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Abstract: Shrubland and forestland covers are highly prone to fire. The Normalized Difference Vegetation 
Index (NDVI) has been widely used for biomass quantitative assessment. This study aims were the following: 
(1) to compute the NDVI annual curve for two types of land cover eucalypts and shrubland areas; (2) to collect 
field data in these two types of land cover to estimate aboveground biomass (AGB); and (3) to produce AGB 
maps for eucalypts and shrubland areas by modelling AGB with NDVI and validate them with other data 
sources. A study area in the central inland Portugal was considered. The Sentinel-2 MSI imagery for the year 
of 2022 and 2023 were used to compute the NDVI. The NDVI annual curve for 2022 showed a minimum 
observed between July and August, in accordance with the climatological data, and allowed differentiating 
eucalypts from shrubland areas. Spectral signatures also confirmed this differentiation. The fitted linear models 
for AGB prediction using the NDVI imagery showed good fitting performances (R2 of 0.76 and 0.69). The AGB 
maps provide a relevant decision support tool for forest management and for fire hazard and fire severity 
mitigation. Further research is needed using more robust data sets for models’ independent validation.  

Keywords: biomass components; carbon sequestration; NDVI-CV method; spectral signatures; fire 
hazard; fire potential severity 

 

1. Introduction 

In most developed countries land use area assessment is based on field measurement and 
biomass stock is estimated from the national forest inventory [1]. Despite of field data collection being 
the most accurate technique, it is costly, time-consuming, and impractical at large scale when 
destructive data collection is needed for biomass quantification [2,3]. Therefore, forest biomass is 
commonly estimated by allometric functions by biomass components (e.g., stem, bark, branches, 
leaves, seeds, and roots) and describes the total dry weight of live trees per unit area by relating them 
to structural metrics such as stand composition and density, tree diameter at breast height, and tree 
total height [4,5].  

Forest aboveground biomass estimation (AGB – e.g., stem, bark, branches, leaves, and seeds) 
serves as a basic component in studies to estimate forest ecosystems carbon stocks and their changes 
which mainly includes trees as the most important element of and the largest living biomass reserves 
in forests [2–4,6]. Thus, forest AGB maps are important tools to monitor global carbon cycle and for 
climate studies. But also to identify areas of high conservation priority or with high intraspecific 
competition having a potential need of management treatments [4,6,7] and to estimate forest residues 
for biomass energy production [8]. 

During the past decades remote sensing has been widely used for biomass estimation due to its 
wide-area coverage capability responding to the limitations of field data collection on large scales. 
Nevertheless, field data remain indispensable to both remotely sensed data calibration and biomass 
estimation validation. To improve forest AGB estimation accuracy the integration of field data with 

Disclaimer/Publisher’s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and 
contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting 
from any ideas, methods, instructions, or products referred to in the content.

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 3 August 2023                   doi:10.20944/preprints202308.0301.v1

©  2023 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202308.0301.v1
http://creativecommons.org/licenses/by/4.0/


 2 

 

various remotely sensed data sources are being essayed (including optical, SAR – synthetic aperture 
radar, and LiDAR – light detection and ranging) [6,7]. 

Forest AGB can be mapped over an area of interest by linking plot-level forest inventories with 
remote sensing measurements related to forest canopy cover, structure, and composition [5]. Indeed 
a strong statistical relationship is observed between several spectral vegetation indices (VIs) obtained 
by remotely sensing data and the AGB obtained from ground plots [2,3]. For instance, the Normalized 
Difference Vegetation Index (NDVI) has been widely used for a quantitative assessment of vegetation 
and biomass [7,9,10]. Indeed, the 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) [11]. For instance, 
the NDVI has been used with forest inventory data to model wood production and biomass [2,12–
14].  

The Portuguese territory is very rich in raw materials that can be used as sources of biomass. 
More than 60% of the mainland territory is occupied by forests (around 3.2 Mha) and by shrubland 
and pastures (around 2.8 Mha) [8,15]. According to the last National Forest Inventory (NFI 2015) 
eucalypts are the most abundant species (Eucalyptus sp.; 26%; 845,000 ha) followed by cork oak 
(Quercus suber L.; 22%; 719,900 ha), maritime pine (Pinus pinaster Aiton; 22%; 713,300 ha), and holm 
oak (Quercus rotundifolia Lam.; 11%; 349,400 ha) [15].  

