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Classifying individual tree genera using stepwise cluster analysis based on height and
intensity metrics derived from airborne laser scanner data
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This paper evaluates the ability of small footprint,multiple return andpulsedairborne scanner data to classify tree
genera hierarchically using stepwise cluster analysis. Leaf-on and leaf-off airborne scanner datasets obtained in
the Washington Park Arboretum, Seattle, Washington, USA were used for tree genera classification. Parameters
derived from structure and intensity data from the leaf-on and leaf-off laser scanning datasets were compared to
ground truth data. Relative height percentiles and simple crown shapes using the ratio of a crown length towidth
were computed for the structure variables. Selected structure variables from the leaf-on dataset had higher
classification rate (74.9%) than those from the leaf-off dataset (50.2%) for distinguishing deciduous from
coniferous genera using linear discriminant functions.
Unsupervised stepwise cluster analysiswas conducted tofindgroupings of similar genera at consecutive steps using
k-medoid algorithm. The three stepwise cluster analyses using different seasonal laser scanning datasets resulted in
different outcomes, which imply that genera might be grouped differently depending on the timing of the data
collection. When combining leaf-on and leaf-off LIDAR datasets, the cluster analysis could separate the deciduous
genera fromevergreenconiferous genera andcouldmake further separationsbetweenevergreen coniferousgenera.
When using the leaf-on LIDAR dataset only, the cluster analysis did not separate deciduous from evergreen genera.
The overall results indicate the importance of the timing of laser scanner data acquisition for tree genera separation
and suggest that the potential of combining two LIDAR datasets for improved classification.

© 2011 Elsevier Inc. All rights reserved.

1. Introduction

Airborne laser scanning and profiling are a rapidly growing
technology for use in forest inventory (Boudreau et al., 2008; Næsset,
2002; Nelson et al., 2009, 2003), forest monitoring (Hopkinson et al.,
2008; Næsset & Gobakken, 2005; Solberg et al., 2006) and ecological
applications (Bradbury et al., 2005; Graf et al., 2009; Nelson et al.,
2005; Tickle et al., 2006). Recently, forest stand types or tree species
classification have been studied using laser scanner datasets (Brant-
berg, 2007; Brandtberg et al., 2003; Brennan & Webster, 2006;
Donoghue et al., 2007; Holmgren & Persson, 2004; Kim et al., 2009a,
2009b; Moffiet et al., 2005; Ørka et al., 2009). Historically, LIDAR
technology has been used to capture and detect the 3-dimensional
structure of objects. Given the capability of LIDAR sensors to provide
3-D information of vegetation structure, this technology has shown
great potential to estimate several biophysical and structural
properties over a wide range of forest types (Lefsky et al., 1999;
Morsdorf et al., 2006; Næsset, 2002; Riaño et al., 2004).

Most commercial LIDAR systems used for topographic mapping use
lasers that emit energy in the near infrared range of the electromagnetic

spectrum (often 1064 nm). Green vegetation reflects this wavelength
well (Swain andDavis, 1978) and there are species differences in both the
visible and infrared spectra (Roberts et al., 2004); therefore, LIDAR
intensity data should contain information relating to forest type and
condition. Because spectral reflectance changes depending on the time of
a year for deciduous species (Gates, 1980), acquiring LIDAR datasets in
leaf-on and leaf-off conditions could provide additional information
useful for species differentiation. Most laser scanning data include an
intensity value which is a relative measure of the signal strength
associatedwith each return, a measure of the amount of energy reflected
from a target. In the past, LIDAR intensity data have not been used as
extensively as the three-dimensional structure data represented by laser
returns. Recently, several studies have classified forest stand types or tree
species using height and intensity information from airborne laser
scanning (Brantberg, 2007; Brandtberg et al., 2003; Brennan & Webster,
2006; Holmgren&Persson, 2004; Kimet al., 2009b;Morsdorf et al., 2010;
Ørka et al., 2009). In addition, LIDAR is increasingly beingused to estimate
leaf area and its distribution (Korhonen et al., 2011; Richardson et al.,
2009).

Growing interest in the LIDAR intensity data leads to the study of
these data as affected by scan angles, flight altitude or laser path length
(Coren&Sterzai, 2006;Donoghueet al., 2007;Hasegawa,2006).Whena
narrow scan angle was used, intensity data varied little; however, as
scan angle increased, variation increased. Forest stand types or forest
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species classification using LIDAR intensity data may be affected by
variations in laser path length due to differences in topography or
canopy height. However, Höfle and Pfeifer (2007) found little variation
in intensitydata over a rangeof differentheights anddates of acquisition
when datawere acquired fromhomogeneous reflecting areas. Kim et al.
(2009a) used raw intensity data without additional radiometric
calibration because the topographic range of study elevations (15 to
55 msl) and slopes (b30%) were small. However, since they compared
intensity values from two different LIDAR datasets, which had different
range values, they normalized these datasets by randomly extracting
multiple man-made samples whose conditions were considered to be
constant between the two LIDAR datasets. They then compared
intensity values for each sample using box-plots that showed that the
variability across the samples was constant for each LIDAR dataset even
though the ranges of intensity values were different. Finally, they
computed the ratio of the leaf-off to leaf-on medians for each sample
and used the average ratio of 16.4 to scale the leaf-on intensitymedians.
Their data suggested that some species and species groups might be
differentiated using LIDAR intensity data. Here we explore this further
using the original datasets from Kim et al. (2009a). Understanding that
some tree species have similar characteristics and those similarities
would bediscernable fromLIDAR structural and intensitydata, it follows
that some type of hierarchical classification scheme might be used to
identify species.

In this study, we evaluate the use of cluster analysis, one of the
unsupervised classification methods, to classify individual trees using
the k-medoid algorithm. Instead of using one-step cluster analysis, we
use a stepwise cluster analysis, based on statistical criteria, to find
hierarchical relationships between species— if sufficiently uniform and
powerful, we should be able to separate or group species based upon
similarities or differences derived from LIDAR data. We also investigate
the potential of the laser scanning system to cluster tree genera or
morphological-types using structure and intensity information derived
fromLIDARdatasets. Our specific objectives are: 1) to compare structure
variables derived from leaf-on and leaf-off LIDAR datasets for 15 genera,
2) to conduct cluster analysis for the genera using structure and
intensity variables from different LIDAR datasets and 3) to investigate
what factors would affect the results of the clustering analysis.

2. Study area and datasets

2.1. Study area

The study area is theWashington Park Arboretum located in Seattle,
Washington (47° 37.723′N 122° 17.732′W). The area covers 93 ha and
the topographic range is 15 to 55 m above sea level with less than 30%
slope for the majority of the site. Because our study aims to investigate
various tree genera at the individual tree levels, this was the most
suitable study site as it contained a large number of different woody
plant species andgenera,mostofwhichhadattainedmature stature and

often had crowns that did not significantly overlap, and thus could be
easily detected and measured.

2.2. Laser data

In this study, we used the same intensity datasets computed from
the leaf-on and leaf-off LIDAR data described in Kim,McGaughey, et al.
(2009a). The following summarizes the protocol for data acquisition
and the description of the laser scanner used. Leaf-on data were
acquired on 30 August, 2004 using the Optech ALTM 30/70 laser
scanner system. Average flying altitude was 1200 m above the ground
level (a.g.l) configured to acquire data using a narrow scan angle of
b11° either side of NADIR and with a point density up to 5/m2. Scan
pulse frequency was 71 kHz and a single flight line was used. Leaf-off
data were acquired on 15 March 2005 using an Optech ALTM 3100.
Average flying altitude was 900 m a.g.l. configured to acquire data
using a narrow scan angle of b10° either side of NADIR and with a
point density up to 10/m2. Scan pulse frequency was 100 kHz and
flight line was 50%. Both systems used a 1064 nm laser and beam
divergence of 0.31 mrad with footprint size of 0.372 m with leaf-on
data and 0.279 with leaf-off data. The leaf-off dataset did not capture
all trees in full leaf-off conditions due to widely varying phenology
across the diverse range of species within the arboretum and an
unusually early bud break in 2005.

