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Résumé étendu

Problématique

Les formations carbonatées karstiques affleurent sur environ 15.2 % de la surface conti-
nentale mondiale hors glaciers (Goldscheider et al., 2020) et sont largement représentées
dans le sous-sol (Chen et al., 2017). Elles sont essentielles pour l'alimentation en eau
potable, ainsi que pour 'agriculture et le maintien du fonctionnement des écosystémes,
en particulier dans la région méditerranéenne ou 15 % de 'eau domestique, et jusqu’a
90 % dans certaines régions, provient des aquiféres karstiques (Bakalowicz, 2015; Ste-
vanovi¢, 2019). Ces systémes présentent généralement un haut degré d’hétérogénéité et
sont gouvernés par des processus complexes régulant le flux et le stockage de I'eau, ce
qui les rend difficiles a étudier et particuliérement vulnérables aux changements environ-
nementaux (Parise et al., 2018).

Le changement climatique, les pressions anthropiques, ainsi que les évolutions des
régimes de précipitations et d’évapotranspiration pourraient avoir un impact significatif
sur la recharge des aquiféres karstiques. Les propriétés hétérogénes de ces systémes
et la non-linéarité de leurs processus internes les rendent particuliérement difficiles a
étudier — une exploration plus approfondie de leur réponse aux changements globaux est
donc nécessaire. Les analyses hydrologiques et les modéles numériques sont des outils
pertinents pour ce type d’investigation (Hartmann et al., 2014) et sont utilisés dans les
environnements karstiques a différentes fins : (i) simuler le débit des sources (Fleury et
al., 2007; Wunsch et al., 2022), (ii) prédire et prévoir les inondations (Kong-A-Siou et al.,
2011; Wu et al., 2008), (iii) gérer I'exploitation des aquiféres (Fleury et al., 2009; Xanke
et al., 2016), (iv) caractériser le fonctionnement spécifique et interne du systéme (Baude-
ment et al., 2017; Dubois et al., 2020), (v) enquéter sur la genése et 1’évolution du
systéme (Kaufmann and Romanov, 2020; Liedl et al., 2003), (vi) évaluer la qualité et
la vulnérabilité de la ressource en eau (Husic et al., 2019; Sullivan et al., 2019), et (vii)
étudier 'impact du changement climatique sur le fonctionnement du systéme (Hartmann
et al., 2012; Sivelle et al., 2021). En particulier, les modéles a paramétres globaux per-
mettent d’étudier les systémes karstiques sans nécessiter de données météorologiques et
systémiques a haute résolution spatiale. Ils sont ’aspect central de cette thése, qui vise
a développer et améliorer les analyses hydrologiques et les modéles réservoir pour carac-
tériser le fonctionnement des systémes karstiques en réponse aux changements climatiques
et anthropiques. Un accent est mis sur les questions de recherche suivantes :

i. Comment caractériser le fonctionnement d’un systéme karstique dans un contexte de
manque de données ?

ii. Sur quels aspects peut-on encore améliorer les modéles simples, unidimensionnels 7

iii. Peut-on se fier aux critéres de performance pour la calibration et ’évaluation des
modéles hydrologiques ?

iv. Quels sont les avantages et les inconvénients des différentes approches de modélisation
empiriques et conceptuelles en hydrologie karstique ?

iii
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Organisation du mémoire et principaux résultats

Le Chapitre 1 fournit une bréve description de la formation, du fonctionnement et des
particularités des systémes karstiques. L.a modélisation des écoulements pluie-débit dans
les environnements karstiques est introduite, avec un rappel des défis rencontrés et une
description des différentes approches de modélisation couramment utilisées. En partic-
ulier, les modéles a paramétres globaux offrent un bon compromis entre accessibilité et
pertinence du modéle. Leur utilisation dans les environnements karstiques est complexe
en raison de ’hétérogénéité caractéristique de ces systémes, ajoutant un autre défi en plus
des incertitudes et biais typiques associés & la modélisation hydrologique. Ils permettent
néanmoins d’obtenir des informations précieuses pour la caractérisation et la prédiction
du fonctionnement de ces systémes (Hartmann et al., 2014).

La premiére partie est dédiée a la caractérisation du fonctionnement hydrologique des
systémes karstiques.

Le Chapitre 2 présente une nouvelle classification des systémes karstiques basée sur
I’analyse des débits a la source. Cette étude tire profit de larges bases de données de
débit de sources (Jourde et al., 2018; Olarinoye et al., 2020) pour prendre en compte
la grande diversité des fonctionnements hydrologiques existants. Les séries temporelles
de débit sont étudiées avec ’analyse des courbes de récession, ainsi que des analyses
statistiques et de signal pour identifier des indicateurs de fonctionnement hydrologique.
La sélection des indicateurs les plus pertinents et la proposition de la classification sont
basées sur des analyses multivariées. La classification repose sur ’analyse des courbes
de récession et permet de discriminer six classes a 'aide de trois indicateurs reflétant
la capacité de stockage dynamique, la dynamique de drainage de la fonction capacitive,
et la variabilité du fonctionnement hydrologique (Figure 1). La méthode est développée
pour étre adaptée aux contextes de manque de données et est évaluée sur une base de
données de 78 systémes karstiques situés dans le monde entier. Tous les systémes se
répartissent de maniére homogéne parmi les six classes proposées, ce qui met en évidence
la pertinence de ’approche et la représentativité des différentes classes de fonctionnement
hydrologique. Les résultats de la méthodologie proposée sont finalement discutés pour
explorer ses limites et définir des conditions pour son application.

Le Chapitre 3 présente une boite a outils développée dans le cadre de cette thése.
KarstID aide les utilisateurs a analyser les séries chronologiques de débit et a carac-
tériser le fonctionnement hydrologique des systémes karstiques en utilisant la classifica-
tion décrite dans le Chapitre 2. Les analyses de séries chronologiques de débit de sources
sont souvent utilisées pour obtenir une premiére compréhension du fonctionnement hy-
drologique d’un systéme karstique. Le logiciel permet (i) d’effectuer des analyses statis-
tiques, de courbes de récession (Figure 2), de classements des débits, et de signal (anal-
yses corrélatoire et spectrale simples) ; (ii) de calculer des indicateurs représentatifs de
différents aspects du fonctionnement d’un systéme ; (iii) de classer le fonctionnement
hydrologique du systéme étudié ; et (iv) de comparer les résultats & une base de données
de 78 systémes karstiques. La réalisation de ces analyses est facilitée par une interface
graphique qui ne nécessite aucune compétence en programmation — KarstID peut étre
ainsi utilisé a la fois pour la recherche et a des fins pédagogiques. Le logiciel est égale-
ment gratuit, open source, et activement développé sur une plateforme communautaire
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Figure 1: Diagramme pour la classification des systémes karstiques a partir des trois indicateurs
issus de ’analyse des courbes de récession.

de développeurs. L’application et son manuel utilisateur sont tous deux disponibles sur
le site web du SNO KARST (Jourde et al., 2018).

La deuxiéme partie est consacrée & I'amélioration et ’évaluation des performances des
modéles & paramétres globaux pour la simulation des débits et des niveaux piézométriques
des systémes karstiques.

Le Chapitre 4 présente les nouvelles fonctionnalités développées pour la version 3.0
du logiciel KarstMod, une plateforme dédiée a la modélisation pluie-débit des aquiféres
karstiques (Mazzilli et al., 2019; Mazzilli et al., 2023). KarstMod offre un environ-
nement de modélisation modulaire et accessible pour des fins éducatives, de recherche
et opérationnelles. Il comprend également des outils numériques pour l'analyse des
séries temporelles, I'évaluation des modéles et les analyses de sensibilité. La modular-
ité de la plateforme facilite les opérations courantes relatives aux modéles a paramétres
globaux, telles que (i) la mise en place et 'estimation des paramétres d’une structure
de modéle pertinente, et (i) I'évaluation de la sensibilité des paramétres et des car-
actéristiques des simulations. Ce travail a porté sur deux aspects principaux : (i)
l'utilisation de données d’entrée pertinentes a travers des modules optionnels (routines de
neige et d’évapotranspiration potentielle), (ii) ’expansion des possibilités de calibration
multi-objectifs et multi-variables, offrant davantage de flexibilité en termes de fonctions
objectifs ainsi que de variables de calibration, et (iii) des outils supplémentaires pour
I’évaluation des performances du modéle, incluant de nouveaux critéres de performance
et des graphiques associés. La nouvelle version est appliquée sur deux études de cas en
France (les systémes karstiques de la Touvre et du Lez).

Le Chapitre 5 examine le mécanisme de compensation des erreurs sur le critére de


https://sokarst.org/en/softwares-en/karstid-en/
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Figure 2: Onglet pour la sélection et l’analyse des courbes de récession dans KarstID. Le
graphique de gauche présente les séries temporelles étudiées et les courbes de récession sélec-
tionnées. Le graphique de droite affiche la récession sélectionnée avec le modéle de récession
de Mangin (1975). Le tableau montre les détails de chaque courbe de récession et les valeurs
des indicateurs correspondants.

performance Kling-Gupta Efficiency (KGE) (Gupta et al., 2009) et ses variantes (Kling
et al., 2012; Lee and Choi, 2022; Liu, 2020; Pool et al., 2018; Schwemmle et al., 2021;
Tang et al., 2021). Les critéres de performance jouent un role clé dans la calibration
et I’évaluation des modéles hydrologiques et ont été largement développés et étudiés,
mais certains des critéres les plus utilisés présentent encore des écueils mal identifiés.
Au total, neuf critéres de performance — incluant le KGE et ses variantes, ainsi que le
critére de Nash-Sutcliffe (NSE) (Nash and Sutcliffe, 1970) et 1'Index of Agreement (d;)
(Willmott et al., 1985) — et leur décomposition sont comparés sur des séries chronologiques
synthétiques et un cas d’étude réel. L’étude démontre que I’évaluation d’un modéle
présentant des surestimations et sous-estimations simultanées peut amener a des scores
globaux de critéres plus élevés sans pour autant qu’ils soient associés & une amélioration de
la pertinence du modéle (Figure 3). Ces erreurs de compensation favorise les paramétres
de biais et de variabilité, qui représentent généralement deux tiers du poids dans I’équation
du KGE et de ses variantes. Il est recommandé d’utiliser (i) des critéres de performance
qui sont peu ou pas sujets aux erreurs de compensation (d;, KGE modifié, KGE non
paramétrique, Diagnostic Efficiency), et/ou (ii) des facteurs d’échelle dans ’équation
pour réduire l'influence des paramétres relatifs (Gupta et al., 2009).

Le Chapitre 6 présente une comparaison de deux approches de modélisation largement
utilisées en hydrologie karstique : les réseaux de neurones artificiels (ANN, pour Artifi-
cial Neural Network) et les modéles réservoir. De nombreuses approches de modélisation
peuvent étre utilisées pour 1'étude des ressources en eau karstiques, ce qui peut rendre
difficile le choix de la méthode la plus appropriée. Les modéles empiriques et conceptuels
présentent un intérét particulier dans les environnements karstiques en raison de leur ac-
cessibilité vis-a-vis de la complexité et de 'hétérogénéité de ces systémes. Cinqg systémes
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Figure 3: Chroniques synthétiques mettant en évidence I'influence de la compensation des biais
et variabilité sur 'optimisation et I’évaluation par le KGE et ses variantes.

karstiques aux caractéristiques différentes en termes de conditions climatiques, de pro-
priétés hydrogéologiques et de disponibilité des données sont étudiés pour la comparaison
des approches de modélisation. Les résultats de chaque modéle sont comparés sur la
base de plusieurs critéres de performance appliqués a différentes périodes hydrologiques.
Les résultats montrent que les modéles ANN et réservoir peuvent simuler avec précision
le débit des sources karstiques (Figure 4, Figure 5), mais également qu’ils ont différents
avantages et inconvénients : (i) Les modéles ANN sont trés flexibles concernant le format
et la quantité des données d’entrée du modéle, (ii) les modéles réservoir peuvent fournir
de bons résultats méme avec seulement quelques années d’observations de débit pour la
période de calibration, et (iii) les modéles ANN semblent robustes pour reproduire des
conditions de débit élevé tandis que les modéles réservoir sont supérieurs pour reproduire
des conditions de débit faible. Cependant, les deux approches de modélisation ont des
difficultés a reproduire les événements extrémes (étiages, inondations), ce qui est une lim-
itation connue en modélisation hydrologique. Pour des objectifs de recherche, les modéles
ANN peuvent étre utiles pour dériver des informations a partir des données d’entrée, par
exemple 'identification des zones de recharge. Les modéles réservoir peuvent quant a eux
permettre de caractériser le fonctionnement hydrologique d'un systéme, en étudiant la
structure et les paramétres du modeéle.
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Figure 4: Séries temporelles des débits observés et simulés lors de la période de validation avec
(i) des intervalles de confiance (IC) & 90 %, et (ii) le seuil pour les hautes eaux (HE) et faibles
eaux (BE) utilisé pour le calcul des critéres de performance. (a) Source d’Aubach, (b) source de
Gato Cave, (c) source du Lez, (d) source de Qachqouch, et (e) sources d’Unica.
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Figure 5: Performance des modéles ANN et réservoir sur la période de validation, selon dif-
férents critéres de performance : erreur moyenne quadratique (MSE), le Kling-Gupta Efficiency
modifié¢ (KGE’, Kling et al., 2012) et sa décompisition sous les différents aspects de volume (f3),
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Conclusions

Cette thése vise a développer et utiliser les méthodes numériques et les modéles hy-
drologiques pour caractériser le fonctionnement hydrologique des systémes karstiques en
réponse aux changements climatiques et anthropiques, en mettant ’accent sur la modéli-
sation réservoir conceptuelle.

Moyens. Ce travail repose sur différentes bases de données et approches :

i. Les bases de données SNO KARST (Jourde et al., 2018) et World Karst Spring
(WoKaS, Olarinoye et al., 2020) ont été utilisées pour l'analyse des séries
chronologiques de débit des sources (Chapitre 2, Chapitre 3 et Chapitre 4).

ii. Des méthodes numériques telles que les analyses des courbes de récession, ainsi que
les analyses statistiques et de signal ont été utilisées pour la classification du fonc-
tionnement hydrologique des systémes karstiques (Chapitre 2 et Chapitre 3).

iii. Le cadre du projet européen KARMA a permis de travailler sur plusieurs systémes
karstiques a travers la région méditerranéenne et de bénéficier des connaissances
expertes locales (Chapitre 5 et Chapitre 6).

iv. Les approches a paramétres globaux, en particulier les modéles réservoir conceptuels,
ont été utilisés pour approfondir la compréhension des dynamiques internes des sys-
témes karstiques (Chapitre 6).

Questions de recherche. Les méthodes numériques et les modéles hydrologiques
ont été utilisés pour répondre aux questions de recherche initiales :

(i) Comment caractériser le fonctionnement d’un systéme karstique dans un contexte de
manque de données ¢

Un contexte de manque de données implique ’étude d'un systéme avec des données
limitées, que ce soit en termes de couverture spatiale, de portée temporelle, de résolu-
tion, ou de diversité. Le Chapitre 2 montre les informations sur le fonctionnement d’un
systéme qui peuvent étre déduites de l'analyse des séries chronologiques de débit d’une
source. L’analyse des courbes de récession permet une évaluation pertinente de différents
aspects du fonctionnement hydrologique d'un systéme karstique : capacité de stockage
dynamique, dynamique de drainage de la fonction capacitive et variabilité du fonction-
nement hydrologique. La considération de la variabilité du fonctionnement hydrologique
dans la classification proposée est un aspect nouveau qui permet une meilleure différenci-
ation des systémes karstiques. L’utilisation d’analyses multivariées et 'application de la
classification sur de larges bases de données a permis d’identifier un nombre de classes de
fonctionnement idéal — six étant un bon compromis entre le gain de connaissance, la perti-
nence, et I'accessibilité de la méthode. Le Chapitre 2 montre que cette caractérisation est
pertinente compte tenu d’un nombre minimal d’observations dépendant des dynamiques
du systéeme et des caractéristiques du climat, restant généralement compatible avec les
contextes de manque de données. Le Chapitre 6 montre que les modéles a paramétres
globaux peuvent fournir des résultats intéressants avec peu de données en entrée (pré-
cipitations et températures unidimensionnelles) et avec de courtes séries chronologiques.
L’utilisation des modéles réservoir peut étre bénéfique dans un contexte de manque de
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données ou pour réaliser une caractérisation préliminaire du fonctionnement d’un systéme
karstique peu connu (e.g. répartition des volumes entre matrice et conduits, dynamique
des flux internes).

(ii) Sur quels aspects peut-on encore améliorer les modéles simples, unidimensionnels ¢

Les modéles unidimensionnels peuvent étre améliorés sur plusieurs aspects : données
d’entrée, calibration et évaluation. Le Chapitre 4 propose plusieurs ajouts a la plateforme
de modélisation KarstMod sur ces aspects. Dans la nouvelle version 3.0 du logiciel, la
définition des paramétres pour le prétraitement des données d’entrée peut étre réalisée
par calibration du modéle en utilisant des modules optionnels (neige ou évapotranspira-
tion), permettant l'utilisation de données plus adéquates. La fonction objectif supporte
maintenant plus de deux éléments, permettent ainsi de calibrer les modéles avec plusieurs
variables d’observation (débit de la source, piézométrie, débit de source de trop-plein) et
avec un ou plusieurs critéres de performance, comme démontré pour le cas d’étude du Lez.
Des outils supplémentaires ont été implémentés pour 1’évaluation des modéles, qui peut
étre réalisée sur différents aspects du fonctionnement d’un systéme : bonne reproduction
des volumes, de la variabilité, et de la corrélation. Le Chapitre 5 souligne 'importance
de choisir des critéres de performance adaptés.

(iii) Peut-on se fier auz critéres de performance pour la calibration et ’évaluation des
modeles hydrologiques ¢

Le Chapitre 5 démontre I'impact des erreurs de compensation lors de 'utilisation
de certain critéres de performance pour la calibration et ’évaluation d’un modéle hy-
drologique. Les critéres de performance ne sont pas entiérement fiables car chacun
présente des limites spécifiques. Ils doivent étre choisis avec précaution en fonction de
I’objectif du modéle, et de préférence dans un cadre multi-critéres.

(iv) Quels sont les avantages et les inconvénients des différentes approches de modélisation
empiriques et conceptuelles en hydrologie karstique ¢

Le Chapitre 6 propose une comparaison des approches de modélisation réservoir et
a réseaux de neurones artificiels (ANN). Les modéles ANN; issus de I'apprentissage au-
tomatique, montrent une grande flexibilité par rapport aux données d’entrée et sont
particuliérement performants pour reproduire les forts débits. Les modéles réservoir peu-
vent opérer avec des séries temporelles relativement courtes et semblent reproduire avec
précision les faibles débits. Ces deux approches peuvent aider a caractériser différents
aspects d'un systéme : (i) les modéles ANN en ce qui concerne la pertinence des don-
nées d’entrée et la délimitation du bassin versant, et (ii) les modéles réservoir en ce qui
concerne le fonctionnement interne de 'aquifére.

Résultats clés. Les points clés de ce travail sont les suivants :

i. Malgré la forte hétérogénéité des systémes karstiques, une caractérisation préliminaire
de leur fonctionnement hydrologique est possible méme dans un contexte de manque
de données. L’analyse des séries chronologiques de débit ou 'utilisation de modéles a
paramétres globaux unidimensionnels peuvent apporter de nombreuses informations
sur les caractéristiques du systéme, son fonctionnement interne et sa réponse a di-
verses perturbations anthropiques ou climatiques, moyennant peu de données et de
moyens.
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ii.

i.

ii.

iii.

iv.

Les modéles hydrologiques doivent étre appliqués avec discernement pour que
I'interprétation soit pertinente. Chaque étape d’un processus de modélisation né-
cessite une étude approfondie des options disponibles, que ce soit pour le choix de
I’approche de modélisation, la définition de la structure du modéle, 'utilisation des
données d’entrée, la procédure de calibration, la fonction objectif, les critéres de per-
formance pour I’évaluation des résultats, ou 'analyse de sensibilité des paramétres.
En particulier, cette thése montre que tous les critéres de performance ont des limites
et doivent étre sélectionnés en fonction de l'objectif du modéle hydrologique et de
I'étude.

Perspectives. Les recherches futures peuvent porter sur :

L’impact du changement climatique sur les systémes karstiques en Méditerranée a
partir d’'une méme méthodologie appliquée a plusieurs sites ayant des caractéris-
tiques différentes en termes de localisation, conditions climatiques, propriétés hy-
drogéologiques et disponibilité des données. Un travail en cours (commencé récem-
ment dans le cadre de cette thése) tire profit du cadre du projet KARMA pour
étudier les tendances futures a large échelle de la dynamique et de la disponibilité
des ressources en eau des aquiféres karstiques, en utilisant des modéles réservoir.
Pour tenir compte des incertitudes des projections climatiques, 8 modéles de climat
couplés GCM /RCM sont considérés avec deux scénarios d’émission (RCP 4.5 et RCP
8.5). Une telle étude pourrait apporter des connaissances pertinentes sur la réponse
des systémes karstiques aux changements des précipitations et sous des conditions
marquées de réchauffement et de sécheresse.

L’éventuel lien entre la classe de fonctionnement hydrologique d’un systéme karstique
et la structure du modéle réservoir considérée pour la simulation du débit a la source
ou du niveau piézométrique. L’identification d’élements structuraux (compartiments,
fonctions de transfert) spécifiques a certaines classes pourrait simplifier la tache de
modélisation.

L’utilisation d’indicateurs de fonctionnement hydrologique pour la calibration des
modeéles (par exemple, les indicateurs issus de 'analyse des courbes de récession).
Contraindre un modéle pour qu’il reproduise les aspects clés du fonctionnement d’un
systéme (capacité de stockage dynamique, dynamique de drainage de la fonction ca-
pacitive et variabilité du fonctionnement hydrologique) pourrait amener a une struc-
ture et un paramétrage plus pertinents.

La proposition d’un indicateur pour évaluer 'ampleur des erreurs de compensation
d’un modeéle, qui pourrait aider a renforcer I’évaluation de la pertinence des résultats.
Une autre perspective serait de développer un critére de performance alternatif non
sujet aux erreurs de compensation pour éviter des sous-estimations et surestimations
simultanées trop prononcées dans les simulations.

Le couplage des modéles ANN et réservoir pour bénéficier des avantages de chaque
approche. Une utilisation possible serait d’utiliser les modéles ANN pour contourner
les limitations des modéles réservoir issues du traitement des données d’entrée. Cela
permettrait de bénéficier des informations relatives a la structure et aux paramétres
issus de la modélisation réservoir.
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Introduction

Scientific context

Karst carbonate formations outcrop on approximately 15.2 % of the global ice-free con-
tinental surface (Goldscheider et al., 2020) and are extensively represented in the sub-
surface (Chen et al., 2017). They are essential for providing drinking water, supporting
agriculture and maintaining ecosystems, especially in the Mediterranean where 15 % of
the domestic water (Bakalowicz, 2015) and up to 90 % in some regions originate from
karst aquifers (Stevanovi¢, 2019). These systems generally exhibit a high degree of het-
erogeneity and involve complex processes that govern water flow and storage, which make
them challenging to study and particularly vulnerable to environmental changes (Parise
et al., 2018).

Aim of this work

Climate change, increase in anthropogenic influence, as well as shifts in precipitation and
evapotranspiration patterns could have a significant impact on the recharge of aquifers.
The heterogeneous properties of karst systems and the non-linearity of their internal pro-
cesses make them particularly challenging to study — further exploration of their response
to these major changes is thus needed. Hydrological methods and numerical models con-
stitute valuable tools for such investigations (Hartmann et al., 2014) and are widely used
for different purposes in karst environments: (i) simulating spring discharge (Fleury et al.,
2007; Wunsch et al., 2022), (ii) predicting and forecasting water flood/inrush (Kong-A-
Siou et al., 2011; Wu et al., 2008), (iii) managing the exploitation of aquifers (Fleury et
al., 2009; Xanke et al., 2016), (iv) characterising specific and internal functioning (Baude-
ment et al., 2017; Dubois et al., 2020), (v) investigating the system’s genesis and evolu-
tion (Kaufmann and Romanov, 2020; Liedl et al., 2003), (vi) assessing water quality and
vulnerability (Husic et al., 2019; Sullivan et al., 2019), and (vii) studying the impact of
climate change on water resources (Hartmann et al., 2012; Sivelle et al., 2021). In par-
ticular, lumped parameter models permit the study of complex and heterogeneous karst
systems without requiring extensive meteorological and system-related data with high
spatial resolution. They are the central aspect of this thesis, which aims to develop and
improve hydrological methods and reservoir models for characterising the functioning of
karst systems in response to climatic and anthropogenic changes. A focus is made on the
following research questions:

i. How to characterise the functioning of a karst system in data-scarce contexts?
ii. On which aspects can simple, one-dimensional models be further improved?

iii. Can performance criteria be trusted for the calibration and evaluation of hydrological
models?

iv. What are the advantages and drawbacks of different lumped parameter modelling
approaches in karst hydrology?
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Structure of this thesis

This document is structured as follows.

Chapter 1 provides a brief description of the formation, functioning, and particularities
of karst systems. Rainfall-runoff modelling in karst environments is introduced, with an
emphasis on lumped parameter models.

The first part is dedicated to the characterisation of karst systems hydrological function-
ing.

Chapter 2 proposes a new classification of karst systems hydrological functioning based
on the analysis of the discharge at the spring. The classification relies on the analysis of
recession curves and allows to characterise a karst system using three indicators reflecting
the capacity of dynamic storage, the drainage dynamic of the capacitive function, and the
variability of hydrological functioning. The method is developed to be also adapted for
data-scarce contexts and is tested on a database of 78 karst systems located worldwide.

Chapter 3 presents a toolbox developed within the scope of this thesis. KarstID helps
users in analysing karst spring discharge time series and characterising the hydrological
functioning of karst systems using the classification outlined in Chapter 2. The software
supports statistical, recession curve, classified discharge, and signal (correlational and
spectral) analyses. The completion of these analyses is facilitated through a graphical
interface, which require no programming skills.

The second part is devoted to the improvement and evaluation of the performance of
lumped parameter models for the simulation of spring discharge and water level of karst
systems.

Chapter 4 presents the new features introduced in the KarstMod modelling platform
for the update to version 3.0. This work focused on two major aspects: (i) the use of
relevant input data through optional modules (snow and potential evapotranspiration
routines), and (ii) the proposition of appropriate objective functions and performance
criteria for model calibration and evaluation. The new version is applied on two case
studies in France (the Touvre and Lez karst systems).

Chapter 5 investigates the mechanism of counterbalancing errors on the Kling-Gupta
Efficiency (KGE) and its variants, which are extensively used to evaluate hydrological
models. In total, nine performance criteria and their decomposition are compared on
synthetic time series and a real case study. The study demonstrates that, assessing a
simulation, concurrent over- and underestimation of discharge can lead to an overall
higher criterion score without being associated to an increase in model relevance.

Chapter 6 presents a comparison of two widely used lumped parameter modelling
approaches in karst hydrology: artificial neural networks (ANN) and reservoir models.
Numerous modelling approaches can be used for studying karst water resources, which can
make it difficult for a stakeholder or researcher to choose the appropriate method. Five
karst systems with different characteristics in terms of climatic conditions, hydrological
properties and data availability are investigated. The study presents the advantages and
drawbacks of each modelling approaches, as well as the common uncertainties faced in
karst hydrological modelling.
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Doctoral research — Timeline and contributions

This thesis started in October 2020, following a six-month Master’s internship on the
same topic, and took place within the framework of the European project KARMA (Karst
Aquifer Resources availability and quality in the Mediterranean Area). The project aims
to achieve significant progress in the hydrogeological understanding and sustainable man-
agement of karst groundwater resources in the Mediterranean area, in terms of both water
availability and quality. This context provided the opportunity to access a large amount
of data from the various partners and led to numerous interactions with hydrogeologists
and modellers from the different universities involved in the project.

