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Fully automatic land cover map production

» Up-to-date land cover maps are a crucial asset for many research works and operational applications
» Need for regular and frequent updates
» Need for a shorter delay between image acquisition and map availability:

» CLC 2012 was delivered in may 2015;
> Copernicus HRL 2012 "no yet validated" and 2015 reference year AO opened in 2016.
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Up-to-date land cover maps are a crucial asset for many research works and operational applications
» Need for regular and frequent updates
» Need for a shorter delay between image acquisition and map availability:
» CLC 2012 was delivered in may 2015;
> Copernicus HRL 2012 "no yet validated" and 2015 reference year AO opened in 2016.
» For high quality maps and short production time we need:
> automatic, robust and reliable methods,
> able to efficiently exploit all available data.
» Which data ?
> Need of large coverage and high resolution images
> Vegetation phenology conveys a lot of information
» = use of Sentinel-2 image time series.
» Work going on to also add Sentinel-1
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Fully automatic land cover map production

The Theia Land Cover product

» In the frame of the French Theia Land Data Centre
> http://wuw.theia-land.fr/
» Fully automatic production of LC maps at the national scale:

> 20 class nomenclature;

> 20 m resolution;

> yearly updated;

> delivered at the latest 3 months after the reference period.
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The Theia Land Cover product

> In the frame of the French Theia Land Data Centre

» Fully automatic production of LC maps at the national scale:

> http://wuw.theia-land.fr/

>

>

>

>

20 class nomenclature;
20 m resolution;
yearly updated;

delivered at the latest 3 months after the reference period.

» Input data:
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> high resolution optical image time series (mainly Sentinel-2, but also Landsat8);

» reference data for automatic model calibration and automatic product validation.

> later on Sentinel-1, SPOT®6, Pleiades
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Fully automatic land cover map production

The Theia Land Cover product

> In the frame of the French Theia Land Data Centre
> http://wuw.theia-land.fr/
» Fully automatic production of LC maps at the national scale:
> 20 class nomenclature;
> 20 m resolution;
> yearly updated;
> delivered at the latest 3 months after the reference period.
» Input data:
> high resolution optical image time series (mainly Sentinel-2, but also Landsat8);
> later on Sentinel-1, SPOT®6, Pleiades
» reference data for automatic model calibration and automatic product validation.
» Compatible with and complementary to existing products:
> CLC is less fresh, has lower temporal and spatial resolution, but has more classes (44) and probably
better accuracy;
E ggfo » Urban Atlas is very detailed but limited in spatial extent and not frequently updated;
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The map or the process?

» Non goal
> Produce a hand-crafted
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Fully automatic land cover map production

The map or the process?

» Non goal
> Produce a hand-crafted, semantically rich, 99% accurate land cover map, which is available too late.
» Constraints

> Full automation: for efficiency and reproducibility.
> No hand-made or class/landscape/region specific rules: open to nomenclature changes.
> Computationally efficient processing: short delivery delay, reprocessing when specs change.
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Examples

Product prototypes using Landsat8
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Examples

Product prototypes using Landsat8
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France Landsat8 2014 v1
Class Clicked Mosaic_France2014_V1_ColorindexedT
fd PALETTE INDEX
2110
Classe FScore
11: Cultures d'été 0.904556
12: Cultures d'hiver 0.871996
31: Forét de feuillus 0.930860
527 Foret de coniféred 0855359
34: Pelouses et paturages naturels 0.498584
35: Estives-landes 0.386154
36: Lande ligneuse 0.089891
41: Bati dense 0.785658
451 Surtaces minrales 0516234
46: Plages et dunes 0.548836
51: Bau 0.995921
53: Glacier ou neiges éternelles 0.020134
211: Praitie permanente 0899125
221: Verger 0.080640
[rrrvtrel 0742220
255/0: No data
OA 0.824336174006
4 2015 nterner
Aerial vith labels | ¥ opacity : ==
K1) ] ﬂ;
A aic_France2014_V1. 17:39_(0,0)]
G Button

Agm https://frama.link/ocs2014ba
=\
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& 255/0: No data

