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Abstract: A Landsat time series has been recognized as a viable source of information for monitoring
and assessing forest disturbances and for continuous reporting on forest dynamics. This study
focused on developing automated procedures for detecting disturbances in Mediterranean coppice
forests which are characterized by rapid regrowth after a cut. Specifically, new methods specific
to Mediterranean coppice forests are needed for mapping clearcut disturbances over time and for
estimating related indicators in the context of Sustainable Forest Management and Biodiversity
International monitoring frameworks. The aim of this work was to develop a new change detection
algorithm for mapping clearcut disturbances in Mediterranean coppice forests with Landsat time
series (LTS) using a short time window. Accuracy for the new algorithm, characterized as the Two
Thresholds Method (TTM), was evaluated using an independent clearcut reference dataset over
a temporal period of the 13 years between 2001 and 2013. TTM was also evaluated against two
benchmark approaches: (i) LandTrendr, and (ii) the forest loss category of the Global Forest Change
Map. Overall Accuracy for LandTrendr and TTM were greater than 0.94. Meanwhile, smaller
accuracies were always obtained for the GFC. In particular, Producer’s Accuracy ranged between
0.45 and 0.84 for TTM and between 0.49 and 0.83 for LT, while for the GFC, PA ranged between 0
and 0.38. User’s Accuracy ranged between 0.86 and 0.96 for TTM and between 0.73 and 0.91 for LT,
while for the GFC UA ranged between 0.19 and 1.00. Moreover, to illustrate the utility of TTM for
mapping clearcut disturbances in Mediterranean coppice forests, we applied TTM to a Landsat scene
that covered almost the entirety of the Tuscany region in Italy.
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1. Introduction

Sustainable forest management (SFM) is monitored using criteria and indicators [1–4]. For example,
at the international level, the Food and Agriculture Organization of the United Nations (FAO) requires
reports of the net annual average change in forest area and the possible reasons for forest loss such as
logging activities, natural disturbances, and changes in land use [5]. The Strategic Plan for Biodiversity
2011–2020 approved by the United Nation Convention on Biological Diversity (CBD) provides a
long list of indicators that must be assessed to determine if the Aichi Biodiversity Targets are met.
These targets were developed to monitor the trends in the implementation of biodiversity strategies
across different countries [6]. For example, Aichi Biodiversity Target 5 assesses “the rate of loss of
all natural habitats, including forests” through the use of indicators that estimate trends in forest area
including trends in forest tree cover and forest area as a percentage of total land area.

At the European level, Forest Europe (formerly the Ministerial Conference on the Protection of
Forests in Europe, MCPFE) and the Pan-European Streamlining European Biodiversity Initiative (SEBI)
of the European Environmental Agency (EEA) provide a long list of indicators for monitoring the
sustainability of forest management and the contribution to nature conservation at country-level [7,8].
Some of these indicators are developed to monitor the temporal trends in forest area, the amount
of growing stock volume (GSV), and their changes to understand if forest resources are managed
in a sustainable way. In this context, among all the available indicators, those related to the ratio
between fellings and increments of forests, both in terms of forest area and GSV, are considered the
most important [5–8]. Estimating the trend in aboveground forest biomass is also crucial for estimating
carbon stocks and their fluxes and their relationships with climate change scenarios [9].

SFM indicators are usually estimated using National Forest Inventory (NFI) sample data acquired
for reporting aggregated statistics at national or large subnational levels [10,11]. Such statistics
are most frequently updated every 5 or 10 years and are based on time-consuming and expensive
field surveys [12,13]. White et al. [13] reported that over the entire world, the demand for updated
information on forests is increasing, but the trend in financial resources available for traditional forest
inventories is decreasing. In response, in the last decades forest inventories have increasingly used
remote sensing (RS) technologies to estimate forest parameters in a more cost-efficient way.

Among the vast array of kinds of remotely sensed data, multispectral optical images are still
considered the most feasible and cost-effective option for monitoring extensive forest areas [14].
In recent years, multiple approaches for mapping forest dynamics have been developed using time
series (TS) of multispectral optical satellite data that are freely available online such as in Landsat,
MODIS, and, since 2015, Sentinel-2 data [14–19]. The analysis of changes in spectral signatures from
TS of satellite images is well-documented as an efficient method for mapping temporal changes in
forest environments [18,20]. These methods provide precise estimates of trends in tree cover such as
forest loss and gain and can be used to estimate forest indicators needed for international and national
SFM monitoring frameworks [20–23]. For Italy, Puletti et al. [24] developed an automated approach for
clearcut detection using Sentinel-2 NDVI spectral trajectory calculated for sample points for a small
area. However, this approach cannot reconstruct the history of clearcuts in Italy because Sentinel-2
was only launched in 2015. Landsat time series (LTS), however, are well-suited for monitoring forest
dynamics [18,20,23,25] because of their long history. Further, the Landsat mission has contributed to
development of a large number of automated methods for detecting forest disturbances over time [19].

