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Quantification of vegetation properties from optical data
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L sentinel-s@, flex
What is sun-induced chlorophyll fluorescence (SIF)?
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Tandem mission concept driven by synergy:

- S3 OLCI & SLSTR used for FLEX atmospheric correction
- Synergy of S3 OLCI and FLEX-FLORIS for improved biophysical parameter retrieval.
- S3 & FLEX products used as mputs in photosynthe5|s model (COZ assimilation)
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Synergistic approach to quantify photosynthesis RN
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How to quantify vegetation properties?
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Today we will learn:
Semi-automated mapping of vegetation properties from optical RS data

Solar
radiation

Satellite
.’ sensor

[ «) QQ
Forward

modelin o Inverse
g ”"” modeling

« What are biophysical parameters?
« Why is it important to quantify them?



The problem:

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 local or global scales by looking at bio-geo-
chemical cycles, atmospheric situations, ocean/river/ice states, and
vegetation dynamics.

Main parameters: crop yield, biomass, leaf area coverage, chlorophyll
content, fraction vegetation cover, GPP.....

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

The objective: Transform measurements into biophysical parameter
estimates.

The data:

* Input data: satellite/airborne spectra, in situ (field) radiometers, or
simulated spectra by RTMs

* Output results: estimation of a biophysical parameter Lt veance




Introduction retrieval biophysical parameters

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 radiative transfer models (RTM).

Statistical approaches Physically based RTM approaches

Scatter, Correlation, and Regression {
Design
') i 4 e 3
w | %

—
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Retrieval

Vis
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Retrieval of (continuous) vegetation properties

.. Map of a vegetation
Remote sensing image

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: parametric and non-parametric:

* Parametric models rely on some physical knowledge of the problem
and build explicit parametrized expressions that relate a few spectral
bands with the biophysical parameter(s) of interest.

* Non-parametric models are data-driven models. They are adjusted to
predict a variable of interest using a training dataset of input-output
data pairs.

2. Physical: try to reverse RTMs.

* Physically based algorithms are applications of physical laws
establishing photon interaction cause—effect relationships. Model
variables are inferred based on specific knowledge, typically obtained
with radiative transfer functions.

3. Hybrid:

* A hybrid-method combines elements of nonparametric statistics and
physically based methods. Hybrid models rely on the generic
pr%perties of physicallfy based methods combined with the flexibility
an hcodmputational efficiency of nonparametric nonlinear regression
methods.

Hormalised Difference Wegetation Index (NDW1
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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 leaf

NDV/ = (pNIR - pRED)
(pNIR +pRED)

Normalized Difference Vegetation Index

canopy




Statistical interpretation of RS

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

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

* These analyses allow to determine IF there is a relationship, not WHY there is a
relationship.

* Linear 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 confounded by additional abiotic and biotic factors.

* Vis lack generality for estimating biophysical parameters.

e Apart from Vls a large number of powerful alternative statistical retrieval

methods exists (e.g. non-parametric regression methods). 16/44



Parametric regression

Parametric regression assume an explicit model
for retrieval SR

W )
= =k (9570 + pb31)
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Parametric regression:

Heathy Vegetation  Stressed Vegetation

50% 8% 40% 30%
NIR Red NIR Red

W

1 4 S 1 4
- o L X 4
NDVI = 0.72 NDVI = 0.14
_ _NIR-Red
NDVI = NIR + Red

(Fonte: http://odis.caindvihtml)

_ strengths Weaknesses

T

Simple and comprehensive regression models;

little knowledge of user required.

Fast in processing

Computationally inexpensive

T

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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Input
parameters

Associat

Remote Sensing Spectral algorithms Ca!i brated Map ‘f’f variable
Imagery (e.g. Veg. Index) (simple) > of interest
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Validation




Non-parametric models (1/2):
Data-driven methods: Do not assume explicit feature relations

Linear nonparametric models:

Stepwise multiple linear regression (SMLR)

Principal component regression (PCR)

Partial least squares regression (PLSR)

Ridge regression (RR)

Least Absolute Shrinkage and Selection Operator (LASSO)

PCR PLSR RR & LASSO

X Y Contours of RSS as it
3 t 3

moves away from the

minimum

PLS aims to maximise the @ TheRR

: __RSS(Least S
g PC1 . o covariance between Xand Y coefficients c‘o:faﬁ p e::: re)
c
@ X; % Y, coefficients
A Bl
PC2 Xy o
s The penalty term shown
ey (e 11 as a constraint region
> A
Band 1 0 The PLS inner relation RR LASSO
°
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Non-parametric models (2/2):

