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Abstract

The thesis of this work is that individual tree crowns can be automatically recognized in monoc-
ular high spatial resolution optical images of scenes containing boreal or cool temperate forests
in a leaved state. The thesis was advanced by developing and testing an automatic tree crown
recognition procedure that is based .on a model of the image formation process at the scale of
an individual tree. This model provides a means of applying specific scene and image formation
knowledge to the recognition task. The procedure associates instances of a three-dimensional
shape description with locations in a scene image such that the descriptions estimate the visible
scene extent of tree crowns that existed at the corresponding scene locations when the image
was acquired. This provides an estimate of the average horizontal diameter of the vertical
projection of individual recognized tree crowns, and a basis for species classification.

This work makes a contribution to the overall effort to increase the level of automation in
forest type mapping. This work also introduces and demons.trates the use of a pre-defined image
model to support the manual acquisition of a sample of unmodelled tree crown image properties,
and the use of constraints related to the spatial relationships among multiple neighbouring
candidate recognition instances to resolve image interpretation conflicts.

The procedure was tested with a écéne of mixedu uneven-aged forests in which the trees
represent a wide variety of species, size, and growing conditions. The results were assessed
on the basis of ground reference data and compared to those produced by human interpreters.
The scene represented a greater level of difficulty than that which has been addressed by
previous attempts at automating the tree crown recognition task. The test results show that
the procedure was able to largely accommodate the variation represented by the test scene, but
that human interpreters were better able to accommodate irregularities in tree crown form and

irradiance that were caused by tight vertical and horizontal spacing of the crowns.
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Chapter 1

Introduction

The thesis of this work is that individual tree crowns can be automatically recognized in high
spatial resolution optical images of scenes containing boreal or cool temperate forests in a leaved
state. The images are assumed to be monocular and verticall, and acquired under clear sky
conditions. We categorize electro-optical sensor images that are produced with a scene element?
dimension no greater than one metre as having high spatial resolution (this is explained in
Section 2.3.1). In the case of stratified forests, the scope of the thesis is limited to the crowns of
emergent trees and dominant or codominant trees belonging to the upper continuous stratum.
A secondary assertion included in the thesis is that constraining the recognition task on the
basis of knowledge of the sensing system, the sensing situation, and the physical characteristics
of trees can be the basis of an effective stratégy. This work is intended to contribute to the
increased automation of forest type mapping procedures.

The thesis was advanced by developing and testing an automatic tree crown recognition
procedure that is based on a model of the image fofmation process at the scale of an individual
tree. The procedure associates instances of a three-dimensional shape description with locations
in a scene image such that the descriptions estimate the visible scene extent of tree crowns that
existed at the corresponding scene locations when the image was acquired (Figure 1.1).

The procedure was tested on multispectral aerial digital images of scenes within the re-

search forest of the Petawawa National Forestry Institute (PNFI) near Chalk River, Ontario,

Yacquired with a nominally vertical optical axis
2region of flat and level terrain spanned by the sensor instantaneous field of view
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shape description Y -
image projection Sa

recognized tree crown

shape description ——\

Figure 1.1: Tree crown recognition scenario.

Canada. These scenes contain mixed forest and represent many different stand types, including
mixed hardwood and softwood stands, and a wide range of individual tree size. The images
were acquired with the second generation of the multi-detector electro-optical imaging scanner
(MEIS II), a pushbroom scanner (McColl, Neville, and Till 1983) and they have a 36 cm ground
projected pixel dimension. Figure 1.2 displays some of the test image data, scene variation,
and results that were produced by the recognition procedure.

The test results were evaluated on the basis of reference data that were collected by PNFI
personnel on the ground within the imaged scenes, and were compared to individual tree recog-
nition results that were produced by human interpreters from the same image data.

The remainder of this dissertation is organized as follows:

Chapter 2 provides relevant background information on forest type mapping and describes
and motivates a framework for automation in forest type mapping that incorporates the

individual tree crown recognition task.
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Figure 1.2: Subimages from the test image data and automatic individual tree crown recognition
results for 1 hectare subscenes. The subimages were extracted from the visible green wavelength
channel of the test image data. The image projection of the shape description boundary for
each of the recognized crowns is superimposed in white on the subimages in the right column.
The boundary of a 20-by-20 metre ground sample plot is superimposed in white on all of the
subimages.
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Chapter 3 discusses the individual tree crown recognition task in detail, and motivates and

describes a new automation strategy for achieving the goals of the task.

Chapters 4 and 5 respectively describe a tree crown image model and procedures based on

the model that implement the proposed automation strategy.

Chapter 6 describes the experiment that was performed in order to test the proposed au-

tomation strategy and presents an evaluation of the results.

Chapter 7 summarizes the dissertation, discusses what the experimental results reveal about

the validity of the thesis, and suggests further related research directions.




Chapter 2

Background

The work that is described in this dissertation is intended to contribute to the automation of
forest type mapping procedures, particularly those that are carried out in Canada. These pro-
cedures and the motivation for increased automation are outlined in Section 2.1. A framework
for automation that incorporates the individual tree crown recognition task, which is the focus
of this work, is described in Section 2.2, and technical factors that motivate and support this

particular framework are described in Section 2.3.

2.1 Forest Type Mapping

A forest type map stratifies an area of forested land in order to enhance the efficiency of ground
sampling for forest inven>tory. A stratum is composed of forest stands of a particular type.
Normally, the purpose of a forest inventory is to provide an estimate the spatial distribution of
wood volume (Gillis and Leckie 1993; Gillis and Edwards 1988). Forest inventories have also
been adapted to estimate the spatial distribution of wildlife habitats, and there is increasing
pressure to make new inventories even more suited to this purpose (O’Brien and Chojnacky
1992; Schroer 1992).

In Canada, forest type mapping normally requires the evaluation of species composition,
density, tree height, tree age class, and site class attributes (Gillis and Leckie 1993). Regardless
of the exact definition of these attributes and the classification systems associated with them,

both of which vary among provinces, the manual interpretation of medium scale vertical aerial
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photographs in stereo is the standard method of evaluaﬁng the first three (Ahern and Leckie
1987). Site class (an indication of the potential forest productivity of the site) and tree age
class are estimated from the values of the other attributes, contextual information, and existing
records.

The photo-interpretation procedure produces a set of stand boundaries and, for each stand,
a set of stand attribute values. A stand attribute value is the average of a sample of local
values for that attribute within the stapd. The local attribute values may pertain to individual
trees (e.g., height) or to clusters of trees (e.g., species composition, density). Stand boundary
delineation does not involve the explicit measurement of local attribute values, but instead relies
on visual estimates of regions where attribute values appear relatively homogeneous and distinct
from those of adjacent regions. Even when based on considerable experience, these estimates
may vary significantly from one interpreter to another (Biging, Congalton, and Murphy 1991).
Limits on the minimum allowable stand area (which may vary according to stand type) and
continuity with earlier-defined boundaries for adjacent'; laﬁd areas are also observed (Brickell
1992).

Local attributes are evaluated on a sample basis with the stand boundaries using simple
tools such as a parallax bar (for measuring height), wedge or dot type crown diameter scales,
crown closure example cards (for estimating the fraction of ground area that coincides with
vertical tree crown projections) and reference stereograms (which provide examples of species
identification, species composition estimation, and stand delineation) (Hershey and Befort 1995;
Howard 1991). The local attributes are norma_lly evaluated only for the emergent trees and the
dominant and codominant trees of the upper continuous canopy stratum, since these are the
trees that are visible in aerial images. These are also the trees that are most significant with
respect to merchantable wood volume. Understory vegetation is significant with respect to
wildlife habitat and stand development but is not generally visible in aerial images.

Interpreters who are highly experienced, familiar with photographs of the given scale, and

familiar with the type of forest that is pictured often estimate the values of the local attributes
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or even the stand attributes by eye (pers. comm. Dr. Donald Leckigl).

The photo-interpretation reéults‘ are usually incorporated into a computerized geographic
information systerﬁ (GIS). The usual procedure for doing so consists of manually transcribing
the stand boundaries onto a base map, manually digitizing the stand boundaries from the base
map, and manually entering stand a,ttribute values into a database management system that is
a part of the GIS. Each of these steps is subject to quality control. This procedure is typically
even more expensive than the photo-interpretation (Leckie 1994).

An estimate of the amount of wood volume per uﬁit bland area in each stand can be de-
rived from an estimate of stand tree density (numbers of stems per hectare) combined with
observations that are related to individual tree wood volume. Counting trees on medium scale
aerial photographs or high spatial resolution digital images is a tedious aﬁd slow manual task.
Therefore, tree density is usually estimated by combining an estimate of crown closure with an
estimate of average crown area within the same land re’gi‘qn‘(HQ\{mqulggl, pp. 305, 306).

On a species—by-spécies basis, the average horizqntal diameter or area of the vertical pro-
jection of individual crowns onto a horizontal surface (referred to in the rest of this dissertation
as crown diameter and crown area, respectively) can be a useful predictor of individual tree
wood volume when combined with height and_suppprted by ground plot sampling (Howard
1991, pp. 300, 301, 310, 311). Crown area or diameter may also be useful in estimating the
amount of non-timber biomass, which is important in wildlife habitat inventories (Warbington
and Levitan 1992), as well as in estimating fire haz‘ard, site productivity, and industrially useful
non-stem biomass (Schreuder, Gregoire, and Wood 1993).

Accuracy standards for local attribute evaluation from aerial images are not well established
or documented. This reﬂecté normal practice in Canadian forest type mapping, which is to
directly assess the accuracy of the stand attribute evaluation (Gillis and Leckie 1993). This may
involve aerial overflights or ground plot surveys within the stands. The placement of boundaries

on the photos may also be checked for obvious inconsistencies. The photo-interpreter may elect,

'Project Leader, Petawawa National Forestry Institute, Forestry Canada
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or may be required, to per.form a certain number of site visits during the interpretation process
in order to calibrate the interpretation or resolve ambiguities.

Precision standards for stand attributes velues are readily available since they correspond
to the associated class intervals. These class intervals are normally described in the legends
of the completed forest type maps, and they dictate the coarsest allowable precision for the
evaluation of local attributes.

In Canadian forest type mapping, tree height classes are based on intervals ranging in width
from 1m (calibrated with field surveys) to 10 m, and crown coverage classes are based on in-
tervals ranging in width from 10 % to 30 % (Gillis and Leckie 1993). Crown diameter and stem
density do not appear in the legends of Provincial forest type maps, but may be involved in the
wood volume density estimates that appear on some maps. In British Columbia, species compo-
sition for young stands is based on the number of stems per hectare for different species. Howard
states that for North Amerlcan forests crown dlameter rnanually evaluated from 1 8,000 to
1:20,000 scale photographs can often be rehably a331gned to classes that represent 0. 5 mto1.5m
wide diameter intervals (Howard 1991, p. 299).

There is a continual need for up-to-date forest type maps. Each year in Canada, approx-
imately 27 million hectares of land are mapped in Provincial forest management inventory
programs (Leckie 1993) in order to continually re-map a total of 344 million hectares on a
10 to 20 year cycle (Gillis and Leckie 1993). At the same time, inventory managers are hav-
ing difficulty finding competent ;;hoto—iﬁtefpreters -to .replace the ones that are retiring (Leckie
1993). Evidently, few forestry programme graduates are attracted to forest type mapping work
(pers. comm. Dr. Peter Murtha?). This, together with the general attraction of cost reduction,

motivates the development of automation in the forest type mapping process.

?Professor, Faculty of Forestry, University of British Columbia
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2.2 A Framework for Automation in Forest Type Mapping

The work that is described in this dissertation is intended to contribute to the development of
a system for automatically extracting information relevant to forest type mapping from digital
optical images that are vértical, monoscopic, and have high spatial resolution.

The envisaged image interpretation approach is based on the automatic recognition of indi-
vidual tree crowns that are visible in the image data, which is the focus of the current work. The
recognition results would include estimates of the image region, diameter, and scene location
of individual crowns.

Species classification would be based on features derived from individual crown image re-
gions, but may also be constrained by general knowledge of the tree species expected in the
scene and their commonly occurring associations. Knowledge of species site preferences might
also be used in the species classification procedure should data on site conditions within the
scene be available. '

Laser range data acquired concurrently with the image data would be registered to the image
data and analyzed in combination with the recognition results in order to obtain a sample of
individual tree height estimates (this is discussed further in Section 2.3.5).

The most direct application of the information provided by the proposed image interpreta-
tion approach would be the evaluation of attributes for predefined stand regions. This infor-
mation would represent a denser. sample of local attribute values than is typically obtained in
the manual photo-interpretation process. A more advanced application would be the automatic
definition of stand regions through the grouping of neighbouring trees such that the variance
of the properties of individual trees and tree clusters would be within pre-defined limits within
each stand region.

The proposed image interpretation approach would produce basic information that could
be stored as an intermediate product and adapted to a variety of forest type classification

systems. This is an important issue because of the increasing demands on the versatility
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of forest management inventories. In contrast, mapping procedures based on manual photo-

interpretation do not produce an application-independent intermediate product.

2.3 Factors that Motivate the Proposed Framework

The following are technical factors that motivate the proposed framework for automation in the

forest type mapping process (each factor is discussed in further detail in the indicated section):

e Airborne electro-optical sensors can produce images in which individual tree crowns can

be resolved (Section 2.3.1).

e Individual crown recognition is required for general forest type mapping from optical

images (Section 2.3.2).

e Data from airborne or satellite-borne synthetic aperture radar (SAR) sensors are not a
complete substitute for highv spatial resolution optical image data in forest type mapping

(Section 2.3.3).

e With respect to tree species identification, the high spectral resolution of image data
from modern electro-optical sensors offsets their low spatial resolution relative to that of

medium scale aerial photographs (Section 2.3.4).

e Co-registered laser range data and monoscopic vertical aerial image data provide an ef-
fective means of measuring tree heights that could be further automated through the

automatic recognition of individual tree crowns in the image data (Section 2.3.5).

e Inertial navigation system (INS) and global positioning system (GPS) technology has
made it possible to georeference images acquired fr(;m aircraft, including line scanner

images, on the basis of few if any ground control points (Section 2.3.6).
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2.3.1 Resolving Individual Tree Crowns in Aerial Images

Leckie used a series of MEIS II images acquired in a visible red wavelength region and at dif-
ferent altitudes over the PNFI research forest to illustrate the relationship between the ground
projected pixel dimension (GPPD) and the ability to manually resolve individual tree crowns in
the image (Leckie 1993). At a GPPD of 0.75, 1.5, and 3.0 m most individual crowns are respec-
tively clearly resolved, inconsistently resolved, and consistently not resolved (presumably the
flight conditions were such that the scene elements were practically square). The corresponding
scene element dimensions are 0.56, 1.12, and 2.25 m, because the MEIS II along-scanline scene
element dimension is 75 % of the along-scanline GPPD due to resampling of the detector array
output as part of a registration procedure that removes optical system distortions and prevents
aliasing (McColl, Neville, and Till 1983). This suggests that automated individual tree crown
recognition may be possible in electro-optical sensor images of boreal and cool temperate forests
with a scene element dimension no greater than approximately 1.0 m. For convenience, we cat-
egorize such images as having high spatial pqsolutior_l. Digital images with comparable spatial
resolution may also be obtained by digitizing 1:10,000 to 1:20,000 scaleb(medium scale) aerial
photographs or the analogue signal from a video camera. In contrast, image data acquired with
a scene element that is large enough to encompass multiple trees (for example, image data from
currently operating civilian satellite sensors) is categorized as having low spatial resolution in

this dissertation.

2.3.2 The Necessity of Individual Tree Crown Recognition

Experiments in the analysis of low spatial resolution optical image data strongly suggest that
individual tree crown recognition is necessary for extracting information from optical sensor
images at the level of detail required for compiling type maps of all but the simplest forests.
At low spatial resolutions, radiance from multiple trees and their surroundings contributes to
a single pixel value. Therefore the information on tree species composition, size, and density

that is required for forest type mapping is not diréétly accessible from low spatial resolution
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image data. The possibility of inverting models of scene element reflectance in order to extract
information on the sub-element components contributing to the radiance has been a subject of
considerable research. Li and Strahler had reasonable success in computing the average size and
spacing of trees corresponding to individual pixels of simulated SPOT HRV image data (20 m
GPPD) (Li and Strahler 1985). The scene containéd single storéy stands of one or two conif-
erous species on a uniform contrasting background (species composition was not computed), a
conical crown form was assumed, and models of the density, height distribution, and radiomet-
ric properties of the trees and the backgrdund provided computational constraints. However, it
is not clear that techniques such as this can be éxtended ‘pqnderiving species composition, tree
density, and tree size information for scenes as complex as a typical cool temperate mixed or

uneven-aged forest (Ahern and Leckie 1987; Leckie 1990a).

2.3.3 Comparison of SAR Sensing and Optical Sensing

Airb.orne ahd saﬁéllite—borne SARsensors are prov1d1ng aﬁ incre_a',sinély available alternative
to optical sensing, and the haze and cloud penetrating capability of SAR sensing is attractive
in forestry applications. The recently deployed Capadian RADARSAT satellite carries a C-
band HH polarized SAR sensor. However, experiments with image data from both airborne
and satellite-borne SAR sensors indicate that RADARSAT data will not provide a significant
improvement over satellite-borne optical sensors in detailed species composition mapping, and
that the significant role in forestry of RADARSAT data will instead be in mapping logged or
burned areas (Ahern, Leckie, and Werle 1993).

The spatial resolution of SAR data is more constrained than that of electro-optical data
since it depends on both the radar pulse bandwidth and the azimuth beam width (Fitch 1988).
Operational airborne SAR sensors produce data with GPPDs on the order of several metres. In
an experiment involving medium spatial resolution image data from airborne SAR and electro-

optical sensors, Leckie found that the SAR data were better for distinguishing different softwood

species stands than the electro—optic'égl.d'at'a, but that the eiectro-optical data was better for
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distinguishing hardwood and softwood stands, and open and forested areas (Leckie 1990b). The
SAR data were acquired in different combinations of sending and receiving polarization in both
the X and C bands with GPPDs of 3.0m (range) and 4.0 m (azimuth). The electro-optical
data were acquired in visible and near-infrared bands with a GPPD of 4.1 m, and both data
sets were resampled to the same 10 m grid before analysis‘. These results indicate that although
airborne SAR image data can be a useful complement to medium spatial resolution electro-
optical image data in forestry applicatidhé, it cannot replace medium or high spatial resolution
electro-optical image data. The degree to which airborne SAR image data can complement high

spatial resolution electro-optical image data in tree species discrimination is still unknown.

2.3.4 The Advantage of Multispectral Optical Sensing

High spatial resolution images from operational electro-optical sensors generally have a sig-
nificantly coarser spatial resolqtiop_,‘yitl‘}nbgggpggg jc‘q._‘rgap‘r}ﬁu‘al‘fqres't; cover interpretation, than
do aerial photographs at a scale of 1:15,000 or largér (Leckie 1990a). This means that crown
margin shape and crown texture are less useful as features for species classification when in-
terpreting the digital images than when interpreting photographs. However, in experiments
reported in Leckie (1993) manual tree species identification from colour composite displays
of multi-channel high spatial resolution MEIS II image data was more accurate than manual
species identification from 1:9,000 scale colour infrared photographs of the same scene. The
higher spectral resolution of the digital images relative to that of the photographs appeared to
more than compensate for their lower spatial resolution.

Experiments in the automatic supervised classification of various tree species that are based
on multi-channel pixel values from manually delineated tree crown regions in high spatial resolu-
tion digital images have produced results in which 50 % to 90 % of the test trees were correctly
classified, depending on species (Gougeon 1995; Gougeon 1993; Hughes, Evans, and Burns

1986; Thomasson, Bennet, Jackson, and Mailander 1994); .This dccﬁ'racy range rnay overlap

those obtained through operational manual photo-interpretation procedures: in an experiment
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involving experienced photo-interpreters and 1:12,000 scale aerial photographs, between 68 %
and 88 % of a sample of coniferous stands in Northern California were correctly classified for
species (Biging, Congalton, and Murphy 1991). The automatic classification experiments did
not involve texture or shape features, but image values were selected from portions of tree crown

image regions that were estimated to correspond to directly irradiated crown surfaces.

2.3.5 Laser Ranging for Tree Height and its Synergy with Individual Tree

Crown Recognition

Tree height can only rarely be directly evaluated from monoscopic optical images. Furthermore,
it is doubtful that tree height can be reliably evaluated automatically from stereo high spatial
resolution images. Monoscopic tree height estimation requires measurement of the length of the
shadows cast on level open ground by the trees. Such shadows exist only in very open stands
or at the edge of clearings. Stereo tree height estimation. requires the discrimination of both
the base and apex of the tree, and usually very few trees in the scene have a base that is visible
in an aerial image.

Airborne laser profiling and “light detecting and ranging” (LIDAR) systems provide an al-
ternative means of estimating individual tree height or average stand height to a useful degree of
accuracy. These systems generate vertical range data along a narrow ground trace by measuring
the time of travel of reflected laser pulses. A laser profiling system records the distance to parts
of tree crowns, and to the ground where there are gaps in the canopy. In order to transform the
profile data into tree height data, the samples that correspond to ground reflections must be
recognized and a ground profile must be derived from them. This may be difficult to do where
the forest canopy is dense and the topography is varied.

A LIDAR system records the amplitude of each received pulse as a function of time. The part
of an amplitude record that corresponds to tree crown reflections can usually be distinguished

from the part that corresponds to the ground reflection. A system implemented by Aldred and

Bonner was able to automatically measure average stand height to'+4.1 m at a 95 % confidence
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level or, equivalently, with a 2.1 m root-mean-square (rms) error, from LIDAR data acquired at
a height of approximately 400 m above ground-level (Aldred and Bonner 1985) (this height was
chosen for compatibility with the limit of another instrument and does not represent an upper
operational height limit for the LIDAR instrument). This result was considered to be at least
as good as the results obtained from parallax diﬁerencé measurements made with medium scale
aerial photographs. Scanning LIDAR systemé can be used to acquire range data samples over
two dimensions, but the accuracy with which tree height can be estimated using the off-nadir
samples has not been determined.

