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Abstract

This article presents the performance of a vegetation fuel type (FT) classification based on
conditional rules according to the Prometheus system, including an analysis of the effect of
cell size and scan density on mapping vertical structural types, exemplified as FT, using ex-
clusively LiDAR data. Since the Prometheus system does not specify any criterion for the
minimum extension where those methodologies can be applied, we searched for the optimal
classification cell size by gridding the study area at 20 and 40 m cell sizes. We also included
a study of the effects of varying the scan density from 2 to 0.5 pulses-m™. To validate the clas-
sification method, we used a stratified random sampling without replacement of 15 cells per
FT and made an independent visual assessment of FT5. The best results in terms of precision
were obtained for the combination of 0.5 pulses-m” and 20 m-resolution dataset, with an
overall accuracy of 84.13%. It was also showed that an increase in scan density would not
improve the global accuracy of the classification, but it would be desirable for a better detection
of the shrub stratum.
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1. Introduction

The Mediterranean region is frequently affected by
wildland fires, consuming thousands of hectares of
vegetation and having severe consequences both in
the ecosystems and landscape (De Luis et al. 2001,
Gonzalez-Olabarria et al. 2005). Since natural factors
influencing wildland fire spread such as topography
and meteorology cannot be modified, forest fires may
only be prevented by detecting the forest fuel and an-
ticipating potential areas with vertical continuity in
the vegetation structure, where the rate of spread, in-
tensity and severity of forest fires are higher (Anderson
1982, Hermosilla et al. 2014). For this purpose, satellite
and aerial imagery are not useful by themselves unless
combined with active sensors that can retrieve vertical
information (especially understory information), such
as Light Detection and Ranging (LiDAR), a reliable
sensor to analyse forest structure (Bottalico et al. 2017,
Valbuena et al. 2013). At landscape scale, the knowl-
edge of forest vertical structure, or its equivalent con-
cept of forest fuel type (FT), is essential. These FTs are
groups of vertical vegetation profiles with similar fire
behaviour, which according to the Prometheus system
(Prometheus S.V. Project. 1999) can be classified in

seven different types (Table 1). This system was spe-
cifically designed for the Mediterranean region and it
is based on the Northern Forest Fire Laboratory
(NFFL) classification. The use of LiDAR along with
multispectral imagery such as ASTER (Falkowski et
al. 2004), Landsat (Skowronski et al. 2007, Marino et
al. 2016), QuickBird (Mutlu et al. 2008), Sentinel 2
(Domingo et al. 2020, Sanchez Sanchez et al. 2018, Ruiz
et al. 2018) or colour infrared imagery (Jakubowski et
al. 2013) among others, to map FT has already been
studied. However, despite being an accurate tool, little
research has been carried out using exclusively LIDAR
data in order to map FT or forest structure (Zimble et
al. 2003, Falkowski et al. 2009, van Ewijk et al. 2011,
Huesca et al. 2019, Ferrer Palomino and Silva 2021,
Garcia-Cimarras et al. 2020).

It should be noted that FT classifications, including
the Prometheus system, do not specify any criterion
for the minimum area or cell size where those meth-
odologies can be applied. There is a wide range of pos-
sible cell sizes that can be used to estimate forest vari-
ables, ranging from fine to coarse scales. Too small
cells may lose LiDAR information from the under-
story, and the map will be too fragmented with a »salt
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Table 1 Description of different fuel types (FTs) according to Prometheus classification

Shrub Average shrub Average distance between Fusl type
proportion height understory and tree crowns v
Ground >60% - - - - Grasslands (FT1)
—e00, >60% 0.30-0.60 m - Low shrubs (FT2)
B ° >60% 0.60-2.00 m - Medium shrubs (FT3)
tree height >4.0 m -
>60% 2.00-4.00 m - High shrubs (FT4)
Canopy Cover )
50 <30% - - Forest without understory (FT5)
>
i ’ >30% - >05m Forest with shrubs (FT6)
tree height >4.0 m ; - —
>30% - <05m Forest with vertical continuity (FT7)

and pepper« effect. Conversely, a too large cell size
will classify an excessively broad area, resulting in a
coarse, inaccurate classification. Also, the selection of
cell size could depend on the density of LiDAR data.
Therefore, it is vital to find a balance between these
two extremes and choose a cell size that meets wild-
land fire managers and scientists needs, since it could
affect the results of the analysis (Wiens 1989).

