'CHARACTERIZING
SPATIAL STRUCTURE OF
TREE CANOPY USING
COLOUR PHOTOGRAPHS
AND MATHEMATICAL
MORPHOLOGY

RESUME

Dans cet article, les auteurs passent en revue un certain
nombre de principes fondamentaux de transformation
morphologique. Ils ont mis au point des algorithmes
d’analyse granulométrique qu’ils ont ensuite utilisés pour
caractériser trois espéces de jeunes arbres : le sapin,
I"épinette et le pin a I'aide de clichés couleurs classiques.
Les auteurs ont recouru a divers prétraitements pour
séparer la cime des arbres de I’arriére-plan sur chaque

- | cliché, ce qui a donnée trois images binaires
arbres-cimes qui ont fait I’'objet, par la suite, d’'un
traitement morphologique. Deux types d’éléments
structurants, soit des éléments linéaires et des éléments
en forme de disque, ont été utilisés en vue de produire
des signatures sur les structures, comme le spectre de
patrons, a I’aide d’analyses granulométriques des images
binaires des cimes d’arbre. Les résultats de I’étude
montrent que les spectres de patrons de paramétres de
distribution granulométrique extraits de chaque image
binaire varient considérablement d’une espéce d’arbre a
I"autre. Ainsi, les spectres des patrons structurels des
cimes peuvent se révéler utiles pour la discrimination des
espéces d’arbre.
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SUMMARY

In this paper, some basic principles of morphological
transformation are reviewed. Algorithms of granulometric
analysis have been developed and applied to
characterize three kinds of young trees — fir, spruce, and
pine. Conventional colour photographs have been used.
A number of preprocessing techniques have been used to
separate the tree crown from the background in each
photograph, resulting in three binary tree-crown images
for subsequent morphological processing. Two types of
structuring elements, linear and disk-shaped, have been
used to generate structure signatures such as pattern
spectra through granulometric analyses of the binary
images of tree crowns. Experiment results indicate that
pattern spectra of size distribution parameters extracted
from each binary image are considerably different among
the three tree species. Crown structural pattern spectra
may therefore be useful alternatives for the recognition of
tree species.

INTRODUCTION

omputer-based recognition of individual tree species

from remotely sensed imagery requires a great deal of
intelligence (Gougeon, 1993). Spectral properties alone are
not sufficient for recognizing individual trees because a
large number of tree species exhibit very similar spectral
patterns. Features containing information on the spatial
aspect of tree species provide further evidence for recogniz-
ing tree species.

Features of various targets recorded in remotely sensed
images can be broadly divided into three groups: spectral
signature, texture, and geometrical shape features. Spectral
signature features are commonly used in optical remote
sensing for the purpose of information extraction (see, for
example, Asrar, 1989). Because spectral signature is best
suited for per-pixel based operation in the detection, iden-
tification, and classification of targets and because a target




" rery often occupies more than one pixel in an image, spec-
-ral signature features are usually used during the prelimi-
nary stages in object recognition tasks. Texture features
referring to the spatial variation of grey levels within a
predefined local neighbourhood or kernel of an image have
been used in remote sensing classification (see, for example,
Haralick et al., 1973). Texture features are sometimes used
as ancillary data in combination with spectral data in image
classification (Marceau et al., 1990; Gong et al., 1992).

Geometrical shape features refer to parameters describ-
ing the spatial structure and shape of individual objects,
each consisting of hundreds of pixels in an image. Thus,
geometrical shape features are often used during the ad-
vanced stages of object recognition (see, for example, Gong
and Howarth, 1990; Nagao and Matsuyama, 1980). They can
be further divided into two subgroups: external and internal
(Pitas and Venetsanopoulous, 1992). External repre-
sentations are based on the description of the geometrical
boundary. Fourier descriptors and B-spline representation
are two commonly used methods. The feature parameters
for internal representations are based mainly on octrees,
quadtrees, skeletons, and shape decomposition. Primarily
because of the irregular shapes, which require complicated
computation, external features are rarely used in remote
sensing application.

