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Abstract

The presence of shrub vegetation is very significant in Mediterranean ecosystems.
However, the difficulty involved in shrub management and the lack of information
about behavior of this vegetation means that these areas are often left out of spatial
planning projects. Airborne LiDAR (Light Detection And Ranging) has been used
successfully in forestry to estimate dendrometric and dasometric variables that allow to
characterize forest structure. In contrast, little research has focused on shrub vegetation.
The objective of this study was to estimate dry biomass of shrub vegetation in 83 stands
of radius 0.5 m using variables derived from LiDAR data. Dominant species was
Quercus coccifera, one of the most characteristic species of the Mediterrancan forests.
Density of LIDAR data in the analyzed stands varied from 2 points/m? to 16 points/m?,
being the average 8 points/m? and the standard deviation 4.5 points/m®. Under these
conditions, predictions of biomass were performed calculating the mean height, the
maximum height and the percentile values 80®, 90™, and 95™ derived from LiDAR in
concentric areas whose radius varied from 0.50 to 3.5 m from the centre of the stand.
The maximum R? and the minimum RMSE for dry biomass estimations were obtained
when the percentile 95" of LIDAR data was calculated in an area of radius 1.5 m, being
0.48 and 1.45 kg, respectively. For this radius, it was found that for the stands (n=39)
where the DTM is calculated with high accuracy (RMSE lower than 0.20 m) and with a
high density of LiDAR data (more than 8 points/m?) the R? value was 0.73. These
results show the possibility of estimating shrub biomass in small areas when the density
of LiDAR data is high and errors associated to the DTM are low. These results would
allow us to improve the knowledge about shrub behavior avoiding the cost of field

measurements and clear cutting actions.

Keywords: LiDAR, Forest management, Shrub, DTM, biomass



1. Introduction

LiDAR system has been widely used in forestry to estimate dendrometric and
dasometric variables such as height, biomass and tree volume (Zimble et al., 2003;
Andersen et al., 2005; Hall et al., 2008; Li et al., 2008). Airborne laser scanning
systems are found on the measurement of the time delay from pulse emission by an
airborne sensor, to its return after reaching the earth’s surface. These data contain
coordinates of points where the reflections take place, as if they occur on ground as in
any object above it, such as vegetation and buildings. Applying algorithms (ground
filters) that allow to select points belonging to the ground and reject those above this
surface, a digital terrain model (DTM) is calculated. With non-ground points a digital
surface model (DSM) can be computed. The difference between DSM and DTM
generate the normalized DSM. This surface contains the heights of all overlying
features, named canopy height model (CHM) when includes vegetation heights. Raw
LiDAR data and the DTM can be overlapped to convert point elevations into heights
above ground. From these data a variety of statistical parameters, which describe height
distribution of these points, can be derived to be used in the regression models for
estimating height, biomass, volume ( Naesset 2004; Van Aardt et al., 2006, Li et al.,
2008).

Previous researches have demonstrated the ability of LiDAR data to predict variables
that characterize forests (Maltamo et al., 2004; Popescu et al., 2007; Garcia et al.,
2010). For this, two methodologies can be developed (Hyyppai et al., 2008): estimation
of dasometric variables calculating regression models between field data and statistics
derived from LiDAR data in plots-stands (Nelson et al., 1998; Naesset et al., 2004;
Pascual et al., 2008; Li et al.,2008; Garcia et al.,2010); and studies focused on the
estimation of dendrometric variables being necessary a previous delineation of the tree
crown (Hyyppd et al., 2001; Holmgren et al., 2003; Persson et al., 2002; Maltamo et al.,
2004; Popescu, 2007; Forzieri et al., 2009). In contrast, little research has been
conducted in shrub areas because their inherent difficulties (low height and uniform
surface). Other reason can be found in the difficulty of measuring variables to
characterize this vegetation to be correlated with LiDAR. For this, it is necessary either
to cut off shrubs to obtain field data or assuming simple geometric shapes as a spheroid

