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ABSTRACT ARTICLE HISTORY
The goal of the current study was to develop methods of estimating ~ Received 4 November 2015
the height of vertical components within plantation coniferous  Accepted 22 April 2016
forest using airborne discrete multiple return lidar. In the summer
of 2008, airborne lidar and field data were acquired for Loblolly pine
forest locations in North Carolina and Virginia, USA, which com-
prised a variety of stand conditions (e.g. stand age, nutrient regime,
and stem density). The methods here implement both field plot-
scale analysis and an automated approach for the delineation of
individual tree crown (ITC) locations and horizontal extents through
a marker-based region growing process applied to a lidar derived
canopy height model. The estimation of vertical features was
accomplished through aggregating lidar return height measure-
ments into vertical height bins, of a given horizontal extent (plot
or ITC), creating a vertical ‘stack’ of bins describing the frequency of
returns by height. Once height bins were created the resulting
vertical distributions were smoothed with a regression curve-line
function and canopy layers were identified through the detection of
local maxima and minima. Estimates from Lorey’s mean canopy
height was estimated from plot-level curve-fitting with an overall
accuracy of 5.9% coefficient of variation (CV) and the coefficient of
determination (R?) value of 0.93. Estimates of height to the living
canopy produced an overall R? value of 0.91 (11.0% CV). The pre-
sence of vertical features within the sub-canopy component of the
fitted vertical function also corresponded to areas of known unders-
tory presence and absence. Estimates from ITC data were averaged
to the plot level. Estimates of field Lorey’s mean canopy top height
from average ITC data produced an R? value of 0.96 (7.9% CV).
Average ITC estimates of height to the living canopy produced the
closest correspondence to the field data, producing an R? value of
0.97 (6.2% CV). These results were similar to estimates produced by
a statistical regression method, where R? values were 0.99 (2.4% CV)
and 0.98 (4.9% CV) for plot average top canopy height and height
to the living canopy, respectively. These results indicate that the
characteristics of the dominant canopy can be estimated accurately
using airborne lidar without the development of regression models,
in a variety of intensively managed coniferous stand conditions.
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1. Introduction

A forest stand can be described in terms of its structural, compositional and functional
properties, which are determined by site factors and the current forestry management
objective. A great deal of spatial data is required for these tasks, such as estimates of
stem density, canopy height and canopy base height (Shugart, Saatchi, and Hall 2010).
The assessment of forest vertical structures is of importance in assessing regeneration
success, competition, and biodiversity. Forest structure is determined by several factors,
including species composition and the three-dimensional (3D) distribution of leaves/
needles and woody biomass. Many anthropogenic and non-anthropogenic processes
alter forest structure including forest management and natural disturbances. The dimen-
sions of the forest canopy is related to tree vigour and therefore to the timing and
response to thinning (Smith 1986). Individual crown dimensions are correlated with
stem size, and therefore timber volume (Avery and Burkhart 1994). This information can
be of use to habitat modelling applications (e.g. Humphrey et al. 1999). Fire risk and
damages due to wind and pests are dependent to a degree on the distribution of above-
ground vegetation, formed by the collection of plant crowns comprising the canopy.
Stand vulnerability can depend on the presence/absence of different vertical layers, such
as the dominant, co-dominant, sub-dominant, and understorey (Sandberg, Ottmar, and
Cushon 2001).

The measurement of detailed forest stand structural parameters is typically accom-
plished through the use of manual field-based assessment. Examples of such measures
include tree size and height measurements, in addition to spatial distribution. This
approach is often constrained by site accessibility, the availability of objective and
effective measurement techniques, and the cost of personnel and equipment. These
restraints may preclude the establishment of a sufficient number of field plots to sample
the diversity of forest structural parameters throughout the environment. Such an
approach is generally considered impractical for anything other than local-scale studies
(Aplin 2005; Vierling et al. 2008). The application of remote-sensing technologies is often
used as a means of extrapolating plot-based data to the landscape scale (Cohen and
Spies 1992). The use of passive optical sensors is limited to recording horizontal land-
cover information observable from above, and thus do not provide direct information on
the vertical distribution of canopy elements, particularly in uneven aged mixed species
forest or where multiple canopy layers exist.

Airborne lidar remote sensing can characterize the 3D organization of vegetation (or
physical structure) within forested environments that are of interest to forest managers.
The use of lidar has rapidly come into prominence in estimating forest structural
characteristics, such as canopy height, basal area, timber volume, biomass (Evans et al.
2009), and leaf area index (Sumnall et al. 2016). This is frequently accomplished through
the use of regression methods using lidar-derived metrics related to the vertical dis-
tribution and intensity of lidar returns over a range of scales and locations (Anderson
et al. 2008; Lefsky et al. 2002; Lim et al. 2003a, 2003b; Maltamo et al. 2005; Naesset 2002).
The derivation of individual tree metrics is possible using small-footprint laser data with
a sufficient point density (Kaartinen et al. 2012).

High correlations have been found to exist between lidar data and some fieldwork-
derived forest stand structural attributes. However, there are a number of potential
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issues that limit the transferability of such models to other sites, and that relate to the
range of forest types previously studied in order to derive relationships, with many
developed for a specific region and limited number of species types. In addition,
considerations over differences in the acquisition parameters of the lidar sensors
between studies pose problems (Hopkinson 2006; Naesset 2009), and the time difference
between field and remote-sensing data capture, for example models calibrated using
leaf-on field and lidar data, can produce erroneous results when applied to leaf-off lidar
data (Villikka, Packalén, and Maltamo 2012). The usage of lidar intensity remains a
contested issue due to the proprietary methods that commercial sensors use to report
return intensity, which can change in flight, making it impossible to directly compare
two returns (Lim et al. 2003a).

Given airborne lidar’s ability to partially penetrate through the forest canopy to the
lower vegetated elements and ground, there is the potential to generate discrete
statistics by classifying the lidar data point-cloud into vertical layers to determine
statistics for the dominant canopy and understory layers using a process similar to the
vertically recorded waveforms of large-footprint lidar systems (e.g. SLICER) (Lefsky et al.
1999). A number of studies utilize an approach where lidar returns are binned at set
heights, also known as volumetric pixels (voxels). Each voxel requires the horizontal and
vertical extent to be defined by the user, for example 1 m X 1T m x 1 m, allowing vertical
stacks of bins to be generated for each 1 m X 1 m of horizontal extent. Each voxel
element will contain a single value for the lidar returns located within the set three-
dimensional extent, such as the sum of returns, or the average intensity value of those
returns (e.g. Chasmer, Hopkinson, and Treitz 2004; Lee, Lucas, and Brack 2004; Popescu
and Zhao 2008; Wang, Weinacker, and Koch 2008). The resulting vertical distribution of
the sequential voxel values within that column is referred to as the vertical profile.

A curve function can be fit to the values of each of the vertically sequential voxels in a
vertical column (e.g. the frequency of returns by height), which allows vertical vegetation
layers to be characterized and undesirable features (e.g. noise) to be suppressed. For
example, Muss, Mladenoff, and Townsend (2011) apply a spline function to the vertical
profile to smooth the distribution and detect layers and compute metrics based on these
distributions for the estimation of forestry metrics (e.g. mean stem diameter). Dean et al.
(2009) fitted truncated Weibull functions to vertical profiles, of return frequencies, to identify
the dominant canopy layer and estimate canopy crown base and median heights, which
were then input into regression models to predict average stem diameter. Unfortunately, at
this stage there is little consensus on what the optimal curve-fitting procedure is.

The highest proportion of lidar returns intercept with the top of the forest canopy,
with a reducing number of returns from the lower strata as permeability decreases
(Chevalier, Steinvall, and Larsson 2007). Therefore, the use of smaller sample extents, or
lower pulse densities, increases the potential for less-accurate estimates of forest vertical
layer heights and sub-canopy features going undetected (e.g. Chasmer, Hopkinson, and
Treitz 2004; Dean et al. 2009). Lindberg et al. (2012) presented an approach to compen-
sate for this effect based upon the Beer-Lambert law for small-footprint waveform lidar,
which provided somewhat more accurate estimates of vegetation volume when com-
pared with discrete return data when analysing the vertical profile.

A number of studies have been implemented to estimate the presence of understory
features, for example Hill and Broughton (2009) and Martinuzzi et al. (2009) demonstrate
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the potential to map the presence and absence of such features. Other studies go
beyond this to estimate sub-canopy layer heights, for example Wang, Weinacker, and
Koch (2008) and Jaskierniak et al. (2011), which implemented a plot-level height-bin
analysis, where Gaussian curve-fitting or mixture modelling, respectively, were used to
determine dominant and sub-dominant forest layers characteristics.

A number of methods have been developed to automatically identify tree crowns
automatically from airborne lidar data (e.g. Kaartinen et al. 2012). The variability of
canopy 3D characteristics can be assessed in a neighbourhood. For example,
Holmgren and Persson (2004) utilized a regression approach to estimate crown base
height and discriminate between broad species types. A vertical profile voxel-based
approach was employed by Popescu and Zhao (2008). The authors initially delineated
ITCs using a local-maxima-based detection approach applied to a canopy height model
(CHM). Vertical profiles were created for each ITC object intersecting the lidar data,
whereby a Fourier filter was applied to estimate crown base height.

