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Abstract

[N

The nw;ilability "of high resolution (10 m) cdnmierci.al SPOT satellite imagery allows the
extraction of certain planimetric features hy manual methods. This thesis experiments with.
a method to automate the extraction of planimetric road features. In SPQT imagery, roads
can be located by using briglit narrow Anti-PARallel line segments (apars) as .prilm'ttive cues,
The apars are not perfect cues. Apars are disjoint ‘whereas roads are continuous. There are
errors of omission and comumission present if apars are the only primﬁry source of information
used to identify roads. The thesis identifies and experiments with constraints required to
create additional primitives based on the apar primitive. The additional primitives which
access global information about features can be used to eliminate the omission errors that
are present in the extracted apars; whereas, apa.rs only provide local information. Primitives
built from connecting apars together are demonstrated to be sufficient to reason whether

or not an apar is-a road.
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Chapter 1

Introduction

Automatic planimetric mapping from satellite imagery is difficult becausé each image can
contain many Lmnsient‘ features. Mapped p}nnim;etric features include natural surfaces
(rivers, lakes) and man-made surfaces (roads, railways, bridges}. The advantages of au- ‘
lnm}ning planimetric feature extraction-include: time and labour savings; and accuracy
improventents, | |

It is very difficult to capture and represent in a computer program the necessary expert
knowledge required for feature extraction. Human photointerpreters are highly skilled in
deriving information yet have great difficulty explaining their reasoning processes at a level
required for computer implementation.

A photointerpreter uses all the following types of information in the interpretation of
iumgcs:i shape, size, contextual information, tone {colour}), texture, pattern and shadow.
Additional clues can be obtained from topographic and temporal information. Certain
features, such as roads, appear differently in different circumstances, but each instance has
common traits. For a human, it seems easy to extract the relevant information. Whereas
for a computer, it is difficult to extract and use the required features.

SPOT PLA imagery is used because of its high spatial resolution and wide visible
spectrum. Zelek et al. [51] give the {ollowing factors which determine the amount of

imlormation that can be extracted from an image:

o The degree of detail available. The degree of detail available in an image depends on

the following factors:

the seale or resolution of the imagery,

~



— the contrast, and : - o

— the spectral range of the iinagery. /.-" ( .

e The data extraction method. 7

’

s The skill of the interpreter.

¢ The characteristics of the features of interest. Feature characteristics can either be
spaital such as pattern texture, size, and shape or spectral such as intensity {single

image) or colour (multiple image).

Image analysis leads to a paradoxical chi.cken—and-egg problem: How can one interpret
before segmenting, and hov: can one segment.bef‘cl)re interpreting? liage interpretation
can be considered as a mapping between sensory data and an underlying model. This is a
search problem. The practical problem in searching is to avoid the combinatorial explosion

of possible search paths (matching's). 1
The automatic recognition and identification of road features from satellite imagery is

! : '
very difficult. Humans are very good at the recognition of road features, as they i:l—c-ntjii'y (the
local an(l‘ global constraims quickly and utilize existing context. The automatic exiraction

of roads from satellite imagery is useful because of the following reasons.

e Road inforination is needed for the timely update of information systems,

e The labour required to extract planimetric features is reduced with automation,

» Automation helps to maintain data comsisiency=since an antonated process is re
peatable. Different photointerpreters typically obtain different results on the sanw

scCene,

¢ Road intersections serve as good gronnd control peints for rectification,
» Road networks are useful context for the extraction of ot her featnres such as hoildings

One of the cues used in locating roads in SPOT satellite imagery is that roiale are
usually identifiable by bright narrow parallel linear primitives. The goal of the thesis is to

group apar footnote ! primitives into new primitives. Apar primitives are gronped hased

YAn apar {anti-paralle] line pair&is a pair of elongated paralie]l lines which Liave opposite direction. The
direction of a line segment is definedby the contrast of the reginn of pixels to the lefl and right of the line
For example: all lines will have n}'rrLcLicm such that the left side is always brighter than the right side.



on proximityand radiometric (gap and respect’ive apar) constraints. An iterative algorithm
is dcvclope(i a.nd shows that new primitives can be created by grbuping apars without any
domain specific knowlédge. It is hoped that the new pri:ﬁti\'es will provide more global
infortuation than the apar primitives provide, in order to provide more cues to he.used in

an antomated process of extracting roads from SPOT imagery.

1.1 Road Feature Extraction Problem .
Some of the difficulties in extracting road features automatically from satellite imagery

K

include the following.
o Iigh resolution images tend to be busy?.

o The feature of interest {roads) may be intermittently visible over the terrain they

traverse,
o [t scems unlikely that all rgad classes can he characterized by a simple set of attributes,
o The definition of a road segment is ill-defined.

Roads don’t exhibit the same global shape in diﬂ‘e;'ent images. Howevér, the knowledge
required for the recognition of road segments can be structured to aid the recognition
process. In a noise-free environment (ideal world), each pixel in a satellite image can he
mapped onto a particular real world feature. At 10m resolution (SPOT PLA), the detection
of leaturedwhose dimensions are less than 10 m is only possible if contextnal information

‘
is introduced. Somie roads are barely 10 m in width but are recognizable by the human
inferpreter. Determining the location of edges to sub-pixel accuracy helps to alleviate the
problem of one pixel sharing various feature types. However, classifying individual pixels as
road features is error prone because of'a lack ol necessary information and noise probleins,

The spectral signature® of the road and its contrast with the neighhourhond varies

throughot the image. There seems to be no unique correspondence hetween features and

‘A pixel can represeut more than one type of real-world feature.

V['he speetral signature defines the spectral properties af a region. Spectral usunlly refrrs o colour. The
statistics gathered in aur application are only for oue spectral band. For one spectral band, betler termns
iclude rndiometric statistics or brightness statistics. The spectral propertics enn be characterized by either
the e, standard dewmation and nwmber of pizels or the minvnum and mazimum mzel intensties.



their spectral signature. biﬂ'erent features may have similar spectral siénﬁgures ‘while fea-
tures of the same type may have different signatures. SPOT image data is relat.ive‘ly\tmig_y
and sampled at resolutions of 10 (PLA band) and 20 (MLA bands) metres. This (‘onst.rﬂl;
. the type of features that can be seen. A'

A road can be defined by its boundm‘y edges. Roads can be characterized as being
bounded by elongated parallel lines called apars (a pair of anti-parallel line segients). An
apar is a pair of elongated parallel line segments with opposite contrast. By utilizing struc-
tural information, based on the edges in the i imagery and the local comparntlve radiometric
contrast, prm’utive apar struc{ures are detected. Two linear seginents are pmre(l AS ALl APAT
if the radiometric characteristics between the pmrs of lines is relatively constant and the
average intensity of the inner region is grgater or less than that of the neighbourhood.

In earlier work, the author developed a method for the detection of apar seginents in
remotely sensed imagery [50] based on work done by others (2], {141, {20}, [31], {34], {38],
(46], [52]. Boldt et al. {2],{46], Scher [38] and Nevatia [31] provide general algorithms for the
detection of apars. Zhu [52], Majka [20] and Quam [34] use apars as cues for the location of
potential road segments. Heurtas et al. [14] use apars for the detection of airport runways.
The detection of apars is based on edges detected in the ilrlﬁgery. The edge boundaries are
linearized hy an iterative endpoint fit algorithm [6]. A houndaty curve is broken up into
straight line segments which approximate the boundary. Apars are detected by pairing up
straight line segments which meet certain constraints hased on line parallelism, line pair
geometry and contrast. An apar is classified as being bright or dark. The classification tag
. of being either bright or dark refers to the reli;t‘ive contrast of the interior region of the apar
with respect to the immediate surrounding {neighbourhood) region.

The author found that with relaxed threshold constraints, the hright apar segients
cletected in a typical image (image of Madelaine Islands, see Figure 5.1), represented
roads with an omission error rate of apprnxuna\ely 20 percent and a commission error rate
of approximately 35 percent. The omission and comnission error levels assnine that adl
bright apars detected were roads. The error levels conld he reduced for some scenes hy
adjusting the threshold parameters. However, the reduction of error levels by the tnning of
parameters was image dependent, and could not reduce the error levels helow 20 percent.
The assumption that all apars. detected represent road segments is invalid, since apars can

also represent portions of other narrow linear features such as huildings, railways (of high



v

contrast) or streams {low contrast apars). What the assumption has shown is that apar
“ " primitives offer good cues to begin the search for road detection and recognition.

Grimson [10} categorizes the methods for recognizing a scene object into two groupings:

1. Compute a few descriptors (i‘eatures) that sharply constrain the identity and/or lo-
cation of the object. The cost of the search will be greatly reduced at the expense
of global preprdcessing' of the sensory data. The reliance on a few features can make

' recognition susceptible to measurement noise.

2. Use less distinctive descriptors and rely more on relationships hetween them to cffect

recognition and localization.

Apars are less distinctive descriptors and rely more on relationships between them for
recognition and localization. Apars do not provide a sharp constraint.
Apars provide a shape cue. There are problems associated with using apars as cues

for the extraction of roads.

e Sometimes il is not ohvious from a computational viewpoint, which disjoint apars to

connect.

e Sometimes different fez’tures have similar reflectivity, and the boundary between the
two is indistinguishable; for example, certain fields and roads have similar reflectance

properties,

e There is significant amounts of uncertainty in locating linear features in satellite im-

BEeTY.
e The apars detected i the imagery are only as good as the detected edges.

s The segmentation of a boundary curve into straight lines can cause two parallel curves

to hecome non-parallel straight lines.

e ‘Terrain can geometrically alter the shape of certain features; e.g.. in mountain regions,

road shapes vary with view angle.

e Perturbations (features of a certain class that are slightly different from the norm) can
cause problems. An example would be divided highways. One way to handle divided
highways is to group parallel narrow linears into another group. In otr case we will

. ignore perturbations such as divided highways.

