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Abstract: Mapping forest disturbances is an essential component of forest monitoring systems both
to support local decisions and for international reporting. Between the 28 and 29 October 2018, the
VAIA storm hit the Northeast regions of Italy with wind gusts exceeding 200 km h*. The forests in
these regions have been seriously damaged. Over 490 Municipalities in six administrative Regions
in Northern Italy registered forest damages caused by VAIA, that destroyed or intensely damaged
forest stands spread over an area of 67,000 km?2. The present work tested the use of two continuous
change detection algorithms, i.e., the Bayesian estimator of abrupt change, seasonal change, and
trend (BEAST) and the continuous change detection and classification (CCDC) to map and estimate
forest windstorm damage area using a normalized burned ration (NBR) time series calculated on
three years Sentinel-2 (S2) images collection (i.e., January 2017-October 2019). We analyzed the ac-
curacy of the maps and the damaged forest area using a probability-based stratified estimation
within 12 months after the storm with an independent validation dataset. The results showed that
close to the storm (i.e., 1 to 6 months November 2018-March 2019) it is not possible to obtain accu-
rate results independently of the algorithm used, while accurate results were observed between 7
and 12 months from the storm (i.e., May 2019 — October 2019) in terms of Standard Error (SE), per-
centage SE (SE%), overall accuracy (OA), producer accuracy (PA), user accuracy (UA), and gmean for
both BEAST and CCDC (SE<3725.3 ha, SE% <9.69 , OA >89.7, PA and UA > 0.87, gmean> 0.83).

Keywords: forest windthrow mapping; sentinel-2; satellite multispectral data; continues change
detection algorithm; BEAST; CCDC; change detection

1. Introduction

The effects of climate change and climate variability on forest ecosystems are evident
around the world and further impacts are unavoidable, at least in the short and medium
period [1]. Under global warming, in this century the frequency and severity of wind gust
events is increasing [2,3], especially in Europe where since 1950 over 130 autumn and
winter windstorms have caused notable damages to European forests [4-6]. In fact, au-
tumn and winter windstorms are responsible for more than 50% of reported primary
damages to European forests (in terms of growing stock volume), including all biotic and
abiotic causes [4,6]. At the European level, most of the autumn/winter windstorm damage
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is reported in coniferous forests probably because their leaf-on canopies offer more re-
sistance against wind compared to deciduous canopies which have shed their leaves in
the winter [4,7,8].

Understanding the effects of wind gusts on forests is of great interest for environ-
mental and economic issues [4,9,10] and for the assessment of greenhouse gas inventories
[11,12]. In fact, after a windstorm, it is necessary to rapidly obtain estimates about the
damaged forest area, to support forest operations, and future management strategies [13—
15], and to report forest indicators in the context of international reporting obligations [2]
such as FAO [16], the Ministerial conference on the protection of Forest Europe [17], and
IPCC [11].

Remote sensing (RS) is considered the most efficient way to map forest disturbances
over large area. Many RS data were tested to map and estimate forest windstorm disturb-
ances as for example Airborne Laser Scanner data (ALS) [8], Sentinel-1 SAR data [13,18],
high and medium spatial resolution multispectral satellite imagery [15,18-20]. However,
some of these approaches present relevant limitations. For example, the one proposed by
Chirici et al., (2018) [8] requires the acquisition of post-event ALS data, which is expensive
for large area application (i.e., 0.8 €/ha). The one using SAR data proposed by Riietschi et
al. (2019) [13], is not able to determine the exact boundary of damages that is mandatory
to estimate the damaged area and cannot be applied for winter storm and/or in absence
of a high-resolution digital terrain model (i.e., 2 m resolution). The approaches proposed
by Kislov & Korznikov (2020) [19] and Hamdi et al. (2019) [20] using high resolution im-
agery and deep learning seems to be promising in mapping the boundaries of windstorm
disturbances; however, the cost of high resolution images over large areas is high.

Within the vast availability of different remotely sensed data, the freely available
multispectral optical satellite images are still considered the most feasible and cost-effec-
tive option to derive information for extensive forest areas [21] since such data are freely
available online at medium and fine resolution, e.g., Landsat (spatial resolution: 30 m,
revised time: 16 days) and Sentinel-2 (52) (spatial resolution: up to 10 m, revised time: 5
days). Dalponte (2020) [15] reported that the efficiency in detecting windstorm damages
using optical RS data depends mainly on three main aspects: temporal resolution, spectral
resolution, and spatial resolution.

Usually to map forest disturbances common change detection (CD) methods with
optical data consist of analyzing the pre- and post-disturbance images are used [15,19].
For example, Dalponte et al. (2020) [15] in a study area of 732 km? mapped forest wind-
throw caused by VAIA with a change vector analysis (CVA) bi-temporal approach be-
tween two dates as a vector within the features space, using two high resolution planet
scope (PS) images and two medium resolution S2 images. Dalponte et al. (2020) [15]
showed that the most accurate map of windstorm damages areas can be derived after 8
months from the storm event comparing two images acquired in summer time, one pre-
and one post-event (52 Kappa accuracy (KA) = 0.74, PS KA = 0.70), while less accurate
results can be obtained using images acquired closer to the storm event e.g., after 14 days
PS and after 45 days S2 (KA<0.29). Vaglio Laurin et al. (2020) [18], in an area of 20,000 km?
damaged by VAIA windstorm found that 52 is more efficient to detect forest damages
than SAR Sentinel-1 (S1). In fact, Vaglio Laurin et al. (2020) [18] with a bi-temporal change
detection approch obtained an overall accuracy of 86% for 52 using an image acquired
after 7 months from the storm and 68% for S1 using data acquired after 15-20 days after
the storm. Also, Olmo et al. (2021) [22] using a bi-temporal approach between vegetation
indices (vegetation index differences) calculated on 52 bands produced accurate results in
detecting VAIA forest windthrow in Friuli Venezia Gilia. Olmo et al. [22] showed with a
multitemporal analysis based on vegetation indices that, starting from April 2019, it was
possible to observe a deviation of reflectance values for damaged and undamaged areas
comparing to the years before the storm. Piragnolo et al. [23] showed that the multitem-
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poral analysis of vegetation indices calculated on the S2 imagery are useful to predict se-
verity classes of damaged areas using aggregational statistics of VIs as input to random
forest machine learning algorithm.

Several authors have demonstrated that an analysis based on the multitemporal spec-
tral signatures, derived by satellite time series (TS) imagery, can be more efficient [19,24—
29] than a bi-temporal approch. In fact, in recent years, new methods based on the mul-
titemporal spectral signatures [19,24-29] were developed to map forest disturbances and
forest interannual changes using multispectral optical satellite TS (i.e., Landsat, MODIS,
and in the last year S2 data) [24,27-34] thanks also, to the development of cloud computing
platform such as Google Earth Engine (GEE). Cloud computing platform, in fact, gives
access to a complete catalog of remotely sensing data, with the capability to process effi-
ciently large multitemporal set of remotely sensed data [35].

