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ABSTRACT: Scanned multispectral aerial photographs were used to estimate tree and stand variables by
means of standard and novel digital image processing methods. Individual tree crown detection and delinea-
tion were realized by the brightest pixel technique, template matching, edge detection in gradient direction,
pixel tracing and cost surface generation. Several algorithms were tested and implemented into a program
“Kernel processor”. Automated classification of tree species was carried out in the Idrisi32 environment using
traditional and soft classifiers. Bayclass soft classifier provided the most precise results. Described procedures
enable to create special forests maps that can be used in alternative or simplified forest management plans at

protected territories.

1 INTRODUCTION

Multispectral and colour infrared aerial photographs
still remain important sources of information for de-
tailed inventories in forestry, though they are partly
edged out by satellite images of high resolution.

Both the visual interpretation of photographs and
the computer classification of digitized images allow
estimation of tree and stand variables as well as
other characteristics of the forest ecosystem. Result-
ing information in many cases supports, comple-
ments of replaces laborious terrain data acquisition.
Besides, images of high spatial resolution can pro-
vide further detailed information on the texture,
shape, area, and mutual influence of particular tree
crowns and thus contribute to the high-quality proc-
essing and investment valorisation of the image ac-
quirement. A basic unit for this information is just
an individual tree whose visual, automatic or semi-
automatic identification serves as a key for approxi-
mation of the real tree characteristics.

Operators working on remotely sensed data are
usually confined to the usage of commercial soft-
ware packages that in most cases offer only standard
algorithms of image data processing. In general
there are no special methods for processing forest
images, such as tree top or crown detection, special
edge detectors etc. Current situation is on the one
hand caused by specific algorithms nature, repre-
senting either intellectual property or a form of sub-
ject expertise, on the other hand by the cost of im-

plementation of these technologies that is too high
for common users.

In our research the latter case brought us to im-
plementing some of these algorithms into software
product to facilitate tree top detection, crown de-
lineation and other processing steps that are rarely
available by common software.

In this paper we present some of these image-
processing methods, together with tree species rec-
ognition by means of soft and hybrid classification.
Multispectral aerial photographs were used as main
source data (although colour infrared ones would be
equally appropriate), as in Czech Republic practi-
cally all large area protected territories were in past
covered by MSK4 camera multispectral photo-
graphs.

2 MATERIAL AND METHODS

The study area (approximately 1km® covers north-
ern part of Purkyne Reserve and adjacent forest
stand in Josef valley (Josefovské udoli). The site is
situated 5 km to the north-east of Adamov at pro-
tected landscape area Moravian Karst. Prevailing
deciduous forest is represented (according to Czech
forest typology classification) by forest types 4D3
Fageta dealpina, 1CD3 Corni-acereta campestris
and 3BC3 Querci-fageta tiliae-aceris.

Multispectral aerial photographs for Czech Na-
ture Protection Agency were taken 23/7/1990
(12.45-14.30h) in four spectral bands using MSK4
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multispectral camera (format 55 x 80 mm, filters
480, 540, 660 and 840 nm). The flight height was
4500 m, overlap 60 % and sidelap 30 %. Our site
was covered by 535 28 and 535 29 scenes.

3 PRE-PROCESSING

Each spectral image was scanned with a spatial reso-
lution of 600 dpi and intensity resolution of 256 lev-
els of grey. With mentioned parameters single tree
crowns contained approximately 90-120 pixels per
crown.

Individual channels were transformed into identi-
cal position using polynomial transformation. Col-
our compositions were made using subtractive col-
our model CMYK and all 4 spectral bands; they
were subsequently transformed into RGB model
(Sumbera 2001).

4 IMAGE SCALE SPACE

Apparent forest structure depends on spatial resolu-
tion that in case of scanned aerial photographs is af-
fected by flight height, camera focal length, image
size and resultant pixel resolution. The type of in-
formation that can be obtained is largely determined
by the relationship between the size of the actual
structures in the data and the size (resolution) of the
operators (probes) (Lindberg 1996). If we don’t
know priory the size of structures we need to derive
a set of images representing the original signal at
different levels of scale. Primary aim of the scale
change is to remove fine details like individual
branches in tree crown while preserving coarse
structures like crown boundaries. We have used two
spatial operators for scale change:

1. linear isotropic normalized Gaussian filter
(primary used here for tree top detection)
2. nonlinear anisotropic diffusion (used for tree

crown delineation).