It was necessary to normalize the two LIDAR datasets because the
features that were assumed spectrally invariant had different ranges of
intensity values (Kim et al., 2009a, 2009b). Before normalizing two
LIDAR datasets, themean intensity values per genera were between 1.2
and 4.5 for the leaf-on data while the mean intensity values per genera
were between 7.0 and 55.0 for the leaf-off data. After normalizing two
LIDAR datasets by multiplying a scaling factor of 16.4 to the leaf-on
LIDAR datasets (Kim et al., 2009a), themean intensity values per genera
for the leaf-on data became between 26.0 and 53.0.

A digital terrain model (DTM) was created with 1 by 1-m resolution
using FUSION/LDV software (McGaughey et al., 2004; McGaughey &
Carson, 2003). Themethod for creating the LIDAR-basedDTMisdescribed
by Andersen et al. (2006).

2.3. Selection of tree genera and species

Kim et al. (2009a) used 15 tree genera with a total of 223 individual
trees but did not investigate individual tree species within a genus. For
this study, we separated the 223 individual trees by species and their
respective genus. Table 1 describes the genera used in this study and their
characteristic leaf structures and traits. Table 2 lists the genera, individual
species, classification as to deciduous or evergreen, number of trees, and
notes as towhether or not deciduous individualswerepast budbreak and
flowering or developing leaves when the leaf-off data were acquired.
Flowering or partial leaf formation could influence classification of
individuals that were in various states of leaf or flower emergence.

Table 1
Tree species used in this study categorized by leaf structures.

Angiosperm genera (all were deciduous) Gymnosperm genera

Leaf structure Stem features Genera Leaf structure Leaf traits Genera

Opposite simple leaves No thorns Acer Clustered needles Evergreen Pinus
Alternate compound leaves No thorns Sorbus Clustered needles Deciduous Larix
Alternate simple leaves Thorns Prunus Single needles on woody pegs Evergreen Picea

Malus
Spirally arranged, lobed leaves No thorns Quercus Flat, single needles Evergreen Pseudotsuga

Tsuga
Sequoia

Simple leaves, toothed or pointed No thorns Betula Scale-like leaves Evergreen Thuja
Alternate simple single or doubly serrated leaves No thorns Ulmus
Simple, smooth edged leaves No thorns Magnolia
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Sample trees comprise 15 genera, 8 broadleaved and 7 coniferous. Six
generawere only represented by a single species:Acermacrophyllum (big
leaf maple), Ulmus americana (American elm), Pseudotsuga menziesii
(Douglas-fir), Sequoia sempervirens (coastal redwood), Thuja plicata
(western red cedar) and Tsuga heterophylla (western hemlock) and
nine genera were composed of multiple species.

2.4. Field measurement

Field work was designed to select and georeference individual
trees that could be used to ground truth data for the analysis. This field
work was carried out between April and July 2005. We located three
reference points that roughly form an equilateral triangle with 30–
100 m sides using a Trimble Pro XR/XRS GPS system. Individual tree
locations were recorded from at least two of the triangle points to
confirm accurate tree locations. We used a laser rangefinder and

compass to shoot foresights and backsights (horizontal and vertical
distances and azimuth) along each side of the triangle. For the most
part, isolated individual trees in open areas were selected to simplify
their identification and measurement in the LIDAR point cloud. Total
heights, crown base heights and crown diameters which were
computed as the mean of the N–S and E–Wdirections were measured
on 345 trees in the field. We used the custom trilateration program
with the GPS locations and the distances and azimuths to the triangle
points to obtain final point locations and the local magnetic
declination. We processed the distance and azimuth shots to other
points of interest using the corrected triangle locations and local
magnetic declination. Next, the locations of individual trees were
overlaid over the orthophoto of the Arboretum (see Fig. 1). Finally, we
identified 223 usable individual trees by eliminating trees with
severely overlapped crowns or trees that could not be clearly
identified. Even though tree stems were not correctly positioned

Table 2
Lists of the genera, individual species, classification as to deciduous or evergreen, number of trees, and conditions as to whether or not deciduous individuals were past bud break and
flowering or developing leaves when the leaf-off data were acquired.

Genus Species Deciduousness Conditions Number of trees

Broadleaved/Angiosperms Species Genus

Betula B. alleghaniensis Deciduous Leaf-off 5 20
B. nigra Leaf-off 5
B. platyphylla Leaf-off 5
B. utilis Leaf-off 5

Acer A. macrophyllum Deciduous Leaf-off 11 11
Ulmus U. americana Deciduous Leaf-off 10 10
Magnolia M. grandifloraa Deciduous Leaf-on/flowering 4 19

M. dawsoniana Leaf-off/flowering 4
M. denudata Leaf-off /flowering 4
M. fraseri Leaf-on/flowering 4
M. acuminate Leaf-on 3

Malus M. coronariab Deciduous Leaf-off 2 10
M. domestica Leaf-on 3
M. florentina Leaf-on 2
M. fusca Leaf-on 3

Prunus P. serotina Deciduous Leaf-off 2 11
P. domesticab Leaf-on 3
P. incise Leaf-off/flowering 3
P. sargentii Leaf-off/flowering 3

Quercus Q. garryana Deciduous Leaf-off 1 19
Q. arizonica Leaf-off 5
Q. bicolor Leaf-off 5
Q. alba Leaf-off 4
Q. rubra Leaf-off 4

Sorbus S. americana Deciduous Leaf-off 3 11
S. anglica Leaf-off 3
S. commixta Leaf-off 3
S. hybrid Leaf-off 2

Coniferous/Gymnosperms
Thuja T. plicata Evergreen Leaf-on 19 19
Pseudotsuga P. menziesii Evergreen Leaf-on 12 12
Larix L. deciduas Deciduous Leaf-off 5 21

L. kaempferib Leaf-on 4
L. laricinab Leaf-on 4
L. occidentalisb Leaf-on 3
L. gmelinii Leaf-off 5

Pinus P. monticola Evergreen Leaf-on 3 21
P. armandii Leaf-on 5
P. densiflora Leaf-on 5
P. strobus Leaf-on 4
P. ponderosa Leaf-on 4

Sequoia S. sempervirens Evergreen Leaf-on 10 10
Picea P. abies Evergreen Leaf-on 4 15

P. engelmannii Leaf-on 4
P. koyamai Leaf-on 3
P. montigena Leaf-on 4

Tsuga T. heterophylla Evergreen Leaf-on 14 14

a Evergreen broadleaf.
b Bud-break already occurred.
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relative to the point cloud data, field-measured tree height and crown
diameter helped the detection of trees when the x–y positioning errors
are within 2 m.

2.5. Study variables

2.5.1. Intensity variables
Intensity variables derived from leaf-on and leaf-off laser scanning

datasets for isolated individual tree crowns fromKimet al. (2009a)were

used in this study. The following summarizes how we identified
individual tree crowns in this study.

First, individual trees were detected with the aid of field measured
stem locations using x–y position of the stem, tree height and crown
diameter using FUSION/LDV softwarewhich displayed the LIDAR return
data near the approximate tree location. Non-ground laser points were
obtained by omitting laser returns representing the ground surface and
those less than 1 mabove the ground surface from the two data subsets.

