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Titre : Nouvelle lecture des structures funéraires de l'âge du Bronze en Mongolie via une analyse des 

éléments architecturaux, de leur agencement et de leur forme 

Mots clés : Archéologie, Analyse spatiale, Age du Bronze, Intelligence artificielle, Imagerie 

aérienne, Modélisation 3D 

Résumé : Le paysage archéologique de Mongolie est marqué par la présence de nombreux 

monuments funéraires (les khirigsuurs) et de stèles gravées (les pierres à cerfs) érigés par les 

populations nomades de la fin de l’âge du Bronze. Les premières observations montrent une grande 

régularité dans le choix et l’agencement des éléments architecturaux et iconographiques utilisés lors 

de la construction de ces structures. Ceci semble indiquer l’existence de traditions partagées et d’une 

cohérence sociale entre les communautés nomades sur un territoire couvrant près de deux fois celui 

de la France. Les données aujourd’hui disponibles ne permettent pas de prendre assez de recul pour 

établir des modèles sociaux à l’échelle d’une province, et bien entendu encore moins à celle du pays. 

Une telle étude, encore jamais réalisée sur l’ensemble du territoire mongol, nécessiterait la mise en 

place de méthodes d’acquisition, d’analyse et de traitement de la donnée, adaptées à l’établissement 

de larges corpus fournis par la prospection. Ceci impliquerait nécessairement une réduction de la 

précision des informations recueillies, mais aussi un gain notable en termes d’exhaustivité et donc de 

représentativité statistique.  

Les solutions proposées ici s’inspirent de nombreux domaines scientifiques. Elles sont appliquées à 

un échantillon de monuments appartenant à deux vallées du centre de la Mongolie. L’acquisition de 

ces structures est facilitée par la production massive de modèles 3D et d’orthomosaïques des sites, 

tous deux obtenus par photogrammétrie. Une méthode de mise en valeur du relief des modèles 3D a 

été développée afin de fournir une lecture tridimensionnelle des symboles gravés sur les stèles. À 

partir des orthomosaïques, les pierres composant les khirigsuurs ont été délimitées avec grande 

précision grâce à un apprentissage automatique supervisé ; le plan du monument devient alors facile à 

appréhender. De nouveaux systèmes de description des pierres à cerfs et des khirigsuurs ont été 

établis, puis appliqués pour produire des classifications non supervisées de ces structures.  

Au final, de nouveaux concepts et outils ont été développés. Ils offrent de belles perspectives pour 

l’étude des pierres à cerfs et des khirigsuurs à très large échelle, tout en restant aisément transposables 

à d’autres problématiques archéologiques. 
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Title : A new reading of Bronze Age funerary structures in Mongolia by analysing of their 

architectural elements, arrangement and form. 

Keywords : Archaeology, Spatial analysis, Bronze Age, Machine learning, Remote sensing, 3D 

model 

Abstract : The archaeological landscape of Mongolia is marked by the presence of numerous 

funerary monuments (khirigsuurs) and engraved stelae (deer stones), erected by nomadic populations 

at the end of the Bronze Age. The first observations indicate great regularity in the choice and 

arrangement of the architectural and iconographic elements at the time when these structures were 

built. This regularity suggests the existence of shared traditions and social coherence between 

nomadic communities in a territory covering almost twice that of France. The data available today do 

not provide sufficient perspective to establish social models at the level of a province, and even less 

so at the scale of the country. Such a study, never before carried out over the entire Mongolian 

territory, would require the implementation of data acquisition, analysis, and processing methods 

adapted to the establishment of a large corpus obtained by archaeological prospection. This would 

necessarily imply some reduction in terms of precision with regard to the information collected, but 

would also offer significant gains in terms of exhaustiveness, and therefore in statistical 

representativity. 

The solutions proposed here are inspired by many other scientific fields. They are applied to a series 

of monuments in two valleys in central Mongolia. The acquisition of these structures was facilitated 

by the production of hundreds of 3D models and orthomosaics of the sites, obtained by 

photogrammetry. A method for highlighting the relief of 3D models was developed in order to 

provide a three-dimensional reading of the symbols engraved on the stelae. From the orthomosaics, 

the stones composing the khirigsuurs were delineated with great precision through supervised 

machine learning approaches; understanding the layout of the monument was thus greatly facilitated. 

New systems for describing deer stones and khirigsuurs were established, and then applied in order to 

produce unsupervised classifications of these structures. 

As a result, new concepts and tools were developed. They offer great prospects for the study of deer 

stones and khirigsuurs on a very large scale, while remaining easily transposable to other 

archaeological sites and issues. 
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Introduction 
 

 

L’âge du Bronze en Mongolie est considéré comme une période de 

grands changements sociaux. Les populations qui étaient sédentaires vont peu à 

peu adopter le pastoralisme monté et un mode de vie nomade. Les familles vivent 

désormais principalement de l’élevage de chevaux, de bovins et de moutons avec 

un cycle saisonnier de migrations entre plusieurs sites d’occupations. Ce 

changement de mode de vie s’accompagne d’une augmentation démographique, 

ainsi que d’une multiplication des interactions sociales. Tous ces facteurs ont 

fortement impacté le paysage monumental de l’époque avec l’apparition de deux 

types de constructions : les stèles gravées anthropomorphes nommées pierres à 

cerfs, et les complexes funéraires et rituels, connus sous le nom de khirigsuurs. 

Tous deux font l’objet de dépôts rituels de restes de chevaux qui montrent la 

place prédominante du cheval dans ces sociétés. On les retrouve répartis sur 

l’ensemble du territoire mongol et par-delà ses frontières (Fig. 1), présentant les 

mêmes éléments architecturaux, les mêmes organisations et les mêmes styles 

iconographiques. Malgré l’incertitude qui subsiste au sujet du rôle de ces 

monuments, une chose est sûre : ils sont le signe évident d’une pratique 

commune à l’ensemble des groupes de l’âge du Bronze en Mongolie. Ces 

monuments comptent parmi les rares traces associées à cette culture ; les sites 

d’habitats laissant peu de traces, ils sont très difficiles à identifier. Leur étude est 

d’autant plus intéressante qu’elle montre une évolution religieuse et hiérarchique 

dans les sociétés de l’époque qui formeront, au début de l’âge du Fer, la culture 

Xiongnu, c’est-à-dire le premier empire des steppes. La culture présente en 

Mongolie à l’âge du Bronze reste assez mal définie. Elle est le plus souvent 

caractérisée en mettant en parallèle les objets gravés sur les pierres à cerfs et 

ceux trouvés dans les fouilles des cultures voisines, tant spatialement que 

chronologiquement (e.g. Pazyryk, Tagar, Karasuk, Scythe). 
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Fig. 1 Carte de répartition des pierres à cerfs et des khirigsuurs sur le territoire m
ongol (d’après Turbat et al.,2021) 
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Les pierres à cerfs sont des stèles gravées de l’âge du Bronze réparties 

sur une large zone géographique recouvrant le centre et le nord de la Mongolie, 

jusque dans les régions du sud de la Sibérie, et s’étendant à l’ouest jusqu’au 

Kazakhstan, et même l’Europe de l’Est pour certaines stèles (Fig. 2). Le dernier 

recensement réalisé par les chercheurs mongols dénombre 1318 stèles reparties 

sur l’ensemble de ce territoire (Turbat et al, 2021). Les pierres à cerfs se 

présentent souvent sous la forme de monolithes granitiques ou quartzitiques, 

avec une section horizontale carrée ou rectangulaire d’environ 30 cm à 60 cm de 

côté, et pouvant atteindre jusqu’à 4 m de hauteur (Fig. 3). Les gravures dont elles 

sont couvertes se divisent en trois thèmes (Magail, 2015): (i) le thème animalier, 

(ii) le thème des armes ou équipements du guerrier, et (iii) les figures 

géométriques.  

 

 

 

 

 

Fig. 2 Exemples de pierres à cerfs (Photos A. C. Allard) 
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Fig. 3 Carte de répartition des pierres à cerfs sur le territoire m
ongol (d’après G

antulga et al., 2018) 
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Le thème animalier est largement dominé par la présence du cerf, ce qui 

leur a valu l’appellation de « pierres à cerfs ». D’autres animaux sont également 

représentés : e.g. cheval, sanglier, bouquetin, ou félin, pour ne citer que les plus 

communs. Deux styles iconographiques s’opposent pour la représentation des 

cerfs. Le premier style affiche des cerfs allongés, étirés sur la longueur, dont 

l’effet est accentué par un long et fin museau, parfois comparé à un bec (Fig. 4). 

Les animaux arborent de grands bois suggérant des représentations de mâles 

adultes. Le garrot est marqué par une saillie angulaire, parfois accentuée par la 

présence d’un trait barrant l’épaule de l’animal, de la saillie à la patte. Les pattes 

sont quant à elles repliées sous le ventre de la bête. L’image globale est celle 

d’un cerf bondissant, un peu fantastique, conjuguant son allure au mouvement. 

Ce style a très vite été rapproché du style animalier scytho-sibérien grâce à de 

multiples comparaisons avec le mobilier découvert, et notamment certaines 

 

Fig. 4 Représentation du cerfs scytho-sibérien sur tois supports différents. A) Photographie d’une des faces de la pierre à cerfs n°6 de Tsatsyn Ereg. B) 
Appliques en bronze en forme de cerfs (Musée de Minusinsk). C) Rocher gravé de la vallée de la Khoid Tamir (Photo. A. C. Allard) 
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appliques en bronze (culture de Tagar) (Magail, 2008) (Fig. 4B). Ce style se 

retrouve également sur des sites d’art rupestre proche des pierres à cerfs (Fig. 

4C). Le second style rattaché aux cerfs est jugé plus naturaliste dans la 

représentation de l’animal. Les proportions des différentes parties anatomiques 

sont respectées. La saillie au niveau du garrot est moins marquée, voire absente 

et les pattes sont dressées, comme si l’animal se tenait debout. La majorité les 

animaux est représentée de profil, avec un seul œil, une seule oreille, une seule 

patte à l’avant et à l’arrière. Il existe cependant des cas où l’artiste a surement 

voulu donner un sentiment de profondeur en représentant, par exemple, les 

quatre pattes de l’animal ou la paire de bois complète d’un cerf.  

Le thème des armes et des équipements rassemble la représentation de 

diverses armes et outils associés à la panoplie des guerriers de l’époque. On y 

retrouve le couteau, le poignard, la hache, le bouclier, l’arc courbe asymétrique, 

le carquois, la pierre à aiguiser, des crochets de ceinture et d’équitation qui 

servaient à accrocher les rennes durant la chevauchée. Il est rare de voir 

l’ensemble de ces objets réunis sur une même stèle, et quand un objet est 

représenté il l’est rarement en double. 

Le thème des figures géométriques renvoie à un ensemble de formes et 

de motifs comme des lignes, des cercles, des disques, des spirales, … Ces motifs 

sont parfois plutôt vus comme des objets (le disque assimilé à un miroir ou des 

boucles d’oreilles, par exemple), mais aussi comme la représentation symbolique 

d’astres ou de trajectoires. 

L’utilisation de ces thèmes et le placement des motifs sur les stèles ne 

répondent pas à une logique narrative, mais plutôt à un code très strict. Malgré 

quelques différences dans la composition iconographique des pierres à cerfs, 

elles possèdent toute la même organisation. L’agencement des motifs sur la stèle 

délimite trois zones distinctes : la partie au sommet, la partie centrale, et le pied 

de la stèle assimilé aux domaines céleste, terrestre et souterrain (Fig. 5). La partie 

au sommet se compose de cercles, qui vont par paire, placés sur des faces 

opposées avec un semblant de symétrie. Parfois un visage peut être gravé sur 

l’une des faces. Cette zone est séparée de la partie centrale par une ligne ou un 

alignement de cupules encerclant la totalité de la stèle. La partie centrale, qui est 

généralement la zone la plus grande, accueille l’ensemble des représentations 
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animales, notamment celles du cerf que l’on va retrouver par dizaines, organisées 

de telle sorte que les cervidés semblent se déplacer le long de la stèle dans un 

mouvement vertical ou hélicoïdal. Quelques motifs, tels qu’un disque ou un arc 

peuvent également être présents dans cette zone. Le pied de la stèle est souvent 

délimité par une bande large, assimilée à une ceinture qui enserre la stèle 

horizontalement. Aux abords de cette ceinture vont être placés tous les motifs 

relatifs à la panoplie guerrière.  

Les premières estimations de l’âge de ces stèles sont réalisées par 

comparaison entre motifs gravés et mobilier connu (e.g. objets, iconographie du 

 

Fig. 5 Relevés de deux pierres à cerfs avec indication des trois différents domaines : céleste, terrestre et souterrain, et des motifs associés. Ces deux 
stèles sont distantes de 240 km. A) pierre à cerfs n° 38 de Tsatsyn Ereg. B) pierre à cerfs n° 14 de Ulaan Uushig. (d’après Magail et al., 2015 ; DAO F. 
Burle et J. Magail). 
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cerf). Les cerfs ont très tôt été assimilés au style scytho-sibérien (Borovka, 

1927). Okladnicov (1954) reprend cette idée sur le style des cerfs et va en outre 

rapprocher les armes et le cercle en sommet de stèle à des objets retrouvés dans 

le kourgane de Pazyryk. Il propose alors un âge aux alentours du VIIe – VIIIe 

siècle av. J.-C. N.L. Chlenova (1956) rattache les cerfs des stèles à ceux qui 

figurent sur certains objets de la culture Tagar, datés par ailleurs autour du VIIe 

siècle av. J.-C. également. Ce sont E. A. Novgorodova et V. V. Volkov qui 

offriront la plus grande étude comparative entre le mobilier et les éléments 

gravés sur les stèles (Novgorodova, 1989 ; Volkov et Novgorodova, 1975). Ils 

confirmeront et étofferont le lien qui existe entre les pierres à cerfs et les objets 

de la culture Karrasuk. Les récentes missions archéologiques apportent de 

nouvelles datations radiocarbone qui permettent de mieux estimer la période des 

pierres à cerfs, que l’on situe aujourd’hui entre 1300 ans et 700 ans av. J.-C. 

(Zazzo et al., 2019 ; Fitzhugh, 2010 ; Takahama et al., 2006). 

N.N. Dikov(1958) est l’un des premiers à proposer une classification des 

pierres à cerfs. Les variations de forme et de style sans liens apparent l’orientent 

vers une classification purement stylistique composée de deux groupes : (i) 

représentation réaliste des animaux, (ii) représentation stylisée. Plus tard N.L. 

Chlenova (1962) présentera une classification basée sur deux types de stèles : 

avec et sans caractère anthropomorphe. C’est en 1981 que V.V. Volkov va 

proposer la classification qui restera celle que l’on connait aujourd’hui. Cette 

typologie reprend l’idée de N.N. Dikov en différenciant les stèles sur des critères 

principalement stylistiques. On y retrouve le groupe aux représentations 

stylisées, celui plus naturaliste, auxquels vient s’ajouter un groupe défini par 

l’absence de gravures zoomorphes. Les groupes sont nommés en fonction de leur 

répartition géographique : le type Eurasien, le type Sayan-Altaï et le type 

Mongol-Transbaïkal (Fig. 6). Plus tard, S. G. Savinov (1994) présente une 

classification basée sur l’évolution stylistique des pierres à cerfs dans le temps. 

Il détermine plusieurs phases dans cette évolution, depuis des stèles 

grossièrement taillées, tendant vers une norme avec des motifs stylisés, jusqu’à 

l’éclatement de cette norme. Même si cette classification n’est aujourd’hui pas 

appliquée, elle a le mérite d’avoir proposé une approche prenant en compte 
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l’organisation des motifs sur les stèles, ainsi que l’évolution d’un style qui 

semble prédominant et figé dans la classification actuelle.  

Dans la classification actuellement utilisée, les stèles Eurasiennes (Fig. 

6A) correspondent au groupe sans représentation zoomorphe. Seuls les armes et 

les motifs géométriques y sont présents. On y observe des cercles, des ceintures, 

des bandes obliques, des bandeaux et toute une panoplie d’armes. La 

composition iconographique est parfois assez complexe pour reconnaitre les 

trois espaces définis précédemment, avec la même distribution des types de 

motifs. Néanmoins, certaines stèles de ce type contiennent très peu de motifs, 

parfois un seul. Un total de 448 stèles a été répertorié sur l’ensemble du territoire 

mongol, soit 36,1% de l’ensemble des stèles (Turbat et al., 2021). Le groupe 

« Eurasien » représente le type majoritaire à l’ouest de la Mongolie près de 

l’Altaï, et il a la particularité de s’étendre loin à l’ouest des frontières mongoles, 

jusque dans le nord du Caucase et en Europe de l’Est. 

 

Fig. 6 Exemples des trois différents types de pierre à cerfs. A) Type Eurasien. B) Type Sayan-Altaï. C) Type Mongol-Transbaïkal. (Photos A. C. Allard) 
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Les stèles Sayan-Altaï (Fig. 6B) correspondent aux stèles avec des 

représentations zoomorphes dites réalistes, en opposition aux cerfs stylisés 

scytho-sibériens. L’organisation générale de la stèle reste classique dans 

répartition des thèmes sur la stèle, structurée par trois espaces. Ce type possède 

néanmoins le bestiaire le plus riche. Outre les cerfs, il est possible de retrouver 

des chevaux, des élans, des sangliers, des bouquetins, des oiseaux, des poissons, 

des bovidés, des canidés. Le groupe Sayan-Altaï ne représente que 5.8% du total 

des pierres à cerfs connues, avec seulement 72 individus enregistrés. Elles se 

répartissent sur l’ensemble du territoire mongol, sans concentration dans une 

région particulière. 

Le type Mongol-Transbaïkal (Fig. 6C) regroupe les stèles avec les 

fameux cerfs stylisés. Les pierres à cerfs y sont les plus élaborées, en termes de 

nombre et de diversité des motifs. Le groupe Mongol-Transbaïkal comprend 721 

stèles, soit 58% du total. Il est majoritairement représenté dans le centre et le 

nord de la Mongolie, et plus particulièrement dans les provinces de l’Arkhangaï 

(235 stèles) et de Hövsgol (227 stèles). 

Les pierres à cerfs sont le plus souvent retrouvées en contexte funéraire, 

soit en position primaire, soit en réemploi, par exemple dans des tombes à dalles. 

En position primaire, elles sont généralement installées au sein de deux types de 

structures : des places rituelles dont Jargalant est l’exemple le plus remarquable 

(Fig. 7A) ; des monticules de terre situés en périphérie des khirigsuurs (Fig. 7B). 

Dans les deux cas les stèles sont entourées de structures de dépôts en pierres 

sèches que l’on retrouve également comme éléments constitutifs des khirigsuurs. 

Les khirigsuurs font partie intégrante du paysage Mongol à l’âge du 

Bronze tardif (ca. 1400-700 cal av. J.-C.). Connus et étudiés depuis le XIXe 

siècle, on les retrouve sur une zone géographique très étendue, allant de l’est du 

Kazakhstan au centre de la Mongolie en remontant vers le sud de la Sibérie (Fig. 

8). Les khirigsuurs ne sont pas répartis de manière homogène dans cet espace, 

mais se rassemblent plutôt en groupes dans des régions limitées (Volkov, 

1981; Jacobson et al., 2001; Frohlich, 2010; Erdenebaatar, 2004 ; Allard et 

Edenebaatar, 2005). Malgré l’existence de nombreuses formes de khirigsuurs, 

de fortes similitudes sont observées dans les éléments architecturaux qui les 

composent, ainsi que dans la manière dont ces derniers s’organisent pour définir 
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le plan du monument (Fig. 9). Certaines variations régionales auraient été 

identifiées, sous-entendant la possibilité d’identifier des sous-groupes régionaux 

(Frohlich, 2010).  

 

Fig. 7 Exemples de structures accueillant des pierres à cerfs en position primaire. A) Orthomosaïque du site de Jargalant. B) Orthomosaïque du 
khirigsuur et de la structure associée à la pierre à cerfs n° de Tsatsyn Ereg. 
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Fig. 8 Carte de répartion des khirigsuurs sur le territoire m
ongol.  
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Un khirigsuur consiste en une chambre funéraire placée au centre d’un 

tumulus de pierres sèches (entre 2 m et plusieurs dizaines de mètres de diamètre). 

La chambre peut être légèrement creusée dans le sol et est délimitée par des 

dalles. Quand des restes sont retrouvés, elle ne contient qu’un seul corps et toutes 

les catégories âge/sexe sont représentées. Un alignement de pierres définissant 

un enclos est généralement installé autour du tumulus. Il peut être de forme 

circulaire ou quadrangulaire, et couvrir quelques centaines de m² jusqu’à 

plusieurs hectares. Des tertres ou des pierres dressées marquent parfois ces 

enclos. Différentes structures ou éléments, comme des tertres et des cercles de 

pierres, peuvent être construits en périphérie de l’enclos. Les tertres extérieurs 

sont des petits monticules de pierres (entre 1 m et 5 m de diamètre) sous lesquels 

ont été déposées des têtes de chevaux. Ces dernières sont accompagnées parfois 

 

            Fig. 9 Orthomosaïque d’un khirigsuurs. 
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des premières vertèbres et des sabots (Fig. 10). Le dépôt de ces têtes apparait 

comme une pratique très codifiée sur l’ensemble des sites qui ont fait l’objet de 

fouilles. Les crânes déposés sont toujours orientés vers l’est, avec une possible 

variation vers le nord-est ou le sud-est (Takahama, 2003, 2006 ; Allard et 

Erdenebaatar, 2005 ; Lepetz et al., 2019). Ils appartenaient à des chevaux 

majoritairement males, très âgés ou très jeunes (~2 ans). Un tertre contient en 

général un seul crâne, même si un cas de dépôts de plusieurs têtes a déjà été 

décrit. Les cercles de pierres (Fig. 10) se composent d’une dizaine de pierres 

positionnées en cercle d’environ 1 m de diamètre. Ces cercles font également 

l’objet d’un dépôt particulier car on peut y retrouver des esquilles d’os brulés 

d’ovi-caprinés, ainsi que du charbon (Allard et Erdenebaatar, 2005 ; Lepetz et 

al., 2019 ; Zazzo et al. 2019). Ces éléments n’auraient pas été brulés sur place, 

mais plutôt dispersés au sein de l’espace formé par les pierres. Le nombre de 

 

Fig. 10 De gauche à droite et de haut en bas : tertre de pierre ST1 du complexe B10 ; restes de deux cranes de chevaux retrouvés sous 
ST1 ; cercle de pierres ST 107 du complexe B10 ; fragments d’os calcinés retrouvés dans les cercles de pierres. (D’apres Zazzo et al, 2019) 
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tertres et de cercles est très variable, allant de quelques individus à plus d’un 

millier autour de certains khirigsuurs monumentaux. D’autres éléments 

architecturaux (allées, alignements…) peuvent être identifiés, mais ils sont plus 

rares et ne sont pas considérés comme des éléments nécessaires à la définition 

d’un khirigsuur. Ce dernier point constitue notamment l’une des difficultés dans 

l’étude des khirigsuurs, car il n’existe pas de consensus sur ce qui est ou ne n’est 

pas un khirigsuur. Certains auteurs limitent l’appellation de khirigsuur aux 

monuments se composant des trois éléments présentés plus haut : tumulus, 

enclos et structures de dépôt (e.g. Houle, 2010 ; Allard et Erdenebaatar, 2005 ; 

Cybiktarov, 2003). D’autres sont plus inclusifs et considèrent comme khirigsuur 

tout monument avec au moins un tumulus et un enclos (e.g. Wright, 2007 ; 

Frohlich, 2010). Localement les khirigsuurs sont rassemblés en nécropoles 

accueillant des monuments de tailles et de formes variées. Ces nécropoles sont 

généralement installées dans les pentes avec une organisation des monuments 

partant des hauts de pente pour s’étendre jusqu’au pied de pente, parfois jusque 

dans la vallée. 

A ce jour, plusieurs typologies sont disponibles dans la littérature pour 

catégoriser les khirigsuurs. Tsybiktarov (1995) définit 9 types de khirigsuurs 

(d’après Wright, 2014). Frohlich et al. (2008) proposent de diviser les 

khirigsuurs en trois classes définies par la pente sur laquelle le monument est 

installé. Les classes I à III regroupent respectivement : les monuments situés à 

basse altitude, dans une steppe globalement plane ; les monuments bâtis à la 

frontière entre la steppe et le flanc des collines ; les monuments situés dans les 

pentes. Wright (2007) établit une méthode de classification basée sur les 

éléments qui composent le khirigsuur avec, au final, 3 types exprimant la 

complexité des monuments. Enfin Houle (2009) divise les khirigsuurs en deux 

groupes : les monuments avec ou sans structures de dépôts. Contrairement aux 

pierres à cerfs dont la typologie est aujourd’hui plutôt bien admise et largement 

utilisée, la typologie des khirigsuurs reste sujette à discussion et, par 

conséquence, est très peu utilisée, hormis par leurs auteurs.  

Le rôle des khirigsuurs dans les sociétés qui les ont bâtis fait encore 

débat. Tous s’accordent à dire que certains monuments ont un but funéraire 

puisque des restes humains y ont été découverts. Néanmoins, la pauvreté du 
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mobilier et l’absence totale de restes dans certains cas entretiennent le doute 

quant à leur but premier. Joshua Wright (2007) puis Honeychurch et al. (2009) 

rejettent l’idée que les khirigsuurs soient uniquement bâtis pour être des 

sépultures. Ils proposent plutôt de voir les khirigsuurs comme des monuments 

regroupant les activités d’une même communauté, construits avec une certaine 

régularité rappelant le cycle annuel de migration des populations nomades. Les 

monuments reflètent un besoin de s’affirmer en tant que groupe (Wright, 2014). 

Cette interprétation sera reprise (Honeychurch et Amartuvshin, 2006; 

Honeychurch et al., 2009). D'autres chercheurs pensent plutôt que les khirigsuurs 

ont pour but premier d’être des sépultures (Takahama et al., 2006; Frohlich et 

al., 2008, 2010 ; Littleton et al., 2012) et expliquent l’absence de reste par une 

mauvaise conservation des os. Littleton (2012) montre en effet que la 

préservation des os est fortement corrélée à la nature des sols et à la géographie, 

notamment à la valeur de la pente sur laquelle le monument est installé, ainsi 

qu’à l’âge de l’individu inhumé. La présence de zones propices à la dégradation 

des os pourrait expliquer l’absence quasi systématique de restes dans certaines 

fouilles, surtout quand celles-ci ne concernent qu’un petit nombre de 

monuments. Le travail de Littleton (2012) tend à montrer que les khirigsuurs 

sont avant tout des sépultures, tout en conservant bien entendu une fonction 

symbolique. Certains auteurs ont pu décrire les khirigsuurs comme des « autels » 

au centre des activités collectives (Jacobson, 1993; Allard et Erdenebaatar, 

2005). D’autres y voient un symbole de pouvoir, un moyen pour une élite de 

s’affirmer et de se montrer (Houle, 2010 ; Cybiktarov, 2003).  

L’architecture basée en grande partie sur des structures de dépôts, ainsi 

que la potentielle fonction rituelle des khirigsuurs amènent à se poser la question 

de l’évolution du plan des monuments au cours du temps. Cette question est 

légitime, surtout lorsque l’on considère que certains khirigsuurs monumentaux 

sont composés de milliers de structures de dépôts. Deux hypothèses sont 

possibles. La première envisage que l’ensemble des structures composant le 

khirigsuur sont synchrones, ce qui correspondrait à l’abattage de milliers de 

chevaux et de têtes de bétails au cours d’une seule cérémonie (Fitzhugh, 2009, 

2017). La seconde hypothèse suggère que les dépôts sont diachroniques et que 

les populations de l’époque sont venues de manière plus ou moins régulière 
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enrichir le monument de nouveaux dépôts, jusqu’à que celui-ci présente sa 

configuration actuelle. (Wright, 2014). Une étude récente menée par Zazzo et al. 

(2019) à l’aide de datations radiocarbone dans la vallée de Tsatsyn Ereg indique 

une période de construction du complexe B10 entre 1050 et 950 ca. av. J.-C., en 

d’autres termes s’étalant sur plus d’une vie humaine (Zazzo et al., 2019 ; Magail, 

2015). 

La grande régularité que présentent les khirigsuurs et les pierres à cerfs 

démontre pour le moins un lien culturel fort entre les différentes populations 

nomades qui les ont érigées (Annexe 1). Malgré les distances qui les séparent, 

ces communautés obéissent aux mêmes codes architecturaux et 

iconographiques, sous-entendant les mêmes règles et les mêmes croyances. Ce 

phénomène culturel est assez puissant pour façonner le paysage monumental des 

steppes jusqu’à nos jours. Tout l’enjeu est de caractériser cette culture 

développée en Mongolie à l’âge du Bronze. Comment a-t-elle évolué sur 

l’ensemble de son territoire, sachant que les études menées jusqu’alors sont le 

plus souvent très localisées ? Une telle étude se confronte à la quantité et à la 

complexité des monuments conservés, soit plus de 1300 stèles et plusieurs 

milliers de khirigsuurs. De telles contraintes nécessitent le développement, puis 

la mise en place de méthodes adaptées pour l’enregistrement sur le terrain, la 

préparation des données, et leur analyse à des fins de classification, entre autres. 

Ces points constituent précisément les objectifs du présent travail de thèse. 

Notons cependant que les solutions proposées ne seront pas spécifiques aux 

structures étudiées en Mongolie, mais peuvent également répondre à d’autres 

problématiques archéologiques. Le plan de cette thèse suit la logique décrite ci-

dessus : acquisition, préparation et analyse ; l’ensemble structuré autour de 

plusieurs articles scientifiques, publiés ou en voie de publication. 

Le premier chapitre est une présentation de la zone d’étude, du corpus et des 

protocoles utilisés pour l’acquisition des données sur le terrain. Ces derniers se 

basent sur la photogrammétrie, au sol pour les pierres à cerfs, et aéroportée par 

drone pour les khirigsuurs. 

Le second chapitre concerne l’application d’un traitement qui vise à mettre en 

valeur les reliefs d’un modèle 3D. Ce traitement permet, dans le cas des pierres 

à cerfs, une lecture claire des motifs gravés. Cette même méthode peut être 
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transposée au domaine de la géomorphologie en tant que nouveau traitement des 

modèles numériques de terrain. 

Le troisième chapitre décrit l’utilisation de l’apprentissage automatique pour le 

traitement semi-automatique des prospections photos aéroportées.  

Le quatrième chapitre présente une nouvelle classification des khirigsuurs 

obtenue grâce à une classification non supervisée, basée sur les éléments 

constitutifs des khirigsuurs, puis qui est confrontée aux paramètres 

géographiques. 

Le cinquième chapitre propose un thésaurus pour la description des motifs 

gravés sur les pierres à cerfs, ainsi que les premiers résultats issus de son 

application pour une classification non supervisée.  

Le sixième chapitre porte sur la sauvegarde et la valorisation des données. 

Le septième chapitre consiste en une conclusion générale, et propose plusieurs 

pistes pour le futur. 
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Chapitre 1. Corpus et méthodes 
d’acquisition 
 

 

 

1.1. Zone d’étude  
 

La zone géographique envisagée pour cette étude se concentre 

principalement sur deux vallées voisines de la province de l’Arkhangaï, au centre 

de la Mongolie : la vallée de la Khoïd Tamir avec le site de Tsatsyn Ereg, et la 

vallée de la rivière Khunuin Gol, ainsi que plusieurs autres sites emblématiques 

répartis du centre au nord de la Mongolie. Ces deux vallées ont été choisies en 

priorité pour leur richesse en termes de vestiges, mais aussi parce que leur 

proximité géographique combinée aux infrastructures de la mission conjointe 

Monaco-Mongolie à Tsatsyn Ereg facilitent grandement le travail de terrain, 

dont la durée est strictement limitée dans le temps du fait de la rigueur des 

saisons.  

La vallée de la Khoïd Tamir représente à elle seule 10% des stèles recensées 

sur l’ensemble du territoire mongol. Il est donc possible d’y enregistrer un grand 

nombre de monuments (stèles et khirigsuurs) afin de créer un échantillon 

représentatif. En outre, ces vallées sont largement documentées grâce à la 

mission conjointe Monaco-Mongolie qui prospecte, fouille et étudie la zone 

depuis 2006. Les autres sites étudiés sont bien connus dans la littérature : Ulaan 

Uushig, Shuuregtein uvur, Orkhon, Zunii Gol, Zulegtyn gol, Ulaan Tolgoï, 

Jargalant, Urt Bulag, Duruljiin am, (Fig. 11). Ils permettent l’élargissement du 

corpus au-delà de la zone principale d’étude.  

Aujourd’hui deux méthodes principales sont utilisées pour effectuer le 

relevé d’une pierre à cerfs (Fig. 12). La première méthode est celle du calque 

(Fig. 12A-B). Elle consiste à plaquer une feuille de plastique sur la surface de la 

pierre et à dessiner ensuite les contours des motifs gravés. Les gravures peuvent 

être marquées au préalable pour mieux les distinguer une fois la feuille 
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positionnée. La seconde méthode (Fig. 12C-D) utilise une feuille de papier 

plaquée contre la surface de l’objet. Les reliefs y sont ensuite imprimés à l’aide 

d’un papier carbone frotté par l’opérateur. Cette approche produit généralement 

les meilleurs résultats. En revanche, les deux méthodes nécessitent un contact 

physique avec l’objet qui peut s’avérer délétère. De plus, les conditions 

climatiques doivent être raisonnablement favorables en termes de précipitations 

et de vent. Pour le khirigsuur, la méthode de relevé du plan dépend de la 

précision souhaitée. Un simple croquis peut être réalisé, parfois seuls les 

 

Fig. 11 Répartition des zones et sites prospecté pour cette étude 
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éléments constitutifs sont géolocalisés, tandis que pour un plan plus complet 

toutes les pierres sont dessinées. Toutes ces méthodes sont chronophages et ne 

sont donc pas appropriées à l’acquisition massive d’un très large corpus. La 

méthode envisagée pour cette étude est la photogrammétrie, aussi bien pour les 

stèles que pour les khirigsuurs. Aujourd’hui largement répandue en archéologie, 

la photogrammétrie est encore assez peu utilisée en Mongolie, à l’exception de 

quelques études (Miyamoto et al., 2017) où elle sert essentiellement à des fins 

illustratives. Pourtant, la versatilité de la méthode et sa facilité d’application à 

des terrains assez difficiles, comme la Mongolie (seul l’autonomie des batteries 

et la pluie étant limitants), en font une candidate parfaite pour l’enregistrement 

 

Fig. 12 Illustration des méthodes traditionnelles de relevé des pierres à cerfs. A) Détourage des limites des gravures sur la stèle. B) Résultat de la méthode 
du calque. C) Impression des reliefs sur la feuille en papier grâce au frottement d’un papier carbone. D) Résultat de la méthode avec papier carbone. 
(Photos A. C. Allard) 
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des monuments. Pour les pierres à cerfs la photogrammétrie a pour but la création 

d’un modèle 3D, tandis que pour les khirigsuurs ce sont des orthomosaïques et 

des modèles numériques de terrain (i.e. des images raster contenant pour chaque 

pixel l’altitude de la surface correspondante) qui sont produits. 

1.2. Acquisition et corpus 
 

L’acquisition des stèles a été réalisée à la main (Fig. 13) à l’aide d’un SONY 

DSC-RX100 MIII (capteur 13.2 × 8.8 mm², 20 Mpix), avec une lentille 24-70 

mm (équivalent 24 × 36) réglée à 24 mm, et un NIKON D800 semi-pro plein 

format (capteur 24 × 36 mm, 36 Mpix) équipé d’un objectif NIKKOR à focale 

fixe, 24 mm ou 50 mm. L’acquisition des khirigsuurs a été réalisée avec un drone 

(Fig. 13). Aujourd’hui, ce type d’appareil est largement utilisé pour la création 

de photos aériennes, d’orthomosaïques, de modèles numériques de terrain, ou 

encore de modèles 3D. Le drone a été utilisé de deux manières différentes durant 

les missions de terrain : soit pour couvrir des structures isolées en effectuant un 

seul vol, soit pour balayer une large zone de manière exhaustive en la divisant 

 

Fig. 13 Illustration des différentes méthodes d’acquisition utilisée. A gauche : acquisition d’une stèle à la main. A droite : 
acquisition avec un drone. 
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en plusieurs sous-zones (ou dalles), couvrant chacune le maximum de surface 

possible sans changement de batterie. Les deux plus larges zones connexes 

survolées correspondent se situent dans la vallée de la rivière Khunui (~260 ha 

survolés) et dans celle de la Khoid Tamir (~700 ha survolés). Les photos ont été 

capturées avec deux drones : un DJI Phantom 3 PRO avec une caméra 12 Mpix 

et un objectif de 20 mm (équivalent 24 × 36) et un DJI MAVIC AIR avec une 

caméra 12 Mpix et un objectif de 24 mm (équivalent 24 × 36). Les plans de vols 

ont été programmés via l’application gratuite Pix4Dcapture 

(https://www.pix4d.com/) avec un taux de superposition des images fixé à 80%. 

La hauteur de vol varie entre 70 et 100 m pour une résolution au sol d’environ 3 

cm/px, suffisante pour identifier les pierres constituant les khirigsuurs dont les 

dimensions avoisinent quelques dizaines de centimètres. Avec ces paramètres, 

et avec une autonomie de vol d’environ 15-20 min, la surface maximale couverte 

par un vol est d’environ 9 ha. 

L’enregistrement des données a nécessité quatre missions d’un mois chacune 

(2016-2019). J’ai eu la chance de participer aux deux dernières, avant que la 

dégradation de la situation sanitaire stoppe toute acquisition sur le terrain. Au 

total, 78731 photos ont été prises pour la constitution de ce corpus : 33256 pour 

les stèles, et 45745 pour les khirigsuurs (Tableau 1). Les modèles, les 

orthomosaïques et les MNE ont été réalisés avec le logiciel Metashape 

(https://www.agisoft.com/). Les photos ainsi que les projets Metashape occupent 

environ 3 To d’espace de stockage, sans compter les 440 Go de films, photos et 

autres réalisations qui n’ont pas directement servi à l’élaboration du corpus, mais 

qui contextualisent les missions et le travail réalisé sur le terrain. 

 

 Nombre de photos Espace de stockage nécessaire 

Pierres à cerfs 33256 437 Go 

Khirigssurs 45475 263 Go 

Total 78731 700 Go 

 

Tableau 1 Nombres de photos prise pour créer le corpus de cette étude et espace nécessaire à leur stockage. 
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Au total, 226 modèles de stèles ont été créés et 1527 vestiges ont été repérés sur 

l’ensemble des orthomosaïques. Parmi ces vestiges, 907 khirigsuurs ont été 

identifiés, dont 117 jugés trop détériorés par les bouleversements naturels ou 

anthropiques pour être incorporés dans l’analyse (Fig. 14). 

 

  

 

Fig. 14 Khirigsuurs détériorés par des bouleversements anthropiques (à gauche) et naturels (à droite). 
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Chapitre 2. Mise en valeur des 
reliefs 
 

 

 

2.1) Occlusion ambiante et modèles 3D 
 

Les apports de la modélisation 3D pour l’étude de l’art rupestre sont 

indéniables. Son application est donc devenue rapidement une évidence pour 

l’étude des pierres à cerfs. Pour des terrains difficiles comme la Mongolie, où le 

transport de matériel est une contrainte, la photogrammétrie reste la méthode 

d’acquisition la plus pratique, car elle ne nécessite qu’un seul appareil photo, 

puis au laboratoire, un logiciel spécialisé. L’obtention du modèle d’une stèle 

n’est que la première étape dans l’enregistrement des gravures présentes à sa 

surface. En soi, il n’est qu’une représentation virtuelle de l’objet, ce qui 

n’apporte rien ni à sa lecture, ni à son analyse, en dehors de la possibilité de le 

visualiser et de le manipuler aisément. Cela reste néanmoins un avantage 

intéressant quand l’accès à l’objet d’étude est difficile, ou bien quand ce dernier 

est trop massif pour en appréhender la globalité sur le terrain. Concernant l’étude 

des motifs gravés, il est donc indispensable de traiter le modèle pour obtenir une 

meilleure lecture, puis possiblement un relevé. Cette problématique existe depuis 

l’application de la modélisation dans l’étude de l’art rupestre, et de nombreuses 

solutions ont été proposées. Certains auteurs se tournent vers des méthodes 

basées sur l’illumination artificielle, en simulant une ou plusieurs sources de 

lumière venant éclairer la surface du modèle de façon oblique (Duffy,2010 ; 

Diaz-Guardamino, 2013 ; Cassen et al., 2014). Ces méthodes s’apparentent à la 

prise de photo en lumière rasante. D’autres chercheurs se sont plutôt penchés 

vers des méthodes d’analyses du relief utilisées en géographie, en assimilant la 

surface de la roche à une surface topographique (Monna et al., 2018; Carrero-

Pazzos, 2016 ; Cassen et al., 2014). Toutes ces méthodes, bien que très efficaces, 

souffrent d’un principal inconvénient : la nécessité d’une surface qui soit 

majoritairement plane. Les méthodes d’illuminations sont peu efficaces quand 
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les variations locales du relief sont assez fortes pour masquer les gravures. Les 

méthodes d’analyses topographiques ne sont pas applicables sur un modèle 3D. 

Elles nécessitent au préalable de convertir la surface en modèle numérique 

d’élévation. Ceci pose deux problèmes quant à leur utilisation sur les pierres à 

cerfs. Le premier implique un découpage de la surface des stèles face par face 

(Monna et al., 2018), ce qui peut s’avérer délicat lorsque les géométries sont très 

complexes. Le second est la perte de la géométrie globale de l’objet au moment 

de l’extraction des faces, avec pour résultat des relevés en deux dimensions, 

entachés de possibles déformations près des angles et dans les zones à fort relief. 

L’enjeu est donc de traiter de façon appropriée le modèle 3D pour faciliter 

l’identification des gravures. Des solutions techniques sont à explorer dans le 

domaine du jeu vidéo et du cinéma, où les scènes virtuelles sont rendues les plus 

réalistes possibles. Parmi ces méthodes, il y en existe une qui permet de calculer 

la quantité de lumière reçue en tout point par le modèle : c’est l’occlusion 

ambiante. Le succès et l’efficacité qu’a connu cette méthode dès sa création 

conceptuelle a conduit au développement de nombreux algorithmes. Le travail 

qui suit consiste en une évaluation d’une partie de ces algorithmes dans une 

optique archéologique, en l’occurrence l’étude des pierres à cerfs. 
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a  b  s  t  r  a  c  t

Revealing  carved  parts  in  rock  art  is of primary  importance  and  remains  a major  challenge  for  archaeo-
logical  documentation.  Computational  geometry  applied  to  3D  imaging  provides  a unique  opportunity  to
document  rock  art.  This  study  evaluates  five  algorithms  and  derivatives  used  to compute  ambient  occlu-
sion  and  sky  visibility  on  3D models  of  Mongolian  stelae,  also  known  as  deer  stones.  By  contrast  with
the  previous  companion  work,  models  are  processed  directly  in 3D,  without  preliminary  projection.  Vol-
umetric obscurance  gives  the  best  results  for the identification  of carved  figures.  The  effects  of  model
resolution  and  parameters  specific  to  ambient  occlusion  are  then  evaluated.  Keeping  tridimensional
information  intact  allows  accurate  measurement  of  distance,  volume,  and  depth.  Objects  augmented
by  ambient  occlusion  can  easily  be  manipulated  in  3D  viewers,  for seamless  and  effortless  access  to
the  overall  organization  of  the  figures,  at the  scale  of  the  entire  object.  Qualitatively  speaking,  the  2D
projected  outputs  are  equivalent  to,  or even  better  than,  existing  archaeological  documentation.  The
proposed  workflow  should  be easily  applicable  in  many  situations,  particularly  as  the  functions  provided
for the  free  R programming  software  are  fully  configurable.

© 2021  Elsevier  Masson  SAS.  All  rights  reserved.

1. Introduction

In recent years, several authors have applied 3D modeling tech-
niques to the documentation of rock art [1–6], benefiting from
advances in computational power, and field operability, particu-
larly when using photogrammetry [3,7–9]. Beyond the excellent
correspondence between model geometry and the real-word arte-
fact, two notable advantages of 3D capture over traditional methods
(i.e., rubbing and tracing) are (i) the absence of potentially damag-
ing contact with the object to be acquired, and (ii) the speed of the
process, as time is a major limiting factor in the field. With textured
3D models, it is also possible to simulate, in virtual scenes, differ-
ent lightning conditions, including grazing light. This long-standing
photographical technique, together with reflectance transforma-

∗ Corresponding author.
E-mail address: tanguy.rolland@u-bourgogne.fr (T. Rolland).

tion imaging (RTI), can be used by archaeologists to darken carved
areas [10,11]. Recent approaches have considered geometry, when
it is essentially planar, as a topographical surface to which geospa-
tial methods can be applied. In this case, the geometry of the
model is represented as a raster image, where pixel values corre-
spond to altitude, producing a digital elevation model (DEM). Relief
may  be perceived using computed-generated lighting: analytical
hill-shading, for example [12]. For essentially planar surfaces (e.g.,
engraved walls or slabs), an optimized trend removal procedure
(e.g., local relief model, LRM) can also be used to delineate carvings
[6]. The recent companion work proposed a practical workflow for
dealing with less specific flat surfaces, such as roughly parallelip-
ipedic objects [13]. The study focused on the famous Mongolian
deer stones dating from the Late Bronze Age. These stelae, up to 4 m
high, often made of granite or sandstone, are engraved with numer-
ous decametric figures (animals, weapons, ornaments, etc.) on each
side. After obtaining 3D meshes by photogrammetry, a 2.5D raster
DEM was  produced by planar projection on each of the four vertical

https://doi.org/10.1016/j.culher.2021.03.006
1296-2074/© 2021 Elsevier Masson SAS. All rights reserved.
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sides of the stela, to capture the entire set of figures. Projecting on
the four sides of the stela was natural here, because it corresponds
to the traditional representation of such parallelipipedic objects in
archaeological documentation. Several algorithms based on differ-
ential geometry, sky visibility (sky-view factor [14–16] and positive
openness [17,18]), and local morphology were then evaluated. Pos-
itive openness was identified as one of the most efficient algorithms
for highlighting carved parts and surface condition of stelae. How-
ever, rock art is not only found on simple flat geometrical surfaces,
such as parallelepipeds. It may  also be found on irregular, curved,
or concave surfaces, and even on volumetric solids. In such cases,
the approaches enumerated above may  be difficult to apply, and
may  strongly deform any symbols depicted in the final results. It
would therefore be advantageous to process the entire 3D model in
order to overcome these limitations, and not be limited to a subset
of cases consisting mostly of roughly flat surfaces, such as those dis-
cussed in previous studies [1,10]. Incorporating the results directly
into the 3D models, depicted over a color scale, would be an unde-
niable asset for further examination and better understanding of
the carved object. One practical solution is ambient occlusion (AO),
introduced at the end of the twentieth century [19–21], and devel-
oped since then by the video game industry [22–25]. The aim is to
obtain a photorealistic rendering, with minimum computational
cost, by simulating shadows in darkened concave and occluded
parts of a scene, and by highlighting open areas. Ambient occlusion
may be approximated in different ways, but is similar in approach to
sky visibility methods, which were specifically designed for DEMs.

1.1. Research aims

The purpose of this study is to test several approaches previously
developed to compute ambient occlusion (also including sky-view
factor and positive openness computations adapted for entire 3D
models) and, if possible, to propose guidelines for enhancing carved
areas. Scripts were produced with a single programming platform,
R, and are made freely available for a broad archaeological audi-
ence. The effect of several extrinsic (model resolution) and intrinsic
parameters (specific to AO algorithms) are evaluated. The results
are then compared to existing archaeological documentation, and
to results previously published in the companion study for two  deer
stones in a good state of conservation, but with different surface
conditions: well-marked carving and slightly marked carving.

2. Material & methods

2.1. Corpus

Deer stones, belonging to funeral structures built by nomads in
the late 2nd – early 1st millennium BC, are widespread in Mongo-
lia. More than 1200 deer stones have been identified, and classified
into three groups [26,27]. The stelae studied here all belong to
the same group, found mostly in Central and East Mongolia. They
are decorated with numerous carved figures (both centimetric and
decametric), among which deer are the most emblematic, with
mature antlers, elongated heads, long necks, and legs folded under
their bellies. Other subjects are represented, including several kinds
of weapons, shields, belts, and necklaces, forming a well-structured
composition. The vast number of visual elements on this type of
deer stone makes them the most time-consuming to document.
Two previously documented stelae (#35 and #36; in Ref. [13]),
located in the Bayantsagaan valley of Khoid Tamir, are used here
to evaluate the algorithms, and then compare results with those
from the companion study. Eleven stelae, located at the Jargalan-
tyn am complex site, Khanui River valley, Arkhangai, were also
processed. All the 3D meshes were obtained by photogrammetry

during the Monaco-Mongolian joint mission, undertaken in 2015.
The entire acquisition workflow using Structure-from-Motion is
detailed in the companion study [13]. Briefly, about thirty to a
hundred pictures were captured at a distance varying from 2 to
5 m,  with cameras placed approximately 1 m apart, depending
on the size of the stelae. Pictures were treated with PhotoScan
(https://www.agisoft.com/), and the resulting 3D model was scaled
using a self-retracting metallic measuring tape, placed at the foot of
the stela and incorporated into the pictures. Two different cameras
were used: a hand-held NIKON D800 semi-pro fullframe DSLR (sen-
sor 24 × 36 mm,  36 Mpix), equipped with NIKKOR 24 mm or 50 mm
prime lenses (for stelae #35 and #36); a consumer grade compact
SONY DSC-RX100 MIII (sensor 13.2 × 8.8 mm,  20 Mpix), 24–70 mm
in 24 × 36 equivalent, was  used with the focal set at 24 mm (for
Jargalant stelae). With this setup, the ground pixel size can be
estimated at between 0.2 mm  and 0.5 mm.  The planar accuracy is
between 0.06 mm and 0.15 mm,  and the depth accuracy between
0.12 mm and 0.75 mm [28]. Textured 3D models are in Polygon File
Format (PLY) format, with a typical resolution of 1−3 mm (i.e., mean
edge length between vertices) for 3D models with 3−12 M vertices.

