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Préambule

Objectifs

Le projet PEPS Nouranat 2020 RICOCHET (A la Recherche de I'Intégration des Connaissances dans
I’Observation des CHangements Environnementaux : mise en ceuvre d’une recherche-aTelier en
Sibérie Orientale (Khamagatta)) avait pour objectif de constituer d’une part :

(1) Une base de données géospatiale en Systeme d’information géographique (SIG) intégrant (1.1.)
les enquétes et cartographies mentales de perception des populations de Khamagatta aux
risques systémiques et récurrents ; (1.2.) les analyse et modélisation par télédétection spatiale
des processus en cours : érosion, feux de foréts, exposition aux risques d’inondations de
débacles et de glaces, extraction des structures des paysages (identification des paléo-chenaux,
etc.).

(2) Développer des modeéles de simulation de I'exposition aux risques environnementaux des
populations locales : crues de débacles, feux de foréts, évolution des paysages de pergélisol.

(3) D’analyser les processus d’adaptation des populations locales en vue d’une compréhension
multidimensionnelle des dynamiques de changements environnementaux et sociaux au sein
desquels les savoirs concrets et systémes de mesures par télédétection sont parties intégrantes
du systéme d'observation et d'analyse scientifiques.

Contexte

La pandémie de la Covid-19 et I'impossibilité de se rendre en Fédération de Russie et en lakoutie a
modifié I'organisation du programme de recherche. Les déplacements sur le terrain d’étude de
Khamagatta de Madame Anne Tricot et Monsieur Jean-Louis Ballais ont été reportés en septembre
et ces derniers ont ensuite fait part de leur souhait ne plus participer au programme de recherche,
au regard, notamment, de la situation sanitaire. Au mois de septembre, contrairement a ceux portés
par le coordinateur du projet et le doctorant impliqué, M. Zakharov, leur travail de recherche n’avait
pas encore débuté. La composition de I'équipe de recherche a été de fait modifié.
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Equipe de recherche

Les missions de terrain (validation des modeéles développés par télédétection, analyse spatiale, et
simulations), (enquétes de terrain apres des populations locales de K. et d’Amga), (les interviews
aupres des maires des ulus), ont été menées par des collegues du département d’écologie et de
géographie de l'université fédérale du Nord-Est -NEFU) sur les terrains durant plus de 11 semaines :
Moisei Zakharov, doctorant AMU a 'UMR ESPACE (géographie physique et géomatique), Antonina
Savvinova, Maitre de conférences (SIG et géographie sociale), Zhanna Degteva, Maitre de
conférences (géographie humaine et sociale), Yuri Danilov, Professeur (géographie physique).

Piotr Janniec, doctorant NEFU en biogéographie et en télédétection a contribué a la création de
modeles prédictifs d’exposition aux feux de foréts des populations locales ; Jaraté Kamicaityte,
Professeure a KTU, chercheure associée a I'UMR ESPACE, sur I'analyse et la conceptualisation des
perceptions des populations locales et 'aménagement.

Le maire de Khamagatta, Nikolay Zakarov, et une enseignante de |'école franco-sakha de Khamagatta,
Sargylana Vasilieva, ont été toujours présents pour nous aider et mener a bien et dans les meilleures
conditions, malgré la pandémie de la Covid-19, les missions de validation terrain et les enquétes
aupres des habitants.

Les travaux et analyses des résultats, tout comme I’enrichissement de la base de données de
perception des populations est en cours. Elle a vocation a rester active ses prochaines années, a
évoluer, et a étre déployée sur d’autres centres urbains. Elle se combine a une mise a jour annuelle
ou biannuelle des spatio-cartes de I'occupation et de I'évolution des sols mesurant les impacts et
changements qui en découlent. Egalement, a enrichir les modéles de simulation et d’exposition aux
risques environnementaux des populations locales.
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1. Introduction

Un des défis de la sécurité humaine dans les régions arctiques, et plus particulierement dans les
régions arctiques de la Sibérie orientale, concerne I'évaluation de I'exposition des habitants a des
risques environnementaux récurrents pour la population urbaine dans un environnement
géophysique caractérisé par des dynamiques de changement notables : dégradation du permafrost,
d'inondations (inondations par les rivieres, les canaux géomorphologiques et I'érosion du plateau) et
de débacle, d'érosion et de feux de forét. Les centres urbains et les villages sont confrontés et exposés
de facto a une multiplicité de risques naturels combinant dégradation du pergélisol, feux de foréts,
inondations, etc. Cependant, I'évaluation de leur exposition est partielle ou inexistante ; d'ou la
nécessité de créer des observatoires mesurant I'exposition potentielle aux risques environnementaux
des centres urbains. Ces derniers sont construits par I'analyse spatiale des données d'enquéte sur la
perception et les connaissances de la population locale et par la télédétection spatiale qui sont
intégrées dans les systemes d'information géographique. La connaissance et la compréhension de la
facon dont la population locale percoit I'environnement naturel et anthropique dans le contexte du
changement climatique et de ses conséquences sont quelques-uns des facteurs clés pour créer des
stratégies efficaces de planification urbaine pour les villes situées dans les zones a haut risque de
risques environnementaux.

La région urbaine de lakoutsk est la zone d'étude test pour la mise en place de ce type d’observatoire
mesurant les évolutions combinant impacts de la variabilité climatique et urbanisation. Il contribue a
la construction d’indicateurs sécurité humaine dans I'Arctique russe sibérien. Ce vaste territoire
urbain unique localisé en zone subarctique et caractérisé par un climat arctique de plus de 370 000
habitants, située dans I'une des régions les plus froides du monde, est confrontée a I'accélération du
réchauffement climatique et de l'urbanisation sur une base récurrente et saisonniére : I'urbanisation
et le développement des centres urbains situés au Sud et au Nord de lakoutsk (332 000 habitants)
entre avril et septembre ; les crues de débacles (eaux, glaces) co-suivi de I'érosion des berges de la
Léna en mai, la dégradation du pergélisol sur les infrastructures, les lieux d’habitations, les zones
industrielles et espaces agricoles, et les feux de forét I’été. Le centre urbain de Khamagatta localisé a
70 km au nord de la métropole de lakoutsk fait partie intégrante par ses interrelations journaliere
(pendulaires liées au travail). Il connait depuis les années une croissance démographique continue
passant de 1600 habitants en 2002 a 1800 habitants en 2020. Ce processus de croissance de la
population est observé notamment par télédétection spatiale a partir des images satellites DMSP
OLS-PL (capteurs visible proche infrarouge).
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L'absence et I'obsolescence des données géographiques et cartographiques disponibles, exception
faites des bases de données démographiques, nous ont poussé a combiner trois démarches
d’analyses :

(1) la télédétection spatiale avec le suivi de I'évolution de I'occupation et de I'utilisation des sols
(Sébastien Gadal, Moisei Zakharov), des structures paysagéres de pergélisol (Sébastien Gadal), des
zones impactés par I'érosion des berges et du plateau (Moisei Zakharov), les feux de foréts ; a partir
desquels sont développés des modéles de simulation spatiale des I’évolution des paysages, des
modeles d’expositions aux risques de crues par exemple (Sébastien Gadal), et prédictifs sur les feux
de foréts (Piotr Janniec, Sébastien Gadal).

(2) Les résultats sont validés ou non par les enquétes de validation terrain (Moisei Zakharov), qui dans
le cadre de ce programme de recherche, ont di étre menées par nos collegues de I'université fédérale
du Nord-Est (NEFU) ;

(3) et enrichies par les connaissances vernaculaires des habitants et populations locales. Ces derniéres
sont transcrites sous formes de cartes mentales, d’analyse des résultats issus des traitements
d’'images satellites, et du questionnaire d’enquéte mis en place (disponible en ligne:
https://forms.gle/hfgaTcfFaamEWQT|8 ). Ce dernier a été mis en place par Antonina Savvinova,
Moisei Zakharov, et Sébastien Gadal en combinant les retours d’expériences du programme ANR PUR
(Polar Urban Centers) (WP-4) (Effremova et al., 2019) et du Peer-to-Peer Bilateral Dialogue Initiative
2015-2016 de I'US-State Government avec NEFU, the Northern (Arctic) Federal University (NARFU),
et the University of Alaska Fairbanks (UAF) (Kontar et al., 2018).
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(4) Uintégration de I'ensemble des observations en un systéme d’information géographique (Moisei
Zakharov, Sébastien Gadal).

Les Résultats acquis issus de I'observatoire de Khamagatta portent sur la création d’un SIG intégrant
les bases de données créées a partir des images de télédétection spatiale et des enquétes de terrain
et en ligne aupres des habitants._Les résultats acquis issus de I'observatoire sont de x ordres :

(1) La création d’une base de données SIG sous QGIS intégrant des bases de données géoréférencées
produites dans le cadre du programme de recherche :

-la base de données géoréférencée des cartes mentales et de perceptions intégrées en SIG.

-la base de données des enquétes sur I'exposition aux risques naturels issu des enquétes en ligne et
de celles réalisées sur le terrain aupres des habitants. Elle est également intégrée en SIG.

-les spatio-cartographies de I’évolution de I'occupation des sols créées a partir des images de
télédétection Sentinel 2A/B, Landsat 5 TM, et Landsat 8 OLI.

-les spatio-cartographies mesurant les processus d’érosions des berges des « bras » de la Léna.

-les spatio-cartographies des structures paysagéres visant a extraire notamment les paléo-chenaux
et hydro-géomorphologiques extraites a partir de Minimum noise fraction (MNF).

-les spatio-cartographies des Alas (lacs de pergélisols) combinant approche OBIA et base de données
géolinguistique (issue du programme de recherche financé par la Russian Science Foundation « Land
Ontology : semantics, semiotics, and geographic modeling », Sébastien Gadal, 2015-2018).

-les spatio-cartographies des feux de foréts.

Elle integre également les bases de données démographiques, OSM, les bases de données Google
Earth, et topographiques disponibles —

e
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(2) Mise en place de modeles de reconnaissance des structures paysageres basées sur des modeles
d’intelligence artificielle et ontologiques (Gadal et al. 2020); et prédictifs d’exposition des
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populations aux feux de foréts basés sur des algorithmes d’apprentissage (machine learning) (Janniec,
Gadal, 2020).

(3) Lintégration des connaissances vernaculaires des habitants de Khamagatta aux données de
télédétection dans un premier modele de connaissance géographique (Gadal et al. 2021-accepté).
Modele a partir duquel des indices de vulnérabilités peuvent-étre générés (Gadal et al. 2021-soumis).

A partir des bases de connaissances et de données acquises structurées en SIG, les travaux de
recherche portent actuellement sur :

(1) La création de modele de connaissances socio-environnementales intégrés prenant en compte les
mesures par télédétection spatiale, de terrain, et de perception. Elle se base notamment sur les
travaux préalables menés a lakoutsk et Kaunas en Lituanie (Gadal, Ourghemmi, 2019).

(2) L'analyse des résultats sur les modes et stratégies socio-territoriales d’adaptation et de résilience
des habitants.

(4) Leur théorisation dans le cadre d’'une démarche transdisciplinaire et 'aménagement (Kamicaityte
et al., 2020).

(3) Les stratégies d’aménagement ou de non-aménagement.

(4) La simulation de I'évolution des lits mineurs et majeurs a partir des résultats issus de I'extraction
des structures paysageres par télédétection (avec notamment I'lvannov Institute of System
Programming RAS Moscou pour le développement d’un nouveau modele stochastique).

(5) L'acquisition en continue des données de terrain, de perception des habitants, et de télédétection.

Les premiers résultats ont été publié ou soumis a publication dans :

1. PiotrJaniec, Sébastien Gadal. A Comparison of Two Machine Learning Classification Methods for
Remote Sensing Predictive Modeling of the Forest Fire in the North-Eastern Siberia. Remote
Sensing, MDPI, 2020, 12 (4157), pp.1-20. {10.3390/rs12244157). (hal-03083192v2)

2. Sébastien Gadal, Moisei Zakharov, JUraté Kamicaityté, Yuri Danilov. Alas Landscape Modeling by
Remote Sensing Image Analysis and Geographic Ontology. Study case of Central Yakutia (Russia).
6th International Conference on Geographic Information Systems Theory, Applications and
Management, Polytechnic Institute of Settbal/IPS; Knowledge Systems Institute; ATHENA
Research & Innovation Information Technologies, May 2020, Online Streaming, Portugal.
pp.112-118, (10.5220/0009569101120118). (hal-02554659)

3. Sébastien Gadal, Moisei Zakharov, Jlraté Kamicaityté, Antonina Savvinova, Yuri Danilov.
Environmental Vulnerability Modeling in the Extensively Urbanized Arctic Center Integrating
Remote Sensing, Landscape Mapping, and Local Knowledge. VEGU 2021, 19-30 April 2021,
online, (accepté).

