méthode de calibration bayésienne développée dans jet esb décrite en détail dans le
chapitre 2. Nous rappelons ici, brievement, les raisonsdghoix.
Dans le cas des modeles biophysiques, tel que CERES-EGgarametres que nous étudions
ont une signification biologique ou physique. Il est doncsias d’obtenir des informations a
priori sur les valeurs de ces paramétres par une étude desixrantérieurs publiés dans la lit-
térature. Par exemple, les parameétres de potentiel derifiéatton des sols ou I'efficience de
conversion du rayonnement en biomasse (RUE) sont des pesnt@rgement décrits dans la
littérature (voir chapitres|2 et 3), ce qui permet de leuitaier une distribution de probabilités a
priori. Il semble donc important d’utiliser cette connaisse a priori pour estimer les parametres
et seules les méthodes bayésiennes permettent cette psengte. Par ailleurs, la calibration
bayésienne permet de quantifier I'incertitude des sortieenddéle et la méthode peut étre ap-
pliquée efficacement méme avec trés peu de données. Enfialjdaation bayésienne est une
meéthode qui permet de mettre a jour continuellement laildigion a posteriori dés qu’un nou-
veau jeu de données est disponible.
Un des objectifs principaux du projet NitroEurope est deidumer I'incertitude des modeles
d’écosystéme selon une approche bayésiénne (Van OijeHm@B). Ce travail de thése s'’inscrit
dans cette démarche et a participé au développement depl®technique et de programmation
informatique du projet NitroEuropé (Lehuger etal, 2\008).

Evaluation

Le modele CERES-EGC calibré a été évalué sur sa performasiceuder les flux de C®
(chap. 3) et les émissions de® (chap! 4) avec des jeux de données mesurées indépendants .
Des représentations graphiques des prédictions du modéleswaleurs observées permettent
d’évaluer en un coup d’ceil si les mesures prédites correfgraraux valeurs observées (chap. 3).
Une autre représentation graphique consiste a comparelolesées mesurées et prédites en
fonction du temps (chaps.(2, 3, 4). Enfin, nous avons évalué@tiele en calculant des indicateurs
de performance comme I'erreur quadratique moyenne degirédi: MSEPmean squared error
of prediction et le RMSEPyoot mean squared error of predictiqonhaps. 3, 4). L'évaluation nous
a permis de quantifier I'erreur de prédiction, de juger dediafiance que I'on peut accorder aux
résultats et d’envisager des améliorations pour faire n@ssgr le modéle.

Expérimentations

Le site d’étude de Grignon (78, France), suivi pendant catrde these, se compose d’'une
parcelle principale avec une rotation mais-blé-orge-mal# sur laquelle est assurée un suivi
intensif des émissions de,N avec des chambres automatiques et manuelles et des flux,de CO
avec la méthode dddy covarianceTrois parcelles annexes supplémentaires, pour lesguelle
la rotation de la parcelle principale est décalée de 0, 1 ets2afin d’avoir toutes les cultures
chaque année, sont suivies de maniéere plus allégée avetiadedles chambres manuelles. Les
mesures aux champs effectuées pendant ce travail de thésé oconsacrées spécifiguement aux
mesures de GES avec la technique des chambres manuelles suiakre parcelles de Grignon
et au suivi des concentrations en N et d’humidité du sol.
Par ailleurs, I'investissement de I'unité EGC dans lesaésele mesures européens NitroEurope



30 CHAPITRE 1. INTRODUCTION

et CarboEurope ont permis de partager les données entreragpéateurs et modélisateurs et
de pouvoir utiliser les données provenant de différenessuropéens. L'utilisation de données
antérieures permet aussi de multiplier le nombre de jeuxotaées.

Applications

L'étape d’application de CERES-EGC a permis de réaliserlilesns de GES des agro-
écosystemes en prenant en compte de maniere intégrédéesmi$ flux a I'interface sol-plante-
atmosphere (chap! 4). Le modéle permet également d’estiesefacteurs d’émissions de®
et des bilans de C a I'’échelle de rotations de cultures (cHap®). Par ailleurs, I'application
du modele permet de comparer différents scénarios de ridigan vue d’'une réduction des
émissions des systemes de cultures (chap. 4). Enfin, laat@ib et I'évaluation multi-sites per-
mettent d’envisager I'extrapolation spatiale du modéle d@é produire des inventaires spatialisés
des émissions deJ® (chap! 5 et annexe A).

1.4 Organisation du mémoire

Le modele CERES-EGC est approprié pour répondre a l'olbgétiéral de modélisation des
bilans de GES des agro-écosystemes, cependant, il néog'ésie développé pour la prédiction
des flux de NO et de CQ a I'échelle de la parcelle, selon la boucle de progressianiteéci-
dessus.

La démarche générale mise en ceuvre pendant cette thesdrpagsémeée selon les trois sous-
objectifs suivants qui correspondent aux chapittes 2, 3etee mémoire et qui sont représentés
schématiquement en Fig. 1.11 :

1. Améliorer la prédiction des émissions de NO
Le module d’émissions de J® de CERES-EGC est calibré par calibration bayésienne
grace a une base de données multi-sites de mesures d’éamidsi®yO. La méthodologie
de calibration bayésienne avec I'application de chain@dal&ov Monte Carlo selon I'al-
gorithme de Metropolis-Hastings a été appliquée et dép&lepour les modeles d’agro-
écosysteme. Une base de données constituée de jeux de slomdémendants représenta-
tifs du nord de la France a permis de comparer une procédu@itheation site-par-site ou
multi-sites et de déterminer un jeu de parametres univewsglles valeurs sont le meilleur
compromis pour une extrapolation spatiale.

2. Prédire les échanges nets de CO
Le modele CERES-EGC est calibré pour simuler les échangesdreCQ entre le sys-
teme sol-plante et I'atmosphére pour différentes conaditipédoclimatiques a I'échelle
de rotations de cultures. La qualité de prédiction du modsteévaluée avec deux jeux
de données indépendants de mesures des échanges netssist@&me. L'application du
modele permet de quantifier les bilans nets de C a I'échell®t@d¢ions de cultures pour
trois sites en Europe.
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3. Estimer le pouvoir de réchauffement global d’agro-écosysimes
Le modele CERES-EGC est calibré sur un nouveau jeu de donré&esssions de hO
journaliéres et en continu provenant du site expérimergabdgnon (Fr.). Sa qualité de
prédiction pour simuler les émissions dgNjournalieres est évaluée sur trois parcelles
annexes a Grignon et sur un site expérimental en Allemagaenddele est ensuite ap-
pliqué pour quantifier les émissions directes ¢©Nt de CQ, et une estimation des flux
de CH, basée sur des mesures permet de réaliser le bilan des flux 8e@Bnt lieu au
champ. Les émissions indirectes provenant de la produdgsnntrants, de leur transport
jusqu’a la ferme et des opérations culturales sont égalepneses en compte selon une ap-
proche d’analyse de cycle de vie. Enfin, le pouvoir de rédeengnt global des rotations
de cultures est quantifié en combinant les différents fluxpds, plusieurs scénarios de
mitigation sont testés afin de proposer des pistes de réducti

Les trois chapitres sont présentés sous forme d’articlespremier article a été accepté pour
publication dans une revue a comité de lecture, le deuxi&tnsogimis et le troisieme est prét a
étre soumis pour publication.

La derniére partie du mémoire présente la synthese desgaincrésultats et les perspectives en-
visagées qui portent principalement Saktrapolation spatiale des modéles d’agro-écosysteme
a une échelle régionale.

PRATIQUES
SOL CLIMAT AGRONOMIQUES

Modeéle
NLOY “J CO
2 2
Nitrification Echang_es nets
Dénitrification entre fixation
et respiration
)
Y El
) L Emissions indirectes
P R G - Approche ACV
- )
N,O+CO,+CH,+EI - CH,
) Echanges nets
Mesures au champ
~—

Fic. 1.11 :Démarche générale de la thése dont I'objectif central espielire le pouvoir de réchauf-
fement global (PRG) des agro-écosystémes en modélisantedefINO et de CQ et en
appliquant la boucle de progrés au modele CERES-EGC. Sontégdes émissions indi-
rectes (EIl) estimées selon une approche d’analyse de cgcléedACV) et les flux nets de
CH,.






Chapitre 2

Calibration bayésienne d’'un module
d’émissions de protoxyde d’azote d'un
modele d’agro-écosysteme

N,O du modele d’agro-écosysteme CERES-EGC. Il est préseasdaforme
d’un article qui a été accepté en 2009 pour publication danevueAgri-
culture, Ecosystems and Environmelhts’intitule : “Bayesian calibration of the n

C e chapitre est consacré a la calibration bayésienne du makimissions de

trous oxide emission module of an agroecosystem model’setdeauteurs sont : B.

Gabriell&, M. van Oijer?, D. Makowskf, J.-C. Germof T. Morvarf et C. Hénault
Les émissions de D, en réponse aux apports d’engrais azotés, sont un terrdarse
le bilan des échanges de gaz a effet de serre des agro-ésusgstComme présent
en introduction, les modéles simulant ces émissions niéeetsd’ étre développés et

dans un premier temps, il convient d’estimer les paramé&esiodéle avec des don-
nées. La premiere étape de ce travail consiste donc a d@ezlope méthode de ca-

libration bayésienne pour estimer les paramétres du matiéhaissions de HO de
CERES-EGC. Ce module simule les processus de nitrificatidemtrification et les
eémissions de MO résultantes. Il inclut 11 paramétres globaux considévésee inva;
riants dans le temps et dans I'espace qui sont estimés paralibeation bayésienn
Celle-ci est mise en ceuvre grace a une base de données dérmids NO collectées

U7

sur 7 sites expérimentaux en France. Il en résulte que le lmed&fortement amélioré
et que l'incertitude des sorties est réduite. Enfin, une putbasée sur la calibration

“multi-sites” permet d’estimer les valeurs universelless gparametres qui serviront
extrapoler le modéle dans I'espace.

: UMR 1091 INRA-AgroParisTech Environnement et Grandelutes, Thiverval-Grignon, France
: Centre for Ecology and Hydrology-Edinburgh, Bush EstBenicuik, UK.

: UMR 211 INRA-AgroParisTech Agronomie, Thiverval-Grigm, France.

: UMR 1229 Microbiologie du sol et de I'environnement, Dijd-rance.

: UMR 1069 INRA-Agrocampus Sol Agro et hydrosysteéme Sfiatiion, Rennes, France.
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Abstract

Nitrous oxide (NO) is the main biogenic greenhouse gas contributing to tbeajlwar-
ming potential (GWP) of agro-ecosystems. Evaluating thegaiot of agriculture on climate the-
refore requires a capacity to predict® emissions in relation to environmental conditions and
crop management. Biophysical models simulating the dyosuaii carbon and nitrogen in agro-
ecosystems have a unique potential to explore these meiijos, but are fraught with high un-
certainties in their parameters due to their variations timee and space. Here, we used a Baye-
sian approach to calibrate the parameters of th® Nubmodel of the agro-ecosystem model
CERES-EGC. The submodel simulategINemissions from the nitrification and denitrification
processes, which are modelled as the product of a poteateith three dimensionless factors
related to soil water content, nitrogen content and tentpeFaThese equations involve a total
set of 15 parameters, four of which are site-specific and Ishio& measured on site, while the
other 11 are considered global, i.e. invariant over timespate. We first gathered prior informa-
tion on the model parameters based on literature reviewaasined them uniform probability
distributions. A Bayesian method based on the Metropohsttigs algorithm was subsequently
developed to update the parameter distributions againatabdse of seven different field-sites
in France. Three parallel Markov chains were run to ensuaergence of the algorithm. This
site-specific calibration significantly reduced the spreag@arameter distribution, and the un-
certainty in the NO simulations. The model’s root mean square error (RMSE) alss abated
by 73% across the field sites compared to the prior pararaateyn. The Bayesian calibration
was subsequently applied simultaneously to all data setshtain better global estimates for
the parameters initially deemed universal. This made isinbs to reduce the RMSE by 33%
on average, compared to the uncalibrated model. Theselglab@meter values may be used
to obtain more realistic estimates of® emissions from arable soils at regional or continental
scales.

Keywords

Bayesian calibration; Parameter uncertainty ; CERES-ERi€ous oxide ; Markov Chain
Monte Carlo ; Greenhouse gases
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2.1 Introduction

Soils are the main source of nitrous oxide,( in the atmosphere, via the microbial pro-
cesses of nitrification and denitrification. Because of @aJy reliance on synthetic N-fertilisers,
agriculture has enhanced these two processes, as a resuiabf agro-ecosystems contribute
55-65% of the global anthropogenic emissions gONCompared to other ecosystem types or
economic sectors, they are thus responsible for the majorgbahe atmospheric build-up of
N,O (Smith et al., 20d7). Compared to other greenhouse gas¢&)Guch as CQ N,O fluxes
are of small magnitude and highly variable in space and tlme@)g tightly linked to the local
climatic sequence and solil properties.

Predicting NO emissions from agro-ecosystems thus requires takingaictount complex pro-
cesses and interactions which originate from both enviemtal conditions and agricultural
practises\ (Duxbury and Bouldin, 1982; Grant and PaktevSﬁBﬁttev etal,, 2007). This poses
a serious challenge to the estimation of the source strevfgénable soils, which is currently
mostly based on available statistics on fertilizer igngrthese environmental factoC,
2006; Lokupitiya and Paustian, 2®06). On the other hanadge®-based agro-ecosystem models
may in principle capture these effects, and have therebycuarpotential to predict ND emis-
sions from arable soils at the plot-scale as well as at redji@md continental scales (Butterbach-
Bahl et al., 2004; Del Grosso et al., 2006; Gabrielle et #IQ62; Li et al., 2001). Examples of
biophysical NO-models include DAYCENT (Parton et a{l 2001), DNDE @) FASSET
{Chatskikh etal., 20d)5) and CERES-EGC (Gabrielle ém@ However, a major limitation
to the wide-spread use of these models lies in the fact teatphedictions are highly dependent
on parameter settings, and carry a large uncertainty duedertainties in parameter values, dri-
ving variables and model structure (Gabrielle etal., 2006a

Although model parameterisation and uncertainty analgsaswidely developed in the lite-
rature on agro-ecosystem models, they are rarely consickélmltaneouslﬁ (Makowski et al.,
2006; Monod et al., 20d)6). Bayesian calibration makes isjids to combine the two types of
analysis by providing estimates of parameters values uhédorm of probability density func-
tions (pdfs), which may be also propagated to model outpsi{sdés \(Gallaqher and Doherty,
). Probability density functions are initially the egpsion of current imprecise knowledge
about model parameter values, this prior probability i;ithpdated with the measured observa-
tions into posterior probability distribution by means ay#s’ theorem (Makowski et al., 2d06).

In ecological and environmental sciences, Bayesian edldor has been applied to a wide
range of models (Hong et al., 2005; Larssen et al., 2006;iRet al., 2008), and this field is
developing actively, mainly using Markov Chain Monte CgMCMC) methods to estimate the
posterior pdf for the model parameters. The Bayesian meilbgg described bﬁ/ Van Oijen et al.

2005) was applied to dynamic process-based forest mod#istiae objective of calibrating
model parameters with various types of observed data framsted experimental sites (Kle-
medtsson et al., 2007; Svensson et al., 2008). In these damnMpetropolis-Hastings MCMC-
algorithm was used to generate samples from the posterranyeer distributions. Although
there is an increasing body of literature on the applicatibBayesian approaches to environ-
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mental sciences, the latter have not been applied to prdizeses] model of soil ND emission
models, to the best of our knowledge.

The overall purpose of this paper was thus to calibrate thanpeters of the ND emission
module of the CERES-EGC agro-ecosystem model and to quamitertainty of model simula-
tions by developing a suitable Bayesian calibration metbada sets of measured® emission
rates were collected from seven field-sites in Northern Eeawhich represent major soil types,
crops and management practices of the area. The Bayesieadome was first applied separa-
tely to each experimental site, and secondly to the enseofithe sites. This made it possible to
explore the spatial variability of model parameters, antésd whether they could be considered
as universal and with which uncertainty range.

2.2 Material and Methods

We carried out Bayesian calibration using the Metropolastihgs algorithm, to estimate the
joint probability distribution for the parameters of thg®lemission module of the CERES-EGC
model. The equations of this module involve 15 parametémshach 11 were considered as glo-
bal (i.e. invariant over time and space) by the model’s authe remaining 4 being site-specific
{Hénault et al., 2005a). While the latter were laboratomasured in all experimental sites and
set to the resulting values throughout, the subset of 1l1afjjodrameters was estimated by our
Bayesian procedure. We collated a database 8 Hux measurements including 7 different
field-sites in France, and various N fertilizer forms anasain 2 of the sites. Bayesian calibra-
tion was applied either to each site or treatment indiviguialr directly to the ensemble of the
data sets.

2.2.1 The CERES-EGC model

2.2.1.1 A process-based agro-ecosystem model

CERES-EGC was adapted from the CERES suite of soil-crop mddenes and Kiniry,
M), with a focus on the simulation of environmental otémuch as nitrate leaching, emis-
sions of NO and nitrogen oxides (Gabrielle etal., 2006a). CERES-E@®G on a daily time
step, and requires daily rain, mean air temperature and Bemotential evapo-transpiration as
forcing variables. The CERES models are available for aelangmber of crop species, which
share the same soil componerhts (Jones and Ikiniry, 1986).

CERES-EGC comprises sub-models for the major processesmjoyg the cycles of water, car-
bon and nitrogen in soil-crop systems. A physical sub-meutellates the transfer of heat, water
and nitrate down the soil profile, as well as soil evaporatmant water uptake and transpiration
in relation to climatic demand. Water infiltrates down thd poofile following a tipping-bucket
approach, and may be redistributed upwards after evapsgiation has dried some soil layers.
In both of these equations, the generalised Darcy’s lawasegjuently been introduced in order
to better simulate water dynamics in fine-textured sbilsdr@adie etal., 1995).
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A biological sub-model simulates the growth and phenoldghe crops. Crop net photosynthe-
sisis alinear function of intercepted radiation accordmthe Monteith approach, with intercep-
tion depending on leaf are index based on Beer’s law of ddfus turbid media. Photosynthates
are partitioned on a daily basis to currently growing orgéaosts, leaves, stems, fruits) accor-
ding to crop development stage. The latter is driven by tloeiaailation of growing degree days,
as well as cold temperature and day-length for crops seasiivernalisation and photoperiod.
Lastly, crop N uptake is computed through a supply/demahdrse, with soil supply depending
on soil nitrate and ammonium concentrations and root ledgtisity.

A micro-biological sub-model simulates the turnover ofamg matter in the plough layer. De-
composition, mineralisation and N-immobilisation are ralbed with three pools of organic mat-
ter (OM) : the labil OM, the microbial biomass and the hum#&dgetic rate constants define the
C and N flows between the different pools. Direct field emissiof CG,, N,O, NO and NH
into the atmosphere are simulated with different trace geduies.

2.2.1.2 The nitrous oxide emission module

This module simulates the production of@ in soils through both the nitrification and the
denitrification pathways, and was adapted from the semikgzapmodel NOE (Hénault et él.,
2005%). The denitrification component is derived from theMN& model \(Hénault and Germon,
2000) that calculates the actual denitrification rate (DpNcha ! d-!) as the product of a
potential rate at 20 °C (PDR, kg N had~!) with three unitless factors related to water-filled
pore space (f7), nitrate content (k) and temperature (B in the topsoil, as follows :

Da = PDR Fy Fy Fr (2.1)

In a similar fashion, the daily nitrification rate (Ni, kg N had—!) is modelled as the product
of a maximum nitrification rate at 20 °C (MNR, kg N had™!) with three unitless factors
related to water-filled pore space Y, ammonium concentration (N and temperature (N
and expressed as follows :

Ni=MNR Ny Ny Nr (2.2)

Nitrous oxide emissions resulting from the two processessail-specific proportions of total
denitrification and nitrification pathways, and are caltegbaccording to :

NyO =r Da+ ¢ Ni (2.3)

where ris the fraction of denitrified N and c is the fractiomdfified N that both evolve as JD.

The N,O sub-model of CERES-EGC involves a total set of 15 parametievhich four of them
are site-specific and must be measured on site, while the bihere considered global, i.e. inva-
riant over time and space. The local (site-specific) paramsetre the potential denitrification rate
(PDR), the maximum nitrification rate (MNR) and the fracsaf nitrified (c) and denitrified (r)

N that are evolved as JD. They were measured in the laboratory for all sites usingoéopol
that proved representative of field conditions in a wide Eangsituations\ (Dambreville et bl.,
2008; Gabrielle et al., 2006b; Hénault et al., 2005a; Hérend Germon, 2000). The 11 global
parameters are the constants of th&ONmodule equations which are considered invariant over
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time and space. They were estimatetﬁ by Hénault and Géfmﬁﬂxm the denitrification path-
way and b)l' Garrido et al. (2002) and Laville e al. (2005) farification. The equations of the

response functions with the associated parameters argluisn Appendix A (Egs. 217-2.12).

Prior information was gathered on all parameters on a libeeareview. For lack of informa-
tion on the form of the pdf of these parameters, the lattereveesigned uniform distributions
within their likely range derived from literature data (Tal2.1). Parameters were supposed to
be entirely independent (i.e. non-correlated). This tyjdeypotheses, which are likely to be vio-
lated in ecosystem models, is not a significant issue in tpdcgtion of Bayesian calibration.
For example\. Naud et al. (2d07) tested different levels ofatation of prior distributions and
concluded that correlation was not a very important fadtoaddition, Hong et al. (2005) repor-
ted that the assumption of a priori independence does ndyimgependence a posteriori, and
the calibration may still provide a posterior estimate afretations across parameters.

2.2.2 The database of nitrous oxide measurements

The N,O measurements were carried out on seven experimentalletaed in Northern
France. The experiments were conducted on major arable tgpgs and soils types repre-
sentative of this part of France. For some sites, differezdtinents were conducted with va-
rious N-fertiliser amounts supplied to the crop, giving tatef 11 site/treatment combinations
(Table 2.2).

Nitrous oxide emissions were monitored by the static chamiethod with eight replicates for
all sites \(Hénault et al., 2005a), except at Grignon wherasuements were monitored with
three automatic chambers during 31 successive days fromas2@d05 to 12 June 2005 (Le-
huger et al., 2007). The variance in the measurements wiasadstl as the variance across the
different replicate chambers in the field. Soil nitrogen andisture contents were monitored
in the soil profile for each site with different sampling fremcies (see references of Table 2.2
for details). The resulting samples were analysed for mogstontent and inorganic N using
colorimetric samples in the laboratory. Soil temperatuas wontinuously monitored using ther-
mocouples in most of the sites, except for the sites of Cha@lpgnd Le Rheu. The input data
required to run the model were also collected in each site wibather data were taken from a
local meteorological station, and detailed informationsoil properties and crop management
were compiled to generate CERES-EGC input files using a atdnmhrameterization procedure
dGabrieIIe etal., 2006b). Uncertainty on these input deda mot considered here since CERES-
EGC had already been tested in most of the sites (Gabriedib,@OOGb). Besides, it likely had
little impact on the NO simulations since we checked that the model gave corredigirons of
the major NO drivers (topsoil environmental conditions and nitratatemt).
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2.2.3 Bayesian calibration
2.2.3.1 Markov Chain Monte Carlo

Bayesian methods are used to estimate model parametersriyireng two sources of in-
formation : prior information about parameter values andestzations on output variables. The
prior information is based on expert knowledge, literatte@iew or by measuring parameters
directly in the field or laboratory. In our case, the obseaora on output variables are field mea-
surements of the different fluxes between soil-crop-atrespcompartments. Bayes’ theorem
makes it possible to combine the two sources of informatioorder to calibrate the model pa-
rameters. The first step is to assign a probability distrdsuto the parameters, representing our
prior uncertainty about their values. In our case, we spatifower and upper bounds of the
parameters’ uncertainty, defining the prior parameterithstions as uniform. The aim of Baye-
sian calibration is to reduce this uncertainty by using tlreasured data, thereby producing the
posterior distribution for the parameters. This is achielg multiplying the prior with the likeli-
hood function, which is the probability of the data given fa@ameters. The likelihood function
is determined by the probability distribution of errors inservations. We assumed errors to be
independent and normally distributed with mean zero foilmM)\/an Qijen et aJI.\(ZOdS) and in
the same fashion as Svensson et al. (2008j and Klemedtsabrj(mOJV). Because probability
densities may be very small numbers, rounding errors netxbd avoided and all calculations
were carried out using logarithms. The logarithm of the délihood is thus set up, for each
data set Y, as follows :

K 2
logL; = Z (—0.5 (w> — 0.5log(27) — log(q)) (2.4)

9j

j=1

where y is the mean BO flux measured on sampling date j in the data seindo; the standard
deviation across the replicates on that datas the vector of model input data for the same date,
f(w;; 6;) is the model simulation of ywith the parameter vect@, and K is the total number of
observation dates in the data sets.

To generate a representative sample of parameter vectonstire posterior distribution, we
used a Markov Chain Monte Carlo (MCMC) method : the Metropélastings algorithm (Me-
tropolis et al., 1953) (see Appendix B for details). We fodméarkov chains of length 1010°
using a multivariate Gaussian pdf to generate candidasmnpeter vectors. The variance matrix
of this Gaussian was tuned so that the Markov chains woultbexparameter space efficiently.
We followed the procedure of Van Oijen et al. (2b05) and defittee variances equal to the
square of 1 to 5 % of the prior parameter ran@g;{-0,....) and zero covariances. Subsequently,
the variances were tuned so that the fraction of candidatsepted during the random walk was
between 20 to 30%. Ten percent of the total number of itematet the beginning of the chain
were discarded as unrepresentative “burn-in” of the chéi’aa Oijen et al., 20d5).

For each calibration, three parallel Markov chains weretastbfrom three different starting
points §y) : the default parameter value and their lower and upper 8s),;, andb,,..).
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Parameter vectat = [6;...611]

Prior probability Posterior probability
distribution distribution

0;

Symbol

Description

Unit Default 0,,,;,(1)  0,...(1) References Mean SD Correlated
value {6}

61

b2

Trwrps

KMyenit

TTlgenit

Q104enit,1
Q104enit 2
POWenit

OPTwrps
MINw rps
MAX y pps
Km,;¢

Q10.i

WEFPS threshold for denitrification

Half-saturation constant (denit)

Temperature threshold
Q10 factor for low temperature

Q10 factor for high temperature
Exponent of power function

Optimum WFPS for nitrification
Minimum WFPS for nitrification
Maximum WFPS for nitrification
Half-saturation constant (nit)

Q10 factor for nitrification

% 0.62 0.40 0.80 Gabrig2@06b); Hénault et al. (2005a) 0.689 0.007 {2,6
Hénault and Germon (2000); Johnsson et al. (2004)
mg Nkgsoil 22.00 5.00  120.00 Ding et al. (2007); Gabrielle (2006b) 66.94 22.47 {1
Del Grosso et al. (2000); Parton et al. (2001)
Bateman and Baggs (2005); Parton et al. (1996)
Johnsson et al. (2004)
°C 11.00 10.00 15.00 Gabrielle (Bp@®hnsson et al. (2004) 10.27 0.17
Renault et al. (1994)
Unitless 89.00 60.00 120.00aalland Vinther (1999); Stanford et al. (1975) 89.46 18.28 {5
Unitless 2.10 1.00 4.80 @Hbr(2006b); Stanford et al. (1975) 262 1.17 _10}
Unitless 1.74 0.00 2.00 SmitH gt1®98); Stanford et al. (1975) 153 023 _@&
Johnsson et al. (2004); Maag and Vinther (1999)
Maag and Vinther (1996); Skopp et al. (1990)
% 0.60 0.35 0.75 Jambert etE99(7); Laville et al. (2005) 059 0.12
% 0.10 0.05 0.15 Jambert et 8897); Linn and Doran (1984) 0.095 0.02
Ding et al. (2007); Skopp et al. (1990)
Bateman and Baggs (2005); Parton et al. (2001)
% 0.80 0.80 1.00 Linn and Dorda®&4); Parton et al. (2001) 0.88 0.05
Bateman and Baggs (2005)
mg N k§soil 10.00 1.00 50.00 _ Jambert et al. (1997); Linn and Dor&84)
Pihlatie et al. (2004)
Unitless 2.10 1.90 13.00  Laeikt al. (2005); Maag and Vinther (1996) 7.36  3.04
Dobbie and Smith (2001); Smith (1997)

25.69 14.17 {5}

017
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Site Treatment Year Soil texture  Crop type N fertiliser ~ Nwenbf Source
class (kg N ha') observations
Rafidin NO 1994-1995 Rendzina Rapeseed 0 7 Gosse et al. (1999)
N1 1994-1995 Rendzina Rapeseed 155 8 Gosse et al. (1999)
N2 1994-1995 Rendzina Rapeseed 262 9 Gosse et al. (1999)
Villamblain 1998-1999 Loamy Clay Winter Wheat 230 15 Hénatial. (2005a)
Arrou 1998-1999 Loamy Clay Winter Wheat 180 18 Hénault e(2005a)
La Saussaye 1998-1999 Clay Loams Winter Wheat 200 14 Héegizailt(2005a)
Champnoél CT 2002-2003  Silt Loam Maize 0 15 Dambreville et24108)
AN 2002-2003 Silt Loam Maize 110 23 Dambreville et al. (2008)
Le Rheu CT 2004-2005 Silt Loam Maize 18 24 Dambreville et2008)
AN 2004-2005 Silt Loam Maize 180 22 Dambreville et al. (2008)
Grignon 2005 Silt Loam Maize 140 31 Lehuger et al. (2007)

TAB. 2.2 : Main characteristics of the dO emissions data base used in the model calibration. At Rafidin
the treatments NO, N1 and N2 correspond to various N-feetilapplications and at Le Rheu
and Champnoél, the treatments AN correspond to ammoniuatenépplication and CT to the
control plot.

