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Abstract: The aboveground forest biomass plays a key role in the global carbon cycle and is considered
a large and constant carbon reservoir. Hence, exploring the future potential changes in forest-cover
pattern can help to estimate the trend of forest biomass and therefore, carbon stock in a certain
area. As a result, the present paper attempts to model the potential changes in aboveground forest
carbon stock based on the forest-cover pattern scenario simulated for 2050. Specifically, the resulting
aboveground forest biomass, estimated for 2015 using the allometric equation based on diameter at
breast height and the estimated forest density, was used as baseline data in the present approach.
These spatial data were integrated into the forest-cover pattern scenario, predicted by using a spatially
explicit model, i.e., the Conversion of Land Use and its Effects at Small regional extent (CLUE-S),
in order to estimate the potential variation of aboveground forest carbon stock. Our results suggest an
overall increase by approximately 4% in the aboveground forest carbon stock until 2050 in Romania.
However, important differences in the forest-cover pattern change were predicted on the regional
scale, thus highlighting that the rates of carbon accumulation will change significantly in large areas.
This study may increase the knowledge of aboveground forest biomass and the future trend of
carbon stock in the European countries. Furthermore, due to their predictive character, the results
may provide a background for further studies, in order to investigate the potential ecological,
socio-economic and forest management responses to the changes in the aboveground forest carbon
stock. However, in view of the uncertainties associated with the data accuracy and methodology used,
it is presumed that the results include several spatial errors related to the estimation of aboveground
forest biomass and simulation of future forest-cover pattern change and therefore, represent an
uncertainty for the practical management of applications and decisions.

Keywords: future aboveground forest carbon stock; forest-cover pattern change scenario; Romania

1. Introduction

The largest perturbation to Earth’s radiation budget is caused by the increases in the abundances
of the long-lived and well-mixed greenhouse gases [1]. Among these greenhouse gases, carbon dioxide
(CO2) from fossil fuel burning and human induced land-use change is the most important single
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anthropogenic influence; its effect on climate change becoming a key global environmental issue [2].
This could have significant negative impacts on terrestrial ecosystems with many implications for
sustainability, biodiversity and the provision of ecosystem goods and services to people [3]. Ecosystems
are a net carbon sink, removing CO2 from the atmosphere, when plant photosynthesis exceeds the
sum of respiration and combustion, and a source when the sum of respiration and combustion
exceeds photosynthesis [3]. Forest ecosystems are increasingly recognized as important elements
of the global carbon cycle [4], their dynamics being a great global concern due to the role they play
in climate change [5]. Forests become sources of atmospheric CO2 when impacted by human or
natural disturbances, but they can also function as carbon sinks in order to sequester or preserve
significant quantities during regrowth after disturbance [6]. As a result of their importance in the
carbon cycles, the United Nations Framework Convention on Climate Change, and in particular the
Kyoto Protocol recognize the importance of forest carbon sinks and the need to monitor, preserve and
enhance terrestrial carbon stocks through afforestation and reforestation [7]. Forests account for 70–90%
of the terrestrial aboveground and belowground biomass, while the aboveground forest biomass makes
up 70–90% of the total forest biomass [8]. Therefore, the aboveground forest biomass is an important
indicator for forest carbon storage and sequestration of forests [9], as well as for estimating potential
emissions from land cover changes (forest fragmentation, deforestation, reforestation, afforestation),
and biotic and abiotic disturbances [10]. However, due to the spatial and temporal variation of the
aboveground forest biomass, the global distribution of carbon sinks remains uncertain [11].

In recent decades, the estimation of aboveground forest biomass has become an important way to
estimate aboveground forest carbon stock. The carbon content of trees is usually calculated from wood
volume equations that include basic wood density and a conversion factor for the carbon concentration
(%) in dry biomass [12]. In general, the carbon content of trees varies widely among species and wood
quality, but a concentration ratio of 50% is proposed to be used as a default value by the IPCC [12].
Furthermore, a carbon concentration ratio of 50% is used to convert dry tree biomass to carbon stock at
an operational level [13].

Aboveground forest biomass is defined as “the aboveground standing dry mass of live or dead
matter from tree or shrub life forms, expressed as a mass-per-unit area” [14], typically Mg ha–1.
Aboveground forest biomass can only be directly measured with destructive harvesting [15], but this
direct estimation is rarely practical because it is complex, expensive and time-consuming. In practice,
even though field-based techniques take up more resources and time, they are more effective compared
to other methods [16]. However, because they provide data for a limited number of trees and species,
these methods might not be representative for estimating the aboveground forest biomass over large
areas. For these reasons, aboveground forest biomass is often inferred through the use of allometric
equations that associate more easily-measured parameters [15], such as diameter-at-breast-height (dbh),
usually measured at 1.3 m above the ground, tree height (th) or a combination of the two [17]. Hence,
biomass models which relate different tree biomass components to dendrometrical variables and
biomass expansion factors are particularly useful tools in aboveground forest biomass estimation [18,19].
In the past decades, aboveground forest biomass estimation is usually carried out using ‘indirect’
methods, based on the remote sensing techniques, because satellite imagery provides consistent global
vegetation coverage at a relatively high spatial resolution [20,21]. In particular, the estimation of
aboveground forest biomass using Light Detection and Ranging (LiDAR) scanning is highlighted
in many studies (e.g., [22–25]) because it provides an unprecedented opportunity to capture high
resolution [15] and furthermore, the estimation of the volume for individual trees with increased
accuracy. In addition, the combination between remote sensing and LiDAR technology can provide
more advantages for mapping the aboveground forest biomass [25].

Estimates of aboveground forest biomass using remote sensing methods are typically generated
through a combination with field sampling [26]. Specifically, this technique initially requires an
extensive destructive sampling to establish allometric models, and the models can be used as a
non-destructive method to estimate tree biomass [27]. Thus, finding an already existing equation for
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the geographically closest site is required in order to estimate aboveground forest biomass on a large
spatial scale [28]. Several authors have reported that generalized regressions developed from field
measurements can reasonably estimate the aboveground forest biomass from other sites (e.g., [29,30]).
However, the accuracies of remote sensing-based aboveground forest biomass maps are inherently
dependent on the underlying accuracies of the field estimates of biomass that are used to calibrate
remote sensing-based models [31]. Furthermore, the accuracies of these allometric models outside
their areas of development remain largely unknown due to a dearth of available sampled validation
data [32]. Nevertheless, remote sensing methods are preferred because it is less time consuming
and less expensive [33], and can exhibit spatially explicit patterns of forest biomass and its temporal
change [34]. Accordingly, remote sensing methods, based on allometric equations, have been widely
applied to estimate the aboveground forest biomass across a range of scales, from local to continental
(e.g., [35–40]).