4. Sébastien Gadal, Moisei Zakharov, Jaraté Kamicaityté. Human Perception and Environmental
Risk Index Modelling with GIS in Yakutsk Urban Region (North-Eastern Siberia). EUGEO 2021, 26
June-1 July 2021, Prague (soumis).
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2. Méthodologie

2.1. La nécessité de combiner données issues de la télédétection spatiale et connaissances locales

La connaissance locale de I’environnement social et physique est essentielle a la gestion des
catastrophes naturelles (Tran et al.,, 2009). Les lacunes en matiere de connaissances entravent
sérieusement les efforts visant a renforcer la résilience aux catastrophes naturelles a tous les niveaux,
en particulier dans les centres urbains de I'Arctique russe du Nord-Est exposés a de multiples
expositions. Le manque d’information est le plus important au niveau local, en particulier en ce qui
concerne l'information spatiale sur les risques, les ressources et |'organisation spatiale de la
communauté (Liu et al., 2018). Les habitants sont bien conscients de la réalité géographique et
peuvent indiquer quelles zones sont sujettes a des phénomenes jugés négatifs, y compris pour
identifier les zones les plus inquiétantes a leurs « yeux ». C’est ce genre de connaissances locales qui
permet aux scientifiques et aux décideurs d’explorer rapidement les besoins et les possibilités
d’atténuation. Les points de vue transverse des résidents d’'une collectivité urbaine comme
Khamagatta - y compris les ainés et les élus en charge de I'ulus, les résidents et les enfants -
rassemblent des points de vue et des préoccupations différents qui aident a cartographier les
conditions jugées et pensées comme dangereuses au niveau local. A titre d’exemple, les lieux ou
I’expansion de I"'urbanisation doit étre limitée en raison des risques d’érosion ou d’inondations.
Nous avons, pour intégrer I'ensemble des connaissances issues de la télédétection spatiale et des
connaissances locales, développé une approche méthodologique générale qui combine les processus
cartographiques avec la participation des populations locales, la modélisation du paysage basée sur
les données de télédétection.

2.2. Cadre méthodologique général

La démarche choisie et développée se divise en deux approches paralléles qui sont ensuite intégrées
en systeme d’information géographique :

-L’acquisition et la structuration des connaissances locales des habitants en SIG ; ce dernier étant
enrichi par les données géographiques disponibles : Open Street Map, Google Earth, 2GlIS, cartes
topographiques scannées.

-Le développement de spatio-cartes, modeles d’évolution de I'occupation des sols, etc., a partir des
images de télédétection spatiale Landsat 5 TM, Landsat 8 OLI, et Sentinel 2A/B.

L'utilisation des images satellites est d’autant plus importante que les bases de données existantes
ont des niveaux de précision et de qualités différentes, et ne prennent pas en compte les dynamiques
de changements d’occupation des sols.
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D’un point de vue épistémologique, I'approche holistique choisie combine toutes les composantes
de la complexité de I'espace géographique et répond a la fragmentation des connaissances (Lugeri et
al., 2019). Cette démarche interdisciplinaire combine le traitement des données de télédétection
pour la cartographie du paysage (Gadal et al., 2020), I'analyse spatio-temporelle de I'évolution des
berges et des paysages, ainsi qu’une base de données géoréférencée intégrée en SIG des résultats de
la cartographie participative, des questionnaires et de la collecte de données spatiales sur le terrain.
La méthodologie générale s’organise telle que :

| Participatory mapping & questionnaire | |

Multi-temporal remote sensing data |

Intraseasonal Sentinel 2

 landsat data 1973-2020 images 2020 A ASTER GDEM
T T S
' ‘ Study area clipping :
al land ) NDVI (RED and NIR) ] DEM analysis ]
Spadial landiuze Local knowledge of Image Classification j S —— —
& : 2 e Image Classification | Reclass (valley and watershed) ]
S, natural risk perception SR
geolinguistic data e Land cover maps —
alleation (geolocalisation) e
Identification of vegetation type.s by phenological characteristics
. ' T ‘ and biomass
I ‘ Riverbank erosion & acceration process ‘ f

Collection of spatial data on land use
from open sources (geoservices)

Analysis of
exposure
and
vulnerability
to water

risks

Landscape map

Field data &
Phenology-based
vegetation units

classification

Vegetation map

S. Gadal et M. Zakharov, 2020-2021

Analysis of the structural-dynamic organization of the
landscape

Cross-analysis of risks and land use opportunities in
permafrost landscapes
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2.3. Acquisition et intégration des connaissances locales par approche participative

L’acquisition des connaissances locales s’est opérée sur 11 semaines de terrain via des enquétes, un
atelier de cartographie participative organisé en novembre 2020 sur place, des réunions virtuelles via
Zoom chaque semaine entre octobre et décembre 2020 avec les habitants, et I'acquisition des
données d’enquétes via le questionnaire en ligne https://forms.gle/hfgaTcfFaamEWQT]8.

Ce dernier a été construit afin d’étudier la perception de la population locale de leur espace
géographique vécu et percu, d’éventuels phénomeénes (environnementaux) (naturels) pergus comme
négatifs. Par les événements naturels « négatifs » I'ensemble des répondants (98 personnes) ont
répondu a I'unanimité (100% des réponses) : inondations printanieres de printemps provenant de la
débacle de la Léna, pour 70%, les incendies de forét et la fumée générée, I'érosion fluviale, les
changements dans le littoral des fles de la riviére Lena pour 58 % d’entre eux.

L'ensemble de la population de Khamagatta ayant répondu au questionnaire en ligne a été victime
d’inondations dans le village au cours des 20 dernieres années en moyenne 15 a 16 fois.

Les résultats des enquétes sont intégrés en SIG. Les trois ateliers de cartographies participatives qui
ont été mis en place ont permis de recueillir et d’intégrer en SIG la structure et I'organisation de
I’espace géographique vécu, de géolocaliser les zones touchées par les inondations, les incendits de
foréts ou I’érosion.

Le premier atelier de cartographie participative a été organisé avec les enseignants et les éléves de
I’école franco-sakha de Khamagatta en octobre 2020.

Analyse participative des résultats a partir des cartes créées par les enfants de I'école franco-sakha, octobre
2020


https://forms.gle/hfgaTcfFaamEWQTj8
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Réunion participative hebdomadaire avec les habitants de Khamagatta, novembre 2020

Le second atelier de cartographie participative organisé en novembre 2020 a Khamagatta a rassemblé
17 habitants (10 femmes et 7 hommes). Trois (sont) étaient employés de la municipalité, un (est) était
un arpenteur foncier. Les participants a 'enquéte sont des résidents de longue date du village, ont
des parcelles subsidiaire (bétail, chevaux et champs de pommes de terre). Tous ont participé a des
travaux de lutte contre les inondations chaque année : construction de digues anti-glace, évacuation

) & .
du bétail, etc.). Plusieurs d’entre eux ont par des dessins ou I'écrit une conceptualisé I'organisation
spatiale de leur territoire.
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Exemples de représentation de I'organisation du Nasleg par les habitants, 2020

Un troisieme atelier de cartographie participative visait avec les mémes habitants de Khamagatta a
analyser les résultats des spatio-cartographies produites et a les enrichir via une application QGIS

10
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(QField) sur smartphone, en utilisant les fonds de carte Yandex Maps téléchargées sur le site:
https://yandex.ru/maps et des cartes topographiques scannées. L’ensemble des cartes participatives
sont associées a un QR code unique. Tous les participants ont une connaissance précise et vécue de
leur territoire avec la quasi-totalité des objets géographiques et de leurs emplacements qui
organisent le Nasleg (Nasleg: c’est la plus petite forme d’'une municipalité dans la division
administrative-territoriale de la République de Sakha Yakutia). Nous avons demandé aux participants
de tracer sur les cartes Yandex Map les objets géographiques liées a I'utilisation et a I’occupation des
sols qu’ils jugent important. Ces derniers renvoient aux activités agricoles (par exemple les champs
de foin (khoduya en langue sakha), aux structures d’habitats saisonniers (letniks : saiylyks en langue
sakha), mais également a la topographie (par exemple byraany : pente de la vallée de la Léna), a
I’occupation des sols « naturels » (iles et zones forestiéres de taiga, etc.). Ceci a permis de corriger et
de mettre a jour les cartes topographiques soviétiques a une échelle de 1: 200 000 ; I'indexation des
objets géographiques, leurs morphologies, et leurs toponymes. Des iles inexistantes sur les cartes
topographiques et Yandex ont été indiqués (Ubas-Mummut a été corrigée sur Munur, I'fle d’Eselyakh
qui n’existait pas a été indiquée sur les nouvelles cartes). Il est fut de méme pour les noms et
toponymes des étendues forestiéres et de taiga. Certains objets géographiques ont une durée de vie
annuelle (iles, etc.).

Les résultats des trois ateliers participatifs ont permis de mettre a jour les cartes et bases de données
géographiques, et d’évaluer qualitativement les changements d’occupation des sols.
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Exemple de cartographies participatives produites par les habitants, 2020.
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2.4. Création et analyse des cartographies participatives

Les résultats des ateliers de cartographie collaborative indiquent que les habitants de Khamagatta
connaissent, localisent et orientent mieux iles voisines a proximité du centre urbain, que les paysages
« naturels » environnements. Cela tient au fait que les iles de la Léna abritent presque toutes les
terres agricoles des fermes locales (terres arables, paturages, champs de foin et points d’eau pour le
bétail). La totalité des zones boisées le long des routes ou dans les vallées sont mentionnées et
cartographiées. Cela est d{ a la présence de plantes sauvages recueillies par les résidents locaux.

En général, les participants connaissent bien la partie Sud du Nasleg. Moins concernant la partie Nord.
Jusqu’en 2016, elle n’a pas été exploitée pour I'agriculture ou les activités économiques. Mais depuis
|"application de la loi fédérale sur les « hectares d’Extréme-Orient », les habitants locaux ont acquis
des parcelles de terrain dans ce territoire et leur culture suivra dans un proche avenir. La loi fédérale
est en vigueur depuis le ler juin 2016 et réglemente les « relations » fonciéres, forestieres et autres
types d’occupations fonciéres mis a disposition des citoyens de la Fédération de Russie. Ces derniéres
sont généralement la propriété de I'Etat fédéral ou des municipalités sur le territoire district fédéral
d’Extréme-QOrient auquel est rattachée la République de Sakha.

Les informations et connaissances des participants sont ensuite intégrées en SIG et associées a la

base de données Open Street Map (OSM), topographiques et aux données cadastrales pour générer
la cartographie suivante :
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M. Zakharov, S. Gadal, 2020, carte d’utilisation des sols synthétisant I'ensemble des cartes participatives.

Elle constitue une information géographique importante pour I'analyse des risques. Elle géolocalise
les objets géographiques qui ont une valeur matérielle et/ou spirituelle ; ainsi que les activités
économiques qui sont assujetties a des risques naturels.

3. Approche par télédétection spatiale

3.1. Analyse inter saisonniére de I'occupation des sols a partir d'images Sentinel 2A/B

L'un des éléments les plus importants de I'évaluation de la vulnérabilité des territoires et de
I’exposition aux risques naturels des populations est la cartographie du paysage basée sur la
modélisation multicritéres par les unités typologiques des paysages sur une échelle de pas moins de
1 : 200 000. A cette échelle, le principal indicateur de I'identification du paysage est les classes des
associations de végétation, qui peuvent étre interprétées a I'aide d’une approche de classification
fondée sur la phénologie de I'analyse de I'image (Simonetti et al., 2014).

Les données d’entrée - pour la classification faisant appel a un algorithme d’apprentissage (machine

learning) SAM (Spectral Angle Mapper) - est le NDVI (Normalized Difference Vegetation Index). Ce
dernier est calculé a partir des bandes spectrales 4 et 8 de Sentinel 2 a une résolution spatiale de
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10x10 metres. Au regard de I'évolution phénologique du paysage, une classification des typologies
du paysage a été effectuée en mai, juillet, et en aolt 2020 (absence de nuages). On notera que
I'activité photosynthétique de la végétation s’étale de la mi-mai a la mi-septembre en lakoutie
centrale. Pour chacune des dates, 8 classes de paysages de pergélisol sont reconnues, identifiées et
cartographiées : (1) les paysages forestiers de méléze (Larix cajanderi) recouvert de lingonberries et
d’herbassés ; (2a) les paysages forestiers de mélézes et de pins (Pinus sylvéstris) avec des zones de
végétation de steppe. (2b) On notera qu’une forét a été identifiée sur les pentes bien drainées de la
rive du substratum rocheux. (3) Les steppes anthropiques prévalent a proximité des zones
d’habitations, la ou la charge anthropique et le surpaturage sont accrus. Des prairies de steppe se
développent sur le bassin versant. (4) les zones agricoles dans les vallées sont utilisés principalement
uniquement comme letniks (sayylyks en sakha), c’est-a-dire, paturages de bétail en été. Elles sont
caractérisées par I'éloignement géographique par rapport aux centres urbains et a la faible bio-
productivité par rapport aux prairies de plaine inondable des fles de la Léna. (5) Sur les iles, il existe
deux types de prairies qui sont importantes dans I'agriculture : (5a) les prairies inondables et (5b) les
prairies méso-phytiques. (6) Les Alas (Gadal et al. 2020).

landscapes Alas and sedge valley meadows I Willows floodplain A
I Larch lingonberry-forb forest Steppe meadows Alluvial sand

I Larch-pine forests combined with steppes I Floodplain meadows | Water

[ Anthropogenic steppes [T Mesophytic meadows

M. Zakharov et S. Gadal, 2020, spatiocartographie normalisée des paysages (mai, juillet, aoGt 2020)
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3.2. Suivi et modélisation de I'érosion des berges a partir des images Landsat 1 MSS, Landsat 5 TM, Landsat 7
ETM+, Landsat 8 OLI et Sentinel 2A/B

En référence aux résultats du questionnaire, I’érosion fluviale des berges est percue négativement par 58% des
habitants ayant répondu. Cela est principalement d{ a la menace de destruction des terres littorales et agricoles
situées sur les lles de la Léna. L’étude et la modélisation des processus d’érosion-accrétion sur les berges et sur
les iles du centre urbain de Khamagatta a été réalisée a I'aide de données de télédétection, d’une carte
topographique soviétique (P-52-1X). X) au 1 : 200 000 datant de 1980, de données de terrain et issues des
ateliers de cartographie participative.

