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Analyse de sensibilité de modéles spatialisés :
application a I'analyse cout-bénéfice de projets de prévention des inondations

L analyse de sensibilité globale basée sur la variance permet de hiérarchiser les sources d’incertitude présentes dans un
modele numérique et d’identifier celles qui contribuent le plus a la variabilité de la sortie du modele. Ce type d’analyse
peine a se développer dans les sciences de la Terre et de I’Environnement, en partie a cause de la dimension spatiale
de nombreux modeles numériques, dont les variables d’entrée et/ou de sortie peuvent étre des données distribuées
dans I’espace. Le travail de these réalisé a pour ambition de montrer comment 1’analyse de sensibilité globale peut
étre adaptée pour tenir compte des spécificités de ces modeles numériques spatialisés, notamment la dépendance
spatiale dans les données d’entrée et les questions liées au changement d’échelle spatiale. Ce travail s’appuie sur une
étude de cas approfondie du code NOE, qui est un modele numérique spatialisé d’analyse colit-bénéfice de projets
de prévention du risque d’inondation. On s’intéresse dans un premier temps a I’estimation d’indices de sensibilité
associés a des variables d’entrée spatialisées. L’approche retenue du « map labelling » permet de rendre compte de
I’auto-corrélation spatiale de ces variables et d’étudier son impact sur la sortie du modele. On explore ensuite le lien
entre la notion d’« échelle » et I’analyse de sensibilité de modeles spatialisés. On propose de définir les indices de
sensibilité « zonaux » et « ponctuels » pour mettre en évidence 1’impact du support spatial de la sortie d’un modele sur
la hiérarchisation des sources d’incertitude. On établit ensuite, sous certaines conditions, des propriétés formelles de
ces indices de sensibilité. Ces résultats montrent notamment que 1’indice de sensibilité zonal d’une variable d’entrée
spatialisée diminue a mesure que s’agrandit le support spatial sur lequel est agrégée la sortie du modele. L’ application
au modele NOE des méthodologies développées se révele riche en enseignements pour une meilleure prise en compte
des incertitudes dans les modeles d’analyse colit-bénéfice des projets de prévention du risque d’inondation.

Mots clés : Modele Spatialisé ; Analyse de Sensibilité ; Incertitude ; Echelle ; Géostatistique ; ACB ; Inondations ;
Dommages.

Sensitivity analysis of spatial models:
application to cost-benefit analysis of flood risk management plans

Variance-based global sensitivity analysis is used to study how the variability of the output of a numerical model can
be apportioned to different sources of uncertainty in its inputs. It is an essential component of model building as it
helps to identify model inputs that account for most of the model output variance. However, this approach is seldom
applied in Earth and Environmental Sciences, partly because most of the numerical models developed in this field
include spatially distributed inputs or outputs . Our research work aims to show how global sensitivity analysis can
be adapted to such spatial models, and more precisely how to cope with the following two issues: i) the presence of
spatial auto-correlation in the model inputs, and ii) the scaling issues. We base our research on the detailed study of
the numerical code NOE, which is a spatial model for cost-benefit analysis of flood risk management plans. We first
investigate how variance-based sensitivity indices can be computed for spatially distributed model inputs. We focus
on the “map labelling” approach, which allows to handle any complex spatial structure of uncertainty in the model
inputs and to assess its effect on the model output. Next, we offer to explore how scaling issues interact with the
sensitivity analysis of a spatial model. We define “block sensitivity indices” and “site sensitivity indices” to account
for the role of the spatial support of model output. We establish the properties of these sensitivity indices under some
specific conditions. In particular, we show that the relative contribution of an uncertain spatially distributed model
input to the variance of the model output increases with its correlation length and decreases with the size of the spatial
support considered for model output aggregation. By applying our results to the NOE modelling chain, we also draw
a number of lessons to better deal with uncertainties in flood damage modelling and cost-benefit analysis of flood risk
management plans.

Key words: Spatially distributed model; Sensitivity analysis; Uncertainty; Scale; Geostatistics; CBA; Flood; Damage.
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« La connaissance est une navigation dans un océan d’incertitudes
a travers des archipels de certitudes. »

Edgar Morin (1921 -)

Les passes du Bassin d’Arcachon

A mon grand-pére paternel.
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Notes au lecteur

Franglais - Frenchglish

Afin d’en permettre la lecture a I’ensemble des membres du jury, la majeure partie de ce manuscrit de
these a été rédigée en anglais. L’introduction est présente en deux versions, en frangais et en anglais.
Seuls le préambule et certaines des annexes sont uniquement rédigés en frangais.

Most of this thesis manuscript is written in English, so that all the thesis committee members can read it.
Only the preamble and some of the appendices are written in French.

Publications

Ce manuscrit de these est pour partie composé de publications dont une est parue dans « Mathematical
Geosciences » (section §4.1) et une autre est en cours d’évaluation par « Journal of Flood Risk Manage-
ment » (section §3.3). Un papier court publié dans les actes de la conférence « Accuracy 2010 » est aussi
intégré au manuscrit (section §3.2.4). D autres publications, non intégrées au corps du document, ont été
en revanche insérées en annexe pour information. Pour vous procurer les versions finales de ces diverses
publications, vous pouvez m’envoyer un courriel.

This thesis manuscript contains two publications, one of which has already been published in « Mathe-
matical Geosciences » (section §4.1), and the second one is currently being reviewed by « Journal of
Flood Risk Management » (section §3.3). A short paper published in the proceedings of the « Accuracy
2010 » international conference is also included (section §3.2.4). Other publications were inserted in the
Appendices for information. If you want a copy of the final versions of these papers, please send me an
email and I will keep you updated on the publication progress.
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Geographic Information Systems

Gaussian Random Field

Global Sensitivity Analysis

High-Dimensional Model Representation

Latin Hypercube Sampling

Modelling chain for cost-benefit analysis based on avoided damages
Net Present Value

One-At-a-Time sensitivity analysis

Programme d’Actions de Prévention des Inondations
Sensitivity Analysis

Systeme d’Information Géographique (voir GIS)
Stationary Random Field

Simple Random Sampling

Variance-Based Global Sensitivity Analysis






Notations

Notations related to the NOE modelling framework (§2.2 on page 40)

m (resp. m’)
€5

q(e;) or g;
T(ej) or T}

f(ej) or f; or
Fo(g5)

w(e;)

H(e;)

D(e;)
D(e;)
B;

C;

CI
CE
R

Ti

number of flood scenarios in the present (resp. future) situation
flood scenario

peak discharge associated with flood scenario ¢;

return interval associated with flood scenario e;

annual exceedance probability associated with flood scenario e;

weight of flood scenario e; in the computation of the AAD indicator

set of hazard maps associated with flood scenario e; (maps of water depth,
water velocity, flood duration)

damages associated with flood scenario ¢;

map of spatially distributed damages associated with flood scenario ¢;
benefits associated with a flood risk management plan at time step ¢
costs associated with a flood risk management plan at time step ¢
investment costs associated with a flood risk management plan

annual maintenance costs associated with a flood risk management plan
number of years over which a flood risk management plan is assessed

discount rate at time step ¢

Notations related to numerical models (§1.1 on page 18)

F

-7:10C

numerical model
local numerical model (§1.1.5 on page 23)
mathematical function implemented by a numerical code

scalar model input

XX1



XXii NOTATIONS
U vector of scalar model inputs U;
Z spatially distributed model input
Y model output
K number of model inputs
k number of scalar model inputs
aorf subset of [1; K]

Notations related to random variables

px
E(X) or pux
var(X) or 0%
E;Y

Ula,b]

N(p, o)

probability distribution function (pdf) of random variable X
expected value of random variable X

variance of random variable X

conditional expectation of random variable Y given Z
uniform pdf on the interval [a; b]

normal pdf of expected value ; and variance o2

Notations related to spatially distributed variables (§1.1.1 on page 18)

QeR?

x €}
h=x-—x
vcQorVcl
[of or [V

g

Ci

el

G

spatial domain

a point of spatial domain (synomyms: site, location)
vector between two points (synonym: lag vector)

subset of spatial domain (synonyms: block, support, zone)
surface area of a block

regular grid (discrete set of points x;)

cell of a regular grid G, centered on point x;

individual surface area of each cell in a regular grid G

number of cells in a regular grid G

Notations related to random fields

P

{Z(x):xeQ}

stochastic process used to generate random realisations of a spatially dis-

tributed input Z

random field



Xxiil

Z(x)

Z?)

()
C(v,v)
p(+)

value of a random field on the site x € {2

average value of a random field over a block v

variance of a random field

block variance of a random field over block v
covariance function of a random field

average value of a covariance function C'(+) over block v
correlogram associated with a covariance function C(+)
range associated with a covariance function C'(-)

integral range associated with a covariance function (see §4.1.2.1 on
page 141)

nugget associated with a covariance function C'(-)

Notations related to sensitivity analysis (§1.2.2 on page 29)

Sx
Si
STx
ST;

S(g;‘.

STér'

Sx(x)
Sx(v)
M and M>

Moy

N

N tot

first-order sensitivity index of model input X
first-order sensitivity index of the 7" model input
total-order sensitivity index of model input X

total-order sensitivity index of the ™ model input

first-order sensitivity index of the group of model inputs (U;),., with o a
subset of [1; K]
total-order sensitivity index of the group of model inputs (U;),., with o a

subset of [1; K]
site sensitivity index of model input X at site x
block sensitivity index of model input X over block v

base samples in the space of model inputs used to estimate sensitivity in-
dices (§1.2.2.5 on page 32)

total sample in the space of model inputs used to estimate sensitivity indices
(§1.2.2.5 on page 32)

number of lines of base samples M; and M5 (§1.2.2.5 on page 32)

number of lines of total sample My (§1.2.2.5 on page 32)

Notations related to sensitivity analysis with spatially dsitributed inputs (§3.1 on page 79)

3

“trigger” input (§3.1.2.3 on page 83)



XX1V NOTATIONS

L “random label” used in the “map labelling” approach (§3.1.2.4 on page 84)

A real-valued random variable used in the “macro-parameter” and “dimen-
sion reduction” methods (§3.1.2 on page 79)

0 real-valued random variable used in the “second level” approach (§3.1.2.6
on page 86)
n number of random realisations of a spatially distributed input Z in the “map

labelling” approach (§3.1.2.4 on page 84)

Miscellaneous

X proxy for any quantity of interest X



Introduction

Modéeles numériques spatialisés

Les termes « modeéle » et « modélisation » peuvent recouvrir des pratiques variées qui selon Armatte and
Dalmedico (2004) visent a « représenter un systeme concret ou réel par un objet formel qui permette
de penser ce réel mais aussi d’agir sur lui ». Dans ce mémoire, nous utiliserons le terme « modéle » de
manigre tres restrictive pour désigner un code numérique, considéré comme une boite noire, qui calcule
des variables de sortie a partir de plusieurs variables d’entrée. Nous nous limiterons plus précisément aux
modeles qui s’appuient sur une description mécaniste des processus étudiés, par opposition aux modeles
empiriques ou statistiques, et parmi eux aux modeles déterministes uniquement (non stochastiques). Avec
I’essor de I’informatique et I’explosion des capacités de calcul, la modélisation numérique s’est peu a peu
imposée comme une activité incontournable dans les sciences de la nature et les sciences de 1’ingénieur.
Pour répondre aux grands défis environnementaux de notre époque, une part significative de I’effort de
recherche est ainsi dédiée a la construction de modeles capables de décrire (modeles diagnostiques) des
systemes physiques, biologiques, environnementaux, économiques ou sociaux complexes, simuler ou
prédire leur comportement (modeles pronostiques), proposer des stratégies d’action aux décideurs publics
(modeles d’aide a la décision), voire méme défendre des positions lors de négociations internationales
(sur le climat ou le devenir de 1’agriculture mondiale, par exemple). Ainsi que I’expliquent Bouleau et al.
(2004), 1a modélisation est une activité qui est aujourd’hui devenue le vecteur principal des passages entre
Science et Société.