Similarly, other studies have focused on studying
the effect of LIDAR scan density on the estimation of
forest variables (Gonzalez-Ferreiro et al. 2012, Magnusson
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et al. 2007, Ruiz et al., 2014, Watt et al. 2013), on pre-
dicting characteristics of individual trees (Vauhkonen
et al. 2008), or on crown fuel modelling (Marino et al.
2019). However, no research has been carried out with
the aim of studying the influence of LIDAR scan den-
sity on FT mapping. Therefore, it is necessary to define
a minimum threshold of scan density. Otherwise, the
information will be insufficient to impute a FT to each
cell. Another reason to warrant enough scan density
is the need for characterising the shrub stratum. Shrub
height is a critical parameter used in the Prometheus
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Fig. 1 a) Orthophoto of the study area (2017) with vegetation covers from the Spanish National Forest Map at 25 m scale. Universal Transverse
Mercator (UTM) coordinates (m) in the margins; b) Location map of the study area. La Rioja province is shadowed in grey. The study area is
the red square
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classification system to discriminate between forest
without understory (FI5), forest with shrubs (FT6) and
forest with vertical FT7) (Table 1).

Therefore, the aim of this research is to propose a
FT classification and to analyse both the effect of cell
size and scan density on mapping vertical structural
types, exemplified as FT, by means of LiDAR data.

2. Materials and Methods
2.1 Study Area

The study area was a 2x2 km tile located in La
Rioja province (Spain; Fig. 1). We chose this area for
our study, in view of its apparent diversity of vegeta-
tion structure types.

La Rioja has a unique location, affected by both
Mediterranean and Atlantic areas of influence, where
we can find beech, pine and meso-xerophilous oak
forests, among other species (Iiiigo et al. 2011). Fig. 1
shows the forest covers of our area of interest that in-
cludes forests with the most representative species
being Quercus ilex ssp. ballota, Quercus pyrenaica,
Quercus petraea, Fagus sylvatica and Pinus sylvestris.

2.2 Lidar Data Acquisition and Processing

The LAZ file corresponding to our study area was
downloaded from the Spanish Geographic Institute’s
website (Instituto Geografico Nacional 2016). The area
has been covered between August and September
2016, therefore, under leaf-on conditions and has
2 pulses'm” mean scan density. The 2x2 km file was
provided in ETRS89 Datum. The projection was the
Universal Transverse Mercator (UTM) Zone 30N,
and the coordinates of the upper-left corner were X:
504.000 m; Y: 4.662.000 m.

To study the effect of the cell size on the FT classi-
fication, we compared two different cell sizes: 20 and
40 m. The minimum cell size was set to 20 m to ensure
atleast 200 returns for the analysis with the lower scan
density of 0.5 pulses-m™.

To process the data, an R code (R Core Development
Team 2018) was developed using FUSION software
v4.10 (McGaughey 2020), as described in Fig. 2. First,
the LAZ file was decompressed into a LAS file. Then,
the point cloud was filtered with FilteData to remove
outliers. Given that the scan density was irregular
within the area of interest, the point cloud was previ-
ously homogenised to 2 and 0.5 pulses'm” using the
lidR package in R. Afterwards, ClipData tool extracted
the ground pulses from the original point cloud, and
after that, GridSurfaceCreate tool used those ground
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Fig. 2 Flowchart for LiDAR data processing and application of
Prometheus classification system

pulses to create a digital terrain model (DTM) at 5x5
m spatial resolution. ClipData tool was used again to
subtract the DTM from the original point clouds in
order to normalise the point heights and to clip the
10,000 and 2500 cells for the 20 and 40 m cell sizes,
respectively. Finally, Gridmetrics program was used
both for 20 and 40 m cell sizes to calculate the LIDAR
metrics in the following stratums: from 0.00 to 0.30 m;
from 0.30 to 0.60 m; from 0.60 to 2.00 m; from 2.00 to
4.00 m and above 4.00 m, coinciding with the stratums
of the Prometheus classification system. Additionally,
the forest canopy cover was estimated from the per-
centage of first returns above 4.00 m.

