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Radiative transfer models

Leaf RT models Canopy RT models

Turbid medium Geometric
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CE Various models exist with different complexity. /
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RTMs are important tools in EO research but for the broader community these
models are perceived as complicated. 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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To fill up this gap:

> To develop a GUI toolbox that:
e operates various RTMs in an intuitive interface
e provides a comprehensive visualization of model outputs
e works both for multispectral and hyperspectral data

e enables to retrieve biophysical parameters through various
retrieval methods

e takes different land cover classes into account.
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Toolbox for EO applications:

ARTVMED
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Operator \ y | \
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Selection RTMs & o
. Reliability
programming language

Reference Source code

4SAIL Verhoef et al., 2007 Matlab
FLIGHT North, 1996 Executable file
INFORM Atzberger, 2000 Matlab
SCOPE Van der Tol et al., 2009 Matlab

. T
Software packages: Programming language: ‘ =

Combined RTM

T
Database: é
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%12  ARTMO v. 3: modular design

a0 [T
= s ru ARTMO [v. 3.19] = = )
Touis Panal File Meodels Forward Retrieval Tools Help o
SENSOR
GRaracs — Project Description
_ BIERSION
Project Name:
Comment:
A5 Seftings
o] | ae o | e ] Sensor: | NO SENSOR =
tm:cm LUT Class by map || LUT Class by User
File Models Forward Retrieval Tools Help
Load Project Leaf -— | 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 1 GSA ¥ Disclaimer
Model inputs =
P | PROSPECT 4 Emulator —l
Save New DB RROSEECLS GSA configuration
DLM
Load Change DB GSA results
LIBERTY
Delete -
Update _
4SAIL
LUT class FLIGHT
Project INFORM
Database v
SCOPE
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Conceptual architecture ARTMO
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RTM outputs only a few clicks away...

Figure 1
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Radiative
Transfer
Models

1. Asingle value

) PROSPECT 4

File Load external data

_ Entering data:

=101 %]

PROSPECT 4 MODEL

Select LUT Class  |Generic class

— Leaf Structure (N} [1-4]

s

[ Range ™ Table

- — Chlorophyll (Cab - pg/cm?) [0-100]—

-

s

[ Range I™ | Table

— Water thickness (Cw - cm}) [0-0.05] —

0.03 [~ Range I 7able

— Dry matter {Cm - g/cm? ) [0-0.05]——

I 0.012

l Range I~ Table

2. User data (e.g. field data)

) Leaf biochemical parameters

= 0]
ameters

i Leaf biochemical par:
Control delimeter
character or
header lines Otk o Tl
&, Delimiter character
|'.eb E

Taxt file 'D \rabaj\ ARTMO _eursal_support files\spectral library\Prospect 4 y Stpeospect 1xl Browsaar I

i 2 3
m‘“ oK 1 ot ow cm
2 am 0020 0.005

1
z
3 (2504 i 0.005 *
A sample of the a0 nors oo01
. . . 5 nms 0,008
input text file is 6 msg om3 0005
visualized. L 00
8 m4es 03 0.005
| ; e ome .00
Chosen input r‘
parametar E:nd Parameter Colummn Comversion factor
coiresponding e Oy malser condent - Groen Leat =l feoms 2l [ Add ]
column ] [ T Cann Conwersont...
Lot Crioroptyt AB - Green Leal ot 1 1
ﬁ 2w Wsker corterd - Green Leat Courn 2 1
3 [Cam Dry malter conbent - Oreen Leat S 3 1

Availableinput
parameters

mpor

Sefected
input data

Convert units
if needed

e.g. PROSPECT-4

3. Arange of multiple values:
1) steps

. Probability density Function

= E3
Parameter: Cab Range: [0-100]

Min:l 5 Max:l a0 |Step

= )

Par.AI Par.bl

Ok |

(Probabilﬂv density functions

IUniform T l
Sample plot |

Il) distribution: (e.g., uniform, normal,
exponentional)

) Probability density function M= B3
Parameter: Cab Range: [0-100]
550 e . Do e 0
- < e 2 0E =2
Somal il syt
Min: | 5 Max: | 50 |# samples - | 100 =
Probakility density function 5
’7|Normal j Meanl 30 s1d| 10 gm
g
Sample plot | Ok | s

T s 0 5 % B & 5
Panesar

l1l) Multiple input values
o =i

Multiple input values separted by comma (e.g.: 1,2 .3)

=
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Radiative
Transfer
Models

* Filling in SAIL: single or multiple values

e Soil spectra is required. Default spectra
are provided or own spectra can be

imported.

e Usually coupled with a leaf model. When
not coupled then leaf spectra is required.