Within the vast array of algorithms developed to map land use changes using TS
optical satellite imagery, those that are able to detect interannual changes using trajectory
analysis appears to be adequate to detect interannual changes of forest area [36,37]. Some
of the most promising CD approaches are: the continuous change detection and classifi-
cation (CCDC) [38]; the exponentially weighted moving average change detection (EW-
MACD) [39]; or the Bayesian estimator of abrupt change, seasonal change, and trend
(BEAST) [40] methods. These algorithms were successfully applied to monitor decline
processes [41], changes in vegetation growing [42], seasonal forest changes [43], and spa-
tiotemporal forest dynamics [44]. In addition, these algorithms are able to split the time
series into three adaptative components (i.e., trend, seasonal, and remainder) [42,44,45]
for each investigated year. Many of these studies use dense Landsat or MODIS TS as input
data [40,46], while, the use of S2 and CCDC algorithm to map forest areas damaged by
windstorms is limited [37]. Many recent studies on VAIA windstorm underlined that S2
is adequate to detect windstorm since S2 program offers innovative features for forest
remote sensing by combining high spatial resolution (i.e., 13 bands, from 0.443 to 2.190
pum with the visible (i.e., R, G, B,) and the near infrared bands at 10-m spatial resolution
and four red-edge bands at 20-m spatial resolution), wide coverage and a quick revisit
time (i.e., every 5 days after the launch of Sentinel-2B satellite in 2017) [15,18,22,23]. How-
ever, they considered only a small portion of the area hit by VAIA windstorm and no-
ones provided an estimation of damaged area.

The aim of this work is to test the accuracy of continuous change detection algorithms
in mapping forest damaged forest areas by VAIA windstorm over approximately 67,000
km?, of which 144,651.1 ha are forested following the FAO forest definition. We tested two
of the most used TS Continuous Change Detection algorithms (BEAST and CCDC) to de-
tect VAIA windstorm damage forest areas using three years continually S2 normalized
burn ratio (NBR) time series (i.e., January 2017-October 2019). The intent was to analyze
how the accuracies of the maps and area estimation change within 12 months from the
storm. The accuracies of the maps derived by the two algorithms were evaluate using a
ground truth point dataset. Moreover, since area estimates is requested in the context of
international reporting, such as greenhouse gas inventories, we calculated with probabil-
ity-based stratified estimator the total damaged area and the standard error of the damage
area estimates. To the best of our knowledge this contribution presents the first tentative
of mapping the total forest area damaged by the VAIA storm.

2. Materials
2.1. Study Area and VAIA Windstorm

The study area coincides with the Italian area hits by the VAIA windstorm as re-
ported by Chirici et al. (2018) [47] in the following Regions of Italy: Trentino Alto Adige,
Veneto, Friuli Venezia Giulia, Lombardia, Piemonte, and Valle d’Aosta (Figure 1), for a
total of 67,000 km? covered by forest for 144,651.1 ha following the FAO forest definition
[48,49].
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The VAIA storm hit the area in the night between 28 and 29 October 2018 with winds
up to 200 km/h [45]. Local authorities on the basis of field surveys reported that most of
the damages were in coniferous forests dominated by Spruce (Picea abies L.)., Silver Fir
(Abies alba Mill.), and Pinus (Pinus spp.), however some damages were reported also in
broadleaves forests such as in beech stands (Fagus sylvatica L.) [48]. Preliminary field
recognition and manual photointerpretation of satellite data showed that a total of 42.525
ha of forests were damaged by the storm [47,49]. The minimum mapping units used to
delineate damaged area was 2000 m? and the areas were considered damaged if at least
50% trees fallen.
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Figure 1. Location of the study area and of the validation dataset. NUT are the “Nomenclature des Unités territoriales
statistiques” that is the classification of administrative territories at European Level.

2.2. Sentinel-2 Time Series Preprocessing

We used surface reflectance Bottom-Of-Atmosphere 52 images available in GEE with
cloud cover lower than 10% acquired between the 1 January 2017 and the 31 December
2019 resulting in a total of 1360 images of which 707 were acquired before VAIA storm
and 653 after the storm (Figure 2). From Figure 2 it is possible to note that most of the
images were acquired in late spring and summer (June to September) and from Figure 3
itis possible to see the monthly cloud composite of S2 imagery derived by the use of image
collection after VAIA windstorm.
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Figure 2. Number of S2 images per month and years of the image collection.

The pixels in the images of the collection covered by clouds and cloud shadows were
masked using the algorithm Fmask implemented in GEE [50]. Moreover, to reduce the area
of the analysis just to forest areas, according to the FAO definition, we excluded the pixels
of each images outside the forests using the high resolution forest masks [49].

For each forest pixel two indices (i.e., the NBR and the normalized difference snow
index (NDSI)) were calculated. NBR is calculated as the ratio of NIR (S2-Band 8) and the
SWIR (52-Band 12) bands

NBR = (NIR — SWIR)/(NIR + SWIR) 1)

and the NDSI is calculated as a ratio between the Green (S2-Band 3) and the SWIR (S2-
Band 11)

NDSI = (GREEN — SWIR)/(GREEN + SWIR) )

The two indices were calculated because the NBR was used to detect damaged forest
areas, and the NDSI to obtain information on snow cover to reduce noises [51]. In details,
the image collection was used to create the S2 time series data. To reduce spikes due to
snow covers in the NBR TS we used a despike approach [52] in correspondence of high
values of NDSI. In details, when NBR spikes were observed in correspondence of high
values of NDSI (i.e., NDSI > 0.1), we modeled the NBR value using a linear regression
model with the two closer NBR values without snow (i.e., before and after). In fact, from
Figure 3 it is possible to observe that NBR anomaly spikes (i.e., light blue line) are present
when NDSI is higher than 0.1 (i.e., black points).
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Figure 3. Example of NBR spectral trajectories analysis of two different forest areas. Panel (A) re-
ports the spectral trajectories of damaged forest area, while panel (B) reports the spectral trajecto-
ries of undamaged forest. The orange rectangle identifies the time after the storm when it is possi-
ble to observe for damaged area a deviation from the seasonality (A), while undamaged area (B)
has no deviation from the seasonality of the two years before the storm.

2.3. Training Dataset

To study the S2 time series and to calibrate the classification algorithms we created a
training dataset of forest polygons covering both damaged and undamaged areas. Using
a grid of 30 x 30 km we selected a total of 100 polygons damaged by the VAIA storm from
the European dataset of windstorm recently published by Forzieri et al. (2020) [4]. In de-
tails, we extracted at least one damaged polygon for each cell of the grid. Then in the same
cell of the grid we manually photointerpreted a total of 100 undamaged forest polygons
using high resolution satellite Planet scope images [53]. Overall, 45 ha of damaged (i.e.,
1125 S2 pixels) and 47 ha (i.e., 1175 pixels) of undamaged areas were acquired for the
training dataset.

