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Abstract
With the intensifying challenges of global environmental change, sustainability, and biodiversity
conservation, the monitoring of the world’s remaining forests has become more important than
ever. Today, Earth observation technologies, particularly remote sensing, are at the forefront of
forest cover monitoring worldwide. Given the current conceptual understanding of what a forest is,
canopy cover threshold values are used to map forest cover from remote sensing imagery and
produce categorical data products such as forest/non-forest (F/NF) maps. However,
multi-temporal categorical map products have important limitations because they inadequately
represent the actual status of forest landscapes and the trajectories of forest cover changes as a
result of the thresholding effect. Here, we examined the potential of using remotely sensed tree
canopy cover (TCC) datasets, which are continuous data products, to complement F/NF maps for
forest cover monitoring. We developed a conceptual analytical framework for forest cover
monitoring using both types of data products and applied it to the forests of Southeast Asia. We
conclude that TCC datasets and the statistics derived from them can be used to complement the
information provided by categorical F/NF maps. TCC-based indicators (i.e. losses, gains, and net
changes) can help in monitoring not only deforestation but also forest degradation and forest cover
enhancement, all of which are highly relevant to the 2030 Agenda for Sustainable Development and
other global forest cover monitoring-related initiatives. We recommend that future research should
focus on the production, application, and evaluation of TCC datasets to advance the current
understanding of how accurately these products can capture changes in forest landscapes across
space and time.

1. Introduction

Forest ecosystems provide valuable goods and ser-
vices, which are essential for human survival and
development [1–4]. Forests are also critical habit-
ats for terrestrial biodiversity [2–5], which in turn
supports ecosystem functioning and productivity
[1, 6, 7]. During the last 8000 years, however, over
half of the world’s forests have been lost due primar-
ily to human activities [8, 9]. The continuous loss and

degradation of forests threatens the survival of many
species, reduces the ability of forest ecosystems to
generate and provide essential services, and impacts
the lives of at least 1.6 billion people worldwide whose
livelihoods depend on forests [10, 11].

Today, the monitoring of the world’s remaining
forests is an important part of various global initi-
atives related to sustainability, the environment, and
climate change. For example, sustainable develop-
ment goal (SDG) 15 (Life on Land) of the United
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Nations’ (UN) SDGs under the 2030 Agenda aims to
‘protect, restore and promote sustainable use of ter-
restrial ecosystems, sustainably manage forests, com-
bat desertification, and halt and reverse land degrad-
ation and halt biodiversity loss’ [12]. This goal is
supported by 12 targets, at least seven of which
could benefit from forest cover monitoring, directly
or indirectly (table 1). Other global environmental
and climate change-related initiatives that are associ-
ated with, and could benefit from, forest cover mon-
itoring include reducing emissions from deforesta-
tion and forest degradation in developing countries,
and the role of conservation, sustainablemanagement
of forests, and enhancement of forest carbon stocks
(REDD+) [13], the Aichi Biodiversity Targets [14],
the Bonn Challenge [15], the New York Declaration
on Forests [16], the Paris Agreement [17], the Tril-
lion Trees Vision [18], and theManila Declaration on
Forest and Landscape Restoration [11].

Earth observation (EO) technologies, particularly
remote sensing (RS), are currently at the forefront of
forest cover monitoring worldwide [9, 21–24]. For
example, for the SDGs, the Group on Earth Obser-
vations has identified 71 (42%) targets and 30 (13%)
indicators that can be supported, directly or indir-
ectly, by EO technologies [21, 24]. RS data are par-
ticularly useful because they can be used for both
spatial and temporal monitoring [24, 25]. They are
useful in the mapping of forest or tree canopy cover
(TCC) [22, 23, 26] and the monitoring of forest loss
(including deforestation) [22, 27–30], forest degrada-
tion [25, 30–34], and forest and vegetation cover gain
and improvement [22, 35, 36].

The UN’s Food and Agriculture Organization
(FAO) has been monitoring and assessing global
forests since 1948 [37]. The FAO is also the custodian
agency for a number of SDG indicators, including
forest-related ones [19] (table 1). Data from the FAO’s
forest resources assessment (FRA) reports, however,
are often criticized because they are only based on
statistics consolidated from country reports [38, 39],
which are not backed up with publicly available pro-
cessed spatial data [24]. Nevertheless, for the 2020
FRA report [40], the FAOmentioned that it had been
‘conducting a participatory global remote sensing
survey (FRA 2020 RSS) with the scope of improving
estimates of forest area change at global and regional
scales’ [41].

The FAO defines forest as ‘land spanning more
than 0.5 hectares with trees higher than 5meters and a
canopy cover of more than 10%, or trees able to reach
these thresholds in situ. It does not include land that is
predominantly under agricultural or urban land use’
(p 4) [42]. It also defines deforestation as ‘the conver-
sion of forest to other land use independently whether
human-induced or not’ (p 6) [42]. Forest degradation
refers to the reduction of the canopy and the capa-
city of forest ecosystems to conserve biodiversity and
produce goods and services such as wood products

and carbon storage [10, 43, 44]. We define forest
cover enhancement as the improvement of forest
cover through afforestation, reforestation, forest res-
toration and rehabilitation, and natural regeneration.