Parmi les modeles numériques utilisés pour 1’exploration des problématiques environnementales, nom-
breux sont ceux qui s’appuient sur des données distribuées spatialement, telles que des Modeles Numé-
riques de Terrain, des cartes de sol, des cartes d’occupation du sol, etc. (Ostendorf 2011). Ces modeles
que nous qualifierons de « spatialisés » tirent parti du développement rapide des outils et méthodes per-
mettant d’acquérir, de structurer, d’exploiter et de diffuser I’information géographique. Le scientifique
comme le citoyen ou le décideur ont aujourd’hui a leur disposition un ensemble de données environne-
mentales spatialisées toujours plus grand, ainsi que des outils toujours plus nombreux et plus performants
pour utiliser ces données : Systemes d’Information Géographique (SIG), imagerie satellitaire, cartogra-
phie interactive sur le Web, technologies de géolocalisation embarquées, etc. Les modélisateurs se sont
appropriés ces nouvelles données et construisent aujourd’hui des modeles spatialisés qui permettent une
description explicite des structures, des dépendances et des dynamiques spatiales intervenant dans les
processus physiques, biologiques ou anthropiques qu’ils étudient.
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Analyses d’incertitude et de sensibilité

Cependant, a mesure que la modélisation numérique prend une place prépondérante dans de nombreux
champs de la Science, un discours critique se construit et souligne les défauts et limites de cette dé-
marche (Oreskes et al. 1994). Parmi les points soulevés, ces critiques soulignent I’importance des incer-
titudes qui interviennent dans tout processus de modélisation. Ces incertitudes peuvent étre liées a un
manque de connaissance sur certains des phénomenes étudiés, a la variabilité naturelle des grandeurs
représentées, a des erreurs de mesure, a des choix de modélisation simplificateurs ou encore a des ap-
proximations numériques (Walker et al. 2003). Elles se combinent et se propagent a travers le modele et
entrainent une incertitude sur les résultats et indicateurs fournis par celui-ci. Lorsqu’un modele est utilisé
comme appui a des décisions de nature opérationnelle ou stratégique, il faut alors s’interroger, comme le
soulignent Vasseure et al. (2005), sur « la valeur d’une décision basée sur des données dont la qualité est
mal connue ou mal comprise par le décideur ». Les modeles spatialisés n’échappent pas a ce questionne-
ment et « quiconque utilise une information incertaine (c’est-a-dire I’écrasante majorité des utilisateurs
de données cartographiées) doit réfléchir avec attention aux sources possibles de l'incertitude et a la
maniére de s’en occuper » (Fisher et al. 2005).

Afin de répondre au moins partiellement a ces difficultés, la communauté scientifique a développé des mé-
thodes qualitatives et quantitatives qui permettent d’étudier comment réagissent les sorties d’un modele a
des perturbations sur ses variables d’entrée : ce sont des méthodes regroupées sous les termes d’« analyse
de sensibilité » et d’ « analyse d’incertitude ». L’ analyse d’incertitude se concentre sur la propagation des
incertitudes a travers le modele, et vise a quantifier I’incertitude résultante qui existe sur la sortie. Elle per-
met typiquement d’associer un intervalle de confiance aux résultats fournis par un modele. L’analyse de
sensibilité va plus loin : elle cherche a mesurer I’influence de I’incertitude de chacune des variables d’en-
trée sur la précision du résultat du modele. Elle permet de hiérarchiser les variables d’entrée en fonction
de leur contribution a la variabilité de la sortie du modele. Elle vise ainsi a identifier les variables d’entrée
critiques, celles qui conditionnent la décision finale de 1’utilisateur du modele, et sur lesquelles il faut
orienter les efforts de recherche futurs. Les méthodes d’analyse d’incertitude et d’analyse de sensibilité
ont peu a peu été adoptées par les modélisateurs dans différents champs disciplinaires, notamment dans
la recherche environnementale (Cariboni et al. 2007; Tarantola et al. 2002), et sont aujourd’hui recon-
nues comme des étapes essentielles dans la construction d’un modele numérique (European Commission
2009a; CREM 2009).

Pourtant, ces méthodes d’analyse de sensibilité sont peu souvent appliquées a 1’étude de modeles numé-
riques spatialisés. Parmi les raisons qui freinent leur utilisation dans ce domaine, on peut citer 1’explosion
des problemes de dimensionnalité, ainsi que le manque de maturité de certains modeles. Nous nous in-
téresserons plus particulierement aux deux autres limites que voici : 1) les données d’entrée des modeles
spatialisés présentent généralement une auto-corrélation spatiale, alors que les méthodes classiques d’ana-
lyse de sensibilité ne considerent que des variables scalaires indépendantes ; ii) les notions d’échelle, de
support ou de résolution, qui jouent un role prépondérant dans les modeles spatialisés, sont ignorées dans
les cadres formels des méthodes d’analyse de sensibilité classiques. Le besoin d’adaptation des méthodes
d’analyse de sensibilité au contexte spécifique des modeles spatialisés apparait donc important. Naturel-
lement, des éléments de réponse ont déja été apportés a ce probleme. Ainsi on trouve dans la littérature
dédiée a I’analyse de sensibilité des travaux portant sur les variables d’entrées corrélées, mais ces études
ne s’intéressent que rarement au cas particulier de la dépendance spatiale. Par ailleurs les statistiques spa-
tiales, et plus particulierement la géostatistique, proposent des cadres théoriques pour décrire I’incertitude
pesant sur des variables spatialisées et pour appréhender les notions d’échelle, de support ou de résolu-
tion. Elles fournissent aussi des outils pour simuler ces incertitudes. Cependant, ce corpus théorique n’a
jamais été rapproché de celui de 1’analyse de sensibilité de modeles numériques.



Un exemple : ’analyse coiit-bénéfice des projets de prévention du
risque d’inondation

Nous nous sommes intéressés dans cette these a un exemple particulier de situation ou il est fait appel
a des modeles numériques spatialisés : ce contexte est celui de 1I’évaluation économique des projets de
prévention du risque d’inondation.? Plus précisément, notre travail a porté sur les démarches d’analyse
colit-bénéfice (ACB) qui visent a caractériser, au moyen d’un indicateur synthétique ou spatialisé, la per-
tinence économique de projets d’aménagement de protection contre les crues (barrages, digues, etc.).
La mise en ceuvre ce type d’analyse passe généralement par le développement d’un modele numérique,
qui fait intervenir divers modules a méme de décrire I’ensemble de la chaine menant au risque d’inon-
dation (modules hydrologiques, hydrauliques, d’occupation des sols, fonctions d’endommagement). Ces
modeles numériques ont généralement une forte composante spatiale, de part la nature de leurs données
d’entrée (topographie du terrain, réseau hydrographique, carte d’occupation du sol, etc.), la nature de leurs
sorties (indicateurs de risque spatialisés), et les traitements qu’ils mobilisent (notamment des opérations
d’analyse spatiale a 1’aide de logiciels SIG).

La nécessité de mieux prendre en compte les incertitudes dans les modeles d’analyse économique du
risque d’inondation, et plus particulierement dans les études ACB appliquées aux projets de prévention
des crues, fait consensus au sein de la communauté scientifique qui développe ces modeles (Apel et al.
2004). Les motivations pour une étude approfondie de ces incertitudes sont multiples. Dans une premiere
phase de développement d’un modele, une telle étude permet au modélisateur de mieux comprendre le
comportement de 1’outil qu’il construit, de faire émerger de nouvelles questions ou des pistes d’amélio-
ration. Dans une phase d’utilisation du modele, I’analyse d’incertitude et de sensibilité peut permettre
d’améliorer la robustesse des indicateurs économiques qui sont produits, notamment en identifiant les va-
riables d’entrée clés dont il faut au mieux préciser la valeur. Enfin, dans une phase opérationnelle, la prise
en compte explicite des incertitudes permet de fournir aux utilisateurs finaux du modele (pouvoirs pu-
blics, gestionnaires de territoire) une information plus compléte pour les aider dans leur prise de décision
(Ascough et al. 2008).

On compte ainsi de nombreux travaux récents qui visent a appliquer des analyses d’incertitude et/ou
de sensibilité a tout ou partie de modeles numériques d’évaluation économique des crues. La plupart
de ces travaux se limitent a une analyse d’incertitude, dont le périmetre peut varier d’un unique « mo-
dule » du modele complet—par exemple, I’occupation du sol (Te Linde et al. 2011), la simulation hy-
draulique (Bales and Wagner 2009), I’estimation des dommages (Merz et al. 2004)— jusqu’a la chaine
de modélisation dans son intégralité (Apel et al. 2008). Quelques publications plus rares abordent aussi
le probleme de la hiérarchisation des différentes sources d’incertitude dans ces modeles, en les soumet-
tant a une analyse de sensibilité (Koivumiki et al. 2010; de Moel and Aerts 2011; de Moel et al. 2012;
Pappenberger et al. 2008).

Cependant, trois remarques générales peuvent étre formulées a I’encontre de ces études. Tout d’abord,
la majorité d’entre elles s’intéressent a la précision de 1’estimation des dommages dus aux crues sur un
territoire, mais peu examinent 1’incertitude qui en résulte sur les indicateurs de performance économique
des projets de prévention des crues produits dans le cadre d’'une ACB. De plus, ces études ne s’appuient
que rarement sur les dernieres avancées faites dans le domaine de 1’analyse de sensibilité des modeles

2Pour comprendre ce choix, il est nécessaire d’expliquer que ce travail de recherche a gravité autour de trois unités de recherche :
I’UMR TETIS, dont les compétences portent sur la maitrise de la chaine de I’information géographique ; ’'UMR G-EAU, ot sont
notamment développés des modeles spatialisés sur des problématiques liées a la gestion de 1’eau a 1’échelle des territoires ; I’ Institut
de Mathématiques et de Modélisation de Montpellier (I3M), au sein duquel plusieurs travaux ont déja été menés sur les méthodes
d’analyse de sensibilité.


http://www.tetis.teledetection.fr
http://www.g-eau.net
http://ens.math.univ-montp2.fr/
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numériques, et ont le plus souvent recours a des approches naives dont les limites sont connues—ainsi, a
notre connaissance, seuls de Moel et al. (2012) utilisent dans leurs travaux 1’analyse de sensibilité globale
basée sur la décomposition de la variance du modele, qui est pourtant largement utilisée dans d’autres
champs thématiques. Enfin, elles font généralement peu de cas du caracteére spatial des modeles étudiés,
et des problemes spécifiques que ce caracteére pose pour mener une analyse de sensibilité. Deux points
sont notamment passés sous silence, a savoir les problemes liés a la dépendance spatiale dans les données
d’entrée, et les questions relatives a 1’échelle spatiale a laquelle ces modeles sont construits. Ainsi, il
apparait possible et souhaitable de progresser encore dans la prise en compte des incertitudes dans ces
modeles dédiés a 1’analyse économique du risque d’inondation, et plus particulierement dans les études
ACB appliquées aux projets de prévention des crues.

Objectifs de la these

Le but de ce travail de recherche est double. Un premier objectif est de nature méthodologique : il s’agit de
proposer des méthodes d’analyse de sensibilité adaptées a I’étude de modeles numériques dont les entrées
et/ou les sorties sont spatialisées. Ces méthodes doivent permettre d’appréhender les spécificités de ces
modeles spatialisés, notamment la présence de dépendance spatiale dans les données et les questions liées
aux notions d’échelle. Le second objectif est de nature appliquée : il s’agit, apres avoir proposé un modele
pour décrire les études ACB appliquées aux projets de prévention du risque d’inondation, d’étudier la
propagation des incertitudes dans ce modele, et plus précisément d’identifier les sources d’incertitude
principales, a I’aide de méthodes d’analyse de sensibilité adaptées.

Méthode de recherche Pour tenter d’atteindre simultanément ces deux objectifs méthodologique et
appliqué, nous avons opté pour une approche essentiellement inductive. Nous nous sommes appuyés
sur I’examen approfondi d’une situation particuliere : I’analyse de sensibilité d’'une ACB d’un projet de
prévention des inondations dans la basse vallée de I’Orb (Hérault, France). Une premiere étape de notre
travail a ainsi consisté a proposer un cadre formel, baptisé NOE, pour modéliser les ACB appliquées aux
projets de prévention des crues, puis a implémenter un code numérique pour mettre en ceuvre une analyse
colit-bénéfice sur le terrain d’étude de 1'Orb. A partir de 1’étude de ce modele singulier, nous avons
tenté de faire émerger des questionnements, des méthodes et des énoncés plus généraux sur 1’analyse de
sensibilité de modeles spatialisés. Ainsi, plus qu’un simple cas d’étude, le modele NOE et son application
a la basse vallée de I’Orb ont servi de base a notre réflexion : ils occupent donc une large place dans ce
mémoire de these.

