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From model simulations towards
vegetation properties mapping:

automating, optimizing & expanding
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How to quantify vegetation properties?
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Todaywe will learn:
Semiautomatedmappingof vegetationpropertiesfrom opticalRS data

Solar
radiation

Satellite

Forward
modeling

Inverse
modeling

A What are biophysicaparameter®
A Whyisit importantto quantifythem?




Theproblem:

Biophysical parameter retrieval is an essential step in modeling the
processes occurring on Earth and the interactions with the
atmosphere.

The analysis can be donelatalor globalscales by looking at bigeo
chemical cycles, atmospheric situations, ocean/river/ice stated,
vegetationdynamics

Main parameters:crop yield, biomass, leaf area coveragelorophyl
content, fractionvegetationcovek Dt t Z X ®

/, Source
Scattered
4

Land/vegetation parameters cannot be estimated directly from optic .
RS dataA model is required! =

Scattered
-

The objectiveTransform measurements into biophysical parameter
estimates.

Target :

Thedata:

A Input data: satellite/airborne spectra, in situ (field) radiometers, o
simulatedspectraby RTMs

A Output results:estimation of a biophysical parameter



Introduction retrieval biophysicalparameters

Retrieval of biophysical parameters from Remote
Sensing (RS) dasdways occurs through a modge.qg.
through statistical models or through inversion of
physicallybasedradiativetransfer models (RTM).

Statisticalapproaches PhysicalhpbasedRMapproaches

Scatter, Correlation, and Regression {
Design
. 3 % D
i Lo
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Retrieval ’
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Some retrieval methods....
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Verrelst, J et al. (2019). Quantifying vegetation biophysical variables from imaging spectroscopy data: a review on retrieval methods. Surveys in Geophysics, 40(3), 589-629. 6/59



Retrieval of (continuous) vegetation properties

Map of avegetation

Remotesensingmage propert

1. Statisticalrmaodels
1. Parametric regressiommadels
2. Nonparametric regressiommaeodels
1. Linear
2. Nonlinear
2. Inversion of physically based: radiative-transferamodels
1. Numericalcoptimization
2. Lookuptable (LUT-pasediinversion
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Taxonomy of retrieval methods, three main families

1. Statistical parametricand nonparametric

A Parametricmodelsrely on some physical knowledge of the problem
and build explicit parametrizedexpressionghat relate a few spectral
bandswith the biophysicaparameter(s)f interest

Hormalised Difference Wegetation Index (NDW1

A Non-parametric modelsare data-driven models Theyare adjustedto
8ret>d|ct a variable of interest using a training dataset of input-output
atapairs

2. Physicaltry to reverse RTMs.

A Physically based algorithms are applications of physical laws
establishing photon nteraction causeeffect relationships Model
variablesare inferred basedon specificknowledge,typically obtained
with radiative transfer functions.

3. Hybrid:

A A hybrid-method combineselements of nonparametric statistics and
physically based methods Hybrid models rely on the generic
properties of physicallybased methods combinedwith the flexibility
an thcodmputa lonal efficiency of nonparametric nonlinear regression
methods
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Retrievalfamilies

Parametricregression Non-parametricregression RTMinversion

Spectrakelationshipghat are Advancedechniguesthat Modelsthat simulate
sensitiveto specific searchfor relationships interactionsbetween
vegetationproperties betweenspectraldata and vegetationandradiation

biophysicalariables leaf

(pNIR - pRED)
(pNIR + pRED)

NormalizedDifferenceVegetationindex

NDVI =

and roratlvn:s mu-suums Canopy




Statistical interpretation of RS

. 2
3

Remote - | Variable
. Statistical relationship
Se nSI n g ) - Parametric regression ” Of
Data - Non-parametric regression I nte reSt

ASimple statistical relationships (VIs) constitute BI8LK of RS analysis

AThese analyses allow to determitfethere is a relationshipot WHYthere is a
relationship.