The voxel-based approaches have commonly been applied to characterize the domi-
nant canopy layers at plot-level scales. The separation of different vegetation layers
holds the potential for mapping the vertical characteristics of vegetation, which would
assist with assessments of productivity, fire fuel assessment, or evaluating competition.
Therefore, the overall goal of this study was to develop an approach to analyse airborne
lidar data to detect and characterize the individual vertical layers, with particular focus
upon the dominant canopy, for multiple Loblolly pine dominated sites in the southeast
of the USA at the field-plot and individual tree scale in stands of varying ages, structural
types, and stem densities. More specific objectives were to:

(1) Perform a regression analysis to statistically derive models for the estimation of
average canopy top height and HTLC for comparison with layer finding methods;

(2) Develop an automated method to identify the dominant canopy layer and
estimate its height and depth from the vertical profile, and to determine the
presence of sub-dominant layers;

(3) Develop and apply an automated individual tree detection approach and then to
test the automated canopy layer detection method at the individual tree-scale;

(4) Compare plot-level area-based and averaged-ITC estimates for the height and
crown depth of the dominant layer.

2. Materials and methods
2.1. Study sites

Four study sites located within North Carolina and Virginia, USA, were used for the
current research project. The sites were established and maintained in support of
research studies investigating the role of intensive management in optimizing Loblolly
pine (Pinus taeda L.) production. These studies were a joint effort between the Forest
Productivity Cooperative (FPC) (http://forestproductivitycoop.net/), academic institu-
tions, the USDA Forest service, the Virginia Department of Forestry and private industry.

The United States Department of Agriculture (2008) defines typical Loblolly pine
normal yield of natural, even-aged Loblolly pine stands on averages sites, such as
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those of height 27 m, ranges from approximately 133 m*® ha™' in trees 9 cm in diameter
at breast height (DBH), to 29.4 m® ha™" in trees 24 cm DBH at age 20 years, to 427 m> ha™'
DBH at age 60 years. Stands are commonly rotated at either 15 or 30 years. It should be
stated, however, that many of the stands sampled in the current study utilize an
experimental design and may differ from the above relationships.

The first of the study sites was the RW195501 trial (RW19), which is part of a study
examining the effects of fertilization and thinning in mid-rotation stands. This trial is
located in the Piedmont of Virginia in Appomattox County at 37° 26' 32" N and 78° 39’
43" W. A total of 32 plots were installed in a 13-year-old stand. The plots vary in size
from approximately 400 to 1280 m?, and could vary in shape from square to rectangular.
At the time of the lidar acquisition, no fertilizer had been added; each plot had been
cleared of understory vegetation, however.

The second site in Virginia, the RW180601 (RW18), was part of study designed with
the objective of understanding the optimal rates and frequencies of nutrient additions
for rapid growth in young stands. The trial was located in the Piedmont site of Virginia,
Brunswick County, at 36° 40’ 51" N and 77° 59' 13" W. A total of 40 plots were installed in
1999 in a 6-year-old planted stand, and again could be of a square or rectangular shape.
A total of 32 plots (out of 40) were subject to thinning. Four control plots were installed
in thinned locations, which had no nutrient additions but were weed controlled. The
remaining plots had complete weed control and nutrient treatments. Plot size varied
from approximately 400 to 470 mZ.

The third site was the Southeast Tree Research and Education Site (SETRES), and was
located in sand hills of North Carolina, in Scotland County, at 34° 54’ 17" N and 79° 29’
W. This trial was established in 1992 in an 8-year-old plantation. The goal of the study
was to quantify the effects of nutrient and water availability on above- and below-
ground productivity and growth efficiency in Loblolly pine. Treatments consisted of four
different nutrient additions types and irrigation (Albaugh et al. 1998) and weed control.
Plot size was 900 m? (30 m x 30 m), four blocks and four plots per block, for a total of 16
plots. One block had no fertilizer treatment and was used as control.

The final site was the Henderson Long Term Site Productivity Study (Henderson)
located in Vance County, NC, at 36° 26' 52" N and 78°28' 23" W. It was established in
1982 for monitoring the effects of soil management practices on soil structure, organic
matter, and nutrient contents and pine growth. Treatments consisted of two levels of
biomass harvest, stem wood only or whole tree removals; two site preparation methods,
chop and burn, or shear, pile, and disc. There are three groups, with eight plots per
group (four pairs), totalling 24 plots in the study. Each pair had the same treatment type;
however, vegetation control for the first five years was implemented in only one of the
paired plots. Plot measurement size is 450 m? (15 x 30 m). For more information, see
Vitousek and Matson (1985).

2.2. Field data

The field data utilized here was collected as part of Peduzzi et al. (2012). All study sites
were measured during the 2008 dormant season and located using a handheld GPS.
Total number of tree stems with their DBH greater than 10 cm (measured at 1.3 m above
ground) was recorded within each plot in addition to DBH. Individual stem locations
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Table 1. Plot-level summaries of field metrics: stem density per hectare, tree height and height to
the living canopy (HTLC). Summary statistics for mean, maximum, and minimum; standard deviation
(st dev.); and coefficient of variation (CV) are presented.

Study site

Field plot metrics Henderson RW18 RW19 SETRES
Stand age (years) 26 15 13 24

Mean number of stems per hectare 1166.52 569.60 639.50 1045.75
Min. number of stems per hectare 44248 313.20 252.25 900.42
Max. number of stems per hectare 1445.52 1546.97 1133.92 1170.39
Lorey’s mean canopy height (m) 21.38 16.84 13.43 16.46
St dev. canopy height (m) 1.86 0.87 0.88 1.82
CV canopy height (%) 8.77 5.19 6.53 11.48
Min. canopy height (m) 17.48 15.69 12.61 11.73
Max. canopy height max (m) 23.80 18.30 14.39 20.00
Mean HTLC (m) 15.11 9.62 6.06 9.58
St dev. plot mean HTLC (m) 1.21 0.80 0.86 1.22
CV plot mean HTLC (%) 8.07 9.04 14.29 13.17
Min. plot mean HTLC (m) 11.84 8.61 5.12 6.06
Max. plot mean HTLC (m) 17.84 10.99 6.76 13.64

within the plot were not recorded. Total tree height and height to live crown (HTLC),
measured up to the height of the lowest living branch, and was recorded for each tree
using the Haglof Vertex hypsometer for all stems within the plot extent for locations at
Henderson and SETRES. Subsampling of stems was implemented in RW18 and RW19,
where between 30 and 50 tree heights and HTLCs were recorded for each plot depend-
ing on plot size. And finally the presence or absence of understory vegetation was
recorded through visual assessment. Lorey’s mean height was calculated by multiplying
the individual tree heights by their basal area, and then dividing the sum of this
calculation by the total stand basal area. Plot-level summary values were then computed
for HTLC, which consisted of the mean, standard deviation, and coefficient of variation
(CV). The CV is a standardized measure of dispersion of a frequency distribution. Table 1
contains the summarized field measurements.

2.3. Lidar data

2.3.1. Pre-processing

Small-footprint, discrete-return, lidar data were acquired for all study sites in late August
2008 to the same lidar acquisition specifications. The system was an Optech ATLM 3100.
The system could record up to four returns per pulse, with an average sampling density
of five pulses per square metre. The scan angle was below 20°. The instrument’s vertical
accuracy over bare ground was 15 ¢cm, and horizontal accuracy was 0.5 m. The flying
altitude was approximately 1200 m with a pulse repetition frequency of 70 kHz. The laser
operated at 1064 nm with a beam divergence of approximately 0.3 mrad.

A number of pre-processing steps were required before metrics could be derived
from the lidar data for analysis. All of these steps were performed using the RSC LAS
Tools software (Armston 2014). The classification of ground returns utilized a progressive
morphological filter as outlined in Zhang et al. (2003). Above-ground heights were
calculated by subtracting the corresponding ground point heights, interpolated into a
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surface (nearest neighbour method), from the original (unclassified) data set. The above-
ground height lidar metrics were then calculated.

All lidar returns that were intersected within field plot horizontal extents were clipped
from the data sets, and metrics were generated utilizing the R software (version 3.1.1.)
(http://www.r-project.org/). Summary metrics were calculated for the heights of all
returns, the heights of vegetation returns (all returns with height >0.2 m), the intensity
of all first returns, and the intensity of vegetation first returns (returns with height
>0.2 m). The summary metrics of mean, median, standard deviation, variance, coefficient
of variation, skewness, kurtosis, maximum, and minimum and percentile heights, at 5%
intervals, were computed.

2.3.2. Individual tree crown delineation

Individual trees were delineated using the lidar-derived CHM by an automated proces-
sing approach developed in the R software, utilizing an approach similar to that defined
in Chen et al. (2006), a brief description of which follows.

A high-resolution CHM (0.5 m x 0.5 m) was created for each of the lidar data sets, and
an initial circular weighted matrix focal (moving window) analysis was implemented,
using a search radius of 1 m, in order to smooth the height features within the original
layer. The resulting ‘smoothed’ raster layer provides a three-dimensional surface of the
highest vegetation heights above ground using a linear interpolation method. A local
maxima search, using a 3 x 3 cell search window, was applied to the CHM in order to
identify local maxima, or peaks, within the surface, which should correspond to indivi-
dual tree-top locations. A proximity function was then applied to identify the clustering
of maxima points, and to remove or merge maxima points defined as too close to one
another. For each maxima location, the distance was calculated to each of its immediate
neighbours in a search window of radius 5 m. The proximity limit here was defined as
less than 1 m in order to sample each of the eight neighbouring 0.5 m X 0.5 m cells in
the raster layer. If one or more maxima locations was within range, the maxima IDs were
added to a unique group. Groups were further merged if the IDs were duplicated. If
these maxima locations within a group were not of equal height, then the tallest
maxima was preserved, otherwise the most central point was kept.

