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Outline ‘_“QNHEEE @esa

Agriculture as combination of soil & vegetation components
Crop biophysical variables retrieval with optical RS
Soil parameters retrieval with optical RS

Sampling procedures for ground measurements

o A W N =

Agronomical variables
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‘_(gﬂﬂ_[;ﬂﬂ @ esa

Inverse problem

Direct problem

P( ) W
‘LAI fAPAR, fCover, plgments etc \ ) ) ) ) )
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Spectral Traits by EO (variables and proxy) ‘@,ﬂgﬂ, @esa

Overview of the crop/plants’ diversity that can be derived by EO

Taxonomic Structural
diversity diversity

e Biochemical & e Physiognomic & e Phenotypical
biophysical morphological

e Physiological e Phenology & * Aggregated
& functional senescence

e Structural e Stress
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EO related traits ‘_“QMIIEL‘E @esa

A.Lausch et al. Ecological Indicators 70 (2016)

H Physiognomic &
Blochemical & biophysical | Taxonomical morphological ST a —— \
ST H n ca
Spectral Traits e N P
« Chiorophyll a,b * Leaf anatomy
* a, Carotene . L::: angle * Plant growth form
* Xanthophyll * Leaf cuticula thickness * Plant age structure
« Protein :‘hyﬂobgl'g: | * Leaf mechanical restistance « Plant hg;:m L
* Nitrogen nctiona Structursl ST * Leaf dray matter content (LDMC) = Plant crown size g
« P ructura « Specific leaf area (SLA) .
; Crossons |o phosyriness L o mass o r o) o
. Caliins: I Photosynthesic pathway |Composition & Configuration * Leaf corbon content (LCC) « Plant flammabilty =r
e * Carbonsequentiation |« Area, density, size, shape * Leaf nitrogen content (LNC) « Plant surface roughness O
. Plant . SW conductivity = Fragmentation » Leaf phosporus content (LPC) « Blossom types
i s water |, Respiration * Spatial distribution * Leaf pigment content « Pollination mode =
Sk » Evapotranspiration « Pattems * Leaf water content i Sk orboias.:
A e s it mmu?u:a R Homogenhy/ Heterogensly » UV reflection of flowers
Il o = Abundance
Carbon o Leaf abeorbance « Diversity Phenology & senescence ST
* Leaf conductance * Neighbourhood relationships » Leaf phenology type Aggregated ST
. Loa( persistence = Connectivity = Flowering phenology
*_Nutrient retention » Complexity = Plant phenology * Net primary productivity (NPP)
= Extent « Land surface mlgiy * Fraction of Photosynthetically
» 2D/ 3D architecture & layering Active Radiation (fAPAR)
caseneen Structural &m“ /
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“Agriculture and Food security” domain ( INRELE @esa

EO Products Description Unit SO [ELE Notes
maturity level
S O | I f CLAY Percentage of clay in the first 30 cm of soil % medium \
com p onen ts SILT Percentage of silt in the first 30 cm of soil % medium limited to mechanically
prepared bare ground
SAND Percentage of sand in the first 30 cm of soil % medium
\ SOC Percentage of organic carbon in the first 30 cm of soil % low )
EO A . EO product
Description Unit . Notes
Products P maturity level
Veg etat|0n ( LAI Leaf Area Index - high )
com po ne ntS Cab Chlorophyll a and b Content of in leaves per unit ma cm? high limited to herbaceous
of area 9 crops
Fraction of photosynthetically .
\ FPAR active radiation absorbed by vegetation cover high Z
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Variables of interest for agriculture ‘@mﬂm @esa

EO . . EO product
Products Description Unit maturity level .
. ( YLD Crop production t hat low
Agricultural o _ ;
com pO ne nts QN Content of nitrogen in the aboveground biomass %o low imited to a cereal
GN Nitrogen content in grain % low crop to be defined
nitrate nitrogen (NO3-N-) in the soil at the end 1
\ LI of cron cvcle kg ha low

Require models assimilation for biophysical products
(e.g. LAI, fAPAR, fCover, Albedo etc.) and their dynamics
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Biophysical Variables of interest for agricultural user

community ‘ NRSCL @esa

| ____ThematicArea | Id | Layername | Score | Potential retrieval algorithms
Hybrid methods based on ANN/LUT or other
machine learning algorithms e.g. GPR

AGR-01 Leaf Area Index 77.8 (Gaussian Process methods applied to
vegetation canopy reflectance models (e.g.

and biochemical variables PROSAIL).

related to the crops and of Narrow-band vegetation indices;

agronomic interest

Assessment of biophysical

Leaf Pigments: Chlorofill Hybrid methods based on ANN/LUT or other

a+b 778 machine learning algorithms e.g. GPR
methods applied to vegetation canopy
reflectance models (e.g. PROSAIL).

Chemometrics modelling; spectral analysis;
Top Soil Properties AGR-08 Soil texture 72.2 multivariate statistics (e.g., PLSR models);
ANN.

Narrow-band vegetation indices;

Survey of the user needs to
highlight the most relevant
RS layers in terms of:

AGR-02

 relevance for the

Copernlcus Informat|0n Assessment of biophysical Hybrid methods based on ANN/LUT or other
needs . ELGRIGTN TR IRETELIEERS AGR-11 Canopy water content 66.7  machine learning algorithms e.g. GPR
4 related to the crops and of methods applied to vegetation canopy

agronomicinterest reflectance models (e.g. PROSAIL).