ALinear methods such as VIs aseful indicatorsof biophysical (e.g. structure) or
biochemical (e.g. chlorophyll) parameters, however in natural, complex
environments indices areonfoundedby additional abiotic and biotic factors.

AVIs lack generalityor estimating biophysical parameters.

AApart from Vis a large number of powerflternative statistical retrieval
methods existge.g. norparametric regression methods) 10550



Parametricregression
Parametricregressionassumean explicit model

for retrieval N
W W ppy - 570 p531)
ADiscreteband methodg(VIg: =+ == (p570+ p531)
A2-band: SR, NDVI, PRI, ocNﬁYL/
A3-band: TVI, MCARI, SIPI TCARL/054Y1 =3[0~ Pyon)-02{ Py~ P}
A4-band: TCARI/OSAVI (Purn = Pus)(1+0.16){ Py~ P!

(Pusoo = Pusro +0.16) (2)

AShapebasedmethods (hyperspectraldata):

ARededgeposition (REP) E :
A Derivative/Integral indice: M \ m M

A Continuumremoval T P rkeage TF T dervane

(a) (b) (c)
Awavelet -
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Parametricregression 3% 3%

NDVI = 0.72 NODVI = 0.14

NDVI - NIR - Red

NIR + Red

1 Simple and comprehensive regression models;§ Makes only poorly use of the available information
little knowledge of user required. within the spectral observation; at most a spectral
subset is used. Therefore, they tend to be more noise

I Fastin processing sensitive as compared to fupectrum methods

T Computationally inexpensive §  Parametric regression puts boundary conditions at the
level of chosen bands, formulations and regression

function.
 Statistical function accounts for one variable at a time.

1 Alimited portability to different measurement

conditions or sensor characteristics

1 No uncertainty estimates are provided. Hence the

quality of the output maps remains unknown.
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Parametric regression

| S e

Input
parameters

Associat

Remote Sensing Spectral algorithms Ca!i brated Map ‘f’f variable
Imagery (e.g. Veg. Index) (simple) > of interest
- ‘ regression model (e.g. LCC, LAI)
|V = pu.
I',RI - 1
(93704 p331

Validation




Non-parametricmodels(1/2):
Data-driven methods Donot assumeexplicit feature relations

Linearnonparametricmodels

A Stepwisemultiple linearregressionSMLR)

A Principal component regression (PCR)

A Partial least squares regression (PLSR)

A RidgeregressionRR)

A Least Absolute Shrinkage and Selection Operator (LASSO)

PCR PLSR RR & LASSO

4 X3 t Y, Contours of RSS as it
1 moves away from the
minimum

PLS aims to maximise the @ The RR __RSS (Least Square) —

~ PC1 o covariance between Xand Y coefficients ;
T ° coefficients The LASSO
@ X2 U Y, coefficients
By
PC2 X1 o
) s The penalty term shown
—r—> 1, as a constraint region
$ A
Band 1 ° The PLS inner relation RR LASSO
o




Non-parametricmodels (2/2):

Data-driven methods Donot assumeexplicit feature relations

Non-linear nonparametricmodels

Decision Trees (DT)

Hidden nodes layer

Also

A ElasticNet (ELASTICNET)

A Baggingrees (BAGTREE)
A Boostingtrees (BOOST)
A Neuralnetworks (NN)

Support vector regression (SVR)

Kernel ridge regression (KRR)

D, - . -
R™: input feature space K high-dimensional

feature space

N
s N P& (x| B)

O Pl A
s M

K(xi,x}) = exp(=|[x; —xj[|*/(2¢7)).

Gaussian processes regression
(G P R\ R”: input feature space

K high-dimensional
feature

P(¢(x)| B)
L

s
! R 21
' |
PG A)

(b) (b) 2

(x;' —x;")
K(x;,xj) = vexp ( - E %)

b=1

A ExtremeLearningMachines (ELM)

A Relevancevector Machine (RVM)
A GaussiamprocessRegressior{GPR)
A

VariationalHeteroscedasticGGaussian
ProcessRegressionfVHGPR)
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GaussiarProcessefegressioiGPR)

A A GPRmodelis a probabilistic (Bayesian modeldirectlyin function space
with no intermediatemodelor modelparameters

A GPRare equivalentto kernelridge regression leastsquaresuport vector
machines(SVM) Kriging largeneural networks (NN) andvery closelyrelated
to SVMregulazationnetworks.