2.2. The algorithms tested

2.2.1. Principle of ambient occlusion
Shadows play an important role in the perception of the world,

as they provide information about the position of objects relative
to each other, and their surface condition [20]. In virtual worlds,
they result from direct or ambient illumination and are essential
for realistic rendering. Ambient occlusion represents the amount of
ambient light reaching a point in a 3D scene, so that points receiving
little light are darkened. Real-time calculation capabilities using the
“screen-space” approach appeared in 2007 [21,29]. The 3D scene is
projected on to a 2D space and AO is calculated only on the visible
parts. Distances between points and their projection in the image
space are represented as a depth map  (or depth buffer). The idea
underlying screen-space is quite similar to the approach proposed
in the companion study, where the four DEMs could be considered
as four depth maps, and where the algorithms based on visible sky
(i.e., sky view factor and positive openness) followed the same phi-
losophy as AO. Here, the idea is rather to calculate AO using the
“object-space” approach; in other words, by considering all points
of the 3D scene, and not only those visible from the observer’s point
of view. Note that AO is not obtained by formal calculation, but
by Monte Carlo approximation, applied to limited zones surround-
ing each vertex of the 3D model. The algorithms listed below were
suited to our purpose: darkening the carved, concave areas of the
deer stones, and highlighting the convex areas.

2.2.2. Ambient occlusion inspired by the Crytek approach
This process was originally developed in 2007 by Crytek, a video

game company, for a game named Crysis. Each point, P, of the 3D
model becomes the centre of a sphere of radius r, in which n sample
points, si with i ∈ [1;n], were randomly placed (Fig. 1a). Then AO
was  defined as the ratio between the number of samples visible
from P, and the total number of samples:

AO = 1
n

×
n∑

i=1

V (si) (1)

with V(si) = 1 if si was visible from P, and 0 otherwise. Some authors
have suggested adapting this method using only one hemisphere
instead of the complete sphere [30]. In this study, the hemisphere
was  positioned by making its zenith coincide with either (i) the

normal vector of P,
→
nP , (Fig. 1b), or (ii) the normal of a 3D best-fit
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Fig. 1. Illustration of the approaches tested. (a) Crytek-based approach using spherical area sampling. (b) Crytek-based approach using hemispherical area sampling oriented
by  normal of P. (c) Crytek-based approach using hemispherical area sampling oriented by the BFRP. Blue points represent samples seen by P, and red points samples that
are  not seen. (d) 3D-Sky-view factor. (e) 3D-Positive openness. (f) Volumetric obscurance-based approach. Blue lines represent segment parts outside the mesh, and red
lines  parts inside the mesh. (g) Global illumination method with examples of ray tracing to determine whether samples on the surface can see points on the model (For
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article).

regression plane (BFRP) of vertices with the radius r,
→
nBFRP (Fig. 1c).

In all three cases, AO was obtained by Eq. (1). and values ∈ [0;1].

2.2.3. Ambient occlusion deriving from sky-view factor and
positive openness

These two methods, commonly used in spatial analysis [14–18]
to treat DEMs, have been adapted to process 3D models. In both
cases, the purpose is to determine the portion of visible sky lim-
ited by the relief. Here, the Sky-view factor adapted for 3D models,
namely 3D-SVF, takes into account one hemisphere (orientated

either with
→
nBFRP - cf. Fig. 1d -, or with

→
nP , not shown), decom-

posed into k (commonly 8) radial portions. The altitude angles, �k,
from which the sky becomes visible, are then computed, and hence
the 3D-SVF, ranging between 0 and 1, is calculated similarly to the
normal SVF following:

3D − SVF = 1 −

k∑
i=1

sin(�k)

k
(2)
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Fig. 2. Comparison between the rendering of the tested methods applied to stela #35. (a,b) Orthomosaic. (c,d) Crytek-based approach using spherical area sampling. (e,f)
Crytek-based approach using hemispherical area sampling. (g,h) 3D-Sky-view factor. (i,j) 3D-Positive openness. (k,l) Volumetric obscurance-based approach. (m,n) Global
illumination.

Fig. 3. Wasserstein distances between carved and uncarved parts for a subset of
stela  #35. Data for AO in light blue, and spatial variability of AO in dark blue. Note
that input data were first standardized. AO: ambient occlusion (For interpretation
of  the references to colour in this figure legend, the reader is referred to the web
version of this article).

Positive openness, PO, is also defined by eight radial directions.
For each of them, the greatest angle �k, relative to the zenith (and
not to the horizon) was computed (Fig. 1e). For 3D models, 3D-PO
values correspond to the average of these angles [18], after making

the zenith coincide with
→
nP:

3D − PO =
˚0 + ˚�⁄8 + . . . + ˚7�⁄8

8
(3)

so that 3D-PO ∈ [0;�]. Programmatically, j samples were placed
evenly along the celestial meridian for 3D-SVF (or terrestrial merid-
ian for 3D-PO), for each radial direction.

2.2.4. Volumetric obscurance-based method, VO
This AO is defined as the ratio between the volume inside the

model and the volume outside the model of a given sphere centred
at point P [31]. A line sampling strategy is used to approximate these
two volumes. A total of n sample points was first placed randomly
on a disc of radius r, centred on P, and parallel to the BFRP. The lines
sampled in this study were those between each sample point and

its projection on to the surface of both hemispheres following the
normal direction of the disc (Fig. 1f). Finally, VO was  defined as the
ratio between the total lengths of the segments outside the model,
Louti, and those inside, Lini; VO ∈ ]0;+∞[:

VO =

n∑
i=1

Louti

n∑
i=1

Lini

(4)

2.2.5. Global illumination, GI
In its simplest form, AO can be obtained from global illumi-

nation. In practice, lighting is simulated from n light sources, li,
scattered on the surface of a sphere with a radius much greater
than that of the object size (Fig. 1g). The GI was defined by the rate
of illumination that a vertex received:

GI = 1
n

×
n∑

i=1

W (li) (5)

with W(li) = 1, if the vertex P received the light li, and 0 otherwise.

2.3. Numerical comparison of the enhancement capabilities of
each algorithm

A subset of the model for stela #35 was retained for formal com-
parison of the enhancement capabilities of the six methods. The
carved parts were represented by manually selected vertices cor-
responding to the limits of the carvings, comprised between the
top and the foot of the slope. The remaining vertices correspond
to uncarved parts (see Supplementary material S1). Two variables
were considered: (i) the ambient occlusion (AO) computed by each
method, as described above, and (ii) the spatial variability of the AO,
using the inverse distance weighting variance as a proxy, calculated
within a radius r (the same measurement was used for AO computa-
tion). The 1D-Wasserstein distance, W1, which measures the area
between two cumulative distribution functions, was used as the
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Fig. 4. Effect of model resolution, using stela #35 as an example, with the volumetric obscurance-based approach. Number of faces tested: 250,000 (a), 500,000 (b), 1 M (c)
and  2 M (d). From top to bottom: projection of one side after processing the entire stela, a close-up corresponding to the red inset, the value of the variance of Laplacian
computed from the projection (For interpretation of the references to colour in this figure legend, the reader is referred to the web  version of this article).

metric to evaluate the differences between carved and uncarved
parts, following [32–34]:

W1 =
∫ +∞

−∞

∣∣F (x) −  G (x)
∣∣dx (6)

where F(x) and G(x) are the cumulative distribution functions to be
compared. In practice, all tested variables were first standardized
to eliminate the scale factor. A higher value for the Wasserstein
distance (W1) indicates greater difference between carved and
uncarved parts, based on their distributions for each variable, thus
leading to easier recognition of the engravings.

2.4. Programming implementation

Scripts for producing AO were written using the free R soft-
ware (https://www.r-project.org/), with the help of the functions
included in the Rvcg [35], rgl [36], Morpho [37], cwhmisc [38],
HI [39] and doParallel [40] packages. Briefly, the position or vis-
ibility of sample points in relation to the model is obtained by
raytracing. To improve performance, partition by nearest neigh-
bour search was operated by kd-tree. Additional details can be
found in the script files provided as supplementary materials (see
Supplementary material S2). The proposed method should be easily
applicable; the functions provided are configurable and adjustable
to any acquisition workflow based on 3D modelling.

3. Results and discussion

3.1. Algorithm comparison

Most of the algorithms were tested with a sphere or hemisphere
of 1 cm radius, a value previously found appropriate to enhance the
figures carved on these particular stelae [13]. For the GI method,
1024 lights were distributed at 100 m from the object (i.e., a value
much greater than the normal size of a deer stone of ca. 1–4 m).
When required (in the VO- and Crytek-approaches), a total of 200
points was  sampled. Tests were carried out on unsmoothed models
of stelae #35 and #36, decimated to 500 000 faces. The AO val-
ues obtained were then truncated at the 1st and 9th deciles, and
converted into grey scale. This step greatly improves the overall
contrast and facilitates visual comparisons between different ren-
derings. Note that algorithms using hemisphere orientation with
either the normal of P or of BRFP produced similar results (see Sup-
plementary material S3 for more detail), so that only the outputs
using BRFP are presented in the following.

The symbols carved on the two largest sides of stela #35 are
barely visible (Fig. 2a,b). The Crytek-based approaches computed
using either the sphere (Fig. 2c,d) or the hemisphere (Fig. 2e,f) pro-
duce very different, but clearly sub-optimal outcomes. With the
sphere, the carved parts were darkened, but they were not clearly
distinguished from the surrounding area, which was  also dark,
and even noisy. With the hemisphere, the stela appeared mainly
whitish, with almost only the footslopes of the deeply carved parts
strongly darkened (Fig. 2e,f). The less pronounced depressions were
barely visible, while information about the surface condition of the
stone was lost. The 3D-SVF (also using the hemisphere, Fig. 2g,h)
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Fig. 5. Effect of radius of influence, r, using stela #35 as an example, with the volumetric obscurance-based approach. The three radii tested are 0.5 cm (a), 1 cm (b), 2 cm (c).
From  top to bottom: projection of one side after processing the entire stela, a close-up corresponding to the red inset, the value of the variance of Laplacian computed from
the  projection (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article).

generally suffered from the same drawbacks, but a little more detail
could be perceived, particularly in the shallow areas. Although 3D-
PO (Fig. 2i,j) follows the same underlying idea as 3D-SVF, their
respective outputs were quite different. With 3D-PO, the deer were
fully marked, as were small irregularities on the surface of the stone
that did not adversely affect the overall reading of the stela. This
result is mainly due to the capacity of 3D-PO to account for convex
parts, while 3D-SVF cannot distinguish planes from convex areas
[14]. Such behavior was already observed on DEMs, and it is for this
reason that PO was previously preferred to other methods, includ-
ing SVF [13]. The VO-based approaches (Fig. 2k,l) produced similar
results to those obtained with 3D-PO. The central part of the deer
appeared darker, and less noisy, whereas the carved edges were
much more strongly contrasted. Interestingly, in principle, VO is
less prone to be affected by small surface irregularities close to the
point of interest P, because calculations are based on volume, and
not on visibility, which can be drastically affected by any protrud-
ing neighbors blocking the view. The VO approach should therefore
produce more readable results, even with stelae presenting rather
granular surfaces. The general appearance with GI (Fig. 2m,n) was
smoother than that obtained with all the other methods. Con-
cave areas, whatever their dimensions, were clearly enhanced, as

were the carved edges. Although results were acceptable on the
essentially convex side (Fig. 2m),  they were locally less so on the
opposing, slightly concave side (Fig. 2n). The GI method appears
to be very dependent on the overall shape of the object. However,
even if GI seems to be unsuitable for complex 3D objects, it may be
effective for flat carved surfaces (see Supplementary material S4,
for an example).

Computed Wasserstein distances for AO and AO spatial vari-
ability are reported in Fig. 3, and cumulative distribution functions
are displayed in Supplementary material S5. These results confirm
the first observations by the naked eye. Among all tested methods,
the VO algorithm produces the highest Wasserstein distances for
both variables, especially for spatial variability. This is a clear sign
of high local contrast and strong discontinuities in carved parts,
which should make the figures more easily identifiable.

3.2. Optimal parameters

The influence of all parameters, both extrinsic (model res-
olution) and intrinsic (radius and sampling points), should be
examined to optimize the VO algorithm for the delineation of
carved figures. As computation time increases with each of these
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variables, the goal is to obtain relevant output (for our purpose)
without computational overload.

3.2.1. Model resolution
The aim here was to assess the minimum model resolution at

which carvings can be properly highlighted. The VO algorithm was
applied to four models of stela #35, originally with ca. 3 M faces, and
progressively decimated to 2 M,  1 M,  500 k, and 250 k faces, thus
producing resolutions of 1.99 mm,  2.80 mm,  3.96 mm,  and 5.62 mm,
for the average edge length (Fig. 4). The variance of the Lapla-
cian was used as a metric for sharpness [41,42]. Its value increases
from 367 to 738 (see Fig. 4), indicating slightly more detailed out-
puts as the number of faces grows, thus improving pattern contour
accuracy. In all cases, the carvings always remain easily readable,
whatever the model resolution tested. Surface states of the object
are slightly better rendered with models possessing more faces.
Here, one million faces is more than adequate to identify and study
figures.

3.2.2. Influence of the radius r
The radius must be set according to the size of the details to be

highlighted. It is well known that smaller r values tend to capture
more noise, while higher r values essentially provide information
about the overall shape of the object [14]. Three radii were tested:
0.5 cm,  1 cm,  and 2 cm,  on a model possessing 1 M faces (Fig. 5). The
variance of the Laplacian was again used to analyze the outputs. The
increase of the radius leads to a clear decrease in sharpness, with
values falling from 657 to 302 (Fig. 5). At a radius of 0.5 cm,  both
patterns and surface irregularities were well marked. At 1 cm,  only
the smallest irregularities disappeared, while pattern boundaries
remained clearly distinguishable from model roughness. At 2 cm,
surface roughness was no longer rendered, and figure boundaries
were somewhat blurred. As a result, a radius of 1 cm was a good
compromise: figure edges were easily identifiable, and the informa-
tion about surface condition was preserved, without being overly
affected by potential noise.

3.2.3. Influence of number of sample points
Theoretically, with more samples, the estimation of the volume

of interest should be more accurate.
Three different setups for processing VO were tested: 10, 100,

and 1000 samples. The reference considered here was 1000 sam-
ples. Between 100 and 10 samples, the mean absolute errors
increase slightly from 0.011 ± 0.011 (1SD) to 0.027 ± 0.031 (1SD),
meaning a deviation of only about 1−3% (see Supplementary mate-
rial S6). Such deviations can be considered insignificant, providing
no visual difference in terms of rendering (Fig. 6). In addition, no
systematic bias could be identified for either of the two  cases (see
Supplementary material S6). As a result, 10 samples should be
enough to properly enhance the relief, while saving computation
time. Such a finding is in agreement with the sampling parameters
commonly used in ambient occlusion algorithms, i.e., 8–16 samples
[21,31].

3.3. 2D projection and comparison with current documentation

At this point, it is worth recalling that, by contrast with the pre-
vious companion study, the figures are now enhanced directly on
the 3D model itself, and not from a set of 2D projections. The oper-
ator can therefore manipulate the object in a dedicated viewer,
to examine the relationships between the figures, and thus per-
ceive their organization in a true 3D space. Measurements that
were impossible (or at least difficult) in the 2D projected space are
now achievable: e.g., volumes, Euclidian or geodesic distances, and
depth (Fig. 7). Working from an enhanced 3D model also offers
new and very flexible possibilities for projecting archaeological

Fig. 6. Effect of the number of sampling points, using stela #35 as an example, with
the volumetric obscurance-based approach. Number of samples tested: 10 (a), 100
(b), 1000 (c).

Fig. 7. Example of measurement, using stela #35 as an example. Euclidian distance
(green dotted line) and geodesic distance (red line) between points A and B (For
interpretation of the references to colour in this figure legend, the reader is referred
to  the web  version of this article).

objects appropriately (more particularly for objects with irregu-
lar geometries) in order to produce accurate 2D documentation.
To assess the effectiveness of the approach proposed in this study
(Fig. 8), the results for the targeted side of stela #36 extracted
from existing documentation, for orthomosaic (Fig. 8a), rubbing
(Fig. 8b), and SAGA-based positive openness applied on a DEM
(Fig. 8c) were compared with results obtained using the VO-based
approach (Fig. 8d). Fig. 8c is based on results in Ref. [13], which
used the same 3D model as the present study, but limited the DEM
to a resolution of 1 mm per pixel, judged sufficient to extract the
geometry of the carved areas.

Shape and position of the figures are virtually identical for
all techniques, except for orthomosaic, which is not informative.
Although the deepest figures can be systematically identified (e.g.,
the circle at the top of the stela and all the deer), rendering appears
much more contrasted with the VO-based approach (Fig. 8d), so
that figures are generally better distinguished. The faintly carved
bow and horse (Fig. 8e,f), barely visible with PO, are better distin-
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Fig. 8. Comparison between the results of rubbing, positive openness, and the volumetric-based approach on two  faces of stela #36. (a) Orthomosaic, (b) Rubbing, (c)
Positive  openness on DEMs, (d) Volumetric-based approach, (e) bow detail (yellow outline), (f) horse detail (purple outline). For both (e) and (f), from left to right: rubbing,
archaeological drawing from rubbing, treatment by positive openness of a DEM, see Ref. [13], volumetric-based approach with 3D models with a resolution of either 2.7 mm
or  0.4 mm (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article).

Fig. 9. Comparison between the results of tracing, rubbing and the volumetric-based approach on the top of two faces of Jargalant N◦2-2 stela. (a) from left to right, results
of  tracing, rubbing and the volumetric-based approach. (b) from left to right, results of tracing and the volumetric-based approach. (c) Cross-section of stela faces with plots
showing variations in relief. (1) in red: circles recorded by tracing. (2) in green: circles visible with the VO-based approach (For interpretation of the references to colour in
this  figure legend, the reader is referred to the web  version of this article).

guished with VO. Note, however, that rubbing still provides the best
outputs for these details. Neither the arrow and the top of the bow,
nor the horse’s ears and nose can be detected with VO. This draw-
back should not be formally imputed to the VO-based approach,
but to the resolution of the original model, which was  not detailed
enough to record such discreet surface features. The bow, as well
as the details of the horse, do in fact become discernable when a

supplementary 3D model, produced at better resolution (0.4 mm),
is used as input (Fig. 8e,f).

The method described can be applied routinely. As an example,
eleven stelae from the Jargalantyn am complex site, processed by
volumetric obscurance and projected on their four main sides can
be found (see Supplementary material S7), as well as the enhanced
3D models in PLY format (see Supplementary material S8). A close
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examination of the upper part of the treated Jargalant N◦2−2
stela, compared to the corresponding available documentation [43]
(Fig. 9), plainly reveals the attractive potential of the approach pre-
sented here. In addition to circles well recorded by tracing (noted
#1 in Fig. 9a–c), two new small circles are now clearly visible with
the VO-based approach on the 3D model (noted #2 in Fig. 9a–c).
The reason is probably their shallower depth of carving: roughly
2 mm for the new figures vs. 3−4 mm for the already recorded fig-
ures (Fig. 9c). Here, the large, deep circle with rays resembling both
the sun and one of the types of earrings from the Late Bronze Age
in the eastern steppes appears to overlap one of these small circles
(arrow Fig. 9a,c), and the front part of the deer’s antler (noted #3
in Fig. 9a), providing information about phasing in carved figures.
During the first stage, the deer and the two previously unidentified
circles must have been carved. Later, these circles must have been
almost completely erased to incorporate the “sun” and another cir-
cle. This is supported by the fact that there are never two such
small circles on the same side of deer stones. Rubbing succeeded
better than tracing in identifying all figures covering this stela, and
probably also in illustrating differences observed in carving depth.
However, in contrast with rubbing, the interpretations drawn from
VO are not only based on visual inspection of the outputs. A return
to the original 3D model, containing the tridimensional geometry,
is always possible for further measurements. Here, the acquisition
process was not adapted to a techno-traceological study, but the
algorithms described could straightforwardly be applied to another
model acquired specifically for this purpose.

4. Conclusion

Ambient occlusion, straightforwardly assessed by volumetric
obscurance from 3D meshes, is a powerful tool to reveal carv-
ings. Although the suggested configuration operates well in our
case, it is recommended that researchers take advantage of the
versatility of the proposed method by tuning the parameters for
their specific purposes. The ability to routinely produce of a set of
3D models, textured by a choice of ambient occlusion algorithms,
should help archaeologists to trace outlines of carved figures in
a great variety of conditions. Grayscale rendering greatly facili-
tates the identification of carved images, which are underlined by
strongly contrasted edges. Relief enhancement also provides infor-
mation about the surface condition of the stone, at the time of
acquisition. Keeping the tridimensional knowledge of the object
intact throughout the whole process is an undoubted asset. One
of the most significant advances concerns the extended handling
capacity for rock art survey. As preliminary 2D projections are not
necessary, information loss does not occur and complex reprojec-
tion of documentation is not required. Distance, volume, and depth
can be accurately measured, and enhanced objects can easily be
manipulated in 3D viewers, making it simpler to perceive the orga-
nization of (possibly overlapping) figures, which may  be present on
all sides. The operator is in full control, and can select whichever 2D
projection best fits the objectives of the study. This flexibility is par-
ticularly appreciable for complex shapes. Note that the augmented
version of the 3D models may  advantageously incorporate virtual
scenes for purposes of communication to a broader audience [44].
Although convex protruding areas, such as the edges of the stelae,
may  be partly bleached, which may  somewhat mask carvings, the
VO-based approach is nevertheless much more versatile than trac-
ing or rubbing, which are difficult to apply to very irregular objects.
Although the conservation state of the carved areas on the objects
and the quality of 3D modelling will obviously affect the quality
of the outputs, the results obtained with the VO-based approach
almost equal, and sometimes even surpass, existing archaeologi-
cal documentation, while preventing possible degradation of the

surface, and significantly reducing the time required on site for
acquisition.
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2.2) Occlusion ambiante et MNE 
 

L’occlusion ambiante s’avère être une solution efficace pour la mise en 

valeur des gravures. Elle rend désormais possible l’étude de la relation spatiale 

entre motifs en rapport avec la forme du support, ce qui serait difficile, voire 

impossible avec une documentation 2D conventionnelle. La méthode de calcul 

basée sur le volume d’une sphère virtuelle qui se déplacerait sur tous les points 

du modèle (i.e. Volumetric Obscurance - VO) semble être la plus efficace parmi 

celles testées (voir section précédente). Entre gravures rupestres et analyse 

topographique, l’objet d’étude reste le même : le relief. Les seules différences 

sont les caractéristiques recherchées, et la lecture qu’on en fait. Dans les deux 

cas, l’objectif est de mettre en valeur les arêtes, les talwegs, et les ruptures de 

pente. C’est la raison pour laquelle de nombreux chercheurs se sont tournés vers 

les approches topographiques pour étudier les gravures. Selon un chemin 

inverse, la VO pourrait être un outil efficace pour l’étude topographique. Comme 

pour le travail sur l’occlusion ambiante, où des méthodes de traitement du 

paysage ont été modifiées pour s’appliquer à un objet 3D, il s’agit d’adapter la 

VO aux objets raster. Ce nouvel indice a donc été comparé à ceux produits par 

un lot d’algorithmes couramment employés en géomorphologie (sky-view 

factor, positive openness, Topographic Position Index, …), et cela à partir de 

plusieurs MNE, présentant un large spectre d’échelles (voir article ci-après).  

Il m’a été donné l’occasion de travailler sur le site de Anza, près d’Agadir 

(Maroc) pour une étude visant à enregistrer de façon la plus exhaustive possible 

des traces de dinosaures sur des dalles de grès. En paléo-ichnologie, les relevés 

des empreintes animales s’effectuent essentiellement sur photos et par 

reconnaissance visuelle. C’est un travail de longue haleine, qui nécessite un haut 

niveau de compétence. Pourtant, les questions qui occupent les chercheurs durant 

la phase d’acquisition sont finalement identiques à celles exposées plus haut : 

identifier des traces à partir des variations du relief. L’étude reproduite en annexe 

(Annexe 2) compare les possibilités de reconnaissance par traitements de MNE 

produits par photogrammétrie et l’enregistrement effectué par des 

paléontologues dans le passé, suivant la procédure traditionnelle. 
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Abstract: The use of digital elevation models (DEMs) has become much more widespread in recent
years, thanks to technological developments that facilitate their creation and availability. To exploit
these data, a set of processing techniques has been developed to reveal the characteristic structures of
the relief. This paper presents a new method based on the volumetric approach, and two derivatives.
These methods are evaluated on three DEMs at different resolutions and scales: a freely accessible
DEM from JAXA DEM covering part of North-East Tanzania, a DEM corresponding to rock art
in Siberia, and a DEM of an archaeological Bronze Age funeral structure. Our results show that
with the volumetric approach, concave and convex areas are clearly visible, with contrast marking
slope breaks, while the overall relief is attenuated. Furthermore, the use of volume reduces the
impact of noise, which can occur when processing is based on sky visibility (e.g., sky-view factor or
positive openness) or second derivatives. Finally, the volumetric approach allows the implementation
of a vertical exaggeration factor, the result of which will enhance the particular characteristics of
the landscape. The present study comes with a standalone executable program for Windows, a
QGIS plugin, and the scripts written in Python, including GPU compute capability (via CUDA) for
faster processing.

Keywords: digital elevation model (DEM); relief mapping; visualization; volumetric approach;
data processing

1. Introduction

The study of landforms is an essential step in many research fields, such as geomor-
phology, geology, hydrology, archaeology, civil engineering, and mining. Quantitative
analyses are mainly based on digital elevation models (DEMs), a generic term for models
including vegetation or human structures (i.e., digital surface model), as well as those
describing only ground elevation (i.e., digital terrain model). Both are available in the
form of a raster grid. Nowadays, such resources can be produced by many different tech-
niques, with photogrammetry, synthetic aperture radar interferometry (InSAR or IfSAR),
and light detection and ranging (LiDAR) among the most common. As recent technological
developments have greatly facilitated both acquisition and processing, the production and
analysis of DEMs has become a standard, especially since low resolution DEMs covering
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the entire Earth are freely available from several governmental agencies (e.g., SRTM, Aster
GDEM, and ALOS WORLD 3D 30). A set of procedures has been developed to highlight
geomorphological features (e.g., valleys, peaks, and ridges), and elevation anomalies of
anthropogenic origin (e.g., ancient or recent quarries, mines, and walls) [1]. These pro-
cedures are based on color cast [2], differential geometry including slope and different
expressions of curvature [1,3–5], trend removal [6,7], sky visibility [8–10], artificial illumi-
nation [11–14], pattern analysis [15], and aspect changes [16], to cite the main algorithms.
Each of these tools produces a different picture of the relief, with associated advantages and
drawbacks. Note that combining these procedures for a single image may be particularly
informative [17].

The widely used analytical hill-shading simulates directional illumination. Its outputs
are straightforwardly interpretable and quite effective for revealing small elevation varia-
tions on flat surfaces, but they may be inefficient in the case of linear anomalies, parallel to
the illumination direction [13]. Topographic Position Index (TPI) is defined as the difference
in altitude between a central pixel and the mean of the surrounding cells in the DEM within
a radius r [18]. For convenience, the final TPI values are generally standardized (mean
equals 0 and standard deviation equals 1). The TPI emphasizes valleys, peaks, and edges
well, but fails to provide an overall view of the landscape. Mean curvature is based on
second derivatives. It is defined as the average of the two principal (minimal and maximal)
curvatures [19]. It varies between positive values for convex and negative for concave
landforms, while a zero value denotes a planar surface, steep or horizontal. In that sense, it
resembles TPI. Methods like sky-view factor (SVF, [8]) and positive openness (PO, [9,10])
rely on the portion of sky visible from all points. The SVF is based on a hemispherical
influence zone, and elevation angles are calculated from the horizon, whereas PO uses a
sphere and calculates angles from the nadir. Both are efficient for concave areas [10], but
behave differently on convex structures and slopes. They also suffer from sampling, as
the portion of visible sky is estimated from a predefined number of directions (usually 8),
while the presence of noise, even at a low level, in the close vicinity of the point of interest
may produce spurious results. More recently, Hu et al. (2021) focused on changes in aspect
direction (downslope direction). The underlying idea is to compute projected aspect change
vectors (PACV), quantifying terrain plan concavity and convexity without any need of
curvature, which is known to be scale dependent and sensitive to DEM errors. Shadows
play an important role in our perception of the world [20,21], which is why analytical hill-
shading is so popular. Another method, also based on shading, is ambient occlusion, which
has become widely democratized during the past two decades for processing 3D scenes.
It was developed in the video-game industry [22–26] to obtain a realistic rendering by
darkening the concave parts that naturally receive less light. In its simplest form, ambient
occlusion is obtained by simulating ambient light, coming from all directions at the same
time. This method soon resulted in a multitude of algorithms for rapid processing of 3D
models, all seeking to achieve a good balance between computational needs and quality.
One of these algorithms, volumetric obscurance (VO), is based on volumes [23]. It produces
a sphere centered on the point of interest, and considers the volume of this sphere outside
the 3D mesh as a proxy for illumination.

The aim of this study is to adapt the VO approach, initially designed for 3D models,
to the study of DEMs, and to evaluate the resulting outputs by comparing them to those
obtained with more classical methods, such as SVF, PO, mean curvature, TPI, and PACV.
The effects of two parameters are examined: (i) the radius of the sphere determining the
influence zone around each cell of the grid, which is an intrinsic parameter of VO, and
(ii) vertical exaggeration, which is a multiplying factor applied to the DEM values. Three
DEMs, with different resolutions, used for different purposes, illustrate the capabilities
of the proposed method. The first is used for geomorphological analysis in a volcanic
setting in Tanzania. The other two DEMs were produced and processed for archaeological
purposes. One represents a carving at a Siberian rock art site, and the other represents
funeral structures in the Arkhangai region, Mongolia.
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2. Material and Methods
2.1. Corpus

The first DEM used in this study (Figure 1a) was freely obtained from JAXA DEM
(provided by AW3D30, JAXA). This DEM, with a 30 m/px resolution, covers a region in
the northeast of Tanzania, on the margin of the East African Rift System. It extends from
the Serengeti Plain in the west to the Ngorongoro highland in the east, encompassing the
Salei Plain. Geomorphologically, this region is very contrasted, with a marked dendritic
river pattern, plateaus, and volcanic edifices with steep slopes [27–29].
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Figure 1. The three DEMs, all processed with analytical hill-shading. Red rectangles indicate
specific zones studied. (a) DEM of study area in Tanzania. (b) DEM of rock art representing a rider,
Shalabolino, Siberia. (c) DEM of funeral structure, Urt Bulag 2, Mongolia.

The other two DEMs used here were produced by photogrammetry with Agisoft
Metashape (https://www.agisoft.com/, accessed on October 2020) specifically for ar-
chaeological purposes. The Siberian DEM (Figure 1b) illustrates a petroglyph from the
Shalabolino rock art site, Minusinsk Basin, which has been well documented in many
methodological and stylistic studies [30–34]. This remarkable site exhibits carved and
painted figures dating from the Stone Age to the Early Middle Ages [30,31]. The example
processed here is a rider from the Tagar culture, dating from the Early Iron Age. It was
produced from photographs captured by a Sony DSC-RX100M3. The surface measures
22 × 22 cm2, with a resolution of 0.1 mm/px. The depth of the carved parts is approx-
imately 1 mm. The third DEM (Figure 1c) shows one of the larger Mongolian Bronze
Age funeral monuments: the khirigsuur Urt Bulag 2, located in the Khanuy River Valley
(Figure 1c). This monument is composed of a central stone tumulus (ca. 3 m high), sur-
rounded by hundreds of stone mounds and stone circles. Photographs were captured using
a DJI Phantom 3 PRO unmanned aerial vehicle. The entire DEM measures 359 × 426 m2,
with a resolution of 3 cm/px, and a subset was extracted for further processing (red
rectangle in Figure 1c).

2.2. Volumetric Approach

Volumetric Obscurance (VO), which determines the amount of occlusion around a
point of interest, P, was originally developed for processing 3D models. It was defined as:

V(P) =
∫

S
ρ(d(P, s))O(s)ds (1)

where S is a surrounding sample sphere, O(s) an occupancy function that takes the value 0
when s is inside the geometry, and is otherwise 1; ρ is a fall-off function, which is defined
to be 1 at P, possibly d0ecreasing progressively to 0, at a certain distance from P, d(P,s).
Loos et al., 2010 [23] performed several experiments, and observed that using a complex
fall-off function, for instance under a quadratic form, was unnecessary because of the
computation cost. These authors, therefore, retained a constant function only. In our case,
Volumetric Obscurance is computed after creating a spherical volume around a point of
interest (P, Figure 2a), from a DEM, and not from a 3D model. The portion of this sphere’s

https://www.agisoft.com/
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volume located above the surface described by the DEM is then calculated (Figure 2b). Two
additional processes were developed, based on the hemispherical volume used in SVF.
The process based on the zenith-oriented hemisphere (Figure 2c) will calculate the volume
above the surface (VOP: Volumetric Obscurance, “positive”). The process based on the
nadir-oriented hemisphere (Figure 2d) will calculate the volume below the surface (VON:
Volumetric Obscurance, “negative”).
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Figure 2. Illustration of the line sampling scheme for the three volumetric approaches, and related
equations. Different colored segments are used for each approach: (a) black segments sample the
sphere volume; (b) blue is used for VO calculation; (c) red for VOP; (d) green for VON.

The main difference with VO calculation, as described above in Equation (1), is that
volume portions assessed here are normalized to total sphere or hemisphere volumes.
The results are, therefore, comprised between 0 and 1, thus facilitating further readings
and comparisons.

VO =
sphere volume above surface

total sphere volume
, VO ∈ [0, 1] (2)

VOP =
hemisphere volume above surface

total hemisphere volume
, VOP ∈ [0, 1] (3)

VON =
hemisphere volume below surface

total hemisphere volume
, VON ∈ [0, 1] (4)

A line-based strategy is used to approximate these volumes [23]. Segments run
perpendicular to the horizon from the landform surface to their intersections with the sphere
(Figure 2). Segment lengths are summed for the targeted part: ΣLVOi for VO (Figure 2b),
ΣLVOPi for VOP (Figure 2c), and ΣLVONi for VON (Figure 2d). These approximated volumes
are normalized using that of the entire sphere (using ΣLi) for VO, and that of a hemisphere
(using 1/2 ΣLi) for VOP and VON. Note that VO is linked to VOP and VON by:

VO =
VOP−VON

2
+ 0.5 (5)

2.3. Algorithm

The raster format of DEMs is well adapted to line-based volume approximation as
each pixel can be used as the starting point to compute a segment length. The first step is
to define a grid where each pixel within a circle of radius r (Figure 3a) contains the value
of the zenith altitude of the hemisphere, h, taking into account the DEM resolution. This
grid becomes the reference for segment length calculation in the following (Figure 3b).
Consider now the case of any point, P, in a DEM for VO calculation: the second step is to
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shift the DEM, such that the altitude at P becomes 0 (Figure 3c). The altitude of each pixel
of the DEM around P is then subtracted from the altitude of the corresponding pixel in the
reference grid (Grid_value) to obtain the altitude of the sphere located above the relief. If
that difference, ∆h, is negative (case 1 in Figure 3c), the relief is above the sphere, and the
new pixel value is therefore set to 0. When the difference is positive, but less than twice
that of the Grid_value (case 2 in Figure 3c), then the new pixel value becomes ∆h. Finally, if
∆h exceeds twice the value of the grid, the relief is below the sphere (case 3 in Figure 3c),
and the new pixel value is set at twice that of the Grid_value. These new values correspond
to the LVOi used to compute the value of VO for the point P. This process is repeated for
each DEM pixel. Both VOP and VON are computed following the same principles. The
only difference between VO and VOP is that ∆h is compared to Grid_value, instead of
2 × Grid_value. For VON, the subtraction is reversed, thus calculating segment lengths
from below the landform.
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2.4. Implementation

The three methods presented above were implemented in Python, provided here as an
open-source script (SM1), as a standalone executable program for Windows (SM2), and as a
QGIS 3.X plugin (SM2). The vSky program uses the following Python libraries: PyQT 5.9.2,
Numpy 1.16.4, Pillow 6.1.0, Scipy 1.2.1, Cupy 6.0.0, and Gdal 3.0.2. This code allows any
projected DEM to be loaded and processed, provided that the resolution is the same in X
and Y. Three parameters are tunable: the radius of the sphere and/or hemisphere influence,
the strength of smoothing (which is obtained by applying a Gaussian kernel and fast
Fourier transform convolution), and the vertical exaggeration (Figure 4). Smoothing and
vertical exaggeration optionally pre-process the DEM. The first reduces aliasing and noise
by attenuating high-frequency relief, while vertical exaggeration applies a multiplying
factor to the altitude, exaggerating or attenuating variations in relief. Vertical exaggeration
is often used in combination with analytical hill-shading to adjust the visual aspect. After
calculation, results are saved as georeferenced raw data rasters, optionally together with an
8-bit version for each of the three treatments, and an RGB three-channel image combining
VO, VOP, and VON. The 8-bit images are produced after linear and saturation stretching
within a 2nd–98th percentile interval. In this process, the outputs ε [0,1] are remapped
to fit the 0–255 range for grayscale rendering. These simplified additional outputs are
produced for rapid visual inspection; any further calculation from this documentation
should therefore be avoided.
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3. Experiments
3.1. Algorithm Comparison

In the following, the three new processes—VO, VOP, and VON—are applied to the
Tanzanian JAXA DEM and are compared to results from TPI, mean curvature, PO, and
SVF (Figure 5a), computed with SAGA GIS (http://www.saga-gis.org/en/index.html,
accessed on October 2020). In addition, the correlation matrix between raw outputs is
provided in Figure 5b. This specific area was selected because it is among the examples
used to introduce the SVF algorithm [8]. To facilitate further comparison, processing was
systematically performed without pre-smoothing or vertical exaggeration, and a 300 m
influence radius (i.e., 10 pixels) was applied because this value has already been found
to be appropriate to study geomorphological features [8]. In the VO output (Figure 5a),
the overall perception of the landscape is somewhat lost, as the zones with constant slope
values, whether flat or regularly sloping, appear mid-gray (VO ≈ 0.5). Only convex and
concave areas are highlighted, where edges, ridges, and protruding parts (VO value > 0.5)
tend toward white, and thalwegs and bottoms (VO value < 0.5) tend toward black. The TPI
and, to a lesser extent, mean curvature rasters are almost the same as VO (rTPI-VO = 0. 997
and rM.CURV-VO = 0.924; Figure 5b), at least in the present configuration (i.e., without vertical
exaggeration); this point will be discussed later. With VOP, summits and flat areas are
essentially white (VOP ≈ 1), while concave parts are darkened (when concavity increases,
VOP decreases). Non-null slopes are displayed in mid-gray (Figure 5a). Almost the same
results are observed with SVF (rVOP-SVF = 0.891, Figure 5b), and to some extent with PO
(rVOP-PO = 0.822, Figure 5b), where constant slopes and flat surfaces are represented in

http://www.saga-gis.org/en/index.html
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similar ways [10]. Although whitish overall, the VON raster exhibits darkened convex
parts (VON decreases when convexity increases) and whitened concave and flat parts
(VON ≈ 1), i.e., inversely to the other methods. One could, therefore, suppose that VON
in some way produces mirror images of VOP, SVF, and PO. In fact, the situation is more
complex; different types of information are extracted. Both SVF and VOP specifically focus
on the relief present in the hemisphere above the surface (limited by the horizontal plane
passing through the point of interest), while VON is based only on the surface inside the
lower hemisphere. The SVF and VOP methods saturate if the relief is flat, and therefore
cannot capture convexity (Figure 6). By contrast, although VON is more efficient to describe
convex relief, it does not capture concavity, and saturates with flat relief (Figure 6). As a
result, poor inverse correlations are observed between VON and SVF (rVON-SVF = −0.080,
Figure 5b) and between VON and VOP (rVON-VOP = −0.096, Figure 5b). The PO and VO
methods take into account everything that is above the relief (Figure 6), including parts
below the point of interest. Therefore, they share common elements with VON, which
explains why the strength of the linear relationship is greater with PO (rVON-PO = −0.370),
and especially with VO (rVON-VO = −0.715) (Figure 5b). This is also true for the relationship
between VOP and VO, which are positively correlated (rVOP-VO = 0.765), but convexity
cannot be differentiated from flatness by VOP, while VO can describe the full range of relief,
from extreme concavity to extreme convexity (Figure 6).
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Figure 5. (a) Comparison between VO, VOP, VON, TPI, mean curvature (M.curv) PO, and SVF
processing applied to the Tanzanian DEM. (b) Diagram summarizing pairwise linear correlations for
all methods tested. The upper triangle reports the correlation coefficients. The diagonal cells present
the distribution values for each method. The lower triangle depicts pairwise scatterplots.
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Figure 6. Sketches where hatching depicts the zones taken into account by the VO, VOP, VON, SVF,
and PO methods, applied to different topographic cases.

Figure 7 displays a 2.8 km topographic cross-section (AB in Figure 7), oriented SW/NE,
across the northern hillside of the Embagai crater, and the values resulting from each
method (again with an influence radius of 300 m). The overall shape along the cross section
is largely lost (large-scale variations), whatever the processing applied. By contrast, all
topographical variations compatible with the set radius are emphasized (smaller-scale
variations). This is especially true for VO and VOP, which depict well the subtle altitudinal
variations inside the valleys (mark 1 in Figure 7), while the VON algorithm produces the
smallest relative amplitude and reacts less than the others to the abrupt changes in altitude
(the edge marked 2 in Figure 7). The SVF and PO profiles are noticeably more jagged than
those drawn from volumetric approaches, and from TPI and mean curvature (see ridge at
mark 3 in Figure 7). The VO, VOP, VON, TPI, and mean curvature processes also produce
slightly less sharp images than SVF and PO in Figure 5a. The reason is that the first four
methods take into account the entire relief within the radius r, and not only the position of
the relief limiting the sky (see changes between the first and second columns in Figure 6,
and [8,10]). This characteristic is an asset when the point of interest is surrounded by small
surface irregularities. The SVF and PO methods, based on visibility, are so sensitive to this
issue that a noise remover is introduced as an option in the Relief Visualization Toolbox
(RVT) software in order to reduce the deleterious influence of any protruding neighbors
blocking the view [8,35].

3.2. Parameter Influence
3.2.1. Vertical Exaggeration and Sphere Radius

Without vertical exaggeration (a pre-processing step commonly applied to increase
relief contrast), results from VO, TPI, and mean curvature appear almost identical (Figure 5).
For TPI calculation, if vertical exaggeration is applied by multiplying DEM values by a
scalar a, the differences in altitude between the point of interest and its surroundings are
also multiplied by a, (as well as mean and standard deviation) (Figure 8a). Once TPI values
are standardized and remapped on to a 0–255 range for a grayscale rendering, the resulting
map remains unchanged (Figure 8b). Vertical exaggeration, thus, has no effect on TPI, or
on mean curvature, for the same reason. For VO, the situation is quite different: when
the topography changes, the influence zone (the sphere) remains the same (Figure 8a).
Consequently, the volume of the sphere above the DEM is affected by vertical exaggeration,
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making this process more versatile than TPI and mean curvature because it can be adapted
to a greater variety of situations (Figure 8b).
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Figure 7. Plot of the topographic section, AB, across the northwestern slope of the Embagai crater,
associated with values of VO, VOP, VON, SVF, PO, TPI, and mean curvature (using a 10-pixel radius,
except for mean curvature, which uses a 5-pixel radius, as it is better adapted to the study area). The
altitude in meters is represented in black, VO in blue, VOP in purple, VON in green, SVF in orange,
PO in red, TPI in light blue, and mean curvature in light brown.
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Figure 8. The TPI and VO methods, without exaggeration and with exaggeration, applied on part
of the Tanzanian DEM. (a) Theoretical topographic profiles, without exaggeration and with x 2
exaggeration, for TPI and VO; (b) Scatterplots without exaggeration vs. with exaggeration (a = 1000),
and resulting DEM.
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Beside optional vertical exaggeration, volumetric methods basically possess one key
tunable parameter, the sphere radius, which must be adapted to the size of the features to
be highlighted, as with SVF and PO [8,10]. To examine the combined influence of vertical
exaggeration and sphere radius, the Shalabolino rock art DEM (resolution 0.1 mm/px)
was processed with VO by crossing three values for the r radius: 5, 20, and 40 pixels
(equivalent to 0.5, 2 and 4 mm), with three vertical exaggerations: none (i.e. ×1), ×5, and
×20 (Figure 9a–i). The tiniest, sub-horizontal cracks near the rider’s feet and the horse’s
rump are identified at the smallest radius, corresponding to 0.5 mm, but not with the two
other radii, which nevertheless better isolate the rider and the steed, at the expense of overall
smoothing (Figure 9a, see also SM3 for a zoomable version of Figure 9). Exaggerating the
relief allows better delimitation of the bottoms of the engraved parts, but also an increase
in the salt-and-pepper effect, due to irregularities in the rock surface (see the upper part
of the DEM, in particular in Figure 9e,f,i). The optimal adjustment between radius and
vertical exaggeration needs to be sought in relation to the purpose: good perception of the
shape engraving, or a more detailed focus on how the carving was made, including the
surface condition of the rock.
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Figure 9. Resulting combinations between influence radius of the sphere and vertical exaggeration
for the Shalabolino DEM, processed with VO. Columns correspond to sphere radius values of 5 px
(i.e. 0.5 mm), 20 px (2 mm), and 40 px (4 mm). Rows correspond to vertical exaggeration factors of 1
(no exaggeration), 5, and 20.

The hydrologic network of the Serengeti plain provides another example to demon-
strate the capabilities of vertical exaggeration applied before VO calculation (Figure 10).
Analytical hill-shading was processed without exaggeration to facilitate good understand-
ing of the topography (Figure 10a), while a factor of 1000 was applied before computing
VO, SVF, and PO (Figure 10b–d), with a 10-pixel radius, and without pre-smoothing or
noise removal. The hydrologic network is revealed whatever the approach, and the valley
bottoms are well marked in all cases, as expected. However, the VO image is crisper with
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narrower talwegs (Figure 10b). The SVF and PO rasters exhibit a more pronounced salt-
and-pepper effect, due to the greater sensitivity of these algorithms to noise, as mentioned
above (Figure 10c,d). Hu et al. (2021) [16] suggested using changes in aspect (namely
PACV) to quantify concavity and convexity from DEMs, thus better identifying ridges
and valleys. Here, PACV was computed using a modified version of the Python scripts
made available by Hu et al. (2021) at https://github.com/NJNU-DTA/PACV (accessed on
October 2020) (Figure 10e). Interestingly, an equivalent output can be obtained with the
VO algorithm, when the DEM is adequately smoothed and exaggerated (Figure 10f). As
PACV is not scale dependent, exaggeration has no effect on its output, whereas VO can be
freely tuned using exaggeration for more versatility.
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Figure 10. Tanzanian DEM subset on the Serengeti Plain, processed by (a) analytical hill-shading
without vertical exaggeration, (b) VO, (c) SVF, (d) PO, with vertical exaggeration of 1000 and a radius
of 10 px, corresponding to 300 m; (e) PACV from a non-exaggerated DEM, and an aspect raster map
with a radius of 5 px, (f) VO with vertical exaggeration of 1000, a radius of 5 px, and a smooth factor
of 10.

3.2.2. VO as Feature Input for Automatic Recognition

The DEMs are often pre-processed to bring out more clearly the particular signa-
ture of the features sought, such as crater ridges [36,37], archaeological structures [38,39],
roads [40], and valley embankments related to mining [41]. As previously shown, VO
provides well-contrasted results at the level of slope breaks, making it possible to identify
ridges, valley bottoms, and positive and negative anomalies, thus providing a potentially
effective source for automatic detection. As an example, the stones are clearly identifiable
from every volumetric output (i.e., VO, VOP, VON) processed on part of the Urt Bulag
2 DEM (Figure 11a–c). Interestingly, these three processes can be combined to form a single
RGB image (Figure 11d), where processing fills each of the color channels. Flat parts appear
in light blue, convex parts (mound tops) in yellow, and concave parts in dark blue. Red
corresponds to strong slopes (>25–30◦). Such an image should not be used for calculation,
but it may be more straightforward to interpret, at a glance, without closely examining VO,
VOP, and VON, one after the other. Interestingly, it may be used as input for automatic
detection of structures, with algorithms using RGB images, such as object detection via
deep learning [42].

https://github.com/NJNU-DTA/PACV
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Figure 11. Subset of the Urt Bulag 2 DEM, processed with (a) VO, (b) VOP, and (c) VON; (d) represents
an RGB combination of the three processes, filling each of the RGB channels. All methods use a
radius of 6 px (18 cm), without exaggeration.

4. Conclusions

This study introduces three new DEM processing methods based on volumetric
approaches: VO, VOP, and VON. The principle is to consider the entire volume above or
below the relief within the area of influence, which is spherical for VO, and hemispherical
for VOP and VON. Although the procedures proposed here share common properties with
existing algorithms, they possess several interesting assets. First, there is no need to sample
a set of directions, as with SVF and PO calculation. Second, the assessment of a volume
instead of a sky-limiting relief is much less affected by possible noise, a frequent problem
in the case of SVF and PO, which may require nearest neighbors to be ignored. That is also
true because the volumetric approach does not require derivatives, which generally suffer
from numerical instability. Finally, vertical exaggeration, which has no effect on TPI, mean
curvature, and PACV, can be applied before VO computation to enhance specific landscape
features. The VO essentially yields gray results, attenuating the overall relief, with strong
black-white contrast on slope breaks. Its interpretation may appear less intuitive than that
provided by analytical hill-shading, but it is much more specific (and informative) for relief
anomalies at a given scale; note that VON and VOP can also be examined in combination, to
better apprehend the overall landform. These three new processing tools can be efficiently
used in all research fields exploiting DEMs, and at any scale, for semi-automated detection
based on thresholding or deep learning. Advantageously, they can provide almost the
same information as the traditional processing tools (SVF, PO, TPI, mean curvature, and
the more recent PACV approach) by simply using adequate tunings, which are limited
to only three parameters: level of smoothing, exaggeration, and radius. A standalone
executable Windows program, which includes GPU compute capability (via CUDA) for
faster processing, together with a QGIS plugin, the Python snippet, and an accompanying
user manual are freely obtainable in (SM1–2). Such availability should promote testing,
and hopefully, dissemination to a broader audience for research purposes.

