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How to quantify vegetation properties?

2/482/48



Todaywe will learn: 
Semi-automatedmappingof vegetationpropertiesfrom opticalRS data

ÅWhatare biophysicalparameters?

ÅWhyis it important to quantifythem?
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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 done at localor globalscales by looking at bio-geo-
chemical cycles, atmospheric situations, ocean/river/ice states, and 
vegetationdynamics. 

Main parameters: crop yield, biomass, leaf area coverage, chlorophyll
content, fractionvegetationcoverΣ DttΣΧΦ 

Land/vegetation parameters cannot be estimated directly from optical 
RS data. A model is required!

The objective: Transform measurements into biophysical parameter 
estimates.

Thedata:

ÅInput data: satellite/airborne spectra, in situ (field) radiometers, or 
simulatedspectraby RTMs

ÅOutput results: estimation of a biophysical parameter
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Retrieval of biophysical parameters  from Remote 
Sensing (RS) data always occurs through a model, e.g. 
through statistical models or through inversion of 
physically-based radiativetransfer models (RTM).

PhysicallybasedRTM approaches

Introduction retrieval biophysicalparameters

RTM

Design

Retrieval

Evaluation

VIs

Statisticalapproaches
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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



Model

Remotesensingimage
Map of a vegetation

property

Retrieval of (continuous) vegetation properties

1. Statistical models
1. Parametric regression models
2. Nonparametric regression models

1. Linear 
2. Nonlinear

2. Inversion of physically based radiative transfer models
1. Numerical optimization
2. Lookup-table (LUT)-based inversion
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Taxonomy of retrieval methods, three main families:

1. Statistical: parametricand non-parametric:
ÅParametricmodels rely on some physicalknowledge of the problem

and build explicit parametrizedexpressionsthat relate a few spectral
bandswith the biophysicalparameter(s)of interest.

ÅNon-parametric modelsare data-driven models. Theyare adjustedto
predict a variableof interest using a training dataset of input-output
datapairs.

2. Physical: try to reverse RTMs.

ÅPhysically based algorithms are applications of physical laws
establishing photon interaction causeςeffect relationships. Model
variablesare inferred basedon specificknowledge,typically obtained
with radiative transfer functions.

3. Hybrid:

ÅA hybrid-method combineselements of nonparametric statistics and
physically based methods. Hybrid models rely on the generic
properties of physicallybasedmethods combinedwith the flexibility
and computational efficiency of nonparametricnonlinear regression
methods.
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Retrievalfamilies
Parametricregression Non-parametricregression RTM inversion

Spectralrelationshipsthat are 
sensitiveto specific
vegetationproperties

NormalizedDifferenceVegetationIndex

Modelsthat simulate
interactionsbetween
vegetationand radiation

leaf

canopy

Advancedtechniquesthat
searchfor relationships
betweenspectraldata and 
biophysicalvariables

Methodsof thesedifferent familiescan be combined: hybridmethods
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Variable 

of 

Interest

Statistical interpretation of RS

ÅSimple statistical relationships (VIs) constitute the BULK of RS analysis.

ÅThese analyses allow to determine IFthere is a relationship, not WHYthere is a 
relationship.

ÅLinear methods such as VIs are useful indicators of biophysical (e.g. structure) or 
biochemical (e.g. chlorophyll) parameters, however in natural, complex 
environments indices are confoundedby additional abiotic and biotic factors.

ÅVIs lack generality for estimating biophysical parameters.

ÅApart from VIs a large number of powerful alternative statistical retrieval 
methods exists (e.g. non-parametric regression methods).

Remote 

Sensing 

Data

Statistical relationship

- Parametric regression

- Non-parametric regression
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Parametricregression
Parametricregressionassumean explicit model
for retrieval

ÅDiscreteband methods(VIs): 
Å2-band: SR, NDVI, PRI, OSAVI 
Å3-band: TVI, MCARI, SIPI 
Å4-band: TCARI/OSAVI 

ÅShape-basedmethods(hyperspectraldata):
ÅRed-edgeposition (REP)

ÅDerivative/Integral indices

ÅContinuum removal

Åwavelet

VI Red edge derivative

integral Continuum removal wavelet
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Parametricregression:

Strengths J Weaknesses L

¶ Simple and comprehensive regression models; 

little knowledge of user required.

¶ Fast in processing

¶ Computationally inexpensive

¶ Makes only poorly use of the available information 

within the spectral observation; at most a spectral 

subset is used. Therefore, they tend to be more noise-

sensitive as compared to full-spectrum methods 

¶ Parametric regression puts boundary conditions at the 

level of chosen bands, formulations and regression 

function.