The variety of change detection approaches can be divided into two main groups: (i) approaches
that use large stacks of image data [26–28], and (ii) approaches that use one image per scene per year [29].
Algorithms in the first group require the analysis of large amounts of data but can detect changes over
short intervals. Algorithms in this group include the Continuous Change Detection and Classification
(CCDC) [26], the Exponentially Weighted Moving Average Change Detection (EWMACD) [28]
and the Bayesian Estimator of Abrupt change, Seasonal change, and Trend (BEAST) [30] methods.
These methods are promising for detecting forest changes over short temporal intervals such as
intra-annual phenological and seasonality changes and forest disturbances. Further, these algorithms
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have the capability of detecting many kinds and classes of change. However, the dense stacks of image
data required by these algorithms make them more difficult to implement by technical operators.
Despite the large number of algorithms in this group already developed for monitoring forest by Italian
public agencies, nearly all require advanced knowledge of RS [31,32].

Algorithms in the second group require less data, are more suitable for detecting changes between
years, and can be easily used by operators. Among the variety of multi-temporal approaches [21] in
this group, those using spectral trajectory approaches such as LandTrendr are promising for predicting
changes based on the analysis of spectral signatures and facilitate prediction of the post-disturbance
vegetation recovery rate. For example, LandTrendr, which uses only one image per year, has been shown
to accurately predict forest disturbances in the USA [29,33], Canada [34], Finland [35], and China [36].

Chirici et al. [32] underline how clearcut disturbances in Mediterranean coppice forests can be
predicted using trajectories of spectral indices such as Normalized Difference Vegetation Index (NDVI)
and Normalized Burned Ratio (NBR) consisting of a single year spike followed by 80% of pixels with
disturbances returning to the pre-disturbance conditions after two years. The spectral index spike is
the consequence of the rapid regrowth of vegetation after a clearcut in coppice forests and is similar to
the spectral behavior that other authors reported as a noise spike due to residual clouds, snow, smoke,
or shadows [34,37]. For example, Kennedy et al. [37] asserted that real land cover changes would
be more persistent than a single year spike, because for real cover changes the post-spike spectral
value does not quickly return to the pre-spike value. These results are not consistent with the spectral
behavior of coppice forests in Mediterranean areas as reported by Chirici et al. [32]. In particular,
applying spectral trajectory approaches calibrated for boreal and temperate conditions with regrowth
rates greater than 10 years [21,23,35,37] to Mediterranean coppice forests would result in disturbances
being confused with noise because of the similarity between noise and clearcut spikes. Therefore,
tools developed for environmental conditions in boreal and temperate forests [21,23,35,37] may not be
suitable for estimating forest indicators using RS data for Mediterranean coppice forests [24].

Coppice forests are a substantial part of the world’s forests representing 83% and 52% in the whole
of Europe and at global level, respectively [38,39], with more than 8.5 million hectares in Mediterranean
countries [40] where these forests are historically subject to substantial human pressures (i.e., clearcuts
with short rotation periods) [41]. However, despite the great importance of coppice forests in Europe
for natural and productive purposes [39], especially in Mediterranean countries, there is a lack of
continuously updated information on clearcut areas. Currently, the majority of Mediterranean countries
report estimates to international organizations such as the FAO and Forest Europe using traditional
forest inventory data acquired every 5–10 years [42], at least partially because of the lack of easy-to-use,
automated tools specifically designed for Mediterranean environments. In Italy, coppice forests cover
more than 3.6 million hectares [43], and Italian coppices account for almost 19% of the coppices in the
EU28 [38].

In summary, what is needed for Italian operational use is an algorithm that satisfies the following
criteria: (i) use of a TS of Landsat data consisting of a single image per year; (ii) specific calibration for
Mediterranean coppice forests using a local dataset; and (iii) automated implementation to facilitate
operational use by non-technical, public users. To this end, the aim of the study was to construct
such an algorithm. In particular, we developed a new detection algorithm called the Two Thresholds
Method (TTM) that is based on a Landsat time series (LTS) of cloud-free imagery for three consecutive
years. We compared TTM performance against performances for two benchmark approaches. First,
we compared TTM to LandTrendr [35,44], the most widely used spectral trajectory algorithm using
one image per year. Second, we compared TTM to the forest loss category of the Global Forest
Change Map (GFC) [22], the only global source of forest change data, and the only available forest
disturbance map for Italy. To calibrate the method, we used an independent dataset in the form of field
a reference clearcut map spanning more than the 13 years from 2000 to 2013 for three study areas in
Tuscany. In addition, we used an unbiased stratified estimator to estimate the total clearcut area and
the associated standard error for each year.
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2. Materials and Methods

2.1. Study Area

The study area consists of 22,987 km2 in Tuscany, Italy, and coincides with the terrestrial portion
of Landsat scene 192 030 (Figure 1). The area includes 11,541 km2 of forest and other wood lands [45].
Chirici et al. [46,47] provides a detailed description of forest types and tree species in Tuscany. Forest
management is dominated by coppice that is applied in the vast majority of the forested area [32,48].
The area is characterized by a complex landscape with large geographical and topographical variation
from flat coastal areas (0 m a.s.l.), to gentle hills, to steep mountains with elevations ranging between 0
and 2000 m a.s.l.
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Figure 1. The upper left panel shows the location of the study area within Landsat scene 192 030 and
the locations of the three quadrats. Panels 1, 2, 3 show the locations of clearcuts in the three quadrats of
the clearcut reference dataset [32].