Limites Nous avons fait le choix de restreindre notre recherche a une unique famille de méthodes d’ana-
lyse de sensibilité, celles basées sur la décomposition de la variance de la sortie du modele (« variance
based global sensitivity analysis » ou VB-GSA). Ces méthodes produisent des indices de sensibilité qui
mesurent la contribution de chaque entrée du modele a la variabilité de la sortie, en tenant compte a la
fois de la structure (ou des équations) du modele étudié, mais aussi de la plage de variabilité des entrées®.
Trois raisons principales motivent notre choix : i) ces méthodes ne nécessitent aucune hypothese préa-
lable sur la nature du modele étudié (linéarité, régularité), qui est considéré comme une simple « boite
noire » ; ii) elles explorent largement 1’espace des incertitudes sur les variables d’entrée du modele (ca-
ractere global); et iii) elles décrivent non seulement 1’impact des variables d’entrée incertaines prises

bElles different en ce sens des notions de sensibilité usuellement utilisées en physique, qui s’ appuient uniquement sur le calcul
de dérivées partielles locales.



une a une, mais aussi I’impact des interactions entre ces variables d’entrée. Ensuite, nous nous sommes
intéressés uniquement au cas ou le modele étudié présente des temps de calcul faibles, qui permettent
notamment de recourir a un tres grand nombre de simulations dans des approches de type Monte Carlo.
Les méthodes d’analyse de sensibilité s’appuyant sur la construction d’émulateurs ou de méta-modeles
ne seront donc pas abordées dans ce mémoire. Enfin, les caractéristiques du modele NOE nous ont amené
a examiner plus particulierement les modeles spatialisés dit « ponctuels » et « spatialement additifs » (ces
termes seront définis plus loin dans ce document).

Questions de recherche Dans ce cadre restreint, des questions plus précises émergent : comment peut-
on définir et estimer des indices de sensibilité basés sur la variance pour des variables d’entrées présentant
une auto-corrélation spatiale ? Quelles sont les stratégies d’échantillonnage et de simulation de ces va-
riables spatialisées les plus appropriées pour estimer leurs indices de sensibilité ? L’analyse de sensibilité
basée sur la variance permet-elle de rendre compte de maniere pertinente des questions d’échelle spatiale
pour des modeles ponctuels et spatialement additifs ? Voila les questions auxquelles nous tenterons de
répondre dans ce document.

Structure du document

Ce mémoire est composé de quatre chapitres. Nous avons pris le parti de méler dans ces chapitres des
développements d’ordre théorique ou méthodologique et des résultats numériques obtenus sur le modele
NOE. Deux raisons motivent ce choix : d’une part, cette articulation reflete le déroulement réel de notre
travail de recherche, ot les développements méthodologiques et appliqués se sont nourris mutuellement ;
d’autre part, cette présentation croisée permet d’enrichir la discussion en fin de chaque chapitre sur les
questions de recherche abordées. La Figure 1 en page 7 résume la structure du document.

Dans un premier chapitre, nous posons un certain nombre de définitions et de notations pour mieux cerner
notre objet de recherche méthodologique que sont les modeles numériques spatialisés. Nous y présentons
également une breve revue sur les méthodes d’analyse de sensibilité en général et I’analyse de sensibilité
basée sur la variance en particulier. Une fois ces bases posées, nous formulons de maniere plus détaillée
nos questions de recherche dans la conclusion de ce chapitre.

Dans un second chapitre, nous présentons le travail de modélisation qui a conduit a la constitution de notre
cas d’étude. Nous proposons d’abord un cadre de modélisation baptisé NOE pour décrire les études ACB
des projets de prévention des crues basée sur 1’approche des dommages évités. Nous précisons ensuite
comment ce cadre de modélisation a été décliné sur le site d’étude particulier de la basse vallée de 1’Orb.

L’objet du troisieme chapitre est de proposer des méthodes pour intégrer des variables d’entrée spatiali-
sées dans 1’analyse de sensibilité basée sur la variance. Une revue des approches existantes y est complétée
par une étude numérique de ces approches, par des développements sur les problemes d’échantillonnage
des variables spatialisées dans ces approches et par 1’application d’une des méthodes présentées au mo-
dele NOE sur le terrain d’étude de 1’Orb.

Le quatrieme chapitre est quant a lui dédié a I’étude des liens entre les notions d’échelle spatiale (telles que
définies par Bloschl and Sivapalan (1995)) et I’analyse de sensibilité basée sur la variance. On s’intéresse
plus spécifiquement a I’influence du support de la sortie d’un modele spatialisé sur la hiérarchisation des
sources d’incertitude. Les développements théoriques proposés se limitent au cas des modeles ponctuels
et spatialement additifs ; ils sont illustrés par une application au modele NOE sur le terrain d’étude de
I’Orb.
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Enfin, nous concluons ce document par i) des remarques générales sur la portée et les perspectives d’utili-
sation de nos contributions méthodologiques pour I’analyse de sensibilité de modeles numériques spatia-
lisés ; ii) des enseignements plus appliqués sur les incertitudes dans les analyses cofit-bénéfice d’aména-
gements de protection contre les inondations ; et iii) quelques retours d’expérience sur la mise en ceuvre
pratique d’une analyse de sensibilité d’un modele environnemental d’aide a la décision.
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Introduction

Spatially distributed models

According to Armatte and Dalmedico (2004), the terms “model” and “modelling” can cover diverse prac-
tices that aim “to represent a real system by a formal object allowing one to both consider and act on
this system”. In this thesis, we will use the term “model” in a very restrictive way to designate a numer-
ical code, which is considered as a “black box”, that calculates output variables based on a set of input
variables. More precisely, we limit ourselves to models that are based on a mechanistic description of
the processes under study, as opposed to those which are empirical or data-based, and of these models,
we focus solely on deterministic ones (non-stochastic). With the dramatic rise of computer performances
over the last decades, numerical modelling has expanded steadily and has now established itself as a
key activity in earth and environmental sciences. Numerical models are widely recognized as valuable
tools to describe complex physical, biological, ecological, economic or social systems, to understand
their drivers (diagnostic models), to simulate and predict their future behaviour (prognostic models), to
make informed management decisions (decision-support models), and even to defend positions during
international negotiations (on the climate or the future of world agriculture, for example). As Bouleau
et al. (2004) clearly state it, modelling has now won recognition as the main bridge between Science and
Society.

Among the numerical models used to explore environmental issues, many rely on spatially distributed
data, such as Digital Terrain Models, soil maps, land use maps, etc. (Ostendorf 2011). These models,
which we will refer to as “spatial models”, have benefited from the recent development of tools and
methods allowing the acquisition, structuring, exploitation and diffusion of geographic information. Sci-
entists today, like citizen and policy makers, have at their disposal a continually expanding set of spatial
environmental data, as well as an ever rising number of increasingly efficient tools to use these data: Ge-
ographic Information Systems (GIS), satellite images, webmapping, on-board geolocation technologies,
etc. Modellers have quickly learnt how to master these new data and tools, and now build spatial models
that allow an explicit description of the spatial structures, inter-dependencies, and dynamics involved in
the physical, biological, and anthropogenic processes under study.

Uncertainty and sensitivity analysis

However, as numerical modelling assumes a leading role in numerous scientific fields, criticism highlight-
ing the weaknesses and limits of this approach has arisen (Oreskes et al. 1994). Among the points raised
is the importance of the uncertainties involved in any modelling process. These uncertainties may stem
from a lack of knowledge about some of the phenomena studied, the natural variability of the quantities
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of interest, measurement errors, model assumptions, or numerical approximations (Walker et al. 2003).
These combine together and propagate throughout the model, leading to uncertainty regarding the outputs
and indicators produced by it. When a model is used as a support tool for operational or strategic decision-
making, one must then question, as emphasized by Vasseure et al. (2005), “the value of a decision based
on data, the quality of which is unknown or poorly understood by the decision-maker”. Spatial models are
not exempt from these questions and “anyone using uncertain information—meaning the overwhelming
majority of mapped data users—should consider carefully the possible sources of uncertainty and how to
deal with them” (Fisher et al. 2005).

To adress this issue, the scientific community has developed qualitative and quantitative methods that
allow the study of how model outputs react when input variables are uncertain; they are usually refered
to as “uncertainty and sensitivity analysis” methods. Uncertainty analysis focuses on the propagation
of uncertainties throughout the model and aims to quantify the resulting uncertainty on the output. It
typically allows a confidence interval to be associated with model outputs. Sensitivity analysis goes one
step further: it seeks to study how the uncertainty in a model output can be apportioned to the uncertainties
in each of the model inputs. It allows input variables to be ranked according to their contribution to the
variability of model outputs. Sensitivity analysis thus helps to identify the key input variables, those
that determine the final decision of the model end-user, and on which further research should be carried
out. Uncertainty analysis and sensitivity analysis methods have been gradually adopted by modellers
in different disciplinary fields, notably in environmental research (Cariboni et al. 2007; Tarantola et al.
2002), and today are widely recognized as essential steps in model building (European Commission
2009a; CREM 2009).

However, these sensitivity analysis methods have not been applied frequently to the study of spatial mod-
els. Among the factors hindering their use in this domain are the explosion of dimensionality problems
and the lack of maturity of certain models. We will examine in special detail two other limits: i) spatial
model input data generally exhibit some auto-correlation, yet conventional sensitivity analysis methods
only consider independent scalar variables; ii) notions of scale, support, and resolution, which play a
prominent role in spatial modelling, are ignored in the formal frameworks of conventional sensitivity
analysis methods. Hence, there appears to be a great need to adapt sensitivity analysis methods to the
specific context of spatially distributed modelling. Some ideas have already been provided in the liter-
ature to adress this issue. First, in existing research related to sensitivity analysis, one may find some
publications that deal with correlated input variables, but these studies rarely examine the particular case
of spatial dependence. In addition, spatial statistics, and more specifically geostatistics, offer theoretical
frameworks to describe the uncertainty weighing on spatially distributed data and to grasp the notions of
spatial scale, support, or resolution. Geostatistics also provide tools to simulate these spatial uncertain-
ties. However, this theoretical corpus has never been linked to that of sensitivity analysis of numerical
models.

An example: cost-benefit analysis of flood risk management plans

In this thesis, we look into a particular situation where spatial models are used: the economic assessment
of flood risk management plans.© More precisely, our work focuses on cost-benefit analysis (CBA) ap-
proaches that aim to characterize, using a scalar or spatially distributed indicator, the economic relevance
of flood mitigation plans (dams, dikes, etc.). Such CBA studies usually require the development of a
numerical model, which combines a number of modules (hydrological module, hydraulic module, land
use module, damage functions) able to describe the entire chain leading to flood risk. These numerical
models generally have a strong spatial component owing to the nature of their input data (topography,



map of water system, land use map, etc.), the nature of their outputs (spatial risk indicators), and the
calculations that they use (notably spatial analysis operations with the help of GIS software).

Meanwhile, there is a growing consensus (Apel et al. 2004) that flood economic assessment models, and
more particularly CBA studies applied to flood risk management plans, are fraught with uncertainties.
There are numerous motivations for an in-depth study of these uncertainties. In the first stage of model
development, such a study allows the modeller to better understand the behaviour of the tool that s/he
is building, and to bring to light new questions or paths for improvement. During the model use stage,
uncertainty and sensitivity analyses can lead to increase the robustness of the economic indicators pro-
duced, notably by identifying the key input variables whose values should be better specified. Lastly,
during the operational stage, explicitly taking into account uncertainties allows the provision of more
complete information to the model end-users (public authorities, water managers) to help them in their
decision making (Ascough et al. 2008).

