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e DNN:in 2018 more than 500 papers/month

e Research is often wasted effort

ML faces a deep reproducibility crisis

e Training data is as important as the learning algorithm
ML finds any pattern in data, it may be irrelevant

e We need the actual patterns of the Earth processes

e Big EO Data accentuate the crisis

e Solution: In CANDELA we propose a Data Science workflow to
insure the quality of the information extraction

www.candela-h2020.eu 3
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CANDELA project main objective is to allow the creation of value from
Copernicus data through the provisioning of modelling and analytics tools
given that the tasks of data collection, processing, storage and access will be
provided by the Copernicus Data and Information Access Service (DIAS).

The goal of the Data Science is to
enable the successful integration of g S D R
heterogeneous datasets, to support _=
the definition and design of the data  fundedgly ]
transformation to information, the use o E
of taxonomies and elements of

ontology and semantics, learning, as
KDD, annotation, data analytics. funded 3

- i
. *-
II DIAS Provider
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Sensory and Semantic Gaps -{% candela
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o Sensory perceptions are not 1:1 reproductions of the real world:
o There are individual representations

o Humans and computers interpret and name objects differently

Sensory gap

Ll B B B I ———

Sensor
records
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-
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Sensory gap

. Object perception
Object naming

Bahmanyar, R.; Murillo Montes de Oca, A.; Datcu, M., "The Semantic Gap: An Exploration of User and CJomputer

www.candela-h2020.eu Perspectives in Earth Observation Images," in Geoscience and Remote Sensing Letters, IEEE , vol.12, no.10,
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Data Base Biases: Test data sets —{%5 CClndeICI
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Fig. 1. Example patches corresponding to the category “urban/residential areas™ for the datasets (a) D1, (b) D2, (c) D3, (d) D4, (e) D5, (f) D6, (g) D7, ar
(h) D&. and correspondine to the catecorv “acricultural fields” for the datasets (1) D1. (VD2 (K D3. (D D4. (m) D5. (n) D7. and (o) D&.
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a. Semantic content intersection between datasets.

b. Percentage of exact label matches within the intersected
semantic content.

D1 30 25 42 37 36 37 -
D2 43
D3 30
D4+ 25
D5 42
D6 37
D7 36
D8/ 37 % 2 3 .

D1 D2 D3 D4 D5 D6 D7 D8 D1 D2 D3 D4 D5 DG D7 D8

(a) (b)

Murillo Montes de Oca, A. ; Bahmanyar, R.; Nistor, N.; Datcu, M., Earth Observation Image Semantic Bias: A Collaborative User
Annotation Approach, IEEE Journal of Selected Topics in Applied Earth Observations and Remote Sensing, vol. 10, no. 6, pp. 2462 -

2477, 2017
www.candela-h2020.eu 7
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Mo. c Patch Type and Size Applications [ target Year
images size resolution (zipped
(pixels) )
UCMerced 2100 21 | 256 = 256 | aeral, 30cm 317 Mb Land use 2010
WHU-RS19 | S50 14 | 600 = 600 | AerialVHR 2012
from, 0.5m
WHU-RS19 | 5000 20 | 00 x 600 | screenshots, Scene classification in 2015
28cm - 7.44m VHR
RSSCNT 2800 7 400 = 400 | GE, 4 scales 348 Mb | Land cover, multiscale Mow
2015
AlDy 10 000 30 | 600 x 500 | aeral, 0.5m - Land cover, multi- 2016
am resolution
RSI-CB 24 000 35 | 128 = 128 | GE, Bing Maps & categornes, 35 or 45 2017
36 000 45 | 256 = 256 | 0.3=3-m subclazses
PatternMNet 30 400 38 | 256 x 256 | GE, 0.062m — Image retriewval 2017
4.693m
DOTA 1.0 188 282 15 | 4000 x GE mainky ; JL- | 12.5 Gb | 15 calsses, urban 2018
4000 1 and GF-2 train wal
+ 6 Gb
testing
SAROptical | 10 000 112 % 112 | TermraSAR-=X SAR and optical joint 2018
pairs {1m) spotlight . analysis for dense urban
LiktraCabka areas
aerial {20 crm)
SEN 1-2 w1 | 282 384 2568 = 256 | 31 (SAR, WV 43.7 Gb | SAR fo optical image 2018
pairs backscatter, matching
colorized) and
52 (only RGB 8
bands, TOWM)
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Training EO multispectral data sets -{# candela

