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AUTOMATING

e RTMSs
e ARTMO/forward

e Retrieval toolboxes

-
4| ARTMO [v. 3.20]

File Models Forward  Retrieval Tools  Help

Project Description

Project Name:
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LUT Class by map || LUT Class by User
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Radiative transfer models (RTMs)

Leaf RTMs o ‘Canopy RTMs

Compact spheres Turbid medium Geometric
layers
,,,,,,,,, Vi o]
§ ///////// AR o
'\\\\\\\\\ } VVVV
N-fluxes Ray tracmg Volumetric
it ,:-i,R
M

c*ﬁi A diversity of RTMs exist with different complexity. )
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RTMs are important tools in EO research, but not always easy to
use. Only very few of them offer user-friendly interfaces.

Which RTM to choose?

Only very few offer a GUI.
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No interface exists that brings multiple RTMs together in one GUI.

* None of existing (publicly available) GUIs provide post-processing tools.
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Toolbox for EO applications:

ARTVMED

Automated
Radiative
Transfer
Models |

Generic Intuitive

Operator \ y | \

http://ipl.uv.es/artmo/ 6/55
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Atmospheric models

Support vectors Gaussian Processes

BRDF apps Spectral unmixing Classifiers

7/55



ARTMO v. 3: modular design

-
[4] ARTMO [v. 3.20]

(=] )]

File Models Forward Retrieval

Tools  Help

|

Project Description
Project Name:
Comment:

Sensor; |NO SENSOR

-

LUT Class by map || LUT Class by User

File Models Forward Retrieval Tools Help
Load Project Leaf m Leaf Spectral Indices Sensor Show Log
New Project Canopy — Canopy MLRA Graphics User’s manual
DB adminstration = | combined - Combined LUT-based Inversion Spectral resample Installation guide
Settings a GSA = | Disclaimer
Model inputs - ¥
< PROSPECT 4 Emulator L———j
Save New DB FROSFENS GSA configuration
Load Change DB R GSA results
LIBERTY
Delete =
Update —‘ Fluspect-B
Y Y 0
LUT class 4SAIL
Project FLIGHT
Database INFORM
v
SCOPE
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Conceptual architecture ARTMO

Project
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RTM outputs only a few clicks away... Frr s
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[4] ARTMO [v. 3.20] =

File Models Forward Retrieval Tools Help

Project Description

Project Name: |

Comment: |

Sensor: | NO SENSOR

)

LUT Class by map | | LUT Class by User |
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e - ARTMO'’s leaf models

PROSPECT-4

4] PROSPECT 4 = -ﬂ-l D LM
File Load edemal data  COSINE ] COSINE [v. 1.00] LI B E R I l
File Load external d )
PROSPECT 4 e e 4| Dorsiventral Leaf Model - DLM [v. 2.10] l = 3| 4| LIBERTY
Generic dass COSINE (ClOse-range
— Spectral ImagiNg of IEaves) File Load external data  Help * File Load exernal data k]
Leaf Structure (N) [1-4] ‘Chlorophyll (Cab - pg. Specular parameter (Bspec) [0.2 0.5]
15 Elrange [ Table 0 Br B Dorsiventral Leaf Model - DLM LIBERTY
0 [] Range able
Water thickness (Cw - cm) [0-0.05] Dry matter (Cm - a/en| | | jgntincident angle (Thetai) [0 90] EETEEEAEE Generic class
0.03 [[]Range [ ] Table 0.012 FIR] 0 El Range [ Tebke MODE |Normal reflectance Cell Diameter [20-100] Chlorophyll content (pg/cm?) [0-600]
Ilimination zenith angle (Theta_s) [0 90] Biochemical contents Structure parameters 40 [7] Range Table 200 [C Range Table
L 0 _ Chlorophyll (pgfcm?) [0-150] f. air spaces [0-1]
B Rangs aole Intercellular air space [0.01-0.1] Water content ( g/fm*) [0-500]
50 [] Range Table 04 [7] Range Table
[ ok |

0.045 ] Range Table 100 [] Range Table
Carotenoids (pg/cm?® ) f. total mass in pal. [0-1]
PROSPECT-5

. A a
0 [ Range _— 0012 ] Range - Leaf thickness [1-10] Lignin & Cellulose ( g/m*) [10-80]
e = ~ . : : 16 [7] Range Tabile 40 [] Range Table
Brown Pigments [0-5] Abaxial scattering [0 - 0.99]
File  Load external data > 0 [ Renge T 0 [ Range s Baseline [Fresh: 0.0006 - Dry: 0.0004] - | Nitrogen content { g/m* ) [0.3-2]
PROSPECT 5 0.0006 [] Range Table 1 [T] Range Table
Generic class Water thickness (cm*-1) [0-0.05] f. Pigm. in palisade [0-1]
Leaf Structure (N) [1-4] Chlorophyll {Cab-pg/cm?) [0-100] 0.02 [FlRange [ | Table 0.003 [F] Range Table Albino absorption [0-4]
15 [] Range Table 50 [] Range Table 2 |:| Ronne Table
Dry matter ( g/lcm®) [0-0.05] roughness factor [0-2]
Carotenoids (pg/cm®) Brown Pigments L
0 [l Range [ Tabke 0 ElRange [ Tavke 001 [ Range Table 0 [] rRange Table
Water thickness (Cw-cm) [0-0.05] Dry matter {Cm - glem?) [0-0.05]
0.003 [] Range Table 0.012 [] Range Table

