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Technical objectives

® to tailor and prototype suitable Artificial Intelligence (Al) 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 Al

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 Al approaches to the country scale habitat mapping




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

- Classification of the natural systems based on EO EXPERT SYSTEM
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FIGURE 2.7. A representation of the tradeoff between flexibility and inter-
pretability, using different statistical learning methods. In general, as the flexibil-
ity of a method increases, its interpretability decreases.




* MACHINE LEARNING, GEOBIA — Random Forest, Gradient Boosting, Support
vector machines, Lasso,...

 DEEP LEARNING — Deep (Convolutional) Neural Networks
* BAYES INFERENCE — prior knowledge

Google Earth Engine

ZEC]

I4 Keras @ python

1 TensorFlow

LET'S BUILD A
ML MODEL
WITH CARET




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.
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TYPICAL INCOMPLETE FRAMEWORK IN FOREST HABITATS CLASSIFICATION
STANDARD SUPERVISED LEARNING FRAMEWORK

EARTH OBSERVATION DATA EARTH OBSERVATION DATA
- PREDICTOR VARIABLES - PREDICTOR VARIABLES

PREDICTION OF DISCRETE PREDICTION OF DISCRETE
CATEGORIES CATEGORIES
ML ALGORITHM (CLASSIFICATION), ML ALGORITHM (CLASSIFICATION),
CONTINOUS RESPONSE CONTINOUS RESPONSE
VARIABLE (REGRESSION) VARIABLE (REGRESSION)

FOREST INVENTORY PLOTS

- GEOREFERENCED COLLECTICH
TRAINING/ !

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

1. Precise Ground

Truth Construction
- Definition of the training
areas (10% area)

- Initial unsupervised S-2
segmentation
- Expert based class labeling
- ML verification and S-2
feature selection

2. GEOBIA ,Wall-to-Wall” Mapping
- Segmentation of the objects
- S-2 ML model training

- Habitat classes prediction 3. Final Concept Testing

- Field collection of the habitat control set
- GEOBIA accuracy metrics calculation

Machine Learning
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INITIAL KNOWLEDGE GENERATION

GROUMD TRUTH TRAINING DATA 5

Contain methods and algorithms for construction of the
precise small scale training datasets using less data
intensive approaches like expert knowledge, statistical
models based on prior knowledge (Bayesian statistics)
and habitat specific EO indicators (i.e. vegetation
phenology, water regime, canopy structure) & forest
inventory data

|
Provides high precision |
small scale training maps |
(raster, vector) I

MACHINE LEARNING SCALING ALGORITHMS
[C i -Geomati
Based on the information from cted training
sets, contain intensive data requirements methods and
algorithms for scaling of the habitat classes over the

whole region of interest. It comprise regular scaling

capabilities using Gec phic Object Based Image
Analysis (GEOBIA) approach and advanced scaling
capabilities using Convolutional Deep Neural Networks.
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(Mergin Map - Cloud database system with

Android data Input/Output capabilities)
Provide supporting spatial information to
forest stuffin silvicultural operations.




Data pre-processing sub-system

Source: Copernicus Open Acces Hub
] Input: Sentinel-2 Level 2A

Aerophoto imagery procurement
| Input: tif images (tiles)

S o U

Source:
Forest inventory
database

[
R

Raster images (tif)

(Raster stack) resampled

to 10m, with spatialy
harmonized pixels

A4

SENTINEL-2 PREPROCESSING
(Component: Sentinel Application Platform - SNAP)

Contain Sentinel-2 Level 2A preprocessing steps:
Resampling > Colocation > Radiometric indices calculation

FOREST INVENTORY DATA PREPROCESSING
(Component: R, Qgis)
Query creation, tables join, data merge with GIS database
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CLOUD DATA STORAGE

|
|
AEROPHOTO IMAGES PREPROCESSING |
(Component: Orfeo toolbox) |
Contain aerophoto images processing steps: I
Creation of image mosaics I
I VHR
WorldView-2
I procurement
| Input:
I Panchromati
c&
I Multispectral

| tif images
WORLDVIEW-2 PREPROCESSING | (tiles)

(Component: Orfeo toolbox)
Contain VHR processing steps: 1

Pansharpening, Mosaic, Split images

et et

|
| Raster images (tif)

