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1. Introduction 6. Conclusions

Physically-based radiative transfer models (RTMs) help in understanding the

, | D , , To facilitate the use of emulators, ARTMO’s new Emulator toolbox
processes occurring on the Earth's surface and their interactions with

vegetation and atmosphere. However, advanced RTMs can take a long enables analyzing three multi-output machine learning regression

computational time, which makes them unfeasible in many real applications. To algorithms (MO-MLRAs), both .Iinear (PLSR and nonlinear.(KRR, NN). The
overcome this problem, it has been proposed to substitute RTMs through so- || toolbox enables the user to train the MO-MLRA models with data coming

called emulators. Emulators are statistical models that approximate the || from RTMs that are available within ARTMO. Options are provided to
functioning of RTMs. They are advantageous in real practice because of the || optimize the training phase, such a PCA pre-processing step, ranging
computational efficiency and excellent accuracy and flexibility for extrapolation. || training/validation distributions or through cross-validation sub-sampling

We here present an ‘Emulator toolbox’ that enables analyzing three multi- § procedures. Performance and processing speed of the MO-MLRAs are

output machine learning regression algorithms (MO-MLRAs) on their ability to || then calculated. A successfully validated MO-MLRA can function as
approximate an RTM. As a proof of concept, a case study on emulating sun- emulator

LR flgorgscence 's presented. The toc.>lbox.|s foreseen .to open n.ew We analyzed the ability of the implemented MO-MLRAs to substitute the
opportunities in the use of advanced RTMs, in which both consistent physical . : :
: . . . . . SVAT model SCOPE in the generation of sun-induced fluorescence (SIF)
assumptions and data-driven machine learning algorithms live together. _ , o ,
outputs. NN and KRR emulated SIF profiles with great precision (relative

Objective: to present a Emulator toolbox that enables building surrogate er.rors be!ovy 0.5% When trained with 500 or more samples), and this
models that approximate radiative transfer models through MO-MLRAs. || With a gain in processing speed of about 50 (NN) up to about 800 (KRR)

Thereby related are the following goals: times faster than SCOPE v1.60.
1. to evaluate multiple MO-MLRAs on their performance to function as an
emulator and as a proof of concept; The emulator toolbox opens up a diverse range of new applications

2. to apply the best performing MO-MLRA as the emulator to approximate
SCOPE.

using advanced RTMs, such as improved inversion strategies, and fast
rendering of simulated scenes in preparation for new satellite missions.

2. ARTMO 3. Emulator toolbox:

ARTMO brings multiple leaf and canopy radiative L, ) L, ; - N -
transfer models (RTMs) together along with essential Input Settings | Validation Emulator A

tools required for semi-automatic retrieval of biophysical

_ Input: An ARTMO-generated LUT or external LUT (.txt file). sasi and o™, /25
parameters in a modular toolbox. The software package - —
- ulti-output - =
is freely downloadable at :
y Settl ngs : Class: |Ful_image
[Fie Sy E— . e The following MO-MLRAs have been implemented: MD s
Load Project Combined —| Combined Sensor User’s manual  Partial least squares regreSSiOn (PLSR) e r—
New PrOjeCt _l Graphics InSta”ation gUide o Neu ral networks (N N) Parameter Gaussian Moize [0-100%)] 1 [ ] Range
DB adminstration SCOPE < Emulator Disclaimer . . Spectral Gaussian Noise [0-100%] | 0 | [ ] Range
Settings * Kernel ridge regression (KRR) 00— s - 005
Model inputs —] |7Train [ Range me o
) 2 \ 4 . . . | Onl Only Val v train Only Val.
Save New DB ARTO [v.3:10] The following options are provided:
I_ d Change DB File Models Forward Tools Retrieval Help & . . .
> oot I * PCA (greatly speeds up the training phase) Settings GUI
Update [ * Cross-validation sub-sampling. Enables a more robust assessment of the SCOPE is a vertical (1-D) integrated radiative transfer and energy
v Sensor: [NO SENSOR accuracy. balance SVAT model, with sun-induced chlorophyll fluorescence
LUT class LUT Class by map LUT Class by User . . . .
— Multlple MO-MRLAs can be validated at once. (SIF) as one of their outpu’Fs. A LUT .of 1000# entries were
generated based on the most important input variables.
Database
ARTMO’ Emulator toolbox firt 1 - Validation: An overview table with RMSE accuracies is provided. The most Vartable Names Units Range
new m r X Ir Im r N . Leaf biochemistry
h > € iy ey g € p €SENte accurate MO'M LRA can then funCt|On ) emUIator. Vemo  Maximum carboxylation capacity pgmolm=ts=' 0.1 to 100
=l EMULATOR Toolbox [v. 1.01] - C B i w5 Sy ) (o 7 —r= ) Leaf variables
_ o MLRA validation table: SCOPE_10pc_5050TT RTM: scope CHL Leaf chlorophyll content 11g/cm? 0 to 80
Input  Settings  Validation Emulator  Tools  Help b clee e SENSOR: NO SENSOR C., Leaf dry matter content g/cm? 0.001 to 0.05
s T EEREEEES Canopy variable |
Input Settings | | Validation | | Emulator Tools Help | E' o E' B Blcaiweeiyt it oo | 07557 70550 e . LAl . Leaf area index _ m_z"f m* 0.01t07
3 |LAtlestareaindex[r2m2] 02496  6.9453 Uniform . rwe Within-canopy-layer resistance m?/m? 0 to 20
RTM data New RTM vs Emulator Save User’s manual 4 |Vemomaximum carboxylatio.. 02344  198.2537 Uniform v S7ZA Solar zenith amg]e 5 0 to 60
Txt data Load LUT Emulator Load Installation guide =T — Micrometeorology variables
NC data Txt Emulator Manage tests Disclaimer o st st erssion i T S el et coro ot S Ca COQ(r.:-oncentration in the air ppm 350 to 450
\ 2 View figure = _ Hue Saturaton Bins ' P Air pressure hPa 1000 to 1090
Select project Plot LUT v [ e o] o [ T bron e ooming <h.._] [CabCHorophyl A9 content- & ea Atmospheric vapour pressure hPa 10 to 50
Edit settings Residual analyzer Delete B . E:::n |:r—&| : Iil Samples | 500 | MLRA: KRR 7| Piat [ Export ﬂ Ta Air temperature °C 2 51025
Rename “ . . Rin Incoming shortwave radiation Wm~™ 400 to 1000
Validation GUI LUT emulator GUI -
5. Emulation results Validation SCOPE fluorescence emulation
SCOPE v1.60 PLSR MO-MLRA RMSEc; NRMSEcy (%) Speed Training (s) Speed Validation (s) Gain in Speed (x)
#1000
T r PLSR 2.99 1.03 (.58 0.05 423
(B 2 S. KRR (.85 0.29 1.88 0.05 790
61 6r NN 0.64 0.22 65.56 0.06 51
5¢ 5t KRR and NN deliver accurate SIF emulations. PLSR not recommended
0 4l o 4l as emulator.
c w 8 )
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