[ |
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© Apars provide local inform ﬁ)\ photomterpreter can make use of globa as well

‘combine ne:ghbourmg apars into larger groups are
oA

reqmred Yo reason about global information. The apar segments are disjoint. Primitives
wltich "establish connectw:ty muong apars are requlred “since roads are continuous, The

development of global primitives is used to make up for the inadequacies that are present

in extracting apars.

1.2 What Others Have Done

Some of the different methods used in automated and semi-automated road identification
include road finding techniques®, road tracking schemes®, pixel classification®, template
maiching’, map-guided techniques®, tequporal context guided® and rule-hased technigues!®,
One of the major problems with most approaches is caused by viewing the world locally as
opposed to globally. .

Guindon [11] capitalized on the fact that roads exhibit a certain level of invariance when
viewed over time in order to find narrow parallel linear temporally invariant features. These
types of temporally invariant features were then deemed to he possible road structures.

Schowengerdt [39] argues that automated extraction prodices too many false alarms; lm
approach concentrates on positioning the features. A human operator perforis recognition.

Heurtas et al. [14] use apar primitive structures in order to constrain the search in
the detection of airport runways. The search space is pruned further by calculating a
histogram of the directions of apars and selecting the um_]or directions. Such a pruning of
the search space can be done because there are very few runways at an airport aml tho
disjoint pieces that comprise one particular runway will lie on a single straight lmo. The
same constraint cannot be used in road detection since roads can have various directions
(including curvature) in a particular image.

Zhu et al. [52] use apars to detect road segments. Virious thresholds are selectod to

‘Rond finding l.ccl:mqucs involve locating, tracking and identifying the rond fenture.

*Road tracking schemes involve tracking the road feature once it hns heen identifiedd by aome other
process, such as hurnan supplied control points,

SRoads are classified by their spectral signatures,

TRoads are identified by correlating a template of a typical rond featurre,

} An existing map is used to help locate roacd features, '

*Temporal context guided techniques mnke use of the fact that certain features (e, ronds) are tempornally
invariant. :

10Rule-based techniques organize real world knowledge into rules to guide the search for road features.



all apars. Longer apars are given preference.

technique,

grow the rqf.d network based on contmujty, sharpness, stra:ghtness, and, (hvergence To
start the growth of the graph structure, an apar seed is’selected. .The seed selection is

haded on selecting an apar, the spectral properties of whlch, are the closest to the mean of

Quam [34] uses a correlation of intensities (road cross-section model) as a 10 .tracking

Wang [45] developed a system for recognizing highways in Landsat TM imagery with
accuracies of up to 85 % (omission and commission accuracies),, The image is convolved
with a Laplacian operator and thresholded to create a binary image. Lines in the hinary
image are extended in a rule-guided pixel search. Highways have low curvature. The search
is constrained by the allowable curvature of a line segment.

Glicksman [9] utilizes various information sources { multi-spectral images, range data,
digital terrnin models, sketch inaps and geographic qatabases) ina hybrid control strategy'!
to resolve ambiguities in the edge information. A cycle of perception!'? is used: to form
interpretations of real-image data, including interaction with the user.

Acronym (25],[35] is a bottom-up model-based vision system incorporating four parts:
modeling, prediction, descnptlon, and interpretation, Acronym recognizes mrplanes by
using generalized cylinders to model 3-D object parts. One of Acronym’s contributions is
that it incorporates a general 3-D geometric reasoning capability.

Tenenbaum [42] uses map information to constrain the search for predefined targets.
McKeown [27], [28] also utilizes map information to predict the appearance and position of
a I'caltturc. McKeown's System for Photointerpreting of Airports.using Maps (SPAM) inte-
grates map knowledge, image processing tools, rule-based control and recognition strategies
to label objects and regions appearing in aerial airport linages.

Fischler et al. [8] propose a technique for the extraction of road features lmsé,&on using
the F star algorithm. The F star algorithin [8] finds the minimum cost path hetween two
control points. The minimum cost.])ath can he based on the original pixel intensities or a

transformed set/gf’]‘)ixe] intensities. The algorithm is heavily dependent on the selection of

“/GH‘(“R‘:!T;(F: control strategy is hybrid since it incorporates top-down, botiom-up and mixed control
strnlegics.

'7A feedbnck loop used for computer vision, Tlic four stnges nssocinted with the feedback loop are cue
discovery |object), model invocation {schemn invocation), model verification (schema instantintion), and
nodel elaboration (exploration}.



a start and stoP control point which deﬁnes. the extent of the road segment. The informa-
tion used is‘Vcry localized. Fischler makes the distinction between two different tsrpes of
operators for the extraction of features. Type 1 which rarely classifies artilacts as insft;nces
of the structure they are searching for, but can miss ‘correct instances (Tyi)e 1 opr'(";rda:t'ors
minimize errors of cominission). Type 2 which accurately determines relevant parameters
of all true instances but may falsely classify and incorrectly parameterize non-ins}nucos
 (Type 2 operators minimize errors of omission), These two types characterize theft'r.mlo pff
between ozmnission and comumission errors that is present in all techniques.

Grimson [10] studies the use of lacal constraints to improve the efficiency of u;atching
between sensory data elements and equivalent world models of 3-D objects in n well-defined
environment. Grimson concentrates on the localization subproblem (determine rotation and
translation transformation in order to match 2D image and 3D model), and “ignores the
e‘ﬁiciency of recognizing an object from a large set of possible objects” (10].

Vasudevan et al. [44] address the issues of partitioning and connectipg road-like features
which appear perceptually continuous in TM and radar imagery. Prnximily and alignment
(angle) tests are used. .

Zhu, Quam, Wang and Vasudevan use techniques that grow apar like primitives nsing
only local geometric information. The presented techlnique also utilizes radiometric infor-
mation as well as iterating to continue the growth of the new primitives. The presented
technique uses apar primitive attribute infornfation as opposed to local pixel information.
Glicksnlla.n, Acronym and Grimson give some ideas on how domain specific model knowledge

can be incorporated into the analysis procedures.

1.3 Isspes Not Addressed

Somg, issues related to the aétomatic extraction of road features from satellite images not
. J

addressed in this thesis, include:

» Scale (resolution). SPOT PLA imagery has 10 m resolution. The PLA imagery can
he undersgmpled to coarser resolutions. This type of approach has heen ignored for
road feafures. The detection of edges in the image by the edge detection process is

- ,f' :
only ddne at one level. Coarse to fine edge resolution can he ohtained by convolving



the image with different sized Diﬂere;zée of Gaussian'® (DOG) filters. A singl;a size
DOGC filter is chosen for the road extraction analysis (ass.uming road .featﬁres have,

widths between 10 m and 35 m).

.

Projection. The digital image used for andlysis is a flat proje‘ction of a portion of
the curved world. The type of projection used is ignored. The "issue of changing
projections is relevant becausé of the approach taken. The detection of road features

is based on linearizing the edges. A straight line in one projectién will not necessarily

be astraight line in another projection.

Uncertainty models. The inclusion of a p_z_trticul'a:r model of uncertainty such as

- Bayesian, Dempster-Shafer or Fuzzy Lo'gié is ignored.

Absolute reflectance. Since the analysis work is based on using relative pikel inten-
sity values iii comparison to other pixels in the scene, there is no need for absolute pixel
reflectance. Absolute reflectance measures can be obtained hy applying radiometric

and atmospheric correction techniques to the image.

Viewpoint. A nadir-looking SPOT PLA image is ideal for the extraction of road
networks. Off-nadir images can be transformed to ortho-images, but it is possible
to introduce various imperfections into the image (e.g. a side view could cause the
occlusion of a portion of a road segment due to trees, shadows or other neighbouring
features). Different 2D views of a 3D object may produce different shapes. Another

example of how the view angle determines the shapes of roads are switchbacks on the
] -

-

side of a mountain: the road may disappear from view.

Digital Elevation Models (DEM) . Elevation information can constrain the fearch

for road segments since roads typically have a maximum grade.

M e DOG filter was found by Marr and Hildreth [23] to be a suitable approximation to the Laplacinn of
n Cinussian filter. The Laplacian of a Gaussian is the minimal uncertainty filter where minimal uncertainty
is o mensure of teadeofl between localization in space and localization in frequency. The Laplacian of a
Gaussian operator fulfills the following two requiremwents for detecting intensjty changes: isoiropic linear
differential operator which tnkes the secand-spatinl derivative of the image: apd the filter can he tuned to
act al aity desired spatial frequency. The results are well behaved (i.c. no naw zero crossings appear at
different acnle spnces). The Laplacinn operator is the only isotropic {orientation'independent) linear second
derivative operator. The Laplacian of Gnussian operator is not the best operator wvith respect to localization
in space, particulnrly for rounded edges with large curvature {43].



o Other imég‘é"input. SPOT PLA imagery was chosen because of its high spatial
_—Tesolution a.nd wide spectral éoverage. Qther spectral infoﬁnation can he obtained

fcom the SPOT MLAL and MLA2 bands, and the near-infra-red band MLA3.

¢ Illumination. Shadows can complicate the extraction of road features. Roads can

become undetectable in shadows. Shadows and other illumination effects are ignored.

s Context. Context can assist in the detection of road features, For example, buildings
are located near roads and roads are not in water. Representations have not heen

developed to exploit this level of contextual information.