2.3 Fuel Type Classification and Mapping

A FT was assigned to each cell based on condi-
tional rules according to Table 2, which summarises
the criteria employed to adapt the Prometheus clas-
sification system to the LiDAR information previous-
ly extracted. First, when more than 60% of the vegeta-
tion was lower than 30 cm height, the cell was directly
classified as grasslands (FT1). Then, if Tree Cover was
lower than 50%, the cell was assigned to grasslands or
shrubs (FT1, FT2, FT3 or FT4) depending on the stra-
tum with the highest number of returns (Mode). When
the stratum with the greatest number of returns (Mode)
was the stratum above 4 m in height, the assigned FT
was determined by consulting the second height in-
terval with more returns (2" Mode). In the case that the
Tree Cover was greater than or equal to 50%, a similar
procedure was employed to differentiate those FT cor-
responding to trees without understory (FI5), trees with
shrubs (FT6) and forest with vertical continuity (FI7) by
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Table 2 Classification system proposed to assign a fuel type (FT) to a cell with LiDAR data

Tree Cover Mode 2" Mode Max. Elev 3“Mode Description Fuel type
Ground>60% Grasslands FT1
0.0-03m - - - Grasslands FT1
0.3-0.6m - - - Low shrubs F12
0.6-20m - - Medium shrubs FT3
20-40m - - High shrubs FT4
<50%
0.0-0.3m - - Grasslands FT1
0.3-06m - - Low shrubs F12
>40m )

0.6-20m - - Medium shrubs FT3
20-40m - - High shrubs FT4
0.0-0.3m - - Trees without understory FT5
0.3-0.6m - - Trees with shrubs FT6
- >120m - Trees with shrubs FT6

06-20m - - —
- <120m - Forest with vertical continuity FT7
- >12.0m - Trees with shrubs FT6

20-40m 5 5 —
- <120m - Forest with vertical continuity F17
>50% 0.0-0.3m - - Trees without understory FT5
0.3-0.6m - - Trees with shrubs FT6
>120m - Trees with shrubs FT6

06-20m 5 ) —
>40m <120m - Forest with vertical continuity FT7
- 0.0-03m Trees without understory FT5
2.0-40m - 0.3-0.6m Trees with shrubs FT6
- 0.6-2.0m Forest with vertical continuity FT7

Max. Elev: maximum elevation of LIDAR returns

looking the Mode, 2" Mode and 3" Mode being discrim-
inated under the criterion on whether vertical continu-
ity of plant material would allow ground fires to
spread toward tree crowns. It was assumed that when
Max. Elev was above 12 m there will not be vertical
continuity because shrubs would not reach the crown
base height, and thus those areas were classified as
trees with shrubs (FT6). On the other hand, when Max.
Elev was equal or lower than 12 m, the canopy base
height could be low enough to, in some cases, create a
vertical continuity. Lastly, when the Mode was at the
>4 m stratum and the 2™ Mode at 24 m, there was a
need to give an additional criterion defining the dis-
tance between understory and crowns, which we ad-
dressed by looking at the height of the 3" Mode. Using
this set of recursive rules (Table 2), FT maps were cre-
ated at 20 and 40 m spatial resolution, respectively,
with one value of FT assigned to each cell.

2.4 Data Validation

To validate our method, we tested 15 cells (when
it was possible) randomly selected for each FT/cell

size/scan density combination. There were some ex-
ceptions in the case of low shrubs (F12), for which only
8 cells were available when the pixel size was 20 m and
the scan density 2 pulsesm™ and when the pixel size
was 40 m for both densities, that FT could not be iden-
tified in our study area. The validation process con-
sisted on contrasting assigned FT by observing the
point cloud extracted in a grid of 20x20 m with the
FUSION LDV (LiDAR Data Viewer) 3D visualisation
environment (McGaughey 2020), which was consid-
ered as reference data, against the automatic classifica-
tion (Table 2).

To assess the accuracy of the classification, we used
a confusion matrix along with the overall accuracy,
user’s accuracy, producer’s accuracy and Kappa coef-
ficient (Congalton 1991). The results of the confusion
matrix were weighted to the proportion of area cov-
ered by each FT (Olofsson et al. 2013; Stehman 1996).
Eq. 1 was applied to obtain the weighted proportion
() of a sample for visually referenced FT j and the
automatically classified FT i.
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A]. 1 .