No. C | Patch Type and Applications / target Year
images size resolution
(pixels)
Brazilian 2 876 2 |64 x64 SPOT, NIR Binary classification 2015
Coffee Red Green (coffee trees or not)
Scene false colour
JPG
SAT-4 500000 |4 |28x28 RGB + NIR, Vegetation (e.g. 2015
aerial, 1m grassland, trees)
SAT-6 405000 |6 |28x28 RGB + NIR, Land use 2015
aerial, 1m
EuroSAT 20 000 10 | 64 x 64 Sentinel-2,13 | Land use and land 2017
bands or RGB | cover classification
only
www.candela-h2020.eu 9
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« MSTAR - an X-band SAR data set used for automatic target recognition
(ATR) of military objects
* Intotal 17,096 target patches ranging in size from 54x54 pixels to 192x192

pixels with resolution of 1 foot..
« September 95 Collection contains 20 target types with additional articulation,
obscuration, and camouflage views
 November 96 Collection adds another 27 target types with additional articulation
and obscuration cases.

 OpenSARShip — an C-band data set (Sentinel-1) used for ship

interpretation
* Intotal there are 11,346 ship chips

www.candela-h2020.eu 10
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EO data annotation ~{% candela
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Image Processing Component User Interaction Component

\( Primitive Feature

’L Extraction

Clusterin o
& / Information Mining \

~
S

Image Query
\ 4
i Database F h
i Interactive |
| Learning
| \ -
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 In CANDELA, a special attention is given to re-use and openness.
building modules and frameworks on-top of available components
maximization of benefits from existing assets
making the solutions available to various user communities

e DLR’s EOLib is an Image Information Mining system for Earth Observation
processes, extracts, and accesses the content of EO products

generates higher-level abstractions and semantics
offers information mining services on the original corpus of EO products
provides KDD based on the EO content, metadata, semantic annotations,

e EOLibis integrated with the TerraSAR-X Payload Ground Segment (PGS)

www.candela-h2020.eu 12
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Data fusion

v

Data mining

h 4

Change
detection on time
series

v

A 4

| Semantic search
| and indexation

www.candela-h2020.eu 14
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e Data mining exploration  Data mining semantic annotation
Capabilities CANDELA components
Capabilities CANDELA components Load and ingest EO
) images together with Data Model Generation
Load and ingest EO Step 1 their metadata (DMG) component
images together with Data Model G i Extract and tile the
Step 1 their metadata d SMC(;) el enera Iton images into patches
Extract and tile the ( ) componen l
images into patches ) )
Automatically ingest all DataBase Management
4’ Step 2 given information into System (DBMS)
the database component
Step 2 given information into System (DBMS) 1
the database Component
Search for the same
I Step 3 | content for the purpose of Image search component
grouping and annotation
Visual exploration of the
Step 3 content of the database Image search
e - - -y .
P by g|V|pg positive and component The content / classified
negative examples Step4 | category is semantically Semantic annotation
annotated and saved into component
1 the database
Visual inspection of the EO
Output image content and types of Multi-'knowledge and Semantic catalogue
classes that can be querying component Output (dynamic) which is updated
extracted during each classification /

annotation process

www.candela-h2020.eu 16
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Coarse-to-fine strategy and cascaded —./C'.j-j-;e\canclelu
learnin -

. . . . 200 x 200
« Use of a pyramid of finer image grid
50 x 50
- Objective: a finer spatial indexing, and .
semantic extraction '
. Costs: increase of the number of @ @
patches to process
v, 1x128 vy 1x128

« Advantage: at level 100, 70% of the
patches are removed, preserving a
recall of 90%

——window size = 200
——window size = 100
—— window size = 50
—— window size = 25

nb of patches

800 150 100 50 0 0o 20 40 60 80 100

atch size
www.candela-h2020.eu P pet
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Fast learning -{® candela
State-of-the-art
10”};;;;;;;;;';( a?o ear' ]