The range data that closely correspond to the centres of the vertical projections of tree
crowns must be identified in order to obtain a sample of individual tree heights (Jacobs, Evans,
and Ritchie 1993). In some sensing systems, it is possible to synchronize the acquisition of
range data and image data, and to automatically determine the image coordinates of the range
data samples. Co—reglstered range data and hlgh spatlal resolutlon dlgltal 1mage data in which
individual trees have been recognlzed would be complementary in that the localization results

could be used to determine which range samples are useful for tree height estimation.

2.3.6 Advances in Georeferencing Images Acquired from Aircraft

Image interpretation results must be referenced to a standard geographic coordinate system
(georeferenced) in order for them to be useful in any type of mapping application. This means
that the image coordinate frame must be georeferenced. Geometric distortion in the images that
is caused by platform instability greatly complicates this task. High spatial resolution optical
image data for civilian use are currently only acquired from aircraft, and the various types of
line scanner sensors provide the best spectral resolution. Because undesired aircraft motion
can occur between each scan when acquiring line scanner images, the geometric distortions
that occur in such images are more complex than those that occur in film and digital frame
camera images. However, good progress is being made in the development of techniques for

georeferencing line scanner images from aircraft on the basis of few if any ground control points
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(GCPs).

Gibson achieved rms errors of sub-pixel and single-pixel sizes, respectively, for horizontal
and vertical positions when correcting and georeferencing MEIS II images with a 0.5 m GPPD
(Gibson 1994). This experiment involved a fore-, aft-, and nadir-view image acquired for each
of five approximately parallel flightlines, and three additional flightlines oriented approximately
orthogonal to the first five. An INS mounted ‘on the sensor was used to track sensor velocity,
orientation, and (relatively inaccurately) position. A-total of five GCPs and 3375 conjugate
points were manually located in the images (Gibson states that this number of conjugate points
is unnecessarily high). The correction and georeferencing was performed with a least-squares
bundle adjustment. -

Cosandier and his colleagues achieved average rms errors of single pixel size for horizon-
tal positions in correcting and georeferencing 7.5 m GPPD images acquired with the compact
airborne spectrographic imager (CASI) (Cosandier, Ivanco, and Mah 1992). No GCPs or con-
jugate points were used. A vertical gyroscope integrated with the CASI provided roll and pitch

data and a pair of GPS receivers (one in the aircraft and one at a ground station) provided

position and heading data.




Chapter 3

The Recognition Task

Section 3.1 defines precisely what is meant by the term “ob ject.recognition” in this dissertation.
This definition provides a basis for the statement of the overall goal of the individual tree crown
recognition task, which is given in Section 3.2. Strategies that have been developed fbr achieving
related goals are discussed in Sections 3.3 and 3.4. The alternative strategy for achieving the

stated goal that was adopted in this work is described and motivated in Section 3.5.

3.1 Object Recognition

We consider the process of object recognition from a monoscopic optical image to have two
components: detection and localization. |

Detection is the process of deciding whether or not a particular region of the image depicts
the existence of a particular object (or instance of a particular type of object) in the scene at
th.e time that the image was acquired.

Localization can be further divided into ¢mage-space and scene-space components. Image-
space localization is the process of defining the set of two-dimensional image-space coordinates
to which the visible spatial extent of the detected object, or specified visible parts of the
detected object, was projected. Scene-space localizétion is the process of defining the set of
three-dimensional scene-space coordinates that coincided with the detected object, or specified

parts of the detected object, at the time that the image was acquired.

17
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Image-space localization has two broad purposes: to support further analysis and inter-
pretation of the image, and to support scene-space localization. The extraction of further
information about the type, three-dimensional shape, or condition of the object, and the recog-
nition of further objects that are composed of the already recognized objects are examples of
image analysis or interpretation tasks that may be supported by image-space localization.

Scene-space localization can be formulated as two tasks: determine the coordinates of the
points-of-interest on or within the object with .resp.ect to an object-centred coordinate frame,
and determine the position and orientation of the object-centred coordinate frame with re-
spect to the scene coordinate frame. The image-space localization results are necessary but
not sufficient to perform these tasks because the back-projection of an arbitrary point in the
image-space into the scene-space is not unique. The further constraints that are required to
perform these tasks can sometimes bev derived from some coﬁbination of extgrnal measuremént,
(e.g., measurement of the position and orientation of the sensor within the écene with a radar
altimeter and an inertial navigation system), image analysis (e.g., estimating surface shape from
shading patterns in the image), and reference to a pre-defined geometric model of the detected
object (which may have been used in the detection process). The techniques that are applied
will depend on the assumptions that can be made about the scene and the image formation
process, the external measurements that can be mad(‘e,. and the required precision and accuracy

of the localization results.

3.2 Goal of Individual Tree Crown Recognition

A procedure that performs individual tree crown recognition from monoscopic optical images
and that fits within the framework described in Section 2.2 must perform image-space lo-
calization that supports further processing for species identification, and perform scene-space
localization that provides an estimate of the crown diameter of the detected trees. Limitations
on the applicability of the procedure with respect to terrain properties; forest stand properties

(including tree size and density), and the location of tree crown images within the overall image

it}
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extent should be minimized.

As discussed in Section 2.1 there are no established accuracy standards for individual tree
crown detection or diameter estimation that can be used to measure the success of an automated
procedure. Human performance is a meaningful alternative standard since manual evaluation

of local attribute values is the current basis for stand attribute evaluation (see Section 2.1).

3.3 Token-based Individual Tree Crown Recognition

Procedures to automatically recognize individual tree crowns in aerial images on the basis of the
detection of image tokens that were manually observed to be associated with, or incorporated
within, examples of tree crown images have been implemented by Gougeon (Gougeon 1995;
Gougeon 1994) and Pinz (Pinz 1991). These two procedures emphasize image-space localization
for the purpose of counting tree crowns and for providing a basis for species identification; crown
diameter estimation is not explicitly addressed. They involve different image tokens, but they
have common limitations: both procedures rely on the general assumption of a high level of
image contrast between a tree crown image and the immediately surrounding region, which
implies certain scene irradiance and tree crowding conditions. They are also limited in the
range of tree size that can be accommodated. These limitations will be discussed in greater
detail after the procedures and the results that have been produced by them are outlined.
Pinz’s procedure is based on the assum;iﬁons that the tree crown image regions have near-
circular boundaries and that they generally have higher pixel values than the sur.rounding image
regions. The procedure smooths the image with a lowpass filter of a size that is related to the
expected size range of the tree crown image regions, and locates local maxima in the smoothed
image. Each local maximum is considered to be the centre of a tree crown image region. The
average of the smoothed image pixel values in concentric circles of increasing radius (starting
and ending at user-specified radii) centred at each local maxima is computed. For a given local

maximum, the first circle whose average is a user-specified fraction of the smoothed image value

at the local maximum is selected as the boundary of the crown image region. The image tokens
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in this procedure are local maxima, and circular image trajectories across which the average
image pixel value gradient is high.

Pinz’s procedure was tested on portions of large and medium scale aerial photographs that
were digitized to have GPPDs of 0.40 m and 0.80 m. The scenes portrayed in the test subimages
contained well-spaced coniferous trees. The shadows that were cast by the trees when the
images were acquired were long enough to cause the between-crown image regions to be much
darker than the images of the directly irradiated portions of the crown images. Also, the
subimages exhibit no noticeable height displacement so the tree crown image regions have a
generally near-circular shape. Some results are illustrated in (Pinz 1991), but their accuracy
is not assessed. Many tree crown image regions of widely varying sizes appear to be correctly
delineated. However, the results also contain many cases where the same image region is
interpreted both as a single large crown and as multiple small crowns.

Gougeon’s procedure is based on the assumption that image regions corresponding to in-
dividual tree crowns are separated by narrow interstices of relatively low image pixel values.
The procedure smooths the image with a 3-by-3 averaging filter, finds local minima within a
3-by-3 neighbourhood, joins minima that occupy the éame 5-by-5 neighbourhood, and applies a
hierarchically organized system of heuristically defined procedures to join sets of linked minima
into possible crown outlines. The image tokens in this procedure are sequences of local minima
that define closed boundaries of image regionsf ‘The permissible spatial relationships between
adjacent minima in a boundary sequence were derived from inspection of example crown images
and were manually encoded into the procedure.

Gougeon’s procedure was tested on a near infrared wavelength channel of a MEIS II subim-
age of a scene that contained several tree plantation compartments. The subimage has a GPPD
of 0.31 m and individual tree images do not exhibit noticeable height displacement. The solar
zenith angle at the time of image acquisition was 67°. A subset of the compartments contained
well-spaced trees with crown diameters that varied over a small range. The spacing of the trees

combined with the high solar zenith angle caused the image regions between the images of
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the directly irradiated portions of the tree crowns to be dark and well-defined. The procedure
localized 84% of all the images of actual tree crowns in these compartments, and the number
of delineated crown images was slightly closer to the actual number of trees than a manual
tree count that was performed with the same image data. Most of the errors occurred where
tree crowns were unusually close to each other and the divisions between crown images were
relatively indistinct. In such cases, the images of multiple (usually two) crowns were recognized
as a single crown image. One compartment in the scene contained a row of trees that had
grown such that in the image most of them appear to be in physical contact with an adjacent
tree. The procedure localized 35% of all the images of actual tree crowns in this compartment.
Images of relatively large tree crowns in another compartment were separated into multiple
regions. These tree crown images were correctly delineated when the procedure was run on the
image data that had been resampled to a 0.70 m GPPD.

The demonstrated scope and effegti\fengss qf the procedures described above point out the

following sources of difficulty in the individual tree crown recognition task:

e The boundary of the image of an individual tree crown may be weakly defined, or even
only implicit, for much of its length. This may be the case when the tree crown is in
physical contact with other crowns, or is viewed against a background with which it has
a low degree of image contrast. Such a background may consist of understory trees or
shrubs, or‘ even other trees of the same canopy layer in parts of the image where there is
a large amount of height displacement. Wide crown spacing combined with short crown
shadows may prevent the understory or ground from appearing much darker than tree
crowns in vertical images. Acquisition of image data when the solar zenith angle is large
can result in dark between-crown image regions. However, a large solar zenith angle may
cause tree crowns to cast shadows on each other in places where trees are crowded, and

this would add variation the appearance of the tree crown images.

e The size of visible tree crowns can vary widely over a small area of land in uneven-aged

and mixed stands. A recognition procedure that is effective only when the size of a crown
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image is within certain fixed limits must be applied to resampled versions of the image
in order to accommodate relatively large crown image size variation (e.g., Gougeon’s
procedure). Alternatively, the procedure can be designed to search a single version of the
image for crown images of size that varies continuously within a wide range (e.g., Pinz’s
procedure). In either case, conflicting interpretations of the same image region (i.e., one

large crown image versus multiple small crown images) may arise.

3.4 Recognition with an Example-based Comprehensive Image

Model

An alternative to the token-based approach to object recognition is based on searching for a
match between image regions and a model of the full spa,tiél extent of the object image (a
comprehensive image model). This approach may be effective when there are no reliable tokens
for the object images. However, vtokervlsnprvo‘.\}ivde: a model of an objécf imdge that is relati\}ely
selective and therefore may also be less sensitive to unimportant object image variation.

Traditional template matching (Pratt 1991, § 20’..1) is a simple version of recognition with
a comprehensive image model. A measure of the strength of the match between a reference
image array, or template, and the input image array is computed at different relative offsets
of the two arrays. Image-space object location is derived from the relative offset, and the
object is considered to be detected at an input image location where the match-strength is
locally maximum and above a specified thresh(\)ld.u The n coincident pixel values of the two
arrays at a given relative offset may be treated as corresponding elements of two n-dimensional
coordinate vectors, and the match-strength defined such that it is inversely-related to the value
of a between-point distance measure (e.g., Euclidean distance).

Components of a comprehensive image model may be based on representz-mtive examples

of object images (example-based), or on knowledge of the physical properties of the object

of interest, the sensing system, and the sensing situation (synthesized). The example-based
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approach to defining a comprehensive image model is aftractive because its implementation
is potentially much simpler than the implementation of the synthetic approach: the need for
a detailed understanding of the process through which the objects of interest in the three-
dimensional world become two-dimensional images, and for the parameters of this process, is
avoided. In a particular task domain, the size of an adequat-ely representative set of examples
would be directly related to the degree of variation in the spatial extent of the object images
(which is related to variations in the»shape; size, and. orientation of the object in scene-space
and to variations in local imaging geometry) as well as to the degree of pattern variation within
the object image extent (e.g., two tree crown images may occupy almost the same spatial
extent within two uniformly-dimensioned image arrays, but may represent considerable pattern
variation because the imaged tree crowns may vary in three-dimensional shape and foliage
denéity). If this variation is naturally large and little control can be imposed on it then the
manual effort that is required to collect a representative set of examples may be impractical.
Turk and Pentland’s work in detecting human faces in monochromatic images (Turk and
Pentland 1991) provides an example of the purely example-based approach to the definition
of a comprehensive image model that illustrates the points raised above. A sample of m face
images was acquired in which each image array has the same row and column dimensions and
each face image occupies approximately the same region within its array. The concatenated
rows of each image array were considered as the coofdinate vector for a single point in an n-
dimensional space. Principal components analysis was used to compute the orthonormal unit
vectors in the n-dimensional space that coincide with the first m — 1 principal axes of the set of
m sample points. Turk and Pentland called these vectors eigenfaces. The eigenfaces associated
with the principal axes along which most of the sample point variance occurs were retained as a
compact representation of the m face images. These eigenfaces represent considerable variation
in full-frontal face images that all occupy approximately the same region within the image

arrays and are all superifnposed on a relatively featureless background. An image submitted

for interpretation was ‘centred’ by subtracting the mean of the m sample images from it, and
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a face was considered to be detected if the squared Euclidean distance between the centered
image (as a vector) and its projection onto the space spanned by the eigenfaces was smaller
than a specified threshold. |

In a preprocessing step, the m sample images were partitioned into subsets each of which
cohtained images of the same individual with varying facial expression and obtained under
different lighting conditions. The components of the projection of the centred version of each
of the sample images onto the space spanned by the eigenfaces (i.e., its principal components)
were computed and stored in a vector. The average principal component vector for each sample
image subset was then computed. A submitted image that was interpreted as a face was further
indentifed as portraying a particular individual by computing the Euclidean distance between
the principal component vector of the submitted image and the average principal component
vector for each sample image subset. The assigned identity was associated with the smallest
distance.

Turk and Pentland’s eigenface technique is attractive in a ‘mug-shot’ face-detection task
domain because the object image spatial extent variation is controlled and the technique auto-
matically derives a representation of most of the pattern variation within an object image sample
that is much more compact than the sample itself. An adaptation of this technique to individ-
ual tree crown recognition in the case of limited crown variation is described in Murgu (1996).
In the more general indi?idual tree crown recognition task domain involving uneven-aged or
mixed-species forest stands, the spatial extent variation is relatively uncontrolled. A rectan-
gular image window of certain dimensions may closely approximate the spatial extent of some
individual tree crown images within the overall image array, but in other locations it may en-
compass the images of multiple relatively small tree crowns or only part of the image of a single
relatively large tree crown. Also, height displacement variation may cause the spatial extent
of images of uniformly sized and shaped tree crowns to vary in some high spatial resolution

aerial images. This means that multiple instances of a eigenface-type image model would be

required in this task domain, and a representative tree crown image sample would have to be
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manually collected for edch of the different wiﬁdow sizes. The precision of the image-space
localization of tree crown images would be limited to that which is provided by a bounding
rectangle. Experiments in the species classification of tree crown image regions have involved
a greater image space localization precision than this (c¢f. Section 2.3.4), and some have even
found that classification is significantly improved when it is based on pixel values from only
the directly irradiated portion of the crown surface. A modification of the eigenface technique
to allow non-rectangular windows is possible, but a large amount of manual effort would be

required to estimate the boundary position of each sample tree crown image.

3.5 The Adopted Processing Strategy: Recognition based on a

Synthetic Comprehensive Image Model

The processing strategy that was adopted in this work is based on the use of a synthetic com-
prehensive image model. This image model facﬂltates a manual training set selection procedure
in which unmodelled tree crown image properties are sampled, and the recognition procedure
uses the image model that has been extended with example-based knowledge derived from the
training set. In contrast to the existing token-based individual tree crown recognition proce-
dures reviewed in Section 3.3, the adopted strategy does not rely on the existence of explicit
tree crown image region boundaries or a large amount of contrast between the tree crown image
region and the surrounding ir;age region. In contrast to procedures that are based on purely
example-based comprehensive image models (see Section 3.4) the adopted strategy permits
readily acquired knowledge of the sensing system, the sensing situation, and physical properties
of individual tree crowns in the scene (the image formation knowledge) to be used to constrain
the task of collecting example-based data on tree crown images, and to constrain the recognition
task. Image formation knowledge is directly encoded as value intervals for the parameters of

the synthetic component of the image model. The involvement of image formation knowledge

in the recognition procedure is also intended to make the procedure less reliant on specific scene
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and sensing conditions than other tree crown recognition procedures.

We consider that the definition of a synthetic tree crown image model is generally practical
only for a single image channel and only up to, but not including, the application of a uniform
gain and offset (this is discussed further in Chapter 4). Further constraints that are related to
absolute apparent radiance in one or more wavelength regions and to the gains and offsets thvat
were applied independently to one or more image channels are derived from the training set.

The synthetic component of the image model includes a parameterized three-dimensional
description of general crown envelope size and shape. The objective of the recognition procedure
is to associate instances of the image model with locations in the image such that the crown
envelope descriptions provide approximations of the visible scene extent of tree crowns that
existed at the corresponding scene locations when the image was acquired. Each such associa-
tion of a model instance and an image location is called a recognition instance. The projection
of the spatial extents of the estimated crown envelopes onto the image provides image-space
localization of tree crown image exte.n‘p.. Cr'qw‘r}vc}lia;m’gter éstimates are derived from the model
instance parameter values.

The overall strategy is to compute a set of initial recognition instances that satisfy inex-
pensively applied constraints derived from the image formation knowledge, but that may also
contain a large proportion of false instances, and then to filter the recognition instances in fur-
ther processing steps that involve constraints that are applied at greater expense per recognition
instance. The strategy is described in further detail below and illustrated in Figure 3.3.

The training set selection procedure and the recognition procedure are preceded by the
same step. In this initial step the image extent and the parameter space of the synthetic
component of the image model are searched for locations where a measure of the strength of
the match between the synthetic model instance and the local pattern of image values is at a
local maximum and is no lower than a liberally-specified threshold. These matches constitute
the initial recognition instances. The search region of the model parameter space is defined

by the user-specified model parameter value intervals. In the training set selection procedure,
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Figure 3.3: Processing strategy (ellipses label data, boxes label operations).
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image regions that correspond to a sample of the full range of crown and stand types in the
overall scene are manually defined. Examples of correct and inéorrect recognition instances
are then manually selected from the initial recognition instances within these image regions,
and features involving the image values within fhe corresponding tree crown image regions
are evaluated for these examples. The user is not required to manually delineate or window
individual tree crown image regions.

The example-based component of the image model is applied in the second step of the
recognition procedure. For each of the initial recognition instances, the features are evaluated
and the probability that the instance is correct (the correct recognition probability) is estimated
on the basis of the distribution of the elements of training set in the féature space. Initial
recognition instances with a correct recognition probability value under 0.5 are rejected.

The results of the second step of the recognition procedure (the intermediate recognition
instances) are expected to sometimes contain conflicting interpretations of the same image re-
gion (i.e., one large crown image versus multiple small crown images), since each intermediate
recognition instance is established indepéﬁdéntly of ény other. The goal of the third and final
step of the recognition procedure is to resolve conflicts due to physically implausible spdtial
relationships among the intermediate recognition iﬁstances while retaining a good overall inter-
pretation of parts of the image that portray forest cover. The physical constraint that within
forest stands the volume of the crown envelope intersections is generally less than the remain-
ing crown envelope volurhe is applied in this step. This is possible because each recognition
instance is associated with a crown envelope boundafy defined in both the scene-space and the
image-space.

A synthetic comprehensive tree crown image model and procedures that implement the

adopted strategy are described in Chapters 4 and 5, respectively.




} Chapter 4

Synthetic Tree Crown Image Model

The main simplifying assumptions incorporated into the synthetic tree crown image model

(referred to simply as the ‘image model” in the remainder of this chapter) are the following;:

1. a tree crown is rotationally symmetric about a vertical axis in both overall shape and

composition

2. the sensor produces single-channel image values that are linearly related to sensor irradi-

ance
3. the images are acquired under clear sky conditions.

Assumption (1) arises from the observation that tree crowns tend to be compact objects
with a large degree of rotational symmetry about a vertical axis.

Assumption (2) is reasonable because modern electro-optical sensors such as the MEIS II
are capable of producing images in which the pixel values for a scene object have a highly linear
relationship to the object’s apparent radiance pattern at the sensor. Furthermore, the variation
in the length and composition of the atmospheric path between a point on a single tree crown
and an airborne sensor at typical flying heights is, as a fraction of the average, minute over
the visible extent of the tree crown. Therefore, when sensing narrow wavelength band intervals
that are well within the capability of many electro-optical sensors (< 0.15 um), it is reasonable
to assume that the atmospheric effect at the sensor on the actual radiance of a single tree crown

is equivalent to the application of a uniform gain (due to the atmospheric path absorption and
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scattering) and a uniform offset (due to the atmospheric path radiance) (Horvath, Braithwaite,
and Polcyn 1970).

Assumption (3) is reasonable because it corresponds to a restriction that normally applies
to the acquisition of aerial photographs for forest type mapping.

Electro-optical sensors designed for remote sensing typically generate multiple image chan-
nels that correspond to sensor irradiance within different wavelength intervals or bands, and
the multispectral radiometric properties of individual elements of trees (individual leaves, bark,
and cones) are well-studied, as are the integrated radiometric properties of collections of tree
crowns (see Guyot et al. (1989) for a survey). This motivates the inclusion of interband radiance
relationships in the image model. However, different gains and offsets are normally applied to
each image channel to optirrﬁze the use of the image value representation and this causes the
relationship of the apparent radiance in the different sensing bands to be lost. In principle, this
information can be recovered from ‘kno'w_lefdge‘ Qf ‘th_e ’sepvsipg’ system, but the‘ atmospheric effect
on the relationship of the actual radiance in’the different bands may also be significant.

