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1. Gap Filling

Goal:

Toreproducespatially continuousfields from
discontinuousdata and cloud contamination




Satellite Image Gap Filling Methods

(' Harmonic methods

AFOUFIGF analysis including offset, rat
and quadratic terms

4B+ C(t—F)+D(t—1) +&(t)

\A Sliding window approach

SLV(t) = Ay cos(wqt — ¢a) + Asq COS(@Wsat — Psq)

J

4 Matlab methods

Polynomialfitting Spline
Linear Pchip
Nearest Cubic
Next Makima

\ Previous
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Double sigmoid functions .

Nonlinear least squares regression
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4 Machine learning algorithms
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Satellite Image Gap Filling Methods
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| r T — s —" - Tene (mi
| h L L L 1 L L 4 0 I A X
| 2010 2011 2012 2013 2014 2015 2016 2017 2018
Y Empirical_COS_SIN_model s E3 |
i ears 1 %3% PARAMFTERS ESTIMATED USING LEAST-SQUARES 3%%
2
4 y . Amp!HUde . y 3 % Equation used for the fitting:
4 R X= An*cos (w*t)+bn*sin(wit)+X0
5
€ 51liding Window Size (years): 1.000
3+ R 7 Step (month): 1.000
8
] tYear @ X0 err.Ac err.is err.Xo RMSE
10 2010.500 -2.T 0.2¢ 1.600 0.375 0.389 0.270 1.176
2r 1 11 2010.583 -2.204 0.219 1.548 0.384 0.381 0.270 1.147
12 2010.667 -2.424 -0.032 1.378 0.383 0.387 0.272 1.155
13 2010.750 -2.435 -0.030 1.377 0.383 0.388 0.272 1.156
14 2010.833 -2.419 -0.10% 1.336 0.389 0.391 0.276 1.171
1kt < L B L 1 . 4 = 15 2010.917 -2.434 -0.097 1.345 0.391 0.389 0.275 1.168
2010 2011 2012 2013 2014 2015 2016 2017 2018 16 2011.000 -2.087 -0.170 1.164 0.350 0.345 0.246 1.043
17 2011.083 -1.952 -0.123 1.093 0.318 0.315 0.224 0.949
Years 18 2011.167 -1.914 -0.109 1.075 0.307 0.310 0.218 0.526




2. Vegetation phenological parameters g

Goal:

To study of recurring patterns of
vegetation growth and development, as
well astheir connectionto climate.

In agriculture studies, they are used for
yield determination, and to improve
managementandtiming of field works.

With long-term and frequent satellite
observations, it is possible to monitor
changesin keybiophysicalattributes.




Vegetation phenological parameters
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Some of the seasonality parameters generated
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3. Synergy of Satellite observation

The presence of clouds reduces the availability of optical information of any land cover.

A The synergy of different satellite observations could help to obtain a more complete picture of phenologlcal
dynamics than could be gleaned from any single satellite on its own.

A Nowadays, a growing number of Earth Observation data comes from different satellites (e.g. Sentinels).

A The synergy of different satellite observations could help to obtain a more complete picture of phenological

dynamics than could be gleaned from any single satellite on its own.
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Synergy: Research purpose

Using Multi-Output Gaussian Process (MOGPYegressionto establish a
synergy between vegetation descriptors from active-passive imageries,
andtackle the problem of cloud-induced data gapsovervegetatedareas

Sentinek1 Sentinek3

RadarVegetationindex(RVI) * Leaf Arealndex(LAl)




wWhy MOGP regression?

Limitation of single Gaussian Process (GPR):
the obtained models are independent and do not
take into account the relationships among outputs

MOGP is a machine learning technique that
learns automatically the statistical relationships
among multisensor time series (capture the
dependencies).

It is based on the linear model of
coregionalization (LMC), also known as co-kriging
in the field of geostatistics.

MOGP can be trained at any scale, e.g., per-
pixel or averaged per land cover.

For each multisensor time series, it creates a
specific model providing a prediction of the
vegetation descriptors at any date along with an
estimation of its uncertainty.

MOGP method provides a quantifiable
measure on how well two distinct Earth
Observation products sources are expected
to complement each other in time series

gap filling.