In Portugal eucalyptus are an exotic, light-demanding and fast-growing species, mostly planted 
and managed through a coppice system of three short harvesting cycles (e.g., 10–12-year rotations) 
for high wood production and removal [16]. In eucalypts industrial plantations a high concentration 
of the main nutrients in each biomass component is observed thus raising concerns about the removal 
of P, K, Ca and Mg from sites during logging and in post-logging burns [17,18]. In order to minimize 
soil nutrients removal impact it is highly recommended to retain both foliage and bark at the felling 
site [19,20]. 

Regarding the NFI 2015 statistics eucalypts areas represented a biomass of 34.71 Gg in live trees 
(aboveground and roots) and shrubland and pastures areas a live biomass of 17.36 Gg, corresponding 
to a carbon sequestration of 63.64 Gg and 24.74 Gg CO2e, respectively. Eucalyptus plantations (e.g., 
pure stands) represented an AGB of 21.70 Gg (39,78 Gg CO2e) with an average of 31.51 Mg ha-1 (57.76 
Mg ha-1 CO2e) [15]. 

Shrubland and forest land covers are highly prone to fire. Portuguese forest stands are 
differentially prone to fire, with mature forests of broadleaved deciduous and mixed forests having 
a lower fire hazard compared to pure pine forests, eucalyptus plantations, or mixed pine and 
eucalyptus stands [21–23]. Four groups of fire hazards were identified by [21] for Portuguese forests 
based on increasing order of fire potential risk: (1) open and tall forest types, and closed and tall 
Quercus suber and diverse forests; (2) closed, low woodlands of deciduous oaks, Q. suber and diverse 
forests, closed and tall Pinus pinaster woodland and tall Eucalyptus globulus plantations; (3) open and 
low forest types; (4) and dense, low stands of P. pinaster, E. globulus and Acacia. Thus, the fire severity 
generally decreases as the species flammability decreases, the stand height increases (less fuel vertical 
continuity) and the stand density decreases (less fuel load) [21,24]. 

Currently, the official national fire hazard map is based on a multiplicative model of the annual 
fire probability (annual burned areas maps) and fire susceptibility (slope, and land cover) [25]. 
Although fire susceptibility defines the fire potential severity this model does not consider fuel loads. 
In general, tall, open stands have lower fire severity than short, close stands [21,23].  

Thus, this research hypothesis was that the NDVI is a reliable predictor for mapping eucalypts 
and shrubland areas AGB to provide a decision support tool for forest management and for fire 
hazard and fire severity mitigation. The aims of this study were the following: (1) to compute the 
NDVI annual curve for two types of land cover (eucalypts and shrubland areas); (2) to collect field 
data in these two types of land cover to estimate AGB; and (3) to produce AGB maps for eucalypts 
and shrubland areas by modelling AGB with NDVI and validate them with other data sources. A 
study area in the central inland Portugal was considered. The Sentinel-2 MSI imagery for the year of 
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2022 and 2023 were used to compute the NDVI. Field data allowed to estimate AGB and to model 
this variable with NDVI. AGB maps were produced and validated. 

2. Materials and Methods 

2.1. Study area  

The study area is in the central inland Portugal and is included in the inter-municipal 
community of Beira Baixa (CIMBB; 493 056 ha), that integrates six municipalities namely: Oleiros 
(47,109 ha), Proença-a-Nova (39,540 ha), Vila Velha de Rodão (32,991 ha), Castelo Branco (143,819 ha), 
Idanha-a-Nova (141,633 ha) and Penamacor (56,370 ha) [26] (Figure 1a). 

The latest National Forest Inventory data (NFI6 – 2015) indicates that the CIMBB’s region was 
mainly occupied by shrubland and pastures 2186,890 ha (40,5%) and forests 185,770 ha (40.3%), 
namely forests of maritime pine 72,540 ha (39.0%) eucalypts 65,240 ha (35.1%) and cork oak 20,900 ha 
(11.3%) (Figure 1b) [15].  

  

(a) (b) 

Figure 1. Study area: (a) Portugal, the Sentinel2A imagery tile (29 May 2022), the CIMBB 
municipalities (red) and the study area (yellow); and (b) CIMBB’s COS 2018 eucalypts areas (brown) 
and shrubland areas (green). 

2.2. Data 

2.2.1. Land Cover and Land Use data (COS 2018) 

In this study, eucalypts forests cover and shrubland cover maps were extracted from the latest 
(2018) national reference thematic map for Land Cover and Land Use (LCLU) in Portugal named as 
COS (Carta de Ocupação do Solo) (COS2018) [27] (Figure 1b).  

