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ABSTRACT

This research project aims at increasing knowledge on the mechanisms controlling the deforma-
tion of clayey landslides through the combination of passive seismic and geodetic monitoring. Recent
studies have demonstrated that seismic monitoring is able to give interesting information on land-
slide mechanics and in some case to provide precursory patterns useful for failure forecasting. The
recent installation of seismometers on landslides revealed a variety of seismic signals of law magni-
tude (ML < 1) suspected to be generated by slope deformation (falling, toppling, sliding, flowing),
weathering of the slope material or fluid circulation. This endogenous seismicity needs to be catego-
rized. We thus proposed a standard classification of the endogenous seismic sources; the objective of
this standard is to be able to compare the seismic activity of several landslides and identify the mecha-
nisms generating these seismic signals as well as their correlation with external forcing. Several signal
properties (i.e. duration, spectral content and spectrogram shape) are taken into account to describe
the different class of signals and allow generic comparison. We observe that similar signals recorded
at different sites present the same properties and discussed the possible seismic sources considering
the type of deformation observed on the studied slopes. These signal properties are used as features
to classify the endogenous sources using machine learning algorithms. Indeed, manual classifica-
tion of long seismological records is time-consuming and may be highly subjective. We proposed an
automatic classification method based on the computation of 71 seismic attributes and the use of a
supervised classifier. No attribute was selected a priori in order to create a generic multi-class clas-
sification method applicable to many landslide contexts. The method can be applied directly on the
results of a simple detector. The automatic algorithm retrieves nearly 90% of sensitivity in compar-
ison to a manually interpreted catalogs considered as references. We then proposed a new method
(APOLoc) for automatizing seismic source location. Source location is a difficult problem on land-
slides because of the limitations imposed either by picking errors on the seismic waves arrival and
by the use of inappropriate (or too simplistic) seismic velocity models. We propose a methodology
to take into account these two sources of error. The methodology is iterative and uses an accurate
P-wave velocity model (constructed from refraction seismic profiles) to locate the sources. The pick-
ing of the P-wave arrivals is performed initially with a Kurtosis-based algorithm and a first estimate
of the location is calculated by analyzing the amplitude of the signal; the picking and the location
are then iteratively improved until the correlation of the first arrivals is maximized. Finally, advanced
catalogs of seismic sources are constructed for both long-term and short-term observation periods
at selected landslides. The number of events, their properties and their location are correlated to the
surface deformation pattern measured by GNSS and ground-based radar data, and to environmental
parameters such as rainfall, snowmelt and pore-water pressures. Seismic activity rates are analyzed,
and the regime of slope deformation are discussed.

The approach and the methods are developed and tested on the seismological and geodetic
datasets acquired at the Super-Sauze landslide (Southeast French Alps).
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RÉSUMÉ LONG

Les instabilités gravitaires représentent chaque année un risque majeur pour les sociétés à la fois
en termes de dégâts matériels et humains. Sur les vingt dernières années (1995-2014), elles ont été
responsables de 2154 victimes dont 1370 morts en Europe (Haque et al., 2016). Dans le monde, elles
ont causé 32 322 victimes entre 2004 et 2010 (Petley, 2012). En moyenne, elles représentent de 1 à 4
milliards d’euros de pertes économiques par an (e.g. Europe, (Haque et al., 2016), USGS). La gestion
de ce risque naturel reste difficile en particulier parce que les mécanismes physiques responsables du
déclenchement et de l’accélération des glissements de terrain restent encore mal compris. En effet,
plusieurs facteurs extérieurs, comme les fortes pluies, les tremblements de terre ou la fonte des neiges,
peuvent interagir pour contrôler leur déclenchement. Lorsqu’une instabilité gravitaire est identifiée,
des interventions de confortement comme l’installation de drains peuvent permettre de réduire les
probabilités de rupture. Cependant, l’accélération soudaine de l’instabilité reste difficile à prédire à
l’heure actuelle et les solutions proposées consistent en général à mesurer le déplacement superficiel
du glissement pour estimer une date de rupture potentielle.

Depuis une dizaine d’années, la sismologie environnementale connaît un essor continu et
s’impose progressivement comme un nouveau domaine d’étude. Celle-ci s’intéresse aux sources sis-
miques générées par les processus de surface (i.e. volcans, glaciers, rivières, glissements de terrain) ou
encore les constructions humaines (i.e. ponts, barrages, immeubles). En effet, la sismologie est une
méthode d’observation non-invasive, sensible aux processus de surface ou de sub-surface et permet-
tant une mesure à haute fréquence (> 50Hz) et par conséquent, une résolution temporelle très précise
(et difficilement égalée). Un intérêt grandissant est porté sur les signaux sismiques générés à l’échelle
globale et locale par les instabilités gravitaires. La théorie et les expériences de laboratoires montrent
l’existence possible de signaux sismiques précurseurs à l’activation des glissements de terrain. Des
réseaux et des campagnes de mesures comportant des sismomètres se sont développés ces dernières
années pour la surveillance des instabilités gravitaires à l’échelle locale (< 1km). L’analyse des sig-
naux haute fréquence (> 1 s) a permis de documenter de nombreux signaux mais la caractérisation
des sources à l’origine de ces signaux reste difficile. Ce type de signaux a déjà été observé mais pour
un nombre encore restreint de cas à distance du versant (Caplan-Auerbach and Huggel, 2007a, Ya-
mada et al., 2016a, Poli, 2017, Schöpa et al., 2017) et pour une seule fois par un réseau installé sur et à
proximité du massif effondré (Amitrano et al., 2007). Par conséquent, les observations sismologiques
peuvent constituer un observable supplémentaire et pertinent, pour comprendre les mécanismes de
déformations, mais aussi, dans certains cas, pour intégrer des système d’alerte.

Dans ce travail, nous proposons de développer des méthodes sismologiques appliquées à la
surveillance des glissements de terrain à l’échelle locale des pentes instables. Les travaux portent
sur l’analyse des sources sismiques induites par les glissements de terrain de roches molles carac-
térisées par des matériaux meubles non consolidés. Ils sont souvent classés comme glissements de
terrain à déplacement lent (vitesse < 10 m.month−1), bien qu’ils puissent être soumis à une fluidisa-
tion soudaine du sol et évoluer à mesure que les débris coulent citep Malet2005, Vanasch2006, Main-
sant2012a . Leur réactivation et / ou leur accélération sont actuellement très difficiles à prévoir car ils
sont fortement sensibles aux petites fluctuations du champ de contraintes et aux légers changements
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du réseau de contact sur la surface de glissement. L’augmentation de la pression de l’eau intersti-
tielle est le facteur le plus commun contrôlant l’activité de ces glissements de terrain. Par conséquent,
des méthodes ont été développées pour prédire le déplacement de surface par des modèles hydro-
géomécaniques, la mesure des précipitations et / ou de la pression interstitielle, afin de contrôler la
circulation de fluide à partir de la tomographie par résistivité électrique citepuhlemann2017 ou pour
détecter le début de la liquéfaction à partir de la corrélation sismique du bruit ambiant citep Main-
sant2012b, Mainsant2012a. Cependant, des défaillances ou une réactivation de glissements de terrain
argileux peuvent également résulter de la présence d’arcs de force à travers le réseau de contact entre
les grains, ce qui conduit à des hétérogénéités de contraintes à une échelle nettement plus grande
que celle des grains eux-mêmes. Cette caractéristique peut entraîner une forte avalanche d’activité
précurseur justifiant la surveillance sismique de ces pentes.

Différentes études ont porté sur les sources sismiques endogènes générées par les glissements de
terrain de roches molles. Étonnamment, de nombreuses sources ont été enregistrées tandis que le flu-
age asismique était le principal comportement supposé. cite Gomberg1995 est parmi les premières
études à avoir installé des sismomètres sur le glissement de terrain de Slumgullion (États-Unis). Des
signaux sismiques ont été enregistré et ont été associés à des ruptures fragiles le long des surfaces de
cisaillement limitrophes. Ils ont répété cette expérience avec un réseau sismique plus dense et une
période d’acquisition plus longue plusieurs années plus tard et ont confirmé la présence d’une activité
sismique riche de cette pente citep Gomberg2011. Cependant, ils ont souligné la difficulté d’analyser
l’ensemble de données et en particulier de localiser précisément les sources et de comparer les taux
de déplacement discrets avec la distribution de la sismicité. Par conséquent, le lien entre le fluage à
l’état d’équilibre du glissement de terrain et les signaux analogues à des tremblements n’a pu être con-
firmé. Des recherches similaires de courte durée ont été menées sur les pentes de Heumoes (Autriche),
Super-Sauze (France) et Valoria (Italie) citep Walter2011, Walter2013, Tonnellier2013. Ils ont confirmé
la présence de signaux de rupture fragiles sur les glissements de terrain de roches tendres et ont tenté
d’analyser leur occurrence spatio-temporelle. Sur le plan spatial, les fractures fragiles sont supposées
se produire soit aux surfaces latérales du glissement de terrain (Slumgullion et Super-Sauze), soit à
la surface de glissement basale (Heumoes). En fonction du glissement de terrain, ils sont corrélés à
la zone qui se déplace le plus rapidement (Super-Sauze, Slumgullion) ou plus lente (Heumoes). Au
fur et à mesure que survient une rupture fragile, les sources sismiques sont associées à la localisation
des zones non saturées des glissements de terrain formés principalement par la géométrie du sub-
strat rocheux citep Walter2012, Walter2013, Tonnellier2013. Les ruptures fragiles augmentent après
de fortes pluies citep Walter2012, Tonnellier2013 mais la corrélation avec le déplacement de surface
reste faible. De fortes accélérations du glissement de terrain sont observées avec une augmentation
des événements de rupture fragiles citep Gomberg2011, Tonnellier2013 mais, lors de régimes cinéma-
tiques plus lents, aucune corrélation n’est trouvée alors qu’une légère accélération est observée citep
Tonnellier2013. Comme le soulignent les études, les sources sismiques générées lors de la déforma-
tion des glissements de terrain restent difficiles à interpréter en raison: a) de l’emplacement incertain
de la source empêchant l’interprétation des sources et / ou l’inversion des mécanismes focaux; b) de
la courte durée des campagnes de mesure (quelques mois), c) l’absence de jeux de données de surface
distribués pour corréler l’occurrence de la source à des modèles de déformation spécifiques. De plus,
un cadre général de classification et d’analyse des sources sismiques générées par les instabilités des
pentes fait actuellement défaut et empêche la comparaison entre les sites et la compréhension des
mécanismes à l’oeuvre.

En prenant en compte, le nombre actuel de réseaux sismologiques installés et le nombre croissant
de publications sur le thème, mes travaux de thèse consiste à développer des méthodes de traitement
adaptées au suivi sismologique des instabilités gravitaires à l’échelle locale. En particulier, nous nous
sommes intéressés à documenter et analyser les sources sismiques générées par les glissements de
terrain argilo-marneux caractérisés par des matériaux meubles et non consolidés. Ces glissements
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évoluent le plus souvent avec des vitesses lentes (< 10 m.mois−1) bien qu’ils soient aussi sujets à
des liquéfactions soudaines pouvant évoluer en laves torrentielles. Leur réactivation/accélération est
actuellement très difficile à prévoir car leur stabilité est très sensible à de faibles variations du champ
de contrainte et à de légères modifications des propriétés mécaniques des matériaux. Plusieurs pro-
cessus mécaniques contrôlant la cinématique des glissements de terrain peuvent ainsi être à l’origine
des ondes sismiques. En combinant observations sismologiques et géodésiques, nous souhaitons ap-
porter des éléments de réponse aux questions suivantes :

• Quels sont les processus physiques “d’origine gravitair” associés à l’émission d’ondes sismiques
?

• Quelles informations peut-on tirer de leur distribution spatiale et temporelle sur les modes de
déformations des glissements argilo-marneux ?

• Est-ce que l’augmentation du nombre de signaux sismiques d’origine gravitaire est un signe
précurseur fiable pour prédire l’accélération et/ou la rupture d’un glissement argilo-marneux ?

Afin de répondre à ces questions, les objectifs de la recherche sont les suivants :

• Proposer une nomenclature standardisée de la sismicité endogène des mouvements de terrain.

• Développer une méthode de classification automatique des signaux sismiques enregistrés afin
d’accélérer et d’objectiver la construction de catalogues instrumentaux.

• Développer une méthode de localisation des sources sismiques afin d’associer les sources sis-
miques à la déformation observée.

• Documenter la déformation de glissements de terrain par des campagnes de mesures de dé-
placement de surface à haute fréquence spatiale et temporelle (par radar interférométrique ter-
restre) et l’installation de réseau dense de sismomètres.

• Analyser de manière jointe des jeux de données sismologiques et géodésiques pour améliorer la
compréhension du lien entre l’occurrence de signaux sismiques et la déformation observée.

Les recherches ont été menées à l’Université de Strasbourg à l’Institut de Physique du Globe de
Strasbourg (IPGS, UMR 7516 CNRS-UNISTRA), sous la supervision du Dr. J.-P. Malet et Dr. C. Doubre.
Il a été réalisé dans le cadre des projets français financés par SAMCO, HYDROSLIDE et TIMES, et
certaines des méthodes développées seront utilisées pour calculer des produits avancés pour Ob-
servatoire français des glissements de terrain - OMIV. Les méthodes développées durant cette thèse
ont principalement été testé sur des données acquises sur le glissement de Super-Sauze (Alpes-de-
Haute-Provence, France) par l’Observatoire Multi-disciplinaire des Instabilités Gravitaires (OMIV). Le
glissement de Super-Sauze a commencé à se développer dans les années 1960 dans les marnes noires
charactéristiques de la vallée de l’Ubaye. Sa longueur et sa largeur actuelles sont de 1 km et 200 m
respectivement et le glissement de terrain est orienté dans la direction nord-sud. Sa longueur et sa
largeur actuelles sont respectivement de 1 km et 200 m et le glissement de terrain est orienté nord-
sud. Sa profondeur est estimée à 15-20 m citep Travelletti2012b pour un volume total de 750 000 m
3. Il est classé comme un glissement de terrain actif lent, mais les taux de déplacement sont très vari-
ables (de 0,01 à 0,40 m.j −1). Ce site a été activement étudié et surveillé depuis les années 1990. En tant
que sites permanents de l’Observatoire des multi-disciplinaires des instabilités de Versants, plusieurs
instruments ont été installés tels que le GPS, les piézomètres, les inclinomètres et, depuis 2013, deux
antennes sismiques. Les données acquises sur d’autres sites et par d’autres groupes de recherche ont
aussi été analysées afin de comparer les signaux sismiques.
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Cette thèse s’articule en quatre chapitres: le premier proposent, dans un premier temps, une
revue des études sismologiques menées précédemment sur les glissements de terrain et dans un
second temps, proposent une typologie générale de classification des signaux sismiques associé à
la déformation des glissements de terrain. Une fois ce cadre posé, les chapitres 2 et 3 présentent
les développements réalisés pour automatiser la construction de catalogues de sismicité. En partic-
ulier, une méthode de classification générique et une méthode de localisation sont proposées dans
les chapitres 2 et 3 respectivement. Enfin, le chapitre 4 applique ces méthodes sur les données per-
manentes de Super-Sauze et le catalogue de sismicité ainsi réalisé est comparé aux données de défor-
mations, météorologiques et piézométriques.

Le Chapitre 1 propose une revue de l’ensemble des sites équipés ou ayant été équipés avec des
sismomètres à travers le monde. Le type d’instrumentation ainsi que les stratégies de déploiement y
sont développés. Les jeux de données de 14 sites ont pu être rassemblés et analysés. L’étude comparée
de ces signaux a permis de proposer une typologie standard des sources sismiques endogènes de
processus gravitaires. Le but de cette typologie est de proposer un cadre à l’analyse des signaux
sismiques enregistrés lors de la déformation d’instabilités gravitaires permettant la construction de
catalogues standardisés et la comparaison des signaux obtenus sur différents sites afin de converger
vers des interprétations fiables de la sismicité générées par les instabilités gravitaires.

Ce chapitre est basé sur l’article cité et résumé ci-après:

Provost, F., Malet, J.-P., Hibert, C., Helmstetter, A., Radiguet, M., Amitrano, D., Langet, N., Larose, E.,
Abancó, C., Hürlimann, M., Lebourg, T., Levy, C., Le Roy, G., Ulrich, P., Vidal, M., and Vial, B. (2018).
Towards a standard typology of endogenous landslide seismic sources, Earth Surf. Dynam. Discuss.,
https://doi.org/10.5194/esurf-2018-23 (in review).

Résumé: L’objectif de ce travail est de proposer une classification standard des signaux sismiques
générés par des pentes instables et détectés à courte distance (< 1 km). Nous examinons d’abord les
différentes études où des instruments sismiques ont été installés à l’échelle de la pente. Le choix des
instruments sismiques et des géométries de réseau est présenté et discuté. Pour construire la typologie
proposée, les observations sismiques acquises sur 14 sites sont analysées. Les sites sont représentatifs
de divers types de glissements de terrain (ie. Glissement, chute, renversement et écoulement) et de
matériaux (ie. des sols non consolidés aux roches consolidées). Nous étudions la bande de fréquences
1-100 Hz où la plus grande partie de l’énergie sismique est enregistrée à ces distances entre capteurs
et sources permettant de comparer les signaux sismiques enregistrés. Plusieurs propriétés du signal
(durée, contenu spectral et forme du spectrogramme) sont prises en compte pour décrire les sources. Les
propriétés des signaux sont corrigées à partir de la réponse du signal du capteur et sont calculées dans la
même bande de fréquence pour permettre la comparaison. Nous observons que des processus similaires
génèrent des signaux similaires sur différents sites. Trois classes principales sont proposées: les sources
de rassemblement "Slopequake" potentiellement présentes dans le corps du glissement de terrain et les
"Rockfall" et "Granular Flow" rassemblant les signaux sismiques générés par la déformation à la sur-
face du glissement de terrain. Plusieurs sous-classes sont proposées pour différencier des propriétés de
signaux spécifiques (par exemple, résonance, contenu harmonique, etc.). Nous décrivons les propriétés
du signal de chaque classe et présentons plusieurs exemples de signaux de la même classe enregistrés
sur différents sites et discutons de leurs sources potentielles. La typologie proposée vise à servir de cadre
pour des comparaisons plus poussées de la micro-sismicité endogène enregistrée sur les glissements de
terrain. Les signaux discutés dans le manuscrit sont distribués en tant que matériel supplémentaire.

Le Chapitre 2 se concentre sur les méthodes de création automatique de catalogues instrumen-
taux de sources sismique de processus gravitaires. La construction de ces catalogues est un point
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crucial de l’analyse des données sismologiques permettant d’analyser l’évolution temporelle de
l’occurrence des sources de sismicité. Le développement de réseaux sismologiques denses conduit
à une multiplication du nombre de données à traiter. La construction manuelle de ces catalogues
représente un temps de travail important tant pour traiter les données que pour former les opérateurs
à reconnaître les différentes classes de signaux. De plus, l’interprétation d’un signal peut fortement
varier d’un opérateur à un autre et ainsi générer des biais important dans l’analyse de la sismicité
des glissements de terrain. La mise en place de méthodes de classification permet de réduire à la fois
les temps de traitement de ces données et de fournir des catalogues génériques et objectifs. Nous
proposons une méthode de classification automatique fondé sur un algorithme d’apprentissage
machine dit « Forêt Aléatoire ». Une liste d’attributs a été établi afin de décrire le plus précisément
possible les signaux sismiques pour le site experimenal du glissement de Super-Sauze. Au final, 71
attributs ont été retenus pour décrire la forme d’onde, le contenu spectral, l’évolution du contenu
spectral et les caractéristiques des signaux en fonction de la localisation du capteur d’enregistrement.
La méthode proposée permet d’obtenir des taux de classification « correcte » élevés, supérieure à la
variance entre deux personnes classifiant les mêmes signaux.

Ce chapitre est basé sur l’article cité et résumé ci-après:

Provost, F., Hibert, C. and Malet, J.-P. (2017). Automatic classification of endogenous landslide
seismicity using the Random Forest supervised classifier. Geophysical Research Letters, 44, 113–120,
doi:10.1002/2016GL070709.

Résumé: La déformation des glissements de terrain lents se développant dans les argiles induit
une sismicité endogène d’événements de faible magnitude (ML < 1). Des enregistrements sismiques
longs et des catalogues complets sont nécessaires pour identifier le type de sources sismiques et com-
prendre leurs mécanismes. La classification manuelle des enregistrements longs prend du temps et peut
être subjective. Nous proposons une méthode de classification automatique basée sur le calcul de 71
attributs sismiques et l’utilisation d’un classificateur supervisé. Aucun attribut n’a été sélectionné à
priori afin de créer une méthode de classification générique multi-classes applicable à de nombreux
contextes de glissements de terrain. La méthode peut être appliquée directement sur les résultats d’un
détecteur simple. Nous avons développé l’approche du réseau sismique de 8 capteurs du glissement de
terrain riche en argile de Super-Sauze (Alpes du Sud françaises) pour la détection de quatre types de
sources sismiques. L’algorithme automatique récupère 93% de sensibilité par rapport à un catalogue
interprété manuellement considéré comme référence.

Le Chapitre 3 décrit le développement d’une méthode de localisation automatique des sources
sismiques générées par la déformation des glissements de terrain. Cette étape est cruciale (lorsqu’elle
est possible) pour interpréter les sources et pour identifier les zones actives des glissements. La
méthode développée est fondée sur le pointé automatique des premières arrivées. Celui-ci est réalisé
en plusieurs étapes : 1) un premier pointé est déterminé à l’aide de la fonction kurtosis, 2) le pointé
est progressivement amélioré en corrélant les signaux des différentes traces. Afin d’améliorer la local-
isation et de réduire le temps de calcul, l’amplitude des signaux est aussi considérée pour déterminer
de façon grossière la zone de recherche. La méthode est testée sur le glissement de Super-Sauze où un
modèle de vitesse des ondes P en 3D a aussi été construit à partir d’une campagne de tomographie
sismique. La méthode couplée à l’utilisation d’un modèle de vitesse sismique d’ondes P en 3D permet
d’améliorer significativement la localisation des sources en réduisant par deux l’erreur sur l’épicentre
de tirs de calibration.

Ce chapitre est basé sur l’article cité et résumé ci-après:
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Provost, F., Malet,J.-P., Helmstetter, A., Gance, J., and Doubre, C. (2018). Automatic approach
for increasing the location accuracy of slow-moving landslide endogenous seismicity: the APOLoc
method, Geophysical Journal International (accepted, in press).

Résumé: Les observations sismologiques offrent des indications précieuses sur les états de contrainte-
déformation, les mécanismes physiques et les éventuels signes précurseurs de l’activation de divers
processus de superficiels (volcans, glaciers, glissements de terrain). Les catalogues complets de la sismic-
ité des glissements de terrain endogènes, c’est-à-dire correspondant aux sources sismiques générées par
la pente instable d’origine mécanique ou hydrologique, devraient inclure la typologie et une estimation
des paramètres sources (emplacement, magnitude) de l’événement. Ces catalogues avancés constituent
une base solide pour mieux décrire la déformation de la pente et son évolution temporelle et mieux
comprendre les facteurs de contrôle. Étant donné que le nombre d’événements sismiques dans les
catalogues de glissements de terrain est généralement important, des approches automatiques doivent
être envisagées pour définir à la fois la typologie et l’emplacement des sources. Nous proposons ici
une nouvelle approche de localisation appelée textit Optimisation de la sélection automatique et
méthode de localisation - textit APOLoc pour localiser les sources sismiques endogènes des glissements
de terrain à partir de réseaux sismologiques situés à proximité. L’approche est basée sur le prélèvement
automatique des arrivées d’ondes P en optimisant les corrélations inter-traces. La méthode est testée sur
des coups de calibrage réalisés au glissement de Super-Sauze (Alpes du Sud-Est) et comparée à d’autres
approches de localisation. En utilisant un modèle de vitesse réaliste obtenu à partir d’une campagne
de tomographie sismique, textit APOLoc réduit les erreurs de l’épicentre à 23 m (en moyenne) par
rapport à ca. 40 m pour les autres approches. textit APOLoc est ensuite appliqué pour documenter la
sismicité endogène du glissement de terrain étudié (c’est-à-dire les “slopequakes” et les chutes de pierres).

Finalement, le Chapire 4 documente l’analyse de trois années d’observations sur le glissement
de Super-Sauze (Alpes de Hautes Provence, France) où deux antennes sismologiques ont été instal-
lées depuis 2013. Les catalogues de sismicité sont créés à l’aide des méthodes développées dans le
Chapitre 2 et Chapitre 3. La distribution temporelle et spatiale des catalogues correspondants aux
sources associées à la déformation du glissement (i.e. chute de blocs, « slopequake ») sont ensuite
analysées. Des corrélations sont calculées entre la série temporelle des sources sismiques et a) les
données de précipitation enregistrées par la station météorologique localisées à 500 m du glissement
b) les données de déplacement trois stations GPS situés sur le glissement pour les données perma-
nentes ou du GB-SAR pour les données temporaires. Les cartes de sismicité sont aussi calculées et
comparées aux données de déplacement distribuées (LiDAR) disponibles sur cette période pour les
données permanentes et aux données GB-SAR pour les données de la campagne temporaire. Les
résultat préliminaires de cette partie semble confirmer l’existence de signaux sismiques précurseurs à
l’accéleration du glissement. On observe également une diminution de signaux de type "slopequake"
lorsque la vitesse du glissement devient constante et que le niveau de la nappe atteind un maximum
local. Une augmentation du nombre de "slopequake" est de nouveau observée lors de la décélération
du glissement alors que le niveau de la nappe d’eau décroît. Ces résultats suggèrent que la possibilité
d’enregistrer de signaux sismiques précurseurs à l’accélération des glissements argilo-marneux
dépend fortement de la teneur en eau du sol. L’analyse de la répartition spaciale et temporelle
des chutes de blocs montrent des variations saisonnières dans la localisation des chutes de blocs
detectées mais aussi, un changement de localisation de la zone active de l’escarpement principal. Les
chutes de blocs sont majoritairement déclenchées sur quelques heures voires quelques jours (i.e. >
80 chutes de blocs par jour) lors des périodes de fortes précipitations en automne et de la fonte des
neiges au printemps.
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Ce chapitre est basé sur l’article cité et résumé ci-après:

Provost, F., J.-P. Malet, C. Hibert, J. Point, C. Doubre. Patterns of landslide endogenous seismic-
ity and their relationships with environmental forcings and motion, (submitted)

Abstract: L’activation des instabilités gravitationnelles reste difficile à prévoir efficacement car
elles peuvent être déclenchées par une combinaison de forçages externes et de processus internes. En
particulier, les glissements de terrain argileux présentent une transition solide à fluide entraînant une
accélération soudaine et difficilement prévisible. Nous avons analysé les sources sismiques générées par
l’accélération de la pente au lanslide argileux de Super-Sauze. Trois années de données sismiques ont
été analysées en utilisant un traitement automatique pour construire un catalogue de sismicité pour les
séismes et les signaux de chutes de pierres. Ces dernières sont corrélées aux données météorologiques,
au niveau des eaux souterraines et au mouvement des pentes. Nous avons constaté que la présence
de sources sismiques était significativement corrélée aux précipitations et cessait rapidement lorsque
la pluie s’arrêtait pour les chutes de pierres, tandis que le temps de relaxation était plus long pour
les “slopequakes” (ie. microséismes générés par la déformation de l’instabilité). La présence de cycles
de sismicité associés à l’accélération et à la décélération de la pente est observée. En effet, toutes les
accélérations de la pente sont précédées par une augmentation du taux de “slopequakes” qui diminue
lorsque le mouvement de la pente atteint une vitesse constante pendant le maximum local du niveau
de la nappe phréatique. La décélération de la pente est alors associée à la décélération de la pente. Ceci
suggère que le taux de sources sismiques générées par le mouvement de la pente n’est pas linéairement
proportionnel à la vitesse de la pente, mais fortement contrôlé par la teneur en eau du sol.