The aboveground forest biomass of European countries has been systematically inventoried,
including different estimation methods (e.g., [7,30,41,42]) at regional and national scale. To date,
spatial estimates of the aboveground forest biomass and its distribution at national scale are not well
known in Romania. However, a national report of the aboveground forest biomass quantity is regularly
prepared in order to monitor forests and their management through the FAO (Food and Agriculture
Organization)’s Global Forest Resource Assessment [43], but the estimation is based on the statistical
information of the total above ground volume and wood density of coniferous and broadleaved
forests. The aboveground forest biomass models created by the use of allometric relations have been
established (e.g., [44,45]), although only on a local scale and for young broadleaved trees plantations.
In addition, the height and diameter of growth were also estimated for Abies alba Mill., Fagus sylvatica L.
and Picea abies L. Karst [46], in order to measure the average annual stem volume growth in different
local environments. At national scale, an aboveground forest biomass model based on remote sensing
data was developed in the Holistics of the Impact of Renewable Energy Sources on Environment and
Climate (HORESEC) Project and published by [47]. The map was the result of allometric equations
using the dbh as an independent variable, but due to the unavailability of plot-level measurements,
the resulting values were not yet validated by comparing the model with independent test data.

Further changes in human-induced land-use disturbances could influence the spatial and temporal
variability of aboveground forest biomass and the rate of carbon accumulation and could therefore,
present a major risk to climate change mitigation efforts [48]. However, future land-use/cover pattern
change predictions may help us understand the carbon sink trend, especially by modeling potential
areas with forest gain and loss. Different models have been developed in order to project land-use/cover
dynamics, motivated by several potential benefits [49]: understanding how determining factors trigger
land-use/cover changes, generating future scenarios, predicting the location of changes and supporting
the design of policy responses to these changes. One of the most used models is the Conversion of
Land Use and its Effects at Small regional extent (CLUE-S) [50], which aims to understand and predict
the impact of biophysical and socio-economic factors on land-use systems [51].

In the present day, the forest-cover area in Romania constitutes almost 1% of the total forested
area in Europe and 4.5% of the total forested area of EU countries [52]. However, over the last decades,
forest-cover has been one of the most affected by human-induced land-use change, with the key
factors being mostly related to institutional, political and economic drivers. Thus, many studies have
reported significant regional forest-cover changes, mainly indicating increased deforestation rates
(e.g., [53–57]). Furthermore, a recent forest-cover pattern change scenario in Romania [58] suggests
an overall increasing trend in forest-cover area in the near future, mainly in mountain areas, as a
result of the decrease in human pressure and/or in relation to environmental changes. At the same
time, important forest loss is predicted for the tableland, plateau and for plain regions, mainly as a
result of them being converted into agricultural lands or artificially expanded areas. These changes
may point to possible environmental implications, having consequences in habitat fragmentation
and leading to the occurrence of natural hazardous phenomena [55,58], and forest management [59].
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Furthermore, important regional changes in the quantity of aboveground forest biomass and therefore,
of carbon sequestration, may also come to be in the area. In this regard, the main objective of the
paper is to transpose an estimated aboveground forest biomass quantity into the simulated potential
forest-cover pattern change, in order to calculate future potential aboveground forest biomass gain
and loss. Based on the resulting changes, we attempt to estimate future aboveground forest carbon
stock at national scale and to assess their regional variation. To achieve this, two spatial baseline
data have been integrated into a GIS (Geographic Information System) spatial and statistical analysis,
i.e., the aboveground forest biomass estimated for 2015 using remote sensing data and the biomass
allometric model, and the forest-cover pattern scenario projected for 2050 through the CLUE-S
(Conversion of Land Use and its Effects at Small regional extent) model.

2. Materials and Methods

2.1. Study Area

Romania is a medium-sized European state (about 23.84 mil. ha) located in the South-Eastern
part of Central Europe, characterized by various landform units, including the largest part of the
Carpathian Mountains (57%), surrounded by extended hilly units, and large tableland, plateau and
plain areas (Figure 1). With a total area of about 7.13 mil. ha [60], forests make up the dominant
land-use/cover category, covering about 29.9% of the total study area. However, the variety of relief
forms, coupled with climatic features, the diversity of soil types, socio-economic conditions and
land-use history generate significant disparities pertaining to regional forests. Hence, the largest areas
(Figure 1a) are extended in the Eastern Carpathians (2.11 mil. ha, that is 29.6% of the total), Southern
Carpathians (0.95 mil. ha, that is 13.3% of the total), Apuseni Mountains (0.70 mil. ha, that is 9.8% of
the total), Subcarpathians (0.59 mil. ha, that is 8.2% of the total) and Banat Mountains (0.49 mil. ha,
that is 6.9% of the total). The smallest areas are located in the Danube Delta and Razim-Sinoie Lagoon
Complex (0.02 mil. ha, that is 0.3% of the total), Banat and Cris, ana Plain (0.07 mil. ha, that is 0.9% of
the total), Dobrogea Plateau (0.10 mil. ha, that is 1.4% of the total), Romanian Plain (0.30 mil. ha, that is
4.1% of the total), Moldavian Plateau (0.34 mil. ha, that is 4.8% of the total), Banat and Cris, ana Hills
(0.40 mil. ha, that is 5.6% of the total), Getic Piedmont (0.49 mil. ha, that is 6.9% of the total) and the
Transylvanian Tableland (0.58 mil. ha, that is 8.2% of the total). Relative to the overall major relief
unit surface, the highest percentage of forest-cover was calculated for the Banat Mountains (70.3%),
the Southern Carpathians (66.7%), Apuseni Mountains (65.3%), the Eastern Carpathians (61.3%) and
the Subcarpathians (35.3%), while the lowest was registered for the Banat and Cris, ana Plain (4.1%),
the Danube Delta (4.4%) and the Romanian Plain (6%).

The Romanian forests are ecologically highly diverse, these being included in six major vegetation
ecoregions [61] (Figure 1b): Carpathian montane coniferous forests (3.31 mil. ha, 46.4% of the total),
Pannonian mixed forests (2.13 mil. ha, 29.8% of the total), Central European mixed forests (0.87 mil. ha.,
12.2% of the total), Balkan mixed forests (0.53 mil. ha., 7.4% of the total), Pontic steppe (0.18 mil. ha,
2.5% of the total) and East European forest steppe (0.12 mil. ha, 1.7% of the total). Relative to the
overall major vegetation ecoregions surface, the highest percentage of forest-cover area was calculated
for the Carpathian montane coniferous forests (61.7%), Pannonian mixed forests (30.0%) and Central
European mixed forests (23.9%), while the lowest was registered for the East European forest steppe
(6.8%) and the Pontic steppe (7.1%).

