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Storm-associated damage in forests

In Europe

1/2 of forest damages is due to 
extremely intense winds

Total damage occurring in European forests (million m^3) due to different disturbances. (Modified from: Schelhaas 2008).

STORM-ASSOCIATED DAMAGE IN FORESTS
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Damage increase 
causes:

1. Forest 
management

2. Climate change

Development of 
growing stock and 
damage caused by 
storms in the period 
1950–2010. From: 
Gardiner et al., 
2013.

Observed change in 
surface temperature 
1901-2012. From: 
IPCC, 2013.

STORM-ASSOCIATED DAMAGE IN FORESTS
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Vaia storm

Vaia

Saturday 27th - Tuesday 30th October 2018

Geostrophic wind map 
on October 29, 18 UTC. 
(From: MetOffice).

Vaia storm from Meteosat-11 satellite 
infrared channel on October 29, 8:25 

PM.(From: Eumetasat).

VAIA STORM
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Vaia storm

Vaia

Saturday 27th - Tuesday 30th October 2018

VAIA STORM
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8 million 𝐦𝟑

loss of standing trees 

42,500 ha
of damaged  forests 
(3340 ha in FVG)

494
municipalities hit

Chirici et al. 2019

Credits: nimbus.it

VAIA ESTIMATED DAMAGE
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RADAR INSTRUMENT

Biophysical information

MULTISPECTRAL INSTRUMENT

Structural information

REMOTE SENSING OF WINDTHROWS
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1. Monitor immediate and long-term ecological effects

2. Determine the best bands transformations (indices) 

3. Produce a windthrow map of Friuli-Venezia Giulia region

Aims
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Materials and Methods
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Scale: 1:25000.

2 windthrown and
2 control sites

• Similar lithology

• 10.000 m2

• S or E exposition

• > 40% slope

• 750 m - 1250 m a.s.l. 

• Picea abies and Abies alba

2. Materials & methods 9/39

STUDY AREAS



SENTINEL missions
• 2 identical satellites phased at 180°
• Near-polar, sun-synchronous orbit
• 10-12 days repeat cycle (each)

Radar imaging (band-C)

Products:
• Interferometric Wide Swath
• Level-1 Ground Range Detected 
• High Resolution

→ Dual-polarisation modes (VV+VH)
→ Spatial res. 10m

Multispectral imaging

Products:
• Level 2A

→ 13 bands
→ Spatial res. 10-20-60m
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REMOTE SENSING DATA

Radar imaging (band-C) Multispectral imaging
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8
Vegetation indices

REMOTE SENSING DATA: SENTINEL-2



Sentinel-2 

9 dates

GRASS 

GIS

8 Vis

4 sites

R software 
environment

Sentinel-1 

9 dates

SNAP
Radiometric 
calibration

Speckle filtering

Terrain 
correction 

Db conversion

GRASS 

GIS

VV & VH

4 sites

R software 
environment
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REMOTE SENSING DATA PROCESSING



WI= (σ0 
VV, post - σ0 

VV, pre) + (σ0 
VH, post - σ0 

VH, pre)
Habitat

map

a (index) = 2,9 

n (pixels) = 27

Image differencing

Pre = 23rd of October 2018

Post = 4th of November 2018
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CHANGE DETECTION PROCESSING

Ruetschi et al. (2019) 



𝑵𝑫𝑾𝑰𝟖𝑨𝒅𝒊𝒇𝒇 = 𝑁𝐷𝑊𝐼8𝐴𝑝𝑟𝑒 − 𝑁𝐷𝑊𝐼8𝐴𝑝𝑜𝑠𝑡

SCL mask

pre = 4 

post = 4 & 5

Habitat 
map

a (index) = 0,15

n (pixels) = 2

Image differencing

Pre = 21st of April 2018

Post = 21st of April 2019
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CHANGE DETECTION PROCESSING



1. Field assessments 

2. Visual inspections & spatial statistics

Reference map:

Regional Forest  
System
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MAP VALIDATION



Results
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NDWI8A = 
𝐵8𝐴−𝐵11

𝐵8𝐴+𝐵11
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SENTINEL-2 TEMPORAL PROFILES
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SENTINEL-2 TEMPORAL PROFILES

Similar profiles

NDWI=
𝐵8−𝐵11

𝐵8+𝐵11

NDVI=
𝐵8−𝐵4

𝐵8+𝐵4

PSRI=
𝐵4−𝐵2

𝐵6

SLAVI=
𝐵8

𝐵4+𝐵12

GNDVI=
𝐵8−𝐵3

𝐵8+𝐵3



Similar profiles
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SENTINEL-2 TEMPORAL PROFILES
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Different profiles
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SENTINEL-2 TEMPORAL PROFILES