In consideration of the above, the image model is intended to be valid for a single image
channel, and only up to, but not including, the application of a uniform gain and offset. The
procedure that uses the model (described in Chapter 5) includes a step in which examples of
correct and incorrect recognition results that are based entirely on the model are manually ‘
selected. The uses of these examples include the derivation of constraints that are related to
interchannel image value relationships.

The model components that are concerned with overall tree crown shape and the geometric
characteristics of the sensing system are discussed in Section 4.1, and those that are concerned
with the scene irradiance, its interaction Witil a tree crown, and the resulting sensor irradiance
are discussed in Section 4.2. The evaluation of a model instance is described in Section 4.3.
Notation pertaining to the use of model instances in the fraining and recognition procedures

and ways in which differences between model instances may be measured are described in

Sections 4.4 to 4.6.
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4.1 Geometric Aspects

4.1.1 Crown Envelope Shape

The crown of a non-suppressed tree can be divided at approximately the widest horizontal
cross-section into an upper “sun crown” and a loWer “shade crown” (Hakkila 1989). Only sun
crowns are modelled since in aerial images of forest stands the sun crown is the only visible
part of a tree, unless the view direction is off-nadir and the tree is opeh—grdwn, in a low-density
stand, or at the edge of a clearing.

We define a tree crown Cartesian coordinate frame {C} by the unit vectors {x, yc, z.} such
that the system is right-handed, z. points vertically upwards, and x. is directed towards true
north (ézimuth = 0°). | |

The botanist Henry Horn proposed the following equation as a general model for the two-
dimensional vertical profile of a crown envelope (Horn 1971, p. 106), defined here in the first
quadrant of the yz—bp_l(ane of {C}: -

AR A (4.1)

This is actually the equation for a generalized ellipse, due to Piet Hein (Gardiner 1965). In
Equation 4.1, @ and b are positive numbers that represent the intersection of the curve with
the z- and y-axes, respectively, and n is positive and non-zero. When n = 1 the curve is a
straight line. As.n decreases past 1 to 0 the curve becomes increasingly upwards concave, and
approaches the z- and y-axes. As n increases from 1 the curve becomes increasingly downwards
concave, and approaches the lines 2z = @, y = b. When n = 2 the curve is part of an ellipse.
To obtain the full crown profile, the curve is reflected in the z-axis. Horn proposed the use of
one set of parameters to model the sun crown profile, and another to model the shade crown
proﬁle,v with the same value for the horizontal radius, b, in béth sets.

We extend Horn’s idea into three dimensions and model a crown envelope with a generalized

ellipsoid of revolution (GER):

n 2 AR
ey (4.9)

an b
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The modelled crown volume is bound by this surface and the zy-plane of {C}. This model can
be made to closely fit general graphical descriptions of crown form, such as those presented in
(Hosie 1969). Figure 4.4 illustrates several crown envelopes defined by Equation 4.2.

n=1.5, a/b = 10 n=1.0, a/b =6 n =15, a/b=4.5 n=2.0, a’b =2 n=2.0, alb=1

A M

Figure 4.4: Crown envelope examples.

4.1.2 Sensing Geometry

We define a sensor Cartesian coordinate frame {S} by the unit vectors {xs,ys,zs} such that
the system is right-handed, x5 points in fore direction of the platform and ys points in the port
direction. The orientation of {S} relative to {CY} is represented by the rotation matrix R, and
the position of the origin of {S} with respect to {C} is represented by the translation vector t.
Both R and t are a function of time. The projection vector p is the vector joining the apex of

a tree crown and the origin of {S}, so
p=t—hz

where h is the z; coordinate of the crown apex.

The projection of a particular tree crown onto ‘;the image plane is modelled with a scaled
orthographic projection of the tree crown in the direction of p onto a plane perpendicular to
p.- The scale of the image is computed as f/H, where H is distance between the optical centre
and the scene along the optical axis (this is the flying altitude above the scene when the optical
axis is vertical and the ground is flat and level). This projection simplifies the sensor irradiance
model (this will be made clear in Section 4.2.3), and it approximates the perspective projection
geometry of both cameras and pushbroom scanners that have an optical centre located at the

origin of {S}, an optical axis aligned with z,, and an image plane parallel to the zsys-plane and
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intersecting the z; axis at f. The quality of the approximation is related to the angle between
p and zg, as will be described later in this section.

Relief displacement is the distance between the images of two separate points in the scene
that lie on the same vertical axis. In a vertical perspective projection of a scene, a given
scene object with a non-zero vertical dimension will exhibit increasing relief displacement with
increasing distance from the intersection of the optical axis and the image plane (the optical azis
image point). Relief displacement also increases with an increase in the ratio of object height to
flying height. In the large to medium écale vertical aerial photographs commonly used in forest
type mapping, radial relief displacement has a significant effect on the appearance of indvividual
tree crowns.

In aerial image acquisition with a pushbroom scanner the scanline is parallel to the detector
array axis and the flightline is parallel to the flight velocity. We assume that the detector
array axis is parallel to ys, and we consider the scanline and flightline to map to the along-row
and along-column dimensions of the image, respectively (in this discussion, we assume that
the image has not been subjected to a geometric transformation, including any transformation
intended to compensate for platform instability). A pushbroom scanner image is a perspective
projection of the scene only in the along-row dimension. When the platform velocity is constant
and perpendicular to the scanline, the image is a scaled orthographic projection of the scene
in the along-column dimension. Therefore, a pushbroom scanner image that has been acquired
with a vertical optical axis exhibits relief displacement only in the along-row dimension.

Figure 4.5 shows that along-row relief displace;nent.ha,s a noticeable effect on the appearance
of individual tree crowns in the MEIS II image data that were used in the experiment (the
sensing situation and the image data are described in Chapter 6).

Figure 4.6a represents the vertical perspective projection of a vertical scene object. In
this figure f and O are, respectively, the lens focal length and optical center, A and A’ are,

respectively, the top and bottom of a vertical object, @ and @’ are, respectively, the projections

of A and A’ onto a horizontal image plane, h and H are, respectively, the height of the object
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Figure 4.5: MEIS II subimages that show tree crown relief displacement. The subimages were
extracted from a visible green wavelength channel, each subimage has 125 rows and columns,
and the rows are aligned with the page width dimension. The middle subimage intersects the
middle column of the flightline image, and the left and right subimages are parts of the flightline
image near the opposite ends of the image rows. Because of relief displacement, the trees in
the left and right subimages appear to “tilt” respectively to the left and right, and the dark
between-tree gaps are less visible in these subimages than in the middle subimage.

and the height of the lens optical centre, and r and R are, respectively, the distance between

a’ and the image plane nadir and A and the ground nadir. The relief displacement d is the

distance between a and a’.
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Figure 4.6: Vertical perspective projection (a) and orthographic projection (b).

By similar triangles, r(H — h) = Rf and H(r — d) = Rf. Equating the left hand sides of

these two equations gives us the well-known formula for relief displacement in vertical aerial

photographs:
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Alternatively,
d=Sh-

where S is the scale factor f/H.

Let 8 be the angle between the line A’O and the optical axis. Then,

d= Shtan¥.

In a scaled orthographic projection of a vertical object where 6, is the angle between the
view axis to the object and the vertical axis (Figure 4.6b) the image distance between the top

and bottom of the object, d,, is given by
d, = Shsiné,

Therefore, when # is small, the projection of the object onto the sensor’s image plane may be
closely approximated by a scaled orthographic projection where 6, = 8 (and d,/d = cos ). For
MEIS II along-scanline relief displacement the maximum value of 6 is 19.57° (McColl, Neville,
and Till 1983) and at this angle d,/d = 0.94. The approximation may be improved by scaling
the object projection in the direction of the relief displacement by a factor of 1/ cosé.

The previous discussion assumes that the optical axis is vertical and that the scene terrain is
flat and level. The relationship between a scaled local orthographic projection of a scene object
and its perspective projection will not be as described above if these conditions are not met.
In aerial image acquisition with a pgs}_lbroprq scanner, a deviation of the optical axis from the
vertical will cause a variation of the along-scanline dimension of the scene elements, a deviation
due to aircraft pitch will result in a relief displacement component orthogonal to the scanline,

and a flight velocity component that is not orthogonal to the scanline will skew the image.
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4.2 Radiometric Aspects

4.2.1 Scene Irradiance

In the simplest scenario for natural scene irradiance, an irradiated scene object is on flat and
level terrain, light reflected from the adjacent terrain and the object contributes insignificantly
to the sky radiance, and the sky is cloud-free and clear (i.e., with little haze). Under these
conditions the total irradiance of a horizontal surface (Eyo) is the the sum of the irradiance
due to direct sunlight (the direct irradiance, Eq;;), and of the irradiance due to the scattering
of direct sunlight by the atmosphere (the diffuse irradiance, Egy). Although the atmosphere
also emits radiation, this is negligible when sensing radiation with a wavelength .shorter than
about 3 pm (Silva 1978).

One component of the image model is a model of the scene irradiance under the conditions
described above. The parameters of this model are the components of the unit vector s that
points from the origin of {C} towards the centre of the sun'and the diffuse fraction of the total
horizontal irradiance K = Egif/Etor- The components of s are derived from the value for the
angle 05 between s and z. (the solar zenith angle), and the cldckwise (as seen from above) angle
¢s between the projection of s on the zcyc-plane and z. (the solar azimuth).

The output of the scene irradiance model is a set of collimated beams. Each beam has a
direction and a perpendicular irradiance value .tha,t is nof‘malized with respect to Fiot. One
of the beams represents the direct 1rrad1ance The dlrectlon of this beam is (6s,¢s) and its
normalized perpendicular irradiance value is (1 - K ) / cosf;. The remaining beams represent
the diffuse irradiance.

The method of discretizing the distribution of the diffuse atmospheric radiation is taken
from Woodham and Gray (1987). The sky hemisphere is discretized into 109 approximately
circular, equal-area patches by mapping a 109-tile uniform hexagonal tessellation of the z y.-

plane that is centred at the origin of {C} onto the hemisphere with the azimuthal equal-area

projection. Each diffuse irradiance beam is associated with one patch. The direction of diffuse
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irradiance beam 1 is the direction (6;, ¢;) to the centre of the corresponding patch.

Let Lait(0;, ¢i,6s, $s) be the incident power per unit area per unit solid angle from an in-
finitesimal patch of the sky hemisphere centred along direction (6;, ¢;), when the sun is in posi-
tion (6s, ¢s). Various models have been developed to provide estimates of Lgi¢(6;, ¢z, 65, ¢s)/ Eair,
(denoted by N(6;, ¢i, 0, ¢s)) for shortwave radiation from clear skies (see Siala et. al. (1990)
for a survey). Any such model can be used to evaluate the normalized perpendicular irradiance
value, P(6;, ¢;), associated with diffuse irradiance beam 'z'.-

We have not found an existing model of ‘the‘ hémispherical distribution of sky radiation that
is wavelength-specific, or existing calibration data that makes a model wavelength-specific.
However, the relative hemispherical distribution of clear sky radiation follows the same general
pattern across the visible wavelength range: greatest in a circumsolar region, least in the
quadrant opposite the sun, and increasing towards the horizon. Furthermore, clear sky radiation
at wavelengths longer than the visible red and shorter than 0.3 um is negligible since (1) 46 % of
the total energy from solar irradiance a_bovg vt_hﬁe earth’s atmosphere falls between 0.40 um and
0.76 um, (2) Rayleigh scatter, which causes the great majority of clear sky diffuse radiation,
is inversely proportional to the fourth power of wavelength, and (3) ozone absorption causes
a cutoff in solar irradiation of the earth’s surface at 0.3 pum (Fraser, Gaut, Reifenstein, and
Sievering 1975).

If wp, is the solid angle subtended at the origin by each sky hemisphere patch, then we have
P(8;,¢i) = wp KN (6;, ¢:) (4.3)

(fs and ¢ are omitted from the notation for clarity). If we assume that the patches exactly

cover the hemisphere, then
109

Edif = wp Z Ldif(Gj, (]5]) CoSs 0]' (4.4)
J=1

Since Ldif(ej, ¢>]) = EdifN(gj, ¢j), we have

109 -
Egir = wp Egis Z N(oj, ¢]) cos 0j (4.5)

i=1
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and
wp = = (4.6)
T TIE N (65, ;) cosb; '
The substitution of the right hand size of Equation 4.6 into Equation 4.3 yields
KN (6;, ¢;
P8, ¢i) = i 99 (4.7)

i N(85,¢5) cosb;
The effect of opaque obstacles on scene irradiance can be considered by setting N to zero

for those beams that are intercepted by those obstacles (obstacles would also have an effect on

the value of K).

The three-component continuous distribution (TCCD) model (Hooper, Brunger, and Chan
1987) is used to estimate N (6;, ¢;, 65, ¢s) and Equation 4.7 is used to evaluate P(6;,¢;). Rela-
tive to other models, the TCCD model is easy to use, accurate, and has been calibrated (for

shortwave radiation) at a location close to PNFI.

4.2.2 Scene Irradiance and Tree Crown Interaction

The interaction of scene irradiance with a tree crown depends on both the shape and the physical
composition of the crown. The simplest composition model is based on the assumption of an
opaque surface. This assumption may be reasonable for young fairly open growing needle-leaved
trees belonging to species with characteristically dense foliage (Albers, Strahler, Li, Liang, and
Clarke 1990), or for broad-leaved trees with leaves that are concentrated near the crown envelope
and are oriented to form a fairly continuous surface. However, an opaque surface assumption
is difficult to justify in general, and in particular for mature trees and trees growing under
competition. In the context of manual air-photo interpretation, Sayn-Wittgenstein describes
variation between different crowns in the amount of photographic contrast between the part
of a crown that is directly irradiated by the sun and the part that is not, and credits this
variation mainly to differences in foliage density; he even suggests using this effect as a cue for

distinguishing species with characteristically different foliage densities (for example, separating

jack pine from spruce or balsam fir) (Sayn-Wittgenstein 1978).
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These considerations have led to the development and examination of two models of the
interaction of scene irradiance with a tree crown: an opaque surface model and a more complex
permeable volume model. In both models, the crown volume is approximated by a subset of
a three-dimensional volume array that consists of the array cells with centres inside a crown
envelope defined by a generalized ellipsoid of revolution and and the z.y.-plane (the crown
cells). A volume array cell has uniform side dimensions. The position and orientation of the
volume array depends on the relative position and orientation of {S} and {C}. This will be
discussed further in Section 4.2.3.

A surface cell is a crown cell that is 6-connected to a non-crown cell, and whose centre is
closer to the generalized ellipsoid of revolution part of the envelope than to the xcyc—plaﬁe. A
surface cell is associated with a surface point, which is the point on the surface of the crown
envelope that is closest to the centre of the surface cell. For each surface cell, the components
of the outward unit normal vector at the corresponding surface point are determined.

In the opaque surface model, the contribut‘i&)n of an incident collimated beam of light to
the radiance leaving a surface cell in a particular view direction is a function of the angle
between the beam direction and the surface cell normal vector (the incident angle) and of the
angle between the view direction and the normal vector (the ezitant angle). The Minnaert

reflectance function (Woodham and Gray 1987) is used:

Le=p Eo(:%”— cos® (i) cos¥~1(e). (4.8)

In this equation E, is the perpendicular irradiance of a collimated beam of light with incident
angle 4, L, is the observed radiance at exitant angle e, p is assigned a value in (0,1] that can be
used to account for absorption, and k is assigned a value related to the intrinsic properties of
the surface. Equation 4.8 is a physically plausible model of the reflectance of an opaque surface
for 0 < k < 1. This can be argued by considering the signs of the partial derivatives of L, with
respect to i and e and by reasoning that (1) with increasing i a given beam of light illuminates a

larger surface area, so one should not observe an increase in brightness though a given aperture,

and (2) with increasing e one sees more surface area through a given aperture, so should not
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observe a decrease in brightness. Both 7 and e are restricted to [0,7). If ¢ is outside this interval
then the beam does not irradiate the surface point, and if e is outside this interval then the
surface point is invisible. Under the Minnaert reflectance function, L,/(FE, cos(¢)) is unchanged
when the values of ¢ and e are interchanged. This is a basic physical constraint for opaque
surfaces called the Helmholtz reciprocity condition (Minnaert 1941).

The reflectance of many natural diffusely reflecting opaque surfaces can be accurately mod-
elled with the Minnaert reflectance function. Values of k in the neighbourhood of 0.7 have been
associated with loose porous surfaces, while values approaching 1 are characteristic of more
compact surfaces (Young and Collins 1971). When k& = 1 Equation 4.8 becomes the expression
for the Lambertian reflectance function. In the opaque surface model implementation, the same
user-specified value of k£ applies to all surface cells and p is arbitrarily set to 1 for all surface
cells.

The simulated radiance of a surface cell in the opaque surface model is the sum of the
contributions of all of the beams that comprise the simulated scene irradiance.

In the permeable volume model a tree crown is considered to be a volume of light-scattering
elements. These elements are assumed to be randomly oriented and positioned, small relative
to the size of the célls, and to have uniform size, shape, and radiometric characteristics. Within
a crown cell there is a uniform density of light-scattering elements. Each crown cell is assigned a
projected one-sided light-scattering element area-density D according to a specified distribution
(this is discussed in detail below). The value of D for a particular cell is assumed to be constant
over all projection directions.

A light ray that is incident to a cell is either intercepted by a light-scattering element or
passes through unintercepted. The assumption of small randomly oriented and positioned light-
scattering elements leads to the use of Bouguer’s law to compute the probability G that ray r
will pass unintercepted through a cell when the path length of r through the cell is s (the gap
probability):

G =exp(-=Ds).
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A beam of light impinging on a cell from direction (8, ¢) with normalized perpendicular
irradiance P is represented by a pencil of regularly spaced parallel rays directed along (4, ¢).
Each ray is the central axis of a portion of the beam. Each portion has the same cross-sectional
area A. The normalized radiant flux ¢) from the portion of the beam represented by ray r that

is intercepted by the cell is evaluated according to
Q = AP(1 —exp(—Ds)).

The constant A is arbitrarily set to 1 in the model implementation. The normalized perpendic-
ular irradiance P’ of the portion of the beam represented by r upon leaving the cell is evaluated
according to

P' = P exp(—Ds).

Some of the non-intercepted light that reaches a crown cell may first pass through other
crown cells. If a particular ray has to travel through cells 1 ) Wlth density values Dy,..., D,
and individual cell path lengths sq,..., sy, and the normahzed perpendlcular irradiance associ-
ated with the ray before entering cell 1is P, then the normalized irradiance P’ that is associated

with the ray on leaving cell n is evaluated according to

= Pexp(— ZD Si)-

The total simulated normalized radiant flux intercepted By a cell is computed as the sum of
the contributions from all the beams that comprise the simulated scene irradiance, with each
beam ray passing through the centre of the cell. |

The permeable volume model is limited to single-scattering, in other words re-radiated
flux from one cell that is intercepted and scattered by other cells is ignored. The unabsorbed
intercepted flux for a cell (the flux that is transmitted and reflected by the light-scattering
elements in the cell) is assumed to leave the cell as isotropically distributed flux originating
from the centre of the cell. Therefore, the radiant'ih.tensity (power per unit solid angle) leaving
a cell in the direction towards the viewer is directly proportional to the unabsorbed intercepted

flux for the cell.
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We assume that the significant light-scattering elements in a fully leaved tree crown are
the leaves. As the size of a tree crown increases, the distribution of foliage within the crown
generally becomes less uniform because the light that reaches an inner region of the crown falls
below the compensation point of the leaves, which die and are not replaced (Jack and Long
1992). In response to this, the value of D for a crown cell is a function of the distance z from

the centre of the cell to the closest point on the surface of the crown envelope, as defined by
D(z) = a;z®?(1 — z)*. (4.9)

This function can provide a wide range of distributions, frorﬁ nearly uniform to sharply peaked,
depending on the values of a1, ay, and a3. In Wang et al. (1990) a close fit to the measured
radial horizontal and vertical leaf area density distributions for 26 Radiata pine trees with this
function is demonstrated.

The values of aj, ag,vand a3 are derived from (1) the depth beyond which the projectéd
one-sided light—sca,ftering element area density is zero (Xend), (2) the depth of the maximum
density (Xmax), (3) the maximum density (Dmax), and (4) the average density (Davg). With
az and a3 greater than zero, D(z) in Equation 4.9 has a single maximum. Let b; and b, be,
respectively, the value of this maximum and the corresponding value of . Let b3 to denote the

value of the second derivative of D(z) at by. It is possible to show that

I ()

by
—b3by(1 — by)?
az = —bl——-—
by
a =

b32(1 — bg)as”
The interval [0, Xend] is scaled to [0, 1], so that by = Xmax/Xend- Also, by = Dmay. The value of
bz corresponding to D,yg.is estimated with a root-finding procedure, which is possible because

for fixed positive values of b; and by the area under the curve defined by Equation 4.9 strictly

decreases with an increase in the magnitude of b3. Figure 4.7 illustrates some distributions

produced by Equation 4.9.
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Figure 4.7: Light-scattering element area density distribution examples (X: horizontal axis, D:
vertical axis)
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Individual leaves generally have greater reflectance and transmittance in the near-infrared
wavelength region (over 40 % for both) than in the visible region (under 20 % for both) (Gaus-
man, Allen, Wiegand, Escobar, and Rodriguez 1971; Williams 1991). This suggests that both
the opaque surface model and the permeable volume model should be more appropriate for

visible wavelength sensing than for near-infrared wavelength sensing.

4.2.3 Sensor Irradiance

A sensor is modelled such that its optical centre is at the origin of {S}, its view axis coincides
with the zs-axis, and its image plane is parallel to the zsy.-plane and intersects the z,-axis at
the sensor focal length f. An image plane array is defined such that the along-column axis
is parallel to the zs-axis and the along-row axis is parallel to ys-axis. The image plane array
elements are square with .side dimension p.