1.4 Vision Problem

Remotely sensed images are sets of measurements of certain properties of r.qnl-wnrld fentures,
The vision problem concerns itself with the interpretation of those measurements,

The various tasks in a vision system involve:

o Recognition: What is it? What type of object features to search for in the imagery?

Mapping of primitives into real-world features is a problem of recognition.

-

e L~~alization: Where is it? The development of primitive cues constrains where to

begin to look and where to look next.

s Inspection: Detailed analysis is required to confirmy and verify {hv location and

classification of a particular feature.

There are three basic methods of vision control:

1. The Bottom Up method is image data driven. The state of the data determines the

“course of action.

4

2. The Top Down method can either be top-down parsing or expectation driven control.
Top-down parsing uses model knowledge at each stage to decide how 1o move down
a hierarchical knowledge-hase. Expectation driven control uses the prenciple of least

commitment [21] and thresholds are relaxed as expectations arise.

3. Mixed: Bottom Up and Top Down: This has generally been the method that
has been widely accepted, except that there is no clear view on how to integrate the

two techniques into a unified process.
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1.4.1 Segment.ation of Image

Ax’mlysis of the image requires the image to be transformed into some manageahle abstrac-
“tion. The method qééd is based on the Marr-Hildreth [23] edge detection techﬁique.' The
edge detection method has been used for deriving Digital Elevation Models (DEM) from
a pair of different viewpoi;t SPOT PLA images at MacDonald Dettwiler [5]. One of thhe
criticisms of edge detection is that it is very sensitive to noise. To overcome noise prolblems,

the edge detection process is done at different spatial resolutions.

According to Marr [22}, the intensity changes in an image are a result of:

o illumination changes, which include shadows, visible light sources, and iHumination
gradients,.

e changes in orientation or distance from the viewer of the visible surface, and

e changes in surface reflectance.

Roads produce intensity changes due to a change in surface reflectance between the road
and neighbouring features.

Marr convolves the image w.ith several different DOG filters. We only use one DOG
filter. The spatial resolution of the SPOT PLA data (10 m) and the width of the road
leatures in SPOT PLA imagery (10 m to 30 m) constrains what edges can be identifiable
ad dilil'emnt DOG resolutions. &.Q DOG filter with Gaussian siéma values of 1.0 and 1.5
are used.- All zero-crossings are identified and checked to see if they are significant!®. A
hysteresis threshold is used to hypothesize whether a zero-crossing is significant. Firstly, a
zero-crossing is identified as a potential horizontal or vertical edge. The mean of the region
{original input image), to the right of the edge is compared to the mean of the region to the
teft of the edge. If the difference of the two means is greater than the lower threshold value,
then the zero-crossing is labelled as a plausible edge; else. it is rejected. The zero-crossings
are labelled as either plausible horizontal or vertical edges by looking at the neighbouring

region means in two passes (one horizontal pass and ene vertical pass). Zera-crossings that
‘n.rv greater than the upper threshold value are identified as edges. Any plausible edges

that are neighbours of identified edges are also lahelled as edges. The edges are linked

" At n particular DOG filter resolution, all zero-crossings nre significant. In this cnse, significance refers
to the elimination of zero-crossings that are due to noise as opposed to natural phenomenon.
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into boundary segments. The method used for edge detection does not necessarily result jn

closed contour edges. -

1.5 Summary

The main thrust of the thesis is to develop higher level primitives {rom apars. The role
of the higher level primitives is to facilitate obtaining global information. Apars dnly con-

cern themselves with local properties. The following gives a brief description of the thesis

contents:

e In order to identify a feature in any image, one has to define what the feature looks

like. Chapter 2 talks about a road’s definition in general terms oflits appearance in

SPOT PLA imagery. The definition of a road dictates what knowledge is required

for its recognition. Road knowledge indicates what type of informatjon (primitives)
is required for reasoning about a road’s presence and location. Apafs provide local

cues for road detection. Global primitives also are required. o

« Chapter 3 describes the different primitive levels (i.e. apar segments, collinear-
segments). The primitive attributes are described along with their importance. Dis-

cussion also includes the information primitives provide,

¢ Chapter 4 deals with the constraints used to develop collinear-segments and segments

from apars. The algorithmn that uses the constraints is presented.

. L
¢ Chapter 5 presents the results of the algorithm. Tables show which constraints were

executed and for how many iterations. Illustrations show where the algorithm suc-

ceeded and failed.

o Chapter 6 discusses performance of the algorithm and what modifications might he
required. A discussion follows regarding additional work required to further antamate

road extraction.
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Chapter 2

1

What and. Whefe?'

ldentification of roads in SPOT satellite imagery, requires answers to some fundamental
questions about roads. What is a road? What do roads look like? Where are roads located?

Tlie answers are constrained by the domain of the input image source (SPOT PLA).

2.1 SPOT Imagery

One.of the pritme objectives of the SPOT program is té achieve planimetric cart,ogfnlylly at
1:250,000 scale and cartographic updating at.1:100,000 and 1:50,000 scales [4].

The SPOT satellite consists of two identical High Resolution Visible (HRV) range instﬂx-
ments, There are 3 multi-spectral bands (Multi-spectral Linear Array 1,2,3 MLA) which
have a nadir ground sampling interval of 20 m. The Panchromatic Linear Array (PLA)
band (black and white mode) has a nadir sampling interval of 10 m.

The characteristics of the different bands as given by Chevrel et al. (4] are as follows:

e MLAL: green (500 to 590 nm) band is centered around 550 nm. This band gives
access to turbidity assessment and bathymetric evaluation in the first 10 to 20 m in
clear water,

;

o MLAZ: red (610 to 680 nm) band is similar to Landsat TM band 5. This band is
nsed for information on crop identification, bare, and oily rock surfaces, Vegoetation

has low reflectance in this band.

e MILAJ: near infra-red (790 to 890 nm) band. Vegetation typically stands out brightly

while water appears very dark.

13
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» PLA:panchromatic (510 to 730 nm) band. Used to retain higher capability for texture
analysis in support of the colour mode and higher information content over vegetated

areas. The PLA band corresponds to the same spectral range as panchromatic aerial
film. |

2.2 What is a Road?

A road is a land transportation route for man-made vehicles (i.e. cars, trucks). Roads
can be covered with various substances such as asphalt, dirt, gravel (rocks), concrete and
various combinations of the above and other materials. A _road‘is relatively flat along its
width, but can be banked on curves. Traffic flow can he either one-way or two-way on one
or multiple lanes. ' )

In order to automate the extraction of road features from SPOT imagery, it would be
advantageous to utilize some of the cues that a photointerpreter uses in manually identifying
road features. What does a road look like in SPQT PLA imagery? The properiies of I;(‘m.lls
will vary with different sensor types and different resolutions of imagery.

Features are mainly identified by two primary spatial factors: shape and patiern. Apar-
like structures (shape) identify roads. Roads intersect other roads and form a network
structure (pattern) in the satellite image. Linears, such as roads, are the most easily
identifiable features in any image. Patterns involve a more global overview of the imagery.
An example pattern is an urban region. The urban region has a distinct texture which gives
contextual information for the further analysis of (in our case) road featiires,

“The characteristics of what a road looks like are divided into the following five categories:

o

1. Radiometric: S

¢ In aerial photographs, a road typically exhibits higher reflectance than the sur-
rounding terrain. An exception would be highways in a desert {in this case, the

surrounding terrain has a higher reflectance).
e Roads made of the same material will exhibit similar reflectance.

e Roads usually have a smooth surface.

2. Geometric (local):

14 -
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Road boundaries can be identified by two anti-parallel edge segments (apars).

e

Roads form highly elongated regions.

Roads are generally of fixed width. The local width of a road usunally remains

constant.

Roads are continuous.

Roads tend to remain flat.

1

Roads usually have a maximum curvature, except at road junctions. An excep-

tion includes mouniainous terrain where switchbacks may have high curvature.
3. Structural (global):

-

e Hoads are connected to other roads at junctions. Roads intersect at arbitrary
locations with other roads. For the general case. the angles of intersection cannot

be constrained,

v Intersections of less than 45 degrees are rare. Exceptions include highway off
\ ramps and road splitting (i.e. becoming a divided highway i-'rom a non-divided
~highway),

o Roads form a graph structure (network), which can be represented hy nodes and

arcs. The ares correspond to road segments while the nodes correspond to roadl

intersections.

1. Contextual;

.
Contextual information can be hroken into two categories:

» Road features have certain spatial relations with respect to other features such

as buildiugs and water;
Roads are not located in regions of water,
Hoads may cross water regions {bridges, tunnels, ferries).

Hoads may pass through tunnels in mountainous terrain

F

Buildings are located near roads. Access to buildings is usually provided by

~ roads.

Roads provide access to farm fields.

g |



* Road features can also have spectral, geometric and structural constraints in

certain contexts such as urban or rural areas:

~

-~ urban areas:

* Grid patterns are prevalent in suburbs.
\\__‘ ? -
« Road sides may be blurred by buildings.
’ — farmland:

* Roads are typically long straight sections.

“ %~ Roadsusually-form-a-wide-grid-pattern separating-farm-felds._

* Road definition may be vague at times. Certain crop types may ex-
hibit similar reflectance properties as the road surface, making the road
indistinguishable from the néighbouring features,

- forested areas:
= Roads can be bhscurecl hy the forest canohy, -~

*» The contrast of the road is usually strong.