Satellites Bandes spectrales / | Dates
résolutions spatiales

1 Sentinel 2 B 2,3,4,8 (10x10m) Juillet 2020
2 Sentinel 2 A 2,3,4,8 (10x10m) Juillet 2019
3 Sentinel 2 A 2,3,4,8 (10x10m) Juin 2018
4 Sentinel 2 A 2,3,4,8 (10x10m) Juin 2016
5 Landsat 8 OLI 2,3,4,5,6,7 (30x30m) Juillet 2013
6 Landsat5 TM 1,2,3,4 (30x30m) Juillet 2009
7 Landsat5 TM 1,2,3,4 (30x30m) Juillet 2007
8 Landsat 7 ETM+ 1,2,3,4 (30x30m) Ao(t 2000
9 Landsat 7 ETM+ 1,2,3,4 (30x30m) Aot 1999
10 Landsat5 TM 1,2,3,4 (30x30m) Janvier 1989
11 Landsat 1 MSS 1,2,3 (120x120m) Mars 1973

Le suivi et la modélisation des processus de modification des berges de la Léna ont été étudiés sur quatre
périodes : 2000-2007, 2007-2013, 2013-2019 et 1999-2019. Elles ont été reconnues, identifiées et extraites par
des algorithmes d’apprentissage automatique de maximum probabilité et Spectral Angle Mapper (SAM).
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M. Zakharov et S. Gadal, 2020. Modélisation de I’évolution des berges de la Léna

Le volume total de I’érosion et d’accélération pour la période d’étude de 1999 a 2019 sur les deux rives du
fleuve était de 112,2 ha et 188,7 ha, respectivement. Au cours de cette période, le taux total d’érosion et
d’accélération est de 5,6 ha/an et de 9,4 ha/an, respectivement.

De 2000 a 2019, 58 hectares ont été érodés sur I’ensemble du territoire de Khamagatta (rive gauche a I'ouest).
Néanmoins, 112 hectares ont été adjoints, avec une augmentation nette de 54 hectares de nouvelles terres.

De méme, de 2007 a 2013 et de 2013 a 2019, I'accumulation a été supérieure a I’érosion. La quantité totale
d’érosion au cours de cette période était d’environ 27,6 ha, comparativement a une augmentation d’environ

30,1 ha.
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Entre 2000 et 2007, I’érosion a été plus prononcée que I'accrétion. Le volume total d’érosion et d’accélération
au cours de cette période était de 37,7 ha et 15,4 ha, respectivement.

Mais au cours des 20 années de la période d’étude, I'érosion totale des berges est inférieure au volume de
I'augmentation. Les plaines inondables économiquement actives (plaines agricoles) et les prairies méso-
phytiques sont exposées a I'érosion des berges de la Léna, et la croissance est due aux fourrés de saule.

Le processus d’érosion cause plus de dommages et pourrait, dans un proche avenir, entrainer des pertes plus
importantes de prairies précieuses utilisées pour la récolte du foin pour le bétail. Cependant, le résultat de
I’érosion et de I'accélération est influencé par certains facteurs naturels, tels que les dépodts de sable des
rivieres, le niveau de I'eau, le climat, etc. Ces facteurs créent des fluctuations de I'érosion-accélération de la
riviere.

Les changements de berges causés par I’érosion se produisent pendant le stade d’inondation en recul, lorsque
I’exces de sédiments est déposé sous forme de bancs de sable dans les chenaux, ce qui entraine un changement
dans la direction du débit et de la migration des bancs de sable le long d’entre eux, ainsi qu’en raison d’une
transgression du flux de matériaux.

Les résultats de cette étude ont montré que I’érosion, en particulier le long de la rive gauche de la cote, est la
principale menace pour les fles de Sedene et d’Ortho-Ary ; tout comme pour les terres agricoles qui s’y trouvent.
Elles corroborent les réponses au questionnaire ainsi que les cartographies participatives produites par les
habitants de Khamagatta.

3.3. Modélisation et prédiction de la localisation des feux de foréts

Les résultats de I'enquéte ont montré que I'exposition aux incendies de foréts étaient une préoccupation
majeure pour 70% des participants. Elle est corroboré par les résultats de I'atelier effectué avec les éléves de
I’école franco-sakha de Khamagatta.

La base de données FIRMS de la NASA récence (https://firms.modaps.eosdis.nasa.gov/) les feux de forét a
I’échelle régionale. Il nous a semblé intéressant au regard des travaux sur leur télédétection et caractérisation
(Janiec et al., 2019) de développer a partir d’algorithmes d’apprentissage (machine learning) un modéle
régional et un modele local de prédiction et d’exposition des incendies de foréts en zone subarctiques et
arctiques ; avec en premier lieu Khamagatta et la lakoutie centrale.

La copie de I'article ci-joint présente les deux modeles en annexe 1.
Piotr Janiec, Sébastien Gadal. A Comparison of Two Machine Learning Classification Methods for Remote

Sensing Predictive Modeling of the Forest Fire in the North-Eastern Siberia. Remote Sensing, MDPI, 2020, 12
(4157), pp.1-20.10.3390/rs12244157. hal-03083192v2
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Annexe 1

Article
A Comparison of Two Machine Learning

Classification Methods for Remote Sensing Predictive
Modeling of the Forest Fire in the North-Eastern
Siberia
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Abstract: The problem of forest fires in Yakutia is not as well studied as in other countries. Two
methods of machine learning classifications were implemented to determine the risk of fire: MaxENT
and random forest. The initial materials to define fire risk factors were satellite images and their
products of various spatial and spectral resolution (Landsat TM, Modis TERRA, GMTED2010, VIIRS),
vector data (OSM), and bioclimatic variables (WORLDCLIM). The results of the research showed a
strong human influence on the risk in this region, despite the low population density. Anthropogenic
factors showed a high correlation with the occurrence of wildfires, more than climatic or
topographical factors. Other factors affect the risk of fires at the macroscale and microscale, which
should be considered when modeling. The random forest method showed better results in the
macroscale, however, the maximum entropy model was better in the microscale. The exclusion of
variables that do not show a high correlation, does not always improve the modeling results. The
random forest presence prediction model is a more accurate method and significantly reduces the
risk territory. The reverse is the method of maximum entropy, which is not as accurate and classifies
very large areas as endangered. Further study of this topic requires a clearer and conceptually
developed approach to the application of remote sensing data. Therefore, this work makes sense to
lay the foundations of the future, which is a completely automated fire risk assessment application
in the Republic of Sakha. The results can be used in fire prophylactics and planning fire prevention.
In the future, to determine the risk well, it is necessary to combine the obtained maps with the
seasonal risk determined using indices (for example, the Nesterov index 1949) and the periodic
dynamics of forest fires, which Isaev and Utkin studied in 1963. Such actions can help to build an
application, with which it will be possible to determine the risk of wildfire and the spread of fire
during extreme events.
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Keywords: wildfires; MaxENT; random forest; risk modeling; GIS; multi-scale analysis; Yakutia;
Artic; Siberia

1. Introduction

The disturbance regime in the boreal forest is extremely variable. Every year in Siberia, millions
of hectares of forest are burned. Forest fires are one of the main factors causing not only long-term,
harmful changes in plant ecosystems, but also contribute to the deterioration of living conditions in
society, especially in the event of wildfires. Taiga fire is a natural phenomenon. Fires determine the
normal, ecological functioning of the forest in this region. Forest fires are an inseparable part of the
natural cycle. After the fire, there are favorable conditions for the young generation of trees. Wildfires
are important for the indigenous peoples of Siberia. The territory after the wildfire turns into a pasture
and people harvest berries for winter stocks. Fires have deep consequences and issues to the
transformation of the landscape in the specific context of permafrost. Fire in forest areas where
permafrost is spread is considered as an important factor in modeling the surface and influencing
geomorphological processes.

Boreal forest plays a big role in the circulation of carbon dioxide in the regional and global scale.
Changes in fire regime and climate in this region have already started, and they have an impact on the
carbon releasing dynamic not only during the fire, but also years after the fire when the permafrost is
thawing [1,2]. Forest fires in Russia, in general, and in the Republic of Sakha (Yakutia) are one of the
main and most common natural threats. Currently, the area covered by forest fires has increased
significantly. According to the results of scientific research, not the least role in the spread of fires is
played by the human factor. Almost half of all forest fires that have occurred in Yakutia are caused by
humans [2]. The occurrence and spread of forest fires are influenced by a complex of different factors
that mutually reinforce each other and create conditions that contribute to the forest fire.

Geoinformation systems and modern remote sensing methods are a popular and effective means
of identifying the most important factors affecting fires. GIS technologies are effective for building the
necessary long-term fire safety models in countries such as Canada, the USA, and most of the European
countries, where sustainable forest management is wide. GIS forest fire risk models are commonly
used, but most of them do not include the human factor [3]. In Russia, the Nesterov index, from the
1940s is still in use [4]. There is large interest in the development of an integrated fire hazard
assessment system integrated with GIS, remote sensing, meteorological, and government data. A
system like that, available for forestry, firefighters, and local authorities, can improve the fight against
fires and reduce the damage, thanks to faster detection of fire ignition and focusing on the most
endangered places. The purpose of this work was geoinformation modeling the long-term wildfire
risk in the Republic of Sakha (Yakutia) on a macro- and microscale. To achieve this goal, the following
tasks were defined: (1) study structure and regime of the wildfires in the boreal forest; (2) define the
most important factors that cause forest fires in the region of the studies; (3) develop and implement
statistical methods to determine the relationships between the wildfires and its factors; (4) develop
spatial and statistical analysis methods for building a model of wildfire risk in macro- and microscale;
and (5) validation of the built model and create wildfire risk maps at the macro-and microscale.

The methodology of the study of wildfire risk is based on forest management and geographical
developments. The field of studies is built on Canadian, U.S., and European approaches to deal with
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natural hazards as in the works of San-Miguel-Ayanz [3], Tedim [5], Oliveira [6], Cardille [7], Martinez
[8], and others. Knowledge on the boreal forests in Yakutia was taken from the publications of such
authors as A.P. Isaev [9], E.I. Troeva [2], M.M. Cherosov [10], and others.

Work was divided into two main stages. The first stage presents the methodology validating the
impact of individual fire factors on fire occurrence. The result of the analysis is a determination of
dependencies between factors and exclusion from the further classification of factors that do not affect
fires. In the second step, based on the literature analysis [11-14] two methods of machine learning
classifications were implemented to determine the risk of fire: MaxENT and random forest. The initial
materials to define fire risk factors were satellite images and their products of various spatial and
spectral resolution (Landsat TM, Modis TERRA, GMTED2010, VIIRS), vector data (OSM), and
bioclimatic variables (WORLDCLIM).

The results in the form of long-term fire risk maps can be used for fire prevention and planning
fire-fighting measures in the territory of the republic. The results can help create an application that
can be used to determine the risk of fire and the spread of fire during a disaster. This work has the

potential to lay the foundations for the future of a fully automated application of fire risk assessment
in the Sakha Republic.

2. Material and Methods

2.1. Yakutia

To correctly understand fire regimes in Yakutia, it is important to know the features of their
origin. The geographical, geological, climatological, and ecological position in the landscape make it
possible to explain the complexity of the fire phenomenon. Yakutia is a very specific region, with
occurrence extremely high and low temperatures, a thick layer of permafrost, specific geological
structures, and the occurrence of light taiga forests dependent on fire regimes. Due to the high
complexity of the territory, it was decided to study wildfires on two scales to examine the
dependencies between fires and their factors on the regional and global scale. At the macroscale, the
territory of research was the territory of the Sakha Republic; on a microscale, one of the regions of the
republic was chosen, which was the Nyurbinskii district (Figure 1). This region was chosen due to the
high number of fire incidents in recent years.
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Republic of Sakha (Yakutia) and Nyurbinsky district in Russian Federation
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Figure 1. The geographical extent of the study area (source: Earthstar Geographics, low resolution 15
m imagery).