L

Fluspect-B

4 Leaf biochemical e
[ [ESEEET)
™ . = LX) Fie  Load extemal data ~
A F|USPECt B [v. 1.00] ey 2l data = S| 4 Leaf parameters = ]
. N File Load external date  Iradiance spectrum ~ Eilepm CEd XN R Optical Pt = Leaf biochemical
FI | e H e| p £ Maximum carboxylation capacity [0.1 -200] ~ Fluorescence quantum yield efficiency
Meteorological Leaf optical 80| [JRange [ Tabie psi [ 0002l st [ oot
Incoming shortwave radiation [W m-2] Oxygen pressure [hPa] Leaf Structure () [1-3] Chlarophyll (Cab - ug/cm‘lilorwo]
Fluspect-B [v. 1.00] 0] El rae [ o 370 £ e L e 4] 5 range et 0] range | 7o [ PR— pa T
6| [ Range [ Table sti| 02| sp| 03]
Leaf temperature [oC] Vapour pressure [hPa] Wiater thickness (Cw - cm) [0-0.5] Dry matter (Cm - gicm? ) [0-0.05]
Cener e - mi| 28| Th| 308 1| 328
Generic class 20| [ Range [ ] Table 15| [E] Range [ Table 0.009| [] Range [ ] Tabie 0.012| [[] Range able Reparam [0.04 - 0.4]
0.015|[F] Range [F] Table Photosvnthetic Fluorescence
€O concentration in the air [ppm] Air pressure [hPa] Senescent material [0-0.3] Carotenoid (Cca - pgicm?®) [0-100] 3 v Drought fit =
Weather conditions Leaf optical Leaf Biochemical 380 [] Range | | Tave 203| [7] Range [ | Table 0| [[JRange [ | Tavke 20| [ Range [ | Tabie | ok |
| o | o |
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Radiative

Transfer
Models

SAIL

INFORM

4

[E=EE

4| INFORM [v. 1.00]

[

File Load external data  Leaf Spectrum

4SAIL

LAI [0-10]
3 Range Table

Average leaf angle (°) [0 - 90]
30 Range Table

Diffuse/Direct radiation [0 - 100]
10 Range [ | Table

Soil coefficient [0 - 1]
0 Range Table

Dry Soil Spectrum  Wet Soil Spectrum

Hot spot effect [0 - 1]
0.01 Range [ | Table

Solar zenith angle (°) [0 - 90]
0 Range Table

Observer zenith angle (°) [-75 -75]
0 Range [ | Table

Azimuth (°) [0 - 180]
0 Range Table

o

File Settings model Help

INFORM [v. 1.00]

Generic class

Canopy geometry
Single tree LAI [0-10]
5 Range Table
Stem density [ha-1] [0 - 1000]
300 Range Table
Tree height [m] [0-50]

20 Range Table

Sun-object-sensor geometry

Solar zenith angle (%) [0 - 90]

30 Range Table

Observer zenith angle (%) [0 - 90]

0 Range Table

LAl of understorey [0-3]

1 Range Table

Average leaf angle [deg] [15-75]

55 Range Table

Crown diameter [m] [0 - 10]

3 Range Table

Relative azimuth (%) [0 - 180]

90 Range Table

Fraction of diffuse radiation [0-1]

01 Range Table

ARTMO’s canopy models

FLIGHT

[EE—

| oKk |

4. gui_flights
File Load external data  Green Leaf Spectrum  Senescent Leaf Spectrum  Soil Spectrum  Bark Spectrum
FLIGHT Generic class
Dimension Mode of operation Number of photons Number of bands [<100]
@1D i @ REVERSE Photons 10000 Bands
Solar Angle AOT @ 550 nm Soil roughness index [0-1]
Zenith 24| [[] Range [ ] Table 0.08| [7] Range [ | Table 0/ [[] Range [ | Table
Azimuth 162.8 Range [ | Table Leaf size [0-1] LAI
View Angle 0.01 Range | | Table 2| [C] Range [ | Table
Zenith 21.21| [[] Range [ | Table
FVC [0-1] Crown Shape
Azimuth 318.20 Range [ | Table 02 Ranga | [ Table Ellipsoid Cones Field data
FGL_ID'" can Crown geo parameters
Fraction of green leaves Planophile =
0.2| [C] Range [ | Table Crown radius 0.880
0-10 0.22) 110-20]: 0.207 929
% Fraction of 'senescent/shoot’ [ ] [ ] Centre to top distance 72
so| || [20-30: | 0182 [3040: | 0149 Height to first branch-
Remaining fraction will go to "bark' [40_501: 0111 [5[]-8[]]: 0.073 Min 41
[6070] | 004 [oso} | 0.015 Ma i
[80-90]: 0.003 Trunk DBH 0.179
30 Range [ | Table

o)
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=== | ARTMO’s combined models: SCOPE

- .
(4] A-Scope model [v. 1.61] [ESHEE—

File Settings model Help

E Leaf - Biochemical [Von Caemmerer-MD12] - | = N
i File Load extemnal data
A-Scope model [v. 1.61] Leaf - Biochemical [Von Caemmerer-MD12]

Generic class

r M
4] Leaf - Biochemical [Collatz-TB12] [ )
l VWeather conditions Leaf parameters Leaf Biochemical l File Load external data ~
] Leaf - Biochemical [Collatz-TB12]
Solpaelon Casopyeammelony | pisaulajqeomoly Maximum carboxylation capacity [0.1 -200] Rdparam [0.01 - 0.1]
“ 30| [CIRange []| Table 0.015| [|Range [] Table
L
Ball-Berry stomatal conductance [2 -20] Temperature correction coefficients
T4 Weather conditions o[ E ) 2] Leat parameters [E=EEER =) 8 [Jmange [] Tabe si| 02 ent| 03
File Load external data El File  Load external data L] Thi 281 Th 308 Tr 328
Extinction coefficient for Vemax [0 - 0.8]
Weather conditions Leaf parameters ! .
0.5206 D Range D Table Photosynthetic pathway Cc3 -
Incoming shortwave radiation [W m-2] Incoming longwave radiation [W m-2] Green Leaf . Fluorescence quantum yisld -
[C] Range Table [] Range Table 0.02
600 300 Leaf Structure (N) [1-3] Chlorophyll {Cab - pglcm?) [0-100] efficiency at photosystem level
Air temperature [oC] Air pressure [hPa] 1.4 Q= e 80] [T Range Table “
20)  [Jrenge []Tave g7¢| [DRenge [|Tabe Water thickness {Cw - cm) [0-0.5] —Dry matter (Cm - glem? ) [0-0.05] -
Atmospheric vapour pressure [hPa] Wind speed [m s-1] 0.009) [ Range = 0.012 [ Range T
15 [] Range Table P [T] Range Table
Senescent material [0-0.3] Carotencid (Cca - pglem?) [0-100]
CO2 concentration in the air [ppm] ‘02 concentration in the air [ppm] 0| [CJRange Table 20|  [C]Range Table
180 [C] Range [ Table 209 [C] Range [ | Table
Broadband thermal 0.01 thermal 0.01
height of jical data [m] 10 OK “
= A — N r R
4| Soil Parameters { = Q 4 Canopy geometry EI_IQ i Angular geometry L= g
Ve secteususl s s File Load external data N Fil Load ext I dat -
ile oa ernal data
Soil Parameters Canopy geometry
IDEsl LAI [0-10+] Aerodynamic Parameters Angl'“ar geomEtry
Soil_ColumniD1
5\_3.\92 3l |\ B Soil boundary layer resistance [s m-1] [5-30]
Soil_ColumniD3 TEEE EL3
iR 10| [C]Range [C] Table Sol .
- ] ar zenith angle (%) [0 - 90]
Vegetation height (h) [m] [0.05 - 100] g ﬂ [ ]
Within canopy layer resistance [s m-1] [0-20] -
Soil resistance for evaporation 1 [ClRange [ Table [\E [ 100-20] 30 I:l Range able
i SI=]] 0 [JRrange [] Table
500 []Range [] Table