»

- flat terrain: .
* Roads usually have very few curves,
- hilly, mountainous terrain:

"+ Windy roads can exist (i.e. switchbacks).

T

5. Knowledge from Additional Information Sources:

o If a DEM is available, then roads can be constrained by a maximum grade,

¢ Depending on the acguracy and resolution of the DEM, it is possible to make

use of the fact that some roads are banked on curves.

o If provisions are made for occluding surfaces and shadows, then the knowledge

that relief displacement may obscure road sections can he nsed,
' E

Use of contextual inforimation requires extraction ol other features, which is hevand the
scope of this thesis. Additional inforination can he obtained from other sources (inell
ing elsewhere in the image), but it was decided to concentrate on efforts ta hypothesize

additional information from cues such as apars.
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In order to reason about what exists in an image, extracted primitives gfe required. The
prinu’ﬂwz:; must support deductions based on road feature knowledge. R/(S!ad primitives are
mainly identified by their shape. Apars can be used for making local iﬁ}ereﬁces (i.e. roads
brighter than neighhouring regions), but additional primitives are required to make glohal
inferences (i.e. roads are continuous). The additional primitives refer to the primitives

formed by connecting neighbouring apars. Apars alone do not present enough information

to deduce whether the apar is a road.



Chapter 3

Knowledge Representation——

Different representations make different items more (or less} accessibie. In order to reason
about real-world features, sufficient information is required. The primitives provide the

cues for the mapping of primitives into real-world features.

3.1 Primitive Dimension

3.1.1 Levels

The apar primitive structure offers cues on potential locations for rond segmient features.
The apar is a bar type structure as typified in Marr’s primal sketch. The apar primitive
is primarily identified by shape. Apars are disjoint, whereas narrow linears (specifically
road segments) are continuous and form graph-like structures. Primitives that are fortied
by domain independent apar combinations, are used to further constrain the possible real
world mappings of extracted primitives. The lowest level primitive is the pixel primitjve,
Lower level primitives inherit the properties of their parent primitive. An apar can map
into a set of possible real-world features. A segment {a collection of collinear apars) niny
map into a smaller set of 'real-world features.

The hierarchy of primitive descriptors follows in ascending order as they appear in the

primitive hierarchy.

e Pixel. The pixel is the lowest level element whicl defines the resolntion of the iupnt

lmage.

¢ Edge. The in]a.ge is convolved with a Difference of Gaussian (DOG) filter, The zero

‘

18 *



crossings represent the edges (discontinuity of intensity value) in the image according

to the resolution as determined by the size of the DOG filter.

BOU.ll'l(lﬂl'y. A boundary is a set of linked edge points. The edges are based on
detecting the zero-crossings in the DOG filter convolved image. The zero-crossings
are linked together.into bouﬁdary segments. The boundary segments have associated
properties that indicate the spectral properties to the left and right of the houndary

segment.

Straight line. In order to simplify processing in the parallel grouping procedure,
the boundary segments are linearized into straight line segments. Each individual
houndary segment is split into a.set of linears (straight lines) based on an iterative

endpoint fit algorithm [6].

Apar. Parallel straight lines are paired into apars. Apars provide road segment loca-
tion cues, The pairing process is based on the following properties: line parallelism,
line pair geometry and contrast. The algorithm does not make provisions for apar
structures sharing common line segments with other apars“and the possibility of re-
dundant apar information. Redundant-apars are a group of 3 or more apars that can
be represented just as easily by two apars. Before apar segments are linked together,

the apars go through a cleaning process so that there is no overlap between them.

The process that cleans up the set of apars for further processing is broken up into two
stages: (1) remove the redundant apar structures (see Figure 3.1); {2) group apars
that share a comumon side (see Figure 3.2). After the apar segments are cleaned,
further processing (linking apar segments together based on other information) can

commence.

The center medial axis is used to represent the apar structure. To simplify further
processing (development of higher level primitives based on the apar primitive), the

representation of an apar is a line segment.

Segment. A segment is a set of connected apar structures. The segment ends when

it intersects another segment, stops at the iimage boundary or ends abruptly.

Collinear-segment. A collinear-segment is a set of collinear apar segments, Col-

linear-segments give more general trends and patterns with a glohal viewpoint as
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Figure 3.1: Redundant Apars: The arrows identify the lines that are paired into the apar

structures. Initially there are three apars. The middle grouping can he eliminated and no
information will be lost.

compared to segments. Collinear-segments may traverse intersections and can only

represent one particular feature type (i.e. road).

o Network (Graph Structure). “A graph is an ordered triplet (V(G), E(G), I{G)),
consisting of a non-empty set V(G) of vertices, a set E(G), disjoint from V{ () of edges,
and an incidence function I{G) that associates with each edge of (i an unordered
pair (not necessarily distinct) of vertices of G "[3]. In most instances a road graph
will be planar (i.e. no bridges over roads). Certain context and texture clues can
constrain the graph's topological properties. Different regions such as urban, rural,

and mountainous terrain have distinguishable road patterns.

The hierarchy of primitive structures is interlinked by pointers (i.e. an n.pnr points to the
two straight lines that were paired) to provide bidirectional movement through t}.w hierarchy
as more detail or abstract information is required. Rédundancy is reduced in the hierarchy
by storing pertinent information at the most appropriate level. The data structures that
link the hierarchy together allow for easy access to relations within the hierarchy, The
data structure facilitates determining what boundary struciure a stradght line originated
from. If a straight line points to the houndary structure it originated from, then it can
he determined w.hat other straight lines (neighbouring straight lines) came from the same

20



Figure 3.2: Apars Sharing A Common Side: The arrows identify the lines that are
paired up into apar structures. Initially there are three apars. The top three lines can be
connected to form one line, thus creating a new apar. The initial three apars are eliminated.

v

houndary segment (i.e. by following sets of pointers from one strt;‘c:.lt'l_.g.;io another). The
apar’s attributes point to the 2 straight lines which were grouped to ather to form the apar
structure. Thus, it can be determined by following the relevant po nters, what apars have

sides that come from the same boundary segment.

3.1.2 Primitive Attributes ' ' =

Each item (not including pixels) within the primitive hierarchy has a set of associated
attributes. Besides attributes, each level is interlinked with it’s parent and child (up and
down the hierarchy) primitive. The reasen for having a set of attributes stored is to increase
performance in subsequent processing by not re-calculating attribute values.

The attributes of a straight line are as follows.

s Identifier.

o Length. The length of the line segment is in pixel coordinates. If straight lines were
perceptually grouped together, the length and angle would be required for measures

of collinearity.

o Angle. The angle of the line defines the direction. The direction is with respect to

the coordinate system chosen. The top left corner pixel's coordinates-are (1,1) and
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;;he bottom right corner pixel’s coordinates are (512,512) for a 512 hy H12 pixel image.
The x axis (pixel axls) is positive in the direction from the top left corner to the top
right corner. The y axis (line mus) is positive in the direction from the top left corner
to the bottom left corner. The direction of a strmght line is defined by the ordonng

of the endpoints. The straight line’s direction travels from point 1 to point 2.

» Radiometric Statistics. The mean, standard deviation and number of pixels to the

leftvand-right—.of—t—he-stmaight—linHre-storeclt—'llllese—st-atisticHr—e-uaed—whnn-pni:ing_up______
&
straight fines into apars in order to check for spectral uniformity within the proposed

apar interior region.
!

¢ Pointers. There are pointers that reference the edge structure informiation. A
straight line is an approximation of a set of connected edge points. The spatinl
location of the edges that make up the straight line segment can be referenced hy

pointers.

There are two types of apar structures: real and deduced. Real apars are apars that
have been extracted by pairing ul; two linears. Deduced apars are created by combin-
ing neighbouring apars. Two different types of structures exist hecause the preliminary
apar structure does not provide the mechanics for storfng the necessary information ‘about
deduced apars (constrained hy the original software).

Apar properties include the following.

Identifier.

o Length. The length attribute of an apar is used in the calenlation of collinearity

hetween neighbouring apars.

o Width. The width attribute was not used as part of the constraints in establishing
connectivity amongst disjoint apars. The width attribute was included sinee it defines,

with the length attribute. the shape of the apar.

e Radiometric statistics of the region inside the apar structure. [l a cortain type
of road has a definite spectral distribntion, then all apars wilh that response can be
similarly classified. It was decided to only store the mean, standard deviation andl

number of sample points in order to minimize memory storage costs. The image
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data is typically noisy, and the stored information would suffice in order to properly

categorize a particular apar’s spectral properties. \

o Contrast. The apar can be classified as dark or bright with respect to the immediate
neighbouring region: Using knowledge that roads are typically bright apar regions,

requires quick access to this type of information.
' \

o_Contrast Strength. Based on predetermined-thresholds, both-straight lines can he

classified as strong or weak with respect to the contrast difference across the straight
line. Apars are then classified as strong-strong, strong-weak, weak-weak, or undeter-

minéd.

It was originally thought that only strong-strong bright apars would be used as can-
didates for road segments. The candidate space used for pbtentinl road segiments
were all the bright apars. The contrast strength gives an indication of edge strength
for the apar. It is possible Lo use the contrast strength as a measure of certainty
(i.e. strong-strong bright apars are highly more likely to be roads as compared to

weak-weak bright apars), but this avenue was not explored in the tests conducted.

¢ Pointers. Pointers indicate which two straight lines were paired up to create a
particular apar. This allows access to information about the straight lines attributes,
and even the actual edge information (traversing the hierarchy). There is also a field

which indicates the relative orientation of one straight line with respect to the other

{i.e. if they are pointing in the same relative direction).