The FAO’s definition of forest combines tree cover
and land use, but this definition has been criticized
because some lands that are no longer covered with
trees are still classified as forest as long as their land-
use type has not changed [40, 45–47]. RS-derived
forest-related datasets, including forest area estim-
ates, are also often in contradiction with FRA reports
[35, 39, 48]. The primary reason for such discrep-
ancies is differences in the definition of forest and
the methods used to map forest cover. Whereas the
FAO defines forest based on tree cover and land use,
most RS-based studies and forest cover monitoring
initiatives define forest based on tree cover alone
[2, 22, 38, 40, 46, 49–51], primarily because RS alone
cannot determine land use [38, 40, 46]. There are also
numerous other definitions of forest [47, 50, 52, 53],
but the FAO’s definition is highlighted here because
of its connection with the 2030 Agenda, and data for
some of the forest-related SDG indicators come from
the FRA reports [20] (table 1).

Essentially, if applied to RS imagery, the FAO’s
definition of forest results in discrete or categor-
ical data products, such as land use/land cover or
forest/non-forest (F/NF) maps, in which a pixel is
classified as a particular class (e.g. forest). An area that
had been classified as forest at time t1 because it had a
50% canopy cover (aside frommeeting the other FAO
criteria [42]) would still be forest at time t2 even if
its canopy cover had decreased to 11% as a result of
forest management practices, natural disasters, har-
vesting, or logging [42]. It should be noted, however,
that canopy cover thresholds for defining a forest vary
from 10% to 70% [22, 29, 31, 45, 47, 50, 51, 54–56]
or even higher [57–60]. The United Nations Frame-
work Convention on Climate Change (UNFCCC)
defines forest as having a canopy cover of more than
10%–30% [61].

Furthermore, the land that corresponds to the
39% canopy cover loss noted in the example above
(i.e. from 50% cover to 11%) would still be classified
as forest if the loss were not caused by deforestation
(i.e. a change in land use from forest to non-forest)
or if it were expected to be regenerated within 5 years,
either naturally or with the aid of silvicultural meas-
ures [42]. Similarly, an area that had been classified
as non-forest at time t1 because it only had 4% can-
opy cover would still be non-forest at time t2 even if
its canopy cover had increased to 9%, or even above
the FAO’s 10% threshold if the land is not classified as
forest in terms of use [42]. Consequently, such forest
cover enhancement is not considered.

Notably, categorical data products such as F/NF
maps have important limitations in capturing the
actual status of forest landscapes and the trajector-
ies of forest cover change, forest degradation, and
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forest cover enhancement, all of which are important
in the context of the 2030 Agenda (e.g. SDG 15) and
the other global environmental and climate change-
related initiatives mentioned above. This article dis-
cusses RS-derived TCC maps, which are continuous
data products, and posits that the statistics derived
from them can be used to complement the inform-
ation provided by categorical F/NF maps.

To support this proposition, we developed a con-
ceptual analytical framework for forest cover mon-
itoring and applied it in Southeast Asia. This region
is home to nearly 15% of the world’s tropical forests
and at least four of the original 25 globally important
biodiversity hotpots [4]. At the same time, however,
the region is also among theworld’s hotspots for trop-
ical deforestation and forest degradation. By using
Southeast Asia as a test case, we aimed to (a) demon-
strate that the use of different canopy cover thresholds
in producing categorical forest map products could
result in forest area and forest cover change estim-
ates that are substantially different, (b) assess the
advantages of TCC continuous data products and
how they can complement F/NF categorical data
products in forest cover monitoring, and (c) discuss
some important current challenges, as well as some
ways forward, regarding the production and use of
TCC continuous data products.

2. Methods

2.1. Forest cover monitoring with remotely sensed
continuous and categorical data products
TCC can be defined as the area of leaves, branches,
and stems of trees covering the ground when viewed
from above [62]. A remotely sensed TCC indicates the
estimated percentage (0%–100%) of tree cover in a
given pixel [22, 23]. Initial attempts to map percent
tree cover as a continuous variable using RS data can
be traced back to the late 1980s and early 1990s [63]. A
related concept, called forest canopy density, was also
developed in the 1990s [26].

Essentially, this approach (i.e. mapping of percent
tree cover as a continuous variable) was developed
on the premise that accurate information about the
status of forests is needed for the development of
forest rehabilitation programs (e.g. information that
could help determine the intensity of rehabilitation
treatment that may be required) and that RS data can
be useful for such a purpose [26]. This approach can
also be used to monitor transformation of forest con-
ditions over time, including degradation, and assess
the progress of reforestation activities [26]. Today,
with the advances in RS technology and processing
methods, global scale TCC datasets are now available
[22, 23, 64–67].

RS data, such as those from MODIS, Landsat,
ALOS-PALSAR, PROBA-V, and TanDEM-X inter-
ferometric SAR have been used to map global
TCC and/or forest cover [9, 22, 23, 29, 64–69].

Using RS data, TCC can be mapped by employ-
ing regression tree algorithms [22, 23, 70], machine
learning approaches (e.g. an artificial neural net-
work), and spectral-based indices [26, 69, 71–74].
Categorical data products such as F/NF maps can be
produced using supervised and unsupervised classi-
fication algorithms [69, 74–76], via thresholding of
input TCC datasets [22, 23, 59] and backscatter coef-
ficients [9, 77], or by employing other methods [68].