Leaf width [m] [0.01 - 2]
Volumetric soil moisture content [0.01 - 0.7]

Observer zenith angle (%) [0 - 90]
Leaf boundary resistance [s m-1][5-20]
0.1 []Range [ Tablke 0f EOr Tabl
025 []Range [ |Table 10| [C]Range [] Table ZLL3 ZLs
Leaf Inclination distribution fi i
Broadband soil reflectance in the thermal range 0.06 m
§ i i Erectophile o
‘Volumetric heat capacity of the soil [J m-2 K-1] 1180

Leaf drag coefficient [Cd] 03 Relative azimuth (°) [0 - 180]
Plagiophile |

. ; Roughness length for momentum canopy [zo] 0.123
Specific mass of the soil kg m-3] 1800

90 D Range Table
i m i 057
Heat conductivity of the soil [ m-1 K-1] 1.55 Displacement height [d]
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Sensor

(% ARTMO [v. 3.20] = o S|

File Models Forward Retrieval Tools Help

Project Description
Project Mame:
Comment:

Sensor: (MO SENSOR

Simulations can be generated according to band
settings of a selected sensor.

LUT Class by map || LUT |

* New sensor settings can be
imported by clicking on the
‘Import’ button in the top bar.

e Existing band settings can be
modified or new ones can be
added by clicking on the ‘Edit’
button.

* Also a spectral filter of a sensor
can be imported or viewed by
clicking on the ‘Spectral Filter’
button.

il N
B Sensor Module [v. 1.04] = | B bl
Import Edit  Spectral Filter Help k]
Sensor Information
Sentinel-2 - | [] Spectral filter
Unit wavelength Band details
crumeters i Band name Min Mlax Center FWHM
Wr 1 |Bandi 433 453 443 20 -
GHz 2 |Band2 457.5000 522.5000 490 65
MHz 3 |Band3 5425000 577.5000 560 35
Index 4 |Band4 650 630 665 30 =
Unknown 5 |Bands §97 5000 712.5000 705 15
- 6 |Bands 732.5000 747.5000 740 15
7 |Band7 773 793 783 20
8 |Bandd 784.5000 899.5000 242 115
9 |Band2a 355 875 265 20
1N =] A noc nec DAL a7 | kv

Default sensors:

. Landsat 7 TM . Sentinel-2

. Landsat 7 ETM+ . Sentinel-3 OLCI
. SPOT-4 VMI . Sentinel-3 SLSTR
. SPOT-4 HRVIR . Landsat 8

. CHRIS Mode-3 . Pleiades-1A

. MODIS . Quickbird
. MERIS 15/55



Graphics

7} Graphics Module [v. 1.01] _ o
) Figure 1 !EI m
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Retrieval

Retrieval

FOREST PROBABILITY OF EUROPE
Click to enlarge
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Retrieval families

Parametric regression Non-parametric regression RTM inversion

Spectral relationships that are Advanced techniques that Models that simulate
sensitive to specific search for relationships interactions between
vegetation properties between spectral data and vegetation and radiation

biophysical variables eaf

(P iR T PRED) o — | \\\\\\ VV

Normalized Difference Vegetation Index

legression plot of NDVI and NPP for all years and Soums

canopy




ARTMO’s retrieval toolboxes:

Spectral indices toolbox

@alibration data Galidation data)
< Y ¢

Remote
Sensing Data

Spectral indices toolbox ]
Variable of

f5i“'l|=|le N Band | curve interest

armura comhinations fitting {e.g. Chl, LAI)

({e.g. V)
v

Validation

Machine learning regression algorithm toolbox
T — _— (Trainini data) (Vanndata)

. _— . ( MLRA toolbox 1 ]
|Inpu1: Settings  Validation Retrieval Tools Help '!| Variable of

Remote interest
Sensing Data Single output Multi-out put
‘ ‘ MLRAs or MLRAS {e.g. Chl, LAI)

v

B spectral Indices Toolbox [v. 1.17] = |- |

Input  Settings  Assessment  Rettieval Tools Help

Validation
[ ] [ ]
LUT-ba SEd I nve rSIon tool box (LUTinput data) (Validation data)
u LUT-based Inversion Toelbox [v. 1.06] Ii“ﬂl[é] (" LUT-based Inversion toolbox ] _
Input  Settings  Validation Retrieval Tools Help Remote 5 Viarzltzl:;i:f
Sensing Data " Cost function —> Reg:'I;:‘i:::inn {e.g. Chl, LAI)

'

Validation

Optimizing and generating maps of vegetation properties only a few clicks away... 19/55



General structure:

‘Input

[spectral+
variables]

Settings

Training

Spectral
data

Biophysical

variables

Validation

% Training data/ %
validation data

Y

Validation

Noise

To account for natural
variability

Retrieval
algorithm

Spectral
data

Biophysical
variables

~_

I

Developed
model

Goodness-of-
fit statistics

Estimated
biophysical
variable

Retrieval

Spectral
data

Optimized
model

!