3.1.3 Primitive Information

The choice ol primitives for road extraction is determined by the knowledge required to
recognize road features in SPOT PLA imagery.

The apars provide local information. Only bright apars are used because typically roads
in SPOT PLA imagery are bright parallel narrow linears. The geometry of an apar satisfies
the definition of what a parallel narrow linear is.

The gl;)hal primitives {segments, collinear-segments) provide a more global viewpoint on
the information. Highly elongated continuous regions (i.e. roads) can only be determined

from global primitives. Curvature attributes can he calculated from collinear-segments.



Structural infi such as types of intersections, the-formation of graphs and networks

can be determined by /examining the relations of higher level primitives.

There is e information that is inherent within the hierarchical structure. A boundary
segment is linearized into a set of straight line segments. Each of the straight line segments
can be p.aired with another straight iine segment to make an apar. Apars formed from the

same boundary segment are possibly connected. Other primitive information is ohtained

from basic classification techniques. Roads cannot be classified in an image by thresholding

techniques, since spectral properties for roads are only locally consistent.

A particular case where classification techniques yield useful information, is where the
definition of a gap region between two apars is uncertain. Are the two apars part of a
larger primitive feature? Threshold classifying ' the gap region between two apars based
on the spectral information provided by the two apar interior regions, provides a measure
of similarity of the gap region with Eespect to the two apars it may connect.

Prdximity and collinearity constraints are usfd to interconnect disjoint apars. Additional
fow level information is used to verify that the connection is plausible. Types of evidence

that validate the plausibility of an interconnection are as follows.

» Edge boundary information. The apars detected are deduced from Lhe pairing
of parallel straight lines. Straight lines are extracted hy the process of linearizing a
boundary segment. It is possible for strz_xight lines from the same boundary segment
to belong to different apars. If straight line L! and straight line L2 are from boundary

B! and linear L7 forms apar A/J an

straight line L2 forms apar 4.2 then there is a
possibility that apars A and A2 should be connected. This type of information lends

evidence to support certain apar groupings.

¢ Local spectral classifications. A similarity of the spectral signature of the region

hetween apars (gaps) provides evidence that the two adjoining apars should connect.

The algorithm for connecting disjoint apars uses spectral classification informalion to verify

possible interconnections.

"Threshold classilying o region refers to binnry clussifying & region based on s tenining sighature, Al
pixels with an intensity value which is between n predefined sninitoam and ninxinnum pixel intensity are
tiarked as true and all others are marked ns false.
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Chapter 4 -,

Developing Global Primitives for

Road Extraction

Perfect segmentation is not possible due to noife and other factors present in the imagery.
Primitives are created hy grouping the edges produced by the edge detection process. Apar
: .
primitives are extracted, but they are usually discontinuous. Apars do not provide enough
information as cues to reason about road identification. Additional grimitives which pro-
f

vide globhal information need to he created from apar primitives: segments and collinear-
segments.

The extracted primitives should allow graceful degradation il a certain piece of infor-
mation is missing in order to determine reasonable mappings into real-world features. In

developing segment primitives, the goal is to combine apars into larger domain independent

primitives of the same feature type.

4.1 Constraint Satisfaction Problem

The search space for matching primitive elements to equivalent world model elements is ex-
treniely large and to control the potential vombinatorial explosion, constraints are requiired.
Constraints are also needed in order to develop glabal primitives from apars. Trying all
possible apar connections would be expensive fron a processing point of view,
=
Constraint satistaction is a problewn of sinwdtaneously satisfying the constraints imposed
by the cues. Mackworth [17] defines the C'onstraint Satisfaction Problem (CSP) as: “Given

N
aset of novariables each with an associated domain and a set of constraining relations each
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involving a subset. of the variables, find all possible n-tuples such that each n.-t.uple is an

instantiation of the n variables sntisfying the relations”. There are two classes of CSP's:

¢ Boolean constraint problems ( the constraint is either satisfied, or not satisfied);

and
b

o Numerical optimization problems, where the goal is to design a system to max-

imize the extent to which the solutions it provides, satisfy a large number of local

constraints.

The algorithnt which connects apars ufts both boolean constraints and nwmerical opti-
1
mization constraints. Mackworth and Freuder [19] have shown that arc consistency (with

respect to a graph’s node, arc, path) can be achieved in a time linear in the number of

binary constraints.

Grimson [10] lists some of the traits that constraints should have:
e constraints should be coordinate frame independent,
e constraints should be simple and have low computational cost,

e constraints should be as powerful as possible in the sense of removing large portions

of the overall search space,

-
o constraints should degrade gracefully in the presence ol error, and

e constraints should be independent of the specifics of the sensor.

Constraints can either be based on positive information or negative information. An
example of positive information would be the extraction of apar primitives which constrafn

4 A . P . epr .
the search for road features. An example of negative information can be the classification of

the geo-system in order to separate water and land, Water regions prune the search space

for road features.

4.2 Perceptual Constraints (Groupings)

The process of perceptual organization is used to form groupings of various shape structures

in the image based on primitive information. Various image groupings of primitives inclhude
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groupings based on connectivity, cﬁllinearity,. ﬁmallelism, texture properties and certain
symumetries, . | . | { .

Apar str}lctures are detected hy grduping parallel line segments. The collinear-segment
primitive is a collinear grouping of apars. A segment is a subset of a coI]inear-segmentﬁJ
A segment terminates at an intersection. Similar procedures are used for combining z’;par

primitives into collinear-segments and segments. The only distinction hetween the two

wottld-involves-the-location-of an-intersectiom—Amrintersection-involves-the-meeting-of-3-or————————
more apars (segments, or collinear-segments). '
We are not concerned with the actual definition of the region between apars but rather
the apars which interconnect. Due_ to inadequacies in the edge detection phase and subse-
quent linearization and parallel grouping, the gap region between 2 apars is-not identified

A8 Aan apar.

4.3 Grouping Apars into Segments

4.3.1 Constraints Used

The grouping of apars into collinear-segments is constrained by various parameters (and
functions). The only consideration in grouping apars is the handling of connections amongst

apars. Apars meet one another at intersections or along a collinear path.

 The ho-intersection case involves two apars meeting one another. The two apars are
of the same feature type {i.e. road). The apars that are connected are collinear. The
two apars can be along a straight line or can form a curved portion of a feature type

{i.e. road).

1

» The infersection case involves the meeting of three or more apars at a conuon point.

There are two different types of intersections.

The t-juaction intersection involves the meeting of three apars a1 a common
point. It is possible for an apar to intersect another apar along its length as

opposed to the endpoint.

The multiple-junction intersection case involves the meeting ol more than three
v
apars at a common point. Multiple-junctions are treated as sets of t-junctions

where the connection is always made at the endpoints.
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No domain dependeht knowledge is used in connecting apars. In certain situations it
would be é..dvantageous to inciude domain dependent knowledge. An example would he the
. intersection of a road and a railway. If the railwnyr crossed the road on &’ bridge, it is not
obvious that the two sectjons of collinear road are of the same feature type (road). Knowing
that the linear section is a railroad, the bridge's existence can be deduced, and it follows

that the two fections of road are interconnected based on collinearity and proximity, To

hierarchy of primitives. ¢

The constraints used are as follows.

1. Work space. Theoretically, all detected apars are possible candidates. In SPOT
PLA imagery, roads are typically bright narrow linear features. The work space for

road features are the bright apars. Dark apars are not included, o

2. Search Constraint. The search for potential candidates is constrained to a prede-
fined region. Only the apars tl}at are in close proximity to the reference apar are
likely candidates. A search is made from each endpoint of the reference apar in the

direction of the apar (based on the angle of the apar niedial axis) with a search radius

3

of r and a search angle of 20 (see.Figure 4.2).

In order to find candidates efficiently, the apars are spatially indexed. A simple
method is used for spatially indexing apars. The apar center line is mapped into n
raster domain in which each pixel occupied by the apar centerline has the value of the

apar identifier.

n

3. Apar Radiometric Compatibility Constraint. The potential apar candidate is
tested for radiometric compatibility with the reference apar. The radiometric prop-
erties of the candidate apar should be similar to the radionietric properties of the
referencé apar. This is accomplished if either equation 4.1 or equation 4.2 is satis-
fied (where k is some constant, in our tests k was set 1o 1). The mean and standard
deviation (g and @) are used {as opposed to minimum, maximum values) in order to
de-emphasize the noise in the imagery. Candidates that do not ineet this constraint

are pruned from the search space.

Href ~ krr'l‘tf “~ Hean T2 Href 8 '(‘.”r(! (‘11’
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Pean — kdcun S fref < Hean + kacnn . (42)

Gap Radiometric Compatibility Constraint. This constraint checks to see if the
gap region is radiometrically compatible with the reference and candidate apars (see
Figure 4.3} 'Rndiometric compatibility is determined if e:quations 4.3 and 4.4 are
satisfied {similar to the apar spectral compatibility constraint, a value of 1 was used
for k). This is similar to checking the compatibility of reference and candidate apars,
except that the gap region is treated as an apar and checked to see if it is compatible

with the reference and candidate apars, 1 the gap region is'not compatible with either

the reference or candidate apar, then the candidate is pruned from the search space.

