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— Biophysical parameter retrieval
— Nonparametric regression for retrieval of biophysical parameters
— ARTMO

e MLRA toolbox

MLRAs
— MLRA settings
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Basics biophysical parameter retrieval

= al-

Retrieval of biophysical parameters from optical EO
data always occurs through a model; e.g. through
statistical models, through inversion of physically-
based radiative transfer models (RTM), or through
hybrid forms.

Statistical approaches Physically based RTM approaches
Scatter, Correlation, and Regression ,

—
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Evaluation
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Parametric — Nonparametric — Physically-
based inversion

* Parametric regression: Some constraints introduced
* Nonparametric regression: No constraints in developing models

* Physically-based approaches: Inversion of RTMs using parametric or non-
parametric inversion techniques (i.e., hybrid forms).

Nonparametric regression is a form of regression analysis in which

the predictor does not take a predetermined form but is constructed according to
information derived from the data. Nonparametric regression requires larger sample
sizes than regression based on parametric models because the data must supply the
model structure as well as the model estimates.

Nonparametric regression based on machine learning algorithms:
* Linear transformations: PCR, PLS
* Non-linear transformations: NN, GPR, KRR, SVR.
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Nonparametric regression

Pros © Cons ®

— Powerful — Portability?
— Relatively fast

— Additional features

— Black-box (for the majority)
— Difficult to use

— Multi-output
Operational retrieval of biophysical parameters
. : v MERIS
Neural networks coupled with RTMs widely used but face v SPOT.VGT

limitations: black box, unstable, difficult and slow in

o v Sentinel-2,-3
training.

* The ability of NN to process hyperspectral data?

* Towards new generation of MLRA regressors for operational use.
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V3: Modular design

Simulations according to a
predefined sensor setting

Laboratorio de Procesado de Imagenes
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File  Models Forwa

rd

hodules

Retriewval

— Project Description
Project Mame:

Comment:

? Senzor; MO SENIOR

-

LUT Class by map ] ’ LUT Class by User ]

¥

{ File Models Forward
Load Project Leaf i Leaf
New Project Canopy T Canopy
DB adminstration - Combined i| Combined
Settings —
Model inputs B v
é PROSPECT 4
Save New DB PROSPECT 5
Load Change DB FluorMODleaf
Delete i
Import DB 4SAIL
Export DB FLIGHT
Analyze DB FluorSAIL
v v
LUT class SLC
Project SCOPE
Database
[ )

Modules

Sensor
Graphics

Retrieval

Spectral Indices
Machine Learning
LUT-based Inversion

Leaf

RTMs

~

Canopy

. <:| All models and modules can be
accessed from the Menu bar

LUTs can be configured per land
cover class or defined by user.

RTMs

layers

W ]

N-fluxes

Compact spheres

N e o]

> \i\ i\ \\

Ray tracing

M e

Simulations can be done for any sensor in 400-2400 nm range.
Input, output and metadata stored in MySQL running underneath.

Turbid medium

W

Hybrid

Geometric

@

Volumetric
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Load images & dass Input MLRA Settings TestMLRAs Retrieval Tools

L Load Image & Class | Input MLRA setting | | Test MLRAs | Retrieval Tools
Load Image | RTM data - Single-output Load test Save
Load Class User data Multi-output New test Load
Test database | |
Select project View maps
Edit settings Settings
When loading a land Input data can come In ‘MLRA setting’ multiple L y—
cover map then either from RTMs, from MLRA retrieval strategies Delete
retrieval strategies can field observations or can configured, either
be optimized per class. from both. single-output or multi-
output
In Test MLRAs, run Manually set up a ‘“Tools’ offer various
tests with the MLRA retrieval options to manage the
predefined strategies or strategy or select an MLRA Module.
. earlier evaluated
load an existing test strategy.
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Implemented MLRAs

Gaussian Processes
Regression (GPR)

Training Mode

Kemel ()
bk k]
Foat le o R

5o

£ 0%,=F,
Prediction Mode
Knaﬁa:}%ﬂ&“-'
© Robust regressor
© Robust regressor

© Rather fast

®  Prone to outliers

© Transparent: provides insightin
relevant bands and samples

© Provides addtional confidences

@ Difficulty with many training
samples, e.g. > 2000

Linear nonparametric regressors:
* Linear regression (LR)
* Partial least squares regression (PLS)

Kernel ridge
regression (KRR)

ARY

Artificial Neural
Networks (NN)