See Alvarez et al. (2012) for details of the mathematical formulation




Multioutput Gaussian Process Regression Modelling (MOGP)

The time series of the two input parameters to be The trained MOGP model provides a prediction of
linked by MOGP, D,g, and D.g,, are used to train Ps, and Pg, along with their uncertainty for each
the model. input time t.
N :-:.' P (t) >
i i Opsy (O
Corregionalization (LMC) < Pe,(t) >
> _
. Ops2 (D

‘ Training INPUT ‘

Drg, = {tisPs1i) i || Doy, = {t0 Prai )0

LAI RVI




DATImeS Modules

Vegetation

Gap Filling Phenological
indicators
Synergy Future Tasks
Fusing multisensor Automatic Harvest
time series trends and Disturbance
detection
Acronym:
e — =7 | [E=—a Descomposition and Analysis of Time Series
i =L (DATimeS)




Data Inputs

Images can be processed
in multiple formats

Get the Information
You Need from Imagery.

ENVI

Version 5.1

/Region of Interest\

[ Figure = o ”
File Edit View Insert Tools Desktop Window Help »
| NEE BRI R A ED

Select ROI

6

Single pixel from .txt fh

1 20151129 0.143270018531250
2 20151219 NalN
3 20151229 Hal
4 20160118 Hal
5 20160217 0.131815332031250
& 20160407 0.110396484375000
7 20160417 NalN
& 20160427 Hal
S 20160606 0.243423046875000
10 201e0626 0.254109765625000
11 20160706 0.354363769531250
12 20160716 0.363953320312500
13 20160805 0.303975976562500
14 201&0815 0.269918347656250
15 201e0825 0.206165136718750
16 20160904 Nal
17 20160914 HalN
18 20160924 0.155874218750000
1% 201&l1103 0.0944645437500000
20 20181203 0.0956170898437500
21 20161213 Nal
22 20161223 HalN
23 20170102 Hal
24 20170112 Hal
25 20170211 Hal
26 20170221 0.156574218750000
2 20170313 0.249560253906250
20170402 0.335856445312500
20170417 f RGITLTIFAGOATEN




[ gui_interp_sigm

Input | Time Series Analysis  Post-Processing  Help

Image Settings

[ selectan

Band

Select ‘ Image / Pixel Date
LALGREEN_[m2/m2]

1 LAI_S2A_20170102_T30TUM hdr 02-1an 2017
2 | LAI 524 _20170221_T30TUM hdr 21-Feb-2017
3 | LAL S24_20170313_T30TUM hdr 13-Mar-2017 Remoniliterest
e LAL 52A_20170412_T30TUM.hdr 12-Apr-2017 Image
5 | LAI 524 20170422 T30TUM her 22-Apr-201T LALS24_20170221 T ~| |Load

LAl 874 201TOSNT

I loud Values 1.0000000e-06| | Filter I ‘

Clear Methods
S Smooth Method ime settings
Method
Fourier1 Offset + Harmy @ step 10
sgolay ~

Fourier2 Offset + Harmy

Fourier3 Offset + Harm Span Degree O Interpolation time Vector Load
Sliding Window Offset + Fourig

7 2 () interpolation of only cloudedifitered pixels

Path results | C:\AMmo\ARTMO318\plugins\DATimeS\output

; - Hone

Save as .bxt file

|:|Load tputs for further pi

{LAl CompositeG&B

LAI_GREEN_[m2/m2]
LAl SD_GREEN_[m2/m2]
LAICV_GREEN_[%]
LAIBROWN_[m2/m2]

LAl SD_BROVN_[m2/mZ]

LA&L CV_BROWN_[%]

LAl Index_0:outThresheld_1:LAIG_2LAIGEE_3:LAIB}

17

4] Cloud Mask

Enter MINIMUM value:
1.0000000e-06)