The Republic of Sakha (Yakutia) is in northeastern Siberia and occupies 1/5 of the territory of the
Russian Federation. The territory of the republic from the east and south is closed by mountain ranges;
in the north, it has access to the Arctic Ocean. The relief and geological structure are distinguished by
a complex and diverse structure. The orography of the territory determines the characteristics of a
sharply continental climate, permafrost, soil, vegetation, wildlife, grasslands, and grazing land, and
influences the nature of human economic activity [15]. A characteristic feature of the climate of Yakutia
is a sharp continentality, which is manifested in large annual fluctuations in temperature and a
relatively small amount of precipitation. The main factor of this state is the Siberian anticyclone. In the
study area, the average air temperature during the winter months is -30 °C, and the average
temperature of the coldest month (January) is =35 °C. The average annual precipitation is 200-400 mm
[16]. The permafrost thickness in the territory is sometimes more than 100 m. Seasonal thawing varies
between 0.8 and 3.3 m, depending on the landscape and the type of soil. Permafrost in the conditions
of Yakutia has an impact on all soil processes [17]. Sakha can be divided into three great vegetation
belts. About 40% of Yakutia is located above the Arctic Circle, and all of this is covered with
permafrost, which greatly affects the region’s ecology and limits the forests in the southern region. The
arctic and subarctic tundra define a middle region where lichens and mosses grow like big green
carpets and are favorite pastures for deer. In the southern part of the tundra belt along the rivers,
scattered dwarf Siberian pines and larches grow. Below the tundra is a vast region of the taiga zone
[2].

According to the state report “On the state and environmental protection of the Republic of Sakha
(Yakutia) in 2018, the forested area occupies 82% of the territory of Yakutia, but the forest is 54% of the
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territory. The area of the forest zone is 252,820.0 million hectares. The forest cover is very diverse, from
11.5% in the Verkhoyansk district to 91.7% in South Yakutia. In the Nyurbinsky district, the forest area
is 4416.3 thousand hectares and is more than 84% of the total area. The timber reserved is about 9.2
milliard m3 and 96% of it is coniferous. The average timber reserve per one hectare is 58 m?3. The biggest
average timber reserves are of Pinus Sibirica stands (188 m3/ha) and Picea spp. (130 m3/ha). The average
timber reserves of Pinus sylvestris is 104 m3/ha, Larix spp. is 62 m3/ha, and Betula Pendula 41 m3/ha.

A total of 95.6% of forest species in Yakutia are coniferous. The major species are Larix (4 main
types: Larix cajanderi, L. gmelinii, L. sibirica, and L. czekanowskii (L. sibirica x L. gmelinii)), which represent
77.5% of the total forest resources. The second main species is Pinus sylvestris (6.5% of the total area)
and Pinus obovata (0.24% of the total area). In southwest Yakutia, Pinus sibirica and Abies sibirica occur.
Picea ajanensis is characteristic of the south mountainous regions. Other mountainous regions are
occupied by Pinus pumilo (4.6% of the total forest area). The main deciduous tree species are Betula
pendula, B. pubescens, B. ermannii, Populus staveolens, P. tremula, Chosenia arbutifolia, and Salix spp.
Deciduous trees occupy only two million hectares, which are 1.24% of the total forest area.

Tree stands are well adapted to growing under extremely hard conditions of a dry climate and
occurrence of permafrost. Forests are also very well adapted to the recovery process after fires. The
process is determined by several factors. The most important factors are high seed production, good
seed germination, and highly adaptive potential. Larix cajanderi is highly adapted to the existence with
frequent fires. This species is pouring seeds in late summer in the ripening year. Seeds are being
covered by needle litter and snow, where it creates the right conditions for sprouting and uses the
spring moisture. The best conditions for forest growth are during the first years after a fire. Litter is
destroyed, and the soil is enriched with ashy elements. The upper soil horizon’s moisture is increased
due to inflow from lower horizons [10].

Nyurbinsky ulus (region) is in the middle of the Vilyi River and occupies the territory adjacent to
both Vilyi and its main tributary Marha. The region has an area of approximately 52.4 thousand sq km.
Nyurbinsky region is part of the West Yakutia natural zone. It is characterized by plains and plateaus
and the key elements are soil and vegetation on which relief has a big influence. According to
Kurzhuev, the region is located on the Viluy Plateau, which is part of the Central Yakut Plateau. There
is a characteristic occurrence of cryolithozone relief forms such as alases, yuryakhs, and bulgunyakhs.
The number of days with snow cover is 210-225 days. The average annual temperature in the region
is negative and in Markha it is =11.1 °C. The coldest month is January with an absolute minimum of —
60 °C, and the warmest is July (the absolute maximum is +37 °C). The average amount of precipitation
per year is 260-280 mm [15]. The maximum is in July. In the geobotanical regionalization of Yakutia,
the Nyurbinsky region is situated in the boreal region in the taiga zone —a subzone of the middle taiga
forests —sub-province, Central Yakutian middle taiga. The area of the region is dominated by Larix
forests and Pinus Sylvestris forests. The river’s valleys are characterized by rich meadows as well as
common steppe and forest-steppe landscapes. Dry belts of alas vegetation are represented by the Carex
duriuscula steppes [15].

2.2. Spatial Monitoring Factors for Fire Forest Monitoring in Yakutia

2.2.1. Fires Data

In the Republic of Sakha (Yakutia), open data on forest fires are not available. There is a database
of forest fires at the Ministry of Environmental Protection (https://minpriroda.sakha.gov.ru), but these
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data are tabular, and without georeferencing, it is impossible to create a GIS database necessary for
this type of research. These data are understated due to the addition to the database of only those fires
in which there was action taken to extinguish the fire. Fires that are far from human activity often do
not extinguish, so are not classified in the database. The most popular global data source on fire data
is the Fire Information for Resource Management System (FIRMS). Data available in the service are
collected from the VIIRS 375 m, 750 m, and MODIS Collection 6 Active Fire Product. The data are
collected from 2002 until now. For the studies, we chose data from the MODIS Collection 6 sensor
because of their longer availability and enough spatial resolution. We used data between 2001 and
2018 from the FIRMS fire archive. The shapefiles were in the Geographic WGS84 projection. The
confidence values ranged from 0% to 100% and ranged in one of three fire classes (low-confidence fire,
nominal-confidence fire, or high-confidence fire) [18].

2.2.2. Factors Data

Forest fire regimes are extremely diverse and vary due to the spread of fires and climate changes
[8]. In difficult to manage forest areas like in Yakutia, it is necessary to properly characterize the factors
that are causing forest fires. Researchers have used several different variables to assess wildfire risk
[3,19-22]. Due to the lack of data, it was decided to investigate only long-term fire factors data like
constant, long-term factors such as slope, aspect, fuel, climate, NDVI, etc. Constant factors are those
factors that do not change rapidly, but gradually, in the long perspective. Constant factors can be
calculated in medium- or long-term periods before the fire season [3]. In Yakutia, there is a very big
data shortage. If some data are already collected, it is very difficult to access them. For these reasons,
mostly global datasets were used.

Variables were divided into four groups: (1) meteorological (precipitations, temperature,
maximum summer temperature, radiation); (2) NDVI; (3) landform (elevation, slope, slope direction);
and (4) human activity (distance from roads, distance from settlements, distance from rivers). All data
types were in other formats and had different spatial resolutions (Table 1).

Table 1. Technical description of the data.

Factor Source Format Resolution Preprocessing
Radiation
Precipitations s
WorldClim GeoTiff 30 seconds ROI
Temperature

Max temperature

Mosaic, resampling,

NDVI MODIS/LANDSAT Hdf/GeoTiff 250 m/30m atmospheric correction
ROI
Elevation
Slope GMTED2010 GeoTiff 7,5 seconds Mosaic, resampling ROI
Slope direction
Distance from settelments
Distance from roads OSM Shape Eulicdean distance/ ROI

Distance from water lines
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To collect bioclimatic variables, the WorldClim dataset of global climate layers was used. The
WorldClim dataset has a spatial resolution of about 1 km? [23]. WorldClim is a set of global climate
layers (gridded climate data), specifically developed for ecological modeling on GIS. Currently,
WorldClim provides several datasets for different temporal scenarios (past, current, and future
conditions). In this work, data for the current condition scenario (1970-2000) were used. WordClim
bioclimatic variables are analysis-ready data so the preprocessing was not necessary.

NDVI is greatly used in the evaluation of the phenology and productivity of the vegetation.
Onigemo et al. claims that the values of NDVI obtained through images at the peak of drought were
related to the content moisture and fresh phytomass, showing its potential to estimate fire risk [46].
Illaera et al. found a good correlation between the NDVI values and the location of wildfires [24]. To
assess NDVI in macro-and microscale, it was decided to use NDVI from two sources: MODIS and
LANDSAT images. The Landsat data were used for the determination of NDVI in the Nyurbinsky
region. As the region of interest, the following paths and rows were defined: 129-15; 129-16; 130-14;
130-15; 130-16; 131-15. There were selected available images from the year with the smallest cloud
cover. Images without cloud cover at the peak of the growing season (July) were available only for
Landsat 5 in 2009. Before creating the mosaic, atmospheric correction was necessary. It allowed for
improving images from level 1 to level 2. For NDVI calculations, bands 3 and 4 were used by the
formula described by J.W. Rouse in 1973 [25]. To determine the average NDVI in the vegetation season
for Yakutia between 2001 and 2018 with MODIS, dataset MOD13A2 Version 6 was used. MOD13A2
provides NDVI values with a resolution of 1 km. The product is derived with a monthly interval. There
were selected images at the peak of the growing season (July) from each year. At the territory of
Yakutia, there are the following tiles, which were defined as region of interests: h21v01, h22v01,
h23v01, h21v02, h22v02, h23v02, h24v02, h23v03, h24v03, h25v03. After the selection of the data yearly,
an NDVI mosaic was created and the mean NDVI calculated between 2001 and 2015.

To model landform factor data, it was decided to use one of the most used in these types of works,
digital elevation models: the Global Multi-resolution Terrain Elevation Data 2010 (GMTED2010). It
incorporates the current best available global elevation data. GMTED2010 is commonly used for
radiometric and geometric correction, cover mapping, and extraction of drainage features for
hydrologic modeling [26]. There was a necessity for mosaicking. For the GMTED, the following entities
were used: GMTED2010N50E120,  GMTED2010N50E150, = GMTED2010N70E120, and
GMTED2010N70E150. From the DEM, the information about elevation, slope, and slope direction was
derived.

To investigate the relationship between the fire and the presence of a human, it was necessary to
obtain information on the distance of fires from roads, buildings, and rivers. The data in shape format
were downloaded from Open Street Map (OSM). According to previous works on this subject [53,54],
to achieve this goal, the Euclidean distance was used. Euclidean distance is a straight line between two
points in Euclidean space. The locations were converted to raster. The resolution of the raster was
defined by the shortest of the width or height of the extent of the input feature, in the input spatial
reference, divided by 250.

After the preprocessing, two regions of interest (ROI) were defined for each obtained raster. Each
of them was clipped using the forest cover of the Nyurbinsky region and Republic of Sakha (Yakutia)
forest cover. The forest cover was made available by the Institute of Biological Problems of
Cryolithozone in Yakutia. The same ROI was made for fire points between 2001-2015 from the FIRMS
dataset.
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2.3. Modeling the Risk Assessment of Forest Fires

2.3.1. Fire Factors Analysis

The first step after the preprocessing (Figure 2) was the classification of the values in each raster,
for ordering data and eliminating individual pixels strongly deviating from the average pixels were
probably deviating due to measurement error or instrument inaccuracy. Due to a large amount of data,
the surface to cover (3,084,000 km?), and computing capabilities, it was necessary to simplify the data
to some extent, but retain their characteristics. Jenks’s optimization method was used. The Jenks
classification is designed to identify data clusters as well as maintain a representation of all data in the
set. The optimization lasts as long as the limits of the intervals are obtained, respecting the principle
of the smallest possible differentiation of the observations contained in them, with the greatest distance
between the intervals at the same time. This method aims to reduce the variance within classes and
maximize the variance between classes. This is done by striving to minimize the average deviations of
each class from the middle class while maximizing the deviations of each class from the means of other
groups [27]. New values in rasters have been extracted to each fire point from the FIRMS dataset of
over 17 years in the territory of Yakutia and the Nyurbinsky region.

Predictors
FIRMS fires data (2001 —

2018)

Altltude

LANDFORM
Slope direction (GMTED2010)

Eucliedan distance from ‘
settelments
l Eucliedan distance from ‘ Human activity
roads (OSM) Jenks
Euclidean distance from = | classification
rivers

[ Precipitations |
M Metorological

factors (worldclim)
Temraerature

Max summer
Fire fuels (landsat
NDVI 5and MODIS) | |

Figure 2. Schema of the analysis of the relationship between the fires and their factors.