A forest mask was constructed using the Copernicus High Resolution Layer tree cover density for
the year 2006. We applied a threshold to the tree cover map to obtain a Boolean mask which exactly
mimics the official forest area estimate of 11,541 km2 in Tuscany as reported by the last Italian National
Forest Inventory [49]. The mask was resampled with a pixel size of 30 m × 30 m to exactly match the
geometric resolution of the Landsat imagery. Moreover, because this study is specifically oriented
to automated prediction of forest clearcut disturbances, we masked out all the other types of forest
disturbance on the forest map. Forest fires were excluded using the national dataset of yearly forest
fires officially constructed by the national forest authority using field surveys [50]. Wind damages were
reported in Tuscany only for the year 2015 and were excluded on the basis of an available map [46].
Thus, all analyses were conducted only in forest areas free of fire and windthrow damages.
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2.2. Landsat Time Series (LTS) Data

The LTS used to develop and test the TTM algorithm was constructed by Chirici et al. [32]. The LTS
covered a period of 16 years from 1999 to 2015 and includes one Landsat image per year. To construct
the LTS, the image with the least cloud cover (<1%) among the available images acquired during the
leaf-on period from May to August was selected for each year.

The images were acquired by three different Landsat sensors: Landsat 5 TM, Landsat 7 ETM+,
and Landsat 8 OLI (Table 1). As reported by Chirici et al. [32], the images were processed for cloud
and cloud shadow removal and standardized with respect to the spectral response of vegetation with
the Ecosystem Disturbance Adaptive Processing System (LE DAPS) [51]. The area covered by clouds
and shadows was addressed using a best-pixel-available (BAP) approach designed with a limited
phenological window of 30 days around the date of image acquisition [52]. All the LTS images were
then masked using the forest/non-forest map, and the resulting images were used as input data for
the steps described in the following sections. Chirici et al. [32] provide a complete list of the LTS
images used.

Table 1. Values of the calibration of LandTrendr parameters used to map clearcut forest disturbances.

LandTrendr Parametrers Configuration

Index NBR
Recovery Threshold 0.55

Max segment 6
Spike Threshold 0.9

Vertex Count Overshoot 3
Prevent One Year Recovery true

Pval Threshold 0.05
Best Model Proportion 0.75

Min Observations Needed 6

2.3. Clearcut Reference Dataset

The reference dataset as described in Chirici et al. [32] consists of polygons corresponding to all
clearcuts occurring between 1999 and 2015 in three quadrats that were randomly selected along a
longitudinal, latitudinal, and altitudinal gradient. Each polygon was designated as clearcut based on
photo-interpretation followed by field checking (Figure 1). For each spatial vector polygon, the year of
cut disturbance is available (Figure 1).

The clearcut reference dataset was randomly split into (i) calibration and (ii) validation datasets.
The calibration dataset consisted of a random selection of 10% of the polygons with 7–10 polygons
per year that included approximately 80 ha of the clearcut area per year, or approximately 89,000
Landsat pixels. The dataset was constructed using a quadrat spatial grid (800 m × 800 m) with selection
of at most one polygon per grid cell to avoid spatial autocorrelation for each quadrat for each year
(Appendix A). This calibration dataset was used to calibrate the TTM and the LandTrendr algorithms.
The validation subset consisted of the remaining 90% of the polygons in the clearcut reference dataset
for each quadrat for each year and was used to evaluate the accuracies of the TTM, LandTrendr, and
GFC methods described in Sections 2.5–2.7 and to estimate clearcut areas as described in Section 2.9.
Thus, the population for which accuracy was assessed and for which clearcut area was estimated
consisted of the entire reference dataset less the calibration dataset.

2.4. Raster Grid Validation Datasets

The validation subset was further sub-divided into 13 clearcut polygon datasets, one for each
year. Each clearcut polygon dataset was converted to a validation raster grid dataset with the same
30 m × 30 m spatial resolution as the Landsat data and with spatial extent equal to the aggregated
area of the three quadrats shown in Figure 1 (i.e., 3 × 225 km2 = 675 km2). The pixels associated with
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clearcut polygons were classified as “clearcut forest”, while the remaining pixels were classified based
on the forest mask (Section 2.2) as either “undisturbed forest” or “non-forest”. Forest pixels associated
with clearcut polygons in the calibration dataset were classified as “not considered”. Thus, we obtained
13 raster grid validation datasets that were used to evaluate the accuracy of classifications of forest
pixels as either “clearcut forest” or “undisturbed forest”.

