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Abstract: Shrubs growing in former burnt areas play two diametrically opposed roles. On the one
hand, they protect the soil against erosion, promote rainwater infiltration, carbon sequestration and
support animal life. On the other hand, after the shrubs’ density reaches a particular size for the
canopy to touch and the shrubs’ biomass accumulates more than 10 Mg ha−1, they create the necessary
conditions for severe wild fires to occur and spread. The creation of a methodology suitable to
identify former burnt areas and to track shrubs’ regrowth within these areas in a regular and a multi
temporal basis would be beneficial. The combined use of geographical information systems (GIS) and
remote sensing (RS) supported by dedicated land survey and field work for data collection has been
identified as a suitable method to manage these tasks. The free access to Sentinel images constitutes a
valuable tool for updating the GIS project and for the monitoring of regular shrubs’ accumulated
biomass. Sentinel 2 VIS-NIR images are suitable to classify rural areas (overall accuracy = 79.6% and
Cohen’s K = 0.754) and to create normalized difference vegetation index (NDVI) images to be used in
association to allometric equations for the shrubs’ biomass estimation (R2 = 0.8984, p-value < 0.05
and RMSE = 4.46 Mg ha−1). Five to six years after a forest fire occurrence, almost all the former burnt
area is covered by shrubs. Up to 10 years after a fire, the accumulated shrubs’ biomass surpasses
14 Mg ha−1. The results described in this paper demonstrate that Northwest Portugal presents larger
shrubland areas and greater shrub biomass accumulation (average 18.3 Mg ha−1) than the Northeast
(average 7.7 Mg ha−1) of the country.
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1. Introduction

Portugal is an European country with a constituent land mass and 4 separate archipelagos.
The former is located in the east of the Iberian Peninsula with an area of approximately 90,000 km2.
From the mainland area (52%) there are: forest stands (39%), dense shrubland (12%), and sparse
shrubland (1%) [1,2]. Between the mid-1980s and 2020, due to increasing human rural abandonment
and edaphoclimatic conditions, a large number of forest fires occurred in mainland Portugal during the
summer. The intensity of these fires increased dramatically each decade [3–7]. The same edaphoclimatic
conditions that make the territory prone to wildfire occurrences, however, also create suitable ecological
conditions for shrub regrowth after the fires. Previously published results [8–12] demonstrate that,
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five years after wildfire occurrence, the fire scars are no long visible because they have been covered by
shrubs as well as with the growth of scattered trees from self seedling processes.

Shrublands assume several diametrically opposed roles. On the one hand, they constitute the
vegetable fuel that will eventually burn, and a social-economic problem. Portuguese law [13], specifies
that it is mandatory to cut shrubs 10 m alongside the road network and 50–100 m beside other man-made
structures on a regular basis. This has led to the use of fire as a means to eliminate the remaining
cut area. On the other hand, these shrubs are also a source of carbon [12,14,15], they promote water
and nutrients circulation in forested areas [8,16,17], protect the soil from erosion processes [16–19],
support animal life, and promote biodiversity [8,19]. In essence, the ecological benefits to these
shrublands could be summarised in two words: ecosystem services [20–22]. This is a central measure
within European Community [22] and used as a way to assess forested areas’ values. Thus such
shrublands could take on an unanticipated new economic role potentially generating biofuel for power
plants [23,24].

Analysis of shrubland location and its biomass accumulation is therefore important as it could
influence the working processes for several stakeholders: forest management [25,26], wildfire hazard
reduction, ecosystem surveying and biomass harvesting for energy production.

The calculation of forest biomass can be achieved using destructive processes, such as cutting
and weighing vegetation in sampling plots. Subsequently, the results obtained can be analysed using
appropriate geostatistics processes [23] that generate indicative biomass maps.

The results obtained through these destructive processes can later be used to adjust allometric
equations enabling the estimation of biomass weight based on the volume collected. This is a
non-destructive process. The results can also be used in conjunction with relevant satellite images.
This can also support the calculation used in the allometric models for accumulated biomass estimation.
This is achieved by comparing the relevant bands from the satellite images as well as analyzing the
vegetation indices calculated by means of those same bands. This is a good example of a non-destructive
method of estimating biomass.

It is important to note, however, that the first phase of a process to calculate and estimate
accumulated biomass always begins with a destructive method.