NDREDI=
𝐵5−𝐵2

𝐵5+𝐵2

IRECI=
𝐵7−𝐵4

𝐵5/𝐵6



Generalized Least 
Square (GLS) 
models outputs 
and performance
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SENTINEL-2 VEGETATION INDICES PERFORMANCE



NDWI8A=
𝐵8𝐴−𝐵11

𝐵8𝐴+𝐵11
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𝐵8−𝐵11

𝐵8+𝐵11

NDVI=
𝐵8−𝐵4

𝐵8+𝐵4

PSRI=
𝐵4−𝐵2

𝐵6

SLAVI=
𝐵8

𝐵4+𝐵12

GNDVI=
𝐵8−𝐵3

𝐵8+𝐵3

NDREDI=
𝐵5−𝐵2

𝐵5+𝐵2

IRECI=
𝐵7−𝐵4

𝐵5/𝐵6

P
ER

FO
R

M
A

N
C

E

3. Results 22/39

SENTINEL-2 SPECTRAL SIGNATURES

Statistical analysis: 
GLS+ post hoc pairwise comparison
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SENTINEL-2 SPECTRAL SIGNATURES

Statistical analysis: 
GLS+ post hoc pairwise comparison
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SENTINEL-2 SPECTRAL SIGNATURES

Statistical analysis: 
GLS+ post hoc pairwise comparison
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SENTINEL-2 SPECTRAL SIGNATURES

Statistical analysis: 
GLS+ post hoc pairwise comparison
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SENTINEL-2 SPECTRAL SIGNATURES

Statistical analysis: 
GLS+ post hoc pairwise comparison

l1



Backscatter Coefficient SE P. value R2

VV
Intercept -11.764   0.261 ***

0.009
Treatment -0.462    0.089 ***

VH
Intercept -17.726    0.274 ***

0.013
Treatment -0.470    0.076 ***

Linear mixed-
effects model 
(LMMs) 
outputs
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SENTINEL-1 TEMPORAL PROFILES & PERFORMACE



Short-term monitoring

Statistical 

analysis:

Wilcoxon 

signed rank test
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SENTINEL-1 TEMPORAL PROFILES



Short-term monitoring

Statistical 

analysis:

Wilcoxon 

signed rank test
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SENTINEL-1 TEMPORAL PROFILES



Short-term monitoring

Statistical 

analysis:

Wilcoxon 

signed rank test
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SENTINEL-1 TEMPORAL PROFILES

c2



c2NDWI8A
vegetation index 

differencing 

2545 ha

Regional Forest Service 

3184 ha
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SENTINEL-2 CHANGE DETECTION



c2
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SENTINEL-2 CHANGE DETECTION



c2
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SENTINEL-2 CHANGE DETECTION



c2
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SENTINEL-2 CHANGE DETECTION



c2
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SENTINEL-2 CHANGE DETECTION



c2
West exposed damaged areas:

RFS = 17% 
NDWI8A VID = 16%
WI =35%

Statistical analysis:
Kruskall-Wallis non-parametric rank test +
post hoc pairwise comparison

RFS perimeters are 
shown in blue, WI  
in red. West 
exposed areas in 
green, east 
exposed in yellow. 
Scale 1:65000.
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SENTINEL-1 CHANGE DETECTION

EAST                     WEST



Conclusions

RADAR

• Windthrows have short-term effects on radar backscatter

• WI detection method→ Strong topologic effects due to FVG Alps geometry

MULTISPECTRAL

• NDWI8A → Best index for windthrow-caused forest die-off & successions monitoring

• NDWI8A VID detection method→ Safe, accurate, easy, cost-effective for areal damage

4. Conclusions 37/39



Thank you 
for the 
attention

Credits © www.albertceolan.com
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IMAGE CLASSIFICATION

• Generation of thematic maps is a very common objective of digital image processing

• Goal = assigning each pixel to one of the target categories
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IMAGE CLASSIFICATION

• The output image will no longer represent a quantitative measurement

• Each pixel will have a DN which will represent a numeric label that identifies a category

• Classified image can be transformed into thematic maps by assigning a proper patch or colour key

• Classification methods are based on spectral information, but also on the spatial and temporal 
dimensions of the images.

• Three major phases:
1. TRAINING: digital definition of the categories based on sample pixels
2. ASSIGNMENT: allocation of the whole image to one of the categories
3. RESULTS ASSESSMENT: calculation of metrics to quantify the robustness of the classification
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IMAGE CLASSIFICATION
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IMAGE CLASSIFICATION

Supervised classification:

Based on 
sex/music/style/rockiness…

Is this singer Ozzy Osbourne?