The COS2018 map has a scale of 1:25,000, one ha of minimum cartographic unit, a four-level 
hierarchical classification with 83 classes in the most detailed level [28].  

Only pure forests of the species were considered, that is forests where the dominant species 
represents more than 75% of the total number of trees and the ground cover is higher than 10%.  

Shrubland is defined as natural areas of spontaneous vegetation, little or very dense, in which 
the shrub cover is greater than or equal to 25% (includes abandoned olive groves if less than 45 
trees/ha) [28]. 
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2.2.2. Climatological data – local station (2022) 

The climatological station of Castelo Branco is roughly located at the center of the study area 
(Figure 1b) and therefore was used to evaluate climatological data regarding the year of 2022. The 
monthly climatological reports were download from the national official portal of Instituto Português 
do Mar e da Atmosfera (IPMA) [29] to obtain the evolution of the monthly average temperatures 
(minimum and maximum, ˚C) and total monthly precipitation (mm) in the study area (Figure 2). 

 

Figure 2. Climatological data: Castelo Branco station (2020-2022) – monthly average temperatures 
(minimum and maximum, ˚C) and total monthly precipitation (mm) [29]. 

2.2.3. Remote sensing data – Sentinel2A imagery 

The Sentinel2A imagery data was downloaded from the European Union’s earth observation 
program called Copernicus website (https://sentinels.copernicus.eu/web/sentinel/missions/sentinel-
2). The Sentinel-2 is one of the various missions of the Copernicus. Currently, two twin Sentinel-2 
satellites (A and B) offer a coverage with high spatial resolution (up to 10 m) and temporal resolution 
(5 days) [30]. The Sentinel-2 MSI imagery has 13 spectral bands covering the spectral range of 440–
2180 nm, with spatial resolutions of 10, 20, and 60 m (Table 1). 

Table 1. Sentinel-2 MSI – spectral bands and spatial resolution [31]. 

Band Name 
Central wavelength 

(nm) 

Spatial resolution 

(m) 

1 Coastal aerosol 443 60 
2 Blue 490 10 and 20 
3 Green 560 10 and 20 
4 Red 665 10 and 20 
5 Red-edge 1 705 20 
6 Red-edge 2 740 20 
7 Red-edge 3 783 20 
8 NIR 842 10 

8a NIR narrow 865 20 
9 Water vapour 945 60 

10 Cirrus 1375 60 
11 SWIR 1 1610 20 
12 SWIR 2 2190 20 

In this study, the Sentinel-2 Multispectral Instrument (MSI) imagery, level 2A (atmospherically, 
radiometrically, and geometrically corrected), were downloaded for 12 monthly dates for the last 
year of 2022. Additionally, field dates imagery for June 2023 were also downloaded (Table 2).  
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Table 2. Sentinel-2A MSI imagery – dates of acquisition. 

Year Date of acquisition 

 Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec 

2022 29 28 30 29 29 28 28 27 26  5 and 25  
2023 4     3, 13 and 23       

2.3. Methods 

2.3.1. Sentinel2A imagery – vegetation index NDVI 

A Geographical Information System (GIS) software, the free open-source software SAGA 
(System for Automated Geoscientific Analyses) (https://saga-gis.sourceforge.io/en/index.html) was 
used to perform all the computations with the Sentinel2A imagery. The Coordinate System [EPSG 
32629]: WGS84/UTM zone 29N was used. 

The false colour composition and the Normalized Difference Vegetation Index (NDVI – Figure 
A1) were computed for the 16 dates in 2022 and for the three field dates in 2023 using the spatial 
resolution of 10 m imagery (Table 3).  

Table 3. Spectral indices and ratios (spatial resolution 10 m). 

Acronym Spectral bands Formula Equation 

NDVI 
R - red band 

NIR - near infrared band 
ܴܫܰ) − ܴܫܰ)(ܴ + ܴ) 

8ܤ) − 8ܤ)(4ܤ +  (4ܤ

As it is known, the NDVI values they also 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 [32]. 

A grid of 1 km was used to overlaid CIMBB’s COS 2018 eucalypts layer and shrubland layer 
(Figure 1b). Regarding the study area a total of 197 sample points in COS 2018 eucalypts layer (blue) 
and a total of 227 sample points in shrubland (pink) layer were obtained (Figure 3). The NDVI values 
computed from the Sentinel-2 imagery for the 12 months in 2022 were extracted for the sample points 
to obtain the NDVI annual curve for eucalypts and shrubland areas, respectively. The NDVI-CV 
method by Yang et al. [33] was also applied to differentiate the two types of land cover (eucalypts 
and shrubland). 