2.4, Validation Dataset

To assess the accuracy of the classification methods we created a validation dataset.
We started from an existing point sampling created for the Italian Inventory of Land Use
(IUTI - Inventario dell’Uso delle Terre d’Italia), that is a permanent inventory done by ISPRA
(Istituto Superiore per la Protezione e la Ricerca Ambientale) [54]. IUTI is a permanent
monitoring system to estimate the extent of six land use categories identified in the IPCC
Good Practices Guidance for Land Use, Land Use Change and Forestry: 1—forest land;
2— cropland; 3—grassland; 4 —wetland; 5—settlements; 6—other lands. IUTI is based on
a systematic unaligned sampling design with a 0.5 x 0.5 km grid cells. A complete descrip-
tion on IUTI can be found in Vangi et al. (2021) [55].

From the 128,548 IUTI points falling in forests in the study area we extracted a sub-
sample of 700 points on the basis of a stratified random sampling. Therefore, for each
administrative Province we extracted a different number of points calculated on the basis
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of the hectares of damage reported by local authorities and on the basis of a squared grid
of 2 x 2 km [47] with a minimum of 10 points per Province. The 700 points of the validation
set were manually photointerpreted using high resolution Planet scope imagery [53] and
classified into damaged or undamaged by the VAIA storm. To classify the points in dam-
aged and undamaged forests we used a square grid of 2000 m? around the points. The
point was classified as damaged if at least 50% of the square was covered by fallen trees.

3. Methods

We tested two different continuous change detection algorithms to map forest areas
damaged by VAIA using the one year’s despike S2 NBR time series described in Section
2.2. Both the procedures were implemented in GEE using the function of the two algo-
rithms available on GEE platform.

3.1. Mapping Vaia Damages
3.1.1. Breaks for Additive Seasonal and Trend Iterative Algorithm

The despiked NBR time series described in Section 2.2 was used as input data to de-
compose it into three components: trend, seasonal, and remainder components using the
BEAST iterative algorithm [42]. The decomposition model was set as:

Y, =T, + S;+e (t=1..,d) 3)

where Y, was the observed data at time t, T}, S;, and e, represent the trend, seasonal, and
remainder component, and d represent the number of observations. The T, was fitted
using a piecewise linear model with specific slopes a; and g;intercepts on different s+1
segments as:

Te=pi+ait (1 <t <7;) (4)

where i = 1,...,s and m represent the number of breakpoints in the trend component.
The seasonal component S, can be fitted as the piecewise harmonic models on different
p + 1 segments as:

S, =Yk, [yj;k sin (ZnTkt) + 6jcos ( )] @t <t <th (5)

where j =1, ...,p and p is the number of breakpoints in the seasonal component. Variable
k is the order of harmonic function, which was set as 3 to accurately detect forest changes
(i.e., double and triple-changes within a year).

The frequency v was set to 73 for annual daily observations for the NBR time series.
The iteration process is initialized by estimating the seasonal component S; using the sea-
sonal-trend decomposition (STL) algorithm, with the residual-based moving sum (MO-
SUM) [56] used to test whether breakpoints t* 1,..., T s occur in the adjusted trend com-
ponent Y, — §;. We used the minimizing Bayesian information criterion (BIC) and the re-
sidual sum of squares (RSS) to determine the number of breaking points in the trend com-
ponent, and then we used the regression on the basis of M-estimation to estimate the co-
efficient and intercept of each of the segment, using to estimate the trend of equation 5.
Using a similar MOSUM test we identified the breakpoints 7}, ..., < 7}, in the de-trend
seasonal component Y; — T;, using as before BIC and RSS. Coefficient Yjx and B, of the
seasonal component for each of the segment are estimated with M-estimation, and then
the seasonal estimate S,is computed based on equation 5. The process is iterative and was
performed until the number and position of breaking points remained stable. That allow
to detect the breakpoints and estimate the parameters of the equations 4 and 5.

Using the decomposition time series iteratively, the seasonality component before
VAIA windstorm (i.e., from 1 January 2018 and 27 October 2018) was extracted. Then after
the windstorm (i.e., from 31 October 2018 to 31 December 2019) we checked if damaged
areas had a breaking point in correspondence of the remainder component (i.e., time
where a series have a deviation from seasonality). The BEAST parameters were set using

2kt

v
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the training dataset and then BEAST was applied to each pixels and its own time series to
detect, if present, a breakpoint of the seasonal component after the storm using the equa-
tion describe before. Therefore, applying the BEAST every month after the storm, we ob-
tained a classification in all forested area as ‘damaged’ or ‘undamaged’ for each pixel of
the study area. At the end we obtained for each month after the storm maps of damaged
and undamaged area that were used to assess the accuracy of forest windstorm detection
(Section 3.2) and to assess the damaged forest areas using the probability-based stratified
estimators (Section 3.3). We refer to Cai & Liu (2015), Zhao et al. (2019), and Mardian et
al. (2021) [40,46,57] for a complete description of the BEAST algorithm.

3.1.2. Continuous Change Detection and Classification Algorithm

As reported by Zhu (2014) [39] the CCDC algorithm assumes that noise is ephemeral
and land cover change is persistent and uses all available satellite images observations at
each pixel to simultaneously map land cover and land cover changes modeling temporal-
spectral features including seasonality, trends, and spectral variability. We applied the
CCDC implemented in GEE using the NBR despike TS as done for BEST. The CCDC time
series model is able to detect three types of changes—i.e., interannual changes, gradual
interannual changes, and abrupt changes. The changes that occur for pixel values over
time were modeled with NBR using the ordinary least squares (OLS) method. The differ-
ence between the predicted and modeled pixel value and the true pixel value is calculated.
When the difference between the values is three times greater than the root mean square
error (RMSE), that pixel is flagged as a possible forest area damaged by the windstorm.
Potential windstorm damaged areas were then assessed for true changes based on the
number of consecutive observations. If a pixel’s value is markedly different from the
model results only once, this is likely an outlier. If the pixel’s value is markedly different
from the model results for a given number of consecutive observations, the algorithm con-
siders that pixel as a real change. In our case, the minimum consecutive anomaly obser-
vations parameter was set to 2. Therefore, the pixel was considered a possible forest dam-
age when the difference between observed and predicted images exceeds a threshold two
consecutive times. Then to classify land changes the CCDC algorithm uses the coefficients
of time series models as the inputs for land cover classification. In our case the coefficients
of time series models were calculated on the basis of the training sample (polygons de-
scribe in Section 2.3.). At the end the coefficients from the time series models and the
RMSE from model estimation were used as input to the random forest classifier (RFC).
For more details on the use of CCDC algorithm we refer to Zhu et al. (2014) and Arévalo
et al. (2020) [39,58]. Applying the CCDC we obtained every month after VAIA a forest
damage map that is used to assess the accuracy of forest windstorm detection (Section 3.2)
and to estimate the damaged forest area using the probability-based stratified estimators
(Section 3.3).

