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Abstract: Wildfires are a major environmental issue that have an impact on land degradation. Remote
sensing spectral indices provide valuable information for short-term mitigation and rehabilitation
after wildfires. A study area in the Centre inland of Portugal occupied with Maritime pine and
Eucalypts forests and affected by wildfires in 2003, 2017 and 2020 was used. The aims of the study
were twofold: (1) to compute the Normalized Difference Vegetation Index (NDVI) and with forest
inventory data derivate a Maritime pine production model, differentiate evergreen coniferous forests
(e.g., Maritime pine), evergreen broadleaved forests (e.g., Eucalypts), and shrubland, and monitor
vegetation and its post-fire recovery; and (2) to compute the Normalized Burn Ratio (NBR) difference
between pre-fire and post-fire dates for burn severity levels assessment. The plots of a previous forest
inventory were used to follow the NDVI values in 2007 and from 2020 to 2022. An aerial coverage
in 2007 and the Sentinel-2 imagery in 2020–2022 were used. Linear models fitted maritime pine
production with the transformed NDVI by age, showing a fitting efficiency of 60%. The stratification
of cover types by stand development stage and fire occurrence was possible using the NDVI time
curve, which also showed the impact of fire and of low precipitation. Cover types were ranked by
decreasing NDVI values as follows: mature Eucalypts plantations, young Maritime pine regeneration,
mature Maritime pine, young Eucalypts plantations, Strawberry tree shrubland, Eucalypts plantations
post-fire, Maritime pine post-fire, tall shrubland, and short shrubland. Vegetation post-fire recovery
was lower in higher burn severity level areas. Maritime pine areas have lost their natural regeneration
capability due to the wildfires’ short cycles. Spectral indices were effective tools to differentiate cover
types and assist in the evaluation of forest and shrubland conditions.

Keywords: maritime pine; eucalypts; shrubland; inventory; spectral indices

1. Introduction

In a wide range of world ecosystems, wildfires constitute a major environmental
issue and, in some cases, are a significant cause of land degradation [1]. Wildfires are a
problematic and recurrent issue in Mediterranean ecosystems, especially in countries such
as Spain and Portugal [2–4]. They are a major disturbance factor for Mediterranean forests
and play a critical role in the cycle of vegetation succession and ecosystem structure and
function [5]. Currently, there is a growing concern about the ecological and socio-economic
impacts of wildfires, particularly under a climate change context that implies an increase in
the frequency and severity of wildfires in European countries in the future [6].

Remote sensing can provide valuable information about the type and status of the
vegetation in a consistent way at different spatial and temporal scales [7]. Currently, a
variety of remotely sensed imagery sources are available with different known spectral,
spatial, radiometric and temporal resolutions increasing the choice and suitability for
different purposes of vegetation mapping [8]. Furthermore, remotely sensed imagery can
be processed and transformed to enhance the target phenomena under study [9,10].
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One of the most common techniques of imagery enhancement is the computation
of spectral indices [10]. These indices use the most sensitive spectral bands that allow
highlighting a particular target (e.g., land cover and/or its change and temporal trend).
Nowadays, the most popular spectral indices in use are the Normalized Difference Veg-
etation Index (NDVI) and the Normalized Burn Ratio (NBR), respectively, to monitor
vegetation productivity [11–16] and to detect burned areas and their severity [2–4,9,17–19].
These indices have also been incorporated in time series analysis to systematically detect
burned areas and monitor long-term vegetation recovery [9,20–25].

The NDVI measures vegetation greenness and is related to the structural properties of
plants (e.g., leaf area index and green biomass) and properties of vegetation productivity
(e.g., absorbed photosynthetic active radiation and foliar nitrogen). As NDVI is related to
various vegetation properties, multiple explanations for a change in NDVI are possible.
Nevertheless, the NDVI is being successfully used to assess post-fire effects such as vegeta-
tion regrowth. This is appropriate if a direct change in green vegetation cover is the main
ecological process being measured [21,26].

Since accurate, reliable, and timely burn severity maps are critical for short-term
mitigation and rehabilitation after wildfires [2,17,27], the difference in NBR between pre-
and post-fire images (dNBR) is also being used to infer fire severity from remotely sensed
data [26]. Thus, providing important information regarding the impact of fire on the
environment and how it is distributed throughout the burned area [27]. It is known that
highly severe fires can greatly impact the ecosystem attributes and processes, namely soil
erosion and sedimentation, habitat fragmentation and availability, patterns of vegetation
and community recovery, alien plant invasion and carbon dynamics [28].

Satellite observations also provide a global NDVI time series dataset that allows
the quantification and attribution of ecosystem changes due to ecosystem dynamics and
varying climate conditions [15,21]. Some applications of the NDVI time series have been
the retrospective modeling of forest productivity over larger areas regarding the maximum
growing season NDVI [15] and the differentiation of forestland types, such as evergreen,
deciduous, and mixed forests, by its characteristic NDVI time curves throughout the annual
growing season [22]. Indeed, in the past years, NDVI time-series imagery has been widely
used to monitor evergreen forests on a large scale. But when using low spatial resolution
imagery to study large areas and/or low complexity landscapes, the mixed pixel problem
should be considered when extracting land cover types [23].

Vegetation types can be differentiated as the NDVI annual mean or peak provides
an integrated view of photosynthetic activity, the seasonal NDVI amplitude infers the
composition of evergreen and deciduous vegetation and the length of the NDVI growing
season can be related to phenological change. Regarding the occurrence of negative NDVI
trends (“browning”), they are usually associated with fire activity, increasing water vapor
pressure deficit or to cooling spring temperatures [15,21]. In that view, an NDVI-CV method
is a methodological approach that was successfully applied to differentiate various types
of vegetation. The method is based on the analysis of the NDVI time curve throughout
the annual growing cycle by combining the annual minimum NDVI (NDVIann-min) with
the observed coefficient of variation (CV) and so considering all the phenological critical
phases to differentiate the cover types (e.g., evergreen trees, deciduous trees, mixed trees,
farmland, and fallow land) [23].