Le Chapitre 5 propose une discussion et une conclusion générale des précédents chapitres et
propose des pistes d’améliorations pour les parties méthodologiques. En effet, les méthodes séis-
mologiques proposées dans cette thèse nécessitent encore des développements pour être intégrées
dans des outils opérationnels de surveillance des instabilités gravitaires mais sont prometteuses pour
la compréhension des mécanismes à l’oeuvre lors de l’activation des instabilités de versant.
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INTRODUCTION

Research context: micro-seismicity of Earth surface processes

On April 18, 1889, an earthquake occurs in Tokyo (Japan) and is recorded for the first time at ca. 8000
km distance in Postdam (Germany) by two horizontal pendulums (Von Rebeur-Paschwitz, 1889). This
revolutionary discovery lead to the development of Seismology, a new domain of Earth Sciences ded-
icated to the understanding of earthquakes and of the structure of the Solid Earth with seismic waves.
Significant steps in the comprehension of the physical processes acting on the Earth have been en-
abled during the 20th century by the development of the seismological instrumentation, the multipli-
cation of instruments worldwide as well as a continuous effort in data processing, diffusion and in-
terpretation. Progressively, the scientific community focused its research to the analysis of other, less
energetic (lower magnitude) sources of seismic waves such as tremors, low-frequency earthquakes in
subduction zones, reservoir induced micro-seismicity and more recently surface processes.

In the recent years, a growing attention has been dedicated to Environmental Seismology. This
field of seismology aims to investigate the natural seismic sources generated by Earth surface pro-
cesses (i.e. volcanoes, glaciers, rivers, landslides) but also human-made structures (i.e. dams, build-
ings). This is explained by the advantage of seismic monitoring being non-invasive, sensitive to phys-
ical processes occurring at the surface or in depth and the high sampling frequency (>50 Hz) of the
acquisition providing an accurate (and hardly equaled) time resolution. On volcanoes, eruptions and
fluid migrations are detected and analyzed efficiently with seismic sensors (Chouet et al., 1994, Fer-
razzini et al., 1991, Benoit and McNutt, 1997, Massin et al., 2011); more recently, cryo-seismology
investigated the seismic sources generated during glacier deformation (e.g. calving, glacier sliding,
moulin fluid circulation) with significant results (Podolskiy and Walter (2016) and references therein).

Since the 1990s, a growing number of studies have investigated the seismic radiations generated
by landsliding at both global and local scales. Large landslides generate seismic radiations that can
be detected at large disances (> 20 km) distances. Increasing the density of regional seismic net-
works worldwide hence presents a significant interest to construct exhaustive instrumental catalogs
(Dammeier et al., 2016) and complements field testimonies and remote sensing inventories. More-
over, the recorded low-frequency radiations (> 10 s) can be inverted to estimate the landslide force
history Ekström and Stark (2013), Yamada et al. (2013), Allstadt (2013), Hibert et al. (2014b,c) and re-
trieve critical landslide properties such as duration, mass, basal friction, and run-out trajectories. As
predicted by theory and laboratory experiments, possible precursory events are also expected before
mass collapse but have been recorded only a few times (Yamada et al., 2016a, Poli, 2017, Schöpa et al.,
2017). Local seismic networks have also started to be installed around specific unstable slopes. At this
scale, seismic monitoring is expected to be a reliable and complementary observable for landslide
monitoring mainly to identify some precursors of a main rupture. A large variety of seismic events
are documented from the analysis of high-frequency signals (>1 s). However, the characterization of
the seismic sources from the seismic radiation remains challenging because of high attenuation in
landslide media and of the complexity of high-frequency radiations.
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Research objectives

In this work, we propose to develop seismological methods applied to landslide monitoring at the lo-
cal scale of unstable slopes. The work focuses on the analysis of the micro-seismic sources induced by
soft-rock landslides, which are characterized by loose, unconsolidated material. They are often clas-
sified as slow-moving landslide (velocity < 10 m.month−1) although they may be subjected to sudden
soil fluidization and may evolve as debris flows (Malet et al., 2005, van Asch et al., 2006, Mainsant et al.,
2012a). Their reactivation and/or acceleration are currently very difficult to predict because they are
strongly sensitive to small fluctuations of the stress field and to slight changes of the contact network
at the slip surface. Increase of pore water pressures is the most common factor controlling the activity
of these landslides. Consequently, methods have been developed to predict the surface displacement
through hydro-geomechanical models, precipitation and/or pore pressure measurement (Bernardie
et al., 2015), to monitor fluid circulation from electrical resistivity tomography (Uhlemann et al., 2017,
Lebourg et al., 2005, Travelletti et al., 2012, Gance et al., 2016) or to detect liquefaction onset from seis-
mic ambient noise correlation (Mainsant et al., 2012b,a). However, failures or reactivation of clayey
landslides may also arise naturally from the presence of force arches exerted through the contact net-
work between the grains that leads to stress heterogeneities at a scale significantly larger than the scale
of the grains themselves. This feature may results in a high avalanche of precursor activity justifying
seismic monitoring of these slopes.

Different studies investigated the endogenous micro-seismic sources generated by soft-rocks
landslides. Surprisingly, numerous sources were recorded while aseismic creep was the main assumed
behavior. Gomberg et al. (1995) is among the first study to have installed seismometers on a landslide.
At the Slumgullion earthflow (USA), they recorded “slide quakes” events that they associated to brit-
tle failures along side bounding shear surfaces. They repeated this experiment with a denser seismic
network and longer period of acquisition several years later and confirmed the presence of a rich seis-
mic activity of this slope (Gomberg et al., 2011). However, they pointed out the difficulty to analyze
the dataset and in particular to locate accurately the sources and compare the discrete displacement
rates with the distribution of the seismicity. Hence, the link between the landslide steady-state creep
and the recorded tremor-like signals could not be confirmed. Similar short-time investigations were
pursued at the Heumoes (Austria), Super-Sauze (France) and Valoria (Italy) slopes (Walter et al., 2011,
2013b, Tonnellier et al., 2013). They confirmed the presence of brittle fracture signals on soft-rock
landslides and attempted to analyze their spatio-temporal occurrence. Spatially, the brittle fractures
are assumed to occur either at the side-bounding surfaces of the landslide (Slumgullion and Super-
Sauze) or at the basal slipping surface (Heumoes). Depending on the landslide, they correlate to the
area moving the faster (Super-Sauze, Slumgullion) or the slower (Heumoes). As brittle failure occurs,
the seismic sources are associated to the location of unsaturated zones of the landslides mostly formed
by bedrock geometry (Walter et al., 2012a, 2013b, Tonnellier et al., 2013). Brittle failures are found to
increase after heavy rainfall (Walter et al., 2012a, Tonnellier et al., 2013). The correlation with the
surface displacement is less significant. Strong accelerations of the landslide are observed with an
increase in brittle failure events (Gomberg et al., 2011, Tonnellier et al., 2013) but during slower kine-
matic regimes no correlation is found while slight acceleration is observed (Tonnellier et al., 2013). As
pointed out by the studies, the seismic sources generated during soft-rock landslide deformation re-
main difficult to interpret due to a) uncertain source location preventing source interpretation and/or
focal mechanisms inversion, b) short durations of the seismic campaign (often only a few months),
c) the lack of distributed surface datasets to correlate the source occurrence to specific deformation
patterns. Moreover, a general framework for classifying and analyzing seismic sources generated by
slope instabilities is currently missing and prevents comparison between the sites and further com-
prehension of the mechanisms at works.
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Research questions

The objective of our research is to investigate the relation between external forcing, surface displace-
ment and seismic sources occurrences in soft-rock (clayey) landslides in order to answer the following
questions:

• When and where do the seismic sources occur? What kind of physical processes generate these
seismic sources?

• What information on the deformation can we deduce from the spatial and temporal distribution
of the seismic events? Are seismic events possible precursors of the deformation and/or do they
occur simultaneously?

To try to answer to these questions, we propose 1) to construct relevant catalogs with a standardized
description of the sources, 2) to locate accurately the sources, 3) to correlate the seismic activity rate to
the surface deformation rate and to forcings parameters in space and time. More precisely, the work
carried out in this thesis consisted in:

• Field data acquisition at several sites in order to document at high frequency seismicity and
surface displacement, by combining earth/spatial geodesy and seismology. Different sites have
been instrument, all located in the European Alps (France, Austria). The same procedure has
been applied and consisted in maximizing the number of seismic sensors installed on the slopes
and on documenting the surface deformation with several techniques (ground-based radar, ter-
restrial LiDAR, GNSS and photographs) Especially, ground-based radar offers a distributed and
high frequency acquisition (every 2 mins) of the surface displacement field.

• Developing data processing methods: robust processing chains adapted to landslide seismic
signals for automatic classification and localization of the sources have been tailored. The meth-
ods are developed to build generic catalogs of seismicity including location of the sources.

• Data analysis and interpretation: spatio-temporal correlation between the occurrence of the
seismic sources, precipitation, groundwater circulation, and surface motion are established.
Dataset acquired on both permanent seismic networks and campaign networks are analyzed.

Study sites

The dataset of three soft-rock landslides (Figure 1) located in the European Alps (France and Austria)
are used in the present work:

• Super-Sauze (French Alps), located in the Ubaye valley, started to develop in the 1960’s in weath-
ered black marls. Its current length and width are 1km and 200m respectively and the landslide
is oriented in the North-South direction. Its depth is estimated to 15 to 20m (Travelletti and
Malet, 2012b) for a total volume of 750,000 m3. It is classified an active slow-moving landslide
but the displacement rates are highly variable (from 0.01 to 0.40 m.day−1). This site has been ac-
tively studied and monitored since the 1990’s. As a permanent sites of OMIV (Observatoire des
Multi-disciplinaires des Instabilités de Versants), several instruments have been installed such
as GPS, piezometers, inclinometers and since 2013, two seismic arrays.

• Pechgraben (Austria), located in the in Austria, is a complex landslide that reactivated as a mud-
slide in 2013 after heavy rainfall. Displacement rates vary in space and time from mm.day-1 to
m.day−1 (Lindner et al., 2016). It developed in clayey colluvium and shales over an area of 0.848
km2 and a superficial depth of 8 m (Baron et al., 2017). Most of the landslide stopped moving
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after several drainage countermeasures (Baron et al., 2017). However, some part of the area were
not stabilized and remain active. Several measures and campaign have been carried out on the
site since 2013. In particular, we installed two broad-band seismometers and one short-period
seismic array during one month in 2016.

• Aiguilles – Pas de l’Ours (French Alps), located in the Queyras valley, is paleo-landslide that re-
activated with high displacement rates (> 0.5 m.day−1) in Spring 2017. It developed in uncon-
solidated schists and moraines. The current moving area is roughly 1 km × 1 km for a total
estimated volume of 10 millions cubic meters. The landslide is threatening a road the only ac-
cess to two villages and the supply of hydorelectric dam downstream. Consequently, numerous
instruments have been installed on the site among them the GB-SAR and four seismometers
since may 2017.
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Outline of the thesis

The thesis manuscript is divided in four chapters (Figure 2). The Chapter 1 provides a review the phys-
ical processes susceptible to generate seismic radiations on unstable slopes. The datasets of 14 sites
are compared in order to propose a standard typology of the endogenous seismic signals recorded at
proximity of unstable slopes. The possible sources of the recorded signals are also discussed.

In the Chapter 2, catalogs of seismicity are built in order to understand when do seismic sources
occur. One of the goals of this chapter is also to propose automatic and robust method to build the
catalogs. The recent development of Machine Learning algorithms offers different types of classifier
such as Neural Networks or Decision Trees. The latter is chosen and tested for the case of landslide-
induced seismicity. The classifier requires describing the signals as a vector of attributes. The latter
were defined taking into account the criteria analyzed by human operator to determine a signal class.

The Chapter 3 focuses on the location of the sources from the seismic signals. Indeed, this step
is crucial to interpret the sources of the signals and better understand the occurrence of the seismic
radiation recorded. This problem is challenging as soft-rock landslides are highly attenuating and
may present complex underground structure. A location procedure is proposed based on the picking
of the first arrivals and the use of the travel-time tables computed from a 3D velocity model. The latter
is built from a seismic campaign realized on the Super-Sauze landslide in August 2014. The location
procedure is tested and used on the seismic signals recorded at the Super-Sauze landslide.

Finally, Chapter 4 the goal is to understand the spatio-temporal occurrence of the seismic sources.
Correlations between the catalog of seismicity of the permanent stations on the Super-Sauze land-
slide and the precipitation and the displacement of two GPS stations are computed. The occurrence
of the seismic events in space and time are analyzed and related to landslide motion and hydro-
meteorological forcings.
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The research was conducted at the University of Strasbourg at the Institut de Physique du Globe de
Strasbourg (IPGS, UMR 7516 CNRS-UNISTRA), under the supervision of Dr. J.-P. Malet and Dr. C.
Doubre. It has been carried out in the framework of the french funded projects SAMCO, HYDROSLIDE
and TIMES, and some of the methods developed will be used to calculate advanced products for the
French Landslide Observatory - OMIV.
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CHAPTER 1| Typology of endogenous seismic
sources generated by gravitational slope movements

The objective of Chapter 1 is to propose a standard typology of the seismic signals generated by
gravitational instabilities and propose or discuss their sources mechanisms.

Several studies have presented examples of seismic signals generated by landslides empha-
sizing their variety and their complexity. If the processes occurring at the surface (rockfall, debris
flow, etc.) can easily be confirmed by other instrumental techniques (e.g. cameras, LiDAR surveys
, the seismic signals generated by internal sources are more complex to understand; they are
however important for understanding the landslide deformation pattern and could help for antic-
ipating mass acceleration or forecast failure. One can assume that the same mechanical processes
occur at different unstable slopes and, consequently, that the seismic signals share some common
features. Proposing a generic and standard classification scheme of landslide endogenous seismic
sources will help to correlate the seismic signals to mass movement activity (motion for landslides,
number and size of falls for rockfalls) and hence to propose an interpretation for the source
mechanism. Proposing a standard classification is also relevant for comparing the seismic activity
recorded at several sites and propose relationships with the landslide forcing factors.

The first part of the chapter proposes a review of the previous results and methodologies de-
veloped for the seismic monitoring of landslide (Section 1.1), a description of the expected seismic
sources for the landslide types (Section 1.2), and a review of the instrumented sites and monitoring
strategies (sensors, array) worldwide (Section 1.3).

The second part of the chapter presents the classification scheme (Section 1.6) and the methodol-
ogy to quantify the features of the signals (Section 1.5). Datasets of 14 sites have been analyzed to
establish the classification. The sites are representative of the variety of soils/rocks and movements
observed for landslides Hungr et al. (2014).

The chapter is based on:

Provost, F., Malet, J.-P., Hibert, C., Helmstetter, A., Radiguet, M., Amitrano, D., Langet, N., Larose, E.,
Abancó, C., Hürlimann, M., Lebourg, T., Levy, C., Le Roy, G., Ulrich, P., Vidal, M., and Vial, B. (2018).
Towards a standard typology of endogenous landslide seismic sources, Earth Surf. Dynam. Discuss.,
https://doi.org/10.5194/esurf-2018-23 (in review)
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CHAPTER 1. TYPOLOGY OF ENDOGENOUS SEISMIC SOURCES GENERATED BY GRAVITATIONAL

SLOPE MOVEMENTS

Abstract: The objective of this work is to propose a standard classification of seismic signals gen-
erated by unstable slopes and detected at close distances (< 1 km). We first review the different studies
where seismic instruments have been installed at the slope scale. The choice of the seismic instruments
and the network geometries are presented and discussed. To construct the proposed typology, seismic
observations acquired at 14 sites are analyzed. The sites are representative of various landslide types
(i.e. slide, fall, topple, and flow) and material (i.e. from unconsolidated soils to consolidated rocks).
We investigate the 1-100Hz frequency band where most of the seismic energy is recorded at these sensor
to source distances allowing comparison of the recorded seismic signals. Several signal properties (i.e.
duration, spectral content and spectrogram shape) are taken into account to describe the sources. The
signals properties are corrected from the sensor signal response and are computed in the same frequency
band to enable comparison. We observe that similar processes generate similar signals at different sites.
Three main classes are proposed:“Slopequake” gathering sources potentially occurring within the land-
slide body and “Rockfall” and “Granular Flow” gathering the seismic signals generated by deformation
occurring at the surface of the landslide. Several sub-classes are proposed to differentiate specific signals
properties (e.g. resonance, harmonic content,etc.). We describe the signal properties of each class and
present several examples of signals of the same class recorded at different sites and discuss their potential
sources. The proposed typology aims to serve as a framework for further comparisons of the endogenous
micro-seismicity recorded on landslides. The signals discussed in the manuscript are distributed as sup-
plementary material.

1.1 Introduction

Seismology can be used to record (remotely and in a non-invasive way) ground deformation pro-
cesses and to measure stress/strain conditions through the hydro-mechanical interactions occurring
in the media. Seismology is widely used to understand the physical processes taking place on tec-
tonic faults or volcanoes, to investigate fluid reservoir circulation, and more recently to analyze the
dynamics of Earth surface processes such as glaciers (Podolskiy and Walter, 2016), snow avalanches
(Leprettre, 1996, Sabot et al., 1998, Surin et al., 2000, Lacroix et al., 2012, Pérez-Guillén et al., 2016)
and landslides (Deparis et al., 2008, Ekström and Stark, 2013, Gomberg et al., 1995, Rouse et al., 1991).
In this manuscript, the term landslide describes a wide variety of processes resulting from the downs-
lope movement of slope-forming materials by falling, toppling, sliding or flowing mechanisms (Hungr
et al., 2014). Thus, landslides cover a large range of deformation processes, that can be differentiated
in terms of sizes and volumes (smaller than 1 m3 up to more than 107 m3), in terms of displacement
rates (mm.yr−1 to m.s−1), and in terms of mobilized material (hard/soft rocks, debris, poorly consoli-
dated soils, and artificial fills).

With the increasing number of seismic sensors deployed worldwide and to the development of
automatic seismological processing chains, the construction of landslide catalogs using seismology is
now possible, especially at the regional scale (e.g. Switzerland, Hammer et al. (2013), Dammeier et al.
(2016); France, Deparis et al. (2008)). However, the forecast of a particular landslide rupture or accel-
eration is still challenging at the slope scale, which is the focus of this work. In the 1960s, Cadman and
Goodman (1967) observed an increase of Acoustic Emissions (AE) generated by slopes tilted towards
failure at both laboratory and field scales. AEs are high frequency (10-1000 kHz) body waves generated
by the release of strain energy through grain rearrangement (Michlmayr et al., 2012). Further studies
confirmed these results for several slopes (Rouse et al., 1991, Smith et al., 2014, Dixon et al., 2015,
2018) where correlations between AE, surface displacement and heavy rainfall were documented. AEs
record deep deformation processes before signs of displacement are identifiable at the surface. How-
ever, AEs are rapidly attenuated with the distance to the sources. The location of the sensors and the
type of waveguide are also critical to capture the slope behavior. Recent developments of Fiber Op-
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tic Distributed Acoustic Systems (FO-DAS) offer the opportunity to overcome attenuation limitations
and deploy measures over long distances (Michlmayr et al., 2017).

More recently, several studies focused on the analysis of the micro-seismicity (MS) observed on
unstable slopes. MS studies analyze the seismic waves generated by the release of strain energy in the
ground at larger scale than the grain to grain interactions in the frequency range of 1 to 500 Hz. The
method offers the opportunity to remotely record the spatial distribution of the deformation through
time (McCann and Forster, 1990, BRGM, 1995) and is less sensitive to attenuation than AE methods.
Gomberg et al. (1995) installed seismometers on the Slumgullion slow-moving landslide (Colorado,
USA) in order to understand the mechanical processes taking place during landslide deformation.
Further studies used the same method for several slope configurations (hard/soft rocks, soils, very
slow to rapid movements) but also investigated the possible links between the displacement rate and
the seismic energy release (Spillmann et al., 2007, Helmstetter and Garambois, 2010, Walter et al.,
2012a, 2013b, Tonnellier et al., 2013). Helmstetter and Garambois (2010) correlated the seismic re-
sponse of the Séchilienne rockslide with the surface displacement rate and the rainfall amount. The
analysis of the seismic waves generated by landslides allows monitoring spatio-temporal changes of
the stress-strain field in the material from the scale of microscopic internal damage (Dixon et al., 2003,
Michlmayr et al., 2012, Smith et al., 2017) to the initiation (e.g. pre-failure) of large ruptures (Amitrano
et al., 2005, Yamada et al., 2016b, Poli, 2017, Schöpa et al., 2017). Both the failure and surface pro-
cesses (e.g. rockfall, debris flow) generate seismic waves. Physical properties (mass, bulk momentum,
velocity, trajectory) of the landslide can be inferred from the analysis of the seismic signals (Kanamori
et al., 1984, Brodsky et al., 2003, Lacroix and Helmstetter, 2011, Ekström and Stark, 2013, Tang et al.,
2015, Hibert et al., 2014a, Levy et al., 2015). On clayey landslides, drops of shear wave velocity have
been observed before acceleration episodes. This shear wave variation through time has been docu-
mented using noise correlation techniques for laboratory experiments (Mainsant et al., 2012b), and
for a few cases in the field at Pont-Bourquin landslide (Switzerland, Mainsant et al. (2012a)), at Har-
maliére landslide (France, Bièvre et al. (2017)) and at Just-Tegoborze landslide (Poland, Harba and
Pilecki (2017)). Precursory seismic signals are also expected and documented before large failures.
Precursory increase in micro-seismic activity (in terms of event rates and/or average amplitudes) has
been observed first before the fall of a coastal cliff (Mesnil-Val, France, Amitrano et al. (2005)) and
was interpreted as the propagation of a fracture. More recently, repeating events have been detected
before the Rausu landslide (Japan, Yamada et al. (2016b)) and the Nuugaatsiaq landslide (Greenland,
Poli (2017)). These events are likely associated with the repeated failure of asperities surrounded by
aseismic slip, driven by the acceleration of the slope displacement during the nucleation phase of the
landslide rupture. Schöpa et al. (2017) recorded harmonic tremors that started 30 min before the fail-
ure of the Askja caldera landslide (Iceland) with temporal fluctuations of resonance frequency around
2.5 Hz. This complex tremor signal was interpreted as repeating stick-slip events with very short re-
currence times (less than 1 s) producing a continuous signal. However, the characterization of the
size of the asperity and the velocity of the ruptures associated to these precursory signals are difficult
to invert mostly because of the lack of dense seismic network at close proximity of the slope insta-
bility (Schöpa et al., 2017). Therefore, the monitoring of endogenous MS may represent a promising
approach especially, with the advent of robust, cheaper and portable seismic sensors and digitizers.
It is now possible to install dense sensor networks close to the unstable slopes and record low am-
plitude signals in broad frequency bands. A wide variety of unstable slopes are currently monitored
(i.e. through permanent or campaign installation) with seismic networks of different sizes and instru-
ments (Table 1.1).

Understanding the possible mechanisms generating these seismic signals needs to be achieved.
The discrimination of the endogenous landslide seismic signals is difficult and need to be estab-
lished. The objective of this paper is thus to propose a typology of the landslide micro-seismic signals
recorded in the field. The proposed typology is based on the analysis of observations from 14 moni-
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tored sites. The typology includes all the seismic sources recorded at near distances (< 1 km) and in
the frequency range of MS studies (1-500 Hz), and generated by landslides 1) developed in hard/soft
rocks and soils, 2) characterized by fragile (i.e. rupture) and ductile (i.e. viscous) deformation mecha-
nisms.

In our work, we first discuss all the physical processes that occur on landslides and may generate
seismic signals. We further present the available seismic sensors, the most commonly used network
geometry and the instrumented sites. Then we establish a classification scheme of the landslide seis-
mic signals from relevant signal features based on the analysis of the datasets of 14 sites. We further
discuss the perspectives and remaining challenges of monitoring landslide deformation with MS ap-
proaches. The seismic signals associated with very large rock/debris avalanches and slides observed
at regional distances are out of the scope of this work.
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Table 1.1: Table of the instrumented sites. The bolded names correspond to the sites investigated in the present paper to establish the typology.

# Site Location Type Material Sensor Duration Reference/Research
Group

1 Randa Switzerland Slide Hard rock G SC Spillmann et al. (2007)
2 Séchilienne France Slide Hard rock G, SP P RESIF/OMIV (2015),

Helmstetter and Garam-
bois (2010), Lacroix and
Helmstetter (2011)

3 La Clapière France Slide Hard rock SP(?) P RESIF/OMIV (2015),
Palis et al. (2017)

4 Aaknes Norway Slide Hard rock G,BB P Roth et al. (2008)
5 Peschiera Spring Italy Slide Hard rock A SC Lenti et al. (2013)
6 Gradenbach Austria Slide Hard rock SP P(?) Brückl et al. (2013)
7 Alestch-Moosfluh Switzerland Slide Hard rock BB P Helmstetter et al.

(2017b), Manconi and
Coviello (2018)

8 Torgiovannetto, Assisi Italy Slide Hard rock SP SC Lotti et al. (2015)
9 Akatami landslide Japan Slide Hard rock (?) (?) -
10 Akkeshi landslide Japan Slide Hard rock SP P Doi et al. (2015)
11 Rausu landslide Japan Slide Hard rock BB P Yamada et al. (2016a)
12 Fergurson slide / Mercel

River
USA / California Slide Hard rock (?) (?) Harp et al. (2008)

13 Turtle Mountain - Frank
slide

Canada Slide Hard rock G P Chen et al. (2005)

14 Aiguilles-Pas de l’Ours France Slide Soft rock / Earth BB SC RESIF/OMIV (2015)
15 Harmalière France Slide Soft-rock SP,BB P Bièvre et al. (2017)
16 Utiku New Zealand Slide Soft rock / Earth (?) P Voisin et al. (2013)
17 Villerville France Slide Soft rock / Mud BB SC,P RESIF/OMIV (2015)
18 Super-Sauze France Slide Soft rock / Mud SP P, RC RESIF/OMIV (2015),

Walter et al. (2012a),
Tonnellier et al. (2013),
Vouillamoz et al. (2017)

Continued on next page
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Table 1.1 – continued from previous page
# Site Location Type Material Sensor Duration Reference/Research

Group
19 Pont Bourquin Switzerland Slide Mud SP(?) P Mainsant et al. (2012a),

Larose et al. (2015)
20 Valoria Italy Slide Mud SP SC Tonnellier et al. (2013)
21 Pechgraben Austria Slide Mud SP,BB RC Vouillamoz et al. (2017)
22 US highway 50, CA USA Slide Earth G P USGS
23 Slumgullion USA Slide Earth G RC Gomberg et al. (1995,

2011)
24 Millcoma Meander, Ore-

gon
USA Slide Earth G P USGS

25 Xishancun China Slide Earth BB SC -
26 Chambon Tunnel France Slide Earth SP P -
27 Maca Peru Slide Soft rock / Earth SP P(?) Larose (2017)
28 Heumoes Germany Slide Soft rock / Earth SP RC Walter et al. (2011)
29 Mission Peak landslide USA / California Slide Soft rock / Earth BB P Hartzell et al. (2017)
30 Char d’Osset France Slide, Fall Soft rock / Mud -
31 Mesnil-Val France Fall Hard rock G SC Amitrano et al. (2005),

Senfaute et al. (2009)
32 North Yorkshire coast United Kingdom Fall Hard rock BB P Norman et al. (2013)
33 Matterhorn peak Italy Fall Hard rock G RC Amitrano et al. (2010),

Occhiena et al. (2012)
34 Madonna del sasso Italy Fall Hard rock SP P(?) Colombero et al. (2018)
35 Chamousset France Fall Hard rock SH RC Lévy et al. (2010), Bot-

telin et al. (2013b)
36 Mont-Granier France Fall Hard rock BB P -
37 Les Arches France Fall Hard rock SP P(?) Bottelin et al. (2013a,b)
38 La Praz France Fall Hard rock SP P(?) Bottelin et al. (2013b)
39 Rubi France Fall Hard rock SP P(?) Bottelin et al. (2013b)
40 La Suche Switzerland Fall Hard rock SP P(?) Bottelin et al. (2013b)
41 St. Eynard France Fall Hard rock SP P(?) Le Roy et al. (2017, 2018)
42 Cap d’Ailly France Fall Hard rock -

Continued on next page
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Table 1.1 – continued from previous page
# Site Location Type Material Sensor Duration Reference/Research

Group
43 Lauterbrunnen valley Switzerland Fall Hard rock BB SC Dietze et al. (2017a,b)
44 Three Brothers USA Fall Hard rock SP SC Zimmer and Sitar (2015)
45 Mount Néron France Fall (trig-

gered)
Hard rock BB SC Bottelin et al. (2014)

46 Riou Bourdoux France Fall (trig-
gered)

Hard rock SP,BB SC Hibert et al. (2017a)

47 Montserrat Spain Fall (trig-
gered)

Hard rock SP SC Vilajosana et al. (2008)

48 Piton de la Fournaise France Fall, Flow Volcanic rock BB P OPVF/IPGP, Hibert et al.
(2011, 2014a), Levy et al.
(2015), Hibert et al.
(2017c)

49 Bolungavík - Oshlíðslope Iceland Fall, Flow Hard rock A P Bessason et al. (2007)
50 Rebaixader Spain Flow Debris G P Abancó et al. (2012,

2014), Hürlimann et al.
(2014), Arattano et al.
(2014)

51 Manival torrent France Flow Debris G P Navratil et al. (2012)
52 Réal torrent France Flow Debris G P Navratil et al. (2012)
53 Marderello torrent Italy Flow Debris G P Arattano et al. (2016)
54 Acquabona torrent Italy Flow Debris G P(?) Berti et al. (2000), Gal-

garo et al. (2005)
55 Moscardo torrent Italy Flow Debris SP P Arattano and Moia

(1999)
56 Gadria torrent Italy Flow Debris G P Arattano et al. (2016)
57 Mt. Yakedake volcano

- Kamikamihorizawa
Creek

Japan Flow Debris Suwa et al. (2009)

Continued on next page
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Table 1.1 – continued from previous page
# Site Location Type Material Sensor Duration Reference/Research

Group
58 Lattenbach torrent Austria Flow Debris G P(?) Schimmel and Hübl

(2016), Kogelnig et al.
(2014)

59 Illgraben torrent Switzerland Flow Debris G P Burtin et al. (2014), Wal-
ter et al. (2017b)

60 Farstrine torrent Austria Flow Debris G P(?) Schimmel and Hübl
(2016)

61 Wartschenbach torrent Austria Flow Debris G P(?) Schimmel and Hübl
(2016)

62 Dristenau torrent Austria Flow Debris G P(?) Schimmel and Hübl
(2016)

63 Shenmu creek Taiwan Flow Debris G P Yin et al. (2011)
64 Ai-Yu-Zi creek Taiwan Flow Debris G P Huang et al. (2007)
65 Fong-Ciou creek Taiwan Flow Debris G P Huang et al. (2007)
66 Chenyoulan creek Taiwan Flow Debris G SC Burtin et al. (2013)
67 Mt. Sakurajima Volcano -

Nojiri Torrent
Japan Flow Debris G P Itakura et al. (2000)

68 Mount Pinatubo Philippines Flow Debris G P Marcial et al. (1996)
69 Colima volcano Mexico Flow Debris LP P Zobin et al. (2009),

Vázquez et al. (2016)
70 Merapi volcano Indonesia Flow Debris G P Lavigne et al. (2000)
71 Nevado del Huila vol-

cano
Colombia Flow Debris G P? Worni et al. (2012)

72 Cotopaxi volcano Ecuador Flow Debris BB P Kumagai et al. (2009)
73 Mount Ruapehu New-Zeland Flow Debris BB P Lube et al. (2012)
74 Sawatch Range, Col-

orado
USA Flow Debris G P Kean et al.