3.2. Accuracy Assesment of Forest Windstorm Damage Maps

The accuracy of the pixel-level maps obtained for each month after the storm (No-
vember 2018-October 2019) by the two algorithms BEAST and CCDC was estimated
against the validation dataset based on a 2 x 2 confusion matrix (Table 1). We used the
same approach of Giannetti et al. [36] and for each confusion matrix, we calculated true
positive (TP), true negative (TN), false positive (FP), and false negative (FN) values. The
TP, TN, FP, and FN were then used to calculate different accuracy indices such as the
overall accuracy (OA), the producer’s accuracy (PA), the user’s accuracy (UA), and gmean

(TP +TN)
~ (TP +TN + FP + FN)
TP
~ (TP + FN)

0A

(6)

PA 7)
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TP
NGETD)

TP
J(TP + FP) « (TP + FN)

UA (8)

©)

Imean =

We used gmen index because as reported in Giannetti et al. (2020) a small gme is an
indication of poor performance in the classification of the positive cases (TP= “damaged
forest”), even if the negative cases (TN = “not damage forest”) are correctly classified.

To compare the results obtained by the two algorithms we used the Cohens’s Kappa
(K) for binary classification [59] to measure the agreement between the maps of each
month obtained by the two algorithms. To calculate the K a 2 x 2 confusion matrix between
BEAST map and CCDC map for each month was used. K was calculated as:

_Po_Pe

K =
1-P,

(10)

where P, is the proportion of observed agreement and is calculated as:

TP +TN
po=( ) (11)
TP +TN + FP + FN

and P, is:
b= ((TP + FN) = (TP + FP) + (FP + TN) * (FN + TN))
¢ (TP + TN + FP + FN)?

(12)

The K can take values from -1 to +1. Negative values indicate that the observed agree-
ment is worse than what would be expected with a random classification and K values
below 0.60 indicate a significant level of disagreement.

3.3. Probability-Based Stratified Estimators

Because the estimation of confidence intervals of the estimated area for a map class
among two forest classes (i.e., undamaged forests and damaged forests) is reduced to a
two-class problem, as reported by McRoberts et al. (2018) [60], we used the stratified esti-
mators provided by Cochran (1977) [61] that can be readily used for this purpose. Based
on stratified estimators, the estimate of the total proportion of the area in the damaged
class can be derived from the confusion matrix using the validation dataset as reference
(Table 1), and is given by

2
p= Z w; - Dj (13)
=1

where w; is the proportion of the map in each map classes (i.e.,, w; damaged and w, un-
damaged forest), while the variance of esteems of the total proportion of the area in dam-
aged class is:

3
Var(p) = ) w? - Var(p)) (14)
i=1

On the basis of the confusion matrix we can produce a formal estimation of the dam-
aged area as:

Adamaged = Aot D (15)

Moreover, based on p and Var(p) it is possible to calculate a 95% confidence inter-
val for damaged area estimation, that is:

A\damaged ‘pt2- Adamaged ' \/\751‘(}3) (16)
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where Agamaged 15 the mapped damaged forest area.

In addition, we calculated the standard error (SE) and the percentage SE (SE«) of the
area estimates as:

SE(Kdamage) = Atot\[(wlz ’ \7?;1‘(]31) + WZ2 ’ \751“(132) (17)
SE(A
SEvp = SEAdamage) ) o 18)
damage

Table 1. Confusion matrix and estimators

Reference Class Stratum n;,
. ~ _ ~ = 2 = [~
Map C1 Total  Weight i=— W'D Var(p; w;” - Var(p;
ap *-lass Damaged Undamaged o :g Pi n;. PP (B;) ) (3)
j
Nie . TP ~ Va{(fh) . Y
Damaged TP FP —TP+FP w; P = . w; - Dy _br- (i —P1) wy - Var(p,)
1e
FN Var(py) _
Undamaged  FN TN n2 =FN+FP  w, p; = = W, Py _P2r(1—-py) w2 - Var(p,)
2 - n,.
4. Results

The two algorithms BEAST and CCDC were used to decompose the NBR time series
to map abrupt changes due to VAIA windstorm in forests areas. In Table 2, we present for
each algorithm and for each month after the storm (i.e., 1-12: November 2018-October
2019) the estimated damaged forest area (Kdamaged), the SE, SE%, and the accuracy of the
maps calculated using the validation dataset. The most accurate results in terms of SE,
SE%, OA, PA, UA, and gmen for both algorithms were achieved between 7 and 12 months
after the storm (i.e., May 2019-October 2019) (Table 2 and Figure 4). In fact, from Figure
4, it is possible to see that NBR trajectory of damaged area shifts from the normal season-
ality trajectory between April 2019 to October 2019 when the NBR of damaged areas re-
main always lower than 0.45, while for undamaged areas the trajectories are equal with
the ones of the previous years with the NBR that remain always higher than 0.4. The agree-
ment between the maps obtained by the two algorithms increases during the period (May
2019-October 2019) (K > 0.8), while in autumn-winter—early spring (November 2018-
April 2019) the two algorithms map differently damaged forest areas (K < 0.35). In Figure
5 we report the maps of VAIA damaged forest area obtained after 8 months (June 2019)
with consistent results from both algorithms.

Table 2. Results of damaged area estimates (Agamage; SE (Adamage ); SE%) and accuracy assessment (OA = Overall Accu-
racy, PA = Producer Accuracy of damaged class, UA = User accuracy of damaged class; gmean) obtained by BEAST and

CCDC
. Month from the Adamage SE(Adamage
Algorithm Storm [ha]g ([ha] o) SE% OA PA UA I mean
1 11119 26345.6 236.93 48.2 0.15 0.18 0.17
2 12369 23246.7 187.93 514 0.21 0.2 0.2
3 20377 22354.1 109.7 60.2 0.37 0.46 0.42
4 22614 199922.9 88 62.1 0.39 0.46 0.42
5 27527 14802.1 53.77 67.2 0.46 0.49 0.47
BEAST 6 36766 13149.1 35.76 75.2 0.57 0.7 0.64
7 38416 3725.3 9.69 89.7 0.87 0.87 0.83
8 38819 405.4 1.04 97.1 0.95 0.95 0.95
9 40018 402.1 1 97.8 0.95 0.97 0.96
10 39931 346.5 0.87 98 0.95 0.97 0.97
11 40126 346.5 0.86 98.1 0.96 0.98 0.97
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12 39954 238.2 0.6 98.4 0.97 0.98 0.97
1 10203 28631 280.6 435 0.09 0.18 0.09
2 11388 28099 246.7 443 0.1 0.1 0.1
3 13160 26560 201.8 46.4 0.12 0.12 0.12
4 14268 21110 148 52 0.18 0.16 0.17
5 25349 12041 475 69 0.49 0.49 0.47
ccpe 6 32355 10295 31.8 75.5 0.59 0.63 0.61
7 39204 3254.52 8.3 91.1 0.82 0.9 0.86
8 38632 405.4 1.04 97 0.95 0.94 0.95
9 40008 4021 1 97.8 0.95 0.97 0.96
10 39929 346.5 0.87 98 0.95 0.97 0.97
11 40116 346.5 0.86 98.1 95.8 98.1 0.97
12 39951 238.2 0.6 98.4 96.7 98.1 0.97
1.00-
0.75-
€ Algorithm
E 0.50- BEAST
“” ccoe
0.25-
0.00-

