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# Major topics

Prospective

Biodiversité & [I Can

13 & 14 octobre 2025

Traits, phenotypes, visual perception, evolution, ...

Images and Al
Species or individual recognition, counts, 3D, ...

Sounds and Al

Texts and Al

Genomes and Al

Remote sensing and Al

Predictive Al Scenarios, species distribution, past/future, ...




# Major topics

Habitat monitoring

« A transformer-based deep-learning model is trained on

« the multiscale methodology successfully extends fine-scale

underwater images to detect the presence of 31 classes covering classification to larger reef areas, achieving a high degree of

various coral morphotypes, associated fauna, and habitats »

Images and Al

accuracy in predicting coral morphotypes and associated habitats »

Traits, phenotypes, visual perception, evolution, ...

Species or individual recognition, counts, 3D, ...

Ecological Informatics 89 (2035) 103149

Contents lists available at ScienceDirect

Ecological Informatics

FI SEVIER journal homepage: www elsevier.com/locate/ecolinf

From underwater to drone: A novel multi-scale knowledge distillation
approach for coral reef monitoring

Matteo Contini 2P@*, Vietor Hllien 2™, Julien Barde ¢, Sylvain Poulain ¢®, Serge Bernard <@

Alexis Joly ®, Sylvain Bonhommeau *

# [FREMER Délégation Ocsan Indien (DO, Le Port, 97420, La Réunion, Rue Jean Bertho, France
UINRIA, LIRMM, Universit¢ de Montpellier, CNRS, Montpellier, 34000, France

©CNRS, LIRMM, Université de Monipellicr, Montpellier, 34000, France

“[MR Murbec, IRD, Université de Monipellier, CNRS, Ifremer, Monpellier, 34000, France

https://doi.org/10.1016/j.ecoinf.2025.103149

Fig. 1. On the left, an aerial orthophoto c a complex coral blage. The image was acquired by an UAV flying at an altitude of 60 m, resulting in a spatial resolution
of 0.91 em/pixel. H 5 disting between specxfic morphotypes is challenging because of the limited resolution. The red rectangle highlights the location of the fine-scale
underwater image shown on the right. T]ns image was captured by an ASV-mounted camera 35 c¢m above the seabed (with depth measured via onboard echosounder), providing
sub-millimeter resolution. The underwater image provides a higher level of detail, allowing the identification of distinct coral morphotypes and specific classes, such as Algae,
that are difficult to identify in aerial imagery.



https://doi.org/10.1016/j.ecoinf.2025.103149

# Major topics

Citizen science and acoustics: Vigie Chiro

* Fonctionnement de Vigie-Chiro / Tadarida

Collecte de
données

Sounds and Al

Pas seulement les chauves-souris

ts et détectabl

Principaux groupes vocal a distance (> 1 m)

Frequences utilisées (kHz)

Inaudible

Portail Web

vigiechiro.herokuapp.com

Transfert

Archive automatique (iRODS -
IN2P3)

Bilan Automatique

Identification

(Tadarida) ‘

Interface de validation

github.com/Scille/vigiechiro-front
scILLE github.com/Scille/vigiechiro-api

Ecoacoustique + sciences participatives

=> beaucoup d'opportunités !

Données
nombreuses
et riches

Diminution du
risque
d'erreur

Apprentissage
machine (IA)

Stratégie de

validation

Tadarida : une boite a outil logicielle avec
plusieurs couches d’intelligence artificielle

1) Identification automatique des cris sur la base
d’un apprentissage automatique par arbres de
décisions (random forest) et de 150 paramétres
acoustiques (fréquences, amplitude, rythmes)

2) Regroupement automatique (clustering) des
cris en séquences de cris, aggregation des
résultats

3) Correction des erreurs en fonction du contexte
et des autres enregistrements sur la nuit
compléte (classification contextuelle)

=> Besoin de beaucoup de données
d’apprentissage !
=> Validations participatives !

Des slides de Yves Bas / ecoinfoFAIR 2024 https://ecoinfofair2024.sciencesconf.org/resource/page/id/4



https://ecoinfofair2024.sciencesconf.org/resource/page/id/4

# Major topics

Extracting Plant Species Names from textual data

A Transformer-based Nlp Pipeline for
Enhanced Extraction of Botanical Information
Using Camembert on French Literature

Ayoub Nainia!, Régine Vignes-Lebbe!, Eric Chenin?, Maya Sahraoui'®,
Hajar Mousannif*, and Jihad Zahir?*

1. Genus epithet: The species designation consists of the genus name, capitalized
at the beginning, followed by a lowercase epithet

2. G. epithet: Alternatively, the species name may present with the initial letter
of the genus in uppercase, followed by the epithet in lowercase.