The assessment of land cover dynamics in former burnt areas of forest as well as shrubs’ regrowth
must be carried out over vast areas of territory, and on an annual basis. It also requires the use of
appropriate computer technology. Firstly, remote sensing techniques (RS) can be used for image
processing and classification to create updated land cover maps. Secondly, geographic information
systems (GIS) can be employed to record, manipulate, and present data. In addition, GIS allows the
combination of multiple data sources enabling spatial analysis and can enhance the sampling process
too. It is recognized that annual fieldwork for data collection is very expensive and time consuming,
thus the use of RS and GIS provides a cheaper and appropriate sampling mechanism. Previous research
in this subject area has generated several RS based approaches that used multitemporal satellite image
classification and comparison.

A literature review on the use of GIS, RS, and combined RS/GIS for forest biomass and shrubs’
biomass [25–29] enabled the consideration of different approaches to biomass estimation and mapping
on given dates. This resulted in the use of particular regression models that were based on specific
vegetation indices [30–34], and are presented in Table 1.

It should be noted that almost all of these previously presented data were not based on a shrubs’
biomass time series sampling system thus do not account for any variation due to elapsed time over
the former burnt areas. The use of allometric equations adjusted for a given geographic area requires
local validation before it is used elsewhere, i.e., necessitating field work for data collection and the use
of mathematical models for data analysis.
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Table 1. Biomass regression models based on vegetation indices.

Allometric Model R2 (Adj) Ref

Trees, shrubs and herbaceous
y = 73,709.9241 − 48,420.44 χ1 + 67,242.43 χ2

where, y = Biomass (kg), χ1 = NDVI value, χ2 = NDVI MIR index value
0.70 [30]

Trees, shrubs and herbaceous
Log10 y = 3.7163 − 0.01078 χ1 + 0.007065 χ2

where, y = Biomass (kg), χ1 = Brightness value, χ2 = Wetness value
0.66 [31]

Shrubs
y = 46:678 χ1 + 7:929 χ2 + 32:565

where, y = Biomass (kg), χ1 = Brightness value, χ2 = RVI (ratio vegetation index)
0.70 [31]

Total biomass
AGB prediction = 3.35 + 3.13 VV + 0.21 VH + 1.53 NDVI

where: VV—the backscatter coefficients for a specific polarization; VH—the backscatter
coefficients for a specific polarization; NDVI—normalized difference vegetation index.

0.66 [32]

Shrubs Biomass
y = 0.18363 + 0.85669 NDVI

where, y = Biomass (Mg), NDVI—normalized difference vegetation index
0.74 [33]

Fractional green vegetation cover (fc)
fc = 0.114 + 1.284 NDVI (R2 = 0.89) 0.89 [34]

After 18 years of carrying out fieldwork to measure the volume and the weight of shrublands,
the authors’ main aim now is to present a suitable methodology that enables the estimation of the
accumulated shrubs’ biomass. This process takes into account the elapsed time after wildfires, based on
satellite imagery processing and classification. The methodology is non-destructive and does not
require fieldwork for data collection, thus allows accurate estimates when used in conjunction with RS
techniques. It also enables stakeholders to perform dynamic analysis using satellite images in time
series processing. To achieve this main aim, the authors adopted a methodology using Sentinel 2
images processing and classification as a way to identify former burnt areas, shrubland and to adjust
an allometric equation that enables to estimate shrubs’ biomass through using NDVI images.

This methodology also incorporates the elapsed time after identifying any wildfire occurrence
effect on the shrubs’ regrowth as an estimate. This then enables the creation of accurate maps related
to the shrubs’ biomass accumulation. It also established that, if the growth rate in the Northwest
area of Portugal is different from that of the Northeast area (comparison was using annual satellite
images), then this may have an influence on the adjustment of allometric equations. In addition this
methodology has used dynamic models to identify forest fire hazards and also used design logistics
models for biomass harvesting for energy purposes. These can indicate the areas where the intervention
of forest managers (necessary to comply with the law) has taken place. Another unexpected result of
this methodology was to help design post fire ecosystem recovery actions.

2. Materials and Methods

2.1. Study Area Characteristics and Sampling Plots Location

The study area is located in North Portugal (Figure 1) and comprises a forested area of 813,846 ha
(432,000 ha forest stands and 381,846 ha shrubland).
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Figure 1. Study area (North Portugal) and Portugal world geographical location.

This is a very fragmented landscape and the small forest areas are often side by side with shrubland
and agricultural areas. It should be noted that, for cultural reasons, the rural population often uses
fire as an instrument for pruning as well as a method for removing any residues. The result of this
approach is that a higher number of rural fires every year occurs than is actually appropriate for this
type of landscape.

The study area in Northern Portugal includes many morphological and edaphoclimatic conditions
typical of this region. Altitude ranges from sea level (0 m) to 1546 m in the Gerês mountains (Figure 2).
Mean annual accumulated precipitation ranges from 1000 to 2400 mm in the Northwest areas and from
600 to 1200 mm in the Northeast areas. Mean annual temperature ranges from 12.5 ◦C to 15.0 ◦C in the
Northwest areas and from 7.5 ◦C to 12.5 ◦C in the Northeast areas.