Data-driven methods: Do not assume explicit feature relations

Non-linear nonparametric models:

Decision Trees (DT)

@ B
g5 R
o

Neural networks (NN)

Hidden nodes layer

Also:

* Elastic Net (ELASTICNET)
* Bagging trees (BAGTREE)
* Boosting trees (BOOST)

* Neural networks (NN)

Support vector regression (SVR)
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* Extreme Learning Machines (ELM)

* Relevance Vector Machine (RVM)

* Gaussian process Regression (GPR)

e Variational Heteroscedastic Gaussian
Process Regression (VHGPR)
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Gaussian Processes Regression (GPR)

* A GPR model is a probabilistic (Bayesian) model directly in function space,
with no intermediate model or model parameters.

* GPR are equivalent to kernel ridge regression, least square suport vector
machines (SVM), Kriging, large neural networks (NN) and very closely related
to SVM regulazation networks.

* GPR alleviates some shortcomings of the previous methods, while
maintaining very good numerical performance and stability:

— GPRis far more simple than NN, and needs less sample points ©

— Not 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). ©

— GPR provide a ranking of features (bands) and samples (spectra), thus partly overcoming
the blackbox problem. ©

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

inf -h . . A regression curve plot by the " Gaussian Process Regression
More info on: ttp.//www.gaussmnprocess.org/ Applet” using 11 data points. One can observe that uncertainty

Rasmussen and C Williams, Gaussian Processes for Machine Learning, 2006 goes down when multiple data points are aggregated together. 22/44



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

Training

Example GPR -

St Dev
Chl [ug/cm2]

Chl [ug/cm?]

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

TR
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Non-parametric regression:
 stengths | Weaknesses

T

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 MLRASs can provide multiple-outputs (e.g. PLRS, ANN,
SVR, GPR and KRR)

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

f

T

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.
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SPECTRAL RADIANCE (Wicm' s

Atmospheric models

RPV model

Support

BRDF apps Spectral unmixing Classifiers
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ARTMO v. 3.24

http://ipl.uv.es/artmo/

-
4 ARTMO [v. 3.24]

File  Models

Forward  Retrieval

Tools Help  Plugins

Project Description
Project Name:
Comment:

Sensor; |[NO SENSOR

-

LUT Class by map | | LUT Class by User

File Models Forward Retrieval Tools Help
Project B Leaf T Leaf j — Sensor Show Log
DB adminstration Canopy - Canopy m Graphics User’s manual
Settings Combined — Combined SPITRESE Spectral resample Installation guide
Model inputs --I GSA T Disclaimer
2 New v Emulator Info license
PROSPECT 4 =
J2e | New DB Load PROSPECT 5 —
Load Change DB Rename
PROSPECT-D - ;
Delete T GSA configuration
DLM
Update GSA results
i LIBERTY
etainfo Fluspect-B
| = [=]
LUT class v 4 MLRA Toclbox [v. 1.21] [ g
Project e | Input  Settings  Validation Retrieval Tools Help |
Database FLIGHT ‘ ‘
INFORM
v
SCOPE



http://ipl.uv.es/artmo/

Open Matlab and provide the ARTMO path
In Matlab Command Window: artmo

| B e
@I Search Documentation PB

4\ MATLAB R2014b

Il

HOME ) ZELELOE

[ Iflj:l ™~ @ iz, New Variable |s Analyze Code E {0} Preferences % (% Community
= [l Find Fies = (%] & N &
_ tjj Open Variable éf Run and Time ﬁ Set Path 3 Request Support
New New Open |1z] Compare Import Save Layout Help
scrpt v - Data Workspace [ Clear'Workepace w |7 Clear Commands w v ||| Paralel = ¥  OjAddOns v
FILE ——TTTS— EHVIRONUENT RESOURCES