4.1 Gaussian filter

The image representation L at scale level 7 (t=c%)
is given for instance by Hlavac (1998):

L(x,0) = L(x,0)* G(x;0)
R xx
Q2ro)'? | 20°

G(x;0) =

where L(x,0) is base image resolution and d is im-
age dimension. Linear Gaussian filter on image can
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be interpreted also as iteration step in isotropic linear
diffusion equation:

L, =8—L=V2L =AL=L_ +L,k
as J)

(for 2D), stating that the derivative to scale equals
the divergence of the gradient of the luminance
function, which is the Laplacean sum of the second
partial derivatives (Romeny 1999). A proper ¢ was
taken by the scale where first derivation of general-
ized entropy over the scale space set of images
reaches maximum. This approach was suggested by
Jagersand (1995) and used for tree crown detection
by Brandtberg (1999). Generalized entropy of order
o € R, where R is real number, was defined in con-
formity with Sporing et Weickert (1997):

o

1 1(x)
S [P(t)]=——In
L= Z D I(x)
icimage

for oo #1. The equation was used with oo = 5.0 and
normalized with the maximum possible entropy
value Ln (N X M) where N resp. M represents the
2D image size.

4.2 Nonlinear diffusion smoothing

Alternatively we have used new anisotropy diffusion
smoothing presented in the paper of Perona et Malik
(1990). They proposed the anisotropy diffusion filter
as a diffusion process that encourages intraregion
smoothing while preserving interregion smoothing.
They suggested the following equation in which the
conduction coefficient ¢ is not constant in space, but
is rather a function of the magnitude of the intensity
gradient of the image:

3I(x,t) =V -®(x,1)
ot

O(x,1) = c(x,))VI(x,t)
c(xt)=f(VI(x,0)])

where /(x,#) is the image, x refers to the image axes
and ¢ refers to the iteration steps. @ (x,7) is the flow
function and c(x,#) is the diffusion function. By this
process the amount of diffusion at each point in the
image space is modulated by the function ¢ (x,7) and
the image gradient at that point. They choose to
make c(:) a monotonically decreasing continuous
function of the image gradient magnitude. Evalua-
tion of this function in a moving window process
makes it possible to define smoothing amount for
the central pixel according to the diffusion results of
the eight closest neighbouring pixels. An exponen-
tial function was used in this study as a decreasing
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function, but an inverse function of image gradient
could be used as well.

¢ (x,t)= exp[_ [W[(sz”j ]

K is referred to as the diffusion constant. The
function increases with the gradient to the point
where| VI |z K, and afterwards decreases to zero.
This function behaviour implies that the diffusion
process maintains homogenous areas where
| VI |<< K since the flow function is small in sec-
tions where| VI [>> K . The highest flow is reached
when the image gradient magnitude approximates to
the value of K. Hence by choosing coefficient K to
reflect gradient magnitude produced by noise the
diffusion process can be utilized to decrease noise in
images.

In our study a discrete implementation of the ani-
sotropy diffusion was derived, as used by Gerig et al
(1992):

I(t+Af) = I(t)+At%] =

1)+ AU(G, 6, + 6, —6,) | A <
1+n

where @, ®,, D, D;, denominate a flow function
for pixels located in the n=4 directions from the cen-
tral pixel and A¢ is the integration constant. To
compute diffusion implies the increment of pixel
flow located in the neighbourhood of the processed
pixel.