Figure 2. Sampling plots location.

2.2. Data Sources

2.2.1. Using GIS in the Project

The project aims were to analyse former burnt areas, assess potential vegetation regrowth and
to estimate the shrubs’ biomass taking into account the elapsed time since any wildfire took place.
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The initial process used the burnt areas data. It is possible to download a set of vector files representing
the burnt areas’ perimeter by year of occurrence from the Portuguese Forest Services website [35] or
the European Forest Fire Information System [36].This information has been used to establish one of
the layers within the GIS project since 2000. Every year, the burnt areas’ vector file is updated with new
burnt areas boundaries. Spatial analysis then enabled new calculations to be made such as identifying
fire recurrence areas as well as assessing the time since the last occurrence of a fire in the same areas.

For the period between 2000 and 2016, 10 sampling plots per year after the last fire were selected.
This resulted in 170 sampling points, dispersed throughout North Portugal. In 2017 and 2018, after the
severe rural fires that occurred in those years, the GIS project was updated and new sampling plots
were added, increasing the number of samples to 234.

These sample points (Figure 2) were then used to create a survey GIS project (e.g., ArcPad, Survey
123, QField) that was transferred to a DGPS receiver (Trimble Inc., Sunnyvale, CA, USA). All the
sample points were also marked (based on the GIS layout) on the Topographic Plan of Portugal on a
1/25000 scale. These were then printed to support fieldwork in areas with no GNSS signal.

Thus the data generated from 2000 to 2018 were used to identify the sampling points on the
ground enabling us to record any shrub regrowth since the last known fire occurrence.

Circular 500 m2 sampling plots (12.62 m in radius) were used along with the cross transect method.
Two 25.24 m fiberglass tape measures were stretched perpendicularly across each sampling plot. Then,
the shrubs intersecting each fiberglass tape were measured in 3 dimensions: length, width, and height.
This enabled a calculation of the volume, assuming that the shrubs canopy was a sphere, and by using
Equation (1).

Vsh = 1/6 π L W H (1)

where Vsh = shrubs canopy volume (m3); L = length (m), W = width (m), H = height (m) (Formula
demonstration in Appendix A).

After measuring the total shrubs’ volume along the 2 transects within the sampling plot, 10 shrub
plants, 5 per transect (at the edges of the plot, halfway from the center and in the center) were cut in
order to be weighed. They were then placed in plastic bags, brought to the lab, put to dry in the shade
and weighed after reaching 30% moisture. The achieved results for the 500 m2 circular sampling plots
were then extrapolated to an area of 1 hectare and the amount of shrub biomass per plot was estimated
using Equation (2).

Biomass = V W 200/Mxw (2)

where Biomass in Mg ha−1, V = total shrubs volume along the 2 transects (m3), W = average shrubs
weight (Mg m−3 at 30% moisture), Mxw = maximum width measured along both transects (Formula
demonstration in Appendix A).

2.2.2. The Processing and Classification of Sentinel 2 Images

Sentinel 2 images were freely downloaded either from the Copernicus Hub website [37] or from
the Glovis website [38].

As the study area is not covered by a single image, eight Sentinel 2 images were used, two per
year, for the years of 2016, 2017, 2018, and 2019. All of them were recorded in the summer season.

It was not possible to download Sentinel-2S2A images for the years 2017, 2018 and 2019.
Only Sentinel-2L1C were available. When processing these images for the various dates, it was noticed,
after computing the NDVI images, that the calculated values for the water surfaces (e.g., dams) were
not consistent. This situation led to performing Sentinel-2 SEN2COR280 Processor (7.0.0) analysis
by SNAP. For this reason, an images atmospheric calibration was performed, based on the spectral
signature of the water collected by the research team with a spectra radiometer Ocean Optics VIS NIR
(Spectrecology, Inc., St Petersburg, FL, USA) and on the atmospheric scattered model proposed by
Chavez (1988) [39]. This procedure was carried out in order to have the same spectral signature for all
water surfaces. Each image was also submitted for atmospheric correction because solar elevation and
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the state of the atmosphere introduce differences in the radiation detected by the sensor for the same
area on different dates [40–43].