Acceleration with two orders
of magnitude

Learning with:

amount of computations
[y
o

10’
Few
Controllable 108 , . .
Trusted 0 10 20 30 40
nb of iterations
samples

Blanchart, P.; Ferecatu, M.; Shiyong Cui; Datcu, M., "Pattern Retrieval in Large Image Databases Using Multiscale Coarse-to-Fine
Cascaded Active Learning," in Selected Topics in Applied Earth Observations and Remote Sensing, IEEE Journal of , vol.7, no.4,
pp.1127-1141, April 2014

www.candela-h2020.eu 18
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Generation N
TerraSAR-X L1b product TerraSAR-X metadata and Tiles with different size Primitive features: Gabor filters
image and Weber Local Descriptors
e —— <productinfo>
<missioninfo>
_WT <mission>TSX-1</mission>
— / </missioninfo> -
<acquisitioninfo> 2
““’"“""'_'.“_'F"i“_“"‘_,“_“_‘_: </acqui.s.itionlnfo> Z

0 02 04 06 OB I

_W | dprodl.i;ﬂnfo>
IMAGE_FF_GG0_[beam IDY .t
{1 Lﬁ\

B

—| |GDI.FCETE_QLM’
—| |HHDWEEH‘I'
—| |I.l.n'.F'_PLD'rn|u

== —

0 0204 06 08 1

0 02 0 0.6 0.8 1

0 0204 06 08 1

Metadata Image Quick — Primitive Create the
: - looks Feature product
Extraction Tiling : )
generation extraction model
www.candela-h2020.eu 139
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F i patching T
} waniproduct _id: INT imane - i patching_i: INI
& image_itt INT (FK) 7 mege_c @ mage_it- INT (FK) Tabel -
@ missiun: VARCHAR(ZD) Tlonane: VARCHARIIOD @ sizepatch. INT  laneLut: NI 1 1
3 a1 9 lans VARCHAR 4 et 07 T DMDB is a relational database
@ orbicycle: INT X Image_paiching % resolution: FLOAT 8§ niame: VARCHAR(100)
) & mumberofcols: INT = 7 - - .
0 et 1 § st VIRCHIAR) 3 ptteg P o e  dsrghon: VARCHARCSS) Main tables are:
& reloshit: INT " Imspacing: HLUAL b & image_id QW_FM_WW
@ numurbilsiyile INT P ) § paicn_ig M
(Y 4 calumnspacingurit VARCHAR(Z) 5 ° etadata
g "m"ef:f'ﬂ":'cm%mm 4 calumspacing. FLOAT
SeNGOr: 2 - 1_pakch_has_n_labels
lution: FLOAT i _patch_has_n |
Q ImagngmOde: VAHLHAHE) 3 :::M_U:LDM patching ganerates saveral paiches e Im a.g e
 Inokdirection: VARCHAR() ) .
longude: FLUAI
& polarisaionmode. VARCHAR(T) o g (] T|IeS
& pollayer VARCHAR(D) 1 imaga has mlproduct [} ;ﬂzﬁ;ﬁ;cm it INT : F t
% producttype: VARCHAR{TZ) d ° ea u reS
HAHE gach ht 4 palch_j& INT
g mmf 3?;:2;?:';;% ¥ patch ié INT @ :ean:_FLunTm
pAEr B @ palching_Jo: INT (FK) ¢ 4 variance: FI 04T d Labe IS
@ resolutionvariant YARCHAR(Z) - -
¢ ratoneticcoricion: VARCHAR & e VARCHARE) @ enbogy. FLOAT
¢l it e o onarion
’ - o 4 cals: INT & enargy: FLOAT
@ Inagedetalype: VARCHARE) P VARCHARESS) |, :
0 imagedstimal VARCHAR(T) ! ! @ comelannn: FLOAT
& numbzrofayers: INT Laﬁm_ {10 gty & homogeneity: FLOAT
0 immwﬂepﬂt T SE— & patching.id o sutoconelsson: FLOAT
* [ ¢ -
& numbarafrows: INT palch_dicoonary § dizsimilarity: FLOAT .
e T s FLOAT DMDB comprises about
& groundrangeresolufion: DOUBLE v L;Ius_lwpruminunue: FLOAT T .
4 szimhresaluon: DOUDLE L% masunprobaliy: FLOAT e 8 mi I |I0nS Of tl IeS
G azimuthlooks: FLOAT ——eeeS Eatures gicm_[Kindex bo_patch
diction |
o g FLOAT o [opne | » 20 thousand metadata
@ seengid YARCHAR(TD) e
) @ patch_id: INT 5 .
9 stenestineatc: DATE 9 Eiu‘l plem: INT[FK) o pach_eares Q| | PUENPSIEOATE paun e NPT entries.
@ scensstoptimeute: DATC _— |
|.g cetionary_FRindex o paich .
@ STenecentecoan_fem FLUAI - °
@ scenacentercoond_refealumn: FLOAT L 106 Se mantlc Iabels
w stenecenlercuund_lal FLOAT
@ scengcenterconrd lon: FLOAT
4 confer_azimuthdimewtc: DATE _
@ centar_rangeime: FLUAI LEi i i '
& incidenceangle: FLOAT . P ] feaiurE§ nsi ick INT
@ producnane. YARCHAR{100) Tealures_yis - faahurae_gaf i @ pach_id: INT [FE)
O productpa: VARCHAR(SOD) § features_qnfe_i: INTEGER ¥ fealus_gats K INT  mean FLOAT
% scenecomercoord_lon: FLOAT @ palch_id: INT (FK) : F“h'fh_:g‘;(m : ”aﬂx_f:' Fi n""\;[oﬂ
@ scenscomercoond_lat FLUAI & mean: FLOAT Mean. @ centoidiangs.
& referencepmectan VARCHAR(I?R) & variance: FLOAT : \'a:aﬂ[::éln..?m : ;:wtruldar:ll-u:p:;loﬂ
| proticl Al to_fiage @ lowpass: FLUAI scee \raange:
@ image i " mm FLOAT @ orleriaton: FLOAT @ Mpeazimuthc FLOAT
" Patures gafs_FRingey fo palch |3 deaturms_nsif Fiingiy i patch
@ verfical FLOAT 3 i ’
O dogonabFLORT | Gpethit 4 patch io
|3 fattems_gmés Finaty fo_patch
@ patch_in
www.candela-h2020.eu 20
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= Execute
iMetadata * Semantic l_i'.. LJ