G: Geophone (f = [0.1-10] kHz); SP: Short-Period (f = [0.1-100] Hz); BB: Broad-Band (f = [10−2-100] Hz); A: Accelerometer;
P: Permanent monitoring; RC: Repetitive Campaigns; SC: Single Campaign.
OPVF/IPGP: Volcanological Observatory of the Piton de la Fournaise / Institut de Physique du Globe de Paris.

Continued on next page
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Table 1.1 – continued from previous page
# Site Location Type Material Sensor Duration Reference/Research

Group
USGS: United States Geological Survey (https://landslides.usgs.gov/monitoring/).
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1.2 Description of landslide endogenous seismic sources

This section describes the possible hydro-mechanical processes observed on landslides and suscep-
tible to generate seismic sources (Figure 1.1). We present the conditions controlling their occurrences
(type of material, topography), their sizes, and their mechanical properties.

1.2.1 Fracture related sources

The term fracture denominates any discontinuous surface observed in consolidated media and orig-
inating from the formation of the rocks (i.e. joint) or the action of tectonic (i.e. schistosity), gravita-
tional or hydraulic loads. In the case of slow-moving landslides, the propagation of the material also
creates fractures on the edge and at the base of the moving material. Fractures occur in all type of
materials at different scales from grain rupture to metric faults. The term fissure is sometimes used to
describe fractures affecting the surface of the ground and for fractures affecting poorly consolidated
material. We here include all these surface discontinuities under the general term “fracture”. Frac-
tures are generated in three basic modes (I: opening, II: sliding and III: tearing) depending on the
movement of the medium on the sides of the fracture plane. They result from either brittle failure of
the media or from dessication effects forming polygonal failures during soil drying. On landslides,
most of the fractures occur in a tensile mode because of the low tensile toughness of the landslide
material and the shallow depth (Stumpf et al., 2013). The formation of fractures can also be generated
in depth by progressive degradation of the rock through ground shaking and/or through weathering
and long-term damage due to gravitational load. At the base and on the edges of the landslide, the
movement is assumed to develop fractures in shear mode, creating sliding surfaces. Shearing on the
fracture plane and tensile fracture opening/closing generate seismic signals. Shearing takes place at
different scales from earthquakes on tectonic plates to grain friction and generates a variety of seismic
signals (Zigone et al., 2011). Unstable regime leads to stick-slip behavior where the stress is regularly
suddenly released generating impulsive seismic events. Tremor like signals or isolated impulsive or
emergent events are also generated during plate motions. This variety of signals are observed during
glacier motion. Deep icequakes are usually associated to basal motion (Winberry et al., 2011, Pratt
et al., 2014, Helmstetter et al., 2015a,b, Röösli et al., 2016a, Podolskiy and Walter, 2016). Tremor like
signals are also recorded during glacier motion (Lipovsky and Dunham, 2016). They are characterized
by long duration signals of low amplitudes with no clear phase onsets. They are associated with repet-
itive stick-slip events on the fracture plane. Tensile fracture opening/closing generate similar signals
on glacier at the surface and at depth (Walter et al., 2013a, Helmstetter et al., 2015b, Podolskiy and
Walter, 2016). Focal mechanism and location of the source allow to differentiate between tensile and
shear mechanism.

1.2.2 Topple and fall related sources

On vertical to sub-vertical slopes, mass movement occurs as the topple of rock columns or as the free-
fall (and possibly bouncing and rolling) of rocky blocks (Hungr et al., 2014). In the case of toppling,
the movement starts with a slow rotation of the rock blocks under the effects of water infiltration or
ground shaking and ends with the free fall of larger blocks. Rockfalls, during the propagation phase,
impact the ground at some location along their trajectory. These impacts generate seismic waves that
can be recorded remotely by seismometers. The range of rockfall volumes can be very large, varying
from less than one cubic meter to thousand cubic of meters.
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1.3 Landslide seismic investigation

1.3.1 Sensors used in landslide monitoring

Body and surface mechanical waves may be generated by the sources described in Section 2. Body
waves (Primary -P-, Secondary -S-) radiate inside the media. P-waves shake the ground in the same
direction they propagate while S-waves shake the ground perpendicularly to their propagation direc-
tion. Surface waves only travel along the surface of the ground and their velocity, frequency content
and intensity change with the depth of propagation. Acoustic waves can be generated by the conver-
sion of body waves at the surface. These waves travel in the air at a velocity of about 340 m.s−1, slightly
varying with temperature and air pressure. Acoustic waves are often generated by anthropogenic or
atmospheric sources (e.g., gun shots, explosions, storms...), but can also be generated by rockfalls,
debris flows or shallow fracture events. All these mechanical waves are subject to attenuation with
the travel distance; the high frequency waves are attenuated faster than the low frequency waves. The
relatively low energy released by the landslide related sources makes the choice of the seismic instru-
ments to deploy very important. Four types of instruments are used to record ground motion for
different frequency ranges and sensitivities. For landslide monitoring, Short-Period (SP) seismome-
ters and geophones, Broad-Band (BB) seismometers, accelerometers, and AE sensors are commonly
installed in the field.

• Broad-Band seismometers are force-balanced sensors with very low corner frequency (< 0.01
Hz) that can record the ground motion with a flat response in a large frequency range [0.01-
25] Hz. They require a careful mass calibration during their installation and are sensitive to
temperature and pressure variations. They are mostly used to record very weak ground motion
and ambient noise;

• SP-seismometers are passive or force-balanced instruments with high corner frequency (>
1Hz). They measure the velocity of the ground with high sensitivity and a flat response in the
[1-100] Hz frequency band. They are recommended for volcanic and glacier monitoring among
other applications. They are less sensitive to air temperature and pressure variations and do
not require mass calibration. They are hence particularly suitable for landslide monitoring.
Geophones are similar to SP-seismometers but usually cover higher frequencies [1-600]Hz with
lower sensitivity. They are mainly used for active seismic campaigns but may also be installed
for the same purposes as SP-seismometers;

• Accelerometers are strong motion sensors able to record high amplitudes and high frequencies
seismic waves. They can resolve accelerations in the frequency bands from 0.1 to 10 kHz. The
response of the sensor is proportional to ground acceleration for all frequencies (there is no
corner frequency). But the noise level is important for low frequencies and the sensitivity is
not as good as for velocimeters. They are used to record strong ground motion in particular
when installed close to epicenters (< 100 km) of large earthquakes where seismometers usually
saturate. For landslide, they are usually used as inclinometers;

• AE sensors can record ground vibrations at very high frequencies (10 kHz-10 MHz) and low am-
plitudes. There are two types of AE sensors: the first type is very sensitive to a narrow frequency
band only while the second type is sensitive to a broader frequency band (Michlmayr et al.,
2012). In the field, a waveguide is often installed together with AE sensors in order to counteract
the attenuation of the signal. They are used in combination with accelerometers for structural
monitoring and for laboratory experiments (e.g. loading, shear, flume tests) and can be used on
landslide to monitor very low magnitude sources at the grain-to-grain interactions (Dixon et al.,
2003, Michlmayr et al., 2012, Smith et al., 2017);
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• in addition, microphones or infrasound sensors can be useful to detect, locate and classify land-
slides seismic signals (Kogelnig et al., 2014, Schimmel and Hübl, 2016, Helmstetter and Janex,
2017). The detection of acoustic waves and body waves at one point, because they propagate at
different velocities, can be used to estimate the distance from the source. The relative amplitude
of seismic and acoustic waves can also provide information on the depth of the source, because
shallow sources generate more acoustic waves than deeper ones.

It must be noted that AE sensors only record acoustic emissions generated at very high frequen-
cies (> 10kHz) and consequently are very sensitive to attenuation. Indeed, attenuation factor Q is
estimated to range between 10−2 and 101 dB.cm−1 (Michlmayr et al., 2012). Even with a waveguide,
they must be collocated with the cracks or the sliding surfaces observed on the slope (Dixon et al.,
2015). BB, SP seismometers and geophones record seismic signals in the common band of 100-102

Hz and hence offer a solution to monitor more distant sources. The detection of a seismic sources by
MS sensors depends on the seismic energy released by the source, the sensor to the source distance
and the attenuation of the media. Installation of MS sensors at the proximity of the geomorphological
features of interest (e.g. scarp, faults, sliding surfaces, superficial crack networks, etc.) optimize the
detection of the seismic signals generated by those processes but distant sources (> 1 m) can also be
recorded by MS sensors. The latter do not need to be co-located with the geomorphological features of
interest. After correcting the sensor response, the signals generated by these sensors can be analyzed
and compared in their common frequency range. Installation of BB seismometers can complete SP
network and enable to investigate the low-frequency signals generated by the slope while geophones
are more adapted to explore very high frequency content (> 100 Hz). Dense networks of the latter
instruments are recommended to investigate the seismicity induced by landslide deformation while
the installation of one unique BB seismometer is enough to investigate the low-frequency radiations
of the landslide.

1.3.2 Network geometry

Several network configurations have been tested in different studies. It must be noted that the network
geometry in the case of landslides is constrained by the site configuration. Indeed, the maintenance of
seismic sensors is very challenging when installed on the moving parts of the landslide; therefore, an
installation on the most stable parts of the landslide or at its vicinity is often preferred for permanent
monitoring (Spillmann et al., 2007, Helmstetter and Garambois, 2010, Walter et al., 2017b). During
field campaigns, maintenance of sensors installed on the unstable slopes is possible and often realized
(Gomberg et al., 2011, Walter et al., 2012a, Tonnellier et al., 2013). Therefore, the main challenges for
seismic sensor installation at this scale is 1) to locate the sensor at close distance to the sources, 2) to
maximize the number of stations and to locate the sensor close to each other to record the same event
at different seismic station and 3) minimize the azimuthal gap between the sensors. The number of
deployed sensors plays an important in the magnitude of completeness (Mc ) of the seismic network.
While the geometry of the network (i.e. inter-sensor distances, azimuthal gap) mostly control the
accuracy of source locations.

Seismic sensors can be deployed in network of single sensors or network of sensor arrays. The
difference between seismic network and seismic arrays is related to the distance at which the signals
recorded by two sensors can be correlated. In the case of seismic arrays, the distance between the
sensors is reduced to maximize the correlation of the signals recorded by each sensor. Otherwise
the installation is called a seismic network Podolskiy and Walter (2016). Although the inter-sensor
distance is often small (< 1 km) in the case of landslide monitoring, decorrelation of the signals is
often observed even at small distances due to the complexity of the underground structure especially
at high frequencies. The use of the “seismic array” approach in landslide monitoring often refers to
specific geometries of collocated sensors (inter-sensors distances < 50 m) organized with a central
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sensor (often a three-component seismometer) and several satellite sensors (often vertical sensors).
This kind of installation presents many advantages such as enhancing the Signal-to-Noise (SNR) ratio
and allowing the computation of the back-azimuth of the source with beam-forming methods.

For the majority of the instrumented landslides, seismic networks are organized with single sen-
sors located on or at close distance of the unstable slopes. The inter-sensors distance and the az-
imuthal gap are often controlled by the location of easily accessible or stable portions of the slopes.
However, specific geometry can be adopted such as (almost) linear geometry. This is particularly the
case for the monitoring the propagation of debris flows in stream channels. Dense networks (number
of sensors > 50) can also be deployed. In this case the sensors are installed using a grid geometry with
regular inter-sensor distances. This kind of installation is probably the most optimal but is currently
mostly realized during short acquisition campaigns due to the difficulty to maintain a large number
of sensors over long periods (battery, data storage, possible movement of the sensor), especially when
installed directly on the unstable zones of landslides. Finally, the installation of sensors at depth (> 1
m) is challenging for landslide and it has currently only been realized on hard-rock slopes (e.g. Randa,
Spillmann et al. (2007) or Séchilienne, RESIF/OMIV (2015)). This kind of installation are however very
valuable to constrain the depth of the sources.

1.3.3 MS processing chains

One of the current challenge for landslide MS analysis is the development of dedicated processing
chains able to analyze the unconventional seismic signals observed on landslides. The three steps of
MS processing are successively: the detection, the classification and the location of the endogenous
seismic events. The development of robust and versatile processing chains for analyzing landslide
micro-seismicity is challenging because of 1) the low magnitude of the events and the attenuation of
the media that results in emergent and low Signal-to-Noise Ratio (SNR) records, 2) the seismic source
radiation patterns that may be single centroid source, double couple source or volumetric source,
and, 3) the heterogeneity and variation in time (i.e. topography, water table levels, fissures) of the
underground structure preventing the construction of precise velocity models and hence, accurate
source locations.

First, for detecting automatically or manually the seismic events, the use of spectrograms is com-
mon. Spectrograms represent the evolution of the frequency content in time by computing the Fourier
Transform on small moving time windows (e.g. < 1 s). Automatic detection is usually carried out with
the STA/LTA (Short-Term Average/Long-Term Average) detector (Allen, 1982) applied on the summed
energy of the spectrogram (Spillmann et al., 2007, Helmstetter and Garambois, 2010, Tonnellier et al.,
2013).

Second, classifying the detected signals can be carried out automatically by discarding exogenous
events with simple criteria (i.e. threshold on the signal duration, inter-trace correlation, apparent ve-
locity) but the determination of the threshold to differentiate the class of signals may be difficult.
Machine learning algorithms offer nowadays the possibility to automatize and improve this step.
Dammeier et al. (2016) developed a Hidden Markov Model (HMM) that can detect automatically in
the time series the occurrence of one particular type of events. The success rate of HMM is reasonable
and this technique has the advantage of requiring only one single example to scan the time series.
The Random Forest algorithm has proven its efficiency for volcanic and landslide signals classifica-
tion with higher success rate and versatility (Provost et al., 2017, Hibert et al., 2017c). New signals are
successfully classified in multiple pre-defined classes and changes in the source properties may be
detected by change on the uncertainties (Hibert et al., 2017c). It must be noticed that this approach
requires a training set with sufficient examples to build the model. Good success rates (i.e. > 85 %) are
rapidly reached with 100 elements or more per class. Template-matching filters have also been used in
many studies of landslide collapse and glaciers (Allstadt and Malone, 2014, Yamada et al., 2016a, Poli,
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2017, Helmstetter et al., 2015a,b, Bièvre et al., 2017, Helmstetter et al., 2017a) in order to detect and
classify seismic signals. This method consist in scanning continuous data to search for signals with
waveforms similar to template signals. It can detect seismic signals of very small amplitude, smaller
than the noise level. Seismic signals are grouped in clusters of similar waveforms, implying similar
source locations and focal mechanism.

Finally, the location of the sources is the most challenging step. Common location methods (such
as NonLinLoc; (Anthony et al., 2000, Lomax et al., 2009)) were used in combination to 3D-velocity
models for locating impulsive micro-earthquakes occurring at the Randa rockslide (Spillmann et al.,
2007). However, a certain number of recorded signals do not exhibit impulsive first arrivals and clear
P- and S-waves onsets. For this kind of signal, location methods based on the inter-trace correlation
of the surface waves (Lacroix and Helmstetter, 2011) or on the amplitude (Burtin et al., 2016, Walter
et al., 2017b) are more suitable and easier to automatize. Other methods such as HypoLine (Joswig,
2008) aim at integrating different strategies (i.e. first arrival picking, inter-trace correlation and beam-
forming) to locate accurately the epicenter under the control of an operator. (Provost et al., 2018)
developed a method combining Amplitude Source Location (ASL) and inter-trace correlation of the
first arrivals in an automatic scheme. This strategy showed accurate location of impulsive events while
the error on the epicenter of emergent events is reduced by the use of ASL to constrain the location.
Many studies approximate the media attenuation field and/or the ground velocity, or do not take into
account the topography, leading to mis-location of the events that prevents for accurate interpretation
of certain sources and leads to false alarms (Walter et al., 2017b).

1.3.4 Instrumented sites

In the last two decades, seismic networks have been installed on several unstable slopes worldwide.
Table 1.1 synthesizes the unstable slopes or debris flow prone catchments instrumented with seismic
sensors worldwide. The sites are classified in terms of landslide types (i.e. slide, fall and flow) accord-
ing to the geomorphological typology of Cruden (1996) (Cruden and Varnes, 1996). Studies on snow
avalanches (Lawrence and Williams, 1976, Kishimura and Izumi, 1997, Sabot et al., 1998, Suriñach
et al., 2001, Biescas et al., 2003) are not integrated. Most of the instrumented sites are located in the
European Alps (France, Italy and Switzerland). Short-Period (SP) seismometers and Geophones (G)
are the most common type of instruments. Their installation and maintenance is easy as they do not
require mass calibration in comparison to Broad-band (BB) or long-period (LP) seismometers.

1.4 Data

Seismic observations from 14 sites are used to propose the typology. The sites are representative of
various types of slope movements and lithology (Table 1.1) with four slides occurring in hard rocks,
four slides occurring in soft rocks, three rockfall-prone cliffs occurring in hard and soft rocks and one
catchment prone to debris flows. The seismic instruments installed on these sites are recording the
seismicity generated by the slope deformation and are installed either permanently or were acquired
during short campaigns (Table 1.1). The Riou-Bourdoux catchment is the only site where the seis-
mic signals were manually triggered as rock blocks were thrown down the cliff and monitored with
cameras, LiDAR and seismic sensors (Hibert et al. (2017a)).

The dimension of the unstable slopes range from 60 m × 30 m for the Chamousset cliff to 7 km
× 300 m for the St.-Eynard cliff (Table 1.2). The seismic networks are deployed with various geome-
try depending on the configuration of the slope, its activity and the duration of the installation. For
most of the sites, at least one seismic sensor is deployed on the active zone or very close to (Table
1.2). The maximal distance to the slope instabilities is 500 m for the St.-Eynard cliff being the largest
investigated site of our study.
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Table 1.2: Characteristic of the seismic network for the 13 sites analyzed in the present parer. The landslide dimensions are given for the most active area of the
slope instabilities (as presented in the published studies). The total number of the seismic network are given as well as its minimal and maximal inter-sensor
distance and distance to the active zone. In the case a fewer number of the sensors have been investigated in the present study, we indicate the number of the
sensors as well as the name of the use station in parenthesis.

Site Sensor Network Number of sensors Inter-sensor distance Distance to the landslide Landslide
type geom. in tot. analyzed min max min max dim.

Séchlienne SP SA 41 11 (THE) 25 m 85 m < 50 m < 200 m 600 m × 200 m
La Clapière SP SN 18 9 (CL4) 30 m 77 0 m 900 m × 700 m

Aaknes G SN 8 < 50 m 250 m 0 m 1 km × 1 km
Aiguilles-Pas de l’Ours BB SN 4 205 m 690 m 0 m 200 m 500 m × 500 m

Super-Sauze SP SA 8 30 m 150 m 0 m < 100 m 800 m × 150 m
Pont Bourquin SP SN 2 30 m 0 m 240 m × 35 m

Pechgraben SP SA + SS 5 5 m 40 m 0 m 500 m × 100 m
Slumgullion SP D-SN 88 11 m 450 m 0 m 1 km × 500 m
Chamousset SP SN 7 15 m 50 m 0 m 40 m 60 m × 30 m

St. Eynard SP SN 4 3* 500 m 1.7 km 0 m 500 m 7 km × 300 m
Riou Bourdoux SP,BB SA + SS 5 50 m 200 m 20 m 30 m length: 200 m

Piton de la Fournaise BB SN 10 1 (BOR) - - < 50 m 1 km × 300 m
Reibaxader G SN 9 < 20 m 200 m 0 m 700 m × 50 m

G: Geophone (f = [0.1-10] kHz); SP: Short-Period (f = [0.1-100] Hz); BB: Broad-Band (f = [10−2-100] Hz);
SN: Seismic Network; D-SN: Dense-Seismic network;
SA: Seismic Array; L-SA: Linear-Seismic Array; SS: Single Sensor;
* investigated stations: FOR, MOL, GAR.
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The seismic network geometry of the majority of sites are distributed seismic network where sen-
sors location are regularly installed over the active zone or at its vicinity. In the case of the Rebaixader
catchment, the seismic network is installed at the border of the stream channel almost linearly. At the
Slumgullion landslide, a dense network has been installed with regular spacing of the seismic sensors.
Seismic arrays are installed at the other sites. The geometry of the seismic arrays are triangular shape
with the exception of the Séchilienne landslide where an hexagonal shape is used.

The instruments are mostly SP seismometers with natural frequencies of 1 Hz to 5 Hz and 50 to 100
Hz. Fewer geophones and BB seismometers are installed at the sites. The instrument response is cor-
rected for all the dataset. To be consistent with the sensitivity of all the sensors, we do not investigate
the data below 1 Hz for BB seismometers and above 100 Hz for SP seismometers and geophones.

The dataset being analyzed is composed of either published seismic events or published cata-
logs. The comparison of these events and catalogs enable to compare the signals and to compose the
classes of the typology. In the case that no published events or catalogs are available, we analyzed
manually the dataset to complete the number of examples for each proposed class (see Section 5 for
detailed information).

1.5 Methodology

The seismic signals recorded at different sites are compared in order to identify common features.
Seismic signals result from the convolution of both the wave propagation and of the seismic source
mechanism. Consequently, the observation of common signal features in signals recorded at different
sites can only be explained by similar source mechanisms. The proposed typology is hence based on
the analysis of these common features. We then selected nine signal features in order to quantify the
differences and similarities between the different classes. The nine parameters are chosen because
they correspond to the criteria used by experts to analyze and classify a seismic signal and also be-
cause they can be used in automatic classification algorithms (Fäh and Koch, 2002, Langer et al., 2006,
Curilem et al., 2009, Hammer et al., 2012, 2013, Hibert et al., 2014a, Ruano et al., 2014, Maggi et al.,
2017, Provost et al., 2017, Hibert et al., 2017c). They can be computed for any signal types and present
a robust framework for future comparison. The selected signal features are:

• the duration of the signal T (expressed in second), computed on the stacked spectrogram of the
traces (Helmstetter and Garambois, 2010).

• the dissymetry coefficient of the signal (expressed in percent), computed as:

s =
tm − t1

t2 − t1
×100 (1.1)

with t1, t2 and tm the time of the signal onset, ending and maximum respectively.

• the number of peaks of the signal envelop Npeaks , computed as the number of local maximum
above 50% of maximal value of the signal envelop. The envelop of the signal is computed as the
absolute value of the Hilbert transform of the signal. The envelop is smoothed by a computing
the average of on a moving window of length: δt = 100

fs T .

• the duration of the signal auto-correlation, defined as:

Amax =
tc

T
(1.2)

with,
tc = max

t
(C(t ) < 0.2∗max(C)) (1.3)
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with C equal to the signal auto-correlation. Amax is expressed in percent (%) and represents the
duration of the signal correlating with itself. As an example, a signal with a rapid and abrupt
change in frequency content will rapidly be uncorrelated (low Amax ) while a signal with a con-
stant frequency content will have a long auto-correlation (high Amax ).

• the mean frequency (expressed in Hertz), computed as:

Fmean =
∑N

i=1 PSD( fi ) fi
∑N

i=1 PSD( fi )
(1.4)

with the Power Spectral Density (PSD) defined as:

PSD( f ) =
2|FFT(y)|2

N fs
(1.5)

with fs and N being the sampling frequency of the signal and the number of samples respec-
tively. The mean frequency is chosen here as it more representative of the signal spectrum en-
ergy and less sensitive to noise than the frequency of maximum energy. (Farin et al., 2014).

• the frequency corresponding to the maximal energy of the spectrum Fmax (expressed in Hertz).

• the frequency bandwidth Fw defined as:

Fw = 2

√

√

√

√

∑N
i=1 PSD( fi ) f 2

i
∑N

i=1 PSD( fi )
−F2

mean (1.6)

• the minimal frequency of the signal spectrum, computed as:

fmi n = min
f

(PSD( f ) < 0.2×max(PSD)) (1.7)

• the maximal frequency of the signal spectrum, computed as:

fmax = max
f

(PSD( f ) < 0.2×max(PSD)) (1.8)

the maximal frequency of the signal spectrum fmax (not to be confused with parameter Fmax

defined above).

The signal features are always computed on the trace with the maximal amplitude band-passed in
the range [fc -50] Hz (fc : natural frequency). This enables to limit the influence of the wave propagation
and to compare signals with different sampling frequencies (i.e 120 Hz to 1000 Hz).

Based on already published events and further interpretations, we propose a standard classifica-
tion of landslide endogenous seismic sources. The non-published datasets are used to investigate
the presence of these signals at other sites and to increase the number of examples for different con-
texts. Numerous signals were analyzed to draw the proposed classification and selected examples are
further presented to describe the different classes.