5 INDIVIDUAL TREE DETECTION

Automated tree crown identification has been sub-
ject of many research papers. Here we should quote
at least some essential methods. Pollock (1996) pro-
posed synthetic crown template with respect to the
crown shape and size, angle of sun illumination, and
quantity of received and reflected light. These crown
templates were then correlated to the forest image.
Larsen (1998) enhanced crown template to the cam-
era scanner angle. Gougeon (1995) adopted the
method of tracing spectral minima located between
crowns, known as "valley following". Walsworth
(1999) proposed to find tree crown top as union of
“ridges” lines obtained by the double aspect tech-
nique in four directions; tree crowns were estimated
by the cost surface generation. Culvenor et al (1996)
detected tree tops as the local brightest pixel and the
region growing technique delineated tree crown.
Dralle et Rudemo (1996) conceived the problem of
tree top searching in a similar way. Their activity
lied in research of optimal image smoothing for tree
counting, providing best correspondence to the
ground truth. Brandtberg (1999) studied dependence

of two-dimension variograms for texture detection
and identified tree crowns by differential geometric
operators. Korpela (2000) determined tree tops from
image stereopair.

In spite of all above mentioned activities, the tree
top detection and crown identification are not very
often used in Czech forestry research.

A convenient set of basic methods for tree top
identification is presented thereinafter. The problem
of single tree identification can be subdivided into
two partial tasks:

1. Tree top searching,
2. Tree crowns delineation.

5.1 Tree top detection

The tree top identification is based on two principal
assumptions, namely that the spectral reflectance (in
the study only beech and spruce were considered) is
higher than the rest of the crown and that the image
was captured during highest solar elevation. Under
such conditions reflectance is decreasing downwards
the tree top, thus the crown is presented in form of
cone or oval shape. In such a way the tree top corre-
sponds to the brightest crown point (Niemann et al
1998), see Fig. 1. Tree crowns on high spatial reso-
lution images usually do not represent ideal geomet-
ric shapes (spheres or cones) that could simplify tree
tops detecting. This is the reason for the image to
undergo scale change by the smoothing process.
Gaussian linear isotropic filter (see above) was ap-
plied to solve this problem. The actual process of the
tree crown searching was modified in this study and
called "iterative brightest pixel". Main part of the al-
gorithm is based on a filter in the moving window
choosing the pixel with the brightest reflectance lo-
cated in its centre. In such a way, smaller or larger
tree tops can be identified depending on the window
size. The supplemental finer conditions were added
to define possible crown reflectance disproportion,
for instance an incorrect pixel in different places of
an illuminated part of the crown. Furthermore,
threshold values for the central pixel were deter-
mined to eliminate certain amount of defectively
demarcated crowns tops. An example of the process
is shown at Fig. 1.

Figure 1. Example of tree top detection using iterative brightest
pixel algorithm. From left: original image, scaled image, de-
tected tree tops.

Some tree tops might not be detected by the de-
scribed steps, as they either lie in shadow, or their
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colour properties do not match the given condition
of the brightest central pixel. However, their number
is quite low in comparison with tree tops detected by
the above algorithm. An area-based template match-
ing technique can look up such tree tops. This
method determines the correspondence between a
sample image (¢) and the original image (f) accord-
ing to the similarity of their grey level values. The
sample (template) is derived from the original image
where tree tops were not yet identified. Thus this
step is semi-automated. The size of sample image is
either 3x3 or 5x5 pixels. The template matching be-
tween the sample and the compared part of the im-
age is done by a normalized cross correlation for-
mula:

Z{f(x,y)—fu,\}{t(x—u,y—V)—;}

X,y

\/Z{f(x,w—f,,,v} Z[z(x—m,y—v)—?}

x,y xy

where f is the image, the sum X of pixel values is
computed according to the size and actual location
of the template ¢ positioned in u, v of the image,
S, is arithmetic mean f{x,y) at the place of the
template actual location and ¢~ is arithmetic mean
of the template.

The tree top was chosen from all correlation val-
ues using the method of the brightest pixel where
p>0.55. In case of duplicity in tree top identification
a new filter was introduced performing duplicity re-
moving. This filter application, realized similarly by
the moving window, is based on resulting image ad-
aptation with a special attention to the side effect of
complementary conditions that can produce duplex
tree top identification.

