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Pl@ntNet under the hood
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2 Pl@ntNet

A citizen science platform that uses Al to help people
identify plants with their mobile phones
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® A secured APl providing developers programmatic access to PlI@ntNet engine
e 8K developer accounts (companies, researchers, citizen observatories)
e Integrated in European Open Science Cloud (EOSC)
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Key concept of Pl@ntNet: Collaborative Al
oe?
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S Pl@ntNet Al model

GENCI

Model trained on Jean Zay super-computer (cross-entropy loss)
on a big dataset of valid observations (5-6 days of training)

r
LX)
K OCY
L )
) )
> 535 B

i

current version:
previous version:

Softmax output (46K-dimensional)

''Q' o

L ) '
AN F LA (

} 0.9 L AN K

9. P B A XK X I PP \
(O X X X XX (YO ) ) _—
L ) ) ) &, 9. 9- C X =
X XX .. B OO Y )

X x %) 9. S.9.9, o - -
CX - L )X X )

Vision transformer (DinoV2) — Top1 accuracy = 0.73
Convolutional Neural Network (1V3) — Top1 accuracy = 0.70



A difficult problem: uncertainty

Aleatoric uncertainty Epistemic uncertainty
Ambiguity (irreducible) Long-tail distribution

Nb of training
f Images \( Likely classes \ images
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Top1 accuracy > Macro-average Top1 accuracy
R s s TR 0.73 > 0.59




V. Pl@nt\et Returned results: set-valued

Pointwise error control Average set size control
Threshold the accumulated Threshold the probability so as to return
probability less than K classes on average
E UL 0 Ol ( )‘ ( ) ) > 0
Papaver rhoeas L. 0.63 Papaver rhoeas L. 0.63
+ Papaver somniferum L. 0.76 Papaver somniferum L. 0.13
+ Papaver californicum A. 0.87 Papaver californicum A. 0.11

+ Glaucium corniculatum L.

— Average-K classification
(proof of consistency)


https://identify.plantnet.org/fr/the-plant-list/species/Glaucium%20corniculatum%20(L.)%20Curtis/data
https://identify.plantnet.org/fr/the-plant-list/species/Glaucium%20corniculatum%20(L.)%20Curtis/data
https://identify.plantnet.org/fr/the-plant-list/species/Glaucium%20corniculatum%20(L.)%20Curtis/data
https://identify.plantnet.org/fr/the-plant-list/species/Glaucium%20corniculatum%20(L.)%20Curtis/data

Use of regional or thematic floras

Restricting the hypothesis space to a particular flora allows improving the
identification accuracy

p(ylz, flora) = p(y|x)

Th ti
fﬁr;aslc Useful plants Useful plants Useful plants
Regional Central America Europe Central
floras :
Brazil Europe SW
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Use of regional or thematic floras

Identify in

World flora

Schismus arabicus Nees "
% 74.23%
Arabian grass Poaceae -

=5 Compare pictures () It's tha right species

Schismus barbatus (L.) Thell.
Arabian grass Poaceae

17.16%

=5 Compare pictures () It's the right species



Use of regional or thematic floras

Schismus arabicus Nees
Arabian grass

Identify in

West Europe

Schismus barbatus (L.) Thell.

Arabian grass

Poaceae

> Compare pictures

(& It's the right species




QL Pl@ntNet Similarity search

User’s visual control =

uncertainty reduction ‘ hash-based |
i ‘ Index
2 query results = similar pictures
IS O
3 000 S0 Papaver ‘ = . Qv,ﬁ
X 004 8 O rhoeas L.

b-8of

Similarity search engine
9M images

Deep neural network

— Sub-linear algorithm based on locality sensitive hashing
Joly, A., & Buisson, O. (2011, June). Random maximum margin hashing. In CVPR 2011 (pp. 873-880). IEEE.