1.6 Seismic description of the signals - typology

The typology of the signals is based on the duration and the frequency content of the seismic signals.
The signals are classified in three main classes: “Slopequake” (SQ), “Rockfall” (RF) and “Granular flow”
(GF). For “Slopequake”, sub-classes are proposed and discussed based on the frequency content of
the signals. Several examples of signals recorded at different sites are presented and the sources are
discussed in the corresponding section.
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In certain cases, the first rock free-fall is preceded by a signal that can be associated with the rock
detachment. An example of this precursory signal can be observed in Fig 1.3a,f and in (Hibert et al.,
2011, Dietze et al., 2017b). The seismic signals of rockfalls contain information on the physics of the
process. The seismic energy of rockfall signals is proportional to the volume (Hibert et al., 2014a, Farin
et al., 2014). Scaling laws are also established between seismic energy, momentum, block mass and
velocity before impacts (Hibert et al., 2017a). The frequency content is mainly controlled by the block
mass. The frequency of the spectral maximum energy decreases when the block mass increases (Farin
et al., 2014, Huang et al., 2007, Burtin et al., 2016). If the rockfalls are well isolated, each impact gener-
ates impulsive waves. In the case of multiple rockfalls or short distances between the seismic sources
and the sensors, the first arrivals may be emergent due to simultaneous arrivals of waves generated
by impactors of different sizes impacting the ground at closely spaced time intervals (Levy et al., 2015,
Hibert et al., 2014a).

1.6.2 Granular Flow (GF)

Granular flows are characterized by cigare-shape signals lasting between tens to thousands of seconds.
They are subdivided in two classes:

• Dry granular flow (Fig 1.4): These signals are characterized by cigare-shape waveforms of long
duration (< 500 s). Due to the absence of water, the source generally propagates over small dis-
tances. The duration of auto-correlation is very weak (Tcor r ≈0%) and no seismic phase can be
distinguished. No distinguishable impacts can be observed in the waveform nor in the spec-
trogram at the opposite of rockfall signals. The signal onsets is emergent and P- and S- waves
are hardly distinguishable and the signal is dominated by surface waves (Deparis et al., 2008,
Dammeier et al., 2011, Helmstetter et al., 2011, Hibert et al., 2014b, Levy et al., 2015). The dis-
symetry coefficient of the signal varies between 30% and 75% and depends on the acceleration
and the volume of mass involved in the flow through time (Suriñach et al., 2001, Suriñach et al.,
2005, Schneider et al., 2010, Levy et al., 2015, Hibert et al., 2017b). The frequency ranges from 1
to 35 Hz. The maximal frequency of the PSD varies between 5 and 10 Hz and can be larger (up
to 20 Hz) when the seismic sensors are located close to the propagation path. The PSD values
are significantly low below 3 Hz and incrase rapidely between 3 and 20 Hz.

• Wet granular flow (Fig 1.5): These signals last several thousands of seconds to several hours
and correspond to debris flows. They occur during rainfall episodes when fine material and
boulders propagates downstream over long distances (> 500 m). Like dry granular flow, the
duration auto-correlation is very weak (Tcor r =0%) and no seismic phase can be distinguished.
The seismic sensors are often installed at very close distance to the flow path so high frequencies
up to 100 Hz may be recorded (Abancó et al., 2014, Burtin et al., 2016, Walter et al., 2017b).
Little energy is present in the low-frequencies (< 10 Hz) depending on the amount of water and
the size of the rocky blocks integrated in the flow (Burtin et al., 2016). The signal is emergent
and the amplitude variation depends on the mass involved in the flow passing in the vicinity
of the sensor. Debris flows are very often divided in a front with the largest boulders and the
highest velocity followed by a body and a tail where the sediment concentration and the velocity
decreases (Pierson, 1995). The seismic signal amplitude hence increases progressively as the
front is passing at the vicinity of the sensor (Abancó et al., 2012, Hürlimann et al., 2014, Burtin
et al., 2016, Walter et al., 2017b) and decreases progressively, as the front is moving away from
the sensor (skewness > 50%). Large spikes and low-frequencies may be observed in the seismic
signal corresponding to the front of the debris flow generated by large boulders impacts. The
frequency content also changes and, progressively, energy in the lower frequencies decreases
(Fig 1.5.a).
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1.6.3 Slopequake (SQ)

The “Slopequake” class gathers all the seismic signals generated by sources located within the slope
at the sub-surface or at depth such as fracture related sources or fluid migration (cf. section 2). Differ-
ent names have already been proposed for this kind of signals: “slidequakes” (Gomberg et al., 2011),
“micro-earthquake” (Helmstetter and Garambois, 2010, Lacroix and Helmstetter, 2011), “quakes”
(Tonnellier et al., 2013, Vouillamoz et al., 2017) or “Landslide Micro-Quake (LMQ)” (Brückl, 2017). We
here proposed the term “Slopequake” as a general name for these events. They are characterized by
short duration (< 10 s) and are sub-divided into two classes “Simple” and “Complex”.

Simple Slopequake

“Simple Slopequake” signals are of short (< 2 s) to very short duration (< 1 s) signals. Their main
feature is the triangular-shape of the spectrogram with largest amplitudes being recorded in the first
part of the signal (skewness < 50%). The first arrivals contain the highest frequencies of the signal and
are followed by a decrease of the frequencies. Depending on the frequency content, these signals can
be sub-divided into three classes:

• Low-Frequency Slopequake (LF-SQ) (Fig 1.6): The signal lasts between 1 and 5 s. The maximal
amplitude of the signal waveform occurs at the beginning or at the center of the signal (15%
< skewness < 50%). The waveform presents only one peak and most of the first arrivals are
emergent. Phase onsets are difficult to identify. The signals are mostly dominated by surface
waves. Consequently, the duration auto-correlation of the signals is large (> 10%). The largest
PSD values are observed between 5 and 25 Hz with a mean frequency ranging between 10 and
15 Hz.

• High-Frequency Slopequake (HF-SQ) (Fig 1.7)): The signal lasts between 1 and 5 s. The max-
imal amplitude of the signal waveform occurs close to the beginning of the signal (skewness <
30%). The waveform presents only one peak and the first arrivals are mainly impulsive. Differ-
ent phases may be observed (Spillmann et al., 2007, Lévy et al., 2010): P-arrivals are detected
at the beginning of the signal and correspond to the high frequency waves, surface waves are
then observed at the time the frequency decreases. However, in general the short sensor to
source distance makes difficult the differentiation between the different seismic phases. The
auto-correlation these signals is hence lower than for LF-SQ (< 10 %). In most of the cases, the
picking of the different waves onset is made difficult because of the sensor-to-source distances
and the low frequency sampling. The largest PSD values are observed between 3 and 45 Hz with
a mean frequency ranging between 20 and 30 Hz.

• Hybrid Slopequake (Hybrid-SQ) (Fig 1.8)): The signal lasts between 1 and 2 s. It presents the
characteristics of the two precedent signals. The brief first arrivals are very impulsive and last
less than one second. They are followed by a low-frequency coda similar to the LF-SQ. The
maximal amplitude of the signal waveform occurs close to the beginning of the signal (skewness
< 40%). The waveform presents only one peak and the first arrivals are impulsive.

These signals are suspected to be associated with boundary or basal sliding (Helmstetter and
Garambois, 2010, Gomberg et al., 2011, Walter et al., 2013b, Tonnellier et al., 2013) or fracturing of
the slope (Helmstetter and Garambois, 2010, Colombero et al., 2018). Currently, only few studies have
proposed inversion of the source tensor (Lévy et al., 2010). To the best of our knowledge, for soft-rock
landslides, no source mechanism was modeled. Therefore, it remains difficult to set if the observa-
tion of LF- and HF-slopequakes is due to attenuation of the high frequencies with the distance or to
the source mechanism. Indeed, the rupture velocity may explain the difference of frequency content

31











CHAPTER 1. TYPOLOGY OF ENDOGENOUS SEISMIC SOURCES GENERATED BY GRAVITATIONAL

SLOPE MOVEMENTS

frequency of 13 to 17 Hz. No seismic phases are identified. The signal is not recorded by all the
sensors even when the sensors are organized in small arrays with short inter-sensor distances
(< 50 m). Their waveforms and frequency content are similar to the one of the granular flows
(Fig 1.4). Small debris flows have been observed at La Clapière and Super-Sauze landslides and
are likely to generate seismic waves; however, small debris flows are not observed at the Pas
de l’Ours landslide when these kinds of seismic signals are recorded. Another possible source
mechanisms for such events may also be a very rapid succession (< 1 s) of shear events along
the basal or the side bounding strike-slip faults (Hawthorne and Ampuero, 2017). Further inves-
tigations are needed to analyze their occurrences over time and their location to confirm one or
the other assumptions.
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1.7 Discussion

The proposed typology is summarized in Fig 1.11. The approach consisted in comparing the datasets
of different sites in order to identify the common features of the recorded seismic signals. Figure 1.11
show that the three main classes can be differentiate mainly from the length of the signals, the number
of peaks and the duration of the auto-correlation. Figure 1.12 shows more example of the signal vari-
ability for the sites where long seismic catalogs have been recorded (e.g. Aaknes, Chamousset, Séchili-
enne, Super-Sauze and La Clapière). Only the signals classified as Rockfall, LF- and HF-slopequake are
presented because fewer events of the other classes are present in the investigated datasets. The sig-
nal features are in good agreement with the defined classes proposed in the present classification (Fig
1.11). Similar feature and in general, narrow variability is observed on the feature values among the
different sites and consequently, the observed features are likely associated to the source mechanism
and not to propagation effects.

Our analysis does not allow at this stage, to conclude whether the frequency content of simple
slopequake is associated to source mechanism because complete catalogs differentiating these two
classes are not yet available. (Colombero et al., 2018) suggested that HF-slopequake are the dominant
class of slopequake at the Madonna del Sasso cliff (hard-rock) and were generated by thermal cracking
while LF-slopequake associated to frictional sliding are less frequent. Although we did not investigate
the whole datasets, no LF-slopequakes were provided at two hard-rock cliffs: Aaknes and Chamousset
(Fig 1.12) while LF-slopequake are recorded at hard-rock slides: La Clapiè re and Séchilienne (Fig
1.12). This observation seems to confirm the results of (Colombero et al., 2018). However, further
comparison of the occurrence of the different slopequakes at specific sites in space and time must be
done to improve the comprehension of these sources and confirm this statement.

Some variability exist for rockfall events due to the large variability of this source but also to the site
geometry. Indeed, the volume of the blocks and possible break-up control the frequency content and
the auto-correlation duration while the height of the scarp will play a significant role in the duration
of the event. Depending on the site, rockfall signal can be very similar (e.g. Séchilienne, Fig 1.12)
suggesting a constant source mechanism or very variable (e.g. Super-Sauze, 1.12). In the case of the
Super-Sauze datasets, rockfall are characterize by a lack of energy in high frequencies due in this case
to the distance between the seismic network and the scarp. Installation of additional sensors could
be the easiest way to get rid of this variability. It must also be noted that, the differentiation between
flow and fall signals may be challenging. Indeed, some of the events are very likely a mix of these
two sources. Rockfalls of various blocks may generate granular flows with metric block impacts, both
overlapping in the recorded seismic signals. Presence of metric rocks is also observed in debris flow
prone torrents; for this type of events, the block impacts within the mass flows are recorded in the
seismic signals (Burtin et al., 2016).

Harmonic signals have been also been documented recorded at the Pechgraben and Super-Sauze
landslides Vouillamoz et al. (2017). These signals last from 1 to 5 s and repeat during minute-lasting
sequences. The proposed interpretation includes hydro-fracturing or repetitive swarms of micro-
earthquakes (Vouillamoz et al., 2017). The same signals are recorded at the La Clapière and the Aigu-
illes landslides with a fundamental frequency of 8 ± 1 Hz (Fig 1.13.b,c). At Séchilienne landslide, har-
monic signals are also detected (Fig 1.13.d), mostly during the day, with different resonant frequencies
between 2 and 12 Hz, simultaneously or for different time periods. Similar signals are observed at the
Slumgullion and Super-Sauze but without clear harmonics in the PSD (Fig 1.13.e,f). Gomberg et al.
(2011) hypothesizes that the waves were trapped along the side-bounding strike-slip fault generated
by shear events. The presence of pipes and drains on or in the vicinity of these sites could also ex-
plain the origin of these signals. It justifies why these signals are not included in the Slopequake class
because they are likely not generated by a slope deformation process. The location of the source,
the distribution of the amplitude, the stability of the fundamental frequency and the daily temporal
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Figure 1.12: Variability of the signal features of classes “Rockfall”, “HF-slopequake” and “LF-slopequake” for five
different sites: Aaknes, Chamousset, Séchilienne, Super-Sauze and La Clapière. The axes of the star diagram are
the same as in Fig. 1.11.

occurrence of the source supports this assumption or result from wave propagation. More precise lo-
cation of these events are needed to determine if they must integrated or not in the general typology
in the case they are generated by fluid resonance in fractures.

Harmonic coda are also observe for certain signals (Fig 1.3d, Fig 1.9c) at high frequencies (i.e. 20
and 43Hz). The resonance is not present before the beginning of the signal and hence can not be due
to anthropogenic noise (i.e. motors). In the case of Chamousset cliff, Levy et al. (2011) explained the
presence of this monochromatic coda by the resonance of the rock column after the occurrence of the
rock bridge breakage. At the Super-Sauze, similar resonant coda are observed at the end of certain
rockfalls (Figure 4.d). Considering the distance between the main scarp and the seismic arrays (> 300
m) and the absence of large fracture on the scarp, the occurrence of this kind of resonance is very
surprising in this case. This signals feature could also result from the wave propagation (i.e. trapped
waves).

No long-lasting tremors are presented in this study. Schöpa et al. (2017) recorded a tremor with
gliding before the occurrence of the Askja caldera landslide. Similar tremors are found on the Whillans
ice stream in Antarctica during slow slip events (Paul Winberry et al., 2013, Lipovsky and Dunham,
2016), which repeat twice a day with a slip of about 10 cm lasting for about 20 minutes. Therefore, such
signals may also occur during the nucleation phase of landslide failure. The question remains unclear
if they are not observed because landslide acceleration is aseismic due to high pore fluid pressure
(Scholz, 1998) or low normal stress at the sub-surface of the slope.

Difficulties still arise in providing an exhaustive description and interpretation of all the sources,
particularly those generating short-duration signals. Several limitations currently prevent such anal-
ysis. First, the location of the sources remains difficult to establish due to the complexity of some of
the signals, the size of the instrumented sites and the geometry (number, location) of the sensors in-
stalled close to the unstable slopes. The location of the epicenter of most of the events seems coherent
with the instabilities deformation although resolving dispersion and 3-D heterogeneities of the veloc-
ity fields currently prevents to infer the depth of the events and their focal mechanisms. Secondly, a
complementary approach to explain the origin of the sources is the analysis of their occurrence with
respect to surface or basal displacement and monitoring of the water content and pore fluid pressures.
It requires both exhaustive catalogs of landslide seismicity over long time periods and continuous and
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distributed datasets of displacements and pore fluid pressures which remains challenging to acquire.
Finally, on addition to the characteristics of seismic signals, further information on the sources pro-
cesses can be obtained from the distribution of the events in time, space and size. Events that occur
regularly in time with similar amplitudes are likely associated with the repeated failure of an asper-
ity surrounded by aseismic slip, for instance, at the base of a glacier (Helmstetter et al., 2015a) or of
a landslide (Yamada et al., 2016a, Poli, 2017). Signal amplitudes and recurrence times often display
progressive variations in time. In contrast, events that are clustered in time and space, with a broad
distribution of energies, are more likely associated with the propagation of a fracture (Helmstetter
et al., 2015b). The daily distribution of events time can also be helpful to identify anthropic sources,
that occur mostly during the day. In contrast, natural events are more frequently detected at night,
when the noise level is smaller.

Simulations and models are also required to explain the current observations. Indeed, experimen-
tal results suggest an increase of acoustic emissions correlated with the increase of the slope velocity
(Smith et al., 2017) or an increase of acoustic emission due to the creation of the rupture area (Lockner
et al., 1991). Acceleration of pre-existing rupture surface(s) seems to be the mechanism responsible for
the seismicity recorded before large rockslide collapse. Yamada et al. (2016a), Poli (2017) argued that
the high correlation between the repetitive events could only be explained by stick-slip movement of
the locked section(s), while a cracking process would imply a migration of the location of the events
and a change in the events waveforms. Schöpa et al. (2017) argued that the presence of gliding fre-
quencies could only be produced by similar sources and hence close location. On the contrary, in the
case of the Mesnil-Val column, Senfaute et al. (2009) interpreted the evolution from high frequency to
low frequency events as the progressive formation of the rupture surface followed by the final rupture
process immediately before the column collapse where both tensile cracks and shearing motion on
the created rupture are generated.

1.8 Conclusions

Over the last decades, numerous studies have recorded seismic signals generated by various types of
landslides (i.e. slide, topple, fall and flow), for different kinematic regimes and rock/soil media. These
studies demonstrated the added-value of analyzing landslide-induced micro-seismicity to improve
our understanding of the mechanisms and to progress in the forecast of landslide evolution.

In this work we propose a review of the endogenous seismic sources generated by the deforma-
tion of unstable slopes. A dataset of fourteen slopes is gathered and analyzed. Each of the source is
described by nine quantitative features of the recorded seismic signals. Those features provide distinct
characteristics for each type of source. A library of relevant signals recorded at relevant site is shared
as supplementary material. We propose three main class “slopequake”, “rockfall” and “granular flow”
to describe the main type of deformation observed on the slopes. Slopequakes are related to shearing
or fracturing processes. This family exhibits the most variability due to the complexity of the sources.
These variations are likely to be generated by different source mechanisms. “Rockfall” and “granular
flow” classes are associated to mass propagation on the slope surface. They are distinguishable by the
number of peaks clearly identified in the seismic signals.

Presently, several descriptions of the seismic sources are proposed for each study case. We believe
that a standard typology will allow to discuss and compare seismic signals recorded at many unsta-
ble slopes. We encourage future studies to use and possibly enrich the proposed typology. This also
requires publication of the datasets and/or catalogs to progress towards a common interpretation.
Recently, organizations such as the United States Geological Survey (USGS) or the French Landslide
Observatory (OMIV) have started this work (RESIF/OMIV, 2015, Allstadt et al., 2017).

A better understanding of the different sources endogenous to unstable slopes can also be
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achieved through the development of new adapted processing strategies to classify, locate and in-
vert focal mechanism. Those developments must also be associated with the deployment of denser
seismic networks, by taking advantage of the recent arrival on the market of relatively cheap and au-
tonomous seismometers (eg. ZLand node systems, Raspberry-Shake systems). Moreover, the recent
operational applications of Ground-Based SAR (Synthetic Aperture Radar) and terrestrial LiDAR tech-
nologies for monitoring purposes shows their relevance to monitor distributed surface displacements.
On-going monitoring on several landslides combining those innovative approaches will certainly help
to associate SQ events to deformation processes (Dietze et al., 2017b, RESIF/OMIV, 2015).

The proposed typology will help to constrain the design of new models to confirm the assump-
tions on the nature and the properties of the seismic sources. This will be particularly important for 1)
explaining the variability of the SQ sources observed at the sites, 2) progressing in the physical under-
standing of the SQ sources, and 3) ascertaining the spatio-temporal variations of the seismic activity
observed at some unstable slopes in relation with their deformation as well as, with external forcings
such as intense rainfalls and earthquakes.
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Synthesis: A standard typology of landslide endogenous seismic signals

Main results: We investigated the seismic signals generated by the deformation of a large number
and variety of unstable slopes. Although we have not processed the complete datasets available at
certain sites, we demonstrate that the seismic signals recorded in the vicinity of unstable slopes
share common features suggesting similar source mechanisms. We proposed a generic classifica-
tion of these signals as well as an interpretation for their associated sources. We also quantified
the signal properties and proposed nine main features to discriminate the classes of seismic events.

Perspectives: Further catalogs of landslide endogenous seismicity could be established on
the basis of the proposed typology allowing for the statistical comparison of the seismic events
occurrence at different sites. This kind of studies may help validating the proposed assumption
made on the physical processes associated with the seismic signals. Standard catalogs will also
help to understand the relation between the endogenous seismicity, the landslide activity and the
external forcings. This is important in order to investigate both the hydro-mechanical processes
taking place during landslide deformation and the long-term seismic regime of the slopes. Indeed,
as precursory seismic signals have been recorded before certain large failures, knowledge of the
creeping regime is needed to differentiate it from the acceleration phase. The source to sensor
distances play a critical role in the recorded signal features, in particular on the recorded frequency
content.
However, the source may also generate certain frequencies which currently prevents to interpret
the source of certain signals. The comparison of catalogs from different sites could help to resolve
this ambiguity.
The identification of the main signal features discriminating the endogenous seismic events en-
ables the implementation of supervised classification techniques which have the advantages of 1)
proposing a less subjective analysis of the signals, and 2) being automatic. The machine learning
method is presented in Chapter 2.
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CHAPTER 2| Classification of seismic signals for the
automated creation of seismicity catalogs

This chapter aims at developing a fully automatic classification method of seismological datasets
using machine learning techniques. This development is relevant for many types of applications
as the number of seismic networks, operating sensors and datasets is growing. Moreover, human
interpretation is likely subjective introducing possible bias in the construction of the seismicity
catalogs. The proposed methodology is expected to be robust, versatile and easy to use for any
type of seismic datasets and classes of seismic signals.
The machine learning method has been developed on the datasets acquired at the Super-Sauze
landslide. After some trial tests Hibert et al. (2017) we implemented the Random Forest supervised
classifier which is based on multiple decision trees. This classifier has been chosen because it does
not require any tuning (except the number of built trees) and because it intrinsically selects the
most pertinent features during the training and provides an estimation of their importance. Its
performance has been demonstrated for several application fields but has never been tested on
seismic signals classification. Two inputs are required to built the classification trees: a set of at-
tributes describing the signal properties and a training set (i.e. a set of example signals).
The attributes describe the seismic signal (e.g. waveform, frequency content and polarity). The list
of attributes has been established by analyzing seismic datasets recorded on unstable slopes and
on volcanoes. We present in this chapter the implementation of the method, and its application to
the classification of the seismicity recorded at the Super-Sauze landslide. The training set has been
elaborated for some selected periods, and the influence of the training set size on the sensitivity of
the classification is discussed.

The chapter is based on:

Provost, F., Hibert, C. and Malet, J.-P. (2017). Automatic classification of endogenous landslide
seismicity using the Random Forest supervised classifier. Geophysical Research Letters, 44, 113–120,
doi:10.1002/2016GL070709.
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Abstract: The deformation of slow-moving landslides developed in clays induces endogenous seis-
micity of mostly low magnitude events (ML < 1). Long seismic records and complete catalogs are needed
to identify the type of seismic sources and understand their mechanisms. Manual classification of long
records is time consuming and may be highly subjective. We propose an automatic classification method
based on the computation of 71 seismic attributes and the use of a supervised classifier. No attribute was
selected a priori in order to create a generic multi-class classification method applicable to many land-
slide contexts. The method can be applied directly on the results of a simple detector. We developed the
approach on the seismic network of 8 sensors of the Super-Sauze clay-rich landslide (South French Alps)
for the detection of four types of seismic sources. The automatic algorithm retrieves 93% of sensitivity in
comparison to a manually interpreted catalog considered as reference.

2.1 Introduction

Recent studies have demonstrated the presence of endogenous seismicity induced by the deformation
of slow-moving clay-rich landslides whereas aseismic creeping was previously assumed (Gomberg
et al., 1995, Tonnellier et al., 2013, Walter et al., 2013b). Slide-quakes have been recorded on these
unstable slopes proving the presence of material failures and shearing at the contact with the bedrock
or directly within the moving mass. Locally, rockfalls can also be recorded on steep slopes (Tonnellier
et al., 2013). Tremor-like signals have also been observed (Gomberg et al., 2011) and may be linked to
fluid transfer or transient-slip. In the case of clay-rich landslides, analysis of the microseismicity is a
challenging task because the signals are of low magnitude (ML < 1), low amplitude (< 10000 nm.s−1)
and are generally highly attenuated at short distances (< 200 m). Dense seismic arrays should there-
fore be installed over long observation periods to obtain numerous signals with high Signal to Noise
Ratio (SNR). Analysis of long seismological records (> 2 years) have been realized (Spillmann et al.,
2007, Helmstetter and Garambois, 2010) resulting in the detection of several thousands of landslide
seismic events. In these studies, the seismic events are classified manually after detection and rely on
the personal experience of the human operator which can be subjective and time consuming.

Automatic classification methods have been developed for detecting the sources in volcanic ar-
eas (Langer et al., 2006, Curilem et al., 2009), to differentiate earthquakes and blasts (Fäh and Koch,
2002, Laasri et al., 2015) or for characterizing large rockslides (Dammeier et al., 2016). For multi-class
problems, many classifiers were used such as Hidden Markov Models (HMM), Artificial Neural Net-
works (ANN) and Support Vector Machines (SVM), mainly on a reduced number of seismic attributes
(Curilem et al., 2009, Hibert et al., 2014, Ruano et al., 2014). Recently, some studies (Beyreuther and
Wassermann, 2008, Ruano et al., 2014, Quang et al., 2015) focused on the classification of continuous
seismic records discriminating the background noise from the signal of interest. HMM was modified
to detect one type of signal from few to one single example which is interesting for the detection of
rare seismic sources (Hammer et al., 2012, 2013, Dammeier et al., 2016). However, the use of a unique
seismic signal as reference lacks to capture the influence of the travel-path effects on the waveform
and the frequency content of the recorded signal (Hammer et al., 2013). The authors hence suggested
to use one example for different source-receiver distances. Finally, (Ruano et al., 2014) applied SVM
for the discrimination of earthquake and explosion from background noise but the method requires a
further interpretation of the detected events.

We propose a generic (applicable to various objects) and automatic (no fine tuning required)
method to classify the endogenous seismicity of slow-moving landslides.The Super-Sauze landslide
dataset is used as an example to test the method. We decided to use the Random Forest (RF) super-
vised classifier (Breiman, 2001) on a large training set. Four classes of seismic events are identified:
two classes are related to events associated with the landslide deformation (e.g. quakes and rock-
falls) and two classes of external sources (e.g. regional/global earthquakes, natural and anthropogenic
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noise). To train the model, 71 seismic attributes are computed (waveform, spectral content, spectro-
gram content, polarization and attributes related to the seismic network geometry). We here focused
on the results of the classification method on a sample dataset and discuss possible improvement for
its implementation as a near real-time classifier.

2.2 Data

The seismic records are acquired by two permanent arrays of the French Landslide Observatory OMIV
(Observatoire Multi-disciplinaire des Instabilités de Versants) installed at the East and West sides of
the Super-Sauze landslide (Southeast France) developed in weathered black marls (Malet et al., 2005).
The seismic stations consist of short period seismometers (Noemax and Sercel L4C) with a flat re-
sponse in the range 5-100 Hz; the signals are recorded with two broadband seismic recorders (RefTek
130S-01) at a 250 Hz sample frequency. The seismometers are arranged as tripartite array of 40 m lay-
out around one three-component (3C) center site and three vertical one-component (1C) organized
as equilateral triangle. The array thus forms a six-channels seismic recorder. The experiment dataset
consists of 3 acquisition periods from October 11 to November 19, 2013, from November 10 to Novem-
ber 30, 2014 and from June 09 to August 15, 2015. The investigated dataset consists of 418 “Rockfall”
events, 239 “Quake” events, 407 “Earthquake” events (EQ) and 395 “Natural/Anthropogenic noise”
events (“N & A” noise) (Figure 2.1).

1. The “Rockfall” events take place mostly in the landslide main scarp where rigid blocks fall from
steep slopes (> 100 m high). The block impacts are visible both in the signal waveform and in
the stacked spectrogram for most of the events but can also present cigar-shapes when finer
material is falling.

2. The “Quake” events are likely to be triggered by material failures, surface fissure openings and
shear stress release at the landslide boundaries or at the contact with the bedrock. They are usu-
ally strongly attenuated and not recorded by all the seismometers and last less than 5 seconds.

3. The “Earthquake” events cluster all the regional seismic events triggered in the region (Jenatton
et al., 2007) and teleseisms. Their pseudo-spectrograms have typically a triangle shape with a
decrease of high frequency content with time.

4. The “Natural/Anthropogenic noise” events cluster all the anthropogenic (footsteps, car and he-
licopter motors, ski lifts, etc.) and environmental (wind, storm, water streams, etc.) noise in the
vicinity of the landslide. Those events usually last several tens of seconds and illuminate either
several frequencies or only specific ones in the spectrogram.