Input leaf spectra (refl. & trans)

J Lead Spectum: Class =LncLassifiod =i
Leaf Spectrum: Class=Unclassified
Text file F:\Users\]\t-ona:e Drive\REFLEX_mputl_suppedt files\spectral ibrary\Leafleaf cov Browswr
Oyption fext file
i z £l 4
Dedinites charsctor ] 1 =il -
HewserLines | | Sy T OO4I0MESTT 1 IDRSEEDS muswmil
— T 004167413 1 DABIIEDS  ONEOETIE
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] OONSUSIIE BSEIIIECE  OOSEISIE
6405 0041648831 B0S1SE06  0.ME50620
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) 4SAIL MODEL

. Filling in a canopy model: SAIL

=101 %]

File Leaf Spectrum Dry Soil Speckrum  Wet Soil Spectrum a

4SAIL MODEL

IGeneric class

— LAl [0-10]

I 3 I Fange [T Table

[

— Hot spot effect [0 - 1]

I 0.0 (il Range [T Tahle

— Average leaf angle (% [0 - 90]——

I a0 I Fange [T Table

— Solar zenith angle () [0 - 90]——

I 0 (il Range [T Tahle

— Diffuse/Direct radiation [0 - 100]—

I 10 r Range [T Takle

— Observer zenith angle (°) [-79 -79]

I 0 (il Range [T Table

— Soil coefficient [0 - 1]

I 0 r Range [T Table

- — Azimuth () [0 - 180]

[ Range [T Table

o

0K |

Input soil spectra (refl.)

) Bry Sail Spectrins Dlass = Do Lassiied

Dry Soil Spectrum: Class=Unclassified

Toxt file |C\sers)
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Ot o Tibe
! 2
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4 um 02w
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7 s 0232
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8 am (¥
HRES0 D34
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B L DT LTS
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T
Links
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Sensor

B <fTv0 319 =l Simulations can be generated according to band
File Models Forward Retrieval Tools  Help k. .
"~ project Descrtion settings of a selected sensor.
Project Name: - -
— n Senzor Module [v. 1.04] =B - S—-
Gﬂsur: NO SENSOR ) Import  Edit  Spectral Filter Help ~
| LuT Classbymap || LUT Cless| | Sensor Information
Sentinel-2 'i [] Speciral filter
Unit wavelength Band details
Micrometers 0 Band name Min Masx Center FWHM
» New sensor settings can be 1 [panat @ = re 2 ;
imported by clicking on the o S Jpenes Sz Srrsom e -
( Vi H 4 |Band4 650 880 865 30 =
Import bUtton In the top bar. :jr?iﬁuwn 5 |Bands 897.5000 712.5000 T0S 15 |
. . . - 6 |Band6 7325000 T47.5000 740 15
e Existing band settings can be 7 |Bana7 73 793 783 20 L
13 8 |Bandd 784.5000 899.5000 242 115
modified or new ones can be o ace o7 - - ]
added by clicking on the ‘Edit
button.
e Also a spectral filter of a sensor Default sensors:
can be imported or viewed by . Landsat 7 TM . Sentinel-2
clicking on the ‘Spectral Filter’ e Landsat 7 ETM+ e  Sentinel-3 OLCI
button. e  SPOT-4 VMI e  Sentinel-3 SLSTR
. SPOT-4 HRVIR . Landsat 8
. CHRIS Mode-3 . Pleiades-1A

. MODIS Quickbird
. MERIS 15/33



7} Graphics Module [v. 1.01]