Convergence was checked with the diagnostic proposéd by&ebnd Rubin (1992), which
is based on the comparison of within-chain and betweemchaiiances, and is similar to a
classical analysis of variance. Convergence is reached wéiéance between chains no longer
exceeds the variance within each individual chain. Therchaf parameter values resulting from
the random walk of the Metropolis-Hastings algorithm armatorrelated because each iteration
depends on the previous one. We therefore thinned the chmaiw® steps : the auto-correlation
was first computed for increasing lags and then the postehiain was extracted by keeping the
iterations defined by the thinning interval. We defined tlsgree number of iterations between
consecutive samples in a chain for which the auto-cormiatvas less than 60%. The chains
filtered in this way were considered to be a representatimgpgafrom the posterior pdf, and
from this sample were calculated the mean vector, the vegiamatrix and the 90% confident
interval for each parameter.

The generation and analysis of the Markov chains were chaig with the statistical package
R (( R Development Core Team, 2008) and in particulacdiéapackage\ (Plummer et al., 2606).
The CERES-EGC model was encapsulated within R as a librenemted from the original
Fortran code.

2.2.3.2 Procedure for the nitrous oxide emission module

The calibration procedure had two main objectives : (i) tlibcate the parameters for each
dataset Y, to explore the variations of global parameters across reaxgatal sites and treat-
ments, and (ii) to obtain better estimates for the globaapeaters (initially deemed universal
in the model). The first objective was pursued by calibratimg parameters for each data set
separately, which is referred to later on as da¢aset-by-dataset procedute a second step, the
global parameters were calibrated by running our procedittethe 11 data sets simultaneously
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(multi-dataset procedujei.e. by calculating the posterior distribution as :

where Y, is the data of the’i site and thex symbol means ’proportional to’. In this case, the
log-likelihood is calculated as the sum of the log-likelilis of all the data sets (for a given
parameter set in the MCMC chain).

2.2.4 Evaluation of model predictions

The performance of the calibration procedures was assdgsediculating the root mean
square error (RMSE). RMSE was defined, for each data ﬁeisrfollows\(Smith etal., 1996) :

K -0:))2
— \/zj:1<yj ~J(0) -

In both following cases, simulations.d(; ;) were carried out using either the posterior expec-
tancy of parameterd)] or the maximum a posteriori (MAP) estimate®{0,,4p). Orr4p iS the
single best value of the parameter vector in each MCMC cla@ivhich the posterior probability
distribution is maximal (Van Oijen et al., 2005). In the caderior parameter pdfs, the simu-
lations were defined as the prior expectancy of the modeligtteds in which parameters were
randomly drawn from the prior pdfs. For the posterior pargerepdfs, the simulations were the
posterior expectancy of predictions. RMSE was computeet afilibration resulting from the
dataset-by-dataset or multi-dataset procedure.

2.3 Results

2.3.1 Simulation of soil state variables

Soil temperature, soil water content and nitrate and amuomr@ontents were simulated by
the model and confronted against the measurements. Tabgihmarizes the mean deviation
(MD), which is the mean difference between measurement amalaion, and RMSEs compu-
ted with the different topsoil state variables used as imptiibles of the BNO emission module.
Soil temperature and water content were well predicted byntlodel with RMSE ranging from
1.2 to 3.0 ° C for the soil temperature and from 3 to 6 % (v/v)tfog soil water content across
the 11 sites and treatments. The model's RMSE over the 14 ailg treatments ranged between
3.7 to 27.9 kg N ha! for the prediction of nitrate content and to 0.7 to 25.3 kg N'hfor the
ammonium content. Dynamics of surface nitrate and ammoguments were mainly driven by
the fertiliser applications and mineralization of cropides. Ammonium was rapidly nitrified
across all the sites but the model failed to reproduce th&grsaand topsoil ammonium stock.
Nitrate content was relatively well simulated except foré&atments for which N plant uptake
was under-estimated (La Saussaye, Champnoél AN and Le RKeu A
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2.3.2 Posterior parameter distributions

Figure 2.1 shows boxplots of the posterior parameter Bistions after calibration with the
dataset-by-dataset and the multi-dataset procedures. i@peesentation makes it possible to
visualize differences between parameter pdfs across etatashile the shape of the boxplot
reveals the dispersion and symmetry of the marginal digivns.Our Bayesian procedure ge-
nerally generated uni-modal distributions, and convergetest corroborated that the MCMC
chains converged. Figure 2.2 presents the 50 and 97.5%ilgsamit the Gelman-Rubin shrink
factor for the 11 parameters calibrated with the data seeddaussaye, and shows that it approa-
ched 1 for all parameters, evidencing the convergence afdhleration.

Figurel 2.1 shows that the posterior distributions becanmeowar compared to the uniform
prior distributions, which is undoubtedly due to the effrg of our calibration procedure. The
posterior pdfs converged to normal or log normal distribog, as already observed by Svens-
son et aI.MB) in the Bayesian calibration of a proces&tdorest model. Thus, the choice
of an uniform distribution for the prior pdfs had little inmce, as the information contained in
the experimental data gradually became dominant in théredion proces§ (Van Oijen etal,
). For example, the posterior distributions of parangét (the WFPS threshold triggering
denitrification) had a narrow range for all datasets, sugggshat the calibration had drastically
reduced its uncertainty. On the contrary, parametigrandfy (corresponding to the minimum
and maximum WFPS for nitrification activity, respectivelgmained spread across their prior
range of variation, and centered around their prior medldms means that the calibration did
not significantly reduce their uncertainty. Converselynsgosterior distributions were flattened
on one of the prior bounds, implying that their optimal vaweas outside the prescribed range.
This was patrticular true for parametets (the half-saturation constant of nitrification response
to ammonium) and; (the Q10 factor for nitrification) for the data sets of Cham@hAN, La
Saussaye and Grignon. We should therefore reconsider ithrer@nges for these parameters.

The rightmost boxplot in each of the 11 graphs in Figure 2diate the distribution obtained
with the multi-dataset procedure. The shape of this boxgohotits median value appeared to be
more constrained by certain datasets than others, whichbmaxplained by the fact that data
sets with a comparatively larger number of observationsigiér precision had substantially
more weight in the log-likelihood function. For exampleg thoxplots of the multi-dataset cali-
bration exhibited high similarity with those of the La Saaygs site for parameters, 03 andfs.
Some data sets were collected in the same sites, i.e. uneletiadl climate patterns and soil
types but with differentiated crop management (the RafidenRheu and Champnoél datasets).
Since the parameters of the®@ module are mostly related to soil properties, it was exgubct
that the calibration should produce similar distributiémisthese three sites. To a certain extent,
this was the case for the parametérsd; anddg, giving support to the idea that these parameters
are mostly soil-dependent, and are little influenced by ecn@magement. Conversely, the strong
variation of posterior pdfs across sites challenges thgirmal idea in model development that
these parameters may be considered constant. The purptbeerniilti-dataset procedure sought
to investigate this option, by seeking the best-fit paramgdés in relation to the ensemble of
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Site Treatment Soil temperature Soil water content Nitcatetent Ammonium content
N Mean MD RMSE N Mean MD RMSE N Mean MD RMSE N Mean MD RMSE
(°C) (v/v) (kg NO;-N ha'1) (kg NH;-N ha't)

Rafidin NO 294 8.7 -1.2 3.0 20 0.253 -0.027 0.043 21 108 55 9921 37 35 4.1

N1 294 8.7 -1.2 3.0 20 0.244 -0.035 0.051 21 129 8.0 11.8 21 580 6.8

N2 294 8.7 -1.2 3.0 20 0.240 -0.039 0.050 21 235 17.0 226 212 65.6 8.0
Villamblain 250 8.4 0.1 1.3 7 0.344 0.024 0.027 7 176 8.7 110 7 65 438 6.0
Arrou 250 8.4 0.2 1.2 7 0.343 0.053 0.056 7 181 11.8 149 7 9.1.0 910.6
La Saussaye 250 8.4 -1.2 2.4 7 0.307 0.030 0.038 7 153 -1599 27 7 59 538 8.8
Champnoél CT nodata nodata nodata nodata 14 0.239 -0.009 0.049 2 288 34 3.7 2 0.9 0.7 0.7

AN nodata nodata nodata nodata 14 0.239 -0.006 0.027 11 224 -208 295 11 134 8.0 146
Le Rheu CT nodata nodata nodata nodata 13 0.212 0.004 0.028 9 178 -14 154 9 46 43 4.6

AN nodata nodata nodata nodata 13 0.212 0.004 0.028 10 543 -16.6 27.8 10 45 -78 253
Grignon 364 11.7 -04 2.4 13 0.249 0.002 0.028 11 714 -17 214. 11 123 6.8 136
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the experimental situations collated in our database. utdcbe expected to lead to parameter
pdfs with a wider spread (and thus higher uncertainty) tinathé dataset-by-dataset calibration,
owing to the wide ranges covered by the dataset-specific Pdide this was true of some para-
meters (e.g 4., 05, andd;), it was the opposite for others (most notabjyandds).

Figurel 2.3 depicts the ranges of response functions of t#@ @&mission module resulting
from the various calibrations, and evidences ample diffees across datasets. The responses of
nitrification to soil ammonium content (N Fig. 2.3.a) were highly variable, reflecting the range
taken by their shape parametgy. The response of nitrification to soil WFPS(NFig. 2.3.b)
shows that the minimum WFPS for nitrification activit§g) were centred on a unique value,
while the optimum WFPSH{) was lower in the calibration with two data sets. The caldxdia
maximum WFPSs for nitrificationd() were centred on 90%. The shapes of the response func-
tion Ny (Fig.[2.3.c) were similar for two sites (La Saussaye and @y, but strikingly different
for the other sites. The calibrated responses of denittifindo nitrate content (, Fig. 2.3.d)
were highly variable such as the response of nitrificatioartononium content. The shapes of
the response of denitrification to WFPS,(Jvaried widely, as a consequence of the large va-
riations of parameter8; (the WFPS threshold triggering denitrification) afd(the exponent
of the power-law)\. Hénault and Germon (2000) ﬁnd Héimmﬁowed that denitrification
was highly sensitive t@;, and that this parameter was dependent on soil type. Themesof
denitrification to soil temperature {f had a similar shape across the various parameterizations,
for temperatures lower than 25 °C which corresponds to thge@&ncountered in the field expe-
riments. This leads to the conclusion that the functiorbecated with the multi-dataset procedure
could be considered universal.

Bayesian calibration also quantifies correlations betwmsameters in the posterior. Most
parameters were cross-correlated, with coefficients Higen 0.4 for 6 of them (Table 2.1)
suggesting that our uncertainty about their values is tinked implies that some parameters
should be treated in clusters, as suggestdd by SvenssoHHD@Eﬁ). Parameter® andd, are
positively correlated, and are both negatively correlatét 6.

2.3.3 Model prediction uncertainty

The simulations of DO emissions generated with the posterior MCMC parameteinsha
provided statistical distributions of model outputs réisigl from parameter uncertainty, which
is a straight benefit of Bayesian approaches. Figure 2.4 skimsvmean of simulated daily,i®
emissions for all datasets (Fig. 2.4.a to/2.4.k). Some e€jEnncies between measurements and
simulations remained, due to uncertainty on both sides.sMregent points with high standard
deviations had less weight in the log likelihood functionddhus in the posterior probability,
compared to lower fluxes with lower variability. For exampiee two NO spikes measured
in Villamblain in springtime (Fig. 2.4.a) had a large expeeintal error, but did not appear to
constrain the calibration as much as the more frequent Idler fluxes with much lower stan-
dard deviations. The same remark applies to Arrou (Figb2.4or the dataset of Champnoél
AN (Fig.[2.4.e), a high spike of }D was observed in autumn that the model failed to predict,
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FiG. 2.1 : Posterior distributions of the 11 calibrated parametefis {0 611) represented as boxplots over

the prior range of variation (corresponding to the rangelué ty-axis). The boxplots are compu-

ted from calibration dataset-by-dataset and with the “rirdiitaset” procedure. The boxplots
depict the median (solid line), the 2nd and 3rd quartilesrghahe 1st and 4ht quartiles (dotted

line), and the extreme values (excluding outliers).
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whereas it otherwise successfully simulated fluxes undey I§O-N ha ! d—!.

For the Grignon site (Fig. 2.4.h), the observation pointsax®ncentrated on 31 successive days
(from 13 May 2005 to 12 June 2005), and started a peak flux. WdtHefault parameter set,
the model simulated that peak along with two others in thisfahg weeks that were not ob-
served in the field (results not shown, see Lehuger MOM response to significant rains.
The Bayesian calibration managed to circumvent the sinaulaif these two unobserved peak
fluxes by raising the WFPS threshold for denitrificatién) (from 62% (default value) to 73%,
which is the highest value in all the calibrations (Fig./2)1As a result of this change in the
response to rainfall and soil water content, ngONpeaks were simulated throughout the year in
Grignon (Fig! 2.4.h). For the dataset of Rafidin NO (Fig. i2.4bservations also were concen-
trated on two short periods, but with fewer observationsifgoihan at Grignon. The calibration
highly constrained the model during the measurement pghioidappeared less constraining on
the N,O-fluxes outside this period.

Table 2.4 summarises the statistics of the anny& Bmissions predicted by CERES-EGC
for the different datasets. The mean annual fluxes rangectleet88 and 3672 gfD-N ha 'y,
with a large confidence interval especially for the datasits higher emission rates. An overall
conversion factor of fertilizer inputs toJD-N was calculated as the ratio of the annual flux to the
N fertiliser dose. This is different from an “emission factavhich takes background emissions
of N,O into account. Here, we also calculated this factor as tfierdhce between the annual
N,O-N emissions of fertilised and unfertilised crops (NN ha ! y—1) to the N-fertiliser dose.
The emission factors ranged from 0.05 and 1.12% across iexpatal sites, with a mean value
of 0.26%. This value is four times lower than the default ealescommended by the IPCC tier 1
methodology (IPC@, 2006).

Site Treatment Year MO Fluxes 0.05 quantile  0.95 quantile IPCC Conversion factomisBion factor
(Nha'y™") (@Nha'y ") (@Nha'y") (gNha'y™") (%) (%)

Rafidin NO 1994-1995 689 578 741 0 - -

N1 1994-1995 584 473 824 1550 0.4 (0.3-0.5) 0.07 (0.00-0.22)

N2 1994-1995 819 629 1183 2620 0.3 (0.2-0.5) 0.10 (0.03)0.24
Villamblain 1998-1999 1465 454 2989 2300 0.6 (0.2-1.3) {B60-1.02)
Arrou 1998-1999 3672 1676 5874 1800 2.0 (0.9-3.3) 0.26 (0.@9)
La Saussaye 1998-1999 3215 572 6035 2000 1.6 (0.3-3.0) 0.a@-2.53)
Champnoél CT 2002-2003 218 49 746 0 - -

AN 2002-2003 336 106 855 1100 0.3 (0.1-0.8) 0.06 (0.00-0.53)
Le Rheu CT 2004-2005 88 66 115 180 0.5 (0.4-0.6) -

AN 2004-2005 183 146 220 1800 0.10 (0.08-0.12)  0.05 (0.080.
Grignon 2005-2006 150 143 163 1400 0.11 (0.10-0.12)  0.@BH0.05)

TAB. 2.4 : Annual NO fluxes (g NO-N ha 'y—!) calculated as the sum of mean, 0.05 and 0.95 quantiles
of daily simulations with the calibrated parameter setsnda estimates from IPCC methodo-
logy (corresponding to the emissions due to fertiliser aaion), conversion factor (%) and
emission factor (%) are also reported (see text for definjti@long with their 90% confidence
band.
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FiG. 2.2 : Evolution of the Gelman and Rubin’s shrink factor for the loadtion of the site La Saussaye.
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a) Ammonium function Ny b) Water function Ny c)  Temperature function Ny
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FiG. 2.3 : Response functions of the® emission module traced with different parameters setsanmoé
the posterior for each dataset-by-dataset calibrationd)i, and mean of the posterior for the
multi-dataset calibration (dashed line).

2.3.4 Calibration efficiency and model prediction error

Tablel 2.5 summarises the RMSEs obtained with the variousnpeters sets, and made it
possible to compare the efficiency of model calibration \wbein the dataset-by-dataset or in
the multi-dataset mode. In the dataset-by-dataset proegthe RMSEs computed with the pos-
terior expectancy of predictions were lower than those astegh with the prior expectancy of
predictions for all datasets except one (Arrou), with a 7&duction on average and a maxi-
mum of 98% in La Saussaye. In 8 of the remaining 9 datasetdratbn lead to a reduction
of 79% to 96% in the model's RMSE. On average across all dastatbee RMSE dropped from
39 down to 6 g NO-N ha! d-! after calibration. There were no differences in the RMSHs ca
culated either with simulations based on the posterior noégrarametersf) or with posterior
mean of predictions. Thus, the mean of our sample from th&egos could be directly used for
the sites of our database or for sites with similar soil typdse use of the parameter set with
maximum posterior probabilityd(,; 1), i.e. when likelihood was maximum and given that we
used a uniform prior, logically improved the RMSE comparedhe use of the posterior mean
of parametersd). As could be expected, the multi-dataset calibration weas kfficient than the
dataset-by-dataset one, enabling a decrease of only 33 ®&MSE computed with posterior
expectancy of predictions compared to the prior expectafgyredictions. This would lead us
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Site Treatment RMSE (in g NO-N ha ! d~') computed with :
Prior expectancy Posterior expectancy Posterior expectancgxinim a posteriori  Posterior expectancy of predictions
of predictions of predictions of parameters parameterarect ~ with the multi-dataset procedure

Rafidin NO 4.6 0.7 0.3 0.3 4.6

N1 7.5 1.2 14 1.2 12.8

N2 10.5 2.1 3.0 2.8 20.4
Villamblain 5.2 4.8 4.9 4.9 5.5
Arrou 25.4 27.1 25.3 23.8 29.2
La Saussaye 93.0 2.0 2.3 2.4 2.3
Champnoél CT 215 1.4 0.9 0.9 0.9

AN 65.58 13.8 14.0 13.8 14.0
Le Rheu CT 149.5 6.1 6.0 6.0 6.0

AN 30.4 2.0 2.2 2.2 24
Grignon 16.9 1.0 1.2 1.3 11

TAB. 2.5 :Root mean square errors (RMSE, in g®¢N ha ! d—') based on : the prior expectancy of
predictions, the posterior expectancy of predictions, fibsterior expectancy of parameters,
the maximum a posteriori parameter vector and the postexigrectancy of predictions from
the multi-dataset procedure.

to believe that the parameter set summarised in Table 21l beua good compromise when the
model will be applied for a new site.

In addition, Table 2.5 shows that the calibration did notlyeianprove the simulations for
two datasets : Villamblain and Arrou. For both datasetsdta were not informative enough to
significantly improve parameter estimation. In the case wb#, the discrepancies may also be
explained by the poor ability of CERES-EGC to simulate w#bgging effects, as observed in
this experiment. The M0 module and in particular its denitrification part (Egs.,217,2.8| 2.9
- Appendix A) were already shown unable of correctly renaigthe dynamics of denitrification
or N,O emissions for soils with high degrees of water saturatsit, RMSE values quantify the
mismatch between simulations and the mean of the measutemihout taking measurement
uncertainty into account, or diagnosing whether probles With the simulations or the data. As
a consequence, RMSE values should be interpreted withocaliore in-depth model evaluation
would require comparing the behaviour of multiple models.

2.4 Discussion

2.4.1 Suitability and benefits of Bayesian calibration

Our main goal was to demonstrate the potential of a Baydsiagcalibration procedure to
improve the parameterization of a@-emission model, quantify parameter uncertainty and re-
duce uncertainties of model outputs.

In recent years, Bayesian calibration was successfulljiegppo process-based ecosystem mo-
dels, such as forest biomass growth models (Klemedtssoi, @087; Svensson et al., 2008;
Van Oijen et al., 2005). Among the various possible Bayesiathods, MCMC is in principle
particularly well adapted to such models (and in partic@&H#RES-EGC) because they can
handle a high number of parameters simultaneoﬂlsly (Makoets#l., 200f2). Their efficiency




52 CHAPITRE 2. CALIBRATION BAYESIENNE

is also not hampered by a poor knowlegde of the prior distitims, as is often the case with
this type of models, and may be judged from the large vanatmge of the parameters we cali-
brated here. Method of expert elicitation have been regelgleloped and could be used in the
future in order to refine prior distributions of model parasars. In short, elicitation is the process
of translating expert knowledge about uncertain quasstitio a probability distribution (Oakley
and O’Hagaﬁ, 20d)7). However, no attempts had been made g&lilboate processes so uncertain
and irregular in time and space as®lemissions. This raised a number of issues in the adaptation
of the MCMC algorithm. In particular, the chains were striyrguto-correlated, which required

a substantial number of iterations (11 10°), and drastic thinning. Also, the convergence had
to be tested by running three parallel chains and using aveet-based diagnostic. An accurate
simulation of the soil environmental drivers (temperajuneisture and mineral N contents) was
a pre-requisite for the prediction of,l fluxes. Tests against field data showed that this condi-
tion was overall met, as noted in a previous test of CERES-HG& subset of the sites used
here \(Gabrielle etal., 2006b). In some instances, somesagtisncies in the simulation of topsoil
water content (Arrou) or nitrate content (La Saussaye, Gitarél AN and Le Rheu AN) which
affected the prediction of MO fluxes. However, these errors point to structural defigenof

the model (for instance in the simulation of soil water dymnzsin the water-logged soil of Ar-
rou), and did not interfere with the calibration. This wasdewnced by the fact that inclusion of
measured drivers improved model performance only manyirzaid in a few sites. This option
was thus disregarded.

Our procedure significantly reduced parameter uncertdmntyhe datasets, and the uncer-
tainty in simulated NO rates as a result. We have also established a databas©adissions
for Northern France and in the future, it will be interestioguse this one to parameterise other
models or to compare the performance of differeaONemissions process-based module in-
tegrated in CERES-EGC. Another direction could also be ® ather kind of output data to
parameterise specific module, for example the use of NO @mnigseasurements for calibration
of the nitrification sub-module (Egs. 2/2, 2.10, 211, 2 dfAJERES-EGC (Rolland et al., 2008).
The procedure we successfully implemented here may belyasi#d for other components of
CERES-EGC, such as soil C turnover or crop photosynthesigeswth.

The calibration significantly reduced the model’s RMSE canegd with the prior parameter
values, on average by 73% with the data-by-dataset proeeoha by 33% with the multi-dataset
procedure. Still, the calibration did not result in a petfeatch between model simulations and
observations of the daily ) fluxes. Measured data with high uncertainty were in paldicu
less well predicted because they presented a high spatiabitdy and consequently were less
constraining in the calculation of the likelihood functidrhis may also be seen as an advantage
since these extreme data points with large variance did miéicelly influence the parameter
values compared to lower-range values with better accdme'men (2006) also showed with a
different calibration method that the optimised denitefion sub-module did not result in per-
fect fit at the daily compared to the seasonal scale.
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Lastly, the dataset-by-dataset calibration points to vedysptimising calibration efficiency :
when using manual chambers; ®l measurements should be carried out at least once a month
throughout the year, with a higher frequency during the piates subsequent to N-fertiliser
and crop residues inputs and when soil conditions are famero denitrification , e.g. when
soil moisture, soil temperature and mineralization rageragh.

2.4.2 Spatial variability of model parameters

We sought to calibrate model parameters either on a dabgseataset basis in order to mi-
nimise model error or simultaneously on all datasets to fiachmeter values that would be
universally applicable, following the premise behind thigimal development of the 0 mo-
del. Such values would be extremely useful to apply the mtalelew soil conditions and to
spatially extrapolate it. However, it was suggested thapt process-based models such as the
one we used here needs to be parameterised on a site-spasiﬁc&ldeiner{, 2006). The latter
authors concluded to the impossibility of defining a set spanse functions for denitrification
(Egsl 2.2, 2.77, 218, 2.9 - appendix A) that would equally agplpandy, loamy and peat soil
types. Our dataset-by-dataset calibration gave furtheeece to that statement for thg® mo-
dule of CERES-EGC, judging from the large variations in paeter pdfs across sites. However,
our multi-dataset procedure also demonstrated that itligessible to find global estimates for
those parameters that encompass a wide range of experimentitions, at the cost of a hi-
gher RMSE than with optimal, site-specific parameter sete. garameter pdfs we obtained in
the multi-dataset calibration shows which parameter \&euld be plausible, and may thus be
used to improve the accuracy of@® simulations in new sites.

Models are often developed with the purpose of providingljotéeons over a large domain
(in space and time). However, ensuring that their paranseait#on is accurate is a pre-requisite
to such application. When attempting at simulatingdNluxes in a new site where no measured
data are available, the results of our calibration pointth&ofollowing strategy to meet this re-
guirement. First, the user should check if calibrated pa&tamsets already exist for similar soil
types, based on soil taxonomy or physico-chemical chaiatits. If not, the parameter values
derived from the multi-dataset calibration may be used.yTiay also serve as default values
for the spatial extrapolation of the model at the regionalescin the future, new data sets may
be assimilated in the calibration to reduce the uncertaohtylobal parameters and to increase
the application domain of the model. Alternatively, it isatly advisable to favour the collection
of N,O emissions data for the new sites, which lead to a much hegtéormance of the model.

One last obstacle to the extrapolation of CERES-EGC liekeént site-specific parameters,
which are supposed to be measured in the laboratory. We theselude them from the calibra-
tion in accordance with the original model design. Howeweduding them would be interesting
to simulate a situation where such experimental deternoing not possible, and to see to what
extent it influences the outcome of the calibration. It i®ljkto result in different parameter
values since, for instance, the potential denitrificatiate (a local parameter) was shown to si-
gnificantly correlate with three global parameters relatedenitrification \(Gabrielld. 2006b).
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However, testing such a scenario appeared beyond the stdlpis paper since it implied too
strong a deviation from the model hypotheses.

2.4.3 Prediction of nitrous oxide fluxes from agro-ecosystes

CERES-EGC and its specific,® module have already been used in a range of soil condi-
tions kDambreviIIe et al., 2008; Heinen, 2006; Hénault éiZOOSa), and model uncertainty had
only been quantified using simple Monte Carlo techniquea furbset of 5 parameters (Gabrielle
et al., 2006a). The effect of parameter uncertainty wasoseldnalysed with ecosystem models
simulating NO emissions, although (or perhaps also becaus€) Measurements are fraught
with a daunting spatial and temporal variability (DuxbundaBouldin, 1982). Our Bayesian ca-
libration resulted in a probabilistic simulation of the g#naourse of NO emissions taking such
variability and uncertainty into account, through theinsequences on parameters’ distributions.

The calibrated model could predict daily® fluxes rather well, except for the highest peaks with
high experimental error which it failed to predict in somases.

In addition, the procedure makes it possible to quantify eh@ditput uncertainty in the cal-
culation of annual DO budget and emission factors (EFs). The model predictedav,O
fluxes were ranging from 88 to 3672 g 8-N ha 'y—! over the various sites, and EFs ranging
from 0.05 to 1.12%. On the basis of these results, alongﬁidsetof Gabrielle et al. (2006a),
it appears that the 1% default EF value of the IPCC Tier 1 ndlogy is not suitable for the
sites we studied because it would considerably overestiiet annual emissions (Table 2.4).
In Belgium, Beheydt et al. (20b7) used the DNDC model to dateuEFs corresponding to va-
rious scenarios involving high N input levels and N surpfysend obtained an average value of
6.49%, which is 25 times higher than ours, compared to amasti of 3.16% using the JO
measurements. Their observed emission range was an oraeagritude higher than that of
our database. Assimilate such extreme data with our praeaslauld be helpful to enlarge the
prediction range of CERES-EGC, and to check its ability tediect annual emissions higher than
10 kg N,O-N hat y—1,

Our results also suggested that annugDNemissions were not strictly proportional to fer-
tiliser N rate, which is in agreement with the results of Baret al. \(2008). The latter showed
that, in a semi-arid climate, in spite of the application ofeMiliser the annual BO emissions
were not significantly increased in comparison with backgemissions. They concluded that
the emissions of ND from arable soils could not be directly derived from the laggtion of N
fertiliser, and that other factors (e.g., soil propertigispuld be taken into account.

Bayesian calibration provided valuable insight into theentainty of the simulated J}D
fluxes, making it possible to take risk into account in a raoymodel applications : estimation
of the global warming potential (GWP) of agro-ecosystensseasment of cropping systems’
environmental balance, or decision support in agricultitrevould also be interesting to com-
pare the ability of various agro-ecosystem models to ptedi© emissions on the same data
sets, in a similar fashion as Frolking et al. (1998) and LiIed%OOSb). Furthermore, Bayesian
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Model Comparison\ (Kass and Raftery, 1995; Van Oijen é@o& could be applied to exa-
mine multiple models and to quantify their relative likadid, i.e. by determining which model
is most probable in view of the data and prior informatiomadly, the outputs of several models
could be combined to improve the accuracy of the predicasmwas suggested with atmospheric
models\(Fisher etal., 2002).