Pearson correlation and
coefficient of
determination

mwIkmE->Ow—0n0

The next step was to calculate the area of each class in each factor. Then, all fires between 2001-
2018 were summed, separately for each category in each obtained earlier categorized raster. With these
data, it was possible to determine the regression, and correlation between the dependent variables and
explanatory variables. The same calculation scheme was repeated for each variable. In the last step,
Pearson correlation and coefficient of determination between the fire data and factors data were
calculated for each model.
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2.3.2. Long-Term Fire Risk Modeling

The next step was to build risk models using two machine learning methods (Figure 3). The
training dataset was built from the FIRMS fire data between 2001-2015. All registered fire points at the
territory in the Republic of Sakha Yakutia and Nyurbinsky region in this period were used. The
variables were divided, according to the previously obtained correlation coefficient. As the predictors,
two types of datasets were examined. A dataset with a coefficient of correlation equal or higher than
satisfactory (higher than 0.6) and a dataset with all 11 previously selected fire factors. All predictor
rasters have been resampled and converted to grid format. Such a set of training data and predictor
data were created, separately for the territory of Yakutia and the territory of the Nyurbinsky region.

Predictors
(dataset with all
factors, data set with
R2 equal or higher

. than satisfactory)
Training data

(2001 - 2015) ﬁi

Maximum Entropy

Fire data (2001 - 2018) and Random Forest
prediction methods

Presence Presence

Prediction probability
Validation data

(2015 -2018)

—i—\\ Validation

Figure 3. Long-term fire risk modeling methodology.

In the simulation, two types of prediction methods were selected, referring to the works of authors
such as Peters [11], Parisien [28] (maximum entropy prediction model) and Oliveira [6] (random forest
prediction model). In their studies, the authors showed a good correlation between the risk models
obtained when using machine learning and forest fires. The authors demonstrated the superiority of
methods using machine learning over traditional ones.

The maximum entropy prediction model is a widely used and accepted statistical method to
produce predicting probability distributions. The model is adapted in diverse topics such as
thermodynamics, economics, forensics, imaging technologies, and recently, ecology. Maximum
entropy can provide accurate predictions of patterns in macroecology and help identify the
mechanisms that matter most [29]. The algorithm is widely used for mapping species distributions [30]
and conservation planning [31]. In recent years, the model of maximum entropy began to be used in
the ecology of fires. Maximum entropy is a density estimation method based on a probability
distribution. It is a presence-only machine learning algorithm that iteratively contrasts environmental
predictor values at occurrence locations with those of a large background sample taken across the
study area [13]. Maximum entropy has proved to be an enormously powerful tool for reconstructing
images from many types of data [14].
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The biggest advantage of a random forest is that it is a very flexible method, and it can be used in
different types of problems. The random forest algorithm is a fully nonparametric machine learning
method for data analysis. Classification and regression random forest is competitive with the best
available methods and superior to most methods in common use [33]. The application of random forest
can be an effective methodology to predict fire occurrence in different sites. The random forest
algorithm is a technique developed by Breiman (2001) [33]. It combines a large set of decision trees,
which is the biggest advantage compared to a simple decision tree algorithm. Each tree is trained by a
set of variables, which are randomly selected from the training dataset.

All classifications were carried out using SAGA—6.4.0 and its modules “Maximum Entropy
Presence Prediction”, “Random Forest Presence Prediction (ViGrA) Classification”. After the
processing, two types of models were obtained: presence prediction and presence probability maps.
Presence prediction maps are only meant to determine if there is a possibility of a fire. All raster pixels
are classified into two classes:

Absence —there is the possibility of a forest fire.
Presence—there is no possibility of the forest fire.

Presence probability maps are meant to determine how high the possibility is of the fire. All raster
pixels are classified into six classes:

Very low —very low possibility of the fire.
Low —low possibility of fire.
Moderate—moderate possibility of fire.
High—high possibility of fire.

Very high—very high possibility of fire.
Extreme —extreme possibility of fire.

To obtain only six possibility classes, it was necessary to reclassify the models. For reclassification,
the natural breaks method was used.

For the validation of the results, raw fire points data between 2015 and 2018 in the Republic of
Sakha (Yakutia) and the Nyurbinsky region were used. To carry out statistical analysis pixel count in
each probability class in the presence probability maps and each class at the presence prediction maps
were summed. Fire points in each class were summed and divided by the pixel sum in each class. This
process was carried out to consider the surface of each class when verifying models. Next, the
percentage share of fires in each class was calculated. The last step was regression and correlation
analysis.

3. Results

3.1. Fire Factors

In the first part of the studies, attempts were made to uncover the main factors affecting the
possibility of a wildfire. Of the 11 preselected factors, not all of them showed a good correlation with
fire points (Table 2).

Table 2. Coefficient of correlation for each variable in the Republic of Sakha (Yakutia) and the
Nyurbinsky region.
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Factor Yakutia Nyurbinksy
Radiation 0,97 0,39
Precipitations 0,33 -0,99
Temperature 0,41 0,20
Max temperature 0,93 0,47
NDVI 0,91 0,97
DEM 0,76 0,28
Slope -0,97 -0,73
Slope direction -0,43 0,15
Settlements -0,97 0,86
Roads -0,80 -0,82
Water lines 0,91 -0,54

In Yakutia (macroscale), the correlation above 70% was shown by factors such as solar radiation,
maximum summer temperature, NDVI, elevation, slope, distance from roads, distance from
settlements, and distance from rivers.

The problem was studied in the scale of the region using the example of the Nyurbinsky. In this
example, only five factors out of 11 showed a good correlation. A very strong relationship between
fires and precipitation was demonstrated. As the amount of precipitation falls, the number of points
of ignition increases, which was not observed on a macroscale. The distribution of NDVI in microscale
is almost the same as for the Yakutia. With an increase of the slope, fewer fires are observed, as in the
macroscale.

3.2. Fire Risk

The next step was to create fire hazard models using two types of modeling methods. Fire risk
models in the territory of Yakutia are shown in Figures 4 and 5. Results of the modeling differed, but
both methods gave satisfying results. For the territory of the Republic of Sakha (Yakutia), high
coefficients of correlation for each prediction method can be observed (Tables 3 and 4). Coefficients
were slightly higher for the random forest prediction method. In this method, the model with 11
variables did not give considerably better results than the model with nine variables.
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Figure 5. Results of long-term wildfire presence prediction modeling in Yakutia (macroscale).
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Table 3. Comparison of the different types of long-term wildfire presence probability modeling
methods in Yakutia (macroscale).

Percentage of fire points in each probability class

Fire probability Random forest MaxENT
9 Predictors 11 Predictors 9 Predictors 11 Predictors

Very Low 0,07 0,07 0,69 0,95
Low 1,74 1,65 1,57 2,30
Moderate 8,96 9,89 9,19 9,59
High 19,82 18,53 10,64 10,58
Very High 25,52 28,02 27,01 25,37
Extreme 43,89 41,84 50,89 51,21

R 0,97 0,98 0,91 0,90

Table 4. Comparison of the different types of long-term wildfire presence prediction modeling
methods in Yakutia (macroscale).

Percentage of fire points in presence and absence class

Pres‘enhce Random forest MaxENT
Prediction

9 Predictors 11 Predictors 9 Predictors 11 Predictors
Absence 0,20 0,14 12,50 14,13
Presence 99,80 99,86 87,50 85,87

When modeling using the maximum entropy prediction model, better results gave a dataset with
nine variables. In both models, the highest number of fires between 2015-2018 is in the high, very high,
and extreme probability classes. In the very low-risk class, there were less than 1% of fire points.
Presence prediction models showed a superior random forest method over the maximum entropy
method. In the random forest method, almost 100% of the fire points were in the presence class. The
maximum entropy method was characterized by worse results. In the absence, the class located more
than 10% of the fire points from the validation dataset.

Modeling carried out at the territory of the Nyurbinsky region showed slightly different results
than in Yakutia (Figures 6 and 7). Correlation coefficients were not as high and did not exceed 0.9
(Table 5). According to the coefficient of correlation, the smallest error was characterized by a model
of maximum entropy using six predictor variables. The coefficient of correlation for 11 predictors was
only slightly lower and was equal to 0.89.
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Figure 6. Results of the long-term wildfire presence probability modeling in Nyurbinksy (microscale).
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Figure 7. Results of the long-term wildfire presence prediction modeling in Nyurbinsky (macroscale).

Table 5. Comparison of the different types of long-term wildfire presence probability modeling
methods in Nyurbinsky (microscale).

Percentage of fire points in each probability class

Fire probability Random forest MaxENT
6 Predictors 11 Predictors 6 Predictors 11 Predictors

Very Low 4,98 4,97 0,00 0,00
Low 15,09 17,04 0,00 0,00
Moderate 20,40 16,06 1,92 12,81
High 15.60 20,25 32,28 31.23
Very High 24,94 21,56 31,73 29.02
Extreme 19.00 20,13 34,07 26.94
R 0,75 0,82 0,90 0,89

It was observed that in the low and very low fire risk classes, there were no fire points.
Significantly worse results were shown by the random forest prediction method. In both cases of the
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random forest method (six and 11 predictors), the coefficient of correlation did not exceed 0.82. Over
20% of all fire points were at low-risk classes. Similar results were observed by analyzing the presence
prediction maps (Table 6). The random forest prediction method was characterized by more than 30%
of fire points in the absence class. The results were distributed in a similar way in the maximum
entropy prediction model, which is characterized by 11 predictors. The best results were observed in
the maximum entropy classification using six predictive variables. In this model, more than 90% of the
points were in the presence class.

Table 6. Comparison of the different types of long-term wildfire presence prediction modeling
methods in Nyurbinsky (microscale).

Percentage of fire points in presence and absence class

l"‘res.m.ce Random forest MaxENT
Prediction

6 Predictors 11 Predictors 6 Predictors 11 Predictors
Absence 32,73 31,22 8,34 32,66
Presence 67,27 68,78 91,66 67,34

It was observed that in both regions (Yakutia and Nyurbinsky), the random forest presence
prediction method gave more accurate results. Even though the Nyurbinsky region incorrectly
classified a larger number of fire points, it can be unambiguously stated that it is wrong. This is because
(Figures 5 and 7) in the presence maximum entropy, presence prediction method, almost all of the
territory of Yakutia and Nyurbinsky was classified as territory with the presence of fires. The results
of the random forest presence prediction method showed a much narrower territory of the possibility
of the occurrence of fires and yet it classified more points correctly in the territory of Yakutia.

4. Discussion

In fire studies, fire risk is one of the major topics and there are many different approaches to this
subject. Blanchi et al., in their work about a methodological approach in fire risk studies, collected
more than 50 works connected with fire probability cartography. Risk mapping has less than twenty
years. Previously, there were rather preferred descriptive approaches. Since the 1990s, there has been
an increasing interest in this field [41].

The study presented the possibilities of using different types of GIS and remote sensing data in
modeling the wildfire risk. Results allow us to reflect various aspects of fire studies. The difficulties in
fire risk assessment were to point out and clarify possibilities to define wildfire risk. There are many
different approaches in hazard mapping based on different datasets, scales, and algorithms. The multi-
approach is relevant in fire management studies [35,36]. Gai et al. [37] developed a spatially weighted
index model for fire risk assessment. You et al. [38] integrated a Forest Resource Inventory Database
based on four aspects of topographical, human activity, climate, and forest characteristic factors.
Goldarag et al. [39] used neural networks and logistic regression for fire risk assessment. The biggest
challenge in the study was to collect the necessary data due to poor exploration of the area of studies.
GIS technologies in Yakutia are under development [40]. For this purpose, we chose a semi-
probabilistic mode of modeling, which gave possibilities of combining historical fire data and physical
fire mechanisms [41].

The results of the analysis showed that the fire risk assessment in the Republic of Sakha (Yakutia)
is not a problem that can be easily solved. The specificity of the studied territory is significantly
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different from other parts of the world that are facing the problem of wildfires. Boreal forests of Yakutia
are perfectly adapted to extremely severe climatic conditions. Fires have been affecting the natural
functioning of the forests of the region for centuries. Fires not only affect the climatic conditions, but
also the formation of the terrain [42].