Py = A_t”_1 M

Where:

Aj/A, theratio between the area (4;) observed for each
FT class j with respect to the total number of
cells (A=2500, with a cell size of 40 m, or 10,000,
with a cell size of 20 m)

n;  the number of cells observed for class j and pre-
dicted to be class 7, and 7, is the total number of
plots validated for a class i.

3. Results

When the density was fixed at 0.5 pulsesm? and
the cell size was set at 40 m (Fig. 3a), the overall ac-
curacy obtained was 79.33% (Table 3). No cells were

A. Garcia-Cimarras et al.

classified as low shrubs (FT2). The worst results were
found when trying to discriminate between trees with
shrubs (FT6; producers” accuracy 0.25) and forest with
vertical continuity (FT7; producers’ accuracy 0.65; us-
ers’ accuracy 0.40; Table 3).

Table 4 displays the confusion matrix obtained for
the 0.5 pulsesm” dataset with cell size of 20 m (Fig.
3b). The global accuracy was 84.13% (Table 4). In this
case, the user’s accuracy obtained when discriminat-
ing between trees with shrubs (FT6) and forest with verti-
cal continuity (FT7) was very low (0.40 and 0.20, respec-
tively; Table 4). Producers’ accuracy was low for high
shrubs (FT4) and forest with shrubs (FT6), 0.42 and 0.30,
respectively (Table 4).

When the scan density was increased to 2 pulses-m™
with a cell size of 40 m (Fig. 3¢, Table 5), the global ac-
curacy was 78.83%. However, no cells were classified

Table 3 Confusion matrix corresponding to 0.5 pulses-m* and pixel size of 40 m

Reference data
Classified data FT1 FT2 FT3 FT4 FT5 FT6 FT7 | Total | User's accuracy | Producer’s accuracy

Grasslands (FT1) 8 1 3 - 1 2 - 15 0.53+0.26 1.00=0.00
Low shrubs (FT2) - 0 - - - - - 0 0.000.00 0.00=0.00
Medium shrubs (FT3) - - 9 4 - 1 1 15 0.60=0.26 0.41+0.27
High shrubs (FT4) - - - 9 - 5 1 15 0.60+0.26 0.45+0.24
Forest without understory (FT5) - - - - 15 - - 15 1.00+0.00 0.95+0.07
Forest with shrubs (FT6) - - - - 3 12 - 15 0.80=0.21 0.25=0.15
Forest with vertical continuity (FT7) - - - - 9 6 15 0.40=0.26 0.65=0.38
Total 8 1 12 13 19 29 8 90 | Overall accuracy 0.79+0.08
Share of the total area (weights) 0.309 | 0.000 | 0.070 | 0.026 | 0.535 | 0.030 | 0.030 | - - -

Number of cells with the same fuel type (FT) assignment both visually and according to our classification are in bold

Accuracy measures are presented with a 95% confidence interval

Table 4 Confusion matrix corresponding to 0.5 pulses-m and pixel size of 20 m

Reference data
Classified data FT1 FT2 FT3 FT4 FT5 FT6 FT7 | Total | User's accuracy | Producer’s accuracy

Grasslands (FT1) 12 - 1 - 1 1 - 15 0.80+0.21 1.00=0.00
Low shrubs (FT2) - 12 - - - 3 - 15 0.80=0.21 1.00=0.00
Medium shrubs (FT3) - - 13 1 - - 1 15 0.87+0.18 0.76+0.32
High shrubs (FT4) - - - 15 - - - 15 1.00+0.00 0.42+0.39
Forest without understory (FT5) - - - 1 14 - - 15 0.93+0.13 0.90+0.07
Forest with shrubs (FT6) - - - - 9 6 - 15 0.40+0.26 0.30+0.28
Forest with vertical continuity (FT7) - - 1 1 5 5 3 15 0.20=0.21 0.60+0.53
Total 12 12 15 18 29 15 4 105 | Overall accuracy 0.84+0.09
Share of the total area (weights) 0.295 | 0.002 | 0.081 | 0.031 | 0.514 | 0.036 | 0.041 - - -

Number of cells with the same fuel type (FT) assignment both visually and according to our classification are in bold

Accuracy measures are presented with a 95% confidence interval
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Fig. 3 Output rasters for fuel type (FT) classification datasets. The polygons of the vegetation cover types from the Spanish National Forest
Map from Fig. 1 have been superposed as spatial reference. FT1: Grasslands; FT2: Low shrubs; F13: Medium shrubs; FT4: High shrubs; FT5:
Forest without understory; F16: Forest with shrubs; FT7: Forest with vertical continuity

as low shrubs (FT2). User’s accuracies values were high
(from 0.73), but the identification of trees with shrubs
(FT6) was less efficient (0.13) than for other FT (0.52 or
more, Table 5).