The offset of the optical axis image point from the nearest array element centre depends on
the sensor that is being modelled. The MEIS II has 1024 image plane array row elements, so
the optical axis image point lies on the boundary between column 511 and column 512, where
the first column has index 0. A pushbroom sensor such as the MEIS II acquires an image one
row at a time and is therefore more accurately described as having an ‘image line’ rather than
an ‘image plane.” However, we assume that the sensor moves in the x; direction at a constant
speed such that the spacing of the rows is the same as the spacing of the elements along the
rows. This permits the definition of an image plane array with an indefinite number of rows.

The axes of the three-dimensional volume array that contains the crown cells are labelled a,
b, and c. The cell dimension is p H/ f, where H is the vertical distance between the origin of {S}
and the ground. This is the dimension of the projection of an image plane array element onto flat
and level ground when the zsys-plane is horizontal. The orientation of the volume array when
p is oriented such that the axis through p intersects the point (zs = d;, ys = dy, andz, = f) on

the image plane is defined by the following sequence:

1. Orient the volume array such that the a, b, and c-axes are parallel to xs, ys, and z,,
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respectively, and define a rotation axis that intersects the origin of {S}, is in the z4ys-

plane, and is perpendicular to the line joining (0,0, f) and (dy, dy, f) (see Figure 4.8a).

2. Rotate the volume array about the rotation axis until the c-axis is parallel to p (see

Figure 4.8b).
Zs

dx,dy,f)
[ 2 @udh
0! y J .
f
f
Ys ~ Xs Ys
XS
()7',
e L > rotation axis

R rotation axis

,—section of the
volume array

- rotated section of
the volume array

(@) (b)
Figure 4.8: Volume array orientation (see text for explanation).

Additionally, the volume array is positioned such that in step (1) the a- and b-axis cell
intervals coincide with intervals of the projection of the image plane array onto a plane that is
perpendicular to the zg;-axis and intersects the zs-axis at —H (this is the ground plane when the
zsys-plane is horizontal and the ground is flat and level). An arbitrary ‘slice’ of the volume array
(defined by a constant c-coordinate) between the scene and {S} represents a sensor detector
array. A detector array element corresponds to the image plane array element that projects to
the detector array’s ab-position at step (1). The mapping between the detector array elements

and the image plane array elements is not changed by the rotation in step (2). This causes
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the relationship of sensor irradiance to the modelled image of a tree crown to be based on the
scaled local orthographic projection described in Section 4.1.2. For a pushbroom sensor, the d,
component of the offset is alw@ys Zero.

In the opaque surface model, the exitant angle for a surface cell is the angle between the
cell’s normal vector and p. The magnitude of the simulated irradiance of the cofresponding
detector element is set to the magnitude of the simulated surface cell radiance.

Let @ be the total intercepted flux for a crown cell in the permeable volume model and
let o be the associated absorptance (the fraction of the intercepted flux that is absorbed by
the light-scattering elements in the cell). If there are n crown cells between this cell and the
detector element array with density values Di,..., D, and each with a side dimension ¢, then
the contribution of the cell to the irradiance of the corresponding detector element is evaluated

according to
n

V = (1 - 2)Qexp(—c D).
=1
In the current model implementation, « is the same for all cells, so the factor (1—a) is arbitrarily
set to 1.

In the permeable volume model, a background is represented by a tWo—dimensional array
of volume cells occupying an ab-plane of the volume array. The background is positioned such
that all of the crown volume cells are between it and the detector element array. Background
radiance is simulated by assigning an intercepted flux value to background cells and including
these cells in the computation of the sensor irradiance in the same manner as the crown cells.
Only the background cells that have the same (a,b) coordinate of at least one crown cell are
given an intercepted flux value, and the value is the same for all such cells. The intercepted
flux value is a specified multiple B of the average of the detector irradiance values for the crown
with no background radiance. Only the detectors that have the same (a,b) coordinate of at

least one crown cell are involved in the computation of the background intercepted flux value

(the irradiance value is undefined for the other detectors).
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4.3 Model Instantiation

A pixel value in an image model instance is obtained by applying a gain and an offset to the
magnitude of the simulated irradiance of the corresponding detector element. The gain and
offset are uniform over the image and are evaluated so that the pixel values in a single model
instance span the full value range of the épeciﬁed pixel value representation. An unsigned byte
pixel value representation was used in the main experiment.

The elements of the rotation matrix R that‘ represents the orientation of {S} with respect
to {C} (see Section 4.1.2) may be derived from many different specifications. One convenient
approach that we have implemented is to use a roll angle (), a pitch angle (8), and a flightline
azimuth (¢f). An orientation that is specified with these angles is equivalent to the result of
first aligning the axes of {S} with the corresponding axes of of {C} and then applying the
following sequence of rotations to {S}: (1) about x. by v, (2) about y. by 3, and (3) about z.
by —¢¢ (azimuth is a negative rotation angle in a right-handed coordinate frame).

The orientation of the projection vector p is a function of the image offset of the crown apex
from the optical axis image point and of the sensor orientation. Pushbroom scanner image skew
(due to aircraft yaw) is not modelled.

The parameters of the complete model are summarized as follows:
(1) sensing geometry:

(1.1) f: lens focal length (metres) |

(1.2) p: image plane array element dimension (metres)
(1.3) H: vertical height above ground levél (metres)
(1.4) ~: roll angle (degrees)

(1.5) B: pitch angle (degrees)

- (1.6) ¢x: flightline azimuth (degrees)

(1.7) d;: image row offset of the crown apex from the optical axis image point (pixels)
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(1.8) d.: image column offset of the crown apex from the optical axis image point (pixels)

(2) scene irradiance!

(2.1) 6: solar zenith angle (degrees)
(2.2) ¢s: solar azimuth (degrees)

(2.3) K: diffuse fraction of the total horizontal irradiance (dimensionless)
(3) tree crown shape and size:

(3.1) a: generalized ellipsoid of revolution (GER) vertical radius (metres)
(3.2) b: GER horizontal radius (metres)

(3.3) n: GER exponent (dimensionless)
(4a) Minnaert reflectance function k (opaque surface model only) (dimensionless)

(4b) projected one-sided light-scattering element area density distribution (permeable volume
model only):
(4.1) Xena: depth beyond which the density is éero (metres)
(4.2) Xmax: depth of maximum density {metres)
(4.3) Dpax: maximum density (metres?/metres®)
(4.4) Dayg: average density (metres?/metres®)

(5) B: factor for computing the simulated background radiant intensity (permeable volume

model only) (dimensionless)

Values for f and p are derived from the sensor specifications, and are fixed. Values for H,
9, B, and & must be obtained during image acquisition. Ideally, these are constant over a single

image. Values for 8 and ¢, are readily calculated from the time and location; these values

'This list excludes calibration data for the adopted model of the hemispherical distribution of diffuse sky
radiation.
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vary continuously during a mission but the significance of the variation depends on the length
and geographic extent of the mission. The value of K for a scene depends on the wavelength,
relative optical path length, atmospheric conditions, and reflectance properties of the terrain
(Igbal 1983) and may be readily measured during image acquisition. Measurements of the value
of K under various conditions are also available from the literature (e.g., Oliver et al. (1975)
and McDowell (1974)).

Knowledge of the scene and of the tree species expected to exist in the scene is required to
evaluate the parameters related to tree crown shape, size, and composition. This is discussed
further in Chapter 6.

An instance of the image model is contained within a rectangular array of pixels. The origin
pixel of a model instance array, as well as any scene image array, has coordinates (0,0). The

following ancillary data is associated with the model instance array:

1. the values of the model instance parameters
2. the array coordinates of the pixel to which the crown apex projects (the apez location)

3. the array coordinates of the pixels that comprise the synthetic tree crown image (the

extent locations)

4. the array coordinates of the pixel within which the centroid of the crown image extent

locations lies (the eztent centroid location)

5. the array coordinates of the pixels that indicate the visible extent of the directly irradiated

portion of the surface of the crown model instance (the direct irradiation locations).

The crown apex and the extent centroid are point features.

Figure 4.9 illustrates an example of an image model instance and the associated point
features locations. The apex location is to the left of the extent centroid location in the
illustrated model instance because the pro jectioﬁ vector is not vertical.

The direct irradiation locations in a model instance array correspond to visible directly

irradiated surface cells. If the angle between the surface cell normal vector and the vector
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(a) (b) () (d)

Figure 4.9: Tree crown image model instance (a), superimposed apex and extent centroid
locations (b), extent locations (c), and direct irradiation locations (d).

pointing in the direction (6s, ¢s) from the origin of {C'} is less than § then the corresponding

surface cell is classified as directly irradiated.

4.4 Notation

The following notation will be used in the remainder of this dissertation:

e M;: image model instance 7, consisting of an image array and the ancillary data listed in

Section 4.3

I;: the image array for M;; the array has R; rows and C; columns

(ra,i; €a,i): the (row, column) coordinates of the apex location for M;

® (7c, cc,i): the (row, column) coordinates of the extent centroid location for M;

L;: a list of the (row, column) coordinates (ry, ¢1), (r2, ¢2), ..., (1, ;) of I; distinguished
pixel locations in I;; the locations are listed in ascending order primarily on the value of

r and secondarily on the value of ¢ so that rj4; > r; and ¢j41 > ¢; if rj4q =1}

Le: list of the I, ; extent locations in I;

Ly, list of the lq; direct irradiation locations in I;
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e®: vector of dimension l.; evaluated such that eg-i) = I;(r;, c¢;) where (r;,¢c;) is item j

. of ,Ce,,'.

o d®: vector of dimension lq; evaluated such that d§i) = I;(r;, ¢;) where (r;,c;) is item j

of Lq.

The model instance index (¢ in the above list) is omitted where it is clearly implied by the
context of discussion.

A model instance may be positioned with fespect to a scene image array by specifying the
scene image (row, column) array location that coincides with the location of a designated point
feature (called the registration feature) in the model instance. The row and column axes of the
model instance are assumed to always be aligned with, respectively, the row and column axes
of the scene image array. Let (z,y) denote a scene image array (row, column) location and reg
denote a registration feature (reg = a when the reglstratlon feature is the apex and reg = ¢ when
the registration feature is the extent centr01d) The vectors of 1mage Values from scene image
array S that coincide with the extent locations and the direct irradiation locations of M; when
this model instance is registered to (z,y) by reg are denoted by s ireg.zv) and s(d(i)”eg’x'y),
respectively (items may be omitted from the superscripts where they are clearly implied by fhe
context of the discussion). Vector s reg.zy) hag le,; elements and vector s(d%reg,29) 1ag la;

elements. The elements of these vectors are evaluated according to
ST = (0 1y — Pregis Y+ €5 = Cregy)
where (r;,c;) is item j of Le;, and
(A reg,z,y)

S, = S((II + 1= Tregiy Y+ ¢ — creg,i) .

where (r;, c;) is item j of Lq;.

Subsequent discussions will also refer to normalized vectors that have an element mean value

of zero and unit length. If v is a d-dimensional vector, then the normalized version, denoted v,




Chapter 4. Synthetic Tree Crown Image Model 52

is computed according to

=1
and
o= v—ul
[v—nll
4.5 Extent Similarity
Consider a set of model instance image arrays M = {Mj, ..., M.} in which all the elements have

the same row and column dimensions and the same location for a designated point feature. The
corresponding model instances are aligned on the designated point feature, which is referred to
as the alignment registration feature (or simply as the registration feature when the context is
clear). Let Ln be the list of Iy locations that occur in all of Le,...,Len, and let £y be the
list of I, locations that occur in at least one of Lc1,...,Len. The extent similarity mv for M
is the ratio In/ly. .

Extent similarity is a value in [0, 1]; the value is 1 if and only if for all aligned image arrays
each extent location is an extent location in. all of the.others, and is 0 if and only if no extent
location in one of the aligned image arrays is an extent location in any other.

Two model instances, b and ¢, exhibit an eztent difference if and only if their extent similarity
Nis,c} is less than 1. Two model instances that are generated with different values for one or
more of the parameters that define shape, size, and sensing geometry may exhibit an extent
difference. If the sensing geometry parameter values for the different parameter sets are such
that t.he ZsYs-plane is horizontal and the projection vector is vertical, then two model instances
that are generated from different values for a, n, or ¢; will not exhibit an extent difference.

Also, model instance extents vary in discrete steps, so a parameter value change can be too

small to cause an extent difference.
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4.6 Pattern Correlation

Consider model instances a and b with an extent similarity of 1 and with image value vectors
e(® and e(®). The correlation coefficient for corresponding elements of e(® and e® is the pattern
correlation for the model instances. The correlation coefficient is a dimensionless value that
ranges between —1 and 1 and measures the degree to which two variables are linearly related
(Hogg and Craig 1978, § 2.3). Perfect negative and positive linear relationships are represented
by correlation coefficients of —1 and 1, respectively.

The normalized vector é(®) is the pattern for model instance i. The pattern correlation
for the two model instances a and b, denoted p, 4, is the inner product of the corresponding
patterns:

pap = &@Tel), (4.10)

Pattern correlation is undefined for two model instances that exhibit an extent difference.
Two model instances exhibit a pdttern difference if and only if their pattern correlation is
less than 1. Two model instances that are generated from different composition models (opaque
surface or permeable volume), or with different values for one or more of the parameters that
define the scene irradiance and the light-scattering element area density (permeable volume
model only), k (opaque surface model only), or B (permeable volume model only) may exhibit
a pattern difference. If the sensing geometry parameter values for the different parameter sets
are such that the zsys-plane is horizontal and the projection vector is vertical, then two model
instances that are generated from different values for a, n, or ¢ will not exhibit an extent

difference and may exhibit a pattern difference. The model instance image values vary in

discrete steps, so a parameter value change can be too small to cause a pattern difference.
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Procedures

Let M; be an instance of the synthetic tree crown image model!, reg be a specified registration
feature (i.e., the crown apex or the extent centroid), S be a scene image array that represents a
single specified channel of the scene image data, and (z,y) be a location in S. The correlation
coefficient

PM, S regay = €T e reg )
1y »

is used as a measure of the strength of the match between M; and the scene image in the shared
initial matching step of the training and recognition procedures when M; is positioned at (z,y)
(the notation used here is described in Section 4.4). This is appropriate because the model
is intended to be valid only up to, but not including, the application of a uniform gain and
offset to the scene image, and variations in uniform gain and offset do not affect par, 5reg,0,y-
Components of the subscript for p will be omitted where they are clearly understood from
context or are irrelevant to the discussion.

The initial matching step consists of searching the scene image spatial extent and the model
parameter space for locations where p is at a local maximum and above a liberally-specified
threshold. The search région of the model parameter space is defined by the user-specified
parameter value intervals. The amount of computation involved in the generation of a model
instance has motivated the use of precomputed model instances in the initial matching proce-

dure. The organization and generation of these model instances is described in Section 5.1.

!The synthetic tree crown image model will be referred to simply as the ‘model’ in the remainder of this
chapter where the context excludes example-based model components from the discussion.

54
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The representation of the recognition instances that are produced by the initial matching
procedure and filtered by the remaining procedures is described in Section 5.2. The procedures
for the initial matching step, the evaluation of correct recognition probability, and the resolution

of interpretation conflicts are respectively described in Sections 5.3, 5.4, and 5.5.

5.1 Model Instance Organization and Generation
The scene image extent is partitioned into p recognition regions
RECREG;,...,RECREG,

within which the sensing geometry, scene irradiance, and constraints on the various tree prop-
erties that correspond fo the model parameters are considered to be practically constant. The
recognition region RECREG; is associated with the model instance set MISET;. Each model
instance in MISET; incorporates the values for the'sensing geometry and scene irradiance
parameters that are associated with RECREG;, and only model instances from MISET; are
involved in the final tree crown recognition instances within RECREG;.

The model instance set MISET; is partitioned into ¢; uniform-extent subsets:
MISET; = UESSET; ; U ---UUESSET; ;.
The uniform-extent subset UESSET; ; consists of r; ; model instances:
UESSET;; = {Mi 1,y Mijr ;}-

The elements of a uniform-extent subset are such that when they are aligned on a specified
registration feature (i.e., the crown apex or the extent centroid) the subset has an extent
similarity of 1 (see Section 4.5 for the definition of extent similarity).

The different uniform-extent subsets represent the modelled tree crown spatial extent vari-

ation within the image-space: any two elements drawn from different uniform-extent subsets

exhibit an extent difference when they are aligned on the specified registration feature (see
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Section 4.5 for a definition of extent difference). The different model instances within the same
uniform-extent subset represent the modelled pattern variation associated with a fixed image-
space tree crown spatial extent: any two elements of the same uniform-extent subset exhibit a
pattern difference (see Section 4.6 for the definition of pattern difference).

The procedure that we use to generate a model instance set is described in Figure 5.10. The
procedure generates random samples of model instances that respect the specified constraints
on the parameter values, and constructs the model instance set from relatively small subéets
of the sample sets. The model instance set is representative of the sample sets in the sense
that all elements of the sample sets are similar to one or more elements of 'mociel instance set
with respect to extent and pattern, where the required degree of similarity is expressed by the
values of n,...,n, and bdiﬂ. The evaluation of the inputs to the procedure is discussed in
Section 5.1.1, and an algorithm that accomplishes steps (3.2) and (3.4.4) of the procedure is

described in Section -5.1.2.

5.1.1 Evaluation of Inputs td Model Instance Set Generation

The evaluation of the inputs to the model instance set generation procedure involves a certain
amount of experimentation and adaptation to the scene. Thérefore, details of the process are
best described with an example, one of which is provided in Section 6.3. In this section we
provide an outline of the process. The basic stéps,‘_ which are discussed in further detail in the

remainder of this section, are the foll(‘)wing:‘ ”
1. Define constraints on the locally variable parameters for the o'verall scene.
2. Evaluate bl., ..., bs, and 7y, .. .,ﬁs.
3. Evaluate pgir, SSE and SSu.
4. Determine a partitioning of the scene image extent into initial recognition regions.

5. If warranted by the scene knowledge, specialize the constraints on the locally variable pa-

rameters to different parts of the scene and subdivide the recognition regions accordingly.
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Input:

fixed values for the sensing geometry and scene irradiance parameters for RECREG;

e constraints on the values for the locally variable parameters RECREG;

e a set of discrete values for b (the GER horizontal radius) that respect the specified
constraints and are denoted by,...,bs, and corresponding extent similarity values
My s

e SSE,

e S5, pdiff

Output: MISET),
(2) Let MISET; =0 and j=1

(3) Forg=1,...,s:

(3.1) Generateaset E containing a random sample of SSg model instance extents within
the constraints that have been defined for (b, ,n) (a is the GER vertical radius
and n is the GER exponent).

(3.2) Find an approximately minimal subset E’ of E such that for any element e of E
there is an element e’ of E' such that .y > 7,-

(8.3) Let t = |E'| and denote the elements of E’ by e, ..., ;. Partition the elements of
E into ¢t disjoint subsets E, ..., E; such that for h =1,...,t, €}, € E, and 7, = 1.
(83.4) Forh=1,...,t:
(3.4.1) Let u = |Ey| and denote the elements of E;, by ey, ..., e,.
(3.4.2) Let M = 0.
(3.4.3) Fork=1,...,u
(3.4.3.1) Generate a set My, containing a random sample of [S.Sy/u] model in-
stances within the constraints that have been defined for the locally-variable
parameter values, and with the additional constraint that the value for
(b, %, m) is that of ex.
(3.4.3.2) Let M = MU M.
(3.4.4) Find an approximately minimal subset M’ of M such that for any element
M of M there is an element M’ of M’ for which ppr arr > paist-
(3.4.5) Let UESSET; ; = M', MISET; = MISET; U UESSET, ;, and j = j + 1.

Figure 5.10: Procedure to generate a model instance set.
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Within a particular recognition region, the model parameters related to sensing geometry
and scene irradiance are considered to be fixed. The remaining parémeters are locally variable
since they are related to tree crown shape, size, and composition, and to background radiant
intensity (cf. Section 4.3). The evaluation of the constraints that can be placed on the locélly
variable parameters will require knowledge of the scene and of the morphology of the tree
species that are expected to occur in the scene. In Canada, information on expected species
and stand types can be derived from knowledge of the one or more forest regions and sections
(as described in Rowe (1972)) in which the scene is located. Useful published information on
tree morphology for individual species is also available.

Since p is a function of the pixels comprising the extent of a model instance and the coincid-
ing image region, we convert the desired precision for estimates of the radius of large crowns, o,
into a required minimum extent similarity 7,4; of two model instances with b = b; and b = b;4;.
We make the assumption that thelsel}'siqg geometry iv‘s‘s.u_ch that most of the applicable model
instances will have circulaf or near-circular extents, and evaluate 7,4; to the extent similarity

of two concentric circular regions with radii bpax and byax — 0
— 2 /12
nadj - (bmax - U) /bma,x' (5.11)

We thén use 7,q; to generate by, be, ..., bs according to the algorithm described in Figure 5.11.
This algorithm was designed in recognition of the fact that for small ¢, b;1; — b;, where b;11 =
\/b?/7adj, may be too small relative to the GPPD to be useful. Therefore, the algorithm accepts
a minimum b-value increment (Ab)min.

We intend that a model ‘i.lnsta,nce for which b = b; will match images of tree crowns with

radii approximately in the range [b; — z1,b; + 3], where

=Y (Ab)l, (Ab)1 =b; — b

T2 = y‘.?.‘(WA‘b)Z.’ (Ab)2: biy1—b;
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Input: bnin, bmaxs Madj) (Db)min
Output: by,bs,...
(1) Leti=1, b; = bin. .
(2) If b; > bmax then halt and return bq,...,b0;_1.
(3) Let bigr = 1/0?/1lags.
(4) If biyy — b; < (Ab)min:
(4.1) Let biy1 = b + (Ob)min-
(5) Leti=1i+1
(6) Goto (2).