A number of recent studies aim to apply uncertainty and/or sensitivity analyses to all or parts of flood
economic assessment models. Most of these studies are limited to the forward propagation of uncertainty
(uncertainty analysis), the perimeter of which can vary from a single module of the complete model—e.g.,
land use (Te Linde et al. 2011), hydraulic simulation (Bales and Wagner 2009), estimation of damages
(Merz et al. 2004)—up to the entire modelling chain (Apel et al. 2008). Fewer publications address the
issue of ranking the various sources of uncertainty in these models by performing sensitivity analysis
(Koivumiki et al. 2010; de Moel and Aerts 2011; de Moel et al. 2012; Pappenberger et al. 2008).

However, we can make three general comments regarding these studies. First, the majority of these
studies are interested in the accuracy of the flood damage estimates on an area, but few examine the
resulting uncertainty on the economic performance indicators of flood mitigation plans produced in a
CBA. Next, these studies only rarely make use of the most recent advances in the field of sensitivity
analysis, turning more frequently to naive approaches whose limits are well known—e.g., only de Moel
et al. (2012) use a variance-based global sensitivity analysis in their research, although this approach
is widely used in other fields. Finally, these studies generally disregard the spatial nature of the model
they scrutinize, and the specific problems that this nature raises when performing sensitivity analysis. In
particular, the following two points are ignored: i) the issue of spatial dependence in the input data, and
ii) the issues related to the spatial scale at which these models are built. It thus appears both possible and
desirable to further improve the treatment of uncertainties in numerical models dedicated to the economic
assessment of flood risk, and more particularly in CBA studies applied to flood risk management plans.

Objectives of the thesis

This research work has two goals. The first objective is methodological: we want to investigate the use of
sensitivity analysis methods in spatially distributed modelling. These methods should allow to grasp the
specific features of spatial models, notably the presence of spatial dependence in the data and the scaling
issues. The second objective is of an applied nature: after proposing a modelling framework to describe
CBA studies applied to flood risk management plans, it involves studying the propagation of uncertainties
in this model, and, more precisely, identifying the main sources of uncertainty with the help of suitable
sensitivity analysis methods.

“The main reason for this choice lies in the fact that this research work revolved around three different research units: the joint
research unit TETIS, that undertakes research on the use of geospatial data for the monitoring and modelling of environmental
systems; the joint research unit G-EAU, which deals with the modelling of hydrosystems; and the Institute of Mathematics and
Modelling in Montpellier (I3M).


http://www.tetis.teledetection.fr
http://www.g-eau.net
http://ens.math.univ-montp2.fr/
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Research method In an attempt to simultaneously achieve both our methodological and applied objec-
tives, we chose an essentially inductive approach. We worked from the in-depth examination of a specific
situation: the sensitivity analysis of a CBA of a flood risk management plan in the Orb Delta (Hérault,
France). The first step of our work involved designing a modelling framework, named NOE, to describe
CBA studies applied to flood risk management plans, followed by the implementation of a numerical code
to carry out a CBA study on the Orb Delta. Based on the sensitivity analysis of this single model, we
attempted to bring to light more general questions, methods, and statements regarding sensitivity analysis
of spatial models. Rather than being a simple case study, the NOE model and its application to the Orb
Delta thus served as a basis for our discussion: hence, they take up a large part of this thesis.

Limits We chose to focus our research on a single family of sensitivity analysis methods, namely
variance-based global sensitivity analysis (VB-GSA). These methods produce sensitivity indices that
measure the contribution of each model input to the variance of the model output, taking into account
both the structure (or the equations) of the model under study and the uncertainty range of inputs. Three
main arguments motivated our choice: i) these methods do not require any preliminary hypothesis re-
garding the nature of the model under study (linearity, regularity), which is considered as a simple “black
box”; ii) they widely explore the space of input uncertainties (global methods); and iii) they describe not
only the impact of uncertain input variables considered one at a time, but also the impact of interactions
between these input variables. We also focused our attention on models with low CPU cost, which allow
a large number of simulations to be run in Monte Carlo approaches. Therefore, we do not adress in this
thesis the sensitivity analysis methods based on emulators or meta-models. Finally, the characteristics of
the NOE model led us to look more specifically at “point-based” and “spatially additive” models—we
will define these terms later in the document.

Research questions Within this restricted framework, more specific questions emerge: how can one
define and estimate variance-based sensitivity indices for spatially distributed model inputs that exhibit
spatial auto-correlation? What are the most appropriate simulation and sampling strategies for these
spatially distributed inputs to estimate their sensitivity indices? Can variance-based global sensitivity
analysis account for scaling issues, in particular for point-based and spatially additive models? These are
the research items that we will try to adress in this thesis.

Outline of the thesis

This thesis is divided into four chapters. In these chapters, we intentionaly mixed methodological or
theoretical developments with the numerical results obtained on the NOE case study. The reasons for
this choice are twofolds: first, this articulation mirrors the actual unfolding of our research, in which
methodological and applied work mutually enriched each other; next, this intertwined presentation allows
us to discuss both sides of our work at the end of each chapter. Figure 2 on page 14 displays the outline
of this document.

Chapter 1 starts with some relevant background information. We first give a number of definitions and
notations on spatial models. We also display a brief introduction to the concepts of sensitivity analysis,
and portray into more details the mathematical basics of variance-based global sensitivity analysis (VB-
GSA). Once these foundations have been established, we articulate in greater detail our research questions
in the conclusion of the chapter.



Chapter 2 presents the modelling process that led to the constitution of our case study: the cost-benefit
analysis of a flood risk management plan on the Orb Delta. We first design a modelling framework named
NOE to describe CBA studies of flood risk management plans based on the “avoided damage” approach.
We then specify how the NOE modelling framework was implemented for the Orb Delta case study.

Chapter 3 concentrates on the first research question: “how fo handle spatially distributed inputs in VB-
GSA?”. We survey the existing approaches to compute variance-based sensitivity indices for spatially
distributed inputs, then compare these approaches on some analytical test cases. This review is completed
by some developments on the sampling of spatially distributed inputs, and by the application of VB-GSA
to the NOE model on the Orb Delta case study.

Chapter 4 puts forward the second research question, by investigating the links between the spatial scale—
as defined by Bloschl and Sivapalan (1995)—and variance-based global sensitivity analysis. We discuss
how the ranking of the uncertain model inputs may depend on the “support” and the “spacing” of the
spatially distributed model output. The theoretical developments are restricted to point-based and spa-
tially additive models only; they are illustrated by an application to the NOE model on the Orb Delta case
study.

Finally, this document is concluded by: i) general comments on the significance of our theoretical re-
sults and the possible use of our methodological contributions for sensitivity analysis of spatial models;
ii) some lessons not only on the NOE modelling framework, but more generally on uncertainties in
cost-benefit analyses applied to flood risk management plans; and iii) some feedback on the practice of
sensitivity analysis in environmental modelling.
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Chapter 1

Theoretical background
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HE goal of this first chapter is to define a number of notions that will be used throughout the
thesis. In a first section §1.1, we clarify the term “spatial models”, giving a number of notations
(§1.1.1), discussing how space is represented in numerical models (§1.1.2) and presenting the

various meanings of “scale” in this context (§1.1.3). We then focus on two specific families of spatial
models that are often encountered in the literature: i) “spatially additive models”, in which the model end
user is interested in the spatial linear average or the sum of some quantity of interest over a given spatial
unit (§1.1.4), and ii) “point-based models”, in which spatial interactions in the physical processes under
study can be neglected in a first approximation (§1.1.5).

In the second section §1.2, we give an overview of sensitivity analysis (SA) of numerical models. We
first display the general flowchart of most SA methods (§1.2.1). We then focus on variance-based global
sensitivity analysis (VB-GSA), introduce the mathematical basis of this approach and explain how to
estimate variance-based sensitivity indices (§1.2.2).
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1.1 Spatial models

1.1.1 Definitions and notations

Our work is devoted to the study of numerical models where some of the model inputs and/or some of
the model outputs are spatially distributed: we will use the term “spatial model” to refer to such models.
They are encountered in many disciplines related to earth and environmental sciences. These models
allow for a spatially explicit description of the physical or anthropogenic processes under study. Their
development over the last decade is partly due to the increasing availability of spatially distributed data, to
the boom of GIS tools and to the overall growth of available computing power. Here are a few examples
of fields in which spatial models are often used: flood modelling (e.g., LISFLOOD, Van Der Knijff et al.
(2010)), groundwater quality modelling (e.g., AquiferSim, Landcare Research (2011)), crop modelling
(e.g., GLAM, Challinor et al. (2004)), air pollution modelling (e.g., AirGIS, Jensen (1998)), habitat
modelling in ecology (e.g., HABITAT, Haasnoot and Van Dewolfshaar (2009)), global change modelling
(Global Circulation Models), traffic modelling, etc.

In our work, we will only consider models that are: i) process-based models, i.e. models that describe
the behaviour of a system in terms of lower-level mechanisms in a bottom-up approach, as opposed
to empirical models, which are often based on statistical relationships extracted from observed data;
ii) deterministic models, as opposed to stochastic models; and iii) models that are defined on a two-
dimensional spatial domain®. We give here some notations that will be used throughout the document.

Numerical model For the sake of clarity, we will use in this document the term “model” in a very
restrictive way, to denote a numerical code, considered as a black-box, which calculates a number of
outputs (response variables) as a deterministic function of a given set of inputs. We will use the following
general notation:

Y = F(Uy,...,Uk) (1.1)

where K denotes the total number of model inputs, U; denotes a given input of the model, Y denotes the
model output and F denotes the deterministic computer code. When the numerical code F is based on a
mathematical function, we will use the notation f to refer to this function.

Spatial domain: € c R? denotes a spatial domain, x € € is a point of the spatial domain (or a “lo-

cation”), and v c €} is a connected subset, or “block”, “support”, “spatial unit”, “zone” or “region”, of
spatial domain (2 (Figure 1.1 on the facing page). |v| denotes the surface area of block v.

Spatially distributed model inputs: When a model input is spatially distributed over a spatial domain
Q, we will often denote it by Z; instead of U;— in order to stick to classical notations used in geostatisics.
The overall model input is denoted by {Z;(x) : x € Q} or simply Z;, while Z;(x) denotes the value of
the model input at a particular point x € 2. Nevertheless, for sake of simplicity, we will sometimes
imprecisely use the notation Z;(x) to refer to the overall model input. Non spatially distributed inputs
will be refered to as “scalar inputs”, numbered from U; to Uy, while spatially distributed inputs will be
numbered from Zy,1 to Zg. U = (Uy,...,U) will denote the set of non spatially distributed inputs
only.

We will later discuss in §2.4 on page 72 how our case study, the NOE modelling chain, fits or not in these different categories.
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Q) c R?

Figure 1.1: Spatial domain €2

Spatially distributed model output: When a model output is spatially distributed over a spatial domain
2, we will denote the overall model output by {Y (x) : x € Q} or simply Y, while Y (x) will denote the
value of the model output at a particular point x € €. Nevertheless, for sake of simplicity, we will
sometimes imprecisely use the notation Y (x) to refer to the overall model output.

A spatial model with both spatially distributed inputs and output will thus be represented by the equa-
tion (Figure 1.2):
Y:f[Ul,...,Uk,Zk+1,...,ZK]

ZF[U7Z/€+17"'5ZK]

Scalar Ue Rk
inputs
Spatially Spatially
distributed . distributed
. numerical
inputs N —> output
O c R?

Figure 1.2: A spatial model with both spatially distributed inputs and output

1.1.2 Representing space in numerical models

In spatial models, spatially distributed data (model inputs or output) can be represented in various ways.
The choice of a space representation depends on the nature of the data handled. The two most common
types of representation are (Bordin 2002):

o aregular grid of cells often refered to as a “mesh” or “grid”, denoted by G. Data are given or
computed at each centre point x; of cell ¢; of the mesh. This grid representation is mostly chosen
for continuous physical quantities of interest, such as temperature, rainfall or soil properties. Data
represented on a grid are usually stored as so-called “raster data” or simply “raster” in a GIS
software (Figure 1.3 on the following page, left);

o acontinuous and object-oriented representation, where objects under study are located in the usual
2D Euclidian space endowed with a Cartesian coordinate system. Objects can be point-shaped,
linear, polygonal or have a more complex shape. This representation is usually chosen for discrete
objects, such as trees, buildings, roads, plots of land. A convenient storage format for this type of
representation is a vector layer in a GIS software (Figure 1.3 on the next page, right).
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0

Figure 1.3: Representation of spatially distributed data: raster data (left: a zoom on the Digital Terrain Model of the
Orb Delta, cell size 5 m by 5 m); vector data (right: a zoom on the map of flood-exposed buildings and plots of land
on the Orb Delta)

In a single numerical model, these two ways of representing space (raster/vector) may be combined. It
is not in the scope of this document to describe other types of more complex space representations, in
which ad-hoc topologies are designed based on the properties of the system and processes under study®.