Class Clicked Mosaic_France2014.V1_ColorindexedT
£d PALETTE_INDEX
2110
§ Classe FScore

11: Cultures d'été 0904556
12: Cultures d'hiver 0971995
513 Forét de feuillus 0930860
2 Forstde coniférsy 0855359
55 34 Pelouses et paturages naturels 0.498584
35: Estives-landes 0386154
36+ Lands ligneuss. 0.089891
41: Bati denss. 0.788658
45: Surfaces minérales 0516234
46: Plages et dunes 0548835
BI:Ead 0995921
| 53: Glacier ou neiges sternelles 0020134
211: Prairie permanente 0.899125
0.080640
Pz Vignd 0742220

OA

0.924336174006

narialvith abels | | opacity : [

AL
A aic_Francez014 V1

-
17:39_(0,0)]

Done
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France Landsat8 2014 v1

Class Clicked Mosaic_France2014.V1_ColorindexedT
£id PALETTE_INDEX
2110
Classe FScore
L1: Cultures d'été 0.604556
12: Cultures dhiver 0.671696
51: Forét ds feuillus 0.630850
boEForTas CoRirERed 0888358
34: Pelouses et paturages naturels 0.498584
35: Estiveslandes 0.386154
" 36: Lands lignetss 0.089881
. 41iBAtidenss 0.785658
e ————— o5t
" 46: Plages et dunes 0548835
gz} 0.995921
53: Glacier ou neiges éternelles 0020134
211: Prairie permanente 0.899125
21: Verger 0.080840
pozvigE 0742220
255/0: No data
o 0.624336174006

4 i zﬁ i x ; 3
== © PU% erms of Use Earthstar Geographics SIO © 2016 Microsoft Corporation © 2016 HERE © Harris Corp, Earthatar Geographics LLC © AND
Acrialvith labels[ opacity : [==)
AL R}
A aic_France2014_V1. 17:39_(0,0)]
Done
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France Landsat8 2014 vl
Class Clicked Mosaic_France2014.V1_ColorindexedT
£d PALETTE_INDEX
2110
Classe FScore
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255/0: No data
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France Landsat8 2014 v1

Class Clicked

Mosaic_France2014_V1_ColorIndexedT
fid PALETTE_INDE:

2110

X

Classe FScore
11: Cultures d'été 0.804556
12: Cultures d'hiver 0.971996
51: Forét ds teuillug 0.630850
bZForStds conifEreq 0.855358
34: Pelouses et paturages naturels 0.498584
35: Estives-landes 0.386154
36: Land ligneuse 0.089891
41: Bati dense 0.788858
45: Surfaces minérales 0516230
46: Plages et dunes 0.548836
BI:Ead 0.895921
53: Glacier ou neiges éternelles 0.020134
211: Prairie permanente 0.899125
221: Verger 0.080840
EzzEvigE 0.742220
255/0: No data

OA 0.924336174006

Turms o Use Earthstar Geogeaphic SIO © 2015 Microsoft Corporation © 2018 HERE @ Harrs Corp, Barthatar Geogiaphics LLC © AND.
opacity : Il

& frimulitempvp-content/uploads/2016/02/5udouestMosai
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France Landsat8 2014 v1

Class Clicked

ive-Sir-Alier

¥ e Vemer

Mosaic_France2014_V1_ColorIndexedT
fid PALETTE_INDE:

2110

X

oL, Abrest

Haueri

=
Saint-sylvesire-pidgoulin

Vit
saitisi

Classe FScore
11: Cultures d'été 0.804556
12: Cultures d'hiver 0.971996
51: Forét ds teuillug 0.630850
bZForStds conifEreq 0.855358
34: Pelouses et paturages naturels 0.498584
35: Estives-landes 0.386154
36: Land ligneuse 0.089891
41: Bati dense 0.788858
45: Surfaces minérales 0516230
46: Plages et dunes 0.548836
BI:Ead 0.895921
53: Glacier ou neiges éternelles 0.020134
211: Prairie permanente 0.899125
221: Verger 0.080640
EzzEvigE 0.742220
255/0: No data