Biophysical

variable map
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OPTIMIZING

e Retrieval: parametric/non-parametric/inversion
 Band selection

 Dimensionality & sample reduction

0000000000
eeeeeeee
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n Spectral Indices Toalbox [w 1.17] E@ 1/2

Spectral indices toolbox: |« som s v v -

Properties:
* Calculates all possible band combinations.
* For index formulations with up to 10-band

indices (#b*°, for a 10-band sensor that would be 10
billion combinations)

* Includes multiple fitting functions (linear,
exponential, logarithmic, power, polynomial)

_ 4 — 3 : * Noise & Cross-validation options

E=SI=E EEES | ‘ * Results stored in MySQL

; . = : * Top-performing indices per formulation and
fitting function are given.

n SI Settings lﬂ_ﬂ . . ° H 1 HYH
‘ If active, configure per Can process both image or individual
Class: [Ful_image ol n land cover class. spectra.
— Spectral index
Broadband Greenness M Select an Index group
Select | Spectral Index | Acron..|  Equation | SPARC - HyMap = LAI
1 | [ Enhanced Vegetation index  EVI 2.5((Rnir-Rre..
2 7] green Normalized Difference V... Green ... (Rnir-Rgreen)i...
3 | [ Mormalized Difference Vegetat.. NDVI  (Rnir-Rred)i(R... Select one or
4 | [l SmpleRatio SR (RniRred) multiple indices
— Fit Settings
ARTMO -
Select | Funtion fitting] Equation . o
1| B near fx0=mxeb Select one or multiple N
2 ] exponential  f()=a+exp(b®) \ curve fit tings
'3 | [ egarthmic  fex)=bemtioo(x)
n [ power 1()=b"(x"m)
] polynomialz  f(x)=(a2'(x"2))+(a1*x}+a0
Outliers [wihout ansiisis -

i Noise Seﬂings
Parameter Gaussian Noise [0-100%]  Spectral Gaussian Noiss [0-100%)] @ Options to add noise

i} [ Range o [7] Range
—RTMdata—— —USER data
Train [0-100%)] [71Range Train [0-100%) Range Option to mix RTM With
Onily train Only test Oniy train Only test ﬁeld Obsewations

Best-performing index can be applied to an image. 22/55




LAI (m¥im?)

LOC (pglom™)

SPARC dataset (Barrax Spain); HyMap data 2

SR and ND for different fitting functions iR ND
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Machine learning regression algorithm toolbox

S e

Validation FRetrieval Tools Help =~

Bl MLRA Toolbox [v. 1.16]

1/15

Input  Settings

1 |« About 15 MLRAs implemented

: * Single-output & multi-output

* Noise & Cross-validation options
* Dimensionality reduction options
e Results stored in MySQL

_ Properties:
— 3
- e A poronzra o KB

T T

* GPR properties: band relevance &

uncertainties
Can process both images or individual

spectra.
* Active learning, GPR-BAT, dim. reduction

Simpler to execute than SI: no band selection needed.

Principal component
regression — PCR

=]
~
- \LZ zy
. . >
a \.\ i X /// ] u,
2 Xt
) X
=] e W4
0 . AW A
- e X2
/ / * X ’
° / // o
16 180 200

¥
Neural networks
NN

Hidden nodes layer

Input nodes layer

nput x1 Output nodes layer
— -

Outputy

ore . KAl RS ) e >

A2 :

o 2
utput .

....... s

Partial least squares regression

PLSR
1 a %
! PLS component
o
W
— Vi -— . /
¥ »/ T; /j >
/

Kernel ridge regression
KRR

o, .
R?: input feature space X high-dimeasionsl

Feature space

Pl By

Decision Trees — DT

N Es PR

Gaussian processes regression
GPR

R input feature space

K high-dinmensional
feature space

F(dix)l B)
1}

He e ’l
e
x| A)
1

PLdixy | A

() (b2

.'—x|l ] )
1 20}

Non-parametric models:
¢ SimpleR [Camps-Valls et al., 2013]
e http://www.uv.es/gcamps/code/simpleR.html

Also:

¢ Bagging trees (BAGTREE)

¢ Boosting trees (BOOST)

¢ Neural networks (NN)

¢ Extreme Learning Machines (ELM)

¢ Support Vector Regression (SVR)

¢ Relevance Vector Machine (RVM)

* Variational Heteroscedastic Gaussian
Process Regression (VHGPR)

GPR in Bayesian framework also
provides:

* Band relevance

* Uncertainty estimates

24/55


http://www.uv.es/gcamps/code/simpleR.html

GPR maps soe 15

LCC [ug/cm?] LCC [pg/cm2]

0 5 10 15 20 25 30 3b 40 45 50 5b 60 65 O o 10 15 20 25 3[) 30 40 45 H0

CASI1500
- pixel size: 1.4m
- 288 bands i

Same GP model was applie?‘

Uncertainty






St Dev 4/15
LCC [ug/cm?] LCC [ug/cm2]

RGB CASI 0 5 10 15 20 25 30 35 40 45 50 50 60 65

0 5 10 15 20 25 30 35 40 45 50

* Uncertainty maps provide additional info which may be hidden on the images.

* Implausible estimations are detected. 27/55



St Dev
LCC [pg/cm?] LCC [ug/cm?2] 5/15

0 5 10 15 20 25 30 35 40 45 50

RGB CASI 0 5 10 15 20 25 30 35 40 45 50 55 60 65

* Inturn, despite low uncertainties also good estimations. No impact on recently irrigated
areas (other methods have difficulties with wet soils).

* For operational applications, of interest to flag/mask regions with high uncertainties. 28/55



(G =1 sercil 0029321

GPR to S2

GPR Retrievals with uncertainties
<40% masked out (removes directly
non-vegetated surfaces).