  

Figure 3. Study area – Sentinel2A imagery (29 May 2022) with the sample points: (a) in eucalypts areas 
(blue, n=197); and (b) in shrubland areas (pink, n=227). 
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Additionally, the nine spectral bands (e.g., B, G, R, R-edge 1, R-edge 2, R-edge 3, NIR narrow, 
SWIR 1, and SWIR 2) with a spatial resolution of 20 m for the date of 23 June 2023 were use to extract 
the correspondent reflectances for the sample points in eucalypts areas and for the sample points in 
shrubland areas to produce the spectral signatures for these two land covers. 

2.3.2. Field sample plots – AGB 

To collect field data for AGB evaluation, a systematic sampling was applied to the 197 sample 
points in eucalypts areas (Figure 4a) to select 30 field samples (Figure 4c). Again, a systematic 
sampling was applied to the 227 sample points in shrubland areas (Figure 4b) and 30 field samples 
in shrubland areas (Figure 4d).  

It should be stressed that, due to the COS2018 map having a minimum cartographic unit of 1 ha, 
some field sample plots were relocated as they did not fall into the specific land cover under analysis. 
Therefore, field sample points coordinates were updated. Google Earth imagery was used to navigate 
and locate and install field sample plots (Figure A2).  

Field data was collected between 30 of May to 21 of June 2023. Inventory data in eucalypts areas 
and in shrubland were collected in circular sample plots of 100 m2 of area. The breast diameter (d in 
cm) and height (h in m) were measured in all trees in eucalypts sample plots. The shrubs average 
height (hs in m) and its ground cover (GC in %) was collected in shrubland sample plots. 

  

(a) (b) 

  

(c) (d) 
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Figure 4. Study area – Sentinel2A imagery (23 June 2023) with the sample points and the field sample 
plots: (a) in eucalypts areas (blue, n=197); (b) in shrubland areas (pink, n=227); (c) in eucalypts areas 
(blue, n=30); and (d) in shrubland (pink, n=30). 

To evaluate sample plots AGB the set of models by Tomé et al. [34] for eucalypts in Portugal 
(Table 5) were used. Regarding shrubland AGB evaluation the models by Viana et al. [35] for Portugal 
were considered (Table 4). 

Table 4. Individual tree biomass prediction equations for eucalypts and shrubland in Portugal [34,35]. 

Variable Equation 

 Eucalypts 

Stem under bark 

If hdom ≤ 10.71 ݏݓ = 0.009964 ݀ ௛ௗ௢௠ି଴.଻଴ଽ଴ଽା଴.଺ଶ଻଼଺ଵ ௛ௗ௢௠ ℎଵ.ଷ଺ଽ଺ଵ଼ 
 
If hdom > 10.71 ݏݓ = 0.009964 ݀ଵ.଻଼଴ସହଽ ℎଵ.ଷ଺ଽ଺ଵ଼ 

 

Bark 

If hdom ≤ 18.2691 ܾݓ = 0.00594 ݀ ௛ௗ௢௠ି଴.଺ଽଽହଵା଴.ସହ଼ହହ ௛ௗ௢௠ ℎଵ.଴଼ସଽ଼଼ 
 
If hdom > 18.2691 ܾݓ = 0.00594 ݀ଶ.ଷ଻ଽସ଻ହ ℎଵ.଴଼ସଽ଼଼ 

 

Branches ݎܾݓ = 0.095603 ݀ଵ.଺଻ସ଺ହଷ ൬ℎ݀൰ି଴.଼ହ଴଻ଷ
 

Leaves ݈ݓ = 0.248952 ݀ଵ.ଶ଺ସ଴ଷଷ ൬ℎ݀൰ି଴.଻ଵଶଵ
 

Aboveground ܽݓ = ݏݓ + ܾݓ + ݎܾݓ +  ݈ݓ
 Shrubland 

Aboveground ܹܽݏ =  ଴.଻ହସ(ݏℎ ܥܩ)0.0258
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); GC – shrubs ground cover (%); hs – 
shrub average height (cm); and Was – aboveground biomass (Mg ha-1). 