5.2 Tree crown delineation

5.2.1 Edge based tree crown delineation

The goal of the edge detection is to determine the
pixels in the image with correspondence to the ob-
ject boundaries seen in the captured scene. It is natu-
ral to define edges as those points where the gradient
magnitude assumes a maximum in the gradient di-
rection. Thus edges are defined by the differential
geometric approach (Lindberg 1993), also known as
non-maximum suppression. For the purpose of the
method explanation, it is possible to consider, for in-
stance, an ideal tree crown in the sphere or cone
shape, supposing the illumination is vertically per-
pendicular to it. Then the tree crown is build up from
isosurfaces (contours) gradually increasing from the
tree top center. Next we introduce a new orthonor-
mal coordinate system (u, v) at any image point
where v - axis is parallel to the gradient direction of
the pixel intensity L at the given point, and u - axis
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is perpendicular to it. It means u - axis is almost par-
allel to the tangent of the corresponding isosurface:

(cosat, sincr) = (Ly Ly) / (L +L,* )",
The local directional derivative operators in this
curvilinear coordinate system follows:

dy = c0s0. dy + sinoL dy; dy = sina. dy+ cosot dy

At an arbitrary image point the gradient magni-
tude is equal to oL further marked as L . The edge
can be identified as a point, the first derivation of
which in the gradient direction reaches the maxi-
mum (L , = max), the second one is zero (L,y = 0)
and the third one is negative (Lyyy << 0). Here L,y
or Ly, is computed as a result of transformation
from curvilinear system to the Cartesian system:

L _+2L L L +IL

L,_— x 7 xx x Ty Txy YW
L+r)
3 2 2 3
— LX Lxxx + 3LXL\’ Lxxy + 3LV Ly LX\{\’ + L,"' L)'J;V
v 3
i+

where Lx, Ly and their combination are the deri-
vation in the x,y directions. Two passes of the mov-
ing window (process?) realize edge detection. In the
first pass the derivation values are calculated and in
the second one an image gradient value only dis-
played in areas satisfying criteria mentioned above.
Thus output edges from the process are marked by
the one of the 256 brightness values corresponding
to the gradient magnitude rather then to be displayed
only as binary image. In such a way significant
edges can be detected easily from those of less im-
portance, for instance by the method of thresholding.

The edge segments obtained by the differential
geometric approach are obviously very often discon-
tinued due to the heterogeneous nature of their adja-
cent regions. Then complete object boundary de-
lineation consists of composition of the different
edge gradient values. This is the reason why the
threshold method cannot detect the object boundary
entirely. Thus morphological and conditional opera-
tors were introduced for usage in task of continuous
object boundary linking:

Joining nearly-linked pixels;

Removing small, isolated groups of pixels;
Morphological thinning of edges;
Removing of unconnected segments.

e

Joining of nearly linked pixel is based on the fill-
ing of the gaps located between single pixels in eight
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- directions counting the central pixel in the moving
window. A morphological thinning is based on the
binary comparison of structure elements sequence
By = {Bi;, Bz} with the image, where i signifies a
sequence and B; is a subset of X (image objects)
and B, is a subset of X° (inversed image, it means
the background). In the spot of coincidence of a
structural element and the image, reducing by one
pixel takes place. For one sequence, it is possible to
express the operation in the following way
(HLAVAC 1992):

K@B= Q08N (K08, XeBk = X|X@EB)

where 2 is morphological erosion, & is a mor-
phological thinning and & means a binary compari-
son (either hit or miss operation). An example of the
process is shown at Fig. 2.

Figure 2. Example of crown delineation by edge detection in
gradient direction. From left: original, detected edges, adjusted
edges by morphological operations.