Once maxima points had been identified, an iterative region growing approach was
applied to the raster cells of the CHM in proximity to the maxima point location,
whereby the nearby cells were searched (in eight directions from the focal point), and
were added to the ‘crown object’ if the cells occupied a lower height value to that of the
maximum initial height, and neighbouring cells classed as ‘crown’ in subsequent itera-
tions. Region growing was prohibited to expand into a raster cell of 0 m (i.e. ground).
Crown radius was estimated from the average distance from the maxima point in the
four cardinal directions to the perimeter of the crown object (north, south, east, and
west), and was represented as a generalized horizontal circle centred on the maxima
location. Crown area was estimated by applying the formula for calculating the area of a
circle, using the estimated crown radius. In order to illustrate the position and extent of
the delineated ITC objects, a shapefile polygon of the estimated circular horizontal area
was created for each. Polygon overlap is present for multiple tree crowns, due to the
method of creating circular polygons, this means one ITC circle may include elements
from one or more trees.
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2.3.3. Creation of height bins and vertical profiles

The basic concept behind estimating the heights of vegetation layers from the fre-
quency of returns within height bins in a vertical profile is to detect the position where
the frequency of returns drops abruptly below larger number of returns. Such a techni-
que is dependent on the ‘shape’ or distribution of return frequencies stratified by height.
According to Magnussen and Boudewyn (1998), lidar returns within the tree crown
mimic sampling with probability proportional to the projected tree crown sizes. Within
their study, an estimated 50% of lidar returns hitting the canopy in a plot are presum-
ably at or above a height that coincides with the height of mean leaf area index. What
follows is a description of how the drop in return frequency of the vertical profile is
detected.

A method was developed to automatically predict the vertical position of canopy
layer features, a summary of which follows. All points that intersected with the field plot
extents were clipped from the lidar data sets, and height bin metrics were generated,
where for each 3D bin the number of lidar returns within were summed. Height bins
were generated for each plot at 0.2 m intervals, which produced 200 layers (0-40 m) per
plot. Figure 1 shows a cross-sectional illustration of the height bins generated at the plot
level and how this can be visualized as the number of returns stratified by height. In a
similar approach to Holmgren and Persson (2004), a noise filtering step was implemen-
ted where a value of zero was assigned to each bin, which contained less than 0.5% of
the total returns.

An automated method of stratifying layer features from the vertical profile for each
plot was developed using the R software. A Nadaraya-Watson kernel regression was fit
to the distribution of lidar returns within the vertical profile above 0.2 m. A threshold of
0.2 m was selected so the high number ground returns did not influence the line fitting
and the detection of features near the ground level. This approach was selected as it can
be fit to multi-modal distributions rather than other smoothing approaches such as
Gaussian and Weibull functions, which are restricted to unimodal distributions.

The kernel regression approach functions by forming a weighted average of all the
y-values corresponding to points whose x-values are close to the x-value of a point
being plotted. The function that defines the weights is known as a kernel, and the
number of points involved in the weighted average is based on a parameter known as
the bandwidth. Due to the variation in average tree canopy heights between plots, and
the difference in the total number of bins containing data, a single bandwidth para-
meter for all sites proved to be insufficient. A subset of plot locations was selected,
which covered a variety of stand heights and lidar subsets produced, where a curve-
fitting procedure was implemented using a range of bandwidth values in order to test
their ability to delineate vertical layers. It was found that higher plot heights were better
represented by larger bandwidth values, and too smaller value resulted in the detection
of false positives. Therefore, an equation was developed to automatically select an
appropriate value relative to the plot maximum height (as defined by the maximum
height of lidar returns within the current horizontal extent) for the curve-fitting proce-
dure. The formula is expressed as:

Bandwidth = 0.05(Hyiot) + 0.64, m
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Figure 1. Points within field plot extents only were used to produce height bins. The example
location is illustrated as the red rectangle overlaid upon a CHM (a and b). The concept of height bins
illustrated as a 2D cross-section (c) of the total number of lidar returns intersecting with a sample
field plot horizontal extent. The vertical distribution of individual returns (d) is presented in relation
to the binned-return counts. Bin size in this example is 0.2 m.

where Hpior is the maximum lidar above-ground height within the plot. Note that the
equation was developed for the current field plots where the canopy height ranged
from 12 to 27 m.

Vertical layers were then identified through the detection of local maxima and
minima from the fitted regression line. This is illustrated in Figure 2. If bins neighbouring
a maxima or minima location were of the same value, the middle height value is
reassigned to that of the maxima or minima. Locations along the fitted line function
representing bins of zero returns were all classified as minima locations. Bins in which no
returns were recorded were considered minima locations in the top half of the vertical
profile only. The presence of no return bins in the lower half may be potentially caused
by the lower proportion of returns beneath the forest canopy. The minima detected
above and below a maxima formed the basis of extracting layer height information.
Layer top height, bottom height, and maxima height were recorded for each detected
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Figure 2. Example of fitting a function to the binned-return data. A function is fit to the vertical
distribution of individual returns (a). The detection of local maxima and minima from the fitted
regression line applied to the lidar vertical profile (b). Local maxima are delineated in red, while
minima are delineated in blue. The dominant canopy is visible at approximately 15-25 m, and a
single layer below within the mid-to understory (1-8 m).

layer. The dominant canopy layer was classified as a layer above one-third height of the
maximum plot height with the largest maxima (i.e. the largest number of lidar returns at
the layer ‘middle’ point). For all field plot locations this was always the highest layer
detected. Therefore, for each field plot extent, lidar-derived estimates of average canopy
to height and HTLC were calculated.

2.3.4. Height to the living canopy estimate correction

Due to the distribution of returns, a number of vertical profiles exhibited large separa-
tion between maxima and minima below causing an underestimation of height to the
living canopy (e.g. as in Figure 2). This applied to the dominant canopy layer only in
taller stands (above 15 m). To correct this, an additional processing step was applied
when the separation between maxima and minima below it was beyond an arbitrary
threshold of 6 m, but only when canopy top height was greater than 15 m. The former
threshold, of maxima-minima separation, was determined through the trends observed
in the field data values of crown length (HTLC subtracted from top height), where the
average value varied from 6.19 m (Henderson) to 7.36 m (RW19). Thus, the largest
separation between maxima (already beneath the top) and minima could not be more
than 6 m. The current threshold should be applicable for other similar canopy architec-
tures; however, as crown length increases, the threshold should be increased. If this
criteria was met, a test was applied to the section of the vertical profile between the
maxima and minima in question to assess the possibility of multiple layers existing
within this vertical extent. A function was developed to locate the point at which the
smoothed line function between the maxima and minima location was at maximum
curvature, for example where there was a change in the rate at which the number of
returns decreased with height (see Figure 3). This was accomplished by computing the
difference between each bin frequency value and a straight line vector between the
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Figure 3. Graph of a fitted function applied to the frequency of returns by height showing the
method of correcting estimates of HTLC. When a sufficient change in the curve slope is detected, a
new layer break is created.

start and end points within this section of the smoothed regression line, then identifying
the locations of the difference between largest values. A new layer was inferred if the
largest difference was larger than 1.5 times the median difference value. If sufficient
change was detected, the height value at this point was selected as the bottom height
of the canopy layer above it. A new layer was then created between the new bottom
height and the minima beneath it. It is not recommended to apply this method to all
vertical profiles, as the shape of the curve and position of the minima below can vary
between sample locations, and cause the above approach to overestimates layer
heights. Therefore, each field plot extent could have an extra estimate of HTLC if the
above criteria were met.

2.3.5. Individual tree crown vertical profiles

As noted previously, the circular ITC shapefiles may overlap one another to some extent.
Therefore, larger ITC circles with a radius larger than 2 m were reduced to 66% of its
original size, to increase the probability that the lidar returns sampled were from the
correct tree. As with plot-level metrics, lidar returns intersecting with the horizontal
extent of tree crowns were extracted and utilized to produce 1 m vertical height bins
and create a vertical profile for each ITC object. The selection of 1 m height bins was to
account for the smaller number of returns incident within each delineated ITC object.
The maximum bin height considered for each ITC vertical profile was defined by the
maxima height derived from the CHM. Again, Nadaraya—Watson kernel regression lines
were fit to smooth the vertical profiles, and local maxima and minima defined. For the
ITC profile only the dominant crown characteristics were estimated (see Figure 4).
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(a) ITC detection from CHM (b) ITC vertical profile
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Figure 4. Individual tree crown (ITC) objects (a) and a vertical profile generate for the single object
highlighted in the red dashed line circle. Maxima locations are marked in red, whereas minima is
coloured blue. The highlighted ITC object is located at 36° 26" 44.58" N 78° 28' 42.14" W.

A number of the ITC vertical profiles exhibited multiple maxima within the tree
crown, as in Figure 4. A simple function was created to define the crown vertical extent;
this can be summarized as follows:

(i) maxima were interrogated from highest to lowest;
(i) maxima must be located above one-third of the tree height (defined by CHM
maxima);
(iii) the selected maxima must be sequential;
(iv) maxima cannot be separated by a minima with zero returns;
(v) maxima must not be separated by more than 3 m.