Throughout the duration of the thesis, several contributions have been made to the
project, mainly in the form of deliverables:

i. Deliverable 4.1: Report of typology of the karst system (Cinkus et al., 2020)

ii. Deliverable 4.2: Application of lumped parameter modelling at the KARMA test
sites (Cinkus et al., 2021c)

iii. Deliverable 4.4: Release of modelling tools: Lumped parameter modelling (Cinkus
et al., 2021d)

iv. Policy Brief: Reservoir modelling (Cinkus et al., 2022b)

v. Deliverable 2.2: Recharge evaluation (Andreo et al., 2021)

vi. Deliverable 2.6: Spring discharge monitoring (Barbera et al., 2021)
vii. Deliverable 2.7: Uncertainties in water budget (Petitta et al., 2022)
viii. Deliverable 2.8: Water Availability (Petitta et al., 2023)

ix. Contribution to the KARMA Final report

During the three years of the thesis, 158 hours of teaching were realised and two
practical course subjects were entirely developed from the outset for a Master’s program.
Six articles were produced: four as first author (Cinkus et al., 2021a; Cinkus et al., 2023d;
Cinkus et al., 2023a; Cinkus et al., 2023b) and two as co-author (Sivelle et al., 2023;
Wunsch et al., 2022). A total of nine oral presentations and one poster were presented
during progress meetings, workshop or international conferences (Table 1).
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Date Event City Topic

2020-10 KARMA Progress meeting Montpellier (FR) Oral — Chapter 2
2021-03 KARMA Progress meeting ~ Rome (IT) Oral — Chapter 6
2021-04 EGU21 Online Oral' — Chapter 2
2021-06 SNO Karst Workshop Nimes (FR) Oral — Chapter 3
2021-09 KARMA Progress meeting Beirut (LB) Oral — Chapter 6
2022-03 KARMA Progress meeting Tunis (TN) Oral — Chapter 6
2022-05 EGU22 Vienna (AT) Oral? — Chapter 5
2022-06 SNO Karst Workshop Saint-Martin-le-Neeud (FR) Oral - Chapter 3
2022-06 Eurokarst 2022 Malaga (ES) Poster? — Chapter 3
2023-04 EGU23 Vienna (AT) Oral?

!Cinkus et al., 2021b
2Cinkus et al., 2022c
3Cinkus et al., 2022a
4Cinkus et al., 2023¢

Table 1: Oral presentations and poster realised during the thesis.
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This chapter provides the general scientific context of the thesis. Specific and extensive
states of the art are further detailed in each Chapter. Section 1.1 gives an introduction
to the characteristics, functioning and uniqueness of karst systems. Section 1.2 presents
the main challenges in applying hydrological models to karst environments. The main
modelling approaches are briefly introduced, highlighting their concepts, advantages and
drawbacks, and main applications. Section 1.3 contrasts the scientific context against the
goals and structure of the thesis.

1.1 Introduction to karst systems

1.1.1 Formation and characteristics

The term karst defines a landscape in a carbonate or evaporite environment, charac-
terised by unique surface or underground formations resulting from the infiltration and
flow of acidic waters (Ford and Williams, 2007). Karst is predominantly found in car-
bonate rocks (limestone, dolomite, and to a lesser extent, chalk and marble), but it can
also be present in evaporite rocks (gypsum, halite, anhydrite) (Stevanovi¢, 2015). From
a hydrogeological perspective, carbonate rocks are by far the most significant when con-
sidering karst (Goldscheider et al., 2020). This type of environment is known for its high
heterogeneity resulting from various processes that occur both during and after the rock’s
diagenesis and over geological time.

The primary heterogeneity of karst is linked to the environment and deposition con-
ditions. The precipitation of carbonates is dependent on many biotic and abiotic factors
that influence the characteristics of the deposit over time and space (Lowenstam and
Weiner, 1989). Thus, the characteristics of the produced rock vary spatially on both
lateral and vertical scales, according to the conditions and processes that constrained
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the deposit, the diagenesis, and the simultaneous or subsequent alteration of the carbon-
ates (Tendil, 2018).

Heterogeneity over geological time develops after the diagenesis of the rock. Unlike
silicate rocks, karst is highly chemically reactive, and the phenomena of alteration of
the parent rock occur over very short geological timescales (White and Blum, 1995).
The infiltration and circulation of meteoric waters in the rock are unevenly distributed
due to the already present heterogeneity; the preferential expansion of certain voids by
dissolution thus favours flow within these same voids. This positive feedback mechanism
is the origin of a hierarchy of flows within the karst, where different degrees of porosity
(matrix, fractures, conduits) induce different flow velocities. These differences result in a
complex, diversified morphological landscape, unique to karst (Figure 1.1).

The heterogeneity of a karst system thus depends on the rock formation conditions and
alteration phenomena over time (Jouves et al., 2017). As a result, the evolution of primary
properties of carbonates (e.g. mineralogical composition, porosity, permeability) in space
and time contributes to the general and multi-scale complexity of karst systems (Tendil,
2018). This leads to a unique hydrodynamic functioning specific to each system; the
presence of major karst drains favours rapid flows while the less altered matrix results in
slower flows and water storage areas (Kiraly, 1998). All the waters that are infiltrated
and transported in the system generally converge towards one or several outlets referred
to as springs, which can be either surficial or underwater.

1.1.2 Global distribution and importance

Karst carbonate formations outcrop on approximately 15.2 % of the global ice-free con-
tinental surface (Goldscheider et al., 2020), and are extensively represented in the sub-
surface (Chen et al., 2017). About two-thirds of carbonate outcrops are present across
three continents: Europe (21.8 %), North America (19.6 %) and Asia (18.6 %), the latter
having the largest surface area in absolute terms (Goldscheider et al., 2020). Goldschei-
der et al. (2020) also demonstrated that around 16.5 % of the global population lived
in karst areas in 2015, with the most populated continents in relative proportion being
Europe (25.3 %, 172.1 million) and North America (23.5 %, 134.2 million), and Asia in
the highest absolute population (15.1 %, 661.7 million). Karst is highly represented in
the Mediterranean basin — situated in the southeast region of Europe and north of Africa,
centred on the Mediterranean Sea (Figure 1.2) — especially along the coastlines. Well-
known examples include the Dinaric karst along the Adriatic coast, and the coastlines of
Libya and Egypt (Goldscheider et al., 2020).

Carbonate aquifers play a crucial role in the Mediterranean region as they provide
on average about 15 % of domestic water (Bakalowicz, 2015), and can supply up to
90 % in certain areas (Stevanovi¢, 2019). They also contribue to surface waters and
are important for irrigation and heating purposes (Stevanovi¢, 2015), geochemical and
carbon cycling (Chen et al., 2023; Liu et al., 2010), their unique and valuable ecosystems
and biodiversity (Bonacci et al., 2009; Pipan and Culver, 2013), geotourism (Ravbar and
Sebela, 2015; Ruban, 2018), palaeoclimatology (Vaks et al., 2018), and archaeological
and cultural heritage (Gu et al., 2023; Williams, 2008).

However, due to their relatively rapid transfer times, karst aquifers are particu-
larly vulnerable to pollution (Bakalowicz, 2015), especially when the rock is not un-
dercover (Goldscheider, 2005). In coastal areas, the direct connection of karst systems
with the sea makes them sensitive to seawater intrusion (Arfib et al., 2007; Pinault et al.,
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Figure 1.1: Karst landscape (Unica catchment, Slovenia).
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Figure 1.2: Map from MEDKAM (Xanke et al., 2022). Blue areas correspond to karst aquifers
in sedimentary and metamorphic carbonate rocks. Purple areas represent karst aquifers in
evaporite rocks. The detailed legend can be found on the online MEDKAM map.

2004) — a problem exacerbated by overexploitation in certain regions (Goldscheider et al.,
2020). The unique structure of karst systems also makes them vulnerable to a variety
of geohazards (De Waele et al., 2011; Gutiérrez et al., 2014). All these vulnerabilities
are likely to intensify in the future amid climate disruptions and increasing human pres-
sures (Parise et al., 2018; Stevanovi¢, 2019). Furthermore, the Mediterranean basin is
considered a hot-spot of climate change, where decreases in precipitation and increases
in temperature (more severe than in the rest of the world) are expected (Lionello and
Scarascia, 2018). Numerous studies have thus lately been dedicated to studying future
karst water resources, under various scenarios of climate change and anthropogenic pres-
sure (Dirnbock et al., 2016; Hartmann et al., 2012b; Nerantzaki and Nikolaidis, 2020;
Sivelle et al., 2021).

1.2 Rainfall-runoff modelling in karst environments

1.2.1 Challenges in (karst) hydrological modelling

Hydrological models can provide very valuable insights into the functioning of hydrosys-
tems, as well as predict and forecast flow conditions at short and long terms. However,
they have a fair amount of limitations and improving models has been identified as a cru-
cial area of research (Bloschl et al., 2019). Issues limiting the performance and relevance
of hydrological models include:

i. Data-scarcity: some catchments are not sufficiently instrumented or have not been
monitored for a long enough period to allow relevant flow modelling; this problem is
particularly pronounced in karst environments (Hartmann et al., 2014).

ii. Reliability of discharge measurements: discharge time series are generally derived
from water height, using water level-discharge calibration curves. Numerous uncer-
tainties are associated with this determination method (Pelletier, 1988), including
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extrapolation errors for extreme values (Di Baldassarre and Montanari, 2009; Moges
et al., 2021).

iii. Input data: input data does not always accurately reflect the heterogeneity of pro-
cesses occuring on a catchment. For instance, the spatial variability of precipita-
tion can be very high, especially in areas where strong convective storms are fre-
quent (Lobligeois et al., 2014).

iv. Model structure and parameters: models can be subject to over-parametrisation.
Careful sensitivity analyses and uncertainty assessment should be considered along
with model results to avoid over-interpretation (Beven, 2019; Refsgaard et al., 2007).

v. Model calibration and evaluation: models that are reliable in known conditions may
be biased in other periods due to the non-stationarity of the climate (Vaze et al.,
2010). The calibration period should encompass the diversity of hydrological obser-
vations and meteorological conditions, and be evaluated with relevant performance
criteria assessing different aspects of the model (Clark et al., 2021; Gupta et al., 2009;
Hartmann et al., 2017; Knoben et al., 2019; Seibert et al., 2018).

Hydrological models applied in karst environments must therefore consider and ad-
dress these limitations, in addition to the constraints associated with the complexity and
the characteristic heterogeneity of karst, which manifest at all levels:

i. Surface: the infiltration of precipitation into the system can be either diffuse or
concentrated.

ii. Subsurface/unsaturated zone: varying degrees of porosity and permeability, prefer-
ential flow paths, local and temporary water storage, interaction with vegetation.

ili. Underground/saturated zone: dual flow regime with conduit and diffuse flow
(through matrix).

Traditional hydrological models are often too simplistic to capture the complexity
of karst functioning. The majority of the system is inaccessible to human exploration,
and investigations and samplings only provide information about very small areas, at
the borehole scale (Parise et al., 2018). This strong heterogeneity makes estimating the
parameters of physical models very challenging (Hartmann et al., 2014), especially given
that the location of conduits is unknown in most cases (Parise et al., 2018). Anthro-
pogenic influence through pumping also poses a challenge in models as it complicates the
interactions between the various compartments of the systems. In some cases, this even
causes the drying up of the source (Hamed Ferjani et al., 2020; Maréchal et al., 2013),
whose observations are a crucial aspect of hydrodynamic modelling. Despite these high
contrasts in porosity and permeability, which can be challenging to evaluate, hydrologi-
cal models still offer valuable insight into the functioning of karst systems (Parise et al.,

2018), particularly in predicting the impact of climate and land use changes (Hartmann
et al., 2014).
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Figure 1.3: Block diagram of a heterogeneous karst aquifer illustrating the duality of recharge
(allogenic vs. autogenic), infiltration (point vs. diffuse) and porosity/flow (conduits vs. ma-
trix) (Goldscheider and Drew, 2007).

1.2.2 Modelling approaches

Hydrological models are numerical tools that aim to reproduce key variables of karst
systems, such as aquifer piezometric levels or spring discharge. Precipitation and evap-
otranspiration are essential input variables for all hydrological models, but many other
variables can be used to better represent or constrain the physical phenomena and internal
processes of the system. Hydrological models can be categorised into lumped parame-
ter, semi-distributed and distributed approaches (Hartmann, 2018; Kovacs and Sauter,
2007). While distributed models partition a karst system into a two- or three-dimensional
grid, where each cell is assigned suitable hydraulic parameters and system states, lumped
parameter models rely on the mathematical analysis of input data (e.g. precipitation,
temperature) to simulate spring discharge time series. Lumped parameter models encom-
pass (i) “black-box” models, which do not use any a priori information about a system
functioning, and (ii) “conceptual reservoir” models, which are based on a conceptual rep-
resentation of a system. Some reservoir models are semi-distributed, i.e., their structure
is repeated in space to take into account the spatial heterogeneity of land cover, precipi-
tation, and hydrogeological properties. A wide range of these numerical modelling tools
currently used in research and operation have been compared by Jeannin et al. (2021)
based on the simulation results of the discharge of a karst spring. This section briefly
presents the main modelling approaches used in karst hydrology: distributed, black-box,
and conceptual reservoir models. Choosing a modelling approach primarily depends on
the goal of the study, but is also constrained by the current understanding of the system,
available data, and regional or institutional preferences (Addor and Melsen, 2019).
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1.2.2.a Distributed models

Distributed, physically-based models typically discretise a karst system into a 2 or 3-
dimensional grid. Each cell of the grid has its own physically-based parameters and
system states which must be defined or calibrated. There are different approaches to
physically-based models which are presented in more detail by Hartmann et al. (2014),
Jeannin et al. (2021), Jourde and Wang (In press), and Mazzilli (2011):

i. Equivalent porous medium

i. Dual continuum

—e

—

iii. Discrete features (pipe network models)

iv. Combined Discrete-Continuum

These models are particularly of interest for (i) gaining insight into the spatio-temporal
distributions of internal flows in a system (Gill et al., 2021; Kavousi et al., 2020), (ii)
characterising the geometry and evolution of conduits (Fandel et al., 2021), and (iii) as-
sessing the impacts of changes in boundary condition, system variables, or anthropogenic
influence (Mazzilli, 2011). The primary limitation of this approach is related to the lack
of knowledge about the physical properties of the system (Hartmann et al., 2014) — most
models therefore rely on assumptions or propose multiple conduit and fracture networks.
As a result, the calibration of a physically-based model can also be challenging, as there
are a large number of parameters that may be subject to equifinality (Beven, 2006).

1.2.2.b Black-box models

Black-box models are empirical models transforming an input signal into an output sig-
nal without any consideration of the system structure or physical parameters. They
consist in analytical transfer functions or machine learning methods, with the latter see-
ing significant growth in the past decades (Maier et al., 2010). Black-box approaches
include, among others, linear and non-linear transfer functions (Juki¢ and Deni¢-Jukié,
2006; Labat et al., 1999), deep recurrent multilayer perceptron, NARX model, convolu-
tional neural networks, long short-term memory networks (Jeannin et al., 2021). Both
approaches can be very effective in simulating known functioning of a system, but may
be limited in the case of unobserved conditions (e.g. extreme) or disruptive events such
as climate change or anthropogenic pressures. Neural networks, in particular, require a
learning period to develop the function and its parameters, which can make their use
difficult in data-scarce contexts (Jeannin et al., 2021). However, they are quick, reliable,
and flexible on input data — the models can quickly assimilate meteorological processes
(evapotranspiration, snow accumulation and melting) without necessarily requiring any
preprocessing of the input data (Kong-A-Siou et al., 2015). Although the acquisition
of knowledge in terms of a system internal functioning remains limited (Jeannin et al.,
2021), machine learning approaches can help determine the most relevant input, identify
the major contributing areas of a catchment, or even assist in their delineation (Wunsch
et al., 2022).
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1.2.2.c Conceptual reservoir models

Conceptual reservoir models are a conceptual representation of a hydrosystem, which
involves the association of several components (reservoirs) that are thought to be rep-
resentative of the main processes at stake. Each reservoir is characterised by its water
height and a flow equation that translates the variation of water height into discharge.
The flow equation is generally function of a specific discharge coefficient and a positive
exponent (different from 1 for non-linear flows), which are defined by calibration against
observed data. Other flow equations exist such as the infinite characteristic time transfer
function, which allows to account for long-term memory effects (Guinot et al., 2015).
Many reservoir models have been developed to study the relation between precipitation
and discharge in karst systems — some of them being semi-distributed (Bittner et al.,
2018; Hartmann et al., 2012a; Hartmann et al., 2014; Jeannin et al., 2021; Ollivier et al.,
2020; Sarrazin et al., 2018). They all differ in complexity with respect to the number
of reservoirs and parameters, which need to be well-thought-out in order to preserve
physical realism and limit equifinality on model parameters (Hartmann, 2018). Reservoir
models can be seen as a compromise between simulation performance and insight into
the functioning of a system (Mazzilli, 2011).

In strict one-dimensional models, input data generally need preprocessing and thus
contribute to model uncertainty: (i) arbitrary decisions on the raw data (e.g. choos-
ing precipitation from one meteorological station rather than another), (ii) interpolation
(when data from several meteorological stations over a catchment are available), or (iii)
preprocessing (e.g. snow processes, potential evapotranspiration). Even if it still remains
a conceptualisation, the underlying structure of the model allows the characterisation of
flows dynamics within a system. For example, it allows to assess the water partitioning
between the different compartments, as well as internal flow processes (Baudement et al.,
2017).

Based on this modelling approach, the French SNO KARST (Jourde et al., 2018) has
developed the KarstMod platform, which provides a modular, user-friendly interface for
simulating discharge and piezometry of karst systems (Mazzilli et al., 2019). The structure
of models built using the KarstMod platform is based on the conceptual model of a karst
aquifer with infiltration and saturated zones. The infiltration zone (soil and epikarst)
drains water from the surface through a vertical network of fissures and conduits. Water
storage can occur in the infiltration zone, as well as local saturation. The saturated zone
comprises a dual porosity functioning with a network of high-permeability fractures and
conduits, and a low-permeability matrix with a high storage capacity. The KarstMod
model structure can include up to four reservoirs. One at the upper level reflects the
processes occurring in the soil and epikarst zone (infiltration, storage and drainage).
Three at the lower level can be connected with the first one and correspond to the
infiltration and /or saturated zones. The discharge can be simulated with (i) several linear
and non-linear water level-discharge laws, including a hysteretic water level-discharge
function to reproduce the hysteretic functioning observed on the wet-dry cycles in the
unsaturated zone (Lehmann et al., 1998; Tritz et al., 2011), (ii) an exchange function that
aims to reproduce the interactions between the matrix and conduits, and (iii) an infinite
characteristic time transfer function (Guinot et al., 2015). More details on the balance
equations, the parameters involved and the KarstMod platform in general can be found
in Mazzilli et al. (2019) or in the KarstMod User Guide (Mazzilli et al., 2023).
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1.3 Conclusions

Lumped parameter models offer a good compromise between model accessibility and rele-
vance. Their use in karst environments is intricate due to the characteristic heterogeneity
of these systems, adding another challenge on top of the typical uncertainties and biases
associated with hydrological modelling. Nevertheless, they provide relevant and beneficial
insights in the characterisation and prediction of karst systems functioning. This thesis
explores the options for (i) characterising the functioning of karst systems, (ii) improving
the robustness of lumped parameter models, as well as (iii) exploring the information
that can be derived from the analysis of simulations — even in a data-scarce context.
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Characterisation of the hydrological
functioning of karst systems
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Introduction to Part 1

This part aims to address the first research question of the thesis (see i.) and focuses on
the characterisation of the hydrological functioning of karst systems through the analysis
of discharge time series, with the consideration of data-scarce contexts. The main research
questions addressed in this part are as follows:

i. How to characterise the functioning of a karst system in data-scarce con-
texts?

ii. Which discharge time series analyses are relevant for classifying the functioning of
karst systems?

iii. Does the hydrological functioning of a karst system exhibit a strong identifiability?
iv. Is the classification consistent irrespective of the length of the time series?

v. How can the classification process be facilitated for researchers and stakeholders?

Chapter 2 investigates different time series analyses that can be effectively applied to
karst spring discharge records, even in data-scarce context. Different indicators of karst
dynamics are calculated using a core dataset of 10 karst systems. The selection of the
most insightful indicators and the proposal of a classification are based on multivariate
analyses. The relevance and robustness of the classification are further examined on a
larger dataset.

Chapter 3 presents a toolbox that facilitates the completion of discharge time series
analyses and the classification of a karst system. KarstID is a freely available, open-source
software with ongoing development on a developer community platform. Its user-friendly
installation and launch make it especially accessible for those without programming ex-
perience.
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Chapter 2

Classification of karst hydrological
functioning

Classification is a first-line tool for understanding the main characteristics of a natu-
ral system’s response. We propose a new classification of karst systems hydrological
functioning that is based on spring discharge time series and takes profit of spring dis-
charge databases to encompass the high diversity of karst hydrological functioning. It
discriminates six different classes based on three relevant indicators of karst hydrolog-
ical functioning. A core dataset made of 10 karst systems was first considered for the
set-up of the classification. The spring discharge time series were investigated according
to recession curves, statistical and signal analyses to identify relevant indicators of hy-
drological functioning. The selection of the most relevant indicators and the proposal of
the classification were based on multivariate analyses. The classification was then tested
on spring discharge time series of 78 karst systems located worldwide. All the systems
homogeneously spread among the six proposed classes, which highlights the relevance of
the approach and the representativeness of the various classes of hydrological functioning.
Results from the proposed methodology were finally discussed to explore its limitations
and define guidelines for its application.

This work has contributed to the KARMA project in the form of a deliverable and
has been presented during a progress meeting. It has also resulted in a publication in
Journal of Hydrology (Cinkus et al., 2021a) and a presentation during EGU21 (Cinkus
et al., 2021Db).

Article:
Cinkus, G., Mazzilli, N., and Jourde, H.: Identification of relevant indicators for the
assessment of karst systems hydrological functioning: Proposal of a new classification, J.

Hydrol., 603, 127006, https://doi.org/10.1016/j.jhydrol.2021.127006, 2021.
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2.1 Introduction

10 % of the world’s population is dependent on karst water resources for drinking wa-
ter (Stevanovié, 2018). Karst systems are underground entities that drain recharge water
over a catchment towards a main outlet. The water is drained through conduits, fractures
and matrix, which originate from the dissolution of the calcite deposits by acidic water
from the surface. Understanding the functioning of these complex and heterogeneous sys-
tems is therefore a major challenge for long-term water resource management. Over the
past century, different methods have been developed to analyse hydrological time series,
and subsequently characterise the functioning of karst systems. These methods can be
considered as a preliminary step in the development and design of hydrological models
of karst functioning for sustainable water resource management.

Classification has been widely used in surface hydrology to characterise hydrosystems.
Although the three-dimensional properties of aquifers generate an additional complexity,
some authors proposed different methodologies to classify them based on geological, mor-
phological and hydrological functioning analyses (Dahl et al., 2007; Heath, 1982; Heudor-
fer et al., 2019). In many cases however, these classifications fail to address the complexity
of karst systems, which are strongly heterogeneous and correspond to a wide diversity
of hydrological functioning. For these reasons, many authors worked on classifications
specific to karst systems, either based on geological and morphological analyses (Jouves
et al., 2017; Mylroie, 2020; Veress, 2020; Waltham and Fookes, 2003), hydrological re-
sponse analyses (Bonacci, 1993; Flora, 2004; Kullman, 2000; Malik and Vojtkova, 2012;
Mangin, 1975; Mangin, 1984; Rashed, 2012; Soulios, 1991; Springer et al., 2008) or even
karst groundwater microbiological analyses (Sinreich et al., 2013).

The spring discharge of a karst system is considered as a base information in karst
hydrogeology. It results from the combination of flows from the different compartments of
the hydrosystem (soil, epikarst, unsaturated and saturated zones). The widely increased
development of karst spring discharge monitoring offers the opportunity to study the re-
lations between discharge and hydrological functioning in depth. Some authors proposed
classifications of karst systems based on the analysis of spring discharge time series, ei-
ther with visual interpretations (Bonacci, 1993; Soulios, 1991), by calculating indicators
of functioning (Flora, 2004; Mangin, 1975; Mangin, 1984; Rashed, 2012; Springer et al.,
2008) or by interpreting the parameters of recession models (Kullman, 2000; Malik and
Vojtkova, 2012; Mangin, 1975).

However, the aforementioned classifications have been developed by analysing only few
karst systems or without considering the high diversity of karst hydrological functioning.
Therefore, diversity in karst systems physical properties and hydrological functioning
is not fully considered, which impairs the relevance of these classifications and raises
the need for a more generic approach. This work aims to provide a new classification
of karst systems hydrological functioning with the following key features: (i) a clear
methodological basis, (i) the analysis of a wide diversity of karst systems representative
of contrasted hydrodynamics behaviours, (iii) an approach being relevant worldwide and
in a data-scarce context (i.e. sites where there is little knowledge of the system, or only
discharge monitoring for a few years).

In this paper, we took advantage of the recent release of spring discharge time series in
databases such as the French Karst National Observatory Service (SNO KARST, Jourde
et al., 2018) or the WoKaS database (Olarinoye et al., 2020) to propose a new clas-
sification of karst systems hydrological functioning. The typology describes a system
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where one single hydrodynamic response to precipitation impulse is expected. The aim
of the classification is to characterise the hydrological functioning of a system, but not to
decorrelate the factors that influence the functioning. The paper is organised as follows.
In Section 2.2, we define the general characteristics of the karst systems considered in
this study. Section 2.3 presents the various tools and analyses considered for the char-
acterisation of karst systems hydrological functioning. The most relevant indicators of
karst hydrodynamics are identified and presented in Section 2.4, using the discharge time
series of 10 well-known karst systems that cover a wide range of hydrological functioning.
Section 2.5 is devoted to multivariate analyses that are considered for the proposal of the
new classification described in Section 2.6. The discussion in Section 2.7 aims to evaluate
the relevance of the proposed approach applied to 78 karst systems and to highlight some
of its limitations. Section 2.8 gives the conclusions.

2.2 Data and study sites

This section presents the data we used to develop and test the classification, which involve
in two different datasets: (i) a core dataset for the assessment of the most relevant
indicators of functioning and the design of the classification, and (i) a complementary
dataset for assessing the most efficient recession model, testing the classification and
identifying its strength and limitations.

2.2.1 Core dataset

To ensure the quality of the study and its relevance to the problem, we performed spring
selection on the basis of three criteria: (i) quality of the hydrodynamic monitoring, which
is function of time-step, instrumentation, measurement uncertainty and length of the time
series, (ii) diversity of the hydrological functioning among the karst systems, meaning that
the final dataset should cover a wide range of hydrological functioning (e.g. related to
dimensions of the catchment, rainfall, degree of karstification, hydrological functioning,
etc.), and (iii) existing knowledge from prior studies, to ensure that the classification is
consistent with the actual knowledge on system functioning.