<7 52 b D: ¥ Jochem ¥ Google Drive ¥ ARTMO tutorial » WHISPERS_2014 » ARTMO » - R
Current Folder Workspace @
Name Name Value
apps
db
main
models
modules
mysql-connector
#] artmo.p
] artrmomodel.mat
|| outmodel
] rutas.mat
Details v
) DB settings con... |HJE E3
Select a file to view details Host DB: n ARTMO [v. 3.23] - X
File Models Forward Retrieval Tools Help Plugins El
Fort - .
I — Project Description
*| Ready DB name Project Name:
est
Comment:
2 = Uszer:
e [ s, }w Sensor: NO SENSOR "
I | PoEe]
P LUT Class by map LUT Class by User
o |
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Schematic overview for systematic evaluation of nonparametric

regression models to estimate biophysical variables

Settings Validation

Database
[spectral+
variables]

T/V

% Training data/ %
validation data

v

Spectral
data

\ 4
Training Validation
Spectral Biophysical Spectral Biophysical
data variables data variables
-
. Regression Developed Goodness-of-
Noise > & . > P > . .
algorithm model fit statistics
To account for natural
variability

Estimated
biophysical
variable

Optimized
model

!

Biophysical

variable map
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Outlook:
MLRA mapping based on User data

User Input data Training data Validation data
MLRA setting
Validation Remote Variable of

Sensing Data 71 |Single output Multi-out put interest

Mapping MRas | %" | MLRAs {e.g. Chl, LAI)
L
i

Validation

MLRA toolbox

)

Single-output B =] 3
£J) EditPad Lite 7 - [C\Users\Jochem Verrelst\Dropbox\ARTMO\HyMap\SPARCO3_spectra_BiophDat.. = O | = || ata 1= T =10

~ nds tools. ~
Fle Edt Search Go Block Extra Convert Options View Help NOGiUCERa
" Impol ata
DB - [0-0- 4D RB¥ABIEE-IT-0-6-@-@ Class: [Fullimgs =
[ 71 SPARCOR_specta BiophDetats dbLE0_yMap ARTMO 1 Taxt Ble) [2yPrart ichSPARCD_spocira_BiophDatal_BLEO_Hyhap_ARTMO_ph — MILRA Satting
(3 1 2 3 a
o s s s ss T 7 E R - select | MLRA approaches
OO SO D O . : C ——— T Loostsauores Inearregression 5
e ©5.39  65.39  65.39  €5.39 ° 3 2 | I Principal components regression
o 125.99 125.99 125.99 125.99 o omm  owm 0w = z
a50.0 195 308 4 185 23 Bl I”  Partial least squares regression
s2.a 197 222 o7 243 6| w2 197 ot
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5241 a2 ses 675 579 > 10 st wn Bnnetinn trase
s:ls 65 e 8w 73 ] s 625
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X R ———
ei6.5 285 36 a5 a7 5ol Geserpoen — RTM data [0 - <100%] —— — USER data [0 - <100%] ——
< D closstine [ Ads
&l = | 2 I a . o T T ) UED I Range Train I~ Renge
Regex Dot Case Adspt Words Filer * - 1~ Line vert| . ~| 8 [P e o
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MLRA mapping based on User data

To train and validate single-output and multi-output MLRA models and apply it to an image
using a field dataset.

The procedure will be as follows:
1. User data: Insert field data for training and validation

2. Single-output: Choose single-output MLRA models and define training/testing partitioning
3. Validation: Validate the defined MLRA strategies
4

Retrieval: Apply the best one to a remote sensing image.

"4 MLRA Toolbox [v. 1.21] T
Input  Settings  Validation Retrieval Tools Help
E—
L_Input Settings ValidationN, Retﬁeva!;}IOOB Help
RTM data Single-output \{ [ New Save | User's manual
( User data > uIti-output Load Load Installation guide
Load image Test database —— | Disclaimer
{optional) Settings
Load land cover class View maps
(optional) View figure
Select project Rename
Edit settings Delete
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Input: User data (e.g. field data)

User data for training and validation requires one input file, including:
1. Biophysical parameters (e.g., LAl, chlorophyll content,...)