Enter MAXIMUM value:
1.0000000e-06

Cancel

SimpleR ~

Fourier
Matlak
Sigmeid
SimpleR

noneg e

moving
lowess
loess
rlewess
rlogss
none

LAl 324 _20170102_T30TUK . hdr

LAIS2A_20170313_T30TUM.hdr
LALS2A_20170412_T30TUN.hdr
LALS24_20170422_T30TUM.hdr
LAIS2A_20170502_T30TUN. hdr
LALS24_20170522_T30TUN.hdr
LALS2A_20170501_T30TUN. hdr
LALS2A_20170811_T30TUN.hdr
LALS24_20170621_T30TUM.hdr
LAILS2A_20170721_T30TUN. hdr
LALS2A_20170731_T30TUN.hdr
LALS24_20170820_T30TUM.hdr
LALS2A_20170830_T30TUN.hdr
LAIS24_20170908_T30TUN.hdr
LALS2A_20170818_T30TUN.hdr
LALS2A_20170929_T30TUN.hdr
LALS24_20171008_T30TUM.hdr
LALS2A_20171018_T30TUN.hdr
LALS2A_20171029_T30TUM.hdr




Examples: Different seasonality patterns

Average Computation time:
Sigmoid 1.012 sec -
g

GPR 0088 SeC Sigmoid
KRR 0.020 sec %ﬁ:ﬂ

SW Fourier 0.059 sec Sliding Windows Fourier

v O s -

Day of year




Examples: Different seasonality patterns

Average Computation time:
Sigmoid 1.299 sec
GPR 0.092 sec
KRR 0.023 sec
SW Fourier 0.063 sec

~£=~ Sliding Windows Fourier

.....

SR ey
L




Examples: Different seasonality patterns

§%%% Interpolation results %%%

% Column 1: Dates
% Column 2: fourier_analysis3
% Column 3: Sigmoid
% Column 4: spline
% Column 5: GPR_
% Column 6:Sliding Windows Fourier

9666966669696 %696 96 %6 % %6 %6 767669696 9696 3 %636 %6 %676 %626 %696

20151129 9.1228
20151209 9.1228
20151219 9.1243
20151229 9.1282
20160108 9.1352
20160118 ©.1458
20160128 9.1601
20160207 9.1779

20160217

(
(
(
(
(

Time:
Time:
Time:
Time:
Time:

0.011
1.686
0.002
0.138
e.18e@

sec
sec
sec
sec
sec

N e

9.1253
9.1253
9.1253
9.1254
9.1254
©.1254
9.1254

9.1433
9.1782
0.1977
9.2044
9.2007
©.1891
9.1722

0.1477
0.1469
©.1470
9.1475
9.1475
0.1465
©9.1439

©.1336
0.1506
0.1659
0.1772
©.1828
9.1816
9.1739




Interpolation of only clouded/filtered pixels




Table 1. Goodness-of-fit statistical measures

mean absolute error (MAE):

1< . .
"""E:T,Z""w' Vil

=1

root mean squared error (RMSE):

M, _
RMSE = »"32':"""_'/"*’"2

relative RMSE (RELRMSE) :

RMSE

normalized RMSE (NRMSE):

RMSE

NRMSE :m

Correlation coefficient (R)

I.’*’ .'f—'
VL (Ve = Vea)® S0y (Vi = Voos)’

coefficient of determination (R?)

P (Vi = Vea)?
A=1- n1 ?’ -«l_z
J=1 (Veq - V&ﬂ’

Adjusted R?2

_R2 = 1 - I:SSE.W’]
SSTotal

Nash-Sutcliffe efficiency (NSE):

NSE — 1 - Z?—i (wahe - {G\I)z
?_1 (V:ms - obe}z




Z gui_interp_sigm

nput  Time Series Analysis  Post-Processing  Help

~Image Settings

[ select all

N " Band T T
Select ‘ Image / Pixel Date -
LAILS2A_20170102_T30TUM.hdr 02-Jan-2017 = _{m2imz] signal

LAIS2A_20170221_T30TUM.hdr 21-Feb-2017 - | ¥ peak
LALS2A_20170313_T30TUM.hdr 13-Mar-2017 B e 1 Pm‘?:;f
— ] -pre
LAIL_S24_20170412_T30TUM.hr 12-Apr-2017 Image P