1.1.3 Scale issues

A key notion in spatially distributed modelling is that of “scale”, and more specifically “scale in space”.
This vague term can refer to a number of characteristic lengths related to a process, a set of observations,
or a model. We offer to clarify this notion based on the work of Bloschl and Sivapalan (1995), who wrote
an exhaustive review on scale issues in hydrology and Wu et al. (2006) who discuss scaling in ecology.

Types of scale Bloschl and Sivapalan (1995) make a first distinction between i) the “process scale” or
“intrinsic scale”, which is the scale at which the phenomenon of interest operates, it cannot be chosen or
modified by the modeller; ii) the “observational scale”, “measurement scale” or “sampling scale” which
is the scale at which measurements are taken; and iii) the “modelling scale” or “analysis scale” which
is the scale at which a model is built. These various types of scales are of course related in some ways;
generally speaking, they must be commensurate with each other in order to build a relevant spatial model:
processes should ideally be observed and modelled at the scale they occur.

Components of scale: the scale triplet In addition, Bloschl and Sivapalan (1995) also suggest to
distinguish between three components of scale, which they refer to as the “scale triplet”. The components
of this triplet depend on the type of scale considered (process, observational or model scale). The scale
triplet related to the “process scale” is composed of:

YFor example, such ad-hoc topologies can be found in many 1D hydraulic models, in which the river stream is used as a spatial
reference and side storage cells are only positionned by a scalar distance away from the origin of the stream.
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o the “spatial extent” of the process, that is, the overall spatial expanse of the phenomenon under
study (e.g., the total surface area of a floodplain);

o the “space period” of the process, if it is periodic (e.g., the distance between dunes in the desert);

o the “correlation length” for a stochastic process that exhibits some spatial correlation (e.g., the
range parameter of a Gaussian Random Field).

The scale triplet for the “observational scale” and the “modelling scale” is slightly different; it is com-
posed of (Figure 1.4):

o the “spatial extent”, that is, the overall spatial expanse of a dataset or the study area covered by a
model,

ELINNT3

o the “support” (or “resolution”, “grain”), which is the finest resolution in space of a dataset within
which homogeneity is assumed. When data is represented on a regular grid (raster data), spatial
support is governed by the size |c| of cells ¢;. When data is represented in a continuous space
with an object-oriented approach (vector data), spatial support is related to the size of the smallest
resolvable objects (the minimum mapping units);

o the “spacing”, that is, the characteristic spatial gap between two data points. For raster data,
the spacing coincides with the notion of support, and is governed by the size |c| of cells ¢;. For
vector data, the notion of spacing is relevant only if the objects do not entirely cover the 2D space:
spacing is then the characteristic distance between two objects.

All these notions are different but are often named with the same term “scale” in the literature. In this
thesis, we will try to clarify the meaning of “scale” anytime we use it.

Scaling “Scaling” is a major issue in spatially distributed modelling. This term is used to refer to
the problem of translating knowledge from one scale to another scale (Heuvelink 1998). For example,
numerical models are sometimes developed at small spatial scale (e.g., the scale of a single plant) but are
expected to produce indicators at a larger scale (e.g., a plot of cultivated land): this problem is known
as “upscaling”. The opposite issue (translating information from large scale to smaller) is known as
“downscaling”. In this thesis, we will focus on the procedure of “upscaling”; Bloschl and Sivapalan
(1995) suggest to split this procedure into two steps (Figure 1.5 on the next page): first step consists of
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Figure 1.4: Three alternative definitions of scale in space: spatial extent (a), support (b), and spacing (c)
Source : Bloschl and Sivapalan (1995)
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Figure 1.5: Upscaling as a two-steps procedure
Source : Bléschl and Sivapalan (1995)

“distributing” a number of small scale values to cover a large spatial extent with many small scale values
(e.g., producing a regular grid of harvestable yield across a plot of cultivated land from a small set of
point values); second step consists of “aggregating” these small scale values to produce a single large
scale value (e.g., calculating the total yield of a plot of cultivated land). We will use these notions of
“upscaling” and “aggregating” in the following chapters.

1.1.4 Spatially additive models

A family of spatial models will receive a particular attention in our research: the “spatially additive
models”.

In the case where model output Y (x) is spatially distributed, an important issue is the choice of the spatial
support over which it is observed. Model end-users may be interested in the overall spatially distributed
output {Y'(x) : x € Q} over spatial domain €2 (e.g., a map of annual rainfall over a catchment, a flood risk
map or a pollution map). But they may also want to study a single scalar property of the output over a
given spatial unit v c : for example, the sum of Y (x) over v (e.g., total rainfall over a catchment), the
average value of Y (x) over v (e.g., the average porosity of a geological block), the maximum value of
Y (x) over v (e.g., the maximal pollutant concentration over a study area), some quantile of Y (x) over
v, or the percentage of v for which Y (x) exceeds a certain threshold, etc. As mentioned in §1.1.3 on the
preceding page, moving from spatially distributed Y (x) to a single scalar property over a given spatial
support v is known as “aggregating”, which is one of the two steps of the “upscaling” procedure.

Aggregating many small scale values into a single large scale value may be very complicated, especially
when non-linearities are involved: for example, computing the hydraulic conductivity of a large support
v from many values of conductivity on smaller supports is not straightforward. Nevertheless, in many
environmental models, the physical quantities considered are spatially additive, that is, their large-scale
properties derive from small-scale properties by simple linear averaging (Chiles and Delfiner 1999). For
example, porosity, evapotranspiration or the daily amount of rainfall are spatially additive variables.

In this document, we will say that a spatial model F is “spatially additive” when two conditions are met,
as shown in Figure 1.6 on the next page:
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Figure 1.6: A spatially additive model

o it has a spatially distributed output {Y (x) : x € Q};

o the model end user is interested in the spatial linear average or the sum of the model output
{Y (%) : x € Q} over a given spatial unit v c ).

We will denote by Y, the spatial average of the model output over a zone v c (2:

1
Y, = sz Y (x)dx (1.2)

When the spatially distributed output Y (x) is only computed at a number of point x; of the domain 2,
then the output of interest is a weighted sum of the form 3 w;Y (x;).

1.1.5 Point-based models

In our work, particular attention will also be paid to another limited class of spatial models, in which
(Figure 1.7 on the following page):

o at least some of the model inputs are spatially distributed;
o model output is spatially distributed;

o the value of model output Y (x) at a given location point x € {2 depends on the set of scalar inputs
U = (Uy,...,U) and on the value of spatially distributed inputs Zy.1(x), ..., Zx(x) at that
same location x only.

Following Heuvelink et al. (2010a), we will use the term “point-based models” to refer to this class of
models. They are encountered in various fields of environmental and earth sciences, whenever spatial in-
teractions in the physical processes under study can be neglected in a first approximation. Some examples
of point-based models are: models that predict crop growth, evapotranspiration, pesticide leaching (Geo-
PEARL model, Tiktak et al. (2002)) or greenhouse gas emission. On the contrary, non point-based models
involve some spatial interactions in the description of the physical processes under study: for example,
models that simulate river flow routing are usually not point-based, as the water flow at a location x € {2
depends on the flow at other locations x’ € Q upstream.
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Figure 1.7: A point-based model

In a point-based model, the model output Y (x) at a given point x € {2 is a deterministic function of scalar
inputs U and of the values of spatially distributed inputs Zy.1(x), ..., Zx(x) at that same location x;
we will use the terms “local code” or “local model”, denoted by Fi,, to refer to this function. Hence, we
will say that a numerical model F is “point-based” if there exists a local code Fj,. such that:

AFiec :RE 5 R, VxeQ, Y(X)=Fie[U, Zrs1(%),..., Zx(x)] (1.3)

We insist on the fact that F and F,. are not the same functions: F is a function that takes as inputs the
overall spatially distributed inputs {Z;(x) : x € 2} and the scalar inputs U and gives as an output the
overall field {Y (x) : x € Q}. Fio is a function from R¥ to R that computes Y (x) at a single point x €
from the scalar inputs U and from the values Z;(x) of spatially distributed inputs at that same point x.

1.2 Sensitivity analysis

This second section aims to briefly introduce the reader to sensitivity analysis (SA) and to describe into
more details one specific family of sensitivity analysis methods, on which we focused in our work: the
variance-based global sensitivity analysis (VB-GSA). This section is a literature review without any inno-
vative content. We give a broad overview rather than an exhaustive review of SA and VB-GSA methods:
the interested reader will find more details in Saltelli et al. (2008) or de Rocquigny et al. (2008).

1.2.1 An overview of sensitivity analysis methods

“Sensitivity analysis” (SA) is better defined in relation to “uncertainty analysis” (UA). Both terms are
closely related but refer to distinct approaches. They gather a number of methods that aim at understand-
ing how sensitive models are to uncertain knowledge of inputs. “Uncertainty analysis” focuses on the
propagation of uncertainty sources through the model, and tries to quantify the resulting uncertainty on
model output. It allows robustness of model results to be checked. “Sensitivity analysis” goes one step
further: it is used to study how the uncertainty of a model output can be apportioned to different sources of
uncertainty in the model inputs. Sensitivity analysis aims at ranking sources of uncertainty according to
their influence on the variability of the model output. This ranking helps to identify inputs that should be
better scrutinized in order to reduce the variability of the model output. More generally, SA is also useful
to explore the response surface of a numerical model and to prioritize the possibly numerous processes
that are involved in it.
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Figure 1.8: General flowchart for sensitivity analysis
Source : adapted from de Rocquigny et al. (2008)

SA is now recognized as an essential component of model building (European Commission 2009b;
CREM 2009) and is widely used in different fields of environmental and earth sciences (Tarantola et al.
2002; Cariboni et al. 2007). Over the last fifteen years, a wide range of sensitivity analysis techniques have
been developed, and a number of guidelines have been suggested to choose the appropriate SA method
for a given problem (Saltelli et al. 2008; de Rocquigny et al. 2008; Iooss 2011; Helton and Davis 2006;
Pappenberger et al. 2006; Cariboni et al. 2007). Most SA methods follow a similar flowchart composed
of four steps (Figure 1.8):

1. description of the model F under study and choice of a measure of model output variability
2. modelling of uncertainty sources
3. uncertainty propagation

4. ranking of uncertainty sources

We give below some details on each step. For the sake of clarity, we consider a numerical model Y =
F(Uy,...,Uk) where both model inputs U; and model output Y are all scalar variables (non spatially
distributed).

1.2.1.1 Measure of model output variability

In order to study the variability of the model output Y, one must choose a measure of this variability.
Various measures can be considered, such as: the variance of model output var(Y'); the derivative of
model output Y /OU; at a given point in the input space; the probability P(Y > Y.« ) that model output
exceeds a given threshold; the overall pdf or cdf of the model output, etc. One can also consider the
overall variability of the model output Y in a qualitative way, using graphical methods.
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1.2.1.2 Modelling uncertainty sources

Model inputs U; are almost always fraught with uncertainties, which arise from inaccuracy or lack of
data, model assumptions, measurement errors, incomplete knowledge, etc. One main distinction can be
made between aleatory uncertainty, which is related to the natural variability of the quantities of interest
and which can not be reduced, and epistemic uncertainty, which stems from a lack of knowledge and can
often be reduced—see Walker et al. (2003) and Refsgaard et al. (2007) for an enlightening discussion
on the nature of uncertainty, which is not in the scope of this document. Numerous frameworks can
be chosen to model these various types of uncertainty on model inputs U; (de Rocquigny et al. 2008):
deterministic frameworks, in which a set of alternative discrete values are associated with each input U;;
probabilistic frameworks, in which inputs U; are considered as random variables with an identified pdf
p; (O’Hagan 2012); second-order probabilistic frameworks, in which parameters of pdf p; are themselves
uncertain; fuzzy logic frameworks, etc.