OA 0.924336174006

o] -
22 P Torms of Use Earthstar Geographics SIO © 2015 Microsoft Corperation © 2016 HERE © Harris Corp, Earthstar Geographics LLC © AND

Acrial it labels v | opacity : i

lse fimulitempp-contert/uploads/2016/02/SudouestMosaic_France2014 V1_ColorindexedThtrl
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France Landsat8 2014 v1

Class Clicked Mosaic_France2014.V1_ColorindexedT
£ PALETTE INDEX
2110
Classe FScore
L1 Cultures d'été 0804556
12: Cultures d'hiver 071906
51: Forét ds feuillus 0.630850
boEForTas CoRirERed 0888358
34: Pelouses et paturages naturels 0.498584
35: Estives-landes 0386154
36: Lande ligneuss 0.089801
41: Bati denss 0.785658
e ——— o5t
\ 46: Plages et dunes 0.548836
Jam:e) 088821
53: Glaier ou neiges étenelles 0.020134
211: Prairie permanente 0.899125
221 Verger 0.080640
pozvigE 0742220
255/0: No data
o 0824536174008

© B9 Terms of Use Earthstar Geographics SIO © 2016 Microsoft Corporation © 2016 HERE © 2016 GeoEye © 2016 IGN © 2016 Blom © AND
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France Landsat8 2014 v1

Class Clicked Mosaic_France2014.V1_ColorindexedT
£ PALETTE INDEX
2110
Classe FScore
L1 Cultures d'été 0804556
12: Cultures d'hiver 071906
51: Forét ds feuillus 0.630850
boEForTas CoRirERed 0888358
34: Pelouses et paturages naturels 0.488584
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36: Lande ligneuss 0.089801
41: Bati denss 0.785658
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France Landsat8 2014 v1

Mosaic_France2014_V1_ColorIndexedT

fid PALETTE_INDEX

2110

o]

Classe FScore
11: Cultures d'été 0.804556
12: Cultures d'hiver 0.971996
51: Forét ds teuillug 0.630850
bZForStds conifEreq 0.855358
34: Pelouses et paturages naturels 0.498584
35: Estives-landes 0.386154
36: Lande ligneuss 0.089891
41: Bati dense 0.788858
45: Surfaces minérales 0516230
46: Plages et dunes 0.548836
BI:Ead 0.895921
53: Glacier ou neiges éternelles 0.020134
211: Prairie permanente 0.899125
221: Verger 0.080840
EzzEvigE 0.742220
255/0: No data

OA 0.924336174006
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How we do it

The iota2 processing chain

» Free software implementation available for download and contributions

"

> https://frama.link/iota2
» HPC cluster or classical workstation

LGlue code for GDAL/OGR and Orfeo Toolbox Applications

h -based custom modules
SBIO scheduling
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How we do it

The iota2 processing chain

» Free software implementation available for download and contributions
> https://frama.link/iota2

» HPC cluster or classical workstation

» Total Physical Source Lines of Code (SLOC)=11,382

| Language | SLOC | |
python® 8476 | (74.47%)
c++2 2044 | (17.96%)
unix shell® 858 | (7.54%)

LGlue code for GDAL/OGR and Orfeo Toolbox Applications

-\" -based custom modules
SEIO scheduling

J. Inglada et al. EuroSDR, Oslo, October 2016 [2016-10-11 Tue]
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How we do it

Kernel of the processing chain

Data Preparation

Reference Data Sl Selef!mn J—> Training Samples
sample_ratio

Validation Samples

Validity Masks

L2A Input Images [

i Prodcion” */ *********** SIS *\‘ **************** ~
ROI Mask L > Classification I LC Map N Validation I OA. FScore
|

Linear In-
terpolation
t 0, t_end,

sampling_period

Feature Extraction

l
| Trainin . !
U Classification |
nb_trees, max_depth,
5 = -~ Model |
NDWI, Brightness | 1 min_samples
]

TOC, NDVI,

10
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How we do it

Particularities of the approach

» Fully automatic, no human operator
> Supervised classification.
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» Fully automatic, no human operator
> Supervised classification.
» All available images are used