2.5 Conclusion and future work

Bayesian calibration was successfully applied to the CEEBEE& agro-ecosystem model to
improve the parameterization of its,® emission module, thanks to a careful analysis and diag-
nostic of the MCMC chains of parameters generated by thedyetis-Hastings algorithm. The
parameters were calibrated either (i) against separatgly skts or (ii) by using all the data sets
simultaneously, to satisfy our objectives which were, egspely, to improve model simulations
at the field scale and to find universal values of parameteosdar to spatially extrapolate the
model. In addition, Bayesian calibration provided a mednguantifying uncertainties in both
parameters and model outputs. Furthermore, it appearsirabie to assume that when the mo-
del should be applied at a larger scale than the plot-s¢seydrameter values resulted from the
multi-dataset procedure could then be used for soil typashwihill have never been paramete-
rised. In fact, the posterior parameter distributions emgass all our current observations and
give us the possibility of quantifying their uncertainty.

A remaining obstacle to the extrapolation of theONmodule lies in the 4 local parameters
that should be measured or estimated on site (Hénault M), and that were accordingly
not calibrated here. Identifying the key soil or landscaparacteristics that control these para-
meters appears as a pre-requisite to the large-scale udeRES-EGC.

Based on our results, we recommended a strategy to deal witlelnextrapolation and pa-
rameters’ variability. Nevertheless, another option tckita spatial variability would consist in
using other types of prior information (e.g. on soil propesj to infer the parameters of the®
module. In future work, it would be beneficial to identify sutyperparameters” which may ex-
plain spatial variability (CIarR,TW)5), and to develop ararchical Bayesian approach to derive
their pdfs.
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Appendix A. Equations of the nitrous oxide emission module

The response functions are unitless and read :

_ [NO; |
Kmdemt + [NO?)_}

Fy (2.7)

where Fy is the denitrification response factor to [NTxthe soil nitrate content (mg N kg soil),
and Kmy,,;; the half-saturation constant (mg Nkgsoil).

FWZO, WFPS<T’/‘WFPS

(2.8)

WEPS —T row
FW: |: "WEPS s WFPSZT’T’WFPS
1 —=Trwrps

where Fy is the denitrification response factor to soil WFPS; Tk is a threshold value below
which no denitrification occurs and POW is the exponent ofibveer law.

T-T7T eni l 1 eni -9l 1 eni
Fy = exp {( Tdenit) In (Q Oldo 1,1) — 9ln (Q104 t,2)} T < TTrgs
(2.9)
T —20)l 10deni
Fr = exp |:( ) Ti(OQ a t72):| , T2 TTrgeni

where Fr is the denitrification response function to soil tempemt(r, °C), in the form of
two sequential Q10 functions below and above a thresholgé¢eature (TTy,,.;:). The two QO
values (Q1Q.,;;1 and Q1Q.,;: ) correspond to the relative increase in denitrificatiornvégtfor
every 10 °Cincrease in T.

[NH[]
~ Kmyy« Hp+ [NH{]

where Ny is the nitrification response factor to [N#i the soil ammonium content (mg N k§soil).
The half-saturation constant K (mg N kg™ soil) is calculated at each soil water content (Hp,
wiw).

Ny (2.10)

WEFPS — MINwpps

Nur —
W OPTwrps — MINwrps

, MINwyEps < WFPS < OPTWFPS

MAXwrps —WEPS (2.11)

- MAXwrps — OPTwrps
else Ny = 0

NW , OPTWFPS S WFPS < MAXWFPS

where Ny is the nitrification response function to soil water contéitrification is assumed to
increase linearly from a minimum WFPS (MjN-ps) up to an optimal value (OR¥rps) and
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then to linearly decrease down to a maximum WFPS (MA%s) dRoIIand etal, 20d8).

(T — 20)In(Q10,:)
10

Np = exp (2.12)

where N- is the response factor to soil temperature (T, °C) and,Q1€the Q10 factor for this
reaction.

Appendix B. The Metropolis-Hastings algorithm

The Metropolis-Hastings algorithm consists of three steps
Step 1. Randomly generate a new “candidate” parametervecto

0" =01 +0 (2.13)

whered is a random vector generated using a multivariate norméiiloligion ;
Step 2. Calculate the ratio of the posterior probability tué tandidate vector over the posterior

probability of the current candidate :
p(0"|Y) p(Y|60")p(6") (2.14)

o = =
p(0ia|Y)  p(Y[0;-1)p(0i-1)
In our case, since calculations are made using logarithmgompute the log of as the
difference between the log of the posterior probability fed tandidate vector minus the
log of the posterior probability of the current vector.

Step 3. Accept* if a > u wherew is an uniform random variable from an uniform distribution
on the interval (0,1), else reject afid= 6,_;.

The new poin®* is always accepted if its posterior value is no lower thanpbsterior value of
0;_1. Once the chain has attained tNeiterations, the chain must have converged to the target
distribution which is the posterior parameter distribatio







Chapitre 3

Prediction des eéchanges nets de carbone de
rotations de cultures en Europe avec un
modele d’agro-écosysteme

écosystemes et I'atmosphére. Il est sous la forme d’'unesaumis a la revue

Agriculture, Ecosystems and Environmetts’intitule : “Predicting the ne
carbon exchanges of crop rotations in Europe with an agosyestem model”. Les co-
auteurs sont : B. GabriefieP. Cellie?, B. Loubet, R. Roch@, P. Béziat, E. Ceschi&
et M. Wattenbach
Certaines pratiques agronomiques permettent de stoclk&rtone dans le sol et ainsi
compenser les émissions de Ce terme du bilan a donc un impact important sur le
pouvoir de réchauffement global des agro-écosystemesetsiée d'étre estimé avec
précision. La production nette de I'écosysteme cultivéf@sement conditionnée par
les pratiques culturales qui entrainent des fixations de€hges pendant la saison|de
culture. Apres calibration bayésienne des parametresiqogs dans la modélisation
du cycle du C de I'écosysteme, le modele CERES-EGC est ajgppgur produire
des bilans de C a I'échelle de rotations de cultures pour dgag expérimentaux. La
gualité de prédiction du modele est ensuite évaluée avecalgres jeux de donnégs
indépendants. Le modele simule les échanges nets de C déghislle journaliere
jusqu’a la rotation entiére. Le bilan entre la productiont@ale I'écosysteme, le C
exporté par larécolte et les entrées de C par les engraiBiqrgss, permet de quantifier
la production nette du biome. Celle-ci reflete la variatiarstbck de C de I'écosystéme.
L'apport d’engrais organique, la fixation de C par les cwtuintermédiaires ou les
repousses de cultures ont un effet bénéfique significatieditan final.

C e chapitre traite de la prédiction des échanges nets derwm#itre les agro
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Abstract

Carbon fluxes between croplands and atmosphere are highdijtmmed by farmer practices
that involved intense atmospheric €Optake during crop growing season compared to other
terrestrial ecosystems. Modelling and measuring landaprhere carbon exchanges from arable
lands are important tasks to predict the influence of vemetatynamics on climate change
and its retroactive effects on crop productivity. We tedtieel agro-ecosystem model CERES-
EGC against gap-filled daily net G@xchanges over crop rotations monitored in three arable
sites in Europe. The model parameters were estimated usiggsan calibration and the mo-
del prediction accuracy was assessed with two supplementgpendent data sets. As a result,
the calibrated model allows us to compute the net ecosysteduption (NEP) and net biome
production (NBP) for entire crop rotations. The Bayesiahbcation method results in an im-
provement of goodness of fit compared to initial paramegseld simulations. The calibrated
model was accurate to estimate the NEP from daily time soaggregated NEP for entire crop
rotation. The carbon returns from application of organicnom@ and the carbon uptake from
catch crops and crop volunteers generated an importantdz#erct on the NBP. Adding the ni-
trous oxide and methane fluxes from soils to the,8&ance will allow us to compute the global
warming potential of agro-ecosystems.

Keywords

Carbon dioxide ; Agro-ecosystem model ; CERES-EGC ; Bayesadibration ; Independent
validation ; Greenhouse gases ; Carbon balance ; Net BioowuBtion
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3.1 Introduction

Agriculture contributes about 10-12% of the global antloggnic emissions of greenhouse
gases (GHGSs), a share expected to rise due to an increaselinda and management intensity
of agriculture worldwide (Smith et al., 2007). The direct GHemissions of agro-ecosystems
comprise nitrous oxide (2.8 Gt CO2-eqy}, methane (3.3 Gt CO2-eqVh), their exchanges of
CO, being considered approximately balanced with a net emrissi®.04 Gt CO2-eq yr* to
the atmospheré (Smith et al., 2007).

The net fixation of C@by crops and soil respiration are the two main processes lighwddap-
ted management practices may increase the potential of @@segtion in soil al.,
W). The balance of these two terms corresponds to thecosygtem production (NEP) of

carbon, which is a measure of the C source or sink strengthadystems respective to the at-
mospheric compartment.

Experimental monitoring of net ecosystem exchanges (NBEg lheen increasingly carried
out using eddy-covariance (EC) techniques, and for allgygfemanaged ecosystems : grass-
lands (Ammann et al., 2007; Veenendaal et al., 2007), folgairbatova et 2008; Pilegaard
et al., 2001), and croplands (Anthoni et ﬂ 04; Moureaual., ZOOb). Their values varied
across ecosystem types but also within each class due telpadbc differences and manage-
ment practices.

In Russia, Kurbatova et al. (2d08) reported annual net etesy production (NEP=-NEE) of
-2000 kg C ha' yr=! (denoting a C source) and 1440 kg C hgr—! (C sink) for a wet and dry
spruce forest, respectively, during the same time period.

In the Netherlands, the NEP of two grasslands on peat soiks measured at 57 kg C hayr—!
when they were managed extensively, and at -1339 kg€ yra! for an intensive management
{Veenendaal et al., 2007). Soussana et al. (2007) repontedexraged NEP for nine grassland
sites in Europe of 2408700 kg C ha'! yr~!, correspond to strong C sinks.

In Nebraska, Verma et al. (2005) measured NEP for irrigatedi rainfed maize crops which
were 3800 and 5200 kg C hayr—!, respectively. Croplands are usually characterized by epi
sodes of high C uptake during the crops growing season tijiretated to farmers’ management
practices. A large part of the fixed C is removed from the fid¢tdraharvest, and the residues are
returned to the soil and processed by soil microbial biomass

Accounting the absolute carbon balance of croplands regua take into consideration the
export and import of organic C within the agricultural fielthis balance, called the net biome
production (NBP), presents large range of variations betw&op species, management inten-
sity and temporal variations at interannual scale. For eptahGrant etal. (20d)7) reported that a
maize-soybean rotation in Nebraska (USA) was a net C sowcause of the failure of positive
maize NBP to offset negative soybean NBP in the next year.

Anthoni et al. \(2004) estimated the effect of manure appbocaon NBP, and pointed out that
manure largely offsets the C loss in the year of applicafidrey also noticed that C input in the
previous years significantly contributed to the next yealxﬁhangeé. Turner et al. (2007) men-
tioned the strong influence of climate on the interannuakbtians of the C budget over a large
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domain (Oregon state, USA). Accordingly, it appears thaplands may be sources or sinks of
C and that entire crop rotations should be considered to atertpe C balance.

Because the C balance of croplands is heavily manipulatédrbners, and regulated by en-
vironmental conditions, biophysical models that simuthi turnover of C in agro-ecosystems
appear a promising approach to estimate them (Huang @@B,)?Grant etal (2007) conside-
red that process-based ecosystem models are the best negredict net ecosystem production
for known or hypothesized management practices or climaderdhere NEP measurements are
incomplete or non available. Complexity, provenance amgiegtions explained the main diffe-
rences between the modelling approaches of C exchangesfapa. Carbon models were de-
veloped either from agronomic sciencégyfo-C Huang et I.L(mg)), biogeochemical sciences
(Ecosys Grant et al. (2007) DNDC, Zhang et al. (2002)), or for land surface models for use
in larger-scale atmospheric mode@RCHIDEE-STICSGervois etal. (2008)ChinaAgrosys
\Wang et al.\(20d7)).

Eddy-covariance measurements have widely been used fetapement and testing of the
latter category of models, generally known as soil-vegataatmosphere transfer (SVAT) mo-
dels, which couple C to energy and water balances on an h@urlgss) time step. There is a
wide body of work on forests (Dufréne et al., 2005; Klemeoltsst al., 2007; Kurbatova et al.,
2008; Svensson et al., 2008) or cropIaJnd (de Noblet-Dugoatial., 2004; Wang et al., 2d07),
but limited to maximum one year time span.

Crop models integrate longer timeframes (growing seasocrap rotation), and may include
more regulators (eg, N cycling) and drivers (crop managemdimey have been widely used
to simulate the growth and development of arable crops, astd against field data such as
crop dry matter or leaf area index (Zhang et al., 2002), bueharely been compared to data
of daily net C exchanges. Adiku et al. (2006) were surprised such measurements had not
been amply used before their study for the development aliahti@n of crop gas exchange and
growth models. They developed a model for simulating theagion exchanges of spring barley
and compared its predictions with observations of grossi@ry production over one cropping
season. Since their pioneering study, EC measurementstarelyused for SVAT model deve-
lopment and validation but their use is still limited for prmmodel development.

In a large number of crop models, crop mass accumulationtisia®d with the relationship
between plant dry matter and interception of solar radmti2aily biomass production is usually
calculated as the product of the daily cumulative radiatiwercepted with the radiation use ef-
ficiency (RUE, g DM MJ'). Radiation use efficiency is determined by measuring cropth
commonly based on measurements of above-ground biomassuvgstimating root compart-
ment \(Sinclair and Muchow, 1999). Gabrielle et al. (2002aijaed that low C mineralization
fluxes in soil simulated by soil-crop models may be attridutea strong under-estimation of the
turnover of below-ground plant biomass. The authors aduvisat much more dry matter should
be partitioned to the roots and that RUE should be accorgliimgieased. Here we assume that
calibration of RUE parameters of crop growth sub-modelsregaet C exchanges would allow
us to take into account the whole plant C fixation integrativegroot growth and rhizodeposition.
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Our general objective was to test the capacity of the soipenodel CERES-EGC to predict
daily NEP over crop rotations, using experimental data ferable sites in Europe (part of the
CarboEurope measurement network). We first calibrated thdehparameters against field data
using Bayesian techniques, and subsequently assesseddleéprediction error using two sup-
plementary independent data sets. Finally, we calcul&teddrbon balances of the crop rotations
involved in the various field sites.

3.2 Material and Methods

We used four different data sets from intensively monitarexpping systems to test the abi-
lity of the biophysical CERES-EGC model to simulate £€xchanges at the field scale. The
experimental sites are located in Grignon (Fr.), Auradé) @&nd Gebesee (Germ.), and invol-
ved different pedoclimatic conditions, crop types and ngamaent. At the three sites, net carbon
fluxes were measured using the eddy covariance technigow/ing the methodology of the Car-
boEurope integrated project. The model was parameterigied) @ Bayesian calibration method
based on the Metropolis-Hastings algorithm against twa dats of daily NEP measurements
collected over crop rotations. We also tested the predicticcuracy of calibrated model with
two other independent data sets and finally, we applied th#ehto compute carbon balances
for crop rotations.

3.2.1 The CERES-EGC model

3.2.1.1 A process-based agro-ecosystem model

CERES-EGC was adapted from the CERES suite of soil-crop mddenes and Kiniry,
M), with a focus on the simulation of environmental otémuch as nitrate leaching, emis-
sions of NO and nitrogen oxides (Gabrielle etal., 2006a). CERES-E@®G on a daily time
step, and requires daily rain, mean air temperature and Bemotential evapo-transpiration as
forcing variables. The CERES models are available for aelamgmber of crop species, which
share the same soil componerhts (Jones and Ikiniry, 1986).

CERES-EGC comprises sub-models for the major processesmjoyg the cycles of water,
carbon and nitrogen in soil-crop systems. A physical suldehsimulates the transfer of heat,
water and nitrate down the soil profile, as well as soil evapon, plant water uptake and trans-
piration in relation to climatic demand. Water infiltratemxh the soil profile following a tipping-
bucket approach, and may be redistributed upwards aft@oetranspiration has dried some soil
layers. In both of these equations, the generalised Dalay'$ias subsequently been introduced
in order to better simulate water dynamics in fine-texturaitsgGabrielle et al., 1995).

A biological sub-model simulates the growth and phenolofythe crops. Crop net photo-
synthesis is a linear function of intercepted radiationoaging to the Monteith approach, with
interception depending on leaf area index based on Beev'elaliffusion in turbid media. Ra-
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diation use efficiency (RUE) is defined for each crop as thebilbynass produced per unit of

radiation intercepted by the crop. Photosynthates aretipagd on a daily basis to currently

growing organs (roots, leaves, stems, fruits) accordingrép development stage. The latter is
driven by the accumulation of growing degree days, as wetldd temperature and day-length
for crops sensitive to vernalisation and photoperiod. lyastop N uptake is computed through

a supply/demand scheme, with soil supply depending on gait@ and ammonium concentra-
tions and root length density.

A micro-biological sub-model simulates the turnover ofamg matter in the plough layer.
Decomposition, mineralisation and N-immobilisation aredalled with three pools of organic
matter (OM) : the labil OM, the microbial biomass and the hdm&inetic rate constants define
the C and N flows between the different pools. Direct field smiss of CQ, N,O, NO and NH
into the atmosphere are simulated with different trace geduies.

3.2.1.2 Modelling of net carbon exchange

Carbon dioxide exchanges between soil-plant system andtthesphere are modelled via
the net photosynthesis and soil organic carbon (SOC) nlinatian processes. Net primary
production (NPP) is simulated by the crop growth modulesefdifferent crop species (wheat,
maize, barley, rapeseed and sunflower), while soil hetgpbic respiration (Rs) is deduced from
the SOC mineralization rates calculated by the microbigigigsub-model such as represented
in Fig./3.1. The net ecosystem production (NEP), which iswated as NPP minus Rs, may
be computed on a daily basis and directly tested againstaheaosystem exchanges measured
by eddy covariance. The confrontation between the daisraf simulated and measured NEP
provides a good opportunity to calibrate the parameteatad|to CQ flux modelling and to
test the simulation of C dynamics by the ecosystem modell kitas, a complete rotation was
ran before the measurement period to stabilize the soil Q\apdols and dampen the effects of
initial conditions.

The net biome production was calculated by aggregating d&HP estimated by simulation or
observation over cropping cycles, plus organic manure mspainus C exported by harvested
biomass.

3.2.2 Field sites

Net ecosystem exchange measurements were carried outddyhcevariance technique at
three experimental sites located in Europe : Grignon (morthrance, 48.9 N, 1.95 E), Auradé
(southern France, 43.5N, 1.1 E) and Gebesee (Germany, 51A.NE). The site characteristics
and crop rotations are detailed in Table/3.1.

The Grignon site is located about 40 km W of Paris, France.sbilevas a silt loam with 18.9%
clay and 71.3% silt in the topsoil and in the top 15 cm, orgamaidon content was 20 g k¢,

the pH (water) was 7.6 and the bulk density 1.3 génin Grignon, two field-sites experiments
(NitroEurope NEU-Grignon andioPollAtm BPA-Grignon) were conducted on adjacent plots
with the same soil characteristics. The crop rotation ofNf&J-Grignon experiment included
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FiGc. 3.1 :Schematic of C fluxes (solid arrows) and N flows (dashed ajrovithin the CERES-EGC
model.

maize, winter wheat, winter barley and mustard which wasteld to serve as a catch crop to
reduce nitrate leaching during winter. Dairy cow slurry vegplied between the harvest of barley
and the planting of mustard on 31 August 2004, and before tizensowing on 16 April 2008.
For the BPA-Grignon experiment, NEE measurements wereechduring the maize growing
season in 2002.

Auradé is located about 30 km W of Toulouse, France. The sad & clay loam with 30.2%
clay and 48.4% silt in the top 15 cm, organic carbon was 10 kifpe pH (water) was 6.9 and
the bulk density 1.4 g cn?. The Auradé site involved a winter wheat-sunflower-wintéreat-
rapeseed rotation since at least 2000.

The Gebesee experimental site is located about 20 km NW aftinf Germany. The soil was a
Chernozerm (silty clay loam) with 35.8% clay and 60.3% silthe top 20 cm, organic carbon
was 23 g kg', the pH (water) was 6.7 and the bulk density 1.3 génThe crop sequence from
2003 to 2007 was rapeseed-winter barley-sugar beet-wivtieat. Two applications of organic
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fertilizers were carried out in 2007, one application oftieaslurry (18 n¥ ha ') on the wheat
crop in 11 Apr. and 35t hd of farmyard manure in 4 Sept.

Site Experiment Year Soil texture Sequence Number of daily
class of crops NEP measurements

Grignon NEU 2004-2008 Silt Loam M-WW-WB-m 1627

Grignon BPA 2002 Silt Loam M 115

Auradé 2005-2007 Clay Loam R-WW-SF 926

Gebesee 2007 Silty Clay Loam WW 310

TAB. 3.1 : Selected characteristics of the various sites and expatsn@®! : Maize ; WW : winter wheat ;
WB : winter barley ; m : mustard ; R : rapeseed ; SF : sunflower).

3.2.3 Carbon dioxide fluxes and biomass measurements

In all sites, the measurements of Cfluxes at the field scale were carried out following the
methodology the CarboEurope integrated project \( IP ; Aebet al. \(200\0)). Water vapour and
CO, fluxes were measured at a 2 to 3 m height above the crop canoyythe eddy covariance
technique. Wind speed was monitored with three-dimens$grdac anemometers (Grignon mo-
del : R3-50, Gill Solent, Lymington, UK ; Auradé model : CangfiilCsat3, Campbell Scientific
Inc, Logan, UT, USA), and CQconcentration with infrared gas analysers (model Li-750G1i-
gnon and Auradé and model Li-7000 in Gebesee ; Li-Cor Inm¢din, NE, USA). Daily NEP
of carbon dioxide (g C m? d~!) and evapotranspiration rate (mnm#nd—!) were calculated by
integrating the 30-minute fluxes obtained with the microgoeblogical measurements over 24 h
periods. The data sets were processed following the stdiséarmethodology described in Pa-
pale et aI.L(M&. Carbon dioxide fluxes were corrected o5 §&torage below EC measurement
height, low turbulence conditions were filtered using atioic velocity threshold criterion. The
eddy covariance technique and subsequent data processitigcp gaps in the half-hourly C
flux data, making it necessary to fill the missing values keefotegration at the daily time scale.

The gap-filling methodology of CarboEurope-IP was appleethe experimental data sets (Falge
et al., 2001).

Above-ground plant dry matter (DM) was measured every twekseduring crop growth, over
the full crop sequences of the Auradé, NEU-Grignon and BR#nt®n experiments. Daily wea-
ther data were recorded with automatic meteorologicalastatncluding maximum and mini-
mum daily air temperatures (°C), rainfall (mnT'g, solar radiation (MJ m? d—!) and wind
speed (ms!) at each site.

3.2.4 Parameter calibration

The parameters were estimated using the Bayesian catibnaiethod described in Lehuger
et al. k2009b). Table 3.2 lists the parameters involved endalibration as well as their prior
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probability density functions (pdf). Briefly, Bayesian retls are used to estimate model pa-
rameters by combining two sources of information : prioomhation about parameter values
and observations of model output variables. In our caseplbiiservations consisted of the NEP
measurements. Bayes’ theorem makes it possible to contienisvo sources of information in
order to calibrate the model parameters.

The first step is to assign a probability distribution to tla@gmeters, representing our prior un-
certainty about their values. We specified lower and uppants of the parameters’ uncertainty,
and defined the prior pdfs as uniform (Table!3.2). The aim ofeéB&n calibration is to reduce
this uncertainty by using measured data, thereby produbiagosterior distribution for the pa-
rameters. This is achieved by multiplying the prior with tileelihood function, which is the
probability of the data given the parameters. Because piblyadensities may be very small
numbers, rounding errors needed to be avoided and all egicats were carried out using loga-
rithms. The logarithm of the data likelihood was thus cadtedl for each data set; Bs follows :

= yi = F(wii 6)\

logL; = Z (—0.5 (J—k’l> — 0.5log(27) — log(q)) (3.1)

=1 i

where y; is the NEP measured on sampling date j in the data sedridlo; the standard devia-
tion, wy, is the vector of model input data for the same ddtey,; ;) is the model simulation

of y; with the parameter vectdt;, and K is the total number of observation dates in the data
sets. Two additional parameters were involved in the catfibn, corresponding to a site-specific
experimental error of NEE measurements. Paramewgrsifor systematic error of measurement
in NEU-Grignon andosys2for Auradé were introduced in the log-likelihood functios multi-
plicative factors of . We defined their prior pdfs as uniform over the [0.5-2] range

To generate a representative sample of parameter vectonstfre posterior distribution, we
used a Markov Chain Monte Carlo (MCMC) method : the Metropélastings algorithm (Me-
tropolis et al., 1953). We formed Markov chains of length-10° using a multivariate Gaussian
pdf to generate candidate parameter vectors. The variaatexrof this Gaussian was adjusted
to ensure an efficient exploration of the parameter spacédwarkov chains. We first set the
marginal variances to the square of 1% of the prior paranmateges, and the covariances to zero
{Van Oijen et al., 20d5). In addition, the acceptance rate avéficially adjusted by increasing
the measurement uncertainty in order to smooth the likelihgurface and make the calibration
easier. Due to the large amount of observed data involvedikélihood surface presented sharp
peaks and the probability for the model to hit a 'target afea’a successful calibration was
too small otherwise. Ten percent of the total number of iters at the beginning of the chain
were discarded as unrepresentative ‘burn-in’ segmentbe)t:hains\ (Van Oijen et al., 2d05).
The rest of the chains were considered as a representativelesérom the posterior pdf, and
were used to calculate the mean vector, the variance matdxte 90% confidence interval for
each parameter. Bayesian calibration was successiveligdpp the Auradé experiment and the
NEU-Grignon treatment.
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Parameter vectat = [0;...0:5]

Prior probability

Posterior probability

distribution distribution
0; Symbol Description Unit Default 0,,,;,() 0....() References Mean SD Mean SD
value NEU-Grignon Auradé
6, ruemaize Radiation use efficiency of maize gDMMJ 4.5 1.0 55 Choudhury (2001); Sinclair and Muchow (1999) 3.0 0.1 NA NA
Andrade et al. (1993); Lindquist et al. (2005)
#, ruewheat Radiation use efficiency of winter wieag DM MJ~! 7.5 25 8.0 Choudhury (2000); Hui et al. (2001); Sinclair &fachow (1999) 6.3 0.2 5.4 0.6
0; ruerapl  Radiation use efficiency of rapeseed gDMMJ2.7 0.8 4.0 Gabrielle et al. (1998a); Justes et al. (2000) 31.80.04 4.75 1.48
for vegetative phase
0, ruerap2 Radiation use efficiency of rapeseed gDMMJI2.7 0.8 3.2 Gabrielle et al. (1998a) 2.81 0.17 1.85 0.17
for reproductive phase
05  sflol Radiation use efficiency of sunflower gDMMJ 1.4 0.7 3.0 Sinclair and Muchow (1999); Villalobos et al. 969 NA NA 072  0.03
for vegetative phase Albrizio and Steduto (2005)
0  sflo2 Radiation use efficiency of sunflower gDMMJ 1.3 0.9 15 Sinclair and Muchow (1999); Villalobos et al. 969 NA NA 1.62 0.61
for reproductive phase
0; propl Partitioning coefficient of total C % 0.015 0.010 0.030Gabrielle et al. (2004); Molina et al. (1983) 0.024 0.006 1@.0 0.003
into microbial biomass pool Corbeels et al. (1999); Molina et al. (1997); Nicolardot &talina (1994)
Nicolardot et al. (1994)
0s  prop2 Partitioning coefficient of total C % 0.12 0.10 0.35 Grls et al. (1999); Molina et al. (1997) 0.142 0.040 0.209 060.
into humads pool Gabrielle et al. (2002a); Nicolardot and Molina (1994)
0y coefl Partitioning coefficient of residue C % 0.20 0.15 0.23 _ entiksen and Breland (1999) 0.204 0.015 0.210 0.014
into residue carbohydrate pool
0o coef2 Partitioning coefficient of residue C % 0.70 0.65 0.73__entiksen and Breland (1999) 0.69 0.03 0.70 0.01
into residue cellulose pool
01, cfl Decomposition rate of labile microbial ¢ 0.332 0.25 0.50 Godwin and Jone (1991); Henriksen and Big[E909) 0.29 0.03 0.35 0.06
biomass pool Lengnick and Fox (1994); Nicolardot and Molina (1994)
0, cf2 Decomposition rate of resistant -d 0.0404 0.0250 0.0600_ Henriksen and Breland (1999); Nidoteeind Molina (1994) 0.0362 0.0062 0.0416 0.008|
microbial biomass pool Dou and Fox (1995); Lengnick and Fox (1994)
03 cf3 Decomposition rate of humads pool ~id 0.003 0.002 0.007 _ Molinaet al. (1997); Nicolardot and Mal{t994) 0.004 0.002 0.003 0.001
Dou and Fox (1995); Gabrielle et al. (2002a)
0, cfresl Decomposition rate of residue -d 0.20 0.15 0.80 Corbeels et al. (1999); Henriksen and Bre|a889) 0.29 0.11 0.61 0.13
carbohydrate pool Godwin and Jone (1991)
05 cfres2 Decomposition rate of residue ~d 0.050 0.013 0.055 _ Corbeels et al. (1999); Henriksen anchBde{1999) 0.045 0.006 0.022 0.010
cellulose pool Godwin and Jone (1991); Hadas et al. (1993)
0 cfres3 Decomposition rate of residue ~id 0.0090 0.0095 0.015 _ Corbeels et al. (1999); Dou and Fox (1995 0.0099 0.0008 0.0120 0.0017
lignin pool

“For wheat, net photosynthesis rate is fonction of ruewhBAIR>

B

89

SANTLSASODI-0HOV S3A INOFHVYO 3d S13N SAONVHOIT '€ 3H1IdVHOD



3.3. RESULTS 69

3.2.5 Goodness of fit

The goodness of fit between simulations and observationsagssssed by calculating the
root mean square error (RMSE). The RMSE was used to judgedtiermance of the parame-
ter calibration as well as the model prediction error for the independent data sets. It was
calculated for each data set 8s follows (WaIIacH, 2006) :

K
RMSE = J Z Flwr: 6,))2 (3.2)

where Y is the observed NEP on day j of data set Bnd f(u;; 6;) is the corresponding mo-
del predictions with input variables, and parameterg,. Simulations were carried out using
either the posterior expectancy of parametérsdr the maximum a posteriori (MAP) estimate
of 8 (Orrary). Omap is the single best value of the parameter vector in MCMC chaimich
maximizes the posterior probability density (Van O||enléﬁ200$) The posterior expectancy of
predictions were obtained from the posterior parametefs. @dhe root mean square errors were
computed for the experiments used in the parameter cabbrétlEU-Grignon and Auradé€) and
in the subsequent model testing against independent datd&A-Grignon and Gebesee). In the
latter case, the RMSE corresponded to the root mean squamdé prediction (RMSERY)),
smce the data were involved neither in parameter estimatey model developmech
) RMSEP is a measure of the model’s accuracy in thegirediof NEP.