1.2.1.3 Uncertainty propagation

Once input uncertainties have been identified and modelled, they must be propagated through the numer-
ical model F, in order to assess their impact on the variability of the model output Y. For that purpose,
it is necessary to choose a method to “explore” the numerical model F. Broadly speaking, we suggest to
distinguish four families of methods for model exploration:

o intrusive methods: analytical study of mathematical function f or modification of the numerical
code F;

o screening methods: exploration of numerical code F based on a relatively small number of
simulations (typically < 1000), by varying the value of inputs U; in a deterministic way; this
family of approaches is described in the Design of Experiments (DOE) literature;

o intensive sampling-based methods: these methods resort to extensive exploration of the space of
possible model inputs with ensuing multiple runs (typically > 1000) of numerical code F, usually
using some sort of random or quasi-random sampling in the space of input factors U;;

o meta-modelling: approximation of numerical code F by a surrogate model F’ with smaller CPU
cost, using a small number of simulations of the original code F (typically < 1000). Meta-
modelling (also know as “emulation”) is not really a method for model exploration on its own:
it is a way to get a simplified (less CPU intensive) numerical code that mimics the initial code F.
Surrogate model F' must then be explored by one of the above methods (intrusive, screening or
intensive sampling). Ratto et al. (2012) present some applications of meta-modelling techniques
to sensitivity analysis of environmental models.

1.2.1.4 Ranking model inputs

Once uncertainty propagation is completed (§1.2.1.3), sensitivity analysis aims at ranking uncertain
model inputs U; based on their impact on the variability of model output Y—which is measured as
discussed in §1.2.1.1 on the previous page. Some SA methods produce a qualitative ranking of model in-
puts, usually separating them into two groups: those inputs U; that have a large influence on the variability
of Y, and those that do not. Other SA approaches are quantitative: they are based on the calculation of
so-called “importance measures” for each model input U; with respect to the measure of variability of
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model output Y. These importance measures are often refered to as “sensitivity indices”. They depend
not only on the equation of the model F under study, but also on the uncertainty range of each model
input U,.°

1.2.1.5 Local/global sensitivity analysis

SA techniques are also often divided into “local” or “global” methods. Local methods only consider the
variation of model output Y when model inputs U; vary locally around their nominal values at a single
base-point in the input space; they are related to the partial derivatives of the model F with respect to each
input U;. On the contrary, global methods study the variation of Y when model inputs U; explore more
widely the space of input uncertainties, with all inputs U, varying at the same time. Global methods are
generally more costly than local methods in term of computational burden, but they give a more complete
information.

1.2.1.6 Choice of an appropriate SA method

We display in Table 1.1 on the following page the main methods of sensitivity analysis discussed in the
literature, classified according to: i) their measure of model output variability, and ii) their approach for
uncertainty propagation. In an operational context, Iooss (2011) suggests to use three criteria to choose
an appropriate SA method to study a given numerical model F:

o the type of information needed—qualitative or quantitative ranking of model inputs, identification
of the most/least influent inputs, etc. Saltelli et al. (2008) use the term “SA setting” to refer to the
various objectives of a sensitivity analysis (factor fixing FF, factor prioritizing FP);

o possible hypotheses on model complexity—Ilinearity, monotonicity, regularity, etc.;

o the CPU cost of the method—it usually depends on the cost of a single simulation of model F, on
the number of simulations of F needed, and on the number K of model inputs.

“In that sense, they differ from other “sensitivity” meaures which are only related to the partial derivatives of the equations of a
model and which do not depend on the uncertainty range or pdf of the inputs.
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1.2.2 Variance-based global sensitivity analysis

We focus in this thesis on a specific family of sensitivity analysis methods: the variance-based global
sensitivity analysis (VB-GSA). This choice was made at the very beginning of our research in order to
narrow down the scope of the work. VB-GSA was chosen because it is one of the most common and
popular SA methods. It explores widely the space of uncertain input variables and is suitable for complex
models with non-linear effects and interactions among inputs. Other methods of sensitivity analysis (one-
at-a-time, adjoint SA ...) are not considered nor discussed in this thesis. In this section, we give a broad
presentation of the mathematical basis of VB-GSA. Please refer to Saltelli et al. (2008); Lamboni (2009);
Da-Veiga (2007); Lavergne (2006) for more details.

1.2.2.1 Overview

In VB-GSA, the measure of variability of model output Y is its variance var(Y"). Uncertainty on model
inputs U; is described in a probabilistic framework, by identifying a pdf p; for each model input U;.
Besides, inputs U; are supposed to be independent—Kucherenko et al. (2012), Li et al. (2010) or Mara
and Tarantola (2012) suggest ways to overcome this restrictive hypothesis. Uncertainty is propagated
through the model F either with an intensive sampling-based approach, or using a meta-model. Finally,
VB-GSA is quantitative, and leads to the computation of importance measures named “variance-based
sensitivity indices” of various orders—in most cases, only “first”” and “total” order sensitivity indices are
considered.

1.2.2.2 A decomposition of functional variance

In order to introduce the VB-GSA approach, let us first describe the space of model inputs U; as a K-
dimensional unit cube. We consider a square-integrable function f : [0,1] — R. VB-GSA is based on
the expansion of f into a sum of elementary functions f, of increasing dimensionality:

VUi, Ug) €[0;1]%,  f(Ur,Ug)= Y fa(Ua) (1.4)
ac{l,...,.K}

where U, = (U;),,, denotes a subset of the set of model inputs (Uy, -, Uk ), the empty set is denoted by
Uy and fy is a constant. The expansion given in Eqn. (1.4) always exists but is not necessarily unique. It
is sometimes refered to as a High-Dimensional Model Representation (HDMR) (Saltelli et al. 2008), and
was initially proposed by Hoeffding (1948).

A particular HDMR expansion is obtained when the condition Eqn. (1.5) is met:

1
Vac{l,... K}, Vica, ffa-dUFo (1.5)
0

Under condition Eqn. (1.5), the expansion given in Eqn. (1.4) exists and is unique. Elementary functions
fa are then orthogonal:

Va,fc{l,...,K}> with azp, f fo-fs-dU=0 (1.6)
Ue[0;1]%

To understand this particular and unique HDMR decomposition in terms of sensitivity analysis, let us
now switch to a different framework. We now study a model Y = f(Uy,...,Uk), in which U; are i.i.d.
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scalar random variables with uniform pdf in [0; 1], such that EY'? < +oo. From Eqn. (1.4) on the previous
page and from the property of orthogonality [Eqn. (1.6)], one can derive an expansion of the variance of
f as a sum of the variances of elementary functions f,:

var(f) = Y. var(fa) (1.7)

ac{l K}

Besides, by integrating Eqn. (1.4) with respect to each model input U;, under condition Eqn. (1.5), we
can get an expression of elementary functions f:

= f F(UL,...,Ux)dU, ...dUsx [Eqn. (1.4) & Eqn. (1.5)]
01

=E(Y) (by definition of E(Y))

FL(UY) = f F(UL,...,Ug)dUs...dUk - f5 [Eqn. (1.4) & Eqn. (1.5)]
[0;17 51

=E(Y |U;)-E(Y) (by definitionof E (Y |Uy))

J1,2(U1,Uz) = f f(Ui,...,Uk)dUs...dUk - f1(Ur) = f2(Uz2) - fz
o]

=E(Y [U1,U2) -E(Y |U1) -E(Y [ Uz) + E(Y)

Elementary functions f,, can thus be written as a linear combination of conditional expectations of model
output Y given model inputs U;. A general expression of elementary function f,, is (see Appendix §A on
page 200 for a proof):

BCa
in which || and || denote the cardinal of subsets « and 3, respectively.

It must be noted that the unique HDMR decomposition we obtain is very similar to the ANOVA decom-
position scheme (Archer et al. 1997).

1.2.2.3 Definition and properties of variance-based sensitivity indices

Sobol’ (1993) used the functional variance decomposition of f given in Eqn. (1.7) to define importance
measures named “variance-based sensitivity indices”—sometimes now found in the literature as “Sobol’
sensitivity indices” or simply “sensitivity indices”.

Definition (First-order sensitivity indices). Sobol’ (1993) defines first-order sensitivity index of model
input U; with respect to model output Y, denoted by .S, or Sy, as the following ratio:

_ var( f;) _ var [E(Y |U;)]
var(Y) var(Y)

Vie{l, K}, S (1.9)

First-order sensitivity index .S; € [0; 1] measures the main effect contribution of the uncertain model input
U; to the variance of model output Y. It is the expected part of output variance that could be reduced by
fixing the value of the uncertain input U.
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Definition (Higher order sensitivity indices). For any subset U, = (U;)
{1,..., K}, high order sensitivity index S, is defined as:

e, Of model inputs, with o €

Vac{l,...,K}, S.= var(fa) (1.10)

var(f)

The “order” of sensitivity index S,, is equal to the cardinal |« of subset «, that is, the number of inputs
U; included in subset U,,.

It follows from variance decomposition [Eqn. (1.7) on the facing page] that sensitivity indices .S, of all
orders sum up to 1:

Sa=1 (1.11)
ac{l,....K}

As a consequence, sum of first-order sensitivity indices S; is always equal or smaller than 1:

S; <1 (1.12)

The difference 1 — Y, .S; accounts for the contribution of all interactions between model inputs U; to the
model output variance var(Y").

Definition (Total-order sensitivity indices). Finally, Homma and Saltelli (1996) suggest to define another
importance measure named “fotal-order sensitivity indices”, denoted by ST; or STy;,, as the sum of all
sensitivity indices in which model input U; is involved:

Vie{l,...,K}, ST;= 3 Se (1.13)

ac{l,...,K},icx

ST; € [0;1] represents the part of output variance that is explained by model input U; and all its interac-
tions with other inputs U;. It is the expected residual part of output variance if all model inputs but U;
were fixed. It was shown (Saltelli et al. 2008) that total-order sensitivity indices ST; can also be written
as:
E Y |U,
or, - Elvar(Y | U] (1.14)
var(Y")

in which U, = (U; )j .; denotes all model inputs but U;. It follows from Eqn. (1.11) and Eqn. (1.13) that
the sum of total-order sensitivity indices always sum up to more than 1:

S STy>1 (1.15)
ie{l,...,K}

Sensitivity indices can be used to identify the model inputs that account for most of the model output
variability (U; with high first-order indices 5;); they may lead to model simplification by identifying
model inputs that have little influence on the model output variance (U; with low total-order sensitivity
indices S7T;); they also allow discussing the contribution of interactions between model inputs to the
model output variance (comparison between first and total-order sensitivity indices).
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1.2.2.4 Grouping model inputs

VB-GSA offers the possibility to define first and total-order variance-based sensitivity indices associated
with a “group of model inputs”. Let consider a group U, = (U;),.,, of model inputs with « a subset of
{1,..., K}. First and total-order indices of the group, which we denote by S5 and ST%", are defined by:

S8 =35z and STE= >  Sp (1.16)
Bea Be{l,...,K}
anf+d

Grouping model inputs is often used to lower the CPU cost of the estimation of sensitivity indices when
the number K of inputs is too large (typically K > 20). Besides, grouping is useful to cope with correlated
inputs (such inputs can be gathered into a single group). Finally, we suggest that grouping can also be
helpful to perform VB-GSA in a sequential way: first, a small number of input groups is identifed—
usually, the composition of the groups has some physical meaning for the modeller, e.g., in a crop model
a parameter describing clay content of a soil horizon will be grouped with other model inputs describing
soil properties, while an input related to daily rainfall will be grouped with other climate variables. Then,
a first VB-GSA is performed to estimate sensitivity indices associated with each group of inputs. If a
group appears to have a large influence on the variance of model output (high group indices S&" and
STE"), then it will be split into a number of smaller groups. A second VB-GSA will be performed
to identify which of these smaller groups are the most influential, and so on, until the most influential
individual inputs U; are identified.

1.2.2.5 Estimation of variance-based sensitivity indices

Reminder: we only briefly present here the estimation of variance-based sensitivity indices for a numer-
ical model Y = F(Uy,...,Uk) where all model inputs U; are scalar random variables (non spatially
distributed). The case of spatially distributed inputs is one of our research items and will be discussed in
Chapter 3.