or cylinder that ignore complex plant architecture (Loudermilk et al., 2009; Velazquez



et al., 2010). For this reason, the development of new tools that allow for a better
knowledge of these areas using simple and non-destructive techniques is necessary. The
reverse can be found for tree studies, as there are allometric equations that allow to
estimate dendrometric variables from simple measurements carried out at field. In
addition, unlike forests, there is less interest in the study of shrub vegetation from an
economic point of view. Nevertheless, shrub vegetation areas show a relevant
importance in environmental studies because they prevent soil erosion and
desertification (Rango et al., 2000); contribute to managing the wildlife habitat (Mundt
et al., 2006; Martinuzzi et al., 2009); contribute to creating fuel-type maps for better
accuracy in fire behavior modeling (Riafo et al., 2007; Mutlu et al., 2008); represent
important CO2 sinks; and help refill aquifers (MikSys et al., 2007; Velazquez et al.,
2010).

Studies of shrub vegetation with LiDAR data are commonly focused on the generation
of species maps and on the estimation of shrub heights. In the first case, multispectral
images and LiDAR data are often mixed to improve classifications of vegetation species
(Hill and Thomson 2005; Mundt et al. 2006; Su and Bork 2007; Mutlu et al. 2008). The
combination of both sources of data was also applied to improve the accuracy of a DTM
(Rango et al. 2000; Riafio et al. 2007). As far shrub height is concerned, it was reported
that when this vegetation is mixed with old growth trees the accuracy of shrub height
estimation decreases as laser beams cannot penetrate the canopy enough, not reaching
shrub layer. To improve these results it would be necessary considering a higher point
density (Su and Bork, 2007). In this study, it was reported that while the value of R? for
height tree estimations was greater than 0.90, for shrub vegetation did not reach 0.21,
what indicates the restrictions of LiDAR data to predict shrub heights in these areas.
These results can explain why most studies of shrub height are placed in open areas

with low presence of trees.

In general, LiIDAR data produce underestimation of shrub vegetation (Gaveau and Hill,
2003; Hill y Thomson, 2005; Hopkinson et al., 2005; Su and Bork, 2007; Riafio et al.,
2007). In these studies the plot was used as analysis area. The approach based on the
extraction of individual plants show for this vegetation a high complexity because
shrubs occupies a continuous surface in which crowns cannot be distinguished as it

occurs in trees. For this reason, when shrub heights measured at field are compared to



LiDAR data, buffers can be used. This methodology consists on the selection of LIDAR
data within a concentric area whose center is the point measured at field. Previous
studies reported that the best correlations between field measurements and heights
derived from LiDAR data were obtained when a buffer of radius 1.5 m with center the
point measured at center of the stand was used (Streutker and Glenn, 2006; Estornell et
al., 2011). In these studies it was demonstrated that the accuracy of the DTM was a
factor to be considered because the low differences in height between the vegetation
and ground makes more difficult to separate from all LiDAR data, those belonging to
the ground. Errors in the filtering processing can produce an underestimation or
overestimation of shrub height. Meng et al., (2010) reported that low vegetation is often
ignored by ground filters. Therefore, before predicting shrub parameters, it would be
necessary to assess the accuracy of a DTM calculated in areas occupied by shrub

vegetation with high slopes (Estornell et al., 2010).

In contrast, the accuracy of a DTM is less relevant in tree analysis as the differences in
height between the ground and the trees are larger and LiDAR data associated to the
ground or undergrowth are often removed (Popescu et al., 2002; Naesset, 2004; Kim et
al., 2009). According to Streutker and Glenn (2006) the selection of the radius is related
to the horizontal accuracy of LIDAR data and errors of GPS system. In addition, Su and
Bork (2006) reported DTM errors in areas with high slopes can generate errors in
herbaceous studies. On the other hand, scanning angle and the vegetation type also
affect the accuracy of shrub height estimations. If vegetation is open and not dense the
laser beam can reach ground producing low returns from vegetation (Hopkinson et al.,
2005). Apart from these factors, it has been demonstrated that density of LiDAR data

also affects the accuracy in the height shrub estimations for small areas.