Heef = RTrer 5 lgap S flrep H RO (4.3)

«
5

Hean — RTeqn = Haap < flean + "\’Umn . (‘1-‘”

Angle Constraint. The angle of the apar.is used to deterniine the type of connection
between the two apars. The minimum acute angle between the reference and candidate
apars falls hetween a minimuwm and maximum threshold value. The different types of

connections that can be made ainongst disjoint apars are as follows (see Figure 4.1).

o Collinear. A collinear connection is the connection of the endpoint of the rel-
erence apar to the endpoint of the candidate apar. A collinear connection (i.e.
along a straight line) is made if the acute angle between the reference and can-

didate apars is hetween 07 and 307

e Normal. The reference apar’s endpoint can be extended to form a normal to
the candidate apar's centerline at a point other than one of the two endpoints,
The normal line is the connection between the reference and candidate apar., The

acute angle between the reference and candidate apars is hetween 607 and 907,

s Perpendicular. If one of the constraints for the normal case fails then a per-
pendicular connection is made. A perpendicular connection consists of two line

segments. The reference apar is extended until it intersects the extended candi-



o3

-]

date apar. The constraints for a perpendicular connection are that neither the

normal nor collinear case are applicable.

A test on the similarity of the angle of the line that connects the two apar centerlines

with respect to the reference and candidate apar angle was tried, but was found to he

too sensitive to be useful.

Gap Ct.Jllinem“ity Constraint. From the list of candidates left, the hest one that
minimizes the criterion.function 4.5 or 4.6 (depending on the circumstances} is
selected. A maximum threshold value is set in order to prune cmuli:lntj"s. If the left
hand side of equation 4.5 or 4.6 is greater than 1.0, t}len the candidate is pruned
from the search space. The function tries to minimize the gap distance relative to the
length of the reference and candidate apars. Gap refers to the distance hetween the
apar centerlines, as shown by the bold line in Figure 4.1. [,/ is the length of the
reference apar. [, is the length of the candidate apar. Equation 1.6 is the special

case where a normal type counection is made between the reference and eandidate

apar.
qap (4 r))
win{lee g dean) .
yap :
1.1
L., {1.6)

If the two apars are connected (for collinear and perpendicular type connections), the

new length of the apar would be the sum of the two individual apar lengths, There
' AN

is a maximumn threshold value for the criteria function il order to prone candidates

that are highly unlikely to connect (value of 1.0 was used}. It is not always the case

that an apar will connect to another apar.

Collinear-segments have no intersections with other collinears, therefore each endpoint

can only connect to one other apar.

Applying the above constraints yields the collinear-segments that:

f

s determine the connections between apars, that were not picked up by the edge devec

tion process or were disregarded by the linearization shinplifications; and

.

o determine the &nnections hetween apars where the gap region is not defined by irs

edges but spectrally similar to the 2 apars it joins (i.e. road and neighhouring field

40



has similar spectral reflectance).

. 4.3.2 Algorithm

Creating global primitives from apars requires establishing connectivity amongst neighbour-

ing apars. The constraints in the previous section are used to establish that connectivity.

The algorithm that was tested uses the constraints in order to determine which apars com-
bine to form segments and collinear-segments.

Before presenting the algorithni, some terminology requires clarification. The connec-
tions hetween apars are based on interconnecting apar centerlines. There is a status associ-
nted with each apar. Only the apars with an active status are considered (e.g. an apar will
have an inactive status if it was eliminated when the redundancy check was done). Since
only the bright apars are being considered, all the dark apars have been pruned by giving
them an inactive status. The acute angle between two apar centerlines has a range of 0° to

407, The algorithm is as follows:

by

Vo fora o all apars (real and dedueed) with active status do step 2.
2o fork o 1 to 2 (the two endpoints of the apar centerling):

o Verify that the apar endpoint has not been connected to any other apar. A list
keeps track of all connections. If a collinear or perpendicular connection is made
between two endpoints, then those two endpoints are marked as used. If a normal
type connection is made from an endpoint to a line, then that point is marked
as used. For normal and perpendicular type connections, it is allowable for the
candidate endpoint to be already used in another connection. A collinear type
connection can only be made if the reference endpoint and candidate endpoint
have not heen used in any other connections. These rules are in place to constrain
the intersections possible. A more elaborate model might take into consideration

all possible combinations and require domain dependent knowledge.

e For all real and deduced apars, find the apars that are in close proximity to
the endpoint ofinterest. A circular arc region is searched with the center point
being the reference apar’s endpoint. The direction of the search arc is in the

same direction as the reference apar. The search arc has a radius of 20 pixels
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and an arc separation of 90°. A separate list is kept for both the real apars and
the‘ deduceiﬂpﬁars. : ‘ .
) A]l:poténtial candidates found are sorted with respect to minimizing the gap
. collinearity constraint (eqnntidns 4.5 and 4.6).

e When all candidate apars (real & deduced) are located and sorted, then do step

3. - .
-

3. for | = I to all candidate apars (deduced and real), do the following steps ttlethlcml
apars are looked at first, because they are created fromn combining other apars and

are therefore probably more significant):

s Determine which type of connection exists between the reference and candidate
apar. The different types of connections amongst neighbouring apars, as men-

tioned earlier, are collinear, normal and perpendicular (see Figure 4.1).

o Determine the statistics of the gap region. For each of the three different types
of connections, the gap region will take on a different shape (see Figure 4.1 )

e Determine if the candidate apar satisfies all the constraint tests to allow connec-
: by tion to the reference apar:

— Verify that the candidate endpoint is not marked as connected. The verifi-

cation of the reference endpoint was initially made at one of the outer Joops

{Step 2).- The verification of the reference endpoint has to be re-initiated at

each instance of trying to pair up a candidate with the reference. Once a

candidate connects to the reference, the endpoints are marked accordingly;

if the reference is marked as used, then there is no need to continue checking

other candidates and the loop (Step 3) can terminate. For perpendicular

type connections, it is allowable for the candidate endpoint to be used. The

relaxation of the constraint on perpendicular type connections allows the

formation of multiple intersections.

- Verify that the candidate’s endpoint of intoré;; is actually the closest paint
of the two candidate endpoints with respect to ;\11"' reference endpoint. This
allows correct alignment of the two apars to he connected,

- Apply the gap collinearity constraint. Prune choices that are less than a pre-

set threshold value (i.e. we use 1.0). Note that all the candidates have heen
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ordered in the lié.t with respect to minimizing the gap collinearity constraint

cost (seé equations 4.5 and 4.6). k

- Apply the apar similarity éonstmint. Reject candidates that do not meet
this constraint.

- Apply the gap apar sim.il‘a.rity constraint. This is the most expensive con-
straint and justifiably placed last. The statistic.s have to be collected for the

gap region during the execution time. Reject candidates that do nat meet

this constraint.
o If all the constraints are satisfied, then do the ®llowing:

- Update the length of the apar if the connection type is collinear or perpen-
dicular, The length of the apar is the sum of the reference apar length and
the candidate apar length. The redefining of the apar length incorporates
more global information to he used when evaluating the Gap Collinearity
Constraint in subsequent iterations.

- Clonnect up the apar centerlines according to the type of connection.

= Normal case: Connect the reference endpoint on a line that is normal to
the candidate apar’s centerline. The interconnection is the normal line.
x Perpendicular case: Intersect the reference and candidate apar center-
lines. The extensions of the reference and candidate apar centerline to
their intersection point forms the interconnection.
» Collinear case: Connect the reference apar endpoint to the candidate
‘ ;’l])ﬂ.l‘ endpoint.
If the connection type is collinear, then mark the reference endpoint and
candidate endpoint as used, If the connection type is normal or perpendic-
ular, then mark only the reference endpoint as used. Multiple collinear type

connections are not allowed, but multiple perpendicular type ar normal type

connections are.

- Ifany collinear ty¥pe connections were made, then do step 3 again. Stop when no more
collinear type connections were made as a resultl of step 3 { the only parameter that
changes is the length of the apar if a connection was made. By updating the length

of the apar, it is hoped to include more global information).

33



!.

\
4.3.83 Comments on The Algorithm
A major criticism of the aigorithm is it’s dependenée on the order of procéssing the apars,
The refererice apars are chosen in random order from the field of potential apars. Potential
apars are the- bright apars, The reference apars coultl have been examined in an order
imposed by the apar’s sxgmﬁcance. The longer the length of the apar, the more significant
(i.e. highly more likely to be a road type feature) the apar. The choice of which reference
apar to consider first is random. ) '

The problem of connecting api\.rs together is based on choosing the best candidate from
possibly, many potential candidates. The candidates are ordered with resp.ect to their
length. The more significant (i.e. longer) candidates are examined first. The length of the
apar does not necessarily mean that it is the proper choice, but rather that is more likely
to be a better candidate than a shorter apar.

The order in which reference and candidate apars are clmser; may possibly cause loenl
winners but not necessarily global winners. It is hoped that incorrect local winners are
prevented by the spectral constraints and the gap collinearity constraint. Global winners
are only possible if they are not inhibited by local winners. Certain connections may inhibit
other conneciior‘ls (i.e. a restriction on collinear type connections may prevent the proper

connection if an incorrect connection was made).
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TYPES OF APAR CONNECTIONS
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Figure 4.1: Types of Apar Intersections



Figure 4.2: The Search for Potential Candidates
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Figure 1.3: Gap Region Between Two Apars
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Chapter 5

Results

i

5.1 Preliminaries
The lollowing figures present the different stages involved in the processing of the input
imagery before running the apar connectivity aléorithm. Figures 5.1 through to 5.6
show the steps involved for a SPOT PLA image of the Madelaine Islands, Quebec to be
transformed from the input imagery to the cleaned apars. Figure 5.1 is the SPOT PLA
image. Figure 5.3 shows, asa graphics overlay, the edges which were extracted by the edge
extraction process. Figure 5.4 shows the linears which were combined into apar structures,
while Figure 5.5 shows the corresponding apar centerlines. Figure 5.6 illustrates the apar
centerlines which were kept after removing the redundant apars and grouping apars that
share a comumon side.