Next, the laser points within the individual tree crowns were
isolated within a cylinder defined by the field-measured location and
crown diameter for each tree. Crown base height was calculated using
0.5 m height layers (Holmgren & Persson, 2004). Each layer that
contained less than 1% of the total number of non-ground laser points
within an individual tree was set to zero and the others to one. The
crown base height was then set as the distance from the ground to the
lowest laser data point above the highest 0-layer found. Using laser
points within each crown, variables were computed to analyze
intensity data for each tree. All variables were derived using laser
returns that were located above the crown base height.

Mean intensity values were computed using returns representing
the entire crown, upper crown and crown surface within each tree
crown using isolated laser returns. Variables 1–9 defined in Table 3
were computed from both the leaf-on and leaf-off laser scanning data.

2.5.2. Structure variables
Relative height percentiles were defined as the height percentile of

laser returns divided by the maximum laser return height within
individual tree crowns. Height percentiles were used as promising
variables to estimate forest parameters (Garcia et al., 2010; Holmgren &
Persson, 2004)and relative90thheightpercentileshavebeenshowntobe
related to canopy shapes (Holmgren&Persson, 2004). Since LIDARbeams
exhibit differential penetration into forest canopies, information on
canopy structure can be inferred. Hence, several distribution measure-
ments related to the canopy structureweregenerated. Relative10th, 50th,
and90thheightpercentiles and relative standarddeviationofheightwere
computed for each tree crown in both leaf-on and leaf-off datasets using
Interactive Data Language (IDL) from Research Systems, Inc.

Methodology to isolate and separate trees consists of ignoring the
laser returns positioned at the edge (Kim et al., 2009a). Hence,
variables based on x, y, and z coordinates of laser returns at the upper
crownwould be more reliable than those at the lower crown. Because
most of the upper crowns were not overlapped in this dataset, crown
parameters taken at the 90th percentile were likely robust. Trees with
conical shapes are likely to have longer crown lengths versus crown
widths as compared to trees with round shapes at the upper portion of
the crown. Three different portions of an upper crown were used:

0 500 m

Fig. 1. The locations of individual tree crowns aremarked as green dots over the orthophoto
of the Washington Park Arboretum, Seattle, WA.

Table 3
Variable definition and nomenclature. Each variable was measured for both the leaf-on
and leaf off datasets so in reality there are 32 variables in total.

Variable Symbol

(1) Mean intensity values for the entire crown using all returns entire_all
(2) Mean intensity values for the entire crown using first returns entire_1
(3) Mean intensity values for the upper crown using all returns upper_all
(4) Mean intensity values for the upper crown using first returns upper_1
(5) Mean intensity values for the crown surface using all returns surface_all
(6) Mean intensity values for the crown surface using first returns surface_1
(7) Coefficient of variation of all return intensity for the entire crown cv_all
(8) Coefficient of variation of first return intensity for the entire crown cv_1
(9) Proportion of first returns prop_1
(10) Relative 10th height percentile rel10th
(11) Relative 50th height percentile rel50th
(12) Relative 90th height percentile rel90th
(13) Relative standard deviation of height relstdev
(14) Length to width ratio at upper 10% of a crown length ratio_10%
(15) Length to width ratio at upper 25% of a crown length ratio_25%
(16) Length to width ratio at upper 33% of a crown length ratio_33%
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upper 10%, upper 25% and upper 33% of a crown length. For each
portion of an upper crown, a crown length and a crown width were
computed. First, radius was computed as the maximum horizontal
distance using x and y coordinates of laser returns from the tree center
to the farthest laser returns for each 45 degree sector. Next, crown
width was computed by averaging the computed sector radii. A crown
length was computed by measuring the distance from the z-value of
the lowest positioned laser return and the z-value of the highest
positioned laser return for each crown. Finally, the length to width
ratio at each portion of an upper crown for each individual tree was
computed. Variables 10–16 defined in Table 3 were derived from both
the leaf-on and leaf-off datasets using isolated laser returns within
each crown.

3. Computation and analysis

Mean values for each structure variable for each genus were
compared for leaf-on and leaf-off datasets, respectively. To compare
significant differences between genera that were deciduous and those
that were evergreen, Student's two sample t-test was conducted for
each variable in both LIDAR datasets. However, we anticipated that
our ability to use structural and intensity data to distinguish between
trees of different species, genera, or leaf-life traits would be complex
and require several different statistical approaches to thoroughly
evaluate. We chose the following analyses, Principal Component
(PCA), Linear discriminant (LDA), and Cluster, to further explore this.
The methodological details of each of these analyses are provided
below.

3.1. Principal component analysis

Because we dealt with sixteen variables (Table 3), eachwith a leaf-on
and leaf-off variant, the number of variables needs to be reduced in order
to simplify subsequent analysis while retaining as much information as
possible (Everitt & Dunn, 2001). For this purpose, principal component
analysis (PCA) was employed using the R package (Kaufman &
Rousseeuw, 1990). The size of the subset of original variables to be
retained was determined by the number of components (Jolliffe, 2002).
Jolliffe (2002) suggested retaining only components extracted from a
correlation matrix whose associated Eigen values were greater than 0.7.
Thevariable in the componentwith thegreatest absolute coefficient value
was chosen, provided that the variable was not already chosen to
represent a different component.

3.2. Linear discriminant analysis

A simple tree classification test for broadleaved and coniferous
genera was performed on selected variables using a linear discriminant
function. In this study, the lineardiscriminant functionwasderived from
just n-1 members of the sample and then used to classify the member
not included. The process was carried out n times, leaving out each
sample member in turn (Everitt & Dunn, 2001). The percentage of the
correctly classified rate was then calculated; (1-misclassification rate)
and is called the classification rate.

As a result of conducting a principal component analysis using
variables 10–16 in Table 3 for both the leaf-on and leaf-off datasets,
two crown length to width ratio variables were chosen based upon
the criterion in Section 3.1; variable #15 (ratio_25%), and variable #16
(ratio_33%). Whenwe conducted linear discriminant functions for the
combined leaf-on and leaf-off datasets, we used the leaf-on and leaf-
off versions of these variables, i.e. four variables in total, to test our
ability to classify broadleaved and coniferous genera based upon these
structure metrics.

3.3. Cluster analysis

For many clustering problems, one is usually interested in
characterization of the clusters by means of typical or representative
objects. In the method used in the program PAM (Partitioning Around
Medoids) (Kaufman & Rousseeuw, 1990), the representative object of a
cluster is its medoid, defined as that object of the cluster for which the
average dissimilarity (typically Manhattan distance or the distance
between two points measured along axes at right angles) between all
the objects of the cluster is minimal. Because the objective is to find k
such objects, the method is called the k-medoid. After finding a set of k
representative objects, the k clusters are constructed by assigning each
object of the dataset to the nearest representative object (Kaufman &
Rousseeuw, 1990).

One of the simplest unsupervised learning algorithms to solve the
well known clustering problem is k-means (MacQueen, 1967) which
defines k centroids, one for each cluster by computing Euclidean
distances. The advantages of using the k-medoid versus the k-means
method are that k-medoid (1) minimizes the sum of dissimilarities
instead of the sum of squared Euclidean distances and (2) is more
robust with respect to outliers. The program PAM operates using the
dissimilarity matrix of the given dataset. When it is presented with
an nxp data matrix where n indicates the number of samples and p
indicates the number of variables, this program first computes a
dissimilarity matrix. Next, it computes k representative objects or k-
medoids, which together determine a clustering. Finally, each object is
then assigned to the cluster corresponding to the nearest medoid.
That is, object i is put into cluster viwhen medoidmvi is nearer to that
object than any other medoid mw:

d i;mvið Þ≤d i;mwð Þ for all w = 1;…; k ð1Þ

The k representative objects should minimize the sum of the
dissimilarities of all objects to their nearest medoid:

Objective function = min ∑
n

i=1
d i;mvið Þ ð2Þ

The algorithm sequentially selects k centrally located objects to be
used as initial medoids. If the objective function can be reduced by
interchanging (swapping) a selected object with an unselected object,
then the swap is carried out. This is continued until the objective
function no longer decreases.