For more details on the endogenous signals observed at Super-Sauze landslide, the reader may refer to
(Helmstetter and Garambois, 2010, Walter et al., 2012a, Tonnellier et al., 2013). It must be noted that
it can be difficult to differentiate certain signals such as a succession of quakes from small-volume
rockfalls or to distinguish footsteps and small-volume rockfalls.
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the raw signal window and do not require any human interpretation such as wave onset identifica-
tion or location. Only the Kurtosis attribute requires setting manually various frequency bands (here
5-10Hz, 5-50Hz, 10-70Hz, 50-100Hz, 5-100Hz).
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Table 2.1: Attributes table

# Description Formula
Waveform attributes:

1 Duration t f − ti , with ti and t f : beginning and end of the signal
2 Ratio of the mean over the maximum of the envelop signal −
3 Ratio of the median over the maximum of the envelop signal −
4 Ratio between ascending and descending time tmax−ti

t f −tmax , with tm ax : time of the largest amplitude

5 Kurtosis of the raw signal (peakiness of the signal) m4

σ4 , with m4: fourth moment, σ: standard deviation
6 Kurtosis of the envelop see 5
7 Skewness of the raw signal m3

σ3 , with m3: third moment
8 Skewness of the envelop see 7
9 Number of peaks in the autocorrelation function −

10 Energy in the first third part of the autocorrelation function
∫

T
3

0 C(τ)dτ , with T: signal duration, C: autocorrelation function
11 Energy in the remaining part of the autocorrelation function see 10
12 Ratio of 11 and 10 −
13-
17

Energy of the signal filtered in 5-10Hz, 10-50Hz, 5-70Hz, 50-100Hz,
5-100Hz

∫T
0 y f (t )d t , with y f : filtered signal in the frequency range [f1-

f2]
18-
22

Kurtosis of the signal in 5-10Hz, 10-50Hz, 5-70Hz, 50-100Hz, 5-100Hz
frequency range

see 5

23 RMS between the decreasing part of the signal and l (t ) = Ymax −
Ymax

t f −tm ax t

√

Y(t )− l (t )
2

, with Y: envelop of the signal

Spectral attributes:
24 Mean of the DFT DFT: Discrete Fourier Transform
25 Max of the DFT −
26 Frequency at the maximum −
27 Central frequency of the 1st quartile −
28 Central frequency of the 2nd quartile −
29 Median of the normalized DFT −
30 Variance of the normalized DFT −
31 Number of peaks (> 0.75DFTmax ) DFTmax : maximum of the DFT

Continued on next page
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Table 2.1 – continued from previous page

# Description Formula
32 Number of peaks in the autocorrelation function −
33 Mean value for the peaks −
34-
37

Energy in [0, 1
4 ]Ny f , [ 1

4 , 1
2 ]Ny f , [ 1

2 , 3
4 ]Ny f , [ 3

4 ,1]Ny f
∫ f2

f1
DFT( f )d f with f1, f2: the considered frequency range

38 Spectral centroid γ1 = m2
m1

, with m1 and m2 are the first and second moment

39 Gyration radius γ2 =
√

m3
m2

, with m3 is the third moment

40 Spectral centroid width
√

γ2
1 −γ2

2

Spectrograma attributes:
41 Kurtosis of the maximum of all Discrete Fourier Transforms (DFTs) as

a function of time t
Kur tosi s

[

max
t=0,..,T

(SPEC(t , f ))
]

with SPEC(t,f): the spectrogram

42 Kurtosis of the maximum of all DFTs as a function of time t see 41
43 Mean Ratio between the maximum and the mean of all DFTs mean

( max(SPEC)
mean(SPEC)

)

44 Mean Ratio between the maximum and the median of all DFTs see 43
45 Number of peaks in the curve showing the temporal evolution of the

DTFs maximum
−

46 Number of peaks in the curve showing the temporal evolution of the
DTFs mean

−

47 Number of peaks in the curve showing the temporal evolution of the
DTFs median

−

48 Ratio between 45 and 46 −
49 Ratio between 45 and 47 −
50 Number of peaks in the curve of the temporal evolution of the DTFs

central frequency
−

51 Number of peaks in the curve of the temporal evolution of the DTFs
maximum frequency

−

52 Ratio between 50 and 51 −
53 Mean distance between the curves of the temporal evolution of the

DTFs maximum frequency and mean frequency
−

54 Mean distance between the curves of the temporal evolution of the
DTFs maximum frequency and median frequency

−

Continued on next page
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Table 2.1 – continued from previous page

# Description Formula
55 Mean distance between the 1st quartile and the median of all DFTs as

a function of time
−

56 Mean distance between the 3r d quartile and the median of all DFTs as
a function of time

−

57 Mean distance between the 3r d quartile and the 1st quartile of all
DFTs as a function of time

−

58 Number of gaps in the signal −
Network attributes:

59 SNR maximum −
60 Station with maximum SNR −
61 Station with maximum amplitude −
62 Station with minimum amplitude −
63 Ratio between attributes 62 and 61 −
64 Mean correlation −
65 Maximum correlation −
66 Mean correlation lag in between station −
67 Standard deviation correlation lag in between station −

Polarity attributes:

68 Rectilinearity 1− λ11+λ22
2λ33

with λ33 >> λ22 >> λ11

69 Azimuth arctan(λ23/λ13)×180/π

70 Dip arctan(λ33/
√

λ2
23 +λ2

13)×180/π

71 Planarity 1− 2λ11
λ33+λ22

aThe spectrogram is the collection of the DFTs computed for signal windows of
1s with an overlap of 90%. The spectrogram is represented as a two-dimensional
matrix representing the evolution of the frequency content (rows) through time
(columns).
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The selected supervised classifier is the Random Forest algorithm (RF), which is an ensemble
learning method based on decision trees (Breiman, 2001). It is based on several (> 500) decision trees
trained on the dataset. The class is assigned by the majority of the decision tree votes. RF has proven
to be one of the most efficient algorithm for the classification of 121 complex datasets among 17 fam-
ilies of classifiers (Fernández-Delgado et al., 2014). Moreover it is simple to use and does not require
any fine-tunning (Stumpf and Kerle, 2011). It also enables to compute which attributes are the most
discriminant for the classification. This is done through the estimation of the Variable Importance
as defined by (Breiman, 2001) and consists in randomly swapping the values of one attribute over all
the samples of the training dataset. The Variable Importance is the variation in the Out-Of-Bag error
computed before and after the permutation. The larger the error variation the more important is the
attribute. We worked with the TreeBagger version of RF implemented in the Matlab Statistical Tool-
box. For the tests, successively 10%, 30%, 50% and 70% of each class was randomly selected as training
set for the classifier. The RF model was evaluated for each test on 70 events randomly chosen in each
class in the events not used in the training set. One hundred models runs were performed for each
test and the classification results are averaged.

2.4 Results

The sensitivity reaches 93% ± 1.5% and the specificity 97% ± 0.5% in average for 100 runs of Ran-
dom Forest. Table 2.2 presents the confusion matrix that represents the comparison between the
reference interpretation and the automated classification of the dataset. The “Earthquake” and
“Rockfall” events are better classified with a sensitivity of 94% whereas the “Quake” and the “Natu-
ral/Anthropogenic noise” events have a sensitivity of 93% and 92% respectively.

The sensitivity increases with the number of examples in the training set (Figure 2.2). We observe
that for above 50% of examples introduced in the training set for each class, the increase in sensitivity
is not significant anymore (< 1%). However, it seems that the sensitivity of the classes “Earthquake”
and “Natural/Anthropogenic noise” increases more than for the two others; thus more examples of
these two classes may improve the sensitivity.

The importance of the attributes in the classification are presented in Figure 2.3. In our case,
we observe that the most discriminant attribute is the ratio between the maximum and minimum
amplitude recorded in the network (A63). The other most discriminant attributes are, successively,
the ratio between the ascending and descending duration of the signal (A4), the signal duration (A1),
the station with the maximum amplitude (A61), the median correlation (A65), the energy in the first
third of the auto-correlation function (A10), the energy in the signal spectrum between 0 and 31.25
Hz (A34), the planarity (A71), the mean correlation lag in between traces (A66) and the energy of the
signal filtered in 50-100 Hz (A16)). No attribute from the spectrogram analysis appears in the 10 most
discriminant attributes. The less discriminant attributes are respectively the azimuth (A69, A73) and
the ratio between the number of peaks in the pseudo-spectrogram function (A52).

Table 2.2: Mean confusion matrix for 100 runs of Random Forest. The classified (Class.) events are represented
with respect to the events of the reference catalog (Ref.).

Class. Rockfall Class. Quake Class. EQ Class. N & A Noise
Ref. Rockfall 94% 1% 3% 2%
Ref. Quake 3% 93% 3% 1%

Ref. EQ 1% 2% 94% 3%
Ref. N & A Noise 2% 3% 3% 92%
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Figure 2.3: Mean variable importance for 100 runs of Random Forest. The attributes are presented with their re-
spective numbers (Table1) and by category: Waveform, Spectral (attributes computed on the FFT of the signal),
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seismometers are represented successively for microseismic array A and B.

54



CHAPTER 2. CLASSIFICATION OF SEISMIC SIGNALS FOR THE AUTOMATED CREATION OF

SEISMICITY CATALOGS

2.5 Discussion and conclusion

The more classes are discriminated by an attribute, the more important the attribute is. Therefore,
all the seismic sources can be separated by attribute 63 (A63EQ >= A63N&Anoi se > A63ROC >= A63Q)
because the waves created by the local sources travel through the subsurface and may be highly at-
tenuated at short distances (< 100 m) while for the external sources, the waves travel in the consol-
idated bedrock and are thus less attenuated. In the same manner, the ratio between the ascending
and descending phase can separate the highly non symmetrical sources (Rockfall and Earthquake)
from the symmetrical signal generated by the quakes (A4ROC >= A4Q > A4EQ). The duration finally
discriminates mostly the “Natural & Anthropogenic noise” events (A1N&Anoi se > 20s) and the quakes
(A1Q < 5s). Finally the next attributes in the order of importance mainly discriminate only one class:
the "N & A noise” events are highly not correlated compared to the other signals (A65) and the rock-
fall events mainly occur in the scarp so the sensors with the maximum amplitude are the closer ones
(A61).

The azimuth of the particle motion is, in theory, a useful information to discriminate the sources
because it gives the source location direction. Here it seems that the station with the maximum ampli-
tude (A61) gives more robust information on the source location by discriminating the rockfall events.
The attributes implying the number of peaks are also not very discriminating here probably because
it is rather difficult to set an efficient threshold above which a peak is considered relevant.

Considering only the 10 most discriminant attributes slightly deteriorates the classification with a
sensitivity of 92%±1.5% while not reducing significantly the computing time (e.g. the attributes can
currently be calculated from the raw signal in ca. 1 second). Therefore, no attribute should be removed
from the model even the one with the lower discriminating rate. Moreover, the list of attributes enables
the method to be easily applied to various contexts since they allow to fully describe each signal. The
most discriminant attributes will probably be different at other landslides but this will not decrease
the accuracy of the method. The number of attributes also enables the method to be adaptive to
possible temporal variations of the source mechanisms.

Sensitivity is a common measure used to evaluate a classifier but this criteria requires a reference
catalog constructed by one analyst. Because the human interpretation is subjective (Langer et al.,
2006, Hibert et al., 2014, Laasri et al., 2015), the sensitivity may not reflect the complexity of the dataset.
We thus tested the human subjectivity on a smaller dataset of 60 events with 20 human analysts and
compared the results. The total of the analysts’ votes agrees fully with the reference interpretation
thus validating the reference catalog used to compute the sensitivity. The mean sensitivity for the
human interpretation is 82% (Table 2.3). It must be noted that the information given to the human
analysts was slightly different to the one introduced in the statistical model as the seismic network
geometry and the polarity attributes were not presented to the analysts. We ran the RF model with
the same information as given to the analysts (A1 to A58) and obtained a mean sensitivity of 90%
(Table 2.3). In both cases, the automatic method obtains higher or similar maximal sensitivity than
the analysts (Table 2.3). The automatic method is hence comparable to the human analysis while a
larger sensitivity of the automatic method would over-fit the interpretation of one particular analyst.

Table 2.3: Sensitivity results for the set of 20 human analysts, for the RF model with all attributes taken into
account and for the RF model with A1 to A58. The RF model is tested 100 times using 70%of the dataset as
training set and testing the model on the 30% of the dataset (not selected as training set).

Human analysts RF RF (Attributes 1 to 58)
Mean Sensitivity 82% 93% 90%
Max. Sensitivity 95% 96% 94%
Min. Sensitivity 58% 90% 86%
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We propose an automatic classifier based on RF and a large number of attributes to describe the
seismic signals. The obtained sensitivity is 93%±1.5% for a complex multi-class problem (low mag-
nitude events, intra-class heterogeneity). The method requires at least 150 examples for the different
event types to train the model; it further allows separating the highly heterogeneous class (e.g. “N &
A noise”) with the same success rate than the other classes. RF provides probability estimates on the
classification that are useful to accept or reject a new classification and determines when the model
needs to be retrained. The latter could also provide new insights to detect changes of the seismicity
with time. In summary, the method is easily applicable to classify the seismicity of various objects
(volcanoes, geothermal fields, earthquake detection) and can be used even for studies where only one
single sensor is available. The implementation of the method for real-time applications is in progress.
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2.6 Appendix: Analysis of the classification uncertainty

Random Forest also provides an estimation of the uncertainty of the classification for each classified
event. Each tree provides a vote meaning that each tree estimate the class of an event. The uncertainty
is hence computed as the percentage of trees voting for a class. We want to analyze the reliability of
this uncertainty and determine a threshold to consider an event correctly classified. We trained the
Random Forest algorithm with 119 micro-earthquakes, 209 rockfalls, 203 earthquakes and 197 natu-
ral/anthropogenic noise examples. The trained model was then used to classify a set of 400 landslide
seismic events (100 events per class). We analyzed the set of events for each class and analyze the
distribution of the votes obtained with Random Forest (Figure 2.4). For “Rockfall” and “N & A noise”
classes, more than 60% of the classifications are made with 90% of tree voting for the correct class. For
“slopequake” and “Earthquake” classes, around 40% of the events are classified with more than 90%
of votes. However, above the threshold value of 65%, the tree vote gives the correct classification for
all the classes. Hence, we set a threshold of 0.65 to validate the classification of an event meaning at
least 65% of the grown decision trees must vote for one class to accept this class. When the threshold
is set, 59 of the 400 event classifications were rejected (7 micro-earthquakes, 13 rockfalls, 20 earth-
quakes, and 16 natural/anthropogenic noise). The rest of the events are perfectly classified with the
exception of one natural/anthropogenic noise event (electrical transient) that was misclassified as a
micro-earthquake.
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Figure 2.4: Distribution of votes obtained with Random Forest for each all the events of the training set classified
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Synthesis: Classification of seismic signals for the automated creation of seismicity catalogs

Main results: We proposed and implemented a supervised classification method of seismic
signals based on a the calculation of a large number of signals features and on the Random Forest
algorithm. We applied and tested the method on the seismic datasets of the Super-Sauze landslide.
We obtained a sensitivity > 90% for the classification of four types of seismic events . We show that
this sensitivity is equivalent or event larger than human sensitivity. The sensitivity depends on the
number of examples used in the training sets. Introducing a large number of examples improved
the value of the sensitivity. This can be a limitation to explore the occurrence of seldom events.
The methodology was also applied on the Piton de la Fournaise volcano (Maggi et al., 2017, Hibert
et al., 2017c). These studies demonstrated the efficiency of this approach as the authors obtained
a sensitivity > 90% with 2 or more classes. The ranking of the attributes is different for these two
studies, demonstrating the pertinence of calculating the complete set of attributes to construct the
statistical model.

Perspectives: We demonstrated in Chapter 1 that similar signals are observed for several
gravitational slopes. The construction of a general catalog with examples of signals from several
unstable slopes may be a solution to provide large training sets even for the more seldom events.
Further tests must be carried out to determine if the training set identified on one site is adequate
and usable for another site. The question also remains on the suitability of the training set through
time. Hibert et al. (2017c) show that changes in the rockfall dynamics observed at the Piton de la
Fournaise could be observed by a decrease of the sensitivity. The implementation of the semi- and
unsupervised version of the Random Forest would help to address these issues and to refine the
classes.
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CHAPTER 3| Location of seismic signals for under-
standing the landslide deformation pattern

Location of seismic sources is a crucial step in seismology to interpret the physical processes. The
objective of Chapter 3 is to propose a robust and automatic location method adapted to the specific
context of landslides. Accurate locations require a proper interpretation and/or processing of the
signal and a realistic estimation of the ground properties.
In the case of landslides, the limited number of sensors, the often poorly constrained geometry
of the networks, the complexity of the ground structure and of the surface topography (possibly
rapidly evolving in time) as well as the properties of the recorded seismic signals make the location
of the sources very challenging. In order to implement an accurate and automatic method, we
need:

• to take into account the topography and the heterogeneity of the underground velocity struc-
ture,

• to implement an automatic processing of the seismic signals to retrieve the different infor-
mation needed for source location (i.e. seismic wave arrivals, amplitude, polarization, etc.),

• to integrate these information in a location scheme and estimate their uncertainties.

We propose a method based on the analysis of the seismic wave amplitude and the picking of the
P-wave arrivals. Seismic wave tomography has been realized to create a realistic and high spatial
resolution P-wave velocity model taking into account the topography and the heterogeneity of the
ground. The location method consists in maximizing the inter-trace correlation of the P-wave ar-
rivals. The analysis of the amplitude is used as a prior information to reduce the search area. Due
to the complexity of the seismic signals, we propose an optimization step to improve the determi-
nation of the P-wave window.

This chapter is based on:

Provost, F., Malet,J.-P., Helmstetter, A., Gance, J., and Doubre, C. (2018). Automatic approach
for increasing the location accuracy of slow-moving landslide endogenous seismicity: the APOLoc
method, Geophysical Journal International (accepted, in press).
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Abstract: Seismological observations offer valuable insights on the stress-strain states, the physi-
cal mechanisms and the possible precursory signs of activation of various Earth surface processes (i.e.
volcanoes, glaciers, landslides). Comprehensive catalogs of the endogenous landslide seismicity, i.e. cor-
responding to seismic sources generated by the unstable slope from either mechanical or hydrological
origins, should include the typology and an estimate of the source parameters (location, magnitude) of
the event. These advanced catalogs constitute a strong basis to better describe the slope deformation and
its time evolution and better understand the controlling factors. Because the number of seismic events
in landslide catalogs is generally large, automatic approaches must be considered for defining both the
typology and the location of the sources. We propose here a new location approach called Automatic
Picking optimization and Location method - APOLoc for locating landslide endogenous seismic sources
from seismological arrays located at close distance. The approach is based on the automatic picking
of the P-waves arrivals by optimizing the inter-trace correlations. The method is tested on calibration
shots realized at the Super-Sauze landslide (Southeast French Alps) and compared to other location ap-
proaches. By using a realistic velocity model obtained from a seismic tomography campaign, APOLoc
reduces the epicenter errors to 23 m (on average) compared to ca. 40 m for the other approaches. APOLoc
is then applied for documenting the endogenous seismicity (i.e. slopequakes and rockfalls) at the land-
slide.

3.1 Introduction

The term landslide refers to a large range of gravitational instabilities of various sizes, rheologies and
dynamics. They may be triggered by internal causes, such as changes of pore-fluid pressure due to
gravitational load and/or external causes such as heavy and prolonged rainfalls or earthquakes. Cur-
rent forecasting methods are based on a prediction of the failure or acceleration of the mass from
geodetic (Saito, 1969, Petley, 2004), hydrologic and/or meteorological data (Bernardie et al., 2015). In
most cases, these statistical methods fail in providing an accurate timing of the failure (Intrieri and
Gigli, 2016) as many physical mechanisms can also interact and initiate slope acceleration and slope
failure depending on the geomechanical properties of the mass. Slope acceleration towards failure re-
sults from fracture propagation at depth (Amitrano et al., 2005, Crosta and Agliardi, 2003, Petley et al.,
2005, Poli, 2017, Yamada et al., 2016) or from rheological solid-fluid transition (Van Asch, 1984, Malet,
2003, van Asch et al., 2006, Mainsant et al., 2012b, Carrière et al., 2018). These processes generate
seismic signatures that can be investigated.

Two main approaches exist to analyze the seismic signals recorded on unstable slopes: micro-
seismic or seismic noise correlation monitoring (Amitrano et al., 2005, Larose, 2017). Seismic noise
correlation monitoring computes the variation of the shear waves velocity in the medium through
time. The shear waves are related to the shear modulus of the medium and their variation may reflect
changes in the mechanical properties of the mass. The method seems to be particularly efficient for
the monitoring of soil fluidization. A drop in the shear waves velocity has been observed before ac-
celeration of the Pont-Bourquin mudflow (Switzerland; Mainsant et al. (2012b)) and have been repro-
duced in laboratory experiments for clayey soils (Mainsant et al., 2012a, 2015). Micro-seismic moni-
toring aims at detecting and classifying the seismic sources generated by landslide deformation. The
analysis of the space and time distribution of the sources allows retrieving the mechanism of the seis-
mic sources in order to improve the knowledge on the mechanical state of the landslide. It is also a
valuable information to understand the temporal response of the slopes to external forcings. Catalogs
of landslide seismic activity constitute an efficient corpus of information to forecast the evolution of
slope deformation, and to understand the temporal response of the slopes to external forcings. As
precursory events have been detected before a few large failures, the creation of automatic catalogs
documenting the long-term landslide seismic activity is needed to improve the prediction of slope
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deformation. Seismological precursory signals have been recorded on a coastal cliff before its col-
lapse (Amitrano et al., 2005) and before some major landslides (Caplan-Auerbach and Huggel, 2007b,
Poli, 2017, Yamada et al., 2016, Schöpa et al., 2017) demonstrating the potential of seismology as an
input for warning systems. Detection and location of the seismic signals in real-time has demon-
strated its efficiency on volcanoes to provide alarms before eruption (Chouet et al., 1994, García et al.,
2014). Thus, one of the challenge for developing robust landslide monitoring and warning systems
integrating seismic observations is the automatic creation of advanced seismic catalogs including the
detection, the location and the characterization of the endogenous seismic signals.

Previous analyses of landslide micro-seismicity revealed the occurrence of endogenous seismic
sources in both brittle (e.g. rockslides; Amitrano et al. (2005), Spillmann et al. (2007), Helmstetter and
Garambois (2010), Levy et al. (2011), Walter et al. (2012b), Brückl et al. (2013), Provost et al. (2018))
and ductile medium (e.g. earth/mudslides; Rouse et al. (1991), Gomberg et al. (1995), Tonnellier et al.
(2013), Walter et al. (2013b), Provost et al. (2018)). However the mechanisms controlling the generation
of these seismic signals remain poorly understood, mainly because of the poor accuracy of the seismic
source location with respect to the landslide dimensions. Accurate source location for landslides is
complex due to:

• the difficulty in constructing reliable velocity models taking into account the spatial and tem-
poral variations of the petrophysical properties of the medium;

• the complexity of the seismic signals, particularly for the identification of P- and S-waves (Spill-
mann et al., 2007, Lacroix and Helmstetter, 2011) , due to low Signal-to-Noise Ratios (SNR) re-
sulting from low energy sources (ML < 0), high attenuation of the seismic waves in unconsol-
idated and cracked media (Rouse et al., 1991, Gance et al., 2012), and the short propagation
distances and possible scattering;

• the field conditions (steep slopes, rapidly evolving surface topography, often in mountain ar-
eas with difficult meteorological conditions) rendering the maintenance of seismic instruments
difficult for long-term observations and potentially modifying signal polarities (Neuberg et al.,
2000).

The objective of this work is to propose an accurate location procedure for the automatic analysis
of landslide endogenous seismic sources. The proposed method consists in a new coupled picking
and location procedure: APOLoc (which stands for Automatic Picking Optimization and Location).
After building a realistic velocity model for P-waves from seismic tomography profiles, the APOLoc
workflow consists in three steps: first, the search area is constrained by applying an Amplitude Source
Location analysis (ASL); second, the onset of the signal is automatically identified using a Kurtosis-
based function; third, the picking of the signal onset is refined by recursively optimizing the inter-trace
correlation. APOLoc is tested on a set of 15 calibration shots and compared to other location methods:
Amplitude Source Location (ASL; Taisne et al. (2011)), Probabilistic location (NonLinLoc; Anthony
et al. (2000)) and Beam-Forming (BF; Lacroix and Helmstetter (2011)). The effect of the velocity model
on the location accuracy is also tested and discussed for the calibration shots. These tests prove the
efficiency of APOLoc combined to a realistic P-wave velocity model. Finally, this approach is applied
to natural events (i.e. slopequakes and rockfalls) and its suitability is discussed.

3.2 Study site: the Super-Sauze landslide

The study site is the Super-Sauze landslide located in the Southeast French Alps. The landslide is
composed of reworked clay shales (black marls) of the Jurassic age. Triggered in the early 1960’s, it
has propagated progressively downslope and has reached a volume of 750 000 m3 and a size of 800 ×
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300 m2 with an average thickness of 15 m. The landslide is one of the permanent monitoring sites of
the French Landslide Observatory OMIV (Observatoire Multi-disciplinaire des Instabilités de Versant:
www.ano-omiv.cnrs.fr). Three categories of observations are monitored since 2007 using different
sensors: the surface deformation monitored using permanent GPS, terrestrial optical cameras and
repeated terrestrial laser scanning campaigns; the sub-surface hydrology using a network of pore wa-
ter pressure sensors installed in shallow piezometers and soil humidity probes; the seismic activity of
the slope using two permanent arrays of seismometers. Geophysical and geotechnical investigation
campaigns helped to constrain the underground structure (Malet, 2003, Schmutz et al., 2009, Gance
et al., 2012, Travelletti and Malet, 2012b). Dynamic penetration tests and inclinometric measurements
showed the presence of two main units above the bedrock (Malet, 2003). The first and shallow unit,
with an average thickness of 5 to 9 m, can be subdivided into two sub-layers depending on the water
saturation of the medium. The top sub-layer, with an average thickness of less than 5 m, is the vadose
(unsaturated) zone, mostly dry, and characterized by a brittle behavior; the lower - 4 m-thick - sub-
layer is the saturated zone characterized by a visco-plastic behavior (Malet, 2003, Travelletti and Malet,
2012b). A shear surface is identified at the bottom of this unit and is corresponding to the lower limit
of the groundwater table (Malet, 2003). The second and deep unit, not observed throughout the whole
landslide (with an average thickness of 5 to 10 m), is an impermeable and very compact medium with
a brittle behavior (Malet, 2003). Underneath, the bedrock is composed of intact black marls (Malet
et al., 2005, Travelletti and Malet, 2012b). From GPS and remote sensing geodetic measures, the aver-
age surface displacement rates are in the range of 0.01-0.03 m.d−1 but velocities up to 3.5 m.d−1 can be
reached during acceleration phases in springtime (Malet et al., 2005, Stumpf and Kerle, 2011, Stumpf
et al., 2014). The upper part of the landslide is the most active part of the slope in terms of surface
deformation (Stumpf et al., 2014, 2015) as well as for seismic activity (Walter et al., 2012b, Tonnellier
et al., 2013). Most of the deformation occurs around a stable buried bedrock crest (i.e. a protrusion
of the bedrock) along two shallow mudflows (Figure 3.1). Various modes of deformation are identi-
fied: a rigid deformation at the surface during the low velocity periods with the development of fissure
networks in extension and shearing and at depth along the shear bands; a ductile deformation at the
surface during periods of high velocity deformation with the progression of the material as a viscous
fluid (e.g. shallow mudflows; Malet et al. (2005), van Asch et al. (2006)).
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Figure 3.5: Example of endogenous seismic sources recorded at the Super-Sauze landslide: typical slopequakes
with high-frequency content (top) and typical rockfall event (bottom). The figure displays (a) the waveform
recorded at the three component sensor of each seismic array with the maximal amplitude (Amax in nm.s−1),
(b) the spectrogram of the signal, (c) the polarization of the P-waves (red) and surface waves (black) and (d)
the waveforms of the signal onset with the corresponding P- and surface waves windows.Their polarization is
vertical at seismic array A and horizontal at seismic array B for the example displayed in Figure 3.5.

consists of three acquisition periods from 11 October to 19 November 2013, from 10 to 30 November
2014, and from 9 June to 15 August 2015. The investigated data set consists of 418 rockfall events and
239 slopequake events that have been classified manually. The original purpose of this catalog was
to train an automatic machine learning classifier (Provost et al., 2017). The duration of this dataset is
too short to analyze the dynamics of the landslide but allows us to test the suitability of the proposed
location method on natural events.