Despite the previous studies, further research is needed to estimate shrub biomass,
which is a relevant variable to evaluate landscape and ecosystems (Zheng et al., 2004),
to estimate CO2 sinks and cellulosic material as a potential source of renewable energy
(Popescu et al. 2007). Velazquez et al. (2010) developed dendrometric methodologies to
calculate biomass volumes in shrub stands from simple measurements such as stand
areas and dominant height of vegetation. Thus, as biomass is related to height, biomass
could also be estimated from parameters derived of LiDAR data distribution. On the

other hand, other studies revealed a high correlation between LiDAR data and biomass



in old growth forests (Hyyppa e Inkinen, 1999, Nelson et al., 2004). Consequently, it
will be necessary to analyze if statistics derived from LiDAR data allow to obtain good
results for characterize shrub vegetation, analyzing if small sampling areas are suitable

for these studies.

The objective of this research was to estimate shrub biomass in small stands (radius 0.5
m) and to generate a map of shrub biomass validated with field data. In addition, the
factors accuracy of a DTM and density of LIDAR data will be evaluated. In this study it
will also be analyzed the optimum radius that should be considered to select LIDAR

data, which will be used to calculate parameters to estimate biomass in small stands.

2. Materials and methods

2.1 Study area

The 10 km? study area is located in Chiva (Valencia, Spain), defined by a rectangle
whose UTM coordinates Xmaximum, Y maximum, Xminimum, and Yminimum, are 689800,
4376028, 683800, and 4373000, respectively (Fig. 1). The area is located in zone 30 in
the European Datum 1950 reference system. It is a mountainous area with a
predominance of Quercus coccifera (Fig. 2), one of the most typical species of the
Mediterranean region (Takhtajan, 1986; Gomez et al., 1998). Other species can be
found such as Rosmarinus officinalis, Ulex parviflorus, Cistus albidus L. and Erica
multiflora L. These species are the most abundant in Mediterranean forests. The average
percentage occupation is around 55%. In contrast, there is a sub-area with trees
occupying about 10%. The altitude varies between 442 and 1000 meters, and the

average slope is 45%.

2.2 LIDAR data.

The LiDAR data were acquired during a flight in December 2007, using an Optech
ALTM 2050 system. The technical parameters were: flight height — 700 m above
ground; pulse frequency — 50 kHz; scan frequency — 47 Hz; scan angle — +18°; speed
flight — 70 m/s; swath width — 400 m; distance between a scanning trajectory flight —
300 m ; number of strips— 10; total points obtained for the test area — 78,919,301;
nominal pulse density — 4 points/m?; Number of echoes - 2. However, given that 10

overlapping flight lines were registered, some areas had a higher point density. For this



reason, the average point density of the study area, considering both returns, was 8
points/m?. More than 99% of the LiDAR values belonged to the first pulse. This could
be caused by the small difference in height between the canopy of vegetation and the

ground.
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Figure 1. Location of study area in Chiva (Spain). The black polygon represents area surveyed with

LiDAR.
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Figure 2. Study area photograph with dense presence of kermes oak (Quercus coccifera).



To assess the altimetry accuracy of LiDAR data, 60 checkpoints were selected in flat
areas without vegetation (Streutker and Glenn, 2006). Elevations measured using the
RTK-GPS were compared with the average elevation of LiDAR points in a buffer
radius of 0.5 m around the point measured. This radius was selected because the
horizontal accuracy of LiDAR points was 0.5 m according to the specifications of the
technical report of the vendor company. The RMSE of the two sets of measurements
was 6 cm. Similar results were obtained for some additional 23 points distributed in

areas with an average slope of 40% without vegetation or any objects above the ground.

