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Measuring individual trees can provide valuable information about forests, and

airborne light detection and ranging (LiDAR) sensors have been used recently to

identify individual trees and measure structural tree parameters. Past results,

however, have been mixed because of reliance on interpolated (image) versions

of the LiDAR measurements and search methods that do not adapt to variations in

canopies. In this work, an adaptive clustering method is developed using airborne

LiDAR data acquired over two distinctly different managed pine forests in North-

Central Florida, USA. A crucial issue in isolating individual trees is determining

the appropriate size of the moving window (search radius) when locating seed

points. The proposed approach works directly on the three-dimensional (3D)

‘cloud’ of LiDAR points and adapts to irregular canopies sizes. The region grow-

ing step yields collectively exhaustive sets in an initial segmentation of tree cano-

pies. An agglomerative clustering step is then used to merge clusters that represent

parts of whole canopies using locally varying height distribution. The overall tree

detection accuracy achieved is 95.1% with no significant bias. The tree detection

enables subsequent estimation of tree height and vertical crown length to an

accuracy better than 0.8 and 1.5 m, respectively.

1. Introduction

Forests are important ecosystems because they strongly modulate stores and fluxes of
water and carbon near the Earth’s surface. Natural and managed forests also com-

prise an important renewable resource for the timber and paper industries. Several

tree characteristics, such as stem number, density, stem volume, tree height and

canopy architecture, are of interest to forest resource managers. These parameters

are used to estimate forest yield, describe structural characteristics for wildlife habitat,

model future growth and yield, and evaluate the effectiveness of past (and need for

future) silvicultural activities. Traditionally, most of these parameters have been

measured using direct (in situ) field methods. However, traditional ground-based
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forest inventories are expensive and time-consuming and, as a result, are often limited

to relatively small sample areas within the landscape of interest.

Efforts have been made to extract information about forests more efficiently using

remote sensing methods. The majority of this work to date has used multispectral or

microwave (radar) methods. Visual interpretation from high-resolution aerial images
(Brandtberg and Walter 1998, Gong et al. 2002) is often time-consuming and sub-

jective because the two-dimensional (2D) representation does not possess direct

information from below the top canopy layer. Radar methods have the ability to

partially penetrate forest canopies and thus can provide some direct information

about canopy density and structure (Hyyppä et al. 1997, 2000). However, radar-

based approaches are typically limited to spatial resolutions at the few metre scale

(airborne) or few tens of metres scale (spaceborne), which is too coarse to segment

individual trees robustly, making it problematic to estimate tree-based parameters
from such data.

Scanning laser ranging technology is well suited for measuring point-to-point dis-

tances because of its ability to generate small beam divergences. As a result, many of the

laser pulses emitted from airborne light detection and ranging (LiDAR) systems are

able to reach the ground underneath the trees through small (10 cm scale) gaps in the

canopy. Using high pulse rate lasers and fast optical scanners, airborne LiDAR systems

can provide both high spatial resolution and canopy penetration, and these data have

become more widely available in recent years for use in environmental and forestry
applications (Roth et al. 2007b, Slatton et al. 2007). Airborne LiDAR sensors directly

measure the vertical distribution of the vegetative material above the soil surface and

can also be used to provide 3D characterizations of structure. The small-footprint,

discrete-return Airborne Laser Swath Mapping (ALSM) system at the University of

Florida (UF) is used to acquire elevation measurements with submetre horizontal

spacing (15–20 cm location accuracy) and 5–10 cm vertical accuracy over two managed

pine forests in North-Central Florida, USA.

Locating and delineating individual tree crowns can enable improved estimates of
the height, density and species of trees; crown area and volume; canopy closure; gap

fraction; and biomass (Gougeon and Leckie 2003, Reutebuch et al. 2005). For the

detection of single trees from LiDAR data, most previous work has focused on

segmentation of rasterized or interpolated tree canopy models (i.e. 2D digital images

that describe the outer contour of the tree crowns) using standard image processing

methods (Hyyppä et al. 2001, Persson et al. 2002, Holmgren and Persson 2004, Chen

et al. 2006, Koch et al. 2006). As airborne LiDAR data are acquired as a discrete set of

point locations, a so-called ‘point cloud’, direct processing on the original LiDAR
point data rather than rasterized images is also possible, as reported (Andersen et al.

2002, Pyysalo and Hyyppä 2002, Morsdorf et al. 2003, Wack et al. 2003). Raster

formats can be useful for interpolating across voids in the point cloud, particularly

when the spatial density of the LiDAR points is not high. However, with the increased

spatial density of modern LiDAR data sets, working directly on the point data offers

the possibility of estimating characteristics of crown shape and structure from the

segmented laser points in three dimensions. When this is done, the LiDAR measure-

ments can be aggregated in a manner that adapts to local 3D (tree-based) geometry
rather than in a fixed Cartesian framework. This approach readily accommodates

irregular (non-smooth) canopy contours.

By starting with a digital tree height model (DTHM) as the difference between the

digital surface model (DSM) and the digital terrain model (DTM), Pyysalo and Hyyppä
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(2002) developed a vector polygon model on point clouds to describe canopies and

extract tree features, Morsdorf et al. (2003) defined the tree locations using the DSM

and used k-means clustering in the point data to delineate tree crowns, and Wack et al.

(2003) defined a cone for the tree top by creating a sorted list of points based on a simple

geometry model. In one of the very few attempts to use Bayesian methods on the point
data, Andersen et al. (2002) proposed a Bayesian object recognition approach to fit

ellipsoid crown models to the LiDAR point data. Our approach, however, is to develop

an adaptive region growing method that allows us to associate each point with a given

tree while avoiding a rigid parametric description of the crown structure. The Bayesian

approach allows us to determine the optimal stopping criterion for the point clustering

process that minimizes the segmentation error.