Results of the correlation analysis in macroscale showed that with increasing radiation, the risk
of fires increases, and the same happened with increasing maximum summer temperature. Lim et al.,
in their study, highlighted that fire data showed a high correlation with climate factors [50]. NDVI was
highly correlated with fires (R = 0.91). With increasing NDVI, the number of points of ignition
increased. This situation was associated with the accumulation of combustible materials along with an
increase in forest biomass. Elevation and slope correlated inversely proportional. According to
Pourghasemi et al., slope and aspect are some of the most important factors controlling forest fire
occurrence [48]. Kurbatsky et al. wrote that long drought conditions in the Yakutian valleys caused
intense droughts and accumulation of fire fuels, which caused strong fires [34]. As the slope increased,
we observed a decreasing number of wildfires. This situation may be due to the strongly inclined
slopes that act as a barrier to the spread of fire. Additionally, on inclined slopes, many combustible
materials cannot accumulate. Ghorbanzadeh et al. claimed that environmental variables are not the
only reason for fire susceptibility and risk [52]. A very strong connection between the increase in the
number of fire points and the human factors was observed. In places with proximity to transport
routes, the number of fires increases, and the same thing happens if we consider the settlements. This
situation indicates a strong anthropogenic impact on the risk of fire. There are not so many fires near
water lines, which can be caused by the presence of moist areas close to the rivers.

The largest correlation at the microscale was observed when taking rainfall into account. As the
rainfall increased, the number of fires increased. The other climatic factors did not show a strong
correlation. NDV], similar to the macroscale, strongly influences the number of fires. The properties of
combustible materials relate to type, phytomass, condition, and moisture, among which the moisture
content is the most important for fire protection [45]. In a completely different way, anthropogenic
factors were distributed on the microscale than on the macroscale. The Nyurbinsky region has a
relatively high population density compared to the entire territory of Yakutia, which may affect the
differences between the results. Most fires continue to occur along roads, but the closer the settlements
are, it occurs less frequently. This situation may be because fires that approach the villages pose a
threat to people and fire-fighting starts quickly (fires do not reach large sizes), while those that are far
from populated areas remain without any action as they do not pose a great threat. Along roads that
are far from villages, fires can reach serious sizes. Additionally, villages in this region are usually not
surrounded by forests, but by meadows called “alas”, with lower susceptibility to ignition.

Human activity has a greater influence on the fire regimes and differs in the macro- and
microscale. The results showed that distance from settlements (R = -0.97, and R = 0.86), distance from
rivers (R = 0.91, and R = -0.54), and distance from roads (R = -0.80, and R = -0.82) had a great
importance in fire risk assessment. Ajin et al. [43] showed a high correlation between fire occurrence
and distance from roads and settlements. The study by Giglio showed that in residential areas and
near roads, more human activities are witnessed, and human activity is the most significant factor in
the fire outbreak [44]. Studies of the territory of Yakutia in residential areas and near roads show that
more human activities are witnessed, and the human activity is the most significant factor in fire
outbreaks.

Very large differences were observed between the results of the research on the macro- and
microscale. Often the results were quite the opposite. It is probably related to the specificity of the
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Yakutia region. The Niyurbinsky region is quite highly urbanized compared to other regions of
Yakutia, which may affect the results. Additionally, the regional climatic conditions differed from the
average for the entire region. The Nyuribnsky region is characterized by flat terrain, and most of
Yakutia is mountainous, which can also affect the conditions for fires. To analyze the macroscale, it is
necessary to take into account a wide variety of conditions: climatic, geographical, and human
influence. However, on a microscale, these conditions are more homogeneous.

The analysis of the different methods of wildfire risk assessment allows for the identification of
the high danger areas in Nyurbinsky and the entire Yakutia. The maximum accuracy was
demonstrated by the random forest method with 11 predictors (R = 0.98) for the entire territory of
Yakutia. The analysis showed that the random forest method gave more accurate results and a much
narrower area of the possibility of fires than the MaxENT method, which allows us to propose that
this model is preferable. A model created using the maximum entropy method has a small
differentiation into zones, which does not allow for its use in practice as uninformative. Parisien used
the MaxENT and random forest model to predict fire ignition across the USA [28] with satisfactory
results. The MaxENT model was used to assess fire risk in India’s Ghats Mountains [32]. In their
studies, the authors showed a good correlation between the risk models obtained when using machine
learning and forest fires. Due to their power, versatility, and ease of use, random forests are quickly
becoming one of the most popular machine learning methods [45]. The studies confirmed that the use
of GIS and remote sensing technologies can be used to assess the long-term risk and probability of fires
in Yakutia. The results showed that reducing the number of factors during modeling did not show a
significant impact on the results in both methods. In the few last years, an increase in the number and
severity of fires has been observed as has more years with extreme fire seasons [9]. This situation may
also be affected by climate change. On the other hand, a larger number of fires may have an impact on
the climate, permafrost ecosystems, and the functioning of indigenous people. In connection with this
situation, it is necessary to work on new fire risk assessment methods in the Arctic and subarctic zone
of Yakutia. Methods should use global databases of fire, climate, and human activities. For building
new models that include all these factors, it is necessary to use different types of datasets, like OSM
data, climatic datasets, and remote sensing data from different sensors (MODIS, Landsat, Sentinel).
According to Gigovi¢ et al., the random forest model could be used at the regional level for forest fire
susceptibility mapping [47]. Banerjee et al. claim that the MaxENT method can be used as a decision
support tool for stakeholders of forest resources [49]. Pham et al. claim that models that take into
account climate variables, vegetation, and human influences can explain fire risk better than those that
only account for some of these factors [51].

The objective of work on modeling long-term wildfire risk in the Nyurbinsky region of Yakutia
was accomplished. The accuracy of the results depends on the data used, and here available. The
results were valid within the limits caused by the data used, the approach was chosen as was the
research objective. Despite these limitations, it was possible to obtain interesting results that enabled
us to answer the main questions posed by the problem.

5. Conclusions

The problem of the forest fires in Yakutia is not as well studied as in other countries. The results
of the research have shown a strong human influence on the risk in this region despite the low
population density. Anthropogenic factors showed a high correlation with the occurrence of wildfires
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more than climatic or topographical factors. Other factors affect the risk of fires at the macroscale, and
others the microscale, which should be considered when modeling.

The random forest method showed better results in the macroscale, however, the maximum
entropy model was better in the microscale. The exclusion of variables that do not show high
correlation does not always improve the modeling results. The random forest presence prediction
model is a more accurate method and significantly reduces the risk territory. The reverse is the method
of maximum entropy, which is not as accurate and classifies very large areas as endangered.

Further study of this topic requires a clearer and conceptually developed approach to the
application of remote sensing data. Therefore, this work makes sense to lay the foundations for the
future of a completely automated fire risk assessment application in the Republic of Sakha. The results
can be used for fire prophylactics and planning fire prevention. In the future, to determine the risk
well, it is necessary to combine the obtained maps with the seasonal risk determined using indices (for
example, the Nesterov index 1949) and the periodic dynamics of forest fires, which Isaev and Utkin
studied in 1963. Such actions can help build an application with which it will be possible to determine
the risk of wildfire and the spreading of fire during extreme events.
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Annexe 2 : questionnaire en ligne

https://forms.gle/hfgaTcfFaamEWQT|8

Hosas popma

BJ'Ial"OI[apI/IM Bac 3a coriacue Y4acTBOBAaTh B HAYYHOM HCCICIOBAHNHU,

LEJIbI0 KOTOPOTO SIBJISIETCS UCCIIEZIOBAHUE OCOOCHHOCTEH penpe3eHTalluy Teorpagpuueckoro
IIPOCTPAHCTBA B paMKaX MEXKXAYHAPOJHOI'0O HAYYHO-UCCIIECA0BATCIbCKOT'O ITPOCKTA
RICOCHET (B nmouckax uHTerpanuy 3HaHUi py HAOIIOIEHUH 38 N3MEHECHUSAMU
OKpykaro1iei cpenbl) OpaHuus

Le nom et la photo associés a votre compte Google seront enregistrés lorsque vous
importerez des fichiers et que vous enverrez ce formulaire.

Vous n'étes pas le propriétaire de I'adresse e-mail sebastien.gadal@gmail.com ? Changer de
compte

1. Kak Ha3piBaeTcs Bai HaceneHHBIA TyHKT?

T

2. Urto o3HauaeT Ha3BaHue Bamiero HacejileHHOTO HYHKTa?

oo

3. ImeeTcst iu y HEero BTOpoe Ha3BaHUE?

et

4. Yrto o3HauaeT Ha3BaHue Bamero Haciera?

i
g uf

5. Kak Ha3pIBatoTCs OrpKaiiiiue peku, peuek, pyubeB, B 0acceiiHe KoTopbix Bbl xxuBete?
EcTb 511 y HuX npyrue Ha3BaHus? YKaxute 00a Ha3BaHUS.

R,

6. Ykaxure IMIPONUCXOKACHUC U 3HAYCHUC Ha3BaHUM BOJOEMOB:

i
i ur

7. Kakue cnoBa Bel HCIOJIB3YCTC IJIsA 0003HaYCHUS Pa3HbBIX BOJAHBIX 00BEKTOB?
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8. Kak HaspIBaroTcs Oimmkaimume oporpadudeckue o0beKThl? YKOKUTE MECTHBIC TEPMUHBI

utst onipeenenusi: I'opsl Bo3eimennoctu (conku u ap.)Huzmennoctu PaBuunbs OBparu
O6psiBbI bynrynnsax Amnaac Octposa [lonyoctpoBa [pyrue dhopmsr penbeda

g uf

9. Kak Ha3pIBaIOTCS YaCTH I'OPbI, BO3BBILIEHHOCTH? Y Ka)KUTE MECTHBIE TEPMUHBI JUIS
onpenenenust: [lognoxbe Cxnon Bepmmna Bynkan OtaenbHo cTosiiue octaHisl [lemeps
I'potel Iprxkumel Yiuenss byinrynusax [Ipyrue yactu

[~
[ | i

10. Kak Ha3bIBalOTCS YaCTU HU3MEHHOCTH, PAaBHUHBI? YKa)KUTE€ MECTHbIE TEPMUHBI JIJIsI
onpeaenenusi: Huamennocts Papunna Okpauna Cepenuna Bricokas yacte Huskas yacts
3artarumBaemas yactb Octposa [lomyocTpoBa

[~
< | i

11. Kak Ha3pIBatOTCS 4acTH ayaaca? YKaKUTE MECTHBIC TEPMUHBI JIJISl OTIPEIEICHUS:
Oxkpauna Cepenuna Bricokas yacte Huszkas yacte O3epo

i
iy uf

12. Kak Ha3bIBatoTCs Onmxkaiiime k Bamemy HaceleHHOMY IyHKTY JIECHBIE MACCHUBBI
(TonoHMMBI)? YKaKUTE MECTHbIE TEPMUHBI AJIs1 ONIpeieNieHus: X BOMHBIN Jiec
JIlucrBennnunslii Jec Cmemanusiii nec [Topocns (Monoaoit nec)l opensiii tec BeipyOku
Penxonecwe ['ycToii sec

i
i uf

13. Kak Bbl Ha3bIBaeTe yacTu ocTpoBa? YKaKUTE€ MECTHBIE TEPMUHBI JJIs1 OTIPECIICHHUS:
Hauano, Konen, Cepenuna, O3epo BHyTpU OCTPOBa, 3aTaruiiBaemasi 4acTb, HacTb OCTpoOBa,
MpeBpaIIaronascs B OTACIbHBIA OCTPOB BO BpEMs BBICOKOW BOJIbI
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14. Kak Bbl Ha3pIBaeTe pa3Hble BUBI MyTel coobmieHuss? OCHOBHasI 1opora
Bropocrenennsie foporu

E

[~
| i

15. C uem accomuupyrorcst y Bac yactu cera?

i uf

16. Mcrionb3yI0T 11 AJ1s1 3TOr0 Ha3BaHUS COCETHUX TEPPUTOPUIA?

17. Kako# 00beKT CIIYKUT IJIA Bac ectecTBeHHBIM U HCKYCCTBCHHBIM OPUCHTUPOM B

omnpezaeneHuu Hanpasienus? (Hanpasnenue opueHTUPOBKHU (OT PEKH, OT TOpPBI, OT Jeca,
J0pOra, BeyIasi B HACEJIEHHBINA IMYHKT U JIp., a TAK)KE YaCTH CBETA))

R,

18. OnuiuTe pacnoyioxkeHre Bamiero HaceneHHOro myHKTa No OTHOIIEHUIO K: CocelHeMy
HacelleHHOMY NyHKTY, LleHTpy Hacnera, LlenTpy paitona, ['opona

i uf

19. CnenaiiTe cxeMaTH4HbI PUCYHOK MECTHOCTU C HAHECEHUEM OCHOBHBIX OPHUEHTHPOB,
naHamadpTOB M YKa3aHHBIX BAMU TOTIOHMMOB, MOXKETE HAPUCOBATh HA JTUCTE OyMaru
cdortorpadupoBaTh U IPUIOKUTH K aHKETE

20. Kakue nanamadTer Bel ncronb3yeTe a1 X03sMCTBEHHOM JeaTenbHOCTH? JlaiiTe
XapaKkTEepPUCTUKY MECTHOCTH

i
R
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21. Kakue B 3TOI MECTHOCTHU €CTh MECTA CaKpajibHble MecTa? YKa)kKUTe Ha3BaHUE U
MIPUMEPHOE MECTOIOI0XKEHHE. DTO MOTYT ObITh: CTOSTHKH, 3axopoHeHus, Ha3zBanue u
MecTonojoxenue, [lountaemplie mpupogHble 00beKThl, HazBaHNe U MECTOMOI0KEHHE.