2.5. Two Thresholds Method

The Two Thresholds Method (TTM) algorithm uses the LTS and the calibration dataset described
in Section 2.4 as input. Optimal values for the TTM parameters are selected using an automated
procedure based on the calibration dataset and are used to map forest clearcuts for large areas, typically
one or more Landsat scenes. TTM is based on the typical spectral behavior of a clearcut in a coppice
system: a rapid decrease in photosynthetic activity immediately following the clearcut and a rapid
increase due to vegetative resprouting after 2–3 years. TTM change detection uses a vegetation index
such as NDVI or NBR for the vegetative season for three dates: before the cut, immediately following
the cut, and a few years after the cut. Based on Chirici et al. [32] we used NBR as the vegetation index
calculated as:

NBR =
(B4 − B7)

(B4 + B7)
(1)

where, B4 is the Near Infrared (NIR) Landsat band 4 and B7 is the Short-wave infrared (SWIR) Landsat
band 7. TTM predicts forest disturbance at time t, using the NBR vegetation index for three different
years NBRt−n, NBRt, NBRt+n. First TTM calculates two differences in NBR (∆NBR) between times t and
t + n as:

∆NBRpre = NBRt−n − NBRt (2)

∆NBRpost = NBRt − NBRt+n (3)

Based on preliminary tests, we used the temporal window of t ± 2 years [32]. Using ∆NBRpre

and ∆NBRpost, TTM calculates the cumulative percentage histograms for the two ∆NBRs (Figure 2)
where npix is the value of the cumulative frequency of all the pixels of ∆NBRs images. On the basis of
the two cumulative histograms, TTM repeatedly tests different values of the cumulative frequencies
designated npix with values from 0.01 to 1 (Figure 2), to select two cumulative thresholds based on npix
(THcut and THregrowth) that identify possible clearcut pixels.

In detail, for each value of npix from 0.01 to 1, corresponding values of THcut and THregrowth were
selected. Comparing all the possible values, TTM selected two thresholds designated THcut and
THregrowth for which ∆NBRpre > THcut and ∆NBRpost < THregrowth are simultaneously satisfied and
classified the pixels as a possible clearcut disturbed pixel. Adjacent clearcut disturbed pixels are then
aggregated in vector polygons. TTM assigns to each polygon a fuzzy value of the level of congruency
(S) to predict the degree to which ∆NBRpre > THcut and ∆NBRpost < THregrowth are satisfied as follows:

S =

∑
n
(∆NBRpre−THcut)−(∆NBRpost−THregrowth)

4−THcut+THregrowth

n
(4)

TTM iteratively tests different thresholds, THs, for S to select only polygons with S < THS.
Each combination of npix and THs produces a different disturbance map. The calibration dataset

consisting of 10% of the polygons in the clearcut reference dataset was used with a cross-validation
approach to select the optimal values of npix and THs. The validation dataset consisting of the remaining
90% of polygons in the clearcut reference dataset was used as an independent dataset to evaluate
the most accurate combination of npix and THs values. The optimal combination of npix and THs was
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chosen using an accuracy index calculated from the values in a confusion matrix. In particular, we
used gmean which is estimated from a confusion matrix as:

gmean =
TP√

(TP + FP) ∗ (TP + FN)
(5)

where TP is the number of true positives, FP is the number of false positive pixels, FN is the number
of false negative pixels and TP is the number of true positive pixels. gmean was used because a small
gmean is an indication of poor performance in the classification of the positive cases, even if the negative
cases (TN = stable forest) are correctly classified. So, using this index the algorithm avoids overfitting
the negative class and under fitting the positive class.
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At the end of this calibration procedure, the combination of npix and THs values that produces the
greatest accuracy as measured by gmean is applied to the LTS. The resulting spatial polygon dataset
includes the year of the clearcut disturbance that is estimated by the automated TTM analysis of spikes
in NBR temporal trends as reported by Chirici et al. [32]. The complete TTM scheme can be found
in Appendix B. Following the TTM calibration phase, npix = 0.06 and THs = 0.07 were selected as the
threshold values that produced the greatest accuracy of gmean = 0.92 (Figure 3).

To evaluate TTM accuracy, the resulting spatial polygon dataset was sub-divided into 13 yearly
TTM predicted clearcut datasets, i.e., 2001, . . . , 2013. Each yearly dataset was converted independently
into a raster grid dataset with the same 30 m × 30 m spatial resolution as the Landsat data. For each
year, we constructed a TTM raster grid clearcut map for which forest pixels were classified as either
“clearcut forest” or “undisturbed forest” using the optimized TTM procedure (Figure 4).
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2.6. LandTrendr

To further evaluate the TTM algorithm, we compared our results for the three quadrats to those
obtained using the well-known LandTrendr algorithm, a trajectory-based method that uses Landsat
imagery. We calibrated the algorithm by selecting values for the set of nine LT parameters using the
procedure implemented in Google Earth Engine [44]. To obtain comparable LandTrendr results for
the years 2000–2013, we had to extend the LTS to the period 1985–2018 because LT-GEE is known
to produce large errors for the first and last years if only a short LTS is used [35,44]. As for TTM,
the LandTrendr analysis was conducted just in the portion of the study area for forest pixels where no
damages related to fire and windstorm were reported; thus, the same forest areas were compared.

The automated features of LT-GEE selected the images and values for the algorithm’s nine
parameters that maximized the gmean index using the confusion matrix and the calibration dataset
(Table 1). The algorithm with the selected set of parameters was then applied to the LTS. Thirteen
raster grid LandTrand clearcut datasets, one for each year, were constructed where each forest pixel
was classified as “clearcut forest” or “undisturbed forest” and a year of disturbance was associated with
each pixel predicted to have been disturbed (Figure 4).

