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Technical objectives

● to tailor and prototype suitable Artificial Intelligence (AI) systems of the 
rapid high-resolution mapping of the Natura2000 floodplain forest habitats based on 
the Copernicus EO information; to demonstrate the capabilities of EO-based AI 
approaches as a powerful alternative to traditional and widely used field survey 
methods.

● to provide validation of the concept in terms of the transferability of the EO-
based AI approaches to the country scale habitat mapping



AI - the effort to automate intellectual tasks normally performed by humans

- Classification of the natural systems based on EO
EXPERT SYSTEM

MACHINE LEARNING



• MACHINE LEARNING, GEOBIA – Random Forest, Gradient Boosting, Support 
vector machines, Lasso,… 

• DEEP LEARNING – Deep (Convolutional) Neural Networks 

• BAYES INFERENCE – prior knowledge 



Natura 2000

• The Habitats Directive presented the foundation for the Natura 2000, the network of protected areas 
stretching over 18% of the EU’s land area and more than 8% of marine territory. 

• The key requirements for EU countries defined by Natura 2000 are (I) mapping of habitat types within 
designated Natura 2000 areas and (II) monitoring of changes in habitats, i.e. changes in their distribution 
over a period of six years. 



Field sampling by relevés, a list of species observed in a quadrant 
together with estimates of their abundance/dominance or cover



AI Habitats Mapping System



Data pre-processing sub-system

No S-2 Band Description Central wavelength (μm)

1 B01 Coastal aerosol 0.443

2 B02 Blue 0.49

3 B03 Green 0.56

4 B04 Red 0.665

5 B05 Red edge 1 0.705

6 B06 Red edge 2 0.74

7 B07 Red edge 3 0.783

8 B08 Near infrared (NIR) 1 0.842

9 B8A Red edge 4 0.865

10 B09 Water vapour 0.945

11 B11 Short-wave infrared (SWIR) 1 1.61

12 B12 SWIR 2 2.19

No S-2 Index Description Formula

13 BI The Brightnes Index sqrt (Red2/ Green2)/2

14 BI2 The Second Brightnes Index sqrt (Red 
2 

+ Green 
2 + 

NIR 1 
2
)/3

15 CI The Colour Index (Red - Green) / (Red + Green)

16 RI The Redness Index (Red2 / Green2)

17 NDVI
The Normalized Difference 

Vegetation Index
(NIR 1 - Red)/(NIR 1 + Red)

18 ARVI
The Atmospherically Resistant 

Vegetation Indeks

(NIR - (Red - (Blue - Red)) / (NIR + (Red - 

(Blue - Red))

19 GNDVI
The Green Normalized Difference 

Vegetation Index 
(NIR 1 - Green) / (NIR 1 + Green) 

20 SAVI The Soil Adjusted Vegetation Index
(1 + L) (NIR 1 - Red) / (NIR 1 + Red + L)         

L = (0,1)

21 MCARI
The Modified Chlorophill Absorption 

Ratio Index

((Red edge - Red) - 0.2 * (Red edge - 

Green)) * (Red edge / Red) 

22 NDWI 
The Normalized Difference Water 

Index
(NIR 1 - SWIR 1) / (NIR 1 + SWIR 1)

23 MNDWI 
The Modified Normalized Difference 

Water Index
(Green - SWIR 1) / (Green + SWIR 1)

24 NDPI
The Normalized Difference Pond 

Index 
(SWIR 1 - Green) / (SWIR 1 + Green)

25 LAI Leaf Area Indeks

26 FAPAR
Fraction of Absorbed 

Photosynthetically Active Radiation

27 FCOVER Fraction of vegetation cover

28 CAB Chlorophyll content in the leaf

29 CW Canopy Water Content 



THE SUB-SYSTEM FOR INITIAL TRAINING 
DATA (GROUND TRUTH) GENERATION 

                                      
                                                                    

 rovides training polygon selec on and crea on of ini al
spa al ob ects by unsupervised learning    means
clustering .  t uses mul  temporal  en nel  indices       
that best represent phenological vegeta on di erences.
 he results are homogeneous spa al ob ects  segments 
suitable for e pert based interpreta on and habitat type
characteri a on.

                                    
                                                                        

 rovides habitat atributes to e tracted spa al ob ects on
training polygons.  he decision table for habitat
characteri a on and class labeling is constructed based on
e pert  no ledge, using perceptual informa on from
derivedsatelliteindicatorlayersand forestinventorydata.