3. Genus epi-thet or G. epi-thet: Tn the OCR-processed version of the flo-

ras, the epithet may break at the end of a line, introducing a third form that

Table 1. Dataset Summary necessitates consideration.
[Data [[Flora of New Caledonia |Botanical Lexicon |
Size 25 documents 3530 entries
Data Type Ocerized Text Text (Dataframe)
Data Source National Museum of Natural History |Compiled from various glossaries online

https://doi.org/10.5121/csit.2024.140605

Texts and Al
SAPOTACEES

por A. AUBREVILLE

1. Leptostylis grandiiclia Vink

Vi, Nova Guinea 8, 1+ 95 ot 07 (1057),

Grandes fouilles opposées, iptiques ou obovins
arrondies au sommet, obluses ou cunéiformes 4 la base, Limbe guben,
mesurant jusqu'a 20 em de longueur sur 12 ¢ do largeur, Nervire médians
BREVE HISTOIRE proéminente dessous, un pou salllante dessus. Nervuires sscondaires, 5 4
DE LA CONNAISSANGE TAXONOMIQUE i ies e oosatex ssees ol G0 la Mgy, WSEIEN
e A ONIEN q 1§, anastomosées & un réseau deo nervilles o
BAP NEO-CALED NES grosses mailles irrigulidres, finement saillunt dessus. Péliols 5-20 mm,
Pleury Blanehes faseioulfes sur le vioux bois, Padicolle 4-6 mm, glabire
ou Mgormmont pubsscent, Calice : 4 sépales {2 + 2} de 2,5 mm, un pou pubes.
conle extérieurcment. Corolle i 8 Jobos de 3 mm; tube 2 mm. Btamines 8,
CLE DES GENRES insérées & la gorge; filels 3 mm. Ovalre velu, & 4 loges, prolongé d'un long
style glabre. Dans le bouton la carolle, étroitement fermée, lalsse poladre
R trds Eppatt‘o‘nlxmonl‘ln style. Pruits inconnus.
1 12 © spécimen e ronforme une seulo grob
Daies, P-4 84-00) peddesy oxiaql o'dtmm g Upipitales; W atanines i " de 2 em long, 0,6 .Ifg., 0,6 époissour, & u&l?fé'x‘&“":ifﬁ?.ﬂ'&":&
-------------------------------------- seeeee 1 la face vontrate, & bords erénolés. — PL 1, 1.8, p, 23, Carte |, p. 21,

1. Calios & 8 vesticllles ¢
2

2", Feoilles altarnes. Pétales pourvus 4'sppendices dorsau -
3. 34 Sadpales, € polates, € blamines épipétaien, & slaminedes. .. 2. Sl

¥ 4 & 4 sépales, § phtales, 8 Samines bpipetades, S staminodes. .. 3. Mimsssps Hororyre @ Balansa, 1324 [P).
P Morphological Description
L Orandes eustie JRlunguekelliptiques ou shovies elliptiqoes masurant jasqu's Morphological terms:
om 3G WUF 12 €M MIGO., ...\ yiiiesaneantannns L L - etiole: ich joir
o Vg ver A8 Mnr.w“ e TS, grandfella Pétiole: Part of the leaf which joins the blade to the stem.
2. Corolle & tube courl. Blamines inscden &t gorge. Putitos feurs blasehes *  Glabre: Leaf shape,
| sessiles. oviee-oblongues, IABOSR.............. % L patioloty .
', Carslle & lovg tubs dépasant noltomant Jn calice |
3. Feuilica lomealeusss desoaw, obovies ablongses, Jusqu'd & em x 3 om,
o Blamings huéries A ln goege.......... che AL geeeensis ‘
@ Family: SAPOTACEES The outout can be in the form of triplets — Leptostylis grandigofio:

. {limbe, Shape, glabre)
@ Genus: Leptostylis L
Species: Leptostylls grandifolio (Genre epithet)

T

L. grandifolic

Plant species
names and their
descriptive
morphological
terms from flora of
New Caledonia.

Data Source

Flora of Naw Flora of New Caledonia

Caledonia
(OCR)

Web (Wikipedia)

Morphological Lexicon

TERMI Definition

ABAKEAL

AHCISSION

——————————————————— R SR A |
1
| | |
I ! ‘ Spacy _ | Identifying morphological | |
: Species names — MER species’ || Transiormars I descriptions of species :
| | identification dataset creation | | | - |
| 1| ' | ‘ Algorithm 1 |
I ‘ | @ : Extracting morphological I
| m———— e e g

I Enrichingthe | ! : CamemBERT Transformer-based : I descriptions I
' | datasetwith || ! Pipeline Lo ¥ '
I — PO ... SO P ; I
b i o mptompnistiiizs ey gt RS A | Algorithm 2 for |

