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Abstract: Afforestation is one of the most effective processes for removing carbon dioxide from the
atmosphere and combating global warming. Landsat data and machine learning approaches can be
used to map afforestation (i) indirectly, by constructing two maps of the same area over different
periods and then predicting changes, or (ii) directly, by constructing a single map and analyzing
observations of change in both the response and remotely sensed variables. Of crucial importance, no
comprehensive comparisons of direct and indirect approaches for afforestation monitoring are known
to have been conducted to date. Afforestation maps estimated through the analysis of remotely sensed
data may serve as intermediate products for guiding the selection of samples and the production of
statistics. In this and similar studies, a huge effort is dedicated to collecting validation data. In turn,
those validation datasets have varying sampling intensities in different areas, which complicates
their use for assessing the accuracies of new maps. As a result, the work done to collect data is
often not sufficiently exploited, with some validation datasets being used just once. In this study, we
addressed two main aims. First, we implemented a methodology to reuse validation data acquired
via stratified sampling with strata constructed from remote sensing maps. Second, we used this
method for acquiring data for comparing map accuracy estimates and the precision of estimates
for direct and indirect approaches for country-wide mapping of afforestation that occurred in Italy
between 1985 and 2019. To facilitate these comparisons, we used Landsat imagery, random forest
classification, and Google Earth Engine. The herein-presented method produced different accuracy
estimates with 95% confidence interval and for different map classes. Afforestation accuracies ranged
between 53 ± 5.9% for the indirect map class inside the buffer—defined as a stratum within 120 m
of the forest/non-forest mask boundaries—and 26 ± 3.4% for the direct map outside the buffer.
The accuracy in non-afforestation map classes was much greater, ranging from 87 ± 1.9% for the
indirect map inside the buffer to 99 ± 1.3% for the direct map outside the buffer. Additionally,
overall accuracies (with 95% CI) were estimated with large precision for both direct and indirect
maps (87 ± 1.3% and 89 ± 1.6%, respectively), confirming (i) the effectiveness of the method we
introduced for reusing samples and (ii) the relevance of remotely sensed data and machine learning
for monitoring afforestation.

Keywords: remote sensing; landsat; google earth engine; random forests; machine learning; cloud
computing; land cover; change detection; estimates; precision
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1. Introduction

Forests are a critical component of the global terrestrial carbon cycle. During the G20
Riyadh Summit (November 2021), forest restoration activities—together with emissions
reduction—were stated to be among the most effective strategies for climate change mitiga-
tion. One of the most effective strategies for removing carbon dioxide from the atmosphere
and combating global warming is afforestation [1], a process that entails the conversion of
other land uses to forests [2].

Remote sensing technology and related applications play a crucial role in processes
for monitoring afforestation. Remote sensing is indeed a powerful technique for land
monitoring, facilitating global scale analysis [3] using open-access imagery available at
different spatial resolutions [4–6] and exploiting cloud computing platforms and big data
processing [7]. In particular, the more than 40 years of surface reflectance data acquired
by the Landsat satellite missions represent a key source of information that is widely
used across the globe to monitor Earth’s surface phenomena and dynamics [8,9]. In
addition, the new Google Earth Engine (GEE) cloud computing platform [3] provides
unprecedented opportunities for processing this huge amount of data. GEE implements
random forests (RF) [10], a currently popular supervised algorithm for the classification of
Landsat and remotely sensed imagery. RF is a classification technique that uses a series of
decision trees based on random resampling of training data. RF has a powerful predictive
performance [11], is mostly unaffected by overfitting [12,13], and can accommodate non-
normal responses and nonlinear relationships [14].

Afforestation processes can be monitored using Landsat data and RF, using either
direct or indirect classification methods. The indirect method, sometimes characterized
as post-classification, involves constructing two models of the relationship between the
land cover response and the remotely sensed predictor variables, one for each of two time
periods, followed by the calculation of the map unit-by-map unit differences in the model
predictions, which then represent the change. The direct method involves the construction
of just one model of the relationship between observations of change in both the response
variable and the remotely sensed predictor variables between the two dates [15]. The
direct method focuses on characterizing the spectral response to afforestation over the
entire observation period. In general, the direct approach is considered more reliable and
accurate [16–18]. However, this general assumption may be questionable because, although
the indirect method produces two sets of errors, those errors are expected to be smaller
than those produced by the direct method. Specifically, variables representing land cover
at a given time (in this case, forest/non-forest classes) can generally be predicted more
accurately than variables representing changes.

The direct method has been used with 500-m MODIS imagery to predict afforestation
in central-eastern China [19] and Europe [20] and to monitor the effect of reforestation
programs in Inner Mongolia [21]. Although these studies produced large accuracies,
the coarse spatial resolution of MODIS imagery is not suitable for the fragmented and
morphologically diverse forests typical of the Mediterranean Basin. This is particularly
relevant in Italy, where, due to centuries of land management, afforestation processes are
characterized by patches of very limited size in abandoned agriculture fields [22], thereby
requiring finer spatial resolution data to produce accurate afforestation maps. Accordingly,
the direct method in combination with images at a finer resolution than MODIS was
recently implemented in Italy [23].

The indirect method has been used in the Guangdong Chinese Province with Landsat
and PALSAR imagery at the regional level to construct annual forest masks, which are
then compared to predict afforestation areas [24] and at the global level for assessing forest
cover change [25]. However, these studies consider annual land cover maps produced
through photointerpretation of fine-resolution imagery, thus requiring large efforts and
costs. Consequently, the resulting masks are not frequently updated and, as a result, are
usually not temporally aligned with the vegetation growth rate. In summary, afforestation
assessment with both direct and indirect approaches has generally not been sufficiently
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investigated, and although of crucial importance [15,26], a comprehensive comparison is
not known to have been conducted to date.

Afforestation maps, and more generally maps based on remotely sensed data, can be
used as intermediate products for producing statistically rigorous statistics by assisting
in the selection of sample units [27]. On the other hand, remote sensing-based maps
can be used to increase the precision of sample-based statistical inferences by serving as
the source of strata in support of stratified sampling and analysis [28,29]. Increasing the
sizes of samples collected in strata where error rates are greater produces more precise
estimates of afforestation areas and map accuracy. Francini et al. (2022b) [30] constructed a
forest disturbance map of Italy for guiding the selection of 18,000 points that, following
photointerpretation, facilitated a statistically rigorous estimation of the areas of forest
disturbances that occurred in 2018 in Italy. Cavalli et al., (2023) [23] used an afforestation
map to guide the selection of a sample of 4000 points that, following photointerpretation,
supported stratified estimation of areas of Italian landscapes that changed from non-forest
to forest between 1985 and 2019. Indeed, because mapped areas are expected to be different
from the actual areas because of map classification errors [31] (Francini et al., 2021), it is
fundamental to perform an accuracy assessment before executing additional analysis [32].
Olofsson et al., (2013) [27] described methods for reducing those errors and, using the
stratified estimator, demonstrated how to avoid the potential measurement bias associated
with pixel counting.

Huge efforts are often dedicated to collecting validation data for the selected sample
units in these and similar studies. However, the selection of those sample units is done
through stratification based on specific maps, with the result that within-strata sampling
intensities are related to these specific maps. In turn, when the same within-strata samples
are used with strata based on different maps, the within-strata sampling intensities are
not constant, and, therefore, these samples cannot be used to estimate the accuracy of new
maps. As a result, the huge amount of work done for collecting validation data is often not
sufficiently exploited because the sample data cannot be re-used.

This study has two primary aims: (i) to demonstrate a methodology that can be
exploited to re-use samples acquired through stratification based on remote sensing-based
products, and (ii) to exploit this approach for calculating and comparing accuracy estimates
of afforestation maps and the related precision of estimates obtained using direct and
indirect methods. Herein we focused on country-wide mapping of afforestation that
occurred in Italy between 1985 and 2019 using Landsat imagery, RF, and GEE.

2. Materials and Methods
2.1. Study Area and Forest Mask

The study area is the entire area of Italy, consisting of 301,338 km2 (Figure 1). Italy is
characterized by great morphological diversity, with 70% of the national area characterized
by hills or mountains. Moreover, the geographical position of Italy is responsible for
different climate types (alpine, continental, and Mediterranean), which contribute to the
richness of vegetation and forest biodiversity.

To predict afforestation areas and to analyze afforestation separately inside and outside
predicted forest land, a fine-resolution forest mask of Italy [33] was used. More specifically,
the forest mask was used to increase the sampling intensity near forest/non-forest map
boundaries, i.e., where most forest/non-forest classification errors are expected to occur.
The binary forest/non-forest mask was constructed using the FAO (2001) definition of
forest, which is defined as having a canopy cover greater than 10% and a minimum area
of 0.5 ha. The accuracy of this forest mask was estimated as greater than 85% [13]. More
details on this product are provided in D’Amico et al., (2021) [33].
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Figure 1. Study area (Section 2.1), forest mask (Section 2.1), BAP (Section 2.2), and training data
(Section 2.3).

2.2. Landsat Best Available Composite Imagery

In this study, Landsat images acquired for Italy and available in the GEE archive were
used to analyze afforestation at the national level. GEE is a cloud platform for analyzing
and processing geospatial data that, by exploiting the computational capacity of Google
servers, facilitates the study and monitoring of environmental phenomena such as changes
in land cover, including afforestation [3]. GEE enables the integration of numerous image
collections and datasets that are ready to be processed [30].

In this study, Landsat images were pre-processed to orthorectify surface reflectance
and brightness (the thermal infrared), atmospherically corrected, and masked for clouds.
To construct the Italian annual composites, we used all six 30 m spatial resolution Landsat
bands, three in the visible spectrum and three in the infrared spectrum (NIR and SWIRs
bands), from Landsat 5, 7, and 8, from 1 June to 31 August from 1985 to 2019. The composites
were constructed using the Best Available Pixel (BAP) procedure [34] (Figure 1), which
selects the pixel reflectance values that best satisfy four criteria: (i) sensor score; (ii) target
day score; (iii) distance to cloud/cloud shadow score; and (iv) opacity score. Sensor scores
and target day are applied to the whole image, while the other two scores are applied
to each pixel. The BAP procedure was recently implemented in GEE, with open access
code (https://code.earthengine.google.com/?accept_repo=users/sfrancini/bap) (accessed
on 14 March 2023), documentation on GitHub (https://github.com/saveriofrancini/bap)
(accessed on 14 March 2023), and references for related scientific articles [35–39].

2.3. Training Dataset

The training dataset (Figure 1) was used to calibrate both the direct and indirect
classification models using the RF algorithm (Section 3), with the BAP composites as
predictors (Section 3.2). The training data were collected over the entirety of Italy for
1578 polygons and distributed as follows:

• 526 polygons (A) that experienced a change from non-forest to forest in the period
1985–2020,

• 526 polygons (B) in non-forest areas that did not change between 1985 and 2020
• 526 polygons (C) in forest areas that did not change between 1985 and 2020.

The training dataset was constructed using data from the Land Use Inventory of
Italy (IUTI, Sallustio et al., 2016) and photointerpretation of Landsat imagery (1985–1988,
30 m spatial resolution), aerial imagery (1988–2012, 50 cm), and very fine-resolution images
(2012–2020, 30 cm). Through the photointerpretation process, each polygon was classified

https://code.earthengine.google.com/?accept_repo=users/sfrancini/bap
https://github.com/saveriofrancini/bap
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as either afforestation or non-afforestation. The afforestation class was assigned to polygons
that satisfied the forest definition at the end of the study period but not at the beginning of
the period.

3. Methods
3.1. Direct and Indirect Afforestation Map Construction

The six bands of Landsat BAP composites were augmented with seven vegetation
indices (VI) that served as additional predictor variables (Table 1): Normalized Difference
Vegetation Index NDVI [40], Normalized Burnt Ratio NBR [41], Enhanced Vegetation Index
EVI [42], and Tasseled Cap Brightness B, Wetness W, Greenness, G [43] and Angle A [44].
The six bands together with the seven VIs resulted in a dataset of 13 time series of 34 years,
one time series for each band or VI.

Table 1. Predictor variables for the time series construction.

Index Formula Reference

Normalized Difference Vegetation Index NDVI = (NIR−R)
(NIR+R)

[40]

Normalized Burnt Ratio NBR = (NIR−SWIR)
(NIR+SWIR)

[41]

Enhanced Vegetation Index EVI = 2.5 (NIR−RED)
(NIR+6RED−7.5BLUE)+1

[42]

Brightness 0.3037 Blue + 0.2793 Green + 0.4743 Red + 0.5585 NIR +
0.5082 SWIRI + 0.1863 SWIRII [43]

Wetness 0.1509 Blue + 0.1973 Green + 0.3279 Red + 0.3406
Near_Infrared − 0.7112 SWIR_1 − 0.4572 SWIR_2 [43]

Greeness −0.2848 Blue − 0.2435 Green − 0.5436 Red + 0.7243
Near_Infrared + 0.0840 SWIR_1 − 0.1800 SWIR_2 [43]

Angle arctan (Greeness/Brightness) [44]

For the direct method, we further calculated 18 temporal statistics for each of the
13-time series: (1) mean, (2) standard deviation, (3) Kendall correlation or tau [45],
(4–14) deciles, (15) mean of the first five years of the study period and (16) mean of the
last five years of the study period, (17) year in which the maximum value was registered
and (18) year in which the minimum value was registered [30,38,46]. The result was
13 time series * 18 temporal statistics = 234 direct predictors.

For the indirect method, we used the means of the 13 time series predictors over
the first five years (1985–1989, initial condition) and the last five years (2015–2019, final
condition). As a result, 26 indirect predictors were obtained.

For constructing both the direct and the indirect maps, we used RF, a decision tree
algorithm introduced by Breiman (2001) [10] and often used for the spatial prediction of
forest response variables using remotely sensed predictor variables [33,47–49]. RF has pow-
erful predictive performance [11] (Hawrylo et al., 2020), mostly does not overfit [12,33], and
accommodates non-normal responses and nonlinear relationships [14]. RF also produces an
estimate of each predictor variable’s importance in terms of the Mean Decrease of the Gini
Index (MDG) which is directly proportional to the contribution of the variable to increasing
the classification accuracy [50]. For more details on the RF model, we refer to Breiman
(2001) [10] and Belgiu and Drăgu (2016) [12]. In this study, we used the GEE implementation
of the RF model. The number of trees was set to 500, while for the remaining parame-
ters, default values were used, for which we refer to the GEE documentation (https://
developers.google.com/earth-engine/apidocs/ee-classifier-smilerandomforest) (accessed
on 14 March 2023).

For the direct method, the RF algorithm was calibrated using the training data
from polygons A, B, and C and the direct predictors and then applied over the entirety
of Italy.

https://developers.google.com/earth-engine/apidocs/ee-classifier-smilerandomforest
https://developers.google.com/earth-engine/apidocs/ee-classifier-smilerandomforest
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For the indirect method, training data for polygons B and C were used, while training
data for polygons A were excluded because they represent non-stable areas. In this case,
indirect predictors were used for constructing two different RF-based forest/non-forest
maps, one depicting the initial condition and the other depicting the final condition. For
the indirect map, pixels that were classified as non-forest in the initial map and as forest in
the final map were finally classified as afforestation.

3.2. First and Second Phases of Validation Data Selection

The first and second phases acquired stratified random validation data, where the
strata were derived from the classes of the afforestation map constructed using the direct
method. These sample data are independent of the training data used to construct the two
afforestation maps (Sections 2.3 and 3.1). The validation data were selected to increase the
precision of the accuracy estimates and to assess map accuracy in the different map classes.
In particular, the greatest gains in overall precision can be achieved by concentrating sample
units in strata for which classification error rates are expected to be greatest [28]. To this end,
we used the forest mask (Section 3.1) to define a buffer of 120 m (4 Landsat pixels) on each
side of the predicted forest/non-forest boundary in the forest mask. Combining this buffer
and the direct afforestation map, four map classes were formed: (i) afforestation inside
the forest buffer, (ii) non-afforestation inside the forest buffer, (iii) afforestation outside the
forest buffer, and (iv) non-afforestation outside the forest buffer. These four map classes
served as strata in support of a two-step stratified random sampling scheme whereby the
sampling intensity was increased in strata where greater classification error rates were
expected to occur, thereby increasing the precision of overall and class accuracy estimates.
This two-step, stratified sampling scheme was exploited by Cavalli et al. (2023) [23] for
estimating afforestation areas. Although herein we aim at estimating map accuracy, the
statistical principles of the sampling scheme are the same as those detailed in Cavalli et al.
(2023) [23] and summarized below.

In the first phase, an initial random sample of 2000 points was selected, for which
within-strata sample sizes were proportional to expected within-strata classification error
rates. As previously mentioned, this scheme serves to increase the precision of overall and
class accuracy estimates. We expected the largest error rates in the map classes inside the
forest buffer (map classes A and B, Table 2), where we indeed concentrated the largest part
of the sample. Specifically, 660 points (33% of the total) were randomly selected in each of
the strata corresponding to map classes A and B, while 340 points (17%) were randomly
selected in each of the strata corresponding to the afforestation and non-afforestation
map classes outside the forest buffer (map classes C and D, Table 2). These points were
photointerpreted as described in Section 3.3 and then used to construct a confusion matrix
for the afforestation/non-afforestation classification.

In the second phase, the sample was selected to further increase the precision of the
estimates obtained in the first phase. A second sample of 2000 points was selected for
which the within-strata sample sizes were proportional to the first-phase within-strata
variances; strata (map classes) with greater first-phase variances were re-sampled with
greater intensities, i.e., more sample points per unit area. The resulting second phase
distribution was 194 points in the stratum corresponding to map class A, 835 points in
the stratum corresponding to map class B, 75 points in the stratum corresponding to map
class C, and 896 points in the stratum corresponding to map class D. The second phase
sample was photointerpreted, and the results were merged with the results of the first
photointerpreted sample, resulting in a total of 4000 sample points distributed as follows:
21% in the stratum corresponding to map class A, 29% in the stratum corresponding to
map class B, 18% in the stratum corresponding to map class C, and 31% in the stratum
corresponding to map class D.
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Table 2. Number of validation dataset sample units per combination class (highlighted in grey).

Map
Class

Combination
Class 1 2 3 4 5 6 7 8

Sample Units 282 30 203 30 572 1161 532 1211

Indirect
map

A Inside
forest buffer

Afforestation
C Outside

forest buffer

B Inside
forest buffer

Non-afforestation
D Outside

forest buffer

A Inside
forest buffer

Afforestation
C Outside

forest buffer

B Inside
forest buffer

Direct map

Non-afforestation
D Outside

forest buffer

3.3. Validation Data Adjustment Phase

To estimate the accuracies of the indirect maps, the second-phase sample of size
4000 cannot be used as it is. The probability of including the second-phase sample units in
the indirect afforestation map classes is indeed unknown because the map class boundaries
of the direct afforestation map do not align with the boundaries of the class boundaries of
the indirect afforestation map. To overcome this issue, we augmented the second-phase
sample by using an additional sample adjustment phase. The procedure detailed below
can be exploited to reuse stratified random validation samples acquired using a map-based
stratification for the accuracy assessment of new maps.

In the validation data adjustment phase, the second-phase sample points were in-
tegrated as follows: each of the direct and indirect maps included the same four map
classes, although the four classes were not coincident because the two maps differed. The
intersection of the four classes, one set for each map, produced a total of eight classes,
hereafter characterized as the combination classes. The total number of combination classes is
8, not 16 because the forest buffer was the same for both maps.

We analyzed the eight combination classes obtained by intersecting the two afforestation/
non-afforestation maps and the forest buffer (Table 2, Figure 2) and augmented their within-
strata samples if there were fewer than 30 points. For this sample, we photointerpreted
21 additional points for a total of 4021 points.

3.4. Accuracy Assessment

The final validation dataset of 4021 photointerpreted points was used to estimate and
compare the accuracies and their confidence intervals for the direct and indirect afforesta-
tion maps. The direct map per class accuracies, overall accuracy (OA), and 95% confidence
intervals were estimated as shown in Table 3. The OA of the indirect map was estimated,
as shown in Table 4, considering the eight combination classes. The per-class accuracies of
the indirect map were then calculated by aggregating the accuracies of the eight combination
classes (Table 5). The precision of the OA and per-class accuracy estimates was assessed by
calculating the 95% confidence intervals (CI).
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Table 3. Accuracy assessment for direct map.

Map Class
Validation Data

Sum wj
#1 ^

pj
#2 wj∗

^
pj CI(

^
pj)

#3
Afforestation Non-

Afforestation

Afforestation
inside buffer n11 n12

n1 =
n11 + n12

w1 p̂1 = n11
n1

w1 ∗ p̂1 2 ∗
√

V̂ar( p̂1)
Afforestation
outside buffer n21 n22

n2 =
n21 + n22

w2 p̂2 = n21
n2

w2 ∗ p̂2 2 ∗
√

V̂ar( p̂2)
Non-afforestation

inside buffer n31 n32
n3 =

n31 + n32
w3 p̂3 = n31

n3
w3 ∗ p̂3 2 ∗

√
V̂ar( p̂3)

Non-afforestation
outside buffer n41 n42

n4 =
n41 + n42

w4 p̂4 = n41
n4

w4 ∗ p̂4 2 ∗
√

V̂ar( p̂4)

n = ∑4
j nj ∑4

j wj = 1
OA =

∑4
j wj ∗ p̂j

#3
CI(OA)#4 =

∑4
j wj ∗ p̂j

#1wj is the proportion of the map in each class, #2 p̂j is the class accuracy, CI
(

p̂j
)#3 is the 95% confidence interval

for the class accuracy estimate, and CI(OA)#4 is the confidence interval of the overall accuracy.

Table 4. Accuracy assessment for indirect map.

Combination
classes Validation Data

Sum wj
#1 #2 ^

pj wj∗
^
pj CI(

^
pj)

#3

Indirect Direct Afforestation Non-
Afforestation

Afforestation
inside buffer

Afforestation
inside buffer n11 n12

n1 =
n11 + n12

w1 p̂1 = n11
n1

w1 ∗ p̂1 2 ∗
√

V̂ar( p̂1)

Afforestation
inside buffer

Non-
afforestation
inside buffer

n21 n22
n2 =

n21 + n22
w2 p̂2 = n21

n2
w2 ∗ p̂2 2 ∗

√
V̂ar( p̂2)

Afforestation
outside buffer

Afforestation
outside buffer n31 n32

n3 =
n31 + n32

w3 p̂3 = n31
n3

w3 ∗ p̂3 2 ∗
√

V̂ar( p̂3)

Afforestation
outside buffer

Non-
afforestation

outside buffer
n41 n42

n4 =
n41 + n42

w4 p̂4 = n41
n4

w4 ∗ p̂4 2 ∗
√

V̂ar( p̂4)

Non-
afforestation
inside buffer

Afforestation
inside buffer n51 n52

n5 =
n51 + n52

w5 p̂5 = n51
n5

w5 ∗ p̂5 2 ∗
√

V̂ar( p̂5)

Non-
afforestation
inside buffer

Non-
afforestation
inside buffer

n61 n62
n6 =

n61 + n62
w6 p̂6 = n61

n6
w6 ∗ p̂6 2 ∗

√
V̂ar( p̂6)

Non-
afforestation

outside buffer
Afforestation
outside buffer n71 n72

n7 =
n71 + n72

w7 p̂7 = n71
n7

w7 ∗ p̂7 2 ∗
√

V̂ar( p̂7)

Non-
afforestation

outside buffer

Non-
afforestation

outside buffer
n81 n82

n8 =
n81 + n82

w8 p̂8 = n81
n8

w8 ∗ p̂8 2 ∗
√

V̂ar( p̂8)

n = ∑8
j nj ∑8

j wj = 1 OA =
∑8

j wj ∗ p̂j
#2

CI(OA)#4 =

∑8
j wj ∗ CI

(
p̂j
)

#1wj is the proportion of the map in each class, #2 p̂j is the combination class accuracy, CI
(

p̂j
)#3 is the 95% confidence

interval for the class accuracy estimate, and CI(OA)#4 is the confidence interval of the overall accuracy.
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Table 5. Per class accuracy assessment for indirect map.

Maps Classes
Combination Validation Data

Sum #1aj
#2wj

^
pj wj∗

^
pj Class Accuracy CI(

^
pj)

Indirect Direct Afforestation Non-
Afforestation

Afforestation
inside buffer

Afforestation
inside buffer n11 n12 n1 = n11 + n12 a1 w1 = a1

a p̂1 = n11
n1

w1 ∗ p̂1 2 ∗
√

V̂ar( p̂1)

Afforestation
inside buffer

Non-
afforestation
inside buffer

n21 n22 n2 = n21 + n22 a2 w2 = a2
a p̂2 = n21

n2
w2 ∗ p̂2 2 ∗

√
V̂ar( p̂2)

Afforestation
inside buffer a = a1 + a2 #3 p̂ = ∑2

1 wj ∗ p̂j ∑2
1 wj ∗ CI( p̂j)

#4

Afforestation
outside buffer

Afforestation
outside buffer n31 n32 n3 = n31 + n32 a3 w3 = a3

b p̂3 = n31
n3

w3 ∗ p̂3 2 ∗
√

V̂ar( p̂3)

Afforestation
outside buffer

Non-
afforestation

outside buffer
n41 n42 n4 = n41 + n42 a4 w4 = a4

b p̂4 = n41
n4

w4 ∗ p̂4 2 ∗
√

V̂ar( p̂4)

Afforestation
outside buffer b = a3 + a4 #3 p̂ = ∑4

3 wj ∗ p̂j ∑4
3 wj ∗ CI( p̂j)

#4

Non-
afforestation
inside buffer

Afforestation
inside buffer n51 n52 n5 = n51 + n52 a5 w5 = a5

c p̂5 = n51
n5

w5 ∗ p̂5 2 ∗
√

V̂ar( p̂5)

Non-
afforestation
inside buffer

Non-
afforestation
inside buffer

n61 n62 n6 = n61 + n62 a6 w6 = a6
c p̂6 = n61

n6
w6 ∗ p̂6 2 ∗

√
V̂ar( p̂6)

Non-
afforestation
inside buffer

c = a5 + a6 #3 p̂ = ∑6
5 wj ∗ p̂j ∑6

5 wj ∗ CI( p̂j)
#3

Non-
afforestation

outside buffer
Afforestation
outside buffer n71 n72 n7 = n71 + n72 a7 w7 = a7

d p̂7 = n71
n7

w7 ∗ p̂7 2 ∗
√

V̂ar( p̂7)

Non-
afforestation

outside buffer

Non-
afforestation

outside buffer
n81 n82 n8 = n81 + n82 a8 w8 = a8

d p̂8 = n81
n8

w8 ∗ p̂8 2 ∗
√

V̂ar( p̂8)

Non-
afforestation

outside buffer
d = a7 + a8 #3 p̂ = ∑8

7 wj ∗ p̂j ∑7
8 wj ∗ CI( p̂j)

#4

#1aj is the pixel number of each class, #2wj is the proportion of the map in each map classes combination, #3 p is the class accuracy, ∑2
1 CI(p̂j)

#4 is the 95% confidence interval for each class.
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4. Results
4.1. Direct and Indirect Afforestation Maps

Figure 3 illustrates the result of the afforestation classifications using the direct and
indirect methods. The first figures (from A1 to D1) show the aerial images in 1988, while
the second figures (from A2 to D2) show the aerial images in 2020. Figure 3(A3–D3)
contain the predicted afforestation maps, both direct and indirect; the two maps generally
overlap for larger predicted afforestation areas. The afforestation map constructed with the
direct method often predicted larger afforestation patches than those predicted using the
indirect method.
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Figure 3. Afforestation maps with direct and indirect methods and map afforestation areas in Italian
provinces. (A1–D1,A2–D2) are the aerial images referred to 1988 and 2020, whilst images (A3–D3)
are the aerial images of 2020 with the predicted maps. The areas classified as afforestation by both
maps are shown in orange, while the areas classified as afforestation by direct and indirect maps are
shown in yellow and red, respectively. Top-right, the province (NUT3) afforestation area according to
the direct map.



Remote Sens. 2023, 15, 1638 11 of 19

4.2. Direct and Indirect Map Accuracy Comparisons

Tables A1–A3 show the results of the calculations presented in Tables 3–5, respectively.
More in detail, Tables 3 and A1 are for OA and per-class accuracy and CI assessments for
the direct map, Tables 4 and A2 refer to the OA and CI assessment for the indirect map,
and Tables 5 and A3 refer to the per-class accuracy and CI assessments for the indirect map.
All the accuracy and CI assessments are summarized in Figure 4.
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For both maps, OA was greater than 85% with OA = 87 ± 1.3% (95% CI) for the
direct map and OA = 89 ± 1.6% (95% CI) for the indirect map. Because the confidence
intervals overlap, the two accuracy estimates are not statistically significantly different.
Thus, the results of this study are contrary to the general opinion that the direct method
produces greater accuracy. The estimate of the accuracy and the relative 95% CI limits of
the afforestation inside the buffer was 49 ± 3.2% for the direct map and 53 ± 5.9% for the
indirect map, while for the afforestation outside the buffer, the CI of the direct map accuracy
estimate was 26 ± 3.4% and 27 ± 6.6% for the indirect map. Regarding non-afforestation
class accuracy estimates, they were greater in the direct map than in the indirect map both
outside the buffer (99 ± 1.3% versus 87% ±1.9%) and inside the buffer (95 ± 0.6% versus
97 ± 0.9%).

Most of the direct (93%) and indirect (88%) map errors (Table 5) occurred in the
afforestation classes, which cover minor proportions of the total area in both the direct
(19%) and indirect maps (7%). Thanks to the herein presented stratification procedure
and multi-phase sampling, we can thus provide more insights on map accuracies and
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guide a potential user by informing them which map area estimates are more accurate and
vice versa.

4.3. RF Variable Importance Ranking in Direct and Indirect Approach

The importance rankings of predictors used in the direct and indirect approaches
are illustrated in Figures 5 and 6, respectively. For the direct approach (Figure 5), the
predictors were too many (234) to be shown in a figure, so we showed only the mean
values of MDG for each band, index, and temporal statistic (Section 3.1). For the direct
method, the band with the greatest importance ranking was swir2, the index with the
greatest importance ranking was Tasselled Cap Wetness (TCW), and the temporal statistic
with the greatest importance ranking was tau, whose importance was more than twice the
ranking of the temporal statistic with the next greatest ranking (year min, or the year in
which the band/index had the minimum value).
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For the indirect method, the importance ranking was assessed independently, consid-
ering both the initial and final maps. In the initial map (1985–1989), the predictors with
the greatest importance rankings were the green band among the spectral bands and the
Enhanced Vegetation Index (EVI) for the indices, while for the final map (2015–2019), the
bands with the greatest importance rankings were the green and red bands, and the index
with the greatest importance ranking was the TCW.

5. Discussion
5.1. Contextualization of the Study

Monitoring afforestation and estimating its extension across large areas is essential for
properly understanding the effects of climate change and for efficiently planning future
actions globally and in EU member states [51].

In addition to international decisions, in Italy, national legislation on forestry and
the forestry supply chain (legislative decree 34/2018) supports the development of forest
mapping tools to support forest management activities. Many elements of the legislative
decree 34/2018 are also part of the National Forest Strategy for 2030, another tool to guide
forest policies, and which has the greatest priority in the forest planning activities in Italy.

5.2. Summary of the Issues We Addressed and How We Did So

In this study, we used Landsat imagery (USGS), RF [10], and GEE [3] to predict
afforestation that occurred in Italy in the last four decades and to address two main aims.
First, we demonstrated a methodology that can be exploited to reuse validation sample data
acquired through remote sensing-based stratifications for different stratifications. Second,
we implemented that methodology for comparing accuracy estimates and the precision of
the estimates for both the direct and indirect methods.

5.3. Validation Ample Adjustment Method

Validation samples are indeed often selected using stratified sampling based on maps
and remote sensing-based products. This procedure, unlike simple random sampling,
permits the sampling intensity to be increased in areas where classification error rates
are expected to be greater [30] and, consequently, to increase the precision of accuracy
estimates [23] and, more generally, many kinds of estimates obtained using remote sensing-
based maps [52]. Accordingly, in this study, 93% of direct map errors were concentrated in
19% of the area, and 88% of indirect map errors were in 7% of the map.

However, the inclusion probabilities of validation sample units selected using stratified
random sampling are closely related to the map used as the basis for the stratification,
which suggests that such validation samples cannot be used to assess the accuracies of
different remote sensing-based products. Moreover, because the sampling intensity must
be constant within strata, precise estimation of map accuracies usually requires a large
validation sample dataset, which, in turn, could influence the time needed for performing
the analysis. The direct consequence is that the huge amount of work done to collect
validation data is often not sufficiently exploited by reusing the data. However, the time
and cost of acquiring ground-truth data motivate using them in multiple studies. Several
data-sharing systems have been developed for this purpose, such as data paper journals
(e.g., Data in Brief) or dedicated repositories (e.g., Zenodo). Although some research has
investigated the reuse of forest field data [53], the methodology for reusing sample data
acquired via stratified sampling with strata derived from remote sensing-based products is
lacking. Moreover, in this study, just two maps were compared, but keeping the number
of additional sample points small can be crucial if the method must be used to compare
several maps.
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In this study, this issue was successfully addressed. Using the herein-shown valida-
tion sample adjustment phase (Section 3.3), we were able to reuse the initial sample of
4000 points, which was selected using stratified random sampling with strata based on the
afforestation map constructed using the direct method. The photointerpretation of each of
the 4000 points required about 1 min per point, for a total of about 67 h. By augmenting this
sample, we were able to reuse this dataset by photointerpreting just 21 additional points,
or only 0.5% of the 4000 sample points. The new adjusted validation dataset was then used
to compare the estimated accuracies of the direct and indirect afforestation maps.

5.4. Map Accuracy

The per-class accuracy assessment is important for focusing future research on the
classes that have smaller accuracies and developing effective methods to increase them.
Additionally, providing insights on map accuracy for specific map regions helps in un-
derstanding where the map can be considered more reliable and where, instead, map
unit predictions may need to be double-checked. For example, the qualitative accuracy
assessment we performed showed that most of the commission errors were located in
urban and agricultural areas, which were sometimes wrongly identified as afforestation,
probably due to the phenological cycle of croplands that can be confused with afforestation.
This means that remote sensing afforestation maps should be considered less reliable in
agricultural regions, while very few errors are expected in the other land cover classes.

The quantitative accuracy assessment results confirmed the potential of Landsat data
and the herein demonstrated method for mapping afforestation areas. The OAs (with
95% CI) of 87 ± 1.3% and 89 ± 1.6% for the direct and indirect maps, respectively, are
contrary to the general opinion that the direct method produces greater accuracy. Indeed,
while the direct approach is sometimes described as more reliable and accurate because
it produces only one set of errors [16–18], the two sets of errors produced by the indirect
approach tend to be smaller than those committed by the direct method. However, the
per-class accuracy assessment showed that differences between accuracy estimates obtained
using direct and indirect methods were not statistically significant. Direct and indirect
maps had smaller accuracies in afforestation outside the forest buffer class, probably
because outside the buffer both classification methods were more influenced by the spectral
response of other land cover types such as agricultural areas, which can have a similar
spectral response as afforestation. This confirms the qualitative assessment of the obtained
maps. Of interest, those large proportions of errors were concentrated in very small
proportions of areas (8% for the direct map and 3% for the indirect map).

5.5. Variable Importance Ranking

The RF variable importance analysis is an important guide to selecting the optimal
input variables, limiting their number, and accelerating processing time. The analysis of
the variables’ importance rankings for the direct approach (Figure 4) showed Kendall’s
correlation (tau) as the greatest. The predictor variables that had the greatest importance
rankings in the algorithm were Swir2 tau (MDG = 15.22), Swir1 tau (MDG = 14.79), TCW,
and green band tau (MDG = 13.60).

For the indirect approach in the initial map, the green band and EVI had the greatest
importance rankings (MDG > 100), while for the final map, the green, red, and swir2 bands
and the TCW (MDG > 60) had the greatest importance rankings.

On the other hand, the implementation of additional auxiliary variables (e.g., slope,
pedology, aspect), remotely sensed optical data (e.g., Sentinel-2, PlanetScope), and 3D
data (e.g., lidar, GEDI) should be investigated in the future, since they may further
improve accuracy.
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6. Conclusions

In this study, we predicted afforestation that occurred in Italy in the last four decades
by both direct and indirect methods, using Landsat BAP time series and machine learning
implemented on GEE. Specifically, we demonstrated how the validation data selected for
an afforestation map by stratified random sampling can be efficiently reused to evaluate
the accuracy of a different map. This is a key aspect of making the most of the time and
costs needed for acquiring validation data and solving the issue of stratified validation
datasets being used just once. The stratification sampling allowed the majority of errors to
be concentrated in a minor proportion of the map: 93% of direct map errors and 88% of
indirect map errors (Table 5) occurred in the afforestation classes, which, as desired, cover
very minor proportions of the total area in both the direct (19%) and indirect maps (7%).

Direct and indirect methods were compared in terms of accuracy estimates and the
precision of the estimates, revealing that the indirect method tends to be as accurate
as the direct method, contrary to the widespread perception that the direct method is
generally considered more reliable and accurate. On the other hand, very similar results
were obtained, and both direct and indirect methods produced large accuracy estimates.
Specifically, direct and indirect OA accuracy estimates were 87 ± 1.3% and 89 ± 1.6%.
Such small CIs indicate that the herein presented method provides very precise estimates
of map accuracies and also for different map classes: the accuracy of afforestation was
49 ± 3.2% for the direct map and 53 ± 5.9% for the indirect map inside the buffer class,
while accuracies of 26 ± 3.4% for the direct map and 27 ± 6.6% for the indirect map were
reached outside the buffer class. The non-afforestation accuracy was 95 ± 0.6% for the
direct map and 87 ± 1.9% for the indirect map inside the buffer class, 99 ± 1.3% for the
direct map, and 97 ± 0.9% for the indirect map outside the buffer class.

The herein presented results contribute to a greater understanding of the assessment
and mapping of afforestation, which is fundamental for monitoring climate change. Hence,
it will be fundamental to continue to improve the analysis to guarantee high-quality
information in support of decision-making.
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Appendix A

Table A1. Overall and per-class accuracies assessment for the direct map. Results of Table 2 calculations.

Map Class Validation Data
Sum wj

#1 ^
pj

#2 wj∗
^
pj CI(

^
pj)%

Afforestation Non-
Afforestation

Afforestation
inside buffer 418 436 854 0.11 0.49 0.05 3.24

Afforestation
outside buffer 191 544 735 0.08 0.26 0.02 3.42

Non-afforestation
inside buffer 61 1130 1191 0.30 0.95 0.29 0.64

Non-afforestation
outside buffer 16 1225 1241 0.52 0.99 0.51 1.28

Overall Accuracy 87% 1.33
#1wj is the proportion of the map in each class. #2 p̂j is the class accuracy.

Table A2. Overall accuracy assessment for indirect map. Results of Table 3 calculations.

Maps Classes
Combination Validation Data

Sum wj
#1 ^

pj wj∗
^
pj CI(

^
pj)%

Indirect Direct Afforestation Non-
Afforestation

Afforestation
inside buffer

Afforestation
inside buffer 163 119 282 0.04 0.58 0.02 5.88

Afforestation
inside buffer

Non-
afforestation
inside buffer

1 29 30 0.00 0.03 0.00 6.55

Afforestation
outside buffer

Afforestation
outside buffer 70 133 203 0.02 0.34 0.01 6.67

Afforestation
outside buffer

Non-
afforestation

outside buffer
1 29 30 0.01 0.03 0.00 6.55

Non-
afforestation
inside buffer

Afforestation
inside buffer 255 317 572 0.07 0.55 0.04 4.16

Non-
afforestation
inside buffer

Non-
afforestation
inside buffer

60 1101 1161 0.30 0.95 0.28 1.30

Non-
afforestation

outside buffer
Afforestation
outside buffer 121 411 532 0.05 0.77 0.04 3.63

Non-
afforestation

outside buffer

Non-
afforestation

outside buffer
15 1196 1211 0.51 0.99 0.50 0.64

Overall
accuracy 89% 1.62

#1wj is the proportion of the map in each class.

Table A3. Per-class accuracy assessment for the indirect map.

Maps Classes
Combination Validation Data Sum #1aj

#2wj
^
pj wj∗

^
pj

Class
Accuracy % CI(

^
pj)%

Indirect Direct Afforestation Non- afforest
ation

Afforestation
inside buffer

Afforestation
inside buffer 163 119 282 13,909,582 0.92 0.58 0.53 5.88

Afforestation
inside buffer

Non-
afforestation
inside buffer

1 29 30 1,195,672 0.08 0.03 0.00 6.55

Afforestation
inside buffer 15,105,254 #3 53 5.93 #4

Afforestation
outside buffer

Afforestation
outside buffer 70 133 203 9,245,508 0.75 0.34 0.26 6.65

Afforestation
outside buffer

Non-
afforestation

outside buffer
1 29 30 3,053,527 0.25 0.03 0.01 6.55
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Table A3. Cont.

Maps Classes
Combination Validation Data Sum #1aj

#2wj
^
pj wj∗

^
pj

Class
Accuracy % CI(

^
pj)%

Afforestation
outside buffer 12,299,035 #3 27 6.63 #4

Non-
afforestation
inside buffer

Afforestation
inside buffer 255 317 572 28,589,586 0.20 0.55 0.11 4.16

Non-
afforestation
inside buffer

Non-
afforestation
inside buffer

60 1101 1161 117,906,305 0.80 0.95 0.76 1.30

Non-
afforestation
inside buffer

146,495,891 #3 87 1.87 #4

Non-
afforestation

outside buffer
Afforestation
outside buffer 121 411 532 21,365,513 0.10 0.77 0.07 3.63

Non-
afforestation

outside buffer

Non-
afforestation

outside buffer
15 1196 1211 201,081,401 0.90 0.99 0.89 0.64

Non-
afforestation

outside buffer
222,446,914 #3 97 0.94 #4

#1aj is the pixel number of each class, #2wj is the proportion of the map in each map classes combination, #3 p is

the class accuracy, ∑2
1 CI( p̂j)

#4 is the 95% Confidence Interval for each class.
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