AGR-03 Leaf Pigments: Carotenoids 61.2 Narrow-band vegetation indices.

. . Chemometrics modelling; spectral analysis;
® EO data ava”a b| I |ty Top Soil Properties AGR-09 Soil organic carbon content  61.2 spectral indexes, multivariate statistics (e.g.
PLSR models)

Narrow-band vegetation indices;

« algorithms readiness;

Assessment of biophysical i
and biochemical variables Hybrid methods based on ANN/LUT or other

related to the crops and of AGR-12 Leaf mass / area 50.0  machine learning algorithms e.g. GPR
agronomic interest methods applied to vegetation canopy

reflectance models (e.g. PROSAIL).
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Agricultural soils ‘_‘Qﬂgggg @esa

Tillage operations in agricultural fields make topsoil (0-30cm) properties, such as texture (clay,
silt and sand) and soil organic content (SOC), measurable from the surface.

The 0.4-2.5um spectral region has shown the capability to retrieve topsoil properties, so reducing
the costs of collecting and analyzing soil samples, W|th great appllcatlon potentlal espeaally |n
the context of precision agriculture. ~ gl - P

Soil chromophores

0.35 -

03 -

0.25 -

0.2 -

reflectance

0.15 -

0.1 - Clay minerals

Soil organic matter;
0.05 Iron Oxides H,0 H,0

0 - T T T T T T T T T T
350 550 750 950 1150 1350 1550 1750 1950 2150 2350
Wavelength (nm)
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Agricultural soils ‘sy”gggg @esa

RS data Spatial and : . . .
(S2, GF1, GF4, temporal Chemometrics and multivariate calibrations are
PRISMA etc) resolution used to obtain models that relate soil properties
to spectral variables, such as:

Retrieval « multiple linear regression (MLR),

I?LgL(;r;th:::f EoReg - stepwise multiple linear regression (SMLR),

Fig:ﬁtr?sl) (texture; SOC) principal components regression (PCR),

' « partial least-squares regression (PLSR),
Random Forests (RF)
Accuracy « Support vector machines (SVM)
Assessment (Stenberg et al., 2010; Terra et al., 2015).
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AVIRIS 21-6-2018

AVIRIS 21-6-2018

Agricultural soils

http://worldsoils2019.esa.int/

<
S
b
@
>
=
R:682nm G:567nm B:487nm  Carbonate CR 2300-2400nm Clay CR 2120-2250
i High
S =
e —_—
O
(]
>
£
Low

Clay SWIR FI | (gaussian model)
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CLAY SILT
=166 .
25 =2,
28 27
336 463 o '
=393 e il v
2536 . ' - i
. 57.2
™ 60.8 — . L4
meiz |
- 66.9 . =
' .
o ‘100 200 300 400 500 m *" 0 100 200 300 400 S00m
e el e ™

Ordinary Kriging from ground soil samples (#96)

el SAND ORGANIC CARBON
14.7 — » -

=276 =t

- 34

1.362
7 1.435

.
~ 1508 ‘
5
- ~

0 100 200 300 400 500m 0 100 200 300 400 S00m
[ —__] [ __ == __]

Soil properties have been spatialized by applying
block kriging on the field data.
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Agricultural soils ‘_@,9555 @esa

http://worldsoils2019.esa.int/

Grosseto (IT) experiments, 2018

Kriging
CHIME-like GSD 30m; 3 PLSR silt sand Clay C/N
400-2500nm @10nm W73 . . e e pepere—
) PSP CHIME-like GSD 30m; - .
400-2500 10 £ P ;
29.1 |krigingr1:?ma@ge) o £ W i -. f ﬁ
35 L g
W 409 : ST
CHIME-like GSD 20m; =
400-2500nm @10nm ;‘:2
284 P e
g AVIRIS-NG, GSD *
W23 3.6m 1
(ground true samples) F
2 W83
GSD 20m : 225
26.8
31
W3s3 FERRRHEATE “RITRI7 $SIM 20194 bR BB R IFIBE
#YIRYIE: 2019 F11518H-238 % : MEKAS
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Agricultural soils ‘_‘Q”gggg @esa

Grosseto (IT) experiments, 2018

RPIQ CLAY - PLSR
25 4.5
4,0
2,0 3,5
3,0
15 [ 25
i i 20
1,0
‘ ‘ 1.5
0,5 1,0
‘ ‘ 0,5
0,0 0,0
Silt Sand Clay C/N RMSE RPD RPIQ
wAVIRIS PLSR ®wAPEX-01C PLSR ®wAPEX-02C PLSR = CHIME PLSR mCHIME RF 5 CHIMEdike 30m = CHIMEdike 20m =S2 20m AVIRIS 3.6m

The RPIQ values depict a non optimal prediction of the considered soil variables. High RPIQ
values were obtained only for clay. Similar low prediction performances are identified for airborne
data (APEX and AVIRIS) for the other soil properties.

http://worldsoils2019.esa.int/
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Agricultural soils ( NG @esa

Silt [sensor noise+atmosphere] Clay [sensornoise+atmosphere]

3.0 24

2.3 -

2.0 - 2.2 1
g 15 21 4
e 10 4 20

0.5 1.9 -

0.0 4 1.8 -

vaenon HysplIRI EnMAP PRISMA I.andsats Sentlnel—z

RPIQ

1.7

Hypenun HyspIRI EnMAP PRISMA landsats Sentlnel—z

Sand [sensor noise+atmosphere] SOC [sensor noise+atmosphere]