If these criteria were met, the group of maxima were considered part of the living tree
crown.

As with the plot scale analysis, layer top, middle (largest or highest maxima), and bottom
statistics were calculated for each ITC object. No HTLC corrections (as in Section 2.3.4) were
applied at the ITC level. Those ITC objects intersecting with the field plot locations were
extracted. These intersecting ITC objects were then used to calculate averaged (mean) top
height and HTLC values for each plot in order to make them comparable to those metrics
calculated at the plot scale. In addition, the number of ITC objects at each plot level was
extracted. Estimates of HTLC variability at the plot scale were also computed.

2.4. Statistical analysis

In order to assess if there were any relationships between the field measured average
canopy top height and HTLC, and to compare the relative accuracy of each of the three
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estimation methods from the lidar data to the reference field measurements, three
statistical measures were calculated. The first of these was to compare the correlation
between the field plot data and predicted using univariate regression analysis, imple-
mented in R. The coefficient of determination (R?) was calculated for each comparison,
and is considered to indicate the proportional amount of variation in the response
variable explained by the independent variable (Field 2013). root mean square error
(RMSE) was also calculated as a means of assessing performance:

n T 2
RMSE — Zf:'l ();,’ yl) , (2)
where n is the number of observations, i denotes individual plots, y; is the field plot
value, and y; is the corresponding lidar-derived prediction. The coefficient of variation of
the RMSE (CVgmse) Was also calculated by

RMSE
CVrmse = ) (3)

mean

where Yean is the mean of all field observations.

3. Results
3.1. Relationships between field variables

The field-measured plot-averaged values for average canopy height and HTLC were
input into a linear regression analysis. An R? value of 0.96 was produced, indicating a
high level of correlation between the two field metrics. The relationship is expressed as

HTLC = 1.082 X Heanopy — 8.3839, (4)

where Hcanopy is the average canopy top height.

3.2. Plot-level-based regression analysis

The correlations of the regression analysis for the two plot-level summary metrics are
presented in Table 2. Both the models developed for plot average top height and HTLC
produced high correlations (R* > 0.9), were statistically significant according to Student
t-test (p < 0.05), and only one covariate was used in the model. Overall RMSE was 0.42 m
(2.44% CVrmse) for average canopy top height and 0.48 m (4.91% CVgyse) for average
HTLC in a plot. A study site summary is presented in Table 3.

Table 2. Regression analysis summary for all field plots. V95 is the height of the 95th percentile
calculated from vegetation returns, and V90 is the height of the 90th percentile calculated from
vegetation returns.

Regression R? Equation

Mean plot height (m) 0.986 y = 2.657 +0.940 x V95
Mean HTLC (m) 0.983 y = —5.088 4 0.998 x V90
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Table 3. RMSE and CVryse calculated for each study site. CVpyse Was calculated independently for
each of the four data sets.

Site name Mean plot height (m) Mean HTLC (m)
Henderson RMSE 0.501 0.590
(CVrmse) (2.29%) (3.91%)
RW18 RMSE 0.327 0.496
(CVRmsE) (1.93%) (5.15%)
RW19 RMSE 0.282 0.255
(CVrmse) (2.09%) (4.21%)
SETRES RMSE 0.565 0.672
(CVRmsE) (3.33%) (7.01%)

3.3. Plot-scale voxel estimates of canopy characteristics

The estimation of dominant canopy characteristics using the plot-level voxel-based
analysis, average canopy top height (Lorey’s mean height), average HTLC, and average
HTLC with correction from the fitting of functions to the bin lidar returns is summarized
in Table 4. Lorey’s mean canopy height was estimated with an overall accuracy of 1.0 m
RMSE (5.9% CVgmse) and overall R? value of 0.93. Broken down to the study site level,
RMSE varies from 0.7 m to 1.5 m, whereas CVgyse varies from 4% to 9%. The CVgrmse
value corresponds to the field data summary presented in Table 1, where the smallest
CVgrmse is for RW18, and the largest was the SETRES site.

Estimates of HTLC, without the correction, produced an overall R? value of 0.78 and
an RMSE of 1.6 m (17% CVguse)- Whereas estimates of HTLC with the correction
produced an overall R? value of 0.91, and RMSE of 1.1 m (11.0% CVgmse). The correction
was applied for 73 out of a total of 112 plots. Uncorrected HTLC error was larger than
corrected HTLC for all four sites, and the corresponding values of the RMSE were
between 0.5 and 1.3 m larger. The uncorrected estimates of HTLC of RW18 have a larger
RMSE, but a smaller CVgmse value than for the corrected, however. The 11 plots (9 were
thinned plots) for which the correction was applied, resulted in HLTC overestimates. It
should be noted that all of these 11 plots were located at the overlap between two
flight line swaths. The RW19 site exhibited the lowest RMSE for estimates of HTLC, where
the correction was applied for all but one of the field plot extents. The plot-level results
using the HTLC with the correction are presented in Figure 5a. The RMSE values for each
study site are also similar to the average field data plot standard deviations for each
study site (Table 1) for the HTLC estimates with the correction.

Table 4. Lidar vertical-profile-derived metrics RMSE of the dominant canopy layer at the plot level.
Note that RMSE is presented for height to the living crown (HTLC) with and without the application
of an HTLC correction. CVgyse Was calculated independently for each of the four data sets.

lidar average lidar
lidar average canopy average lidar average HTLC lidar average
canopy height height lidar average HTLC with correction HTLC with
RMSE v HTLC RMSE v RMSE correction CV

Site name (m) (%) (m) (%) (m) (%)
Henderson 1.16 5.45 1.89 12.49 1.21 8.02
RW18 0.70 4.13 1.72 6.66 1.21 12.68
RW19 0.85 6.35 1.67 27.77 0.67 11.10

SETRES 1.53 9.30 247 25.79 117 12.22
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Figure 5. Scatterplots of field average HTLC plotted against lidar estimates of HTLC for (a) plot-level
analysis using the HTLC correction and (b) the aggregated values from ITC. The black line denotes an
ideal 1:1 relationship.

Understory vegetation was removed in all the field plots assessed as part of this
project, apart from those located at Henderson. The field plot design at Henderson
incorporated four different initial site treatment types and understory control, resulting
in clusters of eight plots. Figures 6 and 7 illustrate the vertical profile generation for one
such cluster, allowing the user to compare the vertical distribution of canopy elements,
such as differences in dominant canopy height and the detection of sub-dominant
vegetation layers and the presence of understory. From examination of the vertical
profile, where there is a presence or absence of understory layers is clear, corresponding
to no vegetation control and vegetation control site management types, respectively. As
illustrated in Figures 6 and 7, the vertical position of the dominant canopy can alter
between sites, where those subject to herbicide use were typically taller.

3.4. Individual tree crown metrics

There were a number of difficulties in validating the results of the ITC delineation
approach that relate to determining an objective correspondence between field-
recorded and lidar-determined positions, as stem positions were not recorded in the
field. The current study therefore attempts to estimate individual tree crown parameters
and report results by aggregating estimates to the plot level.

The number of stems recorded in the field for each individual plot was compared
with the number of ITC objects recorded within the field plot horizontal extent. The
relationship produced an R? value of 0.85 and an RMSE of 23.9 (39% CVgrmse); however,
as seen in Figure 8(a), as the stem populations in each of the field plots increased, the
number of ITC objects created was not as many, resulting in an underestimation. A
number of plots within the Henderson site were the exception to this. The regression
equation (with a zero intercept) indicated there were approximately 1.35 times more
stems recorded in the field data. The largest RMSE for the number of ITC objects relative
to the number of stems recorded in the plot was for the RW19 and SETRES sites, i.e.
where higher RMSE values are present in locations where plot sizes were larger, and
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Figure 6. Vertical profiles created for four of eight field plots in one cluster located at the Henderson
site, with initial treatment type of stem removal. In this example it is possible to compare the
distribution of vertical canopy components (dashed-red lines), such as differences in dominant
canopy height, in addition to detecting sub-dominant vegetation layers, and understory presence
(dashed-blue lines). The green triangle represents the height of a vegetation layer intersecting the
ground. (SPD, shear pile and disc; CD, chopped and burned).

contained more stems, for example RW19 encompassed plots with a minimum of 41 to a
maximum of 184 stems. The CVguse value is smallest for the Henderson site (18%). Whilst
the other sites have higher CVgyse values (>30%), the largest is for RW19, which may be
due to variable plot size.

In order to test if the ITC delineation was detecting the co-dominant and dominant
trees only, the number of trees in the sub-dominant category were removed from the
field plot totals. Percentage quantile heights were calculated, and stems that were below
30% were removed. For the subsampled RW18 and RW19, the number of stems was
considered representative and the relative proportion subtracted from the total. The
new field plot totals were then compared with the number of intersecting ITC objects
and produced an R? value of 0.83, with an RMSE of 12.4 (25% CVrmse) (see Figure 8(b)).
The regression equation (with zero intercept) produced a coefficient value of 1.056. As
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Figure 7. Vertical profiles created for four of eight field plots in one cluster located at the Henderson
site, with initial treatment type of whole tree removal. In this example it is possible to compare the
distribution of dominant canopy components (dashed red lines), such as differences in dominant
canopy height, in addition to detecting sub-dominant vegetation layers, and understory presence
(dashed-blue lines). The green triangle represents the height of a vegetation layer intersecting the
ground. (SPD, shear pile and disc; CD, chopped and burned).

before, the plots located at Henderson created more ITC objects, whilst the overall
correspondence was improved.