Overall, deciduous species constitute a dominant forest vegetation (about 70%), including beech
(48%), different oak species (23%), other hardwoods (21%) and softwoods (7.4%) [62], widely distributed
up to 1000–1200 m a.s.l. The coniferous forests, distributed predominantly in the mountain regions,
account for about 30% of the total afforested area, of which spruce trees represent 77%, fir—15% and
other coniferous species—7% [62].
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The Romanian forests represent an important part of Europe’s natural resources including some
of the largest continuous temperate forests [63], that preserve one of the largest stretches of old-growth
forest (about 210,000 ha) in Europe [64]. Hence, forest conservation is one of the high priorities
in the national forestry legislation, large areas being included in various protected areas (National
and Natural Parks, Biosphere Reserves, Scientific and Nature Reserves, RAMSAR Convention on
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Wetlands of International Importance and Network of Nature Protection Areas Sites —NATURA
2000), in order to preserve biodiversity and to reduce man’s impact [65]. However, forest-cover
change is considered among the major environmental concerns in Romania, the region experiencing a
continuous decreasing in forest-cover area mainly since 1990 when the breakdown of socialism led to
significant changes in land-use/cover structure and pattern. The evolution of forest-cover areas was
mostly influenced by legislative factors that led to the restitution of over 45% of the total forest surface
(through the laws adopted in 1991, 2000 and 2005) [66,67]. Furthermore, the economic hardships
and weakened institutions of the transition period [68,69], as well as the shadow businesses coupled
with corruption [70] led to massive forest exploitation, including both legal and illegal logging [53,57].
Therefore, increased deforestation rates have been reported after 1990, and particularly after 2000
at national and regional scale, (e.g., [56–58,71–74]), resulting not only in regionally important forest
area decreases, but also in the significant loss of valuable ecosystems and old-growth forests [75].
In contrast, the expansion of the forest-cover area was also recorded in relation to the natural or
artificial regeneration. The artificial afforestation and re-afforestation were mainly directly dependent
on the financial sources provided by the different projects and programmes, [57,58,76], mostly accessed
in the pre- and post-accession to the European Union. Furthermore, changes in land-use and land
management have also been indicated as the main influences of forest re-growth. Thus, with the decline
of traditional activities, land abandonment and a rise in conservation initiatives [57,77], forests are
allowed to re-grow into their potential habitat, mainly in large mountain areas.

2.2. The Methodology Used to Predict Future Potential Changes in Aboveground Forest Carbon Stock

In order to predict future potential changes in aboveground forest carbon stock (AGFCS),
the current analysis uses two baseline datasets. The first one is a raster-data of the aboveground
forest biomass (AGFB) for 2015, conducted according to the framework of Holistics of the Impact of
Renewable Energy Sources on Environment and Climate (HORESEC, cmu-edu.eu/horesec/). The second
information is a raster-data of the forest-cover pattern change scenario for 2050, issued according to
the framework of RO-RISK (National Risk Assessment, gis.ro-risk.ro/site/).

Next, a synthetically conceptual model is presented (Figure 2, Sections 1 and 2) and a short
overview of the methodological approach used to estimate AGFB and to predict the forest-cover
pattern change scenario, but a more detailed description can be found in [47] and [58], respectively.
Using these two baseline raster-data, we attempted to model the future potential variations in AGFCS
quantity until 2050 by proposing a simple methodological approach presented in Figure 2, Section 3.

In order to quantify and discuss the resulting values according to the regional forest-cover
distribution, the analysis was done in accordance with the major relief units in Romania [78] and
with the major vegetation ecoregions classified in the map of European Ecological Regions [61]. Thus,
the situation in 13 major relief units and 6 major vegetation ecoregions (Figure 1) has been investigated
in the present study.

2.2.1. The Estimation of AGFB in 2015

To estimate the AGFB quantity, the spatial information on forest vegetation cover and dominant
forest categories, and corresponding area of tree height and forest canopy density (Figure 3) was used
in the analysis [47]. The data of forest vegetation cover and dominant forest types, derived from the
database available at Copernicus Land Monitoring Service, with a resolution of 20 m, were used to
obtain the forest-cover distribution (fc) and the dominant forest types (ft) (i.e., deciduous and coniferous)
in the area. The forest height information for 2008, derived from the Carbon Monitoring System Project
database (available at the National Aeronautics and Space Administration), with a resolution of 1 km,
was used to estimate tree height (th), the indicator used to estimate the diameter at breast height (dbh).
Additionally, the data of forest canopy density (fcd) in 2015 derived from the database available at
Copernicus Land Monitoring Service, with a resolution of 20 m, was also considered as a variable used
to estimate tree density.

cmu-edu.eu/horesec/
gis.ro-risk.ro/site/
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Biomass Equations

The AGFB was calculated using the allometric equations and coefficients presented in [42].
This represents the result of the European study Multi-source inventory methods for quantifying
carbon stocks and stock changes in European forests’—CarboInvent, where a series of generalized
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allometric equations have been developed for the most common tree species (Picea abies, Pinus sylvestris,
Betula spp., Quercus spp., Fagus spp.).

Based on dbh as a unique predictor, and scaling coefficients for the considered tree species,
the allometric equation (Equation (1)) developed by [79,80] was applied to estimate the presented
AGFB model:

yi = exp(β0 + β1 ·
dbh

dbh + β2
) (1)

where y is the aboveground biomass of the tree i (in kg); dbh is the diameter at breast height (in cm);
β0, β1 and β2 are the scaling coefficients that depend on the type of analyzed tree.

In this approach, the dbh was used as the only predictive variable because it is the most common
and the easiest to measure in the field [42,81]. This was determined by using the Equation (2) that
describes the dbh-th relationship developed by [82] and fitted by [42] for the most common tree species
in the European temperate zone:

th = 1.3 +
dbh2

(X0 + X1 · dbh)2 (2)

where th is the tree height (in m); dbh is the diameter at breast height (in cm); X0 and X1 are the scaling
coefficients for the tree species applied to determine dbh according to the th.