> no date selection;
> no scene elimination because of cloud cover: 80% of clouds is 20% of clear pixels.
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Particularities of the approach

» Fully automatic, no human operator

> Supervised classification.
» All available images are used

> no date selection;

> no scene elimination because of cloud cover: 80% of clouds is 20% of clear pixels.
» Efficient processing

» 1 year of Landsat8 data over France processed (from L2A to LC map) in a day

> OK, a week if you don't have a 100 node HPC cluster!
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How we do it

Particularities of the approach

» Fully automatic, no human operator
> Supervised classification.
» All available images are used
> no date selection;
> no scene elimination because of cloud cover: 80% of clouds is 20% of clear pixels.

» Efficient processing
» 1 year of Landsat8 data over France processed (from L2A to LC map) in a day
> OK, a week if you don't have a 100 node HPC cluster!
> and some optimisations are on the way;
> allows for easy benchmarking and evaluation.

M=o
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How we do it

From tile to country

» Homogeneous acquisition dates

> several orbits needed for a large territory;
> gaps due to cloud cover;
> time series used as classification features.
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How we do it

From tile to country

» Homogeneous acquisition dates

> several orbits needed for a large territory;
> gaps due to cloud cover;
> time series used as classification features.

» Spatial stratification, tiling?
> data volume;
> intra-class variability, landscape variability.
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How we do it

From tile to country

» Homogeneous acquisition dates

> several orbits needed for a large territory;
> gaps due to cloud cover;
> time series used as classification features.

» Spatial stratification, tiling?
> data volume;
> intra-class variability, landscape variability.

» Reference data availability

> spatial distribution;
> outdated samples;
> quality of the reference data (label noise).
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How we do it

The problem of homogeneous cover

> Image acquisitions: each orbit has different dates
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How we do it

The problem of homogeneous cover
» Data storage: tiles for convenience
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How we do it

The problem of homogeneous cover
» The map: continuity and homogeneity
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How we do it

The problem of homogeneous cover
» The map: continuity and homogeneity
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How we do it

The problem of homogeneous cover

> Count of clear pixels (validity)

le7 Histogram

I e e s e .

Il pixels validity

6L . e I

Nb pix

0
0123456 78 91011121314151617181820212223242526272629
Validity
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How we do it

The problem of homogeneous cover

» Solution: resample all image data to a common temporal grid

> Interpolation is already used in the gap-filling step
» Use a set of common virtual dates (twice a month)

» Does this degrade accuracy with respect to the case where a single orbit is used?
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How we do it

The problem of homogeneous cover

» Solution: resample all image data to a common temporal grid

» Does this degrade accuracy with respect to the case where a single orbit is used?
> yes but only very slightly, and enhances a lot multi-orbit classification

ﬁlgzro

> Interpolation is already used in the gap-filling step
» Use a set of common virtual dates (twice a month)

J. Inglada et al.

Site OA OA
original resampled

Argentina 0.904 + 0.026 | 0.893 + 0.028
Belgium 0.816 + 0.001 | 0.816 + 0.001
Burkina Faso | 0.522 + 0.018 | 0.503 + 0.018
China 0.927 + 0.010 | 0.911 + 0.031
France 0.904 + 0.004 | 0.905 + 0.004
Madagascar 0.501 + 0.058 | 0.498 + 0.070
Morocco 0.876 + 0.004 | 0.875 + 0.009
Pakistan 0.727 + 0.035 | 0.723 + 0.036
Russia 0.665 + 0.019 | 0.665 + 0.019
South Africa 0.907 + 0.011 | 0.894 + 0.015
Ukraine 0.740 +£ 0.025 | 0.724 + 0.024
US-Maricopa | 0.911 + 0.006 | 0.911 + 0.006

EuroSDR, Oslo, October 2016
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How we do it

The problem of

» The map: continuity and homogeneity

homogeneous cover
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How we do it

The problem of homogeneous cover
» The map: continuity and homogeneity

% [2016-10-11 Tue]

31



How we do it

Speeding up the classification

» A different classifier per group of tiles

> allows for parallel learning.
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