2.6

2.5

2.0 2.5

d ¢ d
e 24
. 2.3
’ 22 -
0.5 - 21 l
2.0

0.0 . . . . . .
Hyperion  HyspIRl  EnMAP  PRISMA  landsat8 ALl Sentinel-2 "\"Pe”"“ HyspIRI  EnMAP  PRISMA Landsats Sentinel2

RPIQ

RPIQ

Castaldi, F., Palombo, A., Santini, F., Pascucci, S., Pignatti, S., Casa, R.., 2016. Evaluation of the
potential of the current and forthcoming multispectral and hyperspectral imagers to estimate soil

texture and organic carbon. Remote Sensing of Environment, 179, 54-65.
w

2019 ADVANCED INTERNATIONAL TRAINING COURSE IN LAND REMOTE SENSING
18-23 November 2019 | Chongging, PR. China

RERAR AR “RITRI7 IR 20194 b M B IBE
$EUIRSE): 2019 £11A18R-236 A5 : MEKAS




Leaf light interception ‘-‘g””_[;gﬂ @esa

S i The sum of the
T reflectance R,
transmittance T, B £
and absorptance A, i |: L
equals one -
g ‘.\IIJC 1 ZJIIII'." 1 5I'J"." EUIL'".‘ L"T\I'IU
2 Wavelangth (nm)
The reflectance can be split ,
:¢ | into two terms: a fraction, p
: £ | that is reflected at the leaf )
§ |"# | surface and a fraction thatis £ &
.. | caused by multiple scatteringgmes fim:,_ el
within the leaf tissues Q
201 500 I'I;'.".'J I‘.-IC'U EC'IU'J l‘,:'lu SING ‘

18] Wavelength (nm)




Leafs energy capture, pigments @,ﬂgﬂc @esa

Incident radiation

o
o g VIS NIR SWIR
AN = *-—00 <8 ™
z A = 06 -
g ec,'@é@ee“\\ £ Reflected radiation Anthocyanin Water
3 N S
5 A « k5 arotene
E 051 chlab
§ § 03 - roteins, cellulose
5 > e 8 = FA lignin
g WRIC IR NED Sl— ji R 2 Starch
: - - nesophy ®
& W o ar 2 —— ] Water .
% S oG = e T 02 Nitrate
0.1 1
Transmitted radiation j\}

(mostly Green light)

St_ruc_tur_e of a Pl_a'nt leaf and its '_nt?racuon 00400 600 800 1000 1200 1400 1600 1800 2000 2200 2400
with incident visible and NIR radiation Wavelength (nm)

Kuska, M. Tet al. 2018https://doi.org/10.1515/pac-2018-0102
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https://doi.org/10.1515/pac-2018-0102

Leafs energy capture: pigments

Flv AnC © o %%
“ \anc chl i Chl 108 | Eiy AnC 58
o ) os AnC Chl Chl Chl ig
g 1 g:as ‘%g
E gy
g 3 § 0.3 ‘%:
20, ig
0.5 as
0.1 %;
0 g,@
400 450 500 550 600 650 700 750 0 ' g
(b)os 400 450 500 550 600 650 700 750 -
Flv AnC Chl Wavelength, nm éI
0a AnC Chi _ _ _ _ g
. Leaves with widely varying pigment contents and 8
g 03 composition. 5
E = « green shaded area is controlled by Chlorophyll;
£ + red shaded area: Anthocyanins and Chl; =
o « grey shaded area: jointly by Chl, Carotenoids, AnC and &

2 Flavonoids

400 450 S00 550 600 650 700 750
Wavelength, nm
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Leafs energy capture, pigments @,ﬂgﬂg @esa

Absorption spectrum of
caronetoids and chlorophill a-b

T T T T T
1 648 668
Chl in ether ] L
2 g
2 455 2
I | [
¢ | g
N 0.6 i1 5
~—
S B
@ 429
&
™M
o
<
S
T2 0.4
o T
a
I
i
o
o
o
- 0.2
=
o
o
£
©
4}
0 0.0

300 400 500 600
Wavelength (nm)
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‘_“QNHEEL' @ esa

Radiative transfer models of leaf biophysical processes have been used to
directly estimate biochemical composition and structural characteristics.

RTM is used to study spectral transmission or signature of plants, light
reflected or emitted from plant and amount of energy absorbed.

Turbid medium 3D architecture

There are two main categories of RTMs: | =sosy 7|, [meeos 7 "0
« Homogeneous Models R 2
« Heterogeneous Models R R

g MSE=0.60 / §| RMSE=021 / Vine
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‘_“gﬂﬂgﬂﬂ @ esa

« PROSPECT: determine leaf reflectance and transmittance signatures in

PROSAIL Model: PROSPECT + SAIL

the optical domain;
« SAIL: canopy reflectance models.