Next, knowing the tree height value in the th raster-data, dbh has been derived from equation
no. 2 by applying the Equation (3):

dbh =
X0
√

th− 1.3

1−X1
√

th− 1.3
(3)

where dbh is the diameter at breast height (in cm); X0 and X1 are the scaling coefficients for the tree
species applied to determine dbh according to the th; th is the tree height (in m).

The values of scaling coefficients were extracted from the study of [42] where the generalized
allometric equation models for certain tree species in Europe are presented. As a result that we used
forest type datasets that contain only the two major classes (deciduous and coniferous forests), we chose
to use the scaling coefficients determined for Fagus spp. and Picea abies as representative to compute the
AGFB models for the deciduous and coniferous tree species. The reason for the choice was that these
two forest species represent the largest distribution in the area: about 48% within deciduous forests
(37% of the total forest-cover area) and 77% within coniferous forests (17% of the total forest-cover
area) respectively [62]. Although the resulting values are associated with a series of uncertainties,
the method used is considered applicable on a national scale in European countries in temperate and
boreal areas [22].

The AGFB quantity in a cell of 100 × 100 m was calculated as the product of AGFB quantity/tree
(in kg) and the estimated tree density (td) values, and expressed in Mg/ha−1.

The Estimation of td

To estimate td, two procedures were used in the analysis. The first one defines the relationship
between the number of trees and dbh in a certain area. This was statistically determined by quantifying
the total number of trees on the ground and the corresponding estimated dbh. To this, the number of
trees was visually quantified on the high-resolution satellite images/aerial photography (2018) provided
by Google Earth, by using test areas randomly distributed across the forest-cover raster. Specifically,
200 test areas, with a 1 ha window size, were generated (Figure 4a): 100 for the quantification of the
number of trees, and 100 to calculate the goodness of fit of the resulting data. Accordingly, a strong
inverse exponential relationship between the dbh and the number of trees was found for both deciduous
and coniferous species. Therefore, the described functions (Figure 4b) were taken into account to
predict the number of trees with unknown values within a cell, by using the observed dbh value.
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In the second procedure, the predicted number of trees/ha, obtained for each forest type category,
was weighted with the fcd data (Equation (4)) in order to estimate the td:

tdi = nti ·
f cd
100

(4)

where td is the estimated tree density (per ha) for forest type category i; nt is the number of trees
predicted for forest type category i according to the dbh values; fcd is the forest canopy density.

Accordingly, the agreement between the real numbers of trees quantified on the ground and
predicted td in the 100 test areas used for validation was expressed by the correlation coefficients
(Figure 4c). Thus, the obtained R2-value of 0.71 suggests that the obtained data are reasonably accurate
and therefore, the estimated td was used to determine the AGFB quantity per ha.

In the end, to indicate the total AGFB, the estimated values per ha (in Mg) were cumulated and
converted to Tg for further analysis in accordance with the regional distribution of forest-cover area.

2.2.2. The Estimation of Aboveground Forest Carbon Stock

To estimate the AGFCS amount, the obtained AGFB values were multiplied with the coefficient
of 0.5 (Equation (5)), assuming a value of 50% carbon concentration in the total aboveground forest
biomass quantity [12,13].

AGFCS = AGFB · 0.5 (5)

where AGFCS is the aboveground forest carbon stock; AGFB is the aboveground forest biomass.
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2.2.3. Modeling Forest-Cover Pattern Change

A future scenario of forest-cover pattern, resulted by simulating land-use/cover change in
2006–2050 [58], was used to estimate future potential changes in AGFCS quantity. The data were
predicted using CLUE-S, an empirical multiscale model based on advanced statistical land-use
change [50], developed for the spatially explicit simulation [83]. Two datasets were included in
the simulation [58]. Firstly, to formulate a baseline scenario, as well as to prepare the further
simulated land-use/cover categories and the initial time step (“year 0”) and to validate the results,
the CORINE Land Cover (CLC) datasets (accessible via the Copernicus Programme–Copernicus Land
Monitoring Service) were used for 1990, 2000, 2006 and 2012. Secondly, to explain the spatial pattern of
land-use/cover change, 18 determinant factors of change were included in the modeling [58]. Specifically,
the elevation and slope declivity (derived through the Digital Elevation Model—30 m resolution),
the average annual precipitation and the average annual temperature in the 1961–2015 period (derived
from the spatial data provided by the National Meteorological Administration), horizontal relief
fragmentation (derived through EU-Hydro River Network data) and the total organic matter content
in topsoil (derived from the map provided by “Romania—Soil quality and electricity transmission grid.
Geographical atlas”) were selected for the biophysical factors. For the socio-economic, 12 factors were
considered: the population density, the number of employees, the unemployment rate, the employment
rate in the tertiary sector, large livestock units and the built-up/non-agricultural ratio in 2006, as well as
the population growth between 1992–2006 (derived from the statistical data provided by the National
Institute of Statistics), settlements density and distance to settlements in 2006 (derived by CORINE
Land Cover dataset), distance to nearest main towns (derived from the statistical data provided by the
National Institute of Statistics) and the density of the secondary roads (communal, forestry, agricultural)
and distance to nearest main roads (motorways, European, national and county) (derived from the
spatial data provided by ESRI Romania).

The land-use type specific conversion settings (conversion elasticity and land-use/cover transition
sequences), that determine the temporal dynamics of the simulations [51], were calculated according to
the historical land-use/cover specific change and the understanding of the actual land-use/cover system
in the study area [58]. Thus, for the conversion elasticity, a parameter related to the reversibility of
land-use/cover change, that range between 0 (easy to convert) and 1 (irreversible change) [51], a value
of 0.7 was set for the forest-cover category. Within the land-use/cover transition sequences, a parameter
which expresses the potential transition of one land-use/cover category to another (conversion is possible
and conversion is not possible), defined as land-use/cover conversion matrix [51], the forest-cover was
defined as a category that can be converted into any other land-use/cover categories. Furthermore,
with the exception of built-up areas, all categories were defined as having the possibility to be converted
into forest-cover during the simulated period.

The location characteristics were empirically estimated for the specific type of land-use/cover [83]
by using the following binomial logit model (Equation (6)):

Log
(

Pi
1− Pi

)
= β0 + β1X1,i + β2X2,i . . .+ βnXn,i (6)

where Pi is the probability of a grid cell for the occurrence of the considered land-use/cover category
on location i; X1, . . . , Xn are the determinant factors; β0, . . . , βn are the estimated coefficients.