The calculation of variance-based sensitivity indices is closely related to the choice of a method for the
exploration of numerical model F (§1.2.1.3 on page 26): intrusive methods, screening methods, intensive
sampling-based methods or meta-modelling. First, for some models F, it may possible to derive the exact
analytical expression of sensitivity indices from the equations of the model (intrusive approach). Regard-
ing non-intensive screening methods, there is, to our knowledge, no specific design of experiments nor
any ad-hoc estimators to calculate variance-based sensitivity indices?. On the contrary, a large body of
scientific literature is available on various intensive sampling strategies and associated estimators to cal-
culate variance-based first-order and total-order sensitivity indices from a large number of simulations of
a numerical code F. These techniques follow a similar three steps procedure: i) generate an input matrix
through an appropriate random sampling method, usually some Quasi Monte Carlo sampling scheme or
other space-filling design (Pronzato and Mueller 2012); ii) calculate an output vector by evaluating the
numerical code F at each line of the input matrix ; iii) estimate variance-based sensitivity indices from the
output vector. Here are some of the most popular methods encountered in the literature: Sobol’ estimators
using LP-7 samples (Sobol’ 1993), Winding Stairs approach (Jansen et al. 1994; Chan et al. 2000), FAST
sampling (Cukier et al. 1978; Saltelli et al. 1999), Random Balance Design (Tarantola et al. 2006), use of
replicated Latin Hypercube Sampling (Tong 2010), etc. It is not in the scope of this document to make a

dCampolongo et al. (2011) shows the similarity between the Elementary Effects approach and VB-GSA and suggest to use a
“radial one-at-a-time” design of experiment to estimate total-order sensitivity indices.
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complete review of these sampling strategies and estimators: the interested reader will find more details
in Saltelli et al. (2008); de Rocquigny et al. (2008); Lilburne and Tarantola (2009); Gatelli et al. (2009).

In our research, we have always used the same algorithm to estimate first and total-order variance-based
sensitivity indices, using the estimation procedure suggested by Saltelli et al. (2010):

o generate two input samples M; and Ms of size K x N in the space of model inputs, where K is the
number of model inputs (or groups of model inputs) and N will be refered to as the “base sample
size”. The two samples are L P — 7 sequences where each input U; is sampled from its pdf p;. The
choice of a base sample size N depends on the accuracy needed for sensitivity indices estimates;
it has to be of the form 2™ to ensure that the desired properties of the L P — 7 sequences hold;

o combine these two samples M; and M, to generate a new, longer sample M,y of size K x Ny
where N will be refered to as the “toral sample size”. Ny depends on the base sample size and
on the number of model inputs (or groups of model inputs): Ny, = (K +2) - N. Details on the
combination procedure are given in Appendix §A on page 200;

o calculate an output vector by evaluating the numerical code F at each line of the total sample My;

o estimate sensitivity indices for each model input U; (or each group of model inputs) from the
output vector. The estimators are those suggested by Saltelli et al. (2010); they are given in
Appendix §A on page 200.

1.3 Chapter conclusion

In this chapter, we have given some elements of theoretical background, definitions and notations to better
specify the subject of our research.

First we have clarified the notion of “spatial model”: for us, this term will refer to a numerical model in
which some of the inputs and/or some of the outputs are spatially dsitributed over a 2D spatial domain. In
such numerical models, spatially distributed inputs/output can be stored as raster or vector data. Besides,
the notion of “spatial scale” can be better grasped through the scale triplet of “extent”, “support” and
“spacing”. We have also given the definitions of two subclasses of spatial models that we will focus on:
i) the spatially additive models, in which the model end user is interested in the spatial linear average or
the sum of some quantity of interest over a given spatial unit, and ii) the point-based models, in which

spatial interactions in the physical processes under study can be neglected in a first approximation.

Then, we have displayed a brief overview of sensitivity analysis techniques and presented the four steps
they are composed of: i) definition of the model under study and choice of measure of model output
variability; ii) modelling of uncertainty sources; iii) uncertainty propagation; and iv) ranking of model
inputs. We finally portrayed into more details the theoretical basis of variance-based global sensitivity
analysis (VB-GSA). We defined the first and total-order variance-based sensivity indices, and explained
which estimation procedure will be used throughout our work.

From this material, we are now able to give a more detailed description of the two methodological ques-

tions that we will try to answer in the following chapters (Figure 2 on page 14):

(1) handling spatially distributed inputs in VB-GSA: the estimation procedure presented in §1.2.2.5
on the preceding page to compute variance-based sensitivity indices is only appropriate for scalar
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and independent model inputs U;. A first question is: how to compute variance-based sensitivity
indices Sz and ST, for a spatially distributed model input { Z (x) : x € Q}, that may exhibit spatial
auto-correlation? We will try to adress this issue in Chapter 3 with a very pragmatic perspective, by
exploring the various numerical tricks that can be used to compute Sz and ST. Besides, we will
focus our research on intensive sampling-based methods to estimate .Sz and ST, thus ignoring
a number of other possibilities discussed in §1.2.1.3 on page 26 (intrusive methods, screening or
meta-modelling);

(2) scale issues in VB-GSA: the theoretical background of VB-GSA presented in this chapter does not
account for the notion of “scale”, which is of utmost importance in spatial modelling (§1.1.3 on
page 20). We will try to adress this issue in Chapter 4 by using the concepts, notations and results
from the geostatistics theory. More specifically, we will focus our research on the specific case
of spatially additive and point-based models. We will try to answer the following question: in
a spatially additive and point-based model, how do variance-based sensitivity indices depend on
the scale of the model output Y, and more precisely on the three components of the scale triplet:
support, spacing and extent?
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LOOD risk research makes intensive use of numerical modelling. Over the last decades, many
numerical models have been developed in order to i) forecast flooding events, ii) assess the impacts
of potential flooding events in terms of human well-being, economic and social development,

and iii) design efficient flood management policies. These models simulate hydrological, hydraulic and
economic processes over a given study area. They are usually spatially distributed and often make use of
GIS tools.

In this thesis, we look into one specific family of flood-related models, which are based on a common
approach for the economic appraisal of flood risk management plans: the “cost-benefit analysis based on
avoided damages” approach (CBA-AD). As mentioned in the general introduction, the applied objective
of the thesis is to investigate the propagation of uncertainty through this CBA-AD approach. For that
purpose, we first had to design a general modelling framework to describe the CBA-AD approach, in
order to perform its uncertainty and sensitivity analysis. This modelling framework, named NOE, was
then implemented into a computer code and applied on a number of case studies, including the Orb Delta
study site, which will be used as a real-world test case for VB-GSA of spatial models throughout this
document.

The goal of this chapter is to present both the NOE modelling framework and its application to the Orb
Delta study site. It is divided into three sections. The first section §2.1 starts with some elements of
context on flood risk management and the economic appraisal of flood mitigation projects. It introduces
the reader to the CBA-AD approach and surveys the literature on the subject. Next, the second section
§2.2 explains why and how we built a modelling framework named NOE to describe the CBA-AD ap-
proach. As we will detail it, the NOE modelling framework does not pretend to cover the entire variety of
CBA-AD studies, but rather to clarify the structure, inputs and outputs of the CBA-AD flowchart, in the
view toward performing its uncertainty and sensitivity analysis. Then, section §2.3 briefly mentions how
we implemented the NOE modelling chain into an efficient computer code, and presents the various case
studies on which the NOE code has been applied. In particular, it portrays the Orb Delta study site, which
will be used as the main case study in the thesis. Finally, in the chapter conclusion (§2.4), we make some
general comments on the scope and limitations of the NOE modelling framework, and stress a few key
points that will prove important to carry out its sensitivity analysis.
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2.1 Cost-benefit analysis of flood risk management plans

2.1.1 Flood risk and flood management policies

Flooding is one of the most damaging natural hazards in Europe. In France, floods threaten around
two millions people, one third of municipalities and cost over 250M<€ per year—approximately 80% of
economic losses due to natural hazards (MEDD 2004). These figures are worryingly likely to rise in
the next decades, as flood-prone areas continue to be developed under the pressure of demographic and
economic growth. In addition, climate change may result in more extreme meteorological events and
increase flood frequencies and magnitudes (Parry et al. 2007).

In order to prevent floods, protect people and assets from flood damage and prepare our societies to
face such extreme events, public authorities implement various flood risk management policies. In the
past, these policies were mainly concerned with structural measures designed to prevent flood hazard
(e.g., levees, dams, channel improvement, etc.). Nowadays, flood risk management policies also include
non-structural measures that aim at i) reducing vulnerability of flood-exposed assets; ii) controlling land
planning in flood-prone areas; and iii) improving crisis management (Ledoux 2006). In Europe, since
the approval of the EU Flood Directive (2007/60/EC) in 2007, member states have to establish flood risk
management plans combining prevention, protection and prepardness, in all flood-prone river basins and
coastal areas. In France, a similar framework was adopted in 2003, when integrated flood management
plans named PAPI (“Programmes d’Actions de Prévention des Inondations”) were introduced (MEDDTL
2011).

2.1.2 Economic appraisal of flood management policies

For project prioritisation, planning and monitoring, the assessment of flood risk management plans is
needed. These appraisals must consider the various aspects of a flood management plan, including its
economic efficiency, its technical feasibility, its environmental and social impacts, etc. They require a
good understanding of the components of flood risk (flood hazard, vulnerability, resilience, etc.), and use
knowledge from numerous fields of Science such as hydrology, hydraulic, economy (Messner et al. 2007;
Hubert and Ledoux 1999; Ledoux et al. 2003).

One of the most common methods for the appraisal of flood risk management plans is the “cost-benefit
analysis” approach (CBA). CBA assesses the economic efficiency of a policy by comparing its costs and
benefits, both converted to a monetary unit, over a conventional length of time (European Commission
2008). This approach is recommended for the economic appraisal of flood risk management plans in the
EU Flood Directive. In France, it is compulsory for local authorities and water managers to produce a
CBA of their PAPI flood management plan when they claim national subsidies (MEDDTL 2011).

2.1.3 Cost-benefit analysis based on avoided damages (CBA-AD)

Generally speaking, all costs related to a flood management policy should be included in a CBA: direct
investment and maintenance costs, but also monetized negative social impacts or environmental impacts
of the policy, such as landscape deterioration. In the same way, all benefits of the policy should be
considered, including possible social benefits such as the recreational use of a lake resulting from a dam
construction. However, for practical reasons, most CBA studies only account for the “main”—in terms
on monetary amount—costs and benefits of the policy. Hence, assessing policy costs often comes down
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to the estimation of the direct investment and maintenance costs. In addition, it is most often assumed
that the largest share of the benefits can be measured by the monetized amount of flood damages that
will be spared thanks to the flood risk management policy. We will use the term “Cost-Benefit Analysis
based on Avoided Damages” (CBA-AD) to refer to this somehow restrictive framework for CBA of flood
risk management policies (Erdlenbruch et al. 2008). CBA-AD is almost the only approach encountered
in French case studies for the appraisal of structural flood management plans, and is also widely used in
other European countries.

In the literature, CBA-AD studies vary in their aim, their scope, their scale and the data used. In order
to propose a general modelling framework for CBA-AD studies—as we will explain it later in §2.2 on
the following page—we surveyed a number of academic papers and reports that discuss the use of this
approach for the economic assessment of flood risk management policies. Messner et al. (2007) dis-
play guidance and recommendations for the economic appraisal of flood risk, based on the outcomes of
the European project FLOODsite?; they propose a flowchart for cost-benefit analysis based on avoided
damages (Messner et al. 2007 p.21), give a clear overview of the best practices in Europe and survey a
number of CBA-AD studies and other guidelines across Europe (Messner et al. 2007 p. 63). Merz et al.
(2010) extensively discuss the issue of flood damage assessment. The Flood Hazard Reseach Center®
published a handbook on assessment techniques to evaluate the benefits of a flood risk management pol-
icy, known as the Multi-Coloured Manual (Penning-Rowsell et al. 2005). The Queensland Government
also issued guidance for flood damage assessment (DNRM 2002), as well as the US Army Corps of En-
gineers (Baecher et al. 2000). Bournot (2008) reviewed thirty French projects of flood risk management
and presented how their economic relevance was assessed. Jonkman et al. (2004) discussed the use of
cost-benefit analysis for flood damage mitigation policies in the Netherlands. Erdlenbruch et al. (2008)
presented a CBA-AD study on the Orb river (Hérault, France). Finally, Achleitner et al. (2010) studied
the flood protection structures in the Otztal valley (Tyrol, Austria).