For illustrative purposes, consider the two images
in figure 1(a) to be multispectral RS images at time
t1 and t2 displayed in a false color composite, with
their respective pixels or cells having been numbered
from C1 to C9. Landsat Thematic Mapper is a typ-
ical example of a multispectral sensor that captures
images in seven bands. Whereas continuous and cat-
egorical data products can be produced independ-
ently of each other using different mapping tech-
niques, continuous data products such as TCC maps
can also be used to generate categorical data products
such as F/NF maps via thresholding [55, 56, 58–60].

For instance, by applying a >30% TCC threshold
to the two hypothetical TCC maps (figure 1(b), con-
tinuous data products), two categorical F/NF maps
can be produced, each containing two forest cells
(cells C5 and C6 for t1, and cells C4 and C5 for t2)
(figure 1(b), categorical data products). The results of
this two-step forest cover mapping approach (from
an image to a continuous data product, then to a
categorial data product) may or may not be consist-
ent with the results of a one-step mapping technique
(from an image to a categorical data product). In the
example presented, the hypothetical results of these
one-step and two-step mapping techniques for pro-
ducing categorical maps are assumed to be consistent
(see figure 1(b), categorical data products).

If the categorical data products are used as
inputs to a spatiotemporal analysis, a change map
would reveal that only two cells experienced change
between t1 and t2: C4 as forest gain and C6 as
forest loss (figure 1(c), categorical). However, using
the continuous data products as inputs, the change
map would reveal that five cells experienced change
between t1 and t2, with two cells showing TCC loss
(C5 and C6) and three cells showing TCC gain (C2,
C4, and C7) (figure 1(c), continuous).

In this case, the TCC loss in cell C5 of the con-
tinuous change map was not captured in the categor-
ical change map, whereas the classification of cell C6
as forest loss in the categorical change map might be
contestable because the cell showed only TCC loss in
the continuous map. Similarly, the TCC gains in cells
C2 and C7 were also not captured in the categorical
changemap. The classification of cell C4 as forest gain
in the categorical change map might also be contest-
able because it is TCC threshold-dependent.

In sum, while the two types of data products were
consistent in terms of the direction of change for cells
C4 and C6, they were not consistent for cells C2, C5,
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Figure 1. A conceptual analytical framework for forest cover monitoring using continuous data products (TCC maps) and
discrete or categorical data products (F/NF maps). (a) Two hypothetical multispectral remote sensing (RS) images,
(b) continuous and categorical data products, and (c) tree canopy cover (TCC) and forest cover change maps. The illustration
shows that continuous data products such as TCC maps provide more comprehensive information regarding the extent
(quantity), spatial pattern (location), and trajectory of landscape changes.

and C7. This inconsistency shows one of the import-
ant differences between continuous data products
such as TCCmaps and categorical data products such
as F/NF maps when they are used as inputs to forest
cover monitoring. Apparently, this inconsistency is
due to thresholding effect.

2.2. Data used
To apply and illustrate the conceptual analytical
framework presented in section 2.1, TCC maps of
Southeast Asia for the years 2015 (t1) and 2019
(t2) were used (figure 2). These were sourced from
the Copernicus Global Land Service—Land Cover
map at 100 m spatial resolution (CGLS-LC100) data-
base, Version 3 (Collection 3), created with the use
of PROBA-V EO satellite data [67, 74, 78–80]. The
CGLS-LC100 data products include global annual
discrete or categorical land cover products at three
levels over the 2015–2019 period (level 1: 10 classes
with one class of forest; level 2: 11 classes with two
classes of forest; level 3: 23 classes with 12 classes of
forest) [78, 80].

Included in the database is a dataset of ver-
satile cover fractions (%) for the 10 base land
cover classes at level 1; the cover fraction lay-
ers can be combined to build custom classes
for specific needs, such as forest cover monitor-
ing for REDD+ (https://lcviewer.vito.be/about).
The TCC datasets that we used came from the

‘Tree-CoverFraction-layer’, which refers to the frac-
tional cover (0%–100%) for the forest class at level 1
[67, 78]. At the global level, the fractional cover layer
for the forest class had a mean absolute error (MAE)
of 8.9% and a root mean square error (RMSE) of
16.8% for 2015, and 9.6% and 17.6%, respectively,
for 2019 [80]. At the regional level (Asia), it had an
MAE of 7.9% and a RMSE of 16.3% for 2015 [80].
Error assessment at the regional level was not avail-
able for 2019, but we expect a similar range of error
as in 2015.

A potential advantage of this dataset is that inter-
annual errors in the mapped fractional tree cover
values (e.g. due to climate variations) are reduced
through a four-step process: (a) applying a weighted
linear regression to the initial time-series data; (b)
labeling the temporal stability of each pixel based on
the deviation from themedian tree cover fraction cal-
culated for the pixel (‘stable threshold’ is defined as
having a deviation of ⩽3, and ‘reliable threshold’ is
defined as having a deviation of ⩽15); (c) applying
temporal post-regression rules to the pixels, with dif-
ferent sets of rules applied to stable, reliable, and other
pixels; and (d) normalizing the fractional cover estim-
ates over the time series to ensure values between 0
and 100 [74].