5.3 Tracing spectral minima

The original method, known as "valley following"
(Gougeone 1995), works as a filter in the moving
window. In each processed area a procedure is run,
testing if the central pixel (i.e. the starting pixel for
tracing) interferes with any neighbouring pairs of
minimum pixels. (In total four tests are run for hori-
zontal, vertical, and two diagonal neighbouring pix-
els). If a condition is accomplished, the program re-
cursively continues tracing in four main directions
and tests and marks pixels using the same condi-
tions. As the algorithms are incorporated into the
moving window, all image pixels are tested as start-
ing pixels for tracing. The individual steps of entire
process are outlined as follows:

1. Visual tresholding of image to separate the for-
est areas from the non-forested areas;

2. Scanning the image with 3 x 3 moving window
to find local spectral minima;

3. Spectral minimum region growing for each
found pixel;

4. Edge adjustment (mentioned above).

An example of the process is shown at Fig. 3.
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Figure 3. Example of crown boundary detection by tracing
spectral minima. From left: original, traced image, final
boundaries.

5.4 Cost surface generation

The last method for tree crown delineation makes
use of cost surface generation and is strongly linked
to the precedent tree top detection. Located tree tops
are used as starting point for crown filling, thus de-
lineating its borders. For this filling a Cost-
Push/CostGrow algorithm from the Idrisi for Win-
dows software package was used. This algorithm
uses a crown reflectance surface and calculates cost
distance surface. The movement from the tree top is
realized in eight directions; it means that around
each tree top circular rings of distances are created,
depending on the (friction) crown surface (Eastman
1989) The output crown cost surfaces were then
processed by the valley-following algorithm men-
tioned above. An example of the process is shown at
Fig. 4.

Fig. 4. Example of crown separation by cost surface produc-
tion. From left: original, inverse cost surface, crown boundaries
passed via tracing spectral minima.

6 AUTOMATED CLASSIFICATION

For needs of supervised classification and for classi-
fication accuracy assessment training sets were de-
lineated on areas representing individual major ob-
ject classes: Norway spruce (Picea abies), Scots
Pine (Pinus sylvestris), Eastern Larch (Larix de-
cidua), Sessile Oak (Quercus petraea), Crested
beech (Fagus sylvatica). Spectral signatures were
created, based on spectral characteristic of these
training sets. Particular procedures in IDRISI facili-
tate advanced fuzzy signature creation. The whole
process allows for data ambiguity and provides bet-
ter understanding of object nature. A traditional way
defines a signature as a spectral representant of the
only one and unique object, while concept of fuzzy
signatures allows creation of inhomogeneous spec-
tral response patterns with relations to other objects.
Following supervised classifications were realized
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over the area of interest. (The IDRISI module names
are given in the parentheses:

1. Maximum basic probability (MAXSET)

2. Supervised hard classification (MAXLIKE)

3. Supervised soft classification (BAYCLASS)

MAXSET hybrid classifier plays an interesting
role in the sphere of unsupervised and supervised
classifications. This Maximum Basic Probability
Classifier belongs to the transition area between su-
pervised and unsupervised classification. Although it
is run as if it were a supervised classifier requiring
training site data, in the end it behaves as if it were
an unsupervised classifier in that it can assign a pixel
to a class for which no exclusive training data have
been supplied (Eastman 1997).

For example, given training sites for conifers and
deciduous forest, MAXSET might determine that a
pixel more likely belongs to a class of mixed coni-
fers and deciduous forest than it does to either coni-
fers or deciduous exclusively. The logic that it uses
in doing so is derived from Dempster-Shafer theory,
a special variant of Bayesian probability theory. It
can give raise to the image whose composition is not
formed only by the classes defined in an unambigu-
ous way but also of those classes the user did not
considerate thus providing information on missing
training sites. Once a classification is processed, a
very important step is to assess a percentage of oc-
currences of the mixed classes.

BAYCLASS belongs to a group of soft classifi-
ers. Unlike hard classifiers, soft classifiers defer
making a definitive judgement about the class mem-
bership of any pixel in favour of producing a group
of statements about the degree of membership of
that pixel in each of the possible classes. Like tradi-
tional supervised classification procedures, each
uses training site information for the purpose of
classifying each image pixel. However, unlike tradi-
tional hard classifiers, the output is not a single clas-
sified land cover map, but rather, a set of images
(one per class) that expresses for each pixel the
probability that it belongs to each class.