4 5 6

7
Months after VAIA storm

8

[

9

Figure 4. Accuracy estimates based on confusion matrices constructed using the validation dataset
and the maps derived by the two algorithms for the 12 months after the storm. The vertical axis
represents the accuracy index gmean.
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Figure 5. Damaged forest map obtained by BEAST and CCDC after 8 months after the storm (June 2019). Red areas are
the forest damaged areas mapped by both the algorithms; yellow areas are the damaged forest areas mapped by just one

algorithm.

5. Discussion

In this study, we showed that forest area damaged by the VAIA windstorm can be
mapped with both the algorithms we tested BEAST, and CCDC. The analyses we per-
formed showed that 52 NBR TS and CDC algorithm (i.e., BEAST and CCDC) are able to
map forest areas damaged by windthrows confirming the results, in terms of PA, UA, OA,
obtained in Malawi and Austria by Puhm et al. [37], using 52 data a near real-time CDC
that combines structural time series model and Kalman filter .

Our results confirm the findings from Dalponte et al. (2020), and Vaglio Laurin et al.
(2020) [15,18], which worked in two small study cases within the area hit by the VAIA
windstorm. Our results confirm S2 imagery is adequate to map damaged forest area. The
most accurate results can be obtained in spring—summer (i.e., after 7 months after the
storm), independently of the CDC algorithm used. In fact, in our case it was not possible
to produce an accurate map 1-6 months after the storm (November 2018-April 2019) (Ta-
ble 2). The results we obtained after 7 months are in line with the ones obtained with
Landsat bi-temporal approach in France by Haidu et al. (2019) [62] (OA =86%) in the de-
tection of windthrows in Voges mountains using “dark object” approach and the Disturb-
ance Index, and by Baumann et al. (2014) [63] in European Russia and US using support
vector machine classifier (i.e., OA ~75%). However, after 8 months the accuracy we ob-
tained was higher than the ones reported by the previous mentioned studies.
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Analyzing the seasonality and the remainder components of damaged areas NBR TS
(Figure 3) we observed a persistent deviation of NBR trajectory from the seasonality be-
tween May 2019 and October 2019 (Figure 3). On the contrary, these differences are not
visible before April 2019 (Figure 3), this can be explained considering mainly four ele-
ments. Firstly, in coniferous forests fallen trees remained green on the ground for a couple
of months after the storm [8,15], so differences in spectral trajectories with a pixel size of
10-20 m cannot be immediately detected, while in broadleaves forests (i.e., mainly beech)
differences in photosynthetic activities in winter between fallen trees and not damaged
trees cannot be detected because trees are leafless [8]. Secondly, snow cover in Alpine
regions introduced noise in spectral trajectories, also applying a despike approach in cor-
respondence of NDSI high values. In fact, the snow cover was persistent between autumn
and early spring with different timing among different years, introducing noises in spec-
tral trajectory data [64]. Thirdly, optical images acquired in mountains regions [15,65],
especially during the winter period, are affected by shadows due to steep slopes which
introduce large noises in NBR spectral trajectories that limit the accuracy of BEAST and
CCDC methods. In fact, analyzing the omission and commission errors between Novem-
ber 2018 and March 2019 we found that 75% of errors are located in an area with steep
terrains, while correctly classified areas are concentrated in the highlands or wide valleys
where slope shadows are less present [47]. Fourth, as found by Puhm et al. [37], the accu-
racy of windstorm damaged areas increased with the incising of time series density (i.e.,
number of available imagery).

The two algorithms use two different strategies to decompose the NBR TS (i.e., num-
ber of continues persistent deviation observation from seasonality to detect changes and
classification) and this can be the cause of the disagreement between the results obtained
by BEAST and CCDC for the early months after the storm (K < 0.3), while since May 2019
the two algorithms produce consistent results (K > 0.8) with the vast majority of disagree-
ments (98%) located on the borders of the windthrown areas. This is an expected result
since pixel located on the border of damaged areas have mixed spectral behaviors between
damaged and undamaged pixels [66].

We demonstrated that the map produced by two algorithms can be used to estimate
the forest damaged area with a probability-based stratified estimator [67], obtaining an
accurate estimate after 7 months from the storm (SE% < 10%) and even more accurate after
8 months (SE% < 2%). Moreover, we considered 7-8 months adequate timing to support
decision regarding actions to remove wood materials, and to plan adequate mitigation
strategies to limit the expansion of bark beetles outbreaks [68]. Using BEAST and CCDC
implemented in GEE we were able for the first time to map all the damaged forest area
interested by the VAIA windstorm.

The estimates done by local authorities immediately after the storm [4,47] resulted
within the confidence intervals of the estimates we obtained with the two algorithms.
However, the VAIA forest damaged area we estimated 7 months after the storm (i.e., from
May to October 2019) is slightly smaller than that one reported by local authorities [4]. In
fact, we found differences between 4109 ha and 2571 ha for BEAST and between 3321 ha
and 2574 ha for CCDC [47]. Such differences can be explained considering that the spatial
borders of windthrow patches obtained by satellite data can be substantially different
from the perimeters shape mapped in the field [15,19]. In the future, the VAIA map we
obtained (i.e., the most accurate one, at October 2019) can be used to support forest strat-
egies regarding the management of instable trees placed on the borders of windthrown
areas and future regeneration strategies.

6. Conclusions

Following our results, the forest area affected by the VAIA windstorm is 39,951 ha +
450 ha. NBR 52 TS is useful to map windthrow damage within 12 months from the storm
using CDC algorithms. However, both BEAST and CCDC produced accurate results in
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detecting damaged area after 7 months of the storm as the ones provided by less compu-
tationally intensive methods. In fact, in Alpine regions, the limitation in early mapping of
forest disturbances, also if we applied CDC algorithm, are mainly due to slope shadows
and snow covers that introduce noises in the TS analysis.