In general, the CGLS-LC100 data products,
including the fractional cover layers, were pro-
duced by using sophisticated, state-of-the-art
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Figure 2. TCC of Southeast Asia in 2015 and 2019. The map on the right was derived by subtracting the 2015 TCC map from the
2019 TCC map. The upper inset is within Cambodia; the lower inset is within Indonesia.

methodologies, including uncertainty analysis and
validation procedures, and they come with extens-
ive documentation [69, 74, 78, 80]. The spatial
data can be downloaded from https://lcviewer.
vito.be/download, and the documentation can
be accessed at https://land.copernicus.eu/global/
products/lc.

The study area, Southeast Asia, included the spa-
tial extent of 11 countries [4] and was based on the
version 3.6 administrative boundary layer sourced
from https://gadm.org/. The study area measures
446.1 million ha (Mha).

2.3. TCC and forest area estimation
We estimated the total areal extent of TCC in South-
east Asia in 2015 and 2019 by summing the areal
equivalent of TCC in each pixel across the landscape
(equation (1))

TTCC=
n∑

i=1

Ai ×
TCCi

100
. (1)

where TTCC refers to the total area of tree canopy
cover, TCCi refers to the tree canopy cover of pixel
i (with values ranging from 0 to 100), Ai refers to the
area of pixel i, and n refers to the number of pixels in
the landscape.

To produce categorical F/NF maps, we used nine
TCC thresholds to define a forest (i.e. from >10% to
>90% at 10% intervals). To do this, for each map,
we classified the pixels as forest (F) if their TCC was
greater than the threshold or as non-forest (NF) if
their TCC was equal to or less than the threshold.
Subsequently, we determined the total areal extent of
forest at both time points for each of the thresholds

used by summing the area of pixels that belonged to
the F class (equation (2)):

TF=
n∑

i=1

AiF, (2)

where TF refers to the total area of forest, AiF refers to
the area of pixel i of the forest (F) class, and n refers to
the number of pixels that belonged to the forest class.

2.4. TCC and forest cover change detection
We overlaid (subtracted) the two TCC maps to
identify the pixels that experienced change between
2015 and 2019 and those that did not. We determ-
ined the total areal extent of loss and gain in TCC by
summing the areal equivalent of the TCC loss or gain
in each pixel across the landscape, following the logic
of equation (1).

For each TCC threshold, we also overlaid (cross-
tabulated) the two F/NF maps (2015 and 2019) to
identify the pixels whose cover changed over the
period and those that did not. Pixels whose cover
changed from F to NF are called forest loss pixels and
those that changed fromNF to F are called forest gain
pixels. We determined the total area of forest loss and
forest gain by summing the area of all forest loss and
forest gain pixels across the landscape, following the
logic of equation (2).

The net change in TCC and forest cover over the
period was determined by subtracting the 2015 data
from the 2019 data. This was counter-checked by
adding up the loss (negative) and the gain (positive)
in TCC and forest cover. Similar to the total area of
TCC and forest cover, the loss, gain, and net change
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statistics were also expressed as a percentage of the
landscape.

The net annual change was expressed in terms of
area per year and percentage (%) per year, derived fol-
lowing the FAO’s procedure [40, 81]. The former was
derived simply by dividing the area of net change by
the number of years between the two data points, in
this case, 4 years. The latter was calculated as the com-
pound annual change rate (equation (3)):

ACR=

[(
TA2

TA1

)1/(t2−t1)

− 1

]
× 100, (3)

where ACR refers to the annual change rate (% per
year), and TA1 and TA2 are the total area of TCC or
forest cover at time t1 and t2, respectively.

2.5. Forest degradation and enhancement analysis
based on TCC changes
To gain further insights into the spatial pattern of
forest cover changes in Southeast Asia as indicated by
the changes inTCC,we performed a gradient analysis.
We used the concept of gradient as commonly applied
in landscape ecology [82, 83], that is, the variation in
the values of the given environmental variables across
their ranges of values (e.g. elevation, slope, and tem-
perature; in our case, the TCC). We first reclassified
the 2015 and 2019 TCC maps into ten TCC gradi-
ent classes at 10% intervals to gain insights into the
size of each gradient class relative to the whole land-
scape at each time point. Subsequently, we determ-
ined the areal extent of the gross changes (loss and
gain) and net changes in TCC across the 2015 TCC
gradient classes.

3. Results

3.1. Extents of TCC and forest cover
The areal extent of TCC in Southeast Asia was 66.2%
of the landscape (295.5 Mha) in 2015 and 69.5%
(309.9Mha) in 2019 (figure 2). Of the TCC thresholds
used tomap forest cover, the 10% threshold produced
the largest forest area for both time points (88.8% in
2015 and 90.6% in 2019), whereas the 90% threshold
produced the smallest (40.2% in 2015 and 55.1%
in 2019) (figure 3). At both time points, forest area
decreased as the TCC threshold increased, a trend that
is expected because the definition of forest becomes
more restrictive as the threshold increases. As with
the TCC, forest cover in each threshold also increased
over the study period. Figure 4 shows the enlarge ver-
sion of the F/NF and change maps derived using the
50% threshold.

3.2. Losses and gains in TCC and forest cover
Over the study period, the region had a gross
TCC loss and gain equivalent to 1.6% (7.2 Mha)

and 4.8% (21.6 Mha) of the landscape, respect-
ively (figure 5(a)). The 20% TCC threshold had the
smallest gross forest loss with −0.9% (−3.8 Mha),
whereas the 10% TCC threshold had the smallest
gross gain with 2.8% (12.6 Mha). The 90% threshold
had the largest gross change, with a gross forest loss of
−3.1% (−14.0 Mha) and a gross forest gain of 7.8%
(34.8 Mha) (figure 5(b)).