29/55



7/15

The challenge of machine learning
applied to imaging spectroscopy

 Machine learning methods are adaptive and can be very
powerful. However that goes a computational cost. This can be
%i problematic when large datasets are involved, either in the

sampling or in the spectral domain (e.g. for hybrid methods).

 Moreover, when many bands are involved: multicollinearity
leads to statistical problems (suboptimal performance).

Solutions to deal with large datasets:

; 1.Reducing spectral data:
Ly
{ I band selection (GPR-BAT),
Il. dimensionality reduction

2.Samples reducing : Active learning
30/55



I) Band selection: GPR-BAT

Gaussian processes
regression — Band analysis
Tool (GPR-BAT).

4 Soglecutput [E=

Bands tools ss-Validation  Active Learning -

Class ,|Eull imane

mra (g guimod_miald =2 ot S

11 GPR sigma band analysis type

13 /| Figure validation statistics over
= iterative band removal

se | Table best bands
| Figure frequency top ranked bands
RTH Statistical options

¥ SO V] Min-Max

# best ranked bands: # total bands:
(| — 210 A
Select wavelength
Select| Wavelengt...
1 v 405 -
2 'l 415
3 J 425
4 7 435
5 v 445
[ J 455
7 J 485 ]
8 o 475 it

Export data | ok

60 1 1 Ll -l Ll Ll
> : _
Sequential Backward Band Removal: remove

50 band with highest sigma (least informative) 7
40 The lower the sigma, the more A

important the band is! ©
b 30 i
20 .
10| .

0
400 500 600 700 800 900 1000
Feature
gautomated

ARTMO GPR-BAT module

B~ Validation

Input data : Output data
(Spectra-Variables) 1 GPRUIng L pndranking . (Bandanalysiy
A
| Remove least . -
contributing band

Best-performing method can be applied to an image.

8/15

1100
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GPR-BAT example with simulated data (PROSAIL) o5

Experimental setup:
e PROSAIL: LHS 100# @ 10 nm, 220b; Cab, LAI
e 4k cross-var sampling

e
oo #band R2 wavelengths
5 0.9997 815, 1145, 1205, 122, 1245
085 4 0.9997 815, 1145, 1205, 1245
= 3 0.9213 815, 1145, 1205
2 0.8104 815, 1145
075 1 0.8104 815

0.7

0.65

L L L L L L L L L L
200 180 160 140 120 100 80 60 40 20
# bands

Best performances achieved between 70 and 4 bands
(using all bands or <3 bands not recommended) 32/55



GPR-BAT example with A. Gitelson field data (maize/soybean, OO, 300#b)
gLAI (best with 7 bands)

LCC (best with 9 bands)

| | |
800 250 200

482, 500, 564, 710,

[ Min-Max’

- sD
—mean
150 100 50 0
# bands
8 966, 980

QR0

4, 878, 966

482, 500, 564, 710,714, 878, 966
482,500,710, 714, 878, 966

500,710,714, B7E, 966
500,710,714, B78
500,710,878
500,710

710

a o
e
=]

LCC Estimated [mg/m?]

Q
0

" g bands
LR, 079

- NRMSEcy: 12.90%

RMSE,,: 72.36

100 200 300 400 500 600 700 800 800
LCC Measured [ma/m?]

08"

0.6
0.4
0.2 [ Min-Max"
B+ sD
—mean
800 250 200 150 100 50 0

# bands

All bands

406, 746, 770, 790,792,784, 798, B0E, 858, B7E
406, 746, 790, 792,794, 798, B0S, B58, 878

406, 746, 792,794, 798, 858, 578

746,792, 7594, 795, 85t
746,792,754, 798, 87t
746,792,794, 708
746,792,754
746,792

792

T

6

=~

g LAl Estimated {m%m?]
w

-

o

N

7 bands

R2,: 0.94
RMSEL,: 0.40
NRMSE,: 7.19%

\ ' \ \
1 2 3 4
gLAl Measured [m2/m]

5

8

.33/55



GPR-BAT example with field data (SPARC, Barrax, Spain; Hymap, 125#b) 11/15

LAl (best with 4 bands) CWC (best with 6 bands)

cv
Ccv

0.4 5 0.4

0.2 ! " Min-Max 0.2 " Min-Max_
- sp B+ sD
. . —mean —mean
i i 1 0 i I
120 100 80 60 40 20 0 120 100 80 60 40 20 0
# bands # hands
All bands

All bonds

:152. 723, 1128, 11571272, 1286, 1209, 1327, 1419, 2483
723, 1128, 1157, 1272, 1286, 12009, 1327, 1419, 2483
723, 1128 1157, 1272, 1286, 1327, 1419, 2483

462, 478,708, 723, 1215, 1243, 1272, 1327, 1635, 2483
462, 478,708,723, 1215, 1243, 1272,1327, 2483

462, 478,708, 723, 1215, 1243 1272, 1327

462, 478,708,723, 1215,1272,1327
462, 478,708, 723, 1215, 1327 7

- T Ly, Il = ?
462, 708,723,137

4 bands
R%,: 0.95 !

© RMSEgy: 037 ' 723, 1157 1272, 1286 % 6 pands

NRMSE,,: 6.50% . £ S RZ;: 0.95

@

46z, T8, =5 1157, 1272, 1286 e e
462,137 . 1157, 1286
462 1286 o0

%

N
CWC Estimated [g/im?]
2
=

o 1 2 3 a 5 5 o i ; .
LAl Measured [m/m?] 0 500 1000 1500
CWC Measured fa/m?

w = 34/55



BIOHYPE & SCOPE: SIF (200#b)

R2

R2

SLA (best with 3 bands)