Plot-level summaries for the estimates of top heights and HTLC for ITC objects
intersecting with the plot horizontal extent produced slightly higher R* values in
comparison with the plot-level layer fitting equivalent. Overall, the R* values for the
mean ITC top height and field-calculated mean canopy height was 0.96, RMSE was 1.4 m
(7.9% CVgmse). The overall estimates of ITC mean HTLC produced an R® value of 0.97,
with a lower overall RMSE of 0.61 m (6.2% CVgumse). Table 5 shows the results calculated
for each study site. The correspondence between field-recorded aggregated plot-level
values of HTLC is presented in Figure 5(b).

ITC plot summary metrics for average canopy top height were slightly higher than
those for the plot-level layer fitting approach (0.3-0.8 m). The RMSE for the SETRES site
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Figure 8. The correspondence between the population of Loblolly pine stems recorded within each
plot extent and the number of ITC objects is presented for all stems (a) and when sub-dominant
stems were removed from the field data (b).

Table 5. Plot-level RMSE from lidar individual tree crown (ITC) derived estimates, summarized for
each study site. Summary values are presented for the number of stems within the defined plot
boundaries, average tree height, and average height to the living crown (HTLC). CVguse was
calculated independently for each of the four data sets.

Number of ITC objects in plot Plot mean ITC top height Plot mean ITC-HTLC RMSE
Height Height
Site RMSE vV (%) RMSE (m) CV (%) HTLC RMSE (m)  HTLC CV (%)
Henderson 9.970 17.70 1.488 6.79 0.598 3.96
RW18 8.270 31.39 1.592 9.34 0.513 5.34
RW19 36.160 39.18 1.158 8.57 0.715 11.80
SETRES 32.805 33.41 0.714 4.20 0.517 5.40

was lower, however (by 0.8 m). The SETRES site has the highest CV of plot heights,
according to Table 1. Plot-averaged ITC HTLC RMSE values were lower than those
produced from the plot-level layer corrected fitting approach (see Table 4); the differ-
ences ranged from 0.9 m to 1.9 m, whilst the estimates for RW19 were similar.

There was multiple ITC-level estimates of top height and HTLC for each plot, and
there was some within-plot variability in the field-recorded values. Figures 9 and 10
illustrate the variability of HTLC within individual field plots within the context of the
RW18 and SETRES sites, respectively, for field data (a) and lidar-derived ITC estimates (b).
Note that there are similarities between the inter-plot variability, such as between
thinned and unthinned plots, grey and white, respectively in the case of the RW18
site. RW18 ITC HTLC estimates typically have a larger range of values, where the medians
are often skewed when comparing them to the field equivalent. The largest variability is
typically encountered for those plots that have been thinned (grey). In order to exem-
plify the causes of this issue, two plots will be explored in greater detail. Plot number 7
for example has a large range of ITC HTLC values (4 m to 11 m), in contrast to field
measures (~8 m to 10 m). This indicates that non-canopy returns have been included or
canopy returns were missing, resulting in an inaccurate representation of HTLC range. A
number of plots within this example exhibit crown centres that are very close together
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Figure 9. The plot-level variability of HTLC for each field plot is presented for field data (a) and lidar-
derived ITC estimate data (b) for all plot locations at the RW18 site. The boxplots are colour coded to
correspond to the broad management type, where red represents thinned control, grey is thinned
and fertilized, and white is unthinned plots.
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Figure 10. The plot-level variability of HTLC for each field plot is presented for field data (a) and
lidar-derived ITC estimate data (b) for all plot locations at the SETRES site. The boxplots are colour
coded to correspond to the broad management type, where grey represents fertilized and irrigated,
and red represents control plots (irrigated).

and radii larger than 2 m; for example, plot number 30 has eight ITC centre points less
than 2 m apart. Therefore, returns from neighbouring overlapping tree crowns may
cause erroneous estimates. The large variations encountered for RW18 are not observed
to the same extent in the SETRES comparison, indeed which corresponds closely to the
patterns observed in the field data. Overall, the ITC values of HTLC have larger ranges
than their field-measured counterparts.

4, Discussion

The current study has presented one statistical and two methods of fitting a curve to
lidar-derived voxel data at both the plot and ITC scales for estimating canopy attributes
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in Loblolly pine plantation forests, in addition to demonstrating the potential ability to
detect the presence or absence of understory layers within this context.

4.1. Plot-level canopy vertical layer analysis

The results presented here for plot-level lidar estimates of average canopy top height
(Lorey’s mean height) from the plot-level statistical, plot-level voxel-based curve-fitting
and averaged ITC voxel-based curve-fitting analysis — all correlated well with field-
measured values with R? values of 0.99, 0.93, and 0.96, respectively. All three methods
produced similar RMSE values of 0.4, 1.0, and 1.4 m, respectively.

Canopy height estimation accuracy in coniferous stands are consistent with those
in other studies, such as in Gaveau and Hill (2003) where estimations of tree canopy
height differed by an average of +2.12 m when compared to CHM samples points for
forest locations with canopy height ranging between 10 and 18 m. Naesset (2002)
reports an accuracy of 0.61-1.17 m (R? = 0.80-0.95), and for Andersen, Mcgaughey,
and Reutebuch (2005) 1.3-1.5 m (R*> = 0.98) for statistically estimated average plot
canopy height. Other studies that employ methods of layer detection, for example
Muss, Mladenoff, and Townsend (2011), used such metrics into statistical models and
estimated canopy top height to £2.09 m (R* = 0.82), whereas Morsdorf et al. (2010)
used 2D cluster analysis to estimate canopy top height with a bias of 1.1 m (+0.5
standard deviation) in pine stands with maximum canopy heights between 14.8 and
17.8 m.

Likewise, plot-level lidar-derived estimates of HTLC corresponded well with field
measurements. This section will discuss the statistical and plot-level voxel-based
curve-fitting approaches. The estimates derived from ITC analysis will be reviewed in
Section 4.2. Statistical estimates produced a model with an R? value of 0.98 (RMSE
0.48 m), which used one predictor variable, the 90th height percentile. This was very
similar to the regression model produced for average canopy top height (Table 2). The
analysis of the two field-recorded metrics with one another indicated they were highly
correlated (R? = 0.96), it is therefore likely that the lidar predictive model parallels this
relationship. These characteristics are likely typical for the mid-rotation closed-crown
stands used for this study. Its transferability to other sites and to data sets using different
acquisition parameters is likely an issue (Naesset 2009).

The two estimates of plot-averaged HTLC derived from the plot-scale voxel-based
analysis provided a differing correspondence to field data, where estimates not includ-
ing the correction produced an overall smaller R* value (0.78) when compared to
estimates including the correction (0.91), and reduced the largest RMSE by 1 m in the
case of the RW19 site. The RMSE of estimated values also closely corresponds to the
standard deviation of values recorded in the field data. Within the context of the current
study, uncorrected estimates of HTLC produced lower values than those recorded in the
field. The segregation of the vertical profile into layers is dependent on the fitted curve
function and the presence or absence of returns within height strata. Explanation for the
phenomena of inaccurate HTLC may be caused where vegetation layers overlap or the
presence of features such as dead-branches below the living crown, thus altering the
shape of the fitted function. Predicted HTLC (including the correction) RMSE and CVguse
were similar for all four study sites.
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HTLC estimates for RW18 increased in terms of CVgmse When using the correction
method, indicating a possible difference in vertical physical structure, which caused
problems. A total of 9 of the 11 plots that employed the correction were from
locations that had been thinned 9 years before. This may account for the differences
in vertical structure for the thinned plots, but not for the other two that were
unthinned. This implies that the arbitrary threshold between dominant canopy max-
ima and minima below of 6 m is not applicable in the case of the RW18 site. As
observed in Figure 9(a), there is a degree of heterogeneity of HTLC within each field
plot extent. Crowns of different sizes, spatial distributions and 3D positions will
undoubtedly influence the proportion of lidar returns from various vertical strata
and thus the shape of the curve function being fit to the data. Alternatively, for
those plots with a higher canopy density could exhibit a less open structure for laser
pulses to penetrate through, resulting in fewer returns from within the canopy and
the lower strata (e.g. Chasmer, Hopkinson, and Treitz 2004; Dean et al. 2009), and
therefore larger estimation errors as the shape of the curve reflects this. The majority
of these plots locations were covered by two flight lines that incorporated larger
scan angles (=12°). It is possible that the vertical distribution of returns was influ-
enced by this (Holmgren, Nilsson, and Olsson 2003). It should be noted that the
various metrics at the plot level were estimated for plot sizes and shapes, which
varied considerably over the four study site extents, and may introduce more
heterogeneity in canopy heights, in addition to the possibility of edge effects.
Future work would be needed to further develop the rules for applying the afore-
mentioned correction.

The results from this study compare well with other studies for estimating plot-level
average HTLC either statistically or using the estimates derived from voxel-based curve-
fitting analysis. For example, Andersen, Mcgaughey, and Reutebuch (2005) produced a
linear regression model that produced an R? value of 0.84 and RMSE values between 3.9
and 4.1 m. The following studies utilize layer detection techniques. Muss, Mladenoff, and
Townsend (2011) were able to estimate HTLC with an R? of 0.71 and RMSE of 1.52 m by
fitting a frequency-based curve. In contrast, Morsdorf et al. (2010) estimated the top
coniferous layer base height from sub-canopy broadleaved species layers with a bias of
0.07 m (1 m standard deviation) by separating clusters of returns based upon height
and intensity values.