To compute the DTM from LiDAR data it is necessary to apply algorithms to eliminate
points belonging to any object above the ground surface such as vegetation or
buildings. To achieve this, we generated an IDL program based on iterative processes
for selecting minimum elevations in decreasing windows and height thresholds for

removing vegetation points (further information can be found in Estornell et al., 2010).

To evaluate the accuracy of the DTM, 1397 ground-surveyed checkpoints were
distributed across the study area and randomly measured with an RTK-GPS system
(Leica System 1200); thus making these independent validation data appropriate for
assessing any global elevation bias in the DTM. Horizontal and vertical accuracy of the
RTK-GPS system in terms of root mean square error (RMSE) value was 1 cm and 2 cm
respectively, according to the technical specifications of the instrument. Average
horizontal and vertical errors for the measured points were 1 and 1.5 cm, respectively.
The RTK-GPS system did not register any point whose error was greater than 5 cm.The
lowest RMSE was for analysis window sizes of 10, 5 and 2.5 m and height thresholds
equal to, or greater than, 1.5 m. These parameters produced a DTM with a mean signed

error of 0.02 m, a standard deviation of 0.19 m, and an RMSE of 0.19 m.

2.3 Biomass field data

Field sampling was performed immediately after the acquisition of LiDAR data along a
period of up to 3 months. This temporal coincidence implied that the structure of
vegetation remained invariable between the data acquisition and field sampling.
Biomass of shrub vegetation was measured in 83 stands of radius 0.5 m randomly
distributed across the study area in different bioclimatic layers (elevation), slope and

aspect. Each stand was circular and the vegetation inside them was clear cut. In each



clear cutting we counted the number of shrub plants inside the stand, identified the
species, and measured the weight, length, and base diameter of stems for each plant.
After applying a drying process for some individuals of each species, it was also
obtained the dry weight of each clear cutting shrub. Adding for each stand the weight of
each plant it was obtained the stand biomass to be correlate with LiDAR data. In the

table 1 the statistics of dominant heights and biomass of stands can be observed.

Table 1. Statistics of height and biomass from field data in 83 stands occupied by shrub vegetation

Statistic Height (m) Wet biomass (kg) Dry biomass (kg)
Mean 1.27 6.33 4.17
Minimum 0.80 1.67 0.99
Maximum 2.50 15.90 10.65
Standard deviation 0.29 2.96 1.98

2.4 Estimation of biomass

To estimate the dry biomass of shrub vegetation, statistics derived from all LiDAR
point cloud were obtained and used as explanatory variables in the regression models.
For LiDAR data, the bare-earth surface elevation was first subtracted from each LiDAR
point by using the DTM. In the selection of points within each stand of radius 0.5 m, it
was found that several stands had few points. Then, to increase the number of points,
concentric areas whose center was the centre of each stand were considered to derive
height statistics from LiDAR data (Streutker and Glenn, 2006; Estornell et al., 2011).
These authors suggest that when the height shrubs measured at field are compared with
heights derived from LiDAR data, maximum correlations were obtained when LiDAR
data were selected in a concentric of radius 1.5 m and centre the stand. This result can
be explained considering a set of factors that affect the accuracy of height shrub:
density LiDAR data, error associated to DTM, type of vegetation, slope. Consequently,
it was also analyzed for biomass, what radius was more suitable to extract statistics
derived from LiDAR data to be correlated with biomass measured at field. For this, the
followed radii were analyzed (in meters): 0.5, 0.75, 1, 1.25, 1.5, 1.75, 2, 2.25, 2.5, 2.75,
3, 3.25, and 3.5. For each radius and stand the maximum height from LiDAR data was
calculated. Linear regression models were calculated and compared from the values of
R2. Analyzing several radii allowed us to select other statistics and to analyze possible

improvements in the estimations. The statistics computed were: mean height (Hmean),



maximum height (Hmax), and percentiles 80™ (Pso), 90 (Poo), and 95 (Pos). Linear and

quadratic regressions were calculated and the values of R? and RMSE were compared.