BAYCLASS is closely related to the MAXLIKE
hard classifier, in that it computes the posterior
probability of belonging to each considered class ac-
cording to Bayes' Theorum:

P(hle) = P(e| h)* P(h)/y" P(e| h)* P(h;)

where:

p(hle) = the probability of the hypothesis being
true given the evidence (posterior probability)

p(elh) = the probability of finding that evidence
given the hypothesis being true (derived from train-
ing site data)

p(h) = the probability of the hypothesis being true
regardless of the evidence (prior probability)
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In this context, the variance/covariance matrix de-
rived from training site data is that which allows one
to assess the multivariate conditional probability
p(elh). This quantity is then modified by the prior
probability of the hypothesis being true and then
normalized by the sum of such considerations over
all classes. This latter step is important in that it
makes the assumption that the classes considered are
the only classes that are possible as interpretations
for the pixel under consideration. Thus even weak
support for a specific interpretation may appear to be
strong if it is the strongest of the possible choices
given (Eastman 1997).

7 IMAGE PROCESSING SOFTWARE
DEVELOPMENT AND IMAGE
MANAGEMENT

Current image processing software products seldom
come up with the possibility of user-specific opera-
tions. If a user needs something of that kind, is up to
him to develop necessary routines. Thus in our case
the software called "Kernel processor" was devel-
oped for Windows NT platform, performing all op-
erations presented above. The software architecture
is designed as a complement, enriching existing im-
age processing operations and functions (e.g.
Idrisi32 of the Clark Labs, Worcester, Ma). The im-
age processing functions are encapsulated into DLL
libraries that comply with a standard of the coding
similar to the user code applied in the ER-Mapper
program.

The management of raster data can be facilitated
by another developed application, “Image Storage”
that makes possible to store raster files in Oracle 9
database, allowing long transactions with the help of
Workspace Manager and finally localizing raster po-
sitions using Oracle Spatial Cartridge. Visualisation
of rasters is performed in Bentley MicroStation. De-
tails are given in Sumbera et Zidek (2002).

8 RESULTS AND DISCUSSION

A colour composition technique by means of a sub-
tractive colour model CMYK allowed using simul-
taneously all four data bands. This untraditional way
of processing turned out quite advantageous for cre-
ating training sites, permitting to take into considera-
tion all recorded spectral characteristics.

Moreover, CMYK composition enabled visuali-
zation of objects in natural colours thus providing a
robust support to visual interpretation of imagery.
Post-transformation of the CMYK colour composi-
tion into RGB colour model did not deteriorated im-
age quality; this transformation permitted to reduce
four channels into three.
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Hybrid classification by MAXSET module turned

out a very good one for the initial search of pertinent
classes and for data acquisition on the assessed ob-
ject signature accuracy. Results of MAXSET classi-
fier proved that the training sites for classes were
well chosen, because the representation of derived
combinations reached only 6%.
BAYCLASS soft classifier, based on Bayess theo-
rem of probability, appeared the most accurate one.
BAYCLASS reached 89% of success in the whole
process of classification, compared to 85% of
MAXSET and to 87% of MAXLIKE. Due to this
module it was possible to discern spruce with the
classification accuracy of 98% and pine with 84%.
In case of oak and beech results rather worsen,
probably by different degree of the crown reflec-
tance, where some parts of the crown closure in the
spectral image overlapped. Therefore these two spe-
cies were integrated into a mixture class oak-beech.
Then this mixed class demonstrated 90% of accu-
racy. Classified map is shown in fig.5.

BN oak

EEE oak-beech

EEN besch m |arch
N pine
spruce

Bayclass classes:

Josefovske
udoli

Fig.5. Bayes's classification of Josefovské udoli.

The image scaling by Gaussian smoothing repre-
sents a very important feature for number of de-
tected trees by the brightest pixel method and for ac-
curacy measures. Thus a set of image in different
scales was produced and for each image normalized
generalized entropy together with tree number esti-
mation were computed. A scale was chosen accord-
ing to the closest number of resulting tree tops from
the brightest pixel method related to the number of
trees counted on calibration site. Another purpose of
the scale change by Gaussian smoothing consists in
approximation of the crown surface to cone (in case
of spruce) or sphere (in case of beech). Brightest
pixel and its iterative alternative method proved very
fast, effective and accurate methods to detect major-
ity of trees. Valid kernel size was 3x3 pixels.