2.3.3. AGB maps production and validation 

The NDVI was computed from the Sentinel2A imagery available (without clouds) regarding the 
field data collection period (30 of May – 21 of June 2023). After the NDVI values on 3, 13 and 23 of 
June 2023 were extracted for the 30 field sample plots in eucalypts and for the 30 field sample plots 
in shrubland areas, respectively.  

The AGB values evaluated in eucalypts sample plots were modelled with the corresponding 
NDVI values for the three dates. The same procedure was used regarding the AGB evaluated in 
shrubland sample plots and the corresponding NDVI values for the three dates. To assess model 
fitting and prediction performances the following statistics were considered: the coefficient of 
determination (R2), model bias was evaluated with the mean prediction errors (e), model precision 
with the mean of the absolute value of the prediction errors (ae) and the prediction error variance 
(σ2e), and the modelling efficiency (R2e), a measure equivalent to the coefficient of determination but 
computed with the prediction errors [36]. 

The NDVI imagery was used as input to compute the AGB for eucalypts and shrubland by using 
the respective fitted models Wa=f(NDVI). After, the COS2018 regarding eucalypts and shrubland 
areas were used to clip the AGB in those specific areas. For validation purposes the AGB values were 
extracted for the 30 field sample points in eucalypts and the 30 field sample points in shrubland areas. 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 3 August 2023                   doi:10.20944/preprints202308.0301.v1

https://doi.org/10.20944/preprints202308.0301.v1


 8 

 

Finally, the AGB values were also extracted for eucalypts and shrubland areas and compared to other 
data sources. 

3. Results 

3.1. NDVI annual curve (2022) 

The values extracted from the NDVI imagery for 2022 (Figure A1) regarding the sample points 
(Figure 5; eucalypts areas n=197 and shrubland areas n=227)) and the field sample points in eucalypts 
areas and in shrubland areas (n=30 for eucalypts and shrubland areas, respectively) are summarized 
in Table 5. 

  
(a) (b) 

Figure 5. Study area – NDVI imagery (29 May 2022) with the sample points: (a) in eucalypts areas 
(blue, n=197); and (b) in shrubland areas (pink, n=227). 

Table 5. NDVI – summary statistics: sample points in eucalypts areas (n=197) and in shrubland areas 
(n=227); and field sample points in eucalypts areas (n=30) and in shrubland areas (n=30). 

NDVI Eucalypts areas (n=197)  
Shrubland areas 

(n=227) 
 Eucalypts areas (n=30)  

Shrubland areas 

(n=30) 

Date Min. Max. Mean SD  Min. Max. Mean SD  Min. Max. Mean SD  Min. Max. Mean SD 

29Jan22 0.098 0.517 0.339 0.082  0.131 0.488 0.315 0.065  0.186 0.507 0.371 0.067  0.253 0.442 0.350 0.052 
28Feb22 0.072 0.459 0.311 0.077  0.103 0.479 0.303 0.061  0.090 0.435 0.329 0.075  0.230 0.412 0.328 0.045 
30Mar22 0.069 0.433 0.285 0.062  0.066 0.425 0.289 0.053  0.033 0.403 0.296 0.074  0.207 0.366 0.306 0.036 
29Apr22 0.086 0.478 0.280 0.059  0.116 0.440 0.296 0.051  0.197 0.443 0.296 0.057  0.213 0.385 0.299 0.040 
29May22 0.061 0.531 0.279 0.079  0.103 0.546 0.296 0.080  0.158 0.408 0.279 0.061  0.172 0.409 0.284 0.061 
28Jun22 0.061 0.478 0.265 0.075  0.091 0.500 0.271 0.080  0.141 0.372 0.263 0.060  0.119 0.372 0.269 0.066 
28Jul22 0.043 0.446 0.253 0.079  0.063 0.492 0.243 0.082  0.115 0.391 0.253 0.068  0.103 0.364 0.254 0.070 

27Aug22 0.062 0.447 0.257 0.075  0.075 0.476 0.237 0.074  0.133 0.383 0.259 0.064  0.114 0.364 0.255 0.067 
26Sep22 0.066 0.467 0.291 0.082  0.071 0.491 0.276 0.080  0.148 0.417 0.303 0.072  0.120 0.390 0.286 0.077 
5Nov22 0.082 0.495 0.340 0.083  0.128 0.482 0.310 0.068  0.151 0.455 0.358 0.079  0.214 0.424 0.335 0.066 
25Nov22 0.097 0.511 0.350 0.077  0.133 0.479 0.321 0.067  0.170 0.508 0.372 0.073  0.262 0.482 0.362 0.059 