2.7. Global Forest Change Map (GFC)

The GFC is the only dataset of forest disturbances available for the entire Earth [22]. The GFC
map predicts global tree cover extent, loss and gain at a resolution of 30 m × 30 m using TS analyses
of more than 655,000 Landsat scenes. Forest loss is defined as stand-replacement disturbance or the
complete removal of tree cover canopy at the Landsat pixel scale [22]. The GFC map in Google Earth
Engine represents forest change, at 30 m × 30 m resolution, globally, between 2000 and 2018 and is
available at https://earthenginepartners.appspot.com/science-2013-global-forest.

We downloaded the GFC disturbance map for the study areas for the years 2000–2013, applied the
forest mask, and clipped the map to the areas of the three quadrats. As for the TTM and LandTrendr,
we omitted from the GFC analysis pixels for which fires and windstorms were officially reported.
We constructed 13 GFC clearcut raster grid datasets, one per year, with forest pixels classified as either
“clearcut forest” or “undisturbed forest” (Figure 4).

https://earthenginepartners.appspot.com/science-2013-global-forest
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Figure 4. Clearcut maps estimated using TTM, LandTrendr (LT) and Global Forest Change Map (GFC)
for the three areas where the reference validation dataset was available.

2.8. Accuracy Assessment

The accuracies of the pixel-level “undisturbed forest” or “clearcut forest” classifications for the three
quadrats were estimated using the validation dataset for each of the three methods and each year
(i.e., the 13 TTM clearcut raster grid datasets, the 13 GFC clearcut raster grid datasets and the 13
LandTrendr clearcut datasets) based on 2 × 2 confusion matrices constructed using the 13 independent
validation raster grid datasets available for the three quadrats (Figure 2). For each confusion matrix,
we calculated TP, TN, FP, and FN, the gmean index as reported in Equation (6), the overall accuracy,
the sensitivity, the precision, producer’s accuracy, and user’s accuracy calculated as:
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Overall Accuracy =
(TP + TN)

(TP + TN + FP + FN)
(6)

Sensitivity =
TP

(TP + FN)
(7)

Precision =
TP

(TP + FP)
(8)

Producer′s Accuracy =
TP

(TP + FN)
(9)

User′s Accuracy =
TP

(TP + FP)
(10)

2.9. Clearcut Area Estimates

To comply with Aichi Biodiversity Target 5, SEBI, and Forest Europe reporting requirements
regarding loss of natural forests, we estimated clearcut areas using maps of the three quadrats
constructed using the optimized TTM for each of the 13 years. An intuitive approach for estimating
the areas would be simply to add the areas of all map units classified as clearcut, i.e., ÂCC = TP + FP.
Estimates obtained with this approach are denoted map estimates. However, this approach, often
characterized as pixel counting, is biased because it does not account for map classification error.

An unbiased stratified estimator based on the entries in a confusion matrix constructed using the
optimized TTM-base map and reference data was used to estimate clearcut areas (Table 2). With this
estimator, the clearcut area is estimated as,

ÂCC = Atot·(wt1·p̂1 + wt2·p̂2) (11)

with standard error,

SE
(
ÂCC

)
= Atot·

√
wt2

1·
ˆVar(p̂1) + wt2

2·
ˆVar(p̂2), (12)

where Atot is the total area (i.e., forest area of the three quadrats 8898.21 ha) which is assumed to
be without error, w1 is the proportion of the total area in the “clearcut forest” map class, and w2 is
the proportion of the total area in the “undisturbed forest” map class. Three reference sets were used
with the stratified estimator. Firstly, all pixels in the entire validation dataset described in Section 2.4
were used as a reference data for constructing the confusion matrix and estimating the clearcut areas.
Because this reference set consisted of exactly the same pixels as the population for which clearcut
area was estimated (Section 2.4), this analysis comprises a census of the population. Further, because
the reference set size, n, equals the population size, N, then

(
1− n

N

)
= 0 in the variance estimator

shown in Table 2 with the result that the estimates, designated as the “census” estimates, are exact
without uncertainty, i.e., SE

(
ÂCC

)
= 0. Secondly, we used a random selection of 50% of the pixels in the

validation data described in Section 2.4 as the reference set for constructing a second confusion matrix
with the resulting area estimates designated as the “large sample” estimates. Thirdly, because obtaining
a large reference set is very laborious and time-consuming, estimates were also calculated using a
much smaller reference dataset. This reference set was constructed using a square 1500 m × 1500 m
grid covering the validation dataset with a point randomly selected from within each cell formed
by the grid lines. The resulting area estimates were designed as the “point sample” estimates. The
stratified estimator is unbiased when used with random samples, meaning that over all possible
samples of the same size, the mean of the sample-based estimates equals the true value. However,
even with an unbiased estimator, the estimate for any particular sample may still deviate substantially
from the true value. The standard error and associated confidence interval provide a measure of this
potential deviation.
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Table 2. Confusion matrix (Nh in the last column is the total number of map units in the hth map class).