# R2 SD MIN MAX Wavelengths(nm)
0.8 |5 0.704 0.057 0.652 0.796 675,676,694,761,762 a2l oy
4 0.704 0.058 0.652 0.797 675,694,761,762 H !
3 0.704 0.057 0.652 0.797 675,694,761
07 2 0.299 0.084 0.194 0.396 694,761
1 0.169 0.051 0.105 0.243 594
L4
0.6
AT
(UL it
0.5 \“H“ | H H
|‘| | ” |
0.4 | J J \\“
‘ I M
HW MW\U‘\ N HH\‘\ H\\‘H\“ \ il
0.3 “ .I "'l
| |
0.2
‘ ‘ “ Min-Max
g =
| g +-so
—mean
0 | | | | | | | | |
180 160 140 120 100 80 60 40 20
# bands
.
LCC (best with 10 bands)
0.8 ! 4 Aa R Acadt N G ‘
0.7
0.6
0.5
# R2 sD MIN MAX Wavelengths (nm)
0.4 10 077 007 068 0.85668,669,695,719,720,726,749,750,794,832
9 075 008 064 0.85668,669,695719,720,726,749,750,794
03 g 075 008 064 0.86669,695719,720,726,749,750,754
T 7 075 008 064 0.86669,635719,726,749,750,7594
& 072 0.0% 062 0.83669,695719,726,749,750
0.2 L 5 072 0.0% 062 0.83669,695719,749,750
4 072 009 062 0.83669,695719,749
3 068 009 055 0.8669,719,749 [0 Min-Max
01 - 2 054 013 032 068719749 B -so
1 001 001 000 002749 — mean
0 1 1 1 1 1 1 1 1 1
180 160 140 120 100 80 60 40 20

# bands

vy

R2

0.3

R2

12/15

LWC (best with 116 bands, stable
results from 4 bands onwards)

# R2

5 0.70
4 0.70
3035
2035
1018

sD

0.07
0.07
0.11
0.11
0.12

MIN
0.64
0.64
0.18
0.18
0.07

MAX Wavelengths (nm)
0.82 669,700,701,760,761
0.82 669,701,760,761
0.46 701,760,761

0.46 701,761

0.38 701

- Min-Max
- +/- SD

— mean

180 160 140 120 100 80 60 40 20
# bands

SCOPE: LAI (best at 44 bands)

05 |

04 |

03 L -Min»Max
- +/- SD
—mean

0.2 L L L L L L L 1 1 1

200 180 160 140 120 100 80 60 40 20
# bands
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I1) Dimensionality reduction: SIMFEAT 13/15

_ \ Experimental setup:
4| Single-output = 1
: PROSAIL: 500 random samples
Class |Full_image
L ETTE Variable Min Max
Select | MLRA approaches
1 |:| Ex'treme. Learning Ma.chine i N 1.3 2.5
i z:.lzi::g;::;i:::’:Zgressinn = Cab 1 80
= WH. Gaussian Processes Regression -
= ’ - Cw 0.002 0.05
e Cm 0.002 0.05
Parameter Gaussian Noise [0-100%] o I:l Range . . . .
seanmcmssmnose 00 | o |ree | 13 AIMeNsionality reduction LAD 0 90
R.:'M.data [=0 - <100%] USER data [=0 - <100%] m eth O d S I m p I em en ted ] LAI 0.01 7
rai Range Trai 20 [7] Range
Onby train Onby Wal, Nnhe train Onbv Val 8 LAI Input Samples
. Simple Feature Extraction Toolbox [SIMFEAT] - X ‘ 7 M 8 Y]
[ ]
File Cluster ~ _° {' te ” :." ‘:{’éf\
§ ° e '.::. o" o $ ,
Feature Extraction Algorithms = : &','. . l’. &’ ‘ .~ ‘!‘.sq:.!:..m- o34
Select Band reduction methaods Kernel type 3 , | e 2 "i :."ﬂ' “.‘? o:';.'. o5 &
1 [[] Principal component analysis (PCA) Empty ~ Empt] . :".’ % "o .-" o%e ':}.'d :?
2 | [] Partial least squares (PLS) Empty ~ Empt o L goeMWe *®eeg s I L
3 [C]  Primal Partial least squares (PPLS) Empty + Empt] 0 100 200 300 400 500
4 | L] Onno-nommalzed PLS (OPLS) Empty v Emet directional reflectance (2101 bands)
5 |:| Canonical correlation analysis (CCA) Empty + Empt] )
6 [J Minimum Noise Fraction (MNF) Empty ~ Empt
7 [[] Principal Component of KECA method (KECA) rbf +~ Mear
8 [ Kernel Principal Component Analysis (KMNF) rbf « Mear
g [[] KernelPrincipal Compenent Analysis (KPCA) rbf ~ Mear g
10 |:| Kernel dual partial least squares (KDPLS) rof « Mear ?
11 [[1 Kernel partial least squares (KPLS) rbf « Mear g
12 |:| Kernel Orthonormalized Partial Least Squares (KOP... rbf « Mear
13 [[1] Kernel Canonical Correlation Analysis (KCCA) rbf « Mear
{ ) 400 6(‘]0 8!;0 10‘00 12‘00 14‘00 16‘00 18‘00 20‘00 22‘00 24‘00 1.1609 20.827340.493860.160279.8267
(nm) Cab
CJ A #Feature | S m
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Impact of DR methods on PROSAIL data (2101#b) for LAI retrieval 14/13

No DR (2101#) PCA (5#) Best DR method (5#)

2501 R2: 0.1 TR2: 0.48 101 ccA
. (V) L . ()
ool NRMSE: 179.7% 6-r NRMSE: 21.3% s/ R2:0.92
5 . NRMSE: 8.2%
6l
3 150 o 4r o
< 7 2,
L £ 4l
'% 100+ % : £
g W oop i
— 5ot 3 1 S |
. B 0F
0| dedoimplderrans: e Spmrppeiiansi g 0w
. 1, 2
-50 ‘ : : ‘ ‘ : : ‘ ‘ ‘ Lt ‘ ‘ ‘
0 1 2 3 4 5 6 7 8 -2 . ! s ‘ ‘ ;
0 1 2 3 4 5 6 7 4
LAl Measured 0 2 4 6 8 10
LAl Measured LAl Measured
8r . 7r 8r CCA
R2:0.51 . ‘ ) R2:0.70 R2: 0.95
Tr ° . 6 7 . U, o
NRMSE: 20.3% .. : NRMSE: 16.0% . 0 s
6- . . R R A .-...: 5t ‘: . . 6F NRMSE: 6.8/) -'.).;.;,'.-'. ,‘._;h:.,
M « . S ] :“:...... e,
:0357 . ; . 54— 35 .":.’.*’.:0 e .
g g g R0
= " = = e M
a4 g3 g4 e
a0 32 35 L
1r. .:'n.‘ o 0 1t Lok ’ G
ol . 1 s ‘ : i
0 1 2 3 4 5 6 7 8 0 1 2 3 4 5 6 7 % 1 D) 3 2 5 6 7 8
LAl Measured LAl Measured LAl Measured