Table 6 shows the confusion matrix obtained for
the dataset with a cell size of 20 m and 2 pulses'm™

(Fig. 3d). The global accuracy was 81.11%. The highest
levels of error were found in the discrimination be-
tween trees with shrubs (FT6) and forest with vertical
continuity (FT7). Since the group low shrubs (FT2) was
underrepresented in the study area (only 8 cells out of
10,000), its weighted producer’s accuracy was low
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Table 5 Confusion matrix corresponding to 2 pulses'm™ and pixel size of 40 m

A. Garcia-Cimarras et al.

Reference data
Classified data FT1 F12 FT3 FT4 FT5 FT6 FT7 | Total | User's accuracy | Producer’s accuracy

Grasslands (FT1) 1 1 2 - - 1 - 15 0.73+0.23 1.00+0.00
Low shrubs (FT2) - 0 - - - - - 0 0.00=0.13 0.00=0.00
Medium shrubs (FT3) - - 14 1 - - - 15 0.93+0.23 0.52+0.34
High shrubs (FT4) - - - 1" - 1 3 15 0.73=0.21 0.83+0.27
Forest without understory (FT5) - - - - 12 3 - 15 0.80+0.21 1.00=0.00
Forest with shrubs (FT6) - - - - - 14 1 15 0.93+0.13 0.13=0.11
Forest with vertical continuity (FT7) - - - - - 2 13 15 0.87+0.18 0.76+0.17
Total " 1 16 12 12 21 17 90 | Overall accuracy 0.79=0.14
Share of the total area (weights) 0.319 | 0.000 | 0.050 | 0.023 | 0.563 | 0.023 | 0.022 - - -
Number of cells with the same fuel type (FT) assignment both visually and according to our classification are in bold

Accuracy measures are presented with a 95% confidence interval

Table 6 Confusion matrix corresponding to dataset with 2 pulses'm~ and pixel size of 20 m

Reference data
Classified data FT1 F12 FT3 FT4 FT5 FT6 FT7 | Total | User's accuracy | Producer’s accuracy

Grasslands (FT1) 1 2 2 - - - - 15 0.73+0.23 1.00+0.00
Low shrubs (FT2) - 8 - - - - - 8 1.00=0.00 0.02=0.03
Medium shrubs (FT3) - - 13 2 - - - 15 0.87+0.18 0.54-+0.29
High shrubs (FT4) - - 2 13 - - - 15 0.87+0.18 0.77+0.24
Forest without understory (FT5) - - - - 13 2 - 15 0.87+0.18 1.00=0.00
Forest with shrubs (FT6) - - - - - 14 1 15 0.93+0.13 0.14+0.13
Forest with vertical continuity (FT7) - - 1 - - 9 5 15 0.33+0.25 0.91+0.18
Total " 10 18 15 13 25 6 98 | Overall accuracy 0.81=0.12
Share of the total area (weights) 0.301 | 0.001 | 0.063 | 0.032 | 0.556 | 0.016 | 0.031 - - -

Number of cells with the same fuel type (FT) assignment both visually and according to our classification are in bold

Accuracy measures are presented with a 95% confidence interval

even though no samples were classified wrongly. In
addition, producer’s accuracy for trees with shrubs
(FT6) was the second lowest result due to the low
number of cells classified as this FT (162 out of 10,000).
The rest of the user’s and producer’s accuracies values
were higher (0.54 or greater).

In summary, we observed that an increase in the
scan density from 0.5 to 2 pulses'm™ did not result in
an increase of the overall classification accuracy inde-
pendently of the pixel size. In addition, the best results
in terms of overall accuracy were provided by the
0.5 pulses'm™ scan density, and 20 m pixel size con-
figuration. Losing spatial resolution would lead to the
incapacity of detecting the scarcely represented spe-
cies such as low shrubs (FT2). On the other hand, the
highest scan density (2 pulses'm™) combined with the
smallest cell size (20 m) provided both satisfactory FT

classification and spatial resolution. Additionally, a
high correspondence between the output raster (Fig.
3) and the orthophoto (Fig. 1) of the study area was
observed.