3.3.1. Validation of cluster analysis (Silhouettes)
Rousseeuw (1987) proposed a graphical display to judge the

quality of the clustering obtained and to determine the number of
clusters best representing the given datasets. Each cluster is
represented by a silhouette which is based on the comparison of its
tightness and separation. The average silhouette width provides an
evaluation of clustering validity and may be used to select an
‘appropriate’ number of clusters. To construct silhouettes, we need
the collection of all proximities between objects as follows. Take any
object i in the data set, and denote by A the cluster towhich it has been
assigned. When cluster A contains other objects apart from i, compute
a (i), which is an average dissimilarity of i from all other objects of
A. Next, consider any cluster C which is different from cluster A, and
compute d (i, C) which is an average dissimilarity of i to all objects of
cluster C. After computing d (i, C) for all clusters C≠A, select the
smallest of the d (i, C) and denote it by

b ið Þ = min
C≠A

d i;Cð Þ ð3Þ
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The cluster B for which this minimum is attained (that is, d (i, B)=b
(i)) is called the neighbor of the object. We now define:

−1≤s ið Þ = b ið Þ−a ið Þ
max a ið Þ; b ið Þf g≤1 ð4Þ

Which can be written as:

s ið Þ =
1−a ið Þ=b ið Þ; if a ið Þ < b ið Þ;
0; if a ið Þ = b ið Þ;
b ið Þ=a ið Þ−1; if b ið Þ > a ið Þ;

8<
: ð5Þ

It is clear that we have,

−1≤ s ið Þ≤ 1 ð6Þ

When s (i) is close to +1, the ‘within’ dissimilarity, a (i), is much
smaller than the smallest ‘between’ dissimilarity, b (i). In this case, i is
considered to be ‘well-clustered’. When s (i) is close to −1, then a (i)
is much larger than b (i), which implies that i lies on average much
closer to B than to A. In this case, this object, i, is considered to have
been misclassified. The average silhouette width defined as the
average of the s (i) for all objects, i, belonging to that cluster can
distinguish ‘good clusters’ with large silhouette width from ‘weak
clusters’ with small silhouette width. Rousseeuw (1987) suggested
that the appropriate k can be determined by selecting that value of k
for which the overall average silhouette width for the entire plot, s(k),
with k=2, … , n where n denotes the number of objects (for further
details see Rousseeuw, 1987). In our study, k=2, … , m, where m
denotes the number of genera, since the objective is to cluster genera
into groups.

3.4. Stepwise cluster analysis

As one of the clustering methods, hierarchical clustering techniques
proceed using either a series of successivemerges or a series of successive
divisions. Agglomerative hierarchical clustering techniques produce
partitions by a series of successive fusions of the individual objects.
With fusion methods, when an agglomerative algorithm has placed an
individual in one group, it cannot subsequently appear in another group.
Since agglomerative hierarchical techniques ultimately reduce the data to
a single cluster containing all the individuals, the chosen division should
be based on the purpose of getting the best fitting number of clusters
(Everitt & Dunn, 2001). In this study, we were more interested in
clustering trees by genera than in clustering individual trees. Hence, to
seek hierarchy among tree genera, we developed amodified approach to
the typical hierarchical clustering techniques which is detailed below.

3.4.1. Process of stepwise cluster analysis
We conducted stepwise cluster analyses for the three datasets:

leaf-on, leaf-off and combined leaf-on and leaf-off. For each dataset,
we conducted stepwise cluster analyses using selected variables
derived from intensity and structure information. Stepwise cluster
analysis requires the following three steps for each dataset:

• Step 1: Conduct principal component analysis to determine the
number of components to be used and to select corresponding
variables using the criteria outlined in Section 3.1.

• Step 2: Conduct a cluster analysis using PAM with the subset of
variables from step 1 and determine the most appropriate number
of clusters by means of maximal average silhouette width.

• Step 3: Determine if more than 80% of individual trees within each
genus are assigned to a single cluster. If so, include the remaining
individual trees of that genus in the same cluster. Otherwise, delete
the genus from the next step of the cluster analysis.

• Step 4: If the maximal overall average silhouette exceeds 0.5, the
threshold suggested by Kaufman and Rousseeuw (1990) for deciding

a reasonable structure has been achieved and then return to step 1
with the step 3's clusters. Otherwise, stop and consider step 3's
clusters as final.

The rationale for the 80% criterion in step 3 can be understood by
considering that it is possible for some individual trees of the samegenus
to fall into different clusters because species within the same genus,
especially those that are deciduous, may have differences in phenology
such that variation in the timing of flowering and leafing out may lead
them to be placed in different clusters more reflective of phenological
versus evolutionary differences. Table 2 illustrates caseswhen flowering
and foliage development were already underway in spite of the data
being collected when there should have been no leaves or flowers.
Consequently, a procedurewasneeded todetermine if a particular genus
can be considered as clustered or not. One approachwould be to require
that a certain minimum percentage of individual trees belonging to that
genus be in one cluster, in order for that genus to be considered
clustered. If theminimumrequiredpercentage is not achieved, thegenus
is considered as not clustered. After testing different percentages to
construct good clusters, of the value of 80% was selected as the criterion
for a genus to be considered clustered. If a genusmeets this criterion and
is clustered, the remaining trees of that genus are also included in that
cluster. If a certain genus fails that criterion, that is, fewer than 80% of the
individual trees of that genus were assigned to a single cluster, that
genus was excluded from the next step. Table 4 presents a subjective
interpretation of the Silhouette Coefficient (SC) as the maximal average
silhouette width for the entire data set (Kaufman & Rousseeuw, 1990).

4. Results

4.1. Analysis of structure variables

4.1.1. Height percentiles of laser returns
Mean values of the four height variables, variables 10–13 defined

in Table 3, for each genus are shown in Fig. 2 with (a) leaf-on and (b)
leaf-off datasets. Pinus showed the highest values for the three relative
height percentiles among coniferous genera in both leaf-on and leaf-
off datasets while Pseudotsuga showed the lowest values.

The results of the two-sample t-tests for deciduous and coniferous
genera for each variable are shown in Table 5. For leaf-off data, the
two leaf-trait groupings of genera (deciduous versus evergreen) did
not show significant differences for any of the height variables
(pN0.05) while for leaf-on data, these were significant differences for
the three height percentiles (pb0.01).

For the analysis of height metrics, all three relative height
percentiles in the leaf-on dataset, variables 10–12 in Table 3, showed
significant differences at a pb0.01 level using Student's t-test while
none of the height percentiles in leaf-off dataset showed significant
differences between deciduous and coniferous genera. This result
implies that the leaf-on dataset discriminates deciduous from
evergreen genera better than the leaf-off dataset in terms of height
metrics. This result was counter-intuitive and will be discussed later.

4.1.2. Length to width ratios within upper portions of a crown
The results for length to width ratios for the upper portions of a

crown, variables 14–16 in Table 3, are shown in Fig. 3 with (a) leaf-on

Table 4
Subjective interpretation of the Silhouette Coefficient (SC), defined as the maximal
average silhouette width for the entire dataset (Kaufman & Rousseeuw, 1990).