! A webscraping || A Annotating the :
| g Coarse-grained |
I - ThePlantList ‘ : ‘ Fine-grained NER descriptions 3 I
| - Wikipedia 1| (with lexicon) | AtBorithm 3 for
: Annotating the | | Color | | Farm | | Development 8 :
| species’ dataset | | |
| ‘| | Disposition || Structure | | Surface |
[ NS (O N SR a I Morphological Lexicon I
|
|
|
|
|
|
|
|

|
|
Position H Measure H Descriptor ]
|



https://doi.org/10.5121/csit.2024.140605

# Major topics

From aerial photographs for vegetation surveys to RS

rseason [N
erovy [ T
v I
wenor [
ciay [N
meany [N
g rseason [INENINEN
a
g -
g avee [
cv_anti [N
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(a) Example images belonging to cluster 1 6 i
o I
s siit [l
5 = ndrosace factea L. 1753
LANDOLT MOIST W Galum saxesum (Chale) Breste., 1948 5
- i = Oxytropis amethystoa Arv. Touy,, 1871 (b) Example images
-q eauvive . - Noccaea montana subsp. villarsiana (Jord ) Kerguélen, 1993
4 m— primula lutea Vill., 1787
1 % 00 05 10 15 20 25 3.0 35 4.0
10 mean(|SHAP value|) (average impact on model output magnitude)
12

(a) Feature importance for an example cluster

Remote sensing and Al

RESEARCH ARTICLE = @ OpenAccess @ ® O ©

Introduction to deep learning methods for multi-species
predictions

{c) Example images beionging 1o cluster 3 Yuqing Hu, Sara Si-Moussi, Wilfried Thuiller g%

First published: 28 November 2024 | https://doi.org/10.1111/2041-210X.14466 | .~ VIEW METRICS

https://doi.org/10.1111/2041-210X.14466
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Biodiversity indicators from eDNA metabarcoding

AUTOENCODER
CTTCTTAGCTAA CTTCTTAGCTAA,
. *|  Encooer Ze |[*|  DECODER  |*
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MOLECULAR ECOLOGY e
- CTCCCGAAAAA.. 0 VARIATIONAL AUTOENCODER
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457 467
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New deep learning-based methods for visualizing ecosystem . | encooen * oeconen |- L
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B CTTCTTAGCTAA.. 467
Letizia Lamperti ¥4 Théophile Sanchez, Sara Si Moussi, David Mouillot. Camille Albouy, Benjamin Fliick ¥
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# Major topics

Occurences prediction

bioRyiv

THE PREPRINT SERVER FOR BIOLOGY

Mew Results

A multi-modal ResNet model to predict coastal fish occurrences using a seascape

approach

©) Gaétan Morand, (& David Mouillot
doi: https://doi.org/10.1 101/2025.10.29.682812

e UEUNH

ANy

e Ao

Survey)

Environment

https://doi.org/10.1101/2025.10.29.682812 15x32x 32

Predictive Al

Human activity
4x32x32

Degree Heating Week
10 years

224 x 224

Model architecture and training

—— ResNetl8

— ResNetl8

LayerNorm

Occurrence data (Reef Life

00000000

Predicted
bp@l;i(‘!ﬁ presence

Socio-Environmental variables

Variable Source Res. Time Res.  Unit
FSLEs (strength) CNES[T] 0.04° daily days™!
FSLEs (orientation) CNES (7] 0.04° daily degrees
Bathymetry GEBCO (8] 0.0042° i
Chigrophyll Copernicus [9] 4km daily g i
55T Copernicus [10] 0.05* daily Kelvin
Zalinity Copernicus [11] 0.083* weekly PELU.

pH Copernicus [12] 0.25* manthly

Surface Current {u) Copernicus [13] 0.25% daily g
Surface Current (v] Copernicus [13] 0.25" dailly st
Wind u) Copernicus [14] 0.125* haurky nrg”!
Wind (v) Copernicus [14] 0.125% hewrky st
Wave Height Copernicus [15] 0 daily m
Ciygen Copernicus [16] 0.25° daily mtrrtel i
Mixed layer thickness Copernicus [11] 0.083%  dally e
Nitrate Copernicus [16] 0.25° daily mrrelan
Pratection level Australian Marine Parks 0.01° 5!
Distance to port Global Fishing Watch 0.01* km
Population density (log) ~ Gridded Population ofthe World ~ 0.0083°  Syears km®
Human gravity [17] 0.01° mmolm
Degree heating Week NOAA 0.05% daily

Scenarios, species distribution, past/future, ...