Input 1 Stand

I 2 ( R __ Output
quti’ .s:;: \ s:.gor: /
ﬂ/\ /N/

Input 3 Stand \J
ardize

© Robust regressor

Ability to detect complex nonlinear
relationships

Once trained, fast in applying to
images

Lack of transparency
prone to overfitting

Computationaldemandingin the
training phase

Alternative regressors are planned to be added: PCR, LASSO

Support vector
regression (SVR)

Robust regressor
Robust to outliers

Provides some information
through support vectors

Computational demanding
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MLRA settings

Data:
/n gui_mod_mlalé =T = SPARC campaign, Barrax,
. . Spain
Class: |Ful imegs If active, configure per
— MLA Settings land cover class.
Select | MLA approaches
1 |:| Gaussians Processes Regression |~
2 |:| Kernel ridige Regression <j SeIeCt a MLRA
3 [ Linear Regression E
4 |:| Meural Metwork 3
5 |:| Partial least squares regression i
Parameter Gaussian Noise [0-100%] | 0 | [7]Range <:I Options to add noise Field data:
Spectral Gaussian Moize [0-100%] 1] [T Range e LCC measured with
RTM data [0-100%] — — LISER diata [0-100%] . CCM-200
: . . . * LAl measured with LiCor
Train Range Train [ Range Option to mix RTM with N
Only train [ Only test Orly train || Only test field data
— Wavelength Settings Spectral data:
D | Select| hodel % informa... * CHRIS mode 1 (62
1 |Banc 1 410 5600 0 = Option to select bands (manually or bands; 34m) nadir
7 |Band: 2 441 3700 o . spectra
3 |Band: 3 451 2400 0 automatically through mutual _
_ . . . * HyMap (5 m resolution;
4 |Band: 4 4605600 0 information: band with most 195 bands - 4502500
Band: 5 7l 471 0500 o . . . . ands; -
3_{Pen - information first) -
) (g )
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Results test

) MLRA test table: CHRIS_PROSAIL_USER_LAI_ converted =10 x]
MLRA test table: Results can be organized according to land cover
Class Parameter Top class, parameter, cal/val, and statistical output
|Full_image e =] nrmse 2 oK_|
select |Graphics ... MLA |spect_... |param_n... | model_train|user_train|  ME RMSE |RELRMSE | NRMsE | MaE | R
EN N " Kemelridge Regrassion 20 0 0.1000 0 01017 12031 468297 202876 09536  0.7494
2| O [ Partial least squares regression 20 0 02000 0 03863 12921 502973 217898 09377  0.734¢ .
s | O [”  Gaussians Processes Regression 20 0 01000 0 02049 14884 57.9376 250898  1.0603  0.5971 Overview of results. Here, best
la | O " Lnear Regression 20 0 0.3000 0 02859 16949 659738 285813 12989  (0.668: -
results per Sl andcurve fitting
« | 2 Options to plot all kinds of

TP | oo | cooton [ output and export results
|Llnear Regression = | Class Parameter MLA spect_no... param_n... |model_
r— Fixed parameter LFull_image LAl iernel ridge Regression 20 0 0.

Empty = e -l .

— gl T Selected strategies appear here and can
—Draw Panel be transported to the Retrieval module.

Axis X IErnpty j min I 0

A3 [Empty o] mex | 50 4 »

| Reset settings I~ Export Settings | Draw Done

output 2D results
Q P GPR bands 1D results
1 : 1 Gausssh‘lao:‘ssepzrscres;?: r\:?oe‘sg;e;swn RELRMSE _user_lai_Neural Network

&
training

Estimated
@

Case study
SPARC-CHRIS

0
0 002 004 006 008 01 012 014 0.6 018 0.2

training
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LCC — User data (SPARC - CH RIS) I .
MLRA Spectral *, ining[%] RMSE NRMSE [%] R2 )
noise [%] & 17 ? : ”

Kernel ridge Regression 0 95 0.97 1.89  0.998 i
Gaussians Processes Regression 0 90 1.03 2.02 0.997 5. "
Neural Network 6 90 1.50 2.95 0.995 ' 10
Linear Regression 0 95 2.71 5.31 0.988 ’
Partial least squares regression 10 95 2.90 5.69 0.991 N O ‘
PLS ) KRR GPR )
ﬁ Hz. | ! 2D

0 2 4 [ g8 10 12 14 16 18 20 o 2 4 ] B ID 12 14 18 18 20 o 2 4 ] 8 10 12 14 16 18 20 ] 8 ID 12 14 186 18 20
spect_noise spect_noise spect

* LR poor, only suitable with hlgh tralnlng.