22. Ilouemy 3T MecTa ABIAOTCA ounTaeMbiMu? Kakue cyeBepus CBSI3aHbl C 3TUMU
MecTamu?

| o]

23. Ectb 11 B Bameii MectHOCTH 3anpeTHble MecTa? [loueMy oHM 3anpeTHble? Y KaKuTe
HAa3BaHUE U IPUMEPHOE MECTOIOI0KEHUE .

24. T'ne y Bac npoxonsat npa3aHoBanus u oopsasl? Ha3sanue meponpusitus [IpumepHas
nata, MeCcTHOCTh IPOBEACHUSI MEPOTIPUATHS, XapaKTEPUCTUKA MEPOTIPUATUS

VYkaxuTe JII00BIM JTOCTYITHBIM CITIOCOO0M Ha ()parMeHTe KOCMUYECKOTO CHIMKA, YKa3aHHbIE
BaMH Ha3BaHUsA reorpapuuecKux 00bEKTOB(TOMIOHUMOB) M YKaXKHUTE MECTa, IO JBEPraeMbIe

IIPUPOAHBIM 6@)1CTBI/I$[M HaBOAHCHMUA 1 JICCHBIC I10JKAPbL

N'envoyez jamais de mots de passe via Google Forms.
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Annexe 3

Sébastien Gadal, Moisei Zakharov, Jiraté Kamicaityté, Yuri Danilov. Alas Landscape Modeling by
Remote Sensing Image Analysis and Geographic Ontology. Study case of Central Yakutia (Russia).
6th International Conference on Geographic Information Sytems Theory, Applications and
Management, Polytechnic Institute of Setibal/IPS; Knowledge Systems Institute; ATHENA Research
& Innovation Information Technologies, May 2020, Online Streaming, Portugal. pp.112-118,
(10.5220/0009569101120118).

Alas Landscape Modeling by Remote Sensing Image Analysis and
Geographic Ontology. Study case of Central Yakutia (Russia)

Sébastien Gadal 22 Moisei Zakharov %&b, Jiraté Kamicaityté >@¢, and Yuri Danilov 2
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Abstract:

2 North-Eastern Federal University, 670000 Yakutsk, Republic of Sakha, Russian Federation.
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Geographic Ontology, Image Analysis, Knowledge Database, Image Processing, Alas Landscape, Remote
Sensing

Approaches of geographic ontologies can help to overcome the problems of ambiguity and uncertainty of
remote sensing data analysis for modeling the landscapes as a multidimensional geographic object of research.
Image analysis based on the geographic ontologies allows to recognize the elementary characteristics of the
alas landscapes and their complexity. The methodology developed includes three levels of geographic object
recognition: (1) the landscape land cover classification using Support Vector Machine (SVM) and Spectral
Angle Mapper (SAM) classifiers; (2) the object-based image analysis (OBIA) used for the identification of
alas landscape objects according to their morphologic structures using the Decision Tree Learning algorithm;
(3) alas landscape’s identification and categorisation integrating vegetation objects, territorial organisations,
and human cognitive knowledge reflected on the geo-linguistic object-oriented database made in Central
Yakutia. The result gives an ontology-based alas landscape model as a system of geographic objects (forests,
grasslands, arable lands, termokarst lakes, rural areas, farms, repartition of built-up areas, etc.) developed
under conditions of permafrost and with a high sensitivity to the climate change and its local variabilities. The
proposed approach provides a multidimensional reliable recognition of alas landscape objects by remote
sensing images analysis integrating human semantic knowledge model of Central Yakutia in the subarctic
Siberia. This model requires to conduct a multitemporal dynamic analysis for the sustainability assessment
and land management.
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1 INTRODUCTION

The problem of knowledge integration in remote
sensing for the studies of landscape caracteristics is
one of the key gaps; especially for the modeling of the
territorial sustainability assessment and for the
ongoing future landscape changes (Konys, 2018). The
expert geographic knowledge building based on
geographic ontologies is the most suitable approach. It
allows the integration of expert-human knowledge for
the remote sensing image analysis and modeling of the
complexity of the alas landscape system. The approach
based geographic ontology can be considered as a
specific domain of knowledge in the field of the
artificial intelligence. Geographical ontologies used
for the alas landscape modeling includes: (a)
biophysical geographic components of landscape (e.g.,
vegetation, moisture, landform (relief), climate
conditions, soil (Pashkevich, 2017)); (b) morphologic
forms and geometric objects characteristics (e.g.,
shape, size, textures, topology, geolocation,
depression, inclination, slope), and (c) anthropogenic
objects related to the land field reality measured
(captured) by remote sensing, the human geographic
object’s identification (semantic meaning) and
perceptions. The human geographic object’s
identification (semantic meaning) was formalized in
Russian and Yakutsk languages in a geolinguistic
database integrating toponyms, territorial knowledge
of local population, census, land uses, maps, etc.
(Zamorshikova et al, 2018). This geo-linguistic
database including the bunch of heterogeneous
knowledge poses the problem of standardization
(harmonization). The application in the alas landscape
combining the knowledge model, remote sensing and
geographic ontologies is based on the theoretical
model of ontology (Sinha and Mark, 2010) and on the
methodology developed in remote sensing applied to
the subarctic urban environment in Yakutsk (Gadal
and Ouerghemmi, 2019).

2 ISSUES OF CLIMATE
CHANGES OF THE ALAS
LANDSCAPE

The interest to study the alas landscape is related to the
impacts of climate change and modeling the landscape
processes. The alas landscapes are localized in Taiga
boreal forest and permafrost territories of the subarctic
region of Siberia, Alaska and Canada. They are
formed as a result of thawing of the permafrost layer
in the exposed parts of the taiga. It makes the alas one
of the key indicators of the permafrost degradation and
vulnerability of landscapes in the subarctic region
(Fedorov, 2019) and has a major contribution on
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carbon (CH4 and CO-) emission. They have impact on
the forms of steppe azonal soils which have a high bio-
productivity for the agriculture. Agriculture in the
subarctic regions is the main framework of the
traditional local lifestyles of Yakutsk and Ekenkii.
According to it, the cultural, social and territorial
significance of the alas is defined (Desyatkin et al,
2018).

Therefore, the modeling of the alas landscape
needs to integrate both the human semantic factors and
the geo-physical reality; associating quantitative and
semantic parameters defining ontologies of the alas
geographic space. The approach for recognizing the
geographic ontologies merges manually collected data
from the geographic landscape (field observations,
population knowledge formalized in geo-linguistic
database), maps and remote sensing data: Landsat

20 b}
—_—

IMAGE SCENE

0 0 ——  STUDY AREA
— —

series, 5 TM, 7 ETM+, 8 OLI and Sentinel 2.
Geographic object ontologies are extracted from the
satellite images by semi-automatic or automatic
approach of image analysis (Clouard et al, 2013) using
machine learning algorithms Spectral Angle Mapper
(SAM) on the Landsat series images according to the
better performance (overall accuracy). Two
approaches were applied for the Sentinel 2 images: (a)
the Support Vector Machine (SVM) for the recognition
of the geographic objects by pixel-based classification
(Li et al 2009, Ouerghemmi et al, 2017) showing the
land cover landscape of the alas and the environment
around, and (b) the OBIA based on the Decision Tree
algorithm (DT) (Vopham et al, 2018) that identified
automatically the current different geographic objects
defining the actual alas. Results are integrated and
merged in GIS. It must be noted that the application of
the DT algorithm on the Landsat TM, ETM+, OLI is
not relevant because of the too low GSD of 30m.

2.1 Study area

The Central Yakutia lowland is characterized by the
widespread distribution of Alas. Throughout the
territory there are about 16000 Alases between Vilyuy,
Lena and Aldan Rivers. The study area is located at 40



P

km distance to the North from the city of Yakutsk
covering the surface of 30000 hectares (Fig. 1). The
study area is a boreal forest represented by pine and
larch. The soil basis is permafrost with a layered and
lenticular texture, where thermokarst cryogenic
processes are developed, which cause the formation of
numerous alas.

Figure 1. The study area [© Open Street Map]; the extent of
the Sentinel 2A RGB scene at 26th of July 2019.

3 IMAGE ANALYSIS OF ALAS
LANDSCAPE STRUCTURE

3.1 Methodology

The geographic objects as ontological elements are the
basis of the structure and organization of a landscape
(Gadal, 2012). In remote sensing they are identified by
image processing and image analysis (here by machine
learning, landscape object classifications, and OBIA
image segmentation) with the knowledge GIS database
and the implementation of ontological rules (Fig. 2).

Figure 2.  Implementation of image analysis with

Image processing and Image analysis Biephysieal antolegy
with ontology
or compozin Tand caver
Muitisper
o

Geographic

T
Pregrocessh i slassification

Worahological
antalogy

GIS database
(field data,
toponyms,
land use,

maps,

demain and
expert

knowledge

geographic ontologies for alas landscape recognition.

The typical alas landscapes consist of the following
elementary geographic objects: lake, grassland,
woodland, built-up and arable lands for agriculture.
First, they are identified and analysed according to
land cover classes produced from the biophysical
parameters measured spectrally by Landsat series and
Sentinel 2 data.

The second level of the geographical objects
recognition by  object-oriented  classification
algorithms of DT is resulted from knowledge
acquisition (Clouard et al, 2010) structured in the geo-
linguistic database and integrated in GIS, and the
OBIA to extract the morphology structures of the alas
landscape. The categorization of the alas landscapes
objects generated is followed-on by the fusion of land
cover maps and alas landscape object classification.

The data analysed include the expert and the
domain knowledge (landscape theories, concepts,
indicative and cognitive analysis products) (Gadal and
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enables us to obtain numerous representations of all
aspects of the alas landscape spatial organization
through the accurate acquired knowledge structured in
the GIS database. It is used both for training, learning
and the validation of results, the spatial analysis and
modeling in GIS.

The integrity and the logic coherence of all
processes taking place in geographic space is ensured
by the integration of semantic geographic object
ontologies modelled by the geostatistical analysis of
geo-linguistics  database  (toponyms, territorial
knowledge of local population, census, land uses,
maps, etc.) with the categoritation of alas landscape
based on GIS knowledge database.

The alas landscape model obtained (Fig. 3) is a
multidimensional model including knowledge and
geo-linguistic GIS database adapted for machine
learning training and simulation of geospatial
processes: rural exodus, permafrost degradation, etc.
having impact on the landscape’s changes and their
consequences (sustainability, re-greening).

alas in Wikimapia
[ building-polygon
BX] alas by OBIA
@ toponyms
road

Figure 3. Alas landscape model map with knowledge and
geo-linguistic GIS database. Terra-Metrics, DigitalGlobe
2012.

3.2 Image processing
3.2.1 Recognition of objects of landscape land
cover change

The recognition of the landscape objects and the
change dynamics modeling between 2007 and 2019 is
based on the use of the Landsat 5 TM (date:
15.07.2007), Landsat 8 OLI (bands 2 to 7 : VIR-NIR-
SWIR) pansharpened at 15m (date: 26.07.2013) and
Sentinel 2A (bands 2 to 5 : VIR- NIR at 10m) (date:
24.07.2019) acquired in July.

Landscape land covers produced and mapped by
supervised classification are used as training data of
the GIS database. Landscape objects are recognized by
the spectral signatures related to the geographic objects
of the GIS database. Several classifier algorithms were
tested:  Minimum  Distance(MD),  Maximum
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Likehood(ML), the K-Nearest Neighbors (K-NN),
Spectral Angle Mapper (SAM) and Support Vector

‘.

el S Ay

Bl dense forest
Wl forest
arable land
Machine (SVM).

The results show that the optimal machine learning
classifiers are obtained with SAM for the Landsat 5
TM and the Landsat 8 OLI data confirming the results
presented by Pertopoulos et al. (2010) (Tab. 1). The
most reliable results for the landscape land cover were
proceed with the SVM based on Kernel method for the
Sentinel 2 images (Pal and Mather, 2005) (Fig X).

Table 1. Results obtained from applied classifiers.

grassland

1 built -up

sands

4 bare soil

water

Classification 0.A./ Kappa
algorithm

2007 2013 2019
MD 72%/0,45 | 67%/0,44 | 45%/0.37
ML 43%/0,31 | 56%/0.39 | 54/0.36
K-NN non non 34%/0.21
SAM 77%l/ 81%/ 67%/0,59

0.57 0.64
SVM non non 83%/0,65
The accuracy of landscape land cover

classifications is provided with 50 randomly generated
polygons (3x3 pixels size). The random set of vector
data (by 3x3 pixels) constitutes the validation data set.
They are used for the accuracy assessment of the
classification by confusion matrix and Kappa
coefficient.
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grassland

built-up

sands

Il dense forest
El forest

arable land

W Dbare soil

L
B water

Figure 4. Land cover classification by SAM for Landsat 5
TM in 2007 (a) and Landsat 8 OLI in 2013 (b).