4Jan23 0.100 0.521 0.357 0.079  0.134 0.516 0.317 0.069  0.260 0.529 0.389 0.060  0.285 0.481 0.370 0.054 

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

The analysis of the average monthly NDVI values for 2022 for the sample points and the field 
sample points in eucalypts areas and in shrubland areas (Table 5; Figure 6a) showed that the values 
in the field sample points are slightly higher (Figure 6a; E_ and S_) compared to the sample plots 
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(Figure 6a; E and S). That may me explained as the field sample points were validated by ground-
truth as corresponding to that specific land cover. Conversely, due to COS2018 minimum 
cartographic unit of 1 ha some sample points may have been classified as belonging to that land cover 
class but “in loco” are a different land cover that was aggregate to the dominant class resulting in 
some “noise” as the NDVI imagery spatial resolution is of 10 m x 10 m (0.01 ha).   

Overall, the minimum annual NDVI was observed between July and August in accordance with 
the climatological data (Figure 2). The NDVI-CV method allowed differentiating eucalypts from 
shrubland areas (Figure 6b). Field sample points showed a lower coefficient of variation (CV; %) and 
higher NDVI annual minimum (Figure 6b; E_ and S_). The signature curves also showed a 
differentiation between the two types of land cover particularly on the NIR band (Figure 6c).  

 
 

(a) (b) 

 
(c) 

Figure 6. Study area – sample points and field sample points for eucalypts and shrubland areas (E; 
n=197; S; n=227; E_; n=30; S_; n=30): (a) NDVI annual curve (2022); and (b) NDVI-CV method (2022); 
and (c) spectral signatures (23 June 2023). 

3.2. AGB maps production and validation 

The AGB estimated from the 30 field sample plots in eucalypts areas and 30 sample field sample 
plots in shrubland areas (Table 6) showed for eucalypts areas an average AGB of 78.7 Mg ha-1 and for 
shrubland areas an average AGB of 107.3 Mg ha-1.  

Eucalypts field sample plots offered a good coverage of stands age classes variability. Regarding 
shrubland areas the dominant species observed in the field were: gum rockrose, lavender, brooms, 
heather, and gorse flower tea (Cistus ladanifer; Lavandula spp.; Cytisus spp., Genista spp. or Spartium 
spp.; Erica spp. or Calluna spp.; and Pterospartum tridentatum, respectively) (Figure 7). 
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Table 6. Forest inventory – summary statistics for field sample plots in eucalypts areas (n=30) and in 
shrubland areas (n=30). 

Variables   Min. Max. Mean SD 

 Eucalypts field sample plots (n=30) 

Number of trees per ha N (trees ha-1) 800 4500 1923 799 
Mean diameter dg (cm) 3.5 20.6 9.1 3.2 

Mean height h (m) 6.6 19.2 12.6 3.3 
Dominant diameter ddom (cm) 6.0 26.6 14.1 4.8 

Dominant height hdom (m) 10.0 25.0 16.5 4.5 
Aboveground biomass Wa (Mg ha-1) 27.7 169.0 78.7 35.0 

 Shrubland field sample plots (n=30) 
Ground cover GC (%) 10.0 90.0 43.0 20.9 

Shrub average height  hs (m) 50.0 180.0 117.7 36.5 
Aboveground biomass Was (Mg ha-1) 9.7 262.6 107.3 66.7 
Legend: n – sample size; Min. – minimum; Max. – maximum; Std. dev. – standard deviation. 

 

 

Cistus ladanifer 
Lavandula spp. 
Cytisus spp., Genista spp. or Spartium spp. 
Erica spp. or Calluna spp. 
Pterospartum tridentatum 
Cistus salvifolius 
Ulex spp. 
Dapnhe gnidium 
Phillyrea latifolia or Rhamnus alaternus 
Grasses 
Adenocarpus spp. 
Arbutus unedo  
Crataegus spp. 
 

Figure 7. Study area – shrubland areas species composition. 

The analysis of the NDVI values for the three field dates in 2023 extracted for the 30 sample field 
sample plots in eucalypts areas and 30 sample field sample plots in shrubland areas (Figure 8) are 
summarized in Table 7. 

  
(a) (b) 

Figure 8. Study area – NDVI imagery (23June2023) with the field sample plots: (a) in eucalypts areas 
(blue, n=30); and (b) in shrubland (pink, n=30). 
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Table 7. NDVI – summary statistics for the field sample plots in eucalypts areas (n=30) and in 
shrubland areas (n=30). 