Many algorithms have been proposed to represent the
internal features (Matheron, 1975; Serra, 1982; 1986; Lee et

_al.,1986; Sternberg, 1986; Destival, 1986; O'Brien, 1989; Vogt,
'989; Zheng and Zhou, 1992). The morphological skeleton
and shape decomposition are two of the most commonly
used. Because the skeleton operation is highly sensitive to
noise, it is most suitable for describing simple and regular
objects in a filtered image. Shape decomposition based on
mathematical morphology is a general and effective ap-
proach for describing the geometric shape of various tar-
gets. The concept of measuring the successive results of the
morphological openings on an image by different sized
structuring elements was initially suggested by Matheron
(1975) and Serra (1982, 1986). Matheron provided a basic
representation theorem about granulometric size distribu-
tions. Intuitively, a binary image is referred to as a series of
grains, and the grains are sieved through morphological
opening operations with increasing size of structuring ele-
ments. These residual areas of the filtered image form a size
distribution that is indicative of image structure. A full
discussion of granulometric analysis and its relation to siev-
ing can be found in other studies (see, for example, Giardina
and Dougherty, 1989; Sand and Dougherty, 1992;
Dougherty et al., 1992; Shih and Pu, 1992).

The objective of this paper is to present a new application
of shape decomposition through morphological operations
in exacting geometric features in tree canopy images for
identifying three different types of young conifer trees.
Based on the idea of granulometric analysis, we developed
a method using linear structure elements of different direc-
tions to probe the structural size distribution of a canopy.

ixperimental results showing the effectiveness of the ap-
proach for extracting shape signatures of tree canopies are
presented.

MATHEMATICAL MORPHOLOGY

Mathematical morphology provides an approach to the
processing of digital images that is based on
geometric shape. It uses set operators such as union, inter-
section, and complementation (Flouzat, 1989). Properly
used, mathematical morphological operations tend to
simplify image data, preserving their essential shape char-
acteristics and eliminating irrelevancies (Haralick et al.,
1987). Different operations in mathematical morphology
are generated by a structuring element — a particular shape
of pixels — acting on the objects independent of the size,
shape, and grey level. When acting on complex shapes, the
compositions of the operators are such that they are able to
decompose the shapes into their meaningful parts and to
separate the meaningful parts from their extraneous parts.
Such a system of operators and their compositions permit
the underlying shapes to be identified and reconstructed as
best as possible from their distorted noisy forms. In addi-
tion, they permit each shape to be understood in terms of its
decomposition, since each part of the decomposition is
relatively simple.

Structuring Elements

In mathematical morphology, structuring elements are
considered to be probes or special tools for looking at im-
ages (Pratt, 1991). The simplest structuring element is a
single point. If the point is on the origin, we have an identity
transformation, or exact copy of the original image. A line
structuring element consists of a contiguous linear sequence
of points, with the origin at the middle. Since translation
commutes with Minkowski Add (Minkadd) and
Minkowski Subtraction (Minksub), placing the origin some-
where else would only modify the result by a translation.
Theline structuring element has a length and an orientation,
and is clearly used to locate linear structures, particularly
those with fixed orientations, less than a certain length. If
linear structures of unknown orientation are to be found, a
union of lines at different orientations can be used.
Directional filtering belongs to this processing family.

Square, hexagon, and octagon are some homothetic
structuring elements. The hexagonal grid has an advantage
over the square one, since a hexagon is much closer in shape
to a disk than a square; hence, it is less sensitive to direction.
Larger structuring elements can be decomposed into
smaller ones. Thus, the equivalent of a complex structuring
element can be achieved by applying a sequence of simple
ones with a reduced computation requirement (Haralick et
al., 1987). Decomposing complex structuring elements is
based on the following four important identities, two for
dilation/Minkowski addition, and two for ero-
sion/Minkowski subtraction:
¢ Union Decomposition:

X®(5U5)=(X®SHUXDS)y) (€))
XO(5US5))=((XO05)U(XOS)); V)

¢ Dilation Decomposition:

XO(5:95))=((X®5)®8S))) 3)
(X@(Sl®52))=((X@S1)952). 4)




Equations 1 and 2 allow one to

" decompose a Minkadd or Mink-
sub operation by any large struc-
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turing element into a union of
Minkadds or intersection of
Minksubs by smaller structuring
elements whose union makes up

the larger one. This ‘union

Structuring
Elements

decomposition’ is akin to break-
ing alarge number into a ‘sum’ of
smaller components. Equations 3
and 4 allow one to decompose the
dilation or erosion by certain
large structuring elements (those
that can be constructed by the
Minkowski addition of smaller ones) into a sequence of
successive dilation’s or erosions, each step operating on the
results of the last one, simplifying the computation com-
plexity (Zhuang and Haralick, 1986).

Figure 1.

Morphological Transformation and Operators

All morphological transformations are non-reversible.
For recognition and classification, only the signatures that
canrepresent the essential shape and structure are extracted
through morphological transformations. Two basic opera-
tions are dilation and erosion, defined as Minkadd and
Minksub, respectively.

