LechneriKnowledgeCentre /EarthObservatiorOperations SatelliteRemoteSensindepartment

Earth Observation solutions
In support of the Hungarian
public sector

Daniel Kristof, EdinBiriny, MartaBelényesi

David Akos Gera, Irdtubik Rémedfe Komolafe
VivienPacskoRobert Pataki, Matyas Richter
CsereyAnikoRotternéKulcsar, Maté Péter Simon,
BoglarkaSzatmarindartfai, Agnes Takndras;
Gabor Mikus

|| LECHNER &&O

~]| TUDASKOZPONT

FOLDMEGFIGYELESI
OPERATIV KOZPONT

ESALivingPlanetSymposiumViennaE23/06/2025



|

LechnerkKnowledgeCentre (LTK)

A state-owned not-for-profit company

fulfilling NMCAroles since2019(integrationof FOMI)

managinghe largestand most complete collection of
spatialdata setsin Hungary

spatialdatarelatedto the natural environment
official recordsrelatedto the built environment

specificprocessinganalysisand IT developmentskills
andactivitiesin-house

A up-to-date  geospatial solutions  supportin
government authoritiesandthe public

A sharinganddisseminationof knowledge



RemoteSensingcapabillities

ABalanced use of computational and visual methods

ACombined use of different data sources
A RS:
A airborne /space -borne
A optical and radar
A Field surveys
A Official data: LPIS, cadastre , topography

AProcessing of big geospatial data (national , EU)

Temporal changes of Shannon Entropy
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HarmonizedNational HighResolution Land CovehNHRL)

A LandCoverandLand
Coverchangemapping

A 23-14classes
dependingon
processingevel
(HNREhNHRL

A Countrywide

A Yearlypetween2016
2023

A Combinedmethod of
machinelearning visual
photo interpretation
anddataintegration

A Sentinell-2imagery
DEM, DSMSoll
information

Categories

I Artificial areas
without buildings

I Roads and railways
|| Arable land

[ Grassland (dry)
I Orchards

[ | Vineyards

|| Allotment gardens / | ' [

complex cultivation
B Shrubland

I Broadleaved trees
B Coniferous trees
|| Wet grassland
[T Wetlands

B Water surfaces

B Buildings




Productionof HarmonizedNational HighResolution Land CovehNHRIL

Input data:

Sentinef2 optical satelliteimagery
Sentinell radarimagerymosaics A
DigitalElevationand SurfaceModel,
Soilinformation

Referencaedata

PreviousNHRLUayers LPISand SAPS
data,

NationalForestDatabasgNFD)road
andrail network, buildings
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Uniform geometry and resolution
(EQV 10m)

Random Forest classifier
Data integration, data cleaning

A 23 LQlasses

EnhancedNHRL

Harmonized National High
Resolution Land Cover,
HNHRL

Valueaddedproduct

RawNHRL

Availablein Copernicusnap
browserwith viewand
downloadservice:
https://raster.lechnerkozpont.
hu/apps/copernicus/

Visualcontrol and correction
Thematicaggregation
A 14 LQlasses



https://raster.lechnerkozpont.hu/apps/copernicus/
https://raster.lechnerkozpont.hu/apps/copernicus/

Cropand GrasslandMaps

A

To I

Annualcrolps, ermanent crops
and grasslandg, agriculture,
ecosystems or spatial planning