To validate our classification methodology, the
output raster of the study area, gridded using 40 m cell
size with a scan density of 0.5 pulses-m?, was resam-
pled to 20 m cell size and compared with the output
raster obtained when the study area was classified
with a pixel size of 20 m (Fig. 4a). It was observed that
80.27% of the cells remained classified with the same
FT (Table 7), while 11.47% of the cells were classified
as an FT of lower vegetation height and 8.26% changed
to an FT of taller vegetation.

The same procedure was carried out to compare
the 20 and 40 m cell size with 2 pulses-m™ classification
(Fig. 4b). We observed that 84.56% of the cells were
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Table 7 Number of coincidences (in bold) and mismatches during fuel type (FT) classification with 0.5 pulses-m™ scan density. Gridding of
the 40 m cell map was resampled from 40 m to 20 m cell size. Total number of cells: 10,000. Numbers of cells with the same fuel type as-
signment for both cell sizes are in bold

Cell size 20 m
FT1 FT2 FT3 FT4 FT 5 FT 6 FT7 Sum
Grasslands (FT1) 2590 9 193 55 215 10 20 3092
Low shrubs (FT2) 0 0 0 0 0 0 0 0
Medium shrubs (FT3) 110 4 442 54 46 15 33 704
Cell size 40 m High shrubs (FT4) 41 0 46 126 28 0 19 260
Forest without understory (FT5) 196 4 43 45 4666 245 149 5348
Forest with shrubs (FT6) 9 2 52 8 100 13 56 300
Forest with vertical continuity (FT7) 4 0 32 25 87 18 130 296
Sum 2950 19 808 313 5142 361 407 8027
Percentage of coincidence 87.80 0.00 54.70 40.26 90.74 20.22 31.94 -

Gridding of 40 m cell map was resampled from 40 m to 20 m cell size
Total number of cells: 10,000
Numbers of cells with the same fuel type assignment for both cell sizes are in bold
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Fig. 4 Changes in fuel type (FT) classification by comparing the classifications with 40 m and 20 m cell size. Overestimation: mismatch in
the classification as assignment to a FT of taller vegetation height. Coincidence: match between both classifications; Underestimation:
mismatch in the classification as assignment to a FT of lower vegetation height. The polygons of the vegetation cover types from the Spanish
National Forest Map from Fig. 1 have been superposed as spatial reference

classified as the same FT using the two different cell For both scan densities, 0.5 and 2 pulses-m'z, low
sizes (Table 8), while 6.87% of the cells were classified shrubs (FT2) were not detected when a cell size of 40 m
as an FT of lower vegetation height and 8.57% changed was used. However, with the 20 m cell size, this FT was
to an FT of taller vegetation. detected in spite of its scarce presence in the area
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Table 8 Number of coincidences (in bold) and mismatches during fuel type (FT) classification with 2 pulses'm-2 scan density

Cell size 20 m
FT 1 FT 2 FT3 FT 4 FT5 FT 6 FT7 Sum
Grasslands (FT1) 2676 6 177 64 232 13 24 3192
Low shrubs (FT2) 0 0 0 0 0 0 0 0
Medium shrubs (FT3) 81 2 321 44 18 12 18 496
Cell size 40 m High shrubs (FT4) 29 0 36 127 21 0 15 228
Forest without understory (FT5) 215 0 31 51 511 67 97 5632
Forest with shrubs (FT6) 2 0 51 7 66 53 49 228
Forest with vertical continuity (FT7) 3 0 14 26 56 17 108 224
Sum 3006 8 630 319 5564 162 311 8456
Percentage of coincidence 89.02 0.00 50.95 39.81 92.94 32.72 34.73 -

Gridding of 40 m-cell map was resampled from 40 m to 20 m cell size
Total number of cells: 10,000
Numbers of cells with the same fuel type assignment for both cell sizes are in bold

(Tables 7 and 8). On the other hand, grasslands (FT1)
and forest without understory (FT5) were the most rep-
resented FT and the most stable ones in all possible
cases.