User’s contributions

Users can contribute their observations
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User’s revisions

Users can revise observations of other users.
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Cooperative Learning algorithm

The most probable label of an observation is determined with a
weighted majority voting rule:

Species A
Spemes B
An observation
e v
|+ * Y 1

’
\'-')w —— i = argmax E w,1(y = k)
pecies A
w0 uels
U, = Set of users who provided a

label 1, for the observation 2;



Cooperative Learning algorithm

The weight of a user in PI@ntNet is a function of the estimated
number of species he is able to identify

wy = g(ny) N = (17 Y =i}

Wy, Pierre Bonnet (botanist) \

| n =1145 w =30.0 =
Lao [ ! . =
Wy |
- Early career contributor Suu - ; | | |
| n=5w=1.2 . | nu—.321 Wu—150 ................
New user | =
n =0w,=0.3 I |
0 2 7 5 m
| nu 1000 1200




Cooperative Learning algorithm

Practically, 11,, is estimated from the set of valid observations for which the
user has suggested the correct species first

— , . " u — ® —
ne = {7 : Fiy; = gl v(zs) = 1}]
Where 2)(513@) is a function that determines if an observation is valid or not:

o(z;) = {1 iof sy, () > 0,m,(x;) >0,

0 / otherwsise \

Confidence score (~ quantity of votes) Agreement score (~ species proba)

w,, — N\ Syz(x'l)
; ]. yz yz) Ty, (ZL’Z) — Zk Sk(xz)




Cooperative Learning algorithm
Parameters are estimated through an expectation-maximisation algorithm

Initialization:
W, =— Wop Same weight for all users

Repeat until convergence:

_ ‘ _ Step 1: Estimate most likely species for all
.= arg max E 1(y" = .
Yi = arg k& Wy (yz k) observations

ueU;

1 if sy (x;) >0,n,(x;) >0 Step 2: Determine valid observations
v(a:) = w2 T pased tity of votes and probabilit
i 0 ot herwise ased on quantity of votes and probability

. . A o Step 3: update weights of users based on
Wy = g( |{j - i y;u o y2| U(xi) R 1}|) their number of valid species



Cooperative Learning algorithm

Algorithm evaluation (on a subset of observations with ground truth labels)

Aggregation strategies on test data with
at least two votes and one disagreement
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® iNaturalist
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Majority Vote (MV)

MV (i, {y; }.) = arg Rt 1(y;' = k)
uelU;

Worker agreement with aggregate (WAWA)
WAWA (i, D) = arg kl:'n?Kx] Z wy, 1(y¥ = k)
€
€U;

DI
; 1 u u
with w, = < Z 1 (i = MV({yi' }u))
|{yi’}i, | i’=1

iNaturalist (Van Horn et al., 2018):
MV(i, {y¥}e) if max > 1(yt =k) >
(@ {yi'tu) i ce 2 (y )

iNaturalist(z, {y}'}) = {

undefined otherwise .
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L Pl@ntNet Data

940M raw observations (=queries)

Geo-localized
(48%) ANONYMOUS (cc0)

AUTHENTICATED (cc-by-sa)

20.8M shared

valid observatigns | User opted in to share it

ations publicly (GDPR compliant)

Validated by cooperative

learning algorithm > Used to train the Al
+ sufficient image quality




<= Pl@ntNet Data visualisation tools

Common name(s)

Bryonia cretica L. White bryony
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QL Pl@ntNet Data shared in GBIF

Top-5 data provider to GBIF (world’s largest infrastructure for biodiversity data)

Shared data = revised observations + trusted queries identified by the Al (Al score>0.95)
Quality filters: potted & cultivated plants removal, region-based filtering (Kew POWO)

1 681F EEEEEE

(87% identified by Al, 13% by humans)
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https://doi.org/10.15468/mma2ec ELSEVIE



PART Il
From individual plants to plant communities
monitoring



Multi-specimen images for community-level
monitoring

- Quadrat images for the monitoring of vulnerable habitats or fields biodiversity (e.g. VigieFlore)
- Vegetation cover images (e.g. terrestrial robots, drones, smartphones)
- Landscape views (e.g. car views for the monitoring of invasive species)

Salvia
Borago
Rosa
Lactuca
Rubus
Bromus
Ehrharta
Erodium
Convolvulus




Weakly-supervised multi-label classification

Training data Test data

1 o 1, 01 0 1 10

YO LSk

Pl@ntNet
database




Zero-shot multi-label classification (no fine-tuning)

VAriable Model Input Size Pl@ntNet BEIT . _ 0
(VAMIS) model o Sigmoid

1017x568 Output: 46K logits e .

p; = U(ZJ) 1

Tiling 0

Pl@ntNet BEIT

model {z(i)} Softmax max pooling

Y

384x384 384x384 Output: M x 46K logits p; = Maxo; (Z(Z))

(2

M tiles 0




Few-shot multi-label classification (with fine-tuning)

VAriable Model Input Size 0
(VAMIS) Pl@ntNet BEIT Sigmoid
backbone (768-dim <
1017x568 features J— .
) D; = U(ZJ) 1
Fine-tune final FC layer on 0
a subset of species
1
Tiling 0
Pl@ntNet BEIT Softmax max pooling
WL backbone (768-dim | |<
384x384 384x384 features) pj = max O'j(Z(Z)) 1
KA
Fine-tune final FC layer on 0

a subset of species



Weakly-supervised multi-label classification

Evaluation on Danish road dataset
- Seven invasive species annotated
- 8.4Kimages with 1 to 3 invasive species

Dyrmann, M., Mortensen, A. K., Linneberg, L., Haye, T. T., & Bjerge,
K. (2021). Camera assisted roadside monitoring for invasive alien
plant species using deep learning. Sensors, 21(18), 6126.

Results Zero-shot (no fine-tuning) With fine-tuning
VAMIS Tiling VAMIS Tiling

AUC 75.52 91.58 96.49 96.50

F1 36.45 63.39 74.28 76.46




Application
& EGUARDEN

Tiling approach integrated in PlI@ntNet (without fine-tuning so far)
- Beta version of a front-end dedicated to plot images in PI@ntNet web app

Species

Species

Halimione portulacoides (L.) Aellen

Create a plot |



https://my.plantnet.org/

PART Il
GeoPl@ntNet: from field observations to
mapping tools and decision support applications



Objective: which species are present in a
given location and why ?

Raw species occurrence data needs to be interpolated in space
and time:

Many plant occurrences at world scale But very few locally for most species

Montpellier

Viola canina L.




Species Distribution Models (SDM)

Species
observations = -~ Environmental space
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Species Distribution Models (SDM)

Motivations
Help conservation/ plans
Invasive plant monitoring
Simulation under climate change

Learn about species preferences

sy

Credits: “Introduction to species distribution
modelling (SDM) in R”, Damaris Zurell



Different types of SDMs

(e.g. GLM, MAXENT)
Input: low-dimensional (e.g. temperature, precipitation)
Purpose: interpretability, explicability

(e.g. Random Forest, XGBoost)
Input: high-dimensional vectors (e.g. 100 environmental variables)
Purpose: performance, easy to use

(e.g. CNNs, transformers)
Input: complex signals (e.g. remote sensing images, time series)
Purpose: performance on large number of species, very high resolution



How to train SDMs ?

Input data: target: Y

- Abundance data (very hard to produce) 0l12 0 4 0 0 32 o0

Task: predict @ — fg(ﬁlﬁ) - Rd WO d & 6 ik

- Presence [ absence data (hard to produce) 0 1.0 1 0 0 1 o0

oot = fo(@) € 0.1 90w v b u
- Presence only data (more data available)

Task: predict g — fg(gj) - {1, ,d}

1

G



Predicting species assemblages from presence only data

Given presence-only occurrences

(331, ’yl), ([Ent, yn-t) sampled from [Py y
The assemblage of species likely to be present conditionally to &z can be defined as:

Siz) ={keY : Pxy(Y =klX =2) > A}

Can be estimated by thresholding the softmax output of a DNN (with CE loss):

cap(fE(x))
Zj exp( fg (z))

Sx(@) =1k €YV m(x) > A} with 7i(z) =



We did that in several works using CNNs

PLOS COMPUTATIONAL BIOLOGY

Convolutional neural networks improve species distribution
modelling by capturing the spatial structure of the
environment

Benjamin Deneu [E], Maximilien Servajean, Pierre Bonnet, Christophe Botella, Frangois Munoz, Alexis Joly

& frontiers iN plant science

Deep Species Distribution Modeling From Sentinel-2
Image Time-Series: A Global Scale Analysis on the
Orchid Family

Joaquim Estopinan ' 2, Maximilien Servajean 2 3, Pierre Bonnet 4 8, Frangois Munoz ©, Alexis Joly ! 2

Mar 20 Airlzo Mal 20 un 20 ul 20 Aui 20 Sei 20 Oct 20 Nov 20 Dec 20 an 21
18 v Yy RS y —
| L ‘v..— . -_s T s .
X ) T ) i
L 34 d

Feb 21

% frontiers IN plant science

Very High Resolution Species Distribution
Modeling Based on Remote Sensing Imagery




Limitations

Very sensitive to taxonomic reporting bias

8,548 observations 6 observations
71 »/

o eaplfE@)
M) = S (7 (a)

Observation probability # Presence probability

Centaurea jacea Cenchrus agrimonioides

The threshold )\ is arbitrary (we don’t know how many species there are)

The probability of each species is relative to the others and depends on the
number of species present somewhere

— this is not appropriate for mapping each species individually



GeoLifeCLEF challenge 2023 & 2024

OUTPUT
PREDICTIONS

INPUT
PREDICTORS

Presence / absence of 10K plant species "
‘ Life Iexlﬁ
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YO d Gl bbbk Obd VUK

Training set

5M Presence Only rUDD 4 Hfilats
Model i CVPR VANCOUVER. CANADA
70K Presence Absence

// \\ FGVC

Satellite image Multi-spectral time Climatic time Environmental rasters

(sentinel 2) series (Landsat) series (Chelsa) (land use, human
] footprint, bioclim, soil)

GBIF




GeoLifeCLEF challenge 2023 - results

Deep SDM (ensemble of 2 CNNs) - KDDI team, Japan

MAXENT (widely used in ecology)
CNN on landsat team
time series KDDI_Research
H JiexunXu
Lucas_Morin
Quantmetry
Nina
Ousmane_Youm
+1
L I | I Baseline
0_0 I
1 2 3 4 5 6 7 8 9 10 iy | 12 13 14

15

o
N

F-Score micro (Evaluation)
o

Rank of (best) run
Ranked scores of the best model



GeolLifeCLEF challenge 2023 - best approach

Leverage Samples with Single Positive Labels to Train CNN-based Models For Multi-label Plant Species Prediction
Huy Quang Ung, Ryoichi Kojima, Shinya Wada

Architecture Training strategy

+, } I2280m //// 10K species

0,3

. 128 x 128
pixels

" VN 10K species 0.2

Sentinel RGB-IR CNN model | //
L]

// Ensemble model

// 10K species 04
—_—
64 x 64
pixels

| ded

Environmental CNN model

0,0

PA --> PO --> PA PO --> PA PA only PO only

PA = Presence/Absence data (with Binary Cross Entropy loss)
PO = Presence only data (with Cross Entropy loss)


https://ceur-ws.org/Vol-3497/paper-181.pdf

Ongoing work: a two-head loss function to improve

transfer learning from PO to PA

A two-head loss function for deep Average-K classification
C Garcin, M Servajean, A Joly, J Salmon - arXiv preprint arXiv:2303.18118, 2023 - arxiv.org
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From models to species mapping

Inference/mapping phase

r E'TR

Training phase

Species 10K
Model species
maps %
: £
Malpolon S
: Species
Pytorch
y Model
oy 3 a8
& amepALS o=
o S
e agffeieet;
.3;3‘ .
[T =T &

Species occurrences Environment Remote sensing
& surveys


https://github.com/plantnet/malpolon
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Identify Explore Contributions Groups BETA

GeoPl@ntNet

Discover plant biodiversity around you
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Identify Explore

GeoPl@ntNet

Discover plant biodiversity around you

== | eaflet | © Google satellite, GeoPI@ntNet © 2023
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Mapping biodiversity conservation indicators

From the species assemblage
Sx(z) =4k e Y n(zx) > A}

We can compute indicators such as:
- The number of endangered species (e.g. on IUCN red list)
- The proportion of woody species (carbon capture)
- The diversity of species (e.g. Shanon index)
- The number or rare species

We can construct maps of such indicators at very high resolution by
computing LSA(;'I?) for all 2; on a dense spatial grid



Proportion of endangered species (Orchid Family, 14K species)

1x1 km resolution (view online) PhD of Joaquim Estopinan

‘ - B



https://mapviewer.plantnet.org/?config=apps/store/orchid-status.xml#

Invasive species number

50x50 m resolution
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Rare species number

50x50 m resolution

_ @GUARDEN




4" Pl@l’ltNGT Q = 3 a Q@ GeoPl@ntNet (™ English ~ Oalexisjoly B ¥y O ©

Identify Explore Contributions Groups BETA

GeoPl@ntNet

Discover plant biodiversity close to home and help protect it better
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