3.3 Results

3.3.1 Model calibration

Tablel 3.2 recapitulates the mean and standard deviatiotfeegfosterior parameter distri-
butions obtained after calibration against the NEU-Grigaad Auradé data sets. The posterior
radiation use efficiencies (RUEs) of maize and wheat weretdhan their default values for
both sites, by 30% for maize, and 15% to 30% for wheat. Thues,uthcalibrated wheat and
maize crop components of CERES-EGC tended to over-estienapebiomass. Conversely, the
calibrated RUESs of rapeseed and sunflower were lower or hitjlaa their initial values, depen-
ding on development phase and experimental site.

The posterior parameter values of SOC mineralization patara were generally close to their
default values excepted for the paramefagpl, prop2, cfreslandcfres2 The decomposition
rate of residue carbohydrate poofres) was substantially increased for calibration against Au-
radé data set (0.61 vs. 0.20%) and slightly for calibration against NEU-Grignon data €29

vs. 0.20 d'!). The coefficients partitioning endogenous soil organiatd the microbial biomass
(propl) and humadsgrop2) pools were also higher than their default values, respelgtio0%

for proplin NEU-Grignon and 75% foprop2in Auradé. The parametepsyslandpsys2were
calibrated within the BC at the same time as the model paennand their mean posterior va-
lues were 1.3840.26) and 0.87 £0.20) for NEU-Grignon and Auradé respectively. This result
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Site Output Unit RMSE computed with :

variables Initial parameter Posterior expectancy Maximyposteriori Posterior expectancy
values of parameters parameter vector of predictions
NEU-Grignon Daily NEP gCCm2d! 2.22 1.90 1.90 1.89
Cumulative sum of NEP g CEC m2 415.85 137.65 92.57 127.11
Above-ground biomass  t DM ha 1.87 1.82 1.99 1.83
Auradé Daily NEP gCcCeCm2dt! 2.68 1.88 1.80 1.88
Cumulative sum of NEP g CEC m2 217.83 68.68 83.36 70.03
Above-ground biomass  tDM ha 1.84 1.24 2.93 1.24

TAB. 3.3 :Root mean square errors (RMSESs) of daily NEP, cumulative sutE®f and above-ground
biomass based on the initial (prior) parameters values pibsterior expectancy of parameters,
the maximum a posteriori parameter vector and the postexigrectancy of predictions.

means that the measurements in NEU-Grignon would be ursfienaged whereas they would
be over-estimated in Auradé.

Table 3.3 summarizes the RMSEs for daily and cumulative Ni#&E, above-ground plant
biomass obtained with the various parameter sets (priompasterior). The calibration led to a
15% to 30% reduction of the RMSE relative to the uncalibrgga@cameter set. There were small
differences between the RMSEs computed with posterioraapey of parameters and posterior
expectancy of predictions. The simulations computed wigparameter set with maximum pos-
terior probability, i.e. when likelihood is maximal, inwed RMSE values for daily NEP lower
than RMSEs computed with posterior expectancy of parameBart this parameter set may in-
volve higher RMSE values for cumulative sum of NEP and ABQimss, compared to RMSEs
computed with posterior expectancy of prediction and pastexpectancy of parameters.

3.3.2 Dynamics of net carbon exchanges

Figure 3.2 (a and d) compares the simulations of daily NE€¥ afilibration and the obser-
vations for the crop rotations of the NEU-Grignon and Aurax@eriments. There was good
agreement between the two series at the time scale of a gyaseason (from sowing to har-
vest), and also for the time intervals in between two crop& growing seasons of spring crops
(maize and sunflower) were shorter than those of winter c{oggseseed, wheat, barley), but
simulations of daily C uptake reached higher values for maizd sunflower. The net carbon
exchanges reached a peak value of 15 g G dv! for the maize crop in Grignon, while they did
not exceed 10 g C nt d~! with winter crops. The net fixation of C was directly relatedytobal
solar radiation, which led to irregular patterns of net msynthesis. Crop residues, senescent
roots and the application of organic manure fed the freslammmatter pool of soil and were
slowly decomposed after incorporation in soil. Soil reapon mainly occurred in autumn and
winter following the incorporation of crop residues in sailith daily rates ranging between -5
and0gCm?d.

In Grignon, after the harvest of barley crops in years 200d 2007, mustard was planted
as a catch crop. Its growth was well simulated in 2008, wieme&004, the simulated time
span of crop growth and net C fixation was shorter than obdes a result, the total C fixa-
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tion by the mustard was under-estimated in 2004 by the madekas that of the maize crop in
2008 (Fig. 3.2.c). In Auradé, no catch crop was sown aftehtrgests of rapeseed in 2005 and
wheat in 2006, but volunteers of previous crops grew up amgiled a net C uptake. This effect
was modelled by resowing the same crop after harvest angispjis growth upon tillage. Net
ecosystem production was remarkably well predicted dutiregrapeseed and wheat growing
seasons, but it was over-estimated over the sunflower croig. Was due to the model under-
estimation of soil respiration rates in the months precgdie sowing of sunflower.

Figures 3.2.b and 3.2.e show the regressions between edsand modelled daily NEP at
NEU-Grignon and Auradé. The coefficients of determinati@nenfairly good, with an Rof 0.76
and 0.59 in Grignon and Auradé, respectively. There waslatksystematic error in the pre-
dictions : the slope of the regressions was equal to unitigf®n) or close to this value (0.82) in
Auradé, and the intercepts were negligible (0.25 and 0.00hy€d—! in Grignon and Auradé,
respectively). When cumulated over the measurement pemietdC fluxes were correctly pre-
dicted by the model for the NEU-Grignon and Auradé experiteéig. 3.2.c and 3.2.e), which
proves its capacity to integrate the various C fluxes anditgnrates within the agro-ecosystem.

The simulations of above-ground biomass of crops were akdbwithin the experimental
measurement errors (Fig. 3.3.a 3.3.c), for the varioog species, with the exception of
the 2008 maize upon harvest in Grignon, whose dry matter wesmpredicted. The regression
analysis evidenced a good match between observed and tachadlata (after calibration). For
the NEU-Grignon experiment, we obtained ahd® 0.95, an intercept of -0.75t DM haand a
slope of 1.2, and for Auradé, arf Rf 0.94, an intercept of 0.35 t DM ha and a slope of 1.12.
Six different crop species, involving 6 crop-specific subetals, were involved in the rotations
but did not hamper a good match to the field-measurements.

3.3.3 Model prediction assessment

The experiments of Gebesee and BPA-Grignon were used tesatbeemodel prediction ac-
curacy by computing the RMSEP, after calibration againstdata from the NEU-Grignon trial
(Tablel 3.4). The field experiments used in model testingesgamted different climate and soil
conditions compared to the calibration sites, with simdesp management. The RMSEP for
daily NEP was lower for the wheat in Gebesee than for the maiBPA-Grignon, amounting
to 1.55 and 3.78 g C nt d~!, respectively. Conversely, the RMSEP for cumulative NER ®&a
times lower for BPA-Grignon than for Gebesee, being respelytof 31.61 and 90.95 g C .
The RMSEP of above-ground (ABG) biomass was computed omBRA-Grignon due to a
lack of biomass measurements in Gebesee. Figures 3.4.akddi8picts the dynamics of daily
NEP for Gebesee and BPA-Grignon. At Gebesee, the modelaetyurcaptured the dynamics
of net C fixation by the crop and the post-harvest soil regpmaln the BPA-Grignon trial, the
measurement period was focused on the maize growing seasoihe spike of net C fixation
measured in July was not captured by the model.
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FiG. 3.2 : Time course of simulated (black line) and observed (greyosishof net ecosystem production
(NEP), on a daily time scale (a,d) or cumulated for each grapseason (c,f), and scatter plot
of simulated versus measured NEP (b,e). The top graphsipeddhe Grignon-NEU expe-
riment (a,b,c), the bottom one to the Auradé experimentfijd&mulation lines correspond to
the posterior expectancies of simulations, and the cropesyare represented with the follo-
wing letters : B : barley, m : mustard, M : maize, WW : winter @wheR : rapeseed and SF :
sunflower.
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FiG. 3.3 :Simulations (black line) and observations (grey pointsalméve-ground (ABG) crop biomass
(a,c) and simulated versus measured ABG biomass (b,d) éociitp sequence of Grignon
site (a,b) and Auradé site (c,d). Simulation lines corregpto the posterior expectancies of
simulations, and the crop cycles are represented with tHewiong letters : B : barley, m :
mustard, M : maize, WW : winter wheat, R : rapeseed and SF :suef]

The radiation use efficiency of maize calibrated with the NGlignon dataset appeared
suboptimal for the BPA-Grignon experiment. The regressioaetween observed and simulated
daily NEP were overall satisfactory, with arf Bf 0.49 and 0.79 in Grignon and Gebesee, res-
pectively, while the slopes ranged from 0.77 to 0.88, andirtkercepts ranged from -0.37 to
0.79 g Cm? d! (Figs 3.4.b and 3/4.e). The relatively low Rr the Grignon-BPA experiment
stems from the model failing to mimic the peak C fixation fluxeguly, probably because it
over-estimated the effect of water stress on photosyrgeh&€kee model overestimated the cumu-
lative sum of NEP in Gebesee whereas it slightly undereséichthis variable in BPA-Grignon
(Figs 3.4.c and 3/4.1).

Figure 3.5 depicts the time course of ABG dry matter for thézearop of the BPA-Grignon
experiment. Simulations were computed either with the graomt expectancy of parameters de-
rived from the calibration of NEU-Grignon or with the initiuncalibrated) parameter values.
Surprisingly, the latter resulted in a more accurate sitnuteof crop biomass accumulation than
the calibrated parameters. On the basis of these resulipp#ars that the calibration impro-
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Site RMSEP of :
Daily NEP Cumulative sum of NEP  Above-ground biomass
gCO-Cm2d! gCO-Cm? t DM ha™!
Gebesee 1.55 90.95 no data
BPA-Grignon 3.78 31.61 3.65

TAB. 3.4 : Root mean square errors of prediction (RMSEP) based on theqpasexpectancy of parame-
ters for daily NEP, cumulative sum of NEP over crop rotatiol above-ground biomass.

ved the simulation of NEP but without improving the predictiof biomass accumulation. As a
result, the RMSEP for ABG biomass with calibrated model waisechigh (Table 3.4).

3.3.4 Carbon balance of crop rotations

Figure3.6 shows the time course of carbon balance in ai,sit® broken down across crops
during the time period extending from their sowing to the smnof the following crop. In the
NEU-Grignon experiment, NPP was higher for the 2006 winteeat and 2007 barley than for
the 2005 and 2008 maize crops. On the other hand, solil réigpirafter winter wheat and bar-
ley were higher than for maize crops due to a longer periodevfnil respiration from harvest
to sowing. As a result, NEP was higher for maize than for wictreals, averaging 4770 and
4090 kg C ha', respectively. The mustard sown in 2004 was a net source of i&0ts net pho-
tosynthesis was lower than the net soil respiration. Thitepawas reversed with the mustard
sown in 2008, which was overall a net sink of £€@n both cases, the introduction of a catch
crop between winter cereals and the following spring crapeases ecosystem uptake of C at
the rotation scale.

In Auradé, seasonal net photosynthesis, soil respiratiolhngt ecosystem production were
similar for the 2005 winter rapeseed crop and the 2006 wiwtezat (Fig. 3.6.b), resulting in a
NEP (equivalent to a net C-uptake by the ecosystem) of 28@ kg *. The net photosynthesis
of sunflower was underestimated by the model, resulting irE® Mower than for winter crops
(1600 kg C ha'). In Gebesee, the net photosynthesis of winter wheat reagh@0 kg C ha',
soil respiration totalled -4000 kg C haand net ecosystem production 2230 kg C'hirig.3.6.c).
In this site, soil organic carbon was higher than in the o#is, generating higher soil respi-
ration rates. In the BPA-Grignon experiment, the net edesygroduction of maize totalled
6490 kg C ha' over the growing season, corresponding to the balance katwet photosyn-
thesis (7740 kg C hd) and soil respiration (-1250 kg C ha- Fig./3.6.c).

Table 3.5 recapitulates the modelled and observed carlputsand exports for the 4 expe-
riments, by crop. As in the previous section, the C budgee&mh crop started upon sowing and
ended upon sowing of the following crop, except for Auradéb€see and BPA-Grignon where
the starting date was the first day of measurement. In the BEYron experiment, the model
predicted the 3-yr rotation to be a net sink of 215 kg C'hahereas the observations indicated
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a net source of C (-1520 kg C hhover the three years). This discrepancy was due to the under-
estimation of C fixation by the 2005 maize crop and of the anhotistraw removed after winter
wheat in 2006. In this site, the straw of winter wheat anddyavias harvested, whereas in the
other sites it was incorporated into the soil. The experitaledetermination of straw removal
rate may also have led to an over-estimation of this terngesiasses probably occurred upon
harvest. The simulated year-round NEP for the year 2005 af-&gnon (encompassing the
maize cropping cycle) was 4350 kg CHayr—! (vs. 3120 kg C ha! yr—! observed) and was
5200 kg C ha' yr—! for the year 2002 at BPA-Grignon.

In Gebesee, cattle slurry and farmyard manure were appie?D07 during the winter wheat
growing season, making this crop cycle a large C sink. Theulsitad year-round NEP for 2007
(encompassing a part of the wheat cropping cycle) was 24@tay ! yr—!, which is much lower
than the total of 1133 kg C hd measured from 1 Jan. 2007 to 5 Oct. 2007 (the end of measu-
rement period). The modelled NEP was slightly higher thanwhlue of 1930 kg C ha yr—!
reported bﬂ/ Anthoni et al. (20b4) and based on measurementise same site in 2001 for win-
ter wheat. In addition, Anthoni et al. (2d04) reported thaew they removed C exported by the
harvest to the NEP, the site became a net source af(©63970 kg C ha' yr—!), whereas we
modelled for the year 2007 a NBP of 4765 kg C hgr—! when we removed harvested biomass
to the NEP.

In Auradé, we overestimated the C sink of the rotation 200672as compared with the observa-
tions, 2270 vs. 500 kg C h& over 2.5 years which is due to a 30% underestimation of raguese
grain yield in 2005 and an overestimation of NEP for rapese®twinter wheat by 10 and 35%
respectively as compared with observations. In the BPAH@m experiment, the model unde-
restimated harvested biomass by 40% which induced a laagaNBP : 25 vs. 2575 kg C h&
over 117 days.

Site Crop Time period Net ecosystem production Harvestethbss Manure Net biome production
(kg C ha'!) (kg DM ha™') (kg C ha'!) (kg C ha'!)
Start End Modelled Observed Modelled Observed Modelled e®les!
NEU-Grignon Mustard 2004-09-01 2005-05-08 -822 -456 988 616 532
Maize 2005-05-09 2005-10-15 5515 5139 -13510 -15470 111 4910
Winter wheat 2005-10-16 2006-10-05 3510 2621 -7597 -7500 8721 -3751
(-5859) (-8430)
Barley 2006-10-06 2007-10-21 4485 5377 -8630 -8200 -419 641
(-3632) (-3640)
Mustard 2007-10-22 2008-04-26 632 875 1763 2395 2638
Maize 2008-04-27 2008-10-14 6627 8005 -13730 -20470 1135 83 -1
Rotation 2005-05-09 2008-04-26 14143 14012 215 -1521
Auradé Rapeseed 2005-03-18 2005-10-24 2745 2504 -3768  0-530 1237 384
Winter wheat 2005-10-25 2007-04-09 2816 2088 -6378 -6000 526 -312
Sunflower 2007-04-10 2007-09-29 1611 1311 -2116 -2200 765 1 43
Rotation 2005-03-18 2007-09-29 7172 5903 2267 503
Gebesee Winter wheat 2007-01-01 2007-10-05 2622 1134 -7165-4700 4460 4216 3714
BPA-Grignon Maize 2002-06-15 2002-10-07 6476 6643 -16130 23040 24 -2573

TAB. 3.5 : Carbon budgets of the crop sequences of NEU-Grignon, Au@dbesee and BPA-Grignon.
The C balance is broken down into net ecosystem productamgehbted biomass, manure in-
puts.
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FiG. 3.6 : Carbon balances of the crop sequences at Grignon, Auradézamtdsee based on simulations
with the calibrated model. Net ecosystem production (NERydken down into net primary
production (NPP) and heterotrophic soil respiration (RS).

3.4 Discussion

3.4.1 Model calibration and prediction error

Our goal was to parameterise the agro-ecosystem model CEHRESIn order to estimate
the daily NEP over crop rotations, assuming that the cdliimeagainst daily NEP data would
simultaneously improve the predictions of net ecosysteodyction, crop growth and carbon
balance at rotation scale.

In order for the calibration algorithm to converge, we hadattficially increase the measure-
ment uncertainty to smooth the likelihood surface. Thedargmber of daily observations in our
sample (several hundreds of data points) led to a sharpkegdielihood which is difficult to
reach and explore by traditional Metropolis-Hastings athm. Processing the data in weekly or
monthly means would help in reducing the amount of inforovatind thus it would improve the
calibration process. Using an adaptive MCMC sampling dtligor, such as developed by Haario
etal. (2001), could also help in adapting the proposalibistion and in optimising MCMC algo-
rithm. Bayesian calibration was applied on daily NEP datakimg the assumption that whether
daily values were well simulated, thus the cumulative suraldialso be well estimated. This as-
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sumption could be questioned and we should compare a didibie@gainst NEP data cumulated
for cropping cycles with daily NEP. The processing of datd time length of summary statistics
(daily, weekly..) would then depend on the goal to which thaet is applied for.

The Bayesian calibration on the NEU-Grignon and Auradé expnts resulted in a slight re-
duction of RMSE compared to the initial parameterizatioheie was also a close correlation
between observed and modelled NEP on daily or seasonal baglencing a good capacity of
the model to predict NEP at both scales. The coefficients i@fognation (R) we obtained ran-
ged from 0.59 to 0.76, and compare well to literature. Huamgletzoog) reported an#Fof 0.43
when simulating two years of NEP data over an arable field im&kwith an agro-ecosystem
model. Wang et al. (20@5) parameterised an ecosystem mgdaielsh NEP measurements over a
wheat-maize sequence in China, and obtainebdtween 0.74 and 0.76, in the range we obtai-
ned in the NEU-Grignon experiment.

After calibration, we estimated the model prediction e(RMSEP) using independent data sets
from two experiments with similar crop management but défg soil or climate conditions
(BPA-Grignon and Gebesee). The RMSEP ranged between 1.3.&mdC n2 d—*, indicating

a good capacity of CERES-EGC to capture NEP at daily and sahsoales, and were 4 to 7
times lower than the value of 11.3 g C#d~" reported by Huang et al. (2009). However, the
crop growth at BPA-Grignon was not well simulated becauseRDE parameter for maize, ca-
librated against NEU-Grignon dataset, was not accuratthBomaize crop of the BPA-Grignon
field site experiment.

3.4.2 Using a crop model to simulate the net carbon exchanges

We originally assumed that calibration of RUE parametesop growth sub-models against
net C exchanges would allow us to take into account the whalat |©€ fixation by integrating
the root growth and the RUEs would have been increased. Asudt réhe RUEs of maize and
wheat were substantially reduced after calibration, in ganson with their initial values. An
underlying explanation of such results could be that thivtion directly applied on C balance
between net C fixation and heterotrophic respiration do nakarpossible to well calibrate si-
multaneously both processes. Calibrating each processaefy with their specific measured
data may help in better estimating the RUEs and soil respiralhe main limitation being that
it is difficult to measure separately the C fluxes from soil atehts compartments, especially
for roots.

While the modelled estimates of NEP were in agreement witlentations, those for grain yield
and straw removal were lower than observed, which had a keffget on the final C balances.
However, the observations of straw removal in the NEU-Goigexperiment were relatively un-
certain since they were based on destructive sampling atpfaior to harvest, and did not take
harvest losses or cutting height into account. The diffeesnn the modelled and measured C
balances should therefore be mitigated, considering thengially large experimental error on
the removal terms.

Grant et al.\(2007) showed that tBeosysnodel well captured the ABG biomass dynamic for
maize and soybean crops and that the model predicted withdaguracy the grain removal for
the two crops of the rotation. The CERES-EGC predicted algpgand biomass and grain yield
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in the same range of accuracy but it remains an uncertairityttve estimation of straw removal.
At the crop rotation scale, the simulated NEP of the year eqpassing maize cropping season in
Grignon are in accordance with literature data for tempﬁm&mmeé. Verma et al. (20\05) measu-
red NEP values for irrigated and rainfed maize crops ranffimg 3800 to 5200 kg C hd yr—!.
Wang et al. (2005) simulated with a biogeochemical model # NE3340 kg C ha! yr- for
wheat and 3850 kg C hayr-! for maize, while Moureaux et al. (2006) measured a highereval
of 6100 kg C ha' yr~! for a spring crop, sugar beet in Belgium.

Lastly, Huang et al, (20@)9) measured a NEP over 608 days fortemwheat-maize-winter wheat
rotation in Yucheng (China; semi-humid and monsoon clilated obtained a mean NEP of
7200 kg C ha', with no time interval between two successive crops. Theidefled estimate
was very similar, at 7810 kg C h& We estimated for a similar crop sequence of maize-winter
wheat-winter barley (893 days) in Grignon an observed NEP34f37 kg C ha' and simulated
NEP of 13510 kg C ha'. The difference between both studies is due to differentedmn the
estimation of NPP. In fact, Wang etal. (2@05) modelled th& Nt the same site in China equal
to 3340 for wheat growing season and 3850 kg C'Har maize growing season, whereas we
estimated NPP of 6680 kg C hiafor maize in 2005 and 7435 kg C hafor winter wheat in
2006.

Net biome production is very sensitive to the estimationiofiass removal from the field and
organic manure inputs. Our model predicted the rotationslBU-Grignon and Auradé to be
net C sinks, whereas Grant et al. (2007) simulated rainfadigated maize-soybean rotations
as being net sources of C, emitting between 400 and 800 kg €Eya’ into the atmosphere.
They compared their estimation of NBP by simulating theat#oin of soil C stock over 100-year
simulation periods. In this way, they estimated a soil oig&hloss of 300 kg C hat yr—! for
rainfed system and an increase of 600 kg C'hyr—! for irrigated system. The carbon returns
from application of organic fertilizers generates alsompartant effect on NBP reducing it by
50 to 115% in case of the rotation of NEU-Grignon. Carbon kefaom catch crops and volun-
teers also appear as non negligible input of C in the cropesyst

Our agro-ecosystem model simulates water, C and N cyclidg&iG fluxes as well as the dri-
vers controlling plant and microbial processes. Simutatiet carbon exchanges and crop pro-
ductivity for various crop species requires to combine gdamumber of processes. In particular
special attention should be focused on simulating accerafgphenology (date of harvest), wa-
ter and N stress on crop growth, sharing between biomasgstexpout of the field and residue
return to soil.

3.5 Conclusion and future work

We applied a Bayesian method to calibrate the CERES-EGC Inagdénst two data sets of
NEP from contrasted pedoclimatic conditions and crop sece® (NEU-Grignon and Auradé).
The calibrated model allows us to predict the net carbonaxghs between soil-crop and atmos-
phere from daily to rotation time-scale. We computed therasf model prediction by comparing
simulations and observations of NEP from two other indepenhdata sets (BPA-Grignon and
Gebesee). The model correctly predicted NEP in both sitgsyrider-estimated crop biomass in
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one of them. The originality of our approach is that we can gota the different terms of the C
balance for entire crop rotations and then assign equadl{teource and sink between the crops
of the rotation. The model estimates the crop productiviigt is exported out of the field for
being used in food, feed or bioenergy supply chains. The @nual at the field gate could then
be introduced into life cycle assessment of agriculturatpicts such as recommended by Rabl
et al. kZOO 7) who advised to count C-uptake and emissiornascht gtage of the life cycle instead
of counting a zero C balance between C fixation and emission.

Anthoni et al. (2%4) reported that up-scaling C fluxes frawptands from plot to regional
scale was the most complicated task to establish C budgetsefezted region due to wide
variations in crop species, rotations, residue and feeilimanagement and soil C stocks. The
use of process-based models such as CERES-EGC would hefpinmagng the regional net
carbon fluxes. The calibration developed in Lehuger et a0gb) for O makes it possible
to apply plot-scale models at regional level by providingust estimates for generic (ie non
site-specific) parameters over this domain. Such a strategid also be used for GOusing
the calibration method we used here on a wider range of dédasénd parameter values that
would be universally applicable. The calibrated model dalen be used to simulate a wide
range of environmental conditions, and coupled with GISblases to generate high-resolution
regional maps of net COfluxes with daily time resolution. Estimating C fluxes fronrdets,
grasslands and other ecosystems (shrublands, wetlamasuld also be integrated for budgeting
biospheric C fluxes at regional or landscape scale (TurnaH,éEOO?). Regional validation of
model simulations with landscape or regional measurementh as carried out by Soegaard
et al. k2003), would combine the different sources and sofksarbon. Regional strategies of
C-abatement would then be tested using the model at thimbkpedle.

Acknowledgements

This work was part of the CarboEurope and NitroEurope Iratmgt Projects (EU’s Sixth
Framework Programme for Research and Technological Dpuedat), which both investigate
the European terrestrial greenhouse gas balance. We exgpesial thanks to A. Freibauer and
W. Kutsch (Max Plank Institute, Jena) for making available data from Gebesee.
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Prediction et mitigation du pouvoir de
rechauffement global des agro-ecosystemes

des agro-écosystemes. |l fera prochainement I'objet dsmamission a la
revue Agricultural and Forest Meteorologyll s’intitule : “Predicting and
mitigating the global warming potential of agro-ecosystéet les co-auteurs sont : B.
Gabriell&, P. Lavillé, M. Lambonp, P. Cellie? et B. Loubet.