4. Discussion

We have assessed the vegetation structure in an
area representative of the FT diversity in a Mediter-
ranean mountain vegetation ecosystem, using LIDAR
data resampled at 20 m or 40 m cell size with scan
densities of 0.5 or 2 pulses-m™. The presented method-
ology provides a simple, inexpensive and reliable
method that uses open-source data available for the
Spanish territory that can be replicable in other areas
with public LiDAR coverage, and furthermore, pro-
vides a high overall accuracy to map FT according to
the Prometheus classification system.

Other authors also aimed to map FTs using LIDAR
technology to achieve the distinction between only
two different forest structures (Zimble et al. 2003) or
only four different stages of forest stand development
(van Ewijk et al. 2011), both using a 30 m cell size and
obtaining good results (97% and 90%, respectively).
Classifications of more diverse types, at least six or
seven different FTs, either obtained 55% overall ac-
curacy (Huesca et al. 2019), using a 30 m grid and a
LiDAR scan density of 0.5 pulses:m?, or recurred to
elaborated methods such as Random Forest algorithm
and expensive private flights to obtain a global accu-
racy of 95.54% in the case of distinguishing 6 FTs and
90.12% in the case of 7 FTs (Falkowski et al. 2009). That
is also the case of Hill and Thomson (2005), who used
complex methods including segmentation algorithm,

Principal Components Analysis and unsupervised
classification, to obtain an overall accuracy of 94% for
classifying ten different structurally based vegetation
type classes by integrating LIDAR with a scan density
of 4.83 pulses'm™ and hyperspectral data. Similarly,
Garcia et al. (2011) used a higher LiDAR scan density
(between 1.5 and 6 pulses-m™) and a 30 m cell size, plus
an Airborne Topographic Mapper (ATM) multi-spec-
tral sensor with 11 different bands, to calculate
Normalized Difference Vegetation Index (NDVI) and
other spectral indices. Their methodology yielded an
overall accuracy of 88.24% and had to resample the
ATM image from 2 to 6 m pixel size in order to ensure
a sufficient number of LiDAR pulses per pixel to re-
trieve the metrics. Their results were slightly better
than those obtained by Riafio et al. (2002), who used
Landsat Thematic Mapper ™ images and ancillary
data (82.8%), but it should be noted that the methodol-
ogy they used was far more complex than the one pre-
sented in this research.

The methodology proposed in the present study
has shown more accurate results than those obtained
by Arroyo et al. (2006) with a Quickbird image and
ancillary data, whose overall accuracy was 75% with
the Kappa coefficient of 0.69, and those of Falkowski
et al. (2004), who used ASTER imagery to map FT to
obtain an accuracy of 77%.

A conclusion from the results presented in Tables
5 and 6 is that we observed a slight decrease in the
overall accuracy when the cell size was reduced from
20 to 40 m at the 2 pulsessm” LiDAR density. As a
consequence, sparsely represented FTs, such as low
shrubs (FT2), were undetectable with the coarser cell
size (40 m), but »reappeared« with the finer (20 m) cell
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size. Therefore, and even though the accuracy to dis-
tinguish between trees with shrubs (FT6) and forest with
vertical continuity (FI7) was suboptimal, we recom-
mend using the 20 m grid because a better spatial
resolution provides a closer representation to reality.
Nonetheless, cell size cannot be indefinitely decreased
for FT classification purposes, because the well-known
»salt and pepper« problem in FT mapping would arise
(Arroyo et al. 2006). Therefore, it is vital to choose a
cell size in accordance with the research purpose
(Woodcock and Strahler 1987) and with the scan den-
sity available to ensure a minimum of returns within
the cells. For example, Mutlu et al. (2008) used a cell
size of 16 m and a point density of 2.58 pulses-m?,
ensuring at least 660 points within a cell, which is
enough to map FTs according to our methodology.
These authors obtained an overall accuracy of 90% but
they also used a far more complex methodology (min-
imum noise fraction) than ours and their study area
was not representative in terms of altitude and slope
of a Mediterranean forest.