v — Available Labels
» [ | Agriculture

C

¥8 — Bare ground =
[1Beach
[T Breakwater
«¥5
[ Desert
[ Desert-and-Sand
[CTHIll
[ Minerals
[T Mountain
[ Mountain-and-Forest_coniferous

\,

Metadata
Semantics

[T Mountain-and-Forest_mixed

[ 5and >
Query Expression

\Paramet... |Operator |Value | Conector |
name = |ClifF [AMND |

Metadata parameters are based on Semantic parameters are based on
XML annotation file of TerraSAR-X EO Taxonomy
L1b products

www.candela-h2020.eu 21
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n-Labeled tiles
EOQ DataBase
S —

Active learning
Train(TD)=>model

Prediction(D,TD,model)=>LT

www.candela-h2020.eu

Relevance
Feedback

KDD is used to define semantic
annotations of the image
content.

Goal is to build a model which
performs the mapping between
low-level image descriptors
(primitive features ) and high-level
image concepts (semantics)

KDD is based on machine
learning methods and relevance
feedback mechanisms.

22




Semantic query candela

|2 ton dolphin} == BB el G S =B
Metadata Semantic Execute Exp... | | St.. " Ne...| | Clo...|
— .
| reﬁ Stockpile -~ atian. .. tile_id label_id goodness Coverage trust lastupdate.. | label_id | parentlabel name description lewel source stal
436950 5% 0.0 0.0 0.0 2015-10... |55 z Storage ta.. |Descriptio... |2 EQT 1 -
D Storage tanks :J 435010 5t 0.0 0.0 0.0 2015-10... |55 E Storage ta.. [Descriptio.. [2 EOT 1 E
— e 435519 55 0.0 0.0 0.0 2015-10 |55 E Storage ta |Descriptin |2 EOT 1
o LI Military Tacilities 436737 |55 0o 0o 00 2015-10_ |55 3 Storage ta_ |Descriptin |2 EOT 1
o [ | [ Matural wvegetation 435254 55 0.0 0.0 0.0 2015-10... |55 E Storage ta.. [Descriptio... [2 ECT 1
o I3 Transport L | 433506 55 0.0 0.0 0.0 2015-10... |55 E Storage ta.. [Descriptio... [2 ECT 1
pa 436410 55 0.0 0.0 0.0 2015-10... |55 E Storage ta... [Descriptio... [2 E0T 1
¢ [l Urban areas 435520 55 0.0 0.0 0.0 2015-10... |55 E Storage ta... |Descriptio... [2 E0T 1
) 436045 55 0.0 0.0 0.0 2015-10... |55 z Storage ta... |Descriptio... [2 E0T 1
[ D Fountains 436823 55 0.0 0.0 0.0 2015-10... |55 3 Storage ta... |Descriptio... |2 EOT 1
[] [ High buildings = 436371 5% 0.0 0.0 0.0 2015-10... |55 E Storage ta.. [Descriptio... [2 E0T 1
426132 5% 0.0 0.0 0.0 2015-10... |55 E Storage ta.. [Descriptio... [2 EQT 1
[ D High density residential areas 436214 g 0.0 0.0 0.0 2015-10.. 55 E Storage ta.. |Descriptio... |2 EOT 1
[ [ Hotel resort 4ZEEET 5t 0.0 0.0 0.0 2015-10... |55 E Storage ta.. [Descriptio.. [2 EOT 1
435857 5t 0.0 0.0 0.0 2015-10... |55 E Storage ta.. [Descriptio.. [2 EOT 1
O D Houses in residential areas — 435589 55 0.0 0.0 0.0 2015-10. |55 3 Storage ta . |Descriptio. |2 EOT 1
