


marker-controlled watershed segmentation. The idea is to
perform watershed segmentation around user-specified
markers rather than the local maxima in the input image.
The image indicating the locations of markers is called a
marker function and the image for producing watersheds is
called a segmentation function. Marker-controlled watershed
segmentation is well-suited for tree isolation. With appropri-
ate marker and segmentation functions, marker-controlled
watershed segmentation can be used to delineate the bound-
aries of individual crowns. This characteristic makes it
superior to local transect or profile methods (Pouliot et al.,
2002; Popescu et al., 2003), which can only obtain crown
radii for limited directions.

Marker-controlled watershed segmentation was applied
for tree isolation in a Compact Airborne Spectrographic
Imager (CASI) image (Wang et al., 2004). Schardt et al. (2002)
used the threshold for isolating spruce trees in lidar data
and suspected it to be unsuitable for deciduous tree species
due to their complex canopy structure. In marker-controlled
watershed segmentation, the forms of marker and segmenta-
tion functions play a key role in partitioning an image to
meaningful objects. In particular, marker functions corre-
sponding to treetops are crucial for its successful application
in tree isolation. This study hypothesizes that individual
trees can be isolated for deciduous trees only if appropriate
marker and segmentation functions are generated from lidar
data. Based on these, the objectives of this study are to
present methods for generating treetop marker and segmen-
tation functions from lidar data and test their application
into tree isolation in savanna woodland

This paper is organized as follows: first, the methods of
treetop detection with variable window sizes are discussed
and a new method of creating marker and segmentation
functions is introduced; next, the performance of these
markers and segmentation functions is evaluated and rele-
vant errors are analyzed; and finally, the conclusions are
presented.

Methods

Study Area and Lidar Data

The study site is an open oak savanna woodland, located near
Ione, California (latitude: 38.26° N, longitude: 120.57° W)
(Figure 1). The site is on a private ranch and is part of the
AmeriFlux network of eddy covariance field sites (Baldocchi
et al., 2004). The landscape is characterized by flat terrain
(with a maximum slope of less than 15 percent) with a scat-
tered, clumped distribution of blue oaks (Quercus douglasii
H.&A.) and a minority of grey pines over a continuous layer
of Mediterranean annual grasses. On 24 August 2003, laser
altimetry data were acquired with Optech ALTM 2025, which
recorded both first and last returns for each laser pulse. The
scanning pattern was z-shape. The claimed vertical accuracy
from the data provider is 18 cm with 95 percent confidence
and the horizontal accuracy is 1/3000 of the flying height.
The swath is approximately 300 m and the flying altitude

is approximately 500 m. The footprint size is about 18 cm.
The average posting density is 9.5 points per square meter,
resulting in an average spot spacing of about 32 cm. To obtain
such a high pulse density, the site was flown twice. The data
covering 800 m by 800 m around the eddy covariance tower
was used in this study to isolate individual trees.

Digital Elevation Model

The tree isolation from lidar data is typically based on a
canopy height model (CHM), which is the difference between
canopy surface height and a digital elevation model (DEM) of
the earth surface. The research on generating a DEM from
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Figure 1. A cAsl image covering the study area.

laser altimetry data, also called filtering, is still being devel-
oped. Typically, the laser pulses are classified iteratively
into terrain and non-terrain returns, and the extracted terrain
pulses are used to generate a DEM by interpolation (Hyyppéd
et al., 2001; Persson et al., 2002; Brandtberg et al., 2003).

In this study, the basic procedure of generating a DEM is as
follows:

First, a grid with cell size of 1 m by 1 m was created.
Each cell recorded the lowest last return of all pulses falling
in the cell; this grid is denoted as gn;,. If some cells have
no pulses within them, they were filled with the nearest
cell value; this filled grid is denoted as gyin. Then, a surface
approximating the terrain, denoted as gy(min), Was created by
morphologically opening the filled grid g, An initial set
of terrain pulses were identified by calculating the differ-
ence between g, and gsi,. The cells with absolute value of
difference less than 0.5 m were treated as cells where terrain
pulses are located. The triplex {X;, Y;, gnin; from these cells
were used to create a DEM by kriging. A new set of terrain
pulses were obtained by comparing the elevation of last
return of each pulse with its DEM value. If their absolute
value of difference was less than 0.5 m, it was classified as
a terrain pulse. The details on the algorithm are presented
in another companion paper (Chen et al., 2007). Figure 2
shows the DEM.