Species richness

20

Predicted species nichness (logged)
5 &

P
o

0o

0s 10

15

Ground truth species nchness (logged)



https://www.biorxiv.org/content/10.1101/2025.10.29.682812v2.full
https://doi.org/10.1101/2025.10.29.682812

H 84710 1475342717 77 Pl@ntNet

# Success stories | CIRAD UMR 51 AMAP, Boulevard de la Lironde
Montpellier 34398

i e e France

Pl@ntnet: “Le Shazam des plantes” i 5. e Tl T S contact@plantnet-project.org

https://plantnet.org/

\] Pl@ﬂt Net UTILISER UAPPLICATION ~ COMPRENDRE  PARTICIPER  RESS0URCES  RECHERCHE — CONTACT &
-\ !

Antoine AFFOUARD
Point de contact technique
antoine.affouard@cirad.fr

Pierre BONNET
Point de contact
pierre.bonnet@cirad.fr

UNE

Avec l'application Pl@ntNet, identifiez une plante @ partir d'ine photo, et rejoignez Un. projet de Se/ences

Alexis JOLY

Ce projet a bénéficié des ressources informatiques et Point de contact administratif

de stockage de GENCI a I'IDRIS grace a la subvention o o
2024- A0171011389 sur le supercalculateur Jean Zay, alexis.joly@inria.fr

partitions V100, A100 et H100. " %: (SENC| '
AL

participatives sur la biodiversite végétale

EN SAVOIR +

Révision collaborative
données

Utilisateurs

:a%’-

Portails de données
de biodiversité

” £ GBIF

1A

- D
:' ; 0 "] ’ ' > Nowm Facility
Plantes / = ‘»0 0/- ~‘ ni et
\_/ \/ base de donnée l pN

Pl@ntNet

prédictions

A Pl@nt! | espéces données
= Version Web reconnues d'apprentissage

Télécharger dans ‘ DISPONIBLE SUR
. I’App Store ® Google Play

Interactive plant identification based on social image data Alexis Joly, Hervé Goéau, Pierre Bonnet, Vera Bakic, Julien Barbe, Souheil Selmi, Itheri Yahiaoui, Jennifer Carré, Elise Mouysset, Jean-Franc¢ois Molino,
Nozha Boujemaa, Daniel Barthélémy Ecological Informatics, 2014, 23, pp.22-34. (10.1016/].ecoinf.2013.07.006)
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https://hal.science/hal-00908872v2
https://dx.doi.org/10.1016/j.ecoinf.2013.07.006

H# Success stories

DeepFaune

Detection Classification

CNN DETECTOR MODEL

4

objet découpé

Jaigies-Soan2

objet (100%)

Daigles-Sosh2

imagel

A I’heure actuelle, le modele utilise 37 classes. Chaque image ou vidéo qui lui est soumise, prise
de jour comme de nuit, est prédite comme contenant:

*rien: classe ‘vide’

*une présence humaine: classes ‘humain’, ‘véhicule’

*un ongulé sauvage: classes ‘bison, ‘bouquetin’, ‘cerf’, ‘chevreuil’,
‘mouflon’, ‘renne’, ‘sanglier’

*un autre grand mammifere: classes ‘glouton’, ’loup’, 'lynx’, ‘ours’
*un petit mammifere: classes ‘blaireau’, ‘castor’, ‘écureuil’, ‘genette’, ‘hérisson’, ‘lagomorphe’,
"loutre’, ‘marmotte’, ‘mustélidé’, ‘ragondin’, ‘raton laveur’, ‘renard’

*un animal domestique: classes ‘chien’, ‘chat’, ‘chevre’, ‘équidé’, ‘mouton’, ‘vache’

*un animal autre, de la classe ‘oiseau’ ou de la classe ‘micromammifere’

{

chamois/isard’, ‘daim’, ‘éland’,

Simon Chamaillé-Jammes  Vincent Miele Gaspard Dussert Claire Rossignol Bruno Spataro
(CNRS CEFE Montpellier)(CNRS LECA Chambeéry) (UCBL1LBBE Lyon) (CNRS CEFE Montpellier) (CNRS LBBE Lyon)

0 & QLo &« |BBE 0

e
Rigoudy, N., Dussert G., the DeepFaune consortium, Spataro, B., Miele, V. & Chamaillé-Jammes,
S. (2023) The DeepFaune initiative: a collaborative effort towards the automatic identification of
the European fauna in camera-trap images. European Journal of Wildlife Research

Dussert, G., Chamaillé-Jammes, S. Dray, S. & Miele, V. (2024) Being confident in confidence
scores: calibration in deep learning models for camera trap image sequences. Remote Sensing in
Ecology and Conservation

Dussert, G., Dray, S., Chamaillé-Jammes, S. & Miele, V. (2025) Paying Attention to Other Animal
Detections Improves Camera Trap Classification Models. biorxiv



https://link.springer.com/article/10.1007/s10344-023-01742-7
https://zslpublications.onlinelibrary.wiley.com/doi/10.1002/rse2.412
https://www.biorxiv.org/content/10.1101/2025.07.15.664849.full.pdf