Dilation, D(A,S) is defined as:

DA, S= Y A+s (5)
sesS

where A is the image and S is the structuring element; s is
an element in S. Dilation has the effect of “expanding” an
image object.

Minkowski difference is defined as:

A®S= mSA+s. ®)

Se

In Equations 5 and 6, A is translated by every element of
S and then the union and intersection are taken, respec-
tively. Erosion of A by S is defined as E(A,S) = a@®(-S).
Eroding an image by a structuring element S has the effect
of “shrinking” the image in a manner determined by S. If -S
=S, that is, if S is symmetric, we have E(A,S) = 20(S). Based
on these two operations, opening and closing are defined.
They play a central role in image morphological analysis.

Opening is defined as:

O, 9)=[A6(-5]® S=DIE(4,S),S]. @
Closing is defined as:

C(AS=[A®(-S]1OS=EI[D(A,-S),-S]. ®

The process of morphological feature extraction.

Morphological Feature Extraction

Spectral signatures and textual features are two fun-
damental types of information for classifying image pixels
into different classes. In many applications of computer
vision, we need to identify an object, which may consist of
many pixels, as a whole. Characteristic parameters such as
the size and shape of an object are necessary for repre-
sentation and recognition of the object. Shape repre-
sentation and recognition of objects require the transforma-
tion or preprocessing of an original image into a series of
points or curves that can reflect the geometric properties of
the object. ‘

For object identification, we wish to extract new parame-
ters from the preprocessed image that can effectively repre-
sent different objects. The information revealed by the new
parameters is completely determined by the feature extrac-
tion procedure. In this study, the feature extraction is real-
ized by applying morphological operations to the pre-
processed image with different structuring elements. The
procedures of morphological feature extraction used in this
study are shown in Figure 1.

GRANULOMETRIES AND PATTERN SPECTRA

A pattern spectrum generated from morphological
transformation with a family of structure elements
reflects the shape and size characteristics of the object. The
idea is to apply opening operation to decompose an image
through a series of structuring elements with a specific
shape. The opened images are compared with the original
preprocessed image to generate measures with respect to
different sizes of structuring elements with the same shape.
These measures can be used as shape signatures of the
preprocessed image and can be plotted as a pattern spec-
trum. Different shapes of structure elements can generate
different pattern spectra.

Let {S(n) | n =1, 2, ..., N} be a series of structuring
elements, and S(n) = n So, So is a structuring element that
includes the origin. A is the preprocessed image. {A(n) | n
=1,2,...,N}is the sequence of images being opened, where
A(0) = O(A,S0). A(n) = O(A, nSo),n=1,2,...,N. According
to the properties of opening operation, if n >m, then A(n) c
A(m). Therefore, the sequence {A(n) | n=1,2,..., N}, a set
of images with object sizes decreasing as the structuring




lement gets larger, provides shape and size information
pout the image A.
Let CARDLA(m} be the measure of the cardinality of Afn).
Because A o A(0) = All) = Al2) = ... © A(N), the following
relations hold:

CARD [A] 2 CARD [All)] 2 CARD [A()] = .. =
CARD [A(N)]. (9

As long as S consists of more than a single point and K
is large enough, (1 < K < N), then

CARD Al 2 CARD [AM] =2 CARD [Al)] = ... =
CARD [A(K-1)] 2 CARD [K] = CARD [A(K+1)] = ... =
CARD LAINY] =0, {10}
The mapping n — (A, nSo} is called a granulometry, and
the function CARIN Afn)| 15 known as the size distribution
generated by the granulometry {Dougherty e al., 1992).
Although CARD[A(n} 15 increasing and translationally
invariant, it is not rotationally invariant unless the structure
element 5q is a closed unit disk. Therefore, granulometric
size distributions are sensitive to orientation. This prop-

Granulometric size distributions can be employed to
study shape-size complexity, multiscale shape repre-
sentation, and symbolic image modelling, which can be
used as signature parameters for pattern recognition and
classification.

EXPERIMENT ON CHARACTERIZING YOUNG
CONIFER TREES

Al'l experiment was designed and conducted to extract

the crown shape parameters from i‘lhntngr.‘lphﬁ o
three young trees, fir (Plate 1a), spruce, and pine (Plates 2a
and 2b, respectively). The purpose was to test whether the
size distribution parameters obtained from these three
vouing tree species can properly distinguish these species.
The photographs were taken at Petawawa National Forest
Institute during a clear day in early June 1991, To evaluate
the effectiveness of pattern spectrum for representing
crown shape, some preprocessing is needed to separate the
tree canopy from the background. This requires image

erty may be used to extract the directional texture struc-
ture in an image with linear structuring elements.