NDVI  Eucalypts field sample plots (n=30)  Shrubland field sample plots (n=30) 

Date   Min. Max. Mean SD  Min. Max. Mean SD 

3Jun23  0.000 0.344 0.192 0.098  0.043 0.369 0.219 0.101 
13Jun23  0.000 0.437 0.243 0.110  0.006 0.372 0.227 0.105 
23Jun23  0.000 0.386 0.264 0.079  0.114 0.348 0.260 0.065 

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

A linear correlation between the estimated AGB in the field sample plots and the correspondent 
NDVI values extracted for the plots was obtained with the best fitting efficiency on 23 June 2023 for 
both for eucalypts plots (R2= 0.76; Figure 9a) and for shrubland plots (R2= 0.69; Figure 9b). Prediction 
statistics for AGB estimation (Wa predicted) showed smaller bias, better precision and smaller 
prediction errors variance for eucalypts field sample points compared to shrubland field sample 
points (Figure 9c,d, respectively). 

  
(a) (b) 

  
e ae σ2e R2e 

5.99 35.47 2050.62 0.75 
 

e ae σ2e R2e 
-30.49 38.69 1659.95 0.72 

 

(c) (d) 

Figure 9. Study area – modelling and validation: (a) Wa=f(NDVI) for eucalypts plots; (b) Wa=f(NDVI) 
for shrubland plots; (c) prediction residuals for eucalypts plots; and (d) prediction residuals for 
shrubland plots. Legend: R2 – model coefficient of determination; e – model bias; ae – model precision; 
σ2e – prediction error variance; and R2e – modelling efficiency. 

The COS2018 regarding eucalypts areas and shrubland areas and the correspondent AGB maps 
are present in Figure 10. The AGB values extracted for eucalypts areas presented an average of 78.76 
Mg ha-1 and for shrubland areas an average of 102.00 Mg ha-1, thus consistent to the average estimated 
field values (Table 7).  
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Table 8. AGB – summary statistics eucalypts areas (n=2773 polygons) and in shrubland areas (n=2905 
polygons). 

AGB   Min. Max. Mean SD 

Eucalypts areas Wa (Mg ha-1) 16.31 141.82 78.76 15.85 
Shrubland areas Was (Mg ha-1) 26.66 197.21 102.00 23.48 

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

A detailed insight of the AGB maps outputs is shown using zoom areas with eucalypts (Figure 
11) and with shrubland (Figure 12) wherein the AGB maps outputs are overlayed with the FCC and 
NDVI imagery. The AGB maps showed a good consistency with the observed detail in the FCC and 
NDVI imagery. 

  
(a) (b) 

   
(c) (d) 

Figure 10. Study area: (a) COS 2018 – eucalypts areas; (b) COS 2018 – shrubland areas; (c) AGB – 
eucalypts areas; and (d) AGB – shrubland areas. 
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(a) (b) 

  
(c) (d) 

  
(e) (f) 

Figure 11. Study area: (a) Eucalypts AGB map; (b) AGB map – zoom; (c) FCC – zoom; (d) NDVI – 
zoom; (e) AGB overlay FCC – zoom; (f) AGB overlay NDVI – zoom. 
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(a) (b) 

  
(c) (d) 

  
(e) (f) 

Figure 12. Study area: (a) Shrubland AGB map; (b) AGB map – zoom; (c) FCC – zoom; (d) NDVI – 
zoom; (e) AGB overlay FCC – zoom; (f) AGB overlay NDVI – zoom. 

Finally, a joint map of AGB for both eucalypts and shrubland areas provided an overall 
perspective of fuel loads throughout the study area (Figure 13). Higher loads were observed at the 
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left side compared to the right side (Figure 13a) which are mountainous areas (Figure 13b) wherein 
slope and fuel loads will have a multiplicative increasing effect on fire potential severity evaluation.  

  
(a) (b) 

Figure 13. Study area – fuel loads: (a) AGB – eucalypts and shrubland areas; and (b) AGB map 
overlaid to the elevation map (25 m spatial resolution) [37]. 