436193 55 0.0 0.0 0.0 2015-10... |55 E Storage ta.. [Descriptio... [2 EQT 1
[0 [ infarmal settlements 436734 55 0.0 0.0 0.0 2015-10... |55 E Storage ta.. [Descriptio... [2 ECT 1
O D Low density residential areas 436828 55 0.0 0.0 0.0 2015-10... |55 3 Storage ta... [Descriptio... |2 EQT 1
- - - - 436416 55 0.0 0.0 0.0 2015-10... |55 E Storage ta... [Descriptio... [2 E0T 1
Medium density residential area 436412 |55 0.0 0.0 0.0 2015-10.. |55 E) Storage ta.. |Descriptio... |2 EQT 1
[ I3 Mixed urban areas = 435423 5% 0.0 0.0 0.0 2015-10... |55 E Storage ta... |[Descriptio... [2 E0T 1
4] M ] I ’|_ 435548 5% 0.0 0.0 0.0 2015-10... |55 E Storage ta.. [Descriptio... [2 E0T 1
AIEAEG EE nn nn nn N1E-1nN Ly 2 Stnrane ta Mecrrintin 2 FOT 1

Query Expression —
Farameter| Cperator Walue Canectar
name = Storage ... |OR

name = fMedium ... |MND

www.candela-h2020.eu 23
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TerraSAR-X vs. WordView The clouds

www.candela-h2020.eu 24
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Data Fusion: Validation Data Sets CClncIeICI
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SAR instrument TerraSAR-X Sentinel-1
Bucharest (Romania) Munich (Germany)
Image location ) )
Washington (USA) Venice (Italy)
Aug. 15, 2009 (Bucharest) April 24, 2013 (Munich)
Acquisition time
June 22, 2010 (Washington) Sept. 05, 2012 (Venice)
Multispectral instrument WorldView-2
Bucharest (Romania) Munich (Germany)
Image location . .
Venice (Italy) Washington (USA)
Oct. 29, 2010 (Bucharest) July 12, 2010 (Munich)
Acquisition time ) )
Sept. 08, 2012 (Venice) June 19, 2010 (Washington)
www.candela-h2020.eu 25
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Data Fusion: Selected Results B CClnCIEICI
'I W
No. of Multispectral SAR Fused images
No. Seamntic annotation
patches | precision Recall Precision Recall Precision | Recall
1 Administrative and Monument areas 646 50.29 36.47 44.49 42.30 94.78 73.21
2 Bridges 24 42.42 58.33 33.45 37.50 80.95 70.83
3 Broadleaf forest 1061 82.96 41.67 56.57 52.87 95.39 76.06
4 Cemeteries 72 44.45 36.67 41.10 36.57 91.67 30.56
5 Grassland 201 41.94 71.14 40.29 77.62 78.00 84.03
6 High-density residential areas 617 46.45 58.99 43.64 39.66 96.98 57.37
7 Medium-density residential areas 3120 73.97 57.12 51.51 42.05 94.75 89.58
8 Mixed urban areas 374 56.00 39.21 53.24 38.72 80.21 40.11
9 Parking areas 143 60.61 43.97 50.00 37.00 52.76 46.85
10 | Rivers 120 69.37 64.17 59.08 47.50 80.00 80.33
11 | Roads 949 56.37 45.39 47.84 42.33 98.60 22.34
12 | Sports grounds 21 100.00 80.95 52.31 58.10 85.45 79.00
60.40 52.84 47.79 46.02 85.80 62.52
26
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