Figure 5.11: Algorithm to compute a sequence of GER horizontal radius values.

and 1, yo are evaluated so that z; and z; respectively define the extent difference midpoint

for [bi—1,b;] and [b;, biy1]:

(bi — 91 (Ab)1)* _ b2, _ (b= (b)) b; — /b2 — b;(Ab)y
b2 T li—w(A) T - wmdhE T (Bby)
b? (b + y2(A)2) (b + ya(AD),)? e —b; + /0% 4 b;(Db),
bitw(Bb)2 b, it (Ab? T (Bby) |
We then evaluate 7; according to
b? e

. bi—z1)? e
n; = ‘—r)—'bf“ ifi=s

[(b;;’fl)? n (b;-ﬁzz)z] /2 otherwise

We evaluate pqif to an estimate of the value of p in cases where the pattern difference
between a model instance and an image region is only due to unmodelled variation, or “noise.”
This is done by selecting a sample of tree crown images that have an exceptionally regular
appearance (e.g., rélatively little within-crown image texture, and a relatively smooth image

boundary), and, for each element of the sample, computing p with each element of a large sample
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of model instances. The model instances are positioned by registering the model instance apex
feature to the manually estimated apex locations in the tree crown images. The model instances
are generated within the specified constraints on the locally-variable parameter values and with
values for the sensing geometry and scene irradiance that are applicable to the tree crown image.
The estimate for pgif is set to a value that is no less than the maximum value of p obtained for
each of the tree crown images.

The values SSg and SSyu determine the size of the sample sets E and M computed in steps
(3.1) and (3.4.3.1) of the procedure to generate a model instance set (Figure 5.10). Experimen-
tally determined minimum values for SSg and SSym at which the sizes of the E’ and M’ subsets
are maximum for the specified values of M,---,Ms and pqig are used.

The initial recognition regions are intended to comprise a partitioning of the spatial extent
of the image such that the sensing geometry and the scene irradiation can be regarded as
practically constant over each region. The sensing geometry and scene irradiation parameter
values that are associated with an initial recognition region are estimates of the averages for
those values over the region. We deﬁné the reébgﬁitidn regions experimentally, using sensitivity
tests to help judge whether or not the deviation of the sensing geometry and scene irradiance
parameter values from the average values over the recognition regions represent model instance
extent or pattern dissimilarities that exceed the limits expressed by 71, ...,7, and pgf.

A specialization of the constraints on the locally variable parameters to different parts of
the scene, and a refinement of the reéognitiqn regions through subdivision, might be derived
from further local knowledge of the terrain and of pre-existing stand types as recorded in old
surveys. In many cases where knowledge of the scene is broad (at the level of knowing the forest
region and section) and the overall spatial extent of the scene data is limited to the area covered

by a single aerial image acquisition mission we can expect that there will be little grounds for

varying the constraints over the scene.
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5.1.2 Computing an Approximately Minimal Dominating Set

Steps (3.2) and (3.4.4) of the procedure to generate a model instance set both map to the

problem of finding a minimal dominating set of a graph. A dominating set of a graph G that

consists of the set of vertices V and the set of edges A is a subset V' of V such that any vertex

of G that is not.in V' is connected to one or more elements of V/ by a path of length 1. In

the case of step (3.2) there is a one-to-one correspondence between elements of E and elements

of V (e; ¢ v;), there is an edge joining v; and v; if and only if Meie;} = Ndiff, and finding an

approximately minimal E’ is equivalent to ﬁnding an approximately minimal V’. In the case _
of step (3.4.4) there is a one-to-one correspondence between elements of M and elements of

V (M; ¢ v;), there is an edge joining v; and v; if and only if pa, p, > painr, and finding an

approximately minimal M’ is equivalent to finding an approximately minimal V’.

The procedure to generate a model instance set involves the objectives of finding approxi-
mately minimal subsets E’ and M’ because the problem of finding a minimal dominating set of
a graph is known to Be NP-complete. The minimal dominating set problem is approximable
within a factor of 1+1In |V| by means of a specialization of the greedy approximation algorithm
for the minimal set covering problem described in Johnson (1974). This algorithm to find an
approximately minimal dominating set of a graph is described in Figuré 5.12, and is imple-
mentable in time O(n?) (or in time O(nlogn) if step (2) is performed separately, as part of
the process of constructing (V, A) out of E or M). This algorithm gives reasonable results in

practice (cf. Section 6.3.6).

5.2 Representation of Recognition Instances

The location of a recognition instance in a scene image array is the scene image (row, column)
array location that coincides with the specified registration feature of the model instance in-

volved in the recognition instance.

At most, one element of a uniform-extent subset can be involved in a recognition instance
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Input: (V,A)

Output: V' :Vv; € V, Jv; € V' such that (v;,v;) € A and |V’| is within a factor of 14 In |V
of the minimum

(1) Let V' =0, UNCOV =V, n=|V|.
(2) Fori=1,...,n:

(2.1) Let SET[z] = {v;i}.
(2.1.1) For j =1,...,n:
(2.1.1.1) If (v, v;) € A and vj ¢ SET[] then let SET[i] = SET[{] U {v;}.

(3) If UNCOV = § then halt and return V'
(4) Choose j, 1 < j < n, such that |[SET[j]| is maximized.
(5) Let V/ = V' U {v;}, UNCOV = UNCOV — SET[].
(6) Fori=1,...,n:

(6.1) Let SET[i] = SET[i] - SET[5].
(7) Go to (3).

Figure 5.12: Algorithm to find an approximately minimal dominating set of a graph (adapted
from the algorithm to compute an approximately minimal set cover in Johnson (1974)).



Chapter 5. Procedures 63

at a particular location.

One identifier map is defined for each uniform;extent subset. The identifier maps and
the uniform-extent subsets together represent the recognition instances at any stage of the
recognition procedure.

The identifier map for a particular uniform-extent subset is only required to cover the
associated recognition region. Since different recognition regions may have different numbers
of associated uniform-extent subsets, they may also have different numbers of identifier maps.

In order to simplify the following discussions, we will assume that recognition regions are
rectangular and that the diagonally opposite corner elements of the maps coincide with scene
image locations (Zmin, Ymin) and (Zmax; Ymax), Where Tmax > Zmin and Ymax > Ymin-

Let UESSET = {M,, ..., M,} be a uniform-extent subset, /D be the associated identifier
map, S be the scene image array, and (z,y) be a location within S that maps to a location
within ID (in this discussion, components are omitted from subscripts for clarity). If some
M; € UESSET is involved in a recognition instance at (z,y) then ID (2 — Zmin, ¥ — Ymin) = ¢;

otherwise, I D (£ — Zmin, ¥ — Ymin) = null.

5.3 Matching Image Locations and Model Instances

The objective of the procedure for matching image locations and model instances is to pro-
duce for each recognition region RECREG;, : = 1,...,p, a set of identifier maps IDSET; =
{IDi,l,.l.,IDi,qi} such that ID;; represents initial recognition instances that involve model
instances from UESSET; ;.

An outline of the procedure that wés used in the main experiment is presented in Figure 5.15.
This procedure will be explained as a refinement of those outlined in Figures 5.13 and 5.14.

Figure 5.13 illustrates the basic approach. For each uniform-extent subset and each image
location within the recognition region find a model instance that has the maximum correlation

coeflicient with the coincident image region when positioned at the image location. If that

correlation coefficient is no less than a specified threshold pyh,, then evaluate the coinciding
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location of the identifier map for the uniform-extent subset to the identifier id of the selected
model instance; otherwise, evaluate it to null. The threshold p¢y, is liberally specified (false
recognition instances are eliminated in later processing steps) and confirmed through experi-
mentation. The correlation coefficients associated with the selected model instances identified
in ID; 1, ...,1D; 4, are retained in parallel maps RHO;,...,RHO,,. Locations in the RHO-maps
that do not have locally maximum values are evaluated to null in the corresponding ID-maps.
For a given RHO-map, the neighbourhood within which local maxima are searched for is de-
fined by the extent of the associated uniform-extent subset. The procedure that implements
this non-maximum suppression operation is outlined in Figure 5.16.

The basic procedure that is illustrated in Figure 5.13 is essentially an exhaustive search
through the image-space and the uniform-extent subsets. We decided to investigate the possi-
bility of reducing the amount of computation involved in the matching procedure by exploiting
the fact that a local maximum in a correlation surface tends to be the peak of a ‘hill’ whose
spatial extent is related to that associated with the the uniform-extent subset (model extents
that are relatively large in a particular direction tend to produce hills that relatively wide
in that direction ) (cf. Section 6.4). The second version of the procedure, which is outlined
in Figure 5.14, implements a refinement to support this investigation. This procedure has
parameters dfrac and pshr, in addition to those of the basic procedure. The image-space is
searched for matches using two resolution levels. At the first resolution level, the z and y dimen-
sions are searched in increments of d, and dy, ‘re.'s_pectively, where d; = max(dfrac X dimg, 1)
and d, = max(dfrac x dim,,1), and dzmz .énd‘diniy are, respectively, the overall z- and y-
dimensions of the extent associated with the current uniform-extent subset. If in this search
a location (z,,y,) is found such that an element of the current uniform-extent subset has a
correlation coefficient with the coincident image region that is no less than pg., then each
location of a neighbourhood of (z,,¥.) is tested (this represents the second resolution level).

The neighbourhood is defined by z, —d;/2 < 2 < 2o +d;/2 and y, — dy/2 < y < yo + d,/2.

An experimentally confirmed value is specified for pgp,.
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Input:

e S: single channel scene image
e MISET;: model instance set such that MIS_ETi = UESSET;U---UUESSET; ,, and
UESSET; ; = {Mi,j,l, .. 'M’l.,j,f',"j}

® (Zmin, Ymin) aNd (ZTmax,Ymax): S coordinates of diagonally opposite corners of
RECREG;, where max 2 Tmin and Ymax > Ymin

® penr: correlation coefficient minimum threshold
Output: IDSET;: identifier map set such that IDSET; = {ID;,...,ID;4}

Note: the registration feature used in computing correlation coefficients in this procedure is
the same one that was used in computing the extent similarity values when MISET,; was
generated (steps (3.2) and (3.3) in Figure 5.10).

(1) Forj=1,...,¢:
(1.1) Allocate ID; ; and RHO;.
(1.2) For £ = Zminy - - -y Zmax 30d ¥ = Ymins - - - » Ymax:

(1.2.1) Find id such that for k= 1,...,r:; pm; ;10,520 2 PM, j x,Sy-

(1.2.2) If PM; ;4,52 = Pthr then
let ID; ; (% — Tmin, ¥ — ymin) = ¢d and RHO; (2 — Zmin, y — ymin) = PM; ; ia,5,5.95
otherwise,
let ID; ; (¢ — Zmin, ¥ — Ymin) = null and RHO;(z — Zmin, ¥ — ymin) = null.

(1.3) Perform non-maximum suppression on RHO; and alter ID; ; accordingly.

Figure 5.13: Procedure to match image locations and model instances (version 1).
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Input:

L4 S, MISET,, (xmim ymin), (x‘maxa ymax), Pthr
e dfrac: extent dimension fraction '

® poihr: correlation coefficient minimum threshold for initiating full-resolution search
Output: IDSET;: identifier map set such that IDSET; = {ID; 1,...,ID; 4}
(1) Forj=1,...,q:

(1.1) Allocate ID; ; and RHO;, and initialize ID; ; and RHO; to null at all locations.

(1.2) Evaluate dim, and dim, respectively to the overall z-dimension and y-dimension
of the UESSET; ; extent.

(1.8) Let d; = max(dfrac x dimg, 1) and dy = max(dfrac X dimy, 1).
(1.4) Let ¢ = zmin.
(1.5) While 2 < Zmax:
(1.5.1) Let ¥ = Ymin-
(1.5.2) While y < Ymax: _
(1.5.2.1) Find id such that for k = 1,...,7; pM; ; .0.Swy 2 PM; ; x,S,z,y-
(1.5.2.2) If PM, ; ;a,S,zy = Psthr then perform full-resolution match search for
T=2—d;/2,...,c+d;/2and y=y—d,/2,...,y+dy/2
(see block (1.2) of Figure 5.13)
(1.5.2.3) Let y =y + d,.
(1.5.3) Let e =z +d;.

(1.8) Perform non-maximum suppression on RHO; and alter ID; ; accordingly.

Figure 5.14: Procedure to match image locations and model instances (version 2).
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A further refinement that was investigated was to search the uniform-extent subsets at two
levels of resolution. This refinement is incorporated into the final version of the procedure, which
is outlined in Figure 5.15. The uniform-extent subsets are grouped such that the members of
each group represent extents that are approximately similar, within a specified tolerance. The
groups are not necessarily disjoint sets, and one member of each group is the representative
for that group (the definition of the groups will be described later). For each group, matching
is first performed with the representative uniform-extent subset (the two-resolution search of
the image-space, as described in Figure 5.14, is used). Tests for matches are performed with
other members of the group only at those locations where a match was obtained using the
representative. At each location where a match was obtained with an element of at least one
member of the group only one match (one that is associated with the maximum corresponding
correlation obtained over the group) is retained.

Let E; = {E; 1, ..., E; 4} be the set of extents represented by {UESSET, y, - - -, UESSET, .. }.
An approximately minimal subset E{ of E; is compﬁtéd such that for any element e of E; there is
an element e’ of E’; such that Ne,e! > ngroui;’ Where 7,71:5“_’“?’ is user specified (but generally greater
than the value of 7adj that was involved in generating the model instance set (cf. Section 5.1.1)).
The algorithm to find an approximately minimal dominating set of a graph (Figure 5.12) is
applied to this task, in the same manner as it is to generate a model instance set (step (3.2) in
Figure 5.10). The group representatives are those uniform-extent subsets whose extents are in
E!, and the other members of a given group are those uniform-extents subsets with an extent
similarity with the representative thaf is greater thé_n or equal to group.

The registration feature that is used to compute correlation coefficients in the matching
procedure and to compute the uniform-extent subset groups and representatives is assumed to

be the same registration feature that in used in steps (3.2) and (3.3) of the procedure to model

to generate a model instance set (Figure 5.10).
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Input:

e S, MISET;, (Zmin) Ymin), (Tmax; Ymax), Pthr, Psthr, dfrac

e ng: number of UESSET groups

e rep: rep[m] is the representative of UESSET group m

e size: size[m] is the number of members of UESSET group m

e member: member[m, n] is member » of UESSET group m
Output: IDSET;: identifier map set such that IDSET; = {ID; y,...,ID;}
(1) Forj=1,...,¢:
(1.1) Allocate ID; ; and RHOj, and initialize ID;; and RHO; to null at all locations.
(2) Form:l,...,né: '

(2.1) Let j = rep[m].
(2.2) Evaluate ID; ; using variable resolution search

(see steps (1.2) to (1.4) and block (1.5) in Figure 5.15).
(2.3) Forn=1,...,size[m]:

(2.3.1) Let k = member[m, n].

(2.3.2) If k # j then check for match with UESSET; ;. at those locations where ID; ;
is non-null, and for each such location (z,y) let RHO; x( — Tmax, ¥ — Ymax) =

PM; kia,Szy-
(2.4) For ¢ = Zminy .+ +» Zmax a0d ¥ = Ymin, + -+, Ymax:

(2.4.1) Search for id such that for k € {member[m, 1],..., member[m, size[m]]}
ID; ;4(% — Tmax, ¥ — Ymax) 7 null and -
RHO,’d(.’E — Tmax, Y — ymax) > RHOk(IIJ — Tmax, Y — ymax)-

(2.4.2) If id found then for n = 1,...,size[m]:
(2.4.2.1) Let k = member[m, n].
(2.4.2.2) If k # id then let ID; k(2 — ZTmax, ¥ — Ymax) = null.

(3) For j =1,...,q perform non-maximum suppression on RHO; and alter ID; ; accordingly.

Figure 5.15: Procedure to match image locations and model instances (version 3).
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Input:

e UESSET: uniform-extent subset

o ID: identifier map associated with UESSET

e RHO: p map associated with UESSET

e dim,, dimy: x and y dimensions, respectively, of the input maps
Output: ID (altered)
(1) Allocate dimy-by-dim, map PROP and initialize to null at all locations.
(2) Forz=1,...,dim;—land y = 1,...,dimy — 1

(2.1) If ID(z,y) # null then:

(2.1.1) Register the extent of UESSET to PROP(z,y) using the centroid as the
registration feature.

(2.1.2) For all ¢/, y' such that (z’,y’) is a location in PROP that coincides with a
location in the registered extent:

(2.1.2.1) If PROP(2',y’) = null or PROP(2’,y') < RHO(z,y) then let
PROP(z',y') = RHO(z,y).

(8) Forz=1,...,dimy—land y=1,...,dim, — 1:

(3.1) If ID(z,y) # null and RHO(z,y) < PROP(z,y) then let ID(z, y) = null.

Figure 5.16: Procedure to perform non-maximum suppression.
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5.4 Evaluation of Correct Recognition Probability

The probability that an initial recognition instancg (or simply ‘recognition instance’ in the
remainder of this section) is correct is evaluated on the basis of features that involve the
scene image region that coincides with the extent locations or the direct irradiation locations
(cf. Section 4.3) of the matching model instance.

Let there be d features. The feature values for any recognition instance are formatted into a
d-dimensional feature vector x. Correct and incorrect recognition represent two classes, to which
we assign the indices 1 and 2, respectively. The correct recognition probability that is computed
for x, Px(class 1) (or, equivalently, 1.0— Px(class 2)), is used to classify the associated recognition
instance as correct (when Px(class 1) > 0.5) or incorrect (when Px(class 1) < 0.5). The
incorrect recognition instances are then rejected, and the surviving instances (the intermediate
recognition instances) are passed on to the conflict resolution filter, along with the associated
correct recognition probability values.

. Samples of correct and incorrect recognition instances with respectively e; and e, elements
are manually selected from the initial recognition instances. An estimated probability of correct
recognition is assigned to each element of each sample set. The feature vector for the ! element
of the i*? sample (j € {1,...,e} and i € {1,2}) is x(*). The estimated probability that x (")
represents class k is s; ; x. Note that s; ;9 =1.0—s; ;1.

The two sample sets may be considered to comprise a single training set of e; +ey exemplars.
In this context the feature vectors are written with a single index. The estimated probability
that x(!) represents class j is 5i -

A nearest-neighbours interpolation procedure is used with the exemplars to estimate the
probability that an input feature vector x represents correct recognition. This type of procedure
was selected because it does not require prior knowledge of the manner in which members of
the two classes are distributed in the feature space, and it readily supports the incremental
expansion of the set of exemplars.

The nearest-neighbours interpolation procedure that we use is described in Section 5.4.1.
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The selection and definition of features is discussed in Section 5.4.2.

5.4.1 Nearest-neighbours Interpolation

The performance of nearest-neighbours interpolation with a training set of finite size is sensitive
to the weights assigned to the different features in the definition of the metric for the distance
between an input vector and eleme‘nts of the training set (the similarity metric). If features
with relatively low class-discriminating power are assigned the same or higher weights as those
with relatively high class-discriminating power, then a larger training set is required to obtain
the same classification accuracy as is obtained when the low class-discriminating power features
are assigned appropriate (relatively low) weights. A larger training set implies a greater data
collection burden, greater memory requirements, and more computation in the classification.

The use of a fixed interpolation kernel in nearest-neighbours interpolation may result in the
averaging of too few class probabilities to permit a good estimate of the local Bayes probability
in parts of the feature space where the exemplars are sparsely distributed, and poor sensitivity
to variations in the distribution in parts of the feature space where the exemplars are densely
distributed. These problems are avoided through the use of a variable interpolation kernel that
has a width that adapts to the density of exemplars in the feature space in the locality of
the input vector. Such adaptation might be achieved by relating the kernel width to the kth
nearest-neighbour or to the average distance to the k£ nearest-neighbours.

Lowe’s variable-kernel similarity metric (VSM) learning procedure (Lowe 1995) uses cross-
validation optimization (based on the conjugate gradient thimiz@tion technique) to evaluate
(1) the similari;cy metric weights and (2) a constant that relates the average distance to k
nearest-neighbours to the width of a variable Gaussién interpolation kernel. The objective
of cross-validation optimization is to minimize the error resulting when the class probabilities
associated with each exemplar are predicted on the basis of the remaining exemplars. The VSM

learning procedure and the associated nearest-neighbours interpolation procedure was used in
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this work?

The nearest-neighbours interpolation procedure fhat is associated with VSM learning (Lowe
1995) has the following basis. Let N be the number of nearest neighbours that are included in
the interpolation, and n; be a weight that is associated with the s*P nearest-neighbour. A class

probability for input vector x is computed according to

Zz 1 n,sm

N
=17

Px(class j) =

The exemplar weight n; is determined by a Gaussian kernel centred at x and is a function of

the distance m; of the neighbour from x:
n; = exp(—m?/20?).

The similarity metric is a weighted Euclidean distance metric:
d
k=1
Optimal values for the feature weights w;, . .., wq are computed by the VSM learning procedure.
The width of the Gaussian kernel is function of o, which is evaluated to a multiple r of the

average distance to the M nearest neighbours:

o3
g = — m;.
Mi:l 1

M is evaluated to some fraction of N. A value for r that is opfirnal with respect to the overall
density of the exemplars within the feature space is computed by the VSM learning procedure.

In our 2-class application involving e; + e; exemplars, the error E that is minimized by the
VSM learning procedure is computed according to: |

e1+ez

2
E= > (sij — Py (class j))?

=1 j=1

2The implementation of the VSM learning procedure and of the nearest neighbours interpolation procedure
(which includes an implementation of k-d tree construction and search procedures) that was used in this work
was provided by Dr. David Lowe, Department of Computer Science, University of British Columbia.

AN

¥
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where P, (class j) is the predicted probability that the i** exemplar is in class j, based on
that exemplar’s nearest neighbours among all the other exemplars.

The N nearest neighbours of an input vector are found using an implementation of the
k-d tree algorithm (Friedman, Bentley, and Finkel 1977). A k-d tree is essentially a multidi-
mensional binary search tree. In this application, the number of search dimensions is equal
to the number of features (d). Let T be the number of exemplars in the training set. Fried-
man et. al. (1977) show that construction of the k-d tree requires time proportional to d T'log T,
and argue that the search for the N nearest neighbours of an input vector has expected time
proportional to logT'. Sproull (1991) presents the results of experiments for different values
of k and T, and for both uniformly distributed and clustered vectors. The search time was
limited to being nearly proportional to logT and was nearly independent of N only for small
d relative to T' (e.g., d < 4 and T' > 100), and performance was better for clustered data than
for uniformly distributed data. The k-d tree implementation provided reasonable performance

in the main experiment (Section 6.7).

5.4.2 Feature Definitions

The set of features that is used in the nearest-neighbours interpolation is selected from a set of
hypothetically useful features on the basis of feedback from the VSM learning procedure. This
process is illustrated in Section 6.5.