The use of the probability based estimator allows to assess the uncertainty of the es-
timates of forest damaged area providing a SE% that is mandatory to report the data in
the context of international frameworks.

Future research efforts should focus on: (i) testing the procedure with different wind-
throws; and (ii) evaluating the use of global ecosystem dynamics investigation (GEDI)
high resolution laser ranging data to quantify the growing stock volume fallen.

Author Contributions. Conceptualization, F.G. and G.C.; Methodology, F.G.; Validation, M.P., E.V.,
G.D., and SF.; Formal analysis, F.G.; Writing—original draft preparation, F.G.; Writing—review
and editing, D.T., C.C.,, and G.C,; Supervision, G.C. All authors have read and agreed to the pub-
lished version of the manuscript.

Funding: This research received no external funding.

Data Availability Statement: The data presented in this study are available on request from the
corresponding author.

Conflicts of Interest: The authors declare no conflict of interest.

References

1.

10.

11.

12.

13.

14.

15.

16.

FAO. Climate Change Guidelines for Forest Managers; FAO Forestry, Paper No. 172. Rome, Food and Agriculture Organization of
the United Nations; FAO: Rome, Italy, 2013.

Cheng, C.S.; Lopes, E.; Fu, C.; Huang, Z. Possible impacts of climate change on wind gusts under downscaled future climate
conditions: Updated for Canada. . Clim. 2014, 27, 1255-1270, d0i:10.1175/JCLI-D-13-00020.1.

Pinto, J.G.; Neuhaus, C.P.; Leckebusch, G.C.; Reyers, M.; Kerschgens, M. Estimation of Wind Storm Impacts over Western
Germany under Future Climate Conditions Using a Statistical-Dynamical Downscaling Approach. Tellus A 2010, 62, 188-201,
doi:10.1111/j.1600-0870.2009.00424.x.

Forzieri, G.; Pecchi, M.; Girardello, M.; Mauri, A.; Klaus, M.; Nikolov, C.; Riietschi, M.; Gardiner, B.; Tomastik, J.; Small, D.; et
al. A spatially explicit database of wind disturbances in European forests over the period 2000 —2018. Earth Syst. Sci. Data 2020,
12, 257-276.

Pardowitz, T.; Befort, D.J.; Leckebusch, G.C.; Ulbrich, U. Estimating uncertainties from high resolution simulations of extreme
wind storms and consequences for impacts. Meteorol. Z. 2016, 25, 531-541, d0i:10.1127/metz/2016/0582.

Gardiner, B.; Schuck, A.; Schelhaas, M.].; Orazio, C.; Blennow, K.; Nicoll, B. What Science Can Tell Us. In Living with Storm
Damage to Forests; Gardiner, B., Schuck, A., Schelhaas, M.]., Orazio, C., Blennow, K., Nicoll, B., Eds.; European Forest Institute:
Joensuu, Finland, 2013. ISBN: 978-952-5980-09-7

Hanewinkel, M.; Cullmann, D.A.; Schelhaas, M.-].; Nabuurs, G.-].; Zimmermann, N.E. Climate change may cause severe loss in
the economic value of European forest land. Nat. Clim. Chang. 2013, 3, 203207, d0i:10.1038/nclimate1687.

Chirici, G.; Bottalico, F.; Giannetti, F.; Del Perugia, B.; Travaglini, D.; Nocentini, S.; Kutchartt, E.; Marchi, E.; Foderi, C,;
Fioravanti, M.; et al. Assessing forest windthrow damage using single-date, post-event airborne laser scanning data. Int. J. For.
Res. 2018, 1, 27-37, d0i:10.1093/forestry/cpx029.

Jiang, Y.; Luo, Y.; Zhao, Z.; Tao, S. Changes in wind speed over China during 1956-2004. Theor. Appl. Climatol. 2009, 99, 421,
do0i:10.1007/s00704-009-0152-7.

Najac, J.; Lac, C; Terray, L. Impact of climate change on surface winds in France using a statistical-dynamical downscaling
method with mesoscale modelling. Int. |. Climatol. 2011, 31, 415-430, d0i:10.1002/joc.2075.

IPCC. Fundamental and Applied Climatology. Proceedings of the 2019 Refinement To the 2006 IPCC Guidelines for National Greenhouse
Gas Inventories; IPCC: Kyoto, Japan, 12 May 2019; Volume 2, pp. 5-13, d0i:10.21513/0207-2564-2019-2-05-13.

Pilli, R.; Vizzarri, M.; Chirici, G. Combined effects of natural disturbances and management on forest carbon sequestration: The
case of Vaia storm in Italy. Ann. For. Sci. 2021, 78, 46, doi:10.1007/s13595-021-01043-6.

Riietschi, M.; Small, D.; Waser, L.T. Rapid detection of windthrows using Sentinel-1 C-band SAR data. Remote Sens. 2019, 11, 1-
23, d0i:10.3390/rs11020115.

Honkavaara, E.; Litkey, P.; Nurminen, K. Automatic storm damage detection in forests using high-altitude photogrammetric
imagery. Remote Sens. 2013, 5, 1405-1424, d0i:10.3390/rs5031405.

Dalponte, M.; Marzini, S.; Solano-Correa, Y.T.; Tonon, G.; Vescovo, L.; Gianelle, D. Mapping forest windthrows using high
spatial resolution multispectral satellite images. Int. . Appl. Earth Obs. Geoinf. 2020, 93, 102206, doi:10.1016/j.jag.2020.102206.
FAO. Forests and agriculture: Land-use challenges and opportunities. In State of the World’s Forests 2016; FAO: Rome, Italy, 2016;
Volume 45; 1545-2050, ISBN:1543-5938.



Forests 2021, 12, 680 15 of 16

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

FOREST EURORPE, 2020: State of Europe’s Forests 2020; Ministerial Conference on the Protection of Forests in Europe - FOREST
EURORPE Liaison Unit Bratislava: Bratislava, Slovakia, 2020.

Vaglio Laurin, G.; Francini, S.; Luti, T.; Chirici, G.; Pirotti, F.; Papale, D. Satellite open data to monitor forest damage caused by
extreme climate-induced events: A case study of the Vaia storm in Northern Italy. Int. J. For. Res. 2020, 1-10,
doi:10.1093/forestry/cpaa043.

Kislov, D.E.; Korznikov, K.A. Automatic windthrow detection using very-high-resolution satellite imagery and deep learning.
Remote Sens. 2020, 12, 1145.

Hamdi, Z.M.; Brandmeier, M.; Straub, C. Forest damage assessment using deep learning on high resolution remote sensing
data. Remote Sens. 2019, 11, 1-14, d0i:10.3390/rs11171976.

Goémez, C.; White, ].C.; Wulder, M.A. Optical remotely sensed time series data for land cover classification : A review. ISPRS .
Photogramm. Remote Sens. 2016, 116, 55-72, d0i:10.1016/j.isprsjprs.2016.03.008.