While a quantitative validation for the sub-dominant canopy layers detected within
the course of this project was unavailable, and was not present in the majority of the
plantation study site areas due to management regime. The Henderson site data set,
however, contained a mix of sub-canopy layers due to their respective initial manage-
ment types. Through the inspection of the vertical profile, it was possible to determine
the presence and potential height of the sub-canopy and understory layers, which
corresponded to known field-assessed presence and absence. Plot locations that
received the initial five years of vegetation control were all noticeably different from
the plots that received no herbicide use. Given the nature of the experiments at
Henderson, the pairing of vegetation control and no-control plots for each of the initial
site treatment types allowed an easy comparison of vertical profiles between plots. As
illustrated in Figures 6 and 7, the vertical position of the dominant canopy can alter
between sites, where those subject to herbicide use were typically taller. Such a
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technique that is able to compare locations may be of benefit to forest managers, for
example in assessing the influence of understory competition on tree growth. Further
work needs to be implemented to validate the quantification of the heights of unders-
tory components.

4.2, Individual tree crown analysis

The results of the ITC delineation approach used within this study cannot be validated
for actual tree-specific characteristics due to insufficient field data. Instead a number of
plot-level summary values were calculated. These were the number of ITC objects,
average ITC top height, and average ITC HTLC within the plot extent.

The number of Loblolly pine stems recorded for each field plot extent was compared
to the number of ITC objects generated within the same polygon extent. A relatively
high R? value was obtained (0.85); however, the number of ITC objects was almost
always lower than the field equivalent, with larger underestimation in locations with
higher number of stems or larger plot sizes (e.g. RW19 and SETRES). One site, Henderson,
had a number of plot locations with a larger number of ITC objects than field-recorded
stems. The level of correspondence increased when comparing against dominant and
co-dominant stems only; however, the relationship was not exact. As stated in Lee,
Lucas, and Brack (2004) and Kaartinen et al. (2012), many of the image-based methods,
which attempt to define ITC objects from a raster CHM, have a number of challenges
relating to how well ITC objects can be delineated due to the complexity and unpredict-
ability of the shape and geometry for groups of tree-crowns, and no consideration of
features obscured by the overstorey (especially so when tree crowns in the dominant
canopy merge).

The estimation of plot-averaged canopy height from ITC analysis was slightly
inferior to that of the plot-level curve-fitting analysis in terms of RMSE, even though
the R? was high (0.96). Presumably this is due to the uncertainty inherent in the
delineation of ITC objects and the disparity with the number of stems, which intro-
duced a bias. This is also a cause for concern for the estimates of average HTLC;
however, additional concerns are raised when considering the sampling of lidar
points for each ITC circular object, where returns may be located in overlapping, or
merged, tree crowns and structures beneath the canopy. The results for estimating
HTLC produced, however, higher correlations (R? = 0.96) as is evident in both
Figure 6, and in the smaller RMSE, which was 0.4 m smaller, when compared to the
plot-level curve-fitting approach. While not a direct comparison, due to the spatially
explicit nature of ITC-level analysis, these results in the current study correspond
favourably to the results reported by Holmgren and Persson (2004). The aforemen-
tioned study utilized a linear discriminant function to estimate HTLC for a coniferous-
dominated forest area, producing an R? value of 0.84 and RMSE value of 2.82 m.
Similarly to the current project, Popescu and Zhao (2008) were able to estimate
crown base height for individual tress through a combination of analysing vertical
profiles and regression models, producing an R? value of 0.8 and RMSE of 2.03 m.

There is still uncertainty in estimating the actual heterogeneity of HTLC at the plot
level through ITC analysis, as evidenced by Figure 10 (SETRES) and especially by Figure 9
(RW18). It should be noted that the fieldwork for RW18 and RW19 sites employed some
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degree of subsampling for each plot. This introduces uncertainty concerning the actual
heterogeneity of stems encountered. Indeed, the larger variability in lidar-derived esti-
mates of crown length highlights the uncertainties that lidar returns are actually incident
on features of interest at an appropriate scale, i.e. a tree crown, rather than from the
stem or competing vegetation, or indeed this method'’s ability to successfully classify the
position of the crown. With reference to RW18 (Figure 9), far more variability in lidar-
estimated HTLC is observed. The most variability in HTLC value was encountered in
thinned plots for RW18, both above and below the expected range of values. Some of
the difference in accuracy is no doubt due to the resolution of the height bin size
utilized (1.0 m) in addition to the low proportion of number of lidar returns available for
analysis at the ITC scale and their likely biased distribution of returns towards the top of
the canopy. However, there are challenges relating to the difficulties in delineating
meaningful 3D objects and separating them from one another in the point cloud and
excluding unwanted features (e.g. returns from the tree stem) in complex environments.
RW18 represented the most extreme example, whereas the SETRES site (Figure 10) more
closely reflected the pattern of field values caused by management type, i.e. for the four
groups of four plots with different treatment types of irrigation and fertilizer additions.

It can be inferred that the ITC-level analysis can somewhat account for the hetero-
geneity encountered at the plot level caused by individual stem HTLC variability over the
age range of 13-26 years and multiple management types in order to provide an
accurate plot-level average estimate in variable plot sizes. Therefore, at the plot level
there seems to be a benefit in estimating HTLC by aggregating ITC predictions, or by
further subdividing the plot. Future work should aim to validate the estimates of HTLC at
the individual tree level, as with studies such as Popescu and Zhao (2008), and to
attempt to improve the 3D delineations.

4.3. Considerations and future work

Within the context of relatively homogenous planation forest the statistical and plot-
level curve-fitting approaches appear to be sufficient; however, more heterogeneous
environments may fail to be accurately characterized. Further sub-dividing the plot
extent in some manner and attempting to estimate canopy characteristics could poten-
tially provide more accurate results, for HTLC at least, given an appropriate data set.

Forest management type can have an impact upon the forest’s vertical structure and
by extension the distribution of lidar returns within that extent, at least for plantation
Loblolly pine forest. This is indicated by the vertical profiles fit to the Henderson plot-
level data and derived ITC HTLC variability, where canopy and sub-canopy vertical
features varied by management type. Whilst there are a number of issues to overcome,
such as at smaller scales (ITC), the methods in the current project have provided the
potential extraction of features pertinent to assessing the response to management over
variable plot sizes.

This voxel-based curve-fitting method employs the caveat that the lidar data must
penetrate the vegetated canopy sufficiently in order to be able to detect the required
features. Small-footprint full-waveform lidar systems, which offer a much higher poten-
tial for detecting returns beneath the canopy (Wagner et al. 2006), may offer a number
of advantages to this type of method in the future. Lindberg et al. (2012) demonstrated
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that incorporating a correction based upon the Beer-Lambert law applied to the wave-
form intensity could reduce the effects of decreasing returns from beneath the canopy.
Lindberg et al. (2012) were able to produce vertical profiles from both waveform and
discrete return lidar, in a similar approach to that presented here, in order to estimate
vertical vegetation structure for one or more layers (e.g. the canopy and shrub layers).
Estimates from the processed waveforms were slightly more accurate, implying that
further processing of the waveform may improve prediction accuracies.

Plot-level curve-fitting-based estimates of HTLC could be both above and below field
measurements. The depth of laser pulse penetration will vary with canopy structural
characteristics and lidar device configuration (Gaveau and Hill 2003). Therefore, the
estimation error could be a consequence of there not being enough laser pulse energy
returning to the sensor sufficient for recording as a return (Harding et al. 2001), or
indeed an issue prevalent in discrete return lidar, where there is a ‘blind spot’ following
each detected return (up to 1.2-5 m), during which nothing can be detected (Reitberger,
Krzystek, and Stilla 2008). Alternatively, the occlusion of lower canopy components as
reported in Chasmer, Hopkinson, and Treitz (2004) could be considered. One potential
explanation for the underestimation is the inclusion of returns from features such as
dead-branches or from the tree stems beneath the living crown altering the curve shape
minima and maxima locations. Alternately, the occurrence of HTLC heterogeneity within
the plot could also impact the comparison as noted previously. Future work incorporat-
ing different forest structural arrangements and species, and including explicit spatial
information from individual trees would be necessary in order to explore this source of
uncertainty.

Validation of the sub-dominant vertical layer heights is needed beyond a mere
presence and absence in future work, for example in order to determine fire fuel load
(Sandberg, Ottmar, and Cushon 2001), and the understory’s connection with nutrient
cycling (Noss 1990). Areas which are heterogeneous in structure and composition, or
contain vegetation layers with less distinct vertical boundaries, also impose a number of
challenges for future work. Other studies have made use of lidar return intensity values
to stratify the returns beneath the forest canopy, in order to separate the vertical
components of the coniferous overstorey, broad-leaved understory, and shrub layer
(Morsdorf et al. 2010). The study outlined in Wing et al. (2012) determined understory
presence by stratifying returns using field-derived height information, allowing the
mapping of understory attributes at the plot-level.

Capturing variation in these vertical attributes at smaller scales, such as that of ITC,
can produce accurate results for dominant canopy layer characteristics; however, sub-
dominant layers may not be consistent in height or horizontal coverage at the plot level,
so far little attempt has been made to map of information from ‘hidden’ vertical layers
(e.g. understory) at relatively small scales.