Map Class
Reference Class

Total User’s Accuracy ^
Ph

^
Var(

^
Ph)CC Undisturbed Forest

CC n11 (TP) n12 (FP) n1• = n11 + n12 ua1 = n11
n1•

p̂1 = n11
n1• V̂ar

(
p̂1

)
=

(
1− n1•

N1

)
·
p̂1·(1−p̂1)

n1•

Undisturbed Forest n21 (FN) n22 (FN) n2• = n21 + n22 ua2 = n22
n2•

p̂2 = n21
n2• V̂ar

(
p̂2

)
=

(
1− n2•

N2

)
·
p̂2·(1−p̂2)

n2•

Total n•1 = n11 + n21 n•2 = n12 + n22
Producer’s accuracy pa1 = n11

n•1 pa2 = n22
n•2
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3. Results

3.1. Accuacy Assessment

The maps constructed for the three quadrats with the three methods are presented in Figure 4.
We estimated accuracies for the three quadrats using all the confusion matrix validation indices for

each method and each year using the 13 raster grid validation datasets (Figure 5). Overall, accuracies
for TTM and LandTrendr were much greater than for the GFC, particularly for 2001–2011. Accuracies
were comparable for TTM and LandTrendr, albeit slightly greater for TTM (Figure 5, Appendix C,
and Appendix D). All accuracies for LandTrendr and TTM were greater than 0.94. Similar results were
found for Specificity, Precision, Producer’s (PA) and User’s accuracy (UA) for “clearcut forest” with TTM
and LandTrendr producing comparable results, while smaller estimates were always obtained for the
GFC (Figure 5). In particular, PA ranged between 0.45 and 0.84 for TTM and between 0.49 and 0.83 for
LT, while for the GFC, PA ranged between 0 and 0.38. UA ranged between 0.86 and 0.96 for TTM and
between 0.73 and 0.91 for LT, while for the GFC UA ranged between 0.19 and 1.00.
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Figure 5. Accuracy estimates based on confusion matrices constructed using the validation dataset for
the three quadrats. The vertical axis represents the accuracy indices (gmean = gmean accuracy index,
Sen = sensitivity, Prec = precision, OA = Overall Accuracy, PA = Producer Accuracy of clearcut class,
UA = Users Accuracy of clearcut class).

LandTrendr and TTM produced comparable overall accuracies, but for 10 of the 13 years, TTM
produced greater accuracies with 0.65 ≤ gmean ≤ 0.89 than LandTrendr with 0.66 ≤ gmean ≤ 0.78.
The average gmean for TTM over the 13 years was 0.78 versus 0.72 for LandTrendr. Further, TTM
produced accurate results for year of disturbance t after two additional years, whereas LandTrendr
required at least three additional years. gmean accuracies for the GFC [22] over the 13 years were much
smaller than for the other methods, ranging between 0.07 and 0.56. The GFC also had many omission
errors relative to the other two methods (Figure 5).

3.2. Area Estimation

3.2.1. The Three Quadrats

The census, large sample, and point sample estimates of clearcut areas for the three quadrats are
reported in Table 3. The similarity between the estimates is as expected because the map accuracies are
large, and the stratified estimator is unbiased for these analyses.
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Table 3. Clearcut (CC) area estimates (census estimates based on entire validation dataset; small sample
estimates based on 50% random sample of the validation dataset; point sample estimates based on
photointerpretation of 200 randomly selected points).

Census Large Sample Point Sample

Year ÂCC ÂCC SE(ÂCC) ÂCC SE(ÂCC)

2001 675.7 673.4 1.55 669.4 21.0
2002 501.7 498.6 2.78 498.6 43.6
2003 365.8 366.1 0.20 413.3 32.4
2004 633.9 629.3 3.61 629.3 56.7
2005 673.7 676.0 1.49 676.0 23.4
2006 675.7 677.5 2.63 642.7 35.6
2007 300.4 301.6 3.01 284.7 43.8
2008 433.4 433.3 0.37 459.5 27.7
2009 753.0 753.6 1.47 753.6 23.0
2010 605.3 606.0 1.53 606.0 24.0
2011 572.9 572.2 2.46 572.2 38.7
2012 422.0 421.2 0.66 421.2 10.3
2013 576.9 575.7 2.17 575.7 34.1

3.2.2. Large Scale Clearcut Mapping and Area Estimation

Because TTM produced the greatest accuracies for the three quadrats, we applied it to the entirety
of Landsat scene 192 030 within the borders of the administrative Region of Tuscany. We used the same
parameters selected during the calibration phase (t ± 2 years, npix = 0.06 and THS = 0.07), and estimated
statistics for forest harvesting from 2000 to 2013. For the 13 years, the map indicated 73,819 ha of forest,
representing 14.21% of the total forest area (Figure 6).

We estimated that the clearcut area per year in the portion of Landsat scene 192 030 within
the borders of Tuscany Region was less than 2% of the total forest area (Figure 7). Although these
map-based (pixel counting) estimates are subject to uncertainty due to map classification error, the large
map accuracies reported in Table 2 suggest that such uncertainties are likely small.