Graphics Module
Select Project |

Graphics

Model: ISCDPG

Group Output: |Reﬂac1ance

Qutput Parmeter: Iirad\un of radiation in ohservation direction

— Settings of input parameter

Modal: Iscope j Parameter 1 {Hue)
PARAHETER | N W ICab Chiarophyll AB content [ug cm... J
1 |Cab: Chioroghyll AB content [ug cm... 1 50 - Parameter 2 {(Saturation)
2 |Cwvileat wwater equivalent layer [cm] 00010 0.0300 ILA\'Leaf ares index [m2 m-2] j
3 |Cdm:Dry matter content [9 cm-2] 00010 0.0300
4 |LAkLest area index [m2 m-2] 01000 7 £ Label curve
S [vomomaximum carboxylation cap... 1 200 IEmDTV d
& |mEall-Berry stomatal conductance. . 2 20 T
4 | 3
ADDED SPECTRA
Add Spech
| Draw | Description | Color | ﬂl

1 v scope - fraction of radistion in observation direction  [1,1,1]

Deelete selected |
Delete all |
Export selected |

Visualization options

Bie fd2 Yoew Jnsest Took Qesktop Bindow Help
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[

File Edit Wiew Insert Tools Deskiop Window Help  Options ~u
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2 0E
= 54
z 8
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S 19+
= 02
i
= 98¢

01
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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... 19/33



General structure:

‘ Input Settings Validation Retrieval

[spectral+
variables] % Training data/ %

validation data
v v

Training Validation

Spectral

Spectral Biophysical Spectral Biophysical data
data variables data variables
&_/
. Regression Developed Goodness-of- Optimized
Noise & . > P c . L > P
algorithm model fit statistics model

To account for natural
variability

!

Biophysical

Estimated
biophysical
variable

variable map
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Spectral indices toolbox:

Spectral Indices Toalbox [w 1.17]

E=N Eo )

Input  Settings  Assessment  Retrieval Tools Help

1/1

- B s Settings [i_tédl
Class: |Ful_image

— Spectral index
Broadband Greenness

Select

-

Acron...

Qutliers Without analisis

— Noise settings
0

—RTM data

Train [0-100%]

Parameter Gaussian Noise [0-100%)]

[ Range

Spectral Index Equation

1| Enhanced Vegetation Index EVI 2.5*((Rnir-Rre.
Z | green Normalized Difference V...Green ... (Rnir-Rgreen)i...
3 | Normalized Difference Vegetat... NDVI (Rnir-Rred)i(R..
4 | Simple Ratio SR (Rnir)/Rred)

Fit Settings

ARTMO b

Select | Funtion fitting Equation

1] linear f()=m*x+h

| 2 | exponential f(x)=a+exp(b*x)

| 3 | logarithmic T()=h+m*og(x)

L 4 | power f()=b*(x"m)

| 5 polynomial2 f)=(a2*(x"2))+(al *x)+a0

-

Spectral Gaussia

Range

USER data

Train [0-100%)

Only test Only train

in Noise [0-100%)]
a Range

If active, configure per
land cover class.

<:I Select an Index group

<:I Select one or
multiple indices

Select one or multiple
curve fittings

&

C:I Options to add noise

Option to mix RTM with
field observations

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)

* Noise & Cross-validation options

* Results stored in MySQL

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

Can process both image or individual
spectra.

PROSAIL (100# @ 10 nm; Cab, LAI) ND linear regr.

Cab

725-955 nm
R2: 0.97

Best-performing index can be applied to an image.

d
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B MLRA Toclbox [v. 116] (=] & e

Input Settings  Validation Retrieval Tools Help =

Machine learning regression algorithm toolbox 1/4

Properties:

e About 15 MLRAs implemented

e Single-output & multi-output

* Noise & Cross-validation options

* Dimensionality reduction options

e Results stored in MySQL

* GPR properties: band relevance &
uncertainties

e Can process both images or individual
spectra.

* Active learning, GPR-BAT, dim. reduction

Simpler to execute than SI: no band selection needed.