There is strong interest in the integration of laser scanning and aerial imagery

because laser data provide accurate height information and 3D crown shape (at
high point densities), whereas optical imagery provides better planform geometry

and colour (spectral) information (Hyyppä et al. 2004). Leckie et al. (2003), Popescu

et al. (2003 2004) and Popescu and Wynne (2004) used laser scanning and aerial

imagery data on the problem of single tree isolation. However, our focus here was to

develop an improved method to segment trees based solely on LiDAR measurements,

with the understanding that the proposed method could subsequently be used in

conjunction with imagery to further improve segmentation.

The most common approach to segmenting trees in LiDAR data is to use a region
growing algorithm instantiated with ‘seed points’ on each tree. Finding the seeds (i.e.

treetops) is a crucial step in the process of detecting individual trees because subse-

quent steps are heavily dependent on the number of seeds and the locations of seeds.

Most current approaches are moderately successful, provided that the filter size and

image smoothing parameters are appropriate for the particular tree size and image

resolution (Gougeon and Leckie 2003). Finding an appropriate size of filter (or search

radius when point data is used) to detect the treetops is not a trivial problem because

different filter sizes should be applied to different areas for optimal detection accu-
racy. Schardt et al. (2002) and Brandtberg et al. (2003) tried to solve this problem

using a linear scale-space method (Lindeberg 1996) that was based on Gaussian

smoothing of the rasterized image data at multiple scales. The results from this

approach remain sensitive to determining the appropriate scale parameter, and the

step of convolving the image with a Gaussian kernel could be problematic because

individual canopies may exhibit diverse asymmetric shapes.

In this work, we address the issue of the size of the search radius, R, and propose an

approach that automatically grows locally optimal canopy clusters, or regions
(equivalent to an adaptive search radius), to segment individual trees. All steps in

the process work directly on the 3D ‘cloud’ of LiDAR points. We first separate the

laser returns corresponding to the ground from those corresponding to the above-

ground biomass using an adaptive multiscale filter (Kampa and Slatton 2004). In the

process, the low order (slowly varying) terrain surface is subtracted from the LiDAR

points to ‘level out’ the ground. The subsequent tree segmentation operates only on

the above-ground points and is divided into three main stages: (1) finding all possible

seed points for each tree using a minimum search radius Rmin, (2) region growing
instantiated at those seed points, and (3) merging partial tree detections (incomplete

clusters) using an agglomerative hierarchical structure. By segmenting the LiDAR

points for individual trees, we show it is possible to estimate tree location, tree height

and the crown length of each tree. The parameters estimated from the LiDAR data
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are compared with ground truth data from a field survey and found to exhibit good

accuracy. In §2, we describe the study areas, ground truth measurements and our

LiDAR data set. In §3, we present our methodology for segmenting tree canopies, and

we present the results in §4. Finally, in §§5 and 6, we discuss the results and present our

conclusions.

2. Materials

2.1 Study sites

Managed forests comprise an important subset of all forests due to the economic
capital invested in them and the resources derived from them. Data were collected

from two different managed sites called the Pine Productivity INteractions on

Experimental Sites (PPINES; Roth et al. 2007a) and the Intensive Management

Practices Assessment Centre (IMPAC; Swindel et al. 1988, Jokela and Martin 2000)

(figure 1). The topography in these North-Central Florida sites is generally very flat,

with ground elevations varying by as little as 2 m. The algorithm in this study was

developed based on the PPINES data, and subsequently tested on both PPINES and

IMPAC. The relevant biophysical parameters and aggregate statistics for the trees in
each site are discussed briefly below, with additional information listed in table 1. An

example of the spatial tree height distribution from each culture treatment at each site

is shown in figure 2. The percentage of living trees (relative to those originally planted)

in PPINES is 91.8%, and 65.6% in IMPAC. These data indicate that there can be

significant variability in canopy size and morphology between plantations of the same

species and even within a single plantation, especially in older plots. An adaptive

segmentation approach is therefore needed, even for managed forests, to optimally

capture such variations within and across different sites.

2.1.1 PPINES. The PPINES site is located in North-Central Florida (30� 140 N, 82�

180 W). The site was established by the Forest Biology Research Cooperative (FBRC),

located at UF, in January of 2000. In this work, a total of 16 plots at PPINES were

selected where all plots have the same species [loblolly pine (Pinus taeda L.)], number
of planting positions in the measurement plot (48) and spacing between trees

1

2

500 km

Figure 1. The locations of the study sites (PPINES and IMPAC) with the geographic range of
slash pine shaded: (1) the PPINES site, used to develop the algorithm; (2) the IMAC site, used to
test the algorithm.
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(2.74 m � 2.74 m) arranged in six rows (beds) of eight trees each. However, the plots
are split into two different culture treatments (high and low). High cultural intensity

attempts to maximize growth and health of the growing stock by understorey vegeta-

tion control and fertilization. Over the 16 PPINES plots, the trees averaged 7.9 m tall

with a live crown length of 5.5 m.

Table 1. February 2006 in situ field data from across the study sites describing general informa-
tion about the sites. The trees at PPINES were 6 years old and those at IMPAC were 23 years old
at the time of the investigation. The number of planted trees was 48 in PPINES and 40 in

IMPAC for each measurement plot.

Site Tree species Treatments
Number
of plots

Number of
living trees

Tree
height (m)

Crown
length (m)

PPINES Loblolly pine High culture,
low culture

16 705 10.7 7.9
7.9 5.5
4.4 2.9

IMPAC Loblolly pine,
slash pine

High culture,
low culture

12 315 26.1 15.8
21.3 6.2
10.0 0.9

The tree dimensions (tree height and crown length) are written in the order of the maximum,
mean and minimum from the top in each case.