2.5 Analyzed factors in the estimation of biomass

It was also analyzed if the error associated to the DTM and the density of LIDAR data
affect to the accuracy of dry biomass estimations in small stands. This analysis was
performed considering the statistic of LIDAR data and the radius of the concentric area

which produced the best estimations of above estimations of biomass.

To analyze the factor density in the prediction models, the density of LiDAR data in
each stand was calculated. From these results, the stands were classified into two
classes: density > 8 points/m*> (n=47) and density < 8 points/m*> (n=36). The mean
density and standard deviation of the stands belonging to the first group were 12
points/m? and 4 points/m?, respectively. For the second group the mean and the standard
deviation were 4.36 points/m? and 1.79 points/m?, respectively. The biomass for each

group of stands was estimated and the values of R?> and RMSE were compared.

For studying how affects the error associated to DTM in the estimation of biomass, the
differences between the coordinate z of each stand centre measured with GPS-RTK and
the coordinate z of the DTM were calculated. Then, the stands were grouped into two
classes. The stands whose differences were lower than 0.20 m in absolute value
belonged to the first group (n=52) and the stands with differences greater than 0.20 m in
absolute value belonged to the second group (n=31). The threshold of 0.20 m was the
RMSE of the most accurate DTM computed. The biomass for each group of stands was

estimated and the values of R?> and RMSE were compared.

Finally, all the above possible combinations were tested to analyze if the biomass
estimation can be improved: stands with density greater and lower than 8 points/m? with
stands with DTM error greater and lower than 0.20 m. The biomass for each group of
stands was estimated and the values of R* and RMSE were compared. The variation of
R? for different radii in stands with point density higher than 8 points/m?> was also
studied. In addition, the DTM accuracy and the combination of both, DTM accuracy

and point density factors, were also analyzed.



3. Results and discussion

3.1 Biomass estimation

Firstly, it was compared dry biomass measured at field in stands of 0.75 m? (radius =
0.5 m) and the maximum height of LIDAR data obtained in concentric areas with radius
between 0.5 and 3.5 m. As can be observed in the Figure 3, when LiDAR data are
selected using the radii 1.25 m, 1.50 m, and 1.75 m the highest determination
coefficients were obtained (R? 0.38 - 0.39). This finding is in line with previous
researches in which the radius of 1.5 m was selected to calculate parameters derived
from LiDAR data to estimate shrub height (Streutker and Glen, 2006; Estornell et al.,
2010).
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Figure 3. Determination coefficients (R?) of linear regression models for estimating dry biomass
considering the maximum LiDAR data in concentric areas of radius ranging from 0.5 to 3.5 m from the

stand centre.

One of the disadvantages of selecting LiDAR data in small stands is the reduced
number of points within each stand what produces that only one statistic can be
calculated to be used in the prediction models (maximum height). The use of a
concentric area of radius 1.5 m for selecting LIDAR data allowed us to analyze other
statistics (Table 2). As can be observed, the maximum R? was obtained when a
quadratic model and the percentile 95" were used (R? = 0.48). The moderate values of
R? can be explained by the influence for these reduced areas of factors such as DTM

errors, density of LiDAR data, accuracy of LiDAR data, vegetation species. This is
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demonstrated in the following analysis where better predictions are obtained when the

density of LIDAR data is higher and the DTM errors are lower (Table 5)

Table 2. Estimations of dry biomass in 83 stands of radius 0.5 m considering LiDAR data from
concentric areas of radius 1.5 m, considering linear and quadratic regression models.