C e chapitre concerne I'estimation du pouvoir de réchauffengdobal (PRG

Le modéele a été calibré pour simuler les émissions g@ bt les flux de C@des syst
témes de cultures. A présent, sur la base de nouvelles siomdat de données obser-
vées, nous pouvons calculer le pouvoir de réchauffemebigltes agro-écosystemes.
Le modeéle est de nouveau calibré avec des mesures@gdurnaliéres obtenues avec
la technique des chambres automatiques sur le site expéghae Grignon. Puis, il e
évalué avec deux jeux de données indépendants afin d’estimerreur de prédictio
Ensuite, le modéle est appliqué pour calculer les bilans@gef de NO des rotation
de cultures sur 30 années climatiques passeées afin d’ankayseiabilité des bilans d
GES due au climat. Nous déterminons alors le PRG des systgrmasdtures en y in
cluant les mesures de méthane au champ et les émissioreciediestimées selon une
approche d’analyse de cycle de vie. Enfin, nous testons tgges agronomiques
afin d’identifier des options pour réduire le PRG des agregsigmes.
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Abstract

Nitrous oxide, carbon dioxide and methane are the main bicggeenhouse gases (GHG)
contributing to the global warming potential (GWP) of agroesystems. Evaluating the impact
of agriculture on climate thus requires a capacity to prettiie net exchanges of these gases in
an systemic approach, as related to environmental conditamd crop management. Here, we
used experimental data sets from intensively-monitoregming systems in Western Europe to
calibrate and evaluate the ability of the biophysical cramlel CERES-EGC to simulate GHG
exchanges at the plot-scale. The experiments involved meagp types (maize-what-barley-
rapeseed) on loam and rendzina soils. The model was subrgbgengrapolated to predict CO
and N,O fluxes over entire crop rotations. Indirect emissions @H3ing from the production
of agricultural inputs and from use of farm machinery wergoahdded to the final GWP. One
experimental site (involving a wheat-maize-barley rataton a loamy soil) was a net source of
GHG with a GWP of 670 kg COC eq ha' yr—!, of which half were due to IE and half to
direct N,O emissions. The other site (involving a rapeseed-wheddypeotation on a rendzina)
was a net sink of GHG for -650 kg GEC eq ha' yr~!, mainly due to a higher predicted C
sequestration potential and C return from crops. Some atitig options were tested to design
productive agro-ecosystems with low global warming impact

Keywords

Global warming potential; Agro-ecosystem model; CERESEE@ayesian calibration;
Greenhouse gases; Nitrous oxide
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4.1 Introduction

While the security of food supply to an increasing populati@s turned into a pressing is-
sue worldwide, the growing environmental footprint of agitture due to land use change and
management intensification is posing an unprecedentedenlgal Assessing the contribution
of agriculture to climate change is one of the key questibias ¢nvironmental scientists have
to address in order to identify possible measures to reduedtrden of agriculture on global
warming kGaIIoway et al., 2008; Sutton et al., 2007). Aglticre significantly contribute to an-
thropogenic greenhouse gas (GHG) emissions with a globabflié.1 Gt CG-eq yr! which
represent 10-12% of the total GHG anthropogenic emiss\iﬁma’th etal., 2007). In the case of
arable crops, these emissions include the exchanges of GHtt icultivated field but exclude
the upstream (indirect) emissions.

The direct emissions of GHG by agro-ecosystems are made thped terms : emissions
of nitrous oxide, net carbon fluxes between soil-plant syst@d the atmosphere, and methane
exchanges. Nitrous oxide () is produced by soil micro-organisms via the processes-of n
trification and denitrification (Hutchinson and David%\oﬁQ:ﬁ). Arable soils are responsible for
60% of the global anthropogenic emissions @NSmith etal., 20d7), and their source strength
primarily depends on the fertilizer N inputs necessary foporoduction. Other environmental
factors regulate these emissions : soil temperature, smgtore, soil NQ and NH; concentra-
tions, and the availability of organic C substrate to miorganisms (Conr m%). The effect
of these factors results in a large spatial and temporaadity of N,O emissions (Jungkunst

et al., 2006; Kaiser and Ruser, 2000).

The second term in the GHG balance, the net C exchangesgis #akthe variations of eco-
system C stock. These variations reflect the balance bet@&gouts to the agro-ecosystems, via
crop residue return, root deposition and organic amendsnantl outputs via harvested biomass
and soil organic matter mineralization. This term may besssd either from long term C stock
evolution or, at the rotation scale, by computing the C bedalpetween net carbon exchanges
between the soil-plant system and the atmosphere, minusaitvested biomass removed out
of the field plus the import of organic C from manure applisat{tAmmann et al., 2007; Grant
et al., 2007). Lastly, non-flooded cropland are usually mered as a weak methane-sink that
mitigates the global warming potential (GWP) of croppingtsyns by 1% to 3% (Mosier et al.,
ﬁi:\ Robertson et al., 2dOO).

Indirect emissions of GHG arising from the production ofiegitural inputs (fertilizers, pesti-
cides and lime), fuel combustion and use of machinery ondha fmay contribute as much as
half of the total GHG budget of agricultural croﬂ)s (AdvierBorbe et al., 2007; Mosier et al.,
2005; Robertson et al., 2000). Thus, this term provides ¢@astage to mitigate their impact on
global Warming\(West and Marland, 2002).

The global GHG balance may be expressed as the global wamoitegtial (GWP) of an
agro-ecosystem considered, in £€quivalents, using the GWPs of all the trace gases with ra-
diative forcing (IPC&:[ 2007). Various agricultural praets impact the GHG balance of agro-
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ecosystems. Some of them may first enhance the carbon saright of soils : conversion to
no-tillage practices, the introduction of catch crops, #rlincorporation of crop residues into
the topsoil were shown to lead to possible C sequestratimntie organic carbon pool of the
agricultural soils\(Arrouays et al., 2002; Smith et al., 2N0The evaluation of candidate agri-
cultural practices to reduce the GWP of agro-ecosystemsldlemcompass indirect and direct
emissions of all GHG, to avoid trade-off effects. For insibecause the C and N biogeoche-
mical cycles are interconnected, Cldnd NO emissions may offset the beneficial C storage
associated with practices targeting at C sequestrétioajalnﬁns et al., 2005; Li et al., 2005a;
Six et al., 2004).

The different crops occurring within a given rotation aréerrrelated in terms of nutrients’
turn-over, and soil organic and mineral status. In addjtibe nutrients derived from fertilizers or
biological fixation may be recycled or stored into the podithe SOM, and may be re-emitted
into air or water in subsequent yealrs (Anthoni et al., 200d); Brosso et al., 2005). That is the
reason why it is not relevant to calculate the GWP of a singhg,cbut rather of a complete
sequence of crops. The GWP of this rotation may subsequbkathg-allocated to a particular
crop based on its frequency of occurrence in the rotatiosiroilar rules.

In the literature, the GWP of agro-ecosystems is eitherutaled to assess the effect of the
conversion to a new management practice (e.g., no-tithoatops, farmyard manure application,
or land use change\: (Bhatia et al., 2005; Mosier et al., 2R@bertson et al., 2000), or for inclu-
sion into the life cycle assessment of a crop-derived prodinese include biofuels, animal feed,
or human food (Adler et al., 2007; Gabrielle and Gaghéiré),é?\(lxim and Dale, 2005). Direct
GHG emissions may be either estimated from direct field memnts\(Adviento-Borbe et bl.,
\2007; Bhatia et él., 2005; Mosier et él., 20b5; Robertsorh.ét@OO), or by using biogeochemi-
cal models simulating GHG emissions (Adler et al., 2007; Gasso et al., 2005; Desjardins
et al., 2005; Pathak et al., 2d)05). Most agro-ecosystens aawsitive net GWP (meaning they
enhance global warming), but this trend is mainly contibbg the C storage potential of the soil.

In the US Midwest, Robertson et al. (2000) measured the GW&h@nnual crop rotation
(maize-soybean-wheat) as 40 and 310 kg,@eq ha' yr—! for no-till and conventional tillage
systems, respectively. In Colorado, for rainfed crops umdetill practices\. Mosier et al. (20b5)
measured a topsoil C-storage of about 300 kg, eq ha' yr—! in perennial, rainfed crops
under no-till, which offset the other terms in the GHG bakmnd resulted in a negative net
GWP of -85 kg CQ-C eq ha' yr!.

Adviento-Borbe et al. (2007) quantified GWPs in four higlelging maize systems in Nebraska
(USA) for continuous maize system and maize-soybean aotstiwith recommended and in-
tensive management for both systems. The authors reptraethe NO fluxes were similar in
the different treatments despite the large differencesap enanagement and N fertilizer ap-
plications. As a result, all the systems were net sourcesHiE&with GWPs between 540 and
1020 kg CQ-C eq ha' yr‘l.\Grace etal. ( 1993) reported GWPs of tropical rice-wheatgea
systems in India. In these systems, the net GWP was an oraeaghitude higher than GWP
from temperate region and ranged between 2400-3200 kg©C@&q ha' yr—! for no-till and
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conventional treatments. Three factors explained themiffce between temperate and tropical
systems : the high soil C loss, the CEmissions from rice cultivation and higher® fluxes
{Robertson et Grace, 2d04).

The various terms of the net GWP should be predicted withlaimaccuracy. Indirect emis-

sions may be easily calculated thanks to databases of kife 'crwentorieé (Nemecek et al., 2d)03;
West and Marland, 2002), but direct field emissions e©Nand C storage in soil are extremely
dependant of pedoclimatic conditions and agricultural aggment practices. To take into ac-
count these sources of variability, and to devise mitigastrategies, the processes occurring
in the soil-crop-atmosphere system should be modelledisamepusly, together with the effect
of agricultural practices. In the past, modelling appraectvere developed in parallel either by
agronomists seeking to predict crop growth and yields iati@h to their management (Boote
etal., 1996), or by ecologists focusing on biogeochemigelks and in particular mineralization,
nitrification and denitrification in soils (eg, Li et MB- With the increasing interest for the
prediction of trace gas emissions from arable soils (orytatits in general), both approaches
should be linked together in a more systemic perspedtivjsl(@n et al., 2002; Zhang et al.,
). The CERES-EGC model was designed following thisgsbibhy to estimate site-and-
management specific environmental balance, or regiomhisentories of trace gas emissions
{Gabrielle etal., 200$a).
The objectives of this work were : i/ to test and calibrate @eRES-EGC crop model with ex-
perimental data from cropping systems representative tham Europe, ii/ to apply the model
to assess the GWP of the cropping systems, including direttradirect emissions of GHG and
iii/ to assess the sensitivity of GWPs to different agriatdd practices to purpose options for
mitigation.

4.2 Material and Methods

4.2.1 Experimental data
4.2.1.1 Field sites

The field experiments were carried out at three location®nthern Europe, at Rafidin (nor-
thern France, 48.5 N, 2.15 E) in the Champagne region in M\(Gosse et al., 1999), at
Grignon near the city of Paris (northern France, 48.9 N, EPt 2004-2008 and at Gebesee
(20 km NW of Erfurt in Germany, 51.1 N, 10.9 E) in 2006-2007.

In Rafidin, the soil was a grey rendzina overlying a subsoindfed compact and cryoturbed
chalk. The topsoil (0-30 cm) has a clay loam texture, witif3dlay and 28% sand, an organic
matter content of 19.5 g kg, a pH (water) of 8.3, and a bulk density of 1.23 g©min Grignon,
the soil was a silt loam with 18.9% clay and 71.3% silt in thestail. In the top 15 cm, organic
carbon content was 20.0 g kfj the pH (water) was 7.6 and the bulk density 1.30 g &nin
Gebesee, the soil was a Chernozerm (silty clay loam) witB%@=lay and 60.3% silt in the top
20 cm, organic carbon was 23.0 g Kgthe pH (water) was 6.7 and the bulk density 1.3 gém
The Table 4.1 recapitulates the crop sequences of the exgetal sites and the main cropping
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operations. The Rafidin site involved a rapeseed - winteralvhevinter barley rotation, and
the measurements essentially took place during the ragegewing cycle, from its sowing on
9 Sept., 1994 to its harvest on 11 July, 1995. Three fertilk@reatments (NO=0 kg N ha,
N1=135 kg N ha'! and N2=270 kg N ha') were established 080 x 30 m blocks arranged in a
split-plot design with three replicates. For this site, thi&ations we simulated were only different
regarding the fertilizer N inputs on the rapeseed crop. Ttherccrops in the rotation (wheat and
barley) were managed identically in the NO, N1 and N2 rotetio

At the Grignon site, two experiments were monitored in datan two fields : a principal field
(Grignon-PP, 19 ha), on which a maize - winter wheat - wintidy - mustard rotation was
monitored since 2004 and 3 adjacent plots (Grignon-PANAN-E -PAN3, 2500 mi? each) on
another field on which the same rotation was applied sincé,20@h 0, 1 and 2 years time-lag
interval in order to have all the crops each year. The adjgglets were monitored since 2006.
In the rotation, a mustard was planted following the haredédiarley the year before to serve
as a catch crop to reduce nitrate leaching. On the principhl, fdairy cow slurry was applied
between the harvest of barley and the planting of mustardloAwjust 2004, and before the
maize sowing on 16 April 2008.

In Gebesee, the crop sequence from 2003 to 2007 was rapeseetr barley - sugar beet -
winter wheat. Two applications of organic fertilizers weaaried out in 2007, one application of
cattle slurry (18 m ha ') on the wheat crop in 11 Apr. and 35 tHaof farmyard manure in 4
Sept after harvest.

4.2.1.2 Soil and crop measurements

Soil mineral nitrogen content (NDand NH}) and moisture content were monitored in the
following layers : 0-15 cm, 15-30 cm, 30-60 cm and 60-90 cm igiidn, 0-30 cm, 30-60 cm,
60-90 cm, and 90-120 cm at Rafidin, and 0-10 cm and 10-20 cmlzggee. Soil samples were
taken in triplicates with an automatic (Rafidin) or manuatig@on and Gebesee) auger every
1 to 4 weeks, and analysed for moisture content and minerahi.latter involved an extrac-
tion of soil samples with 1 M KCI and colorimetric analysis tbie supernatant. In the three
sites, soil moisture and temperature were also continyoasbrded using TDR (Time Domain
Reflectrometry, Campbell Scientific, Logan, Utah, USA) amertocouples. Soil bulk density
was measured once in each site, using steel rings. For bp#rtiments of Grignon and Rafidin,
plants were collected every 2 to 4 weeks, and separated eat@$, stems, ears or pods, and
roots. Leaf area index was measured with an optical leafrasgar or analysis of leaf scans. The
plant samples were dried for 48 h at 80° C and weighted, anigsetfor C, N, P and K content
by flash combustion.

4.2.1.3 Trace gas fluxes and micrometeorological measurents

At the three sites, daily climatic data were recorded withaatomatic meteorological sta-
tion, including maximum and minimum daily air temperatu®<), rainfall (mm day*, solar
radiation (MJ mr2 day ') and wind speed (m3).

At Grignon and Gebesee, the measurements of fies at the field scale were carried out
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in the framework of the CarboEurope integrated project @paan Commission Framework
VI research programmé; Aubinet et al. (2000)). Water vapma CQ fluxes were measured
using the eddy covariance method above the crop canopy. ¥iadd was monitored with a
three-dimensional sonic anemometers, and C@centration with infrared gas analysers (mo-
del Li-7500 in Grignon and model Li-7000 in Gebesee ; Li-Cae.] Lincoln, NE, USA) loca-
ted on a mast at two meters above the canopy. Daily net eemsysarbon dioxide exchange
(g C m2 day 1), and its daily evapotranspiration (mméday ') were calculated by integra-
ting the 30-minute fluxes determined by the micrometeoricklgneasurements over each day.
The eddy covariance technique usually produces gaps inatfidadurly C flux data, making it
necessary to fill the missing values before integrationatily time scale. The gap-filling me-
thodology of CarboEurope-IP was applied to the experimeiatia sets (Falge et al., 2001).

At Rafidin, there were no micrometeorological measuremeht€0O, exchanges. Nitrous
oxide emissions were monitored by the static chamber matbiog) circular chambers (0.2T4),
with 8 replicates. On each sampling date, the chambers vi@seawith an airtight lid, and the
head space was sampled 4 times over a period of 2 hours. Theaggdes were analysed in
the laboratory by gas chromatography. The measurementsdogre every 1-3 weeks between
September, 1994 and April, 1995 (Gosse etal., J1999).

For the Grignon-PP experiment;®@ emissions were measured with 3 to 6 automatic cham-
bers (55 L, 0.5 m?). The chambers were sequentially closed during 15 min aeddmplete
cycle for the six chambers was then fixed to 1h30. Th® Moncentrations were measured using
an infrared gas analyser {8 Analyser 46C, Thermo Scientific Inc., Waltham, MA, USA) wihni
was connected on line with the chambers. Air was pumped flechamber to the gas analyser
and injected again after the analysis to the chambers. Iitoxide fluxes were calculated from
the slope of the gas accumulation rate. The electric jackd ts open and close the chambers
and the solenoid valves were controlled by a Campbell dajgdo(CR23X, Logan, Campbell
Scientific, Utah, USA) that recorded the,® concentration every 10 seconds. Nitrous oxide
emissions were monitored for 442 days from January 1, 2@August 31, 2008. During this
period, the mean value of the emissions was 8.3QN ha! d—!. Eight manual chambers were
also disposed in the field in order to measugINCO, and CH, fluxes on a monthly frequency
or following the fertiliser application. A more intensiveamitoring of the GHG emissions was
carried out following the slurry application in spring 2008
For the three Grignon-PAN plots, the three GHGs@\ CO, and CH)) were measured with
5 static circular chambers (0.2 1) per plot. The chambers were closed over a period of 30
minutes and 4 gas samples were collected with a syringe &, @Q0land 30 minutes after clo-
sure. Gas samples were analysed by gas chromatographynfittedn electron capture detector
for N,O analysis and with a flame ionisation detector and a meteaftisCO, and CH, analysis.

In Gebesee, GHG measurements were carried out with manaalsrs {00 x 100 x 30 cm
- when crop is higher than 30cm height was expanded to 60am) fFeb. 2006 to Dec. 2007,
weekly during growing season and every two weeks otherwike.chambers were closed for
one hour and sampling was carried out every 20 minutes duliogure. From Feb. to Dec.
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N Fertilizer
Site Crop Sowing date Date Amount
(kg N ha't)
GRIGNON-PP Wheat 16/10/2002 26/02/2003 52
27/03/2003 60
Barley 17/10/2003 18/02/2004 59
19/03/2004 59
02/04/2004 39
Mustard 02/09/2004  31/08/2004 Slurry (90)
Maize 09/05/2005 09/05/2005 140
Wheat 16/10/2005 15/03/2006 55
14/04/2006 55
Barley 06/10/2006  22/02/2007 55
22/03/2007 55
Mustard 22/09/2007  17/04/2008 Slurry (80)
Maize 28/04/2008 05/05/2008 60
RAFIDIN Rapeseed NO 09/04/1994
Rapeseed N1 09/04/1994 20/02/1995 80

GRIGNON-PAN1

GRIGNON-PAN2

GRIGNON-PAN3

GEBESEE

Rapeseed N2

Wheat

Barley

Wheat
Barley

Mustard
Maize
Barley

Mustard
Maize
Wheat

Mustard
Maize
Wheat

Barley

Sugar beet
Wheat

15/03/1995 75
12/09/1994 49
20/02/1995 80
15/03/1995 75
29/03/1995 38
10/02/1996 60
10/03/1996 95
10/05/1996 65
10/02/1997 90
10/03/1997 80

09/04/1994

27/10/1995

27/10/1995

27/10/2005 06/03/2006 50
07/04/2006 110
04/03/2007 50
26/03/2007 70
31/08/2007
07/05/2008

05/10/2005

06/10/2006

08/05/2008 140
06/03/2006 50
07/04/2006 50

30/09/2006
26/04/2007
24/10/2007

02/05/2007 150

14/02/2008 50
03/04/2008 120
15/05/2008 40

02/09/2005
26/04/2006  04/05/2006 160
10/10/2006  05/03/2007 50

26/03/2007 70
15/02/2008 50
05/04/2008 90

08/10/2007

20/10/2006
27/10/2006

10/04/2006 30
27/03/2007 80
11/04/2007  Slurry (20)
03/05/2007 85
03/09/2007 FYM (200)

TAB. 4.1 : Experimental treatments and N input rates at the Grignon,dtaéind Gebesee sites.
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2007, two automatic chamber&(x 25 x 125 cm) were installed in the same plot. Gas samples
were automatically collected every 20 minutes during ongrlob closure and each chamber was
closed 6 times in a day. In both cases, gas samples were aedalth gas chromatography such
as described above.

At the dates of mineral or organic fertiliser applicatiohetchambers were closed during the
spreading operation and then, the amount correspondirfgetotamber surface was applied by
hand within the chambers.

4.2.2 The indirect GHG emissions

The GHG emissions (CON,O and CH) associated with input production and use of farm
machinery were calculated from the Ecoinvent life cycleemory database (Nemecek et al.,
). The inventory of elementary management operationgpdses soll tillage, fertilisation,
sowing, plant protection, harvest and transport, and mdsalslated in terms of GHG emissions
thanks to emission factors. Similarly, the production ai@agtural inputs (fertilizers, pesticides,
seeds and agricultural machinery) induces GHG emissiaatsatise mainly from fossil fuel
combustion, and were included in the indirect emissions.

4.2.3 Global warming potentials of crop rotations

For arable fields, the carbon balance is calculated as thieiowte production (NBP) equal
to:
NBP = NEP — Exportedbiomass + I'mported biomass 4.2

The NEP is the net ecosystem production and corresponds toethC exchanges between soil-
plant system and the atmosphere, above the canopy. Theedfpaomass is the harvest and the
imported biomass may be application of manure or compos.CEnbon dioxide exchanges for
a crop growing cycle were assumed to start from their sominthé sowing of the following
crop. The sign convention used to express NBP as positivetidavith net carbon fixation,
were inverted in the calculation of the GWP. The values of NB#e obtained by averaging
the NBP simulated over 12 maize-wheat-barley-mustardiosts.on a 36-yr series of historical
weather data (1972-2008) in Grignon-PP, with constant arapagement. The same simulation
was done for the three treatments of Rafidin over 9 rapesédediabarley rotations on a 28-yr
series of weather data. The 30-yr simulation allowed us pbag® the climatic variability and its
effect on the net primary production and soil respiration.

The global warming potential of crop sequences was compwteaiding NBP, NO emissions,
CH, exchanges and the indirect emissions using global warmitgnpial of the GHGs at the
100-year time horizon (C&1, CH,=25 and NO=298, IPCC (2007)).

4.2.4 The CERES-EGC model

CERES-EGC was adapted from the CERES suite of soil-crop mddenes and Kiniry,
), with a focus on the simulation of environmental otgmuch nitrate leaching, emissions
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of NoO ammonia, and nitric oxide (Gabrielle etal., 20064a). It tzsrefore be used as an agro-
nomic tool to improve the management of major arable cropset on crop productivity and
environmental criteria. The model simulates the cyclesatew carbon and nitrogen within agro-
ecosystemé (Gabrielle et al., 2006a, 11995).

Direct field emissions of CQ N,O, NO and NH into the atmosphere are simulated with dif-
ferent trace gas modules. Here, we focus on gas fluxes witlaglwarming potential, i.e. CO
and NO

Carbon dioxide exchanges between soil-plant system andtthesphere are modelled via the
net photosynthesis and SOC mineralization processes. fiseay production (NPP) is simu-
lated by the crop growth module while heterotrophic redmra(Rs) is deduced from the SOC
mineralization rates calculated by the microbiologicdl-snodel. The net ecosystem production
(NEP), which is calculated as NPP minus Rs, may be computed aaily basis and directly
tested against the net ecosystem exchanges measured byosddgance.

CERES-EGC uses the semi-empirical model NOE (Hénault,&@(DSa) for simulating the )0
production in the soil through both the nitrification and temitrification pathways. Denitrifica-
tion component is derived from the NEMIS model (Hénault aredrion, 2000) that calculates
the denitrification as the product of a potential rate witreéhunitless factors related to soill
water content, nitrate content and temperature. Nitrificais modelled as a Michaélis-Menten
reaction with NH as substrate that additionally is controlled by responsetfans of the soil
water content and temperature. Nitrous oxide emissiongdtieg from the two processes are
soil-specific proportions of total denitrification and fitration pathways.

CERES-EGC runs on a daily time step and requires input datadgacultural management
practices, climatic variables (mean air temperatureydainh and Penman potential evapotrans-
piration), and soil properties.

4.2.5 Parameter selection and model calibration

Dynamic biophysical models include a large number of patarsevhose values are uncer-
tain and it is often impossible to estimate all these pararsetccurately and simultaneously. A
common practice consists in selecting a subset of parasigyeglobal sensitivity analysis, then
estimating the selected parameters against experimegii@lashd setting the others to nominal
values (Makowski et él., 20b6). In our case, a multivaridtdgl sensitivity analysis, developed
by Lamboni et al.mg), allowed us to select the 6 most sgagarameters of the JO emis-
sion module of CERES-EGC. The most influent parameters aereg¢stimated with a Bayesian
calibration approach. Table 4.2 recapitulates the pamms@tvolved in the calibration. The cali-
bration was applied with the JO emission measurements of the experimental site of Grigtfon
and the calibrated parameters were then used to simulatieltie of Grignon-PAN and Gebesee

experiments. The parameters values used for the Rafidiorsgimated from a previous calibra-
tion {Lehuger etal,, 2009Db).

Van Oijen et al.\(20d5) and Lehuger et al. (20\09b) describetktails the Bayesian method
that was used in this work. Briefly, the aim of Bayesian calilan is to reduce the prior para-
meter uncertainty by using measured data, thereby produbim posterior distribution for the
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parameters. In our case, we specified lower and upper bodnls parameters’ uncertainty, de-
fining the prior parameter distributions as uniform (Tabl2)4Posterior pdf is then computed by
multiplying the prior with the likelihood function, whiclsithe probability of the data given the
parameters. Because probability densities may be veryl smalbers, rounding errors needed
to be avoided and all calculations were carried out usingritigms. The logarithm of the data
likelihood is thus set up, for each data set &s follows :

gj

K ) 2
logL; = Z (—0.5 <m) — 0.5log(27) — log(q)) (4.2)

Jj=1

where y is the mean DO flux measured on sampling date j in the data seantio; the stan-
dard deviation across the replicates on that datas the vector of model input data for the
same datef(w;; 6;) is the model simulation of ywith the parameter vectdt;, and K is the
total number of observation dates in the data sets. To genanepresentative sample of para-
meter vectors from the posterior distribution, we used akdarChain Monte Carlo (MCMC)
method : the Metropolis-Hastings algorith\m (Metropoliabﬁ1953). For each calibration, three
parallel Markov chains were started from three differeartig points in the parameter space
(¢p). Convergence was checked with the diagnostic proposécblhmﬂl and Rubin (1992). The
chains were considered to be a representative sample fiopotterior pdf, and from this sample
were calculated the mean vector, the variance matrix ané@beconfident interval for each pa-
rameter.

Parameter vectdt = [0;...6;] Prior probability Posterior probability
distribution distribution

0; Symbol Description Unit Default 0,,;, (1) 6,02 (1) Mean SD Correlated
value {0}

0 r Ratio of N,O to total denitrification % 0.20 0.09 0.90 0.36 0.09 _ 456}

0, PDR Potential denitrification rate kgNhad=! 6.0 0.1 20.0 0.33 0.61 {2,5,6}

0 Triwrps  WFPS threshold for denitrification % 0.62 0.40 0.80 0.61 0.0%2,4,5}

0y POW,.,;; Exponentof power function Unitless 1.74 0.00 2.00 0.46 0.2{1, 3}

05 KMgenit Half-saturation constant (denit) mg Nkggsoil 22.00 5.00 120.00 24.69 17.53_,713,6}

06 TTreeni:  Temperature threshold °C 11.00 10.00 15.00 10.05 0.17.,2,%}

TAB. 4.2 : Description of the 6 selected parameters of th@Nemissions module. The prior probability
distribution is defined as multivariate uniform between tst,,,;,, andé,, ... The posterior
parameter distributions are based on the calibration witke Grignon-PP data set, and are
characterised by the mean value of the posterior, theirdath deviation (SD). Correlations
with other parameters are reported if their absolute valMee=ds 0.4 (underlined parameters
express a negative correlation).
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4.2.6 Model evaluation

Two statistical indicators were used to evaluate the perémce of the model to fit with the
observed data. Mean deviation (MD) was defined as :

K

MD = %Z(yj — e 6) (4.3)

j=1

and the root-mean squared error (RMSE) as :

K
RMSE = J %Z(yj — [wg; 6)))? (4.4)

j=1

where y; is the time series of the observed data on day j of data setrid f(v,; 6;) is the corres-
ponding model predictions with input variables and parameters.

The RMSE was computed for the experiments used in the cabbréGrignon-PP and Rafidin)
and in the subsequent model testing against the indepeddé&atsets of Grignon-PANs, and
Gebesee. In both last cases, the RMSE corresponds to theeaot square error of prediction
(RMSEP®)), since the data were involved neither in parameter esiiimanor model develop-
ment (Wallach!,ZWm). The RMSEP was computed for the priedisiof N,O emissions.

4.2.7 Scenarios of mitigation

Five scenarios of mitigation were tested in order to asdeseffect of agricultural practices
on the GWP, and to explore the potential of GHG abatementéqr systems. The scenarios were
tested on the Grignon-PP rotation simulated on a 30 yeargaried. The first scenario (“Straw”)
was designed to asses the effect of non removing straw otitecfi¢ld. The scenario (“Catch
crop”) was designed to assess the effect of catch crop irothéon by comparing rotations with
and without catch crop, which was mustard between a wintgy and a spring crop in our case.
We also tested the effect of N fertilisation on the GWP by dating rotations with 50% less N
fertiliser application (scenario “N-") or with with 50% mer(scenario “N+”). The last scenario
(“Organic”) was run to evaluate the effect of C and N inputfrslurry application every three
years on the GWP of the rotation.