¶ Statistical function accounts for one variable at a time.

¶ A limited portability to different measurement 

conditions or sensor characteristics 

¶ No uncertainty estimates are provided. Hence the 

quality of the output maps remains unknown.
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Parametric regression
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Linear nonparametricmodels:
ÅStepwisemultiple linear regression(SMLR)

ÅPrincipal component regression (PCR)

ÅPartial least squares regression (PLSR)

ÅRidge regression(RR)

ÅLeast Absolute Shrinkage and Selection Operator (LASSO)

Non-parametricmodels(1/2):
Data-driven methods: Do not assumeexplicit feature relations

PCR PLSR RR & LASSO
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Non-parametricmodels (2/2):
Data-driven methods: Do not assumeexplicit feature relations

Decision Trees (DT)

Neural networks (NN) Kernel ridge regression (KRR)

Gaussian processes regression 
(GPR)

Also:
Å ElasticNet (ELASTICNET)
Å Baggingtrees(BAGTREE)
Å Boostingtrees(BOOST)
Å Neural networks (NN)

Å Extreme LearningMachines (ELM)
Å RelevanceVector Machine (RVM)
Å GaussianprocessRegression(GPR)
Å VariationalHeteroscedasticGaussian

ProcessRegression(VHGPR)

Non-linear nonparametricmodels:
Support vector regression (SVR)
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GaussianProcessesRegression(GPR)
ÅA GPRmodelisa probabilistic(Bayesian) modeldirectly in functionspace, 

with no intermediatemodelor modelparameters.

ÅGPRare equivalentto kernel ridgeregression, leastsquaresuport vector 
machines (SVM), Kriging, largeneural networks (NN) and verycloselyrelated
to SVM regulazationnetworks.

ÅGPR alleviates some shortcomingsof the previous methods, while 
maintaining very good numerical performance and stability:

ïGPR is far simpler than NN, and needs fewer sample points J

ïNot only a mean prediction for each sample (pixel), but also a full distribution over the 
output values including an uncertainty of the prediction (confidence interval). J

ïGPR provide a ranking of features (bands) and samples (spectra), thus partly overcoming 
the blackbox problem. J

Åhttp://www.rainsoft.de/projects/gausspro.html
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More info on: http://www.gaussianprocess.org/
Rasmussenand C Williams, GaussianProcessesfor Machine Learning, 2006 16/59
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ExampleGPR

Chl [µg/cm2]

RGB CASI

St Dev

Chl [µg/cm2]
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Strengths J Weaknesses L
¶ Full-spectrum methods. They make use of the complete 

spectral information.

¶ Advanced, adaptive (non-linear) models are built.

¶ Methodologically, accurate and robust performance is 

enabled.

¶ Some MLRAs cope well with datasets showing redundancy 

and high noise levels.

¶ Once trained, imagery can be processed time efficient.

¶ Some of the non-parametric methods (e.g.  ANNs, decision 

trees) can be trained with a high number of samples 

(typically >1,000,000).

¶ Some MLRAs provide insight in model development (e.g. 

GPR: relevant bands; decision trees: model structure).

¶ Some MLRAs can provide multiple-outputs (e.g. PLRS, ANN, 

SVR, GPR and KRR)

¶ Some MLRAs provide uncertainty intervals (e.g. GPR).

¶ Training can be computational expensive.

¶ Hypercomplex models can be generated. Their generic 

potential is limited and hence they do not generalize well, 

based on the training data (problem of over-fitting).

¶ Some regression algorithms are difficult (or even impossible) 

to train with a high number of samples.

¶ Expert knowledge is required, e.g. for tuning. However, 

toolboxes exist automating some of the steps in this sub-

process.

¶ Some of the methods can be considered as black boxes.

¶ Some regression algorithms elicit instability when applied 

with datasets statistically deviating from the datasets used 

for training. 

Non-parametricregression:
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Non-parametric regression
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Physical interpretation of RS

Remote 

Sensing 

Data

RT   

State 

VariablesInvertible models

Variable 

of 

Interest

Some 

relationship
Radiative transfer models:

ÅTry to predict RS data based on a function of the 

RT state variables

ÅTwo categories of RT models:

ÅEconomically invertible models: 

typically designed for simple scenes, have a 

few number of state variables (e.g. SAIL, RPV)

ÅNon-economically invertible models: typically 

designed for complex scenes, have a large 

number of state variables (e.g. DART, Drat)

RT Models
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PhysicallybasedRTM approachesRTMs

DesignRetrieval
Development/ 

Evaluation

Spectra/ VIs

Background

Mapping
biophysicalparam.

mission
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