Figure 2. Top view of first-stop LiDAR point heights of a typical plot from each cultural
intensity at each site: (a) high culture at PPINES; (b) low culture at PPINES; (c) high culture at
IMPAC; (d) low culture at IMPAC. All units are in metres. Elevations represent relative heights
above the ground. Variable point densities across the LiDAR data sets are primarily due to
differences in scan angle.
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2.1.2 IMPAC. IMPAC is located near Gainesville, Florida (29� 450 N, 82� 170 W),

and was established in January 1983 with two different species, loblolly pine and slash

pine (P. elliottii Engelm. var. elliottii). A total of 12 plots were sampled consisting of

three replicates for each of the species by culture treatment combinations. Each

measurement plot was 0.027 ha in size consisting of 40 planting positions on a
3.66 m � 1.83 m spacing arranged in five rows (beds) of eight trees each. Over the

12 IMPAC plots, the average tree height was 21.3 m and the average live crown length

was 6.2 m. Due to their advanced stage, the tree stands at IMPAC are at or near

maximum carrying capacity, resulting in significant tree mortality in some of the

plots. As a result, the number of trees, tree heights and the sizes of canopies at this site

vary significantly. Unlike the conical shape of crowns in PPINES, the trees in IMPAC

exhibit a wider range of shapes.

2.2 Collection of field data and LiDAR data

The nominal positions of individual living trees were available because all planting

positions were accurately georeferenced when the plots were established. Ground

surveys were performed in February 2006 for both sites to record the tree heights (HT)

and the lengths of live crowns (CL). Height to the base of the live crown was measured

directly in the field and crown length was then interpreted as the difference between

total height and height to the base of the live crown. Locations of leaning trees and
very small trees were noted in the ground surveys. Given that planting locations were

known, the ground surveys were mainly used to verify the individual tree segmenta-

tion results and estimates of HT and CL. High-resolution aerial imagery was used to

assist the comparison between the segmentation results and the ground surveys,

particularly where leaning trees resulted in crowns not well centred over the trunks,

which occurred more in the older IMPAC site. The aerial imagery was acquired by a

RedLake MS4100 true colour (RGB)/colour-infrared (CIR) digital camera simulta-

neously with the LiDAR data from a flying height of 350 m. It was georeferenced to
the same coordinate frame as the LiDAR data, and the average ground resolution of

the pixels was roughly 10 cm. Since our objective here was to explore the degree to

which information can be extracted from LiDAR data to segment trees, we only used

the aerial imagery to aid in visual validation and not in the actual segmentation. In

locations where the ground survey and aerial imagery indicate a tree is present but the

segmentation associates the corresponding LiDAR points with an adjacent tree, that

tree is considered ‘missed’ by the segmentation. This sometimes occurs if a tree is

significantly smaller than its neighbours. If, however, a complete tree is indicated by
the segmentation algorithm but the ground survey and aerial imagery indicate that the

corresponding LiDAR points belong to an adjacent tree, that is considered to be a

false positive or ‘false tree’.

LiDAR data were collected as close in time to the ground surveys as possible.

Collection of in situ and remotely sensed data at the same time is always the ideal, but

we expect only negligible canopy differences if they are collected during the same year

and season. However, considerable canopy changes can generally be expected if mea-

surements are taken during the same season but in a different year, especially if the site
has young fast-growing trees, or during different seasons, especially for deciduous trees.

The LiDAR data used in this study were acquired by the UF-ALSM system on 9 March

2006. Both the first and the last returns were recorded, and each laser return is the result

of laser photons reflecting from the ground or foliage back up to the ALSM receiver
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optics. The first returns tend to reflect more from the top canopy, and the last returns

reflect more from the understorey and the ground. High laser point densities are

generally required to robustly detect individual tree crowns. Given that the maximum

available laser pulse rate was 33 kHz for these acquisitions, the flight plans were

configured for dense coverage. To achieve high point densities, the LiDAR was
acquired from a relatively low Above Ground Level (AGL) altitude of 350 m with a

reduced scanner angle range (�10� maximum deviation from nadir) and a 45 Hz scan

rate. The maximum allowable scan angle of the sensor is�20�, but half that value was

used to minimize the possibility of laser pulses passing through multiple trees. The

average point densities over the study sites were 14.2 points m–2 for PPINES and 10.6

points m–2 for IMPAC, but the point density in each plot varied from 12 to 18

points m–2 for PPINES and from 8 to 20 points m–2 for IMPAC because of variations

in overlap among the multiple flight lines and the particular scan angle.

3. Methodology

3.1 Preprocessing

Most studies using small-footprint laser altimetry to date have focused on surficial

mapping. In those analyses, segmentation algorithms are usually applied to estimate

the bare surface elevations by ‘filtering out’ returns from the vegetation using empiri-

cal thresholds on height variance or spatial connectedness of points (Weed et al. 2002,

Haugerud et al. 2003, Zhang et al. 2003). We use an adaptive multiscale filter devel-

oped by Kampa and Slatton (2004) to separate the laser returns corresponding to the

ground from those corresponding to the above-ground biomass. The filter uses an

information-theoretic hierarchical data segmentation scheme. First, the area is clas-
sified into heavily vegetated and minimally vegetated cells. Then, a Gaussian mixture

model (GMM) is estimated from the vertical histogram of aggregated last return

points. An asymmetric decision rule is applied to the GMM to ensure that the

probability of missing a ground return is less than the probability of erroneously

admitting a non-ground return in the bare surface estimate. This decision rule is used

to capture small-scale surface features, such as scarps and stream banks. This filter

avoids empirical thresholding on the point distributions and retains the 3D ‘point

cloud’ data format. Both study areas are relatively flat, so the terrain slope and height
are not a factor for this work. However, to remove the contribution of the terrain

slope and heights for arbitrary sites, the low order (slowly varying) terrain surface is

subtracted from the LiDAR points to ‘level out’ the ground.