16-24 categoriesdependingon
the year

Countrywide but
parcelboundariesand
Ineligibleterritories are masked

Yearlybetween20132024

Random Forestlassificationn
Python

Sentinel2 reflectancesand
indices

6-8 datesbetweenMarchand
October

Sentinell temporalintegrals
from H/A/alphapolarimetric
decomposition

Referencdrom
Anonymisedatabaseof
Subsidies

Lechner Knowledge Centre

Categories

[ Winter cereals
[ Spring cereals
B Maize

[0 sunflower

[ Sugarbeet

[ Alfalfa

I Peas

[ Potato

[ Rape

B Vineyard

I Orchard

[ Grassland

[ Soy bean

I Deciduous forest
Il Coniferous forest
Il Water

I Tobacco

I Oil pumpkin

[ | No-tilled grassland
[ Weet grassland

[ Saline grassland

[ Grassland with
herbaceous weed

[ Grassland with
woody weed

I Reed

[ | Non-classified areas




Cropand GrasslandMaps

Categories
| Winter cereals

A Annualcrolps, ermanent crops ] spring cereals
and grasslandg, agriculture, B Maize
ecosystems or spatial planning B sunflower
A 16-24 categoriesdependingon [0 sugarbeet
the year B Alfalfa
A Countrywide but S peas
parcelboundariesand B Potato
ineligible territories are masked [ Rape
B Vineyard
A Yearlybetween2013'2024 I Orchard
A Random Forestlassificatiorin B Grassland
Python [ soy bean
. I Deciduous forest
A Sentinel2 reflectancesand B Coniferous forest
indices ———
6-8 datesbetweenMarchand
October Il Tobacco
. . I oil pumpkin
A Sentinell temporalintegrals " No-tilled grassland
from H/A/alphapolarimetric B Weet grassland
decomposition _
[ ] saline grassland
A Referen(_:drom 7] Grassland with
Anonymisedatabaseof herbaceous weed
SUbSldleS | Grassland with : g ; .
woody weed : ; - SN A $= y U
B Reed 7. W Y. OF v .\\Q}It.» B

| Parcel bounds
and ineligible area



Cropmappingdevelopmentsusingdeeplearning

A Annualcrops, permanent crops
grasslandsindforestsA _
agriculture, ecosystems or spatial

planning Categorjes .
| | Outside the boundary | &
A Main categorieq8-16) of the study
[ | Cereals
A Referencdrom B Maie
AnonymiseDatabaseof Subsidiesg— ¢ aower
Experiments [ | Rapeseed
A Data Sentinel2 reflectances ; e
Sentinetl backscatterSentinell (Grassland & Alfalfa)
polarimetry B rorest
A Algorithmt 1DCNN, LSTM, Bl Water
Transformer autoregressive
pretraining

A Aim: spatiallyandtemporally
transferablepretrained model
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Floodand excessvater mapsbasedon optical imagery

A Basedon Sentinel2 IEW frequency
2016-2024 (%)
A Countrywide 010
. ]10-20
A Studyyearsbetween 1 20.30
2016-2024 3040
[140-50

A Basedon visuallyassited  mm 50-60
singledate thresholding : 30-70
(bandsandindiceg . o0

) . . Il 90-100
A Timeseriesreachingback B Forest and

to 1998available based artificial land cover
on Landsatndother
opticaldataandsimilar

methodology




Radarbasedflood and excessvater maps

A Basedon Sentinell A Radar-based

IEW frequency (%)

A The sample area covers 100
the most affected areas
in eastern Hungary

A Studyyearsbetween
2020-2023

A VVthresholding

A EnhancedEdge Otsu

method .

A Filtering outdrought 50 Artfical land cover
periods based on SMAP
anomalies




Deeplearningbasedwater detection (ESA RFP/38201/23/I-DT-bgh)

A Al based Fusion of Satellite  categories
/Airborne data for Biodiversity

Sentinell classificationtime series(December 1, 2022 December 31, 2023)
Change Characterization ]

I Open water surfaces

Bl soil seriously affected by water i
A Objectives: mapplng areas I Soil moderately affected by water f-:-‘{" rr
effected by water to support [0 soil slightly affected by water },i
water-retention and water Il Vegetation standing in water
buffer oriented land [ Areas not affected
management efforts || Cloud r

A Members: HUNREN Institute foi Bl Cloud shadow
Computer Science / Lechner = snow
Knowledge Center

Period 2023.10.1%; 2025.08.31

Deep Neural Network based

solution, using long timeeries

of Sentinel2 reflectance and

derived indices, Sentindl

Sigma0 backscatter coefficients

(VV, VH, and their ratip$oil, gpue
DEM andnorphometrydata

A Two test areas

A Reference from field data and
existing IEW maps

o I

i
[
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Deeplearningbasedwater detection (ESA RFP/38201/23/I-DT-bgh)

A Frequencymapbasedon IEW frequency :
equalintervaltime seriesof 2021-2024 (%) ;
integratedS2 and S1 100 i
classificatiorresults ' /i\‘.

A Appliedto categories g

A open water | b

A soils seriouslyffected
by water

A vegetation standing in
water.

e

0 5 10 km




Droughtmapsbasedon optical imagery

A Basedon MODIS NDV/| Drought categories

Bl severely drought

A CountrVWide B Voderately drought
A Referenceperiod 2009 E Moderately drought
2023 .| Slightly drought

.| Average

A MOStly mappingduring | Slightly better than average

the Summemonths B Vuch better than average
| Non-arable

A 250 meterSSpatia| | Cereal crops mask
resolution




CropConditionMaps

A Robust crop condition
maps for maize and
sunflower

A 6 categorieshow many
indicesshowedwrong
condition?

A Countrywide but
basedon datatake

A Referenceyearsbetween
2018-2023

A Croprotation takeninto
account

A Sentinel2 kNDV] NDVI,
EVI, NDMI and PSR

A Srong, monotonic
relationship betweercrop
conditionand damage
claims from the Hungarian
Agricultural Risk
Management System