SC Proposed interpretation

0.71–1.00 A strong structure has been found
0.51–0.70 A reasonable structure has been found
0.26–0.50 The structure is weak and could be artificial;

try additional methods on this dataset
≤0.25 No substantial structure has been found
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and (b) leaf-off datasets. For the leaf-on dataset, all coniferous genera
had greater ratios (i.e., their crownswere long relative towidth ormore
conical) than all deciduous genera for all three height percentiles.
However, in the leaf-off dataset, not all of the coniferous genera showed
greater crown length/width ratios than all of the broadleaved genera.
For example, Betula showed greater crown length/width ratios
than Pinus and Tsuga for all three height percentiles. Also, Magnolia
showedgreater crown length/width ratios thanPinus for all three height

percentiles. It is likely that Magnolia had comparatively high length to
width ratio values because individual trees in the Magnolia genus had
very different leaf phenologies in leaf-off datasets. For example, M.
grandiflora is evergreen whereas other magnolia species are deciduous
and the deciduousMagnolia species were in different stages of leaf and
flower emergence ranging from almost complete flower emergence to
noflowers or leaves.Pinus showed the lowest crown length/width ratios
among coniferous genera in both leaf-on and leaf-off datasets. Amongst
the coniferous genera, Pinus has least conical shapes partly as a result of
many of the study specimens having reached maximum heights and,
therefore, the tendency for the crown to become wider over time. In
both datasets, broadleaved and coniferous genera showed significant
differences based upon t-test (p b0.001) with higher mean crown
length/width ratios for coniferous genera (See Table 5).

4.1.3. Classification of broadleaved and coniferous genera from structure
variables

The results of classification percentages using linear discriminant
functions for deciduous and evergreen genera showed that the leaf-on
dataset had greater correct classification (74.9%) than the leaf-off
dataset (50.2%). When combining two LIDAR datasets, correct
classification was 74.0%, slightly less than achieved with the leaf-on
dataset alone. The leaf-on dataset was much more effective than the

(a) Leaf-on

(b) Leaf-off

Fig. 2. Mean values for four height variables by genus in (a) leaf-on and (b) leaf-off
datasets (rel10th, rel50th and rel90th—relative 10th, 50th, and 90th height percentile;
relstdev—relative standard deviations of heights).

Table 5
The p-values using Student's t-test for structure variables for broadleaved and
coniferous genera with the leaf-on and leaf-off datasets.

Structural
variable

Variables P values (using
Student's t-test)

Leaf-on Leaf-off

Height Relative 10th height percentile 0.006 0.337
Relative 50th height percentile 0.001 0.159
Relative 90th height percentile 0.001 0.285
Relative standard deviation of height 0.483 0.373

Crown shape Length to width ratio at upper 10% of a
crown length

b0.001 b0.001

Length to width ratio at upper 50% of a
crown length

b0.001 b0.001

Length to width ratio at upper 90% of a
crown length

b0.001 b0.001

(a) Leaf-on data

(b) Leaf-off data

Fig. 3. Length towidth ratio by genus at the upper 10%, 25% and33% of crown length in (a)
leaf-on and (b) leaf-off datasets. The greater thenumber or ratio, themore conical the tree.
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leaf-off dataset and slightly better than the combined dataset in
classifying individual trees into the correct genus.

4.2. Stepwise cluster analysis using both leaf-on and leaf-off datasets

Principal component analysis (Step 1 in Section 3.4.1) was
conducted using all intensity and structure variables for 223
individual trees (see Table 3 for definitions of the variables). Variables
2, 10, 13, 14, 15, and 16 for the leaf-on dataset and variables 3, 7, 10,
12, and 13 for the leaf-off dataset were chosen using the criteria in
Section 3.1 for the next step in classification. After testing different
numbers of clusters with the subset of variables from Step 1, two
clusters (maximal average silhouette width=0.615) were chosen.

Table 6a presents the number and percentage of trees assigned to
each cluster. All individual Acer, Ulmus and Quercus trees were
assigned to cluster 1 while all individual Pseudotsuga, Pinus, Picea and
Tsuga trees were assigned to cluster 2. For the most part, clustering by
deciduous and evergreen genera made sense— some of the deciduous
genera (e.g., Betula, Larix, Sorbus) were already partially leafed-out
and one of the Magnolia was evergreen, which was correctly placed
into a leaf-on group. Using the Step 3 80% criterion, the small
percentages of Betula and Sorbus trees were redistributed to cluster 1
whereas Thuja and Sequoia were redistributed to cluster 2. Large
percentages ofMagnolia, Prunus and Larix trees were assigned to both
clusters; trees of these genera were not considered clustered and

were dropped. Table 6b presents the final clustering from this first
pass through the stepwise cluster analysis. Cluster 1 is composed of
broadleaved genera which had no foliage at the time of leaf-off data
acquisition; Acer, Betula, Quercus, Sorbus and Ulmus. Cluster 2 is
composed of five evergreen conifers, Pseudotsuga, Picea, Pinus,
Sequoia, Thuja, and Tsuga, and one deciduous broadleaf, Malus.

The stepwise cluster analysis process was repeated to identify
possible clusters within the Table 6b clusters; these new clusters, if
any, will be referred to as sub-clusters.

4.2.1. Sub-clustering result for Table 6b cluster 1
As a result of the Step 1 in PCA, eight variables were selected using

the criteria described in Section 3. These variables (see Table 3 for
definitions of variables) are 10, 11, 13, 15, 16 for the leaf-on dataset
and variables 2, 7, 12 for the leaf-off dataset. The maximal average
silhouette width was 0.45 indicating that this cluster analysis did not
produce a good sub-cluster structure.

4.2.2. Sub-clustering result for Table 6b cluster 2
As a result of the Step 1 in PCA, variables (see Table 3 for

definitions of variables) 7, 10, 13, and 14 from the leaf-on dataset and
variables 3, 7, 10, and 16 from the leaf-off dataset were selected using
the criteria described in Section 3.1. The average silhouette width was
0.56 with four sub-clusters and 0.55 with two sub-clusters. Since the
difference between silhouette widths was not significant, the

Table 6a
Initial cluster analysis using combined leaf-on and leaf-off datasets indicating the number of trees and the percentage (%) assigned to each cluster as well as the total number of trees
and the percentage (%) for each species.

Genus Cluster 1 Cluster 2 Total

Species Number of trees (%) Species Number of trees Number of trees (%)

Betula B. alleghaniensis 18 (90) B. nigraa 2 (10) 20 (100)
B. nigra
B. platyphylla
B. utilis

Acer A. macrophyllum 11 (100) 0 (0) 11 (100)
Ulmus U. americana 10 (100) 0 (0) 10 (100)
Magnolia M. dawsoniana

M. denudata
M. acuminata

11 (58) M. grandiflorab 8 (42) 19 (100)
M. fraseri

Malus M. coronariaa 2 (20) M. domestica
M. florentina
M. fusca

8 (80) 10 (100)

Prunus P. serotina
P. domesticaa

5 (45) P. incise
P. sargentii

6 (55) 11 (100)

Quercus Q. garryana
Q. arizonica
Q. bicolor
Q. alba
Q. rubra

19 (100) 0 (0) 19 (100)

Sorbus S. americana
S. anglica
S. commixta

10 (91) S. hybrida 1 (9) 11 (100)

Thuja T. plicata 2 (11) T. plicata 17 (89) 19 (100)
Pseudotsuga 0 (0) P. menziesii 12 (100) 12 (100)
Larix L. deciduas

L. gmelinii
10 (48) L. kaempferia

L. laricinaa

L. occidentalisa

11 (52) 21 (100)

Pinus 0 (0) P. monticola
P. armandii
P. densiflora
P. strobus
P. ponderosa

21 (100) 21 (100)

Sequoia S. sempervirens 2 (20) S. sempervirens 8 (80) 10 (100)
Picea 0 (0) P. abies

P. engelmanni
P. koyamai
P. montigena

15 (100) 15 (100)

Tsuga 0 (0) T. heterophylla 14 (100) 14 (100)

a Bud-break already occurred.
b Evergreen broadleaf.
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assignment of individual trees to two versus four sub-clusters was
compared. With two sub-clusters, all individual trees have silhouette
width, s (i), greater than zero while three individual trees had s (i) less
than zero with four sub-clusters. Hence, two sub-clusters are
suggested to be the most natural number of sub-clusters.