2. Associated spectra (e.g., obtained from a remote sensing image)

User data need to be organized in a matrix format in plain text file, according to example below:

&) EditPad Lite 7 - [C:\Users\Jochem Verrelst\Dropbox\ ARTMO\HyMap\SPARCO3_spectra_BiophDat.. — =
Eile Edit Search Go Block Extra Convert Options View Help
O |~ |O-O-l#40D BV AREE-|IT-0-0-8-@
Input
Pa rameters
Associated
Wavelengths
spectra

. : : -
Begex Dot Case Adapt Words File- ®'-c Deee ine [nwvert -
RegSE S B ~ Find Next(FB]! I | !g P
1= 1 Insert Windows 1252 -—  Find the next search match after the current position of the te:

*  Make sure to fill up the whole Matrix! In case of empty cells, use NaN and remove those samples in the following

step.
* Make sure that wavelengths are the same as the remote sensing image! They need to match. A band selection or

band transformation can be later done in Settings.
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Import User data window

Save and load
inserted data

~- " ''SER data

Control delimeter Import USER data
character or R up —

. extfile “\HyPlant_Julich\! tr
header lines S P

[— Option text file x

Delimiter character HeaderLi L o! 2 1.,1 9= -

; 0 48.5000 485000

o 0 3 3

A sample of the o  o0s00 03100
. . 443 185 213
input text file is 462.4000 197 22
[ 3 m113n411s1xs1171wns x e e 24
visualized. LA b L 493,400 206 251
140141!421531441451461471 508.5000 260 307

Iﬁ 048 5 5241000 472 508

48 539.4000 625 637

554.9000 646 666

4

Chosen input
parameter and [ Toc

corresponding co!umnl 3 I""""‘"""

Parameter

Line Select Column

Unit

Combmedl

48.5000

:“ I on top (rows)
and spectra

0.3700

308
307
325
351
429
675
828

862 o
»

bnversion factor: 0 0001

Sel...| Descripcion |Co...|
Parameters can be 1D class ine [— i | [FEF comra 2
combined (product) i O Smts | o
| Select |  Parameter | Linel | line2 | 3 ['; EZ:::::; ;
I 1| T Lec 2 g S M Column#6 6
Inserted input B E o |5
2 7 retieme wn n

parameters Delete selected | Deleteat | _ A1 | Clearau |

1. Browser: Import User data file.

Inspect if right data in left panel. By clicking on OK data will appear in right panel.

w

combined.

Define the row where spectra starts.
If needed, convert spectral data.
Option to remove samples.

Configured input data can be saved and loaded as .m file.

® N o U s

Finally, click on Import.

INnput

< User data >
age

{(optional)
Load land cover class
{(optional)

Selected
input data:
parameters

below
(columns).

Starting line
=spectra. Convert
units if needed.

Option to
remove

samples.

Define a row with a parameter to its line. Click on Add. Multiple parameters can be define by repeating this step. Parameters can be
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Single-output Settings

Option to apply a
band subsefection

or transformation |

if a fand cover map
has been provided, >
per clas scan be
configured.

Multiple regressors

J Single-output [_ [T X] |
Bands tools ]
Class: IFuH_nmage ;l

— MLRA Settings

Select I MLRA approaches

el 2ast Squares linear regression -~
[~ Princi)al components regression
ial least squares regression

[T  Regressiontree

can be sefected

if RTM data is inserted
it can serve for training
or validation

-

RTM data [=0 - <100%] ——— R data [=0 - <108

Train I I” Range

Only train J Only Yal

[T  Baggingtrees =
N

— Ranctin~ traacs

Parameter Gaussian Noise [0-100%] I [~ Range r
Spectral Gaussian Noise [0-1 00

Settings

Single—outpuD_

Multi-output

Options to add noise
to parameters and
spectral data

Options to controf

— the training/validation
partitioning for user
data

<_ Finished 2

1. Select the MLRA to be trained and validated.
The option to add Gaussian noise is provided. A range of noise scenarios can be applied.

Select the User data training/validation partitioning. This will randomly partition the input data in a
training and validation dataset. Make sure to keep some data for validation (thus < 100% training).
Also a range of training/validation partitioning scenarios can be applied. If no validation is required,

go directly to Retrieval.

4. Click on Finished.
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Settings

Multi-output Settings :

<. Multi-output

Prepare models for multiple variables. When multiple input variables have been
selected, the following regression algorithms provide multiple-outputs with the
same single model:

4 Multi-output — x

Bands tocls  Cross-Validation  Advanced options u

* partial least square regression (PLSR)

Class |[Ful_image

* Multioutput support vector regression MLRA Settings
Select MLRA approaches
( M SVR) 1 |:| Partial least =quares regression
° neural networks (NN) 2 ] r.1urtiuut|:.rutsuppurt'.rf..lc1nrregressil:ln
3 |:| Kernel ridge Regression
* kernel ridge regression (KRR) 1 S Neural Network
. . . 5 Mulicutput Gaussian Processes Regression
* Multi-output Gaussian process regression
(MGPR) [] Select al
Parameter Gaus=ian Moise [0-100%]: 0 [ ] Range
Spectral Gaussian Noize [0-100%]: 0 [ ] Range
RTH data [=0 - <100%] USER data [=0 - <100%]
Train [%]: [ Range | Train [2%]: Range
Oinby train Onby Val. Only train Only Val.