Supplementary Materials: The following supporting information can be downloaded at: https:
//gitlab.huma-num.fr/fmonna/vsky/-/tree/Paper_Supp_Mat (accessed on 26 January 2022). SM1:
Python open-source script of vSky. SM2: Standalone executable version of vSky for Windows with
user guide and DEMs examples as well as the QGIS 3.X plugin of vSky. SM3: Full resolution version
of the Figure 9.

https://gitlab.huma-num.fr/fmonna/vsky/-/tree/Paper_Supp_Mat
https://gitlab.huma-num.fr/fmonna/vsky/-/tree/Paper_Supp_Mat
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Chapitre 3. Documentation 
assistée par intelligence 
artificielle 
 

 

 

3.1. Dessin pierre à pierre 
 

Les principales difficultés pour l’étude des khirigsuurs sont leur nombre 

ainsi que l’immensité de l’aire de répartition. Certains complexes peuvent 

s’étendre sur plusieurs km², rendant l’organisation de l’espace extrêmement 

difficile à appréhender depuis le sol. La création des plans de ces complexes est 

souvent longue. Parfois plusieurs campagnes sont nécessaires (Monna et al. 

2020, Frohlich et al., 2008, surtout si le plan du khirigsuur est recherché au plus 

grand détail (i.e. pierre à pierre). La photographie aérienne permet de prendre du 

recul par rapport au site et de mieux comprendre l’agencement des éléments du 

monument, les uns par rapport aux autres. Jusqu’à très récemment, les méthodes 

pour réaliser ce type de photos étaient assez limitées : ballons ou cerfs-volants. 

Aujourd’hui, avec la démocratisation des drones, la photographie aéroportée est 

facilitée. Elle rend possible la capture de photos aériennes d’un site, mais surtout, 

grâce à la photogrammétrie, la création d’orthomosaïques et de MNE. Cette 

technologie permet de couvrir de grandes zones en peu de temps. Le drone donne 

donc un nouvel élan dans l’étude de l’organisation des khirigsuurs en apportant 

rapidement, et à bas coût, une quantité importante de données. Intervient alors 

un autre facteur limitant : le temps de traitement nécessaire pour que les images 

produites soient exploitables dans une optique de recherche. Dessiner une à une 

les pierres constituant le khirigsuur à partir des orthomosaïques est peu réaliste. 

L’idée serait donc de trouver une solution pour extraire le plan des khirigsuurs à 

partir des orthomosaïques, ou du moins les pierres qui composent les 

monuments. Il est donc question ici de classer les pixels des images en fonction 
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de leur attribut : pierre ou non pierre. La solution envisagée est celle de 

l’apprentissage automatique supervisé. Elle consiste à entrainer un algorithme 

qui va « apprendre » à reconnaitre des schémas (pierre/non pierre) à partir d’un 

jeu de données (valeurs des pixels). L’apprentissage se fait à partir de données 

préparées par l’utilisateur contenant des individus (ici des pixels) déjà classés. 

Une fois l’entrainement achevé, l’algorithme est capable de classer les individus 

non rencontrés jusqu’alors.  
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a  b  s  t  r  a  c  t

The  present  study  proposes  a workflow  to  extract  from  orthomosaics  the enormous  amount  of  dry  stones
used  by  past  societies  to  construct  funeral  complexes  in  the  Mongolian  steppes.  Several  different  machine
learning  algorithms  for binary  pixel  classification  (i.e.  stone  vs  non-stone)  were  evaluated.  Input  features
were  extracted  from  high-resolution  orthomosaics  and  digital  elevation  models  (both  derived  from  aerial
imaging).  Comparative  analysis  used  two colour  spaces  (RGB  and  HSV),  texture  features  (contrast,  homo-
geneity  and  entropy  raster maps),  and  the  topographic  position  index,  combined  with  nine  supervised
learning  algorithms  (nearest  centroid,  naive  Bayes,  k-nearest  neighbours,  logistic  regression,  linear  and
quadratic  discriminant  analyses,  support  vector  machine,  random  forest,  and  artificial  neural  network).
When  features  are  processed  together,  excellent  output  maps,  very  close  to  or  outperforming  current
standards  in  archaeology,  are  observed  for almost  all classifiers.  The  size  of  the  training  set  can  be  dras-
tically  reduced  (to  ca.  300  samples)  by majority  voting,  while  maintaining  performance  at the  highest
level  (about  99.5%  for  all performance  scores).  Note,  however,  that  if the  training  set  is inadequate  or  not
fully  representative,  the  classification  results  are  poor.  That  said,  the  methods  applied  and  tested  here  are
extremely  rapid.  Extensive  mapping,  which  would  have  been  difficult  with  traditional,  manual,  or  semi-
automatic  delineation  of  stones  using  a vector  graphics  editor,  now  becomes  possible.  This  workflow
generally  surpasses  pedestrian  surveys  using  differential  GPS  or a total  station.

© 2020  Elsevier  Masson  SAS. All  rights  reserved.

Introduction

Soon after the start of aerial photography, which became fully
operational during WW1,  archaeologists realized the potential of
this technique for discovering new sites, apprehending large com-
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plexes in a new way, and understanding the spatial organisation
of archaeological structures [1]. For a long time, greyscale pic-
tures were captured in low sunlight to reveal elevation anomalies
as shadow marks [2]. Later, the introduction of colour photogra-
phy became an important asset to identify subtle colour variations,
which may  occur in field crops, either because soils above buried
walls generally retain less moisture, or because water may  accumu-
late close to the structures [3]. Nowadays, the range of acquisition
techniques in aerial archaeological investigation is huge, from
satellites to small unmanned aerial vehicles (UAVs), and images are
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produced in both in visible and invisible spectra (e.g. [4]). However,
because of their low cost and versatility, UAVs are often privileged
by archaeologists over other solutions. High-definition surveys
over several km2 are possible with UAVs, by dividing the area of
interest into several smaller tiles (depending on UAV flight capac-
ity). In contrast with pioneering works, photographs are now often
acquired not only to provide aerial images, but also high-definition,
georeferenced orthomosaics, and digital elevation models, also
known as DEMs [5]. Landscape representations are then recon-
structed with the help of photogrammetry, a technique that is about
to become the new standard in archaeology for field documenta-
tion [6,7]. Scientists dealing with such a massive information flow
may, however, encounter serious difficulties in producing docu-
mentation suitable for further exploitation in a reasonable amount
of time [8], particularly when stones or archaeological structures
are delineated manually with a vector graphics editor. The burial
structures in the Arkhangai province (Mongolia) are a perfect exam-
ple of this type of bottleneck. This region is extremely rich in funeral
monuments dating from the Bronze Age and the Iron Age. Funeral
complexes from the Iron Age are composed of decametric dry-stone
arrangements [9,10], sometimes encompassing several km2. Even
for a skilled expert, it is extremely difficult to identify any clear
organisation of the monument from the ground, mainly due to
the vast area covered. By contrast, orthomosaics provide extremely
valuable information [11]. Almost every individual stone can be dis-
tinguished in the open steppes, especially when the grass is low due
to livestock grazing. In this specific example, as in many other situa-
tions of this kind, a rapid and accurate procedure to extract, at least
semi-automatically, stone boundaries from the data acquired by
UAV would be a valuable improvement in the acquisition speed of
archaeological documentation. The problem, in a nutshell, consists
of a binary pixel classification (stone vs non-stone), and solu-
tions can be sought in the numerous machine learning algorithms
increasingly used in archaeology [12–15]. Colour information is
an obvious candidate for input data, as stones are clearly visible
in the images. Other variables, such as those related to the spa-
tial arrangement of the tonal information (also known as textural
features) may  also be highly relevant, as demonstrated in various
fields, such as remote sensing, ecology, etc. [16,17]. Local altitu-
dinal variations may  also be useful as input data for classification
[18].

Research aim

To treat the set of input features mentioned above, supervised
learning should be privileged in the present case, because the oper-
ator determines the number of output classes (here two) in a very
specific way, in conformity with the objectives, unlike unsuper-
vised learning [19]. Although this approach inevitably introduces
a manual and relatively time-consuming training step, outcomes
should be much closer to documentation directly exploitable from
an archaeological point of view. Here, our objective is to com-
pare several solutions for binary pixel classification, by combining
different input features: colour, textural parameters, and topog-
raphy, with nine supervised machine learning algorithms: nearest
centroid, naive Bayes, k-nearest neighbours, logistic regression, lin-
ear and quadratic discriminant analyses, support vector machine,
random forest, and artificial neural network. For the first exam-
ple, the famous 9-ha site of Jargalant, descriptive features were
progressively introduced into the algorithms, and classification
performance was investigated statistically and then empirically,
by assessing the archaeological potential of the maps obtained.
Once the best approach had been selected, it was  applied to
the larger area of Tsatsiin Ereg, and the results were evalu-
ated.

Material and methods

The sites

The photogrammetric campaign took place during three sum-
mer  periods (2016–2018), within the framework of the “Joint
Monaco-Mongolian Archaeological Mission”. It focused mainly on
the site of Tsatsiin Ereg, in the Khoid Tamir valley, located about
500 km southwest of Ulaanbaatar, but also on other smaller sites,
either in the vicinity of Tsatsiin Ereg, or in Jargalant, a site famous
for its deer stones, about 80 km away [20]. The site of Tsatsiin
Ereg is characterized by a remarkable concentration of large, well-
preserved complexes, including barrows, satellite quadrangles,
circles, enclosures, and stone alignments formed by the accumu-
lation of dry stones. The most sophisticated complexes, which can
extend over several square kilometres, date from the late 2nd to
early 1st millennium BC [21–23]. The plethora of structures com-
posing these funeral complexes makes it difficult to understand the
precise chronology of the building phases. However, the repetition
of certain elements, related to funeral practices, sacrificial rituals,
and artistic style, indicates cultural coherence shared over a large
area by past nomadic societies, which should be studied to better
apprehend cultural interactions.

Orthomosaic and DEM production

Pictures were captured by an unmanned aerial vehicle (UAV), a
DJI Phantom 3 PRO equipped with a GPS and a 12 Mpix camera. The
lens was  a 20 mm (equivalent 35 mm)  f/2.8, producing a diagonal
field of view of 94◦. The flight plan was programmed via a free
Android application (Altizure App, https://www.altizure.com/),
where target area positioning is facilitated by displaying a satel-
lite image as background. The operator sets the height flight above
ground, the size and orientation of the region of interest, as well as
the capture density, by choosing the amount of forward and side
overlap (typically 75–80%). The UAV can then automatically follow
a zigzag pattern, taking a series of photographs in the nadir direc-
tion. As sensor definition and focal of the lens are fixed, the distance
between the centres of two  consecutive pixels at ground level, also
known as the ground sample distance (GSD), depends only on the
height of flight [24]. At this point, it is worth recalling that GSD
should be at least half the size of the smallest details to be captured
optically. If the smallest stones of interest measure approximately
20 cm,  they should be recognisable at a flight height of 100−150 m
(GSD of 4.3–6.5 cm/px, theoretically). In practice, the areas studied
were divided into smaller square regions of interest of approxi-
mately 9−10 ha, which can be covered by UAV  without battery
replacement at a flight height of 100−150 m, a value typically used.
Ground control points were placed before acquisition, and the dis-
tances between them were measured with a laser telemeter Leica
Disto D510, able to work in sunlight up to 200 m,  with a precision of
ca 1 mm.  Typically 80–110 pictures were captured per tile, taking
15−20 min  in the field. In the laboratory, orthomosaics and DEMs
were produced by the Photoscan PRO software, v. 1.4.3 from Agisoft.
Picture alignment and subsequent sparse cloud construction were
strongly constrained by the distances between GCPs. This step,
which helps to structure the 3D model, was useful here, as wind
causing movement of long grass (which dominates the landscape
studied) may  lead to the accumulation of slight alignment errors
between pictures. The workflow then consisted in densifying the
cloud, producing height field models, DEMs, and orthomosaics, at
a fixed resolution of 5 cm/pixel for Tsatsiin Ereg and 8 cm/pixel for
Jargalant (see Refs. [22,25] for more details about the photogram-
metrical workflow). It is worth mentioning that the use of GCPs
precisely georeferenced with differential GPS, for example, would
have been optimal for accurate positioning of the maps produced.

https://www.altizure.com/
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Fig. 1. Scheme of feature engineering. Colour as RGB and HSV colour space; texture features as HOM (homogeneity), ENT (entropy), and CON (contrast). TPI for topographic
position index, deduced from DEM, displayed as colour hill-shaded map.

Although georeferencing here only derives from the GPS embarked
into the drone because of logistic constraints, the relative error
of the models produced does not exceed 10−20 cm,  while abso-
lute error, assessed by projecting orthomosaics on Google Earth
(considered as true reference), does not exceed 1−3 m.

Feature inputs

In order to evaluate which input feature (or combination of
features) is the most pertinent for binary classification (i.e. stone
vs non-stone), several image representations were obtained from
original orthomosaics and DEMs.

RGB colour space
In its most common version: 24-bit encoding, the image is

composed of one channel for each of the three primary colours
processed by cameras and computers: red, green, and blue. Each is
encoded on 8 bits, producing 256 possible discrete values per chan-
nel, and a palette of 16 777 216 discrete combinations. This colour
space uses additive colour mixing to compose the final image. In
the following, images are split into 3 channels (namely R, G, and
B), and each colour channel is treated separately as a single feature
(Fig. 1).

HSV colour space
Colour transformations into non-RGB colour space have some-

times been shown to enhance classification performance [26].
Similarly to the RGB colour model, the HSV colour space is com-
posed of three channels (for hue, saturation, and value), denoting
colour property, perceived colour intensity, and perception of
brightness (Fig. 1) [27]. The HSV channels are obtained from those
composing the RGB.

Grey level Co-occurrence matrix (GLCM) and texture parameters
Developed by Haralick et al. [28], GLCM texture parameters

belong to the family of statistics describing the arrangement of
pixels separated by a certain distance, in different directions. Orig-
inally 14 parameters were proposed as image texture features,
but only three of them are used in the following: contrast (CON),
homogeneity (HOM), and entropy (ENT), because they have been
recognized to enhance classification accuracy [29,30]. Their cal-
culation is a two-step process: the computation of the grey level
co-occurrence matrix from an image with g grey levels (obtained
from the RGB image), and the calculation of the descriptors from
this matrix (see Ref. [31] for details). The contrast descriptor,
calculated for each pixel, illustrates the local variation of pixel
intensity within a certain spatial range, while homogeneity and
entropy describe the local sameness of grey levels of pixels, in
other words the tonal variations in space. Three parameters must
therefore be tuned: spatial scale (i.e. window size), the number
of grey levels in the image to be processed, and the directions
for which GLCM is computed (Note that calculations covered all
directions using 32 grey levels and a window size of 9 × 9 pixels,
i.e. representing typically 0.2–0.5 m2. See Fig. 1 for map  exam-
ples).

Topographic position index (TPI)
This index, widely used for automatic landform classification

[32], is simply defined as the difference in altitude between a cen-
tral pixel and the mean of the surrounding cells in the DEM [33].
The TPI depends only on topography and the size of the search
window defining neighbours. In the present case, this size should
be larger than the elements of interest, to highlight them as pos-
itive or negative anomalies (In the following, a square window of
201 × 201 pixels, covering about 100–250 m2, was found appropri-
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Fig. 2. The machine-learning pipeline for binary pixel classification.

ate. See Fig. 1, where the DEM is coloured and hill-shaded for better
understanding).

Machine learning algorithms

Underlying idea
Here, the aim is to predict, for each pixel, the presence or absence

of stone, from a set of features selected among those enumerated
above (i.e. colour channels, texture maps, and TPI). Let Y be the class
ensemble composed, in our case, of two categories: yc , (with c ∈
[0,1]), and x a vector describing the set of n features, x = {x1,. . .,xn}.
In supervised learning, the operator first teaches the mathematical
model, labelling by hand a set of pixels with and without stones.
From that training set or a subset of it, patterns are sought in x to
predict class labels, Y. The classifier tries to find a mapping function
(i.e. a decision rule), f(x)→ Y, which is then used to map  new, unseen
data. Nine popular classifiers listed below were tested in this study.
As they are extensively explained in many textbooks [34–36], they
are only briefly described, to facilitate clearer understanding for
readers unfamiliar with machine learning, and a simplified pipeline
is provided in Fig. 2.

Naive Bayes (NB)
This classifier is one of the simplest algorithms used for binary

classification. As indicated by its name, it is based on the Bayes’
theorem, and is naïve as it assumes that every pair of features
is independent, a situation rarely met  in real-world data. Con-
tinuous variables are assumed to follow Gaussian distributions
within each class, allowing the calculation of conditional prob-
abilities, p (xi|yc), from the training set [37]. Combined with the

independence assumption, a class label, ŷNB, corresponding to the
most probable class (that with maximum a posteriori probability)
is assigned following:

ŷNB = argmax
c

p (yc)
∏n

i=1
p (xi|yc)

Nearest centroid (NC)
It simply compares the position of a sample in the feature space

to the centroid of each class determined from the training set, and
labels it with the class where the mean, �c , is the closest (see Sup-
plementary Material S1a for an illustration):

ŷNC = argmin
c

∣∣�c −x|

k-nearest neighbours (KNN). For the classification task, the KNN
algorithm identifies the k nearest neighbours in the feature space of
the training samples, T =

{
SNN

1 , . . .,  SNN
k

}
, and proceeds by major-

ity voting to assign a class label, ŷKNN (Supplementary Material
S1b):

ŷKNN = argmax
c

∑

Si ∈ T

I(yc = yNN
i )

with yNN
i

the class label of the i-th neighbour among the k nearest
neighbours, and I(yc = yNN

i
) equal to 1 if the classes of SNN

1 and yc

are the same, and 0 otherwise. Despite its simplicity, this algorithm
often provides competitive results, but the value of k (usually odd)
needs to be set by the operator, or optimized [38]. The operator may
also choose the metric used for distance, e.g. Euclidian, Manhattan,
and possibly a weight, inversely proportional to the distance of each
of the k neighbours, which may  be useful when classes are clearly
unbalanced.

Logistic regression (LR)
A new variable, z, is first built as input from a linear combination

of weights and sample features: z = wTx. Then, the logistic function,
also known as a sigmoid cumulative logistic distribution, quashes
the range of possible outputs within the [0,1] range that can be
interpreted in terms of probabilities (Supplementary Material S1c).
From these results, a class label is assigned as follows [35]:

ŷLR = argmax
c

p (yc |x, w)

Several different strategies exist to optimize the weights, w,  and
to perform a regularization step, to handle collinearity among fea-
tures, as well as to prevent overfitting. Logistic regression performs
well for classes that are linearly separable (details can be found in
Ref. [39]).

Linear and quadratic discriminant analyses (LDA & QDA)
These models assume a Gaussian density for each class. Bayes’

rule is applied to calculate conditional probabilities, p (yc |x), and
hence to predict classes, by choosing c, which maximizes p (yc |x).
For LDA, all classes are supposed to have the same covariance
matrix, and decision boundaries are linear (Supplementary Mate-
rial S1d), but not for QDA (Supplementary Material S1e), which
makes decision boundaries more flexible [40].

Support-vector machine (SVM)
This very popular algorithm for classification seeks to maxi-

mize the margin between the decision boundary hyperplane and
the closest training samples from this hyperplane, which are called
support vectors [41]. The idea behind this procedure is to produce
a clear gap between samples belonging to both categories (Supple-
mentary Material S1f). Interestingly, SVM can also be used for data



122 F. Monna et al. / Journal of Cultural Heritage 43 (2020) 118–128

not linearly separable, after the application of a mapping function,
which transforms the input data, in a higher dimensional space
where classes become linearly separable. This step takes advan-
tage of the so-called “kernel trick” for computation, by applying,
most often, a radial basis function (RBF), which is in fact a Gaussian
kernel [42].

Random forest (RF)
It belongs to the class of ensemble methods, capable of both

classification and regression, in the case of linear and non-linear
problems. The algorithm proceeds by aggregating a bunch of clas-
sification trees built randomly: instead of constructing splits on
the basis of feature importance, the best feature is sought among
a random subset of input variables (Supplementary Material S2a).
The idea behind the algorithm is that predictions made by indi-
vidual decision trees may  not be correct but, once they have been
combined, label predictions will be more accurate and stable [43].
Several parameters must be tuned for forest construction (e.g.
number of trees, number of levels in each decision tree, etc.), and
concerning the method used for sampling data points.

Artificial neural network (ANN)
This algorithm is vaguely inspired by the human brain [44]. Sev-

eral hidden layers composed of several nodes are placed between
input (i.e. features) and output (class labels) layers. Each node
receives input values from the previous layer. Values are pondered
by weights and biased, and then passed through an activation func-
tion, used to determine whether and to what extent the signal
moves to the next layer (Supplementary Material S2b). Weight
and bias values are optimized by iterating the following steps: (i)
predicted output calculation (feedforward step), and (ii) update of
weight and bias (backpropagation step) [36]. The operator must set
the number of hidden layers and units, the learning rate, the type
of activation function, etc.

Hard voting
Hard voting consists in aggregating predictions made by each

individual classifier, or a subset of them, and then predicting the
class by simple majority voting (Supplementary Material S2c). The
underlying idea is that several models are probably more reliable
than just one.

Hyperparameter tuning and metrics for model evaluation

Basically, a good practice to evaluate the capacity of the models
produced to generalize to unseen data is to split the supervised data
into two groups, one for training (here 70% of the dataset), with
the remainder (30%) as a test dataset [36]. However, depending
on learning strategies, as mentioned above, several model hyper-
parameters (some of them tackling overfitting via regularization)
have to be fine-tuned. This optimization step is operated by a brute
force search on a grid of possible hyperparameter values, using
inner cross-validation on the training set. For final model evalua-
tion, two strategies are possible. The first simply applies the model
to the test dataset. This method provides a single evaluation value,
which is unbiased, as these data were not used to build the mod-
els [44]. Note, however, that results may  depend on how the data
were split into training and test sets. The second strategy computes
an outer cross-validation by splitting the data into k folds, apply-
ing the model to k-1 folds, keeping the remainder for performance
evaluation, and repeating the operation k times [45]. Results are
almost unbiased [46] and, interestingly, may  be expressed in terms
of confidence intervals. Both strategies were used here.

Several metrics are available to evaluate the models, including
precision, recall, F1-score, and accuracy [36]. Let TP, TN, FP, and

FN be the True Positive, True Negative, False Positive and False
Negative, respectively (with positive being a stone).

Precision = TP
TP + FP

Recall = TP
TP + FN

F1-Score deals with both precision and recall. It is the harmonic
of both scores:

F1 − Score = 2.
Precision . Recall

Precision + Recall

Accuracy is defined as the percentage of correct predictions:

Accuracy = TP + TN
TP + FP + TN + FN

Most archaeologists prefer to save all the stones if possible, even
if they need to perform a minor a posteriori cleaning of false posi-
tives. As a consequence, hyperparameters were tuned to maximize
recall.

Practical implementation

Computation of GLCM and TPI used the glcm package and
a homemade script, both written for the free R software
(https://www.r-project.org/). Colour manipulation, application of
machine learning algorithms to standardized data, and georefer-
encing of the maps produced used the scikit-learn 0.20.3, opencv
4.1.1, rasterio 1.0.22, gdal 2.4.2, and scipy 1.2.1 libraries for Python
3.7.1 (https://www.python.org/). Final results, expressed as georef-
erenced polygon vector layers, were integrated using the free QGIS
software (https://www.qgis.org). Point pickup to produce the train-
ing dataset used ImageJ (https://imagej.nih.gov/ij/), or a homemade
snippet based on OpenCV.

Results and discussion

Feature engineering and choice of machine learning algorithm

Tests to select the best combination of features and algorithm
were conducted, for the Jargalant site, on images extending over
5043 × 4546 pixels. Six feature combinations: (i) R + G + B, (ii) H + S +
V, (iii) H + S, (iv) CON + HOM + ENT, (v) R + G + B + CON + HOM + ENT,
and (vi) R + G + B + CON + HOM + ENT + TPI were evaluated with each
of the 9 algorithms listed above. Such a progressive scheme of fea-
ture selection aims at identifying the most relevant features in
the classification process, thus building a better classifier with-
out computational overload. Results, expressed as precision, recall,
F1-Score, and accuracy using an inner cross-validation on the train-
ing set are summarized for each combination in Table 1 (see also
Supplementary Material SM3  for scores from test set). Pixels were
manually picked out on the orthomosaic to train the model with
363 positive and 1010 negative cases. Such a dataset may  appear
oversized and time-consuming for a procedure requiring manual
operation. This is especially true when repeated several times for
large sites, covering several square kilometres. However, the objec-
tive here was to evaluate the influence of the size of the training set,
in terms of performance, which therefore required a vast number
of samples.

RGB as input features
Results appear to be good, most of the time >93%, up to 98.5%,

whatever the algorithm applied to the RGB information alone
(Table 1). These good scores are all the more remarkable in that
they include some rather basic procedures, such as naive Bayes,

https://www.r-project.org/
https://www.python.org/
https://www.qgis.org
https://imagej.nih.gov/ij/
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Table  1
Scores and standard deviation (obtained using an inner cross-validation on the training set) of combinations between features and machine learning algorithms for the site
of  Jargalant. Note that for such high values, close to 100%, the standard deviation calculation is no longer correct. It is nonetheless provided for comparison purposes. NB for
Naive  Bayes, NC for nearest centroid, KNN for k-nearest neighbours, LR for logistic regression, LDA and QDA for linear and quadratic discriminant analyses, SVM for support
vector  machine, RF for random forest, ANN for artificial neural network. Texture features encompass contrast, homogeneity, and entropy. In bold, the results corresponding
to  the four feature combinations: RGB, texture (CON + HOM + ENT), RGB + texture, RGB + texture + TPI, presented in Fig. 3.

RGB HSV Texture Texture + RGB Texture + RGB + TPI

NB precision 90.3 ± 2.0 88.1 ± 4.1 94.8 ± 2.0 94.8 ± 2.0 94.6 ± 3.5
recall 96.7 ± 1.1 91.7 ± 3.4 98.9 ± 1.0 99.2 ± 0.7 99.5 ± 0.7
F1-Score 93.4 ± 1.2 89.8 ± 2.4 96.8 ± 0.8 96.9 ± 0.9 96.9 ± 2.0
accuracy 96.4 ± 0.7 94.5 ± 1.4 98.3 ± 0.5 98.3 ± 0.5 98.3 ± 1.1

NC  precision 87.6 ± 2.5 84.9 ± 3.9 96.0 ± 1.1 96.6 ± 1.3 98.1 ± 2.3
recall 91.1 ± 1.2 98.1 ± 1.4 97.8 ± 0.7 99.4 ± 0.7 99.4 ± 1.1
F1-Score 92.8 ± 1.8 91.0 ± 2.6 96.9 ± 0.7 98.0 ± 0.6 98.8 ± 1.5
accuracy 95.9 ± 1.0 94.8 ± 1.6 98.3 ± 0.4 98.9 ± 0.3 99.3 ± 0.8

KNN  precision 98.0 ± 1.5 96.4 ± 2.1 99.4 ± 1.1 99.7 ± 0.5 99.2 ± 1.1
recall 93.4 ± 3.6 94.2 ± 2.8 97.0 ± 1.6 98.6 ± 1.5 99.2 ± 1.1
F1-Score 95.6 ± 1.9 95.3 ± 2.3 98.2 ± 1.0 99.2 ± 0.7 99.2 ± 0.8
accuracy 97.7 ± 1.0 97.5 ± 1.2 99.1 ± 0.5 99.6 ± 0.4 99.6 ± 0.4

LR  precision 97.2 ± 1.4 91.9 ± 2.7 99.4 ± 1.1 99.7 ± 0.6 99.4 ± 1.1
recall 96.4 ± 1.9 93.1 ± 2.6 98.3 ± 1.0 98.9 ± 0.6 99.2 ± 1.1
F1-Score 96.4 ± 1.3 92.5 ± 2.4 98.9 ± 0.9 99.3 ± 0.4 99.3 ± 1.1
accuracy 98.3 ± 0.7 96.0 ± 1.3 99.4 ± 0.5 99.6 ± 0.2 99.6 ± 0.6

LDA  precision 98.0 ± 0.7 88.9 ± 3.5 98.3 ± 1.0 99.2 ± 1.1 99.2 ± 1.1
recall 95.9 ± 2.5 96.4 ± 2.2 96.4 ± 1.9 98.6 ± 0.0 98.9 ± 1.0
F1-Score 96.9 ± 1.5 92.5 ± 2.7 97.4 ± 1.2 98.9 ± 0.6 99.0 ± 0.8
accuracy 98.0 ± 0.8 95.9 ± 1.6 98.6 ± 0.6 99.4 ± 0.3 99.5 ± 0.4

QDA  precision 94.7 ± 2.3 88.3 ± 3.2 95.3 ± 1.3 95.8 ± 1.9 96.1 ± 2.5
recall 97.0 ± 2.0 92.8 ± 2.9 98.9 ± 1.0 99.4 ± 0.7 99.7 ± 0.6
F1-Score 95.8 ± 1.8 90.5 ± 2.6 97.0 ± 0.7 97.6 ± 0.9 97.9 ± 1.4
accuracy 97.7 ± 1.0 94.8 ± 1.4 98.4 ± 0.4 98.7 ± 0.5 98.8 ± 0.8

SVM  precision 98.6 ± 1.5 98.4 ± 1.6 99.5 ± 1.1 98.4 ± 1.6 98.9 ± 1.6
recall 96.1 ± 2.0 96.4 ± 2.6 98.4 ± 1.0 98.6 ± 1.5 99.4 ± 1.1
F1-Score 97.3 ± 1.6 97.3 ± 1.4 98.9 ± 0.3 98.5 ± 0.7 99.2 ± 1.3
accuracy 98.6 ± 0.8 98.6 ± 0.7 99.4 ± 0.2 99.2 ± 0.4 99.6 ± 0.7

RF  precision 95.8 ± 1.6 96.4 ± 2.6 99.4 ± 1.1 99.5 ± 0.7 99.7 ± 0.6
recall 94.2 ± 3.5 94.2 ± 2.9 97.8 ± 0.7 99.2 ± 1.1 99.5 ± 0.7
F1-Score 95.0 ± 2.3 95.3 ± 2.5 98.6 ± 0.8 99.3 ± 0.6 99.6 ± 0.6
accuracy 97.4 ± 1.1 97.5 ± 1.3 99.3 ± 0.4 99.6 ± 0.3 99.8 ± 0.3

ANN  precision 97.0 ± 1.6 96.2 ± 2.3 99.4 ± 0.7 98.9 ± 1.0 98.1 ± 1.8
recall 96.1 ± 2.0 95.3 ± 1.9 97.5 ± 1.6 98.9 ± 0.6 98.9 ± 1.0
F1-Score 96.5 ± 1.3 95.7 ± 0.7 98.5 ± 1.1 98.9 ± 0.5 98.5 ± 1.3
accuracy 98.2 ± 0.7 97.7 ± 0.4 99.2 ± 0.5 99.4 ± 0.3 99.2 ± 0.7

Voting hard precision 99.6 ± 0.6
recall 99.7 ± 0.3
F1-Score 99.6 ± 0.5
accuracy 99.7 ± 0.4

nearest centroid, and, to a lesser extent, linear discriminant anal-
ysis, which is among the four best results (Table 1). It is worth
mentioning that the passage of clouds during aerial picture acqui-
sition resulted in colour inhomogeneity, especially in the northern
half of the orthomosaic (cf. Fig. 1). This could have affected the
classification performance based on colour, but an appropriate
training set circumvented this problem. The SVM procedure was
finally selected, because it slightly outperformed the other proce-
dures. Another reason for this choice is the capacity of SVM, in
comparison with the other algorithms, to train relatively quickly
at this level of quality, although convergence between the train-
ing and cross-validation scores was not reached, even when 1000
samples were processed for training (Fig. 3a). In terms of archaeo-
logical output, the map  produced by SVM is acceptable (Fig. 3b),
but several bare soil areas, corresponding to car tracks, were
erroneously classified as dry stones. As a result, serious manual
cleaning would be necessary before producing usable documenta-
tion.

HSV or HS as input features
When HSV channels were applied as alternative input features

to RGB, results were, at best, similar to those obtained by RGB
(e.g. SVM, RF, ANN), or exhibited worse performances (e.g. NB, LR,

LDA, QDA) (Table 1). Using H and S alone could be a better option,
because of the gain in robustness (for H and S) against illumination
changes (V) [47], whereas the RGB colour space is generally sensi-
tive to this parameter (Sural et al. [27]). This was  not the case here,
as the results obtained from H and S (not shown) decreased dramat-
ically in comparison with those based on HSV, similarly to results
already observed in other circumstances [26]. As a consequence,
the RGB colour space will be preferred in the following.

Texture features alone
The combination of contrast, homogeneity, and entropy yields

an excellent classification for all algorithms, always surpassing
RGB by a few percent, which is noticeable at this level of per-
formance (Table 1). The logistic regression model was  selected
for its efficiency, and because convergence is reached quickly,
after 300–400 total samples, at a level of accuracy close to 99.3%
(Fig. 3c). This procedure provides a map  where car tracks have
now disappeared, demonstrating the power of texture features for
classification (Fig. 3d).

Combining both texture features and RGB
Such a combination should take into account both spatial

arrangement of the tonal information, and spectral distribution
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Fig. 3. Feature selection and best machine learning algorithm for the site of Jargalant. Four feature combinations are presented: RGB, texture (CON + HOM + ENT), RGB + texture,
RGB  + texture + TPI. Left: training and cross-validation scores with their 95% confidence interval as a function of the size of the training dataset; right: output map with the
model  selected.

of light; two sets of features which are not fully independent
because the former is, in part, deduced from the latter, but which
should describe two different sides of the image. This might push
classification capabilities a little further [48]. Table 1 confirms
this expectation, as performances increased slightly, almost sys-
tematically (note however that these improvements cannot be
statistically demonstrated, considering confidence intervals). The
classifier trained quickly (Fig. 3e), and several isolated false pos-
itives have vanished from the resulting map, although such an
improvement is difficult to see at the scale of the document
(Fig. 3f).

Combining texture features, RGB and TPI
Stone mounds exhibit positive relief with respect to their

immediate surroundings, while hollows are expected for furrows
resulting from agricultural activities, or car tracks in the steppes. As
a consequence, information derived from topography might effi-
ciently enrich the feature set. When TPI is introduced as a new
input variable, together with RGB colour and texture, performance
scores tend to improve by a further few tenths of a percent (Table 1).
Random forest, logistic regression, and SVM slightly surpass other
approaches, and produce scores that generally exceed 99.5%. How-
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Fig. 4. Original orthomosaic of Jargalant overlain by a vector layer corresponding to a polygonised black and white map  obtained by hard voting (A); two close-ups (B and
C).  Three arrows (1–3) point out specific areas.

ever, attention must be paid to training speed in addition to
performance scores, because the more rapidly the model learns, the
less time-consuming will be the supervision step. Here, even for the
most favourable case, at least 400 samples were necessary to reach
convergence between the training and cross-validation scores (not
shown). Hard voting was therefore tested, using the results of the
KNN, SVM, LR, LDA, RF and ANN classifiers, in the hope of reduc-
ing this number, if possible, without impacting score quality. This
ensemble-based method reached correct convergence for only 200
training samples (Fig. 3g), while maintaining scores at their highest
levels: >99.5% for precision, F1-Score, and accuracy (Fig. 3h displays
the resulting map). Note that gradient boosting and adaboost (i.e.
adaptive boosting), which seek to transform a set of weak learners
into strong learners [49], were also tested. Both methods produced
scores comparable to those of hard voting, but at a lower learning
speed. As a consequence, hard voting was preferred.

Visual evaluation of the Jargalant output map

Introducing complexity into a model to improve classification
performance by only a few percent or tenths of a percent in com-
parison with the use of RGB alone might appear, at first glance,
not really relevant, but purely academic. It must, however, be kept
in mind that a gain of only 0.1% in terms of accuracy corresponds
to more than 20 000 pixels in an image of more than 20 Mpix.
Any improvement, even minimal, may  therefore save a consider-
able amount of time during post-processing, so that efforts must be
made in this direction. Fig. 4a displays the original orthomosaic of
Jargalant, overlain by a vector layer corresponding to a polygonised
black and white map, obtained by hard voting (i.e. Fig. 3h), and a
close-up of two particular areas (Fig. 4b,c). At this scale, the quality
of the output map  is undeniable. All archaeological structures com-
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Fig. 5. Comparison between delineation of stones obtained by machine learning (a) and the map  resulting from pedestrian survey by topographers equipped with a total
station (b) for the funeral structure B10, Mongolia. The figure (a) displays 9 orthomosaics, noted 1–9, overlain by vector layers corresponding to polygonised black and white
maps,  obtained by hard voting.

posed of accumulations of dry stones were precisely delineated,
while bare soils were not misclassified as stones (see Fig. 4b,c),
except in very few instances in the north-east (arrow 1), on the
car track in the south-east (arrow 2), and for the livestock enclo-
sure in the west of the orthomosaic (arrow 3). Some positive cases
were also delineated in the fields, but they correspond to actual
stones raised to the surface by ploughing.

Performance of the method for a large site and evaluation of the
operational framework

At Tsatsiin Ereg, archaeological structures cover several square
kilometres. However, only nine tiles, of about 10 ha each, corre-
sponding to the B10 complex are presented here (Fig. 5a), because
this area has already been the object of a precise survey by two
topographers, equipped with a total station during 2 missions, each
lasting 1 month (Fig. 5b). Each of the 9 orthomosaics was  produced
from about 100 pictures acquired in 2016, and hard voting was
applied to RBG + texture + TPI, following the procedure described
above. About 200–250 samples per tile for both positive and nega-
tive cases were selected manually, so that, without the test subset,
the total number of training samples finally used for learning was
around 300; a value sufficient to reach an acceptable convergence
between training and cross-validation scores.

During the past 3000 years, rain erosion has almost certainly
led to the accumulation of a thin slope-wash layer made of granitic
arena, but as it is only 5−10 cm thick, even small stones can be
recognized. Dry stone structures are therefore perfectly visible in
the steppes and can be correctly delineated. The method proposed
clearly outperforms pedestrian surveys. It appears more precise,
partly because human error during topographic surveys of an area
very dense in anthropogenic structures can be avoided. From flight
programming to photo processing, the gain in working time for the
operator is considerable (cf. Table 2). Only 15−20 min  of flight are
necessary to cover an area of 400 × 400 m2, which is remarkable,

Table 2
Time necessary for processing one tile of about 300 × 300 m2 (final images of ca. 40
Mpix). These times must be compared to the two months needed for two people in
the field to record only the B10 structure (see Fig. 5). *: maximum time provided
for cleaning vectorized outputs of Jergalant. Note that this value may  be different,
depending on the area targeted. Both DEMs and orthomosaics were produced using
a  computer equipped with an i7 5960X CPU, 64 Go of RAM, and two NVIDIA GeForce
GTX  980 mounted in SLI.

Time consumed

Picture acquisition by drone (automatic) 15 min
Production of DEM and orthomosaic by

photogrammetry (automatic)
2 h 30—3 h 00

Production of texture maps (automatic) 40 min
Production of TPI map  (automatic) 5 min
Point selection for training dataset

(manual)
10 min

Classification by hard voting and
construction of vector layers (automatic)

15 min

Post-production & wrong polygon cleaning
(manual)

<30 min*

considering that time spent in the field is the main limiting factor
for massive recording. Interestingly, the operator can also evaluate
orthomosaics the same day, to detect possible technical problems,
and so perform the operation again if necessary. Note that several
isolated rocks are recorded. Depending on the final objective, these
positive cases could be easily removed, either by hand (taking typi-
cally less than 30 min), or automatically using an algorithm, taking
into account the local density of positive cases, and/or the distance
to the nearest positive neighbours.

One final test was performed to examine if the time spent
acquiring the training dataset could be significantly reduced. Tiles
n◦5 and n◦3 were treated with their specific training dataset, but
also with that acquired to process tile n◦4 (Fig. 6). Good results were
anticipated for n◦5, since the images were captured the same day,
approximately at the same time, and thus in the same lightning and
topsoil moisture conditions, but there was some doubt about tile
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Fig. 6. Comparison between delineation of stones obtained by a model trained using a dataset specifically acquired for tiles n◦5 and n◦3, respectively (a) and (c), and
delineation obtained with a common training dataset acquired from tile n◦4 (b) and (d).

n◦3, which exhibits greener images (like tile n◦6), probably because
the images were taken after a rainy event. In fact, both treatments
produce comparable outcomes (Fig. 6a,b and c,d), because texture
variables are less prone to variation than colour variables. However,
it must be noticed that, when training used samples from tile n◦4,
more false positives were observed for tile n◦5, while a few stones
were missed on tile n◦3. Again, depending on the final objective,
the operator will be able to decide between optimal accuracy, but
a relatively time-consuming training step, or simplified training by
picking pixels from only a single tile.

Conclusion

In the context of large archaeological sites, covering several
hectares, with little vegetation, acquiring images by drone, with
treatment by appropriate methods, is a very effective solution
for further automatic archaeological mapping. The low cost and
simple logistics, especially in remote field conditions, undeniably
argue for this type of aerial photogrammetry. The method pro-
posed for treating the data generally surpasses pedestrian surveys,
as it is almost fully automatic, rapid, and accurate, while a tra-

ditional record by GPS or total station is time-consuming, and
may  lead to errors difficult to avoid when archaeological struc-
tures are small and numerous. Acquisition speed is a strong asset,
as one of the most limiting factors is the time spent in the field,
especially for studies undertaken overseas, where field campaigns
are often time-constrained. With the increasingly high resolution
of images, and technological progress making it possible to col-
lect hundreds of images for each flight, applying machine learning
algorithms becomes indispensable. The operator intervenes signif-
icantly during two crucial steps. The first is the manual selection
of the training dataset. In the examples presented, it was very
important to sample different kinds of stones, but also grass, car
tracks, bare soil, etc., because if the training data is inadequate or
not adequately representative, poor classification results are to be
expected. The second step concerns feature engineering. While the
selection of the best learning model and hyperparameter tuning
can be performed almost automatically, the workflow consisting in
reformatting, processing, enriching, calibrating, and finally select-
ing features requires some experience. In the present case, the
use of colour information in the RGB colour space, three texture
parameters among those available, and one feature derived from
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the topography produced suitable outputs for almost all classifiers
tested. That is probably a good start for undertaking such map-
ping in other circumstances, but it is likely that some adjustments
will be necessary to attain optimal results. Depending on the final
objective, it may  be interesting (or not) to keep isolated stones.
In our examples, their position might be useful for cultural her-
itage preservation, by better understanding of stone displacements
caused by livestock perambulation or water runoff. By contrast,
for studying the spatial organisation of archaeological structures,
these isolated stones can be removed manually, or alternatively by
using an appropriate algorithm. For the sake of completeness, it
must however be mentioned that this study takes place in a part of
the world where conditions are optimal: the archaeological struc-
tures are not masked by vegetation, and they have almost never
been buried or disturbed since their construction. Such a situation
is rarely met  in other environments, probably making the appli-
cation of the proposed workflow more difficult. Finally, although
binary pixel classification was here proved to perform well, other
extremely powerful approaches, such as deep learning for object
detection, should also be tested in the near future.
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3.2. L’apprentissage profond comme outil de 
prospection 
 

Les capacités d’acquisition du drone combinées à la classification 

supervisé par apprentissage automatique ont permis de cartographier des milliers 

de monuments dans deux vallées voisines dans un laps de temps assez court 

(quelques semaines). Ce protocole mis en place s’adapte donc bien à l’étude 

détaillée de l’architecture funéraire à l’échelle d’une vallée. 

Il serait intéressant de réaliser une étude sur la répartition des complexes 

funéraires à plus large échelle, sur une province, voire sur le pays tout entier. 

Plusieurs contraintes se profilent déjà. L’utilisation du drone sur de telles 

surfaces étant impossible, il faudrait s’appuyer sur la photographie aérienne ou 

satellitaire. Cela va nécessairement introduire une perte de résolution par rapport 

à l’acquisition par drone. Le détail architectural des khirigsuurs ne sera 

probablement plus reconnaissable. En revanche il sera toujours possible de les 

situer et d’identifier l’emplacement des nécropoles, ce qui représente assez 

informations pour entreprendre une analyse spatiale. La méthode par 

apprentissage automatique pour détecter les pierres n’est pas adaptée à ce type 

de problème. L’idée néanmoins est d’éviter un inventaire manuel de tous les 

khirigsuurs sur une zone donnée en adoptant une démarche de détection 

automatique des objets. Ce domaine de recherche appartenant à la vision par 

ordinateur est largement étudié. Il a notamment été médiatisé grâce à la 

reconnaissance automatique des visages ou des piétons, pour une application 

dans les voitures autonomes, par exemple. 

L’opportunité m’a été donnée de travailler sur un sujet très similaire 

concernant la détection de maisons traditionnelles sur l’île de Sumba, située dans 

l’archipel des petites îles de la Sonde, en Indonésie. Ces maisons possèdent un 

toit avec une surélévation appelée tour, très reconnaissables depuis les photos 

satellites. Tout comme les khirigsuurs, ces maisons ont la particularité d’être 

rassemblées, non pas en complexes mais en villages. Elles forment ainsi de 

multiples regroupements dont l’agencement spatial peut être caractérisé, puis 

interprété en termes anthropologiques. Sumba a l’avantage d’être un territoire 

limité en taille (11 000 km², soit environ la surface de la Corse, contre environ 
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1,5 M km² pour la Mongolie). La couverture satellitaire y est bien meilleure 

qu’en Mongolie, à la fois en termes de résolution d’image, mais aussi 

d’homogénéité colorimétrique (Fig. 15). Les toits des maisons vernaculaires 

possèdent un schéma et une taille plus régulières que les khirigsuurs. Ces qualités 

sont propices à un bon apprentissage. De ce fait, cette étude peut être considérée 

comme un travail préliminaire à ce qui pourra être appliqué un jour sur le 

territoire mongol, avec pour objectif la cartographie la plus exhaustive possible 

des monuments funéraires de l’âge du Bronze. 

 

Fig. 15 Comparaison des photos satellites disponibles avec une orthomosaïque réalisé à l’aide d’un drone pour le 
territoire de Sumba (en haut) et le territoire mongol (en bas). 
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a b s t r a c t 

In Sumba Island – Indonesia, the implantation of vernacular houses, inside and outside traditional vil- 

lages, is considered to be an efficient proxy for the on-going complex cultural transformations resulting 

from globalization. This study presents an easily reproducible workflow allowing buildings to be auto- 

matically detected from satellite imagery, demonstrating how modern computer vision methods based 

on deep learning can help in this task, which would be far too time-consuming when undertaken by 

hand. Eight deep learning architectures based on convolutional neural networks were compared in terms 

of ability to identify and locate precisely traditional houses from satellite images. By combining a Faster 

R-CNN ResNet 101 architecture with artificial data augmentation, the model was taught properly using 

1033 instances of vernacular houses (AP@.50:.95 = 71.9). Once 14 952 traditional houses had been de- 

tected, the Histogram of Orientated Gradients (HOG) was computed and processed by several machine 

learning algorithms to assess their surface area, as this parameter conveys pertinent information about 

the economic and political position of the householder. The best classifier was found to be a support vec- 

tor regressor (SVR, R 2 = 0.88), although the other classifiers tested also provided good results (R 2 > 0.76). 

Spatial analysis was used to draw conclusions from an anthropological / cultural identity point of view. 

More generally, these techniques not only offer a simple increase in recording capabilities for tangible 

cultural heritage, they open up new research perspectives, at greater scales. 

© 2021 Elsevier Masson SAS. All rights reserved. 

1. Introduction 

The massive introduction of satellite imagery into daily life has 

modified our perception of space by enabling people to visualize 

the diversity of our planet, while experiencing perilous exploration 

from the comfort of their homes. This wealth of documentation, 

including digital images in visible spectra and beyond, has led to 

considerable advances in many fields of research [1–4] . This source 

of knowledge has opened new research perspectives for cultural 

heritage and archaeology at much vaster scales [5–9] . The digital 

era has nevertheless produced a bottleneck: human beings may 

be unable to deal with this huge flow of information in a rea- 

sonable amount of time [10–12] , particularly when identifying a 
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given structure among a myriad of images. Fortunately, this mun- 

dane repetitive task can now be tackled using methods based on 

machine learning, freeing scientists to devote their expertise to 

more complex problems [ 13 , 14 ]. Interest in deep learning, a sub- 

set of these methods, has increased considerably over the past two 

decades [ 15 , 16 ], profiting from rapid technical improvements, and 

key breakthroughs in mathematics, especially in optimization [17] . 

These techniques are designed to learn from data and make pre- 

dictions on new instances with a minimum error rate. The archi- 

tecture of the models is composed of several layers of convolu- 

tional artificial neurons, where information flows after being non- 

linearly transformed [ 18 , 19 ]. Relevant features are then learnt from 

a high level of data abstraction [17] . Three main objectives are ap- 

plied to images: classification [20] , object detection [21] , and ob- 

ject segmentation [22] . These approaches, based on state-of-the- 

art deep learning algorithms, have been successfully applyied for 

https://doi.org/10.1016/j.culher.2021.10.004 
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proper management and protection of cultural heritage. For exam- 

ple, models have been developed to detect damage to historical 

buildings automatically [23–24] , to map lithology of stones from 

images [25] , or to identify types of weathering in historical stones 

[26] , in order to optimise the choices made in conservation and 

restoration practices. In this study, we focus on object detection 

through deep learning, seeking to identify and locate vernacular 

houses on Sumba Island (Indonesia), from a huge set of satellite 

images. These traditional houses, known as rumah adat in Indone- 

sian, are targeted because they are emblematic of the indigenous 

local culture [ 27 , 28 ]. They are characterized by a high-pitched cen- 

tral peak in the roof, materializing the connection with the spir- 

its. Ancestral settlements generally contain a few to a few dozen 

of these houses, organized in circles, or in parallel rows facing 

each other, together with collective megalithic funeral monuments. 