Figure 5.7 is a SPOT PLA image of Sherbrooke, Quebec, while Figure 5.8 shows the

extracted apar centerlines after the cleaning process.



Figure 5.1: Madelaine Islands SPOT PLA: Input imagery, Long parallel linears (s}
are visible in this image. The analysis requires the knowledge of what a road is,
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linears are roads. The area of interest which corresponds to the imagery is outlined.
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Figure 5.3: Madelaine Islands Extracted Edges: The graphic overlay illustrates the
edges that were extracted by convolving the image with a DOG flter with sigma values -
equal to 1.0 and to 1.5, A pattern of long narrow linears is evident. o~
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Figure 5.4: Madelaine Islands Extract d Apar Linears: The graphic averlay illustrates

the linears which were used in order lo treate apar structures. The apar structures are

disjoinl by construction. ‘

-
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Figure 5.5 Maddlaine Islands Apar Centerlines: The graphic overlay illustrates the
apar centerlines. Note that prior to cleaning, the centerlines can overlap each other.

N
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Figure 5.6: Madelaine Islands Apar Centerlines After Cleaning: The graphic overlay

illustrates the apar centerlines after removing -redundant apars and grouping apars that
share a common side. Compared to Figure 5.5, the cleaned version is easier (o work with
and can possibly be used as a guide for manual digitization. A and B show cases where it
would be desirable to search beyond 20 pixels for possible connections, (U and D show eases
where a smaller search region can he nsed.



Fignre 6.7: Sherbrooke SPOT PLA: Iupnt imagery. This scene involves farm land.
There are instances where the spectral reflectivity of the road is similar to the farm field.



Figure 5.8: Sherbrooke Apar Centerlines After Cleaning: The graphic oxerlay illus
trates the extracted apar centerlines after removing redundant apars and grouping igirs
that share a common side. A illustrates where iteration in the grouping algorithm is re
quired: the gap collinearity constraint would prevent this connection; however, a snhsequent
pass with updated apar lengths would cause the constraints Lo sueceed,



5.2 Algorithm Results .

The algofit-hm was appliéd to portions of SPOT PLA images that were 512 pixels by 512"

lines. The input to the algorithm was the detected apars, the apars deduced from the
detected apars (after the cleaning process) and the associated attributes of the real and
deduced apars. The threshold value used for the gap collinearity constraint was 1.0. The
spectral constraints used a value of 1.0 for the constand £,

The following figures show the final output {existing apa.trs plus connections made) after
applying the apar detection and joining algorithm to the SPOT PLA image of the Madelaine
Islands, Quebec and the SPOT' PLA image of Sherbrooke, Quebec.

The joining algorithm took 26.7 cpu minutes on a gVAX tp run on a 512 chip' of the
Madelaine Island scene (see Figure d 5.13). The joining algorithm took 31.3 cpu minutes to
run on a 512 chip of the Sherbrooke scene (see Figure 5.18). A different Sherbrooke scene
required 80 ¢cpu minutes (see Figure 5.23). The factors which affect the execution time

-
relate Lo the number of apars present and the local densities of apars present.
.

o
A chip refers to a square (same number of pixecls ns lines) subacene extracted from an image.
'
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Figure 5.9: Madelaine Islands: Simple Attempt At Connecting Apars: The averlay
graphics illustrate the apars with the connections that were made, The only constraint used
was the gap collinearity constraint. The candidate which minimized the gap collinearity
constraint was chosen. There was no distinctions made about the type of intersection which
existed at the connection. All connections were made hetween apar endpoints. Collinear
connections at A and B were made correctly. Perpendicular connections al € and D were
not made properly because only endpoints were connected.



Figure 5.10: Madelaine Islands: Algorithun Results: The overlay graphics illustrate
the apars with the connections that were made. The joining algorithm determines the type

of connection to he made and also uses the spectral statistics to verify if the connection
should he made. The analysis of where the algorithm works well and it’s weaknesses are
discussed in the Analysis section, D shows where the conpection hetween apars was made on
a subsequent pass. C shows where iteration would not help in making this connection, since
the search space for potential candidates is too small and the proper candidate wouldn’t be
considered. ) '
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figure 65.11: Madelaine Islands: Algorithm Results (No Upper Spectral Bound):
The overlay graphics illustrate the apars with the connections that were made. The only
modification made to the algorithm which produced the results in Fignre 5.10 was that
the upper bound on the spectral constraint test was removed. By relaxing the spectral
constraints, it was hoped to connect apars just because they are hright, and that the gap
region between the two apars is bright. Relaxing the constraints in snch a manner did not
have a major effect. Some additional erroneous connections (A and B) were made as a
result of relaxing the spectral constraints.
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Figure 5,12 Sherbrooke: Algortthin Results: The overlay graphics illustrate the apars -

with the connections that were made.



521 » Iteration and Constraint Satisfaction
5.2.2 Tests Conducted

The following tests were conducted:

e The algorithm was applied to a SPOT PLA image of the Madelaine [slands, Quebec.

The algorithm iterated 3 times until nonew collinear connections were found. Tables

-

5.1, 5.2, 5.3 summarize the number of times in which the constraints succeeded and

failed for the three iterations. Table 5.4 summarizes the different types of connections

which were made during each of the iterations.

e A modified version of the algorithm was applied to the same SPOT PLA ima

the Madelaine Islands, Quebec. The modification was the removal of the Apper bound

on the spectral constraints (i.e. the right hand side of inequalities A.1, 4.2, 4.4, 4.4
was removed). Tables 5.5, 5.6, 5.7 summarizé the consl.rairp's which succeeded anid

failed for each iteration. Table 5.8 summarizes the different types of connection?

which were made during each of the iterations.

» Tables 5.9 and 5.10 sf}nmmrizc the constraints' success and fail rate for a SPOT
PLA scene from Sherbrooke, Quehec. Table 5.11 summarizes the different types of

connections which were made during each of the iterations.

Effect Of Iteration

Most of the connections were ma.de.in the first pass (see Tables 5.4, 5.8 and 5.11). This
shows that the quantity of connections gained by iteration is minimal, but the quality of
connections justifies the iteration process. A in figure 5.8 and D in figure 5.10 illustrate
where a connection was made in a subsequent pass. The connection would not have heen
possible had there been no iteration. The gap collinearity constraint {ails on the firs
pass but sucfeeds on the second pass because connections made on the first pass cansed
neighbouring apar lengths to be increased. C in figure 5.10 shows where iteration doesn’
help in making a connection, which is a result of the confined search space for potentiyl

candidates. The proper candidate is greater than 20 pixels away from the reference apar

and therefore never considered,



i Iteration 1 1
‘ Test o o True FSE}EE_
\ Gap Collmeanty ‘Constraint 168—-92 ’
l Apar Spectral Compatﬂnhty Constmmt _146 22
: Gap Spectral Compatibhility Constraint | 113 | 33

Table 5.1: Madelaine Islands: First Iteration. Constraints Applied

Iteration 2 2

Test True | False .
Gap Collinearity Constraint 18 72

Apar Spectral Compatibility Constraint | 4 14

Gap Spectral Compatibility Constraint | 2 2

Table 5.2: Madelaine Islands: Second lteration. Constraints Applied

Iteration 3 -3
“Test True ; False
Gap Collinearity Constraint 14 1
Apar Spectral C‘ompatlblhty C onstramt 0 14
Gap Spectral Compatﬂnllty Constraint [0 0

Table 5.3; Madelaine Islands: Third Iteration. Constraints Applied '

b
Tteration 1 2 3
“Type of Connection | Number | Number Numhm
Collinear 61 4 no .
Normal 19 0 0
Perpendicular 66 40 0
| Total el 4 0

Table 5.4: Madelaine Islands: 3 lterations.

o
o

(‘onnections made



Iteration : : | i1 ¢
Tt T I ivue | False |
HGap Collinear_it}_Cons;-t'r't;.-iﬁtrm 161 8s
“Apar Spectral Compatibility Constraint | 161 ] 0 |
Gap Spectral Compatibility Constraint | 161 | 0 lf

Table 5.5;-Madelaine Islands: First Iteration. Constraints Applied. (1o upper botind-
spectral constryint)

Iteration 2. 2 -

i Test True | False

- Gap Collinearity Constraint ! X
B AApa'r”Sﬂprerctrai "C'Iompz.tti.i)"iﬁty "C-onstr?\'int 3 {
© Gap Spectral Compatibility Constraint | 3 0

Table 5.6: Madelaine Islands: Second Iteration. Constraints Applied (no upper hound
spectral constraint)

Iteration 3 3 .
" Test True False '
i Gap Collinearity Constraint 0 T
~ Apar Spectral Compatibility Constraint, | 0 (_)_
- Gap Spectral Cowmpatibility ('fcmstminl: 0 0

Table 5.7: Madelaine Islands: Third lteration. Constraints Applied (no upper bound spec.
tral constraint)

P

Iteration 11 2 3

Type of Connection | Number | Number | Number
Collinear 61 4 o
Normal 19 To T o
Perpendicular 66|40 0

Total iwus o da 10

Table 5.8: Madelaine Islands: 3 Iterations. Connections made (no upper bonnd spectral
constraint)



[ Tteration : . 1 1
| Test : . True | False
|. Gap Collinearity Constraint 171 | 217 |

| Apar Spectral Compatibility Constraint [ 165 16 |
| Gap Spectral Compatibility Constraint | 155 |10 |

Table 5.9: Sherbrooke: First Iteration. Céhstmints Ap.plied

-
Iteration - 2 2
Test True | False
Gap Collinearity Constraint T © 197

“Apar Spectral Compatibility Constraint | 0 7

‘_‘___@.}ap Spectral Compatibility Constraint | 0 0

Table 5.10: Sherbrooke: Second Iteration. Constraints Applied

Tteration 1 2

Type of Connection | Number | Number
Cellinear 59 0

Normal 27 0
Perpendicular |79 o T
Joral T e T

Table 5.11: Sherbrooke: 2 lterations. Connections made
)
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The connection to candidates is constrained by the search nethod. Most of the normal

¢ . . . . .
type connections are made in the first pass. A normal type tonnection can bhe made in

“subsequent passes if the length of the reference apar has changeyl due to a counection In a

previous iteration.