Olmo, V.; Tordoni, E.; Petruzzellis, F.; Bacaro, G. Use of sentinel-2 satellite data for windthrows monitoring and delimiting :
The case of “Vaia” storm in friuli venezia. Remote Sens. 2021, 13, 1530.

Piragnolo, M.; Pirotti, F.; Zanrosso, C.; Lingua, E.; Grigolato, S. Responding to large-scale forest damage in an alpine
environment with remote sensing, machine learning, and web-GIS. Remote Sens. 2021, 13, 1541, doi:10.3390/rs13081541.
Goémez, C.; White, J.C.; Wulder, M.A. Characterizing the state and processes of change in a dynamic forest environment using
hierarchical spatio-temporal segmentation. Remote Sens. Environ. 2011, 115, 1665-1679, doi:10.1016/j.rse.2011.02.025.

Wulder, M.A.; White, J.C.; Goward, S.N.; Masek, ].G.; Irons, J.R.; Herold, M.; Cohen, W.B.; Loveland, T.R.; Woodcock, C.E.
Landsat continuity: Issues and opportunities for land cover monitoring. Remote Sens. Environ. 2008, 112, 955-969,
doi:10.1016/j.rse.2007.07.004.

White, J.C.; Saarinen, N.; Wulder, M.A.; Kankare, V.; Hermosilla, T.; Coops, N.C.; Holopainen, M.; Hyypp4, J.; Vastaranta, M.;
Service, C.F.; et al. Assessing spectral measures of post-harvest forest recovery with field plot data. Int. . Appl. Earth Obs. Geoinf.
2019, 80, 102-114, doi:10.1016/j.jag.2019.04.010.

Banskota, A.; Kayastha, N.; Falkowski, M.].; Wulder, M.A.; Froese, R.E.; White, ].C. Forest monitoring using landsat time series
data: A review. Can. |. Remote Sens. 2014, 40, 362-384, doi:10.1080/07038992.2014.987376.

Puletti, N.; Bascietto, M. Towards a tool for early detection and estimation of forest cuttings by remotely sensed data. Land 2019,
8, d0i:10.3390/1and8040058.

Hermosilla, T.; Wulder, M.A.; White, J.C.; Coops, N.C.; Hobart, G.W.; Campbell, L.B. Mass data processing of time series
Landsat imagery: Pixels to data products for forest monitoring. Int. J. Digit. Earth 2016, 9, 1035-1054,
d0i:10.1080/17538947.2016.1187673.

Fragoso-campon, L.; Quirés, E.; Mora, J.; Gutiérrez, J.A.; Duran-barroso, P. Accuracy enhancement for land cover classification
using lidar and multitemporal sentinel 2 images in a forested watershed. Multidiscip. Digit. Publ. Inst. Proc. 2018, 2-5,
doi:10.3390/proceedings2201280.

Wulder, M.A; Loveland, T.R.; Roy, D.P.; Crawford, C.J.; Masek, G.; Woodcock, C.E.; Allen, R.G.; Anderson, M.C.; Belward,
A.S.; Cohen, W.B,; et al. Current status of Landsat program , science , and applications. Remote Sens. Environ. 2019, 225, 127-147,
doi:10.1016/j.rse.2019.02.015.

Zhang, HK,; Roy, D.P. Using the 500 m MODIS land cover product to derive a consistent continental scale 30 m Landsat land
cover classi fi cation. Remote Sens. Environ. 2017, 197, 15-34, doi:10.1016/j.rse.2017.05.024.

Chirici, G.; Giannetti, F.; Mazza, E.; Francini, S.; Travaglini, D.; Pegna, R.; White, ].C. Monitoring clearcutting and subsequent
rapid recovery in Mediterranean coppice forests with Landsat time series satellite images. Ann. For. Sci. 2020, 77, 40. doi:
10.1007/s13595-020-00936-2

Francini, S.; McRoberts, R.E.; Giannetti, F.; Marchetti, M.; Scarascia-Mugnozza, G.; Chirici, G. The Three Indices Three
Dimensions algorithm (3I3D): A new method for forest disturbance mapping and area estimation based on optical remotely
sensed imagery. Int. |. Remote Sens. 2021, doi:10.1080/01431161.2021.1899334.

Gorelick, N.; Hancher, M.; Dixon, M.; Ilyushchenko, S.; Thau, D.; Moore, R. Google earth engine: Planetary-scale geospatial
analysis for everyone. Remote Sens. Environ. 2017, 202, 18-27, d0i:10.1016/j.rse.2017.06.031.

Giannetti, F.; Pegna, R.; Francini, S.; McRoberts, R.E.; Travaglini, D.; Marchetti, M.; Scarascia Mugnozza, G.; Chirici, G. A new
method for automated clearcut disturbance detection in mediterranean coppice forests using landsat time series. Remote Sens.
2020, 12, 3720. doi: 10.3390/rs12223720

Puhm, M.; Deutscher, J.; Hirschmugl, M.; Wimmer, A.; Schmitt, U.; Schardt, M. A near real-time method for forest change
detection based on a structural time series model and the Kalman filter. Remote Sens. 2020, 12, doi:10.3390/RS12193135.

Zhu, Z.; Woodcock, C.E. Continuous change detection and classification of land cover using all available Landsat data. Remote
Sens. Environ. 2014, 144, 152-171, d0i:10.1016/j.rse.2014.01.011.

Brooks, E.B.; Yang, Z.; Thomas, V.A.; Wynne, R.H. Edyn: Dynamic signaling of changes to forests using exponentially weighted
moving average charts. Forests 2017, 8, 1-18, doi:10.3390/£8090304.

Zhao, K.; Wulder, M.A.; Hu, T.; Bright, R.; Wu, Q.; Qin, H.; Li, Y.; Toman, E.; Mallick, B.; Zhang, X.; et al. Detecting change-
point, trend, and seasonality in satellite time series data to track abrupt changes and nonlinear dynamics: A Bayesian ensemble
algorithm. Remote Sens. Environ. 2019, 232, 111181, doi:10.1016/j.rse.2019.04.034.

Lambert, J.; Drenou, C.; Denux, J.-P.; Balent, G.; Cheret, V. Monitoring forest decline through remote sensing time series
analysis. GISci. Remote Sens. 2013, 50, 437-457, d0i:10.1080/15481603.2013.820070.



Forests 2021, 12, 680 16 of 16

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

Verbesselt, J.; Hyndman, R.; Newnham, G.; Culvenor, D. Detecting trend and seasonal changes in satellite image time series.
Remote Sens. Environ. 2010, 114, 106-115, d0i:10.1016/j.rse.2009.08.014.

Bayr, C.; Gallaun, H.; Kleb, U.; Kornberger, B.; Steinegger, M.; Winter, M. Satellite-based forest monitoring: Spatial and temporal
forecast of growing index and short-wave infrared band. Geospat. Health 2016, 11, 31-42, d0i:10.4081/gh.2016.310.