The regressions were performed using the Statistical Package for the Social Sciences (SPSS)
software, choosing the forward procedure in order to select the most statistically significant factors [84].
Based on the resulting β coefficients, the maps of probability of transition, that define the “preference”
for the specific type of land-use/cover [83], were issued. After supplying the demands for the modeling,
the most likely changes in the land-use/cover pattern have been calculated in an iterative procedure [85].

To evaluate the accuracy of the results, the pixel-based comparison between the reference (observed
land-use/cover change) and the simulated results was applied. Thus, the KSimulation [86], an extension of
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the Kappa Index [87], was calculated based on the contingency table, which details the cross-distribution
of categories on the two maps. The KSimulation is computed according to the following equation
(Equation (7)):

KSimulation =
po − pe(Transition)

1− pe(Transition)
(7)

where KSimulation is the coefficient of agreement between the simulated land-use/cover transitions and
the actual land-use/cover transitions; po is the relative observed agreement among rasters; pe(Transition)

is the expected fraction of agreement, given the size of class transitions.
The values range from −1 to 1, with 1 indicating a perfect agreement, while values below 0 indicate

that class transitions are less accurate than can be expected by chance given a random allocation of
class transitions. Value 0 shows the situation where the agreement is as good as can be expected by
chance given a random distribution of the given class transitions [86].

Further on, KSimulation has been decomposed into KTransition (Equation (8)) and KTransLoc

(Equation (9)), which indicate the type of errors in the result predicted:

KTransition =
PMax(Transition) − Pe(Transition)

1− pe(Transition)
(8)

KTransLoc =
Po − Pe(Transition)

pMax(Transition) − pe(Transition)
(9)

where KTransition is the agreement in the quantity of land-use/cover transitions; KTransLoc is the degree
to which the transitions agree in their allocations; PMax(Transition) is the maximum accuracy that can be
achieved given the size of the class transitions.

The KTransition values range between 0 and 1, with 0 indicating that there are no class transitions
that appear in the simulation as well as in reference, and 1 indicating the case where the sizes of
class transitions in the simulation are exactly in agreement with the sizes of class transitions in reality.
The KTransLoc values range between −1 and 1, where the values below 0 indicate the case where the
allocation of class transitions is worse than can be expected by random allocation of the given class
transitions, 0 indicates the agreement as can be expected by chance and 1 indicates an allocation which
is as high as possible given the distribution of class transitions [86].

Additionally, the agreement and disagreement between the observed and simulated forest-cover
change between 2006–2012 were also performed [58]. Hence, several aspects of agreement/disagreement
were identified and analyzed: forest persistence simulated correctly; forest loss simulated correctly;
forest gain simulated correctly; forest persistence simulated as forest loss; forest loss simulated as forest
persistence; forest loss simulated as forest gain; forest gain simulated as forest loss.

2.2.4. Integrating the Forest-Cover Pattern Change Scenario and AGFB Model to Assess Future
Potential Change in AGFCS

In order to assess future potential changes in AGFCS quantity, the estimated AGFB in 2015 and
the projected forest-cover pattern change in 2050 have been integrated into the spatial and statistical
assessment. Firstly, the estimated AGFB was transposed into the forest-cover map in 2006, used as
reference (“year 0”) for the simulation. Hence, for the cells representing forest persistence in the
2006–2015 period, the same values of AGFB resulted for 2006, while for the cells representing the
forest-cover area only in 2015, no-data was assigned. For the cells representing forest-cover area only
in 2006, the AGFB quantity was estimated according to the existing nearest resulting values for 2015,
by using the Inverse Distance Weighted (IDW) spatial interpolation method (Figure 5a). This method
is based on the assumption that the sampled points of unknown value are influenced more by nearer
observation points than by the sample points farther apart. Therefore, IDW (Equation (10)) predicts
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the unknown value by averaging over all the known measurements, and assigning greater weight to
nearer points [88]:

Z(x) =
∑n

i=1 WiZi∑n
i=1 Wi

(10)

where Z(x) is the estimated value at a predicted point (here unknown AGFB value) and Zi is the
observed value at point i (here AGFB cells with known values). Wi is the weight value assigned at
point i, calculated using the Equation (11):

Wi =
1
dk

i

(11)

where di is the distance between point i and the predicted point; k is the power variable that decides
how surrounding points affect the estimated value.
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Figure 5. Synthetical illustration of the spatial interpolation procedure used to estimate the AGFB
quantity for the existing forest-cover cells in 2006, but not in 2015 (a), and for the predicted forest-cover
gain cells in 2050, respectively (b).

The IDW function has been applied by setting a value of 10 points for the variable search
radius, but without specifying the maximum distance that the search radius cannot exceed. However,
to increase the influence of the nearest sample points and to decrease the influence of the distant
points respectively, a value of 2.5 was defined for the control power (k-value) of surrounding points.
Furthermore, for the interpolation procedure no limit (or break) has been included in searching for
the input sample points. Then, the resulting AGFB for 2006 has been transposed to the simulated
forest-cover pattern map, thus resulting in a new geographical distribution of AGFB quantity in 2050,
according to the predicted potential changes in forest-cover pattern. Consequently, identical AGFB
values to those of 2006 were seen for the forest persistence in the 2006–2050 period. For the forest
gain cells, the AGFB quantity was also estimated by interpolating the existing nearest values in 2006
(Figure 5b), while for the forest loss cells, no-data was assigned.

As previously shown, the potential change in the AGFB and therefore, in the AGFCS quantity has
only been estimated according to the forest-cover pattern scenario, without incorporating the potential
changes in forest structure and composition throughout the analyzed period.

2.3. The Uncertainties of AGFB Model and Methodology Used to Transpose the Estimated Values into the
Forest-Cover Pattern Scenario

The AGFB model obtained for 2015 and the integration procedure of the values into the forest-cover
pattern change scenario can be subject to a number of constraints and limitations.

Firstly, the resulting AGFB values can be affected by a variety of sources of uncertainty derived
mainly from the methodological approach, from the quality of the data and from validation. On the
one hand, the difference in spatial resolution of the data, reflected in larger-scale information on
forest-cover area, forest type, forest canopy density and small-scale information on the tree height,
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engendered a generalized base information and hence, significant spatial errors in estimated AGFB for
2015 [47]. On the other hand, the estimation of AGFB only for the two forest species led also to spatial
errors mainly in the regional and local variation of AGFB quantity, the uncertainties increasing from
the mountain units to the lowlands where the composition of forest vegetation is radically changed.
Additionally, transferring the AGFB values obtained for 2015 into 2006 has also led to uncertainties
due to the different resolution and source of the forest-cover maps. In addition, because of the lack of
availability of country specific data for forest inventories, the AGFB model obtained was not statistically
validated by using independent field test data. Thus, we infer that the baseline AGFB model used in
the analysis may contain more or less spatial errors from one area to another.