3.2 Finding seed locations

Finding the seed points (i.e. treetops) for canopies in the LiDAR point cloud is a

crucial step because it serves as the initial condition for subsequent steps. The search

radius R (or, when rasterized image data are used, the window size of the local-
maximum filter) determines the minimum allowable canopy radius, and the seed

point should be the highest LiDAR point for a particular tree canopy. In this section,

an algorithm is developed to find the seed locations using the raw laser point data

assuming that R is known for the region of interest (ROI). In general, the appropriate

size of R is not known, and this case is explored in §3.3. The elevations of the first-stop

LiDAR points are used for this step because these points better express the overall top

canopies than do the last-stop elevation points.
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To identify the seed points, we start by finding the highest point h1 in the LiDAR

data set, denoted by A, which is taken to be the first seed point s1. The subset A0 is then

formed by removing points proximal to s1 from the set A. Proximal points are defined

to be those points in the full data set A inside a circular search region (with the radius

R) centred at a seed point. The highest point h2 is then located within A0. If h2 is higher
than the set of points proximal to h2 in set A (see figure 3(a)), it is identified as a second

seed point s2 and a reduced subset A00 is defined. If h2 is not higher than the points

proximal to it (see figure 3(b)), we identify the next highest point h3 in A0. The process

is repeated to identify additional seed points in progressively smaller subsets

:::A00 � A0 � A while using the entire data set A to search for proximal points. This

process terminates when all such seed points are found. The seed points are then

indexed to represent individual trees.

3.3 The effect of R on finding seed points

Most previous algorithms for finding seed points either assume that the search radius
R (or size of the moving window) is known a priori or they empirically test different

sizes to find the best one for a particular site. However, it is not optimal to define a

single measure of canopy size because of their irregular shapes and different morphol-

ogies across various tree species, ages and management treatments. As would be

expected, tree detection results are very sensitive to the size of R. If R is too large,

small trees are missed, yet elongate branches (or small clusters of branches) are

mistakenly segmented as trees if R is too small (see figure 4). Therefore, there is a

need for a systematic approach to find an optimal size for R that automatically adapts
to local variations in canopies.

As an example, a small area (14 m � 14 m) in the IMPAC site is selected (see

figure 5(a)). Figure 5(b) shows the changes in the number of detected seeds when

different sizes of R (from 10 to 1 m in intervals of 0.1 m) are used over the area. Note

that using smaller intervals than 0.1 m or R values smaller than 1 m would not provide

any reliable improvement because the LiDAR data have approximately decimetre

point spacing. Using the algorithm described in §3.2, we see that more trees are

detected as R decreases, but we also get more falsely detected trees. There are nine
trees in this example area, and the number of detected seed points is very close to the

ground truth when R ¼ 1.3 m, but it did not find the correct number of trees. The

implication is that a single value of R is not sufficient to detect all different sizes of

trees in general. To overcome this problem, an agglomerative clustering approach is

z

x

A

h1  s1
h2  s2

2R

s1
s2

2R
A’

(a)

s2

x

z

A

h1  s1

A’

h2

s1

h3  s2

2R2R2R

(b)

Figure 3. (a) The case of the highest point in set A0, h2, being above all points within the search
region (2R), so that h2! s2. (b) The case of the highest point in A0, h2, not being above all points
within the search region (2R), so h3! s2.
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developed and described in §3.5. Through the local agglomeration of small clusters,

the effect of a spatially adaptive R is realized while ensuring that every point is
uniquely associated with a particular tree cluster.

3.4 Region growing process

After finding the seed locations, the remaining LiDAR points associated with indivi-

dual tree canopies need to be delineated. It is challenging to extract the exact bound-

aries between trees because some tree canopies are intermingled (overlapping in 3D)
and tree canopy boundaries are not always distinct. The well-known watershed

segmentation algorithm (Beucher and Lantuejoul 1979) has been the most popular

method to delineate the tree crown boundaries in 2D (image) data. By conceptually

pouring water onto the elevation image starting at the seed locations, the approximate

tree boundaries are detected as connected paths. In this study, we develop a new

method that is similar in concept to the watershed segmentation but applicable to the

raw LiDAR 3D point data.

Figure 5. (a) The ground truth of a small selected area (14 m � 14 m). The known tree
locations are circled in the area. (b) The number of detected seeds for the area depending on
the size of R. The number of real trees in the plot (nine) is indicated by the dashed line.

Rsmall

, = detected seeds

Rbig
Rbig

Figure 4. Sensitivity of the detection result to the search region R. If a single R value is used
that is too big, elongated branches are not detected as trees but some small trees are missed. The
converse occurs if a single value for R is used that is too small.
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To find the boundary of each tree, the first-stop elevation points are used. First, the

seed points are found using R¼ 1 m and then indexed. Starting from the highest point

that is not already indexed, we find the nearest indexed point that is above the current

considered point. If the horizontal distance between the current point and that nearest

indexed neighbour is smaller than an interval T, the current point is assigned the same
index number as that neighbour. Otherwise, it is not labelled. The interval T starts

from 0.1 m. Once all the points in the ROI are considered, T is increased by 0.1 m, and

the process is repeated. This incremented labelling progressively grows the clusters of

LiDAR points associated with each seed point until we form a collectively exhaustive

and mutually exclusive collection of sets representing the initial tree canopies. The

purpose of restricting the labelling to a neighbourhood, set by T, and adopting the

label of the nearest indexed point within that neighbourhood regardless of whether it

is a seed point or just a previously indexed point is to reduce the chance of erroneously
associating a considered point on a large canopy with a smaller tree (seed) that

happens to be closer. The LiDAR point spacing dictates the range of reasonable

starting values and step sizes for T, which are roughly 1 to 2 times the nominal LiDAR

point spacing. An example of a region growing result is shown in figure 6. In this, the

seed points were found using R ¼ 1 m, and the regions were subsequently grown by

incrementing T from 0.1 m in steps of 0.1 m until all points were labelled.