4. Discussion 

This research hypothesis was that the NDVI is a reliable predictor for mapping AGB in eucalypts 
and shrubland areas to provide a decision support tool for forest management and for mitigate fire 
hazard and fire severity mitigation. Firstly, the NDVI time curve for 2022 showed a minimum 
observed between July and August for both eucalypts and shrubland areas being in accordance with 
the climatological data for that same year. The NDVI-CV allowed differentiating eucalypts from 
shrubland areas. The spectral signatures curves also showed a differentiation between the two types 
of land cover, particularly on the NIR band. These results are consistent to the theoretical knowledge 
that broadleaved forests (e.g., eucalypts) have high NIR reflectance, thus consequently higher NDVI 
values than other types of vegetation [38]. Some studies also confirm this result when comparing 
coniferous (e.g., maritime pine) and broadleaved (e.g., eucalypts) [33,39]. Some observed inversions 
throughout the NDVI time curve may be explained by the species phenology such as the flowering 
season, particularly concerning shrubs species. In young eucalypts plantations low NDVI values have 
also to be considered as at the plantation stage substantial bare soil is exposed (spatial resolution 10 
x 10 m).  

Secondly, it should be stressed that the circular plots of 100 m2 of area for field data collection 
matched the spatial resolution of the NDVI imagery computed from the Sentinel2A imagery (cell size 
10 x 10 m) which provided a perfect correspondence between field estimates and the computed NDVI 
values. Moreover, the Sentinel2A imagery date used to compute the NDVI had no clouds and was 
very close to the field dates.  

Thirdly, it was proved that the NDVI imagery computed from the Sentinel2A imagery with a 
spatial resolution of 10 m was found to be a reliable predictor for mapping AGB in eucalypts and 
shrubland areas for the study area. Indeed, the fitted linear models for AGB prediction using the 
NDVI imagery showed good fitting performances (R2 of 0.76 and 0.69, respectively). Regarding AGB 
maps prediction performances, smaller bias, better precision, and smaller prediction errors variance 
were observed for eucalypts when compared to shrubland. The results obtained in this study are 
consistent with other studies, for other species and regions, where biomass maps were produced 
using allometric equations of NDVI that were computed from a variety of satellite imagery (e.g. 
SPOT-6, Indian Remote Sensing Satellite (IRS-ID) LISS III, and Sentinel2) and similar fitting 
performances (R2 from 0.56 to 0.89%) were achieved [2,3,5,6,10,39–41]. 
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According to the NFI2015 statistics eucalypts areas in CIMBB represented a biomass of 1654 Mg 
in live trees (aboveground and roots) (3032 Mg CO2e) [15]. In this study, field data estimation resulted 
in an average AGB of 78.7 Mg ha-1 in eucalypts areas and an average AGB of 107.3 Mg ha-1 in 
shrubland areas. The AGB maps provided an average estimation for AGB production of 78.8 Mg ha−1 

in eucalypts areas and an average AGB production of 102.0 Mg ha−1 in shrubland areas. Therefore, 
very consistent to the field estimates. The result for eucalypts is consistent with a study performed in 
this region where an average AGB production between 52.0 to 75.8 Mg ha−1 at the harvest age was 
obtained (e.g., three 14-year coppices) [18]. Overall, bark and leaves biomass represented 18% of the 
AGB and was recommended to be retained at the felling site after harvest/commercial thinning to 
mitigate the update of soil nutrients [18]. 

Finally, the eucalypts AGB map can be very useful to support this species management and to 
forecast its environmental impact. Both eucalypts and shrubland AGB map can be critical to support 
fuel loads management in these areas to mitigate fire hazard and fire severity. As the species, stand 
variables (e.g., stand density and stand height) and topographic variables (e.g., slope and aspect) of 
contiguous patches can be used to predict fire severity [23], hence, the AGB maps can also provide a 
valuable input regarding fire potential severity assessment. 

5. Conclusions 

This study proved to be possible to produce AGB maps for eucalypts and shrubland areas by 
using the NDVI imagery as the sole predictor with good prediction performances. The AGB maps 
provide a relevant decision support tool for forest management and for fire hazard and fire severity 
mitigation. But further research is needed using more robust data sets for models’ independent 
validation. The AGB maps should be integrated in the Portuguese fire hazard model to obtain a more 
reliable and updated fire severity assessment in near-real time by using the Sentinel2A imagery. 
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29 May 2022 28 June 2022 28 July 2022 27 August 2022 

    
26 September 2022 5 November 2022 25 November 2022 5 January 2023  

Figure A1. Study area – Sentinel2A imagery clip: NDVI imagery (January 2022 to January 2023). 

  
(a) (b) 

Figure A2. Study area: (a) Google Earth imagery (26May2023) with samples points in eucalypts areas 
(n=197) and shrubland areas (n=227). 
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