LAL S24_20170422_T30TUM.hdr 22-Apr-2017 LA|_S24 20170221 T..
W

& [ 121 224 90170807 TANTIIM hdr 02 Maw2017

| Load Mask | | |

\ndicator Smooth Method A 7 Minimum/Maximum — tart/End of the season

Start of Season _ Min. Prominence (%) (@) seasonal amplitude (%)
none ~

TSI O Relative amplitude (%)

Length of Season c Deg . }

Day of Maximum Value =L ree Lo ST (TR O Absolute amplitude

Maximum Value v 2 100 lIl

At

P
JHHHHIR;

"~

>

)

N

Path Results |C.\A|‘Imu\AR‘I‘M031B\plugins\DA'l’lmeS\Dutput | Save as .ixt file

[ Load for further pi i E

Use dMin Prominanceo option to locate
the peaks that have a prominence of at
least ...

Find Peaks with Minimum Separation




Start and end of Season (SOS/EOS): different methods

Seasonal amplitude: 30%. Season 2 Relative amplitude: 30%. Season 2

0.1

ol I Phen_Indicators_20190323121521 b E3 |
1 % Season S08 EQS Lenght Max Day Max Value hmp Area
2 1.000 109.872 255.878 14€.,007 181.000 4,801 5.040 52¢6.514
01 3 2.000 463.736 623.883 160.147 541.000 3.172 3.
4 3.000 829.695 990.460 160.765 921.000 5.135 5.
3 4.000 1197.986 1349.61%9 151,633 1262.000 3.475 3.
6 5.000 1562.7%6 171g8.988 156,182 1&42.000 4,421 4.
7 €.000 1934,341 2084.8%9¢ 150,655 2002.000 3.034 3.
8 T7.000 2279.022 2456, 356 177.335 2402.000 2.217 2.
9 g.000 2659.240 .500 5.224 5.
10




This module only spatially interpolates
NaN'clouded/filtered pixels.

User can choose any image or the outputs
previouslyestimatedby usingDATimeS

\ J

Asan example,the phenologicalindicators were
spatial interpolated:

A Amplitude

A Maximumvalue

A Dayof maximumvalue
A Area

A Lengthof season

A Start/Endof season

4| gui_interp_sigm

Input  Time Series Analysis  Post-Processing

Help

4 Cloud Mask

Enter MINIMUM value:

Enter MAXIMUM value:

1.0000000e-06

rImage Settings

. Band
Select | Image / Pixel Date LAl GREEN [ o
1 LA 524_20170102_T30TUM hdr 02-Jan-2017 A = _[m2/m2]
2 LAL 524_20170221_T30TUM hdr 21-Feb-2017 )
3 LAL 524 _20170313_T30TUM.hdr 13-Mar-2017 B T e T
4 LAl 524_20170412_T30TUM.hdr 12-Apr-2017 Image
5 LAI 52420170422 T30TUM hdr 22-Apr-2017 LAL S24_20170221_T.. v
4 A LAl 824 20170607 TINTLIM hdr N2 Mav. 2017 b

~

[ [4] Cloud values [1.00000002-06/ | Filter ] @
|
N\

@ Linear

Spatial Interpolati

O Nearest

(O Natural () Cubic

Owl

|:| Save

[7] Piot also original maps

e




VProcessing: SOS / EOS

Start of Season: Spatial Interpolation

Spatial Interpolation i EYAEE




Post \WProcessing: More available products

Amplitude: Spatial Interpolation Maximum Value: Spatial Interpolation

80 100 120 140 20 40 60 80 100 120 140

120 140 ) 60 80 100 120 140

Area: Spatial Interpolation

27



Animations after temporal or spatial interpolation

LCC: 15-10 2018 LAl : 15 10-2018 FAPAR : 15 10-2018




E gui_interp_sigm

Input  Tirme 5eries Analysis Post—ProcessingIHeIp I

|| Help

Project Speciral nices. Showi 1o s |
D8 adenisstration MiRA User's marual DATimes |
Settings LUT-based Inwersion Instabation peide
E e

Change D8
Delete G54 configuration
Update

Metainfe

Infa license

LT class
Project
Dutabise

Figure 2-2. ARTMO’s hierarchical design as of July 2019,

2.3 DATimeS sequential architecture

The DATimeS toolbox is organized according to sequential processing steps.