Leaf SZA
refllectance Direct + diffuse OZA Out
incoming radiance rAA
Out In
Leafl LAl
transmittance ALIA Soil spectrum,
N Hot Pro

Cut Con
C o
C et CW

Automated Radiative Transfer Models Operator (ARTMO) Graphic User Interface (GUI) http://artmotoolbox.com
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S2ToolBox

‘_“gﬂﬂgﬂﬂ @ esa

N, Cop Cuz Ci. Cp

\

LAILALA, HOT

\

Reflectance
Rical(hi0,:0,:4

Reference Soil
Optical Properties

Leaf Optical Canopy Reflectance
Properties Model Model
PROSPECT SAIL

Geometry
{HB;Hv;¢}

https://step.esa.int/docs/extra/ATBD_S2ToolBox_L2B_V1.1.pdf
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RTM: PROSAIL & eesa

Chlorophyll a + b concentration Cab [pg/cm2]
Equivalent Water Thickness Cw [g/cm2]
Dry Matter Content Cm [mg/cm2]
Leaf length / Leaf height hSpot [m/m]
Carotenoid content, Car [ug/cm2]
Brown pigment content Cbrown [-]
Structural Coefficient N [-]
Leaf Area Index LAI [m2/m2]
Average leaf angle Angl [°];

. Soil Soil brightness factor psoil [-];

. Diffuse/direct radiation Skyl [-]

. Solar zenith angle between sun position and with
respect to zenith tts [°]

. Observer zenith angle between observer (sensor)
position and with respect to zenith. tto [°]

. Relative azimuth angle between sun - sensor position
with respect to North. psi[°]

1

|
Canopy Parameters | LAI H Leaf Inclination Angle (8,) || Hot-spot size parameter (s) |

]

| View & Illumination Parameter| Zenith and Relative Azimuth angles (8, w,) ‘ | Zenith SolarAngle (6.) |

| Fraction of Diffuse lllumination (skyl) ‘

O ONOUAWNHH

| SAIL ﬁ Soil Spectral Reflectance (p.)) |
| —

Bidirectional Canopy

‘ Equivalent Water Thickness (Cw)

N
= O

Chlorophyll a + b concentration Leaf
(Cab) ‘ Trad

=
N

l Leaf structure parameter N ‘ T

| Dry Matter Content(Cm) I PROSPECT

PROSAILModel

Reflectance

[T
W

=
AN
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Sensitivity Analysis ‘_@/ﬂgﬂc @esa

Global Sensitivity Analysis of the coupled ROSPECT-5b and 4SAIL models

Global Sensitivity Analysis of the coupled PROSPECT-5b and 4SAIL

1.0
N

==
- Crab
B

] C{‘f
C:-.'onn
< mm C,
) Cm 1
LAI
R ALIA
- Hmﬂ
T

0.8+

0.6 1

SZA
! Peow
Interactions

Sri [-]

0.4 1

0.2 4

Dammer M. Remote Sens. 2019, 11,
1150; doi:10.3390/rs11101150 0.0
500 750 1000 1250 1500 1750 2000 2250 2500

Wavelength [nm]
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Interactive Visualization of Vegetation Reflectance
Models (IVVRM) tool

e @o€sa -

@ Interactive Visual G Interactive Visualizati

L f v h ground kground

® Original el only

EnMAP EnMAP
[bg/am?] Sentin [bafc
Landsats
fem] o]
Accumuiative Plotting
gfem? fojem

[ugfem?]

[ug/am?]

[ua/em?]

[a/
gfem?

[gfem

[g/am?

Reflectance [%]
Reflectance [%)

1400 1500 1400 1500
VWavelenath [rm] Wevelength [nm]
Load In Situ Data. In Situ Load Ir



https://enmap-box-lmu-vegetation-apps.readthedocs.io/en/latest/

‘@Iﬂgﬂlﬁ' @ esa

Vegetation Reflectance Models IDL tool

s ro= 19 Jloop=
1.2 ‘
1.0 -
0.5 Prospect ...... Prosail - .
E 0-6 B M ]
“,«f/w.“;jd
Y A
0.4 \;‘ -
[ |
{
= i
R |
0.2 — A-\ ] : -
/A L | ]
0,0f R P S W e
500 1000 500 2000 2500
wavelenght

VNIR Hyperspectral on drone
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S2 reflectance inverted with the
IDL code
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Retrieval of vegetation biophysical variables@/pgcc @esa

Vegetation variables was retrieved by using different approaches:

* statistical i.e. build expressions (fitting techniques) to relate spectral bands to specific
biophysical parameter. They can be parametric or not parametric

based on the inversion of RTM, i.e.
numerical optimization and LUT based
inversion. Various regularization strategies

Parametric regression Non-parametric regression RTM inversion

Spectral relationships that are Advanced techniques that Models that simulate
1 1 1 1 1 sensitive to specific search for relationships interactions between
a re I m p I e m e n te d to O ptl m I Ze t h e I nve rS I O n ’ vegetation properties between spectral data and vegetation and radiation
. . . biophysical variables
including:

NDVI = (Pmn = pRED)
(pMR + PnEn)

Normalized Difference Vegetation Index

i) the use of prior knowledge to restrict input
variables variability;

ii) the use of different cost functions;

iii) the use of multiple best solutions of the
inversion instead of the single best solution.

N
W = QNN
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NN applied to PROSAIL @/pgcc @esa

SOIL Spectra
Typical soils from: PROSPECT SIMULATED

1. Site specific spectral library
2. + SAIL REFLECTANCES

General library

PROSAIL GAUSSIAN NOISE
PARAMETERIZATIONS ADDITION

General Data Set with . ‘Nonoise Hyperspectal
Gaussian distrib. (GG) : Default noise level sensor sample
Specific Data Set with (Ve el 20 =

Gaussian distrib. (SG) : gfggf;l‘f,f)"ise (172 Spectra

Neural Network algorithm used to BAND SELECTION ELTERING.
. . . . All 31 bands 1 Yes
estimate the leaf area index (LAI) using e e 2 No

After selection algorithm

canopy reflectances from an hyperspectral
satellite sensor

LAI
estimation

Neural network Training
li . 5 neural networks each
application variable
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Empirical relationship ‘_(QNHEEL' (éesa