Table 7a presents the results using two sub-clusters within the
Table 6b cluster 2. All individual trees within Tsuga were assigned to
sub-cluster 2–1. The majority of Malus (80%), Thuja (84%) and Pinus
trees (81%) were assigned to sub-cluster 2–2 while the majority of
Sequoia (80%) and Picea (80%)were assigned to sub-cluster 1. Half of the

Pseudotsuga treeswere assigned to eachsub-cluster so this species failed
the 80% rule andwas dropped as not clustered. Table 7b shows the final
sub-clusters; sub-cluster 2–1 is composed of Picea, Sequoia and Tsuga
while sub-cluster 2–2 is composed of Malus, Pinus and Thuja.

4.2.3. Sub-clustering result for Table 7b sub-clusters 2–1 and 2–2
The stepwise cluster analysis process was repeated to identify

possible clusters within the Table 7b sub-clusters; these new sub-
clusters, if any, will be referred to as sub-sub-clusters. For the cluster
analysis using sub-cluster 2–1, variables 3, 8, and 10 from the leaf-on
dataset and variables 2, 11, and 15 from the leaf-off dataset were

Table 6b
Final cluster analysis using combined leaf-on and leaf-off datasets after applying the 80% rule.

Genus Cluster 1 Cluster 2 Total

Species Number of trees (%) Species Number of trees Number of trees (%)

Betula B. alleghaniensis 20 (100) 20 (100)
B. nigra
B. platyphylla
B. utilis
B. nigraa

Acer A. macrophyllum 11 (100) 11 (100)
Ulmus U. americana 10 (100) 10 (100)
Malus M. domestica

M. florentina
M. fusca
M. coronariaa

10 (100) 10 (100)

Quercus Q. garryana
Q. arizonica
Q. bicolor
Q. alba
Q. rubra

19 (100) 19 (100)

Sorbus S. americana
S. anglica
S. commixta
S. hybrida

11 (100) 11 (100)

Thuja T. plicata 19 (100) 19 (100)
Pseudotsuga P. menziesii 12 (100) 12 (100)
Pinus P. monticola

P. armandii
P. densiflora
P. strobes
P. ponderosa

21 (100) 21 (100)

Sequoia S. sempervirens 10 (100) 10 (100)
Picea P. abies

P. engelmanni
P. koyamai
P. montigena

15 (100) 15 (100)

Tsuga T. heterophylla 14 (100) 14 (100)

a Bud-break already occurred.

Table 7a
Initial cluster analysis of Table 6b cluster 2 using combined leaf-on and leaf-off datasets
indicating the number of trees and the percentage (%) assigned to each sub-cluster as
well as the total number of trees and the percentage (%) for each species.

Cluster 2 Sub-cluster 2–1 Sub-cluster 2–2 Total

Genus Species Number of
trees (%)

Species Number
of trees

Number of
trees (%)

Malus M. coronariaa 2 (20) M. domestica
M. florentina
M. fusca

8 (80) 10 (100)

Thuja T. plicata 3 (16) T. plicata 16 (84) 19 (100)
Pseudotsuga P. menziesii 6 (50) P. menziesii 6 (50) 12 (100)
Pinus P. ponderosa 4 (19) P. monticola 17 (81) 21 (100)

P. armandii
P. densiflora
P. strobus

Sequoia S. sempervirens 8 (80) S. sempervirens 2 (20) 10 (100)
Picea P. abies

P.engelmanni
P. montigena

12 (80) P. koyamai 3 (20) 15 (100)

Tsuga T. heterophylla 14 (100) 0 (0) 14 (100)

a Bud-break already occurred.

Table 7b
Final cluster analysis of Table 6b Cluster 2 after applying the 80% rule.

Cluster 2 Sub-cluster 2–1 Sub-cluster 2–2 Total

Genus Species Number of
trees (%)

Species Number
of trees

Number of
trees (%)

Malus M. domestica
M. florentina
M. fusca

10 (100) 10 (100)

M. coronariaa

Thuja T. plicata 19 (100) 19 (100)
Pinus P. ponderosa 4 (19) P. monticola

P. armandii
17 (81) 21 (100)

P. densiflora
P. strobus

Sequoia S. sempervirens 10 (100) 10 (100)
Picea P. abies

P.engelmanni
P. montigena

15 (100) 15 (100)

P. koyamai
Tsuga T. heterophylla 14 (100) 14 (100)

a Bud-break already occurred.
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selected using the criteria described in Section 3.1. Three clusters
were indicated with the maximal average silhouette width, 0.61.
Table 8 presents the result of cluster analysis using three sub-sub-
clusters within sub-cluster 2–1. Fewer than 80% of individual trees of
any of the genera within sub-cluster 2–1 were assigned to any of the
three sub-sub-clusters. Hence, the genera in sub-cluster 2–1 could not
be further clustered.

For the cluster analysis using sub-cluster 2–2, variables 2, 10, 16 from
the leaf-on dataset and variables 1, 4, 14 from the leaf-off dataset were
selected because each of these variables had the greatest absolute
coefficient value in the component whose associated Eigen value was
greater than 0.7. Twoclusterswere suggestedwith themaximal average
silhouette width, 0.57. Table 9 presents the result of cluster analysis
using two sub-sub-clusters within sub-cluster 2–2. Individual trees
assigned to a single group were less than 80% for all genera within sub-
cluster 2–2; therefore, these genera could not be further clustered.

4.2.4. Venn diagram of stepwise cluster analysis using both leaf-on and
leaf-off dataset

Fig. 4 summarizes the overall stepwise cluster analysis usingboth leaf-
on and leaf-off datasets using Venn diagrams. The overlapping area of
the Cluster 1 and Cluster 2 comprises Magnolia, Prunus and Larix. The
exclusive set of Cluster 1 comprises deciduous broadleaved genera; Acer,
Betula,Quercus, Sorbus andUlmus. The exclusive set of Cluster 2 comprises
Malus, Picea, Pseudotsuga, Pinus, Sequoia, Thuja, and Tsuga.

The genera in Cluster 2 were further divided into two sub-clusters
(Cluster 2–1 and Cluster 2–2).Malus, Thuja and Pinus compose Cluster
2–1 and Sequoia, Picea and Tsuga compose Cluster 2–2. There was no
overlap of the Venn diagrams of Cluster 2–1 and Cluster 2–2. The
overlapping area of the Cluster 1 and Cluster 2 comprises Pseudotsuga.
The silhouette width was greater than 0.5 at every step in each Venn
diagram, which suggests that the separations between clusters are
acceptable as indicated.

4.3. Stepwise cluster analysis using leaf-on data

As a result of PCA using all variables from the leaf-on dataset,
variables 3, 7 and variables 10, 13, 14, 15, and 16 were selected using
the criteria described in Section 3.1. As a result of PAM, the maximal

average silhouette width was 0.46 (b0.5). Hence, natural clustering
was not suggested with only leaf-on variables.

4.4. Stepwise cluster analysis using leaf-off data

As a result of PCA using all variables from the leaf-off dataset,
variables 10, 11, 13, 14, and 16 in Table 3were selectedusing the criteria
described in Section 3.1. Two clusters were suggested as the most
natural clustering with an average silhouette width, 0.62. Table 10a
presents the result of cluster analysis using two clusters. These clusters
are similar to those in Table 6a which used both leaf-on and leaf-off
datasets. Except for Magnolia and Prunus, which failed the 80% rule, all
generaweremore clearly clustered into either cluster 1-off or cluster 2-
off than were the Table 6a clustering results using both datasets. For
example, all individual Betula and Sequoia treeswere assigned to cluster
1-off and cluster 2-off, respectively while clustering result using both
datasets showed some individual trees within these genera in different

Table 8
Cluster analysis of Table 7b sub-cluster 2–1 using three sub-sub-clusters indicating the number of trees and the percentage (%) assigned to each sub-sub-cluster as well as the total
number of trees and the percentage (%) for each species.