Mission Praduct Sensing Sensing Relative Orbit Tile
1D level date time number number
S2A Level-2A 3.1.2020 9:54:01 AM o7e 33TKL
S2A Level-2A 2.4.2020 9:50:31 AM 079 33TXL
S2B Level-24 7.4.2020 9:50:29 AM 079 33THL
528 Level-24A 17.4.2020 | 9:50:29 AM 079 33THL
528 Level-2A 26.6.2020 | 9:50:29 AM 079 33THL
S2A Level-2A 21.7.2020 | 9:50:41 AM 079 33TXL
S2A Level-24 20.8.2020 | 9:50:41 AM 079 33THL
S2A Level-24A 9.9.2020 9:50:31 AM 079 33THL
528 Level-24A 14.9.2020 | 9:50:29 AM 079 33THL
S2A Level-2A | 19.10.2020 | 9:50:41 AM 079 33THL
No S-2Band Description Central wavelength (um)
1 BO1 Coastal aerosol 0.443
2 B02 Blue 0.49
3 BO3 Green 0.56
4 B0O4 Red 0.665
5 BO5 Red edge 1 0.705
6 B0O6 Red edge 2 0.74
7 BO7 Red edge 3 0.783
8 B0O8 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 (Redz/ Greenz)/Z
14 BI2 The Second Brightnes Index sqrt (Red 2+ Green 2" NIR 1%)/3
15 cl The Colour Index (Red - Green) / (Red + Green)
16 RI The Redness Index (Red2 / Green2)
The Normalized Difference
17 NDVI , (NIR 1- Red)/(NIR 1 + Red)
Vegetation Index
The Atmospherically Resistant (NIR - (Red - (Blue - Red)) / (NIR + (Red -
18 ARVI .
Vegetation Indeks (Blue - Red))
19 GNDVI The Green NornTallzed Difference (NIR 1- Green) / (NIR 1 + Green)
Vegetation Index
20 SAVI The Soil Adjusted Vegetation Index (+L)(NIRL- Te—dzo/l(’)\"R 1+Red+L)
21 MCARI The Modified Chlorophill Absorption ((Red edge - Red) - 0.2 * (Red edge -
Ratio Index Green)) * (Red edge / Red)
2 | now | T Normal'zi::e'iference Water (NIR 1- SWIR 1) / (NIR 1+ SWIR 1)
23 MINDWI The Modified Normalized Difference (Green - SWIR 1) / (Green + SWIR 1)
Water Index
2 nort | e Nmma"ZT:dZ:ference Pond (SWIR 1- Green) / (SWIR 1 + Green)
25 LAI Leaf Area Indeks
2% 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 . : UDDATAS — |
DATA (GROUND TRUTH) GENERATION e :

r————————————J———————————————————————

v [ ] |
1 Receives dxpert knowledge, | I [
I TRAINING AREA SELECTION & SEGMENTATION EQ indicator and Forest 1 1
(Component: unsupervised classification algorithm-Google Earth Engine) inventory [ayers—raster, 1 1 |
Provides training polygon selection and creation of initial vector
| spatial objects by unsupervised learning (k-means 1 I 1 |
clustering) It uses multitemporal Sentinek2 indices (NDVI) 1 1 1
| that best represent phenological vegetation differences | |
I The results are homogeneous spatial objects (segments) I |
suitable for expert based interpretation and habitat type 1 1 1 |
I characterization 1 Receives expert knowledge, |
I EO indicator and Forest |
1 1 inventory Fayers— raster, I
Provides tra ifing polygons | 1 vector | 1 |
1 with extracted unlabeled Provides jaining polygons | | | I
segments (spatial objects)— with extracted unlabeled | | I
| raster, vectok segmentsk(spatial objects)— I |
I raster, ve§tor | !
I 1 1 |
1 1 I I
DECISION TABLE CLASSIFICATION SYSTEM 1 1
I (Component: Decision table with indicator layers-R, Google Earth Engine) 1 1 I
Provides habitat atributes to extracted spatial objects on
1 training polygons The decision table for habitat 1 1 |
characterization and class labelingis constructed based on
[ cxpert knowledge, using perceptual information from AUTOMATED STATISTICAL MODELING ! { |
derivedsatelliteindicatorlayersand forestinventorydata. CLASSIFICATION SYSTEM 1 1
I (Component: Model algorithm, R packages ) 1 1
rovides habitat atributes to extracted spatial objects on
Provides habi ib d ial obj I
| training polygons It contains model algorithm for | I
IR SR TR e I=e sl Classification of the objects using Bayesian statistical 1 1 I
I labeled ts (. tial approach which incorporates prior knowledge i.e. f
abeled segments (spatial - SRSV ISP P RIS — — — 1 |
1 PRI EREAESIENN /2 ov Chain Monte Carlo (MCMC) parametersestimation. 1 I
I 1
1 ! !
| Prov'\dei training polygons 1 |
I labeled segments (spatial 1
objects)l— raster, vector | |
I A4 . ! [
| Receives mulq—temporals—z
SEMISUPERVISED MACHINE LEARNING bands and sateliiteindicesas |
1 (Component: Model algorithm, R packages ) predictor variables
Collects random samples from constructed training polygons 1 |
1 Contain more spatially generalized ML model algorithms for 1 |
classification (Lasso, Random Forest) based on Sentinel2 predictor
I variables It provides classification accuracy metrics (validation) g | I
constructed training polygons (Option 1 & 2). It delivers precise
1 spatial control and correction of the local erroneous class labelling |
(Option 1 & 2) based on the numerous randomly positioned
1 prediction points across the training polygons It deliversspatially [
I correctedand validatedtrainingdata sets.
e
|
|
1 Provides verified training polygons with labeled