For instance, when comparing the NDVI values of evergreen forests with deciduous
forests throughout the year, the latter shows a lower NDVI before the green up. It increases
rapidly from green up to maturity, stays higher from maturity to senescence and then gets
lower again after dormancy. Conversely, evergreen forest NDVI values throughout the
year are frequently high, with small-scale fluctuation. As might be expected, mixed forests
combine the characteristics of both deciduous forests and evergreen forests: intermediate
NDVI values before the green up and after dormancy and higher NDVI values from
maturity to senescence but with a fluctuation range [22].
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In Portugal, according to the National Forest Inventory (NFI) data, although Mar-
itime pine (Pinus pinaster Aiton) was the most widespread species until 2005, the Euca-
lypts (mainly, Eucalyptus globulus Labill.) are presently the most abundant species (26%;
811,943 ha) followed by Cork oak (Quercus suber L.; 23%; 736,775 ha), Maritime pine (23%;
714,445 ha), and Holm oak (Quercus rotundifolia Lam.; 11%; 331,179 ha) [29]. Maritime pine
is a native pioneer evergreen coniferous species mainly established by natural regeneration.
In contrast, Eucalypts is an exotic evergreen broadleaved species installed by plantation.
Maritime pine and Eucalypts forests provide most of the wood harvested in Portugal, used
mainly as raw materials for the wood-based industry. In the last decades, the Maritime
pine area has been decreasing mainly due to forest fires. Most of the species’ burned area
has been converted into shrubland, pastures, and Eucalyptus plantations [29].

Moreover, both Maritime pine and Eucalypts forests have a concurrent geographical
distribution in Portugal, so it is important to apply methodologies that may allow the
differentiation of these two types of forests. Indeed, the NDVI-CV method has proved
to be effective in extracting evergreen trees from other types of vegetation. As evergreen
tree growth characteristics remain nearly unchanged during the phenological cycle, the
NDVIann-min is the optimal moment to separate them from other vegetation types [23].
However, to our best knowledge, this method has not yet been essayed to differentiate
evergreen coniferous forests (e.g., Maritime pine) from evergreen broadleaved forests
(e.g., Eucalypts).

Therefore, this study’s research hypotheses were that the use of remotely sensed spec-
tral indices would be effective: (1) to model Maritime pine production (wood and biomass)
using the NDVI as the explanatory variable; (2) to differentiate evergreen coniferous forests
(e.g., Maritime pine), evergreen broadleaved forests (e.g., Eucalypts), and shrubland by
their NDVI time curve patterns; and (3) to monitor vegetation disturbances such as fire
events and/or stress by weather conditions variations using the NDVI and the NBR.

Thus, the aims of this study were twofold: (1) to compute the NDVI and use forest
inventory data to derivate a Maritime pine production model, differentiate evergreen
coniferous forests (e.g., Maritime pine), evergreen broadleaved forests (e.g., Eucalypts), and
shrubland, and monitor vegetation and its post-fire recovery; and (2) to compute the NBR
difference of pre-fire and post-fire dates for burn severity levels assessment.

To that end, it was selected a study area in the Centre inland of Portugal mainly
occupied by evergreen forests (Maritime pine naturally regenerated forests and Eucalypts
plantations) and affected by wildfires in 2003, 2017 and 2020. The inventory data collected
in 2007 and the NDVI computed from the aerial coverage of the same year were used for
modeling purposes. After, the inventory plots were used to follow cover types change
from 2007 to 2020 due to the occurrence of the wildfires. The Sentinel-2 imagery was used
to compute the NDVI for 2020–2022 and the NBR pre and post 2000 wildfire dates. Plots’
NDVI values in 2007 and 2020 were used to explore cover types. The NDVI time curve
throughout the 2020 growing season was used to differentiate the cover types. Regarding
the last wildfire in 2000, the NBR was used to assess its severity and the NDVI to monitor
the post-fire effects on vegetation and its recovery until the present year of 2022. The
burn severity map for the 2020 wildfire was used to explain plots’ NDVI values post-
fire and vegetation recovery. Climatological data was also used to explain other plots’
NDVI anomalies.
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2. Materials and Methods
2.1. Study Area

The study area is a locality in the Centre inland of Portugal (Figure 1a) with 3100 ha
of area. This study area, the locality of Sarnadas de S. Simão (6.04734◦ W, 6.11400◦ E,
44.19665◦ S, 44.28486◦ N), has suffered significant changes in its forest cover throughout the
last decades. According to the Portuguese land cover/land use official maps (COS—Carta
de Ocupação do Solo) [30], in 1995, the study area was mainly occupied by Maritime
pine forest (Figure 1b). In 2007, due to the 2003 wildfire (Figure 2b), the Maritime pine
forest decreased substantially (Figure 1c). After a decade, in 2017, another severe wildfire
(Figure 2c) was the vector for the continuing decrease of Maritime pine forests and the
increase of Eucalypts plantations (Figure 1d).
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According to the Portuguese burned areas’ official maps [31], between 1990 and 1999 
(Figure 2a), the study area was considerably burned. Later in 2003, a severe wildfire 
burned the study area’s northern zone (Figure 2b). Fourteen years later, in 2017, another 
severe wildfire burned the study area’s northern-east and southern-east zones extensively 
(Figure 3c). More recently, in 2020, a wildfire burned the study area’s western zone, a 
mountain area that integrates the Geopark of “Naturtejo da Meseta Meridional” 
belonging to the UNESCO World Geoparks (Figure 2d). As a result, currently, the only 

Figure 1. Study area—locality of Sarnadas de S. Simão (Portugal): (a) Geographic location (6.04734◦ W,
6.11400◦ E, 44.19665◦ S, 44.28486◦ N); (b) land cover in 1995 (COS 1995); (c) land cover in 2007 (COS
2007); and (d) land cover in 2018 (COS 2018) [30].

According to the Portuguese burned areas’ official maps [31], between 1990 and 1999
(Figure 2a), the study area was considerably burned. Later in 2003, a severe wildfire
burned the study area’s northern zone (Figure 2b). Fourteen years later, in 2017, another
severe wildfire burned the study area’s northern-east and southern-east zones extensively
(Figure 2c). More recently, in 2020, a wildfire burned the study area’s western zone, a
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mountain area that integrates the Geopark of “Naturtejo da Meseta Meridional” belonging
to the UNESCO World Geoparks (Figure 2d). As a result, currently, the only unburned area
is located within an area set by the triangulation of the three settlements of this locality due
to the efforts of firefighting to defend people and assets.
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2.2. Data
2.2.1. Field Data—Forest Inventory (2007)

A forest inventory data performed in 2007 was used, wherein a systematic sampling
supported by a geo-referenced 500 m spacing grid allowed to install 60 circular plots of
500 m2 [32].

Due to the wildfire in 2003 (Figure 2b), the northern zone was covered either by shrubland
(13 plots) or by young naturally regenerated Maritime pine stands that were too small to be
measured (18 plots) (Figure 1c). Differences in plot land cover in 2007 and the Portuguese
official land cover map COS 2007 [30] are due to the minimum mapping unit used in that
map (set as one ha) when compared with the plot area (500 m2) (Appendix A—Table A1).