To assess the accuracy of filtering, three plots, each
with an area of 100 m by 100 m, were randomly located
and the pulses were manually classified into terrain and
vegetation returns, and this layer acted as subsequent
ground truth. The accuracy of filtering was evaluated by
calculating the type I, type II and total error (Sithole and
Vosselman, 2003). Type I error is the percentage of terrain
returns misclassified as vegetation returns. Type II error
is the percentage of vegetation returns misclassified as
terrain returns. Total error is the error weighted with the
portion of each category of reference returns. The accuracy
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TABLE 2. DESCRIPTIVE STATISTICS OF SAMPLED TREES (N [196)

Variables Min(m) Max(m) Mean(m) Std.(m)
Tree height 2.0 12.2 5.8 2.1
Crown size 1.2 20.9 8.8 4.4

was used to get the lower limit of the one-sided prediction
interval of crown sizes at the logarithmic scale. After trans-
formed back to the original scale, a value of 1.0 m was
obtained for the minimal crown size, which was used as
the Gaussian filter size.

In a smoothed cmM, the spurious local maxima other
than treetops were greatly reduced (see Figures 4c and 4d)
and the change of [[#h Equation 4 would affect mostly the
omission errors not the commission errors. Applying such
a “divide-and-conquer” strategy, both the omission and
commission errors for treetop detection can be reduced.
After treetops had been detected, they were used for seg-
menting individual crowns.

Segmentation with cmm

The process of watershed segmentation can be illustrated
in terms of flooding simulations (Soille, 2003). Figure 5a
shows a cMM. To simulate the process of flooding, we first
calculated the complement of the cMM (Figure 5b), which
resembles two catchment basins. Assume that each basin
has a hole punched at its minimum. Then, when immers-
ing it gradually into water, the catchment basins will be
flooded. This algorithm can be thought to automatically
build dams along the divide line to prevent water in two
neighboring catchment basins from merging (Figure 5c). The
constructed dams are called watershed lines and will be
used to partition trees.

In marker-controlled watershed segmentation, the
complement of the cMM is filtered by minima imposition
before computing its watersheds so that all non-treetop
minima have been removed. Suppose there is an image f,
which is the complement of the cMM in this case, and a
marker image f;, has been specified at each pixel p:

, if p belong to a marker,
tmax III

where tp,, is the maximum value of the input image f.
Minima imposition is to first calculate a pixel-wise mini-
mum between f [Thnd the marker image f;,, denoted as (f
DI A f,, and then perform a morphological reconstruction
by erosion of (f CCI) A f,, from the marker image f,;:

fmp Eﬂf}mz:ﬁ,,(fm), (6)

where f,,, is the image after minima imposition, R{;ra, ()
is defined as the geodesic erosion of (f [Tl A f,, with
respect to f,, iterated until stability is reached (Soille, 2003).
The geodesic erosion of (f [T A f,,, with respect to f,, is

to perform morphological erosion for f,, but the value of

(f T A £, is used only if the value after erosion is smaller
than (f CI A f,,. Minima imposition can reconstruct the
complement of CMM so that there are only minima corre-
sponding to marked treetops. This illustration highlights the
importance of finding a correct treetop marker function when
applying marker-controlled watershed segmentation method.

fin(p)

otherwise.

Segmentation with Distance-Transformed Image

Deciduous trees, such as oak, have a relatively flat canopy

surface making treetops difficult to detect from the cMM or

CHM (Figure 6a). Since treetops are typically located around
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Figure 5. An illustration of watershed
segmentation Algorithm. (a) A cmmMm,

(b) the complement of the cmMm, and
(c) dams built at the divide line.

the center of crowns, this fact can be exploited to further
detect treetops. To implement that, at first, a binary image
was created, where the canopy had values of ones while
watershed lines and the background had values of zeros
(Figure 6b). Then, a distance transform was performed

on the binary image to calculate the distance from each
non-zero pixel to its nearest zero pixel (Figure 6c). In the
distance-transformed image, the center of a crown had large
values. Like the cMM, the complement of this distance-
transformed image, denoted as DIST,, can be used for
segmentation. Treetops were detected from DIST, using
h-minima transformation which suppressed all minima
shallower than h. The h-minima transformation of the DIST,
is to perform the reconstruction by erosion of DIST, from
DIST, [Chl

DISTc,hmin IIEISTC(DISTC m [7)
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Figure 8. Crown delineation map

([I0J01 and h [COBm). The two rectangles show the locations
of transects for accuracy assessment.

plots in a deciduous forest with species including oaks,
maple and poplar. Leckie et al. (2003) treated it as a
“perfect” match when there is a one-to-one correspondence
between ground reference polygons and delineated seg-
ments and their overlaps are greater than 50 percent. They
obtained a 59 percent “perfect” match for a conifer forest.
When compared with these studies, the criteria for accuracy
assessment used in this study are much stricter. Therefore,
the accuracy obtained with our method is encouraging.