Predicted Explicative
Models R? P-value  RMSE (kg)
variable (kg) variables
y=1.17+ 5.20 Hmean 0.37 <0.01 1.60
Mean height
y =2.70 + 3.76 Hinean® 0.39 <0.01 1.58
y=0.84 +4.14 Py 0.42 <0.01 1.54
Percentile 80"
y =2.49 +2.237 Pg)? 0.46 <0.01 1.49
y=0.57 +3.98 Py 0.43 <0.01 1.51
Dry biomass Percentile 90™
y =2.39 + 1.91 Pyg? 048  <0.01 1.46
y=0.40 + 3.87 Pos 0.44 <0.01 1.51
Percentile 95t
y =234+ 1.72 Pos> 048  <0.01 1.45
) ) y=0.39 + 3.22 Huax 0.41 <0.01 1.55
Maximum height
y =231+ 1.29 Hyax® 0.45 <0.01 1.49

The obtained equations allow to predict biomass in stands of a radius 0.5 m considering
statistics derived from LiDAR data in a radius of 1.5 m. Considering that the areas
where LiDAR data were extracted are homogenous, new equations to predict biomass in
areas between 1 and 1.75 m radius could be obtained. It should be highlighted that these
new equations and RMSE are proportional to those shown in table 2 with the same R?.
This is due to the fact that biomass of areas with radius larger than 0.5 m could be
calculated thanks to the proportionality that exists in the homogeneous areas. Since the
vegetation type and density in the plot is homogeneous, biomass is essentially

proportional to the plot area.

3.2. Factors analyzed in the estimation of biomass

To analyze if better results can be obtained for the prediction of biomass in stand of
reduced area, the factors density of LiDAR data and error associated to DTM were
studied. The table 3 shows better relationships between field biomass and LiDAR data
when a density greater than 8 points/m* was used (R* = 0.68 and RMSE = 1.26 kg). In
contrast, the correlations found for the stands with a density lower than 8 points/m?

were lower (R? = 0.26 and RMSE = 1.55 kg). This result indicates that the point density
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is a factor to be considered to improve the estimation of biomass in stands of reduced

arca.

Table 3. Estimations of dry biomass in stands of 0.5 radius considering LiDAR data from concentric

areas of radius1.5 m, with data density higher than 8 points/m? (n=47) and lower than (n=36).

Predicted Densit Explicative
variable ensty. P Models R? RMSE (kg)
(points/m?) variable
(kg)
95 percentile _ 2
Dry d<8 (n=36) y =3.04 + 1.46 Pos 0.26 1.55
biomass d>8 93 percentile | 561197 pyg2 0.68 1.26

(n=47)

For DTM error factor, better relationships between field data biomass and LiDAR data
were also found for stands with low error associated to DTM (Table 4). In this case, the
values of R? and RMSE were 0.66 and 1.24 kg, respectively. This finding suggests the
importance of computing an accurate DTM in areas occupied by shrub vegetation with
high slopes. Therefore, before predicting shrub parameters, it would be necessary to
assess the accuracy of a DTM selecting an algorithm and parameters that minimize
these errors especially for these areas as low vegetation is often ignored by ground

filters (Meng et al., 2010).

Table 4. Estimations of dry biomass in stands of 0.5 radius considering LiDAR data from

concentric areas of radius1.5 m, with a DTM error lower than 0.20 m (n=52) and greater than 0.20

m (n=31).

Predicted Explicative
variable P Modelo R?2  P-value RMSE (kg)

(ke) variables

: th

Dry perc(‘;n:t;l;fS y=184+190Pss? 0.66 <0.01 124

: : th
biomass  percentile 9% _ 3 00 1 36p2 020 <001 1.65

(n=31)

In addition to the models shown, we proved that when the value of 0.15 m was selected
as error associated to DTM to grouped the stands, better relationships were obtained
being the values of R? and RMSE, 0.73 and 1.16 kg (n=40), respectively. This result
reveals that good predictions of biomass in small stands can be obtained from LiDAR
data for accurate DTM. However, for larger stands, this factor could be less important

(Estornell et al., 2011).
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The combination of the above factors in predicting biomass was analyzed. As observed
in the Table 5, the highest relationships were found for stands with density greater than
8 points/m? and DTM errors lower than 0.20 m (n=39). The R? and RMSE values were
0.73 and 1.21 kg, respectively.