segments (spatial objects)— raster, vector
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9 jes Jeg jee [ [8¢8 3 Phenology model from literature
o
Orthophoto — visually discrenible tree X
canopy morphology Timeli January, April M Septemb Octob
Orthophoto —visually discernible absence fmetine February s 2 L oner
of trees X Narrow leaved
ash
Orthophoto — forest infrastructure Flooded area | Pedunculate
oak (flooded
The presence of flooding (Landsat-8 flood association)
mask) X X X X X X Willow
The presence of surface ice core (Sentinel- X X X X X X Beech T
2 RGB, 3.1.2020) Leaves pe——
Excessive surface moisture (Sentinel-2 X X X X X unfolding Pedunculate oak
NDWI, 3.1.2020) Narrow leaved
Start of vegetation greening (Sentinel-2 ash
RGB, 2.4.2020) X Black Alder
. . . Crown
Start of vegetation greening (Sentinel-2 X x discoloration by Pedunculate oak (Oak lace bug)
RGB, 17.4.2020) e
Start of vegetation greening (Sentinel-2 X X D —
RGB, 27.4.2020) 2 acquisition 3-Jan-2020 2-Apr-2020 17-Apr-2020 | 27-Apr-2020 | 30-May-2020 | 14-Sep-2020 4-Oct-2020
Start of vegetation greening (Sentinel-2
RGB, 30.5.2020) X X
Canopy discoloration caused by oak lace
bug (Sentinel-2 RGE, 14.9.2020) X X X X X
Dominant basal area percentage (forest
nventon] X | X | X | X | x| x| x| x| X X




SYNTHETIC GROUND TRUTH CONSTRUCTION

SEGMENTATION OF THE TRAINING POLYGONS
(K-MEANS CLUSTERING) - MULTITEMPORAL S-2 NDVI

LABELLING CLASSES USING PRIOR SINECOLOGICAL KNOWLEDGE

EO DATA
FLOOD OAK DISCOLORATION

TOLERANCE L8 SURFACE ICE S2 MOISTURE NDWIS2 PEST ATTACK S2
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Flood tolerance (Carpinus betulus)

m2/ha

(] 0.0000 - 4.2000
[ 4.2000 - 8.4000
[ 8.4000 - 12.6000
I 12.6000 - 16.8000
Il 16.8000 - 21.0000




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

m2/ha

(1 0.0000 - 6.6000
[ 6.6000 - 13.2000
] 13.2000 - 19.8000
[ 19.8000 - 26.4000
Il 26.4000 - 33.0000




Random forest

Overall Statistics:
Accuracy : 0.863

95% Cl : (0.8582, 0.8677)
Kappa : 0.8393
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CLOUD DATA STORAGE

Scaling using GEOBIA or

) . . ) » . Receives multj-temporal 5-2
Deep Neural Networks oot SO it e SR e ievis il B
polygons with labeled segments | polygons with labeled segments | as predictor vhriables 1 |
(spatial objects) — raster, vector | (spatial objects) — raster, vector | prect I I
(Raster |mage!; stack)
| I I I I I
| I | I Receives multi- I
I I I I temporal 5-2 I
I bands an
OPTION 1 - GEOGRAPHIC OBIJECT BASED I I I satellite i'wdicr_‘s as I
| IMAGE ANALYSIS (REGULAR SCALING [P N predictor I
APPROACH) 1 I variables|(Raster |
I (Component: PCl — Geomatica workflow) .
I I images stack) I
I e o | |
ate a pred
bl OPTION 2 - DEEP NEURAL NETWORKS I | I
I e (ENHANCED SCALING APPROACH)
ent ,  anc d (Component: Python Keras & TensorFlow Algorithm) I I I
I . . . hased ¢ y ¢ 2 mentation DNN - e mm e et |
E GEOBIA procedure will use c S € wi _l"‘ implemented I I
I ware that suppc i ed o € problem o tc n,
solution. The I |
| | I
I e S — |
onvolutional
:"I_U\,.U.EHH.!. | Receives Very High
[ The mos Resolution satellite and
| I aerophoto images as
ined. Various network architec I prEdiCtOr variables (Raster
I gmentation will be images stack)
VGG-16 ResMet, I

Provides High Resolution
Habitat Map for Area of
Interest - raster, vector

Provides High Resolution
Habitat Map for Area of
Interest — raster, vector

FIELD DATA MANAGEMENT SYSTEM — MERGIN MAP APP.




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)

PRODUCED HABITAT MAP OF ZUTICA FOREST USING

OFFICIAL HABITAT MAP OF ZUTICA FOREST SYNTHETIC GROUND TRUTH AND GEOBIA ON SENTINEL-2
MULTITEMPORAL IMAGERY
B
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Bojan Karaica, mag.ing.geol.
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