Different shapes of image objects can lead to different
size distributions when opened by the same structuring
element. Different size distributions may be obtained

rom opening with different directional structuring ele-

Jaents to the same image. As long as the objects are not
absolutely symmetric, when a family of structuring
elements with the same direction but different sizes are
used, different geometric properties of the image can be
revealed. Therefore, should an image contain intricate
texture and shape properties, they would be revealed
by granulometric analysis and represented by pattern
Spectra.

To eliminate the effect of different unit to size dis-
tribution, it is necessary to normalize the size distribu-
tion CARDN Afn}] by introducing the function

CARD [A (m}]

Etn)=1~
i CARD [A]

(11}

It is clear that 0 < Fin) = 1 and Fin} can be regarded
as a probability distribution function, Its derivative
Fin} is a probability density function. It has become
popular to refer to the normalized granulometric size
distribution density as the pattern spectrum of the
image (Sand and Dougherty, 1992). Using F'(m), we can
compube the moments:

m" =F n Fimdn {12)
o

where we assume that n = K is the point where F'in)
anishes, The moments i can be employed as feature
parameters,

lch

iy

Plate 1.

The original colour photograph of a young fir tree {a); clustering results
(b); contextual adaptive filtering resulis {c); and morpholoegically
filtered results (d). The background noise has been gradually
suppressed, (d) was used as an binary image for the granulometric
amalysis,




Leh {di

Mate 2,

The original colour photographs of a young spruce tree (al and a young pine tree

J 1if the class of £ (x, y) 15 lenf

el ltl'ur!rrm-r:: (14)

fix =Y Him,n) {15)
fyim mpe W

jﬁ.(_-r,y}=z tim. m) (16}

b, w1 E WY

(x, ) =
1’ Viff (x wi=1amd (fy (x, 9) > Tpand fi {2, 1) =T}
|0 atherinze

(17}

where w is a kernel centred on (x,y). After some
experiments, an 11 by 11 neighbourhood was
selected for this study. 0 < Thand Th < 11 x 1T are
thresholds empircally determined; glx.y) is the
enhanced image (see, for example, Plate 1c).

Morphological Filtering

Morphological filters were used to further re-
duce noise in the images. Structuring elements
were carefully selected. Opening operations
helped to reduce external noise, while closing
operations helped to reduce internal noise, The
improvement in noise reduction can be observed
by comparing Plate 1¢ with Plate 1d. In Plate 14,
much background noise has been removed from
Flate 1c.

{b). The post-processed images of the spruce (c) and the pine (d) were used in the

granulometric analysis,

segmentation with some noise reduction, such as contextual
and morphological filtering, Shape parameters can then be
extracted through granulometric analysis. The processing
procedures are shown in Figure 2.

Trage Segmenbation

A K-means clustering technique was applied to segment
the original image into two classes, tree and background,
based only on the spectral information of the image. Be-
cause of the spectral signature confusion between the tree
and the background, the “tree crown” cannot be completely
separated from the background. Too much noise appears in
the binary image of the tree crown (see, for example, Plate 1b).

Coritextual Filtering

To eliminate the background noise, contextual informa-
tion was considered. A window was used to find the noise
points to be removed based on the following ﬁd.!l,‘lﬁ‘.'q_" fil-
tering technique.

For a binar}- image f{x, ), construct two parameter
matrices:

1 if the elass of f (x, 1) is branch

Iy (2,
b iE YV =1 0 otherwise

(13}

Shape Sigmature Extraction

With a family of structuring elements of the
same shape, we can sieve the image through a
series of opening operations to generate a pattern spectrurm
for each tree canopy. In general, to probe the pattern spec-
trum fora specific shape, such as circles with different sizes,
the family of structuring elements with similar shapes (not
exactly the same because they are rasterized versions)
should be used to sieve the image, Because there is no
regular grain for a young tree canopy, we designed bwo
tvpes of '-.tru:.tunng elements, lines and disks. A series of
linear structuring elements with eight directions (0°, 22.5°,
45°,67 5", 0%, 112,57, 135°, 157.5") were applied to calculate
the size distributions. For every direction, the length of the
linear structuring element was gradually increased during
the morphological opening process until each tree crown
was completely sieved through with no crown residuals on
the resultant image. For a structuring element of a particular
size and direction, a parameter was obtained through divid-
ing the tree crown area in the filtered image by that in the
original binary image (the division part in Equation 11). For
each direction, a parameter vector was thus obtained, with
each vector element corresponding to a specific size of a
linear structuring element. Such a vector is the size distribu-
tion, as mentioned in the “Introduction.” To compare the
ettects of linear structuring elements of different directions,
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Figure 3.