4.3 Results

4.3.1 Model testing
4.3.1.1 Crop growth

At Grignon, the crop growth was well simulated for the vasauop species of the rotation,
as reported in Fig. 4.1. The time course of total above grdainthass was correctly captured
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by the model with the exception of the 2008 maize upon hamésise dry matter was under-
estimated. The maize silage yields were under-estimat2@®® and 2008 with bias (observed
- simulated yields) of 1960 and 6740 kg DM Harespectively, due to too high water stress si-
mulated. Grain yields of barley and winter wheat were cdlyguredicted and the bias between
simulations and observations were -100 and -430 kg DM ha

At the Rafidin site, CERES-EGC provided good simulationsapieseed growth for the N1
and N2 treatments (Fig. 4.2). The simulated patterns of bgsnLAI and N content variations
matched the observations over the entire growing cyclelgrain yields were correctly estima-
ted, with a simulated value of 3.8 t DM haand an observed one of 4.1 t DM tdfor N1, and
an exact match at 4.9 t DM hafor N2. For the NO treatment (unfertilized), the model owtie
mated LAI by a factor of 2 throughout the growing season, btaltabove ground biomass was
underestimated by about 25% when compared to the data (nemn$hFor this treatment, the
simulated N stress was too high at the end of the crop’s gwytle to allow sufficient grain
filling, and the final grain yield was under-estimated as altes

4.3.1.2 Net carbon exchanges

The carbon dioxide exchanges measured with micrometegicalbsystems were used to ca-
librate the CERES-EGC model against net ecosystems exelmagagsurements and to evaluate
the model prediction accuracy with independent data (LehagaI.L 2009b). The measurements
from Grignon-PP were used for the parameter estimation haoset of Gebesee for evaluation
of the model prediction accuracy. For both sites, NEP wag swelulated at daily and seaso-
nal scales (Fig. 411 and Fig. 4.3). The RMSE computed for thgn@n-PP experiment was
1.90 g C nr2d~! (n=1627) and the RMSEP of Gebesee 1.5 g Can! (n=310).

4.3.1.3 Soil drivers of nitrous oxide emissions

Figure[4.4 provides a test for the simulation of the key dsvef N,O emissions at the
Grignon-PP site. Soil moisture, temperature and inorgahicontent control NO emissions
by their influence on the nitrification and denitrificationopesses. At Grignon, for the per-
iod of measurement (2006-2008), their dynamics were weiligated (Fig. 4.4.a, 4.4.b, 4.4.c).
Tablel 4.3 recapitulates the mean deviations (MD) and RM®&Epated with the different soil
drivers used as input variables of the® emission module. Soil temperature and soil water
content were well predicted by the model with RMSE close t@ 3r the soil temperature
and from 4 to 8% (v/v) for the soil water content across thealfste experiments. The model’s
RMSE over the 8 experiments ranged between 9.9 and 57.0 kg Nftiathe simulation of ni-
trate content and to 4.1 to 28.6 kg N'Hdor the ammonium content. The model did not captured
the N dynamic in the Grignon-PAN2 field site due to a lack ofelation between N content and
N fertiliser applications in this plot.
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FiG. 4.1 : Simulations (black line) and observations (grey pointsalméve-ground (ABG) crop biomass
(a) and times course of simulated (black line) and obsergeely(symbols) of net ecosystem
production (NEP) on a daily time scale (b), at the Grignon-&@erimental field.
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FiIG. 4.2 : Simulated (lines) and measured (symhtlsd) data for (a) above ground (ABG) dry matter
and roots for N1 treatment, (b) above ground (ABG) dry madted roots for N2 treatment, in
1995 at Rafidin (France).
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FiG. 4.3 :Simulated (black line) and observed (grey points) of dadliyecosystem production (NEP) for
the wheat crop cycle of Gebesee.
Site Treatment Soil temperature Soil water content Nitcatetent Ammonium content
N Mean MD RMSE ~ N Mean MD RMSE N Mean MD RMSE N Mean MD RMSE
(°C) (VIv) (kg NO;-N ha'T) (kg NHs-N ha' 1)
GRIGNON PP 637 109 -11 30 492 0318 0.016 0033 24 494 2307 4 24 106 7.2 11.0
PAN1 - - . . 14 0238 -0.039 0064 13 367 -23 216 13 101 68 512
PAN2 17 0.238 -0.045 0.064 16 719 312 57.0 16 178 1428352
PAN3 - - - - 15 0.255 -0.029 0.042 14 265 -3.8 227 14 6.1 3.4 4.9
GEBESEE 729 107 -0.2 3.3 649 0.260 -0.065 0.080 78 181 -1.452 78 7.7 4.4 28.6
RAFIDIN  NO 294 87 -12 30 20 0253 -0027 0043 21 108 55 9 9. 21 37 35 41
N1 294 87 -1.2 3.0 20 0.244 -0.035 0.051 21 129 8.0 11.8 21 580 6.8
N2 294 87 -1.2 3.0 20 0.240 -0.039 0.050 21 235 17.0 226 212 65.6 8.0
TAB. 4.3 : Sample size (N), mean of measured in situ soil variables f)leaean deviation (MD) and
root mean square errors (RMSE) computed with the predictedna@asured soil variables :
soil temperature, soil water content and topsoil nitratel@ammonium contents for the 8 data
sets.
4.3.2 Nitrous oxide emissions

The three parallel chains ran for the Bayesian calibratgairest Grignon-PP site, converged
well for all the parameters after 50 000 iterations. The &@&ahR summarizes the posterior ex-
pectancy of parameters and their standard deviation. @tioes with other parameters are also
reported in Table 4/2. The posterior ratio of®lto total denitrification was higher than is default
value, while the posterior potential denitrification ratassighly reduced in comparison with its
default values, 0.33 vs. 6.00 kg N‘Had~! respectively. The posterior value of WFPS threshold
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FiIG. 4.4 : Simulated (line) and observed (symbelsd) of daily soil temperature (a), soil water content
(b) and nitrogen content in the 0-15 cm topsoil layer (c), floe experimental field site of
Grignon-PP.
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for denitrification, the half-saturation constant for defication and the temperature threshold
were similar of their default values.

The Fig. 4.5 compares the simulations of dailyONemissions after calibration and the ob-
servations of the Grignon-PP experiment. There was gooeeagent between simulated and
observed data during the mineralization of crop residuethefbarley at the end of 2007 and
beginning of 2008. The first peak flux in March 2007, corregpog to the first N fertiliser ap-
plication, was not captured by the model due to WFPS simdiiaibeve 61% - the threshold that
triggers denitrification in the model. The high peak fluxeattbccurred in spring 2008 conse-
cutive to the slurry and N-fertiliser applications for maiwere correctly predicted. The,N
emissions observed during the time period consecutivedseth peaks were low and the model
simulated emissions close to zero. The RMSE obtained wétlptsterior expectancy of parame-
ters was reduced by 30% in comparison with the default pamalues (Table 4.4).

The Fig/ 4.6 shows the dynamic o8 emissions for the three treatments of the Rafidin sites.
At this site, NO emissions were very low even for the high-N input treatn{da). In fact, for

this treatment, the highest emission rate measured was MA¢N ha ' d—!. In this site, the
rates of NO emissions from denitrification were close to zero. Hénaudl. k2005a) estimated
that 98% of the NO emissions originated from the nitrification process atdame Rafidin site.
The predicted rates of JO emissions were satisfactory, with RMSEs of 0.3, 1.4 andy3\QO-

N ha ! d! after calibration for the NO, N1 and N2 treatments respetyiyTable 4.4).

The calibrated model was used to simulate the experimen@righon-PAN1,-PAN2 and
-PAN3 and of Gebesee. By this way, we assessed the modet{oedaccuracy by computing
the RMSEP, reported in Table 4.4. The predictions computéul tive calibrated parameter set
were improved in comparison with the predictions with défaarameters values, by 6.3% in
average for the Grignon-PAN1, -PAN2, -PAN3 treatments an8%% for Gebesee experiment.
The Fig! 4.7 depicts the D emissions over one year for the three treatments PAN1, P2
PAN3 of the Grignon site and shows that the model correcthdjats the NO emission peaks
consecutive to the N-fertiliser application that occurieagpring 2008, and also the period of
low emissions.

The Fig. 4.8 shows the time course of®lemissions at Gebesee. The low emissions and most of
the N,O peaks were well simulated by the model. However, the maatlelnot predict the hD
deposition and DO emissions due to freeze-thaw cycles in winter.

4.3.3 Simulation of crop rotations

In the previous section, we tested and calibrated the CERGS-model against datasets
from 8 field site experiments involving different sets of gtypes, pedoclimatic conditions, and
agricultural practices. The present section deals withettieapolation of the model to calculate
the GWP of complete cropping systems, including net C exgésrdirect emissions ofJ and
CH, fluxes in the field. The last term of the GHG balance, namelyiridgect emissions, was
also added.
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FiG. 4.5 :Simulated (black line) and observed (symbslsd) of daily nitrous oxide emissions for the
Grignon-PP experimental site.
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FIG. 4.6 : Simulated (line) and observed (symbeisd) of daily nitrous oxide emissions for the NO (a),
N1 (b) and N2 treatment (c) of the Rafidin experimental site.
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Site Treatment RMSE or RMSEP (in italics) computed with :
Initial parameter Posterior expectancy
values of parameters

Grignon-PP 20.2 14.2
Rafidin NO 4.6 0.3

N1 10.4 1.4

N2 15.9 3.0
Grignon-PAN1 10.4 9.6
Grignon-PAN2 7.4 7.0
Grignon-PAN3 7.6 7.3
Gebesee 7.6 4.6

TAB. 4.4 : Root mean square errors (RMSESs) of daily nitrous oxide enmissizased on the initial para-
meters values and the posterior expectancy of parametbespdsterior expectancy of para-
meters was computed from the the Bayesian calibration afiti@mus oxide module of CERES-
EGC against the NO measurements of the Rafidin site and of the Grignon-PP expatal
site. For the Grignon-PAN1, -PAN2, -PAN3 and the Gebeses,sithe RMSEP was compu-
ted with the posterior expectancy of parameters based oBalyesian calibration against the
N>O measurements of the Grignon-PP site.

4.3.3.1 Net biome production

Fig./4.9 displays the breakdown of the NBP for the GrignonrétBtion. The net ecosystem
production was highest with the maize crop, amounting ta0583%90 kg C ha', whereas the
NEP of the wheat was 538750 and those of barley close to 480680 kg C ha'. For the mus-
tard, the soil respiration term was greater than net phatib®gis, and NEP was -440 kg CHa
In Rafidin, the NEP of rapeseed was 130@20, 4260+995 and 464@-1170 kg C ha'! for the
NO, N1 and N2 treatments, respectively, the NEP of wheat \easden 4870 and 5190 and the
NEP of barley between 3150 and 3440 kg C hdnter-annual variability was quite large for the
net primary production, showing a strong dependence ofltheate on crop growth.

Over long-term simulation period with the maize-wheatkaamustard rotation in Grignon-PP,
we estimated a stable C stock with 10 kg C har—! sequestered on average. In Rafidin, we
estimated large C accumulation of 525, 1153 and 1269 kg C yaa® for the NO, N1 and N2
treatments, resp., due to a minor part of the fixed C which wasmeed out of the field. In Gri-
gnon, the straw of wheat and barley was removed for use asfiitt animal production, whereas
in Rafidin the straw was left on the soil surface at harved, subsequently incorporated into
the topsolil layer. As a consequence, the C inputs from creidues were much higher in Rafidin
than in Grignon, averaging 4250 kg CHayr~! for the N1 rotation and 4290 kg C hayr!
for the N2 rotation. With these levels of C inputs to the sihié CERES-EGC model predicted a
high C sequestration for the rotations of Rafidin suggestiagthe Rafidin soil was a potentially
large sink for atmospheric CO

For the other experimental fields of Grignon, the NBPs wero8the PAN1 treatment, -256 for
the PAN2 treatment and -32 kg CHayr—! for the PANS treatment.
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FiIG. 4.7 : Simulated (line) and observed (symbtisd) of daily nitrous oxide emissions for the Grignon-
PANL1 (a), -PAN2 (b) and -PAN3 (c) experiments.
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FiG. 4.8 : Simulated (line) and observed (symbgisd) of daily nitrous oxide emissions for the Gebesee
experimental field sites.
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FIG. 4.9 : Breakdown of net biome production (NBP) into net primarydoiction (NPP), soil respiration
(Rs), net ecosystem production (NEP), grain or silage yiplds straw removal (YIELD) for
the four crops of the rotation (maize, wheat, barley, mubtat the Grignon-PP experimental
site.

4.3.3.2 Indirect emissions

The GHG cost of agricultural inputs contributes a large pathe GWP of agro-ecosystems.
For the Grignon-PP cropping system, the mean indirect enmissvere 350 kg COQC eq ha' yr!,
for the Rafidin system, the mean IE were 320, 410 and 460 kgC®@q ha!' yr~! for the NO,
N1 and N2 treatments, respectively. For the Grignon-PARttrents, the mean IE were 420, 480
and 410 kg C@-C eq ha' yr~! for PAN1, PAN2, PAN3 treatments. The IE were 590 kg4£0
C eg ha' yr~! for the wheat crop cycle of Gebesee, a higher value compar#tktother site
due to more frequent cropping operations. N fertilizer prcitbn is the top contributor to the
IE by a wide margin, with a 55-75% share (Fig. 4.10). Cropppgrations came next, with a
30-40% in the total IE term, mainly due to from fossil-fuehabustion by farm machinery. The
transport of inputs from the production plant to the farm waeslowest contributor to the GWP
with less than 1% of IE.

4.3.4 Global Warming Potential

The 30-yr simulation period enabled us to explore the eftéatlimate variability on bio-
mass production andJ emissions. At Grignon-PP,;® emissions averaged 31@2 kg CG-
C eq ha' yr—! (CV=26%) over maize-wheat-barley-mustard rotation, aedestimated a GWP
of 670150 kg CQ-C eq ha' yr—! (Tablel4.5) for this system. Methane measurements from
manual chambers allowed us to estimate its contributiohedihal GWP. The soil of Grignon
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FIG. 4.10 :Greenhouse gas cost of agricultural inputs and croppingaipens for crop production (indi-
rect emissions) for the Grignon-PP (a), Rafidin (b) and GrigiiRANS (c) cropping systems.
The emissions are broken down into the input productionicafjural operations and trans-
port steps.
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was a weak methane sink that mitigated the GWP of the rotaiydt?o. However, the slurry ap-
plication during mustard cropping cycle induced a largelrape emission of 660 g GHC d!

the day of application.

At Rafidin, we estimated three times lowes@® emissions than in Grignon-PR 140 kg CQ-

C eq ha! yr 1), and a large C storage potential resulting from the higkllef residue return.
The more than offset the emissions ofland the indirect emissions, so that the GWP were
-904+-150, -62H1-135 and -673:139 kg CQ-C eq ha' yr! for the NO, N1 and N2 systems,
respectively (Table 4.5). The Rafidin crop rotation is aremsive system with a high level of
inputs and indirect emissions of GHG, but it is compensatedy the resulting high potential of
biomass production and SOC storage. Overall, the Rafiditesysmerges a potentially strong
sink of GHG.

The Table 4.6 summarizes the GWP for the PAN1, PAN2, PAN3rreats of Grignon and that
of the wheat crop cycle of Gebesee. For each field site, onéyavap sequence was simula-
ted. The Grignon-PANs experiments had the same crop segsi@scGrignon-PP but without
slurry application and maize was harvested for grain andfoosilage as it was the case in
Grignon-PP. The PAN1, PAN2 and PAN3 treatments were netceswf GHGs with 509, 913
and 547 kg C@-C eq ha! yr!, resp. The net GWP was higher in the PAN2 treatment due to
an additional N fertiliser application on wheat in comparisvith the two other treatments. In
Gebesee, the wheat crop was a high sink of GHGs due to highu& frggmm manure and slurry
applications during its cropping cycle.

4.3.5 Mitigation strategies

Figure 4.11 compares the GWP of five scenarios with difféated management crop prac-
tices. The initial scenario was the cropping system of GiigRP described in section 4.2.7 and
the sensitivity of its GWP was assessed by changing manadesherop residues, catch crop
in the rotation, N mineral fertiliser amount and CN inputerfr organic fertiliser application.
The scenario SW with straw not removed out of the field presémd lowest GWP due to a
high negative C@balance. Despite of a substantial increase of soil respirét50% compared
to the initial scenario), the return of C from crop residueskes the soil C stock increased by
265 kg C ha' yr~! that offsets the other GHG emissions and makes the GWP 35%¢eiter
of GHGs than the initial scenario (434 kg GQ ha! yr1).

The effect of catch crop was assessed by running simulatwthsut sowing mustard between
barley and maize. The effect on the GWP was minor (+6% condgaréhe initial scenario) due
to a very low C fixation simulated in the initial scenario ahé € input from slurry application
that made mustard a strong C sink was displaced on the badpy c

The N fertilisation affects the GWP due to its effects on fimat N;O emissions and indirect
emissions. Increasing the amount of mineral N fertilisgr$0% involved a GWP 22% higher
than that of the initial scenario for which the N fertilisati was balanced in relation to N crop
demand. NO emissions were increased by 17%, indirect emissions by@&¥met primary pro-
duction only by 1% meaning that optimal yield was alreadycheal with fertilisation of initial
scenario. On the contrary, decreasing the N fertiliser b%36d to a 27% decrease of GWP
compared to initial scenario.
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Agricultural
Time period (efe] N,O CH, inputs Net GWP
Start End kg C@-C eqha'

GRIGNON-PP
Maize 9 May n 150Oct. n 27(4) 179(45) -2 310 514(55)
Wheat 16 Oct. n 5 Oct. n+1 969(139) 235(66) -5 324 1522(204)
Barley 6 Oct.n+1 21 Oct. n+2 356(45) 400(94) -5 338 1087(138)
Mustard 22 Oct. n+2 8 May n+3 -1322(68)  136(41) 3 70 -1112(55)
Rotation 9 May n 8 May n+3 29(255) 949(247) -9 1042 2011(453)
RAFIDIN
Rapeseed NO 10 Sept.n 26 Oct. n+1 187(144)  101(18) - 99 33y (16
Wheat 27 Octn+l 26 Octn+2 -1701(473) 128(41) - 471 -1102(246
Barley 27 Octn+2 9 Sept. n+3 -61(12) 108(43) - 397 444(43)
Rotation NO 10Sept.n 9 Sept. n+3 -1575(629) 338(101) - 967 -270(451)
Rapeseed N1 10 Sept.n 26 Oct. n+1 -1850(348) 121(27) 359  70¢220)
Wheat 27 Octn+l 26 Octn+2 -1355(361) 135(44) - 471 -750(155)
Barley 27 Octn+2 9 Sept. n+3 -255(47)  117(44) - 397 258(31)
Rotation N1 10Sept.n 9 Sept. n+3 -3460(756) 372(114) - 1226 -1862(406)
Rapeseed N2 10 Sept.n 26 Oct. n+1 -2158(429) 159(28) 506  93¢241)
Wheat 27 Octn+l 26 Octn+2 -1339(354) 136(45) - 471 -732(150)
Barley 27 Octn+2 9 Sept. n+3 -309(58)  119(44) - 397 206(25)
Rotation N2 10 Sept.n 9 Sept. n+3 -3806(841) 414(116) - 1374 -2019(417)

TAB. 4.5 : Predictions of net global warming potential (GWP) from slations of net biome production
(CO,=-NBP) and NO emissions, estimation of methane fluxes from chamber neeasnts
and indirect GHG costs of agricultural inputs. Simulatiomsre averaged over 36 and 28 years
for Grignon-PP and Rafidin cropping systems, resp.

We assessed in the last scenario, the effect of slurry agjait on the GWP. Organic fertiliser
application represent large C and N inputs in the crop systedits elimination of the rotation
resulted in a three-times higher GWP in comparison withahgcenario. Slurry brought in the
crop system 1760 kg C hayr—! which represented half of the C removed by straw removal.

4.4 Discussion

4.4.1 Relevance of modelling to estimate GHG balances

The first objective of this work was to test and calibrate ti#ERES-EGC model against ex-
perimental data of CQ N,O, soil variables and crop biomass, from 3 temperate siteatdal
in Western Europe. The model well captured the time courgetaf above-ground biomass for
the crops of the rotations (maize, wheat, barley, rapesdéd) net carbon exchanges between
the soil-plant system and the atmosphere were in agreenmitnthe measurements from daily
time scale to cropping cycle season and rotations. For the8regnental sites and treatments,
the soils drivers for NO emissions were correctly reproduced and, accordingl@) Bmissions
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Agricultural
Time period CQ Ny,O CH; inputs Net GWP
Start End kg C@-Ceqgha!

GRIGNON-PAN1
Wheat 27/10/05 05/10/06 1587 117 -6 371 2070
Barley 06/10/06 30/08/07 -209 208 -5 475 469
Mustard 31/08/07 06/05/08 579 101 -4 109 784
Maize 07/05/08 26/10/08 -2211 119 -3 299 -1796
Rotation 27/10/05 26/10/08 -254 545 -18 1253 1526
GRIGNON-PAN2
Barley 05/10/05 29/09/06 548 154 -13 224 913
Mustard 30/09/06 25/04/07 537 164 -8 115 808
Maize 26/04/07 23/10/07 -2310 140 -7 448 -1729
Wheat 24/10/07 04/10/08 1994 123 -13 643 2747
Rotation 05/10/05 04/10/08 769 580 -40 1430 2739
GRIGNON-PAN3
Mustard 02/09/05 25/04/06 372 71 -3 45 485
Maize 26/04/06 09/10/06 -2592 80 -2 241 -2274
Wheat 10/10/06 07/10/07 2023 221 -4 455 2695
Barley 08/10/07 01/09/08 101 139 4 497 734
Rotation 02/09/05 01/09/08 -97 511 -12 1238 1640
GEBESEE
Wheat 27/10/06 05/10/07 -3773 158 -4 589 -3030

TAB. 4.6 : Predictions of net global warming potential (GWP) from slations of net biome production
(CO,=-NBP) and NO emissions, estimation of methane fluxes from chamber negasnts
and indirect GHG costs of agricultural inputs, for the oneay wheat crop cycle of Gebesee
and the three treatments PAN1, PAN2 and PAN3 of Grignon.

were in agreement with the observations in all sites with E818r RMSEPs ranging from 0.3
to 14.2 g NO-N ha! d~!. Bayesian calibration applied on the six most influent patans of
the nitrous oxide emission module of CERES-EGC allowed usdaoce error of prediction by
6-40% compared to default parameters-based simulati@isstgl independent data sets giON
measurements.

Other studies with similar modelling approaches menti@t the discrepancies between model-
led and observed )D data were in the same range of errors as our simulationsexample,
Del Grosso et al (2005) showed that the DAYCENT model gavlg geediction of N,O emis-
sions with a quite high discrepancy (RRMSE=64%, n=21) fojomzrops in the USA. Del Grosso
etal. %8) also reported that DAYCENT largely overestigdd\,O emissions in irrigated sys-
tem due to an over responsive effect of soil NGn N,O. In the same way, Babu et al. (2006) in-
dicate that the DNDC model predicted daily®Ifluxes with a large lack of fit(RMSE=529.6 g 8-
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FiG. 4.11 :Comparison of net global warming potentials of five scermawveraged over 36-years for the
Grignon-PP experiment (I : initial scenario, SW : straw left soil, CC : without catch crop,
N+ : 50% more N fertiliser, N- : 50% less N fertiliser, ORG : waitht organic fertiliser).

N ha ! d=!, n=134) for rice-based production systems in India witthHayel of N,O emissions
(observed daily mean=49.4 g®8-N ha ! d—1). Frolking et al. (1998) and Li et al. (2005b) com-
pared different models or sub-models for their capacityitoutate N,O emissions from cro-
pland. In most cases, the models were not able to captureaiheN,O flux patterns because
of time lag between observed and modelled peaks and ovendarestimation of the measured
N,O spikes.

Regarding the C balance, we assumed that the net biome pimdueflected the SOC
changes. The balance between C inputs and C losses of theo@RpP field-site was nearly ba-
lanced, while Rafidin had a high potential of C sequestratsnlting from a high C fixation by
crops and a large fraction of inputs as crop residues. As aamprence, C storage was estimated
between 500 and 1300 kg CHayr—! for the various treatments of Rafidin. This is in agreement
with the relatively low SOC mineralization rate of rendziwils (<0.5% of SOC yr'), such as
that of Rafidin, due to physical protection process by thenfdron of calcite formation on the
organic fractions (Trinsoutrot et al., 2000). The high lesebiomass production made possible
by ample fertilizer inputs, together with this low SOC miakzation rate induced a large net
fixation of atmospheric CO Adviento-Borbe et al. (2007) measured the SOC changesaver
5-yr period in continuous maize system with recommendedraedsive fertilisation treatments
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(+70-100% more N fertiliser applied than in the recommentiedtment) in Nebraska (USA).
They reported that C sequestration rates ranging from 46Q@d<g C ha' yr—* for recommen-
ded and intensive treatments, resp., mainly due to high i@ueseturns from maize crops. The
latters ranged between 5500 and 6500 kg Ctha~! in both cropping systems. In Rafidin, C
storage for the intensive rotation was almost twice gredi@n those of the intensive treatment
reported by Adviento-Borbe et al. (2007) whereas the crepltes were slightly lower.

The C dynamics predicted by the model were evaluated at thetolae scale against microme-
teorological measurements of gé&xchanges for entire crop rotations, but it will be necessar
supplement this test by further verifying the ability of CE®-EGC to simulate the rate of soil
C changes in the long term. With this test, we could also camffee methods of estimation of
C term by computing either NBP or long-term simulations fes@ssing change of soil C stock.

4.4.2 Model application for predicting global warming potential

Applying the model to predict the GWPs of crop rotations waes $econd objective of this
work. Climate variability on the different terms of the GH@lance was taken into consideration
by computing the direct emissions oveBO0-yr time series as the successiondfO rotations.
As a result, the GWPs of Rafidin and Grignon-PP were markeiffrent : the rapeseed-wheat-
barley rotation on a rendzina was a net sink of GHG with a GW#20 to -670 kg C ha' yr—!
for balanced and intensive treatments, while the wheatedbarley-mustard rotation on a loamy
soil in Grignon was a net source of GHG, with a GWP of 670 kg C'tha!.

Few other references of GWP of crop rotations, in particu&urope were available for compa-
rison with our results. The GWP of Grignon is twice highenthiaat of 310 kg CQ-C eq ha' yr!,
measured b&/ Robertson et al. (2000) for a conventional rsdybean-wheat system in the US
Midwest United States. The latter authors found no measeisal C sequestration with conven-
tional tillage, and our estimation was also close to zer6 kg CO,-C eq ha'! yr—!). However,
their rotation included a legume crop (soybean) that regliliess N fertilizer amount than cereal
or oilseed crops as into our rotation. In addition, the sysb®mundaries they set for the indirect
emissions were narrower than ours. They only accountechioxXQ, emissions occurring du-
ring the production of agricultural inputs, and not the otG#Gs, although these may account
for half of the total IE of GHG. Consequently, we estimatedvacé higher IE term. In both
cases, MO emissions contributed 50% of the GWP but we estimated@ férm twice higher
than their estimate from measurements, 316 vs. 142 kg€C@q ha' yr—!, respectively. Our
estimations of indirect emissions are much more closeragaiof Adviento-Borbe et al. (20\07)
who estimated indirect emissions that ranged between 2860 kg CQ-C eq ha! yr—! for
continuous maize and soybean-maize cropping systemsotittccounting GHG contribution
of irrigation and grain drying).

4.4.3 Efficiency of mitigation options

The last objective of this work was to assess the sensitofit§WPs to different agricul-
tural practices in order to test mitigation options. The tedficient strategy we identified was
to return crop residues to the soil, ie the wheat and barieystThe worst one was to remove
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the organic fertiliser application which was a substaritiput of C for the entire rotation. Al-
though high CH emissions were recorded immediately after applicatiogy thiere stopped by
soil incorporation a few hours later and the soil was a neét sfrfCH, during the rest of the year.
The methane has little impact on the GHG balance but the fracation of organic fertilisers
immeditely after spreading appears as good option to re@iteemissions from organic ferti-
lizer applications. In the same way, Jones et al. (?005) oredsGHG fluxes from a managed
grassland and reported that application of cattle slursylted in an immediate CHoeak flux
of 2850 g CH-C ha! d~!, during 2-3 days. However, CHluxes were insignificant compared
to N,O emissions in terme of GWP (1500 times lower).

Reducing N fertiliser rates lowers,® and indirect emissions of GHG, but also C fixation by
plants. As a result, the fresh organic matter supply in soitf crop residues is diminished. For
the Rafidin site, the most intensive system (N2) had the lbG®¥¥P due to its large capacity to
store C fixed by crops. On the other hand, adding a third Nifatisplit application on the wheat
crop in the rotation of the Grignon-PAN2 treatment resuited greater GWP due to higher in-
direct and NO emissions compared to the benefits in term of C fixation. Shgplementary
application was mostly aimed at increasing protein cora@atnot plant biomass.

Assessing the effects of new mitigation strategies requane integrated systems approach in
order to encompass the indirect effects of mitigation sgegts and counter-intuitive or unin-
tentional flux changeé (Robertson et Grace, ?004). Implégtien of mitigation strategies that
combines the options of i) enhancing soil carbon sequéstrat) reducing NO emissions and
iii) minimizing synthetic fertilizer use would be highlyfefient in term of systemic reduction of
GWP.

For exampld, Del Grosso et al. (2d)09) showed with the DAY CENIdel that the most efficient
strategy to reduce GHG fluxes, at the global scale, was totaopll cultivation combined with
nitrification inhibitors. However, no-till cultivation kkto greater emissions in some wet regions
of the world where soil moisture was conserved by no-tileetfwhich enhanced denitrification
and N,O emissions which offseted the overall benefits of C storage.