3.5 Agglomerative hierarchical clustering

Even with the incremented labelling described in §3.4, we expect the initial results to be

oversegmented in some instances (as seen in figure 6) because R was chosen small so as

not to miss trees. An agglomerative hierarchical clustering approach is therefore used
to overcome this oversegmentation. Agglomerative hierarchical methods generally

begin with each observation being considered as a separate cluster and then proceed

to combine clusters until all observations belong to one cluster or some stopping

criterion is satisfied. Each LiDAR point could represent an individual observation

(i.e. singleton) in the lowest level of the hierarchical clustering data structure, but it

would not be very meaningful or computationally efficient to use individual LiDAR

12

8

4

0 4 8 12

N
or

th
in

g 
(m

)

Easting (m)

Figure 6. An example of the region growing result with incrementing T from 0.1 m in steps of
0.1 m until all points were labelled. The seed points were found using R ¼ 1 m. This is a
downward-looking view of the area in figure 5. Each colour indicates a segmented cluster of
LiDAR points representing a detected tree in the region growing process. Oversegmentation
can be seen in some cases.
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points to initiate the clustering. As the size of R dictates the size of tree canopy clusters

that can be detected, we specify a minimum value for R to be 1 m because no trees

smaller than that are present in our study sites. Note, however, that the minimum

value of R could be chosen to be smaller if necessary.

The region growing process in §3.4 provides the set of clusters at the lowest level (i.e.
the leaf level) of the hierarchical clustering tree. From that point on, clusters are

merged solely using agglomeration and not region growing. Small clusters represent-

ing partial canopies are merged with their nearest-neighbour cluster in space as

determined by the distance d r; sð Þ between cluster centroids (also known as the

‘centroid linkage’ method). Essentially, min dð Þ is used to establish which clusters

are nearest neighbours. In equation (1), d r; sð Þ is the horizontal l2-norm (Euclidean

distance) between cluster centroids, nr and ns are the number of LiDAR points in

clusters r and s, respectively, and xri
is the ith point in cluster r.

d r; sð Þ ¼ 1

nr

Xnr

i¼l

xri

1

ns

Xns

i¼l

xsi

�����

�����
2

(1)

In most agglomerative methods, the decision to merge clusters requires a threshold

test on a similarity measure. For tree segmentation, when attempting to select a

threshold value based solely on 2D measures of horizontal point similarity, it is
generally not possible to find a value that provides good separation among all trees

and yet does not oversegment individual tree canopies that exhibit large elongated

branches (i.e. partial-tree clusters), which may appear similar to small, yet complete,

tree clusters. Thus, we exploit the canopy penetration of the LiDAR to find a thresh-

old based upon vertical point adjacency within a cluster. A value for each cluster is

assigned to be the standard deviation of z values (above-ground elevations of both

first and last returns),sz. It was suspected that high values of sz would occur for

complete trees and lower values of sz would occur for elongated branches because of
the larger vertical distribution of biomass in complete trees. All clusters satisfying

sz < t are merged with their nearest cluster neighbours by the centroid linkage

technique, where the threshold t is determined by supervised learning. This process

is repeated at the next level in the clustering tree until no clusters remain with sz < t
Through this process, we realize the effect of a spatially adaptive R.

To determine the threshold, t, a Bayesian approach was used with 120 training

sample points randomly selected from each class (partial tree clusters w1 and complete

tree clusters w2) at the PPINES site. The training samples for each class were chosen
manually by using the initial region growing results, as shown in figure 6. Using the

ground surveys and aerial images, training samples were unambiguously labelled as

belonging to either class w1 or class w2. The conditional probability density function

(pdf) for each class (i.e. the likelihood of wi with respect to a given feature x), is non-

parametrically estimated using the Parzen windowing approach (Duda et al. 2001)

and shown in figure 7. The likelihood PðxjwiÞ shows the probability of obtaining a

particular feature value x (here, x ¼ sz) given that it belongs to class wi. The optimal

(Bayesian) decision boundary between the two classes, x*, is selected by minimizing
the probability of error (equation (2)) under the assumption of equal prior probabil-

ities [i.e. Pðw1Þ ¼ Pðw2Þ]. Basically, we minimize the probability of error by choosing

the maximum a posteriori probability. That is, by deciding w1 if P (w1|x) . P (w2|x)

and by deciding w2 otherwise for a given x. From 100 different subsets of training

samples, we observed that the value of x* was not very sensitive to the particular
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training samples. We obtained a mean value of 0.62 for x*, with a standard deviation

of only 0.04. The value of 0.62 was subsequently adopted for t and used on all plots in

both the PPINES and IMPAC study sites.

x* ¼ Arg
�1�x�1

min P errorð Þ½ � (2)

where P errorð Þ½ � ¼ P w2ð Þ
Rx

�1
p xjw2ð Þdxþ p w1ð Þ

R1

x

p xjw1ð Þdx

3.6 Tree-based parameter estimation

Once individual trees are detected, the possibility is opened up to estimate important
parameters such as the number density of trees, tree height, crown length and crown

area directly from the segmented points. From these parameters, other forest para-

meters, such as diameter at breast height (DBH), basal area and leaf area index (LAI)

could be estimated from allometric equations (Amaro et al. 2003, Song 2007). Our

main objective here was to develop a methodology to accurately segment individual

trees from LiDAR data, so we focus on two parameters for which we had in situ

measured values from a ground survey, namely HT and CL.

3.6.1 HT. The highest point among the segmented points for each tree is considered

as the tree top, and the distance to the tree top from the ground is regarded as the

height of that tree. Tree heights are commonly underestimated in LiDAR studies

(Nilsson 1996, Magnussen et al. 1999, Persson et al. 2002, McCombs et al. 2003)
because the transmitted laser pulses may miss the actual tree top. Increasing the

spatial density of LiDAR points provides a better chance of hitting the tree top,

resulting in better accuracy. It should be noted, however, that even a high LiDAR

point density may not completely eliminate a slight underestimation of tree heights,

especially from sharp conical shaped crowns, because of the range averaging effect

(Lefsky et al. 2002). This is the phenomenon in which the maximum elevation

registered for a tree corresponds to a height below the top-most branch because the

x*

p(x | wi)

x

w1

w2

Figure 7. Probability density functions of the two classes (w1: partial tree clusters, w2: complete
tree clusters) estimated by the Parzen windowing method. The Bayesian (optimal) decision
boundary, x*, and the resulting probability of error (shaded area) are shown. Here, the random
variable x represents the standard deviation (in metres) of heights in the cluster points, s2.
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number of reflected photons required to trigger the receiver electronics may not be

achieved until the transmitted pulse encounters more than one branch (Hopkinson

2007). The precise magnitude of this underestimation is difficult to quantify because it

can vary with incidence angle, beam divergence, tree species, flying altitude, and the

sensitivity of the LiDAR receiver electronics. The nominal height error from UF-
ALSM measurements of exposed ground is at the decimetre scale (Shrestha et al.