3.4 Method: APOLoc, Automatic Picking Optimization and Location

The picking of the phase onsets is a critical part of the location and is very challenging in the case
of landslides because of the proximity of the sources to the sensors and the attenuation of the me-
dia. Prior investigation of the problem underlines the importance of the picking error for seismic
source location at the Super-Sauze landslide (Appendix A). The proposed location method is based
on a robust and automatic processing of the signal to obtain the picking time of the P-wave arrivals
taking advantage of the 3D velocity model constructed from the seismic profiles. The strategy consists
in 1) a pre-location of the source with the Amplitude Source Location (ASL) approach to reduce the
grid search extension, 2) an automatic picking of the signal onset with a Kurtosis-based algorithm to
broadly identify the onset of the signal, and 3) an iterative improvement of the picking based on the
inter-trace correlation maximization through picking time perturbation. The workflow of the method
is presented in Figure 3.6; the successive steps are detailed below.

3.4.1 Initial location with signal amplitude analysis

The grid search area is reduced by determining a rough location of the seismic source using the ASL
method. The ASL method is classically used in volcanic environments to determine the location of
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computed on this time window for each cell of the grid search area (cf. section 5.1.1). The inter-trace
correlation values are calculated in the cell (X, Y):

C(X,Y) =
1

N2

∑

i , j
ci j cmax

i j (3.3)

cmax
i j is the maximum correlation of the traces i and j :

cmax
i j = max

τ
(

1

σxσy

∫t0+δt /2

t0−δt /2
yi (t )y j (t −τ)dt ) (3.4)

The epicenter location is given by the point where the sum of the inter-trace correlations is maximized.
The inter-trace correlation value differs from the one proposed by (Lacroix and Helmstetter, 2011)
since the weight values are not set as a function of the sensor to sensor distances but as a function
of the maximum cross-correlation of the traces for the selected window. The weight of the traces
for which the signals correlate are hence increased. A first location (X0,Y0) and a new piking time
P0 = PKur t +τcmax is determined at the end of this step.

3.4.4 Iterative improvement of the picking time

The initial picking time (PKur t ) can be incorrect for two reasons: 1) the Kurtosis-based algorithm may
detect the first onset but may not pick the same part of the onset phase, and/or 2) the Kurtosis-based
algorithm may significantly fail to detect the signal onset.

In order to pick the same part of the signal onset and reduce outliers, the center of the time win-
dow (PN) for each trace is iteratively improved. The picking time center of the trace i is successively
replaced by the mean of the other picked times center ( j 6= i ). The previous location procedure is
computed on the new window. If the inter-trace correlation increases by changing the picking time of
trace i , the picking time is replaced by the mean picked time of the other traces.

PN+1
i = mean j 6=i (PN

j ), if cN > CN (3.5)

with cN, the maximum inter-trace correlation value for the tested change of piking time reference
and CN, the maximum inter-trace correlation value obtained at the previous step N. This is repeated
until the |CN −CN−1| becomes lower than 0.02 with N the number of iterations. At the end of this
step, the epicenter location (X,Y) and the final picking times P f i n are determined by maximizing the
inter-correlation on the last optimized time window (i.e. centered on PN).

3.4.5 Error estimation

The location error is computed by estimating the Posterior Density Function (PDF) of the final picked
arrival times. The errors on the location are computed with (Tarantola and Valette, 1982):

PDF(X,Y) =
M
∑

m=1
exp(−

1

2σ2
m

(∆t obs
m −∆t mod

m )2) (3.6)

where M is the number of sensor pairs, ∆tm = Pi
N − t

j
N is the final picking time difference between the

sensors i and j , and σm is the uncertainty of the picking. The choice of σm is discussed in the next
part. The prior probability is taken uniform and we do not estimate velocity model uncertainties.
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Figure 3.7: Location of the calibration shots with the ASL method and an attenuation coefficient α = 0.008 m−1.

3.5 Results

3.5.1 Validation of APOLoc

The methodology is tested for the location of 15 air-gun calibration shots. The timing of the shots was
recorded with an accuracy of 1 s and their locations were measured with a GPS survey with an accuracy
of 5 cm. The locations of the shots cover the study area (Figure 3.7). The data are filtered in the range
of [5-100] Hz and the Kurtosis-based algorithm is computed on a time window ranging from [t0-0.5 s
- tm], t0 and tm corresponding to the beginning of the signal defined by the spectrogram analysis and
to the time of the maximum energy of the spectrogram, respectively. The amplitude analysis is carried
out with the maximum amplitudes and the exponent is fixed equal to 0.5 assuming that the surface
waves are the most energetic ones. The attenuation coefficient α used in the ASL pre-location method
is assumed uniform. It is determined by analysis of the results for different values of α ranging from 0
to 0.05 m−1 with an increment of 0.001 m−1. We found that a value between 0.007 and 0.011 provided
similar and reliable estimation of the location of the calibration shots. We choose to work with α =
0.008 m−1. The location of the calibration shots with the ASL method and the grid search areas for
each shot are displayed Figure 3.7. Most of the pre-location areas include the true shot location or are
very close (<10 m) except for shot 17.

The locations of the calibration shots obtained with APOLoc are plotted in Figure 3.8a. The com-
puted source locations are consistent with the real locations of the calibration shots: the mean epi-
center error is 27±29 m. Shots located within the seismic network are the most accurately located
with a mean epicenter error of 7±4 m. Outside the seismic network, the location errors are larger with
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a mean epicenter error of 37±31 m. Except for the shots 15 and 7, the first arrivals of the shots are
recorded by only one of the seismic arrays with a high SNR. Despite the relatively small number of
sensors used for the location (< 5), the epicenter errors are very small (<10 m) in the western part of
the landslide (shots 2 to 11) while they are larger ([20-50] m) for shots located in the eastern part of the
landslide (shots 1 and 12 to 14). The amplitude of the shot sources follows the attenuation law (Figure
3.9) with R2 value of 0.9741. The attenuation coefficient is lower (α =0.002±0.03 m−1) than the one
used in pre-location step (α= 0.008 m−1). However, the attenuation coefficient is not well constrained
since the lower and upper bound values are significant (-0.033; +0.038).

The location results for the APOLoc method and for the manual picking are shown in Figure 3.8b,c
and examples of the corresponding picked times are plotted in Figure 3.10. A Root-Mean-Square
method is used to locate the shots from manual picked times; the epicenter of the source is the point
that minimizes:

RMS =

√

√

√

√

N
∑

n=1

1

N
(δt obs

n −δt mod
n )2 (3.7)

with N the number of pairs of sensors, δt obs and δt mod the travel time difference between the two sen-
sors computed for manually picked and modeled arrival times respectively. The shots in the center of
the seismic array are all located precisely with the three approaches. Outside the network, APOLoc
provides better or equivalent results than the manual picking and the initial picking (i.e. APOLoc
without optimization of the picking) except for shot 12. The correlation values increase with the it-
erative optimization (mean correlation value of C=0.22 and C=0.29, without and with optimization,
respectively) indicating a more robust estimate of the quality of the arrival times. The optimization
step demonstrates its efficiency to correct the initial picks (Figure 3.10) and consequently, improves
some source locations (Figure 3.8a,b).

The larger errors are observed for the shots outside the seismic array. The question is to deter-
mine whether this is due to picking errors or to velocity model errors. For shots 1, 3, 12, 13 and 14,
the difference between the final picking error and the model is larger than 0.01 s suggesting a velocity
model error on these ray paths. A way to correct the velocity model inaccuracy is to add station cor-
rection (Spillmann et al., 2007, Lacroix and Helmstetter, 2011). This option was not tested here as the
station correction is correlated to the azimuth and the distance of the shots preventing the estimate
of a robust correction.

3.5.2 Influence of the velocity model

We tested the influence of the seismic velocity model. The shots are located with 1) a homogeneous
velocity model (vp =2500 m.s−1), 2) a 2-layers velocity model, 3) a gradient model, and 4) a 3D velocity
model. For each of these models, travel time tables are computed with the FMM algorithm. The results
are plotted in Figure 3.11. Among all the velocity models tested, the 3D velocity model significantly
decreases the mean epicenter error (Table 3.1).

The 3D velocity model constructed from the seismic tomography is thus considered as an accurate
approximation of the velocity heterogeneity of the underground surface. We further carried out sim-
ulations to estimate the sensitivity of the location for the velocity models (Appendix A). The synthetic
simulations show that the four seismic models are very similar to each other in terms of location of
the synthetic sources; for real observations, they differ significantly when they are used as inputs to
improve the picking of the P-wave. This last point demonstrates the difficulty to estimate the location
error due to the velocity model uncertainties.
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Figure 3.8: Location of the calibration shots with (a) the APOLoc method, (b) the APOLoc method without the
optimization step and (c) the RMS location method with manually picked arrival times. For all the locations,
the 3D velocity model is used.
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Figure 3.9: Signal-to-Noise Ratio (SNR) of the P-wave onset as a function of the source-sensor distance for the
calibration shots. The red curves represent the regression function best fitting the data. The equation of the
model , the inverted coefficient with their upper and lower values and the regression coefficient are indicated
in the upper right corner with “x” the source -sensor distance.

Table 3.1: Summary of the epicenter errors obtained for the different tests using three location methods: ASL,
NonLinLoc, Beam-Forming and APOLoc. The latter is tested with and without the optimization of the picking
and for several velocity models.

Method ASL NonLinLoc BF Proposed methodology:Inter-trace correlation of P-wave
Picking / Manual / Kurtosis Kurtosis+picking optimization
Model / 3D Vapp 3D VP=2500m.s−1 2L Gradient 3D
mean 94 65 48 43 74 47 44 27

std 112 65 36 61 61 67 37 29
min 15 2 6 1 5 6 2 3
max 395 202 147 224 207 279 141 105
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arrival times computed with the 3D velocity model are also presented.
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Figure 3.11: Location of the calibration shots with the APOLoc method using (a) a uniform velocity model taking
into account the topography with vp = 2500 m.s−1, (b) a two-layers velocity model composed of a superficial
layer (above the bedrock limit) with a uniform velocity of vp = 800 m.s−1 and a deeper layer (bedrock ) with a
uniform velocity of vp = 2500 m.s−1 and (c) a gradient velocity model where the velocity in the superficial layer
varies linearly from vp = 800 m.s−1 at the surface to vp = 2500 m.s−1 in the bedrock.
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Figure 3.12: Location of the calibration shots withAPOLoc using (a) the L2-RMS likelihood function imple-
mented in NonLinLoc and (b) the Beam-Forming approach. The location errors are represented by PDF sam-
ples and the 68% confidence ellipsoids for locations (a) and by the contour delimiting the area where the corre-
lation function is larger that 95% of the maximal correlation (i.e. C > 0.95Cmax for locations (b).

3.5.3 Comparison to other location approaches

Two other approaches are tested to locate the calibration shots: 1) the NonLinLoc approach (Anthony
et al., 2000) with a manual picking and 2) the full waveform Beam-Forming approach with an inver-
sion of the velocity (Lacroix and Helmstetter, 2011). Probabilistic estimation of the location from the
manual picking of the P-waves provides large epicenter errors (mean epicenter error : 65 m; Table 3.1,
Figure 3.12a). Most the epicenter locations are shifted towards the seismic array A. The location errors
are large and fail at delimiting the areas where the shots were triggered. It shows that the location
of seismic sources in the landslide is highly uncertain and that considering uniform prior informa-
tion leads to unconstrained locations. In the contrary, the pre-location step in APOLoc has a prior
information on the source location thus improving the determination of the source locations.

The waveform Beam-forming approach provides larger epicenter errors than APOLoc (mean epi-
center error 48 m; Table 3.1, Figure 3.12b). Shots located inside the seismic network (except shot 15)
are shifted towards the seismic array B while those located outside the seismic network in the east-
ern part of the landslide are more accurately located than with APOLoc (shots 1, 12, 13 and 14) with
a mean epicenter error of 27 m (48 m with APOLoc). It is likely due to the fact that surface waves are
more energetic and hence recorded by the two seismic arrays.
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3.6 Discussion

3.6.1 Relevance of APOLoc for landslide endogenous sources

The APOLoc method is used to locate the 239 slopequake and 418 rockfall events observed at Super-
Sauze landslide. The slopequakes are located with the same criteria as for the calibration shots; the
rockfalls are located using a different strategy as several impacts of blocks are observed and the first
one is rarely the most energetic. To determine the time window, the maximum energy of the spec-
trogram is detected. The part of the signal used for the picking optimization is in the window tm-1s
to tm (with being tm the time of the spectrogram maximum). The results are presented in Figure 3.13
and Figure 3.14. The mean correlation values for the location of, respectively, the slopequakes and the
rockfalls, are respectively, 0.23±0.12 and 0.19±0.1; these values are slightly smaller than the correla-
tion values obtained for the calibration shots.

Most of the slopequakes are located inside the seismic network (Figure 3.13). Some clusters are
located in the vicinity of sensors A1 and A3 (< 10m). Few sources are located in the upper part of the
landslide. The shapes of the location error are elongated, as for the calibration shots, in the North-
South direction for the sources located inside the seismic network. The two clusters of seismicity
located around sensors A1 and A3 present location errors elongated along the East-West direction.
The location of these signals is in accordance with the geomorphological observations. We probably
record only the sources occurring in the vicinity of the sensors or inside the seismic network where
APOLoc demonstrated the most accurate location. If we analyzed the SNR distribution versus the dis-
tance to the source for each sensors, slopequake locations respect the attenuation law with coefficient
of regression of 0.98 (Figure 3.15a). This tends to confirm the reliability of the location for this kind of
sources although we cannot confirm these locations.

The rockfalls are mostly located at the main scarp (Figure 3.14). The shapes of the location errors
are elongated along the North-South direction and cover the whole area of the main scarp due to the
geometry of the network and the distance of the source to the seismic network. The SNR distribution
poorly respects the attenuation law (regression coefficient of 0.84; Figure 3.15b). However, this might
be due to the heterogeneity of the attenuation coefficient in the landslide but also due to source mis-
location. Indeed, numerous sources are located at the boundary of the grid search area. This may be
explained by the use of a P-wave velocity model while rockfalls signals may be dominated by surface
waves (Helmstetter and Garambois, 2010, Lacroix and Helmstetter, 2011, Hibert et al., 2014) especially
when they occur at large distances from the sensors. A 3D velocity model for surface wave propaga-
tion would probably be more adequate for the location of this kind of signals. A cluster of seismicity
is also located in the vicinity of the seismic array B. This cluster may be explained either by misloca-
tion of the sources or by the fact that numerous small rockfalls may occur at close distance (<10 m)
of these sensors whereas only rockfall emitting large energy are recorded at large distances (>10 m).
Some locations are coherent with the geomorphological observations. In particular, on the main scarp
where all location are correlated to the rockfall paths (Figure 3.14). The secondary scarp at the East
appears to be also active (Figure 3.14), which is in agreement with previous observations (Stumpf and
Kerle, 2011, Stumpf et al., 2014). A better discrimination between rockfalls dominated by emergent
surface waves and rockfalls with impulsive onsets may also improve the determination of the rockfall
location and enable to select adequate velocity model (P-waves or surface waves) to locate each type
of signal. The current catalog does not take into account this difference. Moreover, the polarization of
the P-waves is expected to be complex and seems to be different for different location of the seismic
sensors (Figure 3.5). This would imply that the use of vertical sensors is not always adapted to pick
the P-waves arrivals for rockfalls. We did not investigate the polarization of all the sources present in
the catalog. The development of robust and possibly automatic methods to estimate the nature of the
first onset is needed to choose adequately the velocity model.
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Figure 3.15: Signal-to-Noise Ratio (SNR) of the P-wave onset as a function of the source-sensor distance for (a)
the slopequakes and (b) the rockfalls. The red curves represent the regression function best fitting the data.
The equation of the model (f), the inverted coefficient with their upper and lower values and the regression
coefficient are indicated in the upper right corner of the plot with “x” the source to sensor distance.

3.6.2 Estimation of the depth of the sources

The depths of the sources are currently not computed. In the synthetic tests, reasonable vertical errors
(3±3 m) are obtained when no picking error are added to the simulated travel-times for the velocity
model (Appendix A). This case is highly unrealistic. The synthetic tests indicate that the uncertainty
on the depth is large and very sensitive to the velocity models and picking errors taking into account
the small thickness of the landslide (e.g. mean depth to the bedrock interface of 20 m). The installa-
tion of buried sensors would improve the determination of the depth of the sources but their main-
tenance would be very difficult taking into account the high surface displacement rates (Malet et al.,
2005). Further, the geometry of the seismic network is imposed by topographic and geomorphological
constraints (e.g. elongated shape of the landslide, absence of stable parts within the landslide body,
presence of lateral streams). One of the seismic arrays presents a wide aperture angle that reduces the
precision of the azimuth inversion of the source. Installation of additional sensors in the North-South
direction would improve the determination of the source epicenters and reduce the shape of the lo-
cation error in that direction. One option is to install sensors at the top of the main scarp. This would
improve the location of the rockfall events but would have only small impacts on the location of the
slopequakes.

3.6.3 Estimation of the attenuation coefficient

We assumed a uniform coefficient of α = 0.008 m−1. The inversion of the attenuation law found that a
smaller coefficient of 0.002 m−1 fits the data for the calibration shots and even, that anelastic attenua-
tion could be neglected for the slopequake locations. The uncertainties on the attenuation coefficients
inverted from the calibration shots (Figure 3.9) are also large : -0.033; +0.038 meaning that considering
a uniform attenuation coefficient may be a too strong assumption. We thus inverted the attenuation
coefficient for each shot (Table 3.2) and found very heterogeneous values ranging from 0.003 m−1 and
0.054 m−1 if we consider only the inversions with R2 > 0.9. The values are significantly larger than our
initial assumption with a mean attenuation coefficient of 0.026 m−1.

The coefficient of regression varies also significantly. Very low coefficients of regression (< 0.9) are
obtained for shots 1, 6, 9, 12, 13, 14 and 15. The attenuation coefficients of the shots on the eastern
part of the landslide are less well resolved than for the shots of the western part. We investigated the
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Table 3.2: Inversion of the attenuation coefficient for each shots with the attenuation law: A(x) = A0
e−αx
p

x
. The

minimum and maximum of the sensor to shot distances are indicated (dmi n and dmax respectively).

Shot A0 (nm.s−1) δA0 (nm.s−1) α (m−1) δα (m−1) R2 dmi n (m) dmax (m)
1 2.9 104 [-2.1 104; 8.0 105] 0.010 [-0.004; 0.024] 0.44 100 166
2 9.4 106 [4.1 104; 1.4 105] 0.020 [0.014; 0.026] 0.96 80 180
3 2.7 104 [1.3 104; 4.1 104] 0.014 [0.007; 0.020] 0.91 55 170
4 1.6 105 [1.4 105; 1.8 105] 0.038 [0.034; 0.042] 0.99 25 182
5 3.3 104 [2.4 104; 4.2 104] 0.021 [0.009; 0.032] 0.99 15 175
6 2.7 106 [-9.4 106; 1.5 107] 0.129 [-0.009; 0.268] 0.84 30 144
7 1.1 106 [1.1 106; 1.2 106] 0.054 [0.050; 0.057] 0.99 15 164
8 9.3 104 [-6.0 103; 1.9 105] 0.042 [-0.009; 0.093] 0.94 19 186
9 4.6 103 [1.7 103; 7.5 103] 0.003 [-0.003; 0.008] 0.62 50 249

10 3.0 105 [2.2 105; 3.9 105] 0.030 [0.020; 0.040] 0.99 23 211
11 1.0 104 [6.1 103; 1.5 104] 0.008 [0.004; 0.013] 0.92 61 196
12 1.8 104 [-2.9 104; 6.6 104] 0.005 [-0.010; 0.022] 0.06 137 197
13 5.6 104 [-9.5 104; 2.1 105] 0.017 [-0.006; 0.039] 0.50 102 192
14 8.6 103 [-2.4 103; 1.9 104] 0.005 [-0.010; 0.020] 0.23 61 138
15 1.5 104 [1.0 104; 2.0 105] 2.0 10−14 - -0.35 67 108

possible site effects by analyzing the ratio of the seismic amplitudes for 30 earthquakes coda Aki and
Chouet (1975). The amplification values range from 0.8 to 1.5. We obtained similar results by cor-
recting the site effects. A possible explanation is thus that these shots are very distant from the two
seismic arrays (minimal source to sensor distance dmi n >60 m) and are located at approximately the
same distance to both sensors (dmax -dmi n <100 m). The recorded amplitudes are in the same order
and the attenuation coefficient cannot be constrained. We hence cannot confirm that the attenuation
is larger in the eastern part of the landslide. Although our initial assumption provides proper estima-
tion of the pre-location areas of the source, a possible improvement of the method would be to invert
the attenuation coefficient in order to take into account the spatial heterogeneity (and possibly tem-
poral variation) of this coefficient. Increasing the density of the network of sensors is also needed to
improve the reliability of the attenuation coefficient inversion and to decrease the picking errors and
uncertainties in particular for the distant sources.

3.7 Conclusion

The APOLoc methodology is based on an automatic picking of the first arrivals and on the optimiza-
tion of the initial picking. A location is estimated at each step, and is progressively refined. The ASL
method is used to identify a pre-location area to reduce the size of the grid search. A realistic P-wave
velocity model is then introduced in the methodology. The location procedure is fully automatic and
demonstrated good performance on calibration shots reducing by a factor of two the mean epicenter
error (27±29 m) compared to other location strategies. In particular, the prior information from ASL
and the iterative optimization of the initial Kurtosis picks improve the determination of the location.
The picking procedure provides satisfactory results for strong and emergent onsets of natural sources
occurring inside the seismic network. Even if the slopequakes present lower SNR than the calibration
shots, their SNR distribution respects the attenuation law and the slopequakes seem to be reliably
located. One may anticipate lower location errors of slopequakes for landslides developed in other
geological contexts especially in hard rocks mostly due to lower attenuation of the P-waves arrivals.
Despite the limitations linked to the seismic network geometry and the material heterogeneity , the re-

80



CHAPTER 3. LOCATION OF SEISMIC SIGNALS FOR UNDERSTANDING THE LANDSLIDE

DEFORMATION PATTERN

sults of APOLoc are promising. We show that simple (uniform) assumption on the velocity model and
attenuation coefficient do not provide good estimation of the location. Further improvements would
be to build a realistic model for surface waves propagation taking account the strong topography of
the site and the lateral velocity heterogeneities, to invert the attenuation coefficient and possibly im-
plement joint inversion of the locations.
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3.8 Appendix A

3.8.1 Sensitivity analysis: location accuracy vs. seismic velocity models and picking er-
rors

In order to quantify the influence of the velocity model and of the picking error on the location accu-
racy, 180 seismic sources are simulated with the NonLinLoc package. The synthetic sources are placed
at nine different horizontal (X-Y) locations in the upper part of the landslide; their depths range from
0 to 20 m below the surface for each (X-Y) locations. The current configuration of the Super-Sauze
seismic network is used. Two tests are carried out in order to assess the sensitivity: 1) of the location
for different velocity models and 2) of the location for different picking errors. For each tests, the syn-
thetic P-wave arrival travel time tables computed with the 3D P-wave velocity model are taken as the
reference time t0 (cf. Section 3.1). It implies that for testing the velocity model influence, the location
are estimated using the travel time tables of the tested model to locate reference arrival times t0. For
testing the picking error influence, an error of picking δt0 is added to the reference picked times t0.
The error of picking is randomly drawn from a Gaussian distribution centered at 0 s with a variance
corresponding to the tested picking error magnitude. The location is computed with the reference 3D
P-wave velocity model for the pick times t = t0 +δt0.

The locations are computed with the NonLinLoc package using the L2-RMS likelihood. The
hypocenters are plotted by determining the maximum likelihood (computed from the L2-norm mis-
fit between observed and calculated travel-times) and the location uncertainty (computed from the
hypocenter Posteriori Density Functions –PDFs-). The PDF gives the probability of the source loca-
tion considering the uncertainty on the data and the model. The point density of the PDF sample is
proportional to the PDF value of the cell; thus the more dense the points are, the higher the PDF value
is (Anthony et al., 2000). Consequently, robust source locations correspond to dense and narrow PDF
samples.
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Sensitivity to the seismic velocity model

Four velocity models are tested: 1) a homogeneous model with a velocity of 1500 m.s−1, 2) a homoge-
neous model with a velocity of 2500 m.s−1, 3) a 2-layers velocity model with a velocity of 1500 m.s-1
above the bedrock and 2700 m.s−1 in the bedrock and 4) a gradient velocity model where the velocity
increases from the surface (vP=600 m.s−1) to the bedrock interface (vP=2700 m.s−1). The homoge-
neous models are chosen as a low and high estimation of the apparent velocity of P-wave through the
landslide. The synthetic source for P-wave arrival times are computed with the reference 3D velocity
model presented in Section 3.1 and the location is calculated for all the velocity models. The results of
the location with the four different velocity models are plotted in Figure 3.16.

The epicenter errors are larger (mean error 89 m) with the first velocity model (vP=1500 m.s−1)
than with the other models (mean error 11-14 m). The hypocenter errors are larger with a mean error
of 115 m for the first model, 66 m for the second model (vP=2500 m.s−1) and 30 m for the 2-layers and
the gradient models. The PDFs scatters of the location obtained for the first model are narrow with
an extension of ca. 50 m in the horizontal plane and 100 m in depth. The PDFs scatters obtained for
other models have a larger extension of ca. 100 m in the horizontal plane and ca. 200 m in depth. Their
shapes are elongated along the Y-direction for the sources located at the same latitude as the seismic
sensors and at further distances progressively elongate in the X-direction. In comparison, when the
locations are calculated with the 3D velocity model, the hypocenter errors decrease to 2 m (Figure
3.16.a) but the shapes of the PDF scatters are similar to the ones obtained with the homogeneous
velocity model (vP=2500 m.s−1), the 2-layer and the gradient models. The latter can be considered as
reliable approximation of the 3D velocity model.

Sensitivity to the picking errors

The arrival times of the synthetic sources are computed with the reference 3D velocity model (Figure
3.17) and random picking errors of ±0 ms, ±5 ms, ±10 ms, ±50 ms are added to the arrival times
respectively. The locations are computed with NonLinLoc using the L2-RMS likelihood and the results
are presented in Figure 3.17. The mean epicenter and hypocenter errors progressively increase with
the picking error (mean horizontal error of 3±2 m, 20±13 m, 29±21 m and 117±94 m and mean vertical
error of 3±3 m, 46±45 m, 58±49 m and 131±98 m for the ±0 ms, ±5 ms, ±10 ms and ±50 ms added
error respectively). The PDF scatters present similar shapes as the ones described in Section 4.1.1
when the picking error is lower than 10 ms. For a picking error of ±50 ms, the PDF scatters is widely
spread and diffused and the source locations are poorly constrained.
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Synthesis: Location of seismic signals for understanding the landslide deformation pattern

Main Results: We developed an automatic seismic source location method adapted to the
context of landslides. Our method is based on the inter-trace correlation of the P-wave arrivals,
a realistic estimation of the P-wave velocity model from seismic tomography and on the use of
the Amplitude Source Location as prior information. We demonstrate the importance of the
picking resolution on the location accuracy and implemented an iterative strategy to optimize
the quality of the initial picks. We also show the importance of determining a priori information
on the location based on the signal. Finally, we show that introducing a realistic velocity model
of the underground structure is crucial to obtain accurate locations. We tested our methodology
on calibration shots and obtained epicenter errors of 27±29 m which is better than previous ap-
proaches used for similar contexts. The method is adapted to locate slopequakes occurring inside
the seismic network but likely fails to locate most of the rockfall events located at far distances
from the seismic sensor and outside the velocity model.