At a fixed cell size of 20 m, the overall accuracy was
3.02% higher in the case of a LiDAR density of
0.5 pulses'm™ (Tables 3 and 5). Then, a higher scan
density, that is, greater number of returns, did not re-
sult in a higher overall accuracy. The overall accuracy
was almost identical when the scan density increased
from 0.5 to 2 pulsessm™ and the cell size was 40 m
(Tables 4 and 6). However, even though an increase of
scan density did not result in an increase of the overall
accuracy, it would be desirable when mapping FTs,
especially to discriminate between forest FTs (FT5, FT6
and FT7) (Garcia et al. 2011). In addition, van Ewijk et
al. (2011) increased the scan density of their LIDAR
dataset from 3 to 10 pulses'm” by flying the same area
twice. Because of the low scan density of our datasets,
few returns could penetrate the canopy, especially in
the case of dense forests (Lee et al. 2004). Consequent-
ly, the information obtained from the shrub stratum
was in some cases limited or missing, and thus there
were errors in the discrimination between forest FTs
(FT5, FT6 and FT7), a shortcoming also noticed by
Adnan et al. (2017), Garcia et al. (2011), Riano et al.
(2002) and Evans et al. (2009).

One of the most challenging tasks was to discrimi-
nate between forest with shrubs (FT6) and forest with
vertical continuity (FT7). The errors committed identify-
ing these FTs were usually because, according to the
Prometheus classification system, vegetation below
4 meters is considered shrub. Therefore, if the tree
canopies are slightly higher than 4 m, the canopy also
covers the interval from 2.00 to 4.00 m. In case the
shrub stratum is low, even though the distance be-

tween the crown base and the shrub stratum is more
than half a meter (FT6), it would be mistakenly classi-
fied as forest with vertical continuity (FT7) because the
stratum with the largest amount of returns is the in-
terval from 2.00 to 4.00 m. Additionally, in cases where
the shrub stratum is high but with no vertical continu-
ity with the tree stratum, which is higher than 4.00 m,
the distance between the crown base and the shrub
stratum again may be more than 0.5 m and the cell will
be classified as forest with vertical continuity (FI7) when
it should be forest with shrubs (F16). Depending on the
vegetation height, this could be mitigated by changing
the criterion from forest with vertical continuity (FTI7) to
forest with shrubs (FT6) in the case when the canopy
cover is greater than or equal to 50%, the interval with
the greater number of returns is the one above 4.00 and
the second interval with the greater number of returns
is from 2.00 to 4.00 m (Table 2). In this study a forest
with vertical continuity (FI7) was chosen in that case
because it was more restrictive.

The comparison of the FT classification results be-
tween gridding the study area at 40 m and at 20 m can
be considered as an indirect method for the validation
of the expert classification criterion, with an 80.27%
and 84.56% reliability for 0.5 and 2 pulses-m?, respec-
tively (Tables 7 and 8). This comparison also shows
how an increase in the scan density resulted in a more
accurate classification. Nevertheless, some cells were
wrongly classified due to eventual errors of validation
given that sometimes the amount of returns in an in-
terval detected with the naked eye seemed slightly
higher or lower. This explains the errors made when
trying to discriminate grasslands (FT1) from low shrubs
(FT2) or low shrubs (FT2) from medium shrubs (FT3), for
instance. In case of doubt, the FT of higher fire risk was
selected. Another source of errors was the assessment
of the canopy cover, which would explain the error
made between grasslands (FT1) and forest without un-
derstory (FT5); low shrubs (FT2) and forest with shrubs
(ET6); medium shrubs (FTI3), high shrubs (FT4) and forest
with vertical continuity (FT7).

5. Conclusions

In conclusion, this methodology has proven to be
effective for assessing and mapping FTs and we have
demonstrated the advantages of using the proper
LiDAR scan density and cell grid to map structural
vegetation types and FTs. It was observed that an in-
crease in the scan density from 0.5 to 2 pulses-m? did
not result in an increase of the overall classification
accuracy independently of the pixel size. In addition,
losing spatial resolution would lead to the incapacity
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of detecting the scarcely represented FTs. It should be
reduced according to the LIDAR scan density to gua-
tantee a minimum number of point per cell and also
trying to avoid the salt and pepper effect. Future im-
provements should consider a better classification cri-
terion to distinguish between forest with shrubs (FT6)
and forest with vertical continuity (FI7) and also to esti-
mate the forest cover. The fusion of this LIDAR-based
methodology with other sensors, such as spectral im-
agery, could also be considered in the future.
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