Sub-cluster 2–1 Sub-cluster 2–1–1 Sub-cluster 2–1–2 Sub-cluster 2–1–3 Total

Species # trees (%) # trees (%) # trees (%) # trees (%)

Sequoia S. sempervirens 5 (50) S. sempervirens 3 (30) S. sempervirens 2 (20) 10 (100)
Picea P. abies

P. engelmannii
8 (53) P. montigena

P. koyamai
6 (40) P. koyamai 1 (7) 15 (100)

Tsuga T. heterophylla 11 (79) T. heterophylla 3 (21) 0 (0) 14 (100)

Table 9
Cluster analysis of Table 7b sub-cluster 2–2 using two sub-sub-clusters indicating the
number of trees and the percentage (%) assigned to each sub-sub-cluster with the total
number of trees and the percentage (%) for each species.

Sub-cluster
2–2

Sub-sub-cluster 2–2–1 Sub-sub-cluster 2–2–2 Total

Genus Species Number of
trees (%)

Species Number of
trees (%)

Number of
trees (%)

Malus M. domestica
M. fusca

6 (60) M. coronaria M.
florentina

4 (40) 10 (100)

Thuja T. plicata 12 (63) T. plicata 7 (37) 19 (100)
Pinus P. armandii 15 (71) P. ponderosa 6 (29) 21 (100)

P. densiflora P. monticola
P. strobus

Cluster 1 Cluster 2

Thuja
Pseudotsuga
Larix
Pinus
Picea
Sequoia
Tsuga

Betula
Acer
Ulmus
Malus
Magnolia
Prunus
Quercus

Silhouette width : 0.55

Malus
Thuja
Pinus

Betula
Acer
Ulmus
Quercus
Sorbus

Malus
Thuja
Pseudotsuga
Pinus
Picea
Sequoia
Tsuga

Magnolia
Prunus
Larix

Silhouette width : 0.62

Cluster 2-1 Cluster 2-2

Sequoia
Picea
Tsuga

Pseudotsuga

Fig. 4. Venn diagram of the stepwise cluster analysis using combined leaf-on and leaf-
off datasets.
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sub-clusters (see Table 6a). The majority of individual Larix trees were
assigned to cluster 1-off (86%)which is alsodifferent from the clustering
result using both datasetswhere Larix failed the 80% criterion. Table 10b
presents the final clustering using only the leaf-off dataset. Cluster 1 is
composed of genera which had no or little foliage at the time of data
acquisition in March; Acer, Betula, Larix, Quercus, Sorbus and Ulmus.
Cluster 2 is composed of six evergreen coniferous genera, Pseudotsuga,
Picea, Pinus, Sequoia, Thuja and Tsuga and one deciduous broadleaved
genus, Malus.

4.4.1. Sub-clustering result with cluster 1-off
As a result of PCA, variables 11, 12, 14, and 16 were selected using

the criteria described in Section 3.1. The maximal average silhouette
width was 0.36 (b0.5). Hence, natural clustering is not suggested.

4.4.2. Clustering result with cluster 2-off
As a result of PCA, variables 10, 13, 14, and 15 were selected using

the criteria described in Section 3.1. The maximal average silhouette
width was 0.31 (b0.5). Hence, natural clustering is not suggested.

4.4.3. Venn diagram of the stepwise cluster analysis using leaf-off dataset
Fig. 5 summarizes the overall stepwise cluster analysis using leaf-

off dataset using Venn diagrams. The cluster analysis did not continue

after the first clustering. The exclusive set of cluster 1-off comprises
one deciduous coniferous genus, Larix, and five deciduous broad-
leaved genera, Acer, Betula, Quercus, Sorbus and Ulmus. The exclusive
set of cluster 2-off comprises all evergreen coniferous genera and one
broadleaved genus, Malus.

5. Discussion

5.1. Analysis of structure variables

We examined the classification rate (i.e., separating deciduous and
evergreen individual trees) using structural variables derived from two
separate LIDAR flights, one when leaves were on trees and the other
when leaves were not. Discriminant analysis showed that the leaf-on
dataset had a higher classification rate (74.9%) than the leaf-off dataset
(50.2%). Interestingly,when combining structure variables from the two
LIDAR datasets, the classification rate was 74.0%, which was slightly
lower than that of the single leaf-on dataset (74.9%). In contrast to the
results presented here for structural variables, Kim et al. (2009a)
showed for the intensity data, derived from the same LIDAR flights, that
the leaf-off dataset had a higher classification rate (83.4%) than that of
leaf-on dataset (73.1%) for deciduous and evergreen genera using a
linear discriminant function. They also found that when combining two

Table 10a
Initial cluster analysis using leaf-off (off) data indicating the number of trees and the percentage (%) assigned to each cluster with the total number of trees and the percentage (%) for
each species.

Genus Cluster 1-off Cluster 2-off Total

Species Number of trees (%) Species Number of trees Number of trees (%)

Betula B. alleghaniensis
B. platyphylla
B. utilis

20 (100) 0 (0) 20 (100)

B. nigraa

Acer A. macrophyllum 11 (100) 0 (0) 11 (100)
Ulmus U. americana 10 (100) 0 (0) 10 (100)
Magnolia M. dawsoniana

M. denudata
M. acuminata

11 (58) M. grandiflorab

M. fraseri
8 (42) 19 (100)

Malus 0 (0) M. coronariaa 10 (100) 10 (100)
M. domestica
M. florentina
M. fusca

Prunus P. serotina 4 (36) P. incisa
P. sargentii

7 (64) 11 (100)

P. domesticaa

Quercus Q. garryana 19 (100) 0 (0) 19 (100)
Q. arizonica
Q. bicolor
Q. alba
Q. Rubra

Sorbus S. americana 10 (91) S. hybrida 1 (9) 11 (100)
S. anglica
S. commixta

Thuja T. plicata 3 (16) T. plicata 16 (84) 19 (100)
Pseudotsuga 0 (0) P. menziesii 12 (100) 12 (100)
Larix L. deciduas 18 (86) L. occidentalisa 3 (14) 21 (100)

L. gmelinii
L. kaempferia

L. laricinaa

Pinus 0 (0) P. monticola
P. armandii
P. densiflora
P. strobus
P. ponderosa

21 (100) 21 (100)

Sequoia S. sempervirens 0 (0) S. sempervirens 10 (100) 10 (100)
Picea 0 (0) P. abies

P. engelmanni
P. koyamai
P. montigena

15 (100) 15 (100)

Tsuga 0 (0) T. heterophylla 14 (100) 14 (100)

a Bud-break already occurred.
b Evergreen broadleaf.
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LIDAR datasets, the classification rate improved to 90.6%. Hence, the
results in the current study using structural variables implied that the
leaf-on dataset was a more promising tool than the leaf-off dataset in
terms of separating deciduous and evergreen genera.

These results from either structural or intensity LIDAR datasets
demonstrated a degree of robustness in separatinggenera or individuals
into deciduous or evergreen groups; however, the classifications were
not perfect. A number of reasons exist for this including (1) that the two
datasets were collected with different laser scanning systems with
differences in the scanner used, the height of theflight, and the intensity
of data points collected and (2) that there were leaves (and flowers)
forming on some of the deciduous trees during the leaf-off collection
period.