We also looked into technical reports that describe into details how cost-benefit analyses were carried out
for four different flood risk management plans in France. A first group of three case studies are located
along the Rhone River. These studies include: a project of dike strengthening and heightening on the
river reach between Fourques and Beaucaire; a project to improve the water storage capacity of the two
small islands of La Motte and L’ Oiselet, upstream of Avignon; a larger project that aims at renovating old
floodplains along the lower reaches of the Rhone river. A last case study was considered in Bretagne in
the Vilaine floodplain close to the city of Redon.?

Finally, we also read the existing guidelines that French national or local authorities have published on the
CBA-AD approach for the economic appraisal of flood risk management plans. These guidelines aim to
help experts in environmental consultancy firms produce relevant and rigorous CBA-AD assessments, and
assist the local contracting authorities in their claim for public subsidies. We surveyed four guidelines,
published respectively by: the Plan Rhone, a public water management body along the Rhone river
(Ledoux Consultants 2010); the European Center for Flood Risk Prevention® (CEPRI 2011); the Gard
Water Committee (GERI 2012); and the Ministry of Ecology (MEDDTL 2011 Appendix 4).

This literature review does not pretend to be exhaustive. Its main objective was to give us the foundations
to build a general modelling framework that could depict the CBA-AD studies. This modelling framework
named NOE is presented in next subsection §2.2 on the following page.

http://www.floodsite.net

Y An interdisciplinary centre based at Middlesex University, http://www.mdx.ac.uk/research/areas/geography/flood-hazard

“We worked on these case studies as part of a larger project on uncertainties in cost-benefit analysis of flood risk management
plans, funded by the Plan Rhone (http://www.planrhone.fr).

dThese four case studies will be further described in §2.3.3 on page 70.

¢CEPRI, http://www.cepri.net


http://www.floodsite.net
http://www.mdx.ac.uk/research/areas/geography/flood-hazard/
http://www.planrhone.fr
http://www.cepri.net
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2.2 NOE modelling framework for cost-benefit analysis based on
avoided damages

In this section, we give a detailed description of the NOE modelling framework, whose purpose is to
depict cost-benefit analyses of flood risk management plans based on the “avoided damages™ approach
(CBA-AD studies, §2.1.3 on page 38). The motivations and methods of this modelling work are given
in §2.2.1. They are followed by some important definitions in §2.2.2, and by a detailed description of
the NOE modelling chain from §2.2.3 to §2.2.8. The aspects related to the numerical implementation of
the NOE model and its application to different case studies will be discussed in the next section §2.3 on
page 58.

2.2.1 Motivations & methods

As mentioned in the chapter introduction, the applied goal of this thesis is to carry out an uncertainty and
sensitivity analysis of the CBA-AD studies. As a preliminary step, we had to design and implement a
modelling framework to describe these CBA-AD studies. We briefly expound here our motivations and
objectives for this modelling work.

Motivations Two reasons motivated our need to design a modelling framework for CBA-AD studies.
First, as explained by Saltelli et al. (2008) or de Rocquigny et al. (2008), the very first step of an un-
certainty and sensitivity analysis is to properly define the system under study: one needs to specify the
boundary of the model, its inputs, its outputs. Second, as mentioned in §1.2.2.5, most sensitivity anal-
ysis techniques require to run many simulations of the model under study (e.g., more than thousands
simulations are needed in the sensitivity analysis methods based on intensive sampling). Hence, another
preliminary step of uncertainty/sensitivity analysis is to implement the model into a convenient computer
code, that can be run a thousand times or more with reasonable effort from the modeller. To meet these
two requirements for sensitivity analysis, it thus appeared necessary to design a modelling framework for
CBA-AD studies and to develop an efficient computer code for it.

Methods CBA-AD studies broadly consist of a comparison of the costs of a flood management plan
with its benefits, which are measured by the monetized amount of flood damages that will be avoided,
each year on average, thanks to the plan. In the academic papers, technical reports and guidelines we
surveyed, the CBA-AD studies vary in their aim, their scope, their scale and the data used (§2.1.3 on
page 38). Nevertheless, most of them follow a similar flowchart that combines hydrological, hydraulic
and economic modelling as well as GIS-based spatial analysis. Our method here is to propose a general
modelling framework, named NOE, that could depict this common flowchart. We insist on the fact that
our work is by no means an attempt to make an exhaustive review of cost-benefit analyses applied to
flood management policies. Instead, the NOE modelling framework aims to give a clear description of
the CBA-AD studies in order to:

o define a number of terms that will be used throughout this thesis;

o cleary define the boundaries, the inputs and the outputs of the system under study, which is a
requirement to carry out sensitivity analysis.
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We built the NOE model so that it could account for the various practices that we encountered in our
literature review. We will describe how well these various practices fit into the modelling framework we
suggest to adopt. However, we do not pretend to cover entirely the variety of CBA-AD studies applied to
flood risk assessments: hence, we will also discuss the limitations of the NOE framework when needed.

2.2.2 Some definitions first

Before describing the flowchart of the NOE model, we give definitions of some important terms. It is not
the scope of this manuscript to define general and widely used notions such as “flood risk”, “flood hazard”,
“exposure” or “vulnerability”. The interested reader will find such definitions in European Commission
(2010) or Ledoux (2006).

Study area We will use the term “study area” to refer to a well-identified and limited floodplain, char-
acterised by its geophysical attributes, but also its landuse and all man-made infrastructures, buildings
and activities. Typical size of floodplains considered in CBA-AD studies ranges from 10 to 1 000 sq. km.

Flood management policy We will equally use the terms “flood management plan” or “flood manage-
ment policy” to refer to a set of structural and non-structural measures designed to reduce flood risk on a
study area, by preventing flood hazard and/or reducing vulnerability of assets. We will more precisely use
the term “flood-control measures” to refer to structural measures only, such as levee and dam construction
or channel improvement.

Present/future situation We will use the terms “present situation” and “future situation” to describe
the state of a study area in relation to a given flood management plan: “present situation” (resp. “future
situation”) will refer to the state of the area before (resp. after) the implementation of the flood risk
management plan (Figure 2.1).

2.2.3 Overview of the NOE modelling framework

We choose to describe the NOE model as a combination of “steps” or “modules” (Figure 2.2 on page 43).
These steps may be not be clearly separated in all the CBA-AD studies we reviewed, but they will prove
useful to clarify the description of input data, intermediate outputs and final outputs. The very last step of

Figure 2.1: Flood-prone study area: present situation (left); future situation after levee construction (right)



42 CHAP 2. THE NOE MODELLING FRAMEWORK

the NOE flowchart is the comparison of the costs and benefits of a flood management policy, that leads
to the computation of performance indicators such as the Net Present Value (NPV [€]). The expected
benefits of a flood management policy are partly based on the estimation of the so-called “Average An-
nual Avoided Damages” (AAAD) [€/year]), which is the amount of annual expected flood losses that is
reduced thanks to the policy. The computation of the AAAD indicator requires to estimate flood damages
and probabilities of occurence for a range a flood scenarios of various magnitudes. All these steps are
described into more details in §2.2.4 to §2.2.8 on pages 42—-51. We made the deliberate choice to start the
description from the end (bottom) of the NOE modelling flowchart.

2.2.4 Comparison of costs and benefits

The ultimate goal of CBA-AD studies is to produce an indicator measuring the economic efficiency of
a flood management plan, by comparing its benefits with its costs. Both flow of benefits and flow of
costs are observed over a given length of time R (usually R ranges from 30 to 50 years). B; (resp. C;)
denotes the expected benefits (resp. costs) of the plan at year ¢. Benefits and costs are adjusted for the
time value of money and converted into present value amounts using a discount rate, denoted by 7; at year
i. Both R and discount rates 7; have conventional values that are usually fixed by national or European
authorities (European Commission 2008). Two main efficiency indicators are met in the literature to
compare discounted costs and benefits:

o the Net Present Value of the policy (NPV [€]), defined as:

R

=0

o the Hicks ratio (H [dimensionless]), defined as:

=
I
M=
B
=

2.2)

M=
3
Q

A positive NPV—or a Hicks ratio greater than 1—indicates that the benefits generated by the flood risk
management plan outweigh its costs. The larger the NPV value is, the more efficient the policy is.

Costs of the policy The costs of a flood management plan usually include at least the initial investment
costs C'I and the maintenance costs C M —CEPRI (2011) details the various components of these two
costs. A common assumption found in CBA-AD studies is to attribute investment costs CI to time step
1 = 0, and to consider that maintenance costs C M are constant over the length of time R. This is just
an average view of reality; if detailed data are available on these costs—e.g., if successive phases of
the flood management plan are scheduled— investment and maintenance costs can be assumed to take
different values C'I; and C'M; at each time step .

Other costs related to the flood management plan, such as environmental impacts or landscape degra-
dation, are most often neglected. One notable exception is the CBA-AD study carried out on the ZEC

fOther indicators that will not be discussed in this thesis include the return on investment and the internal rate of return (Bournot
2008).
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Figure 2.2: General flowchart of the NOE modelling framework
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Figure 2.3: Flood-prone study area: reduction of total flood damages thanks to a flood risk management plan. Present
situation (left) and future situation (right)

project (§2.3.3 on page 70): in this study, the subsidies received by some farmers in compensation for the
overflooding of their agricultural parcels was included as an additional cost in the analysis.

However, in the NOE modelling framework, we suggest to stick to the most common case, in which only
investment costs C'I and maintenance costs C'M are considered, with the following assumptions:
Cl ifi=0

Vie [ R], C;= 2.3
iel0:E] {CM ifi>0 @3)

Benefits of the policy In the CBA-AD approach, the benefits of a flood management plan are measured
by the amount of flood damages that it can avoid yearly on average. We will use the term “Average Annual
Avoided Damages” and the notation AAAD [€/year] to refer to this amount. Benefits are supposed to be
equal to the AAAD indicator at each time step 4:

Vie[0;R], B;=AAAD 2.4)

The AAAD indicator is an algebraic value: it may be positive when flood damages are spared thanks to
the flood management plan, or negative if extra damages are caused by the policy. We explain in the next
subsection how to rigorously define and compute it.

To sum up, in the NOE modelling framework, under the assumptions we made on the costs and the
benefits of the flood risk management plan, the NPV indicator is equal to:

R
NPV =-CI+Y 7,-(AAAD - CM) 2.5)

i=1

2.2.5 Average Annual Avoided Damages

The AAAD indicator is obtained by comparing the amount of expected annual flood damages between
the present and the future situation (Figure 2.3). We will denote by AAD [€/year] (resp. AAD’) the
average annual damages in present (resp. future) situation. The AAAD indicator is defined as:

AAAD = AAD - AAD' (2.6)

The notion of “average annual damages” has been used for a long time as a quantitative indicator for
the assessment of flood risk. Early works on this subject were notably initiated in the late 1950ies in the
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Netherlands by Van Dantzig (1956) who carried out a probabilistic analysis of Dutch flood defences and
tried to estimate the expectation of the flood damage per year. In the literature, the same notion is also
refered to as “expected annual damages” (NRC 2000), the “annual average flood losses” (Messner et al.
2007) or the “Weighted Annual Average Damages” (WAAD) (Messner et al. 2007).2

The AAD indicator is used in almost all the CBA-AD studies we reviewed. Some of these studies cast
doubt on its relevance as a synthetic risk indicator, or question its definition. Indeed, defining rigorously
the “average annual flood damages” proves to be a challenging issue. One contribution of the NOE mod-
elling framework is to propose a clear frame to define the AAD indicator. This definition proves useful to
better identify the underlying assumptions that are hidden in the notion of average annual damages, and to
highlight its limitations. This definition is summarized in the following subsections §2.2.5.2 to §2.2.5.4;
the interested reader will find an extended description of our contribution on this subject in Appendix <ns1:XMLFault xmlns:ns1="http://cxf.apache.org/bindings/xformat"><ns1:faultstring xmlns:ns1="http://cxf.apache.org/bindings/xformat">java.lang.OutOfMemoryError: Java heap space</ns1:faultstring></ns1:XMLFault>