Figure 5. Land cover classification result for Sentinel 2A
with SVM classifier.

3.2.2 Alas recognition by object-based image
analysis

The recognition of alas is based on two criteria that
ontologically characterize geographical objects:
morphology and their own geometries. They lend
themselves to OBIA procedures. The satellite images
used are from the VIR and NIR bands of Sentinel 2A,
in particular because of their spatial resolution of 10m
that enables to recognize the geometric shapes and the
structures of the alas. The alas as a unique geographic
object is characterized ontologically by its geometry
and by the geographic objects that compose it such as
lakes, meadows, swamps, the presence of farms and
forests surrounding it. These geographic objects are
identified by classification (part 3.2.1.) with the
landscape cover maps (fig. x, fig. z).

The detection, identification and extraction of alas
from their morphological characteristics lends itself
well to the OBIA object-oriented machine learning
classification algorithms. The OBIA alas recognition
consists of four phases: (a) The dimensionality
reduction by the Principal Component Analysis (PCA)
algorithm, and linear combination of original bands
that contains 91-95% of spectral information in first
three components (Fig 5a). (b) Smoothing filtering that
is applied for the suppression of noise and homogenize
statistically the alas regions. This filtering method
associates with each pixel of the image the closest local
mode in the density distribution of the combined
region (Comaniciu and Meer, 1999, 2002). (c) The
image segmentation by Large Scale MeanShift non-
parametric and iterative clustering method (Michel et
al, 2015). The segmentation produces a labeled image
with tile-wise processing where neighbor pixels whose
range distance is below range radius and optionally
spatial distance below spatial radius are merged into
the same raster value (Fig.5 c). The average spatial
neighborhood radius is 25 meters.
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Figure 5. Object recognition from Sentinel 2A (a) RGB of
PCA components; (b) MeanShiftSmoophing filtering; (3)
Image segmentation of alas.

The most complete extraction of alas is obtained with
the following parameters: the spatial radius — 50; the
range radius — 25; the Minimum segment size — 10.
The main geometrical parameters distinguishing alas
and thermokarstic basins concern their shapes: alas has
a shape close to the circle, does not have distinct
angles, and is not characterized by elongation contrary
to thermokarstic shapes. (d) The fourth phase consists
in separating the alas from another anthropogenic
objects: agricultural parcels. The identification
methodology uses a decision tree algorithm. This
machine learning algorithm required a dataset that
selected 30 polygons generated using the GIS
database, more specifically the alas toponyms,
topographic maps and Open Street Map data. The
classification structure defined by the decision tree is
estimated from the training data using a statistical
procedure of overall mean and standard deviation for
3 PCA components The decision rules developed are
used to associate each segment of the image with one
of the geographic object classes. The O.A. with
Sentinel 2A data is =88.4%); a Kappa coefficient is 0,83
for the Decision Tree classifier.

The result is two broad types of geographic objects
in which elementary ontological and geographic
structures are reflected: alases and arable lands of
agriculture. The information was obtained through the
interpretation of remote sensing data by artificial
intelligence with the integration of expert knowledge
for learning and validation of the results obtained. This
GIS-structured information set provides the basis for a
comprehensive spatial analysis using semantic
ontology to model the landscape dynamics of the
boreal forests of alas and permafrost.

B  alases
Figure 6. Alas identification by OBIA with Sentinel 2A
image.

arable land
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4 ALAS LANDSCAPE MODELING

In this part, some applications of the image analysis
data obtained in the modeling of the alas landscapes
are presented. The ecological status of the alas
landscapes plays an important socio-economic role, as
well as in the dynamic processes of the permafrost.
The results of spatial remote sensing image analysis
using GIS-integrated geographic ontologies are
designed to serve as a basis and environment for this
research. Thus, the modeling of geo-linguistic
landscape features has been developed in GIS with the
creation of an extensive geographically referenced
database. It aims to understand better the land use and
to measure the complexity of landscape structure.

The first method consists of performing modeling
analysis land covering changes within alases. The 4
categories were identified according to the structure of
alas vegetation: (a) Termokarst lake, when the alas
basin is completely filled with water; (b) Complex
alas, when vegetation changes from steppe to coastal-
aquatic; (c) herbaceous alas, when vegetation is
relatively uniform throughout all alas territories; (d)
pasture alas, with active arable or hay areas. The
application of knowledge about the vegetation species
of alas allows interpreting land cover classes and to
assess the stability and transformation of the alas
landscape. In total, the alas include 5 typical land cover
classes. A highly moistened alas section belongs to the
grass, less often to the forest due to close vegetative
indicators (chlorophyll intensity). In some cases, the
presence of forests inside the alas indicates the
presence of a hill, that are indicators of the presence of
permafrost heaving tubercles — pingo. The arable land
is the middle alas section, the most bio-productive
section often used as a forage base for cattle-breeding
and horse-breeding. The peripheral portion of alas with
a lack of moisture forms the azonal steppe vegetation
and stands out as a class of bare soils. Table 2 shows
examples of alas with the percentage structure of the
land cover and the corresponding category.

This categorization allows us to consider the stage
of spatio-temporal development of alas, water content,
and to obtain data on anthropization and economic
activity. This model also has a perspective for the
development of simulation strategies for the
transformation of plains landscapes of permafrost.

Table 1. Examples of alas landscape categorization by
land cover structure.



|
1

ESPACE

The second method is based on landscape semantic
analysis using the geo-linguistic database. The alas
landscapes are the main source of livelihood for the

Na Year Land cover classes (%) Alas
me for | Ara |gra |bar |wat | category
est [ble [ss |e er
lan soil
d

Ton | o007 |17 | 2 | 34| o | ag | termoka

-Bas rst lake

(To | o013 |18 | 6 | 23 | 17 | 35 | COmPlex

H- alas

b

% | 2019 | 5 | 10|63 |20 | 2 | ComPplex

alas

Mok termoka

hsog 2007 | 53| 0 9 0 | 37 st lake

olok 2013 1 0199l o 0 herbace

h ous alas

Mo pasture

Xeor | o019 | 5 |38 | 57| 0 | o |88

0JII1

0X)

Sier | 5007 | 1 | 0 | 81| o | 1g | herbace

-Bie ous alas

©n o013 | 1 |45 |53 | 0 | 1 | Posture

ap- alas

Bue) | o019 | 1 |47 |42 | o | 11 | Pesture
alas

local population, which implies the presence of a
cultural layer of information of the geographical
ontology, within the framework of local knowledge
about the geographical space. Semantics provides a
transition from the object level of the geographical
ontology, where the main concept is geographical
objects represented in our case as land-use classes - the
alases - and the results of their modeling according to
the expert knowledge (alas categories, vegetation
species), to the spatial level of the geographical
ontology. This territorial knowledge generates
geographic  models whose  recognition  and
identification constitute a new challenge for artificial
intelligence in space and airborne remote sensing.
The spatial organization of the local economy
involves the location of villages and farms in the alas.
Due to their rarity, they cannot be recognized by image
processing from medium spatial resolution images
such as Sentinel 2A/B, Landsat 5/6/7/8, and are
included in the class of arable (agricultural) land.
When their presence was known, we reclassified the
pixel sets of the arable (agricultural) land value into the
buildings class by comparing them with the semantic
layer of settlements and sayylyks (summer houses).
An initial geo-linguistic analysis also allows us to
identify the alases used in agriculture, which may have
been abandoned recently. Compared to satellite
images analysis, the absence of a semantic layer can
indicate the age and time of alas formation. The GIS
semantic database also allows the dissemination of
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remote sensing knowledge and facilitates the
interpretation of landscape ontology. It provides a
semantic description of the results of analysis and
processing of remote sensing images.

5 CONCLUSIONS

Geographic ontologies image analysis in artificial
intelligence is a necessary part of knowledge that
combines multi-level and heterogeneous concepts of
an object and a geographic space, and as well geo-
linguistics in order to implement a systematic approach
to the modeling of alas landscapes. Although, the
developed model confronts the technical issues, such
as the standardization and harmonization of
heterogeneous information flows, it also establishes
the rules for solving decision-making problems, for
environmental and agricultural monitoring under the
conditions of continuously expanding permafrost in
subarctic climate.

his research significantly contributes to the
development of application of knowledge model to
improve remote sensing image processing analysis and
landscape modeling for the territorial and geographic
studies. One of the main challenges is to hybridize
geographical knowledge with artificial intelligence
used to analyze the landscapes and the cross processes
of anthropization and geophysical evolution of
permafrost by spatial and airborne remote sensing.
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Environmental Vulnerability Modeling in the Extensively Urbanized
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Arctic extensively urbanized centers are subject to the impact of many negative environmental
phenomena progressing in terms of global climate change and regional development in Yakutiain
the context of poor and missing databases. For this reason, the modeling of the risk exposures is
based on combining the remote sensing, and local knowledge of inhabitants. According to the
occurrences of the natural hazards, the territorial management and the decision-making system
require the identification and assessment of natural risks to which the rural populations localized
in the towns and villages are exposed, for example, in the urban center of Khamagatta located at
70km to the North from Yakutsk near the Lena River. The main environmental vulnerability
exposures are seasonal: springtime floods between May and June, the forest fires from June to
August, the cyclic permafrost degradation, and river erosion impacts.

The current vulnerability impacts, damages to the lands and the settlements, and the populations
risk exposures are analyzed from the maps of vulnerabilities created from remote sensing satellite
Sentinel 2A/B series, with the local knowledge of the inhabitants of Khamagatta who lived and
perceived all events. All the data generated, maps, models of vulnerability exposures, and local
knowledge are integrated, combined, and merged into the geographic information system (GIS).
The GIS modeling combines the risk of natural hazards and the damages, and the risk knowledge
and perceptions of the inhabitants. Land uses, Landscape classification, and the land cover is
made by Object-Based Image Analysis (OBIA) using an optical time series of Sentinel 2 images
(2015-2020) including the population knowledge for the recognition of the environmental
vulnerabilities. The methodological approach included the participation of local people in
workshops through discussion and participatory mapping, questionnaires, and interviews in two
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stages. The first stage included the development of the knowledge database for a comprehensive
understanding of the life of the local population, including the forms of adaptation to the negative
natural phenomena. The collected information is delocalized and integrated into the GIS. The
second stage consisted of validation and discussion, including stakeholders (municipality and
rescue services) to increase the reliability and legitimacy of the research results.

Perceptions of the inhabitants of Khamagatta are correlated with the maps of risk exposures
generated by remote sensing to increase the accuracy of the environmental process modeling and
landscape classification. The combination of the environmental change dynamics, the impacts on the
towns and villages with the human perception and experience constitutes the main base
supporting the prevention mapping of the natural hazards. This data could be very useful in
planning the development of Arctic towns and villages and proposing evolution scenarios and
urban planning models and strategies for increasing their resilience and adaptation to climate
change consequences.
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Annexe 5 :

Sébastien Gadal, Moisei Zakharov, Jurate Kamicaityte. Human Perception and Environmental Risk Index
Modelling with GIS in Yakutsk Urban Region (North-Eastern Siberia), EUGEO 2021, 26 June-1 July 2021,
Prague.

One of the challenges of human security in the Arctic regions, and more specifically in the Eastern Siberian Arctic
regions, concerns the assessment of inhabitants’ exposure to recurrent environmental risks for the urban
population in a geophysical environment characterized by notable change dynamics. The latter is known as
permafrost degradation, water flooding (river, geomorphologic canals, and plateau’s erosion flooding) and ice
breakup, erosion, and forest fires. Urban centers and villages are confronted with a multiplicity of natural
hazards. However, the evaluation of their exposure is partial or non-existent; hence there is the need to create
indices of potential exposure to environmental risks. They are built by spatial analysis of survey data on the
perception and knowledge of the local population and remote sensing that are integrated into Geographic
Information Systems. Knowledge and understanding of how local people perceive the natural and
anthropogenic environment in the context of climate change and its consequences are some of the key factors
in creating effective urban planning strategies for the cities in the high-risk zones of environmental hazards.
The urban region of Yakutsk is the test study area for the construction of these indicators of human security in
the Siberian Russian Arctic. The large urban area with more than 350,000 people in one of the coldest regions
in the world is confronted by the acceleration of global warming and urbanization on a recurrent and seasonal
basis. This hazardous occurrence is combined with the risks of forest fires, erosion, floods, and permafrost
degradation affecting infrastructures, settlements, industrial and agricultural areas.

Keywords: Human security environmental risk index, Arctic urban centers, Perceptive knowledge, GIS, Spatial
Analysis.
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ANNEXE 6 :
Extractions du Khamagatta GIS
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Superposntlon entre la cartographie d’usage des sols (issue de cartographies participatives), et
la spatio-cartographie de I'occupation des sols produites a partie d’images Sentinel 2.
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