Experimental I

Bands . .
combination L _co_nﬂg_ur_at_|o|_1 -1 II
data ———————— - :
Sléltable CfL I Suitable VAL !
ata set" | I . !
------ L ata set- I

Regression
models

Fitting I Validity
Residual analysis :_ technique? 1 checks

Remedial
measures

Regression model
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Crop spectrum \ e @esa

——Wheat, late vegetative (143)
we COrn-early vegetative (111)

g5 | Chiorophyl

absorption - Rice, tasselling (92)
(657) Barley, early vegetative (76)
50 ~Wheat, critical (164)
—Com-late vegetative (111)
45 Ligrin, cellulose, ~——Rice, senecing (79)
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2133, 2205)
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Dependent variables

NARSLC @ €Sa

Reflectances or vegetation index or other optical related variables.
For a selection of possible vegetation index: https://www.indexdatabase.de/

Name Abbrev. General Formula Formula Calculated
hericall q . d NIR—RED—yRED-ELUE) a :
1 |Atmospherically Resistant Vegetation Index ARVI NIR{ RED_y(RED—_BLUE) m Autematic
g . NIR-RED 5 c
2 |Atmospherically Resistant Vegetation Index 2 ARVIZ —0.184+1.17 (m) —0.18 rn 5) [Automatic
- oy
3 |Canopy Chlorophyll Content Index CCCI = \Automatic
{(a-670+ 670nm+5)?
4 |Chlorophyll Absorption Ratio Index CARI (?(K_mm) \7‘]_ T [Automatic
o (@+1)" L)
(w5704 57048) (Tnu) (5 #+4-a9)| () .
5 [Chlorephyll Absorption Ratio Index 2 CARIZ e r =3 ‘Automatic
o ’ ( {a2+1)"* ) e (a2+1)"® i
-0\ 1 P ) .
6 |Chlorophyll Green Chigreen (ﬁ“‘ = ) (—g) \Automatic
31 -
7 |Chlorephyll Red-Edge Chired-edge ( ;: “;:) (—:) [Automatic
T
2 RED ] c
8 |Chlorophyll vegetation index VI NIR ———— CREENE 9—; |Automatic
= 2CREEN-RED—ELUE 23-5-1 c
9 |[Green leaf index GLI SCREENTREDVELUE ST ET] ‘Automatic
Bol—710 a4 e
10 |Leaf Chlorophyll Index LCI a:mgw J._; \Automatic
((-p-03(5-9)(] )
11 (MCARI/MTVI2 MCARL/MTVIZ \Automatic
15
VR (655 )
. ‘SN GAnm 4
12 [Mormalized Difference 800/680 Pigment specific normalised difference A2, Lichtenthaler indices 1, NDVIhyper|ND800/680 S BEom ¥ [Automatic
£ 5 E c F NIR-RED & e
13 |Normalized Difference NIR/Red Mormalized Difference Wegetation Index, Calibrated NDVI - CDVI MNDVI NIRTRED Tj \Automatic
e z g NIR—690:710 5 c
14 |Normalized Difference Wegetation Index 630-710 NDVIGS0-710 m ﬁ; |Automatic
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Fitting Techniques @lm @esa

« Are very fast when determined

« Training could be time demanding when using large data set
« Accuracy is strictly dependent by the training set
 Normally refers to a single variable of interest

Simple regression: is a statistical tool for quantifying the relationship
between just one independent variable and one dependent variable based

on observations

Machine learning: is more complex and can be based based on the value
of one or multiple predictor variables (x).

PERAHEATE “RITRI” SBIUH 2019 £ bbb % i 2 1 U1 B
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Fitting Techniques

Maccarese (IT) LAI

60 1 . Cross Val
m Ground Val

30 1

Relative RMSE %

20 1

10 1

GPR BagT RFTB NN BooT LSLR PLSR RegT RFFE SNAP

‘ NRSLCL @ esa

Shunyi (China)Al

(a)

Relative RMSE %

204

10+

(f)

GPR BagT RFTB NN BooT LSLR PLSR RegT RFFE SNAP

Machine Learning perform better; decreased Performances on ground dataset

GPR: Gaussian Process Regression

RFTB: Random Forest Tree Bagger

BooT: boosting trees

PLSR: partial least square regression

RFFE: random forest fit ensemble

BagT: Bagging Trees

NN: Neural Network

LSR: least squares linear regression

RegT: regression trees

SNAP
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Biophysical Variables vs crop processes

‘_“QMEL’E @ esa

> 5
N & & /s
) & 0 &
& \3 ° R /& &£
N\ & NS LS S NS
Crop processes F &L S E LSS SST S 48
Photosynthesis +++  |+++ 44 ++
Evapotranspiration ++ +t 44+ |44 +4 s
Respiration ..
Nitrogen +++ +++
Phenology H |+ |4
Lodging
Impact of pests +++
Soil permanent charac. +44
Residues
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LAI is defined as half the developed area of photosynthetically

Leaf area Index (LAI) definition

active elements of the vegetation per unit horizontal ground
area [m2/m2].

Is an intrinsic canopy primary variable that should not
depend on observation conditions.

LAI practically, quantifies the thickness of the vegetation
cover.