Done

The same options as Single-output are provided.
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Cross-validation sub-sampling options

— i | N Bl Figure 1: MLRA: Kernel ridge Regression CV methods: K-fold = S IEN|
- SIHgIE-DLItFl ut - X n mcd oW {]1 = ﬁ File Edit View Insert Tooks Desktop Window Help Options a
— NEAL| kRS UDEL- G080
Al e . . . -
Bands tool Cross-Validation Juctive Learning  Advanced options e load e -
. 6 *
Class |Ful_image Method: ;
MLRA Settings ] il .
- K-fold v :
. - 4 3
Select MLRA approaches £ o
- : Random Rz S
1 [[] Least=guares linear regression P i
2 [] Principal components regression 10 o
3 [[] Partial least sguares regression Done "
4 [0 Adaptive Regression Splines A ‘ ) ‘
. . A 0 1 2 3 4 5 5 T
5 [] Locally Weighted Polynomials Measured
6 [] Random Forest (TreeBagger)
7 [1 Random Forest (Fitensemble) >
- O X
I:l Select all )] mod_cv_02 -
Parameter Gaussian Noise [0-100%]: 0 [] Range
MLRA: Kernel ridge Regression
Spectral Gaussian Noise [0-100%]: ] [ ] Range CV method: K-fold
Statistics | MAE | RMSE | RRMSE | NRMSE | R R2 | Roadj | NsE
> -<= -
RTM dﬂtﬂ [ I:I 1 DD%] USER dﬂtﬂ [}u {1 DD%] 1 |Min 0.3180 0.404% 13.8822 7.3219 0.8978 0.28081 0.4910 0.7840
.I. . % N ) 2 |Max 0.4679 0.6501 19.1126  12.3357 0.9726 0.9459 0.8454 0.9351
rain [%]: D Range Train [%]: Range 3 |Mean 0.3766  0.4970 162467 97396 09445 08928 07129  0.8666
4 |Median 0.3543 0.4829 155446 5.0596 0.9531 0.9084 0.7596 0.9061
Only train Onhy Val. Only train Onhy Val. 5 |sta 0.0554  0.0823 24446 20410 00297 00554 01398  0.0725
6 |var 00031 00085 59750 4165688009e. 00031 0019 00053
Done
oK

» K-fold: The partition divides the observations into K disjoint : D] P
subsamples (or folds), chosen randomly but with roughly equal

Training Test Training | | Training | | Training
.
Size.

Training | | Training - Training | | Training

Training Training Training Training
Training | | Training | | Training | | Training Test

Complete
Data
vy dd

@
8
=4

&
2
£
&

c
2
b
5
i<
a

* Leave-one-out: Leave-one-out is a special case of 'K-fold', in
which the number of folds equals the number of observations.

* Hold-out: This partition divides the observations into a training

set and a test (or holdout) set.
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Validation

v'Start a New validation: provide a name |

<}

Takle name

IS=l B3

Ik

Cancel

Validation

MNew
Load

v'All MLRA scenarios will be trained using training data and validated
against validation data according to goodness-of-fit indicators:

* R, R?, RMSE, RRMSE, NRMSE, ME, MAE

v'Results will be automatically stored in a MySQL table.

v'"When finished, an overview table will appear (see further). Such

overview table can also be consulted when selecting: Load. A

window with generated validation results and metadata will appear:

(see next slide)

~
|4 gui_select_load

Mame

1 |test LCC
PRl te=t_Cas_chl

1 |USER

2 |path: D:\ochem\Dropbox\Dropboxiiy
3 |parameters: Chl

4 |samples: 500

5 |wk72

6 |GEMERAL

7 |date: 11/07/2017 14:07:19.931

Select

37/44




MLRA validation

Options to organize

statistics per Class, .
= fm] P4
Parameter, stat. and
# of best results MLRA validation table:
Class
. lFuﬂ_mge R