Digital classification of tree species and spatial structure of forest stands from remotely sensed
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The template method of searching for tree tops
provided solid foundation for generic tree identifica-
tion. Disadvantage of the method consists in a man-
ual tree crown samples selection from input image
that served as a template. Accuracy assessment of
the automated detection of the tree tops depends on
canopy thickness, tree species, image quality and
smoothing quality. To assess the accuracy of the ap-
proach, a sub sample of the processed area corre-
sponding to approximately 10% of the entire area,
was randomly selected and divided into 5 areas. The
number of tree crowns was counted within this area
on site. First area was used for calibration of the
proper image scale for used methods. The compari-
son is illustrated in Table 1.

Number of tree tops can be used in forest inven-
tory for preliminary evaluation of tree density.
Moreover, tree tops can serve as starting points for
further tree crowns detection.

Table 1. Accuracy of tree top methods. Mean error is computed
as an average % error of sites 2-5

Method for Ctrl Number of trees on site |[Mean
log(t) =-1.83 1 2 3 4 5 error
Ground truth 170 180 | 160 | 165 | 186
isually counted trees 165 168 | 154 | 151 174 6.3

[Template matching p=0.55| 165 182 | 172 | 162 | 162 58
Brightest pixel k=3 171 180 | 161 | 171 160 4.6
Iterated br. pixel =6 168 181 161 | 169 165 3.7

Tree crown detection using a tracing spectral
minima method turned out to be a logical division of
crown canopy. In this manner divided canopy to-
gether with tree crown tops provide basis for de-
tailed objective analysis of tree crowns by means of
both spectral and spatial characteristic. Results can
be used as important layers in GIS.

There is a certain relation between the edge de-
tection, tree top and tree crown. If the tree top is
formed by the brightest pixels and crown contour by
the darkest ones, detected edges of tree crowns rep-
resent the highest changes in crown intensity from
its darkest part to the brightest. Delineation of tree
crown by means of crown cost surface production
starting from the tree top proved to be suitable
method for assessment of the minimum surface the
particular crown can occupy. The method depends
on detection of all tree tops. Fig.6. shows subsets of
results produced by these algorithms.

Future development should focus on the accuracy
assessment of the image-based crown delineation al-
gorithms. For this purpose special equipments like
Field Map (IFER 2001) might be used enabling
more precise ground truth estimation of real crown
shapes.
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Fig.6. From left. Detected tree tops, tree crown delineation by
the cost surface, tree crown delineation by tracing spectral min-
ima.

9 CONCLUSIONS

Based on the presented results it is possible to sum
up following conclusions:

- Using available summer imagery, we did not
succeed to classify larch. For larch classification,
photographs from a spring season would be obvi-
ously more appropriate.

- Separation of oak and beech was not successful
with regard to their similar course of reflectance in
all four channels. Mixture growth characteristics of
stand did not allow creating a mask for only one par-
ticular species.

- Automated detection of tree crown tops by the
brightest pixel method allowed to asses number of
trees and their location. The detection can be con-
firmed by ground-truth measurements.

- Crown delineation tracing the spectral minima
facilitates a logical segmentation of images and pre-
pares a basis for a more accurate pixel classification.

- Tree crown edge detection in the directional
gradient of pixel intensities showed satisfactory re-
sults after further morphological operation.

- Tree delineation assessment methods constitute
a basis for further more convenient tree crown con-
tours analysis.

- As user-specific operations are rarely included
in current image processing, we have developed into
application (Kernel processor) particular routines
based on some above mentioned algorithms in
C/C++ programming language. Another application
(Image Storage) have been developed for storing and
management of raster data, allowing long transac-
tions, that are important for preserving intermediate
steps of images processing.

- Results of all above-mention methods open new
chances of application to forestry planning and man-
agement in Czech Republic.
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