


Background

* Current “Natur i Norge” database
very sporadic, inconsistent, and
subjective

» System is not especially quantitative

* Huge potential to be updated with
remote sensing and classified into
the main eco-systems:

* Vegetation
* Meadows
* Forest

Deciduous
Coniferous

* Bogs

* Bare rock

* QOpen areas

* Snow/Ice

* Water

e Urban

e Semi-natural areas




Aims and challenges

e Develop an automated system to distinguish the main eco-systems
from satellite imagery

* Routines for mass downloading and preparation of data for large
areas

 Ability to repeat the analysis on-demand and assess changes

* Challenges:
* Large amounts of data not always organised in a logical way.
* Clouds, shadows
* Some of the classes are difficult to distinguish solely with spectral information



Step 1: Download lots and lots of satellite imagery
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range of dates

Cloud cover

Area of interest
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Automated sentinel

product download
parameters:

WorldView

Downloaded Sentinel-2
images

Atmospheric
correction

Pan-
Sharpening
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Time series analysis of super-registered, multi-
temporal images




System overview
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Modelling shadows
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Object image analysis: Image segmentation
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Image classification: SVM, Feature Space

Towardsdatascience.com



Image classification: Feature Space
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Deciduous forest vs coniferous forest
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Main classification - SVM

* Training data collected in eCognition based on AR5 data, NiN data and
aerial images

* Verification data collected in ArcMap using same data, different
locations

* Challenges related to geographic extent and data coverage

* Trondelag subset 10x larger than Hordaland subset
* Elevation data coverage lacking in some areas
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What about mapping bogs?

e Cannot be identified
spectrally

e Rather by looking at
recurring patterns in
the spectral values

e Can use machine
learning methods (i.e.
deep learning)
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Classification of major water bodies




Classification of snow patches




Objects > 0.25 heatmap OR > 0.4 median
heatmap to bogs




Objects > 0.25 heatmap OR > 0.4 median
heatmap to bogs




Expansion to nearby objects




Merging of objects




Results
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AR5 _Bogs

CNN Bog Classification
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CNN heatmap based on 20 cm RGB aerial images
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CNN heatmap based on Sentinel 1 + 2 (SAR, MS)
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Future d

evelopments: Time series
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Different sensors: WorldView 2 and LiDAR

tempMap
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