Ben Abbes, A.; Bounouh, O.; Farah, LR.; de Jong, R.; Martinez, B. Comparative study of three satellite image time-series
decomposition methods for vegetation change detection. Eur. ] Remote Sens. 2018, 51, 607-615,
d0i:10.1080/22797254.2018.1465360.

Wu, L; Li, Z; Liu, X.; Zhu, L,; Tang, Y.; Zhang, B.; Xu, B.; Liu, M.; Meng, Y.; Liu, B. Multi-type forest change detection using
BFAST and monthly landsat time series for monitoring spatiotemporal dynamics of forests in subtropical wetland. Remote Sens.
2020, 12, 1-33, d0i:10.3390/rs12020341.

Mardian, J.; Berg, A.; Daneshfar, B. Evaluating the temporal accuracy of grassland to cropland change detection using
multitemporal image analysis. Remote Sens. Environ. 2021, 255, 112292, doi:10.1016/j.rse.2021.112292.

Chirici, G.; Giannetti, F.; Travaglini, D.; Nocentini, S.; Francini, S.; D’Amico, G.; Calvo, E.; Fasolini, D.; Broll, M.; Maistrelli, F.;
et al. Forest damage inventory after the “Vaia” storm in Italy. For. Riv. di Selvic. ed Ecol. For. 2019, 16, 3-9, d0i:10.3832/efor3070-
016.

Udali, A.; Andrighetto, N.; Grigolato, S.; Gatto, P. Economic impacts of forest storms—Taking stock of after-vaia situation of
local roundwood markets in northeastern italy. Forests 2021, 12, 414, doi:10.3390/f12040414.

D’Amico, G.; Vangi, E.; Francini, S.; Giannetti, F.; Nicolaci, A.; Travaglini, D.; Massai, L.; Giambastiani, Y.; Terranova, C.; Chirici,
G. Are we ready for a web-based national forest information system? State of the art of for-est maps and airborne laser scanning
data availability in italy. [Forest 2021, doi:10.3832/ifor3648-014.

Frantz, D.; Ha3, E.; Uhl, A, Stoffels, J.; Hill, ]. Improvement of the fmask algorithm for sentinel-2 images: Separating clouds
from bright surfaces based on parallax effects. Remote Sens. Environ. 2018, 215, 471-481, doi:10.1016/j.rse.2018.04.046.

Kennedy, R.E.; Cohen, W.B.; Schroeder, T.A. Trajectory-based change detection for automated characterization of forest
disturbance dynamics. Renote Sens. Environ. 2007, 110, 370-386, doi:10.1016/j.rse.2007.03.010.

Kelley, D. Package ‘oce.” 2018, doi:10.1145/3097983.3098168.

Marta, S. Planet Imagery Product Specifications; Planet Labs: San Francisco, CA, USA, 2018.

Munafo, M. Consumo di Suolo, Dinamiche Territoriali e Servizi Ecosistemici; Edizione: Treviso, Italy, 2019; ISBN:9788844809645.
Vangi, E.; Amico, G.D.; Francini, S.; Giannetti, F.; Lasserre, B.; Marchetti, M.; Chirici, G. The new hyperspectral satellite
PRISMA : Imagery for forest types discrimination. Sensors 2021, 21, 1182.

Cleveland, R.B.; Cleveland, W.S.; McRae, J.J.E. STL: AA seasonal trend decomposition procedure based on loess. J. Off. Stat.
1990, 6, 3-73.

Cai, S.; Liu, D. Detecting change dates from dense satellite time series using a sub-annual change detection algorithm. Remote
Sens. 2015, 7, 8705-8727, d0i:10.3390/rs70708705.

Arévalo, P.; Bullock, E.L.; Woodcock, C.E.; Olofsson, P. A suite of tools for continuous land change monitoring in google earth
engine. Front. Clim. 2020, 2, 1-19, doi:10.3389/fclim.2020.576740.

Cohen, J. A coefficient of agreement for nominal scales. Educ. Psychol. Meas. 1960, 20, 37-46, doi:10.1177/001316446002000104.
McRoberts, R.E.; Stehman, S.V.; Liknes, G.C.; Nesset, E.; Sannier, C.; Walters, B.F. The effects of imperfect reference data on
remote sensing-assisted estimators of land cover class proportions. ISPRS ]. Photogramm. Remote Sens. 2018, 142, 292-300,
doi:10.1016/j.isprsjprs.2018.06.002.

G.Cochran, W. Sampling Techniques, 3rd ed.; John Wiley & Sons: New York, USA, 1977; ISBN:9781351408479.

Haidu, I; Furtuna, P.R.; Lebaut, S. Detection of old scattered windthrow using low cost resources. The case of storm Xynthia in
the Vosges Mountains, 28 February 2010. Open Geosci. 2019, 11, 492-504, doi:10.1515/geo0-2019-0040.

Baumann, M.; Ozdogan, M.; Wolter, P.T.; Krylov, A.; Vladimirova, N.; Radeloff, V.C. Landsat remote sensing of forest windfall
disturbance. Remote Sens. Environ. 2014, 143, 171-179, d0i:10.1016/j.rse.2013.12.020.

Babar, B.; Luppino, L.T.; Bostrom, T.; Anfinsen, S.N. Random forest regression for improved mapping of solar irradiance at
high latitudes. Sol. Energy 2020, 198, 81-92, doi:10.1016/j.solener.2020.01.034.

Vézquez-Jiménez, R.; Romero-Calcerrada, R.; Ramos-Bernal, R.N.; Arrogante-Funes, P.; Novillo, C.J. Topographic correction to
Landsat imagery through slope classification by applying the SCS + C method in mountainous forest areas. ISPRS Int. ]. Geo-
Inf. 2017, 6, d0i:10.3390/ijgi6090287.

Francini, S.; McRoberts, R.E.; Giannetti, F.; Mencucci, M.; Marchetti, M.; Scarascia Mugnozza, G.; Chirici, G. Near-real time
forest change detection using PlanetScope imagery. Eur. . Remote Sens. 2020, 53:1, 233-244, doi: 10.1080/22797254.2020.1806734.
McRoberts, R.E.; Vibrans, A.C.; Sannier, C.; Neesset, E.; Hansen, M.C.; Walters, B.F.; Lingner, D.V. Methods for evaluating the
utilities of local and global maps for increasing the precision of estimates of subtropical forest area. Can. J. For. Res. 2016, 46,
924-932, doi:10.1139/cjfr-2016-0064.

Havasova, M.; Ferencik, J.; Jakus, R. Interactions between windthrow, bark beetles and forest management in the Tatra national
parks. For. Ecol. Manag. 2017, 391, 349-361, do0i:10.1016/j.foreco.2017.01.009.