The most representative species in shrubland areas were Cytisus sp., Cistus sp., and
Erica sp., Arbutus unedo, Pterospartum tridentatum and Pteridium sp.

Maritime pine regeneration of around 1000 to 50,000 seedlings per ha was observed
three-four years after the 2003 wildfire, although irregularly distributed over the plot area
(ground cover ranging from 10 to 30 %). A better ground cover was verified in areas with
shorter seedlings (Table 1) [32].
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Table 1. Forest inventory—summary statistics for Maritime pine natural regeneration (n = 18) [32].

Variables n Min. Max. Mean SD

Tall regeneration—seedlings mean height ≥ 1.30 m

Ground cover GC (%) 6 10 30 18 7.6
Number of seedlings per ha Ns (seedlings ha−1) 8 1000 50,000 32,625 15,519.0

Seedlings mean age ts (years) 8 3 4 4 0.4

Short regeneration—seedlings mean height < 1.30 m

Ground cover GC (%) 8 10 90 62 31.6
Number of seedlings per ha Ns (seedlings ha−1) 10 300 30,000 8442 10,860.1

Legend: n—sample size; Min.—minimum; Max.—maximum; Std. dev.—standard deviation.

Mature Maritime pine stands could only be found in the southern zone of this locality
(25 plots; Figures 1b and 2b). Eucalypts plantations were quite residual (one plot), but
the species was also found in mixed dominant or dominated stands with Maritime pine
(three plots). In each plot, the diameter at breast height (d) was measured for all trees
larger than 5 cm. Tree total height (h) was measured in a subset of trees (sample trees)
proportionally selected to the diameter class frequency and in dominant trees. The data
collected allowed for an overall characterization of Maritime pine stands in 2007. The
standard stand variables considered were the following: N, number of trees per hectare
(trees ha−1); G, basal area per hectare (m2 ha−1); dg, quadratic mean diameter (cm); h, mean
height (m); ddom, dominant diameter (cm); hdom, dominant height (m); Fw, Wilson’s factor;
t, stand age (year); Sh25, site productivity; and V, stand volume (m3 ha−1) (Table 2).

Table 2. Forest inventory—summary statistics for Maritime pine stand variables (n = 25) [32].

Variables Min. Max. Mean SD

Number of trees per ha N (trees ha−1) 340 2800 970 730.57
Basal area per ha G (m2 ha−1) 2.31 45.69 18.04 12.80

Quadratic mean diameter dg (cm) 6.64 31.55 16.41 8.54
Mean height h (m) 6.26 21.25 12.58 5.11

Dominant diameter ddom (cm) 8.83 40.32 22.92 10.85
Dominant height hdom (m) 7.50 25.56 15.14 5.22
Wilson’s Factor Fw 0.15 0.62 0.28 0.13

Stand age t (year) 7 40 21 11.03
Site productivity Sh25 (m) 12.09 22.24 16.98 2.44

Total volume V (m3 ha−1) 10.51 461.38 133.80 122.10

Stem under bark biomass Ws (Mg ha−1) 2.99 195.04 54.11 51.67
Bark biomass Wb (Mg ha−1) 0.85 23.95 8.55 6.76

Branches biomass Wbr (Mg ha−1) 0.61 32.84 10.13 9.44
Leaves biomass Wl (Mg ha−1) 0.78 11.94 5.43 3.45

Aboveground biomass Wa (Mg ha−1) 5.59 263.77 78.22 70.91
Roots biomass Wr (Mg ha−1) 1.92 16.82 8.12 4.43
Tree biomass W (Mg ha−1) 8.18 277.29 86.34 73.74

Legend: n—sample size; Min.—minimum; Max.—maximum; Std. dev.—standard deviation.

Wilson’s factor (Fw) is a density index used to assess the stand stocking, and values of
0.11, 0.16, 0.20, 0.23 and 0.28 correspond, respectively, to the thinning grades A (natural
mortality), C (light thinning), C/D, D and E (heavy thinning) [32].

Site productivity was assessed using a height index model (Sh25) that is defined
as the expected tree height at the reference diameter of 25 cm [33]. The following was
the correspondence between Sh25 and the mean annual increment of stand total volume
at the rotation age of 45 years (MAI45): for Sh25 = 13 a MAI45 = 5 m3 ha–1 year–1, for
Sh25 = 15 a MAI45 = 7 m3 ha–1 year–1 and for Sh25 = 17 a MAI45 = 9 m3 ha–1 year–1 [32,34].
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In this study, Maritime pine biomass production (Mg ha−1 of dry matter) by tree compo-
nent (e.g., stem under bark, bark, branches, leaves and roots) was simulated by applying the
prediction equations for the species in Portugal by Faias [35] (Appendix A—Table A2).

2.2.2. Remote Sensing Imagery (2007 and 2020–2022)—Spectral Indices

For the year 2007, the official aerial coverage for Portugal obtained between July and
November of that year, with a spatial resolution of 0.5 m, was used. The coverage of the
study area comprises seven infrared false color orthophoto imagery (Figure 3a).
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For the years from 2020 to 2022, the year of the last wildfire and after, the Sentinel-2
imagery was used. Sentinel-2 is one of the various missions of the European Union’s earth
observation program called Copernicus. The first satellite, Sentinel-2A, was launched on
23 June 2015 (https://sentinels.copernicus.eu/web/sentinel/missions/sentinel-2 (accessed
on 1 September 2022)). Currently, two twin Sentinel-2 satellites (A and B) offer coverage
with a high spatial resolution (up to 10 m) and temporal resolution (5 days) [36].

For this study, the Sentinel-2 Multispectral Instrument (MSI) imagery, level 2A (at-
mospherically, radiometrically and geometrically corrected), with less than 5% of clouds
coverage (Figure 3b), was downloaded for 10 dates of the years 2020–2022 (Table 3).

Table 3. Sentinel-2A MSI imagery—date of acquisition.

Year Date of Acquisition

January February March April May June July August September October November December

2020 10 29 28 28 26
2021 15 14 21
2022 30 9

The Sentinel-2 MSI imagery has 13 spectral bands covering the spectral range from
440 to 2180 nm, with spatial resolutions of 10, 20 and 60 m (Table 4).

The NDVI (Table 5) was computed from both sets of imagery, respectively, with a
spatial resolution of 0.5 m for the orthophotos imagery and with a spatial resolution of 10 m
for the Sentinel-2 imagery. The NBR (Table 5) was computed from the Sentinel-2 imagery,
using the SWIR2 band with a spatial resolution of 20 m, for the dates before and after the
wildfire on 13 September 2020.