 Image Settings First time senes data need to be entered. That can be either a text file for a single
pixel or images. MNext, interpolation can be applied for generating composite
SEEAT N images. Following, indicators of the seasonal status can be analyzed. In case
S | Image / Pixel Date D] time series appear fo be too noisy, these phenology maps may not be resolved
: 0 Band name W for each pixel. Hence, a final option is providing to apply a spatial smoothing. All
BN 0 these steps are provided within the same toolbox; the GUI will provide different
R windows depending on the selected step. The logical processing flow is
3 O Region Of Interest visualized below:
4| O Image
5 O ||mage name ~ | |Load | Input H Numerical analysis |—-| Post-Processing
Cloud Values Filter To facilitate the user following the logical steps, some of the modules will be
activated only when first the necessary input is provided, e.g. Setting will only be
—— | | = activated when Input data is provided.
L Input Numereical Analysis Post-Processing J
Pixel (.txt) o Interpolation ] Spatial Interpolation
Images Phenological indicators




Demonstration Case 1

Interpolation methods and phenological indicators
30

Heterogeneous crop area of . From 2015t
approximately 140 km2 within the g " s B W 429 ¢ T
Castile and Ledn region, North | AR Ry B VEel SR S . [

western Iberian peninsula

The Area of interest (AOI) belongs
to a wider validation region of the
H2020 Sensagri Project

Mainly dryland farming in winter
(cereals, wheat, barley, or forage);

irrigated farming in  summer
(maize, barley, wheat, sugar beet,
alfalfa and potato).

A land cover map is generated
yearly since 2013 using a random
forest classifier




Testing interpolation fitting methods

Sentinel-2 LAI II

images

ﬂ

One image excluded and kept
as reference (01-06-2017)

—

Interpolation
Methods
Time Settings

Smoothing

ARES
BAGTREE
GPR
KNRR, KRR
NN
RF1,RF2

— Step: each 10 days

Sigmoid
Fourier
MNext
Polyfit
Previous
Spline

|

Choice of the most accurate
reconstruction

| LAl-reconstructed l:>
maps

“
-

Comparison between the reference vs

. LAl-reconstructed maps




Testing interpolation fitting methods

Methods RMSE RRMSE [%] R? Time
Total (min) Per pixel (sec)
ARES 0.500 19.387 0.041 25.533 0.089
Ef fEEEE 0,482 18,661 0572 263050 0917 t accurate
GPR 0.153 5.940 0.013 23.100 0.081 I ion
KNRR 0.522 20.216 0.137 6.883 0.024
KRR 0.187 7.230 0.826 5.450 0.019
NN 0.248 9.628 0.696 TTL.824 2.689
1 Sentinel-2 LAI 7 RF1 0.341 13.199 0.836 34.049 0.119
; images RF2 0.530 20.872 0.684 58307 0.204
1 Sigmoid 0.187 7.250 0.925 313.117 1.091
Fourierl 0.360 13.961 0.338 0.383 0.001
{ Fourier2 0.351 13.597 0.380 0.413 0.001
| Fouriers 0.350 13.549 0.380 0.226 0.001
Next 0.539 20.872 0.684 0.317 0.001
One image exclud Polyfit 0492 10056 0002 0467 0.002
s reference (01 Pﬂa‘v"wus 0472 18.283 0.849 0.333 0.001
EELE Spline 0.158 6.121 0.806 0.333 0.001
Table 3: Goodness-of-fit statistics and processing time for the reference vs. LAI-
reconstructed map as produced by the gap-filling methods for 17218 pixels.