* PLS somewhat better, but not excellent performances. Needs noise. S| 3-bands LR:
* NN behaves erratic: can lead to good performances but unstable. R2:0.91
*  KKR: Excellent performances, very robust. NRMSE: 8,25

*  GPR: Excellent performances, robust.
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LAl — User data (SPARC - CHRIS) R

40

Spectral - »
MLRA noise [%] training [%s] RMSE NRMSE [%] R2 )
Kernel ridge Regression 0 a0 0.15 2.75 0.99 »
Neural Network 0 90 0.19 3.42 0.99 ®
Gaussians Processes Regression 0 90 0.22 3.98 0.99 ::
Partial least squares regression 10 95 0.21 5.55 0.99 5
Linear Regression 2 90 0.36 6.65 0.96 T ooz e m
PLS KRR . GPR .

* LR poor, only acceptable with high training. ) )

* PLS somewhat better, but not excellent performances. Needs noise. S| 3-bands LR:

* NN behaves erratic: can lead to good performances but unstable. R2:0.91

* KKR: Excellent performances, very robust. NRMSE: 6,73

*  GPR: Excellent performances, robust.
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Retrieval

) gui_mod_mla0g9 o ]
— Retrieval configuration

Select class Inversion Parameter MLR algorithm

IFuII_image j ILAI j IGaussians Processes Regression j

Parameter Gaussian Moise [0-100%] I 0

— RTM data [0-100%]

Spectral Gaussian Noise [0-100%] I 0

USER data [0-100%]
Train | ™ onlytrain I Only test ’7Train | ™ Onlytrain I~ Only test
Delete selected | Delete all | Ll
Class | Parameter | MLR.A |spect_no...|param_n.
1 [Ful_image LAl Kernel ridge Regression 20
Rl | i
Select class Parameter
|Full_image | -] selectbandas| ok |

Case studies:

Manual options

Options to select land cover class,
parameter and algorithm.

Options to add noise, select
user/RTM and train/test data
distribution.

&

Selected strategies, from above or
imported from earlier test.

<:| Plotting options

* Applying GPR to images because of additional features - LCC
* The same SPARC-trained model has been applied to various CHRIS images.

* Also HyMap data was processed
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Portability Barrax Jul 03

SPARC-trained
GPR model

CHRIS
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SPARC — HyMap - LCC

“ PLS Regressor Training [%] RMSE NRMSE R2
a ' Gaussians Processes Regression 80 1.73  3.51 0.99
Kernel ridge Regression 80 231  4.71 0.99
=T L. Neural Network 80 2.71 551 0.98
-l . Partial least squares regression 80 8.16 16.61 0.90
i Linear Regression 80 23.21 47.23 0.05
sl 1E+16 -
e 10 15 20 25 s 35 a0 a5 = iij: GPR - The lower the Most relevant bands (0<3 ):
moasured 1413 4 Sigma the more relevant 462, 508, 585, 600, 662, 1340,
112 | the band 1461, 1475, 1747, 1759, 1771,
oo | 2008, 2027, 2136, 2241, 2389,
16409 | 2421, 2437, 2468
100000000 -
10000000
3 1000000 -
g 100000 -
i 10000 -
1000
100 -
e N1 T ‘|‘|,|,|‘|‘|,|,|,|,|,|,|,|,|,|‘|II||III|||||||||I|IIIIIIIIIII. e g )|
182 3INT 2373352233588 52233282239z33¢
SFRBERERASECRBEEIES88ERE888 088088

Measured

Note that PLS performs considerably poorer. GPR insight in relevant bands
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LCC map

HyMap flight line
* 5 mresolution
e 125 bands

7o

so

NRMSE: 3,51%

GPR mean estimates, uncertainties and relative uncertainties
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SPARC - HyMap - LAl

- NN - Regressor Training [%] RMSE NRMSE R2
I a Neural Network 80 0.28 5.24 0.96
. Gaussians Processes Regression 80 0.30 5.66 0.95
l Kernel ridge Regression 80 0.37 6.95 0.93
di % Partial least squares regression 80 0.67 12.59 0.80
AE Linear Regression 80 2.72 51.10 0.19
% 2 2 . . . o 1000 -
GPR - The lower the sigma Most relevant bands (0<3): 478,
723, 1257, 1271, 1327, 1795, 1807,
o the more relevant the band
1970, 2483
GPR ’ 100 1
1 1::mmr\<ro-=rm‘:m<r_hmgolzmlﬁqo\—c\oqvlom\—cmogqul‘é‘g
S §EF3PCE55Z23598558 88858855538
Measured ox
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LAl map M