Although the CERES-EGC model allowed us to quantify GWP opping systems and to test
some mitigation strategies, it faced with a number of litndtas, it lacks a capacity to i) well
reproduce the effect of tillage practices on the soil C cleaiiyreflect the nitrification inhibitor
effects on NO emissions and iii) simulate methanogenesis and methapiotiprocesses in soil
and the resulting CHfluxes. Further developments should focus on these pointsgmve the
accuracy of GWP quantification and the assessment of maigaptions and new mitigation
technologies.

4.5 Conclusion

The assessment of the direct emissions at the field scalerasnpant in an accurate es-
timation of GHG balances for agricultural systems. Biopbgsmodelling of the soil-crop-
atmosphere system provides a unique capacity to addresssbe while taking into account the
complex interactions between C and N cycling, as influengezhithropogenic actions. Here, we
tested and calibrated the CERES-EGC model to simulate th® fBbtes of the agro-ecosystem,
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and showed it achieved satisfactory predictions e©Nand CQ fluxes for different cropping
systems representing distinct pedoclimatic conditiortsagricultural practices.

The C dynamics predicted by the model were validated at thg tilme scale against microme-
teorological measurements of G@&xchanges in two of the three sites, but it will be necessary
to supplement this test by further verifying the ability cERES-EGC to simulate the rate of
changes in the long term.

The modeling approach was used to devise different stegegimitigate the GWP of cropping
systems. Various scenarios involving some modifications@b management (eg, fertilisation,
rotation, crop residue management) were tested for thisqaa. Other environmental impacts
may be output by the model and included in the analysis, itiquéar the emissions into air or
water of NH;, NO; ', or NO. Thus, the overall environmental balance of the adfical systems
may be approached, making it possible to design agricultystems with high environmental
performance.
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réchauffement global des agro-écosystemes. Pour y régonduas avons mis

au point une méthodologie générale basée sur la modétishibphysique.
Elle permet de prendre en compte la régulation des flux et deepsus sous-jacents
par les conditions pédoclimatiques locales et les prasigigeonomiques.
La boucle de progres de modélisation, décrite en introdocta été appliquée au
modele CERES-EGC. Elle a permis de calibrer ses paramétdeévaluer son erreu
de prédiction dans la simulation des flux degONet de CQ a I'échelle de la parcell¢
Ce modele, qui intégre le fonctionnement de I'agro-éc@systdans son ensemble, lest
désormais en mesure de quantifier le bilan de GES des systinuestures, avec une
marge d’erreur que nous avons estimeée.

I a problématique centrale de ce travail de these était diestie pouvoir dé

-

\1%

Les perspectives de ce travail portent sur I'intégratiomdaeveaux processus dans le
modéle, sa valorisation dans des modéles multi-écosystéimerapolation spatiale|a
I'échelle du paysage et de la région, et le développememt chuplage écosysténe-
atmosphere.
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5.1 Bilan du travail de these

La problématique centrale de ce travail de thése étaitidieste pouvoir de réchauffement
global (PRG) des agro-écosystéemes. Pour y répondre, nons avs au point une méthodologie
générale basée sur la modélisation biophysique. La boegheatjrés de modélisation, décrite en
introduction, a été appliqguée au modeéle CERES-EGC et a patencalibrer ses parametres et
d’évaluer son erreur de prédiction a simuler les flux d®©Nt de CQ a I'échelle de la parcelle.
Ces flux dépendent de processus liés a I'activité microbiglee des sols et a la croissance des
cultures qui sont eux-mémes régulés par les conditionsgtiéatiques locales et les pratiques
agronomiques. Le modeéle CERES-EGC integre le fonctionnéme I'agro-écosysteme dans
son ensemble et est désormais en mesure de quantifier l@bilGES des systemes de cultures.

Amélioration du modéle CERES-EGC

Ce travail de thése a permis de développer une méthode theatmlin des parameétres basée
sur une approche bayésienne. Cette approche est peuaipilisg les modéles d’écosystemes
complexes et nous avons démontré son intérét pour estimpatameétres et pour quantifier I'in-
certitude des sorties.
La calibration bayésienne du module d’émissions d® e CERES-EGC a été réalisée grace
a une base de données de mesures d’émissions@eghdvenant de 7 sites expérimentaux en
France. Elle a été appliquée successivement sur les difféjeux de données afin d’estimer la
valeur a posteriori des parametres et a permis d’amélioren@/enne de 75 % l'ajustement aux
données. La méthode a été utilisée pour estimer les pamsrigtpliqués dans la modélisation
des échanges nets de £8@vec des jeux de données provenant de 2 sites expérimeniaux a
conditions pédoclimatiques contrastées (Grignon et Aécaddomme pour le ND, la calibration
a fortement amélioré la performance du modéle par rappdautiidation des valeurs initiales de
parameétres. Le modéle est capable d’estimer les flux dg @puis I'échelle journaliére jusqu’a
la rotation entiére.

L'erreur de prédiction du modeéle a été évaluée avec des jewodnées indépendants de
ceux impliqués dans la calibration. Nous avons alors purjdgesa performance a simuler les
flux de N,O et de CQ. Les erreurs de prédictions sont comparables, voire ediées, a celles
des modeles DNDC et DAYCENT qui sont largement utilisés autte actuelle pour simuler les
échanges de GES.

Mise au point d'une méthode pour I'extrapolation spatiale

Les modéeles d’écosysteme sont développés pour fournirrddgcfions sur un large domaine
de temps et d’espace pour lesquels peu d'observations ispainibles. L'application du modeéle
a un nouveau site ou a une échelle spatiale plus large a daessit la mise au point d’une
stratégie de calibration qui puisse permettre d’estimerédeurs “universelles” des parametres.
Nous avons proposé une telle méthode basée sur la calibtzigesienne en utilisant simulta-
nément les jeux de données mesurées disponibles dans &dpredite “multi-sites”. Celle-ci
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permet d’améliorer en moyenne de 30 % I'ajustement aux demr@ertes, cette méthode donne
des résultats moins bons qu’une calibration spécifiquetauraris elle permet de rendre le mo-
dele opérationnel pour la spatialisation des émissioresedlcul du PRG pour tout nouveau site.
La procédure “multi-sites” fonctionne en routine : des quhouveau jeu de données d’observa-
tion est acquis, il peut étre assimilé par la procédure déragion et participer a I'amélioration
du modéle.

Utilisation du modele pour des applications variées

L'application du modéle permet d’intégrer les flux de gazfatefe serre dans le temps, pour
réaliser des bilans, ou dans I'espace, pour produire desiaires. Grace a son amélioration et
a I'évaluation de son erreur de prédiction, le modéle estaifmqnel pour calculer le bilan de
GES des systemes de cultures et des facteurs d’émissi@ss allissi en mesure de produire des
cadastres de flux de GES a I'’échelle régionale. Les bilansale d& GES permettront d’affiner
les analyses de cycle de vie (ACV) des produits agricolesrengmt en compte les conditions
locales du milieu et les pratiques agronomiques. La vanageographique des flux de GES im-
plique que la méthodologie de 'ACV basée sur I'utilisatie facteurs d’émissions universels
soit revisitée.

Dans ce travail de thése, le modele a permis de quantifieléaslannuels de O et les fac-
teurs d’émissions pour 7 sites expérimentaux. Les bilaé,@epour les sites étudiés présentent
des facteurs de conversion qui sont inférieurs au 1 % prééqguar la méthode de niveau 1 de
'IPCC. Les flux annuels de )D ont été estimés entre 90 et 3 700 gONN ha! an! et les
facteurs d’émissions entre 0.05 et 1.15 % de I'engrais dppbrapparait que la valeur de 1 %
surestime les émissions qui, de surcroit, ne sont pasestrait proportionnelles aux quantités
d’engrais apportées.

Les bilans de C@ont été quantifiés pour 3 sites expérimentaux en Europe hdlicde
cycles et de rotations de cultures. L'application du mo@epermis d’évaluer le pouvoir de ré-
chauffement global de systémes de cultures eny incluagthessions de hD et les bilans de C
simulés sur 30 ans. Les flux de méthane mesurés et les énsigsitrectes dues a la production
des intrants et aux opérations culturales ont égalememtégirés au calcul du PRG. Nous avons
estimé que la rotation de Grignon (mais-blé-orge-moujagthEt une source de GES a hauteur
de 670 kg CG-C ha! an! alors que la rotation du site du Rafidin (colza-blé-orgeit érapuits
net de GES d’environ 650 kg GEC ha* an!. Les importants retours de résidus de cultures
dans le cas du Rafidin induisent un potentiel de stockage de émpense largement les émis-
sions.

La recherche de stratégies de mitigation du PRG des syst@mesltures a été initiée dans le
chapitre 4. Elle nécessite d’étre poursuivie afin d'y inelles autres émissions et pertes vers I'en-
vironnement (NO, NHl, NO;') pour s’assurer de I'absence de transferts de pollutiodsete-
liorer le bilan environnemental dans son ensemble.
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Le modele CERES-EGC a également été appliqué pour estinsendentaires spatialisés
d’émissions de DO des écosystemes cultivés, a résolution journaliere etchdlle de la ré-
gion Tle-de-France (annexe A). Les premiéres simulatiang fa période 2000-2001 montrent
une sensibilité importante des émissions d®©N la distribution spatiale des types de sols et
aux données météo. Les inventaires de CERES-EGC serontsapmodele de transport at-
mosphérique CHIMERE (développé a IIPSet utilisé au LSCEE). Les concentrations de,®
prédites seront comparées avec les mesures atmosphégglisées au LSCE.

5.2 Perspectives

Les modeles d’agro-écosysteme a échelle parcellaire degomtinuer a étre améliorés afin
d’y incorporer les processus manquants (épisodes de gel;d&changes de méthane, diffusion
des gaz dans le sol...), avec un objectif d'intégration desvelles connaissances. L'obtention de
données observées au sein de 'TUMR EGC ou via des réseauxsigga@ermettra d’élargir le
domaine d’application des modéles pour des conditionsqigdatiques variées et d’améliorer
la modélisation des processus et des fonctions de réponse.

Par ailleurs)'inter-comparaison des modelegpermettra d’identifier les points faibles et les
points forts de chacun. Une méthode de comparaison bayésitss modéles d’écosysteme est
développée dans le projet NitroEurope et sera mise en caue@jrt-terme, pour les modeles
d’agro-écosystéme. Le modele CERES-EGC participe a cetigaraison et sera confronté aux
modeles DAYCENT et DNDC. La calibration est une étape pi#dala l'inter-comparaison et
devra étre basée sur une méthode similaire pour tous leslesoeieappliqguée avec des jeux de
données identiques.

Une utilisation concomitante de plusieurs modéles powgadeinent fournir une estimation plus
précise des prédictioﬁs (Fisher et al., 2002).

Le développement dmodeles modulaires multi-écosystemea I'image de la plate-forme
MOBILE (Modular biosphere simulation environmendgveloppée par I'lMK-IFU, Garmisch,
All.), ou comme le modéle de végétation ORCHIDEE (développélLSCE, Krinner et al.

2005)), est une perspective intéressante pour simulfiubede GES des différents écosystemes
(forét, prairie, culture). Ces plates-formes pourronbviger le développement de modeéles dédiés
aux écosystéemes cultivés, comme CERES-EGC, ce qui leurgbieand’améliorer la modélisa-
tion des émissions agricoles et la représentation degjpestiagronomiques.

L'intégration de modeles d’agro-écosysteme ddgsmodeles a échelle du paysa@guelques
km?), comme NitroScape, est une perspective intéressantetdaved. A cette échelle plus fine,
il faudra considérer les transferts et la redistributiofiazote via I'air et I'eau ainsi que le raison-
nement des pratiques a I'échelle de la ferme. Dans cettquaptil conviendra de se concentrer
sur de nouvelles especes azotés {NWO,) et aux processus de dépbts. Des bilans de GES plus
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complets pourront alors étre déterminés en prenant miewospte la “cascade de l'azote” et
les émissions indirectes qui ont lieu en aval de la parcelievée.

Appliquer les modeéles d’écosystémarie échelle régionalg10?-10° km?) permet de four-
nir des inventaires spatialisés de flux de GES plus précisqur issus de calculs par facteurs
d’émissionsl’approche “bottom-up” décrite en annexe A devra continuer a étre développée.
Pour cela, la compilation d’informations géoréférencéms pes données d’entrées des modéles
est une tache importante qui nécessite d’étre poursuivie.

Un couplage des modeéles d’agro-écosysteme avec des modelemaphériquesde chimie-
transport ou de circulation générale permettra de moddésagevenir des émissions de® et
des autres polluants azotés dans I'atmosphere. Ainsi, pousons estimer I'impact des émis-
sions agricoles sur la qualité de l'air et les concentratien gaz a effet de serre a I'échelle
régionale, voire sur le climat a I'échelle globale. Les éaes sol-végétation-atmosphere et
les relations entre les sources et puits de polluants imetant d'intégrer dans les modéles
d’agro-écosysteme des schémas de transferts sol-végetthosphereéSVAT) spécifiques aux
polluants étudiés. La confrontation des simulations ceepEcosysteme-atmosphére a I'échelle
régionale avec des mesures atmosphériques intégratéaksaes sur des tours a flux permettra
d’évaluer la robustesse de la méthode de modélisatiore €esiluation garantira le réalisme des
simulations des émissions biogéniques pour une extrapolatdes échelles supérieures (conti-
nentale voire globale).

Les estimations spatialisées des sources de GES permgdtémtaliser des zones d’émis-
sions critiques (“hot-spots”) liées aux caractéristigpbgsiques du milieu, au bassin de pro-
duction et aux pratiques de gestion agronomique. Cettérdiitiation spatiale des émissions
permettra de focaliser les efforts pour une réduction aeffodes impacts. Les effets de filieres
émergentes comme la bioénérgie, de politiques agri-emvémentales, ou encore de scénarios
de développement de systémes alimentaires ou énergéetquegses, pourront étre évalués du
point de vue environnemental a I'échelle d’un territoir&Jaluation simultanée du pouvoir de
réchauffement global des agro-écosystemes, de la qualltéidet des impacts d’eutrophisation
et d’acidification, contribuera a élaborer des systemeahiles.
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Modélisation des émissions de protoxyde
d’azote d’origine agricole a I'échelle de la
region lle-de-France
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dans I'atmosphere. En France, I'agriculture contribue @&8es émissions

nationales, mais ces estimations sont entachées d’'unédeg@imcertitude
LUMR INRA-AgroParisTech Environnement et Grandes Cudtsidoit produire des
cartes (ou cadastres) d’émissions a haute résolutioraspati temporelle, a l'aide de
modeles d’agro-écosystéme et de bases de données gé&mecéies, dans le cadre |du
projet de recherche N-TWO-O.
La région d’étude est I'lle-de-France qui a une superfici21672 kni et une surface
agricole utile de 580 000 ha. Les simulations ont été efsstipour une période de [14
mois grace a I'extrapolation du modele CERES-EGC de I'delpalrcellaire a I'échelle
régionale.
Les premiers résultats ont permis de tester le modele CHRES-en analysant diffe-
rents scénarios de paramétrisation et de sources de dodeéd®es (sols, météorp-
logie). lls montrent que les émissions régionales sontilskessaux types de sols, aux
données météorologiques spatialisées et aux choix des etess.

I es sols agricoles constituent une source importante dexydé d’azote (NO)
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A.1 Introduction

Les sols agricoles constituent une source importante dexprde d’azote (NO) dans I'atmo-
sphére. Ce composé azoté résultant des processus miogihicds de nitrification-dénitrification
dans les sols est un puissant gaz a effet de serre (GES) aypeuvoir de réchauffement global
équivalent a 300 fois celui du GOEnN France, I'agriculture est responsable de 75 % des émis-
sions totales de MD, mais avec une large fourchette d’'incertitude. D’apriewéntaire des prin-
cipaux GES en lle-de-France réalisé éar Airbé@OOES,émissions de MD toutes sources
confondues, pour la région en 2000 sont de 10 565 t,-H !, et I'agriculture contribue a
25 % des émissions, soit environ 2700 t NONarmt. Ces émissions pourraient étre quantifiées
plus précisément par 'utilisation conjointe de modelespbiysiques fonctionnant a I'échelle de
la parcelle agricole et de systemes d’information géograes.

Dans le cadre du projet de recherche N-TWO-O (décrit damséidré ci-contre), 'TUMR INRA
AgroParisTech Environnement et Grandes Cultures doityiredles cartes (ou cadastres) d’émis-
sions & haute résolution spatiale et temporelle pour lasssagricoles de ) en lle-de-France,

a l'aide de modeles d’agro-écosystemes et de bases de daypdeeéférencées.

Deux méthodologies sont envisageables pour le développeatadels cadastres :

» La premiere, de type «top-down», consiste a considérayhaée statistique générale pour
calculer les émissions nationales ou régionales et aartitiss clés de répartition ou de
désagrégation pour générer des données nécessaires @wnoahe échelle plus fine (dé-
partement, canton ou maillage). Méthode globalement &fatiit en temps, et permettant
de nombreux raccourcis méthodologiques et techniques;;

» La seconde, de type «bottom-up», se base sur une collecterthees du niveau le plus
fin vers le niveau le plus agrégé en les rassemblant/rdalistnt, privilégiant les sources
de données détaillées aux clés de répartition. Approche qdliteuse en temps et plus
problématique car les données et la méthodologie doivenaéaptées I'une a I'autre pour
former un modele cohérent d’estimation des émissions.

L'objectif final de ce projet est de confronter des invergaid’émissions de D a des estima-
tions obtenues par combinaison de modeles atmosphérigjdeseesures intégratrices de®l
pour la région. La zone d’étude couvre une surface de 12 072 &nfa période de simulation
se déroule de novembre 2000 a décembre 2001, ce qui commemiiiodes de cultures et
d’inter-cultures.

A.2 Matériel et méthodes

A.2.1 Methodologie générale

La méthode utilisée dans notre cas est de type «bottom-afpe,que mise en place par
Rolland (ZOOB) pour les émissions d’oxyde nitrique (NO)get vise a conserver le niveau de
précision des informations locales disponibles afin detroms un cadastre d’émission a haute
résolution.

Les simulations effectuées avec le modéle CERES-EGC saptéss aux méthodes de systeme



A.2. MATERIEL ET METHODES 143

d’information géographique (SIG) pour produire des inegnets spatialisés d’émissions ded\

en fonction des données locales d’itinéraires techniqdesnétéo et de types de sol. CERES-
EGC permet de calculer la dynamique temporelle des émissierNO pour les principales
cultures de la région. Pour réaliser ces calculs,hase de données des entréasté constituée
avec le SIG Rollan8). Celle-ci regroupe les itim&amitechniques des cultures, les types
de sols et les variables météorologiques pour la région.

Les variables de sortie comme les émissions d®,Na température, I'hnumidité, la teneur en
ammonium dans le sol et les rendements sont stockées dhasdade données des sorties
Cette base finale peut étre lue sous le SIG, permettant ansaidographier les émissions de
GES, a différents pas de temps (journaliers, mensuels gdg)nu

A.2.2 Description du modéle CERES-EGC

Le modele de cultures CERES-EGC (Crop-Environment REssuBynthesis - Environne-
ment et Grandes Cultures) permet d’évaluer la productétités impacts environnementaux des
cultures. Il simule a un pas de temps journalier le dévelopgd et le rendement des cultures
dGabrieIIe etal., 1998b), ainsi que les sorties environergiales, comme le lessivage des nitrates
et les flux de GES (ND, CGO;), de précurseurs d’ozone (NO) et d'ammoniac (NiGabrielle
etal. k2006b)). Le modele a été appliqué pour spatialisegmeissions de ND des sols agricoles
de la Beauce, dont la surface agricole est de 59000 ha (Balwteal., 2006a). Le modéle re-
guiert comme données d’entrée les caractéristiques dwholé&; les pratiques culturales et les
conditions météorologiques locales.

Données d’entrées

Les sols sont représentés par une superposition d’hor&dénsentaires, caractérisés par le point
de flétrissement, la capacité au champ, le point de satordé@H, le contenu en carbone or-
ganique, et la densité apparente. Il est nécessaire derd#gsiconditions initiales (concentra-
tions en NH et NQ;, humidité) pour chaque horizon de sol. Les itinéraires tiégples sont
définis par les opérations culturales suivantes : le semisedtulture (date, variété, densité de
graines), la fertilisation (date, type et quantité d’engjrd’irrigation (date, quantité d’eau) et la
gestion des résidus. Enfin, les variables météorologigemsises sont les valeurs journalieres
de température minimale et maximale de l'air a 2 m, le rayomer@ global, les précipitations,
I'évapo-transpiration potentielle et la vitesse du vent.

Le calcul et |la spatialisation des émissions deJ®

Pour ce travail, les émissions de®l sont simulées sur une période de 14 mois pour la région
Tle-de-France. Demutines de spatialisation des données sols et métpermettent au modeéle
de lire la base de données des entrées contenant les idgstifies unités de simulation qui
affectent un type de sol et une météo a chaque unité.

Les émissions de J)D sont calculées a partir des processus de nitrification dédérification,
fonctions de la température, de '’humidité, et du contenazate minéral dans le sol.
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A.2.3 La base de données des entrées
A.2.3.1 Définition des unités de simulation

Les unités de simulation sont nécessaires pour estimeniesi®ns de MO avec CERES-
EGC, chacune possédant un identifiant unique qui permetstiebdier la météo ainsi que [l'iti-
néraire technique correspondant. Elles ont été obtenues@ant 3 types de couches d’infor-
mation : "sol* occupation des sols cantons”. La couche "cantons" permet de positionner les
statistiques agricoles, c’est-a-dire 'assolement désii@s par canton. On distingue 16 types de
sols sur la région Tle-de-France, distribués dans les sidigésimulation, pour former la carte des
sols de I'lle-de-France (Fig. A.1).
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FiGc. A.1: Carte des sols cultivés pour la région lle-de-France (R&IMS).

A.2.3.2 Les données météorologiques

Les données météorologiques proviennent des simulati@ed@modele méso-échelle MM5
(résolution de 5 km 5 km) pour la période 2000/2001 (par la suite sera utiliséematéo pro-
venant du modéle WI@pour la période 2006/2007). La météo est distribuée ser-ti#-France

IMesoscale Model - http ://www.mmm.ucar.edu/mm5/
2Weather Research and Forecasting model - http ://wrf-modgindex.php
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en fonction d’identifiants, par interpolation sous le SIGelg maillage d’origine sur le maillage
régulier de la version francilienne de CHIMEﬁErésolution de 6 km 6 km), qui est le modele
atmosphérique de chimie-transport qui sera utilisé panukar le devenir des émissions de
Grace a la base de données des entrées ainsi constituésgquipe, pour chacune des unités de
simulation, le type de sol, les itinéraires techniques etdéaéorologie, il est possible de réaliser
les simulations spatialisées.

A.2.4 Simulations et spatialisation des eémissions

Les simulations régionales sont réalisées sur une périedé4dmois (du 01.11.2000 au
31.12.2001) pour les différentes cultures : mais, orge batéerave, colza, pois et jachére. Celles-
ci permettent d’obtenir les flux de® (journaliers g N-NO ha ! j—! ou totaux g N-NO ha?).
Ensuite, connaissant la répartition surfacique des astpour chaque unité de spatialisation
(pourcentage estimé a I'échelle cantonIZO(BB))Js pouvons obtenir les flux de
N,O des sols cultivés de I'lle-de-France de la maniére suévant

Fnoo,i = %Sic Fnooie (A1)

avecFys0 ; le flux de NO (journalier en g N-NO ha ! j~! ou total en g N-NO ha') par unité

de simulation i, %9. la répartition des surfaces des cultures par unité de stronlat Fy20 ;. l1€
flux de N,O (journalier en g N-NO ha ! j=! ou total en g N-NO ha!) par unité de simulation
pour une culture.

La derniére étape consiste a cartographier les émissiand’éoitres sorties tels que les rende-
ments) a I'aide du logiciel de SIG, ce qui permet d’obtenibése de données des sorties. La
méthode ainsi décrite peut étre résumée par la Figure A.2.

A.2.5 Deéfinition des scénarios pour I'analyse de sensibit

Des tests ont été effectués sur les cultures de blé (cultbieed), de mais (culture de prin-
temps) et d’orge d’hiver, pour observer la sensibilité dasséions de NO a différents facteurs
(types de sol, scénarios météo, jeux de parametres).

Type de sol

L'influence du sol sur les émissions de@® a été testée pour quatre types de sol (Calcosol
caillouteux, Luvisol hydromorphe, Neoluvisol et FluvisoCes tests ont été réalisés pour une
culture de blé, en simulant les émissions régionales ssisegsent avec un unique type de sol.

Scénarios météo

L'influence de quatre scénarios météorologiques a étéeteptiuir analyser la sensibilité des
émissions aux facteurs climatiques. Le nom et la définities sténarios sont définis de la ma-
niere suivante :

SCHIMERE chemistry transport model - http ://www.Imd.petftnique.fr/chimere/
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Data base Primary datas

- MM5/GN5: Tmax, Tmin, Rg, Rain...
Structuring datas - RGA 2000: crop surfaces
- IGN: administrative limits - Investigating of crop practices 2001
- InfoSol: soil cartographic units (sowing, fertilization...)
- Corine Land Cover: soil uses - Infosol: texture, type of soils

Geographical cantons

Information

System arable crops
type of soils
meteorology

crop practices
type of crops

Primary base = simulation units

. . Crop
Climate Soil management
! ; !

Wheat

Maize CERES-EGC

Sugarbeet
. i daily N,O stocks of Field measurements
Tsoil , Hsoil b g76n NH,: , NOs MMS model

G.l S Daily N,O emissions
Final base

FiG. A.2 : Méthodologie utilisée pour réaliser une carte régionalérdissions de §D avec un pas de
temps journalier (adapté de Rolland (2008).
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FiG. A.3: Effet du type de sol sur les émissions d©Npbour la période de nov. 2000 a déc. 2001.
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» Météo Grignon mesuréenétéo mesurée sur le parc météorologique de Grignon, bEsez
représentative de la météo des Yvelines (en terme de piaonis minimales, maximales
et cumulées, et étendue a toute la région) ;

* Météo Grignon simuléemétéo du pixel MM5 contenant le site de Grignon, étenduei&to
I'lle-de-France;

« Météo MM5 moyenne moyenne spatiale des pixels MM5 sur I'ensemble de Ile-de
France, et appliquée a toute la région;

» Météo MM5: météo distribuée spatialement, obtenue avec le modéle MM5

Scénarios de paramétrisation
Deux jeux de paramétres du moduleNde CERES-EGC ont été testés (Tab. A.1) :
e parametres initiaux valeurs des paramétres initiales du modéle ;
» parameétres calibrés jeu de parameétres calibrés avec les données journalibtesues
sur le site expérimental de Grignon avec la méthode des atesnalitomatiques, sur une
période d’'un an.

Paramétres (description) initiaux calibrés
vpd (potential denitrification rate (kg N/ha/day)) 7.000 34.
ratio (ratio of N;O to total denitrification flux (unitless))  0.250 0.36
TIWFPS (WFPS treshold for denitrification (%)) 0.620 0.610
Km (half-saturation constant (denit) (mgN/kg soil)) 22000 24.690
TTr (temperature treshold (degrees C)) 11.000 10.050

POW(denit (exponent of power function (unitless)) 1.740 604

TAB. A.1: Récapitulatif des jeux de paramétres.

A.3 Reésultats et discussions

Effet des classes de sols

La Figure A.3 présente les émissions dgdNpbour quatre types de sols, et avec les sols spatialisés.
Le type de sol a un effet important sur les émissions, en, &fédles-ci varient considérablement
en fonction du type de sol (de 365 a 3 750 g hc\ha't).

Effet des scénarios météo

Le Tableaull A.2 présente l'effet des 4 scénarios météo, défanis la partie A.2.5, sur les émis-
sions de NO et sur les rendements, pour les cultures de blé et de maffetlte la météo se
remarque particulierement avec la comparaison des so&mdétéo Grignon mesurést Météo
Grignon simulég et on constate :

e qu'appliquer la météo Grignon mesurée revient a minimiseflux de NO par rapport a
ceux obtenus avec la météo MM5 (resp. 1500 g fOGNha* contre 1826 g N-BNO ha!
environ dans le cas du blé, et 2115 g NeNha ! contre 3320 g N-NO ha! environ dans
le cas du mais);
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» que les rendements sont plus élevés et cohérents aveatssiglies régionales pour la
meétéo Grignon mesurée plutét qu’avec la météo MM5 (pouréde @® g/ha contre 30 g/ha
resp., alors que la moyenne 2001 est de 76 g/ha pour la rélgi«ﬂeiFrand@.

Pour simuler les émissions de® il conviendra d’utiliser de préférence la météo spatéia
condition que les données soient fiables. En effet, la pogcides simulations MM5 peut étre
remise en question; par exemple pour le pixel Grignon sugétéioge 2000/2001, on a observé
gue les précipitations simulées sont presque deux foidailies que les précipitations mesurées
(677 mm contre 1119 mm).

Les facteurs de conversion de I'engrais efONcalculés a partir de IMétéo Grignon mesurée
sont de 0.95 % pour le blé et de 1.5 % pour le mais a I'échelieméte.