A Geographic Information System (GIS) software, the free open-source software SAGA
(System for Automated Geoscientific Analyses) (https://saga-gis.sourceforge.io/en/index.

https://sentinels.copernicus.eu/web/sentinel/missions/sentinel-2
https://saga-gis.sourceforge.io/en/index.html
https://saga-gis.sourceforge.io/en/index.html
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html (accessed on 1 September 2022)), was used to perform the imagery computations. The
Coordinate System [EPSG 32629]: WGS84/UTM zone 29N was used.

Table 4. Sentinel-2 MSI—spectral bands and spatial resolution [4].

Band Name Central Wavelength
(nm)

Spatial Resolution
(m)

1 Coastal aerosol 443 60
2 Blue 490 10
3 Green 560 10
4 Red 665 10
5 Red-edge 1 705 20
6 Red-edge 2 740 20
7 Red-edge 3 783 20
8 Near Infrared (NIR) 842 10
8a NIR narrow 865 20
9 Water vapor 945 60
10 Cirrus 1375 60

11 Short-wave Infrared
(SWIR) 1 1610 20

12 SWIR 2 2190 20

Table 5. Spectral indices—Normalized Difference Vegetation Index (NDVI) and Normalized Burn
Ratio (NBR) [2].

Acronym Spectral Bands Formula

R—red band (NIR−R)
(NIR+R)NDVI NIR

SWIR (NIR−SWIR)
(NIR+SWIR)NBR NIR

2.2.3. Climatological Data—Local Station (2020–2022)

The closest local climatological station to the study area is located in Castelo Branco
(around 40 km). The monthly climatological reports were downloaded from the official
national portal of Instituto Português do Mar e da Atmosfera (IPMA) [37].

In this study, the climatological data regarding the hydrological years 2019/2020,
2020/2021 and 2021/2022 (until May) were used to obtain the evolution of monthly average
temperatures (minimum and maximum ◦C) and total monthly precipitation (mm) (Figure 4).
The accumulated monthly precipitation (mm) for each hydrological year was 708.9 mm,
695.8 mm and 326.2 mm (until May). These data were used to explain the NDVI values
observed in the study area throughout 2020–2022.
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Figure 4. Climatological data: Castelo Branco station (2020–2022)—monthly average temperatures
(minimum and maximum ◦C) and total monthly precipitation (mm) [37].
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2.3. Methods
2.3.1. Forest Inventory Plots’ NDVI Assessment

The NDVI imagery computed from the orthophotos obtained in July 2007 (Figure 5a)
allowed to evaluate the average NDVI for each forest inventory plot (500 m2) using a sub-
sample consisting of a kernel of 20 × 20 pixels around the plot center (100 m2) (Figure 6b).
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Figure 6. Orthophoto and NDVI imagery (July 2007)—spatial resolution 0.5 m: (a) FCC showing
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2.3.2. NDVI and Maritime Pine Production (2007)

The WEKA (Waikato Environment for Knowledge Analysis) open-source software
was used for modeling purposes [38,39]. Maritime pine plots’ average NDVI in 2007,
computed in a sub-sample of a kernel of 20 × 20 pixels around the plot center (100 m2),
were first explored regarding this species’ dendrometric characteristics (Table 2). In the
WEKA software, the search method “Rankers” under the “Correlation Attribute Evaluation”
was used as it provides a selection ranking technique for the predictors’ inclusion in the
final regression model by measuring the correlation (Pearson) between the predictor and
the class.

Afterward, Maritime pine wood production (V) and aboveground biomass produc-
tion (Wa) were fitted by simple linear regression using the plots’ average NDVI as the
explanatory variable. Due to the poor correlation observed between the plots’ average
NDVI and V and Wa, the transformed NDVI, set as NDVI_a = NDVI (t/R) with R = 40 year,
was also essayed [12]. In the WEKA software, under “Classify,” several modeling algo-
rithms are available, namely simple linear regression. WEKA software provides k-fold
cross-validation to test the algorithm’s accuracy by dividing the data set into k subsets. One
of these subsets is randomly selected as the test set, and the other k-1 subset constitutes the
training sample in each run. The models’ fitting performance is assessed using statistics
such as the pseudo-coefficient of determination (R2), the mean absolute error (MAE) and
the root mean squared error (RMSE).

2.3.3. NDVI by Cover Type (2007 and 2020–2021)

The plots’ average NDVI in 2007 was also used to explore the differences between cover
types (e.g., shrub; Maritime pine regeneration; Maritime pine; and pure and mixed Eucalyptus).

Afterward, the cover type in each plot in 2020 was updated using the Portuguese
official land cover map COS 2018 [30] (Figure 1d) and by Google Earth imagery photo
interpretation (May–Jun 2019). Again, the plots’ NDVI was used to explore the differences
between cover types (e.g., shrub; Maritime pine; Eucalyptus) throughout the 2020 growing
season (10 March 2020, 29 May 2020, 28 June 2020, 28 July 2020 and 26 September 2020).

A two-sample Z-test for means, at a confidence level of 95%, was performed to
compare the plots’ average NDVI by cover type in July 2007 and on 28 July 2020. Then, the
NDVI ann-min and CV method was used to differentiate the cover types throughout the
2020 growing season by its NDVI time curve [23]. Then, a further detailed analysis was
also performed for plots of specific cover types throughout the 2020 growing season by its
NDVI time curve.

2.3.4. Burn Severity and Post-Fire Vegetation Recovery Monitoring (2020–2022)

In the year 2020, a wildfire on 13 September affected the study area (Figure 2d).
Fire burn scars were explored using the NBR pre-fire (6 September 2020) and post-fire
(26 September 2020). Then, the difference in the NBR between the two dates was obtained.
After, the dNBR was used to classify burn severity according to the levels proposed
by the European Forest Fire Information Service (EFFIS) (Table 6) [4]. The Portuguese
official burned area map of 2020 (Figure 2d) was overlaid on the dNBR image and used as
a reference.

Table 6. Burn severity—differenced Normalized Burn Ratio (dNBR) thresholds proposed by the
European Forest Fire Information Service (EFFIS) [4].

EFFIS Thresholds Severity Level

dNBR < 0.100 Unburned/Very low
0.100 ≤ dNBR ≤ 0.255 Low
0.256 ≤ dNBR ≤ 0.419 Moderate
0.420 ≤ dNBR ≤ 0.660 High

dNBR > 0.660 Very high
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The NDVI was used to monitor vegetation recovery post-fire (26 September 2020)
during three six-month periods from 2021 to 2022 (15 March 2021, 21 September 2021
and 9 May 2022). As it is known, the NDVI values range from −1 to 1, where water
surfaces, manmade structures, rocks, clouds, and snow correspond to negative values;
bare soil usually falls within the 0.1–0.2 range and plants will always have positive values
between 0.2 and 1. Particularly, a healthy, dense vegetation canopy should be above 0.5,
and sparse vegetation will most likely fall within the 0.2 to 0.5 range [40]. Thus, the NDVI
imagery was reclassified considering three greenness classes (Table 7) to monitor vegetation
recovery post-fire.