HyMap flight line
* 5 mresolution
e 125 bands

NRMSE: 5,66%

o ——o

Uncertainties poorer; both over vegetated and non-vegetated surfaces.
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Multi-output CHRIS-SPARC

) Multi-output [_ (1] x]
J gui_mod_mlaD9 [ [T1=]
Class: IFuII_\mage j et .
I g Select class Inversion Parameter MLR algorithm
Seleck | MLRA approaches |Fu||_|mage =l |Mum—uutputs =l IKerr\e\ ridge Regression |

1 ~ Kernel ridge Regression LCC I H I Parameter Gaussian MNoize [0-100%] 0 Spectral Gaussian Naise [0-100%)] [

2 1= MeLral Metwark RTM data [0-100%] USER data [0-100%]
3 = Partial least squares regression i
i 0t Train I~ onlytrain = Onlytest || Tramn a0 I~ only trein, I Only test

MLRA RMSE NRMSE R2 |RMSE NRMSE R2 | |

— I:> KRR [4.06 7.96 0.96/0.36 6.43 0.96 I:> DT — T ————
Parameter Gaussian Moise [0-100%] o o Range
Spectral Gaussian Noize [0-100%] ID— |- Range N N 3.93 7.70 0.96 0.5 1 9 .06 0 .9 2

RTM diata [0-100%]

o el ( | PLS |8.26 16.21 0.83/0.60 10.59 0.90 | ssssssan

ADD

Train I a0 I” Range
Select class Parameter

I™ | only train. I Gnlytest Fuil _image | ti-cutputs | Selectbands | 0K 5'

I Gy train I | Onily test

Pl

(o] | Select | Model |°.-’o inFUrmat‘..l Q
1 |Band: 1 I 410.5600 0 ﬁl 1Al
12 Bz | 441.3700 0 - y/ LMl
| 3 |pand 3 ~ 451.2400 a
4 |Banct 4 v 45058500 i y
5 |Bane 5 ~ 471.0500 0 ,
A IRara & = Afd annn n LI Q

Al Ranking Clear all |
Finished |

]

Faster but not
necessarily better.
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Coupling RTM (PROSAIL) with MLRAs

Training: 10000 random simulations; Validation: SPARC dataset (without bare soil)

Sentinel-2 (10m)
LR PLS KRR ‘NN
Coupling so far unsuccessful:
e : - GPR

* DIffICUItIeS to deal Wlth Iarge tralnlng Samples NRMSE_Full_image_LAI_Gaussians Processes Regression

* Poor matching: noise needed to enable matching with real data ol “

* Results poor: better configurations needed s

* NN rather unstable Regressor Training [%] Noise [%] RMSE NRMSE R2 E 000: :

° GPR best performlng Neural Network 12 16 0.89 16.24 0.78 006 15
Partial least squares regression 16 10 097 17.62 0.76 ZZZ :0
Gaussians Processes Regression 4 13 1.03 18.76 0.62 s 5 10 15 20 0
Linear Regression 20 4 1.06 19.37 0.70 7
Kernel ridge Regression 18 7 2.15 39.15 0.16
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Conclusions

 Nonparametric regressors powerful retrieval algorithms. They
easily outperform parametric regressors (e.g. Vl-based).

* PLS not most powerful. MLRA such as NN, KRR and GPR were best
evaluated.

* GPR a Bayesian regressor; insight in relevant bands and provides
uncertainties.

 MLRA toolbox developed in ARTMO that guides the user through
all necessary processing steps.

* Coupling RTMs with MLRAs possible, but further efforts needed to
make it successful.
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Thanks
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Availability

ARTMO is work in progress - beta version

* Accessible at Valencia University under our
supervision.

 Matlab programmers are encouraged to write
their own apps. In turn, a copy can be given.

e Public available after publication (will take some
time — so far unsuccessful)

Atmospheric models MODTRAN

Time series analysis Ray tracing model RPV model

Atmospheric models
BRDF apps
Temporal domain

Neural nets Support vectors Gaussian Processes

classifiers

BRDF apps Spectral unmixing Classifiers
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