Principal component Non-parametric models:

Partial least squares regression

regression — PCR PLSR Decision Trees — DT * SimpleR [Camps-Valls et al., 2013]
g - { R i - poes e http://www.uv.es/gcamps/code/simpleR.html
: N == g e Ao
g N ’ 1A . e AR e Elastic Net (ELASTICNET)
o (A /\ A ' // o ] gD\ » Bagging trees (BAGTREE)
Tl N X g « Boosting trees (BOOST)
% ¢ Neural networks (NN)

Neural networks Kernel ridge regression Gaussian processes regression + Extreme Learning Machines (ELM)
NN KRR R GPR N ¢ Support Vector Regression (SVR)
r-ul >~  Relevance Vector Machine (RVM)

, * Variational Heteroscedastic Gaussian
i Process Regression (VHGPR)

) 7,‘:“)3 GPR in Bayesian framework also provides:
) e Band relevance
* Uncertainty esitmates

K(xi,xj) = exp(~[x; = x;[|*/ (20%)).

(kernel-based) MLRAs are adaptive and can be very powerful. However that goes a computational cost.
This can be problematic for hybrid (e.g. PROSAIL) retrieval methods. 22/33


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

Solutions to deal with large datasets applicable to hybrid approaches (e.g., PROSAIL + GPR): 2/4
gi) 1. Reducing spectral data: 1) band selection (GPR-BAT), 1) dimensionality reduction

2. Samples reducing : Active learning

1) Band selection: GPR-BAT

Sequential Backward Band Removal: remove band with highest sigma (least informative)

60

o« — ARTMO GPR-BAT module
50

GaU55|a.n processes ) The lower the sigma, the more
regression — Band analysis «f important the band is!

Tool (GPR-BAT).

o 30

20

Class or

I r? gui_mod_mlald @;lﬂw
n GPR sigma band arlalysis type 400 500 600 700Fealure800 900 1000 1100 . .
E Figure validation statistics over Experlmental Setup. =2
L iterative band removal e PROSAIL: LHS 100# @ 10 nm; Cab, LAI
e e pestoones e 4k cross-var sampling N
Figure frequency top ranked bands LAI
RTM Statistical options i
Tl B> B e #band R2 wavelengths
#bestranked bands:  #total bands: 098
- 5 20 v 5 0.9997 815, 1145, 1205, 122, 1245
*mm'ﬂ'gfh 4 0.9997 815, 1145, 1205, 1245
uy | 3 0.9213 815, 1145, 1205
i llE
- p 2 0.8104 815, 1145
: " 1 0.8104 815
6 455 .
7 a5 | o Best performances achieved between 70 and 4 bands
ul’ 475
—1 = = (using all bands or <3 bands not recommended)
l:‘ Expm-[ = “ 200 180 160 140 120# ban]:;o 80 60 40 20

Best-performing method can be applied to an image.  23/33



I1) Dimensionality reduction: SIMFEAT 3/4

9 dimensionality reduction methods implemented.

= simi le-output T s
<: Bands tools ross-Validation  Active Learning k] .
e (@] Simple Feature Extraction Toolbox [SIMFEAT] e Experimental setup:
[ ] self File > PROSAIL: 500 random samples
i E Feature Extraction Algorithms - -
% E Select | Band reduction methods | Kernel type | Varlable Mln Max
/g A 1_ Principal component analysis (PCA) Empty W N 1 4
[] select al L Partial least squares (PLS) Empty v
para | | 3 | Ortho-normalized PLS (OPLS) Empty v Cab 1 80
4 Canonical correlation analysis (CCA) Empty W
| [ 5 | Minimum Nois Fraction (MNF) Empty v Cw 0.02 0.05
RTM data | 7] Kernel Principal Component Analysis (KPCA) ribf W .
Trai I: Z Kernel partial least squares (KPLS) rbf v pSOII 0 1
[lonyu)|| 8 | Kernel Orthonormalized Partial Least Squares (KOP... rbf v LAI 0.01 7
1 9 | Kernel Cancnical Correlation Analysis (KCCA) rbf W
g LAl input samples
&] #Feature(max125) | 5 |Custering II| ; o a0 = i' ‘ ~\ .
Ts | o™e % ? }
£ g o" o
E4 9% t“’
ReSUItS: R ‘g B &. ® ‘:.'.. Py .’ ‘.!'.‘"
B Without feature reduction ® With feature reduction 2 (o 'op‘i ‘o'.r ° #‘ .
1 18 '0.”. o o 00t <%
] 0 ’. [ el X ) “ (1) P m.’
08 .
Almost all methods benefited I 100 200 300
. i . . . . Samples
from dim. Reduction methods. directional reflectance (2101 bands)
= Most impact on LR . _
G| : A
0 PCA not best performing A N _
BoT RVM EM GPR VH-GPR = =\ ‘
1 st -
0.9 8 g :
0.8 % 4l \ “ ‘
0.7 ﬁg “ = = Z N ‘
& 0.5 e ] i .
0.4 ’ \ : - 4
Linear gj ' o
regression (LR) . e I et T
o - .527343::‘;3%0.160279.8267
Without PCA OPLS KPCA KPLS KOPLS KCCA o