5. Conclusions

The results of this study show that airborne lidar data can be used to estimate the
average canopy to height and HTLC at the field plot level. The approach was intended to
characterize the vertical structure through fitting a Nadaraya-Watson kernel regression
curve to the vertically binned frequencies of returns. While not the only potential
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technique available, the method described in the current study appears to be effective
for delineating the dominant canopy vertical layer at the field plot scale.

The results of the automated curve-fitting approach at the resolution of the field-plot
have produced high correlations with fieldwork. Higher relationships were achieved for
the majority of cases when a correction was applied in order to alter where the
automated procedure considered the dominant layer vertical to be, which depended
on the form of the section of curve corresponding to the dominant canopy layer. In
addition, the method including the correction produced similar level of accuracy when
compared to conventional regression-derived estimates for both average canopy height
and HTLC (e.g. Naesset 2002, 2009).

Many of the study site plots were established in single-storey forest locations; how-
ever, the Henderson site contained locations with variable levels of understory due to
differing site management. For each of these eight management types, a vertical profile
and curve were created, where there were more features detected from the sub-
dominant portion of the profile in areas that had no herbicide used in the first five
years of growing. Likewise few or very small features were detected for locations where
herbicide was initially used. This implies that statistics beneath that of the dominant
canopy may be derived given an appropriate method.

An approach for automatically delineating ITCs from a raster CHM was developed.
lidar returns within a circular radius of each ITC centre were extracted and Nadaraya—
Watson kernel regression curve was fit to the vertically binned-frequencies of returns.
Those ITC objects intersecting with each field plot extend were averaged to produced
plot-level estimates for comparison. Plot-level comparisons were implemented as indi-
vidual tree comparisons could not be explored. The number of delineated ITC objects
was lower than the number of recorded Loblolly pine stems in the majority of plot
extents. Whilst estimates of average canopy top height were comparable for the plot-
level and averaged ITC curve-fitting methods, the latter produced a higher overall
correlation with HTLC.

Within the context of relatively homogenous planation forest the statistical and plot-
level curve-fitting approaches appear to be sufficient; however, more heterogeneous
environments may fail to be accurately characterized. Even within the context of this
study, many of the plots exhibited some degree of HTLC variation within. While a
number of limitations in the current ITC approach were highlighted, such as height-
bin resolution, sampling overlap, under-and over-estimation of HTLC effects at the ITC
scale that increased uncertainty, high correlations were produced. This implies that sub-
dividing a forest plot-location with heterogeneous HTLC and aggregating analysis at a
smaller scale could improve estimates.

The approach is dependent on the capacity of the lidar pulses penetrating the
vegetated canopy and with a density of returns beneath the canopy sufficient to identify
features, where dense vegetation may impede its overall accuracy. With a potentially
higher return density than conventional discreet returns systems, small-footprint full-
waveform lidar data may be of great benefit for future work. In addition lidar return
intensity could potentially assist in identifying compositional differences between layers
(as in Morsdorf et al. 2010).



Downloaded by [Virginia Tech Libraries], [Professor Randolph H Wynne] at 07:33 06 June 2016

2678 M. SUMNALL ET AL.

Acknowledgements

This research was possible thanks to the support from the Forest Productivity Cooperative, and the
assistance Alica Peduzzi, who provided the field data for validation of the methods assessed in the
project. Funding for this work was provided in part by the Virginia Agricultural Experiment Station
and the Program Mcintire Stennis of the National Institute of Food and Agriculture, US
Department of Agriculture.

Disclosure statement

No potential conflict of interest was reported by the authors.

Funding

Funding for this work was provided in part by the Virginia Agricultural Experiment Station and the
Program Mclintire Stennis of the National Institute of Food and Agriculture, US Department of
Agriculture.

References

Albaugh, T. J,, J. L. Allen, P. M. Dougherty, L. W. Kress, and J. S. King. 1998. “Leaf Area and Above-
and Belowground Growth Responses of Loblolly Pine to Nutrient and Water Additions.” Forest
Science 44: 317-328.

Andersen, H.-E., R. J. Mcgaughey, and S. E. Reutebuch. 2005. “Estimating Forest Canopy Fuel
Parameters Using Lidar Data.” Remote Sensing of Environment 94 (4): 441-449. doi:10.1016/j.
rse.2004.10.013.

Anderson, J. E,, L. C. Plourde, M. E. Martin, B. H. Braswell, M. L. Smith, R. O. Dubayah, M. A. Hofton,
and J. B. Blair. 2008. “Integrating Waveform Lidar with Hyperspectral Imagery for Inventory of a
Northern Temperate Forest.” Remote Sensing of Environment 112 (4): 1856-1870. doi:10.1016/j.
rse.2007.09.009.

Aplin, P. 2005. “Remote Sensing: Ecology.” Progress in Physical Geography 29 (1): 104-113.
doi:10.1191/030913305pp437pr.

Armston, J. 2014. RSC Las Tools - version 1.9.3 [Computer program]. https://code.google.com/p/
rsclastools/

Avery, T. E., and H. E. Burkhart. 1994. Forest Measurements. 4th ed. McGraw-Hill Higher Education.

Chasmer, L, C. Hopkinson, and P. Treitz. 2004. “Assessing the Three-Dimensional Frequency
Distribution of Airborne and Ground-based Lidar Data for Red Pine and Mixed Deciduous
Forest Plots.” International Archives of Photogrammetry, Remote Sensing Spatial Information
Sciences 36: 8W.

Chen, Q., D. Baldocchi, P. Gong, and M. Kelly. 2006. “Isolating Individual Trees in a Savanna
Woodland Using Small Footprint Lidar Data.” Photogrammetric Engineering and Remote
Sensing 72 (8): 923-932. doi:10.14358/PERS.72.8.923.

Chevalier, T,, O. Steinvall, and H. Larsson. 2007. “Performance of Laser Penetration Through Forest
Vegetation.” In Defense and Security Symposium, 65500Q. International Society for Optics and
Photonics.

Cohen, W. B., and T. A. Spies. 1992. “Estimating Structural Attributes of Douglas Fir/Western
Hemlock Forest Stands from Landsat and SPOT Imagery.” Remote Sensing of Environment 41:
1-17. d0i:10.1016/0034-4257(92)90056-P.

Dean, T. J.,, Q. V. Cao, S. D. Roberts, and D. Evans. 2009. “Measuring Heights to Crown Base and
Crown Median with Lidar in a Mature, Even-Aged Loblolly Pine Stand.” Forest Ecology and
Management 257: 126-133. doi:10.1016/j.foreco.2008.08.024.



Downloaded by [Virginia Tech Libraries], [Professor Randolph H Wynne] at 07:33 06 June 2016

INTERNATIONAL JOURNAL OF REMOTE SENSING . 2679

Evans, J. S, A. T. Hudak, R. Faux, and A. M. S. Smith. 2009. “Discrete Return Lidar in Natural
Resources: Recommendations for Project Planning, Data Processing, and Deliverables.” Remote
Sensing 1 (4): 776-794. doi:10.3390/rs1040776.

Field, A. 2013. Discovering Statistics Using SPSS. 4™ ed. Thousand Oaks, CA: SAGE Publications.

Gaveau, L, and R. Hill. 2003. “Quantifying Canopy Height Underestimation by Laser Pulse
Penetration in Small-Footprint Airborne Laser Scanning Data.” Canadian Journal of Remote
Sensing 29 (5): 650-657. doi:10.5589/m03-023.

Harding, D. J., M. A. Lefsky, G. G. Parker, and J. B. Blair. 2001. “Laser Altimeter Canopy Height
Profiles: Methods and Validation for Closed-Canopy, Broadleaf Forests.” Remote Sensing of
Environment 76 (3): 283-297. doi:10.1016/5S0034-4257(00)00210-8.

Hill, R. A., and R. K. Broughton. 2009. “Mapping the Understorey of Deciduous Woodland from
Leaf-On and Leaf-Off Airborne Lidar Data: A Case Study in Lowland Britain.” ISPRS Journal of
Photogrammetry and Remote Sensing 64 (2): 223-233. doi:10.1016/j.isprsjprs.2008.12.004.

Holmgren, J., M. Nilsson, and H. Olsson. 2003. “Simulating the Effects of Lidar Scanning Angle for
Estimation of Mean Tree Height and Canopy Closure.” Canadian Journal of Remote Sensing 29
(5): 623-632. doi:10.5589/m03-030.

Holmgren, J., and A. Persson. 2004. “Identifying Species of Individual Trees Using Airborne Laser
Scanner.” Remote Sensing of Environment 90 (4): 415-423. doi:10.1016/50034-4257(03)00140-8.

Hopkinson, C. 2006. “The Influence of LiDAR Acquisition Settings on Canopy Penetration and Laser
Pulse Return Characteristics.” In IEEE International Conference on Geoscience and Remote Sensing
Symposium, IGARSS 2006, 2420-2423..

Humphrey, J.,, C. Hawes, A. Peace, R. Ferris-Kaan, and M. Jukes. 1999. “Relationships between Insect
Diversity and Habitat Characteristics in Plantation Forests.” Forest Ecology and Management 113:
11-21. doi:10.1016/S0378-1127(98)00413-7.

Jaskierniak, D., P. N. J. Lane, A. Robinson, and A. Lucieer. 2011. “Extracting Lidar Indices to
Characterise Multi-Layered Forest Structure Using Mixture Distribution Functions.” Remote
Sensing of Environment 115: 573-585. doi:10.1016/j.rse.2010.10.003.