TTM predicted 81,915 forest cuts of which the vast majority (79%) were between 0.5 and 2.0 ha
(Figure 8). Small clearcuts represented 18,559.8 ha or 25% of the total forest cut area as predicted by
TTM in the study period.

We analyzed cuts by forest types using the vegetation map produced by Arrigoni for the Tuscany
region [53]. Of the total clearcut areas, 34% was in mixed broadleaves forest (Figure 8), 29% was in
Quercus cerris L. forest, 12% was in Quercus ilex L. forest, 11% was in Quercus pubescens L. forest, and 8%
was in Castanea sativa Mill. forest (Figure 8).
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4. Discussion

4.1. The Algorithm

This study, to the best of our knowledge, is the first effort to develop an automated procedure that
uses Landsat TS data to map clearcuts in Mediterranean forest areas that are managed with the coppice
system. We found that a 3-year temporal analysis of the spectral vegetation trajectories was a logical
procedure for predicting these types of disturbances because the spectral trajectories of Mediterranean
clearcuts are characterized by spikes of t − 2, t and t + 2. Specifically, 3 years after a clearcut, coppice
vegetation indices are similar to indices observed before the clearcut. In fact, if we calculate the ∆NBR
before 3 (t − 1) and after 3 years (t + 3) the differences will be close to zero in which case TTM would
not predict a clearcut. For the same reason, the algorithm does not predict the same clearcut in two
consecutive years because the NBR spectral trajectory for Mediterranean coppices reflects the rapid
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regrowth. Potentially, the same procedure can be also applied to other types of forest ecosystems
characterized by rapid regrowth, such as tropical forests, that have spectral trajectories similar to
those of Mediterranean coppice forests [54]. TTM required calibration using a small set of manually
mapped clearcuts to facilitate automated optimal selection of the two thresholds used by the TTM
(npix and THs). Because the values of the two TTM thresholds did not change for different years for
the same Landsat scene, we expect that values for these threshold parameters may be valid across
multiple Landsat images as long as the selected vegetation index, NBR in our case, is calculated using
normalized images such as those we produced with the LEDAPS procedure. TTM was implemented
using the NBR vegetation index with a time window of t ± 2 years where t is the year when the clearcut
occurs. We found that five years (t − 2, t, t + 2) are needed to detect clearcuts, because inaccurate results
were found using smaller time windows. Perhaps the time needed to detect clearcuts in coppices
forests can be reduced by the algorithms developed for intra-annual change detection such as CCD [26],
EWMACD [28], and BEAST [30]. However, at the moment, the use of these types of algorithms require
an advanced knowledge of RS that is a limitation to application by technical operators from Italian
public agencies. Moreover, TTM produced accurate spatially continuous maps of harvested areas just
two years after the clearcut which is consistent with our intent and with the Italian regulation (Figure 6).
Moreover, the data required to calibrate the algorithm (i.e., 7–10 polygons) are already available in the
public forest authority datasets, because they are collected during the clearcut authorization procedure.
Moreover, these maps can be used by local or national forest authorities to estimate some of the most
common indicators requested by international agreements, such as the ratio between increments and
loggings [5,6,8] without the need for expensive field activities [13]. From an international perspective,
TTM may be limited because it is specifically designed for Mediterranean coppice forests characterized
by rapid regrowth after logging. However, for clearcut monitoring in Italy, TTM is a valid approach,
because large clearcuts in Italy are permitted only in coppice forests.

4.2. Accuracy Assessment

TTM produced results comparable to results for the well-known LandTrendr [35,37,45] and to
the results of a previous study by Puletti et al. [34] using Sentinel-2 data. However, the LandTrendr
calibration procedure for forests for this study differed relative to calibration for temperate and boreal
forests. Firstly, to use LandTrendr in Mediterranean conditions, an accurate forest mask is needed;
otherwise the specific parametrization may result in commission errors due to spectral behavior in
agricultural lands. For temperate and boreal forests, a forest mask may not be necessary [37,44].
Secondly, the Recovery threshold value for the LandTrandr algorithm for Mediterranean conditions is
0.55, while a value of approximately 0.30 was sufficient for other forest types [37,44].

The LandTrendr calibration procedure was time-consuming and required considerable imagery to
produce accurate results [37]. To detect clearcuts at time t, TTM required just three images (t − 2, t, t + 2)
spanning a period of five years, whereas LandTrendr required at least 10 images spanning a period of at
least 10 years between t − 5 and t + 5. In fact, for TTM we obtained accurate forest clearcut maps for the
period 2000–2013 with a LTS covering a period of 16 years (1999–2015), whereas LandTrendr required
a longer LTS with images covering a period of 33 years (1985–2018) [35]. Therefore, in this study,
we found that TTM can accurately predict clearcuts at time t at least three years before LandTrendr.