                              
                     

                                         

 rovides habitat atributes to e tracted spa al ob ects on
training polygons.  t contains model algorithm for
classi ca on of the ob ects using  ayesian sta s cal
approach  hich incorporates prior  no ledge i.e.
 enerali ed linear and  ul level model constructed by
 ar ov  hain onte  arlo       parameterses ma on.

                                
                                         

 ollects random samples from constructed training polygons.
 ontain more spa ally generali ed  L model algorithms for
classi ca on  Lasso,  andom  orest based on  en nel  predictor
variables.  t provides classi ca on accuracy metrics  valida on 
constructed training polygons   p on 1    .  t delivers precise
spa al control and correc on of the local erroneous class labelling
  p on 1    based on the numerous randomly posi oned
predic on points across the training polygons.  t delivers spa ally
correctedand validatedtrainingdata sets.

 rovides training polygons
 ith e tracted unlabeled
segments  spa al ob ects  
raster, vector

 rovides training polygons
 ith e tracted unlabeled
segments  spa al ob ects  
raster, vector

 eceives mul  temporal     bands and
satellite indices as predictor variables

 eceives e pert  no ledge,
E  indicator and  orest
inventory layers raster,
vector

 eceives e pert  no ledge,
E  indicator and  orest
inventory layers raster,
vector

 rovides training polygons
labeled segments  spa al
ob ects  raster, vector

 rovides training polygons
labeled segments  spa al
ob ects  raster, vector

 rovides veri ed training polygons  ith labeled
segments  spa al ob ects  raster, vector

 eceives mul  temporal    
bands and satellite indices as

predictor variables

 L U             E

 L U             E



Decision table for class labeling

Timeline 
January, 

February
May September October

Narrow leaved 

ash 

Pedunculate 

oak (flooded 

association)

Willow

Beech

Common 

Hornbeam

Pedunculate oak

Narrow leaved 

ash

Black Alder

Crown 

discoloration by 

pest attack

Date of Sentinel-

2 acquisition
3-Jan-2020 2-Apr-2020 17-Apr-2020 27-Apr-2020 30-May-2020 14-Sep-2020 4-Oct-2020

April

Flooded area 

Pedunculate oak (Oak lace bug)

Leaves         

unfolding

Phenology model from literature



SYNTHETIC GROUND TRUTH CONSTRUCTION
SEGMENTATION OF THE TRAINING POLYGONS 
(K-MEANS CLUSTERING) - MULTITEMPORAL S-2 NDVI 

LABELLING CLASSES USING PRIOR SINECOLOGICAL KNOWLEDGE  

FLOOD 
TOLERANCE L8 SURFACE ICE S2 MOISTURE NDWI S2

OAK DISCOLORATION 
PEST ATTACK  S2

QUERCUS FRAXINUS CARPINUS ALDER

DEFINED HABITAT TYPES

FOREST INVENTORY

EO DATA



Flood tolerance (Carpinus betulus)



Discoloration - S-2 image 15.9.2020 (Quercus robur -
Oak lace bug (Corythucha arcuata))



Random forest 

Overall Statistics:
Accuracy : 0.863           
95% CI : (0.8582, 0.8677)
Kappa : 0.8393 

I II III IV V VI VII VIII X XI XIII XIV

I 1.00

II 0.97 1.00

III 1.00 0.95 1.00

IV 0.99 0.92 1.00 1.00

V 0.99 0.96 1.00 0.97 1.00

VI 0.97 0.80 0.96 0.98 0.92 1.00

VII 0.89 0.96 1.00 0.93 0.99 0.99 1.00

VIII 1.00 1.00 1.00 0.96 1.00 1.00 0.98 1.00

X 0.93 0.99 1.00 0.99 0.99 0.99 0.97 1.00 1.00

XI 1.00 1.00 1.00 0.96 1.00 1.00 0.97 0.98 0.99 1.00

XIII 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.98 1.00 0.98 1.00

XIV 1.00 1.00 1.00 0.99 1.00 1.00 0.99 1.00 0.95 0.98 1.00 1.00

Between class separability – Lasso model 

RF Variable importance 



Scaling using GEOBIA or 
Deep Neural Networks



PRODUCTION OF THE FOREST HABITAT MAP FOR THE ROI OF WESTERN POSAVINA BY 

APLYING GEOGRAFIC OBJECT-BASED IMAGE ANALYSIS (RANDOM FOREST, SVM) ON THE 

CONSTRUCTED TRAINING POLYGONS (GROUND TRUTH) 

       L H              ŽU        E   

    U E  H              ŽU        E   U     
SYNTHETIC GROUND TRUTH AND GEOBIA ON SENTINEL-2 
MULTITEMPORAL IMAGERY
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