To ensure that differences in reflectance are due to changes in land cover, and not caused by
radiometric distortions, it was also necessary to apply a radiometric correction. One of the most
used models for atmospheric correction is a process called dark object subtraction (DOS) proposed by
reference [39]. This process is based on an atmospheric scattering model and reduces the haze effect by
calculating the expected minimum for a given band after atmospheric correction. This was carried
out in relation to the following criteria: at-satellite radiances were converted to surface reflectance by
correcting for both solar and atmospheric effects. Then, at-satellite radiance values were converted
into surface reflectance using a DOS approach [39]. This assumes no atmospheric transmittance loss
and no downward diffuse radiation. The surface reflectance of the dark object was assumed to be 1%,
and thus the path radiance was assumed to be the dark-object radiance minus the radiance contributed
by 1% surface reflectance [39–43].

Spectral reference signatures, such as water, bare soil and dense shrubland, were created after
dedicated work using an Ocean Optics VIS NIR spectra radiometer.

After the images processing operations, a RGB false colour composition image and an NDVI
image was created for all dates. The Sentinel 2 RGB482 composition was used, because it employs the
near infrared band in the green channel which allows the highlighting of vegetation thus enabling an
identification of the burnt areas, both recent and old.

Based on the analysis of these new images, and with the support of the GIS project and the
orthophotomaps made available by Bing Maps, spectral signatures were created to support the images
supervised classification. In a second stage, spectral signatures for the main rural and forest land cover
classes were created, namely:

- Agriculture
- Bare soil
- Deciduous
- Burnt areas
- Coniferous
- Grass
- Rocky areas with shrubs
- Shrubs
- Urban areas
- Water

These spectral signatures were then used to perform supervised classification techniques using the
10 m Sentinel 2 bands: B2, B3, B4, and B8. The minimum distance, maximum likelihood, and random
forest were tested.

After the supervised classification process completed, a new image was created indicating the
burnt areas and shrubland. This is a necessary step whereby a raster mask is created then applied to
the NDVI image in order to estimate the shrubs’ biomass that has regrown on former burnt areas.

This raster mask is required because the vector files represent all of the annual burnt areas created.
When placed over the relevant satellite images showing the burnt areas boundary or perimeter, they do
not consider the unburnt ‘islands’, nor the rocky areas [44–46]. Thus, to calculate biomass estimates by
means of a vector mask may lead to overestimations. In order to be able to calculate the amount of
shrub biomass that regenerated in the former burnt areas, it is necessary to create a raster mask that
represents only the areas that were actually burnt.

Finally, the sampling points attribute table in the GIS was updated with the NDVI values using a
known technique that enables extracting raster values to point-type vector files. Lastly, this attribute
table was exported in dBase format and processed in Excel. This way, it was possible to analyse the
relationship that could be established between the measured shrubs’ biomass, and that which was
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calculated using dedicated field work. In addition an NDVI value was also calculated using satellite
images processing techniques.

Figure 3 outlines a summary of all the working stages used in this research.

Figure 3. Work flow chart.

3. Results

3.1. Landcover Characterization

The landcover characterization work carried out was based on false colour RGB482 composition
visual analysis (Figure 4) and used NDVI images (Figure 5) for interpretation (all dates). The ensuing
results for 2019 are shown in Figures 4 and 5.

Figure 4. Sentinel 2 images (summer 2019) for the study area using false colour composition RGB482.
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Figure 5. Sentinel 2 images (summer 2019) for the study area using an NDVI calculation.

As healthy vegetation has its maximum spectral reflectance in near-infrared wavelength,
the Sentinel 2 band 8 (near-infrared) was used and coloured in green. Thus, green tonalities depicted
in the RGB482 images indicated vegetation density and consequently the darker the green colour
indicated the denser the vegetation.

The vegetation index NDVI was calculated using the normalized difference between the
near-infrared and the red images. As the vegetation red reflectance is always lower to the near-infrared
reflectance, the positive NDVI achieved values could also indicate vegetation density. Thus, the higher
the NDVI values the denser the vegetation. Each of the dots depicted in Figure 2 represent a sampling
point within a former burnt area. Analysing the NDVI image, Figure 5, it appears that the old burnt
areas are in various states of vegetation recovery. It seems, therefore, that the Northwest area of
Portugal has more dense vegetation and less burnt areas scars than the Northeast area.

It appears, however, that neither the green colour intensity shown in the RGB482 images (Figure 4)
nor the NDVI values (Figure 5) enable a classification of the vegetation type (e.g., burnt areas, forest land,
shrubland). These two images alone only infer the potential density of the vegetation cover. Thus,
it was necessary to carry out further analysis using Sentinel 2 images and an assisted classification
process to classify the land cover in classes.