Table 7. Normalized Difference Vegetation Index (NDVI) thresholds for greenness classes [40].

Thresholds Greenness Classes

NDVI < 0.2 Non-vegetation
0.2 ≤ NDVI < 0.5 Low vegetation

NDVI ≥ 0.5 High vegetation

In addition, the burned plots in the 2020 wildfire were monitored to understand the
NDVI pattern regarding its burn severity levels between 2020 and 2022 (10 March 2020,
29 May 2020, 28 June 2020, 28 July 2020, 6 September 2020, 26 September 2020, 15 March 2021,
14 May 20021, 21 September 2021, 30 March 2022 and 9 May 2022).

3. Results
3.1. NDVI and Maritime Pine Production (2007)

The correlation between the Maritime pine plots’ average NDVI and stand variables
was poor (less than 0.22). The best five variables correlation were the following: G (−0.22);
Sh25 (−0.18); N (0.17); Wl (0.17); and Wr (0.17). The variables G and N are absolute measures
of stand density, the variable Sh25 is an indicator of site productivity, and the variables Wl
and Wr give an insight, respectively, of tree crown photosynthesis capability and tree roots
growing space in the stand. All these variables are important parameters that determine
stand production.

Regarding the plots’ average NDVI correlation with wood production (V) and above-
ground biomass production (Wa), it was found to be very low (around 0.03). Only, using
the transformed NDVI_a, correlations between 0.72 and 0.73 were achieved. Therefore, as
expected, the modeling efficiency of the linear models V = f(NDVI_a) and Wa = f(NDVI_a)
was not very high (R2 around 60%) (Figure 8a,b).

These Maritime pine stands were established by natural regeneration, and, in 2007,
they were mainly under-stocked or very under-stocked. The inexistent or inappropriate
silvicultural intervention may explain this under-stocked condition, such as the application
of a single and late high-grade thinning without having stand stability under consid-
eration [32]. Both the establishment regime of these stands (natural regeneration, thus
with irregular spacing) and the absence of an appropriate stand management prescription
convey a high variability of the development conditions between stands and as well in
horizontal and vertical stands’ structures (diametric and height distributions) (Table 2).
This variability has a negative impact on the modeling efforts, as was verified. These
stands also have a substantial understory coverage (average around 54%) that may have
influenced the observed NDVI values.
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Figure 8. Mature Maritime pine naturally regenerated production (V and Wa) and NDVI_a models:
(a) V = f(NDVI_a)—plot, model, and fitting and prediction statistics; and (b) Wa = f(NDVI_a)—plot,
model, and fitting and prediction statistics.

3.2. NDVI by Cover Type (2007 and 2020–2021)

In 2007, the plots’ average NDVI by cover type (e.g., S—Shrub; MP—Maritime pine;
MPr—Maritime pine regeneration; and E—pure and mixed Eucalypts) showed high variation,
thus not allowing good discrimination between covers (Figure 9; Appendix A—Figure A1).
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Figure 9. Forest inventory plots’ NDVI (2007): (a) plots’ NDVI by cover types (S—Shrub;
MP—Maritime pine; MPr—Maritime pine regeneration; and E—pure and mixed Eucalypts; and (b)
NDVI variability by cover type.

In 2020, the plots’ NDVI by cover type (e.g., shrub, Maritime pine and Eucalyp-
tus) showed high variation again, thus not allowing good discrimination between them
(Figure 10).

The results of the two sample Z-test for means to compare the plots’ average NDVI by
cover type, either in July 2007 and on 28 July 2020, indicated that no statistically significant
differences were found, at a 95% confidence level, between mature Maritime pine and the
other cover types.

The analysis of plots’ NDVI by cover type throughout the growing season (March
to September 2020) showed a peak (greening) in early spring and early fall and a hole
(browning—NDVI ann-min) in July for the three cover types (Figure 11a).
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Figure 10. Forest inventory plots’ NDVI (28 July 2020): (a) plots’ NDVI by cover types (S—Shrub;
MP—Maritime pine; and E—Eucalypts); and (b) NDVI variability by cover type.
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Figure 11. Forest inventory plots’ NDVI during the 2020 growing season (March–September 2020):
(a) Plots’ mean NDVI by cover type (S—Shrub; MP—Maritime pine; and E—Eucalypts); and
(b) Annual minimum NDVI and coefficient of variation (CV) by cover type.

When analyzing the annual minimum NDVI (NDVI ann-min) with the coefficient
of variation (CV) throughout the 2020 growing season for each cover type (e.g., shrub,
Maritime pine and Eucalyptus), significant differences were shown (Figure 11b). Shrubs
showed high NDVI ann-min and intermediate CV. Eucalypts plantations showed both
intermediate NDVI ann-min and CV, and Maritime pine naturally regenerated forest
showed low NDVI ann-min and high CV (Figure 11b).

The detailed analysis of plots’ NDVI allowed to stratify plots of specific cover types
by stand development and fire occurrence (Figure 12a) as follows: Eucalypts mature (plot
n◦ 44), young (plot n◦ 48), and post-fire (plot n◦ 49); Maritime pine mature (plot n◦ 24),
young (plot n◦ 37), and post-fire (plot n◦ 6); and shrubs post-fire (plot n◦ 17—Arbutus
unedo, plot n◦ 51—Erica sp. And plot n◦ 54—Cytisus sp.). All plots were burned in the 2003
wildfire except for plot n◦ 24 (Maritime pine mature). Most of the plots were also burned
in the 2017 wildfire except for plots n◦ 24 (Maritime pine mature), plot n◦ 37 (Maritime
pine young regeneration), plot n◦ 44 (Eucalypts mature) and plot n◦ 48 (Eucalypts young)
(Appendix A—Table A1, Figures A2–A4).
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Figure 12. Chosen forest inventory plots’ NDVI throughout the 2020 growing season (March–September
2020): (a) Plots’ mean NDVI by cover type (Eucalypts mature, young, and post-fire; Maritime pine
mature, young, and post-fire; and Shrubs and shrubs post-fire); and (b) Annual minimum NDVI and
coefficient of variation (CV) by cover type.

These nine plots’ NDVI were analyzed regarding their NDVI time curve throughout
the 2020 growing season (March–September 2020) (Figure 12a), and their NDVI ann-min
and CV were evaluated (Figure 12b).