We found that both TTM and LandTrendr produced more accurate results than the GFC [22].
This result was not unexpected, because the GFC is constructed using an automated approach
developed to provide statistics for forest disturbances at a global scale. TTM and LandTrendr were,
instead, specifically calibrated for the study area. Thus, the GFC cannot be considered a valid source
of information for producing forest disturbance statistics in Italy. It is important to remember that
different automated algorithms can be useful for mapping different land/forest changes or disturbances.
However, each algorithm must be evaluated to understand its strengths and weaknesses in terms of
omission and commission error rates and with respect to the target change/disturbance [55]. In our, case
we observed that TTM and LT have fewer omission and commission errors than the GFC. We found
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that beginning with 2009, both the TTM and LT algorithms produced large values of gmean compared to
values for the years 2003–2008. This result can be partially explained by analyzing climate conditions
between the years used to detect the clearcuts. For example, for 2009 we found that the climate
conditions between 2007 and 2011 (i.e., t ± 2) were similar, so the reflectance of the images used were
not affected by reflection due to drought. In fact, for example, we found that independently of the
methods used, accuracies were smallest for the year 2003. A possible explanation is that 2003 was
one of the driest years in the last two decades in Italy. The drought caused a rapid decline in all
vegetation types. All three methods were characterized by greater commission error rates as a result of
the negative spectral spikes caused by local, strong, drought-induced decreases in NBR which may be
confused with the similar spectral behavior of logged areas.

4.3. Area Estimation

Finally, although motivation for the study did not necessarily include support for greenhouse
gas (GHG) inventories, it merits noting that the combination of the mapping approach and the
sample-based stratified clearcut area estimator complies with the good practice guidelines of the
Intergovernmental Panel on Climate Change: (1) “neither over- nor underestimates so far as can be
judged,” and (3) “uncertainties are reduced as far as practicable” [56]. For the large sample for some
of the years, we obtained SE

(
ÂCC

)
≈ 0. The phenomenon is attributed to the combination of large

accuracies and a very large sample size for variance estimation. For the points sample with a small
sample size, less than about 1% of the population size, 1-n/N can be ignored so that SE

(
ÂCC

)
≈ 0

usually does not occur (Table 3).

5. Conclusions

The following conclusions can be drawn from the study:

• TTM is the first algorithm specifically developed for Mediterranean conditions using Landsat TS to
predict forest clearcuts in coppice forests that can be used for constructing accurate spatially explicit
maps of forest harvesting areas and for operationally estimating sustainable forest management
indicators in the framework of international agreements;

• TTM was easy to use, and its configuration is adjustable using a calibration dataset. TTM
can be used for mapping and continuous reporting on forest clearcut disturbances in
Mediterranean forests;

• LandTrendr for Mediterranean forests requires an accurate forest mask, otherwise the specific
parametrization may result in commission errors due to spectral confusion with agricultural lands;

• The GFC substantially underestimates the area of clearcut disturbances in Mediterranean
coppice forests.

Future research efforts should focus on two issues: (i) testing TTM with different optical satellite
time series such as Sentinel-2 images, and (ii) mapping forest disturbances in other Mediterranean
forests, for example, in continuous cover forestry.
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Appendix A. Example of Calibration Dataset for 2010
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Appendix B. Workflow Scheme of TTM Functionality
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Appendix C. TP, TN, FN, FP of Clercut Forest Classes
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Appendix D. Producer’s and Users’ Accuracy of “Not Disturbed Forests” for the Three Methods 

 TTM LT GFC 
Year PA UA PA UA PA UA 
2001 1.00 0.94 0.99 0.94 0.99 1.00 
2002 1.00 0.96 0.99 0.96 1.00 1.00 
2003 1.00 0.98 0.99 0.98 1.00 1.00 
2004 1.00 0.95 0.99 0.96 0.98 0.99 
2005 1.00 0.95 0.99 0.95 1.00 1.00 
2006 1.00 0.96 0.99 0.95 1.00 1.00 
2007 1.00 0.98 0.99 0.98 1.00 1.00 
2008 1.00 0.98 0.99 0.97 1.00 1.00 
2009 0.99 0.93 1.00 0.96 1.00 0.99 
2010 0.99 0.94 1.00 0.96 0.99 0.98 
2011 1.00 0.95 1.00 0.96 1.00 0.99 
2012 0.99 0.96 0.99 0.96 1.00 0.98 
2013 0.99 0.95 0.99 0.96 0.98 0.98 
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Appendix D. Producer’s and Users’ Accuracy of “Not Disturbed Forests” for the Three Methods

TTM LT GFC

Year PA UA PA UA PA UA

2001 1.00 0.94 0.99 0.94 0.99 1.00
2002 1.00 0.96 0.99 0.96 1.00 1.00
2003 1.00 0.98 0.99 0.98 1.00 1.00
2004 1.00 0.95 0.99 0.96 0.98 0.99
2005 1.00 0.95 0.99 0.95 1.00 1.00
2006 1.00 0.96 0.99 0.95 1.00 1.00
2007 1.00 0.98 0.99 0.98 1.00 1.00
2008 1.00 0.98 0.99 0.97 1.00 1.00
2009 0.99 0.93 1.00 0.96 1.00 0.99
2010 0.99 0.94 1.00 0.96 0.99 0.98
2011 1.00 0.95 1.00 0.96 1.00 0.99
2012 0.99 0.96 0.99 0.96 1.00 0.98
2013 0.99 0.95 0.99 0.96 0.98 0.98
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