Using the results from the Sentinel 2 images supervised classification process as well as the
Minimum Distance Classifier, enabled us to state that the main land cover features are suitable to be
classified accurately as presented in Table 2. This classification accuracy is particularly high for forest
features. For example, burnt areas and shrubland was easy to identify and classify with an accuracy
over 80%.

It was possible, therefore, to create a mask image for use with an associated NDVI image in order
to isolate burnt areas and shrubland. This mask was later used to ‘cut’ the NDVI image enabling a
shrub biomass calculation to be carried out along with the allometric equation application.

With an overall accuracy of 79.6% and a Cohen’s K coefficient of 0.754, it can be stated that the
Sentinel 2 images were found to be suitable for use in forestry applications as well as in the dynamic
analysis of former burnt areas too. The Sentinel 2 classified images created a raster mask that was used
subsequently to isolate the burnt areas and the shrubs areas.
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Table 2. Achieved results after confusion matrix for classification accuracy from Sentinel-2 images.

Sample Class N Pa (%) Ua (%) Ce (%) Oe (%)

Agriculture 77 46 80 54 20
Bare soil 35 80 48 20 52

Deciduous 31 87 68 13 32
Burnt areas 16 100 89 0 11
Coniferous 161 96 96 4 4

Grass 13 69 69 31 31
Rocky and shrubs 46 83 64 17 36

Shrubs 67 84 92 16 8
Urban areas 31 48 65 52 35

Water 9 89 100 11 0

N: Number of ground control points; Pa: Producer’s accuracy; Ua: User’s accuracy; Ce: Commission error; Oe:
Omission error.

3.2. Allometric Model for Shrub Biomass Estimation

For the allometric equation adjustment, 110 pairs (NDVI, shrub biomass) were used: 46 extracted
from 2016 image, 33 from 2017 image and 31 from 2018 image. In a first approach to data processing,
descriptive statistics were calculated for each date and region, as presented in Table 3.

Table 3. Descriptive statistic for the sub-samples.

2016 2017 2018

NW NE NW NE NW NE

NDVI
Count 28 30 21 12 23 8

Minimum 0.388 0.378 0.280 0.136 0.048 0.120
Maximum 0.700 0.700 0.696 0.655 0.694 0.688
Average 0.590 0.580 0.552 0.345 0.521 0.390

Standard deviation 0.090 0.100 0.144 0.193 0.219 0.259
Age

Count 28 30 21 12 23 8
Minimum 5 5 3 3 1 2
Maximum 15 15 15 11 15 14
Average 8.7 8.7 8.6 4.8 7.8 5.9

Standard deviation 3.4 3.4 4.1 2.6 4.2 4.5
Shrub biomass

Count 28 30 21 12 23 8
Minimum 3.49 4.80 1.73 0.46 0.19 0.67
Maximum 34.48 37.60 34.48 27.90 30.82 37.60
Average 17.04 18.76 16.46 6.50 15.97 12.77

Standard deviation 8.24 10.37 11.62 8.69 10.26 14.58

Subsequently, student-t tests were performed in order to verify that the sample points for the NW
area of Portugal are different to those of the sample points for the NE area. As no significant differences
were found, all the sampling points for each year were then merged into a single sample file.

The NDVI and shrub biomass values were centered and reduced in order to verify if this composite
sample had a normal distribution. Descriptive statistic and accumulated probability values were
calculated. Initially, the descriptive statistic for NDVI and shrubs biomass was calculated, shown
in Table 4. Then, accumulated probability values were calculated as depicted in Figure 6.
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Table 4. Descriptive statistic for the total sample.

NDVI (Dimension Less) Shrubs Biomass (Mg ha−1)

Count 110 110
Minimum 0.048 0.186
Maximum 0.700 37.596
Average 0.525 15.494

Standard deviation 0.179 10.781
Standard error 0.342 0.696

Median 0.596 15.291

Figure 6. Normal cumulative curves to NDVI (top) and to shrubs biomass (bottom).

The achieved results show that both distributions presented a normal distribution (Figure 6).
In the third stage of the process, a XY graphical representation was used in order to analyse the

relationship that could be established between NDVI values and shrub biomass (Figure 7). The resulting
graphic shows a narrow points cloud on the left for the minimum values and a scattered cloud on the
right for the maximum values. This indicates that there were constraints in the regression analysis for
the allometric equation calculation, possibly suggesting that there were too few options available.

During the regression analysis processing, it was noted that the NDVI tends to saturate at 0.7,
suggesting that the shrubs’ growth process maybe asymptotic to approximately 50 Mg ha−1. This maybe
due to the nature of the plants and the space they occupy over periods of time. As a consequence
of the approach adopted, the ensuing model led to better results than anticipated. It is presented in
Equation (3).