Secondly, the methodology used to integrate the AGFB model into the projected forest-cover
pattern scenario may also significantly influence the estimation of the future potential change in the
AGFCS variation. Thus, the spatial interpolation used to allocate the estimated AGFB values to the cells
representing forest-cover patches identified only in 2006 and 2050 (compared to 2015) could influence
the estimated AGFB dynamics for the period 2006–2050. Thus, the IDW method used is shown to be
quite sensitive to the type of database or data characteristics, to the number of neighbors used in the
estimate, and to the exponent of distance used in weighting [89] and therefore, the predicted data are
more or less appropriate to known measurements. Hence, we assume that the uncertainty of AGFB
estimated cells by using IDW technique is mainly located in the mountain and hilly regions where the
high local variation in AGFB quantity resulted for 2015.

In addition, the temporal changes in tree age, size, density and composition are expected to
significantly affect the local and regional amount of AGFB, mainly for the long term. Consequently,
the proposed methodology assumes that these forest indicators will remain constant in the analyzed
period and thus, the potential dynamic in AGFB and therefore, AGFCS quantity is only related to the
forest-cover pattern change.

3. Results

3.1. The Estimated AGFB in 2015. Transposing the Values into the Forest-Cover Map for 2006

Figure 6a shows the AGFB model for Romania, resulted by combining the allometric equation
based on dbh with the estimated fd [47]. A total of 1259.8 Tg of AGFB, with an average of 150 Mg/ha−1

and 4.18 Mg/tree, have been estimated for 2015. Among the dominated forest species, a total of
975.8 Tg (76.8% of the total AGFB) resulted, with an average of 151.5 Mg/ha−1 and 4.36 Mg/tree for the
deciduous forests, and a total of 284.0 Tg (23.2% of the total AGFB) with an average of 162.2 Mg/ha−1

and 3.38 Mg/tree for the coniferous forests.
Regionally, significant differences were recorded for the major landform units (Figure 6b) and the

major vegetation ecoregions (Figure 6c). The highest values were resulted for the Eastern Carpathians
(471.10 Tg, 37.4% of the total), the Southern Carpathians (206.45 Tg, 16.4% of the total), the Apuseni
Mountains (156.73 Tg, 12.4% of the total) and the Banat Mountains (129.65 Tg, 10.4% of the total).
The lowest values were resulted for the Danube Delta and the Razim-Sinoie Lagoon Complex (0.18 Tg,
<0.1% of the total), for the Banat and Cris, ana Plain (2.81 Tg, 0.2% of the total), the Dobrogea Plateau
(5.57 Tg, 0.4% of the total) and the Romanian Plain (8.26 Tg, 0.7% of the total). However, by comparing
the obtained quantity per ha, the highest AGFB values were resulted for the developed forests in the
Banat Mountains (238.4 Mg/ha−1) and the Southern Carpathians (204.6 Mg/ha−1). For the Eastern
Carpathians and Apuseni Mountains, a value of about 195 Mg/ha−1 was obtained. The values
that exceeds 100 Mg/ha−1 were also estimated for the forests developed within the Subcarpathians
(114.2 Mg/ha−1) and Banat and Cris, ana Hills (103.5 Mg/ha−1). The lowest values were estimated
for the Danube Delta and the Razim-Sinoie Lagoon Complex (41.5 Mg/ha−1), Banat and Cris, ana
Plain (43.4 Mg/ha−1) and for the Romanian Plain, the Moldavian Plateau and the Dobrogea Plateau
(about 55 Mg/ha−1).
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The total estimated AGFB values significantly vary also according to the major vegetation
ecoregions. Thus, the Carpathian montane coniferous forests comprise 721.6 Tg (57.3% of the total),
Pannonian mixed forests 387.6 Tg (30.8% of the total), Central European mixed forests 107.4 Tg (8.5% of
the total) and Balkan mixed forests 32.6 Tg (2.6% of the total). For the Pontic steppe and East European
forest steppe a value of 6.2 Tg (0.5% of the total) and 4.3 Tg (0.3% of the total) respectively were resulted.
As expected, the highest AGFB quantity per ha was obtained for the Carpathian montane coniferous
forests (195.7 Mg/ha−1) and Pannonian mixed forests (159.8 Mg/ha−1), where the largest mountain
forests area prevails. For the Central European mixed forests and Balkan mixed forests, values of
98.6 Mg/ha−1 and 52.1 Mg/ha−1, respectively have resulted. The reduced quantity obtained for the
Pontic steppe (36.6 Mg/ha−1) and East European forest steppe (30.5 Mg/ha−1) reflects the lowest values
of AGFB obtained for the forest-cover area developed in the Moldavian Plateau, Dobrogea Tableland,
as well as in the Romanian Plain and Danube Delta.

By transposing the obtained AGFB values in 2015 to the forest-cover map in 2006, used as reference
data to simulate future forest-cover change patterns, a difference of 7.47% has resulted. Specifically,
a value of 1165.7 Tg was estimated for 2006, the resulting difference (−94.04 Tg) arising from different
resolution and sources of the datasets used, as well as the resulting increase in the forest-cover area
in the 2006–2015 period. Firstly, the effect of the different scales between the CLC dataset in 2006
(with a corresponding scale of about 1:100,000) and the derived data from Copernicus Land Monitoring
Service for 2015 (with a resolution of 20 m) resulted in different details of the forest-cover pattern and,
therefore, disagreements between the mapped area for these two years. Secondly, the interpolation
procedure used to calculate AGFB for cells with unknown value may also influence the total AGFB
amount estimated for 2006. In addition, the most consistent influence seems to arise from the resulting
increase in the forest-cover area by 7.7% in the 2006–2015 period [43], as reflected in a lower total AGFB
quantity for 2006 compared to 2015.
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3.2. Predicted Forest-Cover Pattern Change