Overview of best Tsdect[craphis o] , . o Sl v | e [ wee | e | R

performing MLRAS. i © [ s veeson S e e e e T

The checkboxes __| [ E B f=mmmbre = 4t 20 i b st e i

allow to select a

MLRA model for

retrieval, the graphics

for graphics outputs. | | 0

One20ne ~| Draw IF‘ Export draw Export Table
Graphic options: hm::,::;n = - G Parameter | A mmwz_ Option to export a
. N : rameters Full_image Al Kemel ridge Regression 20 0 o .
1:1-line, sigmas e T - s : s table to a .txt file.
(GPR), and 2D [evory i, '
correlation matrices. — = Selected MLRA
spect_noise ~| min . .
| ey TR . 1 5 mgde/. With Done it

Options to control |'> P Resetsetings [ Expont _Setings | Drawe | e 4= Will be moved to
graphics properties. Retrieval.

1. Choose how to sort outputs, according to parameter, statistic and number of top results per regression algorithm.
Click on OK.

2. Select a MLRA scenario for retrieval (e.g. the top performing one). It will move to lower panel. When clicking on
Done it will move to the Retrieval window (slide 11).

3. Select a MLRA scenario for Graphics plottings: 1:1-line measured vs. predicted. For GPR additional band relevance
information will be provided. Make sure to have User data loaded, because the selected model will be
regenerated.

4. In case ranges were introduced (noise, training/validation partitioning), validation results can be plotted in a 2D-
matrix. Results are plotted according to selected parameter and statistic. 38/44



Retrieval

Options to organize
statistics per Class,
Parameter, stat. and

-} gui_mod_mla09

# of best results g B2ndstods

— Retrieval configuration-

Select per fand cover Select class Mon ParameterYLRalgomhm
class, parameter and |
Full_image Gaussian Processes Regression
MLRA. —|a|
Parameter Gaussian Noise [0-100%] Spectral Gaussian Noise [0-100%] I- 0
Options to add — RTM data [0-100%] R data [0-100%
noise and select ‘l
.. Train I T
training %. Here, oo [ 1
100% training can
% g Delete selected | Delete all |
be chosen.
Class | Parameter | MLRA |spect_no...|param_n.
1 |Full_image LCC Gaussian Processes Regressi... 0
Selected MLRA —T 7
model.
Rl | 2
Mappmg 0,0ﬁOﬂS Select class Parameter Bands _—
|Fun_image i | e =] |setect option: -] oKk |

Retrieval

D

Instead of going through the validation procedure, one can also choose to immediately train a regression model and
apply it to a remote sensing image. User data has for training to be first inserted.

1. Select the parameter and the regression model.

2. Optionally noise can be added.

3. Select the training partitioning. Here 100% training data can be applied. The configuration need to be ADDed and
chosen model will appear in the down panel. In case a model has been selected during the validation step, it will

directly appear in that panel.

Band tools options are provided (e.g. spectral subset, PCA).

5.  When clicking on OK, the mapping procedure will start (see next slide).
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Retrieval

The mapping of selected biophysical parameter requires the following steps:

1. Select the directory with Input images

2. Images according to TIFF or ENVI file format (mcIudln?
images can be selected. They will be processed one-aft

3. Select the Output directory

Retrieval

.hdr file) will be identified and listed. Multiple

er- another

4. When the processing is done, the output maps can be viewed. Select one through Open Map and click

on PREVIEW.

Input image

B et one o multpke fes

T Google Drive » ARTMO_tutorial » ARTMO tutorisl2017 » Dats > HyPlant subset Mulhouse forest

Organize = Mew folder
& _SENSAGRI_DOCS .
8L ARTMO &) 20130616-MULSen-1155-0600-L2-DUAL _refle:
& ARTMO_students &) 20130616-MULSen-1155-0600-L2-DUAL _reflec
&) 20130616-MULSen-1155-0600-L2-DUAL reflect
&) 20130616-MUL Sen-1155-0600-L2-DUAL _reflectance_img,_at
&) 20130616-MUL Sen-1155-0600-L2-DUAL reflectance,

2 Emulators_vs Interpolatior
B2 GP_emulators GSA

8 1TT_FLEX
{88 Jochems_presentations

&) My work
2 Papers_Agata
& personal
& pictures
B Problems ARTMO
[ Sara ARTMO Project
B SENSAGRI_docs
1 tesis_doctoral

& OneDrive

3 This PC

File pame: | 20130616-MULSen-1155-0600-L2-DUAL reflectance_img_stm_pal_smecor.rect_subset_HyMap_rescale

x

)

lbset_HyMap_rescaled_100x100_124bands_lsi_LUT_RMSE hdr
bset_HyMap_rescale
ect_subset_HyMap_
ect_subset_HyMap_rescale
ect_subsetndr

led_100x100_124bands.hdr

EMVI header files (*.hdr)

A drop-down list will show the provided output
layers. One output map can then be peviewed.