The nine plots’ cover types could be ranked by decreasing NDVI values as follows:
mature Eucalypts plantations (plot n◦ 44: NDVI = 0.82; CV = 0.02), young Maritime pine
regeneration (plot n◦ 37: NDVI = 0.75; CV = 0.07), mature Maritime pine (plot n◦ 24:
NDVI = 0.68; CV = 0.05), young Eucalypts plantations (plot n◦ 48: NDVI = 0.56; CV = 0.15),
Strawberry tree shrubland (plot n◦ 17: NDVI = 0.56; CV = 0.17), Eucalypts plantations post-
fire (plot n◦ 49: NDVI = 0.49; CV = 0.15), Maritime pine post-fire (plot n◦ 6: NDVI = 0.48;
CV = 0.13), tall shrubland (plot n◦ 54: NDVI = 0.46; CV = 0.16) and short shrubland (plot n◦

51: NDVI = 0.44; CV = 0.11) (Figure 12b).

3.3. Burn Severity and Post-Fire Vegetation Recovery Monitoring (2020–2022)

The fire burn scar of the wildfire on 13 September 2020 was extracted using the dNBR
(Figure 13c) between the pre-fire date (Figure 13a—6 September 2020) and the post-fire
date (Figure 13b—26 September 2020). This allowed the observation of a very high burn
severity throughout all the study areas burned areas (Figure 13).

Forest vegetation recovery post-fire (after 13 September 2020) showed that in early
spring (15 March 2021), the recovery was not very significant (Figure 14a,d). However,
substantial recovery was already observed in late summer (21 September 2021) (Figure 14b,e).
In the following year, early spring (9 May 2022), an overall decrease in greenness was
observed (Figure 14c,f) because of a very dry winter (Figure 4—January and February 2022).

Only four plots (plots n◦ 26, 35, 40 and 45) were burned in the 2020 wildfire but with
different fire severities (Figures 15 and 16).
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Figure 14. Post-fire recovery—13 September 2020 (fire limits in red): (a) NDVI 15 March 2021;
(b) NDVI 21 September 2021; (c) NDVI 9 May 2022; (d) NDVI classes 15 March 2021; (e) NDVI classes
21 September 2021; and (f) NDVI classes 9 May 2022.
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Figure 15. Forest inventory burned plots in 2020: NDVI (March 2020–May 2021).

These plots were also burned in the 2003 and 2017 wildfires (Appendix A—Table A1,
Figures A2 and A4). In 2007, the plot n◦ 26 land cover was shrub (50% Erica sp.), plot n◦

35 was shrub (50% Cytisus sp.), plot n◦ 40 was shrub (60% Arbutus unedo) and plot n◦ 45
was shrub (50% Cistus sp.) (Appendix A—Figure A5). Again, in early spring (15 March
2021), these plots’ landcover recovery was not very significant, followed in late summer
(21 September 2021) by a substantial recovery, and in the following year, early spring
(9 May 2022) by an overall decrease in greenness (Figures 15 and 16) due to a very dry
winter (Figure 4—January and February 2022).
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4. Discussion

This study’s research hypothesis was that the use of remotely sensed spectral indices
would be effective: (1) to model Maritime pine production (wood and biomass) using the
NDVI as the explanatory variable; (2) to differentiate evergreen coniferous forests (e.g.,
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Maritime pine), evergreen broadleaved forests (e.g., Eucalypts), and shrubland by their
NDVI time curve patterns; and (3) to monitor vegetation disturbances such as fire events
and/or stress by weather conditions variations using the NDVI and the NBR.

Regarding the first purpose of modeling mature Maritime pine wood production (V)
and aboveground biomass production (Wa), the NDVI was successfully achieved with a
fitting efficiency of around 60% using the transformed NDVI by stand age (NDVI_a) as
the explanatory variable. Indeed, the NDVI has been used for the quantitative assessment
of vegetation and biomass in several other studies [11]. Moreover, the results obtained in
this study are consistent with other studies that used the NDVI with forest inventory data
to model wood production and biomass [12,13]. Wherein the wood production (m3 ha−1)
of planted forests of Eucalypts and Pine was modeled using a linear model of NDVI_a
as the explanatory variable with fitting efficiencies of 79% and 60%, respectively, for each
species [12]. However, other studies pointed out that better efficiencies in modeling forest
aboveground biomass were achieved when a fusion of remote sensing data sources (e.g.,
hyperspectral, LiDAR and RADAR imagery) was used [41,42]. Moreover, the NDVI was
used to monitor forest plantations’ wood quality due to its positive correlation with a
uniformity index that is stand height-based [14].

Moving to the second purpose, which focused on the use of the NDVI to differentiate
cover types, it should be first noted that the NDVI computed from the orthophoto imagery
(spatial resolution of 0.5 m) was found to be much lower than the NDVI computed from the
Sentinel-2 imagery (spatial resolution of 10 m). This difference is consistent with the findings
of a study that compared the NDVI values of three land cover types (e.g., forest, golf course
grass and airport runway in concrete) computed from one aerial and four free satellite data
sources acquired in autumn between 2016 and 2019. In that study, the NDVI computed from
the USDA National Agriculture Imagery Program aerial photography (spatial resolution
of 0.6 m) for vegetation covers was found to be much lower when compared to the one
computed from the Sentinel-2 surface reflectance data (spatial resolution of 10 m) [19].

In fact, continuous efforts have been made to compare NDVI values acquired with
different sensors. But as is known, sensor types are characterized by varying sensor
technologies and platforms, which differentiate remote sensing data sets. Thus, due to
differences in bandwidths, spatial resolutions and data processing, different sensors can
deliver notably different NDVI behaviors, particularly between spaceborne and airborne
sensors [19]. Nevertheless, the NDVI effectively expresses vegetation status and quantifies
vegetation attributes. Still, aspects such as the atmospheric effect, saturation phenomenon,
and sensor factors must be considered to avoid its misuse, especially in unmanned aerial
systems (Drones) applications [19].

Secondly, regarding plots’ average NDVI by cover type, computed from the orthophoto
imagery of July 2007, a high variation was observed, thus not allowing discrimination
between covers. The same was verified in the plots’ average NDVI by cover type computed
from the Sentinel-2 imagery of 28 July 2020. Moreover, no significant statically differences
were found between mature Maritime pine and the other types of cover under analysis
in July 2007 and on 28 July 2020. Therefore, indicating that features other than the cover
type, such as stand development stage (young vs. mature) and fire occurrence (unburned
vs. burned), must be considered to differentiate them. In effect, it is known that NDVI
measures vegetation greenness and is related to structural properties of plants (e.g., leaf area
index and green biomass) but also to properties of vegetation productivity (e.g., absorbed
photosynthetic active radiation and foliar nitrogen) [21].