1999), and the errors in the estimation of bare-surface ground elevations underneath

forest canopies rarely exceeds 2 or 3 dm (Cho and Slatton 2007).

3.6.2 CL. When conducting field work, foresters are generally interested in an

‘effective’ CL. A whorl is a common feature of pine trees and is defined as a cluster

of branches that radially emanate from the main trunk at roughly the same height.

The base of the live crown can be defined as the lowest whorl with 50% or more of the

branches containing live green needles. As a tree ages, the older (lower) whorls

become shaded by the newer whorls on that tree. This trend is emphasized in managed
forests where all trees are at the same stage, so shading on older whorls by neighbour-

ing trees of similar heights increases with time. Whorls die as they age and lose sun

exposure, and over time the base of the live crown moves up as the HT increases (Long

et al. 2004). CL is traditionally determined in the field by subtracting the height to the

base of the live crown (HTLC) from the HT. As the loss of live needles can occur over

the lower few whorls, it is not always obvious from visual ground inspection precisely

which whorl corresponds to the HTLC (Sprinz and Burkhart 1987). As a result,

HTLC determined from field surveys can contain bias and uncertainty that are not
insignificant.

Attempts have been made to estimate the elevation of the base of the live crown

using airborne LiDAR data (Holmgren and Persson 2004, Andersen et al. 2005,

Popescu and Zhao 2008). It is often problematic, however, because the lower extent

of the live canopy is obscured in the point cloud when LiDAR pulses hit stems

(trunks) and dead branches. Furthermore, the lower reaches of the live crowns are

significantly occluded by the upper portions when canopies are closed, thus reducing

the LiDAR points available for sensing the live crown base. In this work, because of
the absence of understorey vegetation, a simple method for estimating the height of

the live crown base on each tree is developed. This method is intended to be simple

enough to require no training and to demonstrate the sort of tree-based parameters

that can be estimated once individual trees are segmented in the LiDAR data. It is not

necessarily optimal. By smoothing the vertical distribution of non-ground LiDAR

points (both first and last returns), the height where a significant number of points

first appear in a given tree cluster can be found. A 2-m-long sliding window was

incremented up from the ground in 1 m intervals at each tree cluster, and the number
of points in the window is counted. When the number of points in the window first

exceeds more than 1% of the total number of points in that cluster, the median height

of the LiDAR points in the window is recorded as the HTLC of that tree.

4. Results

4.1 Tree detection

The results of the tree segmentations are presented in table 2. As shown in figure 2, the

canopy distributions differ according to the cultural treatments and the age of the

plots, and we expect the segmentation results to be dependent on these distributions.
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The evaluation of the tree detection was based on the measurement plots even though

the algorithm detects all the trees inside the treatment plots. The areas on all sides in

the treatment plots but not in the measurement plots comprise a buffer zone that

mitigates edge effects in the spatial analysis.

The overall detection accuracy was 970/1020 ¼ 95.1%. The number of false posi-
tives (57 trees) was similar to the number of false negatives (50 trees), suggesting no

overall bias. As expected, the detection accuracy was higher at PPINES because the

horizontal distribution of trees was more regular due to their young age and square

spacing. It is interesting to note that the average height of the missed trees was 17.92 m

at IMPAC and 7.56 m at PPINES, while the average ground truth tree height was

21.34 m at IMPAC and 7.94 m at PPINES. The fact that the average missed tree was

shorter than the average tree at IMPAC and at PPINES indicates that the LiDAR

measurement and subsequent segmentation are slightly more likely to miss the smaller
trees than the larger trees. While this tendency is not unexpected, the bias with respect

to tree height is not unduly large and is partially due to the irregular canopy shapes

and sizes at IMPAC. This suggests that the algorithm is fairly robust over a range of

tree heights and canopy sizes. The plots at the PPINES with low culture showed the

best result (98.6%) without significant bias. In the high culture plots, the trees grew

larger, resulting in more overlap and complexity in the canopy distributions. This

caused more occurrences of ‘Wrong’ and ‘Missed’, but the percentage of correctly

detected trees (96.9%) was still close to that of the low culture plots. The detection
results at the IMPAC plots with high culture were as good as the high culture results at

PPINES because fertilization made the older trees at IMPAC larger and distinct from

their neighbours. Also contributing to this high detection accuracy was the fact that

fertilization over the long duration of the IMPAC plots eventually resulted in

instances of competitive tree mortality (see table 2), which increased some of the

gaps between trees. The lowest detection accuracy occurred for the case of the low

culture plots at IMPAC (84.0%). Unlike at PPINES, the IMPAC plots with low

culture had less tree mortality (more closely packed trees) and more irregularity in
canopy size and shape. Several difficult cases were also observed in these plots where

small trees were leaning towards nearby taller trees and parts of their canopies were

underneath or inside neighbouring trees.

A segmentation result on a plot at the PPINES with high culture is shown in figure 8.

Odd-shaped tree canopies are successfully detected because no assumptions are made

on horizontal canopy morphology. The tree top, tree boundary and LiDAR points of

each tree are shown in the figure. Two false positives and one false negative are found in

the measurement plot.