The features that we hypothesize are useful in distinguishing correct and incorrect recogni-

tion instances fall into the following two classes:

e those that are based on the average value of the scene image pixels that coincide with the
direct irradiation locations of the matching model instance (the average direct irradiation

pizel value), for one or more scene image channels

e those that are based on the straight-line least squares regression of scene image pixel

values on the values of the coincident matching model instance pixels (the regression of

the scene image on the model instance), for one or more scene image channels
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We denote the average direct irradiation pixel value for channel @ by D,. The reflectance
spectra of healthy green leaves (needle and broad) are characterized by local maxima in the
visible green and. near-infrared (nir) wavelength regions and local minima in the visible blue
and visible red wavelength regions (Guyot, Guyon, and Riom 1989). This property allows the
directly irradiated portion of healthy leaf-bearing trees to be manually distinguished from most
other objects in colour-infrared photographs and colour-composite displays of rnultispeétral
digital images, on the basis of colour. Therefore, we hypothesize that Dilue, Dgreen, Died, Drir,
and ratios Dmaxima/Dminima, where ‘maxima’ and ‘minima’ denote wavelength regions centred
respectively on green leaf reflectance maxima and minima, include useful features.

The regression of the scene image on the model instance incorporafes the model instance
and scene image pixel values as respectively the independent (X) and dependent (Y,) variables
in the regression, and the values of a coincident pair of pixels as one data point (X;,Y, ;) (the
a component in the Y-subscript designates the scene image channel). This corresponds to the
view that the model instance is an idealization of the image of a real crown up to, but not
including, the application of a uniform gain and offset, and that the departures from the ideal
due to such things as shape irregularities and gaps in the foliage comprise a form of noise (the
possibility that these factors may provide useful information in the separat.e problem of species
identification is acknowledged). Let n be the number of pixels in the model instance extent. A
straight-line least squares regression’produces values b, o and b, such that

N

Ya,i = ba,O + ba,lXi7

and such that the channel @ residual sum of squares

is minimized.
The channel a coefficient of determination R2 is the ratio of the channel a regression sum

of squares (SSreg,q) to the channel a total sum of squares corrected for the mean (SSiotq):

RZ = SSreg,a/SStot,a



Chapter 5. Procedures 75

where
SStot,a = Z(Yq,i - Ya)a
i=1
n ~ -—
SSreg,a = (Ya,i - Ya)1
=1
and

Y, =~ > Y.

R? is restricted to [0,1] and can be interpreted as the fraction of the total sum of squares cor-
rected for the mean that is explained by the regression line; it is also the square of the channel a
correlation coefficient for the recognition instance. Inspection of high spatial resolution vertical
images of forests reveals that the amount of texture in a tree crown image can vary noticeably
with species and crown size. RZ should be sensitive to such variation, and we hypothesize that
this would limit the usefulness of these values as features for distinguishing instances of the
correct recognition of all sorts of tree crowns from instances of incorrect recognition.

The channel a pure error sum of squares (SSerr,q) is the variation in the dependent variable
that cannot be explained by the regression line (i.e., the variation caused by multiple different
values of Y, at the same value of X). An upper bound on the value of RZ (RZ__ ) can be

max,a

defined using SSe;,q as follows:

R2 . (Sstot,a - Sserr,a)

max,a SStot,a

If the increase in crown image texture is associated with an increase in $Ser 4, then R2/R2 .
) el

(which is restricted to [0, 1]) should be less sensitive to species and crown size variation than
R? is.

The pure error sum of squares can be estimated on the basis of repeat runs (i.e., repeated
measurements of Y, for the same value of X). When there is an insufficient number of true
repeat runs to support a reliable estimate of SSer 4, We can use a division of the X-value
interval into a number of sub-intervals as the basis of an approximation of repeat runs (Draper

and Smith 1981, pp. 35-42). Let m be the number of X-axis intervals, n; be the number of




Chapter 5. Procedures 76

data points in the *? interval, and Y, ; be the Yy-value of the 70 data point in the 3*M interval.

Then,

g

. 1
Yoi=—=3 Yai;
1 .]=1

and the estimated value for SS¢ is

SSerr,a = Z Z(Ya,i,j - Ya,i)-
When m = 1, the estimate is based on true repeat runs. When n; = 0, Ya,i is undefined and
the 7*" interval cannot be involved in the estimate.

Let Xmin and Xpax be, respectively, the minimum and maximum values of X;,7=1,...,n.
A measure of the degree of contrast within the channel a scene image region for a recognition

instance is
Ca. = (ba,O + ba,leax) - (ba,O + ba,lein) = ba,IXmax - ba,lein-

We hypothesize that this feature may be useful in diétinguishing correct recognition instances
from incorrect recognition instances that correspond to image regions that have a crown-like
colour, but have shading that is too subtle to be cfown—like (e.g., part of a grassy field with
local topographic shading variation that causes it to becomé a involved in an initial recognition
instance). An alternate measure of contrast that does not involve the regression of the scene
image on the model instance is
Ci =D, ~ L,
where I, is the channel a average n;)n;direct ir'rﬂa'diation pixel value.

In summary, the hypothetically useful features are the following: D., Dmaxima/Dminima, B2,

R2/R% .y 4) Ca, and C.

5.5 Resolution of Interpretation Conflicts

We define the extent of a recognition instance to be the image extent of the positioned matching

model instance. The initially implemented conflict resolution filter eliminated a recognition
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instance if the centroid location of its extent was within that of a different recognition instance
with a greater correct recognition probability value (e.g., Figure 5.17a). This procedure was
implemented as a version of the non-maximum suppression procedure outlined in Figure 5.13,
with the modifications that it uses the correct recognition probability value associated with
a recognition instance rather than the correlation coefficient value, and it operates over all of
the indentifier maps. Within the context of the méin experiment, this procedure produced
reasonable results in some locations, but often failed. The following were the most commonly

occurring failures:

e A conflict in which one or more recognition instances with relatively small extents and
high correct recognition probabilities coincided with a single recognition instance with a
relatively large extent and low correct recognition probability would not be resolved if the
centroid of the large extent happened to fall outside of all the small extents (e.g., Fig-
ure 5.17b).

e A recognition instance would be eliminated because its extent centroid was within the
much smaller extent of a recognition instance with a slightly higher correct recognition
probability. In such cases, the recognition instance with the larger extent was often the
one that should have been retained. This failure often occurred because small-extent and
lafge—extent model instances would respectively match the tip and the entirety of a conical

tree crown (e.g., Figure 5.17c).

These failures suggested the need for a broader notion of spatjal interaction between recogni-

tion instances than whether the extent centroid for one recognition instance is inside or outside

of the extent of a different recognition instance, and the need to link the quality of a recognition
to more than just the correct recognition probability. This led to the idea of defining the conflict
resolution filter to be an optimization procedure that is applied to the intermediate recognition
instances on a window-by-window basis.

The windows are the rectangular cells of a uniform user-specified grid that is superimposed

onto the image extent, and they are intended to be large enough to contain several of the largest
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(@) (b (©

Figure 5.17: Schematic examples of conflict resolution based on non-maximum suppression.
The dark and light boundaries represent the extents of recognition instances with, respectively,
relatively high and low correct recognition probability values. Parts (a) and (c) illustrate
the elimination of a recognition instance with a relatively large extent and low recognition
probability value. Part (b) represents a small perturbation of the situation represented in
Part (a) in which none of the recognition instances are eliminated.

tree crown images. Each window is also assigned a surrounding margin of a user-specified width
that overlaps the adjacent windows (Figure 5.18). The optimization procedure is applied to each
window and its surrounding margin (the processing region), but the results are retained only
for the windows. Each processing region represents an instance of the optimization problem.
The optimizétion is extended into the margins in order to reduce discontinuities in the results
at wiﬁdow boundary locations.

The optimization procedure selects a subset of the intermediate recognition instances that
are located within each processing region such that a certain objective function is maximized.
Then, the results for each window are integrated inﬁ;) the final set of recognition instances by
running them though the initially implemented conflict resolution filter that is described at
the beginning of this section. This procedure attempts to remove conflicts that remain along
the window boundaries. Although the procedure does not do this perfectly (examples of some
failures are discussed and illustrated in Section 6.7.3), the results were found to be noticeably

better when the procedure was applied than when it was not.
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Figure 5.18: Processing windows and margins for interpretation conflict resolution.

The objective function F is a weighted combination of three components:

F=wfi+wyfo+wsfs

where the weights (w;, ws, and ws) are user-specified and the components (fi, f2, and fs)

are related to the following aspects of the currently selected set of intermediate recognition

instances:

fi: the fraction of the processing region that does not coincide with the intersection locations

of multiple positioned matching model instances
f2: the average correct recognition probability value

fa: the fraction of the processing region that coincides with locations within positioned match-

ing model instances

The f; component is intended to control the .'d'évgrAee of image-space overlap between posi-

tioned matching model instances and is related to the fact that within forest stands the crown
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envelope intersection volume is generally less than the remaining crown envelope volume. The
relationship is admittedly indirect since the intersections of the image-space projections of tree
crowns in the scene do not exactly correspond to the intersections of the tree crown volumes
in scene-space. This is particularly so in parts of the image where there is considerable height
displacement and occlusion of some tree crown images by others.

The f, component is intended to reflect an overall preference for the recognition instances
with higher correct recognition probability values, as evaluated by the correct recognition prob-
ability filter (cf. Section 5.4).

The f3 component counterbalances the other two components: clearly, the rejection of all of
the recognition instances would maximize f;, and the retention of the one recognition instance

with the highest correct recognition probability value would maximize fs.

5.5.1 Definition of a Processing Region State and the Associated Objective
Function Value ;

Let there be m locations, (z1,¥1),...,(%m,Ym), within the processing region at which the
matching model instances for one or more recognition instances are positioned. We call these

the non-null locations.

A recognition instance selection that may be made at non-null location (z4,9;) is

Sz € {wr.’,yn Toigisls « « + Toiypiyni }

where {rz; v 15+« Toigin; } 18 the full set of n; intermediate recognition instances positioned
at (z;,yi), and 0, denotes the selection of none of those recognition instances (the null’
selection).

A valid j** state for a processing region during the optimization procedure is a set that

represents one recognition instance selection at each of the non-null locations:

Sj = {leyylyj’ te Sl‘m»ymy.f}

where sz, . ; is the selection at non-null location (z;,y;) that is associated with the state j.




Chapter 5. Procedures 81

The values of the objective function and its components for state j are denoted respectively
F;, and fi;, fo,;, and f3;. The expressions for the components of the objective functions

involve the following quantities:
N;: the total number of non-null selections in s;

P (Sg;,y;): the correct recdgnition probability associated with s, ,.

(P (Swiyui) = 0 szy9; = 0s,,)
Pmaxt MaAX(P (Pz;i5) * Teiyig € Ure1{Tzrups -« oy Topwe,ne })
Pmint min(p (rz,y ;) REET € Uisi{renun,tr -+ o Topmni 1)
Pj‘ 2oie1 P (Szi,96,4)

c;: the number of singly or multiply covered (or, simply, covered) locations in state j, which
are the processing region locations that coincide with a location in at least one positioned

matching model instance in statej -~ i e

cm;: the number of multiply covered locations in state j, which are the processing region
locations that coincide with a location within the intersection of two or more positioned

matching model instances in state j

cuyb: an upper bound on the number of covered locations in any state, defined by the number of
covered locations when all of the recognition instances at all of the non-null locations are
selected (this does not represent a valid state since in this case multiple selections may

be made at a single non-null location)

The objective function components for state j are evaluated according to:

Fi= Cmax — €M
1,7 =
¢ Cub -
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_ S
f3,] B Cub

The value for each component is restricted to [0, 1] for any processing region. This helps ensure
the applicability of the same set of weights to different processing regions.

The maximization of F for a particular processing region is an instance of a combinatorial
optimization problem. The number of possible states grows exponentially with the number of

non-null locations.

5.5.2 Initial Optimization Experiments

We initially implemented a backtracking procedure to perform the optimization, but found that
within the the context of the main experiment, even small processing regions (e.g., 25-by-25
pixels) are almost always associated with too many states to allow the procedure to terminate
in a reasonable amount of time (the procedure performs an exhaustive search of the states).
Processing regions that are small enough to allow a reasonable execution time (e.g., 10-by-10
pixels) often cannot contain the spatial interactions between multiple large tree crown images,
and lead to a significantly increased incidence of window-boundary discontinuities in the results.

In the backtracking procedure, each non-null location in a processing region corresponds to a
different level in a state-space tree, and the different nodes at a level correspond to the different
possible recognition instance selections at the corresponding location. A bounding function was
added to the procedure in an attempt to improve the execution time. The bounding function is
based on the assumptions that at all levels of the tree under the level of the current node there
is a recognition instance selection with a recognition probability of 1.0, and that these selections
together raise the coverage to c,, without raising the multiple coverage. The bounding function
returns the value of the objective function under these assumptions. If the bounding function
value is less than that of the current largest objective function value then the descendants of

the current node are not visited. The addition of this bounding function did not shorten the

running time of the procedure to a reasonable level.
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A greedy algorithm was also implemented. The procedure starts by selecting a recognition
instance with the globally maximum correct recognition probability. It then searches for the
remaining non-null location and selection selection that produces the maximum increase in the
objective function value, and stops when an increase is no longer possible. Within the context
of the main experiment the procedure consistently terminated with an obviously poor result.
The procedure quickly became caught in locations of the state space with locally maximum

objective function values.

5.5.3 Optimization by Similated Annealing

The optimization procedure that was used to produce the results reported in Section 6.7 is
based on simulated annealing. The following definitions are fundamental to the discussion of

our application of this technique:

S: the set of all states in a problem instance (a problem instance corresponds to a processing

region)

e: the state score function, which assigns a real number to a state; if € (s;) < € (s;) then s; is

considered to be closer to optimum than s;

p: the move set; a relation over S (u C S x S) that represents the pairs of elements of S that

are connected by a permissable atomic state modification, or move.
pF: the pairs of elements of S that are connected by a sequence of k moves (u = u!).
(S, u): the state-space

a: the acceptance function, which assigns a real number in (0, 1] to a pair of scores and a control
parameter value; « (e (s;), € (s;),t) is the probability of accepting a move from state s; to

state s; under control parameter value ¢

B: the selection function, which assigns a real number in [0, 1] to a pair of states; § (s;,s;) is

the probability of randomly selecting a move that, if accepted, would cause a transition
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from state s; to state s;

This notation and terminology is taken from Otten and van Ginneken (1989), which is also the
main background reference on simulated annealing that was used in this work.
In discussions of simulated annealing it is customary to consider the problem to be one of

minimization, in other words to find a state s; € S such that
Vs; € S [e(si) < e(s5))-

Therefore, in our application we equate ¢ (s;) and —F;.

A basic simulated annealing algorithm is outlined in Figure 5.19. The overall form of the
algorithm is an inner loop (block (3.2)) nested within an outer loop (block (3)), with the number
of iterations of the inner loop determined in the outer loop. Also, the inner loop contains
an implementation of an acceptance function (line (3.2.2)) that involves a pseudo-randomly
generated real number from the interval [0, 1) (denoted random). The control parameter ¢ for
the acceptance function is evaluated in the outer loop.

The probability that s; will be the next accepted state given that s; is the current state

(i.e., the probability of the transition from s; to s;) is 7 (éi,Sj,t), where

T (si,85,t) = a (e (1), (s),1) B (sis85)-

It is convenient to think of all the transition probabilities for a given value of ¢ as elements of
a |S|-by-|S| transition matriz T(t), where T(t);; = 7 (si,s;,t). Clearly, the entries of T(t) are
non-negative and the row sums are equal to unity; therefore, T(t) is a Markov matriz, and the
sequence of current states generated by the inner loop is a Markov chain. This sequence has
the property that the next accepted state does not depend on the states that have preceded the
current state. For a given value of ¢, the transition matrix does not change and that part of the
sequence of current states is called a homogeneous Markov chain. The conditional probability

that scurr = s; given that » steps earlier in the same homogeneous Markov chain seyrr = s; is

denoted by 7, (s;,s;,1).
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Input: (S,u): the state-space

Output: sope: the estimated optimum state
(1) Initialize K and t.

(2) Let stop = FALSE.

(8) While stop # TRUE:

(3.1) Let i = 1.
(3.2) While ¢ < K:

(3.2.1) Apply a random move t0 Scyrr t0 get Spew and let pew = € (Snew)-

(3.2.2) If random < exp((€curr — Enew)/t) then:
(3.2.2.1) Let Scyrr = Snew and Ecurr = Enew-
(3.2.3) Let i=i+1.

(3.3) Update K, and t.
(3.4) If the stop criteria are met then let stop = TRUE.

(4) Let Sopt = Scurr-

Figure 5.19: Simulated anhealing algorithm.

85
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Let the move set have the properties of space connectivity (i.e., any state can be reached

from any other state by a sequence of moves) and reflezivity:

pF=8x8

s

k=1

and

Vs; € S [(si,8:) € p)

Also, let 8 have the following properties:

V(si,s;) € p [B (sis85) # 0]

and
V(si,85)) € (B (siys;) = 0].

Then for the homogenous Markov chain there exists a probability density function of states 4,

called the equilibrium density of the chain such that

= kli_)rrgo Tn (8i, 8, ¢)

6 (s5,1)

and where the § does not depend on s;. This is the chain limit theorem, which is proved in
Chapter 3 of Otten and van Ginneken (1989).

Let us add symmetry to the conditions on g and 3:
Vs; €5, Vs; €85 [(Si,Sj) eEpu— (Sj,si) €
and
Vs; € S’ VS]‘ G-S [/8 (S,‘,S]') = /B (S]‘,S{)],

and let us adopt the acceptance function encoded in Figure 5.19:

o (€ (s1),€ (85),1) = min {1, exp ((e (s:) — £ (s7)) /1) }-

Then, for a sufficiently high value of ¢, the equilibrium probability is practically the same for all

states, and for a sufficiently low value of ¢ the equilibrium probability is practically zero for all
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states that do not have the globally minimum score (Otten and van Ginneken 1989, Chapter 3).

We call a homogeneous Markov chain that satisfies above-specified requirements on p, «, and
B an annealing chain.

For annealing chains, fewer steps are required to get close to equilibrium (i.e., reach quasi-
equilibrium) with a relatively large value of t than with a relatively low value of t. Also, after
quasi-equilibrium is obtained for one value of t, relatively few steps are required to re-establish
quasi-equilibrium in a new chain for a slightly different value of t whose starting state is the old
chain’s ending state. The central idea of the annealing algorithm, then, is to quickly establish
quasi-equilibrium for a high value of ¢ and then re-establish quasi-equilibrium for decreasing
values of ¢ until the stopping criteria are met, which should occur when there is little or no
decrease in the average score for successive chains. The procedures described in Otten and
van Ginneken (1989) for initializing ¢ and K (the number of steps to run the current annealing
chain through), computing successive values of t and K, and determining when to stop were
implemented in our application of simulated _apnea&lizng. These procedures involve statistics
compiled during the inner loop executions that are required to reach quasi-equilibrium for each
value of ¢, and their implementation has been omitted from Figure 5.19.

For our application, we define a move as the sélection of a single non-null location, followed
by a recognition instance replacement at thaf location. A recognition instance replacement
at a particular location is the removal of the previously selected recognition instance followed
by the addition of a newly selected recognition instqﬁce at that location. In a random move,
the location and new recognition instance selections are random. Clearly, the move set has
the properties of space connectivity,. reflexivity, and symmetry that are required for simulated
annealing (space connectivity is satisfied because any final state can be reached from an initial
state by transitioning to the state of all null selections, and then making the non-null selections
required to establish the final state). The required conditions on 3 are trivially satisfied.

The evaluation of F; to accompany the transition from S; to S;;+1 requires the evaluation

of Njt1, ¢jy1, cmjqq, and pj'+1. This procedure is outlined in Figure 5.20. The procedure is
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supported by a coverage count map for the processing region, which is denoted by COVCNT,
and the functions Ac,., Aem,., Acg, Aemy,. )

Each location in a coverage count map is evaluated to the number of different positioned
matching model instances that contain a coinciding location in the current state. The alteration
of a coverage count map during a recognition instance replacement is illustrated in Figure 5.21.

The function Ae, returns the reduction in the number of covered locations in the processing
region (a number that is less than or quuavl“tQ“z_ero) when the specified recognition instance is
removed from the specified location. The function Ac, returns the increase in the number
of covered locations in the processing region (a number that is greater than or equal to zero)
when the specified recognition instance is added to the specified location. The functions Acm,
and Acm, are similar to Ac, and Ac,, except that they respectively return the reduction or
increase in the number of multiply covered locations. Each of these functions also updates the
coverage count map. Note that an implementation of any of these functions needs to scan and
modify the coverage count map onlyﬂ withinvv the ext(;ﬁts of the removed or added recognition

instances.

5.5.4 Summary

Interpretation conflict resolution was formulated as a window-based combinatorial optimization
problem that involves the spatial interaction between recognition instances as well as the correct
recognition probability values.

A backtracking optimization procedure that performs an exhaustive search of the states for
a processing region (a window plus its surrounding margin) typically required an unreasonable
amount of computation for windows that were large enough to contain the spatial interaction
between multiple images or large tree crowns. The addition of a bounding function to the
procedure did not decrease the required amount of computation to a reasonable level. A greedy
optimization procedure usually became caught at Iocal objective function maxima within the

state-space. An optimization procedure that is based on simulated annealing had reasonable
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Input: COVCNT, (xi,yi) Sziyirdy Sziwii+ls NG pj', c;, cm;
Output: Njyq, p;-*'_H, Cj4+1y CMj41
(1) If 5045 # Oz;y then let

Ntmp:Nj_ 17

pt+mp = p;' = P (Szi00,5)
Ctmp = €5 + Ac, (COVCNT) (zi) yi), sx,',yi,j)y and
cMimp = cmj + Acem, (COVCNT, (24, ¥:), Sz;,4:,5)3

otherwise, let

Negmp = Nj,
+ ot
ptmp - pj 3

C¢mp = Cj, and
CMimp = CM;.