By combining advanced DR methods with (advanced) regression methods, hyperspectral data can
exploited to the fullest. Or, full spectral dataset into regression require (advanced) DR methods. 37 /55



2) Sample reduction: Active learning (AL)

15/15

=
4 Single-

-output

Class

Bands to:

MLRA Settings

ols  Cross-Validatior

Full_image

=

Select

6 AL methods
implemented.

R2

Experimental setup:

PROSAIL: 5000 samples
e 2500 training; 2500 validation
e Cabusing KRR

1.00
All data: 2500
0.95 4
0.90 4
PAL
0.85 * EQB
.  ABD
Random sampling
e EBD
0.80 e RSAL
e CBD
0.75 . - T - T - 1 - T
0 200 400 600 800 1000

# training samples

Active learning (AL) searches for new samples from a data pool based on uncertainty (PAL,

uf — 3
1| 4| Active Learning l = | |_ih]
13
| File Pool data »
[
Active Learning
o Select Active Learning methods
- 1 Angle Based Diversity [ABD]
2 Clustering-Based Diversity [CBD]
3 Euclidean Diversity [DWAL]
— 4 Entropy Query-by-Bagging [EQD]
5 Pool Active Learning [PAL]
[ Random Sampling [RS]
7 Re=sidual Active Learning [RSAL]
Select all
Number of 2amples to add 1
Number of pool regressor 10
Stopping criteria
Number of iterations 100
LESS % RMSE [0-100] E-IJ|
L
)
EQB, RSAL) and diversity (ABD, CBD, EBD).
)

AL method search more efficiently for relevant samples than random sampling or when

using all data.

Best-performing method can be applied to an image. 38/55



Background LUT-based inversion **

Best match is obtained through a ‘Cost
RS imagery PROSAIL LUT function’, or ‘Minimum distance function’.

Pond (Turbid W = B
Metalic roof CostFunction Definition Minimum | Maximum
(manmade
structure)
H
H cLs (Y - X)? 0 00
k]
5
NC XXy -1 1
¢ VEXEY?
T L P o B Var(Ys)
400 600 800 1000 1200 1400 1600 1800 2000 2200 2400 11609 20.827340.493860.160279.8267 w ik
(nm) c E* N g% 0 0o
Speciral block with 64 bands 1
from 415 nm to 900 nm CCR Var(¥) E* '—'#Var(Y*) 0 1

Search per pixel for best match against LUT
= Reconstructed

40 = Qriginal signal

%3{1

E 20 Other important factors:

¢ e Adding noise (to account for
0 natural variability)

e Selecting mean/median of
782 1167 1632 2188 . .
Wavelength (nm) multiple solutions
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LUT-based inversion toolbox:

[ LUT-based Inversion Toolbox [v.1.06] [ || = |[uiiel

Input  Settings  Validation Retrieval Tools Help

2/3

——— —— 1

T == 3 s =
G 3 Cost Functions Evaluator i e
= R — -

M_:J T30 = s s (ool |
- e [ R
|
W T e pa e s o
I Dt s
s B pr——

e

I
;

—— -
i | =——————— E—— — e
- o - 4o h a3 .
' = - = i : : - E e
0 = oy Ty T T T

-~~~ 4, Properties:

i  LUT ARTMO RTMs or external LUT
* Over 60 different cost functions

* Noise & multiple solutions

* Results stored in MySQL

L — * Top-performing inversion strategies
i A are given.

:“f ] * Can apply inversion to both image or
RE Y | individual spectra.

Contrast function
‘K(x)=-log(x)+x’

Trigonometr

RRMSE (%)

Matching a pixel against a part of the LUT.
B Figure 1: CF: RMSE - Class: Full image [E=REEE ) )
— 2]
File Edit View Insert Tools Desktop Window Help Options ~ = "‘E .
DAL kA ODEL @ 08 aO Y 3g i
Spectral sample #:23 [Measure:3.8 estimate:1.5426] 5 ?D H
07 ()] = 0|
- = .,
0.6
(| 30|
{l 05 ~ 24|
@ N
s — =
5 o0s ﬁ NE g‘,
Lé E "
£ 03 ~
S 5|
5
02
— 1
=
0.1 (SR
g .=
0 1 1 1 L 1 L L L 1 Q = g‘!
450 500 550 600 BRSO OO F50 800 850 900 lai Q ao H
Wavelength (nm) =1 ~ 0
8 5|

Best-performing method can be applied to an image.

Solutions (%)

Noise (%)



SPARC dataset, CHRIS resampled to S2, S3

S2,20m

Optimized cost
function for each
variable.

One optimized cost function for

mean estimate (1) SD (o)

LCC [ug/em?]

LAI [m?/m?]

simultaneous retrieval of multiple

Chl [pg/em® ]

$2-10m -
£

i

52 -20m :
g

S3

variables.

Estimates
LAI {rn2/m2]
1. T T ——
.ﬁ ;- ':i

Uncertainties
CV(o/u x 100)

AR
g

2 % E & %8 328

20
1
10

Sentinel S2-10m S2-20m $3-300m
Spatial resolution [m] 10 20 300

# bands 4 8(4+4at<20m) 19
Band position B2, B3, B4 and B8 B2 to B8a 02 to 020
‘Wavelengths [nm] 490-665 and 842 490-865 413-940

Uncertainties (CV)

Chl x LAl mg/c'mQI
= LA

$2-10m (4 bands)

52-20m (8 bands)

53.300m (19 bands)

residuals

Chl % LAI

3/3
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SIMPLIFYING

e Global sensitivity analysis
e Emulation

e Retrieval

42/55



Global sensitivity analysis 2

Global sensitivity analysis: explores the full input parameter space,
i.e. all input parameters are changed together.