3.3. Net changes in TCC and forest cover
The region’s gross loss and gain in TCC resulted in
a net TCC gain of 3.2% of the landscape (14.5 Mha)
(figure 5(a)). Forest cover also showed a net gain. The
10% TCC threshold had the lowest net gain (1.8%,
8.1 Mha), and the 80% threshold had the highest
(4.8%, 21.3 Mha) (figure 5(b)).

In terms of net annual change, the region’s TCC
increased at the rate of 3.6 Mha yr−1, equivalent
to a compound annual change rate of 1.2% per
year (figure 5(c)). Of the TCC thresholds used to
map forest cover, the 10% threshold had the low-
est net annual forest gain (2.0 Mha yr−1), and
the 80% threshold had the highest (5.3 Mha yr−1)
(figure 5(d)). These values correspond to a com-
pound annual change rate of 0.5% and 2.4% per
year, respectively. The 90% threshold had the second
highest net annual forest gain in terms of area
(5.2 Mha yr−1), but it had the highest compound
annual change rate (2.8% per year).

3.4. Forest degradation and enhancement
Figure 6(a) shows the size of the TCC gradient
classes at each time point relative to the whole land-
scape. In 2015, the 91%–100% gradient class accoun-
ted for 40% of the region, increasing to 45% in
2019. Figure 6(b) shows the loss and gain in TCC
over the study period across the 2015 TCC gradi-
ent classes, also expressed as percentage of the land-
scape. This information breaks down the TCC loss
and gain presented in figure 5(a) for the entire
region. In terms of loss, the 91%–100% TCC gradi-
ent class had the highest with−0.54% (−2.4Mha). In
terms of gain, the 61%–70% TCC gradient class had
the highest with 0.69% (3.1 Mha), closely followed
by the 71%–80% TCC gradient class with 0.67%
(3.0 Mha). Across the TCC gradient classes, only the
91%–100% gradient class had a negative net change
(−0.29%,−1.3 Mha).

The 61%–70%TCC gradient class had the highest
net annual change in terms of area per year with
an annual net gain of 0.6 Mha yr−1 (figure 6(c)).
However, in terms of the compound annual change
rate, the 0%–10% gradient class had the highest with
13.5% per year. The TCC gradient class with a negat-
ive net change (91%–100%) had a net annual change
of −0.3 Mha yr−1 and a compound annual change
rate of−0.2% per year.
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Figure 3. F/NF maps of Southeast Asia in 2015 and 2019 based on various TCC thresholds. The figure also shows the detected
forest cover changes over the period (the third row of each map set). An enlarged version of ‘TCC >50%’ is shown in figure 4. The
bar graph shows the areal extent of forest cover across TCC thresholds, in which the upper bar in each threshold refers to 2019
and the lower bar refers to 2015. The areal extent of forest loss and gain across TCC thresholds is given in figure 5.

4. Discussion

4.1. Learning and insights
Empirically, our results show that Southeast Asia’s
TCC has improved in recent years (figure 2). We
hypothesize that much of this improvement could
be the result of increased forest plantations. A recent
study also found that the world has more tree cover
today than it had three and a half decades ago
[35], and a separate study detected a net increase of
global leaf area of vegetation over the past two dec-
ades [36]. These findings indicate that the world is
greening. Researchers have acknowledged that, while
indirect factors such as climate change, CO2 fertil-
ization, and nitrogen deposition could have influ-
enced such a greening trend, much of the increase
in global tree cover and leaf area of vegetation
can be attributed to forest plantations [35, 36].

More discussions on forest plantations are given in
section 4.2.

In terms of gross forest loss, the estimate based
on the 90% TCC threshold between 2015 and 2019
(14 Mha, 3.1% of the landscape) in our study
(figure 5(b)) was closest to the sum of the estimates
reported in the Global Forest Watch (GFW) for 2016,
2017, 2018, and 2019 (13.35 Mha, 3.0% of the land-
scape) [22, 84]. We were not able to compare our
estimates of gross forest gain with the GFW because
the forest gain data in the GFW is limited to the
2000–2012 period only [22]. Furthermore, it should
be noted that the methodology and RS data used in
the GFW [22] are different from those in our study,
so the forest cover change estimates are not directly
comparable.

Both categorical (e.g. F/NF maps) and con-
tinuous (e.g. TCC maps) data depict land cover
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Figure 4. F/NF map of Southeast Asia in 2015 and 2019 based on the TCC >50% threshold. The map on the right shows the
detected forest cover changes (loss and gain) as well as the unchanged (‘persistent’) areas over the period. The upper inset is
within Cambodia, and the lower inset is within Indonesia.

Figure 5. Changes in TCC and forest cover in Southeast Asia between 2015 and 2019. (a) Loss, gain, and net change in TCC.
(b) Losses, gains, and net changes in forest cover across various TCC thresholds. (c), (d) Net annual changes in TCC and forest
cover, respectively, expressed as area and percentage per year. The net annual percentage change was calculated as the compound
annual change rate (equation (3)).

and are important for various purposes, includ-
ing forest cover monitoring, biological conser-
vation, land use planning, climate and carbon
cycle modeling, and greenhouse gas emission
estimation [9, 22, 23, 26, 69, 85]. Here, we first
reflect on the use of different TCC thresholds

and their respective outputs for forest cover
mapping and change monitoring. We then
discuss some of the important advantages of
TCC datasets and how they can complement
the information provided by categorical F/NF
datasets.
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Figure 6. Changes in canopy cover in Southeast Asia between 2015 and 2019 across the TCC gradient. (a) Extents of the TCC
gradient classes in 2015 and 2019. (b) Losses, gains, and net changes in TCC across the 2015 TCC gradient classes. (c) TCC net
annual changes across the 2015 TCC gradient classes, expressed as area and percentage per year. The net annual percentage change
was calculated as the compound annual change rate (equation (3)).

A TCC threshold for forest cover mapping can
vary from one assessment to another, depending on
the purpose of the assessment and the type and status
of the forest landscape being assessed. In our ana-
lysis, the forest area estimate based on the 10% TCC
threshold (figure 3) could have huge implications in
forest cover monitoring because the forest area might
be overestimated (i.e. 89%–91% of the landscape).
The 10% TCC threshold is consistent with the FAO’s
definition of forest [42], and to a certain extent, with
the UNFCCC’s [61]. Other scholars have argued that
the 10%–30% threshold range is too low because
a forestland could be severely degraded but still be
classified as a forest. Thus, a much higher threshold
(>40%) has been recommended [31].

In other studies, 80% [59] and 94% [60] TCC
thresholds have been recommended for use when

delimiting forest cover in the Amazonian basin. One
might argue that the Amazonian forests were sub-
stantially denser and less disturbed than Southeast
Asian forests; hence, the recommended higher TCC
threshold would be appropriate. If the purpose, how-
ever, is to produce forest area and forest cover change
estimates for a particular forest biome (e.g. tropical
rainforest) that can be compared globally, then the
TCC threshold to be used in forest cover mapping
needs to be consistent across forest landscapes inside
that biome regardless of their status.

Indeed, as shown by our results, the area and spa-
tial pattern of both forest and forest cover change
were sensitive to the TCC thresholds used, and differ-
ent TCC thresholds resulted in forest area and forest
cover change estimates that were substantially differ-
ent (figures 3 and 5(b), (d)). In our analysis, the forest
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loss estimate based on the 60% TCC threshold was
closest to the estimated TCC loss, but the forest gain,
net change, and net annual change estimates by the
50% TCC threshold were the most consistent with
the estimated TCC gain, net change, and net annual
change (figures 2–5). In a previous study on global
forest cover change, a 50% TCC threshold was used
as the basis to estimate global forest losses and gains
between 2000 and 2012 [22]. In Southeast Asia, a 50%
TCC threshold had also been used to map the Philip-
pine forests using the MODIS VCF, Sexton et al, and
Hansen et al TCC datasets [56].

Although we are not suggesting which TCC
threshold should be used for tropical rainforests, if the
strategy for forest cover monitoring is to use multi-
temporal categorical data products such as F/NF
maps, then a consistent threshold or forest definition
in forest cover mapping across time points should be
used. The use of a harmonized or standardized forest
definition will also help achieve a reliable comparison
across different global and national-scale forest cover
mapping efforts [49]. That said, there is a need to pay
careful attention to the selection of an appropriate
TCC threshold to avoid overestimation or underes-
timation of forest area and changes. Forest definition
not only affects the estimates of the extent and spa-
tial pattern of forest and forest cover changes (loss
and gain) (figures 3–5), but also those of deforest-
ation and forest degradation, as well as the assess-
ment of drivers of deforestation and the development
of a reference emission level [31, 86]. Because F/NF
maps alone cannot capture the subtle changes in the
landscape (e.g. forest degradation and forest cover
enhancement), TCC-basedmetrics (losses, gains, and
net changes) can be used as complementary indic-
ators for forest cover monitoring. As shown in
figures 3 and 4, the persistent forest category included
areas that experienced forest degradation (with a
decreasing TCC in figure 2), whereas the persistent
non-forest category included areas that underwent
forest cover enhancement (with an increasing TCC
in figure 2).

F/NF maps produced using TCC thresholds can-
not capture the loss of canopy cover as long as the
remaining TCC is above the threshold used to define
a forest. Similarly, they cannot capture an increase
of canopy cover in areas where the baseline TCC is
already above the threshold. In other words, the F/NF
maps generated by using TCC thresholds are lim-
ited when it comes to monitoring forest degradation
and forest cover enhancement. This is true even to a
greater extent if the full FAO concept of forest and
deforestation were to be used to map forest cover
because (a) some lands without trees are classified as
forest and (b) non-forest lands planted with trees are
not automatically considered to be forest in terms of
use [42] (the question of who classifies land use types
remains).

As demonstrated by our results, the canopy cover
approach also enables one to examine whether detec-
ted recent forest degradation or forest cover enhance-
ment has occurred in less degraded (i.e. with a higher
TCC) or more degraded (i.e. with a lower TCC) parts
of the landscape through, for example, a TCC gradi-
ent analysis (figure 6). This is also another import-
ant advantage of TCC, and depending on the focus
of conservation policies, either or both parts of the
landscape can be prioritized for monitoring and con-
servation. In our case, the much larger loss of TCC
and the negative net change in TCC in the 91%–100%
TCC gradient class are indicative of forest degrad-
ation (figures 6(b) and (c)). The current practice
of selective harvesting or selective logging (e.g. in
Sarawak, Malaysia) [87, 88] could have contributed
to this trend.

Furthermore, continuous data products such as
TCC maps may depict areas of heterogeneous land
cover better than standard categorical data products
such as F/NF maps and, as such, can be tailored for
specific applications (e.g. forest cover monitoring,
including degradation and enhancement) [78]. Spa-
tiotemporal estimates of TCC provide a biophysically
relevant, sensible, and consistent basis for monitor-
ing forest cover and change [50]. Hence, TCC data-
sets can also be used as a complementary tool in the
assessment of forest landscape restoration potential,
which is also an important current issue [89, 90].
Another important advantage of TCC datasets is they
do not rely on a particular definition of forest, which
makes them more standardized than categorical map
products.

Additionally, TCC datasets can also help in the
monitoring of forest disturbance. Forest disturbance
is ‘mostly used for natural causes of crown cover or
biomass loss, such as from storm damage, forest fires,
drought stress, insect infestations and disease out-
breaks but may also include harvesting operations
with a potential negative impact’ (p 33) [91]. Forest
disturbances have the potential to undermine ecosys-
tem functioning, thus, themonitoring of the intensity
of forest disturbance, including its size, frequency and
severity are imperative for sustainable forest man-
agement [92, 93]. While basal area removal can be
used to indicate the intensity of forest disturbance, the
removal or change in canopy cover can also be used
[92–94].

Given these findings and observations, we argue
that TCC-based indicators (losses, gains, and net
changes) can be used as complementary indicators
for forest cover monitoring in the context of the
2030 Agenda and other global environmental and cli-
mate change-related initiatives such as those men-
tioned in section 1. For SDG 15, TCC-based indic-
ators are highly relevant for targets 15.1–15.5. They
are also relevant for some forest-related targets that
are currently not identified as directly or indirectly
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supported by EO technologies, such as 15.a and 15.b
[21] (table 1). For example, when the TCC-based
indicators are monitored over time, they can provide
supporting evidence for the impacts or outcomes
(positive or negative) of increased financial invest-
ments to conserve and sustainably use biodiversity
and ecosystems (target 15.a) and advance sustain-
able forest management, including conservation and
reforestation (target 15.b).

In our analysis, we not only reported the extents of
TCC and forest cover and calculated the rates of net
annual change using a methodology consistent with
the FRA reports [40, 81], we also reported the gross
changes (losses and gains) (figures 5 and 6). The sug-
gested inclusion of loss and gain in our set of TCC-
based indicators highlights the need to consider the
gross changes in TCC between points in time, rel-
evant information that is currently not available in
FRA reports in the case of forest cover [40]. Although
the net change metrics are useful, the loss and gain
metrics providemore details that simultaneously cap-
ture the negative and positive trends in forest land-
scape changes. They thus could be more relevant in
the context of forest cover monitoring in general. For
example, in the context of climate change mitiga-
tion, the knowledge of loss and gain in TCC can be
especially relevant in the monitoring of carbon emis-
sion (sources) and sequestration (sinks), respectively.
For the 2030 Agenda (e.g. SDG 15) and other global
forest cover monitoring-related initiatives, these loss
and gain metrics are needed to properly monitor the
impacts and feedback of global efforts to protect, con-
serve, and enhance the world’s remaining forests.

4.2. Challenges and ways forward
The current status of forest cover monitoring with
RS technology is that forest degradation, occurring
within forests, is more difficult to capture than defor-
estation because the changes in the forest canopy
and structure caused by forest degradation are often
subtle and smaller [32–34]. Therefore, they are more
difficult to detect, unlike in the case of deforestation
where the reductions in canopy cover are often sig-
nificant [32–34]. In fact, as per the FAO definition,
deforestation is the conversion of forest to other land
use [42]. By contrast, forest degradation leaves some
canopy cover, making detection difficult [30]. Simil-
arly, subtle improvements in forest cover are also dif-
ficult to capture. As shown by our analysis, remotely
sensed TCC maps (continuous data products) (e.g.
figure 2) are better at detecting and capturing subtle
changes than F/NF maps (categorical data products)
(e.g. figure 4). To further improve forest cover mon-
itoring results, RS data of higher spatial resolution,
including LiDAR data, can be used to complement
medium spatial resolution TCC map products such
as those used in this study. This is especially true
for small-scale assessments (e.g. at the sub-national
level).

Currently, at least four publicly available data-
bases exist for global remotely sensed TCC. One is
associated with Hansen et al [22], with datasets for
2000 and 2010. Both of these TCC datasets have a
spatial resolution of 30 m and are currently used
in the GFW (www.globalforestwatch.org). Another
database is associated with Sexton et al [23], with
datasets for 2000, 2005, 2010, and 2015. These data-
sets also have a spatial resolution of 30 m. The third is
theMOD44BVersion 6 Vegetation Continuous Fields
(MODIS VCF); it has annual percent tree cover data-
sets starting in 2000 [64]. These datasets have a spatial
resolution of 250 m. The fourth is the CGLS-LC100
dataset [67, 78] used in this study.