5.2. Stepwise cluster analysis

The stepwise cluster analysis of the leaf-on, leaf-off, and combined
datasets showed different results. This implies that genera might be
grouped differently depending on the timing of the data collection.
The Venn diagrams generated by the unsupervised stepwise cluster
analysis using variables derived from the leaf-off and combined leaf-
on and leaf-off datasets demonstrated reasonable relationships
between groups of genera at each step, implying that the derived
variables described foliar characteristics of species appropriately. For
example, at the first step of stepwise cluster analysis, most deciduous
genera were separated from evergreen genera although some
individual trees did not cluster with the other trees in the same
genus. Since most of the deciduous genera were angiosperms and

most of the evergreen genera were gymnosperms, one might also
state that separate of genera fell into broad evolutionary differences.

Individual trees of the following four genera, Acer, Pseudotsuga,
Tsuga, and Ulmus,were all grouped into the same clusters as a result of
the first cluster analysis (see Table 6a and Table 10a). Also, individual
trees of the following three genera, Quercus, Picea and Pinus, were all
grouped into the same clusters, respectively. For these cases,
individual trees within a particular genus are more similar to each
other than to those in other genera.

When splitting genera into different clusters, we applied a
criterion requiring that a certain minimum percentage (80%) of
individual trees within one genus must be in one cluster. Because
species within the same genus, especially those that are deciduous,
may have differences in the timing of leafing and flowering
phenology, the relatively late March leaf-off LIDAR acquisition flight,
unfortunately captured this variation, thus producing confusing
classifications that would not occur before bud break when these
trees would have been truly deciduous. The results from cluster
analysis demonstrated that species in one genera were often grouped
with species of another genera and in cases where there was only one
species in a given genera, these species were either not placed in
separate clusters (i.e., genera) or were sometimes placed with trees
with very different morphological traits in different genera (see Table
6a and Table 10a). It is clear that the morphological and intensity
variables analyzed and chosen from the two LIDAR acquisitions were
not adequate to consistently separate genera. The results from cluster
analysis implies that the potential for differentiation of these species
is generally low and only broad differentiation is possible (mostly

Table 10b
Final cluster analysis using leaf-off (off) after applying the 80% rule.

Genus Cluster 1-off Cluster 2-off Total

Species Number of trees (%) Species Number of trees Number of trees (%)

Betula B. alleghaniensis
B. platyphylla
B. utilis

20 (100) 20 (100)

B. nigraa

Acer A. macrophyllum 11 (100) 11 (100)
Ulmus U. americana 10 (100) 10 (100)
Malus M. coronariaa 10 (100) 10 (100)

M. domestica
M. florentina
M. fusca

Quercus Q. garryana 19 (100) 19 (100)
Q. arizonica
Q. bicolor
Q. alba
Q. Rubra

Sorbus S. americana 11 (100) 11 (100)
S. anglica
S. commixta
S. hybrida

Thuja T. plicata 19 (100) 19 (100)
Pseudotsuga P. menziesii 12 (100) 12 (100)
Larix L. deciduas 21 (100) 21 (100)

L. gmelinii
L. kaempferia

L. laricinaa

L. occidentalisa

Pinus P. monticola
P. armandii
P. densiflora
P. strobus
P. ponderosa

21 (100) 21 (100)

Sequoia S. sempervirens S. sempervirens 10 (100) 10 (100)
Picea P. abies

P. engelmanni
P. koyamai
P. montigena

15 (100) 15 (100)

Tsuga T. heterophylla 14 (100) 14 (100)

a Bud-break already occurred.

3340 S. Kim et al. / Remote Sensing of Environment 115 (2011) 3329–3342



Author's personal copy

between deciduous and evergreen species, with some potential to
differentiate between two major classes of coniferous species), and it
is best donewith a combined, and thus complex, datasets (leaf-on and
leaf-off datasets).

In most of the cluster analyses in this study, we obtained two
clusters according to the methodology described by Kaufman and
Rousseeuw (1990), which implies that two clusters are probably the
most natural number of clusters when dealing with multiple genera.
Since we chose genera having either deciduous or evergreen leaf
traits, our classification was unable to extend beyond this.

When we conducted cluster analysis from a combined leaf-on and
leaf-off datasets using cluster 2 (see Fig. 4), which comprised six
coniferous genera and Malus, the combination of leaf reflectance and
density of the leaves was probably one of the factors affecting the
clustering (See Tables 7a and 7b). For example, Picea, Sequoia and Tsuga
which have single needles, were separated fromMalus, Pinus and Thuja,
which do not have single needles. Kim et al. (2009a) found that mean
intensity values between Picea, Sequoia and Tsuga were similar to each
other and higher than those of Pinus and Thuja. The similar intensity
values among the former three genera and among the latter two genera
probably affected the separation of these two groups. The reason why
Maluswas clustered with the latter two genera was not investigated in
this study but may be due to the stage of bud break, flowering, and new
foliage development of different individuals of Malus at the time when
the leaf-off data set was acquired.

Because the difference between mean intensity values between
genera was very significant in leaf-off data compared with other

variables (Kim et al, 2009a), clustering results might be mostly affected
by mean intensity variables. This finding was also consistent with the
result of the principal component analysis. That is, thesemean intensity
variables from the leaf-off datasetwere always selected as a result of the
principal component analysis because they had the greatest absolute
coefficient values on the first fewprincipal componentswhichwould be
critical at the following cluster analyses. That is probably the reasonwhy
the stepwise cluster analysis using only leaf-off variables was similar to
the result using both leaf-on and leaf-off variables. Cluster analysis using
only leaf-on data was not successful probably due to the seasonal issue
and because both datasets were acquired from different laser scanner
systemswith differentflight parameters; the leaf-on datawere acquired
with lower point density, fewer returns per pulse, and lower scan pulse
repetition frequency than the leaf-off data. LIDAR returns of leaf-on data
merely represent the outer hull of the crowns, which is only particularly
representative of tree species, whereas the inner structure as sampled
by leaf-off data is more representative.

Usually, forest species classification is studied in forest stands
where canopy overlap is greater than for our Arboretum trees which
were mostly isolated individuals. Because we used the tree crown
isolation method, which was especially useful in open-grown canopy,
the clustering results may be different if we chose tree samples from a
dense stands where overlap is common. It should be noted that the
structural variables would likely be different in a close-canopy forest,
because the branching structure and canopy dimensions would
potentially be quite different.

6. Conclusions

Overall, our results show that LIDAR datasets can be used to cluster
tree genera between deciduous and evergreen genera using unsuper-
vised cluster analysis, and to further cluster with the evergreen
coniferous genera groups. Differentmean values for structural variables
betweengenerawere related not only to physical properties such as leaf
structure and crown shape, but may also have been affected by system
differences between the leaf-off and leaf-on LIDAR acquisitions. The two
different seasonal LIDAR datasets resulted in different relative mean
values for structure analysis among genera with better separation using
leaf-on data than leaf-off data, albeit with two different LIDAR sensors
with different settings. With the acquisition of different LIDAR datasets
using the same LIDAR systems with the same conditions to control for
system effects, we may produce more reliable clustering results with
better differentiation between tree genera.

The stepwise cluster analysis used in this study introduces one
approach to classifying tree genera based on their structural and
spectral characteristics. When combining leaf-on and leaf-off LIDAR
datasets, the cluster analysis was able to separate non-deciduous
genera beyond the simple separation between deciduous and
evergreen genera. Our results indicate that the importance of
matching the timing of LIDAR data acquisition to phenologically
distinct periods in order for tree genera separation. In addition, our
results implied that combined LIDAR datasets wasmore powerful that
either the leaf-on or the leaf-off dataset. Finally, our results suggested
that using relatively open trees greatly aided our ability to derive
distinct morphological and intensity variables. Similarly positive
results from dense forest stands are likely more difficult to realize.
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