Varying in size, these monuments appear to be extensions of clan- 

houses [ 29 , 30 ]. With economic development and recent cultural 

globalization, more people are leaving traditional villages, gradu- 

ally abandoning the traditions, rituals, and religious beliefs of their 

marapu culture [ 27 , 30 ]. These recent mutations disrupt to some ex- 

tent the traditional way of life and its ancestral cultural founda- 

tions. 

2. Research aim 

Our objective is to propose an easily reproducible workflow al- 

lowing human structures to be detected from satellite imagery, and 

to demonstrate how modern computer vision methods based on 

deep learning can help to apprehend the on-going complex trans- 

formations described above. The implantation of vernacular-style 

houses, inside and outside traditional villages, is considered an 

effective proxy. Eight of the most powerful deep learning archi- 

tectures, belonging to two families of detectors, were compared 

for their ability to identify and locate traditional houses from a 

set of satellite images covering the region of Waikabubak, where 

such houses are abundant. Solutions based on artificial data aug- 

mentation were sought to teach the models properly, even with 

fewer instances. The reason is not only that the labelling phase 

takes time, but above all because a limited number of examples 

during the learning phase may present a serious obstacle to the 

truly effective application of deep learning [12] . Although vernacu- 

lar houses are plentiful on Sumba Island, such solutions would be 

very helpful in archaeology, where the available instances may be 

far scarcer. Once the best approach had been selected, the proce- 

dure was extended to the whole of Sumba Island. After separating 

isolated houses from those belonging to traditional villages, spatial 

analysis was used to draw conclusions from an anthropological / 

cultural identity point of view. Several regression algorithms were 

also applied to estimate the size of the roofs thus identified, as this 

parameter conveys pertinent information about the economic and 

political position of the householder. 

3. Material and method 

3.1. The site 

Sumba Island ( Pulau Sumba ), ca. 1500 km ESE of Jakarta, be- 

longs to the Indonesian Lesser Sunda Islands ( Fig. 1 a). The territory 

covers ca. 11 0 0 0 km 

2 , with a maximum elevation of 1 225 m asl. 

Geologically, the island is predominantly composed of sedimentary 

rocks, with some volcanic / intrusive rocks ( Fig. 1 b, [31] and refer- 

ences cited therein). The topography of sedimentary formations is 

mainly coastal terraces and rugged karsts. The tropical dry climate 

is characterized by seasonal precipitation, abundant only from De- 

cember to March, with the driest zones along the north and north- 

east coasts. The population of about 80 0 0 0 0 is mostly rural, con- 

centrated in the hilly fertile western part of the island, except for 

the largest town of about 40 0 0 0 inhabitants [32] , Waingapu, lo- 

cated in the northeast ( Fig. 1 a). The territory is administratively 

divided into West and East Sumba, corresponding approximately 

to cultural domains, represented in Fig. 1 c by the ethnolinguistic 

distribution. East Sumba is more linguistically homogeneous than 

West Sumba. Two large natural parks were created in 1998 on the 

south coast because of their exceptional biodiversity ( Fig. 1 a): ( i ) 

the Manupeu Tanah Daru National Park, covering 870 km 

2 and 

consisting mainly of lowland forests developing on steep slopes, 

and ( ii ) the Laiwangi Wanggameti National Park, covering 880 km 

2 

and composed of steppe (60%), and lowland or mountainous rain- 

forest (40%). 

3.2. Corpus 

Several thousands of typical high-towered houses are present at 

Sumba, either as isolated buildings or clustered, forming villages 

and hamlets in the traditional way. Houses are almost square- 

shaped, from ∼6 m to ∼20 m in size ( Fig. 2 ). Although originally 

constructed from pieces of wood and bamboo linked with vegetal 

ropes, reinforced concrete is often used today. The dense thatch of 

alang - alang grass (a local plant) used to build the roof ( Fig. 2 a-b) is 

now increasingly replaced by raw corrugated metal ( Fig. 2 c; [33] ). 

Note that a few resorts and official buildings imitate the style of 

these indigenous constructions. 

Automatic detection algorithms were evaluated on satellite im- 

agery distributed by Microsoft Bing TM ( https://zoom.earth/ ). The 

vast majority of images at the highest level of definition available 

(ca. 0.3 m/px) were neither too dark nor too bright, with almost 

no clouds. A home-made Python snippet collected tiles 256 × 256 

px in size over the targeted geographical extent. They were then 

merged to produce larger images of 640 × 645 px (corresponding 

to 187.5 m × 188.5 m), a size suitable for further application of 

deep learning ( Fig. 3 a). Reconstructed GeoTIFF images were made 

to overlap each other by 80 pixels (ca. 25 m) in all directions, to 

ensure that all houses are complete at least once [34] ; see houses 

1 and 2 in Fig. 3 b, truncated with a blue square, but complete with 

yellow and red squares. Due to overlap, some complete houses are 

seen on two or more images (e.g. houses 3 and 4 in Fig. 3 b). They 

were automatically removed using a simple rule: if the centres of 

their bounding boxes were less than 6 m apart (a value lower than 

the minimum size of a house), only the most probable item was 

kept. 

Images around Waikabubak ( Fig. 1 a), within a geographical 

latitudinal-longitudinal extent of ( −9.680 °; −9.588 °) / (119.360 °; 
119.470 °), were first processed to select the best model. This model 

was then applied to the whole island with a geographical extent of 

( −10.346 °; −9.271 °) / (118.912 °; 120.870 °). About 70 0 0 0 0 files re- 

mained after removing useless offshore tiles. 

3.3. Labelling 

Before training any object detection model, the operator needs 

to point out target locations of houses manually in a set of images 

considered as representative. At that point, two approaches can be 

applied, using either polygons (and subsequently, models dedicated 

to segmentation) or simple rectangular bounding boxes (ground- 

truth boxes), defined by the pixel coordinates of their upper-left 

and lower-right corners [35] . For the sake of simplicity, we decided 

to use the latter approach. It is generally admitted that a model 

is able to detect an object that a human can identify by looking 

at the image for just 1–2 s. In our case, traditional houses were 

almost always easy to spot, whatever the roofing material used 

( Fig. 4 ), because of their typical square shape, combined with the 

distinctive shadows produced by the high roof tower. The relatively 
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Fig. 1. Geographical, geological, and ethnolinguistic maps of Sumba. (a): hill-shaded, coloured, 30-m resolution digital elevation model ( https://www.eorc.jaxa.jp/ALOS/en/ 

aw3d30/ ); (b): combined bedrock, and superficial geology and age map ( http://portal.onegeology.org/OnegeologyGlobal/ ); (c): approximate geographical locations of the 16 

main dialects (Edwards and UBB, 2018). 

Fig. 2. Some examples of vernacular houses found at Sumba. (a): collective funeral monuments in the foreground and several vernacular houses in the background; (b) aerial 

view of a village, with houses exhibiting a high-pitched central peak in their roofs; houses are clustered and organized in rows facing each other because of the limited 

space on the top of the hill; (c) houses at Mamboro, including a large recent house with a raw corrugated metal roof. 

steady downward-facing views from the satellite facilitate this task, 

although some satellite pictures were also captured in oblique 

view, and then post-processed by orthorectification before diffu- 

sion. This process generated some noticeable deformation, trans- 

forming squares into diamonds, but did not affect identification or 

bounding box positioning (not shown here). When the triangular 

structure on the roof was not clearly identified, the houses were 

not labelled (see 1 and 2 in Fig. 4 ). The annotating step used La- 

belImg, a free software ( https://github.com/tzutalin/labelImg ). Note 

that bounding boxes of houses partly masked by vegetation were 

kept approximately square by including the supposed position of 

the building below the canopy. A total of 494 images for the re- 

gion of Waikabubak produced 1 396 bounding boxes of traditional 

houses. 
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Fig. 3. Composition of images used for further deep learning. (a) images of 640 × 645 px (in yellow) are composed by merging individual 256 × 256 tiles (in white); (b) 

georeferenced images (in yellow, blue and red) overlap each other by 80 pixels in all directions; objects 1 and 2 are complete in only one image, while objects 3 and 4 are 

seen completely in two images. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.) 

Fig. 4. Final bounding boxes annotated as vernacular houses (in yellow), for one 

example of a reconstructed image. Manually positioned, they locate the object of 

focus for deep learning models. The houses with a relatively dark roof summit (see 

objects 1 and 2), to some extent like those of triangular towers, were not targeted 

here because they do not present the clear characteristics of true high-towered 

houses. (For interpretation of the references to color in this figure legend, the reader 

is referred to the web version of this article.) 

3.4. Object detection models 

Our intention here is not to describe extensively the complex 

architectures of the models tested, but to provide basic informa- 

tion to explain the underlying principles of deep learning applied 

to object detection. More details can be found in the abundant 

specialized literature [ 17 , 21 , 36 ], many textbooks [37–40] , and web 

sites dedicated to deep learning. Object detectors can be divided 

into two main categories, one- and two-stage detectors [ 40 , 41 ]. 

In two-stage detectors, such as Faster R-CNN, the input image is 

passed through a convolutional neural network (CNN) to obtain a 

feature map of the image. This part is referred to as the “back- 

bone” network. The map is then used by a Region Proposal Net- 

work (RPN), which is a fully convolutional network proposing re- 

gions characterized by reference anchor boxes of fixed scales and 

aspect ratios, placed evenly on the original image. These regions 

are then filtered by a Non-Maximum Suppression algorithm, whose 

purpose is to decrease the number of candidate objects to an ac- 

ceptable level. Bounding box extraction and classification are then 

obtained for each candidate using regression from the Region of 

Interest (RoI) pooling layer [42] . The Single Shot Detector (SSD) 

belongs to the one-stage detector group [43] . It may operate in 

real-time with a decent trade-off between performance and speed 

[ 41 , 43 ]. Such a speedy process is obtained by running a convo- 

lutional network on the input image only once, and then calcu- 

lating a feature map. A small convolutional kernel is operated on 

this feature map to predict bounding boxes and compute classi- 

fication probabilities. The SSD also uses anchor boxes. It predicts 

bounding boxes after multiple convolutional layers, which may be 

of different scales. Results are aggregated, and redundant informa- 

tion is eliminated by applying a non-maximum-suppression algo- 

rithm, as with Faster R-CNN. The two-stage detectors may, how- 

ever, provide better results at the expense of speed. The algorithm 

schematics of SSD and Faster R-CNN are available in Supplemen- 

tary SM1, modified after [23] and [44] . Although many of the avail- 

able models have already been evaluated through various chal- 

lenges, using for instance the Common Object in Context dataset 

(i.e. COCO, http://cocodataset.org/#home ; [45] ), eight different ob- 

ject detection models were tested here: two based on the SSD cat- 
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Table 1 

Performance scores of different architectures, pre-trained on the COCO dataset (models are downloadable at the following ad- 

dress: https://github.com/tensorflow/models/blob/master/research/object _ detection/g3doc/detection _ model _ zoo.md ); Training is per- 

formed following two configurations including either 480 or 1033 instances of houses. Evaluation is performed on the same 124 

instances of houses. No data augmentation is applied. ∗: stride value between parentheses. See text for definitions of AP@.50:.95, AP 

@.50, and AP @.75. 

Metrics (expressed in%) AP @.50:.95 AP @.50 AP @.75 AP @.50:.95 AP @.50 AP @.75 

Number of instances used for training 480 1033 

Name as in the Tensorflow detection model zoo homepage 

ssd_inception_v2_coco 54.5 95.6 56.6 61.4 98.4 70.0 

ssd_resnet_50_fpn_coco 62.0 93.5 76.7 67.2 98.7 84.7 

faster_rcnn_inception_v2_coco 53.5 93.6 54.1 59.7 97.1 68.3 

faster_rcnn_inception_resnet_v2_atrous_coco (8) ∗ 64.7 96.6 77.2 68.2 98.6 84.9 

faster_rcnn_resnet50_coco (16) ∗ 60.1 96.5 70.5 63.6 98.7 78.9 

faster_rcnn_resnet50_coco (8) ∗ 65.1 97.1 81.1 68.3 99.5 84.6 

faster_rcnn_resnet101_coco (16) ∗ 62.0 95.3 75.7 67.3 97.7 85.2 

faster_rcnn_resnet101_coco (8) ∗ 68.4 97.4 85.7 71.9 98.7 88.7 

Fig. 5. Shape variation of manually positioned bounding boxes, expressed as height 

as a function of width (in pixels). The light blue histograms at the top and the right 

represent the distributions of width and height, respectively. 

egory, and six on Faster R-CNN [46] . They are listed in Table 1 , with 

different convolutional neural network backbones, codenamed in- 

ception [47] , ResNet [48] and inception-ResNet, with or without 

feature pyramid networks (namely FPN; [49] ) as feature extractors. 

The idea was to reuse these models, already trained for a different 

task, as the starting point for a custom dataset and specific prob- 

lem [50] . This approach, known as transfer learning, is expected 

to speed up the training step and to improve overall performance 

when sensitive parameters are fine-tuned [38] . 

3.5. Tuning for house shape and size 

For both SSD and Faster R-CNN, a very dense set of potential 

candidates with different scales and aspect ratios is evenly dis- 

tributed on the images. The parameters controlling the density, 

size and shape of these anchor boxes are of primary importance, 

especially when detecting small objects [51] . An initial guess can 

be made from the joint distribution of height and width for house 

bounding boxes observed in the annotated set ( Fig. 5 ). Here, the 

problem is relatively simple because the bounding boxes will re- 

main square whatever the house orientation (i.e. the houses lie on 

or around the y = x line in Fig. 5 ), while their size varies relatively 

little, between ca. 30 2 and 80 2 pixels ( Fig. 5 ). After applying a k - 

nearest neighbours’ algorithm ( k = 3), three main sizes can finally 

be retained {0.15, 0.2, 0.25}, corresponding to 38 2 , 51 2 and 64 2 

pixels respectively (given a base anchor of 256 × 256), while two 

aspect ratios {0.9; 1.1} appeared to be sufficient, since the overall 

shape is quite regular. Output strides and padding for the extractor 

are two other important parameters, as they control how deep the 

abstraction goes to extract features [51] . Denser and more accu- 

rate predictions are generally obtained using low strides, but this 

will notably increase running time [52] . Two values, {8, 16} pix- 

els, were tested here to assess their efficiency in extracting small 

objects from optical remote sensing images. 

3.6. Data augmentation 

Deep learning skills are conditioned by the availability of the 

data feeding the model. While popular datasets used for challenges 

may contain tens of thousands of images, instances may be much 

rarer in cultural or archaeological studies. A simple technique, 

known as data augmentation, has been developed to enlarge the 

dataset artificially in such cases [53] . This technique supplements 

the original set of images by new synthetically produced data, ob- 

tained by combining geometrical transformations and colour alter- 

ations sequentially [54] . Here, six augmentations were tested: 90 °
rotation, horizontal and vertical flipping, grey level conversion, ran- 

dom colour distortion, and random jitter of box corners by 1 to 

4 pixels (see Supplementary Material SM2). A total of 64 experi- 

ments (i.e. 2 6 for 6 investigated factors, each with 2 levels: applied 

/ not applied) would be required to evaluate the individual influ- 

ence of each factor on model performance. As such a full factorial 

design is time-consuming, factors were selected by building a re- 

duced 2 6–2 fractional design [55] . Let A, B, C, D be the first four 

factors; the remaining two: E and F, were chosen so that E = A 

∗B 

∗C 

and F = B ∗C 

∗D ( Table 2 ). This resolution-IV design represents only 

¼ of the full 2-level, 6-factor design. Thus, the main effects are 

not confounded with two-factor interactions, but only aliased with 

3-factor and higher-order interactions, which may reasonably be 

considered insignificant [56] . 

3.7. Model performance 

Three-quarters of the images were randomly selected for train- 

ing, with the remainder kept for evaluation. Average Precision (AP), 

a common metric in deep learning, was used to measure the per- 

formance of the detectors on the evaluation set. The AP calcula- 

tion considers the common trade-off between precision and re- 

call, observed at different degrees of correctness for the predicted 

bounding boxes. These degrees of acceptability are obtained using 

different thresholds for the Intersection over Union (IoU), a pa- 

rameter defined as the area of overlap between the predicted box 
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Table 2 

Results of the fractional design (16 carefully chosen experiments) to assess the effect of each individual factor for data aug- 

mentation: horizontal and vertical flip of the image, rotation 90 °, colour adjustment, grey level conversion, and bounding 

box jitter. 1 means that the factor is applied (i.e. high level), −1 for not applied (i.e. low level). On the right, the perfor- 

mance scores using as metrics AP@.50:.95, AP@.50, and AP@.75. See text for definition. Experiments were performed using 

the same 480 and 124 instances of houses for training and evaluation. 

Factor Metric 

A B C D E F AP@.50:.95 AP@.50 AP@.75 

Horiz. flip Vert. flip Rot. Colour adj. Grey level Jitter BB 

Exp . # 

1 −1 −1 −1 −1 −1 −1 68.4 97.4 85.7 

2 1 −1 −1 −1 1 −1 71.1 98.6 90.7 

3 −1 1 −1 −1 1 1 71.7 97.8 89.8 

4 1 1 −1 −1 −1 1 70.4 98.5 88.7 

5 −1 −1 1 −1 1 1 70.4 98.5 88.6 

6 1 −1 1 −1 −1 1 69.4 98.1 87.1 

7 −1 1 1 −1 −1 −1 69.9 97.6 85.1 

8 1 1 1 −1 1 −1 71.3 98.4 92.0 

9 −1 −1 −1 1 −1 1 71.0 97.8 87.2 

10 1 −1 −1 1 1 1 70.7 97.3 89.5 

11 −1 1 −1 1 1 −1 70.5 97.4 89.3 

12 1 1 −1 1 −1 −1 70.8 97.6 88.2 

13 −1 −1 1 1 1 −1 70.2 98.2 89.2 

14 1 −1 1 1 −1 −1 69.8 98.4 89.1 

15 −1 1 1 1 −1 1 70.5 97.6 89.0 

16 1 1 1 1 1 1 71.0 97.7 91.5 

and the ground truth, divided by the area of their union [57] . The 

IoU ranges between 0 and 1, with high values indicating more ac- 

curate prediction. The metric used is that of the COCO challenge 

[45] , with ten IoU thresholds, from 0.5 to 0.95, at a step of 0.05 

(noted AP@.50:.95. AP). It is produced by averaging over the 10 IoU 

thresholds and tends to reward models that are better at precise 

localization. In any case, AP@.50:.95 is less generous than IoU ≥
0.5, or the stricter IoU ≥ 0.75 limit, which are reported for infor- 

mation. 

3.8. Operational settings 

For all the experiments, the maximum training epoch was set at 

50 0 0 0, using an initial learning rate of 3.10 −4 for the first 10 0 0 0 

steps, 3.10 −5 up to 20 0 0 0 steps, and then 5 10 −6 . For Faster R- 

CNN models, a batch size of 1 (corresponding to a Stochastic Gra- 

dient Descent optimization algorithm, [ 58 ]) was set, together with 

a momentum of 0.9, while a batch size of 4 was used for SSD. At 

a certain point, training loss may continue to decrease, but testing 

loss may start to increase. This is a clear sign of overfitting, where 

the model learns well from the training dataset, but fails to gener- 

alize this knowledge to make correct inferences on new instances. 

That is why training was always stopped before 50 0 0 0 iterations 

(often after 15 0 0 0 – 45 0 0 0). The evolution of the total loss ob- 

served on the training set, together with the AP value computed 

from the evaluation set are reported in Supplementary Information 

SM3 (using a Faster R-CNN ResNet 101 model). 

3.9. Separating houses forming villages from isolated houses 

A Density-Based Spatial Clustering of Applications with Noise, 

DBSCAN [59] , algorithm was applied to differentiate isolated 

houses from those forming villages. When density decreases be- 

low a certain point, houses are assumed to lie outside groups. Two 

sensitive parameters must be set: the minimum number of items 

necessary for a group, and the maximum distance for clustering 

with the nearest neighbour. Based on our knowledge of Subanese 

villages, a ‘traditional village’ is a cluster of at least three vernac- 

ular houses, less than 70 m from their nearest neighbour. Houses 

that do not fulfil these conditions are defined as ‘isolated’. In rare 

cases, these settings mask the reality of the terrain: in the Loli dis- 

trict, for example, Tarung and Waitabar, two separate villages, were 

clustered because of their proximity. Without complementary field 

investigations, such a scenario cannot be identified, but most vil- 

lages lie hundreds of metres apart. 

3.10. Clustering by under- or over-representation of isolated houses 

Scan statistics [60] , a procedure often used in epidemiology, 

was applied to examine whether the ratio of isolated houses / 

houses in villages is the same throughout Sumba territory (i.e. spa- 

tial homogeneity) or not (i.e. an underlying geographical structure). 

Briefly, it consists in scanning the space gradually, centring from 

one house to another, and counting the number of houses belong- 

ing to each type, within expanding circles. Considering a Bernoulli 

model, a likelihood ratio test is computed for each location and 

size of the scanning window, using as an alternative hypothesis a 

high (or low) ratio of isolated (or village) houses within the search 

window. 

3.11. Estimating the surface of recognized houses 

With satellite imagery, it is impossible to know the precise 

house surface area when roofs overhang walls for protection from 

rainfall. The difference may reach 25%, but roof area is always pro- 

portional to house surface area. With houses systematically ori- 

entated North – South (or East – West), the problem would be 

trivial since bounding boxes would approximately match roofs. 

Here, house orientation is variable. Given its roughly square ge- 

ometry, a roof can be considered as a square inscribed in another 

square (bounding box), so that the surface of the roof is com- 

prised between ca. 50% and 100% of the box surface, depending 

on house orientation. A supervised machine learning approach was 

developed for further assessment. The distribution of local inten- 

sity gradients or edge directions was chosen as input feature. The 

method, known as Histogram of Orientated Gradients (HOG), has 

been widely applied for face detection [61] . In brief, it consists in 

dividing the image into several small cells of N × N px ( Fig. 6 a), 

where gradient intensities and orientations are computed ( Fig. 6 b). 

Fig. 6 c demonstrates how well local appearance and overall house 

silhouette are described by gradient distributions, suggesting that 

this set of variables could be a good candidate to predict roof ori- 
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Fig. 6. The machine learning pipeline for assessing the size of vernacular houses, modified after Carcagni, et al. (2015). (a): the image, rescaled at 64 × 64 px, is divided 

into a 8 × 8 grid; (b): gradients are computed following 12 orientations within every cell; (c): the orientated gradients allow the orientation of the house to be visualized 

clearly; (d): construction of the input feature vector, x ; (e): four points manually positioned close to the corners of the roof (in red), and its corresponding minimum 

bounding rectangles (in yellow), where the surface area is the variable to be predicted: y ; (f) five machine learning algorithms are applied to input features (a set of oriented 

gradients). (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.) 

entation (see also two additional examples of houses, differently 

orientated in Supplementary Material SM4). Histograms are then 

built for each cell of the dense grid covering the image ( Fig. 6 d). 

In practice, the images of 363 houses were resized to 64 × 64 px 

to produce an 8 × 8 grid, where each cell represents 8 × 8 px. 

A total of 12 orientations was evaluated within each cell, produc- 

ing an input feature vector, x , of 768 values (12 orientations × 64 

cells), characteristic of each image ( Fig. 6 d). In addition, four points 

were manually placed at (or close to) the four corners of the roof 

for each of the 363 houses. The surfaces of the minimum bound- 

ing rectangles were computed, representing the variable to be pre- 

dicted: y ( Fig. 6 e). A total of 288 houses was used for training, 

while the remaining 75 houses were kept for evaluation. Five ma- 

chine learning algorithms: decision tree, k -nearest neighbours, ar- 

tificial neural networks, support vector machine regression, and 

random forest, were tested by applying a grid search approach 

combined with cross-validation to fine-tune the hyperparameters 

( Fig. 6 f; [62] ). Their prediction capabilities were evaluated, using 

coefficients of determination, mean relative errors, and maximum 

relative errors as quality scores. The best model was then applied 

to the entire set of houses detected over the Sumba territory. 

3.12. Implementation 

Object detection models were produced and evaluated using 

Python 3.7 ( https://www.python.org/ ), and the free TensorFlow ob- 

ject detection API (v. 1.13 including GPU capabilities). Pre-trained 

models are available at the Tensorflow detection model zoo home- 

page. The homemade Python snippet for assessing house size re- 

lies on the numpy, gdal, scikit-learn, scikit-image, csv, and pan- 

das libraries, and a modified version of the min_bounding_rect.py 

snippet ( https://gist.github.com/kchr/77a0ee945e581df7ed25 ). Re- 

sults are expressed as georeferenced polygon vector layers. The 

homemade snippet for DBSCAN relies on the scikit-learn library 

[ 63 ]. The identification of geographical clusters by scan statistics 

used the 64-bit SaTScan v9.6 software ( http://www.satscan.org/ , 

[60] , see user manual for p -value calculation with a Monte-Carlo 

approach). 

4. Results and discussion 

4.1. Comparing object detection models 

The first experiments trained the candidate models using 480 

and 1033 instances of traditional houses, and an evaluation set 

composed of 124 and 363 items, respectively, without any syn- 

thetic data augmentation. As expected, performance is better with 

the largest training set: the gain is ca. 3.5–7% for AP@.50:.95, 1.5–

5% for AP@.50, and 3–13% for AP@.75 ( Table 1 ). At first glance, all 

models provide acceptable outputs, extracting most of the houses, 

with AP@.50:.95 above 50%, and AP@.50 greater than 90%. Al- 

though SSD is fast, it is known to perform less well for small ob- 

jects, compared with state-of-the-art models based on Faster R- 

CNN. Using output stride and padding of 8 instead of 16 proves 

beneficial to the overall achievement of the Faster R-CNN detectors 

based on ResNet 50 and ResNet 101 ( Table 1 ), as AP@.50:.95 in- 

creases by 5–6%, AP@.75 by 4–10%, and AP@.50 by 1–2%. The Faster 

R-CNN model with a ResNet 101 backbone is retained as it greatly 

surpasses the other models whatever the number of instances used 

for training. Despite an increase in running time, an output stride 

for the extractor of 8 pixels is used, because houses must only be 

extracted once from satellite images. As no synthetic data augmen- 

tation is applied, the performances reported in Table 1 can be con- 

sidered as the baseline. 

4.2. Data augmentation strategy 

The question then arises whether the use of an appropriate data 

augmentation strategy can push significantly further the capabili- 

ties for a training dataset of fixed size. The results of the 16 exper- 

iments for the fractional design built to assess the effect of each 

individual factor (i.e., horizontal and vertical flip, rotation, colour 
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Table 3 

Main effect of factors used for data augmentation, i.e. application of random horizontal flip, vertical flip, ro- 

tation by 90 °, colour adjustment, grey level conversion, and bounding box jitter on AP value. The intercept 

term corresponds to the last column. The last line corresponds to the best augmentation strategy: ‘High’ for 

augmentation applied, ‘Low’ for not applied. 

Factor A B C D E F Intercept 

Horiz. flip Vert. flip rot. 90 ° colour adj. Grey level Jitter BB 

Main effect (%) 0.13 0.31 −0.14 0.13 0.42 0.20 70.4 

Optimal level High High Low High High High –

Fig. 7. Evolution of average precision (AP, expressed in%, see text for calculation) 

as a function of the number of instances used for training. Open blue squares for 

evaluations made without data augmentation, and red dots for optimal data aug- 

mentation; the solid red line and the dashed blue line correspond to interpolated 

evolutions. The percentages, in black, correspond to the gain obtained using data 

augmentation for various numbers of instances used for training. (For interpreta- 

tion of the references to color in this figure legend, the reader is referred to the 

web version of this article.) 

adjustment, grey level conversion, and jitter of bounding boxes) 

are presented in Table 2 . Note that training involved the lesser of 

the two configurations used in the previous experiment: the same 

sets of 480 and 124 instances of houses for training and evaluation, 

respectively. It appears that AP@.50:.95 increased notably, from no 

data augmentation (68.4% for exp #1 in Table 2 ) to data augmenta- 

tion applying all factors (71.0% for exp #16). Estimates of main ef- 

fects associated with each factor are reported in Table 3 . All factors, 

except to some extent rotation, therefore seem to be profitable in 

terms of AP ( Table 3 ). Grey level conversion has the largest (bene- 

ficial) effect, followed by vertical flip, and jitter of bounding boxes. 

The application of horizontal flip and colour adjustment seems to 

contribute only slightly to AP improvement. It must nevertheless 

be pointed out that AP is computed with a model frozen after an 

early stop during the training phase. Identifying this optimal mo- 

ment is not easy, or at least not perfectly reproducible. Output re- 

sults (i.e. AP values) may thus suffer somewhat from slight assess- 

ment errors of ca. 0.1–0.2%. Given that these uncertainties are of 

the same order of magnitude as each of the main factor effects 

( Table 2 ), it becomes tricky to evaluate with precision their individ- 

ual contribution to AP. The accumulation of slightly influential fac- 

tors by applying optimal data augmentation strategy as reported in 

Table 2 undoubtedly produces a sizable increase in AP values. Such 

improvements are observed systematically whatever the number of 

instances used for training (from 144 to 1033; Fig. 7 ). However, the 

larger the dataset, the lower the gain, because one cannot afford 

an explosive increase in terms of AP when numerous instances al- 

ready illustrate most of the house variability encountered in the 

field. Note that even when 1033 instances are used for training, the 

AP value does not reach an asymptotic plateau ( Fig. 7 ). Slight but 

significant progress might be achieved using more data for learn- 

ing. 

4.3. Inference on all Sumba Island tiles 

The final model trained using 1033 instances of houses and data 

augmentation was used to make inferences on the entire collec- 

tion of ca. 700 000 tiles covering Sumba Island. After a few days 

of computation, a total of 22 397 traditional houses was identi- 

fied, with a confidence score above 0.5 (Supplementary Material 

SM5). After duplicate removal, 19 143 items remained. Close exam- 

ination in GIS, using BING satellite imagery as basemap, revealed 

the presence of several false positives, i.e. objects wrongly iden- 

tified as traditional houses. These defects were essentially associ- 

ated with low confidence scores close to (or barely above) 0.5. A 

cut-off of 0.8 was therefore applied, keeping false negatives (tra- 

ditional houses missed) at a very low level. A few obvious false 

positives remained in open spaces, such as rice fields, with iso- 

lated trees producing shadows resembling those of house roof tow- 

ers, or in river talwegs, where shadows from rocks have a simi- 

lar appearance. After a quick check, most of these mistakes were 

manually removed, as well as known administrative buildings (e.g. 

at the airport) and resorts constructed in traditional Sumbanese 

style. The procedure may nevertheless miss some large houses 

spotted in the field. These failures are often due to rare poor- 

quality images, or simply because satellite imagery is not up-to- 

date (Supplementary Material SM6). Fig. 8 a depicts the position 

of the remaining 14 952 traditional houses throughout Sumbanese 

territory, after increasing the probability threshold and operating 

manual cleaning, together with the density gradient (in blue) on 

the map. 

4.4. Identifying traditional villages and isolated vernacular houses 

The threshold value of 70 m used to discriminate isolated 

houses from those belonging to traditional villages is coherent 

with the abrupt drop observed in the distribution of the distance 

to the nearest neighbour between houses (see the distribution in 

Supplementary Material SM7). After calculation, 8 799 houses were 

considered as isolated ( Fig. 8 b1 and, at another scale, turquoise 

dots marked 1 in Fig. 9 ), while a total of 6 153 houses was as- 

sumed to belong to traditional villages ( Fig. 8 b2, white dots for 

houses and villages marked 2 in Fig. 9 ). A total of 1 144 villages, 

generally with fewer than 5 traditional houses (but up to a maxi- 

mum of 46), was identified using the above-mentioned rules (see 

the distribution of the number of houses forming a village in Sup- 

plementary Material SM8). Their central positions were then es- 

timated by computing the geographical centroid of village houses 

( Fig. 8 c, yellow stars in Fig. 9 ). It should be noted that mistakes 

remain possible: ( i ) the smallest villages will not be identified if 

they do not contain three traditional houses (see 3 in Fig. 9 ), ( ii ) 

two different villages, close to each other, may be grouped to- 

gether if their nearest houses are less than 70 m apart (see 4 in 

Fig. 9 ), ( iii ) several recent houses in the vernacular style, implanted 

along the main road may be erroneously grouped to form a vil- 

lage, due to their proximity. Such drawbacks, together with the 

rare mistakes observed during the object detection phase, should 

not be seen as critical flaws, because the main strength of the 
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Fig. 8. Vernacular houses and traditional villages identified over the entire Sumba territory. (a): Position of the 14 952 houses identified and density map represented using 

a blue gradient; darker blue means higher density; (b 1 ) positions of the 8 799 isolated houses and (b 2 ) the 6 153 houses forming traditional villages; (c) position of the 

1 144 traditional villages, with symbol size varying in relation to the number of vernacular houses forming the village. The pale pink polygons correspond to the two national 

parks. 

Fig. 9. Close-up in the region of Waikabubak depicting the identified vernacular 

houses, either isolated (turquoise dots) or organized in traditional villages (white 

dots); 1 for isolated houses; 2 for villages (yellow polygons, yellow star for cen- 

troid); 3 for a traditional village missed because it only contains two vernacular 

houses; 4 for two separate villages erroneously combined into one single entity. 

(For interpretation of the references to color in this figure legend, the reader is re- 

ferred to the web version of this article.) 

approach is that it tends toward exhaustivity over a large terri- 

tory; these potential shortcomings will have no effect on statistical 

analysis. 

Scan statistics demonstrate spatial structuration: the ratio of 

isolated (or village) houses is clearly not homogeneous throughout 

the study area. Three main clusters, which cannot be attributed to 

random effects, are statistically recognized ( Fig. 10 a). The first, cen- 

tred on Waikabubak, presents a higher ratio of houses in villages 

(in blue in Fig. 10 a). The second covers East Sumba almost en- 

tirely, with a higher-than-expected ratio of isolated houses (in red 

in Fig. 10 a). The third, also with a higher ratio of isolated houses, 

is located at the extreme west of the island (in red in Fig. 10 a). 

Table 4 

Algorithm performance scores: decision tree, k -NN for k -nearest neighbour re- 

gression, neural network, SVR for support vector machine for regression, and ran- 

dom forest; R 2 for coefficient of determination of the prediction, MRE for mean 

relative error, and MaxRE for maximum relative error. Several sets of feature vari- 

ables were tested: the full set, namely without PCA, and four reduced sets allow- 

ing 50%, 65%, 80%, and 95% of the total variance to be explained. In bold, the best 

result obtained, corresponding to the method used. 

Without PCA With PCA 

Variance explained (%) 100 95 80 65 50 

Decision tree 

R 2 0.704 0.775 0.775 0.761 0.764 

MRE (%) 8.4 7.3 7.3 7.0 7.5 

MaxRE (%) 26.9 20.9 20.9 24.5 20.0 

k-NN 

R 2 0.859 0.855 0.845 0.845 0.859 

MRE (%) 5.7 5.6 5.7 5.8 5.5 

MaxRE (%) 17.7 18.0 19.4 19.3 19.6 

Neural network 

R 2 0.673 0.734 0.813 0.858 0.840 

MRE (%) 8.7 6.6 5.9 5.6 5.9 

MaxRE (%) 21.8 25.9 15.9 15.3 18.7 

SVR 

R 2 0.787 0.848 0.868 0.883 0.870 

MRE (%) 6.6 5.7 5.5 5.3 5.1 

MaxRE (%) 17.7 14.7 14.9 13.6 16.5 

Random Forest 

R 2 0.793 0.839 0.837 0.812 0.818 

MRE (%) 6.7 6.1 6.1 6.4 5.9 

MaxRE (%) 19.3 16.9 17.3 20.1 18.3 

4.5. House size 

Table 4 presents the results of the five machine learning algo- 

rithms tested, and their performance in assessing house size from 

oriented gradient values. This was computed using either the com- 

plete raw dataset as input, or a reduced set obtained by Princi- 
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Fig. 10. (a): Results of the scan statistics processing over the entire Sumba territory, for all identified isolated houses, and those forming villages. The blue circle represents 

a cluster with a high ratio of vernacular houses belonging to villages; the two red circles correspond to areas with high ratios of isolated houses. For each cluster, the total 

number of houses within the circles, the number of isolated houses, the expected number under the null hypothesis (spatial homogeneity), and the p -value of the existence 

of a cluster, are provided. (b): Spatial distribution of house roofs larger than 200 m 

2 . The size of the circles varies with roof size. (For interpretation of the references to color 

in this figure legend, the reader is referred to the web version of this article.) 

pal Component Analysis (PCA) to capture maximum total variance 

with lower dimensionality. Using the entire set of 768 values as 

input data (i.e. without PCA transformation), performance scores 

are satisfactory, with high R 

2 values, varying from 0.67 to 0.86, 

whatever the method. The best results are obtained with k -nearest 

neighbours. The score of all models tends to improve with data 

reduction, except for the k -nearest neighbour algorithm that re- 

mains steady. The biggest boost is observed for the artificial neu- 

ral network, with a notable R 

2 increase of almost 0.2. This score 

is slightly lower than that of the support vector machine algo- 

rithm with PCA retaining 65% of the explained variance, where 

R 

2 reaches almost 0.9, while the mean and maximum relative er- 

rors are around only 5% and 14%, respectively (see Supplementary 

Material SM9 for comparison between ground truth and predicted 

surface). Note, however, that approaches based on mask R-CNN, 

which extract pixels belonging to the objects of interest, could also 

be used to determine house size. This option was not chosen here, 

but the results presented above indicate that oriented gradients are 

also quite efficient to estimate house size rapidly and accurately, 

given that errors of only ca. 15% (at the most) are perfectly accept- 

able in our case. Roof size varies between 50 and 440 m 

2 , with a 

mean of 136 m 

2 (see Supplementary Material SM10). A total of 1 

027 roofs exceeded 200 m 

2 in surface area ( Fig. 10 b). Interestingly, 

the size distribution of isolated houses appears to be statistically 

different from those belonging to villages, with larger roofs for iso- 

lated houses (KS = 0.1, p -value < 10 −16 for 2-sample Kolmogorov- 

Smirnov statistic, see also Supplementary Material SM11 depicting 

cumulative distributions for both groups). 
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4.6. Cultural implications 

Most traditional houses are in West Sumba ( ∼ 80%), espe- 

cially in the Loli and Wanukaka territories, and to some extent 

in the Wajewa area (see Figs. 8 a and 1 c for ethnolinguistic sub- 

divisions). This distribution tends to follow the implantation of the 

Sumbanese population, whether the inhabitants live in traditional 

houses or not (except for the large town of Waingapu). The great- 

est house density is found over Neogene carbonates ( Fig. 1 b), in 

particular on the hilly terrains surrounding the rice fields of the 

Waikabubak and Waibakul lowlands, where fertile soils must have 

attracted populations. In the Loli and Wanukaka territories, ances- 

tral clan-house settlements were often established at the top of 

hills for defensive purposes ( [64] ; see Figs. 8 c and 9 depicting an 

area located to the south of the Waikabubak lowland, where vil- 

lages are massively implanted along the ridges). Another good rea- 

son for building there is that the air is drier than in the lowlands, 

close to the rice fields [29] . Some large villages are also found 

in the Kodi territory, located to the extreme west of the island 

( Fig. 8 c), where the inhabitants exploit the few agricultural plots 

developed on coralline limestones ( Fig. 1 b). Other small settle- 

ments are present in the western part of the island, but they have 

not been identified here, because they are essentially composed of 

normal (not high-pitched) houses, which do not fulfil the criteria 

to label them as traditional. Today, there is no need for defence, 

so that isolated houses are quite numerous. In West Sumba, they 

mostly correspond to buildings in medium-sized villages, or along 

the main communication routes ( Fig. 8 b 1 ). With the rising stan- 

dard of living, people have progressively left ancestral settlements 

for modern accommodation and related services (e.g. regular water 

supply, salaried employment, etc.). Others have built their homes 

closer to the fields they exploit for practical reasons. These modern 

houses (“garden houses”) are generally larger and more comfort- 

able than those originally found in traditional villages. However, 

the break with tradition is only partial as these new houses are 

frequently built close to the original village of their owner, and of- 

ten imitate traditional Sumbanese style. Around Waikabubak, the 

ratio of isolated houses is lower than over the rest of the island 

( Fig. 10 a), suggesting that the ancestral structure of society is more 

prevalent there. In East Sumba, the situation is very different. Tra- 

ditional houses are scarcer ( Fig. 8 a), except to some extent in the 

region of Lewa, where numerous agricultural fields are exploited. 

The dominance of Neogene clastic sedimentary rocks as bedrocks 

( Fig. 1 b), combined with steep slopes ( Fig. 1 a) and low rainfall 

makes the terrains of East Sumba not very productive and diffi- 

cult to exploit. Even where traditional houses are present, they are 

often scattered in response to environmental constraints, so that 

only a few traditional villages can be identified ( Fig. 8 c). The po- 

litical functions of these villages were, however, not the same as 

in the western part of the island. In the early 20th century, trav- 

ellers reported that a single aristocrat assisted by a few vassals 

reigned over the eastern part of the island, while no such cen- 

tralized power existed in the western domain. The sovereign ruled 

over a strongly stratified society, where possessing slaves was a 

sign of a high-ranking social and economic position. Note that slav- 

ery was abolished in 1860 in the Dutch East Indies, but castes still 

persist today, despite the effort s of the democratic Indonesian gov- 

ernment. The villages and their activity are still centred on these 

aristocratic houses, whose size and position are clearly related to 

the social standing of their owners, their prestige, political power, 

wealth, and connection to the spirits (see as an example Fig. 2 c, 

depicting an aristocratic house in the foreground of the picture). 

There are virtually no vernacular houses within the two large nat- 

ural parks established in 1998 on the south coast ( Fig. 8 ), which 

are predominantly established on volcanic substrates ( Fig. 1 b). Yet 

some ancient collective graves, testifying to the presence of former 

villages, have been identified here and there. This area has a low 

agricultural potential, and the creation of the two protected areas 

has probably incited the remaining population to abandon the area 

and to move elsewhere. 

5. Conclusion 

Applying an appropriate set of techniques based on machine 

learning can help to bridge the gap between tangible and intan- 

gible heritage, by rapidly producing maps for further spatial analy- 

ses undertaken with specific objectives. Nevertheless, it should be 

mentioned that the overall quality of satellite imagery is a strong 

limiting factor for applying deep learning in good conditions. Here, 

images were neither too dark nor too bright, with almost no cloud, 

always remaining perfectly readable at the highest resolution avail- 

able (about 0.3 m/px), which is quite sufficient for our purpose. 

Some of the examples provided, however, demonstrate that the pe- 

riod during which satellite images have been acquired may intro- 

duce errors, because the situation is continuously evolving. Note 

also that if the labelling phase is inadequate or not fully represen- 

tative, the accuracy of detection will be greatly impaired. Whatever 

the precautions taken, the techniques described here inevitably in- 

troduce some false positives and false negatives, which the re- 

searcher will have to manage. Automatic clustering of houses to 

identify villages implies a choice of settings. Even if the settings 

are appropriate, errors may also be introduced at that step. That is 

why a solid knowledge of the context is always highly desirable. 

Returning to the field for verification or for further investigation is 

an option that should never be neglected. 

Our attempts to explain the distribution of vernacular houses 

are rendered complex as both environmental and societal factors 

almost certainly play a role, in competition with recent develop- 

ments in Sumbanese society that are reshuffling the cards. The 

growing importance of ‘garden houses’ merits particular attention. 

It could be interesting to examine whether the situation of isolated 

houses without towers is similar, as differences in architecture may 

reflect the personal relationship of the owner to tradition. Further 

research could complete the data with surveys over time, or could 

repeat the study on available aerial images, prior to the societal 

changes mentioned. 

Technically, several types of object detectors are available but, 

beyond this crucial choice, the researcher must be aware that 

other important parameters may heavily impact the overall perfor- 

mance of the model (output stride, augmentation strategy, etc..). 

The number (and diversity) of instances used for training is among 

these sensitive variables. In the present case, the experiment 

shows that using more than 10 0 0 instances probably does not 

reach the maximum performance score. Nonetheless, it would have 

been absurd to increase the size of the training set to the point of 

labelling almost all the houses that must be detected. This issue 

is a matter of balance, which must be adapted to the problem to 

be solved. Interestingly, using an appropriate deep learning model 

for object detection, followed by a machine learning approach with 

HOG values as feature inputs, the size of houses can be estimated 

with good accuracy. Although the proposed workflow is sufficiently 

efficient here, instance segmentation, which straightforwardly ex- 

tracts pixels belonging to houses, could also be evaluated in the 

future. 

In the light of this summary, a novice might be afraid of the 

technicity required and the potential difficulties related to practical 

implementations. It would however be an error because all tools, 

freely available, come with detailed documentation. Even though 

time will be required during development, the gain will be huge 

for objects to be detected at very large scales, an impossible task 

if done by hand. In the present example, only one single class was 

involved, but it is entirely possible to detect several objects, at one 
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and the same time. The potential of deep learning applied to var- 

ious situations related to the recording (and thus to the preserva- 

tion or the study of the dynamics) of tangible cultural heritage is 

huge. These techniques not only offer a simple increase in record- 

ing capabilities, they provide a whole new order of magnitude for 

research perspectives. 
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3.3. L’apprentissage automatique appliquée aux 
peintures rupestres 
 

De récentes études ont démontré que les pierres à cerfs associaient gra-

vures et peintures (Gantulga et al., 2013; Tishkin, 2013; Olkhovsky, 2005, Esin 

et al., 2017). Des traces de pigments rouges ont été retrouvées sur la surface de 

plusieurs stèles (Fig. 16). La coloration des stèles pouvait jouer deux rôles diffé-

rents. Dans le premier cas, la peinture remplit les motifs déjà gravés, comme les 

 

Fig. 16 Stèle n°24 de Tsatsyn Ereg présentant des traces de pigments à sa surface (à gauche) et une reconstitution de sa 
coloration originale (à droite) (d’après Esin et al., 2017).  
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cerfs ou les contours des armes, par exemple. Le pigment sert ici à renforcer les 

images. Dans le second cas, la peinture est utilisée sur des surfaces préparées et 

ne suit pas des motifs déjà gravés, mais dessine de nouveaux motifs, créant de 

nouveaux éléments dans la composition de la stèle. Malheureusement, ces traces 

sont généralement mal conservées et peu visibles à cause du lessivage par les 

agents atmosphériques. Les traces identifiées proviennent de stèles qui ont été 

enterrées volontairement ou qui sont tombées, ce qui les a protégés de l’altéra-

tion. Une croûte de calcite est parfois présente sur les stèles, là où elles ont été 

en contact avec le sol. Celle-ci a pu favoriser la préservation des pigments. 

Dans l’art rupestre, reconnaissance et lecture des peintures sont les prérequis 

pour toute étude ultérieure. Les surfaces, comme dans le cas des stèles, ont pu 

être lessivées ou altérées au cours du temps. Il devient alors difficile d’identifier 

à l’œil nu la présence de pigments sur la pierre. Néanmoins, l’introduction de la 

photographie numérique dans l’étude de la peinture rupestre offre de nouvelles 

possibilités dans la détection des pigments les plus ténus. Une image numérique 

3 x 8 bits (pour un encodage RGB) peut contenir jusqu’à 16.7 millions de cou-

leurs différentes, soit bien plus de nuances que ce que l’homme est capable de 

différencier à l’œil nu. La photographie numérique offre cependant la possibilité 

de manipuler les couleurs de l’image afin d’accentuer le contraste entre les zones 

peintes et non peintes, afin de révéler les pigments, puis de tracer le contour des 

motifs peints. Pour effectuer ces manipulations, les chercheurs se sont tournés 

vers différentes solutions. Certains, minoritaires, utilisent des programmes 

d’édition d’images, tels qu’Adobe Photoshop ® ou Gimp, mais la solution la 

plus répandue reste l’utilisation du logiciel Dstrech®, introduit en 2005 par Jon 

Harman (Harman, 2005) en tant qu’extension du logiciel de traitement d’image 

ImageJ (https://imagej.nih.gov/ij/). Cette extension a pour but d’enrichir la pa-

lette de couleurs de l’image en décorrélant les trois canaux RGB. Plus récem-

ment, Rogerio-Candelera et al. (2011) ont également introduit un logiciel : Py-

DRA qui en plus de traiter l’image, inclut une classification non supervisée des 

pixels dans le but d’aider à la création de la documentation. Malgré leur effica-

cité, ces solutions présentent quelques inconvénients. Les traitements appliqués 

par Dstretch, ainsi que leur paramétrisation sont parfois mystérieux, et peu dé-

crits dans la notice d’utilisation. Il devient alors difficile d’atteindre un résultat 
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particulier ou de le reproduire. La méthode PyDRA a l’avantage d’être bien 

mieux documentée, mais son application nécessite d’être familiarisé avec le lan-

gage Python. Le but de l’étude qui suit est d’introduire un logiciel exécutable de 

traitement d’image pour la mise en valeur des peintures rupestres : Extraction of 

Rock Art, i.e. ERA. La solution ici proposée se veut claire dans l’exposé des 

mathématiques appliquées, et suffisamment simple pour être utilisée par tous. 

Ce programme possède en outre une option de dessin automatique des motifs 

peints, basée sur une classification des pixels par apprentissage automatique su-

pervisé. 
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The present study proposes a new software program to help researchers identify rock paintings from dig- 

ital images, rapidly producing high-quality documentation, in a user-friendly way. The three RGB colour 

channels of the digital image are first decorrelated and then stretched, a well-known technique used by 

remote-sensing specialists for over thirty years. In contrast with the approaches previously developed 

specifically for rock art, several data-whitening algorithms are used at this step: (regular) principal com- 

ponent analysis, zero-phase component analysis, Cholesky decomposition, and independent component 

analysis. These transformations produce different arrangements of the colour information, which never- 

theless share some important properties (e.g. the covariance matrix of the new channels equals the iden- 

tity matrix). The decorrelated data, previously stretched and scaled to fit the RGB space, are then con- 

verted into various colour spaces (selected from among the most popular): XYZ, HLS, HSV, LAB (CIELAB), 

Luv, CMY(K), YCrCb, and YUV. The most subtle colour variations will be better perceived in some of these 

newly produced, contrasted, false-coloured images. The researcher can then take advantage of supervised 

machine learning algorithms to isolate painted figures. At this step, binary pixel classification is per- 

formed either by logistic regression, support vector machine, or k -nearest neighbours, possibly including 

confident learning. There is no need for complex tuning at any point during the procedure, which lasts 

a few minutes at most, while a posteriori cleaning of the produced document is minimal. The software, 

written in Python, is provided as a stand-alone executable program for Windows, for broader diffusion, 

and as open-source code, which can therefore be adapted to the evolving needs of the community. 

© 2022 Elsevier Masson SAS. All rights reserved. 

1. Introduction 

One of the main difficulties encountered in the study of rock 

painting is that of clearly seeing painted patterns with the naked 

eye. This problem is particularly true when pigments have suf- 

fered from decay and fading over time [1] . Colour contrast between 

paintings and background may have almost completely vanished, 

so that recognition of shape, texture, contour, and position (i.e., 

elements essential for analysis) becomes problematic. The intro- 

duction of consumer-grade digital CMOS cameras in the late 1990s 

was a game-changer, as these tools rapidly became popular for the 

∗ Corresponding author. 

E-mail address: Fabrice.Monna@u-bourgogne.fr (F. Monna) . 

non-invasive documentation of rock paintings (see [2] for a sum- 

mary of method evolution). Common 24-bit colour images pro- 

duced by cameras and processed by computers are basically built 

from three channels: red (R), green (G), and blue (B). Each is en- 

coded in 8 bits, resulting in 256 integers (i.e. 2 8 ). This colour model 

is commonly represented by a cube [3] , where each axis is a colour 

channel (with integer values ranging from 0 to 255), and where 

black and white, respectively correspond to the (0, 0, 0) and (255, 

255, 255) triplets. The additive combination of these three chan- 

nels forms a palette containing 16.7 million colours. Even though 

this colour palette is vast enough to cover the full range of hu- 

man colour perception, estimated at 10 million different colours, 

the close examination of a raw digital image displaying a rather 

homogeneous painted panel, which may, in addition, have suffered 

https://doi.org/10.1016/j.culher.2022.09.018 

1296-2074/© 2022 Elsevier Masson SAS. All rights reserved. 

https://doi.org/10.1016/j.culher.2022.09.018
http://www.ScienceDirect.com
http://www.elsevier.com/locate/culher
http://crossmark.crossref.org/dialog/?doi=10.1016/j.culher.2022.09.018&domain=pdf
mailto:Fabrice.Monna@u-bourgogne.fr
https://doi.org/10.1016/j.culher.2022.09.018


F. Monna, T. Rolland, J. Magail et al. Journal of Cultural Heritage 58 (2022) 91–101 

from weathering, does not provide more information than a close 

inspection of the scene itself. Researchers have therefore taken ad- 

vantage of the post-processing capabilities offered by raster graph- 

ics editors (e.g. rescaling colour, manipulating saturation, etc.) to 

artificially enhance the contrast between the painted figures and 

the background [4] (note that a similar approach that has recently 

been applied to rock art carving by manipulating 3D geometry in 

place of colour [ 5 , 6 ]). In 2005, the introduction by Jon Harman of 

DStretch® [7] led to a key breakthrough in methods for recog- 

nizing and recording painted rock art [8] . This software program 

benefitted from decorrelation stretching procedures previously de- 

veloped by remote-sensing specialists to analyse satellite images 

[ 9 , 10 ]. Its underlying principle is quite simple: in the RGB space, 

colour channels tend to show high levels of correlation, so that 

the pixels composing the image occupy a reduced space in the 

RGB cube model. The goal is therefore to expand the volume of 

this envelope in order to artificially enhance the colour richness of 

the image. Such a boost is expected to facilitate differentiation of 

the painted parts from the background. According to the DStretch®

documentation [7] , the colour enhancement of the images operates 

in four steps. The first step relies on the decorrelation of the colour 

channels using a Karhunen-Loève transformation, also known as 

KLT or Hotelling transform, which is in fact a principal component 

analysis (PCA) [11] , based on the covariance matrix [12] , although 

the correlation matrix may also be used at this step [7] . The re- 

sulting variables are therefore uncorrelated in a new orthonormal 

basis in R 

3 . The second step is stretching, which rescales each 

component by normalizing the variances of the eigenvectors. The 

third step is a rotation of the coordinate system, which brings the 

transformed data back into their original (RGB) vector space. At 

this point, the transformed RGB values, remapped on to a 0–255 

range, are converted into other colour spaces, including new ones 

specifically designed to emphasize yellow, red, or blue/black pig- 

ments. Once the painted figures appear, they can be isolated semi- 

automatically using a colour-picker tool, together with an appro- 

priate tolerance value to determine how closely the pixels compos- 

ing the entire image must match the colour picked in order to be 

finally selected [2] . They can also be traced manually with the help 

of a raster or vector graphics editor, using the false-coloured im- 

age thus produced as a background layer. The DStretch® program 

is distributed as a plugin compiled for ImageJ, an open-source 

multiplatform software for image processing [13] . More recently, 

Rogerio-Candelera and co-workers [14] used only a PCA to produce 

a false-colour image with three uncorrelated bands. These bands 

correspond to the three principal components (PCs) obtained after 

shifting and rescaling the values in a range compatible with 8-bit 

encoding (see also [1] for an example of PCA application). As the 

amount of information accumulated by the PCs decreases from the 

first to the last component, PC1 is expected to represent most of 

the variation contained within the original three bands. After close 

examination of several experiments, both Rogerio-Candelera and 

co-workers [14] and Domingo and co-workers [1] concluded that 

the minority components PC2 and PC3 are the most informative for 

rock art studies. Cerrillo-Cuenca and co-workers [15] took advan- 

tage of these observations and developed PyDRA, a distributable, 

open-source application, which later evolved by including a finely 

tunable, selective intensification of saturation or intensity [16] . In- 

terestingly, these authors also introduced unsupervised pixel clas- 

sification by applying a K-means algorithm that is expected to fa- 

cilitate documentation. 

Although no statistical analysis has investigated how rock art 

specialists preferentially process images, it is reasonable to af- 

firm that DStretch® has been extensively adopted by the commu- 

nity [ 7 , 17–24 ], while a minority of scientists use a non-standard 

method based on empirical image manipulation with raster graph- 

ics editors, such as Adobe Photoshop® (see [25] , and references in 

[2] ). Yet, as noted by Cerrillo-Cuenca and Sepúlveda [16] , although 

DStretch® is generally efficient, its data treatment remains some- 

what opaque. This is true not only for the decorrelation stretching 

phase, but also during the elaboration of new colour spaces. Nu- 

merous options are available during the workflow, but the reasons 

why and when they should be applied and tuned are not always 

sufficiently well explained. The plugin can be obtained on request 

from the author under a compiled form, so that any further inspec- 

tion of the code requires a certain level of expertise. 

The PyDRA application possesses several attractive features. 

Its mathematical basis is clearly described in two published pa- 

pers [ 15 , 16 ], and the snippets written in Python 2.7 are readily 

available at Github ( https://github.com/ecerrillo/PyDRA ), under an 

open-source form. However, as no standalone version is provided, 

its use implies the installation of a Python interpreter, together 

with the necessary libraries, which is detrimental to dissemination 

among a broader audience. Furthermore, the 2.7 version of Python 

used for its development has now been discontinued; modifica- 

tions will thus be required to run the code on the current Python 

version. 

2. Research aim 

In this study, we aim to provide the community with software 

(for Extraction of Rock Art, i.e. ERA), to identify rock paintings 

from digital images, and to produce high-quality documentation 

very quickly, using the information-retrieval capabilities of ma- 

chine learning algorithms. Interestingly, the software is provided as 

a standalone executable for Windows, and as open-source snippets 

for Python 3.7 (and above). In contrast with previous approaches, 

decorrelation of the RGB channels uses four different whitening 

transformations. Once rescaled for 8-bit encoding, and reshaped in 

colour raster form, images are converted into a variety of colour 

spaces, selected from among those most commonly used. Optional 

tunings were carefully limited to a strict minimum, to simplify the 

process while maintaining high-level outputs. These options should 

efficiently counteract the deleterious effect of some particular dis- 

tributions of colour channels on colour enhancement. Fundamen- 

tal principles are also discussed, because a better understanding of 

the underlying concepts will help the researcher to optimize the 

production workflow from image capture to final documentation. 

The quality of outputs produced by supervised machine learning is 

evaluated. 

3. Material and methods 

3.1. Whitening the RGB channels 

Principles . Whitening (or sphering) transformations belong to a 

family of methods for decorrelating and standardizing a set of vari- 

ables [26] . They are applied, in our case, to enhance the colour 

richness of the image. An image can be seen as a data matrix, X 

∈ R 

n ×p , where each row, n, corresponds to a pixel, and p = 3 be- 

cause there are three colour channels (RGB). Note, however, that 

pixel colour is encoded using a combination of integers. The first 

step is to centre the data: 

X c = X − μ, (1) 

where μ corresponds to the vector mean of each channel. The re- 

sulting data matrix, X c ∈ R 

n ×p , possesses a zero mean and has a 

covariance matrix, cov( X c ) = � ∈ R 

p ×p : 

� = 

1 

n − 1 

X c X 

T 
c (2) 

with n, the number of data samples (i.e. pixels). The goal is then 

to find a p × p whitening matrix, namely W , satisfying: 

Z = W X c , (3) 
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with: 

cov ( Z ) = I p , (4) 

where I p is a p × p identity matrix, in other words a situation 

where all variables are decorrelated and possess a unit variance, 

and where Z is the new, transformed data matrix. It can be demon- 

strated that the expressions above are equivalent to: 

W 

T W = �−1 (5) 

The W matrix is not unique, as any p × p orthogonal matrix Q , 

with Q 

T Q = I p , produces: 

W = Q �−1 / 2 , (6) 

where the W matrix satisfies Eq. (5 ) above. Geometrically, this in- 

volves a multivariate rescaling by �−1 / 2 , followed by a rotation by 

Q . To go further, the W matrix can be rewritten using the eigende- 

composition of the covariance matrix, �, in the eigenvector matrix, 

U , and the eigenvalue matrix, �: 

� = U�U 

T (7) 

Eq. (6 ) can be rewritten as: 

W = ( QU ) �−1 / 2 U 

T (8) 

Finally, one obtains: 

Z = WX c = ( QU ) �−1 / 2 U 

T ( X − μ) (9) 

To summarize, the data, centred using their vector mean μ, are 

rotated by U 

T to align with the eigenbasis, scaled by �−1 / 2 , and 

(possibly) rotated again by QU . Note that without this final rota- 

tional step by QU , the data are already whitened as they are decor- 

related, and each dimension possesses a unit variance. 

Algorithms . The issue is therefore to find relevant configurations 

of W , and thus an appropriate value for Q . Five possible (natural) 

sphering procedures have been discussed [26] . The most common 

procedure, PCA whitening, simply uses W = �−1 / 2 U 

T . Note that, 

for PCA whitening, W is not unique, as U suffers from sign am- 

biguity. The ZCA whitening (aka Mahalanobis whitening, [27] ) is 

unique and implies the use of W = �−1 / 2 ; in other words, Q = I p . 

In contrast with the above method, the data are rotated back 

by U to their original coordinate system. The Cholesky whiten- 

ing uses Cholesky factorization, well known in numerical computa- 

tion [28] . It decomposes a positive-definite matrix into the product 

of a lower triangular matrix and its conjugate component. Here, 

the precision matrix, another name for the inverse of the covari- 

ance matrix, �−1 , is decomposed as: �−1 = L L T . In this case, the 

whitening matrix W is unique and equals L T . Two additional proce- 

dures were presented by Kessy and co-workers (2018) [26] , which 

either maximally compress the original variables (PCA-cor) or are 

maximally similar to them (ZCA-cor). They were nevertheless dis- 

carded here, as both produced almost identical results to either 

PCA or ZCA whitening for all images tested. One other algorithm 

was considered: independent component analysis (ICA), as it was 

recently and successfully applied to rock paintings [29] . It starts 

from data whitened with PCA, which are rotated to maximize the 

non-gaussianity of their projection on to 3 new axes, thus produc- 

ing a new space where the data are maximally independent (see 

[30] for more details). This transformation can be accomplished 

using the FastICA algorithm, here following the implementation 

found in [31] . As a final step, and whatever the procedure applied, 

the Z ∈ R 

n ×p matrix is converted into the shape of the original 

raster, and the values are scaled to an integer 8-bit format to fit 

the 0 - 255 range. 

Optional further colour enhancement. Two different approaches, 

which are not mutually exclusive, can be applied to further en- 

hance colour distribution. The first consists in rapidly selecting a 

part of the image by hand, taking care to focus on the area of in- 

terest. The vector μ and the � and W matrices are computed from 

this subset of selected pixels, X S , and upon this basis Z is drawn for 

the entire image. Importantly, the remapping of Z in 8 bits takes 

into account the minimum and maximum values found in the sub- 

set, and not in the entire image, which is subsequently clipped of 

its values below 0 or above 255. The second approach consists in a 

linear contrast stretching with saturation, also known as percent- 

age linear contrast stretch [32] , where Z is rescaled to include all 

values that fall within an interval corresponding to the ( α/2) th and 

(100- α/2) th percentiles (with α configurable). 

3.2. Converting the whitened data to other colour spaces 

The four resulting images (one for each whitening procedure) 

are then converted into each of the eight following colour spaces: 

XYZ, HLS, HSV, LAB (i.e. CIE L ∗a ∗b), Luv (i.e. CIE L ∗u 

∗v), CMY(K), 

YCrCb, and YUV, which were specifically chosen as they are among 

those most commonly used. Describing each of these colour spaces 

and their respective properties is outside the scope of the present 

study, but the reader will find this information in the vast spe- 

cialized literature (e.g. [ 33 , 34 ]), while the mathematical description 

of the transformations performed by OpenCV is available at https: 

//docs.opencv.org/3.4/de/d25/imgproc _ color _ conversions.html . As a 

result, 36 colour images are produced: 4 whitening procedures × 9 

colour spaces (i.e. one whitened RGB image plus its conversion into 

8 other colour spaces). The reason for this abundance is to supply a 

large set of false-coloured images, through which the operator can 

easily navigate to identify the painted areas, without any fastidious 

manual tuning. 

3.3. Machine learning for the automatic delineation of painted areas 

Underlying idea . The integration of machine learning aims to 

produce documentation close to the best standards of publication, 

with minimum intervention by the operator. Rather than the un- 

supervised method previously applied [16] , a supervised approach 

was preferred here, because the operator can train the model 

very specifically to fit the desired objective [35] . Note that Lerma 

[36] previously tested a similar form of supervised classification, 

taking as feature input the three visible spectral bands of an image 

plus one near infrared. In the present study, a simple binary classi- 

fication (painted vs non-painted) is presented first, while situations 

with multi-coloured paintings will be discussed later. 

Supervision . This step consists in labelling two classes: pixels 

belonging to the painted areas, and those belonging to the sub- 

strate. Ideally, supervision should be at pixel level to minimize the 

risk of erroneous labelling [37] . This pixel-wise task would be quite 

tedious, particularly since good representativity is sought. Conse- 

quently, supervision is performed by drawing two groups of curves 

(of adjustable thickness) on the image, each at best correspond- 

ing to one class. However, such rough-and-ready supervision will 

inevitably lead to some errors (i.e. pixels erroneously included in 

both classes). 

Additional feature engineering and feature selection . To each pixel 

coordinate corresponds a vector containing 108 values (36 im- 

ages × 3 colour channels). Processing this entire dataset as input 

is certainly not the best option, as it includes variables without 

any discriminating power (i.e., channels where no difference can 

be noticed between painted areas and substrate). It would consid- 

erably slow down the training and prediction phases, and might 

even have a deleterious effect on output quality. Automatic prese- 

lection therefore retains the n most discriminating variables, pos- 

sessing the n highest values of the t -statistic ( n is configurable, 

with n = 30 channels as default value). It is worth mentioning that 

even if the distribution within each group is non-normal, variable- 

by-variable, the two-sample t -test can be used at this step, as the 

central limit theorem applies when sampling is sufficiently large 
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[38] . Using thick curves for supervision will always produce thou- 

sands of labelled pixels. The n variables thus retained are never- 

theless strongly correlated, so that a PCA must be performed. This 

reduces the number of (decorrelated) principal components to m 

( m < n ), allowing the total variance to be expressed at a given level 

(also configurable by the operator, with 97% as default value). 

Algorithms . At this point, the aim is to build a mathematical 

model (i.e. a decision rule) allowing binary pixel classification. In 

other words, the two categories: y c , (with c ∈ {0;1} for background 

and painted pixels, respectively) must be predicted from x , a vector 

describing the set of m previously built features, x = {PC 1 ,...,PC m 

}. 

There are several different techniques for solving such a classifica- 

tion problem, among them naïve Bayes, k -nearest neighbours, lo- 

gistic regression, linear and quadratic discriminant analysis, artifi- 

cial neural network, and random forest, to cite only the most popu- 

lar. They can also be combined using voting classifiers. Many com- 

petitions open to both researchers and enthusiasts seek to find the 

technique producing the highest performance for a specific prob- 

lem, using a given dataset. The winning workflow generally in- 

volves complex algorithms, fine hyperparameter tuning, and heavy 

calculation load. Even though its performance will formally sur- 

pass that of more classical algorithms, the gain is often modest. 

Here, the idea is not to find the best algorithm through a long and 

complex optimization process (as manual cleaning of the resulting 

image will undoubtedly be necessary at the end), but to provide 

good results quickly. This is particularly true in our case, since the 

best algorithm is likely to vary with the dataset (i.e. the image pro- 

cessed) and the choices made by the operator during supervision. 

For these reasons, only three of the simplest approaches are im- 

plemented in the software: logistic regression (LR), support-vector 

machine (SVM), and k -nearest neighbours (KNN). 

For logistic regression, a new variable, z , is built from a lin- 

ear combination of weights, w , and sample features: z = w 

T x . The 

probability of belonging to a particular class is provided by the 

logistic sigmoid function: �(z) = 1 / ( 1 + e −z ) , with �(z) ∈ [ 0 ; 1 ] ; 

weights are optimized using the L-BFGS algorithm; regularisation 

is operated using an L2 penality. The support-vector machine algo- 

rithm aims to maximize the margin between the decision bound- 

ary hyperplane and the closest training samples with the goal of 

separating the two classes. The SVM can also manage data that 

are not linearly separable using the so-called “kernel trick”, which 

transforms the data into a higher dimensional space. Here, a radial 

basis function (RBF) is applied. The algorithm provides the proba- 

bilities of belonging to each class. Finally, the KNN algorithm is a 

non-parametric machine learning technique, which determines the 

k -nearest neighbours (here k = 31) and simply assigns a class after 

majority voting. 

For more details about these methods, the reader is invited 

to refer to the abundant specialized literature, e.g. [39–41] . Once 

the classifier is trained, in other words once the mapping func- 

tion f( x ) → y c is optimized, the model is applied to the entire im- 

age, and predictions are made for each of the pixels composing the 

image to identify its class: background or painted pixel? For the 

sake of speed, the traditional split into training and test datasets 

(the first used to train the model, and the second for performance 

evaluation), possibly including a grid search for hyperparameters, 

was not applied. Since the supervised dataset is very large and the 

complexity of classifiers low, models do not suffer from overfitting, 

and thus, from difficulties in successfully generalizing to unseen 

data [42] . Assessing performance scores would also be pointless in 

our case, since outputs are visually evaluated. By default, the LR 

model is applied to the entire set of supervised pixels. This model 

generally produces good results quite quickly. Its outputs may thus 

rapidly provide valuable information about how the operator could 

improve final documentation quality: e.g., by increasing the num- 

ber of supervised pixels, thus focusing on a specific area of the 

image, or by changing the default settings used for feature engi- 

neering (e.g., number of best channels retained, variance expressed 

by PCs, etc.). 

Confident learning . Recent methods have been specifically devel- 

oped to identify potential noise in the labelling mentioned above, 

and to integrate dealing with this common issue into the learning 

process (see [43] for more details). Noisy data are pruned using 

probabilistic thresholds, the level of noise is estimated, and exam- 

ples to train the models are ranked with confidence. This confident 

learning approach is integrated into the ERA software to comple- 

ment the more conventional learning processes. 

Image blurring . In the output images, a few pixels may erro- 

neously stray beyond the segmentation borders of painted areas. 

Applying a Gaussian blur to images may help to eliminate such 

false positives, by smoothing out image noise, but at the expense 

of detail. By default, a square 5 × 5 px kernel is applied, but its 

size can be modified. 

3.4. Practical implementation 

The pixel envelope volume within the RGB cube was 

calculated using the free R programming language ( https: 

//www.r-project.org/ ), with the tiff, misc3d, oce, and RGL li- 

braries, using a three-dimension kernel density estimate, 

with a cut-off of 99.9%. The ERA software itself is written in 

Python 3.7, with the numpy, scipy, scikit-learn, qimage2ndarray 

( https://github.com/hmeine/qimage2ndarray ), OpenCV, and 

PyQt5 (or PySide) libraries, together with the whiten func- 

tion (modified after https://gist.github.com/joelouismarino/ 

ce239b5601fff2698895f48003f7464b ). It is made available, to- 

gether with a standalone executable version for Windows, as 

Supplementary Material SM1, at the following internet address: 

https://gitlab.huma- num.fr/fmonna/era- extraction- from- rock- art/ 

-/tree/Paper _ Supp _ Mat . Fig. 1 depicts the layout of the page 

dedicated to data preparation. General principles, options, and 

workflow are discussed in detail below, and in the accompanying 

user manual, included in Supplementary Material SM1. 

3.5. Visual evaluation 

During the elaboration of the ERA software, dozens of images 

were processed. Outputs were evaluated visually, by rock art ex- 

perts, based on the time required in post-processing to attain the 

highest standards of archaeological documentation. 

4. Results and discussion 

4.1. Basic workflow 

The rock art painting used here as the first example belongs 

to the Okunev culture, which existed in the South Siberian steppe 

during the Bronze Age (260 0–180 0 BC). It represents the face of 

a deity on a brownish rock, with orange lichen colonizing some 

parts of the surface, and dark cracks. The image (3888 × 2592 px, 

saved in high-quality JPG format) was captured at Tarpig Moun- 

tain, as orthogonally as possible to the panel surface, using a DSLR 

CANON EOS 400D camera ( Fig. 2 a). The 3 channels composing the 

image are strongly inter-correlated, as illustrated by their projec- 

tion in the RGB cube ( Fig. 2 a). The envelope of the input picture 

occupies only about 7% of the full RGB colour space, explaining 

why the image appears so homogeneous. When whitening is ap- 

plied, the envelope increases considerably, occupying more than 

21% of the cube, whatever the procedure ( Fig. 2 b), with slight dif- 

ferences because stretching is performed after the rotational step. 

Colour richness is basically the same in all cases, but the result- 

ing images are not all equally useful to identify the painted areas. 
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Fig. 1. Layout of the ERA software. The processed image represents several images of the Xiongnu - Xianbei period; in the middle, a rider with an eagle over an earlier 

image of an animal in a different shade of red (original colour). The image was captured at Kavkazskoe, South Siberia, Russia. 

Here, the Cholesky and FastICA transforms seem to be the most 

appropriate. Note that FastICA produces results visually different 

at each run, due to its stochastic nature, but that the data struc- 

ture remains unchanged (i.e. the three channels are sometimes re- 

arranged and/or the values reversed). Interestingly, Cerrillo Cuenca 

and co-workers (2021) reported that decorrelation by FastICA of- 

ten isolates paintings more sharply than PCA, probably because ICA 

seeks to separate superimposed components, while principal com- 

ponents are computed in order, according to the amount of varia- 

tion they represent [29] . After colour conversion, the operator can 

rapidly identify the best colour image(s) and/or one specific grey 

channel by toggling between images, and can also supervise pixel 

labelling, with black for painted areas, and red for background 

( Fig. 2 c). Features corresponding to the values of supervised pix- 

els for each channel are extracted, the best channels are identified 

and selected, PCA is computed, and the machine learning model 

is trained. For the Okunev painting, applying the trained LR model 

to the entire set of pixels composing the image produces good re- 

sults. The painted areas are emphasized in black or in their true 

colour with no (i.e. white) background, or in black on the original 

colour image ( Fig. 2 d). Another output is systematically produced 

using confident learning (not shown in Fig. 2 ). Most of the time, 

no great difference was observed between results with or without 

confident learning. In some situations, however, confident learning 

clearly produced better results, probably because the training set 

contained too many mislabelled pixels. During these tests, it was 

also noticed that the slower KNN model generally produced out- 

puts similar to LR. The SVM model often provided outputs with 

a little bit less noise, but such improvements require more com- 

putation time (several minutes may be necessary). As each image 

possesses its own characteristics, the final choices are left to the 

researcher’s appreciation, based on visual evaluation by the expert, 

for more versatility. The default parameters are nonetheless appro- 

priate as a first guess, in most situations. 

4.2. Optional colour enhancement 

Depending on the distribution of the input pixels, the benefi- 

cial effect of the sphering transformation described above may be 

modest. Just a handful of pixels falling close to the corners or the 

edges of the RGB cube (unrelated to the painted area) would be 

sufficient to impair the colour enhancement of the entire image. 

The presence of outliers may have a drastic impact on the mean, 

the covariance matrix, and thus subsequently on the PCA transfor- 

mation, but above all on the final rescaling in 8-bit format, which 

linearly remaps the Z matrix by making the minimum value coin- 

cide with 0, and the maximum with 255. 

The Okunev painting from the Tarpig Mountain is used again 

here to show the effect of the two options available for further 

colour enhancement ( Fig. 3 ), in comparison with the default pro- 

cessing depicted in Fig. 3 a, all using the Cholesky whitening proce- 

dure. For subset-based enhancement, the operator needs to man- 

ually select areas covering both the painted areas and the sub- 

strate around the figure of interest ( Fig. 3 b). In other words, the 

orange lichen growing on the rock must be set aside, as must the 

cracks and vegetation behind the painted panel. As whitening and 

stretching parameters applied to the entire image are computed 

on the basis of this selection alone, the influence of troublesome 

elements in the rest of the image is somewhat minimized. Conse- 

quently, the pixels occupy a larger volume, ∼33% of the RGB cube 

(versus ∼23% for default processing). The painted figure is slightly 

better identified ( Fig. 3 b). However, although manual selection was 

performed carefully, some pixels were incorrectly included (e.g., 

tiny patches of lichen), and the contrast between the figure and its 

substrate is not optimally increased. Contrast boosting using linear 

stretching with saturation produces a much better output, at least 

in this example ( Fig. 3 c). With α = 2%, the deleterious effects of 

(outlier) pixels below the 1 st and above the 99 th percentiles are 

removed within each RGB channel. Since these troublesome pix- 
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Fig. 2. Typical workflow with the ERA software. (a) Original image of an early Bronze Age rock painting from Tarpig Mountain (South Siberia, Russia), and the position of 

the pixels composing the image in the RGB cube; (b) whitening and colour conversion step, with the projection of pixels in the RGB colour space; (c) data preparation, 

including selection of one or several channels from which the supervision is operated; manual supervision on the image (painted areas in black, and substrate/background 

in red); feature engineering; (d) training, prediction, and production of the final documentation. Occupation, expressed as a percentage, represents the part of the RGB cube 

filled with image pixels. 
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Fig. 3. The effect of optional further colour enhancement compared to the standard procedure. (a) default settings; (b) manual selection of pixels on which whitening 

parameters are computed; (c) contrast boosting by linear stretching with saturation. For each processing method, the resulting projection of the pixels in the RGB cube is 

provided, as well as the volume of their envelope, expressed as a percentage of the whole. 

els are not very numerous, α = 2% is sufficient to increase the 

pixel envelope in the RGB cube to 88%. The figure can then be seen 

much more clearly ( Fig. 3 c). 

A synthetic image was constructed to investigate which colour 

enhancement method should be applied in a challenging context, 

where extraneous elements are included in the scene ( Fig. 4 a, left). 

The background was first filled with a pinkish RGB colour, set 

to (155, 85, 102). Two texts written in similar colours were then 

added in the foreground: ‘ERA’ in the bottom left using (151, 90, 

100), and ‘Rock Art’ in the top right using (155, 86, 105). Noise 

was then added to the image to mask the contours of the letters, 

making the texts barely or even not at all distinguishable, espe- 

cially for ‘Rock Art’, where the colour is very close to that of the 

background. Finally, four uniform relatively large rectangles were 

also added to mimic the possible presence of lichen (yellow), shad- 

ows (black), and bird droppings (whitish) on the rock substrate, or 

the inclusion of some sky (light blue) in the image. Note that such 

a configuration also takes into account the possible presence of a 

black and white scale, often integrated in field photographs. The 

pixels constituting the original image only take up ca. 1% of the 

RGB cube ( Fig. 4 a, left). The situation does not improve with the 

default processing, because the presence of the four coloured rect- 

angles ruins the effect of the whitening procedure ( Fig. 4 b, left). 

The text ‘ERA’ is however distinguishable in several channels (e.g., 

the HSV channel 2 after Cholesky whitening; Fig. 4 b, right), mak- 

ing manual supervision and extraction of the text possible, with 

only a low amount of noise. The ‘Rock Art’ text cannot be per- 

ceived. The same observations are made when linear stretching 

with saturation is applied. In fact, α = 2% is not sufficient to re- 

move the deleterious influence of the coloured rectangles, which 

cover too large a part of the image ( Fig. 4 c). Increasing α would 

be tempting, but not appropriate, since this would lead to satu- 

ration (and loss of information) of the pinkish pixels falling close 

to the cube edge, which remain of interest. Operating whitening 

from only a selected subset of pixels within the pinkish area is 

the best choice here. The pixel volume within the RGB cube in- 

creases dramatically to ∼ 59% ( Fig. 4 d, left), ‘ERA’ is better seen, 

and interestingly, ‘Rock Art’ becomes visible on several channels 

( Fig. 4 d, right). Extracting both inscriptions is straightforward, us- 

ing two separate supervisions (one for each text): ‘ERA’ is isolated 

with the same level of precision as previously, while ‘Rock Art’ is 

now clearly visible, together with an unavoidable amount of noise, 

due to the colour proximity of the text with the background. Both 

isolated inscriptions can then be combined (e.g., in false colour) in 

a single image using a raster graphics editor ( Fig. 4 d, right). Super- 

imposition of figures of different colours, such as those described 

in [44] , can therefore be tackled with the ERA software by process- 

ing each painting independently. 
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Fig. 4. Colour enhancement of a synthetically produced image, with extraneous elements. (a) the original image and its pixels in the RBG cube (text barely visible or 

completely invisible); (b) default processing (left); ‘ERA’ is visible and can be extracted by supervised machine learning algorithm (right); (c) contrast boosting (2%, left), and 

subsequent extraction of ‘ERA’ (right); (d) subset selection of pixels (left), and extraction of ‘ERA’ and ‘Rock Art’ by two different supervisions (right). The values, expressed 

as a percentage of the RGB cube, represent the volume of the pixel envelope. 

4.3. Guidelines for fast and efficient processing 

The aim here is not to offer a recipe that could be used in all 

circumstances, but rather to provide general guidelines to help the 

researcher obtain the most appropriate results rapidly. During the 

shooting step, care should be taken to seek the most homogeneous 

lighting for the scene, because the whitening procedure will be 

much more efficient in such a situation. Following the same prin- 

ciple, a colour chart, a scale, or anything that has nothing to do 

with the area to be treated should not be included in the image; 

such elements introduce outlier pixels. As an example, Fig. 5 a was 

captured at the Shalabolino rock art site, South Siberia, Russia. This 

rock painting depicts a human-like face, with an oblique cross be- 

tween eyes and mouth, which overlies a pre-existing rock carving 

representing a bovid animal. Fig. 5 b demonstrates how the pres- 

ence of a colour chart, which by nature integrates a large spectrum 

of colours, can ruin any colour enhancement of the painted panel, 

to such an extent that the original RGB photograph is more infor- 

mative than the processed version. In such a case, the best choice 

is to focus on the area of interest, trying to eliminate any worrying 

elements, as in Fig. 5 c. Unfortunately, it was not possible to elimi- 

nate the dark area behind the targeted substrate without cropping 

part of the painted zone. A subset of pixels was therefore selected, 

as well as contrast boosting, with α set to 1% ( Fig. 5 d). The face is 

clearly seen, for example with the ZCA whitening, transformed into 

the CMY(K) colour space (cf. Fig. 5 e). Switching from one channel 

to another (e.g., those displayed in Fig. 5 f–g) will avoid misinter- 

preting the painted parts and the background during the supervi- 

sion phase ( Fig. 5 h). The result is obtained within seconds ( Fig. 5 i). 

Unfortunately, it is difficult to compare this black and white output 

with that obtained with DStretch® and an associated raster graph- 

ics editor, as the rendered quality depends in great part on the 

operator’s skill in tuning the numerous settings of the DStretch®

software, but also in handling the colour picker tool and its as- 

sociated tolerance value to produce the final binary picture. The 

face will be as clearly visible with DStretch® (especially with the 

YRE colour space) as with ERA. However, despite several attempts 

to isolate the painted figure, the level of noise with DStretch® re- 

mained much higher than that observed with ERA. This result is 

probably due to the use of a single channel, or at best a combi- 

nation of three (if working on a colour image), whereas ERA ap- 

plies its machine learning algorithms to an array containing a very 

large set of carefully selected channels. With PyDRA, the problem 

is rather that classification is unsupervised, so that models are not 

designed for tasks as specific as those requiring supervision. 

5. Limitations 

Poor-quality JPEG images should be avoided whenever possible. 

It is well known that this popular lossy compression, based on a 

block-coding scheme, introduces visible artefacts in pixels and at 

block boundaries, together with notable loss of detail in lowly con- 

trasted, homogeneous areas [45] . These artefacts will appear on 

several channels after processing, undoubtedly reducing recogni- 

tion. Ideally, the photographs should therefore be captured in RAW 

format, and later saved in uncompressed TIF format before pro- 

cessing. If this is not possible for any reason, a high-quality cam- 

era should be used, and the photographs should be saved in the 
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Fig. 5. Processing early Bronze Age rock art paintings from the Shalabolino site, South Siberia, Russia. Pictures were captured in RAW format with a SONY RX100M3, resized 

to 1500 px for the largest side and saved in TIF format, before processing. (a) extended view of a painted panel, including an X-RITE colour chart, and (b) its processing 

(Cholesky whitening, RGB); (c) a new picture, taken closer to the rock, avoiding troublesome elements; (d) pixels manually selected, from which the whitening parameters 

are computed, and (e) then applied to the whole image (ZCA whitening, CMY(K)); the two first channels of this colour image (f,g) are used for supervision (h); the final 

output using logistic regression (i). 

Fig. 6. Processing of an image representing an early Bronze Age human figure. It was captured with a Canon EOS 5D Mark II, at Oya river, South Siberia, Russia. The original 

picture was 3744 × 5616 px in size and was saved in high-quality JPEG format. For further treatment, it was rescaled to 20 0 0 × 30 0 0 px. (a) original image; (b) DStretch®

processing with the YRE colour space; (c) false-coloured image produced by ERA using Cholesky decomposition and YCrCb colour space; (d) channel 1 of the CMY(K) colour 

space after Cholesky decomposition by ERA; (e) attempt to extract the figure after supervision with the LR algorithm of ERA; (f) final documentation produced manually 

from ERA outputs. ERA images were produced with a contrast boost of 2%. 

highest possible JPEG quality. The ERA software is not demand- 

ing in terms of computational resources, since it can run on a 

consumer-grade computer, delivering outputs within seconds, or at 

most within a few minutes. Depending on the amount of memory 

installed, however, resizing very large pictures may be necessary, 

as more than 100 one-channel images are produced from a single 

RGB photograph. 

The ERA software cannot accomplish miracles: results will de- 

pend above all on the degree of pigment alteration. Elements lost 

over the course of time will never be recoverable. The machine 

does not seek to replace the expert eye, as many crucial choices 

must still be made, in particular in terms of interpretation, and 

hence in the supervision, cleaning, and adjustments of the out- 

puts. For example, when applying machine learning, one should be 

aware that the quality of the training set used for supervision is of 

vital importance: it must be truly representative of the whole, as 

otherwise the classification results will be poor. The noise present 

on the final documentation can be reduced by manual cleaning, or 

by increasing the blur radius, but at the price of lower recogni- 

tion of the pixels composing the painted figure. Note that extrac- 

tion by machine learning is always an optional step. The operator 

will often encounter situations where pigments have almost com- 

pletely or partially faded, or where superimpositions are so com- 

plex that machine learning algorithms implemented in ERA will 

provide improper or incomplete results. In such cases, documen- 

tation can still be prepared with a raster/vector graphics editor, 

from an appropriate selection of RGB images or individual chan- 

nels produced by ERA, perhaps by manually completing or clean- 

ing the images. To illustrate such situations, two additional ex- 

amples are reported, where ERA partly fails to produce adequate 

documentation by machine learning extraction. The first concerns 

an early Bronze Age human figure captured at Oya, South Siberia, 

Russia ( Fig. 6 ). On the original image, the figure is almost invis- 

ible ( Fig. 6 a). Both DStretch® and ERA succeeded in enlightening 

the painted parts ( Fig. 6 b, c); they become even clearer when an 

appropriate single ERA channel is selected (e.g. channel 1 of the 

CMY(K) colour space after Cholesky decomposition, Fig. 6 d). Unfor- 

tunately, painting has to some extent vanished over time and most 

of the pixels composing the figure are disconnected, so that the 

training set contains too many mislabelled pixels. As a result, the 

extraction is only partial ( Fig. 6 e), unusable for the final documen- 

tation, which must be performed by manual tracing ( Fig. 6 f). The 

second example is an image representing a part of a herd, captured 

in Oued In Djaren, Tadrat region, Tassili N’Ajjer National Park, Al- 
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Fig. 7. Processing of an image representing a part of a herd, Oued In Djaren, Tadrat region, Tassili N’Ajjer National Park, Algeria. The picture captured with a SONY DSC-F828 

in RAW format, at a resolution of 3264 × 2448 px, was converted into TIF. (a) original image; (b) DStretch® processing with the YRE colour space; (c) DStretch® processing 

with the LWE colour space; (d) false-coloured image produced by ERA using FastICA and XYZ colour space; (e) false-coloured image produced by ERA using FastICA and 

CMY(K) colour space; (f) channel 2 of the CMY(K) colour space after ZCA decorrelation by ERA; (g) channel 3 of the CMY(K) colour space after FastICA decomposition by 

ERA; (h) extraction of parts of the figures after supervision with the LR algorithm; (i) attempt to extract the bovid in the foreground after supervision with the LR algorithm. 

ERA images were produced with a contrast boost of 2%. 

geria ( Fig. 7 ). Three bovids organized on three distinct planes are 

distinguishable in some way on the original image ( Fig. 7 a). Again, 

processing by both DStretch® and ERA allows the figures to be 

much more clearly recognised. This is true for the YRE option of 

DStretch® ( Fig. 7 b) and the combination FastICA and XYZ colour 

space of ERA ( Fig. 7 d), for the two bovids in the background. The 

bovid present in the foreground is visible with the LWE option of 

DStretch® ( Fig. 7 c), as well as with the combination FastICA and 

CMY(K) colour space of ERA, which interestingly also marks the 

two other bovids. At least two groups of tints, reddish and whitish, 

with different shades, are present on this panel. The bovid in the 

foreground is whitish, the one in the middle is reddish, and the 

one in the background is composed of both tints. Using channel 

2 of the CMY(K) colour space after ZCA decorrelation ( Fig. 7 f) for 

supervision, the reddish painting can be successfully extracted by 

machine learning ( Fig. 7 h). Note that the contours of the animals 

are well marked, even if they are thin. The whitish bovid in the 

foreground and inner parts of the one in the background are rea- 

sonably well rendered using channel 3 of the CMY(K) colour space 

after FastICA decomposition ( Fig. 7 g), but the automatic extraction 

of these areas falls short, except for one leg of the bovid in the 

background and parts of the bovid body in the foreground, where 

the whitish areas are very pronounced. This poor result comes 

with a number of undesired pixels. In such complex circumstances, 

when figures have partly and irregularly faded, when they overlap, 

and/or when they are drawn with different pigments, manual trac- 

ing from images produced by ERA remains a possible solution. 

6. Conclusions 

We demonstrate that the ERA software can be used easily, 

rapidly, and efficiently to identify painted areas in a rock art con- 

text presenting various colour schemes. The principles of whiten- 

ing procedures that enhance colour are described comprehensively, 

as are the two options for boosting contrast between paintings and 

substrate. Tuning options are limited, to facilitate the integration 

of ERA in a routine workflow by researchers unfamiliar with image 

processing. The ERA software is made freely available in a com- 

piled, straightforwardly executable version for Windows, and as an 

open-source Python snippet for those who want to improve the 

code (for example by integrating the unsupervised PyDRA proce- 

dure), or simply for those who desire complementary information 

about calculations. Interestingly, the Python version also runs on 

Android, provided that a Python IDE (such as Pydroid 3, available 

on Google Play) and appropriate libraries are installed. Tests per- 

formed with a Samsung S5e tablet were conclusive. The images 

were processed quickly without any issues related to memory lim- 

itation, which can be a decisive asset in the field. Guidelines fol- 

low easy-to-understand principles, even without extensive knowl- 

edge of linear algebra, because they mainly rely on visual inspec- 

tion and analysis of the elements composing the scene. Machine 

learning algorithms act as a background process, taking as input 

features a large set of channels, and not merely three (for RGB 

colour images), or even only one (for greyscale images). This is 

why the models trained by rough-and-ready supervision are often 

so efficient at producing documentation close to current standards 

in archaeology, with a low amount of noise (depending, of course, 

on the preservation of the painting and the quality of the training 

set used for supervision). In any case, if machine learning extrac- 

tion of rock painting fails, manual tracing from images produced 

by ERA remains a potential option. Interestingly, panoramas or or- 

thomosaics produced by photogrammetry can be seamlessly pro- 

cessed by ERA. Nothing prevents the integration of enhanced im- 

ages produced by ERA into a photogrammetrical workflow to tackle 

the question of the relationship between rock art and rock surface, 

as previously proposed [46] . Finally, for the sake of traceability, it 

is advised to report details concerning the workflow applied and, if 

possible, to make available the original set of images used to pro- 

duce the documentation. Such good practices would not only allow 

researchers to replicate the entire process, but also to compare ex- 

isting and future technical solutions seeking to bring to light rock 

paintings. 

Appendix A. Supplementary data 

Supplementary material related to this article can be found, at 

https://gitlab.huma- num.fr/fmonna/era- extraction- from- rock- art/- / 

tree/Paper _ Supp _ Mat . 
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1. Introduction 
The Late Bronze Age (ca. 1400-700 cal BC) is a pivotal time in 

Mongolia because it corresponds to the spread of nomadic pastoralism 
and the emergence of a new social order. For archaeologists, however, the 
main issues are the low number of artefacts found during excavations, 
and the difficulty of recognizing settled sites. Fortunately, despite this 
artefact scarcity, the region is extremely rich in funeral monuments, 
named khirigsuurs, dating from the period studied. Khirigsuurs are 
found over a very large geographical area, from north-west China to 
southern Siberia, and from eastern Kazakhstan to central Mongolia. They 
are not homogeneously distributed across this space, but are found 
grouped in geographically limited regions (Frohlich, 2010; Jacobson et al., 
2001; Allard and Erdenebaatar, 2005; Erdenebaatar, 2004; Volkov, 1981). 
They have been at the heart of archaeological investigations since the 
nineteenth century, as they are almost the only remains left by nomadic 
populations (Allard and Erdenebaatar, 2005; Wright, 2007, 2014, 2017; 
Frohlich et al., 2008; Houle, 2010; Fitzhugh, 2009; Fitzhugh and 
Bayarsaikhan, 2011; Littleton et al., 2012; Zazzo et al., 2019). A khirigsuur 
consists of several architectural elements made of dry stones, forming 
mounds, rings, platforms, alignments, fences, etc., which are organized 
around a central tumulus containing a funeral chamber. Several 
typologies have previously been established. Tsybiktarov (1995) defined 
9 types of khirigsuurs (Wright, 2014). Frohlich et al. (2008) proposed to 
divide the khirigsuurs into three classes, characterized by the value of the 
terrain slope on which the monument was built. Wright (2007) established 
a method of classification based on the architectural elements constituting 
the khirigsuurs, defining 3 types governed by the complexity of the 
monuments. Finally, Houle (2009) divided khirigsuurs into two groups: 
monuments either with or without deposit structures (the latter are 
associated with the vicinity of habitation sites). The designs of khirigsuurs 
may vary widely, from a simple tumulus surrounded by a fence to a large 
funeral structure including thousands of elements. At the regional scale, 
discrepancies probably result from the presence of different communities 
and the evolution of funeral practices over time. At the very large scale of 
the present study, however, all khirigsuurs can be seen to follow the same 
construction rules, in terms of the nature and organization of architectural 
elements, indicating a certain degree of cultural coherence among these 
communities. Studying these questions with existing typologies is 
problematic, as such classifications are rarely based on the same features. 
Design complexity is not always sufficiently taken into account, while the 
criteria used to categorize monuments are not always described with the 
precision necessary to allow their application to other sites. Although 
previous studies have identified many interesting elements, several 
important aspects for deeper understanding of the organization of ancient 
societies still remain unexplored. 

Several objective classification methods, gathered under the name of 
‘cluster analysis’, have been developed to solve similar problems in 
numerous scientific fields, such as biology, psychology, geography, 
marketing, and archaeology (Everitt et al., 2011). In archaeology, cluster 
analysis is commonly used to group artefacts on the basis of their 
similarity according to a set of selected features. This approach, used since 
the 1960s, has been largely adopted during the past few decades (Hodson 
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et al., 1966; Hodson, 1971; Philip and Ottaway, 1983; Sutton and Reinhard, 
1995; Mallory-Greenough and Greenough,1998; Baxter, 2006; Blinkhorn 
and Grove, 2018; Bellanger et al., 2021, Wilczek et al., 2015). One of the 
main assets of cluster analysis is that it provides near optimal 
reproducible results. It is also able to deal with large datasets, where 
numerous variables are recorded. 

  
The aim of this study is therefore to propose a new approach, which 

is (i) more inclusive in terms of features, (ii) established from a larger set 
of items, and (iii) based on unsupervised classification. As the Mongolian 
territory is vast, with tens of thousands of khirigsuurs, the present study 
focused mainly on two large valleys in central Mongolia, supplemented 
by some sites distributed northwards, up to the Siberian border. The first 
step consists in selecting a set of features best describing the monuments. 
Here, these features include intrinsic (e.g. size and monument elements) 
and extrinsic (e.g. slope and aspect) variables, which are either 
determined from aerial pictures obtained by unmanned aerial vehicles 
(UAVs), or calculated from available digital elevation models (DEMs). As 
such a dataset is composed of both quantitative and qualitative variables, 
the similarity matrix (qualifying the proximity between all pairs of 
individuals) is produced using intrinsic features and the Gower metric, as 
this metric is able to handle mixed data. An objective classification of 
khirigsuurs is then computed using an unsupervised clustering 
algorithm. Results are analysed in relation to field characteristics 
(geographical position, slope, and aspect). The two neighbouring valleys 
are compared to evaluate the spatial coherence of khirigsuur culture. 

 

2. Material and methods 
2.2 Corpus 

Most of the khirigsuurs studied here are located in two neighbouring 
valleys in the Arkhangai region, central Mongolia: the Khoid Tamir and 
the Khunuin Gol river valleys (Fig. 6); the remainder are situated on 
several well-known sites, from the centre to the north of Mongolia (Fig. 
1). The Khoid Tamir valley is an area that has been extensively studied for 
several years (Gantulga et al., 2016; Esin et al., 2021; Zazzo et al., 2019; 
Lepetz et al., 2019; Baroni et al., 2016), where dating is available at least 
for some khirigsuurs, at ca. 1050 cal BC (Zazzo et al., 2019). The Khunuin 
river valley is mostly known for the famous khunuu necropolis of Gol 
Mod dating from the Iron Age, a period more recent than our object of 
study. Nevertheless, several necropolises from the Bronze Age, composed 
of numerous burial structures are also found in the surrounding area. 
Structures from the following sites are also included in the corpus: Ulaan 
Uushig, Orkhon, Zunii gol, Zulegtyn gol, Ulaan Tolgoi, Jargalant, Urt 
Bulag, Durujiim am, and Shuuregtein uvur. 
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2.1 Definition of a khirigsuur 
A khirigsuur (Fig. 2) is composed of multiple elements such as a 

central mound (2–50 m in diameter) under which lies the funerary 
chamber. The central mound (also named tumulus) is surrounded by a 
fence, a quadrangular or circular stone alignment, which can cover a few 
hundred square metres to several hectares. Outside the fence, there are 
several structures, the most common of which are mounds and stone 
rings. Both are deposit structures. The first are heaps of stones (1–5 m in 
diameter), under which horse heads have been deposited, sometimes 
accompanied by the first vertebrae and hooves. The second deposits are 
composed of about ten stones forming a ring of about 1 m in diameter. 
Generally, calcinated ovi-caprine bones are found there. The number of 
mounds and rings ranges from a few elements to more than a thousand 
for the largest khirigsuurs. Some rarer elements, such as platforms, alleys, 

 

Fig. 1 Distribution of the khirigsuurs studied. 
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associated deer stone structures, and stone alignments, can be present 
near the fence. 

The precise definition of a khirigsuur is not uncontroversial. For 
some authors (Houle, 2010; Allard and Erdenebaatar, 2005), a khirigsuur 
requires a tumulus, a fence, and deposit structures, while for others (e.g. 
Wright, 2007), deposit structures are not necessary. In the following, the 
second definition is retained. 

 

 
2.2. Orientation of khirigsuur  

The elements of the khirigsuur are not evenly distributed in space. 
When an imbalance is identified in the design (e.g. more rings on a 
particular side), it is possible to orient the monument, provided that a 
common orientation system is established for all khirigsuurs (Fig. 3). The 
criteria follow a priority order. 

 

 

Fig. 2 Example of different shapes and size of khirigsuurs. Here, one circular and two trapezoidal khirigsuurs with the same 

organization and elements: tumuli, fence, rings, and mounds. 
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i) For trapezoidal khirigsuurs, the longest side corresponds to the 
front of the monument. 
ii) When there is an imbalance between the number of mounds and 
rings on opposite sides of the monument, the side with the greater 
number of mounds is considered as the front. 
iii) Alignments inside the fence, linking the burial mound to the 
fence, indicate the front of the monument. 
iv) In the other cases, the orientation cannot be defined. 
 
Once the orientation has been defined, the space is divided into four 

areas, corresponding to 1) the back, 2) the left, 3) the front, and 4) the right 
sides of the monument (Fig. 3). These areas are used for spatialization of 
architectural elements. 

 
2.3. Quantification of rings and mounds  

The number of rings or mounds varies widely, from zero to 
thousands of items, making any precise recording tedious. In addition, 
depending on the state of conservation of the monument, some structures 

 

Fig. 3 Orientation of a khirigsuur divided into four areas corresponding to 1) the back, 2) the 

left, 3) the front, and 4) the right. 
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may be very difficult to identify. This is especially true for rings, the 
smallest structures, which are prone to vanish over time. Simply counting 
items cannot adequately record the complexity of the structure’s 
organization. For example, a small khirigsuur can have about thirty 
mounds forming several rows, which are distributed over three of its 
sides, whereas a larger one can possess the same number of mounds 
distributed as a single row, along only one side. The alternative proposed 
here is rather to count the rows formed by both rings and mounds in each 
of the four zones, as defined above. This solution records the full pattern 
of the structure in terms of number of elements and organization, while 
advantageously simplifying the information thus recorded. 

 
2.4. Recorded features 
The encoding proposed here includes more variables than those used 

by Wright (2014). It is based on intrinsic features related to the nature, the 
position, and the number of elements constituting the monument. 

 

Descriptors Modality Clarification 
1) Shape of the fence Circular 

Square 
Rectangular 
Trapezoidal 
Oval 
Mixed 

 

2) Surface enclosed by the fence Quantitative variable expressed in m² Area allows size comparison for all shapes 

3) Diameter of the central mound Measurement in m  

4) Lane inside the fence Presence /Absence  
5) Arms inside the fence Presence /Absence  
6) Fence surrounding the central 

mound 
Presence /Absence  

7) Other structures inside the 
fence 

Presence /Absence  

8) Front mounds Presence /Absence Mounds aligned in the front of the 
monument, generally bigger than the other 
surrounding mounds, distorting the row 
behind them. 

9) Back mounds Absent 
Corners 
Centre 
Corners + Centre 
Corners + Centre + Interval 
Complete 

Mounds aligned at the back of the 
monument. The alignment is regularly 
punctuated by empty space. Different 
layouts exist. 

10) Mounds in zone 2 Number of rows   
11) Mounds in zone 3 Number of rows  
12) Mounds in zone 4 Number of rows  
13) Rings in zone 1 Number of rows  
14) Rings in zone 2 Number of rows  
15) Rings in zone 3 Number of rows  
16) Rings in zone 4 Number of rows  
17) Supplementary structures Presence /Absence  
18) Structures associated with deer 

stones 
Presence /Absence Soil mounds, surrounded by deposit 

structures, where deer stones are installed. 

19) Corner structures Absence/Heap of stones/ Vertical stone Usually, placed in the corners of the fence 
if quadrangular, or positioned at the four 
main directions if the fence is circular 

20) External platform Number of the zone   
21) Khirigsuur orientation Angle from North, between 0° and 360° Orientation of the monument 

Table 1. List of the descriptors used for khirigsuur classification. 
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A total of 21 variables is recorded. They are listed in Table 1 and 
illustrated in Fig. 4. The first descriptor, #1, qualifies the fence shape. 
Descriptors #2 and #3 are directly related to size: the area of the fence, and 
the diameter of the central mound. Descriptors #4 to #7 designate the 
presence or absence of features inside the fence. These features are 
generally stone alignments. Descriptors #8 to #16 relate to the position and 
quantity of deposit structures around the fence. Front mounds and back 
mounds are two particular cases of mound position (Fig. 5). Descriptors 
#17 to #20 illustrate the presence or absence of features outside the fence. 
Finally, Descriptor #21 corresponds to the orientation of the khirigsuur, as 
described above. 

 

Fig. 4 Illustration of the elements constituting a khirigsuur used as descriptors. Each number on the diagram refers to the number in Table 1.  
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2.3 Clustering  

2.3.1 Principle 
Clustering is a mathematical method that aims to reveal structures 

by grouping similar data into common classes. The notion of similarity 
between two individuals means proximity according to a particular 
metric, such as Euclidian distance, for example. Numerous methods of 
clustering and metrics have been developed over the past few decades. 
Algorithms have been specifically designed to handle numerical data 
(Macqueen, 1967), with others for categorical features (Khan and Kant, 
2007). 

 
 
 

 

Fig. 5. Example of configuration for the position of the “back mounds”. A-Corners, B-
Centre, C-Corners+Centre, D-Corners+Centre+Interval, E-Complete (Absent not depicted) 
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2.3.2 Metric 
The Gower distance is a coefficient of similarity (Gower, 1971). This 

metric has the advantage of handling both quantitative and qualitative 
variables seamlessly, while also permitting missing values. These 
characteristics make this metric appropriate for the problem at hand. The 
similarity Sij between individuals i and j is given by:  

  

𝑆௜௝ = ෍ 𝑠௜௝௞ 

௡

௞ୀଵ

/ ෍ 𝛿௜௝௞

௡

௞ୀଵ

 

 
where Sij is the score of similarity between i and j pertaining the variable 
k. It is equal to 0 if the individuals are different, equal to 1 if they are 
identical, and can take values within this range; δijk represents the 
possibility of comparing i and j. It is equal to 1 when comparison is 
possible, and 0 otherwise; n is the number of parameters compared. 
 
The calculation rules of the score sijk depends on the nature of the variable 
k:  
 
i) When k is qualitative, sijk = 1 if ki=kj and 0 otherwise. 
ii) When k is quantitative, sijk = 1-|ki - kj|/Rk, where Rk is the range of 

the k variable. 
 
For the circular azimuthal variable (expressed in degrees from 

North), the second rule cannot apply, as the upper value (360°) is the same 
as the lower one (0°). A third rule was therefore applied. 
 
iii) When k is the azimuth, sijk = 1 - min(|ki - kj |, 360-| ki - kj |) / 180 
 

Calculations of Gower’s distances between each couple of samples 
produces a similarity matrix, which is then used as input in clustering 
algorithms. 

 
2.3.3 Hierarchical clustering 

Hierarchical classification is a step-by-step method dividing a unique 
cluster (the whole dataset), into subgroups until the result obtained is n 
clusters with a single individual in each. This family of algorithms is 
called ‘divisive’. Another alternative, namely agglomerative, consists in 
merging clusters, starting from n clusters to reach a single cluster. The 
decision to agglomerate (or to divide) individuals or groups is based on a 
linkage criterion. Among the numerous algorithms that exist, the 
agglomerative Ward method has often been identified as the most 
appropriate in circumstances similar to those exposed here, especially in 
archaeology (Baxter, 2015; Duflou and Maenhaur, 1990; Everitt et al., 
2011), which is why it is the approach retained here. Hierarchical 
classifications are generally illustrated as dendrograms, which depict each 
step of the process. 

 
2.3.4 Optimal number of clusters 

For each of the methods described above, the number of clusters, k, 
need to be set a priori. Finding this optimal value may be problematic, so 
that several approaches have been proposed to help the researcher with 
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this task. In this study, two methods were applied. The underlying idea is 
to cluster with various values of k, to calculate associated indices, and to 
determine the optimal number of clusters on the basis of a visual 
inspection of how these indices evolve with k. The elbow method 
computes the within sum, and the presence of an elbow or bend is 
considered as a good indicator for finding the optimal value of k. The 
silhouette method uses the average silhouette width, and its higher value 
corresponds to an optimal value of k. These methods must be considered 
only as recommendations: they help in the decision process, but they are 
not strict rules. It should always be kept in mind that the grouping 
obtained must, at the end, make sense for the problem at hand. 

 
2.3.5 Validation 

Clustering quality is assessed by two indices: the silhouette 
coefficient and the Dunn index. For each individual, the silhouette 
coefficient measures how close the individuals belonging to the other 
clusters are. This index, generally displayed on a silhouette plot, is 
comprised between 1 and -1. A value equal to 1 indicates that the 
individual is well assigned, while -1 suggests that it might be misplaced 
(Rousseeuw, 1987, Kassambara, 2017; Everitt et al., 2011). The Dunn index 
(Dunn, 1973) is the ratio between the minimum distance between two 
individuals belonging to different clusters and the maximum distance 
between two individuals belonging to the same cluster. The higher the 
index, the better the clustering. Like the methods described above to find 
the optimal number of clusters, these indices are decision support tools. 
They do not provide definitive answers. 

The coherence of the computed clusters was also checked using a 
non-linear projection of the data on self-organizing maps (SOMs). This 
unsupervised machine learning method, introduced by Teuvo Kohonen 
(Kohonen, 1997), is used for pattern recognition in many scientific 
disciplines (Liu, 2005; Lin, 2008; Wilczek, 2015). It is able to reduce a high 
dimensional dataset to a lower one, often making the data more readable. 
Its typical 2D representation consists of an artificial neural network, 
where the nodes form a grid. Each node possesses associated weights (as 
many as there are dimensions to start with), which are adjusted step by 
step to fit the data topology as close as possible, so that the relation 
between individuals is preserved (two similar individuals are close to 
each other on the grid). A hexagonal grid-shaped network is generally 
recommended because nodes have more neighbours than with a square-
shaped network. The dimension of the grid depends on the number of 
observations in the dataset and on the first principal dimensions (here 2) 
in which the variances of the data are the largest (Kohonen, 2014). Here, 
considering the number of individuals and variables, a 24 × 6 hexagonal 
grid was found appropriate. 

 
2.3. Acquisition and post processing 

The data used in this study come from UAV acquisition campaigns in 
the framework of the Monaco-Mongolia joint mission. Two different 
UAVs were used: a DJI Phantom 3 PRO with a 12 Mpix camera and a 20 
mm lens (equivalent 35 mm), and a DJI MAVIC AIR with a 12 Mpix 
camera and a 24 mm lens (equivalent 35 mm). The principle is to take a 
series of overlapping photos (fixed at 80%) covering the area of interest. 
The relief can then be reconstructed by photogrammetry using Metashape 
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(https://www.agisoft.com/), allowing the computation of orthomosaics 
and DEMs (Fig. 6). The flight height was set between 70 m and 100 m for  
a ground resolution of about 3 cm/px, a value sufficient to distinguish the 
decimetric stones constituting the khirigsuurs. Flights were planned via 
the free application Pix4Dcapture (https://www.pix4d.com/).  

The orthomosaics and DEMs were then processed with a pixel classifier 
based on machine learning (Monna et al., 2020) to obtain images where 
only stones are visible (Fig. 6C). Such an output allows better 
identification of the elements constituting the khirigsuurs. Finally, 
orthomosaics and DEMs were input into a geographical information 
system (QGIS, https://www.qgis.org) to manually describe and record in 
a database all the anthropogenic structures visible in the images. 

The registration strategy sought to obtain a satisfactory corpus for 
statistical applications. Several areas were entirely covered for exhaustive 
records, the largest being a 700 ha zone in the Khoid Tamir valley and a 
260 ha zone in the Khunui river valley. From about 236 orthomosaics (each 
covering 2–9 ha), a total of 1527 structures was recognized, among which 
907 were identified as khirigsuurs. A total of 117 khirigsuurs was however 
removed from this database, because they appeared to be severely 
damaged. Classification was therefore finally performed on 790 
monuments. 

Data were processed using scripts written in R (https://www.r-
project.org/), with the help of the functions included in the dendextend 
(Galili, 2022), fpc (Hennig, 2020), gglpot2 (Wickham et al., 2022), cluster 
(Maechler, 2022), circular (Lund e al., 2022), ecodist (Goslee et Urban, 
2007),  and factoextra (Kassambara et Mundt, 2020) packages. The 
computation of slope and aspect was performed on the 30 m Shuttle Radar 
Topography Mission (SRTM) data. 

 

 
 
 
 

 

Fig. 6 Steps of the process of stone detection for khirigsuurs. A) orthomosaic; 2) coloured hillshaded DEM; 3) extraction of dry stones by machine 

learning. 



13 
 

3. Results 
3.1 Descriptive statistics 

All khirigsuur shapes are well represented in the dataset, except for 
the oval (Fig. 7A), but more than 60% are quandrangular. The diameter 
of the tumulus is correlated with the area enclosed by the fence (RSpearman 
= 0.898, p-value = <10-6). Several authors (Wright, 2014; Frohlich et al., 
2008, Houle, 2009) also empirically noted that khirigsuur size is related 
to the number of constituent elements. To examine the possible 
dependence of size on other qualitative descriptors, U Mann-Whitney or 
Kruskal-Wallis tests (depending on the number of modalities) were 
performed. The results, all significant (Appendix 3), indicate that all 

features are not independent of size parameters (i.e. fence area and 
tumulus diameter). It is also noted that, among the orientable 
khirigsuurs (n = 244), the majority of the front sides face East (Fig. 7B). 

 
3.2 Clustering 

Fig. 7 A) Fence shape distribution for the khirigsuurs studied. B) circular plot of khirigsuur orientation (n=244) 
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The optimal number of clusters was estimated as between 6 or 7 
clusters using the elbow method, as well as the average silhouette width. 
The Dunn index could not be used to decide between these values, as both 
configurations produce the same index value. Nevertheless, the number 
of possibly misplaced individuals is slightly higher with 6 clusters (34 
items) than with 7 clusters (24 items), encouraging the use of 7 clusters. 

 
3.2.1 Cluster validation 

The silhouette plot (Fig. 8A) shows that the individuals are generally 
well assigned, except for the 24 individuals mentioned above, which fall 
in clusters 1,3,5,6,7. These individuals have a negative silhouette width, 
warning us about possible wrong assignment. It remains possible to 
reassign them to the closest clusters in view of improving classification 
performance. However, after applying such a correction, the Dunn index 
decreases notably, suggesting a drop in classification quality. The 
projection of individuals on a SOM (Fig. 8B) shows that each type occupies 

 

Fig. 8 A) Silhouette plot of the k=7 clusters. B) projection of the 790 individuals on the Self-organizing map. The clusters 1-7 are 

depicted with different colours and symbols. 1) black circles; 2) pink triangles; 3) green plus signs; 4) blue crosses; 5) light blue 

diamonds; 6) purple inverted triangles; 7) yellow squares. 
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a distinct region, except for a few individuals in cluster 1 (black circle) 
found between cluster 3 (green cross) and cluster 5 (light blue diamond). 
Some of these individuals were also misplaced in the silhouette plot. The 
classification obtained using the Ward algorithm with 7 classes is 
generally good, whatever the validation method applied, with no need for 
any item reassignment. 

 
3.2.2 Groups of khirigsuurs 

The groups provided by the Ward classification have been renamed 
and ordered from Type I to Type VII, according to the median tumulus 
diameter, to facilitate their description. The characteristics of the groups 
are summarized in Table 2, and detailed in the Appendix 4. The first 
group, Type I, contains only 10 monuments. It gathers the gigantic 
khirigsuurs in the dataset, with a tumulus diameter of ~26 m and a fence 
encompassing ~1 ha. All khirigsuurs in this group are trapezoidal, with 
corners accentuated by mounds. The presence of front mounds is 
systematic, whereas back mounds and platforms are only present in half 
of these khirigsuurs. They possess numerous rows of rings and mounds. 
Zone 2 has fewer mounds (0 - 4 rows) than zones 3 and 4 (3 - 30 rows). 

Type II groups 48 individuals, generally smaller than those of Type I. 
The diameter of the tumulus is around 14 m, and the area enclosed by the 
fence around 2500 m². The trapezoidal form is predominant and, as with 
Type I, all fences are highlighted by mounds. The front mounds are 
present in most cases, while the platform and back mounds are observed 
in half of them. Type II has from 1 to 2 rows of rings and/or mounds 
surrounding the fence. 

Type III groups 41 individuals. The tumulus diameter is around 12 m 
and a median fence surface of 990 m². All shapes are represented, but the 
trapezium remains the most common, accounting for ~50%. One third of 
the khirigsuurs of this type possesses front mounds. Back mounds (3 
occurrences) and platforms (7 occurrences) are even rarer. As with Type 
II, Type III monuments are generally surrounded by one row of rings and 
possess one row of mounds in zone 3. The presence of mound rows in the 
other zones is less common. One third of the fences is not highlighted, 
while the others possess mounds, and one item possesses vertical stones. 

Type IV groups 73 individuals. The tumulus diameter is around 
9.5 m and the fence surface ~690 m². The trapezium is the most common 
shape, but other shapes can also be found. Except for one unique case, no 
back mounds are observed in Type IV khirigsuurs. Both platform and 
front mounds represent one seventh of cases. The majority of the fences is 
highlighted by mounds. Less than half of the items are surrounded by 
rows of rings or mounds. 

Type V groups 164 individuals. The tumulus diameter is around 
7.3 m and the fence surface is around 244 m². No internal or external 
structures are associated with this type. Only 10-20 % of the monuments 
possess rows of rings or mounds. The fence has no predominant shape, 
but all are highlighted by mounds. 

Type VI groups 319 individuals. The tumulus diameter is around 
5.4 m and the fence surface is around 103 m². The fence shape is diverse, 
but more than 50 percent have the circular form, and none of them are 
highlighted. No internal or external structures are associated with this 
type. Less than 10% of the khirigsuurs in this type possess a row of rings 
or mounds. 
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Type VII groups 135 individuals. The tumulus diameter is around 
4.3 m and the fence surface is around 89 m². This type is associated with 
no internal or external structures, nor with a row of mounds, but 
approximately 1 % of individuals possess one row of rings. The fence is 
mostly quadrilateral, mostly with a square shape. All of them are 
highlighted by vertical stones. 

 

 

 

 
Type I (n = 10) 
 

Diameter: 18.6 m to 35.0 m (median = 26.0 m) 
Area: 2340 m² to 44675 m² (median = 10000 m²) 
Shape: trapezium 
Internal structure: no arms, but possibly other structures 
External structure: front mounds (always), platform and back mounds (present 
in about half of the cases) 
Fence highlighting: mounds 

Type II (n = 48) 
 

Diameter: 9.4 m to 24.0 m (median = 14.0 m) 
Area: 832 m² to 16192 m² (median = 2504 m²) 
Shape: mostly trapezoidal 
Internal structure: rare 
External structure: 1-2 rows and front mounds (always), platform and back 
mounds (present in about half of the cases) 
Fence highlighting: mounds 

Type III (n = 41) Diameter: 5.9 m to 26.5 m (median = 11.8 m) 
Area: 141 m² to 6412 m² (median = 991 m²) 
Shape: diverse 
Internal structure: rare 
External structure: very rare back mounds, front mounds and platform 
uncommon, average of 1 row of rings and mounds, mostly present in zone 3 
Fence highlighting: mostly mounds 

Type IV (n = 73) 
 

Diameter: 3.3 m to 14.8 m (median = 9.5 m) 
Area: 51 m² to 4392 m² (median = 688 m²) 
Shape: mostly trapezoidal 
Internal structure: very rare 
External structure: no back mounds, rare front mounds and platform, rare rows. 
Fence highlighting: mostly mounds 

Type V (n = 164) 
 

Diameter: 2.9 m to 13.8 m (median = 7.3 m) 
Area: 44 m² to 4736 m² (median = 244 m²) 
Shape: diverse 
Internal structure: none 
External structure: no back mounds, no platform, no front mounds, very rare 
rows 
Fence highlighting: mound 

Type VI (n = 319) 
 

Diameter: 1.8 m to 26.1 (median = 5.4 m) 
Area: 10 m² to 3966 m² (median = 103 m²) 
Shape: mostly circular 
Internal structure: none 
External structure: no back mounds, very rare platforms, no front mounds, very 
rare rows 
Fence highlighting: none 

Type VII (n = 135) 
 

Diameter: 1.8 m to 10.6 m (median = 4.3 m) 
Area: 16 m² to 509 m² (median = 89 m²) 
Shape: diverse 
Internal structure: none 
External structure: none 
Fence highlighting: vertical stones 

Table 2. List of the seven types of khirigsuurs and description of their main features. Each type is associated with n, the 
number of individuals it contains. 
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Although the order in which the types appear is governed by the 
median of the tumulus diameter, it is necessary to determine whether the 
differences between each pair of groups are statistically significant. The 
same approach can be undertaken with the fence area, even though has 
been demonstrated that these two variables evolve monotonically. This is 
done using non-parametric Kruskal-Wallis tests (p-values < 10-6 for both 
variables), followed by post-hoc pairwise Wilcoxon tests. The results 
indicate that all groups are significantly different from each other for 
tumulus diameter, except for Type VI and Type VII, which cannot be 
distinguished. The fence area is less discriminating, because it is not 
significantly different between Type VI and Type VII, or Type III and 
Type IV. 

The second variable that seems to drive the construction of the 
groups is fence highlighting. Except for Type III and Type IV, the other 
types possess only one modality: mounds for Types I, II, and V, vertical 
stones for Type VII, and nothing for Type VI. 

Trapezoidal fences are predominant in Type I–IV, while other shapes 
are more frequent in Types V–VII. Type VI groups 85% of the observed 
circular fences. Except for Type I, which counts only 10 individuals, the 
fence shape does not appear to define any group categorically. 

 
3.1.2 Spatial distribution of groups 

Figure 9A shows the spatial distribution of khirigsuurs according to 
group in the Khoid-Tamir valley. Types IV, V, VI, and VII are 

 

Fig. 9 Distribution of the khirigsuur types over part of the Khoïd Tamir valley. A) general view; B) and C) show details of two 

different necropolises in the valley. 
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agglomerated around the relief, forming a funerary complex. In contrast, 
Types I, II and III are spread out over the valley. Figure 9B zooms in on 
the complex located in the South-East of Fig. 9A. The organization of the 
different types is clear. Types VI and VII are in the centre of the complex, 
while Types IV and V are in the periphery. The same organization can be 
observed in the North-West of the valley (Fig9C). Here, two complexes 
are close to each other, with a core composed of Types VI and VII, and 
again, the Type IV and V in the surrounding area. Even further away are 
the khirigsuurs belonging to Types II and III. 

The complexes of the Khunui river valley possess a similar 
organization (Appendix 5). This organization resembles the classification 
proposed by Frohlich, who categorized the khirigsuurs into 3 classes, 
according to the terrain slope where they stand. To check if the 
automatically categorized groups are slope-dependent, a Kruskal-Wallis 
test was performed. The p-value <10-6 demonstrates that at least one group 
is different with regard to the slope. Post-hoc pairwise Wilcoxon tests 
indicate that Types I and II cannot be distinguished from each other, but 
are significantly different from the other five groups. The same can be 
noted for Types I and IV, Types III and IV, and for Types VI and VII 
(average slope of each type on first row, Table 3). So the grouping 
proposed in this study has a geographical meaning in terms of slope, 
echoing Frohlich’s classification with the presence of type on specific 
slopes. 

The same reasoning was conducted with regard to the aspect 
parameter. It is commonly said that khirigsuurs are installed on the 
southern side of the relief. As Aspect is a circular variable (values in Table 
3), the Watson large-sample non-parametric test is adopted to compare 
mean directions. No significant difference appears between types (p-
value> 0.05). 

 
 

Type I (n=10) II (n=48) III (n=41) IV (n=73) V (n=164) VI (n=319) VII (n=135) 

Slope 
(in degrees) 

1.55   2.82 4.65 5.48   8.76  11.05   11.84  

Aspect 
(in degrees from 
North) 

195.8 154.2 151.9 146.4 155.7 158.9 155.2 

Table 3. Means of slope and aspect for each type of khirigsuur. 

 

 
3.2 Comparison between the two valleys 

A total of 415 khirigsuurs was identified in the Khoïd Tamir valley, 
with 326 in the Khunui river valley. Their respective distribution in terms 
of type is depicted in Fig 10. A Chi-square test of homogeneity was used 
to compare these distributions. As the number of Type I khirigsuurs is 
low, they are agglomerated with those of Type II, which possesses the 
closest characteristics. Interestingly, no significant difference between the 
Khoïd Tamir and Khunui river valleys was observed (p-value > 0.05). This 
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suggests that the nomad Bronze Age populations occupying these 
neighbouring valleys shared common burial practices.  

 

4. Conclusion 
This study introduces a new khirigsuur typology. This typology is 

based on a set of intrinsic parameters describing the constituent elements 
of a khirigsuur, together with their position. The descriptors are built to 
be applicable in any other khirigsuur study and to depict the design of the 
monument with great precision. Note, however, that the set descriptors 
has been selected only from the items observed, so that this list is 
susceptible to be amended by the addition of other architectural elements 
observable in new, previously unstudied khirigsuurs. Beyond that, this 
study provides a new approach for quantifying rings and mounts, and the 
spatial organization of elements, following the monument orientation. 

The unsupervised clustering methods used here provide an objective 
classification, able to deal with a mixed dataset, with versatility. A total of 
seven types has been defined. The size of the monuments appears to be 
an important parameter for the definition of these types. Nevertheless, 
other elements, such as fence highlighting or fence shape, are also 
important. This new classification supports statistically the empirical 

 

Fig. 10 Comparison of khirigsuur type distributions in the Khoïd Tamir and Khunui gol river valleys. 
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findings presented in previous classifications, which were based on 
monument complexity, slope value, and the presence/absence of different 
elements. These new types support the idea that the khirigsuurs evolve in 
size with the slope. Unfortunately, there are not enough available data to 
assess the relationship between the types built and their chronology. 
However, the lack of difference in terms of khirigsuur composition 
between the neighbouring river valleys of Khoïd Tamir and Khunui may 
indicate that, in both valleys, the same funeral traditions were followed. 

The unsupervised method does not provide only one classification. 
That proposed here is considered the best, but it is not set in stone. Indeed, 
the defined types result from several choices. The number of clusters was 
set according to a mathematical optimization, making sense when taking 
field data into account. Other numbers of clusters could have been chosen, 
leading to a slightly different classification where subgroups or 
supergroups of the current types could also be meaningful. This 
classification may well change with the addition of new individuals to the 
dataset. These drawbacks do not diminish the strengths of this method, 
which is able to provide an objective and reproducible classification of a 
dataset containing hundreds of individuals, characterized by tens of 
parameters. This study shows the great potential of unsupervised 
clustering methods associated with a large corpus for the spatial study of 
the khirigsuurs over a vast area. Its implementation in new areas should 
leads to better understanding of khirigsuur culture and its development 
in the Mongolian territory. 
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Chapitre 5. Etude typologique des 
pierres à cerfs 
 

 

 

5.1) Organisation des motifs sur les stèles 
 

Les nombreuses études sur les pierres à cerfs ont conduit à la définition de 

certaines tendances générales quant à l’organisation des motifs gravés (e.g. divi-

sion de la stèle en trois espaces, cercles au sommet des stèles qui apparaissent 

par paires). L’organisation des éléments sur la stèle et les associations des sym-

boles les uns par rapports aux autres sont potentiellement porteurs de sens ; un 

sens qui témoignerait d'une façon de faire ou d'un code dictant la conception 

d'une pierre à cerfs. L'esprit humain est capable de concevoir les schémas les 

plus simples à partir de quelques stèles, mais sa limite de perception est vite 

atteinte lorsqu’on considère des centaines d’objets comportant des dizaines de 

motifs. Les motifs gravés à la surface des stèles ne sont pas réguliers, et de mul-

tiples variants du même objet existent sur l’ensemble des stèles (Fig. 17), ce qui 

complique considérablement la découverte de règles d’organisation. Tout l’en-

jeu est donc de développer des méthodes permettant de confirmer ou d’infirmer 

les schémas pressentis, et d’identifier des schémas plus fins, qui utilisent l’en-

semble des données disponibles. 

Plusieurs méthodes existant dans d'autres domaines, comme l'économie ou 

le marketing peuvent être appliquées au cas des pierres à cerfs. L’une d’entre 

elles consiste à analyser le panier de la ménagère (market basket analysis). Sou-

vent utilisée par les supermarchés, cette méthode permet de déterminer des sché-

mas dans les achats des consommateurs en créant des règles d'associations 

(Lantz, 2015). Ces règles impliquent deux objets ou deux groupes d'objets. Elles 

énoncent que l’achat d’un objet A implique de façon probabiliste l'achat d'un 

objet B. Par exemple l'achat d'une voiture télécommandée implique dans une 

certaine mesure l'achat de piles, tandis que l’achat de piles n’implique que très 

rarement l’achat d’une voiture télécommandée. Un très grand nombre de règles 
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peuvent être ainsi créées, et pour chacune d’entre elles, un indice nommé confi-

dence en anglais est calculé. Cet indice traduit la puissance de la règle en ques-

tion. Il représente la probabilité d’acheter des piles quand une voiture télécom-

mandée vient d’être achetée. Plus cet indice est grand, plus la règle se vérifie. La 

confidence est égale à P(B|A), soit la probabilité de réalisation de B sachant que 

A est déjà réalisé. Un autre indicateur peut être calculé, le lift (Lantz, 2015). On 

trouve cette valeur en divisant la confidence d'une règle par la probabilité de 

croiser l'objet attendu. Cet indice équivaut à calculer P(B|A)/P(B). Cet indice 

montre l'importance d'une règle et le lien fort entre les objets de cette règle. C'est 

ainsi que des schémas d'achats peuvent être trouvés à partir des milliers de fac-

tures produites par les grands magasins. Il est possible de faire un parallèle avec 

les pierres à cerfs pour identifier les schémas d’organisation les plus forts parmi 

les motifs gravés. Ce ne sont plus des achats qui sont considérés, mais des stèles. 

Les produits sont remplacés par les motifs gravés. Contrairement à un panier où 

tous les produits achetés sont dissociés les uns des autres, les motifs gravés sont 

 

Fig. 17 Exemple de poignards retrouvés sur les pierres à cerfs (d’après Turbat et al., 2021) 
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liés à leurs voisins adjacents dans l’espace que représente la stèle. Ce sont ces 

liaisons qui seront étudiées ici et qui donneront lieu à des règles d’association. 

Les règles pourront être énoncées comme suit : la présence du motif A implique 

une très forte probabilité d’adjacence avec le motif B. Les mêmes indices d’éva-

luation peuvent être calculés, définissant la probabilité d'existence d'un lien as-

socié à sa confidence, ainsi que la sur-représentation ou non de ce lien en fonc-

tion d'un cas aléatoire. Une différence demeure cependant entre marketing et 

archéologie. Si le marketing ne s'intéresse qu'aux règles sur-représentées, dési-

gnant l’association fréquente entre deux produits, pour l'archéologue un lien 

sous-représenté possède tout autant de sens. En effet, des liens forts ou presque 

inexistants qui s'éloignent d’une organisation des motifs aléatoire, sont sympto-

matiques d'un choix effectué par l’artiste.  

Lier les symboles présents à la surface d’une stèle à leurs voisins adjacents 

revient à créer un réseau ayant pour nœuds les éléments gravés. Une telle repré-

sentation (Fig. 18) ouvre sur tout un domaine d’analyse statistique des réseaux 

(parfois appelé analyse des graphes). Il devient possible par exemple d’identifier 

Fig. 18 Relevé de la pierre à cerfs n°2 du site de Daagan del (à gauche) et le réseau obtenu après encodage (à droite). 
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des points de ruptures, des motifs servant de séparateurs pour deux groupes d'élé-

ments, ou bien d’analyser les chemins reliant différents éléments (nœuds). De 

nombreux paramètres caractérisent les réseaux, et donc par la même occasion les 

stèles représentées, apportant des éléments de comparaison entre les pierres à 

cerfs. Ces caractéristiques peuvent être utilisées pour construire une classifica-

tion. 

 

5.2. Thésaurus pour l’encodage des stèles 
 

L’approche par les réseaux nécessite la mise en place de descripteurs ca-

pables de synthétiser la forme des variants pour l’ensemble des motifs. Malgré 

les nombreux inventaires montrant les différentes possibilités associées à un type 

de motif, il n’existe pas de base commune pour la description et la caractérisation 

des gravures des pierres à cerfs. Il a donc été nécessaire de créer ce lexique des-

criptif. Le thesaurus proposé ici (établi en collaboration avec Anne Caroline Al-

lard) (version complète annexe 6) se divise en deux niveaux. Le premier désigne 

le type d’objet concerné : cerf, bouclier, arc, cercle, etc. Le second niveau est 

associé aux variables décrivant la forme des motifs. Elles sont adaptées pour 

chaque type et définies en fonction des éléments variants de ce type (Fig. 19). 

Ces variables qualitatives nominales associent une liste de modalités exclusives 

entre elles, de sorte qu’un objet ne peut pas être décrit par deux modalités diffé-

rentes. L’encodage proposé tente d’être le plus exhaustif possible, tout en s’ins-

pirant des travaux de Volkov (1981), de Novgorodova (1989), et de Gantulga et 

al. (2018). Au total, 31 types d’objets sont différenciés dans ce thesaurus possé-

dant 1 variable descriptive (i.e. présence) pour les formes les plus simples tels 

que le disque ou la spirale, et 7 variables descriptives pour les cerfs.  

Parmi l’ensemble des objets, seuls le bouclier et la ceinture sont décorés. Ces 

décorations sont le plus souvent composées d’un ensemble de figures géomé-

triques pouvant dessiner des motifs complexes, difficilement descriptibles (Fig. 

20). L’approche systémique introduit par vanBerg (1994) pour l’étude des dé-

cors de la céramique rubanée fine d’Alsace présente une solution attirante dans  
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Fig. 19 Exemple de l’organisation du thésaurus avec le type de motif, les variables descriptives associées et les modalités de 
ces variables. 
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notre cas. Dans cette méthode, le décor des céramiques est le résultat de l’asso-

ciation de décors principaux et secondaires (Fig. 21). Ces décors sont eux-mêmes 

constitués d’unités graphiques élémentaires, ou composants (traits, points, 

angles), organisées suivant des règles de transformations géométriques (e.g. 

translation, rotation, homothétie, répétition). Des motifs élémentaires peuvent 

s’ajouter à cet ensemble, ce sont les élargissements. L’approche systémique ca-

ractérise le décor au travers des différentes étapes qui ont permis de passer de 

l’unité graphique élémentaire au motif final. Les décors sur les pierres à cerfs 

sont moins sophistiqués que ceux du Rubanée, avec une plus faible variété de 

motifs élémentaires (angles, triangle, vague, point, trait). De plus, le bouclier et 

la ceinture définissent des espaces limités qui ne permettent qu’une faible évo-

lution du décor : horizontale pour la ceinture et verticale pour le bouclier (Fig. 

20). Le nombre de transformations possibles est donc restreint. Au final, trois 

étapes sont définies comme variables descriptives pour ces objets : la forme, le 

remplissage et l’embellissement. Le remplissage correspond à l’association des 

unités graphiques ayant pour certaines subi une transformation. Ces cas étant 

assez rares, il a été décidé de les associer avec les unités graphiques élémentaires. 

 

Fig. 20 Exemple de décorations pour les boucliers (à gauche) et les ceintures (à droite) gravés sur les pierres à cerfs (d’après Novgorodova, 1989) 

 



127 
 

La définition de l’élargissement pour le Rubanée correspond ici à l’embellisse-

ment.  

Chaque modalité d’une variable est associée à un facteur (0, 1, 2, …) qui 

ne doit pas être considérée comme numérique. La forme d’un motif est encodée 

via deux lettres indiquant le type de motif auquel on se réfère, suivies des fac-

teurs associés aux modalités de ce type (Fig. 22) ; la chaine de caractères pro-

duite étant le résultat de la combinaison de plusieurs variables. Cet encodage 

peut être simplifié à loisir en ôtant les éléments correspondants aux variables non 

désirées. 

 

 

 

 

Fig. 21 Vocabulaire associé à la méthode systémique pour la description des décors de la céramique Rubanée (d’après Houbre,2013) 
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5.3) Premiers résultats 

 

Une étude préliminaire a été menée sur un échantillon de 314 pierres à cerfs 

dont la répartition par type est : 111 eurasiennes, 187 mongol-transbaikales et 17 

sayan-altai. L’enregistrement des stèles sous forme de réseau a été effectué à 

partir de relevés présents dans Turbat et al. (2018).  Au total 4941 motifs et 11774 

ont été encodés dans le cadre du travail de Master 2 ASA de Elodie Maronat. Les 

premiers essais utilisent une description minimale des iconographies qui se 

limite à la nature des objets. Le cerf domine largement, avec près de 55% de 

l’effectif total (Fig. 23A) ; vient ensuite, loin derrière, le grand cercle qui 

représente 6.5% des motifs. Si en revanche on s’intéresse aux stèles présentant 

au moins un représentant d’un type, la distribution est toute autre (Fig. 23B). Dix 

types sont présents sur au moins un tier des pierres à cerfs, tandis que le poisson, 

la masse, le char, et le yack ne dépassent pas 2 occurrences dans le corpus. La 

confidence des liens montre clairement que le cerf domine l’organisation de la 

stèle avec la présence de 18 liens cerf-objet parmi les 20 plus fortes valeurs de 

confidence. La multiplication d’un motif a de fortes chances d’augmenter 

naturellement le nombre de liens avec les autres motifs, et par la même occasion 

la probabilité de rencontrer ce lien sur une stèle. Le lift pondère cet effet avec la 

probabilité de rencontrer les objets. Cette pondération met en avant les liens (ou 

l’absence de liens) vraiment porteurs de sens, pour lesquels l’association entre 

 

Fig. 22 Exemple d’application du thésaurus pour encoder un symbole 
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les deux motifs était un choix (ou un interdit).  

Il est possible de caractériser une stèle par les liens qu’elle possède. La 

proximité entre deux stèles peut alors être envisagée en comparant leur 

composition en termes de liens. Utiliser la distance euclidienne risquerait de 

donner trop de poids aux liens avec des cerfs car ces derniers sont très nombreux. 

La distance du chi2 proposée par Catherine Labruère-Chazal et Ahmed Jébrane 

 

Fig. 23 A) Représentation du nombre d’individus par types. B) Nombre de stèles contenant au moins un exemplaire du type concerné. De gauche à 
droite les types de motif sont : Hache, Ceinture, Bandeau, Sanglier, Matraque, Poignard, Disque, Cerfs, Obliques, Poisson, Félin, Crochet, Cheval, 
Bouquetin, Couteau, Lance, Grand disque, Visage, Masse, Collier, Pic, Carquois, Petit cercle, Bouclier, Spiral, Pierre à aiguiser, Char, Yack. 
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est une métrique ayant l’avantage d’éliminer l’effet généré par le grand nombre 

de cerfs. La distance entre deux stèles A et B, dAB, est calculée par : 

𝑑஺஻ =෍(
1

𝑛. 𝑖
)(𝑓஺௜ − 𝑓஻௜)²

௞

௜ୀଵ

 

Où k est le nombre total de types de lien différents dans l’échantillon. n.i 

représente le nombre total de lien du type i dans l’échantillon. fAi correspondent 

à la proportion de liens de type i sur la stèle A. 

Il est alors possible de calculer, avec cette métrique, une matrice de distances 

décrivant la proximité entre chaque stèle avec laquelle il est possible d’appliquer 

un algorithme de classification. La figure 24 montre le dendrogramme obtenu 

par classification hiérarchique suivant la méthode de Ward (c’est-à-dire, la même 

que celle utilisée pour la classification des khirigsuurs). Cinq groupes semblent 

se détacher dont trois de tailles similaires, un plus petit et un plus conséquent ; 

un certain nombre de stèles se séparent très haut dans l’arbre, notamment sur la 

gauche du dendrogramme. Ces dernières sont très différentes de l’ensemble du 

corpus et se comportent comme individus hors normes. Ce sont des stèles 

possédant très peu de gravures (une ou deux seulement). Les groupes identifiés 

correspondent plutôt bien à la typologie en vigueur (Eurasien, Sayan-Altaï, 

Mongol-Transbaïkal), repérable par un code couleur. Le plus grand groupe 

correspond aux stèles du type Mongol-Transbaikal, trois des groupes sont 

constitués de pierres à cerfs du type Eurasien, et le dernier, à droite, rassemble 

majoritairement des stèles eurasiennes et sayan-altai. 

Cette étude préliminaire montre qu’une classification des stèles basée sur 

l’organisation des motifs est envisageable. Les premiers résultats obtenus avec 

la méthode hiérarchique sont cohérents avec la classification actuelle et semblent 

indiquer la possibilité de définir des sous-groupes, au moins dans le type 

Eurasien. Il serait intéressant d’effectuer une classification en prenant en compte 

davantage de variables descriptives qualifiant les motifs.  Il pourrait être 

également envisagé de diviser au préalable le corpus en fonction de la 

classification actuelle afin de rechercher spécifiquement la présence de sous-

groupes potentiels. Une caractérisation plus poussée des réseaux formés par les 

stèles avec des paramètres tel que la centralité, la modularité ou la densité, par 
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exemple, pourrait intégrer la classification.  

Il pourrait être judicieux d’augmenter le nombre de variables utilisées dans 

la description des cerfs. Ceci créerait des catégories d’objets avec de plus faibles 

effectifs, ce qui pourrait affiner les règles d’associations, voire de confronter ces 

dernières avec la distribution spatiale des différents groupes constitués.  

 

Fig. 24 Dendrogramme obtenu par la méthode Ward. Les segments bleus désignent cinq groupes potentiels. En rouge le type Mongol-Transbaïkal ; en noir le 
type Eurasien ; en vert le type Sayan-Altaï. 
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Chapitre 6. Valorisation et 
sauvegarde des données 
 

 

 

6.1) Valorisation des données  
 

La valorisation des données archéologiques est un aspect de la recherche 

qui ne doit pas être négligé. Il est important de rendre accessible les découvertes, 

non seulement aux autres chercheurs, mais également au grand public. Cette 

communication hors cadre académique se fait au travers de nombreux supports : 

posters, films, expositions, etc. L’avènement de l’utilisation de la 3D en 

archéologie à quelque peu changé la donne, puisqu’il a fallu s’adapter à ce type 

de données. De nouveaux supports de médiation ont donc vu le jour, ou se sont 

démocratisés. L’impression 3D des modèles d’objets permet de passer du virtuel 

au réel, facilitant ainsi leur manipulation par le grand public ou les étudiants. 

L’exposition d’objets uniques devient possible, sans aucun déplacement depuis 

leur lieu de conservation. Les scènes virtuelles, quant à elles, permettent 

l’intégration des modèles 3D dans des films, des visites virtuelles, des jeux, etc. 

Un certain format de visite virtuelle ne s’appuie pas sur des rendus 3D mais sur 

des photos 360° ou photosphères qui procurent au spectateur un sentiment 

d’immersion dans la scène d’origine. Celui-ci est particulièrement fort lorsqu’un 

casque de réalité virtuelle (VR) est utilisé. Ces visites sont généralement 

interactives, incluant vidéos, images, textes, sons, et éventuellement 

augmentations de la scène observée. Le travail qui suit porte sur une méthode de 

projection de données, 2D et 3D, sur une photosphère, afin d’y inclure 

directement les informations apportées par la documentation archéologique, et 

d’augmenter ainsi l’immersion des utilisateurs dans l’environnement de la visite 

virtuelle. Cette immersion a pour but de faciliter la compréhension de ces 

données et de leur contexte. C’est un outil didactique très utile pour les 

chercheurs qui ont aussi besoin de se replonger dans un terrain éloigné ou 

difficile d’accès. 
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Abstract: Photospheres, or 360◦ photos, offer valuable opportunities for perceiving space, especially
when viewed through head-mounted displays designed for virtual reality. Here, we propose to take
advantage of this potential for archaeology and cultural heritage, and to extend it by augmenting
the images with existing documentation, such as 2D maps or 3D models, resulting from research
studies. Photospheres are generally produced in the form of distorted equirectangular projections,
neither georeferenced nor oriented, so that any registration of external documentation is far from
straightforward. The present paper seeks to fill this gap by providing simple practical solutions,
based on rigid and non-rigid transformations. Immersive virtual environments augmented by
research materials can be very useful to contextualize archaeological discoveries, and to test research
hypotheses, especially when the team is back at the laboratory. Colleagues and the general public can
also be transported to the site, almost physically, generating an authentic sense of presence, which
greatly facilitates the contextualization of the archaeological information gathered. This is especially
true with head-mounted displays, but the resulting images can also be inspected using applications
designed for the web, or viewers for smartphones, tablets and computers.

Keywords: virtual reality; archaeology; scientific mediation; visualization; cultural heritage;
registration; thin-plate spline; Procrustes; projection; computer graphics

1. Introduction

In archaeology, as well as in other scientific fields where information derived from the environment
is of primary importance, the physical presence of researchers at the site under investigation is often
beneficial for the quality of interpretations. Knowledge of the environmental context (e.g., topography,
vegetation cover, presence of anthropogenic structures, geomorphological or geological peculiarities,
etc.) beyond the zone studied generally contributes to better understanding of the processes and
potential interactions that have presided over the development of the site. Archaeologists therefore
seek to describe context, far beyond the restricted geographical extent of excavated areas. Despite
these attempts, without physical presence at the site, it is often difficult to apprehend space (by fixing
references, and estimating scales, distances, and volumes), since spatial perception is closely related
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to personal sensory experience [1]. For example, Henri Poincaré stated that locating an object in
space is simply figuring out the physical movements that would be necessary to reach it [2]. Even
the best photographs, which incorporate scale, can only convey some of the relationships that exist
between objects and/or structures, because perceived distances and angles cannot be fully described
by a single perspective [3]. The field of view covered by photographs is limited by the focal length
of the lens, and the world is generally rendered at eye level (i.e. from one to two meters above the
ground). Geographical information systems (GIS) are efficient for the manipulation and analysis of
spatial information layers [4], but generally fail when attempting to render any physical sensation of
space. Innovative solutions can nowadays be found in the field of virtual reality (VR). The concept
of virtual archaeology was first proposed by Paul Reilly in 1990 [5], when he originally referred to
the use of three-dimensional models of buildings and artefacts for documentation purposes. The
considerable advancements in the field of computer graphics during the past few decades have led
to the development of virtual tours staging archaeological information in virtual worlds. These
tours are often based on web viewers, where 360◦ photos (also known as spherical panoramas or
photospheres) are used for navigation, while trigger buttons provide access to specific archaeological
information in 2D (plans, etc.) or 3D form [6–10]. Three-dimensional models may also be rendered in
interactive virtual 3D scenes, enhancing the feeling of presence [11], or for research purposes, such
as testing hypotheses [12]. The interest of such virtual tours, integrating informational modeling,
is obvious for heritage preservation [13]. Virtual environments can thus be created, providing
documentation, interpretation, and information about the conservation state of the archaeological
remains [6]. Interestingly, virtual tours also convey valuable information for education [14,15]. As
suggested by Barcelo [16], scientific visualization should no longer be restricted to “presentation”
techniques, but should also include explanatory tools. Incorporating archaeological documentation
directly into the 360◦ scene (and separately as often the case) is expected to reinforce the feeling
of immersion, more particularly when tours are experienced via wide field-of-view, immersive,
head-mounted displays (HMDs) [17,18]. Such devices provide a better sense of scale and depth than
any printed document or image displayed with standard monitors and projectors [19], even though
absolute egocentric distances may be slightly underestimated by HMDs, compared to the real world [1].
Given an interpupillary distance of about 6 cm, we are not able to apprehend a 3D scene solely by
stereoscopic vision for objects further away than 10–20 m [20]. To estimate depth and scale, our
brain therefore uses the presence of familiar objects, assumed to be of normal size, interprets the
possible overlay of object contours, and the distribution of highlights and shadows, and analyzes linear
perspectives [21]. Therefore, a full 3D rendering (i.e., the production of two different, shifted images,
one for each eye) is not always necessary, and simple 2D photospheres may suffice to apprehend space.
The ability to augment, on demand, 2D representation as a photosphere of an archaeological site with
pertinent information (e.g., maps, 3D models, virtual reconstruction, etc.) would be advantageous for
research purposes, for disseminating discoveries to a broader audience, and even to promote tourism.
For scenes modelled entirely in 3D, registering any additional 3D models is relatively easy, using
specialized game engines, such as Unity, Blender, or others [22,23], because 3D coordinates on which
new documents must be attached are available. After registration, the scene can then be rendered
using a virtual 360◦ camera. Projecting the same documents on 2D photospheres may be much more
problematic. Photospheres acquired from the air or from the ground are neither georeferenced nor
oriented, nor do they contain information about depth. Equirectangular projection also suffers from
polar deformation (e.g., North and South Poles are stretched over the entire width of the image, at the
top and bottom edges, respectively). Accurate registration of objects close to polar regions may be far
from straightforward, as these regions appear highly distorted. Some authors therefore simply place
the 3D model inside a rendered virtual scene, and then manually translate, rotate, and scale-up, to
reach the appropriate alignment [24]. When integrating 2D documents produced by orthoprojection,
severe visual mismatches with the photosphere may occur due to parallax issues. In such cases, there
is no chance that good results will be achieved manually, even after many attempts. To the best of our
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knowledge, there is no simple procedure available nowadays for accurate registration of 2D or 3D
archaeological information on equirectangular projections, whether in game engines, or in packages or
libraries of the main programming languages. The aim of this study is therefore to propose practical
workflows to overcome these drawbacks, with data from the archaeological sites of Loropéni (Burkina
Faso) and Tsatsiin Ereg (Mongolia).

2. Materials and Methods

2.1. Study Sites

The photospheres and archaeological information presented here were acquired from two
archaeological sites. The first is the Loropéni ruins, in Burkina Faso, probably dating from the fifteenth
century [25], and listed as a World Heritage site by UNESCO since 2009 [26,27]. This imposing
enclosure, with laterite stone walls up to 6 m high, built to protect buildings, courtyards, and alleys,
covers about 1 ha, and is surrounded by wooded savanna. The second site, at Tsatsiin Ereg, Mongolia,
is composed of large burial structures, with decorated stelae belonging to the Khereksuur and Deer
Stone cultures [28]. These stelae were raised at the end of the second to early first millennium BC.
Standing about 0.5–5 m tall, these megaliths were hand-carved with graceful symbols, including
stylized deer [29].

2.2. Photosphere Assembly

The ground-based spherical panoramas were acquired using a Roundabout-NP Deluxe II 5R
panoramic tripod head (Roundabout-NP, Rosenheim, Deutschland), to which was attached a DSLR
Nikon D800 (Nikon Corporation, Tokyo, Japan), equipped with a NIKKOR 24 mm prime lens (Nikkor,
Tokyo, Japan); see Supplementary Materials, Text S1 for more details about principles of equirectangular
projection. The use of a panoramic head allows the nodal point of the lens to be maintained on the
rotation axis, avoiding stitching failure, in particular for the nearest objects. Two sets of 12 pictures,
using a horizontal rotation of 30◦ between pictures, were taken at +30◦ and −30◦ from the horizontal
plane. Two additional pictures were acquired, one for nadir and one for zenith. For aerial views, a
Phantom 3 PRO from DJI was used, in combination with the Litchi application for Android. This
combination allows the seamless automatic acquisition of a set of pictures, covering slightly more than
the entire southern hemisphere. Three rows of 13 pictures with different inclinations were necessary for
appropriate coverage and overlapping. The images were stitched together with Autopano Giga Pro 4,
Kolor/Gopro (Kolor, Francin, France), a software program also used to produce the final equirectangular
images, limited here to 6000 × 3000 pixels. The northern hemisphere, depicting the sky, which cannot
be captured by drone, contained no archaeological information. It was therefore manually completed
for natural rendering. For ground acquisition, the tripod visible at the nadir was simply patched with
a logo.

2.3. Programming

The code snippets allowing the registration of archaeological information were written, for
images, in Python 3.6, with the help of the opencv, numpy, png, and matplotlib libraries, and a set of
functions written for the CellTool software [30]. For 3D models, the script used the R language [31]
in combination with the Morpho, mesheR, rgl, Rvcg, and png packages. Codes are provided as
Supplementary Materials (Codes S1 and S2).

3. Method Implementation

3.1. Registration of Planar Documentation on Approximately Horizontal Surfaces

With aerial photospheres taken at a sufficient elevation above the ground, there is a good chance
that an archaeological structure located close to the South Pole can be considered to be approximately
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horizontal. This approximation means that its projection from the position where the viewer stands,
on any horizontal plane situated below the viewer, produces an image of the structure possessing
the same shape as the orthographic map to be registered (Figure 1). In this case, registration can
easily be accomplished by Procrustes transformation, using the sum of errors between input and
target landmark coordinates as a goodness-of-fit criterion [32–34]. Expressed more formally, let P
and Q be two configurations of n points on input and target images. The aim is to find a rigid-body
transformation T so that:

min
T
||PT−Q || (1)

with T a matrix corresponding to translation, orthogonal rotation, and uniform scaling (see [29] for
details of optimization methods).
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Figure 1. Registration of planar archaeological information on the horizontal plane.

Once registered, the image can be projected onto the sphere, and then transformed by
equirectangular projection. The problem is how to select with precision at least three (preferentially
more) unambiguous and not collinear landmarks on the equirectangular image, given that the area of
interest lies in the distorted part of the southern hemisphere with aerial photospheres. For this step,
the sphere is first rotated to make the region of interest coincide with the South Pole. The southern
hemisphere is then stereographically projected from the North Pole (0, 0, 1) onto a plane below the
sphere, here tangent at the South Pole (0, 0, −1) [35]. Such a projection is not recommended for
mapping large parts of the southern hemisphere due to the high distortion appearing close to the
equator, but it performs well close to the South Pole [36], where the site of interest lies. Archaeological
structures become clearly visible and landmarks can be precisely positioned. Note that the workflow
would have been simplified if the first stereographic projection used to define the landmark’s position
had been performed directly from the center of the sphere, instead of from the North Pole. Tests
nonetheless proved that, for large structures, a projection from the sphere center produces more
distortion, increasing further from the nadir, and making landmark positioning more difficult. The
example presented here uses an aerial view of Loropéni, on which is projected a high-resolution
hill-shaded digital elevation model (DEM), produced by photogrammetry from more than 4000 pictures
taken at eye level (Figure 2).
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Figure 2. Workflow for registering planar documentation (horizontal structures). (A) Original
equirectangular image with the center of interest marked (yellow dot); (B) the photosphere is rotated
in order to place the center of interest at the South Pole; (C1) stereographic projection (target image)
with four landmarks positioned (0–3); (C2) input image (here digital elevation model (DEM) acquired
by photogrammetry from pictures taken from the ground, represented as shaded relief) with the four
corresponding landmarks (0–3); (D) projection of the landmarks onto the photosphere; (E) rotation of
the photosphere back to its original position, including landmarks; (F) projection onto the unit sphere
of the registered input image, after Procrustes transformation and equirectangular projection; (G)
incorporation of the deformed input image into the original photosphere; and (H) binocular rendering
for head-mounted display (HMD).

The workflow is summarized below:

1. Determine the coordinates of the center of the area of interest on the equirectangular image
(Figure 2A).

2. Rotate the sphere in order to place the center of interest at the South Pole (Figure 2B).
3. Project the area surrounding the South Pole stereographically on a tangent plane, using the North

Pole as reference (Figure 2C1).
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4. Position a set of landmarks manually on the document to be registered (input) and on the
stereographic projection (target) (Figure 2C1,C2).

5. Back-project the target landmarks onto the unit sphere (North Pole as reference) (Figure 2D).
6. Rotate the landmarks together with the unit sphere to return to the sphere’s original position

(Figure 2E).
7. Project the landmarks on a plane tangent to the South Pole, taking the center of the unit sphere

as reference.
8. Calculate the rotation matrix, scaling factor, and translation vector, from input to target coordinates

by rigid Procrustes registration (cf. Equation (1)).
9. Position the transformed input image in the tangent plane coordinate system.
10. Back-project the registered image onto the unit sphere (sphere center as reference).
11. Perform an equirectangular projection of the image to be registered (Figure 2F), and add as

background the original image (Figure 2G).
12. The final image is ready to be seen in HMD (Figure 2H).

The registered image perfectly fits the archaeological structures (Figure 2G,H; see also in
Supplementary Material, Figures S1 and S2 for the original and augmented jpeg images), strengthening
the feeling of immersion for the viewer, particularly when the augmented image is viewed with the
HMD. Note that any other map could be projected following the same procedure.

3.2. Registration of Planar Documentation on Irregular Surfaces

It is also quite common for the topographical surface to be irregular, or for the viewpoint not to be
elevated enough to consider this surface as reasonably horizontal. Figure 3 illustrates the problems
related to parallax when points of interest are located on an irregular surface. Let A’, B’, C’ be the
apparent position on the horizontal plane of points A, B, C from viewpoint 1, and A”, B”, C” from
viewpoint 2, while A”’, B”’, C”’ are the orthographic projection of A, B, C (e.g., a map of the area). The
distances between points of interests A’, B’, C’ and A”, B”, C” projected onto the plane are no longer
proportionate to their counterparts, A”’, B”’, C”’, on the map to be registered (cf. Figure 3). This is
especially true from viewpoint 1: B’ appears much closer to C’ than to A’, while B”’ is approximately
in mid-position between A”’ and C”’. Note that from viewpoint 2, the ratios of distances between
points are in greater conformity with those observed on the map, because of the approximately
zenithal position of viewpoint 2, and its high elevation in relation to variations in relief. In such
circumstances, especially for the scene observed from viewpoint 1, any rigid registration of the map
is not recommended, because serious mismatches are expected if the map is registered using the
Procrustes procedure described above. Practical solutions can rather be found in non-rigid techniques,
such as thin plate splines (TPS), a method popularized by image morphing. This technique is based
on surface interpolation, using a curve-smoothing spline function over scattered control points. As
constraints, the input surface is deformed using minimal bending, and all landmark pairs belonging
to both input and target must coincide [37]. Warping with TPS requires more point placements
than Procrustes registration, because deformation may produce some mismatches, especially close
to the edges (if not well constrained by several control points). In practice, the proposed workflow
is comparable to the one described above, except that TPS warping is applied in place of Procrustes
registration, and that the stereographic projection from the center of the sphere is unnecessary, since TPS
accounts for all deformation. The example provided here concerns the burial structures of Tsatsiin Ereg.
An orthomosaic was produced from aerial images over a 16 ha area, very rich in funeral monuments
made of dry stones. A supervised machine-learning algorithm was applied to delineate the stones
automatically on the basis of RGB channels, texture parameters, and elevation (more details about the
procedure will be provided in [38]). The aim is to project this information onto the photosphere, to
make the structures more visible for the spectator.
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Figure 3. Problems related to parallax when points of interest A, B, C, are located on an irregular
surface. A’, B’, C’ and A”, B”, C” correspond to the projection of A, B, C on the horizontal plane from
viewpoint 1 and viewpoint 2, respectively. The distance ratios between A’, B’, C’, or between A”, B”, C”
are not proportionate to those between A”’, B”’, C”’, corresponding to the orthographic projection of A,
B, and C on the map to be registered.

A total of 87 control points were therefore placed on both input and target images. The workflow
is as follows:

1. Determine the center of the area of interest on the equirectangular image.
2. Rotate the unit sphere in order to place the center of interest at the South Pole (Figure 4B).
3. Project the area surrounding the South Pole stereographically onto a tangent plane, using the

North Pole as reference (Figure 4B1).
4. Place a set of control points manually on the stereographic projection (target), and on the document

to be registered (input) (Figure 4B1,B2).
5. Perform TPS deformation of the input image (Figure 4C)
6. Project the deformed input image onto the unit sphere.
7. Rotate the sphere to return it to its original position.
8. Perform equirectangular projection (Figure 4D), and add the original image as background

(Figure 4E).
9. The final image is ready to be seen in HMD (Figure 4F).
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Figure 4. Workflow for registering planar documentation on irregular surfaces. (A) Original
equirectangular image with the center of interest at the South Pole; (B1) stereographic projection
(target image) with 87 control points (0–86); (B2) input image (here an automatic delineation of stones
forming the monument) with the 87 corresponding control points (0–86); (C) deformation of the input
image by thin plate splines (TPS); (D) projection onto the unit sphere of the registered input image after
TPS transformation, and equirectangular projection; (E) incorporation of the deformed input image
into the original photosphere; and (F) binocular rendering for HMD.

As expected, the image resulting from TPS deformation appears to fit the archaeological structures
well, except perhaps close to the edges (Figure 4E; see also in Supplementary Material, Figures S3 and S4
for the original and augmented jpeg images). The results are much more accurate than those obtained
by Procrustes (not shown here), because the topography of the surface on which the monument lies is
somewhat irregular.

3.3. Registration of 3D Models on the Photosphere

Advances in acquiring 3D models and the treatment of their geometry have also been adapted
for archaeological and cultural heritage purposes [39–43]. Such information might also efficiently
augment photospheres. The alignment of the 3D model can easily be achieved by first positioning two
sets of landmarks on both the equirectangular image and the 3D model (Figure 5).
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Figure 5. Optimal position of the #22 stela showing landmarks on the model (A’, B’, C’, D’) and their
counterparts on the photosphere (A, B, C, D), with O as the center of the sphere.

The optimal position of the 3D model is obtained by minimizing the sum of squared distances, di,
between landmarks placed on the models and the lines linking their corresponding counterparts on
the photosphere to the sphere center:

min
a,b,c,ϕ,θ,ρ

∑
d2

i , (2)

with

di =
||

⇀
OP′i ×

⇀
OPi ||

||

⇀
OPi ||

, (3)

where O is the center of the sphere; Pi and P’i the landmarks on the photosphere and their counterparts
on the 3D model; a, b, c the translation parameters; and ϕ, θ, ρ the rotation parameters around the three
axes. Note that the size is fixed. The visible parts of the 3D model are then projected onto the sphere
and transformed by equirectangular projection. The funeral stela #22 from Tsatsiin Ereg, decorated
with symbols including many deer, is used to illustrate the projection capabilities of 3D models on
photospheres (Figure 6A). The carved parts of the rock are not clearly visible to the naked eye in
the original image, but they become clearer after applying an algorithm of ambient occlusion, which
darkens the areas with difficult access to light (for an application in archaeology, see [44]). The aim
here is to project this artificial texture obtained from the 3D model onto the photosphere. The complete
projection workflow is summarized below:

1. Place a set of landmarks manually on the 3D model and on the equirectangular image (if possible,
otherwise use appropriate rotation and projection, as described above).

2. Translate and rotate the 3D model to minimize the cost function (Equation (2)).
3. Determine the part of the 3D model visible from the sphere center.
4. Project the color of visible vertices onto the unit sphere (sphere center as reference).
5. Perform an equirectangular projection of the sphere (Figure 6B).
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The augmentation of the photosphere is undoubtedly effective for better understanding of the
monument, especially for apprehending the spatial organization of symbols at the surface of the stela
(Figure 6A,B; see also in Supplementary Material, Figures S5 and S6 for the original and augmented
jpeg images). Note that several photospheres could have been captured to cover the other sides
of the stela, allowing visitors to change their point of view, while maintaining their perception of
environmental scale and space.

4. Concluding Remarks

Simple procedures are provided to project different types of materials onto 2D photospheres,
whether plane (maps, orthomosaics, etc.) or 3D meshes. To the best of our knowledge, although
common mathematical tools based on Procrustes registration, thin plate splines, and simple optimization
are involved, such implementations were not available in popular game engines, or in packages
and libraries of the main programming languages. The final equirectangular images can be used as
supplementary layers over the original photospheres, and incorporated into virtual archaeological
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tours [45,46], or rendered individually by dedicated web viewers, or stand-alone VR browsers for
Windows, Mac, and Linux, and for tablets and smartphones based on Android or iOS (Photo Sphere
Viewer, Panorama Viewer, Insta360 Player, PhotoSphere Viewer). The HMDs should; however, be
privileged for better immersion, almost real-life experiences, greatly enhancing spatial perception. An
Android application, build using Unity and designed for Google Daydream HDMs and compatible
smartphones, is provided as Supplementary Material (see Supplementary Materials). It displays the
three examples described in this paper, including interaction, and presents photospheres with and
without augmentation. Note that it could easily be ported to other popular systems, such as Samsung
Gear VR (Facebook technologies LCC, Irvine, USA), Oculus GO (Facebook technologies LCC, Irvine,
USA), Google Cardboard (Google LCC, Mountain View, USA), etc. In most virtual tours, photospheres
are simply used for navigating, and the documentation is presented separately, using trigger buttons, so
that the feeling of immersion, or at least of contextualization, is broken. By contrast, augmented versions
of photospheres maintain this feeling, especially with HDMs. The general public can be transported to
the site almost physically, with a real sense of being there, which greatly enhances the contextualization
of archaeological information. Augmented photospheres may facilitate interpretations by research
teams, especially for remote sites, where repeated access on demand may be impossible, due to cost,
schedules, seasonal constraints, etc. In rescue archaeology, this new medium could be very valuable
to preserve a visual record of interpreted remains, after their destruction. Augmented photospheres
are therefore expected to be beneficial for the sustainability of archaeological information, including
documentation, visualization, and interpretation, and more generally for scientific mediation. They
may also be an asset for tourism and for education, by improving learning performance. Although
the entire 3D modeling of a site offers extended capability, such as to build a virtual world, and to
allow physical walking through it via a virtual camera, implementation in the field and later in the
laboratory is complex, costly, time-consuming, and demanding in terms of storage and computing
resources [6]. The acquisition of 2D photospheres does not suffer from these handicaps, as it takes
only a few minutes in the field and is inexpensive. Considering the numerous advantages already
mentioned above, archaeological use of photospheres should be encouraged, especially when they are
augmented by the abundant documentation produced by research, all the more in that the proposed
workflow can easily be reproduced for almost every archaeological site.

Supplementary Materials: The following are available online at http://www.mdpi.com/2071-1050/11/14/3894/s1,
Text S1: Principles of equirectangular projection, Figure S1: Original photosphere of the Loropéni ruins, Figure S2:
Augmented photosphere of the Loropéni ruins, Figure S3: Original photosphere of an archaeological complex
at Tsatsiin Ereg, Figure S4: Augmented photosphere of an archaeological complex at Tsatsiin Ereg, Figure S5:
Original photosphere of the #22 stela at Tsatsiin Ereg, Figure S6: Augmented photosphere of the #22 stela at
Tsatsiin Ereg. Code S1: Python scripts for Procrustes and TPS registrations. Code S2: R script for 3D model
registration. Application S1: application with the three examples provided for Google Daydream (Google LCC,
Mountain View, USA).
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6.2. Diffusion et archivage des données 
 

Le problème du partage des données, et de l’état d’avancement de leur trai-

tement, à l’ensemble partenaires, a fait partie des nombreux défis rencontrés du-

rant ce travail de thèse. Une simple visualisation des données peut parfois suffire 

pour partager et discuter sur les problématiques rencontrées. L’idée a donc été 

de trouver une solution pratique pour : i) visualiser de manière claire les données 

disponibles puis ii) accéder facilement aux données qui nous intéresse. Cette so-

lution prend la forme d’une cartographie en ligne. Elle se base sur des projets 

QGIS mis en ligne via le logiciel open-source Lizmap (https://www.liz-

map.com/). Le principe est assez simple : les données sont stockées sur un ser-

veur et elles sont ensuite moissonnées afin de créer des cartes dans un système 

d’information géographique. Il est possible d’y afficher l’emplacement des stèles 

modélisées, tout comme les zones couvertes par les acquisitions aux drones. 

Chaque objet sur la carte peut être associé à une table d’attributs fournissant des 

informations recueillies, mais aussi des visuels comportant images, ou modèles 

3D (Fig. 25). Cet outil, développé en collaboration avec Ludovic Granjon du 

pôle géomatique de la MSH de Dijon, en est au premier stade de sa création.  

Une fois terminée, cette cartographie en ligne sera un outil de partage effi-

cace entre chercheurs, parfois très éloignés géographiquement. Elle rassemblera 

l’ensemble des données acquises dans le cadre de ce projet. L’objectif n’est pas 

de créer une cartographie figée. L’accessibilité en ligne devra permettre, par la 

suite, une mise à jour régulière de la carte, avec l’apport de nouvelles données. 

Le logiciel Lizmap donne la possibilité de gérer les accès aux projets SIG, les 

rendant accessibles uniquement à certaines personnes choisies. On peut alors 

imaginer une solution à deux niveaux. Certains projets destinés aux chercheurs, 

contenant l’ensemble des données de l’étude, et d’autres destinés au grand pu-

blic, contenant des informations limitées. Ces projets deviennent alors des sup-

ports pour la valorisation du patrimoine et le tourisme archéologique. Il serait 

même possible d’envisager d’y associer un aspect de science participative en 

permettant à toutes personnes intéressées d’informer l’équipe de la présence 

d’un nouveau site, d’un nouveau monument, ou d’une nouvelle stèle, par le biais 

de photos géoréférencées. Touristes et locaux participeraient ainsi à la difficile 



147 
 

mais indispensable étape de prospection. Une sauvegarde des données recueillies 

durant ce travail est présente au conservatoire national des données 3D.  Ce der-

nier offre une solution d’archivage assuré par la TGIR Huma-Num garantissant 

la pérennité de la donnée numérique.  

 

Fig. 25 Capture du logiciel lizmap montrant les capacités de la cartographie en ligne. 
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Chapitre 7. Conclusions 
 

 

 

Ce travail de thèse propose de nouvelles méthodes d’acquisition, de 

préparation et d’analyse de la donnée, avec pour objectif de créer et de gérer 

un échantillon d’objets qui se veut significatif pour aborder le problème 

posé : ici la cohérence sociale des populations nomades de l’époque. La 

prospection et l’enregistrement des complexes funéraires par drone convient 

parfaitement aux grands espaces ouverts de la steppe mongole. Cette 

méthode permet de prendre facilement de la hauteur par rapport aux sites et 

d’en appréhender toute la complexité spatiale, ce qui peut être difficile voire 

impossible depuis le sol, en particulier lorsque que les sites étudiés couvrent 

plusieurs hectares. La quantité d’informations recueillies sur un laps de 

temps court est énorme. La prospection aérienne a permis l’élaboration d’un 

inventaire des structures de la vallée de la Khoïd Tamir et de la rivière 

Khunui. Celui-ci vient enrichir notablement les connaissances des vestiges 

du patrimoine mongol. 

Les résultats des traitements des modèles 3D par occlusion ambiante 

rivalisent avec les meilleures méthodes de relevé de gravures actuelles. Le 

traitement 3D possède également des avantages indéniables : la possibilité 

de manipuler l’objet dans un espace virtuel, l’absence de déformation due au 

support papier utilisé lors des relevés traditionnels, la mise en valeur, non 

seulement des gravures, mais aussi de l’état de conservation des surfaces, 

avec toujours la possibilité de produire une documentation 2D classique. 

Cette méthode a fait ses preuves pour la mise en valeur des gravures sur les 

pierres à cerfs, mais peut être utilisée dans n’importe quelle étude où il s’agit 

de souligner les reliefs d’un modèle 3D. 

L’apprentissage automatique et l’apprentissage profond automatisent 

efficacement une partie du processus de préparation des données. Ces 

méthodes sont utilisées dans quasiment tous les domaines scientifiques pour 
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notamment répondre à des problèmes de détection d’objets ou de 

classification. Le présent travail a conduit à leur adaptation pour résoudre 

des problèmes archéologiques spécifiques (e.g. production de plan des 

khirigsuurs à partir de l’isolation des pierres qui le composent). La détection 

d’objets par apprentissage profond se développe de plus en plus en 

archéologie, notamment pour la détection de structures anthropiques à partir 

de MNE produits lors des grandes campagnes d’acquisition LIDAR. Au 

final, ces méthodes ont pour but d’assister le chercheur dans ces tâches lentes 

et répétitives. Il se libère ainsi pour entreprendre celles qui nécessitent plus 

son expertise que son temps.  

La typologie des khirigsuurs proposée s’insère parfaitement dans les 

travaux antérieurs. Sans révolutionner la façon d’appréhender un khirigsuur, 

elle confirme statistiquement ce qui a pu être pressenti jusqu’alors : (i) 

l’évolution conjointe de la complexité avec la taille des monuments et (ii) 

l’évolution typologique suivant la valeur de la pente. 

La possibilité d’appliquer les méthodes et les protocoles développés ici à 

d’autres problématiques, sujets, ou terrains a été au cœur de ce travail de 

thèse. De l’acquisition, à la préparation des données et jusqu’à leur analyse, 

toutes les solutions proposées sont directement applicables à d’autres 

domaines. Les applications développées sont en libre accès et sous la forme 

d’exécutables pour faciliter leur diffusion et leur utilisation au sein de la 

communauté scientifique. Les codes et les scripts sont écrits en langage R ou 

Python qui sont des langages informatiques libres également. 

Les études actuelles sur les monuments de l’âge du Bronze en Mongolie 

se font le plus souvent à des échelles locales. Elles permettent de mieux 

comprendre les populations nomades de l’époque au sein d’une aire 

géographique excédant rarement la vallée. Il apparait pourtant nécessaire 

d’élargir cette vision afin d’appréhender la culture ayant bâti les khirigsuurs 

et érigé les pierres à cerfs, dont les marqueurs se retrouvent sur un territoire 

de plusieurs milliers de kilomètres carrés. Les fenêtres ouvertes sur cet 

espace sont trop restreintes et empêchent de voir le tableau dans sa globalité. 

Il ne faut pas seulement étudier les monuments d’une nécropole ou d’une 

vallée, mais comparer les vallées et même les régions entre elles. Pour 
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atteindre cette vision à large échelle, il serait intéressant d’étendre la zone 

étudiée dans ce travail de thèse ; dans un premier temps, en s’intéressant aux 

autres vallées autour de celles de la Khoid Tamir et de la rivière Khunui, puis 

sur la province de l’Akhangaï, pour finir sur plusieurs provinces, et le 

territoire mongol dans son ensemble. Une étude à une telle échelle implique 

nécessairement une perte drastique de précision dans l’information recueillie 

par rapport aux précédentes études. Il s’agirait en contrepartie de gagner en 

exhaustivité et en représentativité. Les fouilles resteront bien entendu 

indispensables car elles offrent un cadre temporel, et plus généralement 

contraignent les modèles établis à plus grande échelle.  

Les travaux présentés ici démontrent en partie la faisabilité d’une telle 

étude puisque les outils conceptuels et technologiques existent. Bien qu’il 

n’existe pas de carte répertoriant l’ensemble des khirigsuurs sur une 

province, elles sont désormais envisageables grâce à l’apprentissage profond 

appliqué aux photos aériennes / satellitaires. Le seul frein réside pour le 

moment dans l’accessibilité à des images suffisamment définie (celles 

disponibles à l’heure actuelle ont une résolution trop faible). Nul doute que 

ce verrou sautera dans les prochaines années ; l’important est d’avoir défini 

le concept de l’étude depuis l’analyse des images jusqu’au traitement de 

l’information.  

L’étude des khirigsuurs apparait indissociable de celle des pierres à cerfs 

puisqu’il semble impossible de pleinement comprendre l’un sans 

comprendre l’autre. Bien que moins nombreuses, les pierres à cerfs sont des 

marqueurs culturels forts de l’âge du Bronze mongol. Au-delà du simple 

inventaire iconographique, le décryptage de la syntaxe cachée dans la 

composition et l’organisation des motifs gravés pourrait bien s’avérer être 

une piste prometteuse dans la compréhension des populations nomades de 

l’époque. 
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Bronze Age and Iron Age decorated
megaliths and funerary complexes in

Mongolia and Southern Siberia

Jérôme MAGAIL, Yuri ESIN,
Jamiyan-Ombo GANTULGA, Fabrice MONNA,

Tanguy ROLLAND, Anne-Caroline ALLARD

Abstract: Mongolia and southern Siberia are rich in funerary, ceremonial and iconographic
remains of Bronze Age and Iron Age nomadic civilizations. Part of this archaeological heritage,
in a cultural and funerary context, could be classified as megaliths. Among the oldest menhirs
(-8 BC), the stelae of the Okuniev culture are found across most of the territory of
the Republic of Khakassia. Russian archaeologists have catalogued nearly 6 monuments,
the largest of which was reused in the Iron Age in the large Tagar tomb at the site of Salbik.
Other more recent megaliths appear in the Bronze Age, mainly in Mongolian territory, 
where about  decorated stelae have been recorded by the Archaeological Institute of
Ulaanbaatar. One of the stelae from the Ulan Tolgoi site is almost  m high. During the Final
Bronze Age, High Asian populations erected granite menhirs, called ‘deer stones’ on account
of their deer carvings. This megalithism is associated with highly codified funerary complexes,
consisting of individual aristocratic tombs in the form of large tumuli surrounded by
hundreds of mounds, each of which contains the deposit of a horse’s head. The joint Monaco-
Mongolian archaeological mission is carrying out research in the Upper Tamir Valley, where
abundant remains of this culture are found. This valley lies in the centre of the country and
has more than 8 tombs,  deer stone stelae and a rock art site with more than a thousand
petroglyphs. At the beginning of the Iron Age, a new type of megalithic structure emerged
in Southern Siberia: aristocratic burial mounds delimited by large standing stones and
enormous retaining slabs. Tomb no.  of the Royal Necropolis of Salbik contains a -ton
retaining slab. 

Keywords: adorned stelae, petroglyphs, menhir, Bronze Age, Iron Age, deer stone, Tagar,
Okuniev, Mongolia, Siberia

Megaliths from Central and East Asia
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. Introduction

Since 6, the Museum of Prehistoric Anthropology
of Monaco has conducted archaeological missions 
to investigate the Bronze Age and Early Iron Age
nomadic populations of High Asia. Agreements 
have been signed with the Mongolian Academy of
Sciences, Research Institute for Language, Literature,
and History of the Republic of Khakassia, the
Institute of Social Sciences of the Republic of Tuva
and the Museum of Minusinsk. Some of the studied
remains can be classified as megaliths and menhir
statues. These are essentially stelae which are either
constituent elements of tombs or elements implan-
ted in sacred and/or funerary sites. Thanks to a
partnership with the ARTEHIS laboratory of the
University of Burgundy, a corpus of about  D
models of menhirs and a substantial number of
digital terrain models and orthophotographs have
been produced (Magail et al. ; Monna et al.
8, ; Rolland et al. ). This article, which
does not claim to be exhaustive, deals with objects

from a period that begins with the Okuniev culture
in the rd millennium BC, continues into the Bronze
Age with the deer stone’ stelae culture and ends 
in the th century BC with the Tagar culture. The
majority of these menhirs bear engraved or even
sculpted – sometimes painted – iconography (Fig. ).

. The Okuniev stelae

Between  and 8 BC, a society of sheep, cattle
and horse breeders erected the oldest menhirs 
in High Asia. The Okuniev archaeological sites are
mainly funerary and religious places, so the docu-
mentation of daily life is still very partial. Copper
and bronze objects, ceramics and representations of
chariots attest to the inclusion of these items in the
cultural assemblage following the earlier Afanasyev
culture. The singularity of the Okuniev stelae is 
to be found in the carved and engraved art on
surfaces that were often pre-prepared (Leontiev
6; Leontiev et al. 6). These monoliths are
mainly located in the Khakassia Republic; very few

Fig.  – Distribution map of the Okuniev stelae and the deer stones (J. Magail).
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iconographies observed on the menhirs are also
recorded on more than  engraved and painted
rocks. Not only is there an ‘Okuniev style’, but a
codification of the figures and their combinations 
is also found on each monument. The aim here is 
to present an overview of the different types of
Okuniev monoliths through a very succinct selection.

Some monoliths, such as that from the commune of
Shira village, display rich iconographic groups of
sculptures and engravings. On the narrowest side,
the Shira menhir bears a representation of a chimeric
half-animal, half-human creature with an anthropo-
morphic face (Fig. a, b). The engraved head of the
animal at the base of the wider sides illustrates the
chimeric composition of the represented being. Its
eyes and muzzle correspond to the chest and belly
of the anthropomorph. The legs of the beast are also

are found in a primary context (Kyzlasov 86; Esin
). They were often reused and eventually moved
during the development of agricultural land during
the th century. During the long Okuniev period,
communities sometimes reused their own stelae and
subsequent cultures continued this practice (Lazaretov
& Poliakov 8). The Tagar culture took Okuniev
menhirs from sites of worship to integrate them 
into the construction of their princely tombs in the 
th century BC. One monolith, for example, was
embedded in the passageway of aristocratic Tomb
no.  at Salbik. The most exceptional of the 6 listed
Okuniev stelae, in terms of size and iconography, are
displayed in museums in the towns of the region, 
in Abakan, Minusinsk and Poltakov. Some are also
curated at the State Historical Museum in Moscow
and the Hermitage Museum in St. Petersburg. The

Bronze Age and Iron Age decorated megaliths and funerary complexes in Mongolia and Southern Siberia

Fig.  – Stele of Shira: a. Photo Y. Esin; b-c. Survey of the stele with details of the iconography of the upper section, drawing by 
N. Leontiev and Y. Esin. Preserved in the Khakassia National Museum of Regional Research (Abakan). Reddish-brown sandstone,
size:  х 8 х  cm.

a b c
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the arms of the anthropomorph. Its open mouth,
with sharp teeth and a pointed tongue, reinforces the
mythological character of this wild beast, overhanging
a circular Okuniev symbol with four triangular rays.
The iconographic themes of the main side unfold 
in three parts, one above the other. In the central
section, the large, ovoid, sculpted anthropomorphic
face is divided into three parts by horizontal lines.
Above this, in the top part of the stele, the vertical
headdress of the creature is engraved, enhanced by
the sculpture of a small, very realistic human face.
All the images of this monument can be interpreted
as the body and clothing of a single deity whose 
face is located in the centre of the stele. The vertical
headdress schematically repeats the tripartite icono-
graphic structure of the stele (Fig. c). 

Another type of stele, often a thin slab, depicts 
an anthropomorphic figure evoking a solar deity
together with animals. One of the broad sides of the
stele in the village of Ankhakov (. m high) depicts
a being whose head is encircled by a halo of rays and
whose body is surrounded by snakes (Fig. a, b). It

was found in two pieces, reused in the structure of a
Tagar culture tomb. The pieces were subsequently
reassembled and the stele is currently displayed 
in the Abakan Museum. Traces of red paint are
preserved on the engraved side. The entire surface
of the stele seems to have been painted with ochre
in the Okuniev period. A reconstruction of the monu-
ment in its context has been proposed (Fig. a) (Esin
et al. ). A radiant face associated with snakes,
but also with the head of a wild animal, is a theme
also developed on a stele fragment discovered near
the Tibik River (Fig. c). The open mouth with
sharp teeth of the Okuniev mythological beast is
placed under the anthropomorph’s rounded head,
echoing the themes engraved on the Shira menhir
described above (Fig. a, b). Note that its bestial
tongue touches the chin of the solar being, either 
to suggest its engulfment or regurgitation. On this
stele, schematic representations of snakes contribute
to forming the mouth of the beast. The reptiles seem
to transmit their strength to the animal by sugges-
ting a fatal bite. The number of five snakes appears

Fig.  – Stele from the village of Ankhakov: a. Reconstruction in its context; b. Drawing of the stele by Y. Esin. Preserved in the
National Museum of Regional Research in Khakassia (Abakan). Reddish-brown sandstone size:  х  х  cm; c. Drawing of
the Tibik stele by Y. Esin. Grey-green aleurolite, size:  x 8 x  cm.

a

b

c
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has an elk torso and legs associated with a long feline
tail, different from that of the stele of Askiz. The
overlapping of iconographies from the same culture
seems to be part of the syntactic code.

The iconographies of mythological predators in
Okuniev art are distinguished from other themes 
by their wide variety of representations (Lazaretov
). In one category, the animal has the silhouette
of an elk, bull, bear, wolf or dog. In another category,
the beings are standing on their hind limbs and 
have a human figure. Despite the large number of
variations, the images retain a coherence around a
set of symbols. The oral tradition that transmits
mythological stories from generation to generation

to be significant as the same number of snakes are
observed on the Ankhakov stele. 

The record of representations of chimeric creatures
is considerably enriched by a stele from the Askiz
River, on which two animal figures are endowed
with a bear’s head, a snake’s tongue, an ox’s torso
and horns, and finally with hawk’s talons (Fig. ). 
Is this the same Okuniev beast observed on the
monuments of Shira and Tilbik? In Fig. b the
chimeras are shown in black and overlie a represen-
tation of a typical Okuniev three-eyed anthropo-
morphic face (in blue), also with a large mouth and
nostrils. A similar superimposition is found on the
Kurgan stele of Chernovaya VIII, where the chimera

Bronze Age and Iron Age decorated megaliths and funerary complexes in Mongolia and Southern Siberia

Fig.  – Askiz stele: a. Photo by B. Dolinin; b. Drawing by Y. Esin. Preserved in the National Museum of Regional Research in
Khakassia (Abakan). Reddish brown sandstone, Size:  x  cm.

a b
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could explain all these nuances around the same
theme.

A whole image has been reconstructed from a frag-
ment of stele found in the tomb of Chernovaya VIII
(Fig. ). On the preserved upper part, the represen-
tation of a deity holds, in each hand, an unknown
type of weapon consisting of a spear point, curved
bull horns and a serpentine handle. The details of
the deity’s face correspond to symbols that represent
the different domains of the universe (Esin ).
The three eyes could, for example, correspond to
the positions of the sun during the day. Red ochre
was found inside the hollowed and polished parts
(Esin et al. ). The deity was therefore painted
after being engraved onto the block of sandstone.

In the commune of Erbinskiy village, an archaeolo-
gical excavation of an Okuniev sanctuary carried 
out in  by L.R. Kyzlasov provided a better
understanding of the religious context of the stelae
(Kyzlasov 86). Two stelae and two pits, intended
to hold the blood of sacrificed animals, were disco-
vered on the site, which extends along a north-south
axis (Fig. 6a, b). Stele no. , of grey granite and 
. m high, was unearthed with its front side facing
the rising sun. Stele no. , of pink granite, was found
broken into two pieces, one overturned to the north
of the site, the other covering the sacrificial pit to 
the south. The lower part of this stele has an ovoid

carved shape without facial details (i.e., eyes and
mouth), and relief evoking the shape of breasts. The
two pieces together show that its original height was
.6 m. The two sacrificial pits, elliptical in shape
and . m and .8 m deep respectively, were filled
with white limestone stones. Animal bones were
found in the upper part of these pits and in the
vicinity of the stele. These consisted mainly of horse
bones, but also the remains of horned cattle and
birds. This sanctuary was completely excavated; 
the stelae are kept in the Museum of History and
Cultures of Siberian and Far Eastern Peoples in
Novosibirsk.

A stele curated in the Poltakov open-air Museum 
is a sandstone slab . m high and . m wide,
decorated with the largest known radiating Okuniev
face (Fig. ). In the middle of this face, a large triangle
corresponds to the nose of the deity. The eyes and
mouth are deeply carved into the rock. Different
types of small faces and cup marks are engraved
behind the large face. This monument was found in
a Tagar culture tomb in a context of reuse. Traces of
ochre were found on its surface, as on the Ankhakov
stele. Archaeologists took a moulding of the entire
surface of the stele and made two resin casts to show
the public its present appearance and how it looked
 years ago when it was painted with red ochre
(Fig. a) (Esin et al. ). 

Fig.  – Stele from Chernovaya VIII (fragment) preserved in the Hermitage Museum in St. Petersburg: a. Photo with reconstruction
of the pigments by Y. Esin; b. Drawing and proposed reconstruction by Y. Esin. Reddish brown sandstone, size:  x 8 cm.

a

b
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Fig.  – a. Stele no.  from the Erbinskiy sanctuary preserved in the Museum of History and Cultures of the Peoples of Siberia and
the Far East in Novosibirsk. Grey granite, size:  x  x  cm (Photo: Y. Esin); b. Plan and cross-section of the Erbinskiy sanctuary
(From the drawing by L.R. Kyzlasov).

b

Fig.  – Stele from the Poltakov Museum. Reddish brown sandstone, size:  x  cm: a. Photo of the cast of the stele, painted
with the original colours; b. Photograph of the painted stele by J. Magail; c. Drawing by Y. Esin.

a

a b

b c
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The surfaces of the most sophisticated Okuniev stelae
were generally worked before the sculpture and
engraving of the iconography. The ‘sabre-shaped’
stele in the village of Tazmin shows evidence of such
surfaceworking (Fig. 8). The sculpted face at the base
of the monument is fine and elongated and is of
exceptional finesse. The Khakas called it Apsakh
oba, ‘the Old Stone Man’. 

Sculpted faces are a recurring theme on Okuniev
menhirs. In the region of the village of Beltyry, a
menhir reused in the construction of the enclosure
of a kurgan (tomb) of the Tagar culture bears three
realistic faces carved one above the other on an angle
of the stele. On the widest side of the monument,
schematic human figures were added by Tagar artists.

. Deer stone stelae

The decorated stelae known as deer stones have a
distribution centred on Mongolia and extending
over China, Kazakhstan and Russia (Fig. ). The
earliest studies of their engravings of leaping deer
and weapons compared them to images from the
Karasuk culture of the South Siberian Bronze Age
(Okladnikov ; Novgorodova 8). Numerous
C datings of animal deposits directly related to the
erection of these menhirs confirm that they were
made by a pre-Scythian culture existing between the
nd and st millennia BC (Fitzhugh ). Indeed,
the Saka, the Eastern Scythians of Siberia and 
Altai, inherited some of the weapons and art of
these populations. The typology of the leaping
deer, engraved in around  BC on the Mongolian
stelae, is known in the form of gold appliques
among the West Scythians in the th century BC in
Ukraine and Hungary. Approximately 8% of the
 deer stone monuments are in Mongolia. The
Institute of Archaeology of the Mongolian Academy
of Sciences lists  examples (Turbat 8), about
 in southern Siberia in the republics of Altai,
Tuva and Buryatia, and a few dozen in the north of
the Chinese province of Xinjiang and in eastern
Kazakhstan. The stones have been known since 
the end of the th century thanks to Grigory and
Alexandra Potanin who took part in the expeditions
of the Russian Geographical Society to Siberia,
Mongolia, China and Tibet. During their visits to
Mongolia in 86 and 8, they surveyed stelae
and structures from the Bronze Age (Potanin 88,
vol. ). Ten years later, Vassily Radlov, a famous
Turkologist, included deer stones in his Atlas of
Mongolian Antiquities (Radlov 8). It should be
noted that Bronze Age stelae were sometimes used
as a support for Turkish runic writings in the th and
8th centuries of our era. The same phenomenon
occurred with the Okuniev stelae discussed in the
previous section. By documenting the runes inscribed

Fig.  – Anisim Kyrzanovich Tazmin, a villager, is standing next
to the stele now kept in the Ethnographic Museum in 
St. Petersburg. The photograph, kept in the archives of the
Minusinsk Regional History Museum, was taken in  by
N. Fyodorov. Reddish brown sandstone, size: 6 x  x  cm.
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on the menhirs, Turkish scholars made the first
surveys of the decorated stelae. After the Second
World War, authors such as Alexei Okladnikov and
Natalia Chlenova drew attention to deer stones 
by analysing the typology of their iconography as
objects of Scythian culture (Okladnikov ;
Chlenova 6, 8). Over the last  years, study
of the stones has developed thanks to increasingly
easy access to archaeological sites. Due to the vast
steppe areas to be prospected, with no roads, and
accessible only during the summer season, isolated
sites remained hidden for a long time. The fall of 
the Soviet Union then contributed to the arrival of
foreign archaeological missions which enriched
discoveries, including the corpus of deer stones. In
, the number of stones was estimated at 
(Savinov ). When a joint Monaco-Mongolian
mission arrived in 6 in the sector of the Upper
Tamir Valley (province of Arkhangai), only about 
 stelae were listed. Today,  deer stones have
been found and almost every survey leads to the
discovery of new examples. In , for example, the
team uncovered three new menhirs. Some sites 
are particularly spectacular due to their concentra-
tions of standing (and often aligned) monoliths. In
Mongolia, the best-known sites are Ulaan Uushig
(Takahama et al. , 6; Kovalev et al. 6),
Jargalant (Fig. ) (Turbat et al. ) and Ulan
Tolgoi (Fitzhugh , ), which had already
attracted the attention of the pioneers of steppe
archaeology and led to the first scientific publica-
tions (Volkov & Novgorodova ; Volkov 8;
Novgorodova ; Savinov ). The site of Ulaan
Uushig is also known for its deer stone with a carved
face at the top, a feature of only about ten stelae 
out of . In the heart of the immense steppe
expanses, remote valleys still contain funerary
complexes where engraved stelae remain buried in
the sand. In , at the source of the Khunnuin Gol
valley, the joint Monaco-Mongolia mission used a
drone to document a previously unknown necro-
polis containing more than  funerary complexes.
On the western confines of the Mongolian plateau,
the Altai is also a cross-border region very rich in
archaeological remains, and is still being surveyed
(Bayarsaikhan ; Tishkin ).

Bronze Age and Iron Age decorated megaliths and funerary complexes in Mongolia and Southern Siberia

Fig.  – Deer stone stele from the Jargalant site,
Arkhangai province, Mongolia. Quartzite, 

size: 86 x 6 x  cm (Photo: J. Magail).
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Deer stones are part of a vast group of menhirs 
left by a mosaic of nomadic tribes from Mongolia to
the Ukraine from the nd to the st millennia BC
(Olkhovsky ; Tishkin ). The stelae in the
eastern steppe have been classified into three cate-
gories based on the style of their iconography and
their geographical distribution (east-west): Mongolian-
Transbaikal, Sayan-Altai and Eurasian (Fig. ). The
Mongol-Transbaikal type is the most common and
warrants the term ‘deer stone’, as it is distinguished
by engravings of hordes of leaping deer (Cervus
elaphus) (Figs. , a and ). The legs of the deer
are folded under their bellies, and their bodies and
muzzles are outstretched like a bird in flight. The

large antlers of the animals extend along their backs
to convey additional movement. The fact that all the
deer bear large antlers suggests that they are fully
mature males depicted as they appear during the
rutting season in early autumn.

When in primary contexts, the Mongolian-Transbaikal
type stelae are always embedded in mounds of
earth, a few dozen centimetres high, and associated
with sites comprising dry-stone structures, with
ritual deposits (Magail ). The height of these
menhirs varies from  m to more than  m (Ulan
Tolgoi site). They stand in the middle of mounds
and stone circles that contain, respectively, deposits
of horse heads and burnt bone splinters, and they

Fig.  – Map of distribution types of stelae (After Novgorodova 8). Examples of the three types of stelae known as ‘deer stone’: 
a. Mongolian-Transbaikal type Shivertiin am stele, size:  x 8 x  cm; b. Sayan-Altai type Doroljiin am stele, size:  x  x  cm;
c. Eurasian-type Khavtsalyn am stele, size: 86 x  x  cm (CAD & photos: J. Magail).

a b c
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About % of reused deer stones are found in Early
Iron Age ( BC) slab tombs. They were erected 
at the four corners of these structures or used in 
the construction of the sides of the grave along with
other slabs set on their sides. Six deer stones were
discovered during the excavation of the Tsatsyn Ereg
A slab tomb (Gantulga et al. ). Four of these
were erected in corners, one had been buried flat
above the deceased, and the sixth formed part of 
the side wall. In , in the same area, the team
discovered a further six decorated stelae that had
been moved several dozen metres from their primary
location in a funerary complex to a set of four 
slab tombs (Magail ). Eight of the  menhirs
found in Upper Tamir were reused in places 
of worship built by Turkish populations in the 
th century AD (Magail et al. ). This reuse has
continued until the present day with some th cen-
tury tombstones created from fragments of deer
stones. Five such examples have been identified 
by the joint Monaco-Mongolia mission in modern
Upper Tamir cemeteries (Gantulga et al. ).

often belong to larger funerary complexes called
khirigsuur (хиригсуур) in the Mongolian language
(Allard & Erdenebaatar ; Broderick et al. ;
Monna et al. ). The artificial mound, which may
cover an area of a few dozen square metres, may be
located on the periphery of an individual grave
placed under a stone mound, itself surrounded by
hundreds of small mounds. The size of the khirigsuur
vary greatly, from  m to several hectares. The
two largest examples in Mongolia, measuring 

and  ha respectively, are located in Urt Bulag 
in the province of Arkhangai (Houle ). By
identifying the types of structures associated with
the stelae, members of the joint Monaco-Mongolia
mission uncovered many of the hundred or so 
stelae in the Upper Tamir Valley (Magail et al. ;
Gantulga et al. ). Over time, some of the stones
have fallen and have been covered by granitic sands.

The Sayan-Altai type stelae in primary context are
also found in funerary complexes, but closer to the
central burial mound than the Mongol-Transbaikal
type stelae installed on their artificial mounds
(Tishkin ). 

Bronze Age and Iron Age decorated megaliths and funerary complexes in Mongolia and Southern Siberia

Fig.  – Stele from the Khunnu Gol valley: a. Survey of the four faces; b. Reconstruction (Survey and reconstruction by Y. Esin). 
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In the Republic of Tuva (Russia), the archaeological
excavation of the Arjan  tumulus uncovered deer
stones of the Mongolian-Transbaikal type in Early
Iron Age tomb architecture (6 BC) (Chugunov et
al. ). Sayan-Altai type stelae were also some-
times reused; several were found in a Turkish Altai
religious enclosure (Tishkin & Shelepova ).
Engravings of leaping deer are also found on hillside
rocks in the same geographical area as stelae and
khirigsuur (Novgorodova 8; Jacobson-Tepfer
; Jacobson et al. ). For example, a rock art
site  km from Tsatsyn Ereg includes engravings of
leaping deer associated with other animal themes,
including the ibex (Gantulga et al. 8). Interpre-
tations of the significance of the decorated stelae
must take into consideration the use of the image 
of the deer in all the iconographies of the steppe
civilizations. Is this wild animal, which seasonally
loses its antlers, a ferryman of souls to the beyond
(Magail , )? Understanding the place of 
the stag in the bestiary and in the founding myths
of nomads, hunters, shepherds and warriors will
undoubtedly shed light on its megalithic context
(Jacobson-Tepfer ).

The only anthropological certainty is the strong
social coherence that gave rise to the constuction of
hundreds of funerary complexes and deer stones
using the same technical and religious protocols.
Their standardized typology attests to the obser-
vance of rigorous rules reproduced over an area of
more than a million km. The quality of the motifs
engraved on materials as hard as granite and
quartzite (Fig. ) suggests that engraving techniques
were transmitted from one generation to the next,
perhaps even taught in workshops. While the
decoration and layout of menhirs follow rules, 
the dry-stone khirigsuur structures, some of which
extend over several hectares, also exhibit identical
layouts despite being hundreds of kilometres apart
(Wright , ). The distribution of mounds
and stone circles around a tumulus suggests a strict
ritual, codified by oral tradition, perhaps dedicated
to the deceased buried in the centre, who became 
a supporting spirit of the tribe. Analysis of the
archaeological traces of the repetition of rites allows
new hypotheses to be formulated regarding the
chronology of various cults (Lepetz et al. ). The
systematic deposition of a horse’s head under each

mound, from Khenti province to  km further
west in the Altai, evokes the same sacred gesture
(Fitzhugh & Bayarsaikhan 8, ; Makarewicz
et al. 8). The practice of uninterrupted nomadism
for more than  years explains the astonishing
preservation of the remains. This greatly facilitates
research on structures and monoliths using the 
latest methods. A programme of dating the many
elements within the Tsatsyn Ereg burial complex,
comprising  mounds around the central burial
mound, has been started to establish the construc-
tion period of the complex (Zazzo et al. ).
Major photo-grammetry campaigns have also been
carried out to record the complexes, stelae and
iconography (Magail et al. ; Monna et al. 8,
; Rolland et al. ). Observation of the stele
surfaces revealed traces of ochre on deer stones 
from Arkhangai province (Fig. ) (Esin et al. 8).
Research is also in progress to establish chrono-
logical relationships between all the successive
cultures in the geographical area of deer stones and
khirigsuur (Taylor et al. ). 

. The megalithic structures
of Tagar aristocratic tombs

During the Iron Age, an aristocracy emerged in
southern Siberia (Russia), with some tombs that can
be described as megalithic. The valleys of the kings
of Arjan and Salbik, located in the republic of Tuva
and the republic of Khakassia respectively, are the
necropolises with the most impressive kurgans in
terms of size. Deer stones were discovered in the
Arjan  burial mound (Chugunov ), but the
most gigantic elements can be found in the funerary
architecture of the Salbik necropolis. Tomb no. ,
excavated entirely between  and 6 by a team
led by Sergei Kiselev, is one of the largest tombs 
of the Tagar culture (Marsadolov , ). Its
megalithic construction is still perfectly visible today
thanks to the excavation that removed the whole
mound of earth. The peculiarity of the Tagar tombs
is their pyramidal shape, originally more than  m
high, which gradually subsided over  years of
natural erosion. The mound is made of sediment but
its quadrangular base is bordered by an alignment
of slabs lying on their sides, each weighing several
tonnes (Fig. ). The base of tomb no.  is a 6-m
square with an entrance on the east side opening
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Fig.  – Aerial views of two large aristocratic tombs of the Salbik necropolis: a. Tomb no.  whose tumulus was excavated in ,
size: 6 x 6 m; b. Tomb no. , never excavated with its tumulus, size:  x  m (Photos: F. Monna).

a

b
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onto a path of about  m, marked on either side by
two large menhirs.

Tagar necropolises with several dozen burials are
very numerous in the vast steppe plains of the
Khakassia Republic. As the perimeter of each tomb
is made up of slabs lying on their sides and stelae,
these cemeteries appear as large fields of standing
stones (Fig. ). Half of the stelae bear rock engra-
vings that often belong to several protohistoric
periods. The distribution of iconography is therefore
much less organized than that of the Okuniev stelae
and deer stones.

. Conclusion

The mosaic of High Asian nomadic cultures deve-
loped several forms of megalithism from the middle
of the rd millennium to the end of the st millen-
nium BC. It is astonishing that these herding popu-
lations, whose way of life was not favourable for
construction, nevertheless chose to spend a great
deal of energy building monuments. A deer stone
quarry, discovered 6 km from Tsatsyn Ereg (Magail
), and a slab extraction zone located  km from
Salbik are evidence of the important logistics linked

to the transport of menhirs. The large and ever-
increasing number of recorded funerary and ritual
structures shows that the organization of nomadic
societies has probably been significantly under-
estimated. The prospects for research are immense.

The similarities between the megalithisms discussed
in this article may shed light on the beliefs of these
populations. The first is the funerary and ritual context
of sites where the aid of the deceased individual was
probably invoked through rituals performed on a
recurring basis. The hundreds of deposited horse
heads, arranged around the Arkhangai mounds and
stelae, support this hypothesis. A second common
denominator is the predominance of sculptures,
engravings and paintings, which contribute to the
symbolic success of the monuments. The iconogra-
phies of Okuniev menhirs and deer stones are 
also present in rock art used to mark sacred places
which, although different from tombs, were perhaps
permeated by or under the protection of the same
divinities (spirits, supernatural beings, genies, etc.).
Research into traces of paintings is still in its infancy
and continued investigation promises future revela-
tions.

Fig.  – Aristocratic tomb at the Safronov site in the south of the Republic of Khakassia (Photo: J. Magail).
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A B S T R A C T   

The present study evaluates a methodological workflow that could identify dinosaur tracks and trackways more 
comprehensively at outcrop scale. The approach described here is based both on 3D modelling by photogram
metry at different resolutions, and on suitably processed digital elevation models (DEMs). The ichnosite of Anza, 
Morocco, was chosen to demonstrate the efficiency of the proposed pipeline, because 323 dinosaur and pterosaur 
tracks discovered there have already been published. One subsector containing 89 tracks, identified in the two 
companion works that followed a traditional approach, was selected and divided into four subzones. By 
combining different DEM processes (hill-shade, slope, sky-view factor, and positive openness), almost twice as 
many tracks (175 vs 89) are now identified in these subzones. However, the improvement is not homogeneous. In 
the first subzone, the previous works reported 25 tracks vs. 22 with the 3D modelling techniques used here, 
whereas results for the second and third subzones show considerable improvement with 3D (21 vs 38 tracks and 
42 vs 81 tracks, respectively). The enhancement is even more dramatic for the fourth subzone, where 34 new 
tracks are now identified, whereas with the traditional approach, only one track was previously reported. It is 
likely that such improvements depend on several factors, i.e. the surface conditions of the rocks (e.g. irregu
larities, cracking, etc.), and on the preservation state and depth of the tracks. Morphometric measurements of 
tracks and trackways obtained from 3D models are very similar to those derived from traditional fieldwork 
methods. The digital approach can be applied rapidly at different resolutions, but the models acquired with the 
pole-mounted camera provide a good compromise, with a resolution high enough (~2 mm/pix) to spot tracks, 
while respecting computational constraints. Once treated, DEMs greatly facilitate the reproduction of track 
outlines, drawn according to criteria defined by the operator.   

1. Introduction 

Since the seminal works of Hitchcock (1838, 1848, 1858), interest in 
dinosaur tracks and trackways has increased, especially in recent 

decades. This is because tracks provide important information about 
both palaeobiology, including locomotion, behaviour, size, mass, and 
identity of trackmakers, and palaeoenvironment, including substrate 
physical properties, water saturation, and taphonomic features 
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(Alexander, 1976; Gillette and Lockley, 1989; Lockley et al., 1986; 
Lockley, 1991; Thulborn, 1990; Lallensack et al., 2016; Falkingham 
et al., 2016; Pérez-Lorente, 2015). Dinosaurs have always fascinated the 
general public, and their tracksites are an indisputable asset for regional 
tourism (Laws and Scott, 2003; Monbaron and Monbaron, 2015; Alcalá 
et al., 2016; Cobos and Alcalá, 2017). Dinosaur tracksites can be found 
all over the world, except in Antarctica, where known tracks are 
extremely rare when compared with the known dinosaur fossil record 
(Gillette and Lockley, 1989; Olivero et al., 2007; Reguero et al., 2013). 
Documenting this rich palaeontological heritage worldwide is a chal
lenging and time-consuming task. The most common ichnological 
method for studying dinosaur tracks (hereafter ‘the traditional method’) 
can be seen as a two-step process, involving track detection and mea
surement. For over a century, this process has generally been performed 
manually, in situ (Sarjeant, 1989; Thulborn, 1990; Falkingham et al., 
2016; Gand et al., 2018). The first step is to mark tracks in the field with 
chalk (sometimes using a reference grid). The second step usually in
volves capturing and assembling pictures, vectorizing footprints, and 
measuring features of interest. In some instances, this step may also 
involve shading inside the imprints (e.g. highlighting some features, or 
tracing the track margin), or making an interpretative drawing on 
transparent paper. When tracks are barely visible, the use of oblique 
artificial light may be necessary at night, together with several field 
sessions for data verification or refinement. Typically, this acquisition 
process is slow, and requires a high level of expertise in the field, with 
several operators (Falkingham et al., 2016; Gand et al., 2018; Romilio 
et al., 2017). Over the last three decades, practical alternative or com
plementary solutions have emerged in ichnology, as considerable 
progress has been made in the field of 3D modelling and geometrical 
processing (Moratalla et al., 1988; Ishigaki and Fujisaki, 1989; Mat
thews and Breithaupt, 2001; Breithaupt et al., 2001, 2004; Matthews 
et al., 2005, 2006; 2016; Belvedere, 2008; Bates et al., 2008, 2009; 
Falkingham et al., 2009, 2016; 2018; Wings et al., 2016). Although 
lasergrammetry and scanners based on structured light were the first to 
be developed (Falkingham et al., 2016; Adams et al., 2010; Bates et al., 
2010), they have not become common practice, due to heavy logistical 
constraints, and poor performance under direct sunlight (Falkingham 
et al., 2016; Matthews et al., 2016). In contrast, photogrammetry has 
become the near-standard approach in ichnology, sometimes associated 
with lasergrammetry, and more traditional approaches (Breithaupt 
et al., 2001; Breithaupt and Matthews, 2001; Adams and Breithaupt, 
2003; Remondino et al., 2010; Mallison and Wings, 2014; Falkingham 
et al., 2016; Matthews et al., 2016; Mazin et al., 2016; Romilio et al., 
2017; Moreau et al., 2020). Nonetheless, even though photogrammetry 
is now widely used to illustrate, selected representative tracks, it is only 
applied sporadically to represent entire sites. Orthomosaics and digital 
elevation models (DEMs) can be produced either by aerial or 
ground-based photogrammetry, at different resolutions (Kraus, 2007; 
Remondino et al., 2010; Falkingham, 2012; Falkingham and Gatesy, 
2014; Matthews et al., 2016). Post-processing these DEMs may reveal 
features of special interest, such as peaks, valleys, ridges, and even 
anatomical details that would otherwise remain unnoticed in the field 
(e.g. for archaeological applications, see Magail et al., 2017; Monna 
et al., 2018). Several algorithms are available, based either on differ
ential geometry (e.g. slope), or on visibility (e.g. sky-view factor, posi
tive openness, and hill-shading). Each method reveals specific features 
of the relief, and their outputs can easily be integrated into geographical 
information systems (GIS), facilitating further measurements and spatial 
analysis (Matthews et al., 2016; Romilio et al., 2017). Although DEM 
acquisition by photogrammetry together with post-processing are 
commonly used to describe and document individual tracks and track
ways, they have less frequently been combined with aerial imagery, 
despite the great potential of this approach (Breithaupt and Matthews, 
2001; Matthews et al., 2016; Romilio et al., 2017). 

The aims of the present study are (i) to propose a methodological 
workflow capable of identifying dinosaur tracks and trackways more 

comprehensively, at outcrop scale, using 3D modelling at different res
olutions, and (ii) to provide a quantitative comparison of the resulting 
outputs with those obtained by a more traditional approach. The 
workflow relies on images captured by Unmanned Aerial Vehicle (UAV), 
pole-mounted and hand-held cameras, creation of DEMs by Structure- 
from-Motion, and post-processing based on differential geometry and 
visibility. The Moroccan ichnosite of Anza, which is Coniacian- 
Santonian (Late Cretaceous) in age, is used as a case study. This large, 
multi-surface tracksite has already yielded 323 dinosaur and pterosaur 
tracks that have been investigated in companion works, using a tradi
tional ichnological approach (Masrour et al., 2017a,b). It is therefore an 
ideal candidate for comparisons between the traditional approach and 
3D modelling, on the basis of their respective efficiency in spotting 
tracks, and of the similarity between field-derived and model-derived 
morphological measurements, both acquired by the same team of ich
nologists. For the present study, 3D acquisition focused on a subzone of 
the Anza ichnosite (namely 1ANZ), where 89 dinosaur tracks have 
already been reported (Masrour et al., 2017a,b). One of the main 
questions is to assess the level of 3D modelling resolution and the type of 
DEM post-processing necessary for specific ichnological analyses (e.g. 
ichnotaxonomical studies, and/or inventory and documentation of large 
tracksites). 

2. Material and methods 

2.1. Study site 

The ichnosite of Anza is only briefly described here, as it has been 
extensively detailed in the two previous companion works (Masrour 
et al., 2017a,b). It was discovered in 2013, about 5 km north of Agadir, 
Morocco, after an exceptional swell hit the Atlantic coast. The site 
consists of several calcareous sandstone beds, dating from the 
Coniacian-Santonian (Late Cretaceous), and is approximately 100 × 30 
m2 in extent. The area lies in the intertidal zone and is emergent for only 
a few hours a day. Except in winter, the site is often covered by a sand 
beach and/or by algae. These conditions considerably complicate the 
study of the site, but also provide natural protection against erosion. The 
entire area with mostly well-preserved dinosaur and pterosaur tracks 
has previously been divided into four geographical zones (i.e. 1ANZ, 
2ANZ, 3ANZ, and 4ANZ in Masrour et al., 2017a: Fig. 1). Two groups of 
vertebrate tracks have been clearly identified: theropod footprints, by 
far the most abundant (more than 300 tracks), and 11 pterosaur manus 
tracks found only in zone 2ANZ. At Anza, 56 trackways have previously 
been identified. Using quantitative morphometric features, Masrour 
et al. (2017a,b) attributed the theropod tracks to Grallator-like or 
Eubrontes-like ichnogenera, and the pterosaur tracks to Agadirichnus or 
Pteraichnus. This ichnoassemblage, which also includes three tracks of 
the rare ichnogenus Macropodosaurus, makes Anza an international 
reference site for ichnology. When the photogrammetric campaign was 
undertaken, zones 2ANZ, 3ANZ, and 4ANZ were completely or partially 
covered by beach sand and algae. As it was not necessary to process the 
entire site to accomplish the aims of this study, only one subzone was 
targeted, zone 1ANZ, which is densely covered in theropod footprints 
(89 previously discovered tracks, over a surface area of ca. 80 × 10 m2). 
Zone 1ANZ was almost free of sand or algae during photogrammetric 
acquisition, and exhibited surface rock conditions similar to those 
encountered during the previous (traditional) study, thus facilitating 
comparison. 

2.2. Traditional approach for track documentation 

Tracks at Anza were documented using the traditional method 
(Fig. 1). The first step was to draw the outline of all visible ichnites (i.e. 
the top of track walls at their intersection with the sediment surface) 
manually, with chalk, sometimes highlighting the limit of the extrusion 
rims and other remarkable features, such as pads and claw marks 
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(Fig. 1a). A series of 30 × 30 cm2 squares (Fig. 1b) was also drawn on the 
track-bearing surface, forming a grid with axes corresponding to the dip 
and strike lines of the surface (Masrour et al., 2017a,b). Each cell of this 
grid was referenced using an alphanumeric system, and then photo
graphed as perpendicularly as possible to the bed surface, to obtain 
views with minimal distortion due to perspective (Fig. 1c). In the lab
oratory, the photographs were first rectified to eliminate any remaining 
perspective distortion. They were then assembled with Adobe Photo
shop®, a raster graphics editor, to produce a document in a projection 
plane parallel to the rock surface where the tracks lie. Once scaled and 
referenced in a metric system, the final photo-assemblage was trans
ferred into Autodesk AutoCAD®, a computer-aided design software, to 
vectorize the tracks, and to measure a set of morphometric features, 
including distances, angles, and derived variables (Fig. 2). It is worth 
mentioning that these measurements were in good agreement with those 
taken in the field for some selected tracks. 

2.3. Photogrammetric workflow 

Whatever the size of the objects studied, and the desired DEM res
olution, 3D modelling was obtained by Structure-from-Motion. This 
technique is increasingly used in several scientific fields, e.g. geology 
and geomorphology (Bemis et al., 2014; Tavani et al., 2016; Westoby 
et al., 2012), and archaeology and cultural heritage (López et al., 2016; 
Monna et al., 2018; Reu et al., 2013; Verhoeven et al., 2012). Briefly, a 
set of pictures covering the area of interest is captured, while (i) main
taining an overlap between pictures of at least 70–80%, and (ii) 

changing the point of view between each shot. For nearly flat surfaces, as 
in our case, the pictures are taken in the nadir direction, as perpendic
ularly as possible to the surface, to reduce image distortion. A 3D 
reconstruction is obtained after estimating camera positions and orien
tations, producing a sparse cloud, densifying this cloud, then meshing, 
and texturing. The resulting images (i.e. 2.5D grids) are saved in raster 
format. Note that the resolution of a DEM depends on the size and res
olution of the camera sensor, the focal length of the lens, and the dis
tance between the camera and the outcrop. Here, four different 
resolutions were evaluated. First, the entire site was modelled with the 
help of the UAV, a DJI Phantom 3 PRO equipped with a GPS and a 
12-million-pixel camera (Fig. 1d, Table 1). The flight height of ca. 15 m 
led to a ground sample distance or GSD (i.e., the distance between the 
centres of two consecutive pixels) of about 5–6 mm. The result was a 
georeferenced orthomosaic and DEM covering the whole area. Next, to 
better define altitudinal surface variation, pictures were also captured at 
a lower elevation, using a SONY DSC-RX100 MIII (sensor 13.2 × 8.8 
mm2, 20 Mpix), with a 24–70 mm lens, equivalent to a full-frame 35 mm 
camera set at 24 mm. The camera was mounted on a 4-m-long telescopic 
Rode pole, and wifi-controlled, using a Samsung Galaxy tablet fixed to 
the pole (Fig. 1e). A total of 9 slightly overlapping chunks was produced, 
each about 100 m2, with a typical GSD of 1–2 mm (Table 1). The other 
two acquisitions were made with a hand-held NIKON D800 full-frame 
DSLR (sensor 24 × 36 mm2, 36 Mpix), equipped with a NIKKOR 50 
mm prime lens. Three small areas of about 10–20 m2, each containing a 
set of footprints, were selected and photographed at breast height 
(1.5–1.6 m from the ground), delivering DEMs with a GSD of about 

Fig. 1. Illustration of both traditional and 3D modelling methods. Traditional: (a) manual drawing of tracks with chalk, (b) grid drawing and alphanumeric 
referencing, (c) photographing tracks. 3D modelling: (d) flight of the UAV over the area of interest; blue rectangles correspond to images captured, (e) images 
captured by pole-mounted camera. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.) 

Fig. 2. Ichnological parameters measured in Masrour et al. (2017b) and in the present study. l: footprint length; a: footprint width; Ar: trackway deviation; Lr: 
trackway external width; P: pace length; z: stride length, Ap: pace angle; II-III-IV: lengths of digit impressions; II∧III∧IV: interdigital angles. 
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100–150 μm. For individual footprints, the best DEM resolution was 
obtained by capturing images with the operator crouching at 0.5–0.6 m 
above ground level, generating DEMs with a GSD of ca. 50–80 μm. Only 
one isolated footprint, 1.3ANZ9, and 15 footprints from trackway 
1.3ANZ5 (Masrour et al., 2017b) were acquired at this level of precision. 
Models produced by terrestrial photogrammetry, generated in an arbi
trary reference system, were aligned on the georeferenced UAV ortho
mosaic, using several ground control points. All georeferenced DEMs 
and orthomosaics were then integrated into GIS software, for further 
measurement. 

2.4. Algorithms used to treat DEMs 

Geomorphologists have developed several algorithms to identify 
geomorphological features (depressions, slopes, etc.) at the scale of a 
landscape, which can be used to reveal footprints. Slope describes the 
maximum rate of change in elevation between each cell of the raster and 
its neighbours. This is the maximum downhill gradient, calculated as the 
first derivative of the DEM (e.g. Longley, 2005). The most basic pro
cedure based on visibility is analytical hill-shading, which simulates 
artificial illumination of the DEM surface (Imhof, 2007). The idea un
derlying the sky-view factor is that the bottom of a depression receives 
less light than the summit of a peak. Sky-view factor (SVF) evaluates that 
part of the hemispheric sky limited by the relief, and visible from a given 
point within a searched radius, r (Fig. 3a). In practice, n directions (most 
often 8) are scanned, and the vertical angles starting from the horizon to 
the position where the sky becomes visible, γi, are assessed; SVF is then 

computed as follows (Zaksek et al., 2011): 

SVF = 1 −

∑n
i=1 sin γi

n 

The same principle governs the calculation of positive openness, 
reflecting the “degree of dominance or enclosure of a location on an 
irregular surface” (Yokoyama et al., 2002; Doneus, 2013). The main 
difference is that the greatest angle before interception with the surface, 
α, is sought, taking the zenith as reference in place of the horizon, in 
contrast with sky-view factor (Fig. 3b). Consequently, a constant slope is 
seen as a flat surface by positive openness, whereas the summit of a peak 
produces the same result as a horizontal plane with sky-view factor 
(Fig. 3c). Practically, 8 directions (N, NW, W, SW, S, SE, E, and NE) are 
evaluated at each point of the DEM, and positive openness, αPO, is ob
tained by simply averaging: 

αPO =
(α0 + α45 + … + α315)

8  

2.5. Software and hardware 

All DEMs were produced using the Agisoft Photoscan Pro software 
1.4.5. The hill-shading, slope, and visibility-based rasters were created 
with either the open-source QGIS (https://www.qgis.org) or SAGA GIS 
(http://www.saga-gis.org/) software. Traditional morphometric mea
surements were obtained in QGIS from tracks drawn as vector layers. 
Unreferenced schemes from the companion studies (Masrour et al., 

Table 1 
Acquisition settings. Type of view, object targeted, ground distance, camera type, sensor definition, number of pictures processed, focal length of the lens (*: equivalent 
on full frame, 35 mm camera) and typical resolution of the produced DEMs.  

Type of 
view 

Object targeted Ground 
distance 

Camera type Definition Number of pictures 
processed 

Focal length of the 
lens 

Typical resolution of produced 
DEM 

Aerial Entire site ~15 m DJI Phantom 3 
PRO 

12 Mpix ~100 for 1000 m2 20 mm* 5–6 mm/pix 

Pole Bed ~4 m SONY RX- 
100MIII 

20 Mpix ~50 per chunk of ca. 50 m2 24 mm* 1–2 mm/pix 

Breast 
height 

Trackways/ 
footprints 

1.5–1.6 m Nikon D800 36 Mpix ~100–150 per chunk of ca. 
20 m2 

50 mm 100–150 μm/pix 

Close up Footprints 0.4–0.6 m Nikon D800 36 Mpix 10–20 per footprint 50 mm 50–80 μm/pix  

Fig. 3. Principles of (a) sky-view factor, and (b) positive openness; drawing modified from Dozier and Frew (1990) and Monna et al. (2018). The differences between 
both the two parameters are illustrated in (c). 

N. Lkebir et al.                                                                                                                                                                                                                                  

https://www.qgis.org
http://www.saga-gis.org/


Journal of African Earth Sciences 172 (2020) 103985

5

2017a,b) were registered using a rigid Helmert transformation, selecting 
several control points on trackways. A consumer-grade computer, i7 
5960x, 8 cores, equipped with 64 Go of RAM and two 4 Go-RAM NVIDIA 
GeForce GTX 980 mounted in SLI, was used for processing. 

3. Results and discussion 

3.1. Track identification from processed DEMs 

Identifying and understanding the factors that have preserved 
dinosaur footprint morphology is a complex task. The track preservation 
state results from many factors, such as the nature of the substrate, the 
depth of the footprint, the effect of erosional processes, and the possible 
presence of extra-morphological structures. Orthomosaics, DEMs, and 
derivatives, at all available resolutions, were used to evaluate the 
intrinsic potential of 3D modelling for track detection and drawing, 
without reference to field data or previously published schemes. When 
optimal foot dynamics and substrate properties record the anatomy of 
the foot, depressions caused by a moving dinosaur should be charac
terized by low sky visibility (i.e. low values of sky-view factor and 
positive openness), surrounded by subvertical footprint walls (i.e. 
steeply sloped contours). Even when tracks have been identified, 
drawing individual tracks sufficiently well is always a challenge, as there 
is often room for debate on where the track contours should be drawn 
(Graversen et al., 2007; Milàn and Loope, 2007; Falkingham, 2016; 
Lallensack et al., 2016). Following many authors (e.g. Ishigaki and 
Fujisaki, 1989; Lallensack et al., 2016), and similarly to the previous 
companion works, the outline of the track wall is preferred here (i.e. at 
the top of the track wall) to allow quantitative comparison. Fig. 4 depicts 
orthomosaic, DEM, hill-shaded DEM, slope, sky-view factor, and posi
tive openness raster maps of footprint 1.3ANZ9, together with the values 
for each parameter, along an A-B profile crossing the footprint. This 
example, based on a well-preserved footprint, presents acquisition at the 
highest resolution (‘close-up’ in Table 1). The guidelines mentioned 
below are valid whatever the resolution. Here, the outline is barely 
visible on the orthomosaic, blurred by texture variation due to erosion 
and algae (Fig. 4a). From the DEM, incisions made by digits become 
unambiguous; the talwegs (Fig. 4b, n◦1 and n◦3) can be positioned 
precisely, as well as the ridge (Fig. 4b, n◦2), but it is still difficult to 
delineate the footprint with precision without DEM post-processing. 
Hill-shaded raster is effective for quickly perceiving the relief, which 
is rendered realistically (Fig. 4c). However, there are major differences 
in the depiction of slopes in terms of brightness, depending on their 
orientation relative to artificial light (from the northwest in this case). 
The steepness of slopes is poorly rendered. Ridges and talwegs are dis
played in mid-grey. The rear wall of the footprint, parallel to the light 
beam (Fig. 4c, n◦4), is not clearly distinguished because of its orienta
tion. Slope raster can be used to alleviate the above-mentioned draw
backs. The footprint is easily visible, marked by steep slopes (darker 
colour in Fig. 4d). Its outline is characterized by a sharp decrease in 
slope, which can also be observed for talwegs. To compute sky-view 
factor and positive openness, the maximum search radius needs to be 
tuned, which is not the case for hill-shading and slope (Fig. 4e and f). 
Search radius, an important parameter, must be set by taking into ac
count the size of the features to be highlighted: higher values enhance 
the main structures, while details are better depicted when the radius 
decreases. As a rule of thumb, if the entire depression must be darkened, 
the search radius must be at least half the diameter of the object (Mara 
et al., 2010; Zaksek et al., 2011). The 1.3ANZ9 footprint measures 
approximately 20 × 20 cm2, and a search radius greater than 10 cm 
would be a good first guess. However, with such a value, most of the 
details inside the footprint would disappear, which is why a smaller 
radius (5 cm) was used here. With both sky-view factor and positive 
openness (Fig. 4e and f), contrasts with steep slopes within the track are 
well marked in dark tones, and may ultimately help to delineate the 
outline, while the “heel” is identified by a small (darker) hollow within 

the larger depression formed by the entire footprint. Imprints of digits II 
and III are extremely dark because the corresponding impressions are 
very deep and narrow. At first glance, the drawings based on each in
dividual treatment appear quite similar (see blue contours in Fig. 4c–f, 
and Fig. 4g, where all contours are superimposed). However, some 
notable differences can be observed. Using hill-shading, a gap without 
any clear information had to be filled in at the bottom left outer limit of 
the footprint (dashed line in Fig. 4d). The identification of this limit is 
easier with the slope raster, as well as with the sky-view factor and 
positive openness. However, both the slope and the hill-shaded rasters 
suggest some sinuosity in the imprint of digit III (Fig. 4c–d, n◦ 5), which 
cannot be perceived with the other two processes. Sky-view factor and 
positive openness produce similar outputs, except that positive openness 
slightly outperforms sky-view factor in detecting hypices (Fig. 4e–f, 
n◦6). It is well known that defining the contours of dinosaur tracks is 
somewhat subjective (Thulborn, 1990; Bates et al., 2008; Romilio and 
Salisbury, 2014; Falkingham, 2016; Falkingham et al., 2018), and can 
challenge the operator during the drawing phase. The best solution here 
is probably the detailed examination of every raster map, including the 
orthomosaic. The definitive outline is then produced by following an 
interpretative process, which takes advantage of the features of interest 
provided by each treatment (Fig. 4h). A return to the field may, how
ever, be worthwhile to refine the final drawing of the tracks. 

3.2. Mapping and track census 

Except for the deepest tracks (depth>2 cm, as for 1.3ANZ9), the 
resolution obtained here from aerial photography by UAV (~5–6 mm for 
x and y, 1 cm for z) is not good enough to perceive dinosaur footprints 
(see the slope raster map for track 1.3ANZ5.13, Fig. 5). Its usefulness is 
mainly limited to georeferencing the other layers, and also obtaining an 
overall image of the study area. In contrast, the outputs obtained from 
images taken at breast height or crouching are extremely well defined 
(Fig. 5). Although the resolution for images captured when crouching is 
about twice that of those taken at breast height, no significant discrep
ancy is observed. Unfortunately, high-resolution acquisition was limited 
here to a few specific areas, because covering the entire Anza ichnosite 
would require too much computation power for the hardware available 
for this study. This is one of the drawbacks of the 3D approach, in 
comparison with traditional methods. Identification and drawings were 
therefore essentially based on the models acquired with the pole- 
mounted camera (resolution ~2 mm/pix, Fig. 5), which provide a 
good compromise, with resolution high enough to spot tracks, while 
respecting computational constraints. In cases where some doubt per
sists, it is still possible to inspect other available raster maps obtained at 
higher resolutions, because GIS allows a seamless switch across layers. 
As the study area is elongated, it was divided into four zones (red 
rectangles in Fig. 6), with the same designation as in Masrour et al. 
(2017b) for the first three zones (1.1ANZ, 1.2ANZ, and 1.3ANZ), and a 
fourth zone (1.4ANZ), created specifically for the present study. In total, 
175 easily distinguishable footprints were recorded, without any input 
from the previous companion works (Masrour et al., 2017a,b), which 
identified 89 tracks using the traditional approach (Fig. 7). However, 
this increase in the number of tracks is not homogeneous across the four 
zones in Anza 1. The traditional approach revealed 25 tracks vs. 22 with 
3D modelling techniques in zone 1.1ANZ (Fig. 7). The 3D approach 
outclasses the previous study by a factor of almost two, for zones 1.2ANZ 
(21 vs 38 tracks) and 1.3ANZ (42 vs 81 tracks). This discrepancy is even 
more pronounced for zone 1.4ANZ, where 34 new footprints are now 
identified, while only one track was reported with the traditional 
approach (Fig. 7). In zone 1.1ANZ, the lower rate of identification using 
raster maps is probably due to strong surface irregularities and ero
sion/cracking. Such irregular surfaces impede the unambiguous recog
nition of footprints from post-processed DEMs. In this case, careful 
inspection in the field clearly outperforms 3D modelling and associated 
processing methods. For well-marked footprints, visible even to a 
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Fig. 4. Algorithm tests on footprint 1.3ANZ9 track, approximately 20 × 20 cm2 wide. (a) orthomosaic; (b) coloured DEM and contour lines (2 mm interval); (c) hill- 
shaded DEM; (d) slope; (e) sky-view factor; (f) positive openness; (g) combination of contours obtained from each DEM treatment; (h) final interpretative contour. 
Sky-view factor and positive openness were computed with a radius of 5 cm. On the left-hand side, the original raster maps, and their interpretation; on the right- 
hand side, values along an A-B profile across the footprint. Numbers refer to special points of interest (see text for details). 
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non-specialist, the two approaches provide the same results. By contrast, 
post-processed DEMs reveal very small variations in elevation that 
would have not be visible in the field without special equipment, e.g. 
artificial light by night. This level of definition, and the possibility of 
visualizing a trackway in its entirety, together explain why raster maps 
efficiently complement the traditional method, essentially based on field 
work. Finally, positioning tracks by 3D modelling is likely to be more 
accurate, because the necessary movements of the palaeontologist in the 
field, even when proceeding cautiously, will almost always produce 
outputs somewhat undermined by the cumulative effect of small posi
tioning errors. 

The time factor is also worth mentioning. Only half a day was 
necessary for one operator to acquire photographs at the four resolutions 
used here, with a further ten days for DEM production and post- 
processing. Interestingly, this pipeline requires very little supervision 
by the operator. This time frame should be evaluated in comparison with 
several weeks of work at best, requiring the presence of two (or more) 
palaeontologists, where progress may well be impeded by external fac
tors, such as the recurrence of the tide, as in the case of the Anza ich
nosite. The only potential drawback is that producing a 
photogrammetry-based ichnological record is still computer-intensive 
at the time of writing. 

3.3. Morphometric measurements 

Another aim of this work was to evaluate the efficiency of raster 
maps in producing accurate morphometric measurements. As no true 
reference values exist, the results obtained from 3D models can only be 
compared to the data published in Masrour et al. (2017b). Derived 
variables obtained from two (or more) measurements are discarded; 
only primary variables are kept: footprint length, footprint width, 
trackway deviation (distance between footprint midpoint and trackway 
midline), trackway external width, pace length, stride length, pace 
angle, footprint orientation (angle between footprint axis and midline of 
trackway), length of digit impressions, interdigital angle, and trackway 
direction. Results for the two approaches are summarized in Table 2. 
They are reported as averages of distances and angles of footprints and 
trackway for the traditional approach. For the 3D method, they are 
given as a range of values when n < 4, and as a mean with its 95% 
confidence interval in all other cases. At the Anza ichnosite, there is 
overall agreement between measurements for the two approaches, and 
cases of mismatch are rare (in bold in Table 2), with divergence at only 
10–15%. Such convergence may also be the result of the greater number 
of footprints discovered through 3D modelling. The pertinence of the 
results obtained by the two approaches nevertheless remains dependent 

Fig. 5. Typical rendering of a footprint (1.3ANZ5.13) at the four resolutions evaluated. Resolution increases from left to right.  

Fig. 6. Processed raster maps of the Anza ichnosite in a geographical information system (QGIS). Zone 1ANZ processed with hill-shading. The study area is divided 
into four subzones, following the denominations in Masrour et al. (2017b) for zones 1.1ANZ, 1.2ANZ, 1.3ANZ, together with the newly created zone 1.4ANZ. 
Drawings of dinosaur tracks identified in this study appear as an overlying shapefile in blue. (For interpretation of the references to colour in this figure legend, the 
reader is referred to the Web version of this article.) 
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on the choices made by palaeontologists with regard to what should be 
measured. 

4. Concluding remarks 

The results obtained from the Anza ichnosite show that the proposed 
protocol may outperform the traditional method in some instances, in 
terms of the number of footprints discovered (here the number of foot
prints identified is increased by a factor of two), and probably also in 
terms of the information necessary for contour drawings. Such great 
improvement in terms of track identification is obviously not expected 
for all sites, especially for those with well-preserved tracks, where both 

methods should produce very similar results. It is important to note that 
many of the new discoveries in this study concerned poorly preserved, 
vanishing, shallow tracks, with barely defined walls, identified without 
ambiguity by the 3D approach. An additional pterosaur track was also 
detected in zone 2ANZ (not shown here) by means of this methodo
logical workflow. The greatest benefit of this method is undoubtedly the 
small amount of time spent in the field. Field study is probably the most 
limiting factor for massive acquisition, especially for sites at some dis
tance from the laboratory, which are often time-constrained, and where 
repeated access on demand may be difficult, due to cost, schedules, 
seasonal constraints, etc. 

The optimal methodological pipeline may consist first in screening 

Fig. 7. All dinosaur tracks, showing those from Masrour et al. (2017b) in red, and those identified in the present study using medium resolution (pole-mounted 
camera) in blue. Names of tracks/trackways follow the denominations in Masrour et al. (2017b). Note that footprint 1.3ANZ10, which originally belonged to the 
1.3ANZ subzone, was renamed 1.4ANZ3 to fit the creation of a new subzone (1.4ANZ). (For interpretation of the references to colour in this figure legend, the reader 
is referred to the Web version of this article.) 
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the area of interest using the UAV, to obtain a georeferenced orthomo
saic, to which will be attached the other models (even simple photo
graphs), at higher resolution. An even better solution would be to use an 
available UAV equipped with a high-quality camera sensor, at lower 
altitude, thus replacing the acquisition steps using a pole. Whether 
derived from UAV or pole images, 3D models with resolution from about 
1 to 2 mm lead to good recognition of tracks (at least here), in particular 
because entire trackways can be depicted on raster map outputs. At the 
current level of technical and computational constraints, it may be 
difficult to produce models over large areas, at resolution better than 
100 μm per pixel. This resolution is nevertheless adequate when 
assessing rock surface condition (e.g. the effect of bioturbation and 
erosion), and for determining and interpreting ichnotaxa. While await
ing further technical improvements and better calculation power, such 
high-resolution models should probably be limited to smaller areas, 
studied for specific purposes, or for verification, after preliminary 
screening at a lower resolution. In any case, a return to the field is 
strongly recommended to confirm and refine the results obtained 
computationally. Even if the documentation thus produced is probably 
more reliable and less operator-dependent than the traditional method, 
the identification and the interpretative drawings made by the operator 
still require a high level of expertise, as several choices must be made. 
Interestingly, the production of several maps derived from the DEM 
(hill-shaded DEM, slope, sky-view factor, and positive openness) should 
help palaeontologists to draw track outlines, in accordance with the 
criteria used for defining track contours. The workflow described here, 
using an appropriate UAV, may be applied safely to hard-to-reach ich
nological sites, such as those found on strongly tilted (or even vertical) 
surfaces. Finally, for rapidly eroding sites such as Anza, these methods 
allow the operators to record quickly and efficiently a large number of 
potentially vulnerable tracks, which is complicated logistically with 
traditional casting methods. The 3D documentation may also serve to 
assess the impact of erosion dynamics on the morphology of fossil tracks. 
This method complements manual drawing, making tridimensional 

geometry available for future scientific research, 3D printing, virtual 
reality, presentation in museums, and other techniques of digital sci
entific outreach via the web. 
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Trackways n l A Ar Lr P z Ap O II-III-IV II∧III∧IV N … E 

1.1ANZ1 Trad. meth. 3  18 8 36 58 113 160   13–31 243 
3D 2  17–18 7 NA 62 NA NA   17–30 242 

1.1ANZ5 Trad. meth. 5 23 17 1 23 59 119 172 0  25–30 237 
3D 5 22 ± 4 16 ± 3 1 26 57–62 116–121 168–173 0  27–34 243 

1.1ANZ8 Trad. meth. 3 23 21 7 34 63 123 153  12–15 - 19 23–42 203 
3D 2 24–25 24–26 8 NA 71 NA NA  11 - 15 - 16 29–44 207 

1.1ANZ14 Trad. meth. 2 22 18   93      140 
3D 2 24–26 13–19   94      147 

1.2ANZ1 Trad. meth. 5 18  2 23 60 120 171 − 4 14 19–26 337 
3D 6 21 ± 4  2 26 62 ± 6 122–123 163–174 − 5 13–00 - 00 20–26 330 

1.2ANZ2 Trad. meth. 4 23 18 2 19 62 123 172 7 09 - 13 - 16 36–36 356 
3D 5 24 ± 4 18 ± 3 3 25 58–70 122–127 163–171 8 10–14 - 15 34–36 362 

1.2ANZ4 Trad. meth. 3 25 20 4  77 154 170    131 
3D 4 24–28 19–25 4  62–72 132–142 170–174    129 

1.2ANZ5 Trad. meth. 5 20 18 3 25 62 123 170 − 1 10–13 - 16 30–35 114 
3D 5 27 ± 11 21 ± 3 2 26 66 ± 22 116–133 162–174 0 9 - 12 - 17 32–35 120 

1.2ANZ6 Trad. meth. 2 23 19   51     21–31 353 
3D 2 22–27 18–21   63     22–31 360 

1.3ANZ2 Trad. meth. 3  14 1 18 80 160 175    98 
3D 6  15 ± 2 0 20 84 ± 9 167 ± 15 168–177    100 

1.3ANZ4 Trad. meth. 3 15 10 0 11 57 115 180 0   354 
3D 3 20–23 14–16 1 12 54–60 115 175 0   350 

1.3ANZ5 Trad. meth. 17 20 13 1 16 62 124 175 0 09 - 13 - 15 25–23 267 
3D 16 25 ± 1 15 ± 2 1 15 6 ± 2 125 ± 2 175 ± 1 1 10–14 - 15 25–24 261 

1.3ANZ6 Trad. meth. 6 24 20 5 23 60 119 165 − 5  12–30 156 
3D 8 28 ± 2 18 ± 2 5 25 62 ± 3 123 ± 4 162 ± 12 − 4  14–33 155 

1.3ANZ7 Trad. meth. 5  21 4 31 61 122 170 − 2  30–40 344 
3D 7  21 ± 1 4 33 60 ± 5 117 ± 5 165 ± 11 − 1  32–39 340  
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Annexe 3. 
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Annexe 4. 
 

Characteristics details for the seven types of khirigsuurs 
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Annexe 5. 

  

 

Distribution of the khirigsuur types over part of the Khunui river. The bottom map shows details of at necropolis in the valley. 
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Annexe 6. 
Thésaurus pour l’encodage des symboles sur les stèles 

Motifs géométriques 
 

Spirale : spiral 
 

SP  

Disque : disc 
 

DQ 
DC 

 
Grand cercle = large circle 
 
 

GC 
LC 

Rayon 
Absence 

 
 

Un 
 
 
 

Deux 
 
 

Trois 
 
 

Quatre et plus 

0 
 
 
1 
 
 
 
2 
 
 
3 
 
 
4 

 

 

 

 
 

Ornement 
Absence 

 
 

Présence 

0 
 
 
1 

 

 
Remplissage 

Aucun 
 

Points 
 
 

0 
 
1 
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Animaux 
 
 
 

Autres 

2 
 
 
 
3 

 

 
Petit cercle = small circle PC 

SC 
Rayon 

Absence 
 
 

Un 
 
 

Deux 
 
 

Trois 
 
 

Quatre et plus 

0 
 
 
1 
 
 
2 
 
 
3 
 
 
4 

 

 

 

 

 

Ornement 
Absence 0  

Présence 1  

Obliques : diagonal OB 
DI 

Nombre 
Effectif 1-

9 
 
1, 2, 3… 

Orientation (point bas) 
Droite 

 
 

Gauche 

0 
 
 
1 

 

 

Bandeau : blindfold BD 
BF 

Epaisseur 
Large 

 
 
 

Fin 

0 
 
 
 
1 
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Collier = necklace CO  
NE 

Motif 

Trait 
 
 

                        Cupules 
 
 
              Trait+cupules 

 
 
 
 

Trait verticaux 

0 
 
 
1 
 
 
2 
 
 
 
 
3 

 

 

 

 
Pendentif 

Absence 
 

Présence 

0 
 
1 

 
 

Fermoir 
Absence 

 
 

Présence 

0 
 
 
1 
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Objets 
 

Masse : mallet 
 

MS 
MS 

 

Matraque : baton 
 

MT 
BT  

Char : wagon 
 

CH 
WA 

 
Tresse : braid CB 

BR 

 
Ceinture = belt 
 
 

CE 
BE 

Forme 
Corde 

 
 
 

Ruban 

0 
 
 
 
1 

 

 
Remplissage 

Vide  
 
 
 

Plein 
 
 
 
 

Angle  
 
 
 
 

Angle 90° 

A 
 
 
 
B 
 
 
 
 
C 
 
 
 
 
D 
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                        Maille 

 
 
 

                    Losange 
 
            

             Lignes 
horizontales 

 
 

Lignes verticales 
 
 

                          Onde 
 
 

Points 
 

Rectangle 

 
E 
 
 
 
F 
 
 
G 
 
 
 
H 
 
 
I 
 
 
J 
 
K 

 

 

 

 

 

 

Embellissement 
Rien 

 
                        Points 

 
 
 
 
 
 
 
 
 

Triangle 
 
 
 
 

                         Angle 
 

                           
 
 
                   Traits 

 
 

0 
 
1 
 
 
 
 
 
 
 
 
 
2 
 
 
 
 
3 
 
 
 
 
4 
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Losange 

 
 
 

Point de symétrie 

 
5 
 
 
 
6 

 

 

 

 
Couteau : knife CT 

KN 
Fourreau 

Absence 
 
 

Présence 

0 
 
 
1  

 
Forme de la lame 

En ‘C’ 
 
 
 

En ‘S’ 

0 
 
 
 
1 

 

 
Pommeau 

Absence 
 
 

Trou 
 
 

Tête zoomorphe 

0 
 
 
1 
 
 
2 

 

 

 
Attache 

Absence  
 
 
 
 

Présence 

0 

 
1 

 
Poignard : dagger 
 
 
 
 
 
 

PO 
DA 

Fourreau 
Absence 

 
 

Plein 
 
 

0 
 
 
1 
 
 

 

 



216 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Vide 

 
 
 
 
 

Décoré 

 
2 
 
 
 
 
 
3 

 

 
Poignée 

Vide 
 
 

Pleine 
 
 
 
 

Avec garde 

0 
 
 
1 
 
 
 
 
2 

 

 

 
Pommeau 

Simple 
 

                                                     
                         
 

Cercle  
 
 
 

Double cercle 
 
 
 
 

Losange 
 
 
 
 
 

Tête zoomorphe 

0 
 
 
 
 
1 
 
 
 
2 
 
 
 
 
3 
 
 
 
 
 
4 
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Attache 
Absence  

 
 
 

Présence 
 

 
 

0 
 
 
 
1  

 
Carquois : quiver CA 

QV 
Attache 

Absence 
 
 
 
 

Un 
 
 
 
 

Deux 
 
 
 
 
 

Trois 

0 
 
 
 
 
1 
 
 
 
 
2 
 
 
 
 
 
3 

 

 

 

 
Associé arc 

Oui 
 
 
 

Non 

0 
 
 
 
1 

 

 
Attaché Ceinture 

Oui 
 
 

0 
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Non 

 
1 

 
Hache : axe HA 

AX 
Manche 

Plein 
 
 
 
 

Creux 
 
 
 
 

Gradué 

0 
 
 
 
 
1 
 
 
 
 
2 

 

 

 
Attache 

Absence 
 
 
 
 
 
 
 
 

Présence 

0 
 
 
 
 
 
 
 
 
1 

 

 
Attaché Ceinture 

Sans contact 
 
 
 

Attaché 
 
 
 

Recouvrant 

0 
 
 
 
1 
 
 
 
2 

 

 

 
Pic : pick PI Manche 

Plein 
 
 
 

0 
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Creux 

 
 
 
 

Gradué 

 
1 
 
 
 
 
2 

 

 
Attache 

Absence 
 
 
 
 

Présence 

0 
 
 
 
 
1 

 

 
Attaché Ceinture 

Sans contact 
 
 

 
 

Attaché 
 

 
 
 

Recouvrant 

0 
 
 
 
 
1 
 
 
 
 
2 

 
 

 

 
Pierre à aiguiser : 
 sharpen stone 

PA 
SS 

Forme attache 
Trou 

 
 
 
 
 
 
 
 

Trait 
 
 
 
 
 
 

0 
 
 
 
 
 
 
 
 
1 
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Attache ceinture 
Oui 

 
 
 
 
 

Non 

0 
 
 
 
 
 
1 

 

 
Crochet : hook CR 

HK 
 

Forme 
En ‘C’ 

 
 
 
 

En ‘W‘ 
 
 
 

En ‘PI’ 

0 
 
 
 
 
1 
 
 
 
2 

 

 

 
 
 

Pointe 
Rentrante 

 
 
 

Sortante 

0 
 
 
 
1 

 

 
Bouclier : shield BO 

SH 
Forme   

Rectangulaire 
 
 

Pentagonal 

0 
 
 
1 

 

 
Remplissage 

Angle 
 
 
 

Arête 
 
 

0 
 
 
 
1 
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Losange 

 
 
 

Losange tressé 

 
2 
 
 
 
3 

 
 

 
Embellissement   

Rien 
 

                         
 
                        Cercle 

 
 
      
      Cercles concent. 

 
 
 

Cercles mult. 
 
 
     Cercles mult. liés 

 
                   
 
                
 

   Losanges 
 
 
 

Disque tronqué 
 
 
 

Vertical 

0 
 
 
 
1 
 
 
 
2 
 
 
 
3 
 
 
4 
 
 
 
5 
 
 
 
 
 
6 
 
 
 
7 

 

 

 

 

 

 

 

 
Arc : bow 
 

AR 
BW 

Flèche 
Sans 0  

Symétrique 1 
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Dissymétrique 2  

Côté 3 

 
Lance 
 

LA  
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Animaux 
 

Bouquetin : ibex 
 

BQ 
IB 

 

Poisson : fish 
 

PS 
FI 

 
 

Yack : yak 
 

YK  

Oiseau = bird 
 

OI 
BI 

 
Sanglier : boar SG 

BO 
Crinière 

Absence 
 

   
                   Présence 

0 
 
 
1 

 

 

Cheval : horse CV 
HS 

Corps 
Plein 

 
 
 
 
 

Canal 
 

 

0 
 
 
 
 
 
1 

 
 
 

 



224 
 

Félin : feline FL Position 
Debout 

 
                           
 
                          
 
 
                     Enroulé 

 
 
 
 

Couché 

0 
 
 
 
 
 
 
1 
 
 
 
 
2 
 

 

 
 

Corps 
Vide 

 
 

Traits 
 
 
 
 
 

Points 
 
 
 

                       Taches 
 

                   Chevrons 

0 
 
 
1 
 
 
 
 
 
2 
 
 
 
3 
 
4 

 

 
 

 

 
Cerf =deer CF 

DE 
Orientation 

N 
 
 
 
 
 
 

NE 
 

 
 

0 
 
 
 
 
 
 
1 
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                                 E 

 
 
 
 

SE 
 
 
 

                                  S 
 
 

                              
                               
                              SW 

 
 
 
 

                                W 
 
 
 
 
 

NW 

 
 
2 
 
 
 
 
3 
 
 
 
4 
 
 
 
 
5 
 
 
 
 
6 
 
 
 
 
 
7 

 

 

 

 

 
 

Tête   
Droite 

 
 
 
 

Retourné 

0 
 
 
 
 
1 

 

 
Tronqué 
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Non 
 
 
 
 
 
 
 
 
 

Oui (avec pattes) 
 
 
 
 
 
 
 

Oui (sans patte) 

0 
 
 
 
 
 
 
 
 
 
1 
 
 
 
 
 
 
 
2 

 

 

 
Nombre de bois 

Aucun 
 
 

Un 
 
 
 

Deux 

0 
 
 
1 
 
 
 
2 

 

 

 
Pattes complètes 

Aucune 0 

 
Une  1  

Deux 2  
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Corps 

Vide 
 
 
 

Trait épaule 
 
 
 
 
 

Zébré 

0 
 
 
 
1 
 
 
 
 
 
2 

 

 

 
Andouiller 

Vide 
 
 
 
 
 

Point 
 
 
 
 

Cerf 
   
 
 
 
 
 
 
                        Cheval 

0 

 
1 

 
2  

3 
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Visage = Face VH 
MF 
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