Perspectives: In our approach, we assumed that first arrivals onsets are P-waves. This as-
sumption is reasonable for calibration shots and high-frequency slopequakes while low-frequency
slopequakes and rockfalls may be dominated by surface waves. A detailed analysis of the signal
polarization is needed to determine the suitability of the proposed method to locate the recorded
events. This could either be implement at the classification step by defining polarization features
or simply separating HF- and LF-slopequakes for instance, or at the location step by analyzing the
polarization of the picked time window.
For the signals characterized by the very attenuated or even absence of P-waves, the same method-
ology could be used to pick the arrivals of the surface waves. The surface wave arrivals taking into
account the topography and the heterogeneities of the sub-surface could be inverted from the
data of the seismic tomography. The pre-location step is currently computed assuming a uniform
attenuation coefficient. We show that this coefficient varies significantly in the landslide body.
The inversion of the the coefficient from the seismic tomography shows its dependence to the
presence of fractures. As the number of fractures varies significantly through time, an inversion of
this coefficient in the pre-location step would be needed.
Finally, our results suggest that taking into account several estimations of the location improves
the accuracy of the location. The current implementation propose to set as a prior information
the location area obtained from the information with the simplest assumption (i.e. uniform
attenuation coefficient) and compute the final location with the most robust model (i.e. 3D P-wave
velocity model). A possible improvement would be to implement a joint inversion of the different
information. However, this will require an effort to quantify more accurately the model and signal
processing errors.
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CHAPTER 4| Application: Landslide deformation
pattern of clayey landslides

This chapter aims at investigating the distribution in space and time of the landslide endogenous
seismic sources. The main objectives are to understand and potentially quantify the landslide
dynamics in relation with hydro-meteorological forcings and to determine the presence of seismic
precursors before or during slope acceleration. The seismic observations recorded during three
years at the Super-Sauze landslide (French Alps) are studied. The methodology of the precedent
chapters is applied to construct catalogs of landslide seismic sources for two classes: Slopequake
and Rockfall.

The temporal relationship between recorded seismic signals and hydro-meteorological forc-
ings (and slope motion) is first analyzed. The correlation between the seismic sources time series
and the hydro-meteorological datasets and slope motion measures are computed. In case the
correlation is significant, we also analyze the time delay and the relaxation time of the correlation
function. The spatial variations of the seismic location is then described as well as the observed
cycles of seismic occurrences.

This chapter is mainly based on the following scientific papers:

Provost, F., J.-P. Malet, C. Hibert, J. Point, C. Doubre. Patterns of landslide endogenous seismicity
and their relationships with environmental forcings and motion, (submitted)

Abstract: Activation of gravitational instabilities remains hard to predict efficiently as they may be
triggered by a combination of external forcings and internal processes. In particular, clayey landslides
exhibit solid to fluid transition leading to sudden and hardly predictable acceleration. We analyzed the
seismic sources generated by slope acceleration at the Super-Sauze clayey lanslide. Three years of seismic
dataset has been analyzed using automatic processing to construct catalog of seismicity for slopequakes
and rockfall signals. The latter are correlated to meteorological data, ground water level and slope
motion. We found that the seismic sources occurrence are significantly correlated with the precipitation
and cease rapidely as the rain stops for rockfall while the relaxation time is longer for slopequakes.
This traduces the presence of the cycles of seismicity associated to acceleration and deceleration of the
slope. We observed that all the accelerations of the slope are preceded by increase of slopequake rates.
The slopequake rates decrease as the slope motion reaches a constant velocity during local maximum
of ground water level. The deceleration of the slope is then associated to the deceleration of slope. This
suggests that the rate of seismic sources generated be slop motion is not linearly proportional to the slope
velocity but highly controlled by the soil water content.
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4.1 Introduction

Landslides are a common natural hazard worldwide causing damage and causalities each year Pet-
ley (2004). Forecasting their failure (in the case of initially stable slopes) or their acceleration (in the
case of continuously active slides) is still a challenge as they can be controlled by several mechanisms
(Hungr et al., 2014) and can be triggered by various forcing factors (i.e. rainfall, snowmelt, change
in air/soil temperature, earthquake). Influences of external forcings have been studied mainly at re-
gional scales where landslide inventories are constructed from field or airborne/satellite observations.
Although regional thresholds laws can be observed for the amount of landslides that can be expected
above a certain rainfall threshold (Caine, 1980, Guzzetti et al., 2008) or after an earthquake (Keefer,
1994, 2000, Meunier et al., 2007, Marc et al., 2015), the activation of peculiar slopes cannot be forecast
by these approaches. Hence the analysis of individual landslides to improve our understanding of
their dynamics.

At the slope scale, the challenge is to anticipate when a movement suddenly occurs, and what
are the causes. In order to model slope failure and/or acceleration, several approaches have been
proposed. The most direct one consist in monitoring the surface deformation from in-situ (GNSS,
extensometers) or remote (total stations, ground-based radar) sensors in order to detect changes in
the velocity regime. When the acceleration has initiated, the time to failure might be predicted if
the slip surface is sufficiently developed and that tertiary creep has initiated (Saito, 1969, 1979, Petley
et al., 2002, Kilburn and Petley, 2003, Petley, 2004). This approach, although relatively simple as it
does not require any geo-mechanical properties, is rather difficult to apply as a predictive tool because
certain accelerations may not lead to failure (Hutchinson, 2001, Federico et al., 2012). Geo-mechanical
models are also used to predict landslide displacement from meteorological and hydrological (pore
fluid pressure) observations (Wilkinson et al., 2002, Corominas et al., 2005, François et al., 2007, Ferrari
et al., 2011, Bernardie et al., 2015, Bru et al., 2018) but such approaches are very complex to implement
operationally as geo-mechanical models are very demanding in terms of input parameters.

Recent observations suggest that precursory seismic signals can be recorded before collapse of dif-
ferent sizes. For instance repetitive micro-quakes have been recorded several hours before the onset
of large landslides (Caplan-Auerbach and Huggel, 2007a, Poli, 2017, Schöpa et al., 2017) and/or small
rockfalls (Amitrano et al., 2005). A progressive increase of their amplitude is observed and a decrease
of the time delay between these seismic precursory events (Caplan-Auerbach and Huggel, 2007a, Poli,
2017, Bell, 2018), sometimes even leading to the generation of tremors (Schöpa et al., 2017). The seis-
mic activity may also stop suddenly just before the rupture of the slope (Poli, 2017, Schöpa et al.,
2017) These observations demonstrate the interest of the seismic monitoring to investigate the pro-
cesses leading to the rupture. Seismic monitoring presents the advantages to record deformation pro-
cesses at a very high time resolution (< 0.1 s) and with the ability to detect the occurrence of processes
at some distances from the source. It has been used to delineate seismically active fracture zones
(Spillmann et al., 2007, Lacroix and Helmstetter, 2011) but also to construct catalogs of seismic events
with an accurate temporal resolution. Two main types of seismic signals are usually analyzed: “slope-
quakes” generated by internal sources and “rockfalls” affecting the surface of the instable slope. Few
studies have attempted to investigate the dynamics of instabilities to hydro-meteorological forcings
and slope motion (Helmstetter and Garambois, 2010, Lévy et al., 2010, Gomberg et al., 2011, Walter
et al., 2012c, Tonnellier et al., 2013, Dietze et al., 2017b, Colombero et al., 2018).

The temporal precision of catalogs of rockfall built from seismic monitoring allows to precisely
investigate the different meteorological conditions generating rockfalls. The strong influence of pre-
cipitation and temperature on the occurrence of rockfall is confirmed (Helmstetter and Garambois,
2010, Dietze et al., 2017b, Colombero et al., 2018) although these studies put in light the difficulty to
apply rain threshold methodology to predict rockfall at this scale (Helmstetter and Garambois, 2010).

Signals characteristic of brittle failure were observed in several soft and hard rock landslide
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(Gomberg et al., 1995, Helmstetter and Garambois, 2010, Levy et al., 2011, Walter et al., 2011, 2012b,
2013b, Tonnellier et al., 2013, Vouillamoz et al., 2017, Colombero et al., 2018). Helmstetter and Garam-
bois (2010) observed an increase of slopequakes preceding the motion of the Séchilienne landslide
suggesting an activation of fault network leading to the movement of this gravitational instability. On
soft-rock landslides, the relation between slopequake occurrences and slope motion is more complex
to establish (Walter et al., 2011, Tonnellier et al., 2013, Vouillamoz et al., 2017) mostly due to the fact
that the monitoring periods are short preventing any robust interpretation.

The present paper investigates the time and space occurrence of the endogeneous (e.g. landslide-
triggered) seismic sources observed at the Super-Sauze clayey landslide (South East French Alps). A
catalog of seismic events is created for nearly three years of seismic monitoring. The catalog of endo-
geneous seismicity is rich for this landslide as both rockfall seismic sources (triggered from the main
scarp of the landslide) and slopequake seismic sources (mostly generated by the landslide motion) are
recorded from the same seismic network. The site, the dataset and the processing of the data is first
presented. We then analyzed the correlation of the seismic signals occurrence and the meteorological
and motion time series to seek for temporal response to forcings. The locations of the seismic sources
are also computed. The anlysis of the spatio-temporal patterns of the seismic events enable to observe
variations in the rockfall location as well as cycles in the slopequake occurrences. The latter shade in
light a complex occurrence of slopequakes during slope acceleration and deceleration.

4.2 Study site

The study site is the Super-Sauze landslide located in the Ubaye valley (Southeast French Alps). The
landslide is composed of reworked clay shales (black marls) of the Jurassic age. Triggered in the early
1960’s, it has propagated progressively downslope and has reached a volume of nearly 800,000 m3 and
a size of 850 × 300 m2 with an average thickness of 15 m. The landslide is one of the permanent mon-
itoring site of the French Landslide Observatory OMIV (Observatoire Multi-disciplinaire des Instabil-
ités de Versant: www.ano-omiv.cnrs.fr). Three categories of observations are monitored with several
sensors: the surface deformation is monitored using permanent GNSS, terrestrial optical cameras
and repeated terrestrial laser scanning campaigns; the sub-surface hydrology is investigated through
a network of three pore water pressure sensors installed in shallow piezometers and through soil hu-
midity probes; finally, the seismic activity of the slope is documented using 8 seismometers organized
in two arrays.

Various modes of deformation are observed on the landslide (Figure 4.1). Rockfalls are triggered
at the 100 m height main scarp and in the badland areas bordering the landslide to the East and the
West (Figure 4.1). Many boulders are deposited in the two lateral streams delineating the landslide.
These boulders are further eroded and transported downstream by the water flows. The landslide
body behaves as an earth-flow like movement (Figure 4.1) with a changing rheology according to the
degree of saturation of the material (Malet et al., 2005). During the lower pore water pressures and
velocity periods, a rigid deformation is observed at the surface. The material behaves as a brittle
media and fissure networks in extension and shearing are created (Stumpf et al., 2013). During the
higher pore water pressures and velocity periods, a ductile deformation is observed and the material
progresses downhill as a viscous fluid with the triggering of shallow mudflows (Malet et al., 2005, van
Asch et al., 2006).
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4.3 Observation data

All sensor observations are managed and disseminated publicly by the French Landslide Observatory
- OMIV RESIF. The instruments are located in the upper part of landslide (Figure 4.1, at the vicinity of
the most active zones of the Super-Sauze lanslide (Stumpf et al., 2014, 2015, Tonnellier et al., 2013).

4.3.1 Seismological observations

The seismological observations consist in 1) a long-term dataset covering the period October 2013 to
June 2016 and 2) a short-term campaign experiment covering the period June to July 2016. The long-
term dataset is acquired by 8 seismometers organized in two permanent seismic arrays (Figure 4.1).
Seismic array A continuously is operated since 2009 while seismic array B was installed in 2013. Each
array correspond to an equilateral triangle with three vertical seismometers distant from the central
3-component sensor of 40 m (array A) and 30 m (array B). The seismic array A is instrumented with
Agecodagis Noemax sensors (natural frequency: 4.5 Hz), the seismic array B is instrumented with
Sercel L4C sensors (natural frequency: 1 Hz). The sampling frequency for all sensors is 250 Hz.

4.3.2 Surface displacement monitoring

An array of three GPS receivers have been installed on the landslide since 2009 (Figure 4.1), with two
receivers located in the landslide body (GPS-B, GPS-C) and one receiver located outslide the landslide.
The GPS observations are acquired with TRIMBLE NetRS or TRIMBLE R9 geodetic dual-frequency
receivers equipped with TRM41249.00 antenna and a TZGD radome. Every day, one 30-second daily
file (i.e. 2880 sessions) and 24 1-second hourly files (i.e. 3600 sessions) are produced. The data are
stored locally on the receiver memory boards and, within one day, the data are transferred to a network
server. The GPS observations are processed using a double differencing solution (Malet et al., 2011).

The GAMIT/GLOBK package (Herring et al., 2003a,b), package is used to estimate the three-
dimensional positions of the ground stations and the satellite orbits. A loosely constrained daily
solution file of parameter estimates and covariances is the output of GAMIT. The GLOBK package
combines the daily solutions to estimate station positions and velocities. Orbital and Earth-rotation
parameters are also estimated. The processing algorithm is described and evaluated in Malet et al.
(2013).

The accuracy of the sensor position is evaluated at ± 1.5 cm in the horizontal component (E-W)
and ± 3.5 cm in the vertical component (Z).

4.3.3 Hydro-meteorological monitoring

The hydro-meteorological observation network consists of a permanent survey of ground water levels
in shallow boreholes (BV, CV) located at close distance (< 5 m) from the GPS sensors, and of rainfall,
air temperature net radiation measurements at 500 m from the landslide (Figure 4.1). The depth of
the piezometers is 4.2 m for BV, and 4.6 m for CV. The groundwater levels are measured with Diver TD
water level probes corrected from barometric air pressure. The probes are installed at a depth of -3.9
m in piezometer BV, and -4.2 m in piezometer CV, and the water levels are measured with a time step
of 6 hours. The meteorological parameters are monitored with an ARG1000 raingauge, a CS215 sensor
for the air temperature, a 03002 sensor for the wind velocity and direction, and a CS300 pyranometer
for the net total radiation. The parameters are acquired at an hourly time step, except for the rainfall
which is monitored at a 6 min timestep.

Effective precipitation (Pe f f ) is estimated daily by the difference between the daily cumulated
rainfall and the net evapo-transpiration calculated with the Penman-Monteith equation (Beven,
1979).
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4.4 Methodology

The seismic observations are used to construct catalogs of seismicity. The different steps of the seismic
processing as well as the methodology to investigate the relationships between the spatio-temporal
occurrences of the seismic signals, the hydro-meteorological forcings and the slope motion are sum-
marized in a flowchart (Figure 4.2).

4.4.1 Seismic processing

Event detection

The detection is based on the ratio between short-term average and long-term average (STA/LTA) of
a characteristic function computed from the spectrogram (Helmstetter and Garambois, 2010). The
characteristic function is defined as geometric mean of the Power Spectral Density (PSD). The ana-
lyzed characteristic function is a stack of the spectrograms computed for each sensor to enhance the
PSD of low SNR events. This method is sensitive to changes in the signal frequency content and hence
is predominantly suitable to detect low amplitude signals. The threshold is set to 1.5 meaning that
an event is detected if its PSD is 1.5 larger than the background noise. The characteristic function is
computed in the [5-100] Hz frequency range. As we expect to record rockfalls, each individual impacts
may be detected as a single event. Events detected within 10 seconds are merged into one event. The
detection threshold is set at a low value in order to detect very weak endogenous seismic sources with
the drawback of also detecting a significant number of noise events.

Event classification

The classification is based on the supervised machine learning method proposed by (Provost et al.,
2017, Hibert et al., 2017c) using the Random Forest algorithm. Statistical classifiers require the defini-
tion of a training set (i.e. examples of signals) and of a set of attributes describing the signals. Several
signal features are computed (i.e. signal waveform, frequency content, etc) as proposed by (Provost
et al., 2017). The signal features are computed for the trace with the maximal amplitude. For the
2013-2016 dataset the spectral features are computed for the summed-up spectrogram; for the June-
July 2016 dataset, only the spectrogram of the trace with the maximal amplitude is used. This choice
was made to reduce the computation time. The principle of Random Forest then consists in the con-
struction of several decision trees (> 500) from the initial training set and the random selection of the
attributes.

The seismicity is classified into four general families: “Slopequake” (SQ), “Rockfall” (RF), “Earth-
quake” (EQ) and “Natural and Anthropogenic noise” (N & A) . For the 2013-2016 dataset, the training
dataset consists of three acquisition periods from October 11 to November 19, 2013, from November
10 to November 30, 2014 and from June 09 to August 15, 2015. The investigated dataset consists of 418
“Rockfall” events, 239 “Quake” events, 407 “Earthquake” events (EQ) and 395 “Natural/Anthropogenic
noise” events (“N & A” noise). For the June-July 2016 dataset, a catalog of seismicity has been produced
manually.

Event location

The endogenous events (i.e. “rockfall” and “slopequake” classes) are then located automatically. The
location method is based on a simpler version of the APOLoc method (Provost et al., 2018). It consists
in using the Amplitude Source Location (ASL) method (Taisne et al., 2011) to pre-locate the area of the
source and to locate the epicenter of the source by maximizing the inter-trace correlation using the
method developed by (Lacroix and Helmstetter, 2011). The whole signal is correlated and apparent
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velocity is optimized with the source epicenter to maximize the correlation. An attenuation coefficient
of 0.008 m—1 is used to compute the pre-location area with the ASL method. The apparent velocity is
allowed to vary between 300 m.s−1 and 4,000 m.s−1.

Analysis of landslide endogeneous seismic catalog

We compute the correlation of the seismicity rates with the different meteorological time series in
order to determine a time delay between them. The time series are corrected from their average value
and normalized by their standard deviation. During the periods where no seismic data are recorded,
the meteorological data are set to zero. We also model the increase and decrease of the correlation
function to invert relaxation times around the maximal correlation.

We then compute the distribution of the events rate and seismic energy for specific meteorological
conditions and/or slope velocity. The main objective of this analysis it to investigate if the number and
the magnitude of the recorded events could be predicted. We compute the seismic energy for all the
seismic sources as:

Es =
∫t2

t1
2πrρhcuenv (t )2eαr d t (4.1)

with r being the sensor to the source distance, ρ the density of the rocks (ρ = 1300 kg.m−3), h the thick-
ness of the layer through which the surface waves propagates (h = 5m), c the velocity of the surface
waves (c = 1,000 m.s−1), uenv (t) the envelope of the seismic signal u(t ) computed from the Hilbert
transform (Ht ) as uenv =

√

u(t )2 +Ht (u(t ))2 and α the coefficient of inelastic attenuation (α = 0.008
m−1).

Finally, we analyze the spatio-temporal occurrences of the seismic sources to detect specific vari-
ations during the period of acquisition.

4.5 Results

4.5.1 Quality of the seismicity catalog

Performance of the classification algorithm

The complete dataset consists in 95,647 events detected for the period 2013-2016. Among them 46,862
events are classified with a score higher than 0.6. In order to evaluate the results of the automatic
classification, 1,000 events are randomly selected in the predicted set. They are manually inspected
and classified to estimate a confusion matrix (Table 4.1).

The accuracy (i.e. the correctly classified events over the total number of events) is 79%. However
the results vary significantly among the different classes. The “N & A” class is correctly classified at

Table 4.1: Confusion matrix for the long-term dataset. 1,000 event are randomly selected in each predicted class
and manually classified.

True class
N&A EQ SQ RF

P
re

d
ic

te
d N&A 998 2 0 0

EQ 82 901 7 10
SQ 256 4 729 11
RF 415 45 0 540

Total 1669 950 849 561
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Table 4.2: Values of the Kendall correlations and p-values estimated between rockfall and meteorological ob-
servations: effective precipitation (Pe f f ), daily rainfall, air temperature and daily air temperature gradient.

Peff Rainfall Temperature Temperature gradient
CK 0.233 0.2344 0.1508 -0.1461

p-value 1.5734 10−10 4.2533 10−11 1.8445 10−6 3.8231 10−6

more than 99% while the “EQ”, “SQ” and “RF” classes obtain a precision rate of 90%, 73% and 54% re-
spectively. Indeed, many “N & A” events are present in the other predicted classes. The low precision
for rockfall can be explained by the fact that rockfall sources show heterogeneous features depend-
ing on their volumes, their fall height and the size of their blocks. The classification sensitivity of the
slopequake events is higher (73% of correct classification) likely due to the fact that their short dura-
tion is a highly discriminant feature. The interpretation of these kind of signals is much more complex
than rockfall events, and sometimes, rockfalls of small volumes maybe confused with slopequakes.

The catalogs are validated manually for further interpretation and consist in 2,312 rockfall and
2,601 slopequake events (Figure 4.3. Rockfalls mainly occur during day time while slopequake are
more frequent in the morning between 5 and 11 am (Figure 4.4). Earthquake and “N & A” are not
verified manually but their daily distribution is consistent with common observations: the noise pro-
gressively increases during daytime as human activity generates most of the high-frequency noise and
the number of earthquakes is the same for all hours of the day (Figure 4.4).

Performance of the location algorithm

The spatial locations of the 2,312 rockfalls and 2,601 slopequakes are presented on Figure 4.5. Rock-
falls are mostly located at the eastern part of the main scarp (Figure 4.5a). A few events are also located
in the central and at the western part of the main scarp which are two less active areas. The inter-trace
correlation associated to the final location is of 0.47 ± 0.05 for the rockfall events. The locations of
the slopequakes are located in the central part of the slide mostly in the vicinity of seismic array A
(Figure 4.5b). The mean inter-trace correlation for the slopequakes is 0.39 ± 0.05, corresponding to
an expected location error of 50 m with the chosen location method (Lacroix and Helmstetter, 2011,
Tonnellier et al., 2013, Provost et al., 2018). Some slopequakes are also located on the main scarp and
on the western part outside of the landslide either due to fractures or mis-interpreted single block fall.

4.5.2 Analysis of the temporal pattern of seismic sources, hydro-meteorological forcings
and motion

As a first approach, the existence of possible relationships between the seismic event occurrences,
hydro-meteorological forcings and surface motion is verified. The rockfall and slopequake catalogs
are analyzed separately and the most pertinent relationships are tested.

Rockfall

The main expected triggers are the rainfall rates and amounts and the temperature gradient per day.
We thus only investigate the correlation with these parameters. We computed the Kendall correlation
coefficient and its associated p-value. We choose to work with the Kendall correlation because it is a
measure of the rank correlation. We found significant correlation (p-value < 0.05) between the rockfall
rate (i.e. number of events per day) and effective precipitation (Pe f f ), rainfall rate per day, tempera-
ture and temperature gradient (Table 4.2). This confirms the expected correlation between rockfall,
precipitation and temperature.
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Figure 4.3: Time series of seismic observations: a) Rockfall and b) Slopequake; meteorological observations: c)
rainfall, d) temperature; of geodetic observations: e) Cumulative displacement and f) velocity of GPS B and GPS
C; g) ground water level variations.
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Figure 4.4: Number of events per hour of the day for the four classes of seismicity: earthquake, slopequake,
rockfall and natural/anthropogenic noise.

In order to determine possible time delay and relaxation times between the meteorological forc-
ings and the rockfall occurrences, we compute the linear correlation. A correlation value higher than
0.2 is found between rockfall rates and daily effective precipitation and hourly rainfall (Figure 4.6a,b).
Although the correlation value is small, the peak is significantly above the background level.

The time delays are found at zero at a daily sampling rate but we found that rockfalls are slightly
delayed from the rainfall initiation by 2 hours when the hourly rainfall rates are considered (Figure
4.6b). The correlation function can be fitted by an exponential law with a relaxation time tc. The
latter is small for rockfall (tc2 = 16-17 hours) meaning that rockfall ceases rapidly after the precipitation
episodes. For the hourly datasets, a relaxation time is also found (tc1 = 10 hours) probably due to the
fact that several episodic rain events may occur in less than 16 hours before the previous one. The
correlation with antecedent precipitation (i.e. cumulative precipitation over the past 10 days) is also
significant. The relaxation times are respectively tc1 = 4 days and tc2 = 9 days.

No correlation is found with the temperature (Figure 4.6c) but a negative correlation is found for
the temperature gradient. Rockfall rates are hence increasing during days with small amplitudes of
air temperature. This can be explained by the fact that during rainy days the temperature gradient is
lower. Consequently, the proposed triggers related to temperature (i.e. thaw-freezing, freezing-thaw
or thermal dilatation) are not the main triggers of rockfall activity for this site.

The seismic energy of the rockfall is increasing slightly with the intensity of the rain episode (Figure
4.7a) and with the antecedent cumulative precipitation (Figure 4.7b). However, large rockfalls are
mostly occurring during the days where no rain is recorded (Figure 4.6a) and 70% of the seismic energy
is released during dry days while only 53% of rockfall events occur during those days. Less than 10%
of the rockfall events occur during days with effective precipitation larger than 10 mm (Figure 4.7a).
Considering cumulative antecedent rainfall (i.e. cumulative rainfall over the past 10 days), we identify
that the energy and the rockfall activity are highly dependent of antecedent rainfall; indeed, less than
10% of the events occur on days with no antecedent rainfall (Figure 4.7b). The mean seismic energy
released per day is slightly increasing with antecedent rainfall (Figure 4.7b).
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Figure 4.6: Cross-correlation between the rate of rockfall and a) daily effective precipitation (Pe f f ), b) hourly
effective rainfall rate, c) cumulative effective rainfall computed on the past 10 days (Pc um), d) air temperature
and e) daily air temperature gradient (in black). The red curves represent the model fit for an exponential law:
a1 ∗ e t/tc1 and exponential decay: a2 ∗ e t/tc2 with parameters a1, a2, tc1 and tc2 indicated on the size of the
subplots in red for the best inversion.
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Figure 4.7: Number of rockfall per day and mean seismic energy released per day as a function of a) effective
precipitation and b) cumulative effective precipitation. The number of rockfall per day (and repspectively, the
mean seismic energy released per day) are plotted with respect to the amount of effective precipitation (or cu-
mulative effective precipitation) on the left plots (in color). On these plots, the black curves represent the mean
number of rockfall per day (and respectively, the mean seismic energy released per day) for ranges of precipi-
tation amount (taken every 5mm). On the right, the dot curves represent the proportion of rockfall events (and
respectively, the mean seismic energy released per day) with respect to the effective precipitation (or cumulative
effective precipitation). The plain curves correspond to the proportion of days where the seismic monitoring
system was active for each range of effective precipitation (or cumulative effective precipitation).
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Table 4.3: Values of the Kendall correlations and p-values estimated between rockfall and meteorological ob-
servation: Effective precipitation (Pe f f ), daily rainfall, air temperature, daily air temperature gradient, slope
velocity and ground water level (g.w.l)

Peff Rainfall Temp Temp. grad Velocity G.w.l G.w.l
B C B C B C

CK 0.2982 0.2931 0.0377 -0.2172 0.0392 0.0950 0.1098 0.1026 0.0531 0.0307
p-value 2.7566 10−17 1.6209 10−17 0.2180 1.3147 10−12 0.2100 0.0026 0.3493 10−3 0.8177 10−3 0.1087 0.3367

Slopequake

We expect slopequakes to be associated to the slide motion, we calculated correlation with the dis-
placement recorded by the two GPS stations. The Super-Sauze landslide movement being strongly
influenced by hydrological variations (Malet et al., 2005, Bernardie et al., 2015), we also analyzed the
correlation between slopequake occurrences, rainfall rates and ground water level (g.w.l.).

For the slopequake rates, the Kendall correlation is significant for the effective precipitation, the
rainfall rates, the displacement rate at GPS-C, and the ground water level. The correlation is not sig-
nificant for the air temperature, the displacement rate of GPS B and the ground water level variation
(p-value > 0.1; Table 4.3). A significant correlation is found for temperature gradient, displacement
rate at GPS-C and the ground water level (Table 4.3).

Slopequakes are recorded at the same time of the rain episodes (time delay = 0; Figure
4.8a). The relaxation time tc2 is longer (tc2 = 41 hr; Figure 4.8b) than for the rockfalls (tc2 =
17 hrs). An anti-correlation is found between slopequakes and temperature gradient (Figure
4.8d) like for the rockfalls. As slopequakes are well correlated to effective precipitation, the
decrease of the temperature during rainy days should explain this negative correlation. A very
weak correlation is found with the GPS displacement (Figure 4.8e,f). The correlation with the
ground water level is weak (CK < 0.11). The time delays are large for both displacement rates
(GPS-B: 35 days; GPS-C: 50 days).