Bl Name of ou

& pictu

Output map

tput map:

+ Google Drive > ARTMO_tutorial » ARTMO_tutorial2017 » Data » HyPlant_subset Mulhouse _forest

&) 20130616-MULSen-1155-0600-L2-DUAL reflectance_img_af 0l_s1
&) 20130616-MULSen-1155-0600-L2-DUAL _reflectance_img_a
@) 20130616-MULSen-1155-0600-L2- DUAL reflectanc

&) 20130616-MULSen-1155-0600-L2- DUAL_refl

res

{6 Problems ARTMO

B8 Sara ARTMO Project

{6 SENSAGR) dacs

B tesis_doctoral

& OneDrive

@ This PC

Save

A Hide Folders

astype: | ("hdr)

Bl select output image - X

Open Map Mask £

lai:Total Leaf Area Index v

[ mask VIEW

_rect_subset_ HyMap_rescal
rect_subset_HyMap_rescale
subset_HyMap_rescal
&) 20130616-MULSen-1155-0600-L2-DUAL refl e _HyMap_resc

x
»
- @
led_100x100_124bands

led_100x100_124bands
led_100x100.hdr

aled hdr
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Final maps

|4\| Figure 1

File Edit View Insert Tools Desktop Window ﬂDF
S (4

Ddde R RAROVE LSO a0l

Map of FVC_Estimated

100

200

300

400 r

500 |

600 -

§ 0.9

10.8

10.7

J settingmaps_gui M= B
™

Save Load Sawve colormap

Retrieval

Current Axes IPop-up hienu 'l

— Colormag
Color

j v Flig

IBIack-and-wh'ﬂe

— Save as...
format

IND save T l [ as figure

¥ Show axis V¥ Show Title

Limit [min - max] Papet size (o)
INo change d I a I a IAutD d
Calorbar Legend Resolution [Vt o Heicth]
IEastOutside d IND change j I 300 I v I v
— Mz
— orientation ——

LeN I C

axis limits
’76‘ tight il " auto

= Lzer axis font size

INo change i I

Azpect

(. I . o I
’7 equal image suare normal lm

label fort size

Hlabel IAu‘to 'I I 'I
*label IAuto - l I h I

Sample [~ Setup default

Ok |

. Visl,ualizg’?io)n of an output layer. In Options, map properties can be controlled (e.g. color scale,
color table).

* Make sure to orient the map according to ij for correct orientation.
* The map can be saved according to various vector or bitmap formats. Redundant white space

around the figure will be automatically removed.

* Settings can be set as default — will be automatically applied to subsequent maps.
* Click on Sample to visualize the map. Click on OK to save it away.
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Exercise

Ele Edit Search Go Block Exra Convert Options View Help

v’ Evaluate the performance of MLRAs using a field dataset and S2 spectral
data.
v Apply the best performing regression algorithm to S2 images.

Input  Settings  Validation Retrieval Tools Help

lcee-==|0-0-|«0

HBy|AaBEE-T-6-0-8-@

11

Least squares linear regression
Partial least squares regression
Regression tree

Bagging trees

Brnotinn trace

545
548 548 540 540 540 55151 5151515151 5161515151
5135 535 536 636 536 535 636 536 635,636 55 5269

gui_mod_mlai

Map of FVC_Estimated

S | T | Peere——

[«
Ilarysain. [ on =] oy
_Dels seloced | _ Dolieat_|
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. b
exercise ~¢
. . )'f(
> Subsets S2 before after Kineta fire 1]
LAI=3

Map LAI before and after using a machine
learning regression algorithm (MLRA)
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LAl before LAl after

Map of LAI_Estimated Map of LAI_Estimated

"

-
T
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Relative differences

Relative error map [%]
)125_subset_stacked_LAI_GPR.hdr vs S2A_MSIL2A_20180730T090551_N0208_F
e - S : 150
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Map of LAI_Estimated
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