(2) If Sziyii+l £ Q)r.',yi then let

Nj+1 = Ntmp + 17

P;-+1 = pfmp + P (Szi,541)

Cj+1 = Cemp + Ocg (COVCNT, (24, 4:), Sa; yi,5+1), and
€m;jt1 = CMemp + Aemg (COVONT, (24, ¥:), Sz; s ,54+1);

otherwise, let

Nj+1 = Ntmpy
p;':.l = p:-mp,
Cj+1 = C¢mp, and
CMj41 = CMmp.

Figure 5.20: Procedure to update the objective function data to reflect the replacement of
Szivi,j PY Sziyi5+1 at location (z;, ;).
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a) remove re-select

covered

b) locations

o : .
% singly covered locations }
I]]]]]]]]]]] multiply covered locations

Figure 5.21: Alteration of a coverage count map during a recognition instance replacement:
(a) states of the coverage count map, and (b) initial and final coverage classes.

execution times for adequately large processing regions, and was used to produce the results

that are reported in Section 6.7.
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Experiment

This chapter is organized as follows:
Section 6.1 describes the experimental image data and the reference data.

Section 6.2 describes the manual tree crown recognition experiment, the results of which were

compared to the automatic tree crown recognition results.

Section 6.3 describes the evaluation of the inputs to the model instance set generation pro-

cedure.

Section 6.4 describes the evaluation of the adjustable parameters of the initial matching pro-

cedure: Pehry Psthr, dfrac, and 7Ngroup-

Section 6.5 describes the selection of the training set and the features that were used in

estimating the probability of correct recognition.

Section 6.6 describes the evaluation of the adjustable parameters to the conflict resolution

procedure.

Section 6.7 presents an assessment and analysis of the automatic tree crown recognition and

diameter estimation results.

91
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6.1 Data

The experimental image data were acquired from an aircraft with the MEIS II in two flightlines
over the PNFI research forest near Chalk River, Ontario, Canada (46°00'N; 77°25'W) on the
morning of 16 August 1988. The scene terrain has low relief. Basic flight parameters from the

flight report are listed in Table 6.1.

FLIGHTLINE | ALTITUDE | AZIMUTH | GR. SPEED TIME (GMT)
(metres agl) | (degrees) | (metres/sec) | Start End
Sturgeon 518 321 82.8 13:58:33 | 14:01:59
Headquarters 518 277 79.7 14:11:52 | 14:13:46

Table 6.1: Flight parameters for the MEIS II data acquired over the PNFI research forest on
16 August 1988.

The geographic coordinates of the flightline extrema were estimated by locating them on
1:25,000 scale National Topographic Series map sheets. The sun positions corresponding to the
flightline location and time extrema were calculated using the method described in Chapter 1 of
Igbal (1983). The solar declination value for 16 August 1988 of +13°4420.8" listed in Section C
of The Astronomical Almanac for the Year 1988 was used in the calculation. These results are

listed in Table 6.2.

LOCATION LATITUDE | LONGITUDE | SUN AZIMUTH | SUN ZENITH /
: (degrees) (degrees)
Sturgeon Start 45°56'52"N | T77°20'46"W 111.93 52.03
Sturgeon End 46°00'55"N | 77°25'20"W 112.71 51.55
Headquarters Start | 45°59/34"N | 77°22/45"W 115.08 49.94
Headquarters End | 45°59'59”"N | 77°27'35"W 115.90 49.42

Table 6.2: Estimated coordinates of flightline extrema and the calculated sun position at those
locations at the time of imaging. )

Meteorological data collected at PNFI near the time of image acquisition and obtained from
the Canadian.Atmospheric Environment Service indicate a ground level visibility of 24.1 km,

no cloud cover, and a ground level windspeed between 13 and 11 km/hr. Igbal (1983, p. 119)

lists horizontal ground level visibility values of 340, 28, and 11 km and indicative of “clean”,
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“clear”, and “turbid” atmospheres, respectively.

6.1.1 Image Data

Table 6.3 lists the wavelength bands in which the experimental image data channels were sensed.

Pixel values for each channel are represented by 8 bits.

MEIS 11 CENTRE WAVELENGTH SIGNIFICANCE
CHANNEL | WAVELENGTH (pm) | RANGE (pm)
7 ' 0.4489 - - -0.4336-0.4642 | chloropyhll abs. peak
8 0.5484 0.5325-0.5643 | chlorophyll refl. peak
4 0.6402 0.6217-0.6587 | chlorophyll abs. peak
2 0.6751 0.6553-0.6949 leaf refl. slope peak
3 0.8734 0.8461-0.9007 leaf refl. peak
6 1.0175 0.9628-1.0722 leaf refl. peak

Table 6.3: Channel descriptions for the MEIS II data acquired over the PNFI research forest
on 16 August 1988.

Channel 6 was not made available to this experiment because its quality was considered to
be too low for it to be usable. Visual inspection of the displayed data shows that channels 3
and 8, which respectively correspona to near-infrared and visible green wavelength bands, have
noticeably better contrast and less noise than the other channels. Channel 8 exhibits greater
contrast within individual tree crown image regions than channel 3, which is to be expected since
individual leaves gene'ra,lly have higher transmittance in the near-infrared wavelength region,
as pointed.‘out in Section 4.2.2.

Pixel value frequency histograms were compiled for each of the image data channels (Fig-
ure 6.22).- The histogram for each channel represents the same 24 320-by-320 pixel image
regions. Each image region is centred on a different ground sample plot (cf. Section 6.1.2).
These sample plots are distributed throughout both flightlines (cf. Section 6.7).

The frequency histograms show that the sampled pixel values in all channels are concen-
trated in the lower half of the [0,255] range. The peaks at pixel value 255 are evidence that
there were bright objects in the scene tha‘t safurated the sensor. In all of the bands tree crowns

are generally not the brightest objects (some areas of exposed soil and pavement were brighter),
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CHANNEL 2 - rnnge [0..255), mean: 26.9, s.d.: 25.7 CHANNEL 3 - range [0 .255), mean: 56.8, s.d.: 27.8
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Figure 6.22: Pixel value frequency histograms for the MEIS II image channels. Each histogram
is computed for the same 24 320-by-320 pixel image regions. Each image region is centered on
a different ground sample plot.
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so the tree crowns are effectively imaged with 7 bits of precision.

The nominal along-scanline pixel ground dimension is 0.364 m for both flightlines. This
estimate is based on the nominal flight altitude above ground level (Table 6.1) and the MEIS II
focal length and output pixel image-plane dimension (McColl, Neville, and Till 1983). The
nominal along-flightline pixel ground dimension is 0.414 m and 0.398 m for the Sturgeon and
Headqua}ters flightlines, respectively. These estimates are based on the data used to estimate
the along-scanline dimension, the nominal flightline ground speed (Table 6.1), and a detector
array scan rate of 200 Hz for both flightlines.

The image data were acquired without real-time aircraft roll correction (a MEIS II system
option), and no geometric post-processing was applied to them. The orientation angles of an
inertial navigation system (INS) that was mounted in the aircraft were sampled during image
acquisition. The INS was not attached to, or precisely aligned with, the sensor head, so the
measured orientation angles were not necessarily those of the sensor coordinate frame. However,
the INS was only about 2m aWay from the sensor-hea'd,. o) rel@tive orientation variation due
to airframe flex was negligible. Table 6.4 lists the INS orientation angle standard deviations
for portions of the full-flightline images that encompass the sample plots (the sample plots are

discussed in Section 6.1.2). Reliable data on groundspeed and height variation are not available.

FLIGHTLINE | # SAMPLES | ROLL ¢ | PITCH ¢ | AZIMUTH o
Sturgeon 8883 0.407 0.359 0.200
Headquarters 6285 0.416 0.393 0.399

Table 6.4: Standard deviations (in degrees) of INS orientation angles for flightline intervals that
encompass the sample plots.

Under the assumption that the zsys-plane was horizontal at the mean roll and pitch angle
for the INS, then the maximum ahgle between the optical and vertical axes for the Sturgeon
and Headqué;rters flighlines was respectively 1.717° and 0.925°.

The image data were processed at PNFI in order to remove dropped scanlines (image rows

correspond to scanlines), and remove some column striping. Also, an additive along-row pixel

value adjustment was applied in order to reduce a gradation in average column image intensity.
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This gradation was caused by along-scanline local view direction variation combined with flight
directions that were not oriented exactly along the solar azimuth. Image regions corresponding
to red pine stands were delineated, and for each region the mean pixel value in each band and
the image location of the centroid was computed. The adjustment for each band was based
on a quadratic least squares regression of region mean pixel value on region centroid scanline
position. The adjustment was less than 10 pixel value increments for all bands. Although
not required for this research, the adjustment was considered to be beneficial to manual image
interpretation involved in other research that used these data. The image data pre-processing

procedures are described in further detail in Cloney et. al. (1994).

6.1.2 Reference Data

During the periods of May to October 1989 and May to August 1990 various attributes of a
sample of 587 overstory trees that were distributed among twenty-four 20-by-20 metre square
sample plots in the scene were evaluated in the field by PNFI personnel. These attributes are
(1) species, (2) stem diameter at breast h.ei.g‘ht (dbh), (3) horizontal crown diameter, (4) tree
height, (5) dominance, (6) crowding, and (7) species context. .

The dbh was measured to the nearest 0.1 cm. The horizontal crown diameter was evaluated
as the average of the maximum nort.h-south and east-west horizontal crown dimensions and
recorded to the nearest 0.1 m. Tree height was evaluated to the nearest 0.1 m. Dominance was
evaluated as dominant (crown clearly higher than those of neighbouring trees) or co-dominant
(crown in overstory but not clearly higher than those of neighbouring trees). Crowding was
evaluated as low (tree fairly open growing and not competing with neighbours), medium (tree
in light competition with neighbours), or high (tree in contact with neighbours on all sides).
Species context (a measure of the species mixture of the overstory canopy in the neighbourhood
of the sample tree) was evaluated as either burely softwood, a mixture of softwood and hardwood
with softwood predominant (softwood/hardwood), a mixture of softwood and hardwood with

hardwood predominant (haArdwoold“/so'ftwood); or purely hardwood.



Chapter 6. Experiment 97

PNFI personnel manually estimated the crown apex image location for 548 of the sample
trees (these locations were confirmed through field visits with hardcopies of the image data) the
image extents of the crowns of 539 of the sample trees, and the image location of each corner
of each sample plot. Two of the apex locations correspond to multiple sample trees (4 each).
All the other apex locations have a one-to-one correspondence with sample trees.

In a display of the image data, understory trees can be manually detected through gaps in
the upper canopy stratum within each sample plot. PNFI peréonnel estimated the crown apex
image location for these visible understory trees, and for trees having a stem location outside
of any plot and a crown extent intersecting a plot boundary (border trees). This produced a
total of 203 additional crown apex image locations. Attributes were not evaluated for any of
the visible understory trees or border trees.

The reference data collection procedure is described in further detail in Cloney et. al. (1994). .

A reference display was created for each of 24 sample plots by overlaying in white the
estimated apex locations of the sample trees v131ble understory trees, and border trees, and the
estimated sample tree crown boundaries onto a 100-by-100 pixel channel 8 subimage centered
on the sample plot. The reference displays were used in assessing the accuracy of the results
produced by the recognition procedure (the accuracy assessment procedure is described in detail

in Section 6.7).

6.2 Manual Recognition Experiment

An assessment of the accuracy of manual recognition for 15 of the sample plots was performed
at PNFI. This includes, for each sample plot, the average number of omission errors and the
average number of commission errors over 5 different interpreters who worked independently
of one anqther. These data for 14 sample plots are tabulated in Section 6.7.1, where they are
compared to automatic recognition results.

The source of the manual recognition results and the following outline of the experimental

procedure is Cloney and Leckie (1995).
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Four of the interpreters had extensive experience in forest inventory photo-interpretation
and the remaining interpreter was a forestry student with little photo-interpretation experience.
Each interpreter used the same workstation display of the same three-channel colour composite
of sample plot subimages drawn from the experimental image data (linearly scaled versions of
channels 3, 7, and 4 assigned to the red, green, and blue display coordinates, respectively).
The colour composite was designed to also support an experiment in manual species discrimi-
nation. The workstation supported continuous zooming and roaming of the display. All of the
interpreters were given the same orientation resentation in which they were introduced to the
display equipment and shown some examples of correct crown recognition.

The interpreters were required to record the pixel location of the estimated centroid of each
identified tree crown’s image extent.

The sample plot subimages were partitioned into three subsets and a different pixel size
was used in displaying each subset. The subimages for six of the plots were displayed with
the original pixel dimension. The subimages fof two ‘of the plots were displayed with pixels
having half the side-dimension of the original, and the subimages for the remaining seven plots
were displayed with pixels having twice the side-dimension of the original (in all cases cubic-
convolution resampling was used). The pixel size variation was considered to have a minor
effect on the manual recognition results.

Border trees and visible understory trees (cf. Section 6.1.2), as well as visible ground vege-
tation were masked-out in the sample plot subimége, and the interpreters were told to ignore

the masked-out areas.

6.3 Evaluation of Inputs to Model Instance Set Generation

This section describes the application of the procedure outlined in Section 5.1.1 to the experi-

mental scene and image data. The results are summarized in Section 6.3.6.
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6.3.1 Definition of Constraints on the Locally Variable Parameters

The scene is part of the Middle Ottawa Forest Section of the Great Lakes-St. Lawrence For-
est Region (Rowe 1972, pp. 100). In this Forest Section, upland forests are usually com-
posed of sugar maple (Acer saccharum Marsh.), American beech (Fagus grandifolia Ehrh.),
yellow birch (Betula alleghaniensis Britton), red maple (Acer Rubrum L.), eastern hemlock
[Tsuga canadensis (L.) Carr.], eastern white pine (Pinus strobus L.), and red pine (Pinus
resinosa Ait.). Forests on dry ridges and sand flats. are usually composed of eastern hemlock,
eastern white pine, and jack pine (Pinus banksiana Lamb.). Varying amounts of white spruce
[Picea glauca (Moench) Voss], balsam fir [Abies balsamea (L.) Mill.], trembling aspen (Polpu-
lus tremuloides Michx.), white birch (Betula papyrifera Marsh.), red oak (Quercus rubra L.),
and basswood (T'ilia americana L.) are present throughout both of these general forest types.
Swamp forests are common, and they are usually composed of eastern white cedar (Thuja
occidentalis L.), eastern larch [Lariz laricina (Du Roi) K.Koch], black spruce [Picea mari-
ana (Mill.) B.S.P.], black ash (Frazinus nigra Marsh.), red maple and white elm (Ulmus amer-
icana L.).

Descriptions of crown form in Hosie (1969) and Sayn-Wittgenstein (1978) for these tree
species were compared to plots of a generalized ellipsoids that were computed from different
parameter Valﬁes in order to obtain the following constraints on tree crown size and shape shape
for the overall scene.

Table 6.5 lists the identified constrlair;tS c;nl (%, n), Wthh defines the crown envelope shape.

Table 6.6 lists the identified constraints on (b, ¢, 7), which defines the crown envelope size and

shape.
id z n
1 (80-10.0|1.0-1.5
2| 40-6.0 |1.0-15
3 120-40|15-2.0
41 1.0-2.0 |20-25

Table 6.5: Crown envelope shape intervals.
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b (metres) | shape id
1.0-20 | 1,23
2.0-4.0 2,3,4
4.0-6.5 4

Table 6.6: Crown envelope size and shape intervals.

An overall horizontal radius range of 1.0m to 6.5 m was obtained by manually inspecting
the image data. The shape with id =1 (cf. Table 6.5) is restricted to black spruce which has
an exceptionally narrow (b < 2m) elongated crowﬁ. The largest crowns (b > 4 m) belong to
species for which the sun crown is characteristically parabolic or slightly flat-topped (eastern
white pine, eastern hemlock, red pine, yellow birch, and sugar maple).

The following are the constraints that were identified for the remaining locally variable

parameters:
® Xend: 0.7 x min(b,3.0m) < Xepq < 1.0 X min(b, 3.0 m)

® Xmax: 0.2 X Xend € Xmax £ 0.5 X Xend

Davg: 0.5m™! < Djpyp < 3.0m™!

Dmax: (1.5 X Davg) < Dmax < (4.5 X Dayg)

k: 0.75 < k £ 1.00
e B: 0.20 < B<0.50

(full parameter descriptions are given in Section 4.3).
The choice of the constraints on the permeable-volume model parameters related to tree

crown composition was guided by the following information:

e Average projected one-sided leaf area density values of 1.5 m?/m? (for a Norway spruce)

and 1.86m?/m? (for an unspecified coniferous species) are quoted in Oker-Blom and

Kellomdki (1982) and Kuuluvainen and Pukkala (1989), respectively.
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e In Koppel and Oja (1984) the average one-sided (not projected) leaf area density for an
entire Norway spruce crown is given as 5.6 m2/m?, the maximum depth of the live foliage
is given as 2.5 m, the density value for the portion of the crown above the height where
the non-foliated inner region disappeared is given as 17m?%/m3, or 3.0 times the whole
crown average, and the average for the sun crown is given as 8 m%2/m3, or 1.4 times the

whole crown average.

e In Wang et al. (1990) it is reported that the maximum leaf area density for a sample of
radiata pine trees was up to 4 times greater than the average for the entire crown, and
that the peak of the average (over the vertical crown extent) horizontal radial leaf area
density distribution tended to occur between one-third and one-half of the crown radius

in from the crown surface.

The constraint for B was based on a sample of ratios of canopy gap image region pixel values
to tree crown image region average pixel values (in the MEIS II, the gain for each channel is
selected by the operator, but the only offset is a real time subtraction of dark current values
from detector outputs). The pixels were manually selected from the channel 8 (green wavelength
band) image and were restricted to locations near the middle image column. Pixels near the
edge of tree crown image regions where foliage gaps are evident were avoided.

A constraint for the k parameter of the opaque surface model cannot be derived from
measurements of physical tree crowﬁ characteristics. For values of k£ that are less than 1 and
incident angles gr(;ater than zero, the value of the Minnaert reflectance function (Equation 4.8)
increases without bound as the exitant angle increases from 0 and approaches 5. When the
projection vector is vertical and the zsys-plane is horizontal, this causes brightening at and
near the edge of the direct irradiation extent of opaque surface model instances for values of

n greater than 1. For k less than 0.75 the appearance of the edge brightening effect is clearly

unrealistic in model instances that are generated with the other parameters evaluated to the

test values. Therefore, 0.75 was selected as the low limit for k.
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6.3.2 Pattern Correlation Sensitivity Tests

The pattern correlation for pairs of different tree crown image model instances was computed

in a series of tests in order to support the following investigations:

1. quantify the sensitivity of model instance pattern to full-scene variation and measurement
error in &5, ¢s, ¢, and K, and of variation in the locally variable parameters within the

specified constraints

2. compare the pattern variation that is possible with the permeable volume model to that

which is possible with the opaque surface model within the specified parameter constraints

For all tests, certain sensing geometry parameters were evaluated as follows: f = 0.02461 m,
p=1729% 10"°m, H = 518m, v = 0.0°, 8 = 0.0°, ¢y = 277°, d, = 0, and d. = 0.

The specified values for v, 3, d;, and d. imply a horizontal z ys-plane and a vertical pro-
jection vector. Consequently, two model instances that were generated from these values and
from the same value for b had the same extent and apex location, which permitted the compu-
tation of their pattern difference. Also, a horizontal z.ys-plane and a vertical projection vector
permitted the effect of a change in the value of ¢; to be simulated with a change in the value
of ¢.

The specified values for H and ¢x werev.tak‘en: from the Headquarters flightline flight pa-
rameters (see Table 6.1). The values for f and p are those that are specified for the MEIS II
(McColl, Neville, and Till 1983).

Tables 6.7 and 6.8 list parameter values on which the tests were based. For convenience,
the pair (a,n) is treated as a single locally variable parameter in the tests. A range of natural
variation or natural variation and measurement error, depending on the parameter, is defined
by the low and high values. The parameter descriptions and value units are given in Section 4.3.

The intermediate test values for 05" @nd ¢; are averages of the He@dquarters flightline extfema

values for those parameters (see Table 6.2). The difference between the 6 extrema values

is 0.52°, and we assume that the precision of the calculation of 6 from the specified image
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test param. low intermediate high
6 48.42 49.68 50.94
b 113.07 115.49 117.91
K 0.00 0.10 0.40
Davg 0.50 1.75 3.00
Dnax 1.50 X Dayg | 3.00 X Dayg | 4.50 X Dayg
Xmax 0.20 X Xend | 0.35 X Xend | 0.50 X Xend
B 0.20 0.35 0.50
k 0.75 0.88 1.00

Table 6.7: Test parameter values that are independent of horizontal radius.

low | intermediate | high
b= 1.00 (23 extent pixels)
(a,n) | (1.00,2.00) | (4.50,1.50) | (10.00,1.50)
Xend | 0.70 0.85 1.00
b = 3.00 (220 extent pixels)
(a,n) | (3.00,2.00) | (12.00,2.00) | (18.00,1.00)
Xend 2.00 2.50 3.00
b = 6.50 (1020 extent pixels)
(a,n) | (6.50,2.00) [ (9.75,2.00) | (13.00,2.00)
Xend 2.00 2.50 3.00

Table 6.8: Test parameter values that are dependent on horizontal radius.

103
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acquisition times is within +1.00° of the actual values. These considerations lead to high and
low values for 65 of 49.68° + 1.26°. The difference between the ¢, extrema values is 0.82°, and
we assume that the precision of the calculation of ¢s from the specified times is within £1.00° 6f
the actual values. Furthermore, we estimate that practically all (99%) of the variation in ¢ to
be within £2.54 X 0.399° = +1.01° of 277° on the basis of the standard deviation for ¢¢, which
is listed in Table 6.4. These considerations lead to high and low values for ¢ of 115.49 +2.42°.
These ranges for 65 and ¢ are greater than those that are estimated for the Sturgeon flightline
by similar reasoning.

The choice of the test values for K was guided by the following information:

e on a clear day in August 1973 near Nunn Colorado with a 50° solar zenith angle, Oliver at

al. (1975) measured K to be 0.125 in a wavelength band centred at 0.51 ym,

e Fraser et al. (1975) state that shortwave noontime clear sky values for K may reach 0.40,

depending on location and season.