The current challenge for the Hansen et al data-
sets is that they are not harmonized in terms of the
way they were produced (Peter Potapov, personal
communication), deterring spatiotemporal analysis.
Hence, one possible way forward is to harmonize
these datasets. Even though the Sexton et al and the
MODIS VCF percent tree cover datasets are harmon-
ized, the current challenge with those is cloud cover-
age and line strips, which also affect change detection
and analysis. It would be helpful for the Sexton et al
andHansen et al datasets to be harmonized to support
data supplementation and complementation, consid-
ering that both datasets are based on Landsat data.
Finally, it would be helpful to continue producing
the CGLS-LC100 fractional cover data to enable long-
term monitoring.

One major disadvantage with regard to TCC, in
general, is that compared to categorical data products,
TCC datasets are less commonly used in forest cover
monitoring. Consequently, the literature about the
production of TCC datasets with the use of RS data
is still limited. Nevertheless, while we currently con-
sider this to be a disadvantage, it also represents an
opportunity to help advance the field of forest cover
monitoring by providing a complementary source of
information to categorical data products.

Another important challenge regarding TCC is
reliability. For example, variations in the spectral
properties of trees and soil/non-tree background as
well as variation in climatic factors (e.g. different
levels of rainfall in different years) across biomes may
lead to errors in the estimated TCC values. The valid-
ation of TCC datasets can also be more challenging in
terms of resources (e.g. validation data such as LiDAR
measurements) as compared with categorical data-
sets. Comparatively, much more research has focused
on the production, application, and accuracy assess-
ment of categorical data products such as F/NF and
land use/land covermaps.Hence, we recommend that
greater attention should be given to the production,
application, and accuracy assessment of TCC data-
sets to advance the current understanding of howwell
these products can capture actual changes in forest
landscapes across space and time. In addition, all of
the previously mentioned datasets need to include an
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accuracy/error assessment in the validation process
for estimated TCC changes between time points.

Furthermore, TCC datasets also do not distin-
guish natural forests from artificial forests (hereafter,
forest plantations). As mentioned earlier, much of
the detected gain in TCC in the region (figures 2
and 5(a), (c)) could have been due to forest planta-
tions. The share of forest plantations in the world’s
forests is also expected to increase from the current
7% to 20% by the end of this century [95]. How-
ever, while some forest plantations are socially and
ecologically beneficial (e.g. those that use native or
endemic tree species and mixed species, are estab-
lished in degraded lands, and are properly managed)
[95–98], forest plantations generally fail to replicate
all the ecosystem services that natural forests provide.
Monoculture commercial and industrial plantations
have also been dubbed as green deserts [99, 100]
or biological deserts [101] because of their negat-
ive impacts on biodiversity, ecosystems, and society
(human displacement) [99–101].

Fueled by the absence of robust institutions, com-
mercial agriculture, through monoculture plantation
of oil palm, rubber, Jatropha, and other commer-
cially desirable species, has dominated the industrial-
scale deforestation of natural forests in Asia, Africa,
South America, and many other parts of the world
[102, 103]. For example, rubber production in South-
east Asia has increased by 1500% since 1961, repla-
cing traditional agroforestry systems [103]. The area
under oil palm has increased by 400% since the 1980s,
primarily in Indonesia and Malaysia, and accounted
for 16% and 47% of total deforestation in these two
countries, respectively [104]. Such expansion of forest
plantations, nonetheless, has arguably driven some
areas out of poverty [103–105]. As a result, expansion
of forest plantations has been put forward as a core
strategy of socioeconomic development of rural areas
in South and Southeast Asian countries [104].

On the other hand, even though evidence is
scattered, conflicting, and context-specific, research-
ers claim that plantation forestry has done more
harm than good, aggravating resource needs, such
as for water and land, while pushing farmers to fur-
ther deprivation [106, 107]. As much as 57% of the
area under rubber plantation in Asia is considered
environmentally unsustainable [103]. Therefore, if
not carefully planned and properly managed, forest
plantations could also result in various ecosystem
disservices (the ‘disbenefits’ that ecosystems provide
[108]), including negative effects on hydrology, weed
infestation, water pollution, soil erosion, and unfa-
vorable impacts on communities, social values, and
food production [97].

Nonetheless, forest plantations need to be con-
sidered in forest cover monitoring, which means
that TCC datasets also need to be complemented by
other datasets (e.g. datasets on forest types [78, 86],
including forest plantations and their types and status

[109]). We recognize that an overall increase in can-
opy cover, though indicative of a positive trend, does
not necessarily and automatically indicate successful
forest restoration and rehabilitation.

5. Conclusions

Drawing upon the conceptual analytical framework
(figure 1, section 2) and the results of its illustrative
application presented in this paper, we conclude that
continuous data products such as TCC maps can be
used to complement the information provided by cat-
egorical data products such as F/NFmaps. TCC-based
indicators (e.g. losses, gains, and net changes) can
help in monitoring not only deforestation but also
forest degradation and forest cover enhancement, all
of which are highly relevant to the 2030 Agenda (e.g.
SDG 15) and other global forest cover monitoring–
related initiatives. An important advantage of TCC
datasets is their non-reliance on the definition of
forest. This makes them more standardized than cat-
egorical map products such as F/NF maps, which are
dependent on the definition, which has remained a
major issue in this field.

Data availability

All data that support the findings of this study are
included within the article.
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