A GPR alleviatesomeshortcomingsof the previous methods, while
maintaining very good numerical performance and stability:

i GPR is far simplé¢ihhan NN and needdewer sample points)

I Not only a mean predictiorfor each samplepixel), but also a full distribution over the
output valuesncluding an uncertainty of the predictioriconfidence interva). J

I GPRorovide a ranking of features (bands) and samples (spegttAjs partlyovercoming
the blackboxproblem. J

A http://www.rainsoft.de/projects/gausspro.html

A regression curve plot by the " Gaussian Process Regression

More infO on: httD://WWW.anSSianDrOCESS.OrQ/ . . Applet” using 11 data points. One can observe that uncertainty
Rasmusserand C Williams>aussiarProcesse$or MachineLearning 2006 goes down when multiple data points are aggregated together. 16/59



http://www.rainsoft.de/projects/gausspro.html
http://www.gaussianprocess.org/

Training

ExampleGPR -

Data
St Dev
Chl /cm2
Chl [ug/cm?] g |
RGB CASI 0 5 10 15 30 25 30 35 40 45 5O 55 60 €5 0 5 10 15 20 25 30 35 40 45 50
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Non-parametricregression

1  Fullspectrum methods. They make use of the complete  {  Trainingcanbe computationalexpensve.

spectral information. _ _
1  Hypercomplexmodels can be generated. Their generic

1  Advanced, adaptive (notinear) models are built. potential is limited and hence they do not generalize well,

) . based on the training data (problem of ovditting).
1  Methodologically, accurate and robust performance is

enabled. 1  Someregression algorithmsare difficult (or even impossible)

) ) to train with ahigh numberof samples.
1  Some MLRASs cope well with datasets showing redundancy

and high noise levels. 1  Expertknowledge is requiredge.g. fortuning. However,

) ) ) o toolboxesexist automatingsomeof the steps in this sub
1  Once trained, imagery can be processed time efficient.
process.

1  Some of the nomparametric methods (e.g. ANNS, decision
) ) ) Someof the methodscan be considered aslackboxes.
trees) can be trained with a high number of samples
(typically >1,000,000). 1  Someregression algorithmelicit instability when applied

S with datasetsstatistically deviating from the datasets used
1  Some MLRAs provide insight in model development (e.g.
. for training.
GPR: relevant bands; decision trees: model structure).

1  Some MLRASs can provide multiptutputs (e.g. PLRS, ANN,
SVR, GPR and KRR)

1 Some MLRAs provide uncertainty intervals (e.g. GPR).
18/59



Input
parameters

Associat

. | o Trained 1 Map of variable
Ren"ulcr:;cz 5:n5|ng | Band 5e|ect@ﬂ [ — > of interest
gery | transformation regression m{)dE'J (e.g. LCC, LAI)

k

Validation




Physical interpretation of RS

Remote RT
. RT Models
Sensing [ State
Data Invertible models Variables
A
Some
Radiative transfer models: relationship
ATry to predict RS data based on a function of the v
RT state variables :
ATwo categories of RT models: Vanable
A Economically invertible models: of
‘ typically designed for simple scenes, have a
few number of state variables (e.g. SAIL, RPV) Interest

A Non-economically invertible models: typically
- - designed for complex scenes, have a large
- number of state variables (e.g. DART, Drat)
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Background

Solar
radiatio%

Forward
modeling

Satellite
sensor

s

Inverse
modeling

RT M S PhysicadlhbasedRTMapproaches
Development/
Evaluation Retrieval Design

Spectrd Vls Mapplng
biophysicalparam.

mission
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