For each test value for b and each té's‘,t.”pé,i;ametéf‘ other than b, a model instance pair was
generated that represented the high and low values for that parameter and the intermediate
values for the other parameters. The pattern correlation for the permeable volume model
instance pairs and the opaque surface model instance pairs are listed in Tables 6.9 and 6.10,
respectively. These tables also rank the pattern correlation values from lowest to highest.

Table 6.9 shows that for b = 3.00 and b = 6.50, the pattern differences caused by the
variation in 6, ¢, and K were less than those caused by the variation in any one of the locally
variable permeable volume model parameters other than B. For b = 1.00, the X, ,4-variation
as well as the B-variation caused less pattern difference than the error variation in 6, ¢s, and
K. Table 6.10 shows that for all values of b, the pattern differences caused by the variation in
bs, ¢s, and and K were less than those caused by the variation in any one of the locally variable
opaque surface model parameters.

For each test value for b, the pattern correlation was computed for all pairs of different model

instances representing all combinations of high and low test values for more than one locally
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b=1.00 b=3.00 b=6.50

test param. p rank p rank P rank
0s 1.000 | 8 1.000 | 9 0999 | 9
os 0.994| 4 0994 | 6 0.995| 6
K 0995 5 0.997 | 8 0.997 | 8
(a,n) 0.920| 2 0925 | 4 0973 | 4
Dayvg 0826 1 0916 | 3 0949 | 3
Dpnax 0995 | 5 0.859 | 2 0.906 | 2
Xend 0998 7 0970 | 5 0980 | 5
Xmax 0.957 | 3 0743 | 1 0829 1
B 0996 | 6 099 | 7 099 | 7

Table 6.9: Pattern correlation for high and low parameter value instances of the permeable
volume model, ranked from lowest to highest with the ranks associated with locally-variable
parameters in bold print (non-test parameters for each model instance pair were assigned the
respective intermediate values).

b=1.00 b=3.00 b =6.50

test param. p rank p rank p rank
0 1.000| 5 1.000 | 5 0999 | 4
?s 0.995 | 3 0.995| 3 0.99 | 3
K 0999 | 4 0999 | 4 0999 | 4
(a,n) 0918 | 1 [ 0.918| 1 |[0972]| 2
k 0979 | 2 0.952 | 2 0961 | 1

Table 6.10: Pattern correlation for high and low parameter value instances of the opaque surface
model ranked from lowest to highest with ranks associated with locally-variable parameters
in bold print (non-test parameters for each model instance pair were assigned the respective
intermediate values).
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variable parameter. For the permeable volume model, sets of 2 to 6 locally variable parameters
were involved in the test, with each set consisting of the locally variable parameters associated
with the lowest pattern correlation values in Table 6.9 (the opaque surface model has only two
locally variable parameters if (a,7n) is treated as a single parameter). Summaries of the results
for the permeable volume model and the opaque surface model are listed in Tables 6.11 and

6.12, respectively.

p |b=1.00]b=3.00]b=6.50

lowest 2 (4 instances, 6 pairs)

min 0.476 0.614 0.749
max | 0.943 0.998 0.998
avg 0.777 0.807 0.875
lowest 3 (8 instances, 28 pairs)
min 0.350 0.523 0.690
max | 0.969 0.997 0.998
avg 0.784 0.814 0.881
lowest 4 (16 instances, 120 pairs)
min 0.340 0.315 0.611
max | 0.994 | 0.997 | 0.998
avg 0.795 | 0.761 | 0.872
lowest 5 (32 instances, 496 pairs)
min 0.330 0.243 0.550
max | 1.000 | 1.000 | 1.000
avg 0.801 0.766 0.874
all 6 (64 instances, 2016 pairs)
min 0.223 0.231 0.514
max | 1.000 1.000 1.000
avg 0.793 0.768 0.874

Table 6.11: Summaries of the pattern correlation values for all pairs of different permeable
volume model instances drawn from the set of instances representing all combinations of high
and low test values for the 2 to 6 locally-variable parameters associated with the lowest pattern
correlation values in Table 6.9 (non-test parameters for each model instance pair were assigned
the respective intermediate values).

The comparison of Tables 6.11 and 6.12 with Tables 6.9 and 6.10, respectively, shows that

for both versions of the tree crown image model, covariation of the values of two or more locally

variable parameters can cause larger pattern differences among model instances than variation
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p |b=1.00]b=3.00]b=6.50
min | 0.894 | 0.878 | 0.921
max | 0.987 | 0.996 | 0.972
avg | 0.931 | 0.921 | 0.957

Table 6.12: Summaries of the pattern correlation values for all 12 pairs of different opaque
surface model instances drawn from the set of 4 instances representing all possible combinations
of high and low test values for (e¢,n) and k (non-test parameters for each model instance pair
were assigned the respective intermediate values).

in the value of any single parameter.
For each test value for b and both versions of the tree crown image model, pattern correlation
values were computed for model instances generated with the extreme test values for (6, ¢s)

. and the intermediate test values for the other parameters (Table 6.13).

b 1.00 3.00 6.50
perm. p | 0.988 0.988 0.990
opaq. p | 0.989 0.990 0.991

Table 6.13: Pattern correlation values for peffnedblé volume model (perm. p) and opaque surface
model (opaq. p) instances generated with extreme test values for (s, ¢s): (48.42,113.07) and
(50.94,117.91). Parameters other than 65, ¢s, and, b were assigned the respective intermediate
test values. :

Table 6.13 shows that the pattern differences caused by natural variation and estimated
measurement error in s, ¢, and ¢p over the full Headquarters scene were less than those caused
by variation in the values of most of the individual locally variable parameters (cf. Tables 6.9
and 6.10) and covariation of two or more locally variable parameters (cf. Tables 6.11 and 6.12).

Table 6.14 lists pattern correlation values for model instance pairs consisting of a permeable
volume model instance and an opaque surface model instance. The pattern correlation values
in Table 6.14 are grouped according to the values of Dayg, Dimaxy Xmax, and k that the model
instances were generated from. Opaque surface model instances generated from either the high
or low test value for k£ have a relatively high pattern correlation (consistently greater than 0.9)
with permeable volume model instances that représent a high density of scattering elements

close to the surface of the crown envelope, which are generated from high test values for Dayg
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and Dp,.x and the low test value for X,ax. However, permeable volume model instances that
represent a low density of scattering elements far from the surface of the crown envelope,
which are generated from low test values for Dy and Dpax and the high test value for Xpmay,
have a relatively low pattern correlation (consistently less than 0.9) with opaque surface model
instances generated with either the low or high test value for k. These results show that when
the values of locally variable parameters are restricted to the specified constraints, the patterns
that are produced with the opaque surface model are nearly subsumed by the patterns that are

produced by the permeable volume model.

(a,n) [ b=1.00 [ 5=3.00] b=6.50
high D,yg, high Dy, low Xpayx; high &

low 0.957 0.952 0.950
inter. 0.951 0.927 0.941
high 0.933 0.936 0.938
high D¢ high Dpax low Xpax; low &
low 0.967 0.983 0.985
inter. 0.947 0.976 0.987
high 0.933 0.956 0.988
low Dgyg, low Dpay, high Xiax; high &
low 0.525 0.741 0.902
inter. 0.542 0.818 0.894
high 0.508 0.767 0.867
low Dayg, low Dpay, high Xpax: low &
low 0.368 0.607 0.847
inter. 0.433 0.785 0.876
high 0.584 0.607 0.884

Table 6.14: Correlation coefficients for-pairs of permeable volume model and opaque surface
model instances with the same extents (parameter values not given in the table are intermedi-
ate).

Figure 6.23 illustrates the basic differences between the two versions of the tree crown image
model, and helps to explain the test results in Table 6.14. In the permeable volume model
instance the non-directly irradiated portion of the extent is brighter because of penetration of

light through the crown, and the modelled radiance near the edge of the extent falls off because

of a decrease in light scattering element area density. -Permeable volume model instances can
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be generated so that they are more like opaque surface model instances by increasing the
scattering element area density and concentrating it closer to the surface of the crown envelope.
This reduces the light penetration through the crown and the crown edge reflectance fall-off.

However, the opaque surface model cannot model any amount of light penetration through the

crown or crown edge reflectance fall-off.

(a) (b) ()

Figure 6.23: Tree crown model instances generated with intermediate test parameter values:
(a) opaque surface version, (b) permeable volume version (c) direct irradiation locations.

6.3.3 Evaluation of b; and 7;

The desired precision for estimates of the radius of the largest crowns was evaluated to 0.75 m,
and 7,q; was evaluated to 0.78 according to Equation 5.11. The minimum b-value increment
was evaluated to 1.5 pixels, or 1.5 X 0.364 m = 1.09 m and, using the algorithm described in

Figure 5.11, the sequence of b-values and associated 7-values listed in Table 6.15 was computed.

? 1 2 3 4 5 6 i 8 9 10
b; (metres) | 1.00 1.55 2.09 2.64 3.18 3.73 4.28 4.84 5.48 6.21
ni 065 0.74 0.79 0.83 0.85 0.87 0.88 0.88 0.88 0.88
Table 6.15: Sequence of b-values and associated 7-values computed from 7,; = 0.78,

(2B)min = 1.5 X 0.364, byin = 1.00, and byax = 6.50.
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6.3.4 Evaluation of Pdiff y SSE, and SSM

A set of 11 subimages centred on tree crown images with exceptionally regular appearance and
representing a variety of sizes and column offsets was manually selected from the Headquarters
flightline channel 8 image. Channel 8 (the visible green wavelength channel) was selected
because it is one of the two channels that exhibits the least visible noise and greatest contrast,
and the other such channel (channel 3, the near-infrared wavelength channel) exhibits less
contrast within crown image regions than does channel 8. The tree crown apex location within
each subimage and the crown radius was manually estimated. The procedure described in
Figure 5.10 was used to génerate a model instance set (a set of uniform-extent subsets) for each
of the column offset-based recognition regions containing the sample tree crown images. Only
the permeable volume version of the crown image model was used. In the generation of each

model instance set, input parameters of the procedure were evaluated as follows:
e paif = 1.0
o d; =0 and de to the value correspondmgtomlddlecolumn of the column offset-based
recognition region (cf. Section 6.3.5)

e b; and 7; to values from Table 6.15 that bracket the estimated crown radius for the sample

tree images within the recognition region
e f,p, H,v, B, and ¢5 to the fixed test values specified in Section 6.3.2
e 05, ¢, and K to the intermediate test values specified-in Section 6.3.2

e the constraints on locally variable parameters to the overall scene values specified in

Section 6.3.1

For each model instance set, the procedure was run with different values for SSg (in incre-

ments of 10)-and SSy = 1 in order to estimate the minimum value at which the subsets E’ of

E (cf. step (3.2)'of Figure 5.10) are of maximum size for the given inputs.” This produced an
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estimate of SSg = 60. The procedure was then run with SSg = 60 and different values of SSu
(in increments of 10) in order to estimate the minimum value at which the subsets M’ of M
(cf. step (3.4.4) of Figure 5.10) are of maximum size for the given inputs (for pgig = 1.0 this is
the point where M begins to contain non-random duplicate model instances). This produced
an estimate of 5SSy = 150.

Model instance sets that were generated with SSg = 60 and SSym = 150 were used to derive
a working value for pg;. For each sample tree crown image, the uniform-extent subset that best
coincided with the tree crown image extent (with the crown apex as the registration feature),
was manually selected and the corréla,tion coeflicient for the tree crown image and each of the
150 elements of the uniform extent subset was computed. Table 6.16 lists the minimum and
maximum correlation coefficient obtained for each sample tree crown image (pmin and pmax,
respectively), the value of d; that was used to generate the corresponding model instance set,

and the locally variable parameter values of the model instance for which Pmax Was obtained.

sample | b (metres) | d. (pixels) | Pmin | Pmax
1 1.55 -410.5 | 0.906 | 0.949
2 1:55- |- 135.5: | 0.865 | 0.926
3 3.73 9.5 0.779 | 0.918
4 3.18 | -198.5 | 0.776 | 0.910
5 3.73 10.5 0.677 | 0.891
6 3.18 142.5 0.643 | 0.864
7 1.55 38.5 0.717 | 0.859
8 621 | 335 0.745 | 0.858
9 2.64 219.5 0.545 | 0.853
10 2.09 -444.5 | 0.571 | 0.814
11 1.55 -391.5 | 0.581 | 0.751

Table 6.16: Sample tree crown image correlation coefficients.

Values of pmin and pmax that were similarly obtained for the channel 3 sample crown images
were generally lower than those listed in table 6.16.
The values of the locally variable parameters (other than b) for the model instances for which

P = Pmax varied widely with respect to the specified constraints (a/b: 1.32 to 8.64, n: 1.03 to

2.15, Xena: 1.18 to 2.45 m, Xmax/Xena: 0.28 to 0.49, Dyyg: 0.52 to 2.62m ™!, Dimax/Dayg: 1.61
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to 4.41, B: 0.27 to 0.48). This is evidence that the constraints are not excessively loose relative
to the natural variation of tree crown images.

Based on the values of pyax in Table 6.16, the working value for pg; was evaluated to 0.95.
By generating the model instance sets with different values of SSy (in increments of 10), the
minimum value of SSp at which the subsets M’ of M are of maximum size was estimated as 60
for pqig = 0.95.

A display triplet showing the sample tree crown subimage, the subimage with the boundary
and apex location of the highest-p model instance superimposed in white, and the subimage with
the pattern of the highest-p model ins..talnce‘s.uperi‘mposed at the same location was produced
for each sample tree crown subimage (Figure 6.24). The y-intercept and slope of the straight-
line least squares regression of tree crown image pixel values on coincident model instance
pixel values were computed and used to transform the model instance patterns before the
superimposition (the slope was applied as a gain and the y-intercept as an offset). The display
triplets provide a visual imﬁression ;)f how well the e.xterllt .and pattern of real tree crown images

can be matched by instances of the permeable volume tree crown image model.

6.3.5 Definition of Recognition Regions

As illustrated in Section 4.1.2, a major geometric effect in the experimental MEIS II image
data is along-row relief displacement (the angle between the projection vector and the optical
axis can be as high as 20°). This indicates that the recognition regions should be at least
partially based on image column offset (d.) intervals. The maximum d.-interval width that
produces regions within which the along-row tree crown relief displacement can be considered
as practically constant was estimated to be 51 pixels. This interval width divides the 1024

> Three different crown

column MEIS II image into 20 adjacent along-column image ‘strips.
envelopes were defined with b = 1.00, 3.73, and 6.21, and with values for ¢ and n that produced

the most vertically elongated shapes possible within the parameter constraints. For a specified

whole number s of along-column strips (all of uniform width except for possibly the first and
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Figure 6.24: Sample tree crown subimage display triplets. Channel 8 subimage (left), subimage
with boundary and apex location of highest-p model instance (middle), and subimage with
model instance pattern (right).
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last when 1024 /s is not a whole number) a model instance was computed for each of the three
crown envelope definitions and for d evaluated to the column coordinate of the start and middle
of each strip (d, was evaluated to 0.0 for each instance). The extent similarity values of model
instances with the same crown envelope definition, adjacent d.-values, and aligned on the apex
location were computed. The value of s was incremented from 10 until all of the computed
extent similarity values were no less than the corresponding 7;-values listed in Table 6.15. The

extent similarity values for s = 20 are listed in Table 6.17.

d. (pixels) (b,%,m)

1 2 | (1.00,10,1.5) | (3.73,4,2.0) | (6.21,2,2.5)
0.0 25.5 1.00 0.88 . 1.00
25.5 | 51.0 0.75 0.89 ' 0.93
51.0 | 76.5 0.75 0.88 1.00
76.5 | 102.0 0.77 0.89 0.94
102.0 | 127.5 0.77 0.89 1.00
127.5 | 153.0 0.94 0.90 0.93
153.0 | 178.5 0.78 0.89 0.94
178.5 | 204.0 0.81 0.87 1.00
204.0 | 229.5 0.96 0.91 0.93
229.5 | 255.0 0.84 0.90 0.99
255.0 | 280.5 0.84 - 0.92 0.94
280.5 | 306.0 " 0.84 0.92 0.99
306.0 | 331.5 0.94 0.93 0.94
331.5 | 357.0 0.84 0.92 0.99
357.0 | 382.5 0.88 0.97 0.94
382.5 | 408.0 0.96 0.94 0.99

408.0 | 433.5 0.89 0.89 0.94
433.5 | 459.0 0.86 0.96 0.99
459.0 | 484.5 0.94 0.94 0.99
484.5 | 512.0 0.86 0.90 0.94

Table 6.17: Extent similarity of model instances generated for different column offsets (51 pixel
d. increment).

The apex was used as the registration feature in computing these extent similarity values.
The apex was also used as the registration feature in model instance generation and in the

recognition procedures; the decision to do so was based on the assumption that the form and

irradiation of the part of the tree crown that is near the apex is least likely to be influenced by
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neighbouring tree crowns. Therefore, matches obtained for different model instances and same
tree crown image would be compared to each other in the recognition procedure on the basis
of the most ideal part of the tree crown.

The pattern correlation values of model instance pairs representing extreme values of 65, ¢s,
and ¢¢ (cf. Table 6.13) are considerably larger than the sample tree crown image correlation
coefficients (cf. Table 6.16). Therefore, we do not regard refinement of the column offset-based
recognition regions defined in Section 6.3.5 on the basis of variation in 65, ¢s, and ¢s to be
warranted.

If the d.-value associated with a column offset-based recognition region is that of the along-
row midpoint of the region, then 51-column wide regions (i.e., 20 strips) represent an along-row
deviation in the angle between the projection vector and the optical axis of 0.99° to 1.03°. These
deviations are over twice the standard deviations of the roll (y) and pitch (3) INS orientation
angles listed in Table 6.4. Therefore, we do not regard refinement of the column offset-based
recognition regions on the basis of variation in v apd B to be warranted.

Knowledge of the scene that is more specific than knov;'ledge of its Forest Region and Section
has not been obtained. Therefore, we do not have grounds for specializing the constraints on the
locally variable parameters to different parts of the scene and for subdividing the recognition

regions on this basis.

6.3.6 Summary

Twenty model instance sets were generated for each of the Sturgeon and Headquarters flightlines
(one model instance for each 51-column wide recognition region in each flightline). Only the
permeable volume model was used. The apex was used in computing the extent similarity
values in the model instance set generation procedure (steps (3.2) and (3.3) in Figure 5.10).
The value of d. used to generate a model instance set was that of the along-row midpoint of

the corresponding recognition region, and d; was evaluated to 0 in each case. The other inputs

to the model instance set generation procedure were evaluated as follows:
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o the constraints on locally variable parameters to the overall scene values specified in

Section 6.3.1

e f=0.02461m,p=1.729x 10> m, H = 518 m, v = 0.0° 8 = 0.0°, (the fixed test values
specified in Section 6.3.2)

e Sturgeon: (6s,¢s) = (51.79°,112.32°), Headquarters: (6s,¢s) = (49.68°,115.449°) (the

averages of the extrema values for the corresponding flightline as listed in Table 6.2)
e K = 0.10 (the intermediate test value specified in Section 6.3.2)

e Sturgeon: ¢f = 321°, Headquarters: ¢f = 277° (the flightline azimuth values listed in
Table 6.2)

e b; and 7n; to the values specified in Table 6.15.
e p4ie = 0.95, SSg = 60, SSm = 60 (the values specified in Section 6.3.4)

The value assigned to K is relatively uncertain. However, a wide variation in the K-
value produced relatively small pattern.differences.in the pattern correlation sensitivity tests
(¢f. Table 6.9), so we do not regard this.uncerta,inty as being of much consequence.

The number of uniform-extent subsets in a model instance set decreases with the associated
column offset. For example, the number of uniform extent subsets in the model instance sets
associated with d, = 484.5 pixels (a large offset from middle image column) and d. = 25.5 pixels
(a small column offset) are respectively 43 and 11. This occurs because as the column offset
decreases the amount of modelled relief displacement also decreases and, consequently, variation
in the @ and n parameters has an decreased effect on the image extent of the model instances.

Conversely, the average number of model instances in the uniform-extent subsets of a model
instance set increases slightly with a decrease in the associated column offset. For example,
the average number of model instances in the uniform-extent subsets of model instance sets
associated with d. = 484.5 pixels and dc =255 pixel_s are respectively 2.7 and 3.6. This occurs

because as the associated column offset and number of uniform-extent subsets for a model
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instance set decreases, a larger variation in a and n is represented by each uniform-extent

subset.

6.4 Tuning the Initial Matching Procedure

The tuning of the initial matching procedure consists of adjusting the value of the procedure
parameters pt‘hr (the correlation coefficient minimum threshold), psthr (the correlation coefficient
minimum threshold for initiating the full-resolution search of the image-space), and dfrac (the
extent dimension fraction), and the value of Ngroup (the extent similarity value used to define
the uniform-extent subset groups).

In order to support the tuning task, six 51-by-280 subimages that represent a variety of
stand types were selected from the the Headquarters flightline channel 8 image recognition
regions with the associated d.-values —229.5, 25.5, and 280.5. Figure 6.25a is a mosaic of the
test subimages.

The initial matching procedure was run on the test subimages with different values for
(Pthry Psthry Af Tac, Ngroup) (although 7group is not strictly an adjustable parameter of the matching
procedure we group it with those parameters for convenience). The crown apex was used as the
registration feature since it was also used in the model instance set generation (cf. Section 6.3.6).
Figure 6.25b is a correlation coéfﬁcient map in which a non-zero value at location (z,y) is the
maximum correlation coefficient for that location in the test subimage mosaic over all tested
uniform-extent subsets, for (pihr, Psthry df rac, Ngroup) = (0.00,0.00,0.00,1.00). The map was
created by linearly scaling the correlation coefficient interval [0,1.0] to the image pixel value
interval [0, 255]. This set of parameter values implies an exhaustive search through the image-
space and uniform-extent subsets (i.e., the basic matching procedure outlined in Figure 5.13).
The pny parameter was evaluated to 0.00 because a negative value would permit matches to
be defined for inverse linear relationships between model instance pixel values and coincident
image pixel values, and such matches would clearly be invalid.

A visual comparison of Figure 6.25a and Figure 6.25b shows that tree crown images generally
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