Kaartinen, H., J. Hyyppa, X. W. Yu, M. Vastaranta, H. Hyyppa, A. Kukko, M. Holopainen, et al. 2012.
“An International Comparison of Individual Tree Detection and Extraction Using Airborne Laser
Scanning.” Remote Sensing 4 (12): 950-974. doi:10.3390/rs4040950.

Lee, A, R. Lucas, and C. Brack. 2004. “Quantifying Vertical Forest Stand Structure Using Small
Footprint Lidar to Assess Potential Stand Dynamics.” In Proceedings, NATSCAN — Laser Scanners
for Forest and Landscape Assessment Instruments, Processing Methods and Applications, 3-6.

Lefsky, M. A, W. B. Cohen, G. G. Parker, and D. J. Harding. 2002. “Lidar Remote Sensing for Ecosystem
Studies.” Bioscience 52 (1): 19-30. doi:10.1641/0006-3568(2002)052[0019:LRSFES]2.0.CO;2.

Lefsky, M. A., D. Harding, W. B. Cohen, G. Parker, and H. H. Shugart. 1999. “Surface Lidar Remote
Sensing of Basal Area and Biomass in Deciduous Forests of Eastern Maryland, USA.” Remote
Sensing of Environment 67: 83-98. doi:10.1016/50034-4257(98)00071-6.

Lim, K., P. Treitz, K. Baldwin, I. Morrison, and J. Green. 2003a. “Lidar Remote Sensing of Biophysical
Properties of Tolerant Northern Hardwood Forests.” Canadian Journal of Remote Sensing 29 (5):
658-678. doi:10.5589/m03-025.

Lim, K., P. Treitz, M. Wulder, B. St-Onge, and M. Flood. 2003b. “Lidar Remote Sensing of Forest
Structure.” Progress in Physical Geography 27 (1): 88-106. doi:10.1191/0309133303pp360ra.

Lindberg, E., K. Olofsson, J. Holmgren, and H. Olsson. 2012. “Estimation of 3D Vegetation Structure
from Waveform and Discrete Return Airborne Laser Scanning Data.” Remote Sensing of
Environment 118: 151-161. doi:10.1016/j.rse.2011.11.015.

Magnussen, S., and P. Boudewyn. 1998. “Derivations of Stand Heights from Airborne Laser Scanner Data
with Canopy-based Quantile Estimators.” Canadian Journal of Forest Research 28 (7): 1016-1031.

Maltamo, M., P. Packalén, X. Yu, K. Eerikdinen, J. Hyyppd, and J. Pitkdnen. 2005. “Identifying and
Quantifying Structural Characteristics of Heterogeneous Boreal Forests Using Laser Scanner
Data.” Forest Ecology and Management 216: 41-50. doi:10.1016/j.foreco.2005.05.034.

Martinuzzi, S., L. Vierling, W. Gould, M. Falkowski, J. Evans, A. Hudak, and K. Vierling. 2009.
“Mapping Snags and Understory Shrubs for a Lidar-Based Assessment of Wildlife Habitat
Suitability.” Remote Sensing of Environment 113: 2533-2546. doi:10.1016/j.rse.2009.07.002.



Downloaded by [Virginia Tech Libraries], [Professor Randolph H Wynne] at 07:33 06 June 2016

2680 M. SUMNALL ET AL.

Morsdorf, F., A. Marell, B. Koetz, N. Cassagne, F. Pimont, E. Rigolot, and B. Allgower. 2010.
“Discrimination of Vegetation Strata in a Multi-Layered Mediterranean Forest Ecosystem Using
Height and Intensity Information Derived from Airborne Laser Scanning.” Remote Sensing of
Environment 114: 1403-1415. doi:10.1016/j.rse.2010.01.023.

Muss, J. D., D. J. Mladenoff, and P. A. Townsend. 2011. “A Pseudo-Waveform Technique to Assess
Forest Structure Using Discrete Lidar Data.” Remote Sensing of Environment 115: 824-835.
doi:10.1016/j.rse.2010.11.008.

Naesset, E. 2002. “Predicting Forest Stand Characteristics with Airborne Scanning Laser Using a
Practical Two-Stage Procedure and Field Data.” Remote Sensing of Environment 80 (1): 88-99.
doi:10.1016/50034-4257(01)00290-5.

Naesset, E. 2009. “Effects of Different Sensors, Flying Altitudes, and Pulse Repetition Frequencies on
Forest Canopy Metrics and Biophysical Stand Properties Derived from Small-Footprint Airborne
Laser Data.” Remote Sensing of Environment 113: 148-159. doi:10.1016/j.rse.2008.09.001.

Noss, R. F. 1990. “Indicators for Monitoring Biodiversity: A Hierarchical Approach.” Conservation
Biology 4 (4): 355-364. doi:10.1111/cbi.1990.4.issue-4.

Peduzzi, A., R. Wynne, T. Fox, R. F. Nelson, and V. Thomas. 2012. “Estimating Leaf Area Index in
Intensively Managed Pine Plantations Using Airborne Laser Scanner Data.” Forest Ecology and
Management. 270: 54-65. doi:10.1016/j.foreco.2011.12.048.

Popescu, S. C,, and K. Zhao. 2008. “A Voxel-Based Lidar Method for Estimating Crown Base Height
for Deciduous and Pine Trees.” Remote Sensing of Environment 112 (3): 767-781. doi:10.1016/j.
rse.2007.06.011.

Reitberger, J., P. Krzystek, and U. Stilla. 2008. “Analysis of Full Waveform Lidar Data for the
Classification of Deciduous and Coniferous Trees.” International Journal of Remote Sensing 29
(5): 1407-1431. doi:10.1080/01431160701736448.

Sandberg, D. R. Ottmar, and G. Cushon. 2001. “Characterizing Fuels in the 21 Century.”
International Journal of Wildland Fire 10: 381-387. doi:10.1071/WF01036.

Shugart, H. H., S. Saatchi, and F. G. Hall. 2010. “Importance of Structure and Its Measurement in
Quantifying Function of Forest Ecosystems.” Journal of Geophysical Research: Biogeosciences 115
(G2). doi:10.1029/2009JG000993.

Smith, D. M. 1986. The Practice of Silviculture. 8th ed., 527. New York: John Wiley and Sons.

Sumnall, M. J,, T. R. Fox, R. H. Wynne, C. Blinn, and V. A. Thomas. 2016. “Estimating Leaf Area Index
at Multiple Heights within the Understorey Component of Loblolly Pine Forests from Airborne
Discrete-Return Lidar.” International Journal of Remote Sensing 37 (1): 78-99. doi:10.1080/
01431161.2015.1117683.

United States Department of Agriculture. 2008. “Silvicultural manual Volume 1: Loblolly Pine.”
United States Department of Agriculture. Accessed January 28 2016. http://www.na.fs.fed.us/
pubs/silvics_manual/Volume_1/pinus/taeda.htm

Vierling, K. T., L. A. Vierling, W. A. Gould, S. Martinuzzi, and R. M. Clawges. 2008. “Lidar: Shedding
New Light on Habitat Characterization and Modeling.” Frontiers in Ecology and the Environment
6 (2): 90-98. doi:10.1890/070001.

Villikka, M., P. Packalén, and M. Maltamo. 2012. “The Suitability of Leaf-Off Airborne Laser Scanning
Data in an Area-Based Forest Inventory of Coniferous and Deciduous Trees.” Silva Fennica 46:
99-110. doi:10.14214/sf.68.

Vitousek, P. M., and P. A. Matson. 1985. “Disturbance, Nitrogen Availability, and Nitrogen Losses in
an Intensively Managed Loblolly-Pine Plantation.” Ecology 66: 1360-1376. doi:10.2307/1939189.

Wagner, W., A. Ullrich, V. Ducic, T. Melzer, and N. Studnicka. 2006. “Gaussian Decomposition and
Calibration of a Novel Small-Footprint Full-Waveform Digitising Airborne Laser Scanner.” ISPRS
Journal of Photogrammetry and Remote Sensing 60 (2): 100-112. doi:10.1016/j.
isprsjprs.2005.12.001.

Wang, Y. S., H. Weinacker, and B. Koch. 2008. “A Lidar Point Cloud Based Procedure for Vertical
Canopy Structure Analysis and 3d Single Tree Modelling in Forest.” Sensors 8 (6): 3938-3951.
doi:10.3390/58063938.



Downloaded by [Virginia Tech Libraries], [Professor Randolph H Wynne] at 07:33 06 June 2016

INTERNATIONAL JOURNAL OF REMOTE SENSING . 2681

Wing, B., M. W. Ritchie, K. Boston, W. B. Cohen, A. Gitelman, and M. J. Olsen. 2012. “Prediction of
Understory Vegetation Cover with Airborne Lidar in an Interior Ponderosa Pine Forest.” Remote
Sensing of Environment 124: 730-741. doi:10.1016/j.rse.2012.06.024.

Zhang, K. Q., S.-C. Chen, D. Whitman, M.-L. Shyu, J. H. Yan, and C. C. Zhang. 2003. “A Progressive
Morphological Filter for Removing Nonground Measurements from Airborne Lidar Data.” IEEE
Transactions on Geoscience and Remote Sensing 41 (4): 872-882. doi:10.1109/TGRS.2003.810682.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice




