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Example of processing chain: PHENOSCRIPT
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SENSOR VECTOR
T 2 £
& 2lz(8
TRAIT METHOD @ Et: > g S|y REFERENCE
% al s ol w .‘g
s(5]1°2|cs|E|lS
3 gl 5
S o «
Structure from Madec et al., 2017
] motion/stereo Weiss et al, 2017
Plant height Jay et al, en prep.
Height Distribution Madec et al., 2017
Vegetation DL segmentation Madec et al., 2022
Fraction (VF) [ peicht threshold Lopez-Lozano et al., 2022
- Jiang et al, 2018
VI Empirical Jay et al, 2019
ML & DL Serouart et al., 2022

Green
Fraction (GF)

segmentation

Madec et al., 2022

1D RTM inversion

Djamai et al, 2019
Camacho et al, 2021

VI Empirical

Jiang et al, 2018
Jay et al, 2019
Camacho, 2021

1D RTM inversion

Djamai et al, 2019
Jay et al, 2019

SENSOR VECTOR
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2l a S| e = £
= - c — —
S o= 2
s = 3
VI Empirical Camacho et al, 2021
Fraction of Jiang et al, 2017
Intercepted |1p RTM inversion Liu et al,, 2019
Radiation Li et al, 2021
(FIPAR) & Camacho et al, 2021
fAPAR 3D RTM inversion Jiang et al., 2017
1D RTM inversion Liu et al., 2022
Average
Inclination 1D Turbid Lopez-Lozano et al., en prep
Angle (AIA) Liu et al., 2019
3D RTM inversion Jiang et al., 2019
Canopy 1D RTM inversion Delloye et al, 2018
Chlorophyli —
Content (ccc) |V! Empirical Jay et al., 2019
C Wat
Cz::ep:t (ca\/veg) 1D RTM inversion Djamai et al, 2019
3D
Liu et al., 2017
Distribution of |1D Turbid lueta
Leaf Area Soma et al, en prep
Jinetal., 2017
Plant density [|DL n et a

Velumani et al, 2021

Stem density

DL @ harvest

Jinetal., 2019

Stem diameter

DL @ harvest

Jinetal., 2019

Green Area
C ho et al, 2021
Index (GAI) amachoea
Liu et al., 2017
. . Jiang et al, 2019, 2020
3D RTM inversion Li et al, 2021
Soma et al, en prep
Plant Area
Index (PAI) 1D Turbid Lopez-Lozano et al., 2022

Ear density DL @ reprod, stage Madec et al., 2019
Leaf 1D RTM inversion Jiang et al, 2018
Chlorophyll Ja

.. y etal., 2017, 2019
Content VI ML, Empirical Jay et al, en prep
Disease ML Segmentation Jay et al, 2020
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VI Empirical Camacho et al, 2021
Fraction of Jiang et al, 2017
Liu et al., 2019
Intercepted 11p RTM inversion iuetal,

SENSOR VECTOR
© o £
g 52| &
TRAIT METHOD @ 5::: > g g v REFERENCE
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=i c|E|T
3 gl 5
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Madec et al., 2017
Structure from ) !
Plant height motion/stereo Wels etal, 201
Height Distribution . N | d
Vegetation |DL segmentation image, 3D pOInt clou )

Fraction (VF) | eight threshold Lopez-Lozano et al., 2022
. Jiang et al, 2018
VI Empirical Jay gt al 2019
ML & DL Serouart et al., 2022

Green
Fraction (GF)

segmentation

Madec et al., 2022

Average

|, 2021
cho et al, 2021

et al., 2017

al., 2022

Lopez-Lozano et al., en prep

1D RTM inversion

Djamai et al, 2019
Camacho et al, 2021

VI Empirical

Jiang et al, 2018
Jay et al, 2019
Camacho, 2021

1D RTM inversion

Djamai et al, 2019
Jay et al, 2019

Inclination 1D Turbid Liu et al.. 2019
Angle (AIA) Ly
3D RTM inversion Jiang et al., 2019
Canopy 1D RTM inversion Delloye et al, 2018
Chlorophyli —
Content (CCC) VI Empirical Jay et al,, 2019
Canopy Water
Contep:t (CWC) 1D RTM inversion Djamai et al, 2019
3D
Liu et al., 2017

Distribution of |1D Turbid SI;nfa aet al en ore
Leaf Area b

. Jinetal., 2017
Plant density |DL

Velumani et al, 2021

Stem density

DL @ harvest

Jinetal., 2019

Stem diameter

DL @ harvest

Jinetal., 2019

Green Area
C ho et al, 2021
Index (GAI) amachoea
Liu et al., 2017
. . Jiang et al, 2019, 2020
3D RTM inversion Li et al, 2021
Soma et al, en prep
Plant Area
Index (PAI) 1D Turbid Lopez-Lozano et al., 2022

Ear density DL @ reprod, stage Madec et al., 2019
Leaf 1D RTM inversion Jiang et al, 2018
Chlorophyll Ja

. y et al., 2017, 2019
Content VI ML, Empirical Jay et al, en prep
Disease ML Segmentation Jay et al, 2020
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anr..- Deep & Machine Learning pour la segmentation

V'é @
Sema nthue 1 — Vegetation/Background
PHEN Background Madec et al, Accepted
NE masks Serouart et al, 2022

EMPHASIS

/ | 2- Green/Senescent vegetation
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Deep Learning for object detection

PHENOIVE

v

Ear Detection(densité)

Global Wheat Head dataset
16 partners

6000 images, 275000 ears

David et al, 2020
David et al, 2021

Global Wheat challenge (2020, 2021):

Solution name WDA
I it 0.700

randomTeamName (1% place) Challenge

. David_jeon (2% place) 0.695 Results
SARVALIS |INRAQ B oanitgummms M dmk
N SMART (22¢ place) 0.695
ROTHAMSTED L él‘;? = 3 ‘,'\"
Qe EMzirich  cunve  owrvenerry SREAT Feference (faster-RCNN) 0.492 Result before
I challenge
i e W sembonc | = ENARO (&)
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anry.. From Ear detection to Ear density: fusing RGB
| and LiDAR information

5!2'5!“:@"5 LIDAR height not stabilized LIDAR height stabilized
s ~ Second derivative of intensity distribution Estimate offset between LiDAR and RGB camera position
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T. Dubos, S. Jay, M. Weiss

i) ] p— ° :
In Dev' mlxed crops L. Bernigaud, B.De Solan,
Limitating annotation workload by exploiting the SEGVEG results

PHEN! E

. Wheat Faba
| 7 Annotation

1000 Pure Wheat (Segveg)
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+250 mixed (Segveg+manual)
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o
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REFERENCE

" Traits derived from multispectral acquisition
Data or radiative transfer model driven approaches

Height Distribution

Madec et al., 2017

DL segmentation

Madec et al., 2022

Vegetation
Fraction (VF) | eight threshold Lopez-Lozano et al., 2022
.. Jiang et al, 2018
VI Empirical Jay et l, 2019
ML & DL Serouart et al., 2022

Green
Fraction (GF)

segmentation

Madec et al., 2022

1D RTM inversion

Djamai et al, 2019
Camacho et al, 2021

VI Empirical

Jiang et al, 2018
Jay et al, 2019
Camacho, 2021

1D RTM inversion

Djamai et al, 2019
Jay et al, 2019

SENSOR VECTOR
© “ £
b = I S
TRAIT METHOD 0] °<‘ > 218V REFERENCE
o | E|lE| 2
2 Q o o = E
- - c — —
S o= 2
s = 3
VI Empirical Camacho et al, 2021
Fraction of Jiang et al, 2017
Intercepted 11p RTM inversion Liu et al., 2019
Radiation Li et al, 2021
(FIPAR) & Camacho et al, 2021
fAPAR 3D RTM inversion Jiang et al., 2017
1D RTM inversion Liu et al., 2022
Average T T -y
Inclination 1D Turbid Liopetz— Ioz:gfge al. enprep
Angle (AIA) i=dy
3D RTM inversion Jiang et al., 2019
Canopy 1D RTM inversion Delloye et al, 2018
Chlorophyli
Content (CCC) VI empirical Jay et al,, 2019
Canopy Water
Contep:t (CWC) 1D RTM inversion Djamai et al, 2019
3D
Liu et al., 2017
Distribution of |1D Turbid SI;nfa aet al en bre
Leaf Area » €N prep
Jinetal., 2017
Plant density DL n et a

Velumani et al, 2021

Stem density

DL @ harvest

Jinetal., 2019

Stem diameter

DL @ harvest

Jinetal., 2019

Green Area
C ho et al, 2021
Index (GAI) amachoeta
Liu et al., 2017
. . Jiang et al, 2019, 2020
3D RTM inversion Li et al, 2021
Soma et al, en prep
Plant Area
Index (PAI) 1D Turbid Lopez-Lozano et al., 2022

Ear density DL @ reprod, stage Madec et al., 2019
Leaf 1D RTM inversion Jiang et al, 2018
Chlorophyll Ja

.. y etal., 2017, 2019
Content VI ML, empirical Jay et al, en prep
Disease ML Segmentation Jay et al, 2020
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Green Area Index (GAI)
Leaf area Index (LAI)

Methods, based on radiative transfer
models (RTM), were originally developed
by remote sensing community

Training Database Generation

Prior Distributions

Biophysical Variables V —}@—b RTM |=>

Geometry

Neural Network
Training

weights and bias

(7)=>{ ANN J=>(7’

SENTINEL2

Rroc
Geometry

Operational Use

Weiss & Baret, 2016

—)

Numerical experiment
3D mock-Up and RTM
Jiang et al, 2022

Actual experiment -
satellites Landsat8,

Sentinel 2
Wang et al, 2022

UAV multispectral
imagery

Estimated LAI

S =N oW

Full Bayesian GAl

N
1

Multispectral & Radiative Transfer Model |

LT B - B S

-

N @
L L

»

o

Maize

nversion

-

RMSE = 0.62
slope = 0.97
R?=0.89

LAl

maize

RZ = 0.67
RMSE = 1.01
bias = 6.0%

Estimated ALA (UAV)

Observed GAI
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n 1 2
Measured GAI (Plani)

3 4
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Multispectral, Data Driven (UAV)

RMSE = 4.7 pg/em? (11%) ’

EMPHASIS &

3

PHEN}@%MCE RGB P =0.74 e

s}

=Py
ug?c
°86, o

& ]

Jay et al, RSE, 2019 (sugar beet)

Estimated LCC (pg/cm®)
B =
N

0 20 40 60 a0
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RMSE = 4.8 uglem? (11%) /
= 0.74 7

Estimated LCC {pg/cm?)
5 3
o
.
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] 20 40 60 80

Measured LCC (ua/cm?)
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PHENQMCE

EMPHASIS

P T g

Distance au capteur (cm)
| ol A o]

.

Image multispectrale alignée

!'f“# 5

In dev: multispectral & Ground Level: Chlorophyll
Vertical Profile

Jay et al, 2023, In preparation (wheat, RGB vs multispectral)
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Architecture & Point Clouds (LiDAR/Stéréovision)
3 - o
TRAIT METHOD d 1= 2| 9 REFERENCE
o Z|Elx| e
2815 e £
2|3 c|E|T
S Q| =] =
s = @
Madec et al., 2017
Str:.cw;etfrom Weiss et al, 2017
Plant height |motion/stereo Jay et al, en prep.
Height Distribution Madec et al., 2017
Vegetation DL segmentation Madec et al., 2022

Fraction (VF)

Height threshold

Lopez-Lozano et al., 2022

Green
Fraction (GF)

VI Empirical

Jiang et al, 2018
Jay et al, 2019

ML & DL
segmentation

Serouart et al., 2022
Madec et al., 2022

1D RTM inversion

Djamai et al, 2019
Camacho et al, 2021

VI Empirical

Jiang et al, 2018
Jay et al, 2019
Camacho, 2021

1D RTM inversion

Djamai et al, 2019
Jay et al, 2019

SENSOR VECTOR
© 2 £
b = I S
TRAIT METHOD 0] °<‘ > g |V REFERENCE
% [a) = of| W 2
5|52l e|lE|E
S o= 2
s = 3
VI Empirical Camacho et al, 2021
Fraction of Jiang et al, 2017
Intercepted 11p RTM inversion Liu et al., 2019
Radiation Li et al, 2021
(FIPAR) & Camacho et al, 2021
fAPAR 3D RTM inversion Jiang et al., 2017
1D RTM inversion Liu et al., 2022
Average T T -y
Inclination 1D Turbid Liopetz— Ioz;gfge al, en prep
Angle (AIA) i=dy
3D RTMinversion Jiang et al., 2019
Canopy 1D RTM inversion Delloye et al, 2018
Chlorophyli —
Content (CCC) VI Empirical Jay et al,, 2019
C Wat
Cz::ep:t (ca\/veg) 1D RTM inversion Djamai et al, 2019
3D
. Liu et al., 2017
Distribution of |1D Turbid S';ma Zt e
Leaf Area » €N prep
Jinetal., 2017
Plant density DL n et a

Velumani et al, 2021

Stem density

DL @ harvest

Jinetal., 2019

Stem diameter

DL @ harvest

Jinetal., 2019

Green Area
C ho et al, 2021
Index (GAI) amacho et a
Liu et al., 2017
H : Jiang et al, 2019, 2020
3D RTM inversion Ui et al, 2021
Soma et al, en prep
Plant Area
i L -L l., 2022
Index (PAI) 1D Turbid opez-Lozano et al., 20

Ear density DL @ reprod, stage Madec et al., 2019
Leaf 1D RTM inversion Jiang et al, 2018
Chlorophyll Ja

. y etal., 2017, 2019
Content VI ML, Empirical Jay et al, en prep
Disease ML Segmentation Jay et al, 2020
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Canopy height

Ly

B Y

et LiDAR

Operational:
monitoring height
dynamics of cultivars
(Phenomobile-LiDAR)

Validation with ground
measurements, cross-
comparison UAV (SfM),

height

—
o
<C '
9 RMSE = 3.47 cm
N Bias = 1.41 cm . e
~ R*= (.30
L
] .
= =
>
@) .
=z .
L
T = '
o .
&n 55 an o5 100

Ground measurement

Cultivar: Fructidor

10~ L .
—— Water Deficit. Sowing_January
—— Water Deficit. Sowing_November
—— Well-watered. Sowing_January
0.8 - —— Well-watered. Sowing_November
0.6 A
Wheat
S
%
0.4 N
\\\\‘\J %
N
»‘«i\
0.2 1 b
ater stress treament
0.0 T T T T T
0 500 1000 1500 2000 2500

GDD from sowing

Projet ANR-FFAST @ DIASCOPE, R. Lopez-Lozano

height

LiDAR, Photogrammetry & 3D Point Cloud: height

120 =DaS:139(")
*Das:152(")
- DaS:194 ¢ & 2
100} .pas:216 o el
> «Das$:225(*) o
u_ .;f- x :
v ® - <2
I s S Madec et al, 2017
L 60 Vs a4
pd i
(0 agr)
()
20 r
(*) : 30mm focal length
0
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PHENOMOBILE LiDAR

Cultivar: Renan

1.0 1 :
—— Water Deficit. Sowing_January
—— Water Deficit. Sowing_November
—— Well-watered. Sowing_January
0.8 4 —— Well-watered. Sowing_November
0.6 1
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0.4 1 E
W\
Ny |
N
k;;’:("%\ 3
0.2 F
Water stress treament
0.0 T T T T T
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GDD from sowing
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L

LiDAR: Spatial distribution (3D) of canopy
transmittance

—_
€05
E, ’ 0.8
=2
g i 0.6
-2 -1.5 -1 -0.5 0 0.5 1 1.5
x-side (m) (Soma et al., in preparation)

Renan

Vertical profile of light
transmission

- Wheat
1.0 |

0.8

0.6

K LG Absalon

height (relative to canopy height)

0.4 >
~
AN
\\
\\
0.2 —— LG Absalon | “
—— Renan
—— Oregrain
0.0 ! | 9 |
0.0 0.2 0.4 0.6 0.8 1.0

incident light at the top of the layer

ANR-FFAST @ DiaScope 2021-2022

LiDAR, Photogrammetry & 3D Point Cloud: GAI

Plant area index (leaves + stems)
- PAl / PAD

PAI

Physical
Model
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Height (m)
o o
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o
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0.1

0.0
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On study:

Leaf Morphology from 3D point Cloud

PIPELINE LENGTH (m)

0.64

0.24

Width, Length

Number of points : 148
RMSE : 0.08823565 m (~8 cm)

y=0036+x R'=0T71
R=084 ,pc22e-16

T
0.2

T
04

T
06

MANUAL LENGTH (m)

PIPELINE WIDTH (m)

Number of points : 148
RMSE : 0.006267657 m (~6 mm)
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M. Serouart, R. Lopez-Lozano, B. de Solan
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Curvature
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AN o _ L. Bernigaud, B. de Solan,
Follow-up of GWHD Vb Ao

R. Lopez-Lozano, M.Weiss

PHENP%%E
e Global Wheat Segmentation Data set & challenge

Global WHEAT
Same methodology as Dataaat

* Organ segmentation: leaf, stem, spikes

* First round
* Build a reduced data set (image diversity)
* Define a common annotation strategy
* Annotate large validation/training dataset
* Run the challenge

We are looking for
sponsorship!

-annotation
- Challenge prizes

mzur[Ch Lead: Andreas Hund
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