LAI is strongly non-linearly related to reflectance

LAI is mainly corresponding to the green elements: the
correct term to be used would be GAI (Green Area Index)

2019 ADVANCED INTERNATIONAL TRAINING COURSE IN LAND REMOTE SENSING
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\
Leaf
~ area
-
/ / Soil
™ area
Leaf area
EOLAL = —
Soil area
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Leaf area Index (LAI)

‘_“gﬂﬂgﬂﬂ @ esa

Canopy Reflectance
f ; e =2 9
g & 2
NLELEER B NN B e
>

Dzu K
]
0.10 LAl=0.5 ;:-.' 1
0.00 == . L L /f ‘\"
S & PSS «@,@Pﬁfm -\@@ S PP P
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LAl (m2/m2)
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fAPAR definition ... €eesa

* FAPAR is defined as the fraction of photosynthetically active radiation (PAR)
absorbed by a vegetation canopy. PAR is the solar radiation reaching the
canopy in the 0.4-0.7 yum wavelength region.

- Ground-based estimates of FAPAR require the simultaneous measurement of

PAR above and below the canopy.
LAl

- FAPAR is a key variable in the assessment _' &
of vegetation productivity and yield ..
estimates.

- Fraction of absorbed photosynthetically
active radiation (FAPAR) (400-700nm) is
one of the main trait used in the
production efficiency models.
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fAPAR definition ... €eesa

APAR=PAR;,.— PAR,,:— PAR ..+ PAR.,; quantity absorbed by the veg.

incoming PAR (PAR;,.), reflected by canopy and soil (PAR,,), transmitted through the canopy (PAR..sm); reflected by the soil (PAR;)

FAPAR=APAR/PARINC

FAPAR = [(PAR;,.— PAR,;) = (PARssm— PAR;)]/ PAR;,. . norm. between 0-1
fAPARgreen=fAPARx (LAIgreen/LAlItotal)

A common approach is the use of vegetation indices (VI), combinating visible and
near-infrared reflectance
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Vegetation indices

Vegetation indices are desighed to
maximize sensitivity to the
vegetation characteristics while
minimizing confounding factors such
as soil background reflectance,
directional, or atmospheric effects.

Indices exploit specific spectral
properties of vegetation

Are potentially illimited

2019 ADVANCED INTERNATIONAL TRAINING COURSE IN LAND REMOTE SENSING
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Leaf area Index (LAI)

70

‘ NRSLCL @ esa

NDVI ) ;
+ NDVIHc(l-cdoc ‘#
NDVI + Index Deseriplion Formula Relerence
60 + red & AE +
MSR + Existing indices
o MSRHM-MQL‘ + - f# ’ \ g -, 5
sof (o] MSR!M&HI 0+ + o NDVI NDVI PHIR T Pred [15]
) + d-edee PNIR PR
- +f Lt NDVIied-odge Red-edge NDVI SHIR ERE [41]
g 40 A Claggeage f 4 MSR MSR index % 138]
) A Cl +’ +f¢¢ rnlll:fn-nl
> red & RE ¥ N I d
: } MSR : Red-edge MSR index VMLUW— 34
w +’ fw Hoedge . PHIRAPRE ] 134
< 301 , #"' 7 (.‘-I].',[l.'l.':ll Gireen Cl FE—:_'H-LLL 1 |"1'2|
+ + praain
_‘;* " Clied-odge Red-edge CI CiLE. — [43]
20 ,ﬁ*- Improved indices
" + ¢ oD NDVoate kit Red and red-edge NDVI LN prog H(1-a) ppe) -
+‘, +* o @O 00 ’ I‘NII}L [:; l'rmll £|“ ;J ngp}1
+ MW MSR ; Red and red-edge MSR index S AFALL el -
b a0 O O Gomammoo 0 @ 00 dP redients - TEEAIEIRTACEE O iR (@ Pren F T 0) pmr) 11
 BRERRE e e ns M | Cwo Wit g0
A rel i
o a r are 2 . F ’
1 2 3 4 5 6 7 8
LA[ Xie, Q., Dash, et al. (2018 IEEE Journal of selected topics in applied earth observations and remote sensing, 11(5), 1482-1493.
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FRACTION OF ABSORBED PAR
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http://www2.geog.ucl.ac.uk/~plewis/climate/lai.html
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NARSLC @ eSa

Gitelson et al., RSE 147, 2014)

0.9 ;
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The MODIS-retrieved fAPARgreen/NDVI relationships for maize (2001-
18) and soybean (sparce years) in vegetative stage
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Biophysical variables retrieval from index @mw @esa

Empirical Transfer Functions

AA Gitelson et al. / Remote Sensing of Environment 80 (2002) 76-87

Vegetation indices, based on spectral Wheat
behavior of vegetation, are widely used for -
monitoring, analyzing, and mapping o
temporal and spatial variations of some
biophysical parameters.

VARI
R*=0.9587
RMSE < 6.8%

Vegetation Index

They require an accurate calibration and 0
validation base on ground measurements.