Phenological metrics between different crops and seasons

33



Barley Potato

——— GPR interpolation = STD
Start and end of the season

———— GPR interpolation = STD
Start and end of the season

Wheat

——— GPR interpolation = STD
Start and end of the season

L L L

L L 1 L L L L L L

1 I L
2016 20165 2017 20175 2018 20185 2019 2016 20165 2017 20175 2018 20185 2019
Time Time

LAI

Beet — Rape
T GPR interpolation = STD J ‘ ——%— GPR interpolation + STD J

Start and end of the season 45} A\ Start and end of the season

1L L L L L L L

2016 20165 2017 20175 2018 20185 2019
Time

L L L

1 L L
2016 2016.5 2017 2017.5 2018 2018.5 2019

L L L s s s L L L L

0.
2016 20165 2017 20175 2018 20185 2019 2019.5
Time

Time




The phenological metrics derived from the mean LAl of

different crop types

Crop type Season S08S EOS LOS DOM Max Value Amp Area

\ Wheat 1 273 (29-00-2016) 180 (29-06-2017) 273 102 (12-04-2017) 3.320 1.869 268.065
@w !ﬂ 2 307 (03-11-2017) 200 (19-07-2018) 258 137 (17-05-2018) 3.627 1.936  231.180
: Barle 1 268 (24-09-2016) 159 (18-06-2017) 267 102 (12-04-2017) 3.439 1.928  234.089
¥ 2 329 (25-11-2017) 196 (15-07-2018) 232 127 (07-05-2018) 3.733 1.975  198.765

1 2{34 (20-09-2016) 175 (24-06-2017) 276 102 (12-04-2017) 3.502 2.053 299.794

2 348 (14-12-2017) 200 (19-07-2018) 217 147 (27-05-2018) 4.121 2.483 339.334

3 309 (05-11-2018) 200 (19-07-2019) 256 152 (01-06-2019) 3.524 1.920 221.604

1 126 (05-05-2016) 333 (28-11-2016) 207 258 (14-09-2016) 5.487 3.691 507.208

2 119 (29-04-2017) 341 (07-12-2017) 222 192 (11-07-2017) 5.464 3.717 581.870

3 137 (17-05-2018) 350 (16-12-2018) 213 207 (26-07-2018) 5.126 3.278  441.477

1 158 (06-06-2016) 273 (29-09-2016) 115 208 (26-07-2016) 5.078 3.343  241.555

2 148 (28-05-2017) 261 (18-00-2017) 113 202 (21-07-2017) 5.614 3.900 277.928

3 156 (05-06-2018) 245 (02-09-2018) 90 197 (16-07-2018) 5.340 3.456  195.900

there any relationship with the Crop Yield and Weather?




Demonstration Case 2: Synergy

From January 2015 to October 2018

32 lmagery

.97 partlally-cloudy |m’ages




Sentinel 1/2 preprocessing Chain

ﬂ sentinel-2
S2A/B Data

- . -
L ) MultiTemporal | mms) | Cloud Mask | m==) | Subset i} |mms) | S2 Time Series Generation
o DB Generation Application Extraction (NDVI@10m,LAI*@10m,20m)

K 7 g ‘ Area Of Interest
o IR S = (AOI) definition
£ deln Ay -UTM coordinates-

G. Time Series Generation\ MOGP Synergy

) Ascending, Descending, Day-AVG
_» GPT Batch Spatial Cbaet :, Gaussian VV-Pol, VH-Pol, VH/VV Ratio, Radar VI
W .3 mmmmmm) | Processing [==| MultiLook = Extraction [=p| Time |m RaTIO= P
~— @:esa Filtering & Projectio Filtering Oy
S]'A/B Data . ermal Noise Reduction
N gzdiomle::ic Ca:‘ibgat(irtt:m RVI = 4O-VH

* Terrain Correction \ o-VV + o-VH /
“&~ sentinel-1

*LAl via GP Regression (SENSAGRI) adapted to MAJA distribution

Amin, E., Verrelst, J., Rivera-Caceido, J.P., Pasqualotto, N., Delegido, J., Ruiz-Verdu, A., Moreno, J., The Sensagri Sentibel2 LAl Green and Brown Product:
Form Algorithm Development Towards Operation Mapping, IEEE Igarss 2018



DATIimeS Toolbox: MOGP Synergy module

L qui_MOGPR

B < Psy (1) > Image Settings

(single) INPUT Linear Model of (multi) OUTPUT Ors (D L] setectan
Band | Pixel

Corregionalization (LMC) <Psy(0) > Select | Image / Pixel | Date | Day Sl :

Gpgz (D) 1 20150108_sigma0_VV_ML7_TF_... 08-Jan-2015 ~
- 20150108_sigma0_VV_ML7_TF_... 08-Jan-2015
Training INPUT 2 . _VV_MLT_TF_ i
g 3 20150108_sigma0_VV_WMLT_UTM.tif 08-Jan-2015 S T A
D, = [t- P. } 4 20150120_sigma0_VV_ML7_TF_... 20-Jan-2015 Image

Pg, — LhintS1,0 i - i v

5 20150120_sigma0_VV_ML7_TF_.. 20-Jan-2015 L] 20150108 _sigmal_WVV...

< >

Clear All [ Cloud Values Filter
[ Load mask | | [ et |

MOGPR Settings
Land cover map Time Settings Output folder names

() Area as indicated by the MASK ®) Step Inputd
O Extracting 1 specific class O Interpolation time vector Load

O Polygon-based analysis

O Interpolation of only clouded/fitered pixels

INPUT 1: LAI

4\ gui_interp_sigm

Input  Time Series Analysis  Post-Processing  Tools  Help

Image Settings

[ selectan Select specific dates

- Band / Pixel
Select Image / Pixel | Date | Day - T
2015-11-28_R1ALL_FLAT_LALhdr 28-Nov-2015 - = Am2m2] i

2015-12-18_R1ALL_FLAT_LALhdr 19-Dec-2015
2015-12-29_R1ALL_FLAT_LAlLhdr 29-Dec-2015

Reference
(® INPUT1

Time vector corresponding to
(®) INPUT1 (O NPUTZ

DOutput format

Region Of Interest (®) GTiff

O npPUTZ O ENVI

2018-01-18_R1ALL_FLAT_LAlLhdr 18-Jan-2018 Image

LA 2016-02-17 R1AI| FI AT | Al hdr  17-Feh-201A 2015-11-28 R1ALL_F. w Lt

| Path results | |C:\Artmu\ARTM031B\plugin5\DAT|meS\Dutput

IMPORTANT: This technique does not apply any smoothig method previous to the fusion

[ Cloud Values Filter @
|Load Mask | |

INPUT 2: RVI



Prediction analysis of temporal profile

MOGP time gafhilling on crop polygon

+20GPS1S2 retrieval
—e—Mean GPS1S2 retrieval
* Training samples

20GPS182 retrieval

- —=—Mean GPS1S2 retrieval
< + Training samples

—_

MOGEF RVI




Prediction analysis of temporal profile

+20 GP retrieval
o ——Mean GP retrieval

+ LAl Training samples
© LAl ground-truth

(&3]

~

GP LAl [m%(m?]
N w

GPR->R2 = 0.90 and RMSE = 0.95

| |
o o A A A A A A
T N M - S I S - M M Q\\\% Q‘g\‘b o\\% Q\\% 0\\% \Q\\%
D M. N - A . N N I - N N A

+20 MOGP retrieval
—=—Mean MOGP retrieval
* LAl Training samples )
o LAI ground-truth S, 47

o ] o ] N
\\ . » N »
N &l 2 \ e
N O < N o
2 N & N s B

U



Prediction analysis of temporal profile

Interpolation Method i YRes RMSE
z qui_interp_sigm
. . Fourier analysis: Offset 4+ Harmonic analysis 0.5307  5.3803 0.9896
Input  Time Series Analysis  Post-Processing  Help
~Image Settings Polynomial curve fitting 0.8329  16.0240  2.3874
[ setectan L. _ _
Band Double logistic curve 0.3127 8.8674 1.6912
Select ‘ Image / Pixel Date |
LAI_S2A_20170102_T30TUM hdr 0z-lan2017 A = Lm2im2] . . ) . —an9 5
LALS2A_20170221_T20TUM hdr S - Linear interpolation 0.3006 79026 1.3926
LAI_S2A_20170313_T30TUM hdr 13-Mar-2017 ST
LAI_S2A_20170412_T30TUM hdr 12-Apr-2017 Image Nearest neighbor interpolation 0.9734  T.1444 13061
LAI_S2A_20170422_T30TUM hdr 22-Apr-2017
v
LALS24 JNMT0S02 TANTLM hdr 02-Mz-201 ! Next. neighbor interpolation 0.0645  8.2933  1.4231
[ Cloud Values
| Previous neighbor interpolation 0.8433  T7.6838  1.4651