Table 5. Estimation of dry biomass in stands of 0.5 radius considering LiDAR data from concentric areas
of radius1.5 m, combining stands with density greater and lower than 8 points/m? in stands with DTM

errors greater and lower than 0.20 m.

Factors n  Predicted variable (kg) Models R?>  P-value RMSE (kg)
Density > 8 points/m?
Dry biomass y=153+2.07P¢s> 0.73 <0.01 1.21
and DTM error < 0.20m
Density > 8 points/m?
8 Dry biomass y=2.98+0.71 Pss>  0.09  <0.01 1.44
and DTM error >0.20 m
Density < 8 points/m?
13 Dry biomass y=2.83+1.01 Pos> 0.22  <0.01 1.24
and DTM error <0.20 m
Density <8 points/m?
22 Dry biomass y=3.22+1.66 Pos> 029 <0.01 1.68
and DTM error >0.20 m
0.75
0.70
0.65
0.60
fia
0.55 i
—_— ,," —e— d>8 points/m2 RMSE <0.20m
' X = -- d>8 points/m2
hiE Py - &-~RMSE MDE <0.20 m
0.40

0.5 0.75 1 1.25 1.5 1.75 2 2.25 2.5 2.75 3 3.25 3.5
radius (m)

Figure 4. Determination coefficients (R?) of quadratic regression models for estimating dry biomass
considering the 95" percentile of LiDAR data in concentric areas of radius ranging from 0.5 to 3.5 m
from the stand centre, in stands with a DTM error lower than 0.20 m (n=52), with data density higher than
8 points/m? (n=47), combining both factors (n=39).
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As deduced from Figure 4, the optimal radius to correlate shrub biomass and LiDAR
data is influenced not only by the point density, but also other factors such as the error
associated to the computation of DTM should be considered. The maximum
determination coefficient was obtained for stands with low RMSE in DTM computation
(RMSE<0.20m) and density higher than 8 points/m2 (R®> = 0.74). Under these

conditions, radii lower than 1.5 m can be selected to extract LIDAR data.

4. Conclusions

In this study it was demonstrated that the best relationships between field biomass and
LiDAR data were found when concentric areas of radius 1.5 m and centre of each stand
were considered to calculate statistics derived from point cloud LiDAR. Although the
values of R? in the estimation of biomass were low for all stands, remarkable
improvements were found when the predictions of biomass were performed for stands
with density greater than 8 points/m?> and/or DTM error lower than 0.20 m. These
findings reveal the possibility of using LiDAR data to predict biomass in small stands
what can be very useful to study and management shrub vegetation in local areas. For
these conditions, small radius could be used (1 m), close to the horizontal accuracy of
LiDAR data. These results would allow us to improve the lack of information about
shrub behavior avoiding the cost of field measurements and clear cutting actions. For
this it would be necessary to acquire LIDAR data with high density and to use suitable
algorithms to compute an accurate DTM. When these conditions are not met, larger
stands should be considered to calculate several statistics derived from height
distribution of LiDAR data and statistics derived from density profiles. In this case, to
avoid to clear cutting all vegetation within these stands it would be necessary to select

samples of the vegetation within them.

In our study, it has been demonstrated that optimal radius to correlate shrub height and
LiDAR data is influenced not only by the point density, but also other factors, such as
the error associated to the DTM computation, should be considered. These findings
improve the observations of Streutker and Glenn (2006), who pointed that the optimal
radius of 1.5 m was influenced only by the horizontal LiDAR accuracy and general
accuracy of GPS unit. Radii lower than 1.5 m can be selected in areas with low RMSE

in DTM computation (RMSE<0.20m) and density higher than 8 points/m?.
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