0 20 40 60 80 100
Vegetation fraction, per cent
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Estimation of leaf chlorophy!l EGLE Gesa

Indice Formulazione
8 8
Chlorophyll Normalized Difference Index — - — "
o o
g @ S
5 o 5o
Green NDVI GreenNDVI= M ‘_32 3
(R?SHE»D"'RiD[LED) =2 =9
£ =
R "8 “&
Red Edge Chlorophyll Index Cl g i = ws(TI0800 g
ng(?zc—“-zu:- 2 £
01 02 03 04 05 06 02 04 06 08
Ry — R,
Modified Simple Ratio SR = M e Clisdiod1s
Ry — Rizs) Relat|onsh|ps between vegetation indices and leaf chlorophyll proposed as ‘general
purpose’ predictive models in the literature.
Modified Normalised Difference b (Roys — Rogy) ChINDI: Richardson et al. 2002; Clred_edge: Ciganda et al. 2009; NDopt: Féret et al.
M T (Rm = Rog = 2Ry 2011; ChIRE_opt: Féret et al. 2011
g o °o° S
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Estimation of leaf chlorophyll from

hyperspectral remote sensing

Table 7. Results of the calibration models for the reflectance indices and the PLSR on the experimental dataset
of Table 1. The coefficients correspond to the relationship chiorophyll=a + b xindex for the linear model and
chloraphyll=a + b xindex +c x index” for the quadratic model. Significance of the coefficients is reported

EMSE EEMSE
Ireclex Equation a [i] C &t I;ug."cmlll RPD  (proportion)
ChiNDI Linear —19-1 (F=0-01) 14990 (F=0-01) o-70 11-18 1-83 0-244
Quadratic 5-79 (ns) 13-79 (ns) 16936 (F=001) 073 10-73 191 0234
Clood_odge  Linear 1215 (P<0-01) 9596 (P<0-01) 072 10495 187 0239
Quadratic —0-86 (P<0-01) 174-BB (P=0-01) —94-65 (P=001) 075 10-39 1-97 0227

Table 8. Results of the calibration models for the reflectance indices and the PLSR on the synthetic dataset
simulated by PROSPECT. The coefficients correspond to the relationship chlorophyll=a + b= index for the linear
maodel and chlorophyll=a + b xindex + ¢ windex” for the quadratic model

EMSE RRMSE
Index Equation a b C ' pegfcm®) RFD (| proportion)
Cleod_odgo Lirsear 20-2 a0-0 O-t=4 2-98 1-63 0-059
Cuadratic 1-3 180-6 -121-9 D-64 204 1-65 0-059
(:h]RI:H.,‘_.,, Lirszar 9-8 23-6 D-63 3-00 1-62 0-DE0
Cuadratic —2-8 184 —43 063 3-00 1-62 0-0&0

Casa, R., Castaldi, F., Pascucci, S., Pignatti, S., 2014. Chlorophyll estimation in field crops: an assessment of handheld leaf meters and spectral reflectance measurements. Journal of Agricultural Science, 153, 876-890.
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VIs in SNAP
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Accuracy metrics ... €eesa

nois
blgg Bias = E—""f:l el

« Relative Bias rBias = g+-*100
z
Statistical metrics « Copefficient of determination R = (cw(}??): ol Elrl:ﬂ:ﬂ_“}'-jm_#;‘:I
ey (T (i) (T (9mw)°

for accuracy/error e

« Root mean square error RMSE = |Rizalimdi”
assessment of the n

. RMSE

parameters * Relative RMSE rRMRE 5 100
retrieval . Mean Absolute Error Map = Edn

« Ratio of performance to deviation RPD = R—:E—E

+ Ratio of performance to interquartile range RPIQ :_L;,.fgf

y are the observed variables, y ~ are the estimated variables, n is the number of observations, o and IQ are
the standard deviation and the interquartile range, respectively
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Spatial sampling vs GSD
"u’-&‘\. 4
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Sampling strategies @,,,;w @esa

 Sord? 4

Requirements for crop growth monitoring
Duveiller at al., 2010 RSE
1 N
~
N
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‘_“QNHEEL' @ esa

Square Cross Transect Square
+ © O Q + O O O
O a
O L= 0 O |0 &= 0
O ~
o
‘Y O—0—0 YO—o0—0

http://w3.avignon.inra.fr/valeri/documents/VALERI-RSESubmitted.pdf

ESU applied to the S2 Maccarese test site
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http://w3.avignon.inra.fr/valeri/documents/VALERI-RSESubmitted.pdf

ESU ‘_gmgw Cesa

campaigns carried out during the durum crop
season from February to April 2018 (SZ)

31-gen; LAI, Chl
16-feb; LAI, Chl , biomass
06-apr; LAI, Chl
20-apr; LAI, CHL, biomass
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http://w3.avignon.inra.fr/valeri/documents/VALERI-RSESubmitted.pdf

In situ data collection: field campaign in Italy f
(Maccarese 2018) &QM‘IEL‘L‘ @esa

MAIS INSILATO

AFFITTO 20&, 62 Ha
GREMO DURO 3. 203,25 Ha
ORED INSILATD 166,87 Ha
- TRITICALE 121,24 Ha

- FAVIHO g
- I:l AMO DUROD M. 111, Ha
Study area is the Maccarese farm B oo woes sxr ooeo
located in Central Italy, which is the = e 3,60 5
. . INCOLTO 32,57 Ha
second largest Italian private farm e B—
with about 3500 ha of agricultural = ExEAzo / FIENI wr 22,30 Ea
. . MEOCHIA MEDIT. 21,40 Ha
fields (typically 10 ha or larger) was - 12,50 8

selected as study area.

The farm is equipped with VRT and
yield maps machinery.
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RS data collection in Italy (Maccarese 2018) ‘_@VHFEE (éesa

Venus / S-2 reflectances
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RS Validation using field campaign data in Italy '
(Maccarese 2018) ‘_“QMIIEL‘E @esa
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2 — . _
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RS Validation using field campaign data in Italy '
( NRSCL @esa

(Maccarese 2018)

S2 & Venus vs time
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RS Validation using field campaign data in Italy —
(Maccarese 2018) égmmx @esa

S2/Venus MTCI vs Chl
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Assimilation of RS data into crop models: (@, oesa
example of LAI, % | | | | @b‘ | gglo

Biomass and Yield

AQUA , , i :
i i LAI " Example of LAI, Biomass
in China l ——R_ AN l and Yield simulation with
: . i : , _ . EnKF assimilation for SAFY
Biomass & (7 Oct 2008, Xiaotangshan field
Yield . — Ji/q ' experiments)

»‘ ,‘

: ‘» ‘ . :){\ 9 ‘
Satellite
images
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Estimated Yield (t -ha)

RRMSE =17.72% o3

 Measured Yield (t ha)

o

RMSE% = 15.62%
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RS variables assimilation in crop models ( NECLL @esa

Xiaotanshang, Beijing (China)

Changehun =

Type Date Measurements Type Notes
- - Hohhot Climate /ecipitation, Average wind speed, Temperature
Field Data | 30/3/2013 | 9. density, SPAD, TOR, LAI, Fresh Yumena fHuang (min, max, average), Sunshine duration
and dry Biomass Yinchuan g™ 4 S S e 27 Sep, 70ct, 20 Oct 2008
Field Dat 27/4 2013 High, density, SPAD, TDR, LAI , Fresh aining o Taiy] 25 Sep, 5 Oct, 15 Oct 2009
1eld bata and dry Biomass ~rilanzhou ) 25 Sep, 5 Oct, 15 Oct 2010
. . nhe b Xians = 4 j . Grain yield was measured following maturation from
20 i L VLIRS e : ( Vil samples obtained from a 1.5 m 2 area in each plot,
2013 Precipitacion, Average wind speed, I Hl.__.. (el Yanglze MEEBLIEITEn: with three replications for each treatment.
i i | Brahmapulra A. A o o - - - -
e Temperaéﬂ:;r(]mgmat/lgi(é:verage), w ———slhasa, 0 | Ghangqﬁ;‘iﬂgm Field List of different management, required only by
- U Ghangsty Management Aquacrop model
HI1B 05/03/2013 multispectral ,L__;Emyang. Biomass was determined from a 0.25 m2 area by
HJ1B 20/03/2013 multispectral it ot Biomass randomly cutting four representative plants from
e 28/03/2013 i wal ¢ Kunming™ ~ AN AL g each plot . All plant samples were oven dried at 70°C
T il b sNanni to a constant weight, and final dry weight recorded.
HJ1A 30/03/2013 multispectral ! Canopy Cover was eximated as function of LAI
. (Hsiao et al. ) . The LAI-2000 Plant Canopy Analyzer
Landsat 8 | 03/04/2013 multispectral Canpy Cover (LI-COR Inc.,Lincoln, NE, USA) was used in
HJ1A 07/04/2013 multispecral measuring for determination of LAIL.
HJ1A 26/04/2013 multipectral Irrigation Day of irrigation, amount of irrigated water (in mm)
HI1A 11/05/2013 multispectral Soil o Information s about: Field Ca_pacity, Wilting Point and
------------------- Characteristics Saturation




RS variables assimilation in crop models (&% @esa

LAl & Crop Models

Crop Canopy Cover Estimation

Information
-Canopy LAl and CC maps SAFY
-Lstzal]lf (Duchemin et al., 2007)
- AQUACROP
(Steduto et al., 2009) > links the production of total dry
phytomass to the of solar
» Water driven crop model radiation (PAR) absorbed by the
ANN crop
Application > Main state variables: Canopy
Cover and Biomass » Main state variables: LAl and
Biomass

Artificial Weights &
NN Bias for ANN
Training Application

PROSAIL
model

Calibration is not easy because
Satellite Data Validation: of 100 and more parameters » Modified version introduces the
(HI1A, HI1B, Landsat) PR ez I Ens @ LA water balance according to the
Spectra Land LAl converted in canopy cover Slow to optimize and source equations described in the FAO

Simulations using the following .
(reflectance) (Nielsen et al, 2012): code not accessible 56 document

= Atmospheric correction : FLAASH . 'S
» Geographic correction: GCP CC=94-[1-exp(-0.43-L4D)]"* Reduced number of parameters,

easy to use and fast to compute
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RS variables assimilation in crop models ‘_‘g”gggg @esa

Evaluation of
Optimization Method on Aquacrop the variation
for main
parameters
Calibration of . ] .
all M Regional Scale Application
Parameters Evaluation of

Solution: Measurement
_ The parameters are re- Individuation s Error
calibrated using the optimization of main N
method wich minimizes the Parameter N\, Winter Wheat Map:

RMSE between measured and Simplex
estimated CC Optimization to

minimize the MSE:

o N A2
rsp—3 (CCO-CC,0)
i1
Particle Swarm Simplex Yield
Optimization Optimization estimation

% 5 images acquired
between February and

June
n

<% The images were
converted into LAI Maps
through the PROSAIL-
ANN algorithm

Validation data :
Yield/Area provided by
the Shaanxi Provincial

. Bureau of Statistics and
Winter wheat growth L pixel matches with the

cycle in Yangling rural 0 ! LA wheat trend
area 2013 and 2014 Staﬁ':;'jf; I?cf Z"f‘% Ef:aple s \ /
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% We verified if the LAI
temporal series of each
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Lai, yield VALIDATION @ esa

LAI and Canopy Cover validation Comparison of two different models
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Regional Applicarion results: Yangling Rural Area

NARSLC @ €Sa
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