Spline interpolation using not-a-knot end conditions (.6620  5.0872  0.979%8

Smooth Method TR Shape-preserving piecewise cubic interpolation 0.6963  7.3767  1.3220
L Select | Method | ®
st
1| O Fourert Offset + Harmy e“ Bagging trees 02120 10,1841 17216
2 | [0 Fourer2 Offset + Harmd A e o
F 3 Offset + H Nterpoiaton tme Veclor oAl
2 S S | = Adaptive Regression Splines 0.746 12,2303 10048
O Interpolation of enly clouded/fitered pixels
Boosting random trees 0.0014 89694 1.5074
) Boosting trees (.2859  8.2312  1.5876
Path results | |C\Aan\ARTM031E\p\ugms\DAﬁmeS\Dutput Save as b file
k-nearest neighbours regression 01452 8.2350 L5764
0 e e e [P _ |
Gaussian Process Regression 0.9081 5.7816 0.9527
Neural networks (.T481  7.5766 1.3005
Random forests 0.9734  T.1444  1.3061

Multi-Output Gaussian Process 0.9900 1.3035 0.2377




Spatial prediction analysis: long temporal gap

S2-Based LAl : 2017/04/12 MOGP - Time Gap = 50d (13/3 to 2/5, 2017) 4 GP - Time Gap = 50d (13/3 to 2/5, 2017)

«10°

" LAl LAl 1

| <ALAI> =0.29 WA, Alyoce|

l moGP .LAI -LAI |

| o =0.77 S2 GP
ALA-MOGP ™ |~ MOGP fitting

2 <ALAl> o, =0.22 |——SOGP fitting |

=0.62

3

| o
15 7aLanGe

MOGP LAl

¥ of Pixals

S2-Based LAl S2-Based LAI




% of Pixals

25}

N

o

05}

| 7aLaiGp

ALL VEG IMAGE PIXE

.S

MOGP - Time Gap = 50d (13/3 to 2/5, 2017)

PIXELS fulfilling
modelbased
conditions for

profitable active

GP- passive synergy

6 6

Prediction vs S2-based LAI

\(1 16,/02/17

2016 /04,07

2016 /04,27

2017/04,/02

2017;Ui;};f

2017/04 /22

2018/02/26

2
RJ‘\JOG’P

(fgg(033)

0.20(0.19)

0.29(0.26)

0.56(0.70)

0.58(0.74)

0.49(0.71)

0.25(0.35)

2
RGPR

0.12(0.12)

0.06(0.08)

0.08(0.08)

0.67(0.67)

0.68(0.68)

0.70(0.70)

0.40(0.40)

ol | BMSEyoap

0.44(0.50)

0.80(0.90)

0.85(0.94)

0.42(0.41)

0.44(0.40)

0.55(0.42)

0.36(0.44)

o RMSE¢gpr

1.12(1.09)

1.75(1.70)

1.62(1.56)

0.44(0.43)

0.46(0.43)

0.45(0.41)

=0.62

o 2 4

S2-Based LAl

—ToT -
3000 £ E 4 | 1'5§
] (O] 5 @

2000 2|

R%=0.74 1000 R=0.68 05

RMSE=0.4 L == " "RMSE=043 M,

6 8 0 2 4 6 8
S2-Based LAI




DATimeSGOAL improve the knowledge of crop dynamics, essentialfor agricultural applications
(e.g. productivity, managementand timing of field works).

GAFfilling: Morethan 30 methods

A

| NSO SN
Vegetation i’ _ e ‘
Gap Filling Phenological S - .

indicators R FT,  renmgomn

Synergy Future Tasks :
Fusing multisensor Automatic Harvest
time series trends and Disturbance
detection
(4] gui_interp_sigm - X
B Selljectl Image / Pixel Date | "
% E Region Of Interest
4| O ==
Eng { Lond
Cloud Values Filter
Load Mask ‘ ‘ Plot @

Descomposition and Analysis of Time Series DATimeS Phenological studies with different crop types