Culture Météo Grignon mesurée Grignon simulée  MM5 moyennéVi5M
Blé Rendement moyen (g/ha) 69 25 34 32
Blé Flux moyens (g N-NO ha!) 1510 1827 1692 1841
Blé Emissions totales (t N-)D) 341 400 368 409
Mais Rendement moyen (g/ha) 70 20 37 35
Mais Flux moyens (g N-pD ha!) 2115 3321 3300 3190
Mais  Emissions totales (t N-JD) 69 99 99 96

TAB. A.2: Comparaison de I'effet des 4 scénarios météo sur les émsssi® NO et sur les rendements
(blé et mais) pour la période de nov. 2000 a déc. 2001.

Effet de la paramétrisation

Nous avons analysé I'effet du choix des paramétres de CHRESsur les émissions de, 8.

Les simulations ont été réalisées pour la région et pour tege de nov. 2000 a déc. 2001,
pour trois cultures différentes (blé, mais et orge) aveaks< jeux de parametres : initiaux et
calibrés. La météo MM5 spatialisée a été utilisée pour lesikitions. Le tableau A.3 présente
les rendements moyens et les émissions ¢@.NLes émissions obtenues avec les parametres
calibrés sont en moyenne 60 % inférieures aux émissionsoéseavec les parametres initiaux.
Dans les deux cas, les rendements faibles obtenus avec ¢ éli5 suppose qu’une partie
importante de I'azote apportée n’est pas absorbée par déegegsl et est donc potentiellement
disponible pour la dénitrification et la nitrification.

Cartes d’émissions

Les simulations ont permis de réaliser la spatialisatianéirissions de )0 pour la région lle-
de-France. Les cartes A.4/ et A.5 présentent I'évolutionéieissions moyennes journaliéres de
N,O pour chague mois de I'année 2001, pour toutes les cultunefordues. Ces cartes per-
mettent d’identifier des “hot spots” au sud de I'lle-de-Fraprincipalement, et au nord pour les
mois de mars et avril.

4Agreste, http ://agreste.agriculture.gouv.fr/
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Parameétres Type de culturdendement  Fluxmoyens  Flux totaux
TP (q/ha)  (gN-NOha') (tN-N,O)

initiaux blé 32 1841 409
initiaux mais 35 3190 96

initiaux orge 47 3364 182
calibrés blé 32 841 199
calibrés malis 35 1291 42
calibrés orge 47 1516 86

TAB. A.3: Comparaison des émissions deNet des rendements moyens obtenus avec les deux jeux de
parameétres initiaux et calibrés.

A.4 Conclusion

Le modele CERES-EGC couplé aux méthodes SIG permet de @lédiemissions deJO

en fonction des facteurs d’entrées relatifs aux types deasad conditions météorologiques lo-

cales et aux pratiqgues agronomiques. L'effet du type detssd eépartition géographique a une
influence importante sur les émissions et sur leur locatisates conditions météo déterminent
le rendement des cultures et les niveaux d’émissions, lieahdonc d’avoir des données météo
spatialisées représentatives de la réalité. Par exemgls précipitations sont sous-estimées,
I’humidité du sol le sera également et la dénitrificatiorageeu active. Enfin, les paramétres de
dénitrification doivent étre correctement calibrés poomder au mieux les flux de .
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ANNEXE A. INVENTAIRES REGIONAUX D’EMISSIONS DE NO
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Abstract

Dynamic crop models are frequently used in ecology, agronomy and environmental sciences
for simulating crop and environmental variables at a discrete time step. They often include a large
number of parameters whose values are uncertain, and it is often impossible to estimate all these
parameters accurately. A common practice consists in selecting a subset of parameters by global
sensitivity analysis, estimating the selected parameters from data, and setting the others to some
nominal values. For a discrete-time model, global sensitivity analyses can be applied sequentially at
each simulation date. In the case of dynamic crop models, simulations are usually computed at a
daily time step and the sequential implementation of global sensitivity analysis at each simulation
date can result in several hundreds of sensitivity indices, with one index per simulation date. It is
not easy to identify the most important parameters based on such a large number of values. The
purpose of this paper was to study the interest of an alternative method called multivariate global
sensitivity. Sequential global sensitivity analysis and multivariate sensitivity analysis were
compared by using two dynamic models; a model simulating wheat biomass named WWDM and a
model simulating N>O gaseous emission in crop fields named CERES-EGC. N,O measurements
collected in several experimental plots were used to evaluate how parameter selection based on
multivariate sensitivity analysis can improve the CERES-EGC predictions.

The results showed that sequential and multivariate sensitivity analyses provide modellers with
different types of information for models which exhibit a high variability of sensitivity index values
over time. Conversely, when the parameter influence is quite constant over time, the two methods
give more similar results. The results also showed that the estimation of the parameters with the
highest sensitivity indices led to a strong reduction of the prediction errors of the model CERES-
EGC.

Keywords: crop model, mean squared error of prediction, N.O emission, sensitivity analysis,
parameter estimation.
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1. Introduction

Dynamic crop models are frequently used in ecology, agronomy and environmental sciences
for simulating crop and environmental variables of interest at a discrete time step. These models are
useful for the management of endangered species (e.g Santangelo et al., 2007), for understanding
intraspecific and interspecific competition (e.g Yakubu et al., 2002; Wu et al., 2007), for pest
management (e.g Matsuoka and Seno, in press), for predicting plant growth (e.g Bechini et al,
2006; Boote et al., 1996; Passioura, 1996) or for greenhouse gas management (Gabrielle et al,
2006b). For instance, CERES-EGC is a discrete-time model that simulates the emission of nitrous
oxide (N:O), a potent greenhouse gas, into the atmosphere on a daily time step (Gabrielle et al,
2006a).

Discrete-time models can include many parameters whose values are uncertain. The
uncertainty on the parameters is a major source of uncertainty on the model predictions.
Consequently, the estimation of the uncertain parameters from experimental data is an important
step and model performances depend for a large part on the accuracy of the parameter estimates
(Butterbbach-Bach et al., 2004; Gabrielle et al., 2006a; Lehuger et al., in press; Makowski et al.,
2006a; Wallach et al., 2001). Model predictions based on inaccurate parameter values are
unreliable and hardly meaningful.

In general, it is impossible to estimate all parameters of complex models simultaneously
(Bechini et al, 2005). A common strategy consists in selecting a subset of parameters to be
calibrated using sensitivity analysis, and fixing the others to some nominal values (Makowski et al.,
2006a; Makowski et al., 2006b; Monod et al., 2006; Wallach et al., 2001). Several local and global
sensitivity analysis methods have been developed and applied to identify the parameters that require
an accurate estimation (Cariboni et al., 2007; Homma and Saltelli, 1996; Saltelli et al., 2000b;
Saltelli et al., 2004; Saltelli et al., 2006). Methods of global sensitivity analysis are useful and are
easy to interpret. They allow modelers to perform factor prioritization, i.e to determine which subset
of parameters accounts for most of the output uncertainty. Those factors with a small contribution
can be set to some nominal value or to any value within their uncertainty range. The use of
sensitivity analysis to select the parameters to estimate relies mainly on the intuitive idea that
predictions are more accurate when the most influent parameters are accurately estimated. There
have been few attempts to formalize this kind of relationship or even to check it empirically in
realistic situations.

For a discrete-time model, global sensitivity analysis methods can be applied sequentially at
each simulation date. In the case of dynamic crop models, simulations are usually computed at a
daily time step and the sequential implementation of global sensitivity analysis at each simulation
date can result in several hundreds of sensitivity indices, with one index per simulation date. It is
not easy to identify the most important parameters based on such a large number of values
(Campolongo et al, 2007). In addition, there is a high level of redundancy between neighbouring
dates and interesting features of the dynamics may be missed out.

Campbell et al. (2006) proposed to use a different approach with dynamic models, called
multivariate global sensitivity analysis. Their idea was to decompose the time series of model
outputs upon a complete orthogonal basis and to compute sensitivity indices on each component of
the decomposition. The orthogonal basis can be determined by principal component analysis from a
set of model outputs computed using various combinations of parameter values. When the
variability of the model outputs can be explained by a small number of principal components, this
approach allow modelers to analyze the sensitivity of a large number of dynamic model outputs by
computing a small number of sensitivity indices; one index value per parameter and per principal
component instead of one index value per parameter and per simulation date. Although this
approach looks promising, it has never been applied to dynamic crop models
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The purpose of this paper was to study the interest of multivariate global sensitivity for
dynamic crop models. Sequential global sensitivity analysis and multivariate sensitivity analysis
were compared by using two dynamic models; a model simulating wheat biomass named WWDM
(Makowski et al., 2004; Monod et al., 2006) and a model simulating N,O gaseous emission in crop
fields named CERES-EGC (Gabrielle et al., 2006a, 2006b). N,O measurements collected in several
experimental plots were used to evaluate how parameter selection based on multivariate sensitivity
analysis can improve the CERES-EGC predictions.

2. Material and methods
2.1. Models

2.1.1. The Winter Wheat Dry Matter model

The Winter Wheat Dry Matter model (WWDM) is a dynamic crop model running at a daily time
step (Makowski et al., 2004; Monod et al., 2006). It has two state variables, the above-ground
winter wheat dry matter U(t), in g/m? and the leaf area index LAI(t) with ! the day number from
sowing (t =1) to harvest (t =223). The state variable U(t) is calculated on a daily basis in function
of the cumulative degree-days T (t) (over a basis of 0°C) and of the daily photosynthetically active
radiation PAR(t) . The model equations are defined by

Ut+1)=U@)+E,E,, 1-e " PAR(t)+e&(t) )

Imax

and

1 _ _
LAIO =L ¢ 2)

o ATO-T)
where €(t) is a random term with zero expectation representing the model error. Only the

deterministic part of the model was considered for this paper and so the error term was set to zero.
The dry matter at sowing (t=1) was also set to zero: U()=0. In addition, the constraint

T, =+4log[1+exp(A T,)] was applied, so that LAI(1) =0.

Seven uncertain parameters were considered for the sensitivity analysis. Uncertainty intervals in
Table 1 were given by agronomists (Monod et al. 2006). Usually the climate should form one or
several input factors for the sensitivity analysis. Here, preliminary investigations on 14 annual
climate series showed little differences between years. For simplicity, results with a single series are
presented. The model output considered in the sequel is the dynamic evolution of the dry matter
U(t) from sowing (t=1) until harvest (t=223). It is represented in Figure 1 for the nominal
parameter values and for a sample of other possible parameter values drawn within the uncertainty
ranges.

2.1.2. The CERES-EGC model

CERES-EGC was adapted from the CERES suite of soil-crop models, with a focus on the
simulation of environmental outputs such as nitrate leaching or the emission of nitrogen oxides
(Gabrielle et al., 2006b). The CERES models are available for a large number of crop species that
share the same soil components (Jones and Kiniry, 1986). CERES-EGC runs at a daily time step,
and requires daily rain, mean air temperature and Penman potential evapo-transpiration as forcing
variables.
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The nitrous oxide emission module simulates the production of N,O (kgN ha' day™) in soils
through both the nitrification (Ni) and the denitrification (De) pathways (Hénault et al.,2005;
Hénault and Germon, 2000). Nitrous oxide emissions resulting from the two processes are soil-
specific proportions of total denitrification and nitrification pathways, and are calculated according
to:
N,O(t) =rDe(t) + cNi(t), t=1,2...T

where r is the fraction of denitrified N and c is the fraction of nitrified N that both evolve as N,O.
For details on model equation see Lehuger et al. (in press). The N,O sub-model of CERES-EGC
involves a total set of 15 main parameters including the potential denitrification rate (PDR, kgN ha™
day™), the maximum nitrification rate (MNR, kgN ha" day™), the fractions of nitrified (c) and
denitrified (r) N. Parameter uncertainty intervals are listed in Table 2.

2. 2. Methods of sensitivity analysis for time series output

2.2.1. Structure of the simulated data

The output of a dynamic crop model with discrete time step can be written
y(©) = f(z.t;6), 3)

where y(t) is the scalar output on time ¢ for t=12,...,T | z is a vector of input variables and 6 is
a vector of parameters. Both input variables and parameters may be used as input factors for the
sensitivity analysis. However, in the applications presented in this paper, Z was fixed and so only
the parameters in @ were used as input factors.

Simulations were performed according to complete or fractional factorial designs (Box and Draper,
1987; Ginot et al., 2006). Each parameter was studied at three levels, the mean and the bounds of its
uncertainty interval, making it possible to assess linear and quadratic effects. For the WWDM
model, a complete 3’ factorial design (seven parameters at three levels) was constructed, with
N =37 =2187 simulations. For the CERES-EGC model; a fractional factorial design 3~ (fifteen
parameters at three levels and N =3° =6561) was constructed with the FACTEX procedure of the
SAS© 8.0/QC module (SAS Institute Inc., 2008) . It was of resolution 5, which means that all main
effects and two-factor interactions could be estimated (Box and Draper, 1987; Kobilinsky, 1997).

Suppose that N simulation runs are performed according to a factorial design on the input

factors. Then the output can be stored ina N T matrix:

n® oo oym@ oo %@
Y= y@® .. y@® .. y(@) .

@ oy (© e yy(T)

Each column y(t) in Y represents the simulated values of the output variable at a given time ,
while each row of Y is an individual dynamic for a given set of input values. The rows of Y
constitute a sample of output dynamics in R” over the uncertainty domain of the input factors. In
the sequel, we assume that N T .
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2.2.2. Method 1: sequential global sensitivity analyses

Sensitivity analysis of a time series output can first be performed separately on each output variable
y(t). Because orthogonal factorial designs were used for the simulations, classical analyses of
variance (ANOVA) were performed. The complete variance decomposition is

Var(y(t))=SS,(t)*L +SS;(t)+L +SS, (t)+SS,,()+L +SS,()+L +SS; , ((O)+L +SS; (1),

where SS; is the main effect of parameter i, SS;, say, is the interaction between parameters i and j,
and K is the total number of parameters. With a complete factorial design, the decomposition can be
calculated with all factorial terms. With a fractional design of resolution 5, the decomposition must
be limited to two-factor interactions because of confounding.

Sensitivity indices defined by
SI,, (t)=SS,, (t)/ Var(y(t))

were derived from the ANOVA sums of squares at each time t and for each factorial term W in the
model (see Monod et al., 2006). The dynamic evolution of sensitivity indices was represented
graphically as proposed by Saltelli et al., 2000 (Figure 2). Computations were performed using the
R statistical software (Venables and Ripley, 2003).

2.2.3. Method 2: PCA-based multivariate global sensitivity analysis

Sensitivity analyses can also be applied to a pre-defined function h of the model outputs
h(y(D)..... y(T)) with a biological interpretation. For example, h=y(t,)—y(t,) may represent the
difference in biomass between two key stages of plant growth. As many other features in the y(t)
dynamics are potentially interesting to look at, it is useful to identify automatically the linear
combinations that contain most variability between the output dynamics. This identification step

was performed here by Principal Components Analysis (PCA) of matrix Y (Krzanowski and
Marriott, 1990; Anderson, 2003).

By definition, the total inertia is the sum of the y(t) variances and the first principal component is
the linear combination h;=I;,y(t;)+...+1; . y(t;) of the columns of Y with the maximum
proportion of inertia (or variance) subject to the constraint Z lit=1 . Overall, there are T principal

components in a decreasing order of importance as measured by the percentage of inertia. When an
orthogonal factorial design is used, ANOVA-based sensitivity analysis can be applied to each
principal component hy according to the variance decomposition:

Var(h,)=SS, , +L +SS,, +L +SS,, +SS,, +L +SS; +L +SS, ;. +L +SS, «,.
Sensitivity indices SIy,, were derived from ANOVA sums of squares for each main effect or
interaction W and each principal component k=1, ..., T. The principal components were represented
graphically by plotting the coefficients I, as a function of t. The sensitivity indices SI;, were

also be represented graphically by drawing a Pareto plot for each principal component k of interest
(Figures 3, 4).

2.2.4. A synthetic multivariate sensitivity index

In addition to the PCA-based sensitivity indices, a synthetic sensitivity index GSI, can be
calculated to measure the contribution of each factorial term W to the total inertia between output
dynamics. We propose to call it the generalized sensitivity index of factorial term W . GSI,, is
equal to the weighted sum of the SIy,, indices over the principal components k, with weights
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proportional to the inertia associated with the components k (Lamboni et al, 2008). Generalized
sensitivity indices can be represented by Pareto plots (Figure 5).

In practice, only the first principal components carry useful information on the model output and
higher-order interactions can be neglected. An approximation of GSI,, based on a subset of the

principal components is called an approximate generalized sensitivity index and denoted by G?SIW

in the sequel. To quantify the approximation made when restricting the interpretation to a subset of
principal components and a subset of factorial terms, the total proportion of inertia associated with
these subsets is called the approximation global quality and denoted by GQ. If GQ is close to 1

then the approximation accounts for most of the inertia of Y, whereas low GQ suggests that G:SIW

indices must be interpreted with much caution. In addition to the global quality criterion, dynamic
coefficients of determination th can be used to measure the quality of any approximation when
coming back to the original time series output Y(t) (Lamboni et al., 2008).

2.3. Mean Squared Error of Prediction (MSEP) of the CERES-EGC model

MSEP values were computed in order to see if model predictions were improved when sets of
parameters with high sensitivity indices were estimated from experimental data.

2.3.1 Experimental data

MSEP were computed from data collected in an experimental trial carried out in Villamblaim
(Central France), during the 1998-99 growing season. A winter wheat crop was grown with
conventional management on a haplic Calcisol soil. The emissions of N,O emissions were
monitored at 18 different dates throughout the growing season using static chambers with eight
replicates. At each sampling date, the chambers were closed with an airtight lid, and the head space
was sampled 4 times over a period of 2 hours. The gas samples were stored in 3-mL Vacutainer
tubes (Terumo Europe N.V., Leuven, Belgium), and analyzed in the laboratory by gas
chromatography. See Gabrielle et al. (2006a) for a detailed description of the experimental methods.
All the input variables required by CERES-EGC were measured in the experimental plot.

2.3.2. Statistical analysis

All possible sets of one, two or three parameters were defined from the 15 model parameters. A
pooled value of the generalized sensitivity index defined above was calculated for each set by
summing all the main effect and interaction terms of the parameters included in the set. Each set of
one, two or three parameters was then estimated by using half of the 18 N,O measurements. The
other nine measurements were used to assess the errors of prediction of the fitted model. Data were
permuted in order to estimate the MSEP by cross validation for each set of one, two or three
parameters. Finally, the relationship between the generalized sensitivity index and the MSEP was
investigated graphically.

In the estimation procedure, the non-selected parameters were fixed at their nominal values while
the selected ones were estimated by least squares, subject to the constraint that all parameter values
should remain in their uncertainty interval. We did not estimate more than three parameters because
of the limited number of data.

3. Results
3.1. Sequential global sensitivity analyses

The results obtained by sequential sensitivity analysis of the WWDM model (Figure 2a) showed
that the values of the sensitivity indices strongly vary over time. Before ¢t = 50, the most important
parameter is A followed by parameters T1, Lmax, and B. The strong influence of A at the beginning
of the growing season is due to its influence on the increase of the leaf area index which occurs at
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this stage. The influence of A decreases and becomes less influent than T1, E., and Lmax after t =
110. In the second half of the growth cycle, biomass growth becomes very sensitive to the
parameter Eb due to the effect of this parameter on the conversion of the intercepted radiation into
biomass. The influence of parameter A increases again after t = 150 and until harvest due to leaf
senescence. Interactions between parameters are non-negligible during the whole growing period.
Unlike the WWDM model, the sensitivity indices computed for CERES-EGC are quite similar over
time. The simulated values of N,O emission are driven by the same three parameters during the
whole period of simulation; r, PDR, Km (Figure 2b). For this model also, the interactions are
important; the sensitivity index associated to interaction represents more than 40% of the total
variability. This strong interaction is due to the fact that the parameter effects are not additive.

3.2. Multivariate sensitivity analysis

Results of the principal components and sensitivity principal indices are presented in Figure 3 for
WWDM. For this model, the first three components explained 99% of the total inertia of the
simulated dry matter dynamics. The inertia percentage associated with the first three components

were equal to 4, =0.73, 4, =0.23 and 4, =0.03 respectively. The first component was positively

correlated with all outputs y(t). The largest correlations were obtained in the middle of the
simulation period but the correlation values were quite similar over time. According to these
correlation values, the first principal component corresponds to the global amount of dry matter
produced during the growing season. The sensitivity indices computed for this component (Figure
3, bottom row) show that the global amount of dry matter was mainly sensitive to parameter E,, but
also to T1 and Lmax. The second principal component was positively correlated with dry matter
during the first part of the growing season and negatively correlated with dry matter during the
second half of the growing season. Thus, this principal component corresponds to the difference
between early and late dry matter productions. It was mainly sensitive to parameter A. Finally, the
third principal component accounted for a much smaller part of inertia, associated with the
difference between the dry matter produced the middle of the growing season and the dry matter
produced both very early and late. It was sensitive to T;.

For CERES-EGC, the first three principal components explained more than 99% of the model
output inertia. The first component corresponds to the mean of the simulated N>O values. This
component is sensitive to the parameters r, PDR, and Km (Figure 4). The second and third principal
components correspond to the difference between the N,O values simulated during the first and
second halves of the simulation period, but the second component is positively correlated to the
values simulated at a very early stage. The second component is strongly influenced by Seuil_wfps
and puissance whereas the third component is strongly influenced by Seuil _wfps and .

3.3. Generalized sensitivity indices

The Generalized sensitivity indices (GSI) are shown in Figure 5. These indices provide a unique
ranking of the parameters. For WWDM, Figure 5a shows that E,, and then A and T; had the
strongest influence on the simulated dry matter values, all dates mixed together. Such ranking is
quite convenient for selecting a set of parameters to be estimated from data. Thus, if one has to
choose two parameters for calibration, it should be E, and A according to Figure 5a. For CERES-
EGC, Figure 5b shows that the parameters with the strongest effects were r, PDR and then Km over
the entire simulation period. Parameters min_wfps, opt_wfps and c had negligible effects. Thus, if
one had to estimate two parameters of the CERES_EGC model, it should be r and PDR according
to the generalized sensitivity indices.
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3.4. Parameter selection and estimation (CERES-EGC model)

Figure 6 shows the empirical relationship between MSEP and the generalized sensitivity index
(GSI) values for the CERES-EGC model when one, two or three parameters were estimated from
data. MSEP are presented in function of the pooled sensitivity index of each set of parameters.
Overall, MSEP strongly decreases when GSI increases. This result shows that the MSEP was
decreased, and so the prediction accuracy improved, when the parameters with the highest
sensitivity indices were estimated. This is an argument in favor of GSI for selecting the parameters
to estimate from data. According to Figure 6, the estimation of the sets of parameters with the
highest sensitivity indices is a guarantee for a low MSEP. Figure 6 also shows that, in some cases,
low MSEP were reached by estimating sets of parameters with low sensitivity indices but this was
not systematic. The estimation of sets of parameters with low sensitivity indices is thus very risky.

4. Discussion and conclusion

The results presented above first show that, when performing sensitivity analysis on a dynamic
model, it is essential to consider the output over the whole time series. The practical comparison
between the sequential and multivariate sensitivity analysis showed that these methods are
complementary.

In the sequential sensitivity analysis (Saltelli .et al., 2000a; Pacala et al., 1996), the sensitivity index
is a function of time that measures when any given factor is more influent. Conducting separate
sensitivity analyses on Y(1)....y(T) gives information on how the sensitivity of Y(t) evolves over
time. However, it usually leads to a high level of redundancy because of the strong relationship
between responses from one date to the next one. It may also miss important features of the y(t)
dynamics because many features cannot be efficiently detected through single-time measurements.
The second type of multivariate sensitivity analysis, proposed by Campbell et al (2006),
decomposes the crude outputs into the non-correlated principal components and computes
sensitivity indices on each PC. After interpreting the PCs, this analysis allows to understand more
precisely the role of some parameters in the model. Sensitivity indices on each PC can give
different ranking of model parameters and we showed that the overall effect of each parameter can
be summarized by a global single sensitivity index.

These two methods are useful because they provide modellers with different types of information.
The application of both methods is more interesting for models which exhibit much variability of
sensitivity indices over time. Conversely, when the parameter influence is quite constant over time,
the two methods give more similar results.

In addition to yielding information on model behaviour, sensitivity indices can be useful to select
parameters before calibration. This is an intuitive and reasonable statement. However, there is no
automatic relationship between sensitivity indices, which are based on simulated data purely, and
prediction quality, which depends on experimental data. Discrepancies may arise because of
modelling approximations, bad choice of the uncertainty intervals and nominal values, mesurement
errors, or correlations between parameter estimates resulting from partial confounding in the data.
To our knowledge, the relationship has rarely been verified using real data and a rigorous cross-
validation approach. In this paper we proposed and applied such an approach in the particular case
when predictions have to be made to complement observations that are too much dispersed in time.
We found a relationship between MSEP and sensitivity indices; our results showed that the
estimation of the parameters with the highest sensitivity indices led to a strong reduction of the
prediction errors of the model CERES-EGC. However, the estimation of parameters with the
highest sensitivity indices did not lead systematically to the very smallest MSEP and, conversely,
small sensitivity indices did not lead systematically to a high MSEP. In our opinion, these results
give weight to the use of sensible sensitivity analyses for selecting the parameters to estimate,
especially since such a data-free approach to selection avoids selection bias.
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The methods presented in this paper can be applied to any dynamic model predicting one or several
output variables at a discrete time step. In the future, it will be interesting to apply and evaluate
them on other modelling and prediction situations. Besides, they are quite flexible and extensions
can be researched in several directions. For example, principal components could be made more
flexible by considering functional principal components (Ramsey and Silverman, 1997) or
Legendre polynomials (Campbell et al., 2006), while well-designed Monte Carlo simulations could
be a useful alternative to factorial designs in various situations.
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Table 1. Uncertainty intervals for the parameters of the winter wheat dry matter model.

Parameter Interpretation Unit Nominal Uncertainty
value interval
E, radiation use g/m? 1.85 0.9-2.8
efficiency
E . maximal ratio of - 0.94 0.9-0.99

intercepted to
incident radiation

K coefficient of - 0.7 0.6-0.8

extinction
L maximal value of - 7.5 3-12
LAI

T, temperature °C 900 700-1100
threshold

A coefficient of LAI - 0.0065 0.0035-0.01
increase

B coefficient of LAI - 0.00205 0.0011-0.0025

decrease
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Table 2. Uncertainty intervals for the parameters of the CERES-EGC model.

Parameter Interpretation Unit Nominal Uncertainty
value interval
seuil_wfps WEPS response - 0.62 0.4-0.8
threshold
Km half saturation mgN-NO3 22 5-120
(denitrification) kg'soil
Seuil t temperature threshold - 11 10-15
q_dix_un - 89 60-120
g_dix_deux - 2.1 1-4.8
puissance - 1.74 0-2
Opt_wfps - 0.6 0.35-0.75
Min_wfps - 0.1 0.05-0.15
Max_wfps - 0.8 0.8-1
Km_amm half saturation mgN- 10 1-50
(nitrification) NO3kg
'soil
Q_dix_nit - 2.1 1.9-13
PDR potential denitrification kg N ha™ 7 0.1-20
rate day
MNR maximun nitrification kg N ha™ 9 4-13
rate day™
r ratio of N,O N,O/denit - 0.25 0.09-0.9

C ration of N,O/Nitri - 0.018 0.0002-0.1
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Table 3. Sum of squares decomposition of the total inertia I(Y.) based on principal component

analysis and MANOVA. A and B denote the first two parameters, A.B their interaction, and W a
generic factorial term.

Factorial term Principal Component Inertia
PC, PC, PCs e PCr
SSai SSa2  SSas e SSar SS4 ot
B SSs1 SSp2  SSss SSsr SS5, ot
A.B SSas:i  SSas2 SSass e SSasr SSaB.total
w SSwi  SSw2  SSwas SSw.r SSw total

Inertia A A, A, o A I(Y.)
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Figure 1. Daily simulated values of the winter wheat dry matter model in g/m* (a) and of the
CERES-EGC N,O emissions in gN haday™ (b), for the nominal values of the parameters (thick
lines) and for a sample of other possible values drawn within the uncertainty ranges.
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Figure 2. Time-dependent pie charts of sensitivity indices for the WWDM model (a) and for the
CERES-EGC model (b).
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Figure 3. PCA-based sensitivity analysis of the WWDM model. Columns: principal components 1
to 3. Top row: correlation coefficients (y-axis) between the principal component and y(t) (with t on
the x-axis). Bottom row: first order sensitivity indices (dark bars) and total sensitivity indices (dark
+ pale bars).
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Figure 4. PCA-based sensitivity analysis of the CERES-EGC model. Columns: principal
components 1 to 3. Top row: correlation coefficients (y-axis) between the principal component and
y(t) (with t on the x-axis). Bottom row: first order sensitivity indices (dark bars) and total sensitivity
indices (dark + pale bars).
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Figure 5. Generalized Sensitivity Indices for the WWDM model (left) and for the CERES-EGC
model (right). The main sensitivity indices are in dark bars and interaction ones are in pale bars.
The total length of any bar represents the total sensitivity index.
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Figure 6. Empirical relation between MSEP and generalized sensitivity index (GSI) by estimating
only the most influent parameter (a) ; the two most influent parameters (b) and the three most
influent parameters (c) of CERES-EGC model.
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