Shrub biomass = 70.078 NDVI 2.8113 (3)

R2 = 0.8984 (p-value < 0.05) and RMSE = 4.46 Mg ha−1
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Figure 7. Relationship between NDVI and shrub biomass.

3.3. Shrub Biomass Estimation Using NDVI Image Processing

When the regression analysis completed, the adjusted allometric equation was used to generate
the shrubs’ biomass estimation using the NDVI. It was also applied to the 2019 Sentinel 2 images before
the final calculation. General NDVI images were submitted to mask extraction in order to create new
images indicating the former burnt and shrub areas, as depicted in Figure 8.

Figure 8. Accumulated shrubs’ biomass in former burnt areas in the North of Portugal, estimated using
an NDVI image summer 2019 and an allometric equation.

The results show that it is possible to account for an extent of some 172,022 ha and of 1,323,222 Mg
of accumulated shrubs’ biomass in the Northeast area. Likewise some 209,824 ha and 3,835,047 Mg can
be identified in the Northwest area. On average, the Northeast area has approximately 7.7 Mg ha−1

and the Northwest has 18.3 Mg ha−1 of accumulated shrubs’ biomass identified in the former burnt
areas and shrubland.
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4. Discussion

4.1. Sentinel 2 Images

The Sentinel 2 images, bands B2, B3, B4 and B8 (VIS–NIR), were deemed to be suitable for use in
rural areas characterization and mapping, mainly in forested and shrubland areas, as demonstrated by
the calculated overall accuracy (OA = 79.6) and the Cohen’s K coefficient (k = 0.754) described earlier.

It was possible to classify, with good accuracy, the forest features in deciduous, coniferous and
shrubs areas too. It was not possible, however, to classify mixed forest stands of deciduous and
coniferous woodlands as the classification methods only isolate deciduous clusters from coniferous
clusters. It was also not possible to classify forest stands by species.

Due to their spectral signatures, burnt areas were identified and classified with an users’ accuracy
of 89%. It was only possible to classify these former burnt areas, i.e., younger than a year and a half,
after the fire because this timeframe indicates when a vegetative period has taken place and the shrubs
were beginning to grow in these burnt areas. For example, if two full years have passed since the fire,
the former burnt areas classification through satellite images starts to present results that confuse these
areas with agricultural land and rocky areas with scattered vegetation.

The B4 and B8 bands enabled us to calculate NDVI images which proved to be adequate for the
shrubs’ biomass characterization and quantification. This was demonstrated using the statistical values
of correlation between NDVI and shrubs biomass (r = 0.853) and the determination coefficient for the
allometric equation (R2 = 0.8984).

4.2. Shrubland Characterization

Vegetation, mainly shrubs, has a great potential to regrow on former burnt areas. The capability to
colonize the space and to produce biomass is closely related to local morphology and edaphoclimatic
conditions. As previously presented in Table 3, after calculating descriptive statistics for sub-samples
and after adjusting allometric equations to each year, no statistically significant differences were found.
In order to guarantee the accuracy of the estimates obtained by the general allometric equation now
presented, however, it is necessary to verify if the growth rate of the shrubs is different in the two
study areas. To achieve this, an allometric equation per area to the pairs was developed using: age and
shrubs’ biomass. This is presented as Equations (4) and (5).

NW region: Shrub biomass = −0.0062 t3 + 0.2089 t2
− 0.2738 t + 2.279 (4)

R2 = 0.7349 (p-value < 0.05) and RMSE = 4.9 Mg ha−1

NE region: Shrub biomass = −0.0072 t3 + 0.2211 t2
− 0.2738 t + 2.043 (5)

R2 = 0.6921 (p-value < 0.05) and RMSE = 3.7 Mg ha−1

The resulting shrubs’ estimates, by means of these two equations, showed that there was no
statistically significant differences found between regrowth rate in either of the study areas. This is
shown in Figure 9.

The Northwest study area was found to have better morphological and edaphoclimatic conditions
for shrubs’ regrowth after fire than the Northeast area, possibly because the latter had retained burnt
area scars for a longer time. After 30 years of forest fires, many of the mountainous areas had lost
almost all vegetation and, as a consequence, top soil too. Figures 4 and 5 show that these areas
are now characterized by small forested spaces or shrub zones surrounded by rocky extents with
scattered shrubs.
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Figure 9. Estimations for shrubs regrowth rates in the study area.

The achieved results were classified regarding the average value of accumulate shrubs’ biomass
according to the elapsed time after the last fire event and the sampling date. This reclassification
process enabled us to calculate the accumulated shrubs’ biomass amount per class and also to create a
histogram for the number of available hectares per class. The results are shown in Figure 10.