Effects of and h

To examine the effects of [ahd h, the AATIs for all combina-
tions of these two parameters were calculated for all trees in
the ground truth transects (Table 3). When investigating the
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effects of the threshold h on tree isolation accuracy, there
was a consistent pattern showing that h [COb m is the best
value for this dataset (Figure 9a). When h is very small,
spurious local minima could be counted as treetops and tree
crowns will be over-segmented. When h is very large,
treetops will be missed, leading to the under-segmentation
issues. Therefore, when h lies between these two extrema,
the highest accuracy can be obtained. For [t seems that
the tree isolation accuracy increases when decreasing [_Dne
of the possible reasons is that when using smoothed cMM to
detect treetops, the commission errors have been greatly
reduced. As a result, decreasing [Will reduce the omission
errors while having little effects on the commission errors
(Figure 9b).
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TaBLE 3. TREE ISOLATION ACCURACY

AATI h COoh h ok h OB h ok h CO0b h 0B h Cov
[ aDb1 59.2% 60.8% 62.0% 62.8% 64.1% 63.3% 62.3%
[Ton 58.4% 59.2% 60.5% 61.9% 62.8% 61.7% 60.1%
[1rap 57.9% 58.2% 58.8% 60.4% 62.6% 61.3% 59.8%
[T0B 57.3% 57.1% 57.6% 58.4% 59.7% 58.4% 56.9%
[k 57.0% 56.9% 57.5% 58.2% 59.2% 58.2% 56.9%
[T 0b 56.7% 56.6% 57.3% 57.8% 58.8% 57.5% 56.1%
Tree isolation accuracy vs. h with different a 70.0% 1 84.1%
65.0% } 60.0% -
64.0% ——0a=0.01 50.0% -
63.0% - )
—&—0=0.1
62.0% 1 — 400% -  370%
61.0% —A—0=0.2 E
= <
5 60.0% - —%—0a=0.3 30.0% A
59.0% 1 —*—0=0.4 .
58.0% - 20.0% -
——0a=0.5
57.0%
10.0%
56.0% |
o I 2 03 04 05 o5 07 08 Lk ' '
ot 0 B R e B Method Method2 Method3 Method4
(a) Figure 10. Comparison of tree isolation accuracy from
different treetop detection methods. Method 1: detect
Tree isolation accuracy vs. a with different h treetops from cHM and window sizes are based on the
fitted regression curve; Method 2: detect treetops from
65.0% - cMM and window sizes are based on the lower-limit of
64.0% | —¢—h=0.1 the prediction interval of the regression curve; Method
63.0% | —-8-h=0.2 3: treetops are local maxima within cHM; and Method 4:
- —a—h=03 detect treetops from distance-transformed image in
62.0%1 addition to Method 3.
_ 61.0% - —*-h=0.4
< 600% | —%-h=0.5
59.0% —-e—h=0.6
58.0% 1 ——h=07 The AATIs for these three methods were 37.0 percent,
57.0% 1 54.4 percent, and 48.6 percent, respectively (Figure 10). The
56.0% - method based on Popescu and Wynne (2004) had the lowest
55.0% : . ; : . , accuracy. This is not surprising since previous analysis shows
0 0.1 02 03 0.4 05 06 that potentially about a half number of trees would be missed
a if window sizes are determined by the fitted regression curve.
(b) In the second method, the accuracy was much higher than

Figure 9. The effects of parameters on tree isolation.

Comparison of Different Treetop-detection Methods

In addition to the above method, three other methods of
treetop detection were applied into marker-controlled
watershed segmentation for tree isolation: (a) the first
method was based on Popescu and Wynne (2004), which
detected treetops by searching local maxima within variable
window sizes in the CHM. The window sizes were deter-
mined by the fitted regression curve, (b) in the second
method, treetops were detected from the CMM and variable
window sizes were determined by the lower-limit of the
prediction interval of the regression curve, but the distance-
transformed image was not used for detecting treetops, and
(c) in the third method, treetops were detected by finding
local maxima in the CHM. For all of these three methods, the
segmentation function is the CHM.
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that in the first method when treetops were detected from the
CcMM and the window sizes were determined by the lower-
limit of the prediction interval. Compared with the second
method, the method which additionally detected treetops
from distance-transformed image can increase the accuracy by
about 10 percent. The accuracy from the third method is also
higher than the Popescu and Wynne (2004) method. This is
because the omission errors in this method are low.

Error Analysis

The omission and commission errors will lead to under- or
over-segmentation of tree crowns. When the branches of
neighboring trees are intertwined or trees with different
heights are growing closely, it is usually difficult to separate
them. The over-segmentation problem mostly occurred for
very old oak trees. These old and large oak trees usually
grow in open space. With little competition of light and
nutrient with surrounding trees, their branches can reach far
in various directions and grow into irregular shape. When
each large branch looks like a tree, the over-segmentation
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