Best-performing method can be applied to an image. 24/33



2) Sample reduction: Active learning (AL)

-
4 Single-output

11
12
13
14

[

RTH

Bandstools  Cross-Validatio

Class |Full_image

MLRA Settings

-| 4| Active Learning

File Pool data N

Active Learning

b I T LW B S R
NEEEEEE

Select

Active Learning methods
Angle Based Diversity [ABD]
Clustering-Based Diversity [CBD]
Euclidean Diversity [DAL]
Entropy Query-by-Bagging [EQD]
Pool Active Learning [PAL]
Random Sampling [RS]

Reszidual 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] 50|

ok

R2

4/4

Experimental setup:

PROSAIL: 5000 samples
e 2500 training; 2500 validation
e Cab using 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 - - - T

0 200 400 600 800 1000

# training samples

Active learning (AL) searches for new samples from a data pool based on uncertainty (PAL,
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. 25/33




Background LUT-based inversion *?

Best match is obtained through a ‘Cost

RS imagery PROSAIL LUT function’, or ‘Minimum distance function’.
Fd Pond (Turbid W Fig yuew Insert Tools Desktop Window Help Options !E
Oods | |RRT9EL-|2|0EHaD
T;r:rlli; ;:‘.3' o8 . CostFunction Definition Minimum | Maximum
structure) 08

970 River (water) $ = i C SAY - X) 0 0
] Grass g @ .
gk vEX/Ey?
T O

Var(Yh)
98 cv 2k %% 0 o0

Speciral block with 64 bands
from 415 nm to 900 nm

1500 2000 2500 0.1 823662757

Wavelength (nm) LAl CCR m:vj E* '—'#Var(ﬁ) 0 1

1000

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
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Matching a pixel against a part of the LUT.
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Best-performing method can be applied to an image.
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Tools

) Figue 1
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2014 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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GSA toolbox

Bl ARTMO [v. 3.19]

= LX)

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 Parameter 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 |:| Diffuse/direct light i
L 4 i 3
min max Distribution .
0 10 ||sobol -  Deiete selested | [ Deleteal
A Addparameter
RTM outputs
Group ] Select Parameters Grg
Canopy - 1 |:| Directional reflectance Canopy
Parameter
Directional reflectance - < = 1 o
 gowew [odte socea | [_Domsar ]
b
Properties:
.

e ARTMO RTMs
e 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 [%]
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2015 Emulation

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‘?‘

(e.g. LAI, chlorophyll) = "rmff’rw.lf& o L

S““.-v '34?* o

500
Samples

Directonal refiecinnce

] N a8
Wavdlength {vr) Cah

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

31/33




2/2
500 TOC reflectance simulations according to Sentinel-3 (13 bands)

3 sec

Reflectance

refelctance

1
1000 1500 2000 L L L
500 1000 1500 2000

Wavelength (nm)
Wavelength (nm)

PROSAIL Emulator

In Emulation, physical models go hand in hand with machine learning 32/33



Conclusions

Sensor ‘ SAIL
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2016
http://ipl.uv.es/artmo/

Thanks
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