Figure 10. Accumulated shrubs biomass in summer 2019.

Although the growth rates in the two areas are not significantly different, it appears that the
Northwest area is more densely vegetated than the Northeast. This was expected since this former
area is facing the Atlantic Ocean, has a milder climate and greater rainfall than the Northeast
landlocked territory.

It can be noted that for both of the study areas, within two years, the vegetation was capable to
regrow enough to disguise the black landscape caused by fire. After five years, almost all the former
burnt area was covered by vegetation and the accumulated shrubs’ biomass grew up to 5 Mg ha−1 (30%
moisture). Thus it can be demonstrated that in up to five years after a fire occurrence, the ecosystem
will recover as evidenced by the fire hard index ranges from very low to medium. It appears that
between five and 10 years after a fire, the accumulated shrubs’ biomass can reach 14 to 18 Mg ha−1.
In terms of the ecosystem, the situation is favorable, but in terms of fire danger less so. Between 10 and
15 years after a fire, the shrubs’ accumulated biomass can reach 26 Mg ha−1. It must be noted, however,
that this biomass already has a large wood structure that gives it properties suitable for its use as fuel
for thermoelectric power plants. This means that this shrubs biomass has a potential economic value
that could change very dense shrubs areas from a severe fire hazard issue into a green fuel source.



Forests 2020, 11, 555 14 of 19

4.3. Allometric Equation for Shrub Biomass Estimation

The accumulated shrubs’ biomass estimation was made using an allometric equation based on the
elapsed time after a fire, as previously presented in Section 4.2 and also shown in Equations (4) and (5)
as well as Figure 9. In addition the NDVI values derived from satellite image processing, also played a
significant role (described earlier in this paper).

When working in a large area that presents different morphological and edaphoclimatic
characteristics and which requires the use of multiple satellite scenes, it is appropriate to verify
in advance if there are differences in the shrubs’ growth rate and if there are differences in relation to
the year under study. It was verified, as previously stated, that no statistically significant differences
were found in relation to the shrubs’ growth rate of the bush in the two study areas.

To verify the second hypothesis, an allometric equation for each date was adjusted. This is
presented in Table 5.

Table 5. Allometric equations adjusted for the 3 years in analysis.

Date Allometric Equation R2 (Adj) RMSE (Mg/ha)

2016 66.383 NDVI 2.6073 0.894 4.08
2017 68.476 NDVI 2.6053 0.876 4.22
2018 58.139 NDVI 1.9541 0.855 4.95

Each of the allometric equations used the 110 sampling points and consequently the results
generated were very similar with no significant differences found between estimates. These are shown
in Figure 11.Forests 2020, 11, 555 14 of 18 
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As no statistically significant differences were found between the shrubs’ biomass estimations
using the three previously presented equations, a general equation was developed using the 110
sampling points (Equation (3)).

The adjusted allometric equation described here proved to be suitable for assessing the shrubs’
biomass estimation using NDVI values. Employing this method also made it possible to monitor the
shrubs’ biomass regrowth in the former burnt areas on a regular basis by means of Sentinel 2 image
processing and classification.

As neither the shrubs’ growth rates are significantly different for either study area or the use of the
allometric equations (adjusted for each of the years: 2016, 2017, and 2018) led to statistically significant
estimates between them and to the general equation, it can be state that the methodology was suitable
to be used in this area for any year. This has been demonstrated by using accurate estimates of the
accumulated shrubs’ biomass (based on satellite imagery) and on a regular basis. It also enables
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the monitoring of the shrubs’ biomass variation as well as calculating the biomass gains and losses.
Biomass gains can be converted into sequestered carbon and used to analyse the ecosystem’s state of
health as well as its production capability [47,48]. It can also be used to update the fire hazard indices
calculation and to identify the places most prone to be burnt by large fires and, therefore, requiring
special attention. Biomass losses can be converted into carbon released into the atmosphere by forest
fires [9] or used to calculate the intensity of forest fires. The difference between post-fire gains and
losses can be used to calculate the fire severity [46,49] in any given spot.

This equation was adjusted for the North Portugal study areas and it is suggested that it could be
used in other territories with similar morphological and edaphoclimatic conditions. It is important to
remember, however, that such work requires a validation process for any area.

5. Conclusions

Free Sentinel 2 images were an asset to derive multi temporal and dynamic studies about land
cover, for monitoring former burnt areas and to estimate the shrubs’ biomass accumulation.

The achieved results enable us to state that the methodology presented in this manuscript proved
to be robust and that the NDVI derived from Sentinel 2 images can be used to calculate accurate and
dynamic estimates of accumulated shrubs biomass.