4.2 Tree-based parameters

From the IMPAC site, we were able to use all trees in the 12 plots to estimate HT and

CL because the ground truth survey included all trees. It was thus possible to examine

two cases for IMPAC. In the first case (case 1), only correctly detected trees are used;

that is, falsely detected trees and missed trees are not counted. In the second case

(case 2), all trees segmented by the algorithm are used for the experiment. Case 2 is
more general as it is not always known beforehand whether a segmented tree is

classified correctly or not. Unfortunately, at PPINES only 25% of the trees in each

plot (except two plots) were selected to measure the parameters during the ground

survey. Therefore, at PPINES, we used all correctly detected trees (83 trees) in two
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plots and a random sampling of 140 correctly detected trees from the remaining 14

plots. As a result, wrongly detected trees and missed trees could not be included in the

PPINES results. The differences between estimates and ground truth values for HT

and CL are summarized in table 3. In figure 9, LiDAR-estimated HT and CL are

plotted against field-measured HT and CL for correctly detected trees at both IMPAC

and PPINES. Simple linear regression is used to fit the line to each data. Over the
range of LiDAR point densities examined here (10–20 points m–2), the root mean

square (RMS) errors in the estimates decreased with increasing point density for both

the HT and CL (roughly 0.5 to 0.1 m for HT and 1.1 to 0.3 m for CL for 10 to 20

points m–2, respectively).

Table 3. The mean differences between the ground truth values and the estimates of tree height
(HT) and crown length (CL). The standard deviations are given in parentheses. As the ground
survey at IMPAC was exhaustive, two different cases could be studied: (1) case 1: only correctly
detected trees are used; (2) case 2: all trees segmented by the algorithm are used. Only case 1
could be studied at PPINES because the ground survey was based on randomized sampling

rather than exhaustive.

HT (m) CL (m)

Case 2 Case 2

Case 1 Whole Each plot Case 1 Whole Each plot

PPINES 0.34 (0.29) – – 0.84 (0.58) – –
IMPAC 0.78 (0.63) 0.58 0.60 (0.44) 1.40 (0.97) 0.39 0.81 (0.69)

Easting (m)

N
or

th
in

g 
(m

)

N
or

th
in

g 
(m

)

Easting (m)
(b)(a)

Figure 8. An example of the segmentation results (a plot with high culture at PPINES). (a)
Known tree locations are circled on top of the first-stop elevation points where the ground
points are filtered out. Actual sizes and shapes of the tree canopies are different from those of
the circles. (b) The segmentation result. A uniform colour is used to indicate the set of LiDAR
points that are segmented as a given tree inside the measurement plot. The seed points are
marked as crosses and the maximal boundary of each tree is indicated by convex hulls (closed
black curves). Detected trees that lie outside the measurement plot are shown with grey crosses
and lines.
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4.2.1 HT. For the PPINES site, the mean of all ground truth HT was 7.94 m, and

the mean of all estimated HT was 7.71 m. The mean of absolute height differences

between the ground truth and the estimates was 0.34 m (percentage of error ¼ �
4.22%) and the standard deviation was 0.29 m.

For all correctly detected trees in IMPAC (i.e. case 1), the mean of all ground truth

HT was 22.00 m, and the mean of all estimated HT was 21.85 m. The mean of absolute

height differences was 0.78 m (percentage of error ¼ � 3.55%) and the standard
deviation of them was 0.63 m. For case 2, over the whole (all 12 plots), the mean of

all ground truth HT was 21.34 m and mean of all estimated HT was 21.92 m. Of note,

this difference (0.58 m) was smaller than the difference achieved in the first case. This

shows that there is a good agreement between the mean of all ground truth and the

mean of all estimates (from all detected trees) at this site even though the algorithm

misses some trees and detects some false trees. To look at a smaller size of the ROI, the

same experiment was executed for individual plots (0.027 ha), and the result still

shows good agreement but slightly larger errors; the mean of differences between
ground truth and estimates of each of the 12 plots was 0.60 m and the standard

deviation was 0.44 m. Although it is possible in general for large errors to occur

locally, these results imply that good average agreement with ground truth could

reasonably be expected even over small plots, such as these.

4.2.2 CL. For the PPINES site, the mean of all ground truth CL was 5.51 m, and the

mean of all estimated CL was 5.04 m. The mean of absolute CL differences between

the ground truth and the estimates was 0.84 m and the standard deviation was 0.58 m.

For IMPAC, in case 1, the mean of all ground truth CL was 6.39 m, and the mean of
all estimated CL was 6.01 m. The mean of absolute CL differences was 1.40 m and the

standard deviation was 0.97 m. In case 2, the mean of all ground truth CL was 6.18 m

and mean of all estimated CL was 5.79 m. As in the HT estimation, this difference

(0.39 m) is smaller than the difference in case 1, showing that there is a good agreement

between the mean of all ground truths and the mean of all estimates over the test area.

When looking at individual plots, the mean of differences between ground truth and

estimates of each of the 12 plots was 0.81 m and the standard deviation was 0.69 m.
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Figure 9. Field measures vs. LiDAR estimates for correctly detected trees at the study sites: (a)
tree heights; (b) crown lengths. The dotted line represents a hypothetical 1:1 ratio between
measured and estimated.
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Figure 9(b) suggests that we tend to underestimate CL for short crowns and over-

estimate it for longer crowns. The trend appears for both sites, but is slightly more

pronounced for IMPAC. Given that HT estimates agree well with field measurements

and that CL is taken to be HT minus HTLC, the low correlation in CL is apparently due

to a disagreement between the measured and estimated HTLC. As discussed in §3.6,
HTLC is a difficult parameter to measure in the field for loblolly and slash pines

because of the inherent ambiguity in determining the highest whorl that fails to meet

the 50% live needle criterion. In our estimation of CL from the LiDAR data, we used a

simple 1% criterion for the vertical distribution of the LiDAR points in each tree cluster.

A simple criterion like this is not expected to be optimal. Rather, it is chosen to avoid the

need for training an adaptive CL estimator, which is beyond the scope of this paper.

5. Discussion

Using the proposed approach, we obtained overall tree detection accuracies in excess

of 95% over the two test sites (see table 2). The only exception was the set of low

culture treatment plots at IMPAC, where a fairly good detection accuracy of 84% was

still achieved. As mentioned in the previous section, those plots exhibited considerable

intermingling among adjacent canopies and greater variation in canopy size and

shape. The small standard deviation in x* across multiple randomized samplings of

the training data suggests that our parameterization in the clustering step is robust
and could be applied to other managed sites of different tree ages, stem spacings or

species using only modest amounts of training data.