Even so, the NDVI ann-min and CV approach proved to be efficient in differentiating
cover types using its NDVI time curve throughout the growing season. As a result, shrubs
showed a high NDVI ann-min and intermediate CV (NDVI = 0.40; CV = 0.19), Eucalypts
plantations showed both intermediate NDVI ann-min and CV (NDVI = 0.26; CV = 0.23)
and Maritime pine naturally regenerated forest showed a low NDVI ann-min and high CV
(NDVI = 0.17; CV = 0.29). These results are consistent with the theoretical knowledge that
coniferous forests (e.g., Maritime pine) have a lower NIR reflectance when compared to
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broadleaved forests (e.g., Eucalypts) [10,43] and hence respectively, have lower and higher
NDVI values. Regarding Maritime pine, the higher CV may be explained due to these
stands being established by natural regeneration (irregular tree spacing), resulting in high
variability in density and biomass. Conversely, Eucalypts are established by plantations
following a well-defined silvicultural prescription (e.g., regular spacing of 3 × 2 or 3 × 3 m,
that is, an initial stand density of 1111 to 1667 trees per ha).

When considering the cover types stratification by stand development stage and by
the occurrence of fire, a ranking by decreasing NDVI values was obtained as follows:
mature Eucalypts plantations (NDVI = 0.82; CV = 0.02), young Maritime pine regener-
ation (NDVI = 0.75; CV = 0.07), mature Maritime pine (NDVI = 0.68; CV = 0.05), young
Eucalypts plantations (NDVI = 0.56; CV = 0.15), Strawberry tree shrubland (NDVI = 0.56;
CV = 0.17), Eucalypts plantations pos-fire (NDVI = 0.49; CV = 0.15), Maritime pine post-fire
(NDVI = 0.48; CV = 0.13), tall shrubland (NDVI = 0.46; CV = 0.16) and short shrubland
(NDVI = 0.44; CV = 0.11).

As expected, mature Eucalypts plantations showed higher NDVI than mature Mar-
itime pine naturally regenerated. Eucalypts plantations post-fire and Maritime pine post-
fire also showed the same trend. But the same was not true for young Eucalypts plantations,
and young Maritime pine naturally regenerated due to the type of stand establishment
(plantation vs. natural regeneration). In young Eucalypts plantations, the mixed pixel
problem may explain the low NDVI value as, at the plantation stage, substantial bare soil
is exposed (spatial resolution 10 × 10 m) [23]. Conversely, the establishment of young
maritime pine by intense natural regeneration and providing complete ground coverage
had a high NDVI value.

In view of the third purpose focused on the use of NDVI and NBR to monitor vegeta-
tion disturbances (e.g., fire events and/or low precipitation). The dNBR allowed to map
the 2020 burned area and assess the burn severity levels. It was possible to observe that the
mountain area in the study area’s western zone had burned with high burn severity. Indeed,
the NBR computed from the Sentinel-2 MSI short-wave infrared 2—SWIR2 produced good
results for detecting burned areas and obtaining the burning severity levels [3,4,17,18]. Sev-
eral studies have proved that Sentinel-2 MSI imagery can be used to differentiate burned
areas and burning severity [17]. Wherein the most suitable MSI bands to detect burned
areas were the 20 m NIR, SWIR and red-edge bands [18]. Indeed, the NBR computed
with the SWIR2 band produced the best results for detecting burned areas and separating
burning severity levels in the Sierra de Gata region (Spain) [17]. In Galicia (Spain), to carry
out a restoration campaign after the 2017 forest fires, the dNDVI and dNBR of pre-fire and
post-fire dates were used. Moreover, the burn severity levels obtained by reclassifying the
dNBR were validated with field data showing good accuracy [3]. The NBR was also used
to assess the burn severity levels according to the EFFIS of the fires that occurred in October
2017 in Spain and Portugal. This study revealed that the use of the Sentinel-2 imagery
improved the burned area estimation and that the burn severity levels obtained showed a
high correlation with those produced by EFFIS [4]. Both the NDVI and the NBR were used
successfully to assess the 2016 post-fire conditions in Madeira (Portugal) [36].

Regarding the use of the NDVI to monitor vegetation post-fire recovery, it was ob-
served that recovery was lower in higher burn severity levels (e.g., dNBR class very
high). During the period under analysis in this study, this mountain area was irregularly
burned in 2003, 2017 and 2020. As a result, it is currently dominated by shrubland (mainly
Arbutus unedo), which has a good recovery capability. Eucalypts plantations also have
a good recovery capability post-fire. In opposition, the existent Maritime pine natural
regeneration was burned, so it is very unlikely that this species will occur in this area again
in the short term. Since Maritime pine is a light pioneer species, viable seed production
occurs later in stands of 15 to 20 years old, ensuring the desirable natural regeneration [44].

This has been observed in other Maritime pine regenerated areas that have been
affected by a short cycle of wildfires. Indeed, fire occurrence affects landscape patterns and
dynamics by changing vegetation type and structure and the soil processes according to
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the fire adaptations of each ecosystem. Moreover, landowners’ decisions as a response to
the presence (or absence) of fire are likely to also have a determinant role in post-fire land
cover dynamics as wildfires offer either an opportunity for land cover change or might be a
discouraging element, leading land owners to stop managing their land [45]. For instance,
in Portugal, most of the Maritime pine burned area has been converted into shrubland,
pastures, and Eucalypts plantations [29].

When analyzing the burned plots’ NDVI in the 2020 wildfire, a strong reduction in
NDVI was observed when the burn severity was high, conversely to a small reduction
when the burn severity was low and moderate. Nevertheless, all plots observed a good
recovery in the next spring. Due to a very dry winter, an important reduction in NDVI was
again observed in the following spring in all plots. Indeed, the 2021/2022 hydrological
year (until May) was the fourth driest year since 1931 [46]. These results are consistent with
other studies that indicate it as the cause for the NDVI decrease in the impact of fire and/or
low precipitation (NDVI anomalies) [3,15,21,24,25].

Finally, despite the good results that the NBR and NDVI have shown in measuring
fire-induced vegetation loss, these indices and others should be tested against field data
(e.g., canopy scorch, tree mortality, ground char, fuels consumption, ash cover) across a
variety of vegetation biomes and fire regimes to determine where they are most useful and
what they actually measure in terms of post-fire ecological effects [26].