The allometric equation presented here also allowed us to estimate the shrubs’ biomass using
Sentinel 2 images without depending on the vector files provided by EFFIS or by ICNF (Portuguese
Institute for Nature and Forest). Comparing the shrubs’ biomass estimates achieved through the two
allometric equations, using NDVI and using elapsed time after fire, demonstrated that no statistically
significant differences were found. Thus, it can be stated that the allometric equation presented in this
manuscript incorporated the effect of elapsed time after the fire.

The combined use of GIS and RS techniques, complemented by regression analysis proved to be
useful for monitoring the shrubs’ regrowth in the former burnt areas. It was also useful to analyse
the land cover dynamics and also to quantify the accumulated shrubs’ biomass. GIS supported
data records, management, and the sampling system development was helpful whilst RS supported
multitemporal land cover analysis and biomass estimation using associated satellite image processing.
Classification also offered major benefits too.

Regression analysis and allometric equation adjustments were found to be suitable processes to
assign the biophysical data that was collected via field work as well as the use of the freely available
satellite images. This led to the calculation and estimatation of the shrubs’ biomass.

Although the NDVI saturates only measured 0.7, it was still possible to obtain good estimates of
the shrubs’ biomass before the complete canopy closure which is when the accumulated values reach
their maximum. It was discovered that the NDVI values were not, however, specific for all types of
vegetation. Consequently it was always necessary to create a raster mask in advance that identified the
type of vegetation or area under analysis in order to define the estimates for those particular places
of interest.

From a forest management perspective, it was found that, after five years, the accumulated
shrubs’ biomass starts to be a fire hazard related issue as it creates a horizontal continuous coverture
which encourages any fire to spread. If it was 10 years since the last fire occurrence, the amount of
accumulated shrubs’ biomass was found to be over 14 Mg ha−1 which led to a severe wild fires spread.
This is commonly referred to as a 10 year of fire recurrence cycle in Portugal.

The methodology presented in this paper was found to be suitable for use in forest land
management and also served a number of unexpected different purposes. From an ecological
persepective it has been demonstrated that, over a two-year period, the vegetation was capable
of enough regrowth to minimize erosion actions and to support animal life. In a five-year period,
it appears that almost all the former burnt areas are covered by vegetation. From this point of view
it may be possible to use the shrubs’ biomass for energy purposes but it was found that only after a
10-year period that the amount of accumulated shrubs’ biomass became economically valuable to cut
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and transport elsewhere. This was determined by the monetary biomass value for any potential power
plant location, the man hours cost involved to capture it as well as the necessary transportation costs.
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Appendix A

Additional information:

• Sentinel-2S2A_20160828T113040_20160828T164718_A006183_T29TPG_N02_04_01
• Sentinel-2S2A_20150804T113226_20160319T010337_A000606_T29TPN_N02_04_01
• Sentinel-2L1C_T29TPG_A010759_20170714T112114
• Sentinel-2L1C_T29TNG_A010759_20170714T112114
• Sentinel-2L1C_T29TPG_A015621_20180619T112602
• Sentinel-2L1C_T29TNG_A006784_20180624T112452
• Sentinel-2L1C_T29TNG_A021341_20190724T112448
• Sentinel-2L1C_T29TPG_A021484_20190803T112140

Formulae demonstration:
Vsh = 1/6 π L W H (A1)

where Vsh = shrubs canopy volume (m3), L = length (m), W = width (m), H = height (m), and the
volume of a sphere = 4/3 π r3.

In order to use the shrubs dimensions measured along the transect, the equation can be rewritten as:

Volume of shrub canopy= 4/3 π Length/2 Width/2 Height/2

Volume of shrub canopy= 4/24 π Length Width Height

Volume of shrub canopy= 1/6 π Length Width Height

Biomass = V W 200/Mxw (A2)

where Biomass in Mg/ha V = Total shrubs volume along the 2 transects (m3) W = Average shrubs
weight (Mg/m3 at 30% moisture) Mxw = Maximum width measured along both transects.

In a 500 m2 sampling plot, the plot radius is 12.62 m. This way, each transect has 25.24 m. The 2
transect account for 50.48 m.

When measuring the shrubs along these transects, the sum of shrubs width plus shrubs length
define the area occupied by shrubs within the 2 cross section transects. Using the maximum measured
shrubs width and the length of both transects is possible to calculate the maximum area for the
2 transects.

Sampling area = Maximum width 50.48 m

For converting the measured shrubs biomass within the sampling area, it is necessary to convert
this area to 1 hectare.

10,000/Maximum width 50.48 ≈ 200/Maximum width
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