The simulation of the forest-cover pattern change [58] indicates large areas affected by forest gain
and loss (Figure 7). Specifically, 1.207 mil. ha have been projected as the transition from non-forest
categories to the forest category and 1.126 mil. ha as the transition from the forest category into
non-forest categories. Overall, an increase of about 81,200 ha (1.2% of the total forest-cover area
in 2006) was projected until 2050. Regionally, significant differences in forest-cover pattern change
were resulted for the major relief units and the major vegetation ecoregions. Thus, according to the
major landform units (Figure 7b), important forest gain was projected for the Southern Carpathians
(127,800 ha, 43.2% of the total) and Eastern Carpathians (96,200 ha, 32.5% of the total). The positive
trend of forest-cover area has also been projected for the Banat Mountains (28,550 ha, 9.6% of the total),
the Subcarpathians (22,750 ha, 7.7% of the total) and the Apuseni Mountains (20,550 ha, 7.0% of the
total). The highest values of forest loss were found in the Romanian Plain (78,400 ha, 36.6% of the
total), the Getic Piedmont (36,300 ha, 16.9% of the total), the Moldavian Plateau (29,400 ha, 13.7% of the
total) and the Banat and Cris, ana Plain (27,800 ha, 13.0% of the total).
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When quantifying the major vegetation ecoregions (Figure 7c), almost all projected forest gain
was identified in the Carpathian montane coniferous forests (94.7% of the total), where 629,700 ha
simulated afforestation and 358,550 ha simulated deforestation have resulted in a positive balance of
271,100 ha. Forest gain was also projected for the Pannonian mixed forests (15,050 ha, 5.3% of the
total). Forest loss was projected for the Balkan mixed forests (92,900 ha, 45.3% of the total), the Central
European mixed forests (51,100 ha, 24.9% of the total), the Pontic steppe (35,500 ha, 17.3% of the total)
and the East European forest steppe (25,450 ha, 12.4% of the total).

In terms of the simulated transition [58], results indicate the expansion of the forest-cover area
mainly in relation to a decrease in pastures, natural grasslands and shrub association. The large
forest loss was especially projected in relation to the expansion of agricultural lands (arable lands,
heterogeneous agricultural areas and agricultural complex cultivation areas). Furthermore, locally,
forest-cover loss is expected to be in relation to the expansion of built-up areas as the result of the
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urban growth process (mainly in the plain, tableland and plateau regions), as well as the development
of tourist resorts (especially in the mountains regions).

The obtained KSimulation values (>0) indicate that the CLUE-S model captured the trend in
land-use/cover changes [86]. Specifically, the values higher than 0.6 resulting for the forest-cover,
suggest that the model is fairly accurate. Furthermore, the KTransition values (0.96–1.00) indicate that the
allocation of transitions is almost totally correct, while the KTransLoc values (0.70–1.00) indicate some
errors caused by the incorrect amount of transitions.

However, the quantitative comparison of the observed and predicted change for 2006–2012
points to important errors in the simulated transitions [58], resulting in an underestimation of forest
persistence by 5% and an overestimation of forest gain and forest loss by 14% and 41%, respectively.
These errors can mainly be related to the limited number of determinant drivers included in the
model and to the accuracy of the data used. On the one hand, the resulting pseudo R2 [90] values,
that range from 0.351 to 0.484, show that determinant factors included in the simulation regionally
account for only 35.1% to 48.4% of the forest-cover pattern change [58]. This suggests that other
factors (e.g., land-use planning, policies or projects; land tenure; climate change-related indicators;
demographic and economic scenarios) may also explain the forest-cover pattern change in Romania [58].
On the other hand, the misclassification, the different classification schemes and the different resolutions
associated with the CLC database [56,74,91] may lead to the uncertain quantification of historical
forest-cover changes used to formulate the baseline scenario of the simulation.

3.3. The Projected Potential Changes in AGFCS Quantity Up to 2050

According to the estimated AGFB values for 2006 and the projected forest-cover pattern change
in 2050, the potential variations in AGFCS quantity were estimated for the 2006–2050 period. Thus,
compared with the resulting AGFCS values in 2006 (Figure 8), an overall increase with approximately
23.43 Tg has resulted for 2050. The projected quantity significantly varies regionally, increasing in the
Southern Carpathians (+8.12 Tg), the Eastern Carpathians (+7.99 Tg), the Apuseni Mountains (+3.54 Tg),
the Banat Mountains (+3.30 Tg), the Subcarpathians (+2.05 Tg), the Transylvanian Tableland (+0.40 Tg),
the Banat and Cris, ana Hills (+0.33 Tg) and the Getic Piedmont (+0.19 Tg). The model estimated a drop
in the Romanian Plain (−1.37 Tg), in the Banat and Cris, ana Plain (−0.91 Tg), the Dobrogea Plateau
(−0.11 Tg), the Moldavian Plateau (−0.08 Tg) and the Danube Delta and the Razim-Sinoie Lagoon
Complex (−0.01 Tg). In accordance with the major vegetation ecoregions, the results suggest a rise in
the Carpathian montane coniferous forests (+15.14 Tg), in the Pannonian mixed forests (+10.10 Tg)
and the Central European mixed forests (+1.21 Tg) and a drop in the Balkan mixed forests (−2.24 Tg),
the Pontic steppe (−0.54 Tg) and the East European forest steppe (−0.24 Tg).

When quantifying the variation of AGFCS in relation to the projected forest-cover dynamics,
there resulted significant differences between the forest-cover gain/loss and the corresponding
increases/decreases in AGFCS quantity (Figure 9). Accordingly, the projected forest gain in the
Southern Carpathians (43.2% of the total), the Eastern Carpathians (32.5% of the total), the Banat
Mountains (9.6% of the total), the Subcarpathians (7.7% of the total) and the Apuseni Mountains
(6.9% of the total) resulted in a corresponding AGFCS increase by 31.3% in the Southern Carpathians,
30.8% in the Eastern Carpathians, 13.7% in the Apuseni Mountains 12.7% in the Banat Mountains
and 7.9% in the Subcarpathians. The total projected forest loss (36.6% in the Romanian Plain, 13.7%
in the Moldavian Plateau, 13.0% in the Banat and Cris, ana Plain, 6.1% in the Dobrogea Plateau and
0.9% in the Danube Delta and Razim-Sinoie Lagoon Complex) has resulted in AGFCS decreases by
55.2% in the Romanian Plain, 36.4% in the Banat and Cris, ana Plain and <5% in the Dobrogea and
Moldavian Plateaus and the Danube Delta and Razim-Sinoie Lagoon Complex. However, the resulting
forest loss in the Getic Piedmont (16.9% of the total), the Banat and Cris, ana Hills (8.1% of the total) and
the Transylvanian Tableland (4.7% of the total) has resulted in AGFCS increases by 0.7%, 1.3% and
1.6%, respectively.
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In terms of major vegetation ecoregions, the total projected forest gain in the Carpathian montane
coniferous forests (94.7% of the total) and Pannonian mixed forests (5.3% of the total) has resulted
in a percentage of 95.4% of the total AGFCS increases: 57.2% in the Carpathian montane coniferous
forests and 38.2% in the Pannonian mixed forests. The projected forest loss in the Balkan mixed
forests (45.4% of the total), the Pontic steppe (17.3% of the total) and the East European forest steppe
(12.4% of the total) has resulted in a drop in AGFCS by 74.2%, 17.8% and 7.9%, respectively. However,
the projected forest loss in the Central European mixed forests (24.9% of the total) has resulted in 4.6%
of the total AGFCS increases.