5. Conclusions

The main conclusions of this study were as follows: (1) the linear models of Maritime
pine production (wood and biomass) with NDVI_a showed a fitting efficiency of around
60%; (2) the NDVI values computed from the orthophoto imagery were found not to be
comparable to those computed from the Sentinel-2 imagery due to differences in sensors,
bandwidths and spatial resolutions; (3) the plots’ NDVI values by cover type, both in
2007 and 2020, showed high variability and no statistically significant differences were
found between mature Maritime pine, Eucalypts and shrubland. But the differentiation
between cover types by stand development stage and by fire occurrence was possible when
the NDVI-CV method was applied to the NDVI time curve throughout the 2020 growing
season. Consequently, cover types were ranked by decreasing NDVI values as follows:
mature Eucalypts plantations, young Maritime pine regeneration, mature Maritime pine,
young Eucalypts plantations, Strawberry tree shrubland, Eucalypts plantations pos-fire,
Maritime pine post-fire, tall shrubland, and short shrubland; and (4) the 2020 burned area
was well detected by the dNBR, allowing to assess the burn severity levels. The NDVI
and the NBR showed that vegetation post-fire recovery was lower in higher burn severity
levels. Due to the sequence of short cycles of wildfires in the study area, Maritime pine
areas have lost their natural regeneration capability. Shrubland (e.g., Arbutus unedo) had
a very significant post-fire recovery a year later, and the burned plots’ NDVI time curve
during 2000–2022 clearly showed the reduction of NDVI due to the impact of the wildfire
(13 September 2020) and last winter’s low precipitation (January and February 2022).

In sum, NDVI and NBR proved to be effective in differentiating cover types and as
monitoring tools to assist in the evaluation of forests and shrubland conditions. Therefore,
it is crucial to keep investigating the species’ unique spectral characteristics based on its
phenology to extract them from other species. In that view, further research is still needed
using more robust time-series data to define species growing pattern NDVI time curves
and its subsequent validation by field data and other ancillary data (e.g., precipitation) to
support vegetation mapping and monitoring.
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Appendix A

Table A1. Forest inventory plots (2007): fires in grey (1975–1989, 1990–1999, 2000–2009, 2017 and
2020), land cover (COS 1995, 2007 and 2018) and plot cover (2007).

Plot
n◦

Fires
1975–1989

Fires
1990–1999

COS
1995

Fires
2000–2009

COS
2007

Plot
cover

Fire
2017

COS
2018

Fire
2020

1 E E MP E
2 MP E E E
3 MP MP MP MP
4 MP MP MP E
5 MP MP MP MP
6 MP S MP MP
7 MP MP MP MP
8 MP MP ExMP MP
9 MP MP MP MP
10 MP MP MP MP
11 MP MP MP MP
12 MP MP MP MP
13 MP MP MP MP
14 MP MP MP MP
15 MP MP MP MP
16 A A MP A
17 MP S S MP
18 MP MP MP MP
19 MP MP MP MP
20 MP MP MP MP
21 MP MP MP MP
22 MP MP MP MP
23 MP MP MP MP
24 MP MP MP MP
25 MP MP MPxE MP
26 MP MP S MP
27 MP MP MPxE MP
28 MP MP MP MP
29 S S MPr S
30 A A S A
31 MP MP MP MP
32 MP MP MP MP
33 MP MP MP MP
34 MP MP MPr MP
35 MP S S MP
36 MP MP MPr S
37 MP MP MPr MP
38 S S S E
39 MP S MPr MP
40 MP S S MP
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Table A1. Cont.

Plot
n◦

Fires
1975–1989

Fires
1990–1999

COS
1995

Fires
2000–2009

COS
2007

Plot
cover

Fire
2017

COS
2018

Fire
2020

41 MP S MPr E
42 MP MP MPr MP
43 MP MP MPr MP
44 MP E S E
45 MP S S MP
46 MP S S E
47 MP E MPr E
48 MP MP MPr E
49 MP MP S E
50 MP MP MPr MP
51 MP S MPr S
52 MP S MPr S
53 MP MP MPr MP
54 MP S S S
55 MP MP MPr S
56 MP MP MPr S
57 MP E MPr E
58 MP S MPr MP
59 MP S S S
60 MP S S MP

Legend: E—Eucalypts; ExMP—Mixed Eucalypts and Maritime pine; MPxE—Mixed Maritime pine and Eucalypts;
MP—Maritime pine; MPr—Maritime pine regeneration; S—Shrubs; and A—Agriculture; fire occurrence marked
in grey.

Table A2. Individual tree biomass prediction equations for Maritime pine in Portugal [35].

Variable Equation

Stem under bark ws = 0.011565 d1.868252 h1.216072

Bark wb = 0.015953 d2.274024

Branches wbr = 0.003971 d2.763628

Leaves wl = 0.065631 d1.612475
(

h
d

)−0.547370

Roots wr = 0.4522d1.1294

Aboveground wa = ws + wb + wbr + wl
Tree w = wa + wr

Legend: d—individual tree diameter, over bark, at breast height (1.30 m above ground) (cm); h—tree total height
(m); ws—stem biomass under bark (Kg); wb—bark biomass (Kg); wbr—branch biomass (Kg); wl—leaves biomass
(Kg); wa—aboveground biomass (Kg); wr—roots biomass (Kg); and w—tree biomass (Kg).



Sustainability 2022, 14, 12698 24 of 30Sustainability 2022, 14, 12698 25 of 31 
 

 
P44 Shrub P49 Shrub 

 
P24 Maritime pine P15 Maritime pine 

 
P57 Maritime pine regeneration P47 Maritime pine regeneration 

 
P25 Mixed Maritime pine and Eucalypts P2 Eucalypts 

Figure A1. Orthophotos imagery (July 2007): plots (circled in orange) with NDVI maximum and 
minimum by cover type. 
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Figure A2. Google Earth imagery (May–June 2019): (a) chosen plots by cover type (marked in or-
ange); and (b) plots that burned in 2020 (circled in orange). 

  

Figure A2. Google Earth imagery (May–June 2019): (a) chosen plots by cover type (marked in orange);
and (b) plots that burned in 2020 (circled in orange).
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Figure A3. Orthophotos imagery (July 2007): chosen plots (circled in orange). Figure A3. Orthophotos imagery (July 2007): chosen plots (circled in orange).
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Figure A4. Sentinel-2 imagery (28 July 2020): chosen plots (circled in orange). 
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Figure A5. Temporal perspective of the plots (circles in orange) that burned in 2020: (a) orthophotos 
imagery July 2007; (b) Sentinel-2 imagery (28 July 2020); and (c) Sentinel-2 imagery (9 May 2022). 

  

Figure A5. Temporal perspective of the plots (circles in orange) that burned in 2020: (a) orthophotos
imagery July 2007; (b) Sentinel-2 imagery (28 July 2020); and (c) Sentinel-2 imagery (9 May 2022).
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