5.1 Parameter estimation

In the subsequent parameter estimation, we also obtained agreement between estimates

and ground truth to within several decimetres. The average HT was underestimated by

0.24 and 0.15 m over PPINES and IMPAC, respectively. Much of this residual is
probably caused by instances where the LiDAR did not hit the top-most point of some

crowns. There was more chance of missing the treetops over PPINES because the peaks

of the crowns tended to be sharper over PPINES than over IMPAC, resulting in larger

underestimation for HT over PPINES. The average CL was underestimated by 0.47 and

0.38 m over PPINES and IMPAC, respectively. The slightly larger estimation error for

CL is not surprising because CL estimates depend on both the estimated HT and how

well the lower canopy is sampled. The occluding effect of the upper canopy implies that

the lower canopy is not sampled as densely as the upper canopy. The underestimate of CL
at PPINES was slightly larger than at IMPAC. This is probably because the younger tree

canopies in PPINES are shorter and thicker resulting in less penetration of the

LiDAR. Furthermore, there is always some uncertainty in the field measurements

themselves because of irregularities in the terrain surface and measurement errors. In

these study sites, the terrain is fairly flat, so any errors that may be present in the ground

surveys are most probably due to random measurement errors by field personnel.

Finally, it should also be noted that, based on the segmented LiDAR points,

estimates of the vertical projection of maximal crown area for each segmented tree
could be obtained using the circumscribing convex hulls computed for each crown

cluster (as shown in figure 8(b)). Similarly, the 3D shape of the upper crown ‘surface’

of each tree could be estimated because the LiDAR points provide height information

along with horizontal positions. However, we do not present formal estimates of
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crown area or shape here as they were not independently measured in the ground

survey.

5.2 Impact of LiDAR point density

The changes in RMS errors in the estimates of HT and CL over the range of LiDAR

point densities reported in §4.2 suggest that high LiDAR point densities are important

for accurate estimation of individual tree parameters. In particular, as mentioned in

the previous section, higher point densities increase the chances of a LiDAR return
from the highest point in each tree canopy, thus reducing underestimation of HT. It

would be interesting to determine minimal LiDAR point densities that could still yield

useful estimates in order to acquire LiDAR data most efficiently. However, general

statements along those lines are problematic because the degree to which lower

LiDAR point densities would be useful would depend on the flight pattern (presence

of orthogonal flight lines), forest type, parameters being estimated, and the tolerance

for uncertainty for the particular application.

5.3 Data acquisition (flight directions)

Flying multiple times over a particular ROI is generally necessary to obtain high

densities of laser points (10–20 points m–2) given the current constraints on minimum
flight speed, minimum allowable flying altitude, maximum laser pulse rate and max-

imum scanner frequency. Although increasingly high laser pulse rates of new LiDAR

systems can reduce somewhat the need for multiple flight lines (Slatton et al. 2007).

Unlike the flights over IMPAC, only horizontal (East–West) flights were acquired

over PPINES. As shown in figure 10, this resulted in narrow vertical (North–South)

gaps that are visible in the point clouds between scan lines. While the overall tree

Easting (m)

N
or

th
in

g 
(m

)

Figure 10. A top view of the low culture PPINES plot shown in figure 2. The aircraft was flying
East–West (right–left in the figure) over the site. Narrow gaps roughly 1 m or less in width are
visible (marked with a rectangle) in the point data between scan lines even though partially
overlapping flight lines were acquired. A subset of the detection result is shown inside the small
box to the left. While such gaps do not seem to strongly affect the correct detection of the trees,
they can affect the estimated shapes of the detected canopies and estimates of HT and CL in cases
where the highest points on the trees are missed. Orthogonal flight lines could mitigate such gaps.
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detection accuracy was high despite this phenomenon, in general such gaps can cause

difficulty in detecting trees if a tree happens to be separated into a multiple clusters by

a gap. The worst case scenario would be when the scan lines from multiple flights

overlap almost exactly rather than one flight ‘filling in’ the gaps from another.

Therefore, when researchers have input on the design of the flight plan, orthogonal
flight lines should be requested to get better coverage over the ROI.

6. Conclusions

Small footprint LiDAR technology can provide spatially dense coverage over forest

canopies and penetrates the canopy by illuminating the ground and understorey

through small gaps in the crown layer. These advantages play an important role in

allowing the identification of individual trees and estimation of their heights and
crown lengths from such LiDAR data. Determining the optimal window sizes to

accurately find treetops has been the most important and difficult part in the process

of delineating single trees to date. An adaptive region growing method was developed

by using an agglomerative hierarchical clustering structure to merge the partial-tree

clusters that are segmented by the region growing process.

The stopping criterion on the agglomeration was determined by minimizing the

Bayes error over the training data, resulting in a threshold t. The small standard

deviation in t values obtained from repeated randomized sampling in this study
suggests that conditioning the agglomeration on the standard deviation of point

elevations is robust and that modest amounts of training data will suffice to estimate

t. To achieve optimal results over sites other than those examined here (particularly if

those sites contain tree species other than loblolly and slash pine), the algorithm

should be trained using local ground truth data, as described here. Additional features

could, in principle, be incorporated for the estimation of t, but that would be likely to

make the results more sensitive to the specific training data set.

The entire process of the proposed approach was developed directly on the raw
point cloud data. This method readily accommodates irregular (non-smooth) canopy

contours, and avoids rigid parametric descriptions of the canopy shapes and statistics.

Working on point data with high point density requires more computational time

and/or memory than working with images, but this could be alleviated by dividing the

ROI into small areas (‘divide-and-conquer’ strategy). It was shown that the proposed

algorithm performs very well overall for two managed pine plantation forests of

different ages and species. The lowest detection accuracy occurred for the IMPAC

plots with low culture because the canopies in these plots are more interlocked and
more variable in size than in other plots. The average estimates of tree heights and

crown lengths were slightly underestimated, but agreed with ground truth to within

several decimetres.
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