We selected 10 karst systems (Table 2.1), located in France. We retrieved data from
several organisations: The SNO KARST, the Parc Naturel Régional des Grands Causses
(PNRGC), Suez, and the DREAL of Bourgogne Franche-Comté. Selected systems have
been the subject of several comprehensive studies based of methods such as geology,
cartography, field observations, tracing, geochemistry, time series analysis and modelling.

2.2.2 Complementary dataset

In order to check the relevance of the method and its capacity to differentiate karst
systems functioning, the classification resulting from the analysis of the aforementioned
well-known karst systems was tested on a complementary dataset of 68 karst systems
with different characteristics (e.g. dimensions of the catchment, meteorological regime,
climate, and karstification degree). We worked with springs discharge time series of 23
French karst systems coming from a database provided by the French state (Banque Hy-
dro) and took the other 45 from the WoKaS (World Karst Spring hydrograph) database,
which provides details of over 400 karst systems worldwide (Olarinoye et al., 2020).
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System Koppen-Geiger Catchment area Discharge time series
climate classification [km?] Length [year] Time step
Aliou Ctb 12 45  Daily
Baget Ctb 13 47.5 Daily
Durzon Csb 117 9 Daily
Esperelle Ctb 91 8 Daily
Fontaine-de-Nimes Csa 45 18.8 Daily
Fontaine-de-Vaucluse Csa 1115 52.2  Daily
Lods Ctb 35 6.4 Daily
Mouline Cfb 32 9 Daily
Mouthe Dtb 50 7.3 Daily
Toulon Ctb 100 5.5 Daily

Table 2.1: General characteristics of the selected karst system (Bakalowicz and Ricard, 1994,
Blavoux et al., 1992; Cholet, 2017; Lorette et al., 2018; Mangin, 1975; Maréchal and Ladouche,
2006; Moussu, 2011) and their associated discharge time series.

The quality of these 68 springs discharge time series is appreciated according to low
(C2) to very good (A) quality discharge data (Figure 2.1C) as proposed in Olarinoye et al.
(2020). The dataset is fairly well distributed throughout the world, with karst springs
discharge from 17 countries (Figure 2.1B). The considered karst systems are located in
various climatic conditions. According to Képpen-Geiger classification (Peel et al., 2007),
these climatic conditions correspond to 12 different climates, the temperate oceanic (Cfb)
being the most represented (63.2 %, Figure 2.1A).
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Aw :  Tropical, savanna (dry winter) CN: China
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5‘ Cfb: Temperate, no dry season, warm summer FR: France

S S Csa  Temperate, dry summer, hot summer GB : United Kingdom

3— Csb : Temperate, dry summer, warm summer HR : Croatia

L% Csc: Temperate, dry summer, cold summer HU : Hungary
Cwa: Temperate, dry winter, hot summer IE: Ireland

20 Cwb : Temperate, dry winter, warm summer LB : Lebanon
PE: Peru
A: Very High Accuracy PR : Puerto Rico
B: High Accuracy RS : Serbia
0 ! 1 ! C-1: Medium Accuracy Sl: Slovenia
A é C'-1 CI-2 C-2: Low Accuracy US : United States of America

Quality of the time-series

Figure 2.1: Details about the complementary dataset, regarding (A) climate (Képpen-Geiger

classification), (B) countries and (C) quality of the time series. (D) is the legend for the different
abbreviations.

2.3 Methodology

The discharge is directly related to the recharge and the emptying of the capacitive
function of a system, but also depend on the system geometry and hydrodynamic prop-
erties (Malik, 2015). This section provides details about four methods for analysing
discharge time series and the indicators that can be retrieved from these methods to
characterise the functioning of a karst system.

2.3.1 Statistical analyses

Statistical indicators of discharge time series provide basic information about the overall
functioning of a system. The most common are the mean, minimum, maximum, standard
deviation, and the various quantiles. The mean interannual discharge depends on both
the dimensions of the catchment and the mean recharge; it can therefore be used to assess
the dimensions of a system. The observed minimum and maximum discharges make it
possible to understand the flow amplitude. However, significant uncertainty related to
the extrapolation of extreme discharges at springs is associated with this indicator.

The comparison between various karst systems is facilitated when using nondimen-
sionalised indicators, such as the coefficient of variation (CV), which is the ratio between
the standard deviation and the mean of the discharge time series. Netopil (1971) pro-
posed the calculation of a “characteristic discharge”, which is the ratio between the 0.9
quantile (discharge value that is exceeded 10 % of the time) and the 0.1 quantile. This
“characteristic discharge” was referred to as spring variability coefficient (SVC) in Ste-
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vanovi¢ (2015). The SVC is less affected by extreme values. The specific discharge (QS)
corresponds to the ratio between the mean interannual discharge and the catchment area.
It allows assessing karst hydrodynamics with an implicit consideration of the dimensions
of the catchment. However, the area information is not always available and also depends
on the quality of hydrogeological studies over the catchment of interest.

2.3.2 Recession curves analysis

The hydrograph of a flood recession corresponds to the period when the discharge grad-
ually decreases as water is not replenished (Toebes and Strang, 1964). It is possible to
distinguish two regimes: (i) the influenced (quickflow) regime, which corresponds to the
period when the discharge is influenced by the rapid infiltration of water into conduits
in the unsaturated zone; and (ii) the non-influenced (baseflow) regime, which begins
when rapid infiltration ends, and corresponds to the draining of the saturated zone and
less transmissive compartments of the system (Mangin, 1975). In the literature, analy-
sis of recession curves is mainly used to estimate groundwater reserves (Drogue, 1972;
Forkasiewicz and Paloc, 1967; Mangin, 1975), determine the hydrodynamic parameters of
the aquifer (Mangin, 1975), and provide information on flows, drainage, and karstification
degree (Drogue, 1972; Kresi¢, 2007; Kullman, 2000; Malik, 2006; Malik and Vojtkova,
2012; Mangin, 1975). The karstification degree is an indicator of the karst maturity
of a system, which is directly related to groundwater recharge, storage capacity, spring
discharge dynamics and system connectivity.

Numerous models for the analysis of recession curves of discharge time series have
been proposed (Table 2.2). Boussinesq (1877) and Maillet (1905) made the first propos-
als. Horton (1933) and Barnes (1939) then developed recession models based on Maillet’s
equation. Coutagne (1948) proposed an equation that simulates the discharge from a
reservoir. Padilla et al. (1994) highlighted that Coutagne’s equation struggles to repro-
duce the recession curves of karst systems, and thus introduced a new parameter Qc.
This later parameter corresponds either to the discharge from poorly transmissive zones
of the aquifer, or to the discharge from aquitards outside the karst system; it may also
have no physical meaning. Drogue (1972) proposed to approach the whole recession curve
with a hyperbolic function. Mangin (1975) developed a two-equation recession model,
representative of the influenced and non-influenced regimes. Kullman (2000) approached
recession curves by fitting a model based on a linear equation (Kullman, 1983) for in-
fluenced regime, and Maillet’s equation for non-influenced regime. Based on Kullman’s
work, Malik and Vojtkova (2012) proposed a classification of karst systems functioning
according to the number of equations required to model the recession and the values of the
parameters. Other authors (Griffiths and Clausen, 1997; Ladouche et al., 2006; Samani
and Ebrahimi, 1996) proposed models inspired by the aforementioned models. We did
not consider physical-based models as we do not have any information on reservoir geom-
etry. Further details about empirical, physical-based models and recession curve analysis
can be found in Fiorillo (2014).

In this study, we wanted to assess the variability of the hydrological response of the
karst systems, which is only possible when accounting for different recession periods. For
this reason, we dismissed the use of a Master Recession Curve (MRC) which aims to
overcome the problem of recession variation by combining several recession curves into
one and only.

The Mangin’s model has been widely used to characterise karst systems, mainly be-
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Model Equation Comment

Non-influenced stage

Boussinesq (1903) Qi = (14?75,5)2 Surface water

Non-influenced stage

Maillet (1905) Qi = Qoe™ ! Surface water

Horton (1933) Qi = Qoe " More suitable to surface water
Barnes (1939) Q: = Zle Qoe it More suitable to surface water
Coutagne (1948) Qi = Qo[+ (n— Dat]T™m Suitable for karst systems

Suitable for karst systems

Padilla et al. (1994)  Q; = (QuQe)[1 + (n — at] ™ + Q. Q. strengthens Coutagne model

Drogue (1972) Q: = (I-STOt)” Suitable for karst systems
. _ a 1—mt Suitable for karst systems
Mangin (1975) @ = Qroe™ + o 1+Zf Associated classification

Suitable for karst systems

k o k 1—Bjt
Kullman (2000) Qi = X0 Qoie™ ! + X0 G+ ot ) Q01 = Bit)  §(Ciated classification

Table 2.2: Summary of the main models developed to analyse recession curves, corresponding
equations and comment on their most appropriate usage. Q; [L? T-!| is the discharge at time
t [T], Qo [L3 T-!] the discharge at t = 0 [T],  the recession coefficient [T!], n [-] a constant,
Q. [L? T!] a constant discharge, Qro [L® T°!] the baseflow extrapolated at t = 0, go [L3 T!]
the influenced discharge corresponding to the difference between Qo and Qgo, 7 [T™!] a constant
characterising the speed of infiltration (n = t—li, with ¢; [T] being the duration of the influenced
stage), ¢ [T7!] a constant characterising the concavity of the influenced part of the recession
curve and § [T™!] a recession coefficient for the turbulent flow. L and T are the dimensions for

the base quantities of length and time, respectively.
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cause the author proposed a classification based on two indicators derived from the pa-
rameters of the model equation. The parameter « is assumed to characterise the draining
of the capacitive function of the karst system, which corresponds in most cases to flow
from the saturated zone. In case of a low karstification degree, o can be affected by
flows occurring in the unsaturated zone, which may induce a lag in the response in the
non-influenced regime (Mudarra and Andreo, 2011). The indicator k is strongly linked to
the a recession coefficient of the first component of the Mangin model (Table 2.2), which
is applied only on the non-influenced regime. The indicator k is thus focused on the slow
depletion of the aquifer and assumed to characterise the ability of a system to store and
return recharge water. It is calculated with the following equation:

Vpyn
k= 2.1
v (2.1)
With Vpyy the dynamic volume and V,, the interannual mean yearly volume of
water discharged at the spring. The dynamic volume is calculated by integrating the

exponential function:

VDYN = / Qie_o‘tdt = (22)
0 o

With @; the discharge at the time ¢; (¢; being the time at which the flow is considered
to be laminar and also the beginning of the non-influenced regime) and « the recession
coefficient. In his work, Mangin (1975) suggested to characterise the capacity of dynamic
storage with the maximum calculated Vpyy, as it tends towards a stable value for a large
number of analysed recession curves. The indicator ¢ is used to characterise the capacity
of a system to filter and attenuate the precipitation signal. It corresponds to the discharge
attributed to the influenced regime (second component of the Mangin model, Table 2.2)
two days after the flood peak. This discharge is expressed in relative proportion to the

influenced discharge qo and is calculated with the following equation:

1—2n
) = 2.3
T2 (2:3)
With 7 a constant characterising the speed of infiltration (n = tl,-’ with ¢; being the

duration of the influenced stage) and e a constant characterising the concavity of the
recession curve during the influenced stage.

The classification initially proposed by Kullman (2000) and updated by Malik and
Vojtkova (2012) differentiate systems by their karstification degree. The methodology
consists to reproduce a recession curve by fitting one to several equations (either expo-
nential or linear) and calibrate the a and  parameters of each formula. The karstification
degree is then deduced from a table based on the presence of different flow sub-regimes
(i.e. the number and nature of the equations) and the value of the o and 8 parameters.
It ranges from 0.5 to 10 and is associated with a description of assumed structure of the
system and karst groundwater circulation.

2.3.3 Correlational and spectral analyses

Correlational and spectral analyses are time series analyses that are used to study the
frequency content of a signal (referred to as “simple analysis”) and relations between
signals (referred to as “cross-analyses”) (Massei et al., 2006). The simple analysis consists
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of calculating the autocorrelation function of a signal and the corresponding spectrum
(obtained using a Fourier transformation, the calculations are detailed in Appendix 2.A).
The principle is to compare the signal with itself over an increasing time interval or
shift (Jeannin and Sauter, 1998). The cross-analyses examine the transformation of the
input signal into an output signal (Padilla and Pulido-Bosch, 1995). Signal analyses,
mainly developed by Box and Jenkins (1976), Brillinger (1975), Hannan (2008), and
Jenkins and Watts (1968), were first applied to karst hydrology by Mangin (1984).

According to Mangin (1984), a karst system can be characterised by its response time
to a unitary impulse (precipitation) and its inertia, which depends on both the volume
of groundwater reserves and karstification degree of the karst system.

Simple correlational and spectral analyses allow determining three indicators of karst
hydrological functioning: (i) the memory effect (M E), which is the shift £ for an autocor-
relation coefficient r; of 0.2. It translates variation in discharge over time, and is directly
related to the inertia of the karst system (Marsaud, 1997); (ii) the regulation time (RT),
which is the inverse of the bandwidth, i.e. the maximum ordinate of the spectrum divided
by 2 (value of the integral of the function between 0 and +o00). It provides information
on the duration of the influence of a unitary impulse (Kovacs, 2003; Larocque et al.,
1998), on the volume of groundwater reserves (Marsaud, 1997), and makes it possible
to assess the overall organisation of flows in the system (e.g., conduits, fractures, and
cracks) (Jeannin and Sauter, 1998); (iii) the cut-off frequency or spectral band breadth
(SBB), which corresponds to the frequency f at which the value of the spectrum sy
becomes negligible. Beyond this frequency, the spectrum is equal to zero, and can be
assimilated to noise (Jeannin and Sauter, 1998). The cut-off frequency provides infor-
mation on the ability of the system to filter unitary pulses (Marsaud, 1997). The results
provide a general idea of how a karst system works, with an emphasis on the inertia of
the system and its capacity to attenuate the recharge signal.

2.3.4 Analysis of classified discharges

The analysis of classified discharges provides information on flow regimes within a system,
based on discharge monitoring at the outlet of a karst system (Marsaud, 1997). Based
on empirical observations, Mangin (1971) suggested that the distribution of discharges
(or logarithm of discharges) from karst springs can be approximated by a half-normal
Gaussian distribution (the calculations are detailed in Appendix 2.B). He concluded that
the comparison between quantiles of measured discharges and quantiles given by the
half-normal distribution should follow a straight line. According to this theory, any
discontinuities of the line (corresponding to an inflexion point) indicate inhomogeneity
in the functioning of the system, below or above a certain range of discharge. Such
changes can occur at low or high discharges, and may be positive or negative. The
interpretation proposed by Mangin is based on an extremely strong hypothesis, which is
that the statistical half-normal Gaussian distribution properly describes the distribution
of discharges from karst springs under a “homogeneous functioning”.

The method allows identifying particular events inherent in karst hydrology, e.g. over-
flow at outlet, leakage to another system, storage and emptying phenomena, time varying
extent of the recharge catchment. It also allows assessing the quality of the gauging sta-
tion (Dorflinger, 2010; Grasso and Jeannin, 1994; Marsaud, 1997).
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System Mean discharge Minimum discharge Maximum discharge CV SVC QS

[m? 5] [m? 5] [m? st (%] ] [mmd’
Aliou 0.45 0.0 28.91 1904 321 3.20
Baget 0.49 0.02 10.10 147.2 14.0 3.22
Durzon 1.63 0.72 16.33 59.8 3.3 1.21
Esperelle 1.11 0.16 14.50 139.8 11.8 1.05
Fdn 0.54 0.0 16.52 2219 404 1.04
Fdv 17.54 2.79 85.0 71.3 5.9 1.36
Lods 1.01 0.15 8.54 127.2 19.6 2.48
Mouline 0.51 0.19 3.15 45.7 2.6 1.37
Mouthe 1.92 0.01 1828 120.1 244 3.32
Toulon 0.46 0.27 0.99 37.6 2.5 0.40

Table 2.3: Results of the statistical analyses for the core systems.

2.4 Analysis and selection of indicators of karst dynam-
ics

Analysis of discharge time series were performed for the 10 karst systems aforementioned
(core dataset) based on methods detailed in Section 2.3, with the goal to select the most
relevant indicators of karst systems hydrodynamics.

2.4.1 Statistical indicators

The results of the statistical analyses highlight the diversity of hydrological functioning
of the core systems (Table 2.3). The mean discharge allows to distinguish systems with
a low discharge (Aliou, Baget, Fontaine-de-Nimes (Fdn), Mouline and Toulon), with a
medium discharge (Durzon, Esperelle, Lods, and Mouthe), and with a large discharge
(Fontaine-de-Vaucluse (Fdv)). Although the mean discharge is highly correlated with the
dimensions of the catchment, it is also dependent of the precipitation and the hydrological
functioning of the system. C'V and SV C are highly correlated with each other (correlation
coefficient R = 0.925, p-value = 0.00012). Both can be related to the inertia of the system
and allow to differentiate reactive systems (Aliou, Baget, Esperelle, Fontaine-de-Nimes,
Lods and Mouthe) from inertial systems (Durzon, Fontaine-de-Vaucluse, Mouline and
Toulon). There is no evident relation between QS and the characteristics of the system.
As the dimensions of the catchment are bypassed, we suppose that Q.5 may be related to
the karstification degree or the specific recharge (volume of water that goes to the aquifer,
by unit area). As QS requires the knowledge about the area of the recharge catchment,
which is either unknown or with high uncertainty, it is not retained as a relevant indicator
for the classification.

2.4.2 Recession indicators

The dynamics of a karst system can be either (i) at infra-day time scale, meaning that
the system is reactive with fast variations in discharge of the order of an hour, or (ii)
at daily time scale, meaning that the system has high inertia and changes in discharge
can be assessed on a daily basis. A comparison of results issued from recession curves
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analysis performed on hourly and daily time series showed that, even for reactive karst
systems, the daily time scale provides sufficient accuracy.

We selected a total of 93 recession curves (Figure 2.2) from the overall time series
of each system of the core dataset, with no distinction between seasonal or event-scale
recessions, on the basis of the following conditions: (i) the peak flood discharge must
be significantly high regarding the overall dynamics of the system. We suggest at least
one tenth of the maximum discharge of the discharge time series, or greater than the
interannual mean discharge. However, we do not exclude the eventuality of site-specific
thresholds; (ii) there should be little or no disruption during the recession (e.g. precipi-
tation leading to untimely peaks). In cases where the disruption was of short duration,
data could be removed and replaced with a blank; and (iii) the recession must be com-
plete, meaning it should include both the influenced regime and the entire non-influenced
regime (with some tolerance for high-inertia systems). In the specific case when karst
spring behaviour is influenced by a particular hydrological functioning (e.g. the activa-
tion of an overflow outlet) that appears on the recession curve as a bending point, our
selection concerned only the last, unaffected part of the curve, including the end of the
recession limb. This approach ensured that the models, which are not mean to fit curves
with bending points other than the one between the influenced and non-influenced regime,
were correctly calibrated. Information loss was relatively minor, as discharges that were
excluded from the analysis only represented a tiny part of the overall flow.

The bending point required for Mangin’s model (Mangin, 1975) was defined manually
and corresponds to the time ¢ when the non-influenced regime begins (when flow is
considered as part of the non-influenced regime).

Out of the 9 recession models presented in Section 2.3.2, 4 models suit the study’s
requirements (we identified them as relevant for karst hydrodynamics analysis but also
easy to automate). They correspond to the models from Coutagne (1948), Drogue (1972),
Mangin (1975), and Padilla et al. (1994), and will be further referred as Hyperbolic,
Coutagne, Padilla and Mangin models, respectively. We tested the 4 models by examining
their performance in fitting all 390 observed recession curves of both core dataset and
complementary dataset (Figure 2.3), and by performing a sensitivity analysis.

We found Hyperbolic, Padilla and Mangin models to be relatively successful in fitting
the observed recession curves, although Padilla and Hyperbolic model significantly failed
(Nash-Sutcliffe Efficiency (NSE) lower than 0) on 31 and 3 recession curves, respectively.
This illustrates that Padilla and Hyperbolic models are not suitable for all the karst
systems. The median relative error of Hyperbolic, Padilla and Mangin models are of 7.7
%, 6.7 % and 5.6 %, respectively; with median NSE of 0.986, 0.989 and 0.995. Coutagne
model showed a poor performance with a median relative error of 38 % and a median
NSE of 0.730. The sensitivity analyses revealed that Coutagne and Padilla models have
equifinality issues for the parameters a and n, with only ). having an optimum. On
the other hand, the parameters of Hyperbolic and Mangin models have systematically an
optimum.

We selected Mangin model for the analysis of recession curves, as it provides a con-
sistent and very good fit for all the recession curves (lowest NSE of 0.91), with a limited
equifinality. Moreover, this model has been widely used for years and its indicators are
well known by the community. Results show that these indicators clearly differentiate
among systems of the core dataset (Figure 2.4). The analysis of ¢ values, which allow
assessing the capacity of a system to filter and attenuate the precipitation signal, revealed
a relationship between the value of this indicator, and the saturation state of the system
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Figure 2.2: Selected recession curves for each of the 10 karst systems. n corresponds to the
number of recession curves identified over the available discharge time series of each spring (a
total of 93 recession curves is considered).
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Figure 2.4: Boxplot of the values of the indicators proposed by Mangin (1975) after analysing
the spring discharge recession curves for each of the core systems. (A) i, (B) k, and (C) a.

(Figure 2.5), which corresponds to the volume of water stored in both the saturated and
unsaturated zones. Variability in ¢ can be a consequence of either (i) the volume of water
already stored in the karst system when the recharge occurs (i.e. the influence of the
saturation state on the system connectivity), but also (ii) the variability of the overall or-
ganisation of flow and groundwater storage between matrix, fracture and conduits in the
different compartments of the system. We therefore decided to take account of variabil-
ity in ¢ values (or lack thereof) as an additional information of karst system hydrological
functioning, by including a new indicator based on the variance of .

2.4.3 Signal indicators

The correlational and spectral analyses were performed with a sampling step of 1 day
and a maximum offset m of 125 days, according to the suggestions of Mangin (1984)
on short-term and long-term analyses. The short-term analysis can be performed on
systems that have at least one continuous year of daily discharge recording. As the 10
core systems are all in the same climatic context according to the Képpen-Geiger climate
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Figure 2.5: Variability in ¢ for the core systems. The standardised ratio between the mean
discharge of the month preceding the flood and the mean interannual discharge (Q1M) is used
as a proxy of the saturation state of the system.

classification, the starting date for the discharge time series was set as the beginning of
the hydrological cycle (September 1) to consider the seasonality.

The results highlight the diversity of hydrological functioning of the core systems
(Table 2.4). Aliou and Mouthe are very reactive systems that rapidly transfer a response
proportional to the intensity and duration of unitary pulses (precipitation), with almost
no dampening of the recharge signal. Because they exhibit a fast response to recharge
events but are less reactive than the former, Baget, Fontaine-de-Nimes and Lods are
referred as low-inertia systems. Durzon, Esperelle and Mouline correspond to the category
of medium-inertia systems, which are able to filter a greater-or-lesser proportion of unitary
pulses, and dampen the recharge signal. This category encompasses a wide variety of
hydrological functioning, as the medium RT value may translate either (i) a medium
inertia or (ii) a high variability of hydrological functioning with both high inertia and
low inertia responses resulting in an average RT. Fontaine-de-Vaucluse and Toulon are
considered as high-inertia systems, as they have a high filtration capacity and noticeably
dampen the recharge signal.

2.4.4 Indicators issued from the analysis of classified discharges

Within the core dataset (Table 2.4), this analysis hints that there is no change in the
hydrological functioning of 5 systems (Aliou, Baget, Durzon, Esperelle and Mouline),
but that there might be hydraulic or flow properties changes beyond a certain discharge
for 4 systems (Fontaine-de-Nimes, Fontaine-de-Vaucluse, Lods and Toulon). For 4 other
systems (Fontaine-de-Nimes, Lods, Mouthe and Toulon), there might be an overflow
outlet, discharge to another system or a temporary storage of water within the karst
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System ME RT SBB Interpretation of the classified

[day] [day] [day!] discharges curve
Aliou 46 11.2 0.41 A
Baget 176 244 0.34 A
Durzon 49.9 414 0.24 A
Esperelle  28.3  30.0 0.25 A
Fdn 18.9 178 0.33 B
Fdv 81.4 67.8 0.13 B
Lods 13.0 235 0.36 B, C
Mouline 57.8 446  0.265 A
Mouthe 7.9 11.7 0415 C
Toulon 101.8  86.1 0.08 B, C

Table 2.4: Results of correlational and spectral simple analyses and interpretation of the clas-
sified discharges curve for the core systems. (A) Systems with no apparent, specific functioning;
(B) systems in which the hydraulic or flow properties change beyond a certain discharge; (C)
systems in which there is an activation of an overflow outlet, a discharge to another system, or
a temporary storage of water that occur above a certain discharge.

system when the discharge reaches a certain value. These interpretations are confirmed
in the literature for Fontaine-de-Nimes (Maréchal and Ladouche, 2006), Fontaine-de-
Vaucluse (Mangin, 1975), Lods, Mouthe (Cholet, 2017) and Toulon (Lorette et al., 2018).

This analysis, whose interpretation requires prior knowledge of the system or field
observations to be fully relevant, does not seem appropriate for the classification of karst
systems. The method is based on a strong hypothesis that may not be suitable for all
systems. Although some relevant indicators of functioning can be retrieved from this
analysis (e.g. activation of an overflow outlet, flow to another system), the interpretation
is overly influenced by (i) the quality of the discharge-water height relationship, and (ii)
the subjective vision of the operator who is performing the analysis. Moreover, when
there is poor or no prior knowledge of the functioning of a system, it is very difficult to
identify the specific functioning behind a bending point on the curve (e.g. the difference
between a bending point due to the activation of an overflow outlet, or due to uncertainties
on ungauged discharges). Thus, we choose to not include the indicators of functioning
retrieved from this analysis in the proposed methodology for the classification of karst
system hydrological functioning.

2.5 Multivariate analyses

The aim of this section is to gain insights into the dataset and the relations between
indicators. We applied two unsupervised techniques on a dataset consisting of 9 vari-
ables and 10 observations. The observations correspond to the 10 core karst systems,
and the variables are relevant quantitative indicators of functioning resulting from the
application of the different methods of discharge time series analysis (excluding the in-
dicators resulting from the analysis of classified discharge). The selected indicators are
Emazs tmeans IRy Qmean, ME, RT, SBB, C'V and SV C. Terms “max” and “mean” corre-
spond to, respectively, maximum and average values of the indicator over all the recession
analysed.
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Figure 2.6: Biplot of the first two principal components PC1 and PC2 resulting from the PCA
performed on the dataset (9 variables for 10 observations). The points correspond to the PC1
and PC2 scores of each observation (i.e. karst systems). The arrows represent the correlation of
the variables (i.e. indicators of functioning) with PC1 and PC2. The brown circle indicates the
theoretical maximum extent of the arrows. Clusters (colours) are referring to the results of the
hierarchical clustering performed on the dataset (see section 2.5.2).

2.5.1 Principal component analysis
2.5.1.a Principle

Principal component analysis (PCA) is a multivariate method that aims to reduce the
dimensions of an observation space by producing “principal components”, which are lin-
ear combinations of initial variables of a dataset that retain the most possible variation.
Principal components are uncorrelated with each other (i.e. orthogonal to the previous
one) and are ordered according to the amount of variance explained by the combina-
tion (Everitt and Hothorn, 2011). The results of a PCA can be seen as a small number of
new variables that contains most of the information of a large number of initial variables.
The interpretation of a principal component is realised by looking at the correlation
between initial variables and the component, i.e. assessing the contribution of each vari-
able. This analysis provides information on trends in the dataset and allows identifying
eventual complementarity between initial variables.

2.5.1.b Results

The results of the PCA are presented as a biplot of the first factorial plane (Figure 2.6),
which explains 87.9 % of the total variance of the dataset.
The first principal component (PC1) is strongly correlated with all indicators except
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IR: (i) kpas informs about the capacity of dynamic storage, (ii) imean, M E, RT and
SBB are related to the capacity to attenuate the precipitation signal, (iii) qpeqn charac-
terises the draining dynamic of the capacitive function and (iv) CV and SV C are about
flow dynamics. Together, these indicators can be seen as characterising the inertia of a
system, which would correspond to the first principal component (PC1, 73.4 % of vari-
ance explained). The second principal component (PC2, 14.5 % of variance explained)
is mainly correlated with IR and thus would reflect the variability of the hydrological
response of a system. The third principal component (PC3, 5.8 % of variance explained)
is most correlated with a,cqn, Which characterises the draining dynamic of the capacitive
function of a system.

It is worth mentioning that the high correlation between several input parameters
(e.g. CV and SV () may have a substantial effect on the PCA results, particularly on
the variance explained by the principal components (i.e. PC2 and PC3 could have had a
higher variance), by overemphasising the contribution of redundant indicators.

Systems from the core dataset are mostly scattered along PC1 with rather inertial
systems on the positive part (e.g. Fontaine-de-Vaucluse, Toulon) and reactive systems
on the negative part (e.g. Aliou, Mouthe), and to a lesser extent along PC2 with “highly
variable hydrological response” systems on the positive part (e.g. Esperelle, Durzon,
Mouline) and “more regular, steady hydrological response” systems on the negative part
(e.g. Fontaine-de-Vaucluse, Toulon).

2.5.2 Clustering
2.5.2.a Principle

The purpose of data clustering is to identify clusters that contain observations or objects
with similar characteristics (Govender and Sivakumar, 2020; Jain et al., 1999). Cluster-
ing analysis can be used to identify archetypes, and offer a better understanding of the
structure within a dataset (Halkidi et al., 2001). This technique is considered unsuper-
vised, because it is not based on predefined classes or examples that would give an idea
of the structure of the dataset (Berry and Linoff, 1997).

We selected a Ward hierarchical clustering method for performing the analysis, which
consists of a succession of binary fusions that minimise between-cluster variance until one
cluster remains (Murtagh and Legendre, 2014). The Ward distance is equal to (Tufféry
and Riesco, 2011):

d(a,b)?

—A

D(A’ B) - ngl +ng

(2.4)

With D the Ward distance between two clusters A and B that have centers of gravity
a and b and frequencies ny and ng. The analysis was realised with standardised data
and Euclidean distance as measure of dissimilarity, which is calculated with the following
equation:

deel(,y) = [Y_ (2 — y;)]2 (2.5)

j=1

With d the distance between two points x and y of a d-dimensional dataset, and x;
and y; the values of the j** attribute of x and y, respectively (Gan et al., 2007).
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This method is suitable for clusters of different sizes and shapes and provides a graphi-
cal representation (dendrogram) which helps for understanding the clusters structure and
how they are connected. The main advantages over a non-hierarchical method are (i) that
it is not necessary to know the number of clusters prior to the analysis, and (ii) that the
results do not depend on the choice of initial clusters (Tufféry and Riesco, 2011).

A way to assess whether a variable is relevant to characterise a cluster is to realise a
value-test or v-test (Lebart et al., 1984). For a given quantitative variable, it involves in
comparing the mean &, for this variable of a particular cluster k to the overall mean X,
with the formula:

po T X (2.6)

2 —
Ot

With v the result of the test, s the overall standard deviation, N the total number
of observations and nj the number of observations in the cluster k. A value of |v| greater
than 1.96 corresponds to a p-value less than 0.05, which rejects the following hypothesis:
the mean of the particular cluster is equal to the overall mean (Lebart et al., 1984). In
this case, the variable is relevant to describe the group of observations in the cluster.

2.5.2.b Results

Results are presented as a dendrogram. Four relevant clusters (corresponding to two
majors clusters) have been identified (Figure 2.7). There is a great similarity between
clusters and PCA results (Figure 2.6).

A v-test was performed to assess the indicators that best characterise each cluster (Ap-
pendix 2.C). The major clusters A and B are differentiated on the basis of the following
indicators: ka0, ME, CV, RT, imean, SBB, SVC and aypeqn (in order of importance),
which are related to the capacity of dynamic storage and inertia of a system. According
to the sign of the v-test results, cluster A includes reactive systems, with low to medium
capacity of dynamic storage and cluster B includes inertial systems, with higher capacity
of dynamic storage. The systems from cluster 1 are characterised by a high a,,cqn value,
corresponding to a fast draining of the capacitive function. None of the indicators clearly
characterise the systems in cluster 2. The systems in cluster 3 are characterised by a high
IR value, corresponding to a high variability of the hydrological response. The systems
in cluster 4 are characterised by very high RT, ME and i,,q, and a very low SBB,
corresponding to a high attenuation capacity of the precipitation signal.

2.5.3 Confrontation of the results with the actual knowledge of
the functioning of the systems

PCA and clustering gave similar insight into the functioning of the 10 core karst systems.
Two major clusters were identified (A and B, Figure 2.7): (i) cluster A is characterised
by systems with a highly reactive functioning, which can be divided into two sub clusters
(1 and 2) by looking at the draining dynamic of the capacitive function; (ii) cluster B
is characterised by systems with inertial functioning, and can be divided into two sub
clusters (3 and 4) by looking at the variability of the hydrological functioning (Figure
2.6, Figure 2.7).

The hydrological response of Aliou and Baget corresponds to well karstified sys-
tems (Mangin, 1984), which is consistent with their position in the major cluster A.
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Figure 2.7: Dendrogram resulting from the Ward’s hierarchical clustering performed on the
dataset (9 variables for 10 observations). The X-axis gives the distance between observations
and/or clusters. The nodes (or vertical bars) indicate at which value two observations and/or
clusters are merged. Four relevant clusters (1, 2, 3 and 4) are identified with different colours, and
“major” clusters A and B correspond to the merging of clusters 1-2 and clusters 3-4, respectively.

The karst conduits network induces floods of short duration, that can have a high am-
plitude (Mangin, 1975), with a response time estimated to 7 hours after a precipitation
event for Aliou and 14 hours for Baget (Sivelle et al., 2019). Sivelle et al. (2019) also
found lower transfer coefficients for Baget in their reservoir modelling study. These re-
sults on the two systems support the difference between both clusters (1 for Aliou and 2
for Baget), as Aliou is characterised by a faster draining dynamic.

Cross-correlational analyses between precipitation and discharge performed by (Cho-
let, 2017) on Lods and Mouthe systems showed low response times (17 and 10 hours,
respectively) and high peak values (0.3 and 0.41, respectively), which are characteris-
tics of a very reactive functioning. On Mouthe system, the higher draining dynamic of
the capacitive function (cluster 1) is consistent with both the lower response time and
higher peak value of the cross-correlation function than the ones obtained on Lods system
(cluster 2).

Fontaine-de-Nimes is a reactive karst system with a moderate degree of karstifica-
tion (Maréchal and Ladouche, 2006). The hydrological response is fast due to a high
infiltration rate and a fast water transfer in a well-developed conduits network (Maréchal
et al., 2008), which corresponds to the characteristics of cluster A . Fleury et al. (2013)
found that the draining of the saturated zone was slow, which is consistent with the
position of the system in cluster 2.

Esperelle karst system is described as significantly fractured (Moussu, 2011), and
characterised by both a high impulse response height and dampened recession (Pinault
et al., 2001). This description is consistent with the one of cluster 2, which consists of
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reactive systems with moderate draining of the capacitive function.

Durzon, Mouline, Fontaine-de-Vaucluse and Toulon systems are included in the cluster
B. Mouline is considered as a complex karst system, with long response times despite
presence of flush flow effect that induces a quick transfer during winter (Pinault et al.,
2001). Although there is no explanation for quick transfer in Durzon system, we can
suppose that its functioning is similar to Mouline as it is located in the same area. The
existence of both slow and fast dynamics on these systems depending on recharge event
and/or geometrical structure highlights a high variability of hydrological functioning,
which is characteristic of cluster 3. Fontaine-de-Vaucluse and Toulon are differentiated
in another cluster (cluster 4) due to the low variability of their hydrological functioning.
The high inertia and homogeneous response of the Fontaine-Vaucluse system can be
explained by the thickness of the non-saturated zone (800 m in average) and the large
area of its catchment, estimated to be about 1160 km? (Ollivier et al., 2019). The Toulon
system, defined as a complex karst system by Lorette et al. (2018), is a multi-layer system
with the discharge of an unconfined, fractured and karstified aquifer that is permanently
fed by another confined aquifer. This continuous alimentation can explain the mostly
homogeneous response of the system.

2.6 Classification of karst hydrological functioning

In this section, we first present the classification based on the results of multivariate
analyses. The classification is then applied on both core and complementary datasets
to assess the relevance of the approach, regarding (i) the coherence with the well-known
hydrological functioning of the karst systems in the core dataset, and (ii) the distribution
of karst systems among the different classes from a worldwide perspective.

2.6.1 Classification of karst systems according to various types
of hydrological functioning

The exploration realised with PCA and clustering confirmed the expected relations be-
tween the functioning of karst systems and indicator values. In both methods, karst
systems are first differentiated from two main aspects: their capacity of dynamic stor-
age and their capacity to attenuate the precipitation signal. The former is expressed
through k.. and the latter through ¢,,c0n, RT, M E and SBB (n.b. the absolute values
of the Pearson correlation coefficients of each pair are greater than 0.85, suggesting strong
correlations). We chose the indicator RT to characterise the capacity to attenuate the
precipitation signal (further referred as global inertia, as it considers the overall organ-
isation of flows in the system, the shape and the dimensions of the catchment and the
saturation state of the system). Indeed, this indicator is more relevant than (i) imean,
which is biased by the number of available recession curves, and (ii) M E and SBB be-
cause their assessments are somehow questionable as they rely on an arbitrary threshold
and a subjective evaluation, respectively. A second element of differentiation between
karst systems is the draining dynamic of the capacitive function of a system with the
Qmean indicator. In this case, the mean of o values seems relevant due to the relatively
low amplitude of the values for a given system (Figure 2.4C). A third element of differ-
entiation between systems is the variability of the hydrological response by quantifying
the variability of ¢ with the IR indicator.
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Class  kmar  Qmean IR Capacity of dy- Draining of the Variability of the

namic storage capacitive func- hydrological func-
tion tioning

C1 <04 >0.03 >0.25 Poor Fast Substantial

C2 <04 >0.03 <0.25 Poor Fast Low

C3 <04 <0.03 >0.25 Poor Moderate Substantial

C4 <04 <003 <0.25 Poor Moderate Low

C5 > 04 <0.03 >0.25 Noticeable Slow Substantial

Co6 > 0.4 <003 <0.25 Noticeable Slow Low

Table 2.5: Characterisation of the karst systems hydrological functioning for the six defined
classes, in terms of capacity of dynamic storage, draining dynamic of the capacitive function,
and variability of the hydrological response, with the corresponding indicator values.

The proposed classification thus relies on the following three main characteristics of the
hydrological functioning: (i) the capacity of dynamic storage, (ii) the draining dynamic
of the capacitive function, and (iii) the variability of the hydrological response. These
characteristics are assessed using (1) kmaz, (i) Qunean, and (iii) I R indicators, respectively.
Based on these 3 distinct characteristics of hydrodynamic behaviour, six classes are pro-
posed to discriminate the hydrological functioning of karst systems (Table 2.5, Figure 2.8):
(i) C1: Poor capacity of dynamic storage, with fast draining of the capacitive function
and substantial variability of hydrological functioning; (ii) C2: Poor capacity of dynamic
storage, with fast draining of the capacitive function and low variability of hydrological
functioning; (iii) C3: Poor capacity of dynamic storage, with moderate draining of the
capacitive function and substantial variability of hydrological functioning; (iv) C4: Poor
capacity of dynamic storage, with moderate draining of the capacitive function and low
variability of hydrological functioning; (v) C5: Noticeable capacity of dynamic storage,
with slow draining of the capacitive function and substantial variability of hydrological
functioning; and (vi) C6: Noticeable capacity of dynamic storage, with slow draining of
the capacitive function and low variability of hydrological functioning.

We chose to not include the indicator RT in the classification methodology, as it seems
that the global inertia of a karst system is relatively independent of its main characteristics
of functioning, especially for systems in C3, C4, C5, and C6 (Figure 2.9B).

The proposed classification is based on recession parameters derived from Mangin’s
model for recession simulation. This model gave good simulations results over the 78
catchments considered in this study. However, the good performance of this model should
be checked before any use of the classification over other systems. To gain insights into
the functioning of such systems, we recommend the operators to make use of correlational
and spectral analyses, or analysis of classified discharges, which can already give relevant
information about global inertia and functioning of a system.

2.6.2 Application of the proposed methodology to 78 karst sys-
tems

The classification was applied on the complementary dataset presented in section 2.2.2
and composed of 68 karst systems, plus the 10 core systems for a total of 78 karst systems
(Figure 2.9A).

The most represented class is C3, which represents systems with a very low to medium
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Figure 2.8: Flowchart for the classification of karst systems based on three indicators issued
from the recession curves analysis.

capacity of dynamic storage, a moderate to slow draining of the capacitive function and
a medium to high variability of the hydrological response. About 74 % of the systems
are characterised with a very low to medium capacity of dynamic storage (C1, C2, C3
and C4), 26 % have a fast draining of their capacitive function (C1 and C2) and 67 %
have a medium to high variability of the hydrological response (C1, C3 and C5).

RT was calculated for each system (except for 1 system in C3 and 4 systems in C2
with too much gaps in the time series), with means of 19.5, 13.9, 31.8, 41.4, 43.8 and
46.3 days for, respectively, C1, C2, C3, C4, C5 and C6 (Figure 2.9B). The small increase
of RT throughout the classes is consistent given the functioning description of each class
(C1 being the most reactive and C6 the most inertial). The smaller mean in C2 is
related to the structure of the classification: a high IR in C3 and C5 means that the
hydrological response can be more reactive than expected, whereas in C1 it means that
the hydrological response can be more inertial than expected. It results in a higher RT
mean in C1 (over C2) as it includes systems with potential inertial responses. Finally,
we observed that RT is biased for systems with long dry periods (Saint-Pierre or Lez
systems, the latter being under anthropic influence), thus it is suggested to not calculate
this indicator for these systems.

The systems are spread across all classes and types of hydrological functioning. Tt
means that, even applied on a wider dataset, there is a relative representativeness of all
classes and types of hydrological functioning. The spread of the 10 core systems between
the six classes somehow confirms the respect of the second criteria for spring selection
(diversity of the hydrological functioning among the karst systems, see section 2.2.1) and
the relevance of the proposed classification.
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Figure 2.9: Results of the classification for the systems in the core and complementary datasets.
(A) The 6 classes are depicted on the x-axis and the number of systems by class on the y-axis.
The colour is related to the capacity of dynamic storage, the outline is related to the draining
dynamic of the capacitive function and the pattern is related to the variability of the hydrological
response. (B) On the right-upper side, the boxplot shows the distribution of RT among the
systems.
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2.7 Discussion

The aim of this section is to take a step back on the methodology by questioning some
of its limitations and assessing their impact on the relevance of the classification.

2.7.1 Influence of the length of the time series on the classifica-
tion

We performed a sensitivity analysis in order to assess the reliability of the classification
regarding discharge time series of short length. For 9 systems of the 10 core systems
(Toulon was not considered as there is only 5 years of monitoring), we defined 7 scenarios
that range from l-year (Y1) to 7-years (Y7) length of the discharge time series. The
classification methodology was then applied on each scenario in order to compare the
results to those obtained with the full-length (FL) discharge time series (Table 2.6).

The accuracy of each indicator increases with the length of the time series (Figure
2.10). ke is the most consistent with a steady decrease throughout the years in the
deviation to the k., value obtained for the full-length time series (FL indicator). aumean
becomes more stable and probably more reliable from Y5 even though it does not show
any significant increase in precision for Y6 and Y7. IR is highly uncertain for the shorter
time series (<Y4) but stabilizes from Y5 and become relevant for Y6 and Y7.

Aliou, Baget, Durzon and Mouline were correctly classified from Y2 (Table 2.6), Es-
perelle and Mouthe from Y5 and Y6, respectively, while Fontaine-de-Nimes, Fontaine-
de-Vaucluse and Lods were not consistently classified at all. The results emphasise the
benefits of long-term monitoring (as there are more chances of observing multiple flood
events, as well as different meteorological conditions), but also highlight several limita-
tions:

i. The classification is not reliable if only one recession curve is considered, as [ R would
be 0.

ii. When the indicator is close to the threshold, it can mislead the classification (e.g.
Esperelle and Fontaine-de-Nimes, for which the variability in a;,eqn, can be explained
by either a highly variable or a complex hydrological functioning, respectively).

iii. As the maximum observed discharge @),,.. can change over time, this can affect the
recession curves selection, since only recessions with a peak flood discharge of at least
one tenth of the maximum observed discharge are considered for the analysis (e.g.
Fontaine-de-Nimes with @Q,,., that went from 8.2 to 16.5 m? s! from Y1 to Y3).

iv. As the mean interannual discharge Q),,c., may vary over years, this can induce an
evolution of k,,., value and thus modify the class of the karst spring when the value
is close to the threshold (e.g. Fontaine-de-Vaucluse, for which k.. oscillate around
the 0.4 threshold with changes in Q,,cqn during the years, despite being issued from
the same recession curve).

Based on these results, we suggest working with at least 3-years length discharge time
series for the classification. These 3 years should be taken as a guideline and may differ
notably depending on the system’s dynamics. Indeed, very reactive systems may require
only a few years for a definitive classification thanks to their high hydrodynamic variabil-
ity, while the minimum length of the discharge time series required to reach satisfying
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System Indicator Y1 Y2 Y3 Y4 Y5 Y6 Y7 FL
Aliou kmaz 0.02 001 0.02 0.02 0.02 002 0.02 0.02

Qmean 0.127 0.127 0.115 0.090 0.084 0.083 0.086 0.067
IR 0.02 002 0.04 018 0.18 0.18 0.18 0.18
Class 2 2 2 2 2 2 2 2
R. num 2 2 3 6 7 8 10 12
Baget kmaz 0.06 0.06 006 0.06 007 0.07 007 0.08
Qmean 0.032 0.028 0.026 0.026 0.028 0.028 0.027 0.021
IR /007 0.07 0.07 009 0.09 013 0.23
Class / 4 4 4 4 4 4 4
R. num 1 2 3 3 5] 6 7 13
Durzon  kpax 054 063 068 072 075 076 075 0.78
Qmean 0.005 0.004 0.004 0.004 0.004 0.004 0.004 0.004
IR /051 068 068 0.68 0.68 0.68 0.70
Class / 5 5 5 5 5 5 5
R. num 1 3 5 7 8 9 10 10
Esperelle  kpaq 0.14 009 010 011 012 0.12 012 0.13
Qmean 0.030 0.034 0.034 0.034 0.029 0.029 0.027 0.022
IR 055 057 057 057 057 057 057  0.62
Class 3 1 1 1 3 3 3 3
R. num 3 5 7 7 9 9 10 11
Fdn kmaz 0.01 006 0.04 0.04 005 005 0.05 0.09
Qmean 0.035 0.023 0.035 0.035 0.031 0.031 0.031 0.021
IR /036 021 021 025 025 025 025
Class / 3 2 2 1 1 1 3
R. num 1 2 2 2 3 3 3 6
Fdv kmaz 038 035 037 041 035 035 037 040
Qmean 0.003 0.004 0.005 0.005 0.005 0.005 0.005 0.005
IR /010 010 0.10 0.13 0.13 0.13 0.14
Class / 4 4 6 4 4 4 6
R. num 1 2 3 4 5 6 7 9
Lods Emaz 0.03 0.08 0.09 0.08 008 0.08 007 0.09
Qmean 0.029 0.018 0.018 0.016 0.021 0.020 0.021 0.021
IR /0.02 002 018 0.18 0.22 022 0.28
Class / 4 4 4 4 4 4 3
R. num 1 3 3 6 7 10 10 11
Mouline ko 058 049 054 055 057 056 0.56  0.59
Qmean 0.003 0.005 0.005 0.005 0.005 0.005 0.005 0.005
IR /043 058 059 059 059 059  0.60
Class / 5 5 5 5 5 5 5
R. num 1 3 6 7 8 8 8 9
Mouthe ko 0.01 0.02 0.02 0.02 0.02 002 0.02 0.02
Qmean 0.060 0.060 0.064 0.064 0.064 0.061 0.061 0.059
IR 0.08 0.11 011 011 011 025 025 0.33
Class 2 2 2 2 2 1 1 1
R. num 3 5 6 6 6 8 8 10

Table 2.6: Results of the classification performed on the different scenarios of discharge time
series of different length (from 1 to 7 years, Y1 to Y7). For each scenario, there are details about
the results of indicators kmaz, Qmean, I R, the corresponding class, and the number of recession
curves considered in the analysis. The full-length (FL) column corresponds to the results on the
classification on the whole discharge time series.
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Figure 2.10: Boxplot of the mean relative error of each indicator across 9 core systems and
for the different scenarios, regarding the indicators issued from the analysis of the full-length
discharge time series. Each indicator on the x-axis is associated with 7 boxes that are sorted
from shorter (left) to wider (right) length.
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Figure 2.11: Distribution of the 78 systems according to each pair of indicators: (A) qumean VS-
kmaz, (B) IR vs. kmaz, and (C) IR vS. pmean. The colours correspond to the different classes.

classification may increase for very inertial systems. However, it remains appropriate to
work with shorter time series when there is no alternative. Our analysis shows that 7 out
of 9 systems are correctly or almost correctly classified at Y2 if we include those that are
close to the threshold (Table 2.6).

2.7.2 Evaluation of the distance between a system and other
classes

The uncertainties related to either (i) the length of the discharge time series, or (ii) the
indicators that are close to the threshold, can be addressed by estimating the distance to
the other classes. The distance D, ¢ of a system s to an adjacent class C' is measured
with the following equation:

_ ‘[th - [calcl
Lin

Where I, corresponds to the calculated value of a given indicator and Iy, corresponds
to its threshold value. The indicator to consider in the calculation is the one that is critical
for the class definition (i.e. corresponding to the junction in the flowchart). A distance D
lower or equal to 0.1 (10 %) can be considered as close to the threshold. As the distance
increase, the system is not likely to be related with the involved class.

In relation to the structure of the classification, there is no need to calculate the
distance between classes 1-5 and classes 2-6, as it is highly uncertain that a system
has both a k., higher than 0.4 and a qyneq, greater than or equal to 0.03 (hatched
area, Figure 2.11A). The formula allows for calculating the distance between (i) classes
1-2, 3-4 and 5-6 with IR, (ii) classes 1-3 and 2-4 with aypean, and (iii) classes 3-5 and
4-6 with k... The distance between diagonal classes can be calculated by applying the
Pythagorean Theorem:

DS—C’ (27)

DS—C = \/Dg—Cx + D?—C’y (28)

Where z and y correspond to two different classes. The formula allows for calculating
distance between (i) classes 1-4 and 2-3 with aypeqan and IR (Figure 2.11C), and (ii) classes
3-6 and 4-5 with k., and IR (Figure 2.11B). These notions of distances can be more
easily appreciated on the Figure 2.12, which shows the 3-dimensional distribution of the
karst systems in the k.42, Qmean and IR space.
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System Class Distance to

ct C2 (3 Cc4 C5 C6
Aliou c2 027 0 125 122 / /
Baget C4 0.32 0.31 0.08 0 081 081
Durzon  C5 / /095  2.04 0 1381
Esperelle C3 0.27 1.52 0 150 0.68 1.64
Fdn C3 0.30 0.30 0 001 076 0.76
Fdv 6 / /046 0004 046 0
Lods C3 0.31 0.33 0 0.13 0.78 0.80
Mouline  C5 / /047 149 0 1.42
Mouthe C1 0 031 098 1.03 / /
Toulon C6 / / 148 143 0.39 0

Table 2.7: Distance to the other classes for the 10 core karst systems.

To complement the discussion in Section 2.7.1 related to the “close to the threshold”
systems, we calculated the distance to other classes for the 10 core karst systems (Table
2.7). The results highlight that (i) Baget is close to C3, (ii) Fontaine-de-Nimes is close
to C4 and (iii) Fontaine-de-Vaucluse is close to C4. Regarding the 78 systems, only 12
systems are close to a threshold with a distance to another class lower or equal than 0.1.

This distance measure allows reflecting on the classification results by highlighting
potential threshold issues. Thus, we can tell if a system is clearly into a said class, or is
close to one or two classes.

2.7.3 Beyond the classification

Correlational, spectral and classified discharges analyses can be performed post-
classification to really exploit the maximum of information that can be obtained by
analysing the discharge time series, in order to get a deeper knowledge of the functioning
of a system.

We propose to use RT' as an additional indicator to complement the above-described
classification and to gain further insights into the global inertia of a karst system. We
defined four ranges: (i) lower or equal than 15 days; (ii) greater than 15 days and lower
or equal than 30 days; (iii) greater than 30 days and lower or equal than 45 days; and
(iv) greater than 45 days, which are referred as (i) low, (ii) medium, (iii) high, and (iv)
very high global inertia, respectively.

In a similar manner, we propose to perform the visual interpretation of the curve
of classified discharges after the classification to have additional information about the
presence or absence of major specific functioning.

For example, HR 0020 system has a ke, of 0.07, an apeqn of 0.021 day™, and an IR
of 0.34, corresponding to C3 (Appendix 2.D). HR_ 0020 is thus described as a system with
a very low to low capacity of dynamic storage, a fast draining of the capacitive function
and a medium to high variability of the hydrological response. The regulation time of
15.5 days indicates that the system has a medium capacity to attenuate the precipitation
signal (or medium global inertia). The bending point on the curve of classified discharges
at 1.8 m?® s may be due to the activation of an overflow outlet, a discharge to another
system, or a temporary storage of water. The one at 30 m® s may translate the same
processes, but it is not excluded that it can be related to uncertainties on ungauged
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discharges.

2.8 Conclusion

Our objective was to propose a new classification of karst systems hydrological func-
tioning based on the analysis of spring discharge time series that is representative of a
wide diversity of karst systems. Several methods were considered to identify indicators of
functioning. Multivariate analyses allowed the identification of relevant indicators that
allow distinguishing the analysed karst systems. Three indicators were identified as the
most relevant indicators and thus retained to characterise karst systems and propose a
classification into six different types of hydrological functioning. The hydrological func-
tioning of karst systems was distinguished according to their capacity of dynamic storage,
the draining dynamic of their capacitive function and the variability of their hydrolog-
ical functioning. The classification can be completed with two additional analyses to
characterise the global inertia and highlight the presence or absence of major specific
functioning.

The challenge of developing a relevant classification was addressed (i) by considering
a core dataset of karst systems with a high diversity of hydrological functioning, (ii)
by selecting the most relevant indicators of hydrological functioning and proposing a
classification based on multivariate analyses, and (iii) by testing the relevance of the
classification on spring discharge time series of 78 karst systems located worldwide.

As the methodology requires only spring discharge time series, which is the most
common monitored data, and gives relevant results with only few years of monitoring,
the classification can be used in data-scarce contexts. It can thus be seen as a modern tool
for the classification of karst systems hydrological functioning, which provides researchers
and stakeholders with a first insight into karst system functioning based on accessible and
straightforward analyses. We emphasise that the proposed typology first aims to describe
the hydrological functioning of a system where one single hydrodynamic response to
precipitation impulse is expected, but remains useful even when two or more responses
are observed.

One perspective of this work would be to provide a database that allows both com-
paring the hydrological functioning of several karst systems and then proposing a link be-
tween the developed classification and the design of lumped parameter models. Research
perspectives include the study of the relation between classification and the relevant
structures and parameters of models for rainfall-discharge simulation.
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2.9 Appendix

2.A Calculation details for the correlational and spectral analyses

The autocorrelation function 7y is calculated with the following equation:

Ch

- (2.9)

Tk

with the autocovariance function CY:

1 n—k
Cp =~ ;@ Z) (i — I) (2.10)
with &k the shift (0, 1, 2, ..., m), n the length of the series, m the maximum shift
possible (generally m < %), x; the i" element of the series, 2,4, the (i +¢)™ element of
the series and T the mean of the series. The correlogram corresponds to the plot of ry
versus k.
The spectrum sy is calculated with the following equation:

sp=2[1 +2§:Dkrkcos(27rfk:)] (2.11)
k=1

with f the frequency (f = # for daily timestep), rj the autocorrelation function and
Dy, a weighting function (Tukey-Hanning window) to ensure that the estimated s; is not
biaised (Mangin, 1984):
1 + cos(=k

The spectrum is represented on a plot of sy versus f.

(2.12)

2.B Calculation details for the analysis of classified discharges

The procedure to obtain the curve of classified discharges involves in (i) the quantiles
calculation of the empirical distribution function, (ii) the calculation of the corresponding
variable from the reference distribution function, (iii) the graphical representation of the
relation between the quantiles of the empirical and reference distribution functions, and
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(iv) the choice of the x-axis scale, either arithmetic or logarithmic (corresponding to a
normal or log-normal adaptation of the reference distribution, respectively).
The repartition function corresponding to the cumulative probability density regard-

ing the standard normal distribution is:
1
P(X <z)= 5[1 + erf(
For a half-Gaussian distribution:

P(X <z)=erf(

z

V2

)

Sl

(2.13)

(2.14)

The observed discharges are plotted on the x-axis of the quantile-quantile plot.

2.C Results of the v-test applied on clusters A, B, 1, 2, 3 and 4

Indicator of functioning

v-test value
Cluster A Cluster B Cluster 1

Cluster 2 Cluster 3 Cluster 4

Omean 2.00
kmaz -2.59
Tmean -2.33
IR -0.57
cv 2.47
SvC 2.23
ME -2.54
RT -2.39
SBB 2.26

-2.00
2.59
2.33

0.57

-2.47

-2.23
2.54
2.39

-2.26

2.65
-1.28
-1.76
-0.67
0.95
1.42
-1.43
-1.48
1.75

-0.17 -1.18 -1.26
-1.55 1.58 1.59
-0.89 0.63 2.22
-0.02 2.15 -1.45
1.69 -1.53 -1.50
1.07 -1.44 -1.30
-1.37 0.71 2.41
-1.18 0.43 2.50
0.83 -0.40 -2.37

Table 2.8: Results of the v-test applied on clusters A, B, 1, 2, 3 and 4, with values of each
indicators of functioning . Bold entries highlight values for which the p-value is lower than 0.05.
The sign of the v-test value indicates if the mean of the cluster is lower or greater than the

overall mean.

2.D Graphical summary of the typology of HR 0020 karst system
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HR_0020 - Class C3

‘ Display of the selected recession curves ‘

251
n=7
201
Q
“g 157
s
>
(0]
S 101
2
A
5_
0- e e
0 25 50 75
Time (days)
Indicators details Curve of classified discharges
N°| k i alpha o 0.998-
1 10.03 0.14 0.037 2 0.9951
S 0.994
2 {007 01 0.017 B 0.98-
a) -
3 1007 0.18 0.014 L 095
W 0.9
41005 045 0016 2 5.
5 (0.04 0.35 0.014 § 0.71
9 051
6002 034 0035 £ ]
7 10.05 0.38 0.016 0'1-...I , I A R | , ] A
1 3 10 30

Discharge (m®/s)

Characterization of the hydrological functioning

kmax = 0.07 -> Very low to Low capacity of dynamic storage
alpha = 0.021 -> Fast draining dynamic of the capacitive function
IR=0.34 -> High variability of the hydrological response

RT =15.53 -> Medium global inertia

Figure 2.13: Graphical summary of the typology of HR_0020 karst system (WoKaS
database, Olarinoye et al., 2020).



2.10. References for Chapter 2 53

2.10 References for Chapter 2

Bakalowicz, M., & Ricard, J. (1994). Ftude hydrogéologique de la source de I’Espérelle et
de son bassin d’alimentation, en vue de l’établissement des périmetres de protection
(BRGM No. RR-37951-FR). (Cit. on p. 23).

Barnes, B. S. (1939). The structure of discharge-recession curves. Trans. AGU, 20(4), 5.
https://doi.org/10.1029/TR020i004p00721 (cit. on pp. 25, 26).

Berry, M. J. A.,; & Linoff, G. (1997). Data mining techniques: For Marketing, Sales, and
Customer Relationship Management. John Wiley & Sons. (Cit. on p. 36).
Blavoux, B., Mudry, J., & Puig, J.-M. (1992). Bilan, fonctionnement et protection du
systéme karstique de la Fontaine de Vaucluse (sud-est de la France). Geodinamica
Acta, 5(3), 153-172. https://doi.org/10.1080/09853111.1992.11105225 (cit. on

p. 23).

Bonacci, O. (1993). Karst springs hydrographs as indicators of karst aquifers. Hydrol. Sei.
J., 88(1), 51-62. https://doi.org/10.1080/02626669309492639 (cit. on p. 21).

Boussinesq, J. (1877). Essai sur la théorie des eauzr courantes. (Cit. on p. 25).

Boussinesq, J. (1903). Sur un mode simple d’écoulement des nappes d’eau d’infiltration a
lit horizontal, avec rebord vertical tout autour lorsqu’une partie de ce rebord est
enlevée depuis la surface jusqu’au fond. C. R. Acad. Sci., 137, 5-11 (cit. on p. 26).

Box, G. E. P., & Jenkins, G. M. (1976). Time Series Analysis: Forecasting and Control
(Revised Edition). Holden Day. (Cit. on p. 28).

Brillinger, D. (1975). The Identification of Point Process Systems. Ann. Probab., 3(6),
909-924. https://doi.org/10.1214/aop /1176996218 (cit. on p. 28).

Cholet, C. (2017). Fonctionnement hydrogéologique et processus de transport dans les
aquiféres karstiques du Massif du Jura [Doctoral dissertation, Université de Bour-
gogne Franche-Comté|. (Cit. on pp. 23, 34, 38).

Cinkus, G., Mazzilli, N., & Jourde, H. (2021a). Identification of relevant indicators for
the assessment of karst systems hydrological functioning: Proposal of a new clas-
sification. J. Hydrol., 603, 127006. https://doi.org/10.1016/j.jhydrol.2021.127006
(cit. on p. 19).

Cinkus, G., Mazzilli, N., & Jourde, H. (2021b). Proposal of a typology of karst systems
functioning based on relevant indicators of karst springs hydrodynamics (Oral pre-
sentation). vEGU21, the 23rd EGU General Assembly. online. https://doi.org/10.
5194 /egusphere-egu21-4009 (cit. on p. 19).

Coutagne, A. (1948). Etude générale des variations de débit en fonction des facteurs qui
les conditionnent. La Houille Blanche, (2), 134-146. https://doi.org/10.1051/lhb/
1949025 (cit. on pp. 25, 26, 30).

Dahl, M., Nilsson, B., Langhoff, J., & Refsgaard, J. (2007). Review of classification sys-
tems and new multi-scale typology of groundwater—surface water interaction. Jour-
nal of Hydrology, 344 (1-2), 1-16. https://doi.org/10.1016 /j.jhydrol.2007.06.027
(cit. on p. 21).

Dorflinger, N. (2010). Guide méthodologique, Les outils de I’hydrogéologie karstique. Avec
la collaboration de Ph. Crochet, R. Guerin, N. Jozja, B. Marsaud, P-H. Mondain,
Ph. Muet, V. Plagnes. (BRGM No. RP-58237-FR). BRGM. (Cit. on p. 28).

Drogue, C. (1972). Analyse statistique des hydrogrammes de decrues des sources kars-
tiques statistical analysis of hydrographs of karstic springs. J. Hydrol., 15(1), 49—
68. https://doi.org/10.1016,/0022-1694(72)90075-3 (cit. on pp. 25, 26, 30).


https://doi.org/10.1029/TR020i004p00721
https://doi.org/10.1080/09853111.1992.11105225
https://doi.org/10.1080/02626669309492639
https://doi.org/10.1214/aop/1176996218
https://doi.org/10.1016/j.jhydrol.2021.127006
https://doi.org/10.5194/egusphere-egu21-4009
https://doi.org/10.5194/egusphere-egu21-4009
https://doi.org/10.1051/lhb/1949025
https://doi.org/10.1051/lhb/1949025
https://doi.org/10.1016/j.jhydrol.2007.06.027
https://doi.org/10.1016/0022-1694(72)90075-3

54 2. Classification of karst hydrological functioning

Everitt, B., & Hothorn, T. (2011). An introduction to applied multivariate analysis with
R. Springer. (Cit. on p. 35).

OCLC: 0cn732344476.

Fiorillo, F. (2014). The Recession of Spring Hydrographs, Focused on Karst Aquifers.
Water Resour. Manage., 28(7), 1781-1805. https://doi.org/10.1007/s11269-014-
0597-z (cit. on p. 25).

Fleury, P., Maréchal, J. C., & Ladouche, B. (2013). Karst flash-flood forecasting in the
city of Nimes (southern France). Engineering Geology, 164, 26-35. https://doi.
org/10.1016/j.enggeo.2013.06.007 (cit. on p. 38).

Flora, S. P. (2004). Hydrogeological Characterization and Discharge Variability of Springs
in the Middle Verde River Watershed, Central Arizona |[Doctoral dissertation,
Northern Arizona University|. (Cit. on p. 21).

Forkasiewicz, M. J., & Paloc, H. (1967). Régime de tarissement de la foux-de-la-vis (Gard)
étude préliminaire. La Houille Blanche, (1), 29-36. https://doi.org/10.1051/lhb/
1967002 (cit. on p. 25).

Gan, G., Ma, C., & Wu, J. (2007). Data clustering: Theory, algorithms, and applications.
SIAM, Society for Industrial and Applied Mathematics ; American Statistical
Association. (Cit. on p. 36).

OCLC: 0cm77831225.

Govender, P., & Sivakumar, V. (2020). Application of k-means and hierarchical clustering
techniques for analysis of air pollution: A review (1980-2019). Atmospheric Pol-
lution Research, 11(1), 40-56. https://doi.org/10.1016/j.apr.2019.09.009 (cit. on
p. 36).

Grasso, A., & Jeannin, P.-Y. (1994). Etude critique des méthodes d’analyse de la réponse
globale des systémes karstiques. Application au site de Bure (JU, Suisse). Bulletin
d’Hydrogéologie, 13, 87-113 (cit. on p. 28).

Griffiths, G. A., & Clausen, B. (1997). Streamflow recession in basins with multiple water
storages. Journal of Hydrology, 190(1-2), 60-74. https://doi.org/10.1016/S0022-
1694(96)03060-0 (cit. on p. 25).

Halkidi, M., Batistakis, Y., & Vazirgiannis, M. (2001). On Clustering Validation Tech-
niques. Journal of Intelligent Information Systems, 17(2/3), 107-145. https://doi.
org/10.1023/A:1012801612483 (cit. on p. 36).

Hannan, E. J. (2008). Multiple time series. John Wiley & Sons. (Cit. on p. 28).

Heath, R. C. (1982). Classification of Ground-Water Systems of the United States. Ground
Water, 20(4), 393-401. https://doi.org/10.1111/j.1745-6584.1982.th02758.x (cit.
on p. 21).

Heudorfer, B., Haaf, E., Stahl, K., & Barthel, R. (2019). Index-Based Characterization
and Quantification of Groundwater Dynamics. Water Resour. Res., 55(7), 5575~
5592. https://doi.org/10.1029/2018 WR024418 (cit. on p. 21).

Horton, R. E. (1933). The Role of infiltration in the hydrologic cycle. Trans. AGU, 14(1),
446. https://doi.org/10.1029/TR014i001p00446 (cit. on pp. 25, 26).

Jain, A. K., Murty, M. N., & Flynn, P. J. (1999). Data clustering: A review. ACM
Comput. Surv., 31(3), 264-323. https://doi.org/10.1145/331499.331504 (cit. on
p. 36).

Jeannin, P.-Y., & Sauter, M. (1998). Analysis of karst hydrodynamic behaviour using
global approaches: A review. Bull. Hydrogeol., 16, 31-48 (cit. on p. 28).


https://doi.org/10.1007/s11269-014-0597-z
https://doi.org/10.1007/s11269-014-0597-z
https://doi.org/10.1016/j.enggeo.2013.06.007
https://doi.org/10.1016/j.enggeo.2013.06.007
https://doi.org/10.1051/lhb/1967002
https://doi.org/10.1051/lhb/1967002
https://doi.org/10.1016/j.apr.2019.09.009
https://doi.org/10.1016/S0022-1694(96)03060-0
https://doi.org/10.1016/S0022-1694(96)03060-0
https://doi.org/10.1023/A:1012801612483
https://doi.org/10.1023/A:1012801612483
https://doi.org/10.1111/j.1745-6584.1982.tb02758.x
https://doi.org/10.1029/2018WR024418
https://doi.org/10.1029/TR014i001p00446
https://doi.org/10.1145/331499.331504

2.10. References for Chapter 2 55

Jenkins, G. M., & Watts, D. G. (1968). Spectral Analysis and its Applications. Louvain
Econ. Rev., 36(5), 554. https:/ /doi.org/10.1017 /S0770451800043062 (cit. on
p. 28).

Jourde, H., Massei, N., Mazzilli, N., Binet, S., Batiot-Guilhe, C., Labat, D., Steinmann,
M., Bailly-Comte, V., Seidel, J., Arfib, B., Charlier, J., Guinot, V., Jardani, A.,
Fournier, M., Aliouache, M., Babic, M., Bertrand, C., Brunet, P., Boyer, J., ...
Wang, X. (2018). SNO KARST: A French Network of Observatories for the Mul-
tidisciplinary Study of Critical Zone Processes in Karst Watersheds and Aquifers.
Vadose Zone J., 17(1), 180094. https://doi.org/10.2136 /vzj2018.04.0094 (cit. on
p. 21).

Jouves, J., Viseur, S., Arfib, B., Baudement, C., Camus, H., Collon, P., & Guglielmi, Y.
(2017). Speleogenesis, geometry, and topology of caves: A quantitative study of 3D
karst conduits. Geomorphology, 298, 86-106. https://doi.org/10.1016/j.geomorph.
2017.09.019 (cit. on p. 21).

Kovacs, A. (2003). Geometry and hydraulic parameters of karst aquifers: A hydrodynamic
modeling approach. [Doctoral dissertation, Neuchatel University|. (Cit. on p. 28).

Kresi¢, N. (2007). Hydrogeology and Groundwater Modeling (2e edition). CRC Press. (Cit.
on p. 25).

Kullman, E. (1983). Rezim podzemnych vod s turbulentnym prudenmim v puklinovo-
prasovom horninovom prostredi |[Groundwaterregime with turbulent flow in
fissure-karst rock environment (in Slovak)|. Geologicky ustav Dionyza Stura, 79,
237-262 (cit. on p. 25).

Kullman, E. (2000). Nové metodické pristupy k rieseniu ochrany a ochrannych pasiem
zdrojov podzemnych vod v horninovych prostrediach s krasovopuklinovou a puk-
linovou priepustnostou. Podzemnd voda ISSN, 1335-1052, 31-41 (cit. on pp. 21,
25-27).

Ladouche, B., Maréchal, J.-C., Dérfliger, N., & Lachassagne, P. (2006). Etude réalisée
dans le cadre du projet de recherche EAUR15 COMPLEX’AQUI du BRGM, 277
(cit. on p. 25).

Larocque, M., Mangin, A., Razack, M., & Banton, O. (1998). Contribution of correlation
and spectral analyses to the regional study of a large karst aquifer (Charente,
France). J. Hydrol., 205(3-4), 217-231. https://doi.org/10.1016/S0022- 1694(97)
00155-8 (cit. on p. 28).

Lebart, L., Morineau, A., & Warwick, K. M. (1984). Multivariate descriptive statistical
analysis (Wiley). J. Wiley. (Cit. on p. 37).

Lorette, G., Lastennet, R., Peyraube, N., & Denis, A. (2018). Groundwater-flow charac-
terization in a multilayered karst aquifer on the edge of a sedimentary basin in
western France. J. Hydrol., 566, 137-149. https://doi.org/10.1016/j.jhydrol.2018.
09.017 (cit. on pp. 23, 34, 39).

Maillet, E. T. (1905). Essais d’hydraulique souterraine et fluviale. A. Hermann. (Cit. on
pp. 25, 26).

Malik, P. (2006). Assessment of regional karstification degree and groundwater sensitivity
to pollution using hydrograph analysis in the Velka Fatra Mountains, Slovakia.
Environ. Geol., 51(5), 707-711. https:/ /doi.org /10.1007 /s00254-006- 0384-0
(cit. on p. 25).

Malik, P. (2015). Evaluating Discharge Regimes of Karst Aquifer. In Z. Stevanovié¢ (Ed.),
Karst Aquifers—Characterization and Engineering (pp. 205-249). Springer Inter-


https://doi.org/10.1017/S0770451800043062
https://doi.org/10.2136/vzj2018.04.0094
https://doi.org/10.1016/j.geomorph.2017.09.019
https://doi.org/10.1016/j.geomorph.2017.09.019
https://doi.org/10.1016/S0022-1694(97)00155-8
https://doi.org/10.1016/S0022-1694(97)00155-8
https://doi.org/10.1016/j.jhydrol.2018.09.017
https://doi.org/10.1016/j.jhydrol.2018.09.017
https://doi.org/10.1007/s00254-006-0384-0

56 2. Classification of karst hydrological functioning

national Publishing. https://doi.org/10.1007 /978-3-319-12850-4 7 (cit. on
p. 24).

Malik, P., & Vojtkova, S. (2012). Use of recession-curve analysis for estimation of kars-
tification degree and its application in assessing overflow /underflow conditions
in closely spaced karstic springs. Environ. Farth Sci., 65(8), 2245-2257. https:
//doi.org/10.1007 /s12665-012-1596-0 (cit. on pp. 21, 25, 27).

Mangin, A. (1971). Etude des débits classés d’exutoires karstiques portant sur un cycle
hydrologique. Ann. spéléol., 26(2), 283-329 (cit. on p. 28).

Mangin, A. (1975). Contribution a I'étude hydrodynamique des aquiféres karstiques [Doc-
toral dissertation, Université de Dijon|. (Cit. on pp. 21, 23, 25-27, 30, 32, 34,
38).

Mangin, A. (1984). Pour une meilleure connaissance des systémes hydrologiques a partir
des analyses corrélatoire et spectrale. J. Hydrol., 67(1-4), 25-43. https://doi.org/
10.1016,/0022-1694(84)90230-0 (cit. on pp. 21, 28, 32, 37, 50).

Maréchal, J. C., Ladouche, B., & Dorfliger, N. (2008). Karst flash flooding in a Mediter-
ranean karst, the example of Fontaine de Nimes. Engineering Geology, 99(3), 138—
146. https://doi.org/10.1016/j.enggeo.2007.11.013 (cit. on p. 38).

Maréchal, J.-C., & Ladouche, B. (2006). Fonctionnement hydrogéologique du systéeme kars-
tique de la Fontaine de Nimes en crue (RP-54723-FR). BRGM. (Cit. on pp. 23,
34, 38).

Marsaud, B. (1997). Structure et fonctionnement de la zone noyée des karsts a partir des
résultats expérimentauz. [Doctoral dissertation, Université Paris XI Orsay|. (Cit.
on p. 28).

Massei, N., Dupont, J., Mahler, B., Laignel, B., Fournier, M., Valdes, D., & Ogier, S.
(2006). Investigating transport properties and turbidity dynamics of a karst aquifer
using correlation, spectral, and wavelet analyses. J. Hydrol., 329(1-2), 244-257.
https://doi.org/10.1016/j.jhydrol.2006.02.021 (cit. on p. 27).

Moussu, F. (2011). Prise en compte du fonctionnement hydrodynamique dans la modéli-
sation pluie débit des systémes karstiques |Doctoral dissertation, Université Pierre
et Marie Curie]. (Cit. on pp. 23, 38).

Mudarra, M., & Andreo, B. (2011). Relative importance of the saturated and the un-
saturated zones in the hydrogeological functioning of karst aquifers: The case of
Alta Cadena (Southern Spain). Journal of Hydrology, 397(3-4), 263-280. https:
//doi.org/10.1016/j.jhydrol.2010.12.005 (cit. on p. 27).

Murtagh, F., & Legendre, P. (2014). Ward’s Hierarchical Agglomerative Clustering
Method: Which Algorithms Implement Ward’s Criterion? Journal of Classifica-
tion, 31(3), 274-295. https://doi.org/10.1007 /s00357-014-9161-z (cit. on p. 36).

Mylroie, J. (2020). Hydrologic classification of caves and karst. Groundwater as a Ge-
omorphic Agent, 157-172. https:/ /doi.org/10.4324 /9781003028833-7 (cit. on
p. 21).

Netopil, R. (1971). Ke Klasifikaci pramenu podle variability vydatnasti (The classification
of water springs based on the basis of the variability of yields). Sbornik- Hydrological
Conference, Papers, 22, 145-150 (cit. on p. 24).

Olarinoye, T., Gleeson, T., Marx, V., Seeger, S., Adinehvand, R., Allocca, V., Andreo,
B., Apaéstegui, J., Apolit, C., Arfib, B., Auler, A., Bailly-Comte, V., Barber4,
J. A., Batiot-Guilhe, C., Bechtel, T., Binet, S., Bittner, D., Blatnik, M., Bolger,
T., ... Hartmann, A. (2020). Global karst springs hydrograph dataset for research


https://doi.org/10.1007/978-3-319-12850-4_7
https://doi.org/10.1007/s12665-012-1596-0
https://doi.org/10.1007/s12665-012-1596-0
https://doi.org/10.1016/0022-1694(84)90230-0
https://doi.org/10.1016/0022-1694(84)90230-0
https://doi.org/10.1016/j.enggeo.2007.11.013
https://doi.org/10.1016/j.jhydrol.2006.02.021
https://doi.org/10.1016/j.jhydrol.2010.12.005
https://doi.org/10.1016/j.jhydrol.2010.12.005
https://doi.org/10.1007/s00357-014-9161-z
https://doi.org/10.4324/9781003028833-7

2.10. References for Chapter 2 57

and management of the world’s fastest-flowing groundwater. Sci. Data, 7(1), 59.
https://doi.org/10.1038 /s41597-019-0346-5 (cit. on pp. 21-23, 52).

Ollivier, C., Chalikakis, K., Mazzilli, N., Kazakis, N., Lecomte, Y., Danquigny, C., &
Emblanch, C. (2019). Challenges and Limitations of Karst Aquifer Vulnerability
Mapping Based on the PaPRIKa Method—Application to a Large European Karst
Aquifer (Fontaine de Vaucluse, France). Environments, 6(3), 39. https://doi.org/
10.3390/environments6030039 (cit. on p. 39).

Padilla, A., Pulido-Bosch, A., & Mangin, A. (1994). Relative Importance of Baseflow
and Quickflow from Hydrographs of Karst Spring. Ground Water, 32(2), 267-277.
https://doi.org/10.1111/j.1745-6584.1994.tb00641.x (cit. on pp. 25, 26, 30).

Padilla, A., & Pulido-Bosch, A. (1995). Study of hydrographs of karstic aquifers by means
of correlation and cross-spectral analysis. Journal of Hydrology, 168(1-4), 73-89.
https://doi.org/10.1016/0022-1694(94)02648-U (cit. on p. 28).

Peel, M. C., Finlayson, B. L., & McMahon, T. A. (2007). Updated world map of the
Ko ppen-Geiger climate classification. Hydrol. Earth Syst. Sci., 11(5), 1633-1644.
https://doi.org/10.5194 /hess-11-1633-2007 (cit. on p. 23).

Pinault, J.-L., Plagnes, V., Aquilina, L., & Bakalowicz, M. (2001). Inverse modeling of the
hydrological and the hydrochemical behavior of hydrosystems: Characterization of
Karst System Functioning. Water Resources Research, 87, 2191. https://doi.org/
10.1029/2001WR900018 (cit. on pp. 38, 39).

Rashed, K. A. (2012). Assessing degree of karstification: A new method of classifying
karst aquifers. Sizteenth International Water Technology Conference (IWTC) (cit.
on p. 21).

Samani, N.,; & Ebrahimi, B. (1996). Analysis of spring hydrographs for hydrogeological
evaluation of karst aquifer system. Journal of Theoretical and Applied Karstology,
8, 97-112 (cit. on p. 25).

Sinreich, M., Pronk, M., & Kozel, R. (2013). Microbiological monitoring and classification
of karst springs. Environ Earth Sci, 71(2), 563-572. https://doi.org/10.1007/
512665-013-2508-7 (cit. on p. 21).

Sivelle, V., Labat, D., Mazzilli, N., Massei, N., & Jourde, H. (2019). Dynamics of the Flow
Exchanges between Matrix and Conduits in Karstified Watersheds at Multiple
Temporal Scales. Water, 11(3), 569. https://doi.org/10.3390/w11030569 (cit. on
p. 38).

Soulios, G. (1991). Contribution a I’étude des courbes de récession des sources karstiques:
Exemples du pays Hellénique. J. Hydrol., 124 (1-2), 29-42. https://doi.org/10.
1016,/0022-1694(91)90004-2 (cit. on p. 21).

Springer, A. E., Stevens, L. E., Anderson, D. E., Parnell, R. A., Kreamer, D. K., Levin, L.,
& Flora, S. P. (2008). A comprehensive springs classification system: Integrating
geomorphic, hydrogeochemical, and ecological critera. Aridland Springs in North
America. Ecol. Conserv., 49-75 (cit. on p. 21).

Stevanovi¢, Z. (Ed.). (2015). Karst Aquifers—Characterization and Engineering. Springer
International Publishing. https://doi.org/10.1007/978-3-319-12850-4 (cit. on
p. 24).

Stevanovi¢, Z. (2018). Global distribution and use of water from karst aquifers. Geological
Society, London, Special Publications, 466 (1), 217-236. https://doi.org/10.1144/
SP466.17 (cit. on p. 21).

Toebes, C., & Strang, D. D. (1964). On recession curves - Recession Equations. J. Hydrol.,
3(2), 2-15 (cit. on p. 25).


https://doi.org/10.1038/s41597-019-0346-5
https://doi.org/10.3390/environments6030039
https://doi.org/10.3390/environments6030039
https://doi.org/10.1111/j.1745-6584.1994.tb00641.x
https://doi.org/10.1016/0022-1694(94)02648-U
https://doi.org/10.5194/hess-11-1633-2007
https://doi.org/10.1029/2001WR900018
https://doi.org/10.1029/2001WR900018
https://doi.org/10.1007/s12665-013-2508-7
https://doi.org/10.1007/s12665-013-2508-7
https://doi.org/10.3390/w11030569
https://doi.org/10.1016/0022-1694(91)90004-2
https://doi.org/10.1016/0022-1694(91)90004-2
https://doi.org/10.1007/978-3-319-12850-4
https://doi.org/10.1144/SP466.17
https://doi.org/10.1144/SP466.17

58 2. Classification of karst hydrological functioning

Tufféry, S., & Riesco, R. (2011). Data Mining and Statistics for Decision Making. Wiley.
https://doi.org/10.1002 /9780470979174 (cit. on pp. 36, 37).

Veress, M. (2020). Karst Types and Their Karstification. J. Farth Sci., 81(3), 621-634.
https://doi.org/10.1007 /s12583-020-1306-x (cit. on p. 21).

Waltham, A., & Fookes, P. (2003). Engineering classification of karst ground condi-
tions. Quarterly Journal of Engineering Geology and Hydrogeology, 36(2), 101-
118. https://doi.org/10.1144/1470-9236/2002-33 (cit. on p. 21).


https://doi.org/10.1002/9780470979174
https://doi.org/10.1007/s12583-020-1306-x
https://doi.org/10.1144/1470-9236/2002-33

Chapter 3

KarstID, a software for the analysis of
discharge time series

Karst spring discharge time series analyses are often used to gain preliminary insights into
the hydrological functioning of a karst system. KarstID is an R Shiny application that
facilitates the completion of such analyses and allows the identification of karst system
hydrological functioning. The application permits (i) to perform statistical, recession
curves, classified discharges and signal (simple correlational and spectral) analyses; (ii)
to calculate relevant indicators representative of distinct hydrological characteristics of
karst systems, (iii) to classify karst systems hydrological functioning; and (iv) to compare
the results to a database of 78 karst systems. The KarstID software is free, open source,
and actively developed on a developer community platform. The user-friendly installation
and launch make it especially accessible even for non-programmers, therefore KarstID can
be used for both research and educational purposes. The application and its user manual
are both available on the French SNO KARST website.

This work has resulted in a publication in Environmental Earth Sciences (Cinkus et
al., 2023), several presentations during a progress meeting and a national workshop on
karst, as well as a poster during Eurokarst 2022 (Cinkus et al., 2022).

Article:

Cinkus, G., Magzzilli, N., and Jourde, H.: KarstID: an R Shiny application for the anal-
ysis of karst spring discharge time series and the classification of karst system hydrological
functioning, Environ Earth Sci, 82, 6, https://doi.org/10.1007/s12665-023-10830-5, 2023.
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3.1 Introduction

Around 9 % of the world’s population is dependent on karst water resources for drinking
water (Stevanovi¢, 2019). Karst systems are heterogeneous media with high contrasts
in porosity and permeability, inducing a high variability in infiltration and internal flow
processes (Bakalowicz, 2005; Ford and Williams, 2007). With the increasing demand for
water, the characterisation of the functioning of karst aquifers become a major challenge
for water resource management (Bakalowicz, 2011). Among the numerous methods to
study karst aquifers, analyses of spring discharge time series (recession curves, signal,
statistics) are the most accessible as they only require the monitoring of spring discharge.
Therefore, they are generally used as a preliminary step for characterising the hydrological
functioning of karst systems, and subsequently for developing and designing hydrological
models. Also, many authors declined these analyses into classifications for differentiat-
ing karst systems, with recession curves (Bonacci, 1993; Cinkus et al., 2021; Dewandel
et al., 2003; Fiorillo, 2014; Malik and Vojtkova, 2012; Mangin, 1975; Soulios, 1991), sig-
nal (Garfias-Soliz et al., 2010; Mangin, 1984), hydrograph (Kovacs, 2021; Zhang et al.,
2020) and statistical indicators (Flora, 2004; Hakoun et al., 2022; Rashed, 2012; Springer
et al., 2008).

Recession curves analysis has been widely developed over the past century (Barnes,
1939; Boussinesq, 1903; Coutagne, 1948; Drogue, 1972; Horton, 1933; Maillet, 1905;
Mangin, 1975; Padilla et al., 1994). It consists in calibrating numerical models on a
selection of recession curves from a hydrograph and interpreting the parameters of the
equations. Signal analyses —developed by Box and Jenkins (1976), Brillinger (1975), and
Jenkins and Watts (1968) —were introduced in karst hydrology by Mangin (1984). Their
purpose is to characterise the temporal structure of hydrological signals, which allows
deducing information on the inertia of a karst system (Jeannin and Sauter, 1998; Kovacs,
2003; Larocque et al., 1998). Statistical analyses include distribution indicators such as
mean, standard deviation and quantiles, but also cumulative frequency curves (Malik,
2015; Mangin, 1971). Numerous studies across the world are based on these analyses
for characterising karst systems properties, determining the hydrodynamic parameters of
aquifers and providing information on flow dynamics (Guo et al., 2021; Lorette et al.,
2018; Malik et al., 2021; Nurkholis et al., 2019; Sagir et al., 2020; Vrsalovi¢ et al., 2022;
Zerouali et al., 2021).

The completion of these analyses often requires a meticulous reading of the literature
and appropriate programming skills. The application of statistical and signal analyses
(e.g. simple correlational and spectral analyses) is generally done using or writing spe-
cific code functions. The recession curves analysis requires to (i) select and isolate several
parts of the discharge time series, (ii) calibrate a recession model over each recession
curve, and (iii) calculate indicators of functioning from the model’s parameters values.
These operations can be tedious for long time series —and are subjects to errors in selec-
tion, calibration and indicators calculation. For these reasons, several authors proposed
powerful toolboxes and software to facilitate the completion of the recession curves anal-
ysis (Arciniega-Esparza et al., 2017; Carlotto and Chaffe, 2019; Gregor and Malik, 2016;
Posavec et al., 2017), one of them also including statistical and signal analyses (BRGM,
2022).

This paper presents an application (KarstID) that provides the user a toolbox for both
the analysis of karst spring discharge time series and the characterisation of karst systems
hydrological functioning. KarstID is distinguishable from other software because (i) it
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supports multiple analyses of discharge time series (statistical, recession curves, simple
correlational and spectral, classified discharges) and automatic calibration of recession
model; (ii) it proposes a classification of karst systems hydrological functioning (according
to the proposal of Cinkus et al., 2021) and a comparison of the results to a database of
78 karst systems; and (iii) it is free, open source and actively developed on a developer
community platform. KarstID is built with the R Shiny framework (Chang et al., 2021)
and is embedded into an R package (R Core Team, 2021), which make the installation
and launch easy even for non-programmers.

3.2 Software overview

The links to the user guide, the source code and the git repository are available on
the French SNO KARST (Service National d’Observation du Karst) website. The user
guide provides guidelines for the installation and launch, as well as a technical, in-depth
and visual description of all the features of the application. The source code includes
the data and functions used (i) for applying the analyses, (ii) for generating the plots,
(iii) for managing the application and (iv) for building the R package. Users can start
discussions or raise issues in the git repository, as well as propose new code or modify
existing code with Pull Requests.

3.2.1 Workflow

First, the user has to load an appropriate dataset using the “Data import” tab. The
second step is to apply four different methods for analysing the hydrological functioning
of the system (Figure 3.1). Two of these analyses (statistical and classified discharges
analyses) do not need any actions from the user and the results of these analyses are
directly displayed in their respective tabs. Two complementary analyses (recession curves
and signal analyses) require the user to select curves and/or define parameters for the
functions (i.e. recession model, autocorrelation function). The completion of the recession
curves analysis automatically launches the third step which is the classification of the
hydrological functioning of the system according to the methodology proposed by Cinkus
et al. (2021). The user can then appreciate the results of the classification and compare
the various hydrological characteristics of the analysed karst system with the ones of 78
karst systems located worldwide.

3.2.2 Data import

The “Data import” tab allows the user to load a karst spring discharge time series into
KarstID. The raw data can be either a plain text or an Excel file, and must have only
two columns referring to date and discharge, respectively. KarstID supports date and
date-time format for the date column, and numeric format for the discharge column. The
application proposes several features to minimise the preprocessing of the data: it is thus
possible to (i) skip rows, (ii) select a specific Excel sheet, (iii) use a header or not, (iv)
define the decimal mark, (v) define the delimiter and (vi) specify the date format. The
user can give a name to the dataset, which will be used when displaying or downloading
results.

The user can choose to interpolate missing discharge values and specify the maximum
gap that will be covered. The interpolation is performed with the na.spline(method
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Figure 3.1: Synthetic workflow of the KarstID application. Green, yellow, blue, and purple
boxes represent, respectively, (i) input data, (ii) action within KarstID, (iii) available analyses
within KarstID, and (iv) output data.

= “monoH.FC”’) R function from the zoo package (Zeileis and Grothendieck, 2005). The
method is particularly well suited for the interpolation of small gaps, but users must be
careful when using it for large gaps. Critical gap length cannot be specified a priori since
it depends on both the time step on the time series and the hydrological behaviour of the
investigated system. The user can also choose to either (i) keep all missing values in the
time series or (ii) keep only the longest part of the time series without missing values.

After defining the import options and starting the importation, the application will
(1) look for missing date entries and fill the blanks if necessary (adapted to the time step
of the time series), (ii) interpolate missing discharge values, (iii) perform a daily or hourly
mean over the discharge time series, and (iv) display a hydrograph on the same page. The
interpolation and daily/hourly mean are realised according to the user-defined options.
Note that the hourly mean can only be applied if the initial time step of the time series
is at an hourly time step or less.

3.2.3 Methods

Four different methods are proposed in KarstID for analysing karst spring discharge time
series. The methods can be applied independently of each other in their respective tabs.

3.2.3.a Statistical analyses

Statistical analyses of spring discharge provide fundamental information about the hy-
drological functioning of a system. In KarstID, the following indicators are automatically
calculated over the discharge time series when a dataset is imported: mean, maximum,
minimum, standard deviation, 10'" percentile (Q10), 90" percentile (Q90), Coefficient
of Variation (C'V') and Spring Variability Coefficient (SVC'). The coefficient of variation
corresponds to the ratio between the standard deviation o and the mean u of the values:
cv=2 (3.1)
1

The SVC, which corresponds to the proposal of a “characteristic discharge” by Netopil

(1971), is the ratio between Q90 (value that is exceeded 10 % of the time) and Q10:

sve — 9% (3.2)

010
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The statistical indicators appear in a table below the hydrograph in the “Data import”
tab. The number of missing discharge values are given in the last column of the table.
The statistical analyses can be performed even if there are missing discharge values in
the discharge time series.

3.2.3.b Recession curve analysis

Recession curves correspond to the periods when the discharge gradually decreases with-
out replenishment of water (Toebes and Strang, 1964). The analysis of recession curves
can be used to assess groundwater storage and gain insights into the hydrological func-
tioning of an aquifer (Drogue, 1972; Forkasiewicz and Paloc, 1967; Kovacs, 2003; Kresic,
2007; Kullman, 2000; Malik, 2006; Malik and Vojtkova, 2012; Mangin, 1975). Generally,
a recession curve can be divided into (i) an influenced regime or quickflow component,
and (ii) a non-influenced regime or baseflow component. Usually, the influenced regime
results from the fast infiltration of the precipitation through large fractures and conduits,
while the non-influenced regime results from slow infiltration through a less transmissive
media such as a porous matrix (Mangin, 1975). Numerous recession models exist whose
indicators of functioning and interpretation differ.

To date, after analyses of the various aforementioned methods, Mangin’s recession
model (Mangin, 1975) was identified as the most informative model (Cinkus et al., 2021).
Accordingly, KarstID only propose Mangin’s recession model to identify relevant indica-
tors necessary for classifying karst systems hydrological functioning (see section 3.2.4).
Mangin’s model is a two-equations recession model that requires the manual definition
of an inflexion point for distinguishing between influenced and non-influenced regimes:

1—nt
1+ et

with @ the discharge at time ¢, « the recession coefficient, ()ro the baseflow extrap-
olated at t = 0, gy the influenced discharge corresponding to the difference between Qg
(discharge at t = 0) and Qgo, 1 a constant characterising the speed of infiltration (n = t—li,
with t; the beginning of the non-influenced regime) and e a constant characterising the
concavity of the influenced part of the recession curve.

The Mangin’s recession model is widely used as several indicators can be calculated
for characterising the hydrological functioning of a karst system. The indicator k gives
information about the capacity of a system to store and release recharge water, and is
calculated as follows:

Qv = Qroe™ " + qo (3.3)

Voywn
k= 3.4
v (3.4)
with V,, the yearly mean volume of water discharged at the spring. The dynamic
volume Vpyn corresponds to the integral of the exponential function of the recession
model:

Voyn = / Qie™dt = = (3.5)
0 Q

The indicator ¢ can be used to characterise the capacity of a system to dampen the

precipitation signal, and corresponds to the discharge generated by the influenced regime

two days after the flood peak:
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. 1—=2n
7 =
1+ 2¢

(3.6)

The “Recession curves analysis” tab allows to perform the recession curves analysis.
The selection of recession curves is done with the cursor using the graphical interface.
The retained recession curves appear in a recap table where they can be selected to
apply Mangin’s model. The user has to define the inflexion point of the curves, based
on his knowledge and experience. The recession model is calibrated with the nonlinear
least squares n1sLM() function from the minpack.lm package (Elzhov et al., 2016), which
minimises the squared sum of the residuals between observed and simulated discharges.
The Root Mean Square Error (RMSE) between observed and simulated discharges is
displayed below the recession model plot and helps to appreciate the performance of the
model. Once a recession model is calibrated and validated, the indicators of functioning
are calculated. They appear in the recap table when saved by the user.

The user can choose to remove spikes on the recession curves, which usually correspond
to the system’s response to small precipitation events and can be considered as noise for
the modelling. Recession curves analysis can be performed even if there are missing
discharge values in the discharge time series.

3.2.3.c Simple correlational and spectral analyses

Simple correlational and spectral analyses are used to study the frequency content of a
signal (Massei et al., 2006) by calculating the autocorrelation function and the associated
spectrum with a Fourier transform. Mangin (1984) first applied these signal analyses
to karst hydrology and proposed three indicators of karst hydrological functioning: the
memory effect, the regulation time and the cut-off frequency. These three indicators
mainly help to characterise the inertia of a karst system and its capacity to filter unitary
impulse (Larocque et al., 1998; Marsaud, 1997; Massei et al., 2006). The autocorrelation
7, and autocovariance C}, functions are calculated as follows:

Ch

=& (3.7)

Tk

n—k

o = % S (w1 — 7) @ik — 7) (3.9)

with n the length of the series, m the maximum shift possible (usually m < %), k the
shift (between 0 and m), Z the mean of the series and z; and z;,; the i"* and (i + )™
elements of the series, respectively. The spectrum sy is derived from the autocorrelation
function:

sp=2[1+2 Z Dyricos(2m fk)] (3.9)

k=1

with f the frequency (f = ﬁ at daily time step) and Dy a weighting function to
ensure that sy is not biaised (Mangin, 1984):

1+ cos( ™)

Dy = 5 (3.10)
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The correlogram is represented as the plot of r, against k&, and the spectrum of s
against f. The memory effect corresponds to the value of &k for a r; of 0.2, which can be
read on the correlogram or calculated from the data. The regulation time corresponds to
the value of the integral of the spectrum between 0 and +o0, i.e. the maximum value of
the the spectrum divided by 2.

The “Simple correlational and spectral analyses” tab displays the results of the simple
correlational and spectral analyses. The user can define the cutting point m, which
correspond to the maximum shift possible for the calculation. The cut-off frequency is
not displayed as it results from a visual, subjective assessment of the spectrum. Simple
correlational and spectral analyses cannot be performed if there are any missing discharge
values in the discharge time series. Appendix 3.A presents a comparison of the results
obtained by Mangin (1984) and those calculated with KarstID, although the databases
are different as the ones used in Mangin (1984) are unavailable.

3.2.3.d Analysis of classified discharges

The analysis of classified discharges provides information on flow dynamics within a
system by analysing the distribution of the discharges at the spring. For most authors,
classified discharges are equivalent to the empirical cumulative function of discharge (Ste-
vanovi¢, 2015). Mangin (1971) proposed a variant based on the assumption that the
distribution of the discharges can be approximated by a half-normal distribution. From
this perspective, classified discharges refer to the quantile-quantile graph of observed
discharges quantiles against quantiles of the half-normal distribution. Homogeneous hy-
drological functioning should be outlined by a straight line in the classified discharge plot.
Interpretation of Mangin’s classified discharges thus consists of assessing the discontinu-
ities of the curve and to relate them to changes in the hydrological functioning (e.g.
activation of overflow springs, storage and release of water, leakage to another aquifer
or miscalibration of the gauging station). The repartition function corresponding to the
cumulative probability density regarding the standard normal distribution is calculated
as follows:

1 z
P(X <z)=-[l+erf(—= 3.11
(X <2) = glrerf( ) (3.11)
For a half-Gaussian distribution:
P(X <z2)=erf(—= (3.12)

\/§>

The “Analysis of classified discharges” tab displays the results of both analyses of
classified discharges. No user action is needed for the calculation. Analyses of classified
discharges can be performed even if there are missing discharge values in the discharge
time series.

3.2.4 Classification

In KarstID, it is possible to characterise a karst system after the methodology pro-
posed by Cinkus et al. (2021) and compare the results with 78 karst systems located
worldwide, the discharge of which being extracted from different database: Banque Hy-
dro (Banque Hydro, 2021), SNO KARST (Jourde et al., 2018), and World Karst Spring
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Class  kmar  Qmean IR Capacity of dy- Draining of the Variability of the

namic storage capacitive func- hydrological func-
tion tioning

C1 <04 >0.03 >0.25 Poor Fast Substantial

C2 <04 >0.03 <0.25 Poor Fast Low

C3 <04 <0.03 >0.25 Poor Moderate Substantial

C4 <04 <003 <0.25 Poor Moderate Low

C5h > 0.4 —  >0.25 Noticeable Slow Substantial

Co6 > 0.4 — < 0.25 Noticeable Slow Low

Table 3.1: Indicator thresholds and corresponding characterisation of hydrological functioning
for each class.

hydrograph (Olarinoye et al., 2020). This dataset covers a wide diversity of karst hydro-
logical functioning (from very reactive to inertial responses) with data from 17 countries
in 12 different climatic conditions, according to the Képpen-Geiger classification (Cinkus
et al., 2021). The classification allows characterising karst systems hydrological function-
ing according to 6 classes based on 3 indicators of functioning (Table 3.1). The indicators
are derived from the results of the analysis of at least two recession curves. The draining
of the capacitive function .., is calculated by averaging the a parameters of the reces-
sion models. The capacity of dynamic storage k,,,, corresponds to the maximum value of
k among the analysed recession curves. The variability of the hydrological functioning /R
corresponds to the difference between the maximum and minimum of the ¢ distribution:
(3.13)

IR = Zbmaw - me

The “Classification” tab highlights the results obtained for the analysed karst system
and summarises the values of the various indicators considered for the classification (Fig-
ure 3.6). A flowchart thus indicates how the system is classified according to the values
of the indicators of functioning. The associated text section (i) describes the hydrological
functioning of the system according to its class, (ii) displays the indicators values and
(iii) shows the distance to other classes. A 3D scatter plot shows the investigated system
(highlighted in red) alongside 78 other karst systems, with each axis corresponding to one
indicator of functioning. Results from statistical, recession curves, simple correlational
and spectral analyses, as well as indicators of functioning of all 78 systems also appear in
a recap table. By default, the systems in the table are ordered by increasing distance to
the investigated system. The user can select a system in the table to highlight (in yellow)
its position on the 3D scatter plot.

3.3 Test case

Fontaine de Vaucluse is a karst spring located South-East of France. Its recharge area is
estimated to be about 1160 km? (Ollivier et al., 2019), resulting in one of the highest karst
spring interannual mean discharge in Europe (17.5 m?® s! over the 1966-2018 period).
Fontaine de Vaucluse’s daily discharges over the 2013-2019 period (amounting to
1923 observations) are provided in KarstID as a test dataset. After importation using
the “load test dataset” button, the hydrograph is loaded on the import page (Figure
3.2). The statistical indicators and number of missing discharge values are displayed
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Figure 3.2: Import and statistical analyses tab. Left pane is dedicated to data import (section
3.2.2). Right part presents the hydrograph and the results of statistical analyses (section 3.2.3.a).

in the table below the plot. For this period, Fontaine de Vaucluse’s interannual mean
discharge is about 15.9 m?® s! with no missing discharge values. The maximum observed
discharge (about 67.1 m® s!) and the 90'® percentile of observed discharges (about 32.0
m? s7!) show that the discharge at the spring can be and stay very high during wet
periods. The minimum observed discharge and the 10" percentile of observed discharges
are relatively close (about 3.3 and 5.6 m® s, respectively), highlighting a slow and
consistent release of water from storage during dry periods. The coefficient of variation
(72.3 %) and SVC (5.7) are average and correspond to a “moderate” and “balanced”
discharge variability, respectively (Flora, 2004; Springer et al., 2008). The moderate
discharge variability and the fact that the discharge can attain very high values can be
related to a strong karstification of a part of the system. Using cross-correlation analyses
between precipitation and discharge, (Ollivier et al., 2015) found a transfer time between
1 and 6 days, indicating a somewhat reactive response of the system to precipitation
events.

The autocorrelation function of discharge (Figure 3.3) declines slowly and steadily,
reaching 0 at 117 days. The memory effect and the regulation time are of about 56.0 and
44.0 days, respectively. These values testify of a significant capacity of filtration of the
precipitation signal, which relates to the overall organisation of flows in the system (Jean-
nin and Sauter, 1998). The noticeable dampening of the recharge in the Fontaine de
Vaucluse karst system can be related to the very large dimensions of its recharge area
and unsaturated zone (Ollivier et al., 2019) or the characteristics of the Urgonian lime-
stones (Carriére et al., 2016).

The analysis of classified discharges (Figure 3.4) according to the methodology pro-
posed by Mangin (1975) hints that there are flow properties changes beyond 20 m? s!
(less steep slope following the inflexion point). This discontinuity reflects the overflow
threshold of the upper spring pool (Mangin, 1975). The other inflexion point, occurring
at 57.5 m® st can be related to several hydrological processes: activation of an overflow,
temporary storage of water or leakage to another aquifer. It can be also due to a miscal-
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Figure 3.3: Simple correlational and spectral analyses tab. Left and right graphs present the
autocorrelation function and the variance density spectrum, respectively (section 3.2.3.c¢).
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Figure 3.4: Analysis of classified discharges tab. Left and right graphs present the empiri-

cal cumulative function of discharge and the Mangin classified discharges, respectively (section
3.2.3.d).

ibration of the gauging station or uncertainties on the water level-discharge calibration
curve.

Three recession curves were selected and applied Mangin’s recession model to iden-
tify relevant indicators (Figure 3.5). The recession curves were chosen according to the
following criteria to ensure a maximum relevance of the analysis and its results: (i) the
peak discharge must be at least one tenth of the maximum discharge of the time series,
(ii) there must be little or no untimely peaks during the recession, and (iii) the reces-
sion must include both influenced and non-influenced regimes. The inflexion points (n.b.
“breakpoint” in the application) were defined manually based on expert knowledge and
RMSE values. The indicators k, 7, and « are then calculated for each recession curve and
appear in the recap table.

Fontaine de Vaucluse is classified C6 with a k,,., of 0.403, an «,,eq, of 0.006 and
an IR of 0.022 (Figure 3.6). This class characterises a system with noticeable capacity
of dynamic storage, slow draining of the capacitive function and low variability of hy-
drological functioning. Fontaine de Vaucluse is considered close to the C4 class with a
distance of about 0.8 % (normalised Euclidean distance in the three-dimensional criteria
space), meaning that C4 characteristics can also be considered in the interpretation. It
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Figure 3.5: Recession curves and modelling tab. The left graph presents the studied time
series and retained/selected recession curves. The right graph displays the selected recession
with the Mangin recession model. The table shows the details of each recession curves and their
corresponding indicators values (section 3.2.3.b).

highlights that the system may have a capacity of dynamic storage and a draining of
the capacitive function in-between C4 and C6 characteristics. Fontaine de Vaucluse’s
class is also far from the classes C3 and C5 with distances of about 91.4 %, which is
due to the very low IR (0.022). The low variability of hydrological functioning and no-
ticeable capacity of dynamic storage assigned to this system can be also related to the
large extent of the recharge area and the thick unsaturated zone. Local variability of
hydrological functioning may thus be mitigated as a consequence of the spatial averaging
(indirectly inducing a strong filtration of the precipitation signal). The dampening of the
rainfall-discharge relationship and the noticeable capacity of dynamic storage may also
be related to particular hydrological behaviour of Urgonian limestones (Carriére et al.,
2016). By looking at the page 1 of the database table, users can find other karst systems
with similar hydrological functioning: e.g. Taillade, PR 0005 and IE_0018. These sys-
tems are highlighted in yellow on the 3D scatter plot, alongside the investigated system
highlighted in red. Studying the characteristics of other similar systems may help to
support the interpretation of the investigated system. Note that Fontaine de Vaucluse
also appears in the table but here corresponds to the permanent entry of the database,
which results from the analysis of the whole discharge time series.
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Figure 3.6: Classification tab. The top part shows the classification flowchart and its associated
text description: indicator values and distance to other classes (section 3.2.4).

3.4 Conclusion

KarstID can be seen as a useful tool for gaining preliminary insights into the hydrological
functioning of a karst system. The application supports different methods for analysing
discharge time series and proposes a classification of karst systems hydrological func-
tioning. It is also possible to compare the results with a database of 78 karst systems
located worldwide. KarstID is free, open source, and available on a developer community
platform, which allow potential interaction between users and developers for improving
software efficiency or adding new features. Other than the installation of R and R pack-
ages, no programming skills are required to use the application. KarstID could therefore
also be relevant for occasional users or educational purpose. Future developments of the
application include (i) a continuous consideration of feature requests and bug reports
to improve user experience, (ii) the proposition of additional recession models (Drogue,
1972; Kullman, 2000; Padilla et al., 1994), and (iii) the addition of other discharge time
series analyses (e.g. wavelet analyses).
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3.5 Appendix

3.A Comparison of indicators values from the correlational and
spectral analyses

System  Indicator Mangin (1984) Cinkus et al. (2021)
Aliog Memory. Eﬂ‘“e.ct (days) 4 5
Regulation time (days) 14 11
Baget Memory. Eﬂ‘“e.ct (days) 15 18
Regulation time (days) 22,5 24

Table 3.2: Comparison of indicators values from the correlational and spectral analyses between
the original publication of Mangin (1984) and recent work of Cinkus et al. (2021) — calculated
with KarstID. The exact time series used by Mangin (1984) are unavailable so different — and
more recent — time series were used by Cinkus et al. (2021).
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Introduction to Part 2

This part aims to address the second, third and fourth research questions of the thesis (see
ii., iii. and iv.) and is dedicated to the improvement and evaluation of the performance
of lumped parameter models in karst hydrology. The main research questions addressed
in this part are as follows:

i. On which aspect can one-dimensional models be further improved?

ii. Are elaborate objective functions appropriate for karst systems and do they improve
model calibration?

iii. How to evaluate a model simulation in a purposeful and insightful way?

iv. Can performance criteria be trusted for the calibration and evaluation of
hydrological models?

v. What are the advantages and drawbacks of ANN and reservoir models in
karst hydrology?

Chapter 4 introduces newly developed features implemented in the KarstMod platform
version 3.0. Improvements in one-dimensional lumped parameter models are achieved
through better-suited input data and more sophisticated objective functions for calibra-
tion. New evaluation methods are proposed to assess various relevant aspects of the
simulations.

Chapter 5 proposes a critical evaluation of several performance criteria including the
Kling-Gupta Efficiency (KGE) and its variants. It shows how performance criteria, when
based on relative parameters, can be misleading about the performance of a simulation.
The aim is to raise awareness among modellers and promote a careful use of performance
criteria for the evaluation of hydrological model performance.

Chapter 6 presents a comparison of the ANN and reservoir modelling approaches
in karst hydrology. Considering several karst systems in different contexts, the study
details the advantages and drawbacks of each approach with respect to input data, system
characterisation, method limitations and model results.
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Chapter 4

Improving model relevance: input data
and performance criteria

We propose an updated version of KarstMod, an adjustable platform dedicated to lumped
parameter rainfall-discharge modelling of karst aquifers. KarstMod provides a modular,
user-friendly modelling environment for educational, research and operational purposes.
It also includes numerical tools for time series analysis, model evaluation and sensitivity
analysis. The modularity of the platform facilitates common operations related to lumped
parameter rainfall-discharge modelling, such as (i) set up and parameter estimation of a
relevant model structure, and (ii) evaluation of internal consistency, parameter sensitivity
and hydrograph characteristics. The updated version now includes (i) external routines to
better consider the input data and their related uncertainties, i.e. evapotranspiration and
solid precipitation, (ii) enlargement of multi-objective calibration possibilities, allowing
more flexibility in terms of objective functions as well as observation type, and (iii)
additional tools for model performance evaluation including further performance criteria
and tools for model errors representation.

This work has resulted in the updated version 3.0 of KarstMod (available online on
the SNO KARST website) and in a scientific article, currently under review in Hydrology
and Earth System Sciences (Sivelle et al., 2023).

Important note: The preprint of the article presented in this chapter was
written by Vianney Sivelle. As second author, my contributions include mod-
ule development, as well as the review and editing of various parts of the
manuscript.

Article:

Sivelle, V., Cinkus, G., Mazzilli, N., Labat, D., Arfib, B., Massei, N., Cousquer,
Y., Bertin, D., and Jourde, H.: Improvement of the KarstMod modeling platform for
a better assessment of karst groundwater resources, Hydrol. Earth Syst. Sci., 1-26,
https://doi.org/10.5194 /hess-2023-17, 2023.
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4.1 Introduction

Karst systems consist of heterogeneous aquifers characterised with the co-existence of
three types of porosity: (i) inter-granular porosity, (ii) fracture porosity and (iii) large
voids and conduits (Palmer, 1991) characterised by contrasted hydrodynamic properties.
The existence of surface karst features such as shaft or swallow hole often leads to con-
centrated point-source recharge towards karst conduits in addition to the more common
homogeneous diffuse recharge over the catchment. It also implies that flow regimes can
be either laminar or turbulent. Karst aquifers constitute an essential source of drinking
water for about 9.2 % of the world population (Stevanovi¢, 2019) and it is estimated
that one-quarter of the world population depends on freshwater from karst aquifers (Ford
and Williams, 2007). Karst aquifers contain an important volume of freshwater while
only 1 % of its annually renewable water is used for drinking water supply (Stevanovi¢,
2019). Karst groundwater thus represents a unique opportunity to limit the increasing
imbalance between growing demand and limited freshwater resource (Bierkens and Wada,
2019; Wada et al., 2016) in the present context of global change. However, karst aquifers
are also particularly vulnerable to potential source of contamination, including emergent
contaminants (Luka¢ Reberski et al., 2022), residues of phyto-sanitary products (Lorette
et al., 2022) and wastewater (Doummar et al., 2022). Understanding the functioning
of karst aquifers and developing operational tools to predict the evolution of freshwater
resources is therefore a major challenge for the hydrological science community (Bloschl
et al., 2019). Such tools are also required for a better assessment of groundwater vulner-

ability as well as sustainable management of the groundwater resources (Elshall et al.,
2020).

KarstMod is an adjustable modelling platform (Mazzilli et al., 2019) dedicated to
lumped parameter rainfall-discharge modelling allowing for (i) simulation of spring dis-
charge, piezometric head and surface discharge, (ii) hydrodynamic analysis of the internal
fluxes considered in the model, (iii) model performance evaluation and parametric sen-
sitivity analysis. In this paper, we present the new features incorporated in KarstMod:
(i) external routines to better consider the input data and their related uncertainties,
i.e. evapotranspiration and solid precipitation, (ii) enlargement of multi-objective cali-
bration possibilities, allowing more flexibility in terms of objective functions as well as
observation type with the possibility to include surface water discharge in the calibra-
tion procedure and (iii) model performance evaluation, including additional performance
criteria as well as additional tools for model errors representation such as the diagnostic
efficiency plot (Schwemmle et al., 2021). Also, we present two cases studies to illustrate
how KarstMod is useful in the framework of the assessment of karst groundwater resources
and its sensitivity to groundwater abstraction. Section 4.2 is devoted to the presentation
of the background and motivations to improve the functionalities of the platform while
section Section 4.3 presents the main features of KarstMod. Section 4.4 illustrates the
application of rainfall-discharge modelling using KarstMod within the Touvre (western
France) and the Lez (southern France) karst systems, which both constitute strategic
fresh water resources and ensure drinking water supply.
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4.2 Background and motivations

4.2.1 Challenges in karst groundwater resources

Karst aquifers are affected by the combination of different components of global change
such as (i) effects of climate change which are particularly pronounced in the Mediter-
ranean area (Dubois et al., 2020; Nerantzaki and Nikolaidis, 2020), (ii) increasing ground-
water abstraction (Labat et al., 2022), as well as (iii) changes in land cover land use (Bit-
tner et al., 2018; Sarrazin et al., 2018). Therefore, the assessment of karst groundwater
resources vulnerability in the present context requires operational tools for estimating
the sustainable yield of karst aquifers but also to predict the impacts of climatic or an-
thropogenic forcing on groundwater resources in the long term (Sivelle et al., 2021). In
order to address these issues, different modelling approaches have been developed (Jean-
nin et al., 2021) such as, among others, fully-distributed models (Chen and Goldscheider,
2014), semi-distributed models (Doummar et al., 2012; Dubois et al., 2020; Ollivier et al.,
2020), and lumped parameter models (Mazzilli et al., 2019) including semi-distributed
recharge (Bittner et al., 2018; Sivelle et al., 2022a). Among these, lumped parameter
models are recognised as major tools to explore the ability of conceptual representations
to explain observations in karst systems (Duran et al., 2020; Frank et al., 2021; Poulain
et al., 2018; Sivelle et al., 2019) and for managing karst groundwater resources (Cousquer
and Jourde, 2022; Labat et al., 2022; Sivelle and Jourde, 2021; Sivelle et al., 2021).

4.2.2 Challenges in lumped parameter modelling in karst hydrol-
ogy

Lumped parameter models consist of a functional approach that analyses a hydroge-
ological system at the catchment scale and describes the transformation from rainfall
into discharge using empirical or conceptual relationships. Therefore, parameter values
or distributions cannot be determined directly from catchment physical characteristics
or in-situ measurements, excepted the discharge coefficient to the spring that can be es-
timated on the basis of recession curve analysis. Instead, model parameters values must
be estimated by history-matching. In a general way, rainfall-discharge models in karst
hydrology are calibrated considering spring discharge measurements.

Former studies have shown the interest of considering various type of observations such
as natural hydro-chemical tracers: NO3 and SO, concentrations (Hartmann et al., 2013),
electrical conductivity (Chang et al., 2021) or excess air (Sivelle et al., 2022b). Indeed,
the consideration of complementary observation data in groundwater model calibration
appears relevant in many applications (Schilling et al., 2019) but requires additional in-
vestigations before a suitable implementation in KarstMod. Therefore, in this paper, we
will focus on the use of hydrodynamics observations only. Indeed, considering piezometric
head variations in lumped parameter rainfall-discharge models may lead to better model
performance (Cousquer and Jourde, 2022; Mazzilli et al., 2011). Nonetheless, the infor-
mation content of the piezometric head time series (directly measured, or derived from
ground-based gravity measurements) for lumped parameter rainfall-discharge models cal-
ibration purpose can be disputable when the available data is not adequate to characterize
the whole catchment due to the important heterogeneity in karst aquifers (Mazzilli et al.,
2013; Sivelle and Jourde, 2021). Also, Cousquer and Jourde (2022) accounted for the sur-
face runoff in a lumped parameter rainfall-discharge model calibration procedure allowing
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to reduce the parametric uncertainties.

Another key point in lumped parameter rainfall-discharge modelling concerns the eval-
uation of the meteorological forcing, i.e. precipitation (P) and evapotranspiration (ET).
The transformation of precipitation into recharge and finally into discharge includes sev-
eral processes with characteristic time covering several orders of magnitude (Bloschl and
Sivapalan, 1995). Thus, the temporal resolution of the hydrological model must be suit-
able in the range of time and space scale where the physical phenomenons take place.
Coupling hydrological models at multiple temporal resolutions can provide a better model
consistency (Sivelle et al., 2019) since the transfer function in karst aquifers may present
short response time. Also, errors in rainfall time series can significantly affect model pa-
rameters and structure (Oudin et al., 2006). Finally, the response of karst spring discharge
is sensitive to energy and water fluxes within the soil-vegetation-atmosphere continuum
as well as changes in climatic conditions (Hartmann et al., 2017). Bittner et al. (2021)
computed several models to evaluate the fluxes related to interception, evapotranspira-
tion and snow process. The results show significant uncertainties related to input data as
well as potential compensation between the various uncertain processes. In some cases,
snow melt is a controlling factor in the water balance (Doummar et al., 2018a; Liu et al.,
2021), thus a suitable snow melt estimation is required to improve hydrological model
performance (Call et al., 2022). Therefore, two meteorological modules have been added
to KarstMod: (i) a “snow routine” and (ii) a “PET routine” allowing to better account
for snow and evapotranspiration processes.

4.3 Implementation

The updated version of KarstMod implements additional features to enhance the rainfall-
discharge modelling practices. First, we describe the additional modules (snow and PET
routines) for a better meteorological forcing estimation. Then, we introduce the additional
tools proposed for (i) set up and calibration of the model structure, (ii) model performance
evaluation as well as (iii) uncertainties consideration.

4.3.1 Meteorological modules
4.3.1.a Snow routine

KarstMod allows using either observation-based precipitation time series P [L T-'] or
estimated precipitation time series Py, [L T™!| using a snow routine. The latter is similar
to the one used by Chen et al. (2018) — without the radiation components — which has been
successfully used for improving the simulation of karst spring discharge in snow-covered
karst systems (Chen et al., 2018; Cinkus et al., 2023b). It consists of a modified HBV-
snow routine (Bergstrom, 1992) for simulating snow accumulation and melt over different
sub-catchments based on altitude ranges (Appendix 4.A). The estimated precipitation
Py, gives the water leaving the snow routine, equivalent to the recharge into the first
compartment of the model (compartment E in KarstMod). Pz for each sub-catchment
is proportional to its surface regarding the complete catchment area. The snow routine
workflow requires both air temperature T' [°C| and precipitation P [L T™'| time series.
P is considered as snow when 7T in the sub-catchment is lower than the temperature
threshold 7. Snow melt starts when the temperature overpasses the threshold according
to a degree-day expression. The snow melt is a function of the melt coefficient M F and
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the degrees above the temperature threshold 7,. Runoff starts when the liquid water
holding capacity of snow CW H is exceeded. The refreezing coefficient (C'F'R) stands for
refreezing liquid water in the snow when snow melt is interrupted (Bergstrom, 1992). The
output of the snow routine consists of a redistributed precipitation time series P,,.. The
four parameters of the snow routine (i.e. Ty, MF, CWH and CFR) can be considered
in the parameter estimation procedure as well as sensitivity analysis.

4.3.1.b PET routine

Evapotranspiration in KarstMod can be tackle in four different ways (Figure 4.1):

(a) Effective precipitation time series (P.f¢) can be preprocessed by user (Eq. 4.1) and
the evapotranspiration flux is not activated in the model structure selection window
in KarstMod. Therefore, P.ss is given through the P time series in the input data
file.

Peff =P —FETa (41)

where P,;; is effective precipitation [L T™|, P is precipitation |[L T| and ETa is
user-defined actual evapotranspiration |[L T™'| computed by observation-based data
or external model.

(b) User defined potential evapotranspiration (PET) can be given as input in KarstMod
for the evapotranspiration time series. Compartment E stands for a soil and epikarst
storage zone, where water is available for actual evapotranpiration (ETa), flows to
lower level of the model structure or outflow as surface discharge losses. Using F,,n,
user can simulate water holding capacity and non-linear behavior of karst recharge.

(c) User-defined actual evapotranspiration (E7a) can be given as input data in Karst-
Mod for evapotranspiration time series instead of potential evapotranspiration.
KarstMod computes effective precipitation by limiting the evapotranspiration to
water content available in compartment E; calculated actual evapotranspiration
can then be lower than user’s input ETa.

(d) The new feature in KarstMod is the PET routine which estimates the potential
evapotranspiration based on the Oudin’s formula (Oudin et al., 2005) (Eq. 4.2). It
needs a temperature time series and two parameters to be estimated, which can be
considered in the parameter estimation procedure as well as sensitivity analysis.

R, T+K2 |
x IR i TYK250 else PET=0  (4.2)

PET =
Ap K1

where R, is the extraterrestrial radiation [MJ L2 T-!| depending only on latitude
Lat and Julian day, ) is the latent heat flux (taken equal to 2.45 MJ M), p is
the density of water [M L®] and T is the mean daily air temperature [°C|, which
is therefore a single function of the Julian day for a given location. K1 [°C]| and
K2 |°C] are constants to adjust over the catchment for rainfall-discharge model,
which both can be considered in the parameter estimation procedure and sensitivity
analysis.
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Figure 4.1: The four ways to account for evapotranspiration in KarstMod (P is precipitation,
ETa is actual evapotranspiration, PET is potential evapotranspiration, PEToqin is Karst-
Mod’s computed potential evapotranspiration with Oudin’s formula).

4.3.2 Set up and calibration of the model structure

The modular structure proposed in KarstMod is based on a widely used conceptual model
which separates karst aquifers into an infiltration zone and a saturated zone. Based on
this conceptual representation, the platform offers four compartments organised as a
two-level structure: (i) compartment E (higher level) and (ii) compartments L, M and C
(lower level). The modular structure proposed in KarstMod is based on a widely used
conceptual model which separates karst aquifers into an infiltration zone and a saturated
zone, or low and quick flows through the unsaturated and saturated zones. Based on
this conceptual representations, the platform offers four compartments organised as a
two-level structure: (i) compartment E (higher level) and (ii) compartments L, M and
C (lower level). A priori, the higher-level stands for the infiltration zone or the soil and
epikarst. At the lower level, compartments L, M, and C stand for the different sub-
systems of the saturated zone, or for low and quick flows of the whole hydrosystem. The
various model structures and their governing equations are presented in Mazzilli et al.
(2019) and Mazzilli et al. (2023).

The user can activate (or deactivate) the various compartments (E, L, M and C),
the fluxes and their activation threshold as well as the exponent of the discharge law «
(in case of non-linear discharge law such a # 1). Figure 4.2 gives an example of model
structure in KarstMod where the solid and faded colors represent the activated and the
inactivated features respectively. The user must provide the warm-up, calibration and
validation periods. The warm-up period must be set in order to be independent from
initial conditions to avoid bias in the parameter estimation procedure (Mazzilli et al.,
2012). Then, a calibration period (i.e. the period in which the parameter are estimated
to reduce the predictive errors) and a validation period (i.e. period separated from the
calibration period) can be defined to run the split sample test procedure (Klemes, 1986).
For calibration purpose, KarstMod proposes several widely used performance criteria
¢: the Pearson’s correlation coefficient r, (Freedman et al., 2007), the Spearman rank
correlation coefficient ry (Freedman et al., 2007), the Nash-Sutcliffe Efficiency NSE (Nash
and Sutcliffe, 1970), the volumetric error VE (Criss and Winston, 2008), the modified
balance error BE (Perrin et al., 2001), the Kling-Gupta Efficiency KGE (Gupta et al.,
2009) and a non-parametric variant of the Kling-Gupta Efficiency KGExp (Pool et al.,
2018). To compute a multi-objective calibration procedure the user can create his own
objective function ® as a weighted sum of several objective functions:
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d = Zw x ¢;(U) (4.3)

where w is the weight affected to the objective function ¢(U) with Y w; — 1 and U
a general notation for the observations used for parameter estimation purpose. In the
KarstMod modelling platform U corresponds to either spring discharge ()4, piezometric
head measurements Z (available for compartments E, L, M and C) or surface water dis-
charge Qs from compartment E. Also, the objective function ¢ can be computed on
transformed U to avoid high water level bias on quadratic error. The following transfor-
mation are available in KarstMod: 1/U, VU, 1/V/U. Therefore, the user can use any
combination of the objective function ¢, observations U and variable transformations.
Depending on the modelling purpose, the user must refer to the literature to define the
suitable objective function (Bennett et al., 2013; Ferreira et al., 2020; Hauduc et al.,
2015; Jackson et al., 2019).

The model is calibrated using a quasi Monte-Carlo sampling procedure with a Sobol
sequence sampling of the parameter space (Sobol, 1976). The procedure consists in
finding an ensemble of parameter set providing an objective function ¢ greater than the
user defined value. The calibration procedure is stopped when either the user-defined
maximum duration t,,,, is reached or the user-defined number of parameter set 7,42
are collected. KarstMod offers a “run” option allowing to run the model for user-defined
parameter set, without calibration procedure, and so allowing to investigate “by-hand”
the parameter space and the sensitivity of the model to specific parameters.

4.3.3 Model evaluation

The model performance can be evaluated for both the calibration and validation peri-
ods. It allows (i) to ensure the robustness of model predictions, even under changing
conditions (which is a key point for the assessment of climate change impact) and (i)
to avoid model over-fitting within a specific range of hydro-climatic conditions observed
during the calibration period. KarstMod allows the computation of the above mentioned
performance criteria for both calibration and validation periods. Even though the nota-
tion “validation” is disputable such procedure is required to evaluate both explanatory
and predictive dimensions of the model structure (Andréassian, 2022). Then, KarstMod
offers an ensemble of numerical tools devoted to (i) check the model consistency, i.e. ex-
planatory dimension of the model (Beven, 2001; Shmueli, 2010), (ii) evaluate the model
performance, i.e. predictive dimension of the model structure.

To check the model consistency, the simulation based on the parameter set that pro-
vides the highest objective function value can be analysed through an ensemble of graphs
such as (i) internal and external fluxes as a function of time, (ii) cumulative volumes
for both observed and simulated time series for spring discharge (), and surface wa-
ter discharge Qoss, (iii) simulated mass-balance as function of time, (iv) comparison
of observations and simulations for either ()5 or (Q.ss With probability function plots,
auto-correlogram of the spring discharge time series, cross-correlogram of precipitation-
discharge time series.

To evaluate the model performance, KarstMod offers a “Model evaluation” panel that
includes several sub-panels, from the left to the right (see the KarstMod Graphical User
Interface screenshot figure, Figure 4.4):
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e The diagnostic efficiency DE (Schwemmle et al., 2021) which consists of a diagnostic
polar plot that facilitates the model evaluation process as well as the comparison of
multiple simulations. The DE accounts for constant, dynamics and timing errors,
and their relative contribution to the model errors. Also, the decomposition of the
errors between the periods of high flows and low flows allows to better investigate the
model bias, as well as to provide critical evaluation for impact studies, particularly
for the assessment of climate change impacts. Indeed, the accurate evaluation of
low flow periods (in terms of frequency, intensity and duration) becomes more and
more crucial for groundwater resource variability assessment.

e The available objective functions ¢ are presented as a radar chart which consists of
a polygon where the position of each point from the center gives the value of the
performance criteria. The closer the point is to the outside of the radar chart, the
better the model performs. The radar chart is made for both calibration and vali-
dation periods and for each of the calibration variables considered in the modelling
(Qs, Z4, with A for either E, M, C or L compartments and Qjyss)-

e The KGE (Gupta et al., 2009) consists of a diagonal decomposition of the
NSE (Nash and Sutcliffe, 1970) to separate Pearson’s correlation coefficient r,,
representation of bias Sxqg, and variability axgge. Thus, the KGE is comparable
to multi-objective criteria for calibration purpose (Pechlivanidis et al., 2013). The
sub-panel offers (i) a bi-plot of the three KGE’s components and (ii) a radar plot
visualisation of the KGE’s components, allowing to identify potential counterbal-
ancing errors according to these different components (Cinkus et al., 2023a). The
two above mentioned plots also include the decomposition of the KGExp (Pool et
al., 2018) in terms of Spearman’s rank correlation coefficient r,, representation of
bias SxcEy, and non-parametric variability axgpy -

4.3.4 Dealing with uncertainties

Moges et al. (2021) summarise the various source of uncertainties in hydrological mod-
els including structural and parametric uncertainties as well as uncertainties related to
input data and observations. The latter concern both the input (i.e. precipitation and
evapotranspiration) and the output (i.e. discharge) of the modeled systems. Many ref-
erences are devoted to the uncertainties related to input data and observations. As an
example, Westerberg et al. (2022) include information about the discharge uncertainty
distribution in the objective function and perform better discharge simulation. Also,
the precipitation error can be dependent on the data time step (McMillan et al., 2011)
and could impact the hydrological model performance (Ficchi et al., 2016). KarstMod
allows to perform hydrological modelling on both daily and hourly temporal resolutions,
allowing to account for uncertainty related to the data time step. Lumped parameter hy-
drological models generally consider meteorological time series representative of a whole
catchment, which may require some preprocessing, particularly for snow processes since
it can have a strong influence on flow dynamics. Thus, KarstMod includes variables re-
lated to both the snow routine (i.e. the redistributed precipitation time series Ps.) and
the PET routine (i.e. estimated potential evapotranspiration PET) in the parameter
estimation procedure. This allows to investigate the sensitivity of the flow simulation to
these input data, when using snow and PET routines. Nonetheless, KarstMod does not
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include features to investigate the impact of observation uncertainties on the parameter
estimation.

As many environmental problems, parameter estimation in rainfall-discharge mod-
elling consists mainly in ill-posed problems, i.e. the modelling encounters issues about
the unicity, identifiability and stability of the problem solution (Ebel and Loague, 2006).
As a consequence, several representations of the modeled catchment may be considered
as equally acceptable (Beven, 2006). Knoben et al. (2020) evaluate the performance of
36 daily lumped parameter models over 559 catchments and show that between 1 and up
to 28 models can show performance close to the model structure with the highest perfor-
mance criteria. Such results are widely covered in catchment hydrology (Dakhlaoui and
Djebbi, 2021; Darbandsari and Coulibaly, 2020; Gupta and Govindaraju, 2019; Pandi
et al., 2021; Zhou et al., 2021) but still poorly investigated in karst hydrology. Indeed,
the structural uncertainty impacts on rainfall-discharge modelling in karst hydrology is
not properly evaluated whereas many studies consider several hydrological model struc-
ture to include structural uncertainty in flow simulation (Hartmann et al., 2012; Jiang
et al., 2007; Jones et al., 2006; Sivelle et al., 2021). KarstMod includes more than 50
combinations of the various compartments as well as various compartments’ model (i.e.
compartment with linear or non-linear discharge law and compartment with infinite char-
acteristic time) and allows a quick implementation of the various model structures. The
user can easily manage to start the modelling with one single compartment and gradually
move to more complex model structure with up to 4 compartments, 5 fluxes connected
to the spring, 4 internal fluxes and 1 flux running out of the system.

Considering each model structure, parametric equifinality can be investigated using
(i) dotty plots of the values of the objective function against the parameter values, (ii)
dotty plot of the values of the performance criteria used to define the aggregated objective
function, and (iii) the variance-based, first-order S; and total St; sensitivity indexes for
the model parameters. Details concerning the computation of sensitivity indexes within
KarstMod are given in Mazzilli et al. (2019) and Mazzilli et al. (2023).

4.4 Case studies

To illustrate KarstMod application and the use of the above presented functionalities
for the assessment of karst groundwater resources, we propose two case studies: (i) the
Touvre karst system and (ii) the Lez karst system. Both karst systems consist of strategic
freshwater resources for drinking water supply (DWS), for the city of Angouléme (western
France) and Montpellier (southern France) respectively.

4.4.1 The Touvre karst system (La Rochefoucauld)

The Touvre karst system is a binary karst system where the infiltration consists of (i) a
delayed infiltration of effective rainfall on karstic recharge area and (ii) a direct infiltration
of surface water from the Tardoire, Bandiat, and Bonnieure rivers. These lasts are surface
stream flow within metamorphic rocks that partly infiltrate to subterranean at the contact
with sedimentary formations, mainly composed of Middle to Upper Jurrasic limestones.
The springs of the Touvre, located 7 km east of Angouléme (western France), have three
main outlets (the Bouillant, the Dormant and the Font de Lussac) and a secondary outlet
(the Léche) (Labat et al., 2022). In the following, the discharge of the four outlets are
accumulated and named Touvre spring.
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The Touvre karst system constitutes a strategic freshwater resource for drinking water
supply (DWS) of Angouléme, with around 110,000 inhabitants, but also contributes to
water supply for industry and agriculture. In 2015, there were 84 pumping wells over
the karstic impluvium of the Touvre karst system, and around 100 more in the Tardoire,
Bandiat, and Bonnieure rivers catchment. Based on the data provided by the Adour-
Garonne Water Agency, the annual groundwater abstraction for agriculture represents
4.6 Mm? whereas annual groundwater abstraction for DWS represents 1.1 Mm? over
the karstic impluvium of the Touvre karst system. On the three rivers catchment (out
of the karstic impluvium), the annual groundwater abstraction represents 2.5 Mm? for
agriculture and 3.3 Mm?® for DWS, mainly through river intakes or alluvial groundwater
abstraction. The total annual volume of abstracted groundwater in the area represents
around 5 % of the annual volume of transit at the Touvre spring. This is quite low
compared with karst aquifers in France exploited for their groundwater resource, such as
the Lez spring (Jourde et al., 2014) and the Oeillal’s spring karst catchment (Sivelle et al.,
2021), where the annual groundwater abstraction volume represents respectively 50 % and
15 % of annual volume of transit at the spring. Therefore, the Touvre catchment seems
not to be over exploited at the moment but the impact of groundwater abstraction should
be addressed in the actual context of global change to ensure a sustainable management
of this strategic fresh water resource.

The area is characterised by an ocean influenced climate with a mean annual precipi-
tation around 800 mm distributed over 255 rainy days. The estimation is performed with
Thiessen polygon methods based on eleven meteorological stations over the area (Labat
et al., 2022). The mean annual potential evapotranspiration is around 770 mm according
to the Penman-Monteith estimation provided by the french meteorological survey (Météo-
France). The Touvre spring discharge shows a significant variability ranging from 3 m? s
to 49 m?® s with a coefficient of variation around 0.46 (Figure 4.3b). The surface stream
flow rates for the Bonnieure, Bandiat and Tardoire rivers are concentrated within the
autumn and winter periods. During the summer period, the discharge in the three rivers
are very low (Figure 4.3¢). The more significant groundwater abstraction is performed
during the summer period, while the Touvre spring discharge reaches its lowest values
within the late summer and early autumn periods (Figure 4.3¢, Figure 4.3d).

The objective of the hydrological modelling is to assess the impact of groundwater
abstraction on spring discharge, and more particularly during low flow periods (Labat
et al., 2022). So, the calibration is performed according to the KGExp that improve the
simulations during mean and low-flow conditions using the Spearman rank correlation
due to it insensitivity to extreme values (Pool et al., 2018). The sampling procedure is
set up to find n.; = 5000 simulations with KGEyp greater than 0.9. Afterwards the
model is evaluated using the various features proposed in KarstMod (Figure 4.4). The
diagnostic efficiency plot (Figure 4.4a) testifies of several elements: (i) the model seems to
slightly overestimate high flow and underestimate low flow, (ii) the timing error is about
0.9, testifying of suitable flow dynamics in the model, (iii) low flow periods contribute
more to the model errors, and (iv) there is no offset in the simulated spring hydrograph.
The radar chart (Figure 4.4b) shows a good equilibrium between the various objective
functions which values are greater than 0.8, excepted for the NSE criteria (NSE = 0.75).
It is the consequence of the design of this criteria that tends to overweight the errors
during floods. Here the NSE value still greater than 0.7 and testifies of a "very good" fit
according to D. N. Moriasi et al. (2007). Finally, the decomposition of the KGE (Figure
4.4¢, Figure 4.4d) shows r, = 0.91, a = 1.15 and = 1.02 testifying of accurate dynamics
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Figure 4.2: Screenshot of KarstMod with a focus on the panel "Model structure" for the Touvre
karst system. The solid lines correspond to the activated fluxes whereas the faded color lines
are not activated. Q;‘{I and Qg stand for groundwater abstraction that affects compartments M
and C respectively while Q' and Q¢ stand for sinking flow that affects compartments M and
C respectively.
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Figure 4.4: Screenshot of KarstMod with a focus on the sub-panel "Model evaluation". Appli-
cation for the model evaluation on the Touvre system: (a) diagnostic efficiency plot (Schwemmle
et al., 2021), (b) radar chart of the objective functions, (c) bi-plot of the KGE’s (square) and
KGEnp’s (triangle) components, and (d) radar chart of the KGE’s components.

and low bias, but slightly too high variability.

4.4.2 The Lez spring

The Lez spring (southern France) consists of the main outlet of a karst system encom-
passed in the North Montpellieran Garrigue hydrogeological unit delimited to the west
by the Herault river, and to the north and east by the Vidourle river. The geology in the
area corresponds to the Upper Jurassic layers separated by the Corconne-Matelle fault
(oriented N30°), leading to two main compartments in the aquifer (Bérard, 1983; Clauzon
et al., 2020). The karst aquifer is unconfined in the western compartment and is locally
confined in the eastern compartment. The Lez spring is located about 15 km north of
Montpellier. It is of Vauclusian-type with an overflow level at 65 m asl, and a maximum
discharge of approximately 15 m?® s*. The area is characterised by a typical Mediter-
ranean climate with dry summers and rainy autumns. Over the 2009-2019 period, the
mean annual precipitation is around 900 mm distributed over 133 rainy days (estimation
with Thiessen’s polygon methods based on four meteorological stations over the area:
Prades-le-Lez, Saint-Martin-de-Londres, Sauteyrargues and Valflaunés), a mean annual
potential evapotranspiration is around 900 mm according to the estimation based on
Oudin’s formula with the temperature measured at Prades-le-Lez station while the mean
annual evapotranspiration is around 450 mm (eddy covariance flux-station of Puéchabon).

Since 1854, the Lez spring supplies the drinking water to Montpellier city and the
surroundings. It currently constitutes the main fresh water resource for around 350,000
people in the area. The present water management scheme allows pumping at higher rates
than the natural spring discharge during low flow periods, while supplying a minimum
discharge rate («~ 0.23 m® s) into the Lez river to ensure ecological flow downstream,
and reducing flood hazards via rainfall storage in autumn (Avias, 1995; Jourde et al.,
2014). The pumping plant was built in 1982 with four deep wells drilled to intercept the
karst conduit feeding the spring, 48 m below the overflow level of the spring. Pumping
in these wells allows up to 1.8 m® s to be withdrawn under low flow periods (with an
authorized maximum drawdown of 30 m), while the average annual pumping flow rate is
about 1.010 m? s (over the 2008-2019 period). Due to the pumping management of the
aquifer, which supplies about 30 to 35 Mm? of water per year to the metropolitan area
of Montpellier, the discharge at the Lez spring is often low or nil.
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In the present context of global change, Mediterranean karst systems already show sig-
nificant decrease in spring discharge (Doummar et al., 2018b; Dubois et al., 2020; Fiorillo
et al., 2012; Hartmann et al., 2012; Nerantzaki and Nikolaidis, 2020; Smiatek et al., 2013)
which could be aggravated with groundwater abstraction (Sivelle et al., 2021). The Lez
spring is strongly exposed to global change impact: (i) the Mediterranean area is iden-
tified as a climate change hot-spot (Diffenbaugh and Giorgi, 2012) where the projected
warming spans 1.83-8.49°C according to CMIP6 and 1.22-6.63°C according to CMIP5
during the summer period (Cos et al., 2022), and (ii) the water management scheme will
have to adapt to the future need in drinking water for the growing population in the
area as well as changes in the fresh water consumption practice (e.g. water use restric-
tion order). Therefore, a sustainable water management plan for the Lez spring requires
a good appreciation of the hydrological functioning as well as operational hydrological
model to properly address impacts studies. In this framework, KarstMod allows choosing
and calibrating a suitable model structure. This constitutes a first step for global change
impact study that requires prediction tools to simulate the aquifer response to various
external forcing.

Figure 4.5 shows the model structure for the Lez karst catchment (Mazzilli et al., 2011)
that consists of three compartments organised in two levels. The upper level corresponds
to compartment E and represents the unsaturated part of the system, including a soil
water holding capacity F,.;, and a discharge lost from the compartment );,ss. The
compartment E is exposed to precipitation P and evapotranspiration E'T" and discharge
towards the lower level of the model structure starts when the water level exceeds the
water holding F,.;,. The lower level consists of two inter-connected compartments M
and C allowing to reproduce the lateral exchanges, denoted @Q),;¢, between transmissive
function (compartment C) and capacitive function (compartment M) of the karst aquifer.
Both M and C compartments are considered bottomless, allowing to reproduce period of
non-overflow at the Lez spring when the mean water level in the aquifer stands below 65
m a.s.l., mainly during summer periods due to pumping in the karst conduit. Figure 4.6a
and Figure 4.6b show the various daily time series required for the hydrological modelling
of the Lez karst system (i.e. P, ET and Qpump)-

The available hydrological observations for model calibration consist of spring dis-
charge ()g, piezometric head measurement Zo at the Lez spring and surface water dis-
charge from secondary outlets and intermittent springs Q.ss (Figure 4.6¢, Figure 4.6d
and Figure 4.6e). The surface water discharge is estimated as the difference in discharge
measured at the Lavalette station (15 km downstream the Lez spring) and the discharge
measured at the Lez spring, as performed in Cousquer and Jourde Cousquer and Jourde
(2022). Therefore, Qo5 includes all the water loss from the epikarst within several sea-
sonal overflowing springs (i.e. Lirou spring, Restincliére spring and Fleurette spring).
KarstMod allows to easily handle with the various parameter estimation depending on
the considered hydrological observations (i.e. spring discharge, piezometric head mea-
surement, and surface discharge from the epikarst). The sampling procedure is set up to
find ne,; = 5000 simulations with an aggregated objective function ® greater than 0.6.
As suggested by Cousquer and Jourde (2022), using complementary hydrological observa-
tions in addition to the spring discharge allows to reduce the parametric uncertainties in
the modelling of the Lez spring discharge. Therefore, using a multi-objective calibration
procedure implemented in KarstMod, the objective function is build such as:

1 1 1
= o X NSE(Qs) + 5 x NSE(Zc) + 5 x NSE(Quoss) (4.4)
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Figure 4.5: Screenshot of KarstMod with a focus on the panel "Model structure" for the Lez
karst system. The solid lines correspond to the activated fluxes whereas the faded color lines are
not activated. Qo5 stands for the surface discharge from the epikarst compartment, Qg stands
for groundwater abstraction that affects compartments C while Z¢ stands for piezometric head
measurements congidered as representative of the compartment C.
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Figure 4.6: Daily time series for the Lez system: a) precipitations (P) and evapotranspiration
(ET), b) groundwater abstraction (Qpump), ¢) observed and simulated karst spring discharge
(QLe» obs and Qe sim), d) observed and simulated piezometric head (Zr., obs and Zp., sim),
e) surface water discharge (Qjoss) and f) simulated exchanges fluxes between compartment M
and C (Qumc)-
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Figure 4.7: Screenshot of KarstMod with a focus on the sub-panel "Model evaluation". Ap-
plication for the model evaluation on the Lez system. The panel is composed such as (i) each
row correspond to the variable for calibration (Qg, Qoss and Z¢) and (ii) each columns corre-
sponds to (a) diagnostic efficiency plot, (b) radar plots, one should note that VE and BE are
not computed according to the piezometric time series, (¢) decomposition of KGE (square) and
KGEnp (triangle) and (d) radar plot of the KGE decomposition.

The calibration procedure leads to an optimal & = 0.65 decomposed such as ¢ @), =
0.70, ¢ Z¢ = 0.57 and ¢ Qoss = 0.70 within the calibration period. Model performance
evaluation on the validation period shows suitable model performance for both spring
discharge and piezometric with ¢ s = 0.54 and ¢ Zo = 0.79, but poor model performance
according to the surface water discharge with ¢ Q;,ss — 0.36. Afterwards the results can
be evaluated using the various features proposed in KarstMod (Figure 4.7). The results
show higher model performances for Qs and Z¢ than for Q);,ss. The model performance
appears quite satisfactorily concerning the variable of interest to assess the impact of
water management scheme on the groundwater resources within the Lez aquifer.

The simulated exchanges fluxes between compartment M and C (Figure 4.6f) show
consistent dynamics with the observations. Indeed, during periods of high flow the ex-
change fluxes are oriented from the compartment C to compartment M (i.e. Q¢ < 0).
Significant precipitation events lead to rapid rises in piezometric head, saturation of the
transmissive part of the aquifer and finally the establishment of overflow at the Lez spring
(i.e. Qg > 0) as well as the overflowing springs (i.e. Qss > 0). Conversely, during the
periods of low piezometric head (i.e. both Qg and Qs are nil), the simulated exchange
fluxes are oriented from compartment M to compartment C (i.e. Qpc < 0). Such flow
exchanges between capacitive and transmissive part of karst aquifers has been evidenced
using KarstMod on other karst environment (Duran et al., 2020; Frank et al., 2021; Labat
et al., 2022; Sivelle et al., 2019).

4.5 Conclusions

KarstMod consists in a useful tool for the assessment of karst groundwater variability
and sensitivity to anthropogenic pressures (e.g. groundwater abstraction). This tool is
devoted to promote good practices in hydrological modelling for learning and occasional
users. KarstMod requires no programming skills and offers a user-friendly interface al-
lowing any user to easily handle hydrological modelling. As a first step, KarstMod can
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be used to explore the ability of conceptual representations to explain observations such
as discharge or piezometric heads in karst systems. A more advanced use of KarstMod
is also possible as it provides a complete framework for (i) primary analysis of the data,
(ii) comparison of various model structures, (iii) evaluation of the hydrological model
performance as well as (iv) first assessment of parametric uncertainties. The research
community increasingly uses KarstMod to address various challenges in karst hydrology,
from understanding hydrological processes to practical applications such as evaluation
of groundwater management plan, or even assessment of the impact of groundwater ab-
straction and climate changes on karst groundwater resources.

Future developments of KarstMod might include: (i) the consideration of land cover
land use to consider the spatial heterogeneity in recharge processes (Sivelle et al., 2022a),
(ii) the simulation of electrical conductivity (Chang et al., 2021), major ions concentra-
tion (Hartmann et al., 2013) or natural tracer such as air excess (Sivelle et al., 2022b),
and (iii) the assessment of structural uncertainty (Cousquer, 2022). KarstMod should
tend toward an open-source research software to avoid duplication of efforts in karst hy-
drological modelling. Also, a Python version is required for a better connection with
additional framework for sensitivity analysis such as SAFE toolbox (Pianosi et al., 2015)
and for model calibration procedure such as particle swarm optimization (Kennedy and
Eberhart, 1995; Lee, 2014). Finally, the development of the KarstMod modelling plat-
form will benefit better transparency and repeatability with an open-source approach, as
observed on other numerical tools (Pianosi et al., 2020).
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4.6 Appendix

4.A Snow routine

P (liquid water leaving the routine) is estimated for each time step t based on the
precipitation P and air temperature 7" time series for each sub-catchment (Figure 4.8).
The total snow routine output P, is calculated as a weighted sum of P}, time series:

Z (4.5)

where p; is the proportion of the sub—catment 1 regarding the complete catchment
area such as > p; = 1, and N is total number of sub-catchments.

The snow routine requires four parameters, whose values are the same for all sub-
catchments: the snowmelt temperature threshold T, [°C|, the melt factor MF |L T
°CY, the refreezing factor CFR [-], and the water holding capacity of snow CWH [-].
The snow routine allows estimating P according to Algorithm 4.1.
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: ! Snow routine
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Figure 4.8: Snow routine workflow.
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Algorithm 1: Estimating P, in sub-catchment

With P! = water leaving the routine/recharge to the soil (mm/dt), T, = active
temperature for snowmelt (°C), T,, = active temperature for refreezing (°C), m
= snow melt (mm/dt), rfz = refreezing (mm/dt), v = solid component of
snowpack depth (mm), vl = liquid component of snowpack depth (mm), and dt
= temporal resolution.

for t=1 to t,,,; do

m[t] = min((MF x T,[t]), v[t])

rfz[t] = min(CFR x MF x T,[t],vl[t])

o[t + dt] = v[t] — m[t] + snow[t] + rfz[t]

if vl[t +dt] > CWH x v[t + dt| then

P*[t] = vl[t + dt] — CWH x v[t + dt]
vl[t +dt] = CWH x v[t + dt]

else
| PRIt =0

end

end
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Chapter 5

Critical evaluation of performance
criteria

Performance criteria play a key role in the calibration and evaluation of hydrological
models and have been extensively developed and studied, but some of the most used cri-
teria still have unknown pitfalls. This study set out to examine counterbalancing errors,
which are inherent to the Kling-Gupta Efficiency (KGE) and its variants. A total of nine
performance criteria — including the KGE and its variants, as well as the Nash-Sutcliffe
Efficiency (NSE) and the modified index of agreement (d;) — were analysed using syn-
thetic time series and a real case study. Results showed that, assessing a simulation,
the score of the KGE and some of its variants can be increased by concurrent over- and
underestimation of discharge. These counterbalancing errors may favour bias and vari-
ability parameters, therefore preserving an overall high score of the performance criteria.
As bias and variability parameters generally account for 2/3 of the weight in the equa-
tion of performance criteria such as the KGE, this can lead to an overall higher criterion
score without being associated with an increase in model relevance. We recommend using
(i) performance criteria that are not or less prone to counterbalancing errors (d;, modi-
fied KGE, non-parametric KGE, Diagnostic Efficiency), and/or (ii) scaling factors in the
equation to reduce the influence of relative parameters.

This work resulted in a publication in Hydrology and Earth System Sciences (Cinkus
et al., 2023a) and a presentation during EGU22 (Cinkus et al., 2022).

Article:

Cinkus, G., Mazzilli, N., Jourde, H., Wunsch, A., Liesch, T., Ravbar, N., Chen,
Z., and Goldscheider, N.: When best is the enemy of good — critical evaluation of
performance criteria in hydrological models, Hydrol. Earth Syst. Sci., 27, 23972411,
https://doi.org/10.5194 /hess-27-2397-2023, 2023.
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5.1 Introduction

Hydrological models are fundamental to solve problems related to water resources. They
help characterising hydrosystems (Hartmann et al., 2014), predicting floods (Jain et al.,
2018; Kauffeldt et al., 2016) and managing water resources (Muleta and Nicklow, 2005).
A lot of research efforts are thus dedicated to improve the reliability, the robustness
and the relevance of such models. Improvements can be made by working on (i) input
data, (ii) model parameters and structure, (iii) uncertainty quantification, (iv) model
calibration (Beven, 2019), and also (v) appropriate benchmarks for assessing model per-
formance (Seibert et al., 2018). In this study, we focus on the proper use of performance
criteria for calibrating and evaluating hydrological models — an important part that can
casily be overlooked (Jackson et al., 2019).

A performance criterion aims to evaluate the goodness-of-fit of a model to an observed
data. It is generally expressed as a score, for which the best value corresponds to a perfect
fit between predictions and observations. In hydrology, the Nash-Sutcliffe Efficiency
(NSE) (Nash and Sutcliffe, 1970) is still one of the most commonly used criteria (Kling
et al., 2012), although the past decade has seen a gain in popularity of alternatives (Clark
et al., 2021), e.g. the Kling-Gupta Efficiency (KGE) (Gupta et al., 2009). Many authors
have pointed out the inherent limitations of using performance criteria, especially the fact
that a single score metric cannot reflect all relevant hydrological aspects of a model (Gupta
et al., 2009). The use of a multi-criteria framework is thus often emphasised to quantify
different aspects of a model (Althoff and Rodrigues, 2021; Clark et al., 2021; Gupta
et al., 1998; Jackson et al., 2019; Knoben et al., 2019; Krause et al., 2005; Legates and
McCabe Jr., 1999; Moriasi et al., 2015; Ritter and Munoz-Carpena, 2013; van Werkhoven
et al., 2009), alongside a scientific evaluation of the results (Biondi et al., 2012). Althoff
and Rodrigues (2021), Clark et al. (2021), and Knoben et al. (2019) pointed out that
modellers should carefully think about which aspects they consider the most important
in their hydrological model and how to evaluate them. In relation to the assessment
of model performance, Seibert et al. (2018) argued that the current benchmarks poorly
reflect what could and should be expected of a model. They suggested to define lower
and upper benchmarks based on the performance of a simple bucket-type model with few
parameters, using the same data set.

Performance criteria also have shortcomings at a distinctive level. A number of studies
have identified several limitations of the NSE: (i) the contribution of the normalised bias
depends on the discharge variability of the basin, (ii) discharge variability is inevitably
underestimated because the NSE is maximised when the variability equals the correlation
coefficient, which is always smaller than unity, and (iii) mean flow is not a meaningful
benchmark for highly variable discharges (Gupta et al., 2009; Willmott et al., 2012). The
KGE aims to address these limitations but also has its own issues (Gupta et al., 2009).
Santos et al. (2018) identified pitfalls when using the KGE with a prior logarithmic
transformation of the discharge. Knoben et al. (2019) warned against directly comparing
NSE and KGE scores as the KGE has no inherent benchmark. Clark et al. (2021) and
Ritter and Muinioz-Carpena (2013) showed that NSE and KGE scores can be strongly
influenced by few data points, resulting in substantial uncertainties on the predictions.

What is not fully addressed yet is the trade-off between individual components (W&h-
ling et al., 2013) and especially the impact of counterbalancing errors induced by bias
and variability parameters, which are integrated in many performance criteria. While
accurate bias and variability are desired aspects of hydrological models, sometimes good
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evaluations may accidentally result from negative and positive values cancelling each
other (Jackson et al., 2019; Massmann et al., 2018). This can be particularly detrimental
to model calibration and evaluation, as it generates an increase in criterion score without
necessarily being associated with a better model relevance. Some performance criteria
naturally address this problem by using absolute or squared error values, but other crite-
ria such as the KGE and its variants do not, as they use relative errors. The aim of this
study is to assess the extent to which criteria scores can be trusted for calibrating and
evaluating hydrological models when predictions have concurrent over- and underesti-
mated values. The influence of counterbalancing errors is evaluated on nine performance
criteria including the NSE and KGE. This selection is far being from exhaustive but
includes widely used and recently proposed KGE variants, as well as more traditional
criteria such as the NSE or the modified index of agreement (d;) for comparison purpose.
We first use synthetic time series to highlight the counterbalancing errors mechanism.
Second, we show how counterbalancing errors can impair the interpretation of hydrologi-
cal models in a real case study. Finally, we provide some recommendations about the use
of scaling factors and the choice of appropriate performance criteria to nullify or reduce
the influence of counterbalancing errors.

5.2 Performance criteria

5.2.1 Parameters description

All the performance criteria considered in this study are based on the same or similar
statistical indicators, which are first described to avoid repetition.

We use z,(t) and x,(t) to refer to observed and simulated values of calibration variable
x at a specific time step t. r and rg correspond to the Pearson and the Spearman rank
correlation coefficients (Freedman et al., 2007), respectively.

B is the ratio between the mean of simulated values ps; and the mean of observed
values ft,:

_Hs
B= " (5.1)

Bn corresponds to the bias (mean error) normalised by the standard deviation of
observed values o,:

8, = Hs — Ho (5.2)

Oo

« is the ratio between the standard deviation of simulated values o, and the standard
deviation of observed values o,:

Os

(5.3)

o =
Oo

~ is the ratio between the coefficient of variation of simulated values (C'V; = o4/ us)
and the coefficient of variation of observed values (C'V, = 0,/ t,):

v,
-

g (5.4)
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Bye; and |Byrea| (Schwemmle et al., 2021) are based on the Flow Duration Curve
(FDC). B, (i) is defined as the relative bias of the simulated and observed flow duration
curves at the exceedance probability i:

Brel = J:S(Z) _.—xO(i)
(1)
where z,(i) and 7,(i) correspond to the simulated and observed values of calibration

variable at exceedance probability i. B, is the mean of B, (i) when looking at n
observations:

(5.5)

1 .
B7'el = - Brel(z) (56)
n <
=0
| Barea| is calculated as follows:
1
|Barea| :/ |Bres(2)|dz (57)
0
with B,.s the residual bias:
Bres = Brel(i) - E (58)

aynp (Pool et al., 2018) is also based on the FDC:

I mU (k) (I (k)
aNP_1—§];| R | (5.9)

where (k) and J(k) stand for the time steps of the k' largest discharge for the
simulated and observed time series, respectively.

As f3, 3, and B, all represent the bias, they are therefore designed as “bias parame-
ters” in this study.

5.2.2 Score calculation

A total of nine performance criteria are analysed in this study: the NSE, KGE, 2012-
version of the KGE or modified KGE (KGE’), 2021-version of the KGE (KGE”), non-
parametric KGE (KGExp), Diagnostic Efficiency (DE), Liu-Mean Efficiency (LME),
Least-squares Combined Efficiency (LCE) and d;. The value considered as the best
score is equal to one for all criteria, except for the DE, for which it is equal to zero.
The NSE (Nash and Sutcliffe, 1970) is a normalised variant of the Mean Squared
Error (MSE) and compares a prediction to the observed mean of the target variable:

L 2 (ms(t) — me(1)?
NSE =1 CAOREL (5.10)

Gupta et al. (2009) algebraically decomposed the NSE into correlation, variability,
and bias components:

NSE =2ar —a* — 32 (5.11)
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The Kling-Gupta Efficiency (KGE) was proposed by Gupta et al. (2009) as an al-
ternative to the NSE. The optimal KGE corresponds to the closest point of the three-
dimensional Pareto front — of a, 5 and r — to the ideal value of [1; 1; 1]:

KGE=1—\/(a =12+ (B—-1)2+ (r —1)2 (5.12)

A modified Kling-Gupta Efficiency was proposed by Kling et al. (2012). The coefficient
of variation is used instead of the standard deviation to ensure that bias and variability
are not cross-correlated:

KGE =1—/(y =12+ (8- 12+ (r — 1) (5.13)

Tang et al. (2021) proposed another variant (KGE”) by using the normalised bias
instead of § to ensure that the score is not overly sensitive to mean values — p, or s —
close to zero (Santos et al., 2018; Tang et al., 2021):

KGE" =1—/(a =124 32+ (r — 1) (5.14)

Pool et al. (2018) cautioned against the implicit assumptions of the KGE - data
linearity, data normality and absence of outliers — and proposed a non-parametric alter-
native (KGEyp) for limiting their impact. The non-parametric form of the variability is
calculated using the FDC and the Spearman rank correlation coefficient is used instead
of the Pearson correlation coefficient:

KGENPI 1-— \/(@Np—1)2+(ﬁ—1)2+<7’5—1>2 (515)

In a similar way, Schwemmle et al. (2021) used FDC-based parameters to account for
variability and bias in another KGE variant: the Diagnostic Efficiency. This criterion
is based on constant, dynamic and timing errors and aims to provide a stronger link to
hydrological processes (Schwemmle et al., 2021):

DE = \| Bl + [Buyeal? + (r — 1)? (5.16)

In this study, we used a Normalised Diagnostic Efficiency (DE’) so that the best error
score equals to one for facilitating the comparison with other performance criteria:

DE =1- \/mz + | Barea|2 + (r — 1)2 (5.17)

Liu (2020) proposed another alternative, the Liu-Mean Efficiency, to improve the
simulation of extreme events. The LME thus aims to address the underestimation of
variability of the KGE, which is still a concern despite being not as severe as with the
NSE (Gupta et al., 2009; Mizukami et al., 2019):

LME =1—+/(ra—1)24 (8 — 1) (5.18)

Lee and Choi (2022) proposed the Least-squares Combined Efficiency to address the
shortcomings of the LME identified by Choi (2022): (i) an infinite number of solutions for
the maximum score, and (ii) a inclination to overestimate high flows and underestimate
low flows. The LCE is based on the least-squares statistics combined from both-way
regression lines ra and r/a:

LOE =1—/(ra — 124 (r/a—1)2 + (8 — 1) (5.19)
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Willmott et al. (1985) proposed a modified index of agreement, which aim to address
the issues associated with r and the coefficient of determination, as well as the sensitivity
of the original index of agreement to outliers (Legates and McCabe Jr., 1999):

dl —1— Z |xs<t) B xo(t)| (520)

z (‘xs(t> - Mo| + |x0(t) - :u0|)

5.3 Synthetic time series

5.3.1 Generating synthetic time series with homothetic transfor-
mations

A simulation performance can be assessed in terms of bias, variability and timing er-
rors (Gupta et al., 2009). Bias and variability errors correspond to a difference in volume
and amplitude of discharges. Timing errors correspond to a shift in time. We created a
synthetic hydrograph corresponding to one flood event as the reference (observed) time
series. We also generated synthetic transformations — of the reference time series — with
different errors on bias and variability corresponding to time series simulated by a model.
We did not consider any timing errors as our aim is to assess counterbalancing errors
induced by bias and variability parameters. Synthetic transformations were generated by
multiplying the reference time series by a coefficient w:

Qs(t) = Qo(t) * W (521)

where Q,(t) stands for the transformed discharge at the time ¢, Q,(¢) the reference
discharge at the time ¢ and w a coefficient. w values were sampled uniformly on the log-
transformed interval [-0.36, 0.36] at a defined step of 0.002 to ensure a fair distribution
between underestimated and overestimated transformations. The exponentiation in base
10 of the sampled values results in 361 w values evenly distributed around the w = 1 ho-
mothety, which corresponds to the reference time series (i.e. absence of transformation).
We defined w bounds such that the transformed peak discharge roughly ranges from half
(w = 0.437 ~ 10793%) to twice (w ~ 2.291 ~ 103%) compared to the reference time series.
Note that (i) the data linearity between simulated and observed values is verified, and
(ii) w homotheties still induce small timing errors — which were considered negligible —
because the correlation coefficients (r and r,) also slightly account for the shape of the
transformation.

To study counterbalancing errors induced by bias and variability p<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>