The seismic energy released in function of the displacement rate does not show clear
trend (Figure 4.9a). However, around 50% of the seismic energy as well as 50% of the seis-
mic events occurred during days where no displacement is measured (Figure 4.9a). This pro-
portion is slightly lower for GPS-B than GPS-C. The latter shows slower velocity and smaller
cumulative displacement; consequently more slopequakes are occurring during the periods
of low velocity (v < 0.001 m.day−1). The seismic energy of the slopequakes is slightly larger
when the groundwater level is above its average level but a larger number of events occur
during the periods when the G.w.l is below its average (Figure 4.9b). Low G.w.l seem to be
associated to numerous and weak seismic while high G.w.l seem to be associated to less fre-
quent by more energetic sources.

4.5.3 Analysis of the spatio-temporal distribution of seismic sources

Rockfall

Rockfalls are mainly located on the main scarp and few events occur on the secondary scarp
(Figure 4.10). From the temporal analysis of the location, we observe that the activation of
these different zones changes through time (Figure 4.10). Indeed, at the beginning of the ac-
quisition period (i.e October and November 2013), the recorded rockfalls are mostly located
on the western part of the main scarp. This observation is consistent with the rockfall dy-
namics measured with LiDar during summer 2013 (Stumpf et al., 2013). In the rest of the
acquisition period the rockfall crisis occur principally in the eastern part and the center of
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Figure 4.8: Cross-correlation between the rate of slopequake and a) daily effective precipitation (Pe f f ), b)
hourly rainfall rate, c) air Temperature and d) daily air temperature gradient, e), f) slope motion expressed in
terms of velocity at GPS-B and GPS-C, ground water level variations measured by piezometers B g), and C h).
See Figure 4.6 for figure description.
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Figure 4.9: Number of slopequake per day and mean seismic energy release per day as a function of a) effective
precipitation and b) cumulative antecedent effective precipitation (computed on the last 10 days) cumulative
precipitation. See Figure 4.7 for figure description.
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the main scarp (Figure 4.10). Very few rockfall are located in the secondary scarp during the
large rockfall crisis occurring in spring and autumn. We observe that during summer time,
rockfalls are located in the secondary scarp (Figure 4.10, summer 2015). During this period
the activity of the main scarp decrease and we do not observe cluster of events.

The absence of rockfall in the secondary scarp during spring and autumn time can be
explained by the fact that the rainfall episodes are much stronger during autumn hence in-
creasing the level of seismic noise and decreasing the sensitivity of the seismic sensors to
detect small rockfalls. The rockfalls occurring on the secondary scarps have smaller volume
and do not fall from a high scarp hence releasing weak seismic energy so they can only be
recorded when the seismic noise level is low.

The attenuation of the seismic waves with distance also implies that rockfall of small vol-
ume are not detected if occurring at large distance to the seismic network. Although the noise
level is lower during summer time, it would be possible that the volume of the rockfall occur-
ring on the main scarp decreases and is not detected by the permanent seismic network.

The rockfall activity is clustered in very few days and up to 110 events can be recorded in
one day during spring time. We record the largest number of rockfall per day during spring
2016. During this period, the precipitation are significantly low (< 20 mm.day−1) compare
to autumn (> 25 mm.day−1). This can be explained by the fact that snowmelt contributes to
mobilize a larger volume of rocks and contributes to the fact that the number of rockfall is
weakly proportional to the rainfall rate and to the cumulative rainfall (Figure 4.6).

Slopequake

The slopequakes location are spread on all the location gridsearch area with a cluster of
events located at the vicinity of seismic array A (Figure 4.5b). To compare the slopequake
activity to the GPS motion and Ground water level variations we only consider the slope-
quakes clustered in the central part of the slide (Figure 4.11). The slopequakes are mainly
located on western border of western mudflow at the vicinity of GPS B. Some slopequakes
also occur on the central part and on the eastern border of the eastern mudflow.

Despite the weak correlation of the slopequake occurrence with the displacement, dif-
ferent temporal clusters of slopequake events are identified. The first family of increase of
slopequake rates occurs before slope accelerations of GPS-B (Figure 4.11, in blue and gray).
These acceleration are associated to an increase of the ground water level (Figure 4.11 in
blue) while few acceleration occur during a decrease of the ground water level (Figure 4.11
in gray). It suggests that seismic precursors can be recorded before the main accelerations
of the slope (v > 0.01 m.day−1). The slopequake rate increases during the slope acceleration
but we record a small number of events per day (< 40) preventing us to observe decrease of
the recurrence time and an increase of the amplitude during the slope acceleration. The sec-
ond family of slopequake clusters occur during the deceleration of the slope (Figure 4.11, in
red). They are always simultaneous with the ground water level decrease and occur after the
first family of cluster. Between the two families of slopequakes increase, we observe a drop
of slopequake rate as the slope velocity is constant and the ground water level reaches a local
maximum.

Very high slopequake rates are recorded during the lower ground water levels (October-
November 2013 and January 2016). In November 2013, the seismic signals are located along
the western stream (Figure 4.12) and maybe generated by single block impacts due to the
stream activity. In January 2016, the slopequakes are recorded at the vicinity of the main
scarp (Figure 4.12) and maybe rather generated by fracture located in the main scarp or very
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total eroded volumes for the four years of acquisition.
We find a significant correlation between rainfall and slopequakes. The slopequake activ-

ity starts immediately with the rainfall events but the time of relaxation is longer (41 hours)
than for the rockfalls reflecting a more complex hydro-mechanical response of the slide mo-
tion to precipitation. No correlation among the slide velocity and the slopequake rate is
found if we consider the whole time serie. However, we observed repetitive cycles of seismic-
ity associated to: 1) an increase of the slopequake rate corresponding to an increase of the
g.w.l triggering the acceleration of the slope, 2) followed by a steady-state movement where
the g.w.l reaches a local maximum and no seismic sources are recorded and 3) a decrease of
the g.w.l. with a simultaneous decrease of the slide velocity when a new increase of slope-
quake rate is recorded (Figure 4.10). The presence of these cycles explains the weak corre-
lation as increases of slopequake rates may be associated to acceleration and deceleration
of the slope. We observe hence two type of relationships between the slide velocity and the
slopequake rate (Figure 4.13d and e,f). The first one corresponds to the expected relationship
where the slopequake rate increases with the slope velocity (Figure 4.13d). This relationship
is commonly observed in laboratory experiments (Smith et al., 2017, Amitrano and Helmstet-
ter, 2006) and in the field when acoustic emission sensors are installed at the vicinity of the
shear surface (Amitrano et al., 2005, Smith et al., 2014, Dixon et al., 2015). In our dataset, we
also observe a second type of relationship between the slopequake rate and the slope motion
(Figure 4.13b, c). This phenomenon could be explained by the fact that a threshold in ground
water level is reached, acceleration of the slide motion starts but the moisture content of the
slope remains sufficiently low to generate seismic signals at the surface. With the increase of
ground water level, the friction decreases reducing the generation of brittle seismic events.
The slide velocity is constant or is slightly decreasing during these periods. Then the slide
rapidly decelerates as the ground water level decreases hence increasing again the friction
and the slopequake rates. Another possibility would be a the transition of the clay from brit-
tle to ductile behaviors as the ground water level increases (Iverson, 1997, 2005, Picarelli et al.,
2004).

It must be noted that comparing the slopequake rates and the time series of slope motion
and ground water levels is difficult as slopequake locations are distributed over the landslide
area while the GPS and piezometers are local sensors representative of a small portion of
the slide. We observe that the slope acceleration is slightly delayed for the two GPS stations.
Consequently, some increase of the slopequake rates, which are not well correlated with the
current measure slope acceleration, may be associated to the acceleration of another part of
the landslide. Spatial measures of the displacement field at high temporal frequency is now
possible from LiDAR or Ground-based Interferometric radar (Jaboyedoff et al., 2012, Caduff
et al., 2015). This set of acquisition will allow associating better the slopequake occurrences.
The catalog of slopequakes could also be refined by using matching filter processing to find
repeaters. Increase of the number of seismic sensors on the slope could also be a perspective
to improve the location accuracy and decrease the magnitude of completeness of the seismic
network.

108



CHAPTER 4. APPLICATION: LANDSLIDE DEFORMATION PATTERN OF CLAYEY LANDSLIDES

0.01 0 0.01 0.02 0.03

0.57

0.56

0.55

0.54

0.53

0.52

velocity (m/day)

G
.w

.l
 (

m
)

01.May.2016.

0.01 0 0.01 0.02 0.03
0

2

4

6

8

10

velocity (m/day)

S
lo

p
e

q
u

a
k
e

 r
a

te
 (

e
v
e

n
t/

d
a

y
) 01.May.2016.

0.01 0 0.01 0.02 0.03
0

2

4

6

8

10

velocity (m/day)

S
lo

p
e

q
u

a
k
e

 r
a

te
 (

e
v
e

n
t/

d
a

y
) 11.Jun.2014.

0.01 0 0.01 0.02 0.03
0.54

0.53

0.52

0.51

0.5

0.49

velocity (m/day)

G
.w

.l
 (

m
)

11.Jun.2014.

0.01 0 0.01 0.02 0.03
0

5

10

15

20

velocity (m/day)

S
lo

p
e

q
u

a
k
e

 r
a

te
 (

e
v
e

n
t/

d
a

y
) 17.Jun.2015.

0.01 0 0.01 0.02 0.03

0.57

0.56

0.55

0.54

0.53

0.52

velocity (m/day)

G
.w

.l
 (

m
)

17.Jun.2015.

t0

tend

a) b) c)

d) e) f)

Figure 4.13: Ground water level as a function of slope velocity for three acceleration/deceleration periods: a)
17 June 2015, b) 11 June 2014 and c) 01 May 2016. The daily slopequake rate (smoothed) as a function of slope
velocity for three acceleration/deceleration periods are presented: d) 17 June 2015, e) 11 June 2014 and f) 01
May 2016.

4.7 Conclusion

We analyzed the seismic signals generated by the activity of a clayey landslide. A method-
ology is developed to process long seismic datasets and applied to the data recorded at the
Super-Sauze landslide. Advanced catalogs of endogeneous seismicity including the location
of the sources are created. Two family of seismic signals are studied: rockfalls and slope-
quakes. Seismic monitoring allow us to identify variations in the location of the rockfall
throughout the period of acquisition. Rockfall occurrences are clustered during few days
of high activity in Spring and Autumn periods and are associated to hydraulic forcings (i.e.
precipitation and snowmelt). We observe an increase of the slopequake rates before all the
acceleration of slope. We also identify cycles of slopequake occurrences associated to accel-
eration and deceleration of the slope. A decrease of the slopequake rates is observed when
the slope velocity becomes constant after the acceleration phase during local maximums of
the ground water level. These results demonstrate that seismic monitoring provides valuable
information to understand the response of gravitational instabilities to hydro-mechanical
forcings and on the mechanical deformation of the slope.
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Synthesis of the research findings on the analysis of the patterns of micro-seismicity in
relation with landslide motion and hydro-meteorological forcings:

Main results: Investigation of the seismic catalogs realized for rockfalls and slope-
quakes enables to observe patterns of seismic occurrences in space and time. We observe
a significant correlation between landslide endogenous seismic sources and daily effective
precipitation and hourly rainfall rate. Rockfall activity initiates with rainfall and rapidly
ceases as the rain episodes stop. Consequently, the number of rockfall per day can be
large (> 80 events per day) during few days of the year. The periods of rockfall activity are
clustered in the Spring and Autumn seasons. The zones affected by rockfall vary during
the acquisition period. The main scarp is highly active during Spring and Autumn time
while the lower part of the landslide is more active during summer time.
Slopequakes are also correlated to daily effective precipitation and hourly rainfall rate but
a longer time of relaxation is observed (41 hours). We do not observe significant correla-
tion between slopequake rate and slope motion when considering the whole time series.
However, we observe an increase of the slopequake rates for all the main accelerations
of the landslide (> 0.01 m.day−1). The slopequake rate decreases as the slope reaches a
constant velocity and the ground water level a local maximum. An increase of slopequake
rate is also observed during slope deceleration. These results suggest that the rate of
slopequakes is not continuously increasing with the the slope velocity and that soil water
content (e.g. degree of saturation) controls the relation between seismic emissions and
slope motion.

Perspectives: As discussed in Chapter 1, a large variety of signals are gathered under
the term “slopequake”. The next step will be to refine the catalog of slopequakes to
investigate the signal properties associated to slope motion and soil water content.
Matching Filter processing could be used to verify if repeaters are also generated during
the acceleration and deceleration periods and analyze their distribution (i.e. seismic
energy and recurrence time). The location of these sources could also be improved using
either the APOLoc method helping associating the recorded signals to geomorphological
features. The volume loss due to rockfalls could also be estimated and compared to the
geodetic measures in order evaluate the robustness of seismic monitoring to quantify
short-term erosion rates. Additional observations at different sites are needed to confirm
if slopequakes can be considered as a robust precursory signals to slope acceleration and
to analyze the influence of soil water content on the rate of generated seismic signals.
The non-linear relationship between slope velocity and slopequake rates could be also
confirmed by experimental studies.
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5.1 General conclusion

Understanding the hydro-mechanical properties controlling slope failure or slide accelera-
tion is needed to improve models and forecasts of gravitational instabilities. This requires to
measure directly or indirectly the variations of the geo-mechanical properties of the slopes
in response to internal and/or external forcings in space and time. Our research aimed at
improving our knowledge of these relationships through the analysis the landslide endoge-
nous micro-seismicity. Our work consisted in developing generic and automatic processing
tools to construct advanced seismicity; the tools have to be adapted to the specific conditions
imposed by highly heterogeneous and attenuated medium

A large variety of landslide endogenous seismic signals have been documented. We thus
proposed in Chapter 1 a standard typology of the seismic signals generated by gravitational
instabilities. The different families were constructed from the quantitative evaluation of dif-
ferent signal features allowing to compare signals from different sites and build homoge-
neous catalogs. The analysis of several datasets representative of the diversity of landslides
demonstrated the existence of similar seismic signals for different sites. It enables us to pro-
pose and discuss the possible sources mechanisms associated to each family of signals.

Chapter 2 aimed at developing a fully automatic classification method of seismic signals
using machine learning techniques. We proposed and implemented a supervised classifica-
tion method of seismic signals based on a the calculation of a large number of signals fea-
tures and on the Random Forest algorithm. We applied and tested the method on the seismic
datasets of the Super-Sauze landslide. We obtained a good rate of correct classifications and
a selection of the relevant features to discriminate the classes. We show that this sensitivity
is equivalent or even larger than human sensitivity. The sensitivity depends on the number
of examples used in the training sets. Introducing a large number of examples improved the
value of the sensitivity.

Chapter 3 focuses on the construction of advanced catalogs integrating the location of
the seismic sources. We developed an automatic seismic source location method adapted to
the context of clayey landslides. Our method is based on the inter-trace correlation of the
P-wave arrivals, the use of realistic P-wave velocity models from seismic tomography and the
use of the Amplitude Source Location as prior information. We demonstrate the importance
of the picking resolution on the location accuracy and implemented an iterative strategy to
optimize the quality of the initial picks. We also show the importance of determining a pri-
ori information on the location based on the signal. Finally, we demonstrate that the use
of a realistic velocity model of the underground structure is crucial to obtain accurate lo-
cations. We tested our methodology on calibration shots and obtained epicenter errors of
27±29 m which is better than previous approaches used for similar contexts. The method
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is well adapted to locate slopequakes occurring inside the seismic network but likely fails to
locate most of the rockfall events located at far distances from the seismic sensor and outside
the velocity model.

We further use the typology of Chapter 1 and the classification methodology developed in
Chapter 2 to build a catalog of seismicity for the Super-Sauze seismic observations. Chapter
4 presents the analysis of the patterns of seismic signals in time and space in relation to
hydro-meteorological forcings and slope motion. We found that the number of rockfall
and slopequake seismic sources is correlated to precipitation with different relaxation
times. While the rockfall seismic sources are concentrated over few days during Spring and
Autumn, the slopequake seismic sources present longer relaxation time traducing a complex
hydro-mechanical response of the slide. Analysis of the time series allows us to distinguish
cycles of increasing slopequake rates associated with the acceleration and the deceleration
of the slope motion. We also observed that the slopequake rate decreases between the
acceleration and deceleration phases at the moment the ground water level reaches a local
maximum. This pattern of seismicity may be explained by the variation of the friction on the
sliding surfaces controlled by pore water pressure. Another explanation would be a brittle to
ductile transition of the deformation due to changes of water content (degree of saturation)
in the clay. This preliminary result, if confirmed by further investigation of the catalog,
might bring new insights in the mechanical deformation of the clayey landslide confirming
the interest of seismic monitoring for landslides. It must also be noted that accelerations
occurring during ground water level decrease were also preceded by slopequake increase
making seismic monitoring a potential method to record precursors of the deformation.

5.2 Perspectives

Findings of our research give rise to new questions and perspectives

1 How to improve the classification methodology to enable the construction of generic cat-

alogs of landslide seismicity in order to enable further comparison of signals from dif-
ferent sites?
The classification methodology was developed and tested successfully for the classifi-
cation of seismic signals generated by volcanoes (local scale) (Maggi et al., 2017, Hibert
et al., 2017c) and for the detection of large landslides (regional scale). These tests were
realized using several years of seismicity to build the training set implying large vari-
ety of signal examples for each classes and a well constrained overview of the signals
generated in these contexts. In the case of landslide endogenous seismicity, long and
exhaustive catalogs remain seldom. As the classification highly depends on the train-
ing set, the choice of the signals must be made carefully to represent the diversity of
seismic signals. The latter may be challenging in particular for short monitoring cam-
paigns where rapid changes in daily seismicity can be observed. Construction of a gen-
eral training set from different sites or the use of synthetic signals may be tested and
evaluated to overcome this issue. Implementation of unsupervised classifier is also a
possible way of development to improve the determination of classes of seismic signals
occurring on landslides and possibly to detect changes in the seismic signals generated
by slope instabilities.
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2 How to further improve the location algorithm by taking into account the heterogene-

ity of the underground structure and possibly implement joint inversion of the different
part of the seismic signals?
We show that taking into account the heterogeneity of the underground structure and
the use of different part of signals (ASL and P-wave location) improved the accuracy of
the source location. Joint inversion of the location of the P-wave picking, ASL and sur-
face wave picking could be a strategy possibly adapted to the diversity of the properties
of the recorded seismic signals. Realistic models of the inelastic attenuation coefficient
(Figure 5.1) and of the surface wave velocity can be constructed from inversion of the
seismic profiles as well. This strategy should enable to better adapt the location pro-
cessing to the signals features. However, more work must be realized to estimate the
uncertainties associated to velocity models in particular 3D velocity models.

3 How to improve the design of landslide monitoring in order to link the variations of the
hydrological regime of the slide, the surface motion and the occurrence of seismic signals
in space and time?
Landslide seismic monitoring is very challenging due to the difficult accessibility of the
slopes, their rapid evolution that constrain the spatial location of instruments only on
stable slopes, thus limiting the sensitivity of the detection and location. This usually
leads to non-optimal seismic network geometry. Moreover, the setup of several sen-
sors is needed to detect and locate the internal seismic sources due to their weak en-
ergy. The recent development of wireless seismic sensors (Fairfield nodes) or cheap
seismometers (Raspberry Shake) present significant advantages to increase the num-
ber of instrumented sites and/or the density of the seismic networks. Simultaneous
measures of the surface displacement and the ground water level at high space and
time resolution are needed to associate the seismic signals to landslide deformation.
The use of Ground-based interferometric radar (GB-SAR) as well as LiDAR can provide
a distributed measure of the surface displacement a high temporal resolution (> 3 min-
utes). This kind of campaign was realized during our PhD thesis at the Super-Sauze, the
Pechgraben (Austrian Alps) and the Pas-de-l’Ours (French Alps) landslides (Figure 5.2).
This kind of maps would help to associate the recorded seismic sources to co-localized
deformation improving the comprehension of the sources mechanism.

Comparative analysis of the recorded seismic signals on different sites is also needed
to better understand the recorded seismic signals, in particular, in order to confirm the
presence of precursory seismic signals before slope failure or acceleration. This work
has started for the Pechgraben landslide where both a GB-SAR and a seismic network
has been installed during two months. Preliminary results show the same cycle of seis-
micity during acceleration and deceleration of the slope (Figure 5.3). We also moni-
tor the Pas-de-l’Ours landslide’ with four seismometers and several geodetic measure-
ments. The landslide underwent several periods of acceleration with the development
of a complex deformation field. This dataset could allow us to investigate the difference
between the seismic signals generated during the tertiary creep and its progressive evo-
lution toward landslide failure.

Estimation of the volume loss could also be computed for both geodetic and seismo-
logical measures allowing to compare the two estimations and provide natural dataset
to validate the physical laws developed recently for rockfalls (Farin et al., 2014, Hibert
et al., 2017a).
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4 How to understand the sources of the seismic signals through experimental studies?
The origin of acoustic emissions generated by several types of landslide deformation
mechanisms (creep, rupture, flow) for several hydrological conditions needs to be an-
alyzed. Laboratory scale experiments (such as flume tests, (Okura et al., 2002, Olivares
et al., 2009)) could be designed to record the seismic signals generated during the move-
ment of the slope. This kind of experiments would enable to model several space and
time variations of the stress-strain field for different rupture scenarios (i.e. water infil-
tration, loading mass, ground shaking), boundary conditions and initial rheology (i.e.
media compaction, total solid fraction) and hence better understand the conditions to
record seismic signals on clayey slides.
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R�sum� :  
Ce projet de recherche vise � accro�tre les connaissances sur les m�canismes contr�lant la d�formation des glissements de terrain 
argileux gr�ce � la combinaison de la surveillance sismique passive et de la surveillance g�od�sique. Des �tudes r�centes ont 
d�montr� que la surveillance sismique peut fournir des informations int�ressantes sur la m�canique des glissements de terrain et, 
dans certains cas, fournir des pr�curseurs utiles pour la pr�vision des d�faillances. LÕinstallation r�cente de sismom�tres sur les 
glissements de terrain a r�v�l� une vari�t� de signaux sismiques de magnitude (ML $<$ 1) soup�onnaient �tre g�n�r�s par la 
d�formation de la pente (chute, basculement, glissement, �coulement), Cette sismicit� endog�ne doit �tre cat�goris�e. Une 
classification standard des sources sismiques endog�nes est ainsi propos�e; l'objectif de cette norme est de pouvoir comparer 
l'activit� sismique de plusieurs glissements de terrain et d'identifier les m�canismes g�n�rant ces signaux sismiques ainsi que leur 
corr�lation avec les for�ages externes. Plusieurs propri�t�s de signal (dur�e, contenu spectral et forme de spectrogramme) sont 
prises en compte pour d�crire les diff�rentes classes de signaux et permettre une comparaison g�n�rique. Les observations montrent 
que des signaux similaires enregistr�s sur diff�rents sites pr�sentent les m�mes propri�t�s et les sources sismiques possibles sont 
discut�es compte tenu du type de d�formation observ� sur les pentes �tudi�es. Ces propri�t�s de signal sont utilis�es comme 
caract�ristiques pour classer les sources endog�nes � l'aide d'algorithmes d'apprentissage automatique. En effet, la classification 
manuelle des enregistrements sismologiques longs prend du temps et peut �tre tr�s subjective. Une m�thode de classification 
automatique bas�e sur le calcul de 71 attributs sismiques et l'utilisation d'un classificateur supervis� est ainsi propos�e. Aucun attribut 
n'a �t� s�lectionn� � priori afin de cr�er une m�thode de classification g�n�rique multi-classes applicable � de nombreux contextes de 
glissements de terrain. La m�thode peut �tre appliqu�e directement sur les r�sultats d'un d�tecteur simple. L'algorithme automatique 
r�cup�re pr�s de 90\% de sensibilit� par rapport � un catalogue interpr�t� manuellement consid�r� comme r�f�rence. Une nouvelle 
m�thode (APOLoc) pour automatiser la localisation des sources sismiques est ensuite propos�e. La localisation de la source est un 
probl�me difficile sur les glissements de terrain � cause des limitations impos�es soit par la d�tection des erreurs sur lÕarriv�e des 
ondes sismiques, soit par lÕutilisation de mod�les de vitesse sismique inappropri�s (ou trop simplistes). La m�thode d�velopp�e est 
it�rative et utilise un mod�le de vitesse pr�cis � onde P (construit � partir de profils sismiques de r�fraction) pour localiser les sources. 
Le pr�l�vement des ondes P est effectu� initialement avec un algorithme bas� sur Kurtosis et une premi�re estimation de la 
localisation est calcul�e en analysant l'amplitude du signal; la s�lection et la localisation sont ensuite am�lior�es de mani�re it�rative 
jusqu'� ce que la corr�lation des premi�res arriv�es soit maximis�e. Enfin, des catalogues avanc�s de sources sismiques sont 
construits pour des p�riodes d'observation � long terme et � court terme sur des glissements de terrain s�lectionn�s. Le nombre 
d'�v�nements, leurs propri�t�s et leur emplacement sont corr�l�s au mod�le de d�formation de surface mesur� par les donn�es radar 
GNSS et au sol et aux param�tres environnementaux tels que les pr�cipitations, la fonte des neiges et les pressions interstitielles. Les 
taux d'activit� sismique sont analys�s et le r�gime de d�formation de la pente est discut�.  L'approche et les m�thodes sont 
d�velopp�es et test�es sur les bases de donn�es sismologiques et g�od�siques acquises lors du glissement de Super-Sauze (Alpes 
du Sud-Est). 

 
Mots-cl�s : Glissement de terrain, micro-sismicit�/�coute sismique, tomographie sismique, machine learning, localisation de source. 

 

 

Abstract :  
This research project aims at increasing knowledge on the mechanisms controlling the deformation of clayey landslides through the 
combination of passive seismic and geodetic monitoring. Recent studies have demonstrated that seismic monitoring is able to give 
interesting information on landslide mechanics and in some case to provide precursory patterns useful for failure forecasting. The 
recent installation of seismometers on landslides revealed a variety of seismic signals of law magnitude (ML $<$ 1) suspected to be 
generated by slope deformation (falling, toppling, sliding, flowing), weathering of the slope material or fluid circulation. This 
endogenous seismicity needs to be categorized. We thus proposed a standard classification of the endogenous seismic sources; the 
objective of this standard is to be able to compare the seismic activity of several landslides and identify the mechanisms generating 
these seismic signals as well as their correlation with external forcing. Several signal properties (i.e. duration, spectral content and 
spectrogram shape) are taken into account to describe the different class of signals and allow generic comparison. We observe that 
similar signals recorded at different sites present the same properties and discussed the possible seismic sources considering the type 
of deformation observed on the studied slopes.  These signal properties are used as features to classify the endogenous sources 
using machine learning algorithms.  Indeed, manual classification of long seismological records is time-consuming and may be highly 
subjective. We proposed an automatic classification method based on the computation of 71 seismic attributes and the use of a 
supervised classifier. No attribute was selected a priori in order to create a generic multi-class classification method applicable to many 
landslide contexts. The method can be applied directly on the results of a simple detector. The automatic algorithm retrieves nearly 
90\% of sensitivity in comparison to a manually interpreted catalogs considered as references. We then proposed a new method 
(APOLoc) for automatizing seismic source location. Source location is a difficult problem on landslides because of the limitations 
imposed either by picking errors on the seismic waves arrival and by the use of inappropriate (or too simplistic) seismic velocity 
models. We propose a methodology to take into account these two sources of error. The methodology is iterative and uses an 
accurate P-wave velocity model (constructed from refraction seismic profiles) to locate the sources. The picking of the P-wave arrivals 
is performed initially with a Kurtosis-based algorithm and a first estimate of the location is calculated by analyzing the amplitude of the 
signal; the picking and the location are then iteratively improved until the correlation of the first arrivals is maximized. Finally, advanced 
catalogs of seismic sources are constructed for both long-term and short-term observation periods at selected landslides. The number 
of events, their properties and their location are correlated to the surface deformation pattern measured by GNSS and ground-based 
radar data, and to environmental parameters such as rainfall, snowmelt and pore-water pressures. Seismic activity rates are analyzed, 
and the regime of slope deformation are discussed.   The approach and the methods are developed and tested on the seismological 
and geodetic datasets acquired at the Super-Sauze landslide (Southeast French Alps).  

 
Keywords : Landslide, landslide micro-seismicity, seismic tomography, machine learning, source location. 

 