Unsupervised classification:

How different singers can be 
classified in your Spotify playlist? 
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IMAGE CLASSIFICATION

Supervised classification:

It requires a priori 
knowledge of the area 

that helps in selecting the 
samples for each category

Assign the univocal
correspondance between

end-user classes and 
spectral classess

Unsupervised
classification:

Automatic searches to 
find the clusters of 

homogeneous within the 
image

Later, the user needs to 
find correspondances

between spectral groups
and target categories
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IMAGE CLASSIFICATION
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…..a priori Knowledge!!!

IMAGE CLASSIFICATION – SUPERVISED CLASSIFICATION
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IMAGE CLASSIFICATION – SUPERVISED CLASSIFICATION

RANDOM FOREST
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IMAGE CLASSIFICATION – SUPERVISED CLASSIFICATION
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IMAGE CLASSIFICATION – SUPERVISED CLASSIFICATION
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IMAGE CLASSIFICATION – SUPERVISED CLASSIFICATION
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IMAGE CLASSIFICATION – SUPERVISED CLASSIFICATION

• Random Forest is a method that constructs multiple decision trees during training phase.

• The decision of the majority of the trees is chosen by the random forest as the final decision.
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IMAGE CLASSIFICATION – SUPERVISED CLASSIFICATION

Decision Tree: 

• The decision tree is a tree shaped diagram 
used to determine a course of action.

• Each branch of the tree represents a possible 
decision, occurrence or reaction\
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IMAGE CLASSIFICATION – SUPERVISED CLASSIFICATION

1. Entropy
• Measure of randomness

2. Information gain
• Is the measure of the 

decrease or randomness 
after the data is split
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IMAGE CLASSIFICATION – SUPERVISED CLASSIFICATION

3. Leaf node: carries the classification
or the decision

4. Decision node: intermediate
decision, have 2 sub-branches
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IMAGE CLASSIFICATION – SUPERVISED CLASSIFICATION
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IMAGE CLASSIFICATION – SUPERVISED CLASSIFICATION
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IMAGE CLASSIFICATION – SUPERVISED CLASSIFICATION

Entropy = 0 Entropy is not 0 and need to be splitted
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IMAGE CLASSIFICATION – SUPERVISED CLASSIFICATION

100% accuracy for grapes

100% accuracy for apples

100% accuracy for lemons
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IMAGE CLASSIFICATION – Random Forest – How does it work?
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IMAGE CLASSIFICATION – SUPERVISED CLASSIFICATION

How to classify this fruit?

Tree 1 
Diameter = 3
Color = orange

Result = Orange

Tree 2
Color = red
Shape = Circle

Result = Cherries

Tree 3
Diameter = 3
Color = orange

Result = Orange
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IMAGE CLASSIFICATION – SUPERVISED CLASSIFICATION
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…..a priori Knowledge!!!

IMAGE CLASSIFICATION – SUPERVISED CLASSIFICATION
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IMAGE CLASSIFICATION – UNSUPERVISED CLASSIFICATION

The most used unsupervised algorithms:
• ISODATA
• K-means

A K-means algorithm tries to group similar 
items in the form of clusters. The number 
of group is represented by K.
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IMAGE CLASSIFICATION – UNSUPERVISED CLASSIFICATION – k-means

K = 2

Random centroids Assign to each point 
the closest centroid

This is the result Choose a new centroid (by 
computing center of gravity)

Reassign the centroid This is the results Repeat again the process Reassign the centroid
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IMAGE CLASSIFICATION – UNSUPERVISED CLASSIFICATION – k-means
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IMAGE CLASSIFICATION – UNSUPERVISED CLASSIFICATION – k-means

How to choose the parameter k?

Elbow method
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1. Introduction



1.1. Conservation of a semi-natural landscape: 
Karst eco-mosaic

socio-economic changes after 
World War II

pasture abandonment

secondary succession and 
grassland decline

projects to reintroduce grazing: 
“Ecomosaico del Carso”

millenary pasture 
activities

evolution of 
Karst grassland

«Ecomosaico del Carso» project:

• aims at the restoration of Karst grassland and 
the management of woodland;

• restoration actions are starting in 2022;

• habitat mapping was required to 
characterize the initial conditions.



1.2. Habitat mapping: image classification

• Image classification = process of categorizing pixels 
into ground cover classes.

• The choice of the remote sensing input data 
influences the type of habitat that can be mapped.

• Most common approaches:
• single-date images
• spectral reflectance bands or simple 

vegetation indices

• Open problem: these approaches are inadequate 
for mapping heterogeneous landscapes with small 
and spectrally similar habitat patches.

• Novel approaches:
1) inclusion of multi-temporal data
2) use of different indices, as spectral 

heterogeneity indices
(Borra et al., 2019)



1.3. Spectral heterogeneity

• Spectral heterogeneity = variation in the remote 
sensing signal

• Spectral Variation Hypothesis (Palmer et al., 
2002): spectral heterogeneity is linked to species 
diversity

• Spectral heterogeneity indices: 

• Rao’s Q index: relative abundance of pixel 
values and spectral distance among them

• Spectral α- and β-diversity indices

• Possible use for habitat classification.

MOVING 
WINDOW 
APPROACH

SPECTRAL 
SPECIES 
APPROACH

(Féret and Asner, 2014)

(Rocchini et al, 2013)



1.4. Aims of the study

The aim of this study was to develop an integrated approach to map natural habitats in Karst 
eco-mosaic through remote sensing.

Specifically, the objectives were:

1) to quantify the importance of measures of spectral heterogeneity;

2) to provide a framework to include multi-temporal data.
t1

tn



2. Materials and methods



2.1. Field data collection

Field surveys (March - May 2022)

• habitat classes:
1) fine classes: vegetation types based on Poldini 

(1989; 2009)

2) coarse classes

• manually mapping → polygons in QGIS

Italy

Friuli-Venezia 
Giulia

Classical Karst 

Study area: “Ecomosaico del Carso” project



2.2. Remote sensing data collection and 
processing

IMAGE SELECTION (Google Earth Engine)

- Sentinel-2 image collection (level 2-A)
- filters: cloud coverage (< 50%)

time (mar 2021-feb 2022)
area (Karst)
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MONTHLY TIME SERIES

MULTI-TEMPORAL HETEROGENEITY
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2.2. Remote sensing data collection and 
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2.3. Image classifications
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Training and validation 
data

Reference data were derived from 
field surveys:

• Training areas were chosen 
outside the study areas when 
possible and mapped on the 
field;

• Validation data points were 
randomly extracted from the 
QGIS polygons, after excluding 
the training areas.

Thus, training and validation data 
are independent, but the accuracy 
can be reduced.



3. Results and discussion



3.1. Field surveyed habitats

Thermophilous 
grassland

Mesophilous 
grassland

Flysch grassland

Grassland I-0 Grassland I-1 Grassland I-2

Pure grassland Grassland + 
patches Sesleria

autumnalis

Mosaic 
grassland/S. 
autumnalis

Felted grassland

26 habitat classes 11 habitat classes

Pioneer shrubland on screes with Ostrya carpinifolia

Shrublands

Shrubland with Cotinus coggygria

Pioneer thermophilous shrubland on screes

Thermophilous Karst shrubland

Shrubland with Fraxinus ornus

Downy oak woodland: young
Downy oak woodland

Downy oak woodland: mature

Sessile oak woodland Sessile oak woodland

Grasslands (9 classes) Grasslands (3 classes)

Grassland-woodland mosaic Grassland-woodland mosaic

Pasture-grassland Pasture-grassland

Hay meadow Hay meadow

Black pine plantation Black pine plantation

Grove with Ailanthus altissima
Invasive alien species

Grove with Robinia pseudoacacia

TYPE of 
GRASSLAND

STAGE of 
SUCCESSION

DEGREE 
of 
FELTING

Criteria for grassland classification:



3.1. Field surveyed habitats

areas dominated 
by grasslands 

areas dominated 
by woodland 



3.2. Remote sensing data

• 64 vegetation indices layers

• 176 spectral heterogeneity layers

• Areas with high spectral 
heterogeneity were generally areas 
with low vegetation

Rao’s Q α-diversity β-diversity



3.3. Image classifications
• Best input configuration: seasonal temporal 

configuration, 11 classes

• Best OA = 0.71

Class UA PA

Shrubland 0.19 0.69

Downy oak woodland 0.86 0.76

Sessile oak woodland 0.43 0.19

Invasive alien species – 0.00

Grassland I0 0.43 0.71

Grassland I1 0.66 0.76

Grassland I2 0.74 0.53

Grassland-woodland mosaic 0.34 0.48

Black pine plantation 0.84 0.89

Hay meadow 0.71 0.79

Pasture-grassland 0.75 0.27

Best classification Field data

• User’s accuracy (UA) = the proportion of pixels 
classified as i that had reference class i

• Producer’s accuracy (PA) = the proportion of pixels of 
reference class i that were correctly classified as i

OA = 0.71 (with spectral heterogeneity) vs 
OA = 0.66 (only vegetation indices)



3.3. Image classifications
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3.3. Image classifications – Important variables

• IRECI (97.58%): Red Edge bands → related to 
chlorophyll content and LAI (Frampton et al., 
2013).

• β-diversity (100.00%): dissimilarity among
communities



4. Conclusions

• The aims of this study were achieved:

• natural habitats in Karst eco-mosaic were 
mapped with a good accuracy (0.71);

• measures of spectral heterogeneity had an 
important role (especially β-diversity);

• seasonal aggregation allowed to include 
multi-temporal data.

• Possible improvements: use of data with higher 
resolutions or different input configurations.

• This approach can be applied in the future to 
monitor “Ecomosaico del Carso” project over 
time.
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