4. Discussion

The baseline AGFB model used in the present approach overestimates the total quantity by about
17% compared to the estimated amount reported in the FAO’s Global Forest Resource Assessment [43]
and the Executive Report of the European Map of Living Forest Biomass and Carbon Stock [10].
An overestimation (11%) was also found compared to the estimated amount reported in the “Use of
National Forest Inventories data to estimate the biomass in the European Forests”—Final report [92].
Furthermore, converting the total standing wood volume (m3) estimated by [93] to tons by using the
mean conversion figure 1 m3 = 725 kg [94], our overestimates increase to 22.3% for the all estimated
amount, and to 4.7% for the estimated quantity per ha. By comparing the resulting values for the
dominant forest species [93], the AGFB model exceeds by 34.6% the estimated quantity for deciduous
species, but is inferior by 10.4% for coniferous species. Additionally, according to the estimated value
for beech forests [95], our results underestimate the AGFB quantity for deciduous species by 32%.
However, these AGFB data provided by different sources are not directly comparable because they
use different approaches to estimate tree biomass, different allometric indicators, different sampling
designs, different specific time-period and different definitions for forest vegetation over the study area.

Overall, according to the AGFB model used, a total of 629.9 Tg of AGFCS quantity was resulted
for 2015, thus making up 6.3% of the total estimated carbon stock in forest biomass in EU countries [96].
By integrating the AGFB model and forest-cover pattern change scenario, our findings suggest a
potential increase in AGFCS in the near future, the calculated positive trend (+4.02%) at national scale
resulting from the potential increase of AGFB with 46.86 Tg. However, as presented in Section 3.3,
we found that the variation of the AGFCS amount is not directly related to the projected forest-cover
pattern dynamics across the area, the resulting correspondence reflecting significant a regional and local
variation of the forest indicators used to estimate AGFB values. For example, the resulting increases of
AGFCS in the Getic Piedmont, the Banat and Cris, ana Hills and the Transylvanian Tableland in relation
to the projected forest loss can indicate that the projected afforestation will prevail in the consistent
forest areas, characterized by high allometric values, while deforestation will be prevalent in the forest
areas with low allometric values and density. Furthermore, the estimated increases of AGFCS in
the Central European mixed forests ecoregion, where significant forest loss was projected, seems to
result from the high AGFB values calculated for the hilly area (where predominantly afforestation was
projected) and low AGFB values calculated for the plain, tableland and plateau areas (where mainly
forest loss is projected).

Due to its large expansion, forest vegetation represents the most important biomass resource in
Romania. However, varying biophysical and socio-economic conditions, as well as historical and
current land-use changes, are seen in significant regional forest-cover variations [74] and thus, in the
important regional variation of AGFB in the area. In this regard, our results support the idea that the
projected disparities in the forest-cover pattern change will result in a large variation of aboveground
forest carbon sink in the area, with net differences between the analyzed major landform units and
major vegetation ecoregions. Overall, the projected increase of forest-cover area in the mountainous
and hilly regions is expected to result in a potential gain of about 23.43 Tg of AGFCS by 2050. In contrast,
the considerable decrease in forest-cover area projected for the tableland, plateau and plain regions is
expected to result in the significant loss of approximately 2.3 Tg. Accordingly, our results suggest that
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expected forest-cover change can compromise carbon storage, which can have important environmental
implications. On the one hand, this can accentuate the effects of climate variability and change and
therefore, lead to the increase of socio-economic vulnerability to drought in the area [97], given that
these regions integrate most of the largest towns in Romania and the highest population density
(approximatively 132 inhabitants/km2) [98]. On the other hand, these changes can increase the risk of
drought and desertification having an impact on the agricultural systems [99,100] and groundwater
processes [58].

Due to the important role of forest biomass in climate change mitigation and adaptation
strategies [5], our results may be significant in implementing effective sustainable forest management
options and related policies. However, the resulting difference between our AGFB model and other
estimated values for Romania suggests that this baseline data may contain several spatial errors
of quantity and allocation and therefore, represent an uncertainty for the practical management of
applications and decisions [101].

Furthermore, the predictive attribute of the data referring to the potential variation of the AGFCS
quantity can have important implications for managing carbon in the forest sector by estimating
potential emissions in relation to the forest gain and loss. In addition, the resulting spatially-explicit
maps can provide baseline information for assessing the value of forest ecosystem goods and services
at pan-European level [10], but also to estimate the potential changes that may occur in the near future.
However, predicting the variation of the AGFCS without modeling the potential changes in forest
structure and composition recommend that the obtained results must first be considered as indicating
the potential trend at national and regional scale, whereas the resulting changes at local level must be
interpreted carefully.

5. Conclusions

The present study attempted to estimate future potential variation of aboveground forest carbon
stock in Romania, by integrating into the spatial and statistical analysis the estimated aboveground
forest biomass for 2015 and the forest-cover pattern change scenario simulated for 2050. Our findings
indicate an overall increase trend in aboveground forest carbon stock up to 2050 at the national scale,
suggesting that the changes in the forest-cover pattern in the area can significantly affect the quantity
of aboveground forest biomass over time. Specifically, the simulated changes in forest-cover pattern
show an overall gain of aboveground forest carbon stock (+4%), as the result of the increased biomass
(+58.85 Tg) estimated for the forest vegetation mainly occurring in the mountain regions and the
decreased biomass (−4.98 Tg) estimated for the forest vegetation developed mainly in the plain areas.

Considering the uncertainties that have affected the resulting data, we assume that several spatial
errors may influence the accuracy of our estimation and therefore, the methodology presented can be
further refined. Hence, using spatial models of potential changes in forest structure and composition
over time may improve the current approach towards obtaining better and more practical results.
However, this work may prove to be an essential step towards understanding the potential impact of
future forest disturbances on the forest carbon sink and therefore, could provide better perspectives in
terms of forest policy and environmental decision-making. Additionally, the current study could be
the starting point for future works aimed at assessing the impact of land-use/cover change on carbon
stock by incorporating the methodology presented.
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