Size distribution of young fir tree crown obtained using linear
structuring elements.
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Figure 4.
Size distribution of young spruce tree crown obtained using
linear structuring elements.

interpolation was applied to ensure that the length units
among different directions were the same. Size distribution
parameters can be tabulated or graphically plotted. Figures
3, 4, and 5 were obtained from the processing of the fir,
spruce, and pine image, respectively. It can be seen from
those figures that as the direction of linear structuring ele-
ments changes, the pattern spectra are different. This indi-
cates that the distribution of tree branches and leaves is
directional.




A series of different sized disk-shaped structuring ele-
-nents, which were translation and rotation invariant, were
simulated. They were then applied to the three binary im-
ages. The morphological filtering results are presented in
Figure 6 using the size distribution parameters. It is clear
from Figure 6 that the size distribution parameters are differ-
ent among the three tree species. This is also supported by
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Figure 5.

Size distribution of young pine tree crown obtained using linear
structuring elements.

Figures 3, 4, and 5. Therefore, size distribution parameters
are effective in characterizing these three tree canopies.

SOME PROBLEMS AND DISCUSSION

Preprocessing

Our experiment is based on the assumption that the tree
crown can be completely separated from the back-
ground based on the spectral and contextual information,
which may not be possible using the simple clustering
technique of K-means in practical application. Advanced
algorithms may be needed for separating individual tree
canopies from their background.

Shape of Structure Elements

If the scale of images is large enough to allow tree leaves
to be observed, structuring elements with shapes similar to
the various types of leaves may be useful in generating
distinct shape signatures.

Orientation

The distribution of a tree canopy may have a specific
direction in a specific ecological environment, which makes
it possible to use directional structuring elements. We used
eight directions to generate canopy pattern spectra. In some
cases, linear structuring elements with 16 directions may
provide more information about the shape of a crown and
the density of the branches and leaves.

Morphological Texture

Texture information can be obtained
from local size distribution, in which only

Size Distribution for Three Young Trees

pixel windows rather than the entire image
are used to measure the size distribution. A
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Figure 6.
Size distribution of young fir tree crown obtained using disk-shaped structuring
elements.

local pattern spectrum can be produced for
each pixel. In pixel classification, a homo-
geneous area having similar texture should
have similar pattern spectra. Local pattern
spectra may therefore be used to improve the
classification accuracy.

Tree Recognition

We only took three images of young con-
ifer trees in our experiments, and the differ-
ences of the geometric parameters and pat-
tern spectra for the trees are considerably
large. Further work is necessary to check if the
same kind of trees produce similar geometric
parameters.

120 CONCLUSIONS

orphological transformation is an effec-
tive approach for revealing the struc-
ture and texture information of certain fea-
tures in an image. Structuring elements play
a key role in morphological transformation




-nd filtering. Pattern spectra based on size distribution

arameters are different for the three different kinds of trees
studied here, reflecting the difference in structure of these
trees. Should an image contain intricate texture properties,
they would be revealed by granulometric analysis. Linear
structuring elements with different directions can probe the
distribution and shape of a tree canopy. The differences
between pattern spectra from size-distribution parameters
with linear structuring elements are significant. Morpho-
logical operations based on disk-shaped structuring ele-
ments seem to be sufficient for differentiating the young fir,
spruce, and pine trees.

To conduct granulometric analysis, the colour photo-
graphs must be preprocessed to convert the colour photo-
graphs into binary images. This was achieved in this study
through clustering, contextual adaptive filtering, and mor-
phological filtering. During the contextual filtering and the
morphological filtering stages, a large amount of analyst
interaction was required. To improve the processing effi-
ciency, further research is required to evaluate alternative
preprocessing strategies. Further study should also be made
to reduce the amount of computation required in extracting
structural features based on the morphological operations.
Decomposing the structuring element during the morpho-
logical operation needs to be tested (Zhuang and Haralick,
1986; Boomgaard and Balen, 1992). Classification algo-
rithms may be applied to classify tree species based on size
distribution parameters of tree crowns. The role of different

“‘mage resolutions should be investigated for close-range
sround-based tree species recognition because in ground-
based photographs the scale of trees at different distances
from the camera changes to a significant degree.
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