Variance-based methods: the output variance is decomposed to the sum of contributions of each
individual input parameter and the interactions (coupling terms) between different parameters.

Based on the work of Sobol’, variance-based sensitivity measures are represented as follows:

1= ZS + ZZSU-l_ 812 e

[ =i

in this equation, S, S;,...,S, _ are Sobol’s global sensitivity indices.:

.....

The first order sensitivity index S; measures and quantifies the sensitivity of model output Y to
the input parameter X; (without mteractlon terms), whereas, S;...,S;, , are the sensitivity
measures for the higher order terms (interaction terms).

The total effect sensitivity index S;; measures the whole effect of the variable X, i.e. the first
order effect as well as its coupling terms with the other input variables:

5J'I 5'I ! 5'I.! ! 51.1 ! 5'I.-.'.'I
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B ARTMO [v. 2.19] (= e
File Models Forward Retriev@lp ~
Project Description {
r ~
P n GSA configuration \ l = 2
Save Load k]l
Project [PRO4SAIL_1000
\——=| Tvype Sl Sateli ¥ | subsamples | 1000
RT model . Sensor .
45AIL-Prospect 4 - NO SENSOR -
— RTM input settings
Group Select Parameter m
Canopy - 1 |:| Leaf Structural Para meh.ar e
Parameter 2 []  chiorophyll a+b content i... |
1 3 |:| equivalent water thickne... 1.000|=
Total Leaf Area Index =) 4 |:| dry matter content in g/c... 1.000—
Extrernal Parameters 5 [[] Total Leaf Area Index
Empty 6 | [ Leafangle distribution
Range 7 . ||:| [I;:iffuslea’direct light . i
min max Distribution .
0 10 ||sobol -  Deiete selested | [ Deleteal
A Addparameter
RTM outputs
Group ] Select Parameters Grg
Canopy hd 1 |:| Directional reflectance Canopy
Parameter
Directional reflectance - < = 1 o
 gowew [odte socea | [_Domsar ]
h
Properties:
.

e ARTMO RTMs

* Saltelli 2010 GSA method

* Various sample distributions

e Results stored in MySQL

* First order or total order Sobol Sensitivity indices
e Can process multiple RTM outputs.

Total SI [%]

Total SI [%]

GSA toolbox

2/2

<3 min

PROSPECT-4 Reflectance (#1000)

100

90
80
70
60
50
40
30

100
90

80

70
60
50
40
30
20
10

200

800 800 1000 1200 1400 1600 1800 2000 2200 2400

Wavelength [nm]
P
< 5 min
PROSAIL
Directional Reflectance (#1000)

[ IV
WCab
[ICw

[ Icd
LAl
[LAD

M Diff/direct
[ Hot spot
I Soil Coeff
WszA
HRAA

]

600 800 1000 1200 1400 1600

Wavelength [nm]

1800 2000 2200 2400 44/5 5



Any difference?

Which one would you choose?

(4]

Fluorescence

Wm2um s

m-pum 'sr
(9]

o

B

[

—
T

! 650 700 750 800 850

Wavelength (nm)

12 min 54 s.

SCOPE

CHL

Fluorescence

Wm2um'sr!

m™“um 'sr
w

o

'S

)

—
T

1/10

! 650 700 750 800 850

Wavelength (nm)

1s.

CHL

Metamodel (emulator)
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Emulation 2/10

Emulators are regression models that are able to approximate the
processing of an RTM, at a fraction of the computational cost: *

making a statistical model of a physical model

Emulators applied to RTMs:

In principle any nonlinear, adaptive machine learning regression algorithms (MLRAs) can
serve as emulators.

B A S e 203
. _5 2, i

Spectra m Variables ssl‘:‘j;».‘fﬁ,:’rzr,:.:%‘f‘?‘
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To emulate RTMs, the emulator should have the capability to reconstruct multiple outputs,
i.e. the complete spectrum: resolved with dimensionality reduction techniques (e.g. PCA).

Processing steps:

Input (variables Splitting into PCA on I\Illc:.:I\i:ra:;:\rg Prediction of Reconstruction of Validation
+ spectra) training/validation spectra conr: ognents components full spectrum
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Emulating SCOPE fluorescence outputs

SCOPE RTM KRR emulator
(# 1000) ? (# 1000)

' Emulation

Training uahdatm}

. Multi-output machine

learning regression | o Lol
. G0 T B0 =] o 40 80

algorithm (e.g. KRR) " g o ehe

G 1

Because of the smooth profiles, SIF outputs are easy to emulate.
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In Emulation, physical models go hand in hand with machine learning 47/55



Emulating a complex 3D RTM: DART **

Experimental setup:

e DART: LUT1000# @ 1 nm; 7 variables

e 3 MLRASs tested: KRR, NN, GPR

e Various # PCA components tested (5, 10, 20, 30)
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1000# 5/10
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Emulators applied into GSA: PROSPECT-4 6/10

KRR (55 s)
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PROSAIL emulators
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MODTRAN I (Edgirts + Egig ) (Taig + Tair )p 8/10
atmospheric transfer functions: "4 = 7 (1 — Sp)
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With emulators, processing speed is boosted in the orders of hundred thousand. Using the original
MODTRAN simulations would take more than a month. 52/55
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Emulators into numerical inversion

Minimization algorithm: Isgnonlin

Image

Output maps of
RTM variables

s W doearrs] = Reconstructed
40 = Original signal

5
RTM (e.g., DART) >
) J Vo
i ¥ o 782 1167 1632 2188
e Wavelength (nm)
A Per-pixel RTM iterations: very slow method, inapplicable
e Foe to computationally expensive RTMs.

Emulation of an RTM
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DART KRR emulator applied to SCOPE KRR emulator applied
HyPIant DUAL (450-2500 nm) £ HyPIant DUAL (bare soil spectra added)

fAPAR

CWC (Cw x LAI) RMSE

Retrieval quality depends on : (1) emulator, (2) number and type of included
variables. 54/55



Conclusions
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