Effect of Constraints Pruning

Initially, the search space for potential connections is pruned by the\search region for can-
1

didates. The results indicate that most of the pruning of potential dandidates is done by
the Gap Collinearity*Constraint {see Tables 5.1, 5.2, 6.3, 5.5," 5.6, 5\7, 5.9, 5.10). When

the upper specfral bound was taken off the spectral constraints, it wf\n found {as shown
* \
by A and B in Figure 5.11) that the spectral constraints did not prl%{w any_additional

. . . \
candidates, but rather introeduced errors of commission.



5.2.3 Examples‘of Particular Cases

Figure 5.3 Madelaine Islamds: Apars & Connectors: The blne graphics are the
connections that were made: whereas, the red graphics are the original detected apars,

b 3
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Figure 5.14: Madelaine Islands: Classified Watdr: Shows how contextual information
can be used to priune-the search spacy ™ Phebife graphics overlay is ohtdined by classification
thresholding the SPOT MLA3 ban (near-infra-red hand). T owas Tound that the SPMOT
MLAZ band has a bimodal histograin disteibution. . .
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FFignre 5.15: Madelaine Islands: Enlargement 1: A shows good collinear connections,
B shows an erroneous connection that conld have been prevented by adjusting the param-
eters of the gap spectral similarity constraint. C shows a proper normal type connection.
The connection at C is actually two perpendicular type connections.
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Figure 5.16: Madelaine Islands: Eulargement 2: A and B show connections which
should have been rejected by the gap similarity constraint. C shows a bright region where
the gap spectral constraint isn’t suflficient, but a local edge detection process miight prop
erly define the connection. To the left of D, the proper connections were whde, huat the
connections could have been made cleaner. E shows a good collinear type and normal type
conneotion. The gap collinearity constrainl rejects the connection to the lelt of E as the
gap collinearity constraint would fall above the 1.0 threshold valne,

a9
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Figure 5.17: Madelaine Islands: Eulargement 3: A shows a vormal type connection

that was made bt shauld have been rejected by the gap spectral constraint,

— . )
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Figure 5.18: Sherbrooke (scene 1): Apars & Connectors: The blue graphies are the
connections that were made; whereas, the red graphics are H}%nriginul detected apars,

)
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Figure 5,190 Sherbrooke (scene 1): Enlargement 1: A and B show bad connections
that were made, due to a wide allowable spectral variance in the gap spectral constraint,
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Figure 5.20; Sherbrooke (scene 1)

Enlargement 2: The connections aronmd A woere
matde, hut could be hetter arranged il global patterns were used as indientors, The vertical

connection &l A was missed -becanse the lower vertical apar was too short for the gap

collinearity constraint. Connections at B and C should have heen rejected by, the gap
spectral constraint.

£}
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Fignre 5.21: Sherbrooke (seene 1): Enlargement 3: In A, the neighbouring region has

similar reflectance to the desired narrow linear feature. Gap spectral constraints are useful
in these situations te allow connections even if sufficient edge information is missing.
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Figure 5.22: Sherbrooke (scene 1): Enlargement 4: A B, Cand D connections shonld
hafe all been rejected because of the spectral constraints,



Fignre 5.23: Sherbrooke {scene 2): Apars & Connectors: The blue graphics are the
connections that were made; whereas, the red graphics are the original detected apars.
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Figure 5.24: Sherbrooke (scene 2): Enlargement 1: This image is a highly dense urhin
region. In situations such as this, the results are highly dependent on what apar primitives
were originally extracted. The possible connection to the right of A was missed hecanse of
the gap collinearity constraint {the mininnim apar length was too short). B shows a goorl
intersection connection. C shows a had connection that should have heen rejected hy the
gap spectral constraint. D shows a good collinear connection. The 2 :1[):;rs Lo the top of E

should have heen merged in a cleaning process prior trying Lo connect them, This shows
the dependency of the connectivity analysis on the lower level primitives,



5.3- .Analysis of the Algorithm . -

.

The results of the algorithin, that interconnects the disjoint apar segients,(shows both

strengths and weaknesses.

e The search for potential candidates is limited to a fixed region around the point

of interest. In certain circumstances (A. and B in Figure 5.6), it would he desirable
tu search i)eyond this predefined region (if a desirable candidate is outside the search
region because of a lnr;r,e gap), while in other situations (C and D in Figure 5.6), it
would be advantageous to search a much smaller region (for reductionof processing
tine for small gaps). It may be necessary to grow the search region as required when

eandidates fail the constraint tests.

e The equation ( 4.5) used for the Gap Collinearity Constraint is subject to some
critivism. There is not much argument in using the length of the gap as the numer-
ator. Using the minimum apar length as the denominator is questionahle in certain
situations. In some situations it would he desirable to have asthe denominator, the
sum ol the two apar tengths, while in other situations, it would be sufficient Lo have

the mininuun apar length (as is done now).

s The Apar Spectral Constraint is used to check for the spectral similarity of the
reference and candidate apar. This constraint can be relaxed in some cases where it
doesn’t matter that the two apars to be joined are of the same type (i.e. two sections

of road, where the road material changes surface cover type (gravel to paved)).

o The Gap Spectral Constraint is used to check for the spectral similarity of the.

gap region in comparison to both of the apars to be joined. In certain situations
(Figures 5.15, 5.16 and {5.17), this constraint appears to be too relaxed. The gap
spectral constraint only chicks for spectral compatibility. This works well if the gap
apar has the same spectfral properties as compared to the neighbouring regions. If
the neighbouring regionihias the same Sp(“(‘lrn! response as the real-world apar-like
feature, then using other ddge detection strategies would be futile since there are no

real-world edges. AdditionalNpformation such as edge information could be useful if

edges exist in the gap region but were nmissed by the original edge detection process.
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. Edge information obtained from another_ edge detection method would indicate the

type of connection if it existed.

The joining algorithm works well for collinear type connections (see Figure 5.15)
in most situations, and normal type and perpeﬁtliéllllnr type connections (see Figure

5.15) in uncluttered regions. Clutter refers to the number of ApATs in a certain region

-which results in ambiguity with respect to which apears to connect. Tlte algorithm is

very dependent on the amount of information that was extracted at the lower levels

by the edge and apar extraction. '

The joining algorithm has problems when not enough apar information exists (see
A in Fiéure 5.6). The notion of having two different apar types and handling them
separately creates problems. The deduced apar candidates are tested hefore the real
apar candidates. Originally it was thought that it didn’t matter which hpars were
tested first (real or deduced). The deduced apars are tested first because they are

thought to he more significant {i.e. created by combining apars). e

The two groups of apars are sorted with respect to minimizing the Gap Collinearity
Constraint. Once a connection is made, the appropriate endpoints are marked as used
and are not permitted to be connected with other apars. These constraints affect the
connections that are made and missed. The hasic control strategy does not attemnpt

, .
to deal with the possibility of an incorrect connection (see Figures 5.16 and 5.17).
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1ries to determine which apars should ll_v connected. ,

= - Chapter 6 '
) _
‘Conclusions and
Recopmmendations o
61 Concl'usions' S ' A

The results show that the apars can be connected into larger domain independent
primitives. The development of global primitives, such as apar collineaf-segments
and apar segments, is a start in trying te obtain global information aboutgrimitives.

Collinear-segmarits and segiments allow easy access of global information; whereas,

apars only provide lacal information. ‘3
8
The connecting of apars jnto global primitives was performed with reasonable accu-
racy. Some incorrect connections were made. . T
S

"

The larger the gap region, the lesQ accurate the connection model would be. Other lowf

- .
level operators (i.e. other edge detection methods) may allow the accurate definition

of the gap region between two apars. The preserit connection scheme does not take

into account the accurate definition of the connection between two apars. hut rather

a
. v v

. L] . . - h . .

' - ¢ .

I A B 4

o N
I'he resalts of connecting apar structures is highly dependent on the results of previous

' . . . . .

stages. If the gaps are too large, then very few connections will be made. The number
;oo ' .

of apars detected and their placement is very inpertant in trving to extract global

primMives (Le. collinear-segments).s The algorithin used is very sfnsitive in agas

>



apars should be connected. The gap spectral constraint did not prune all incorrect

choices. y -
/“ ! ! ] -

¢-'The ‘algorithm results allow for easier digitization of parallel narrow linear features

4

{i.e. roads), as there are fewer gaps that the user has to bridge‘(connect). The

. Photointerpreter can connect or reject selected apars as part of a feature of interest,

¢ Similar principles that are used in connecting narrow linear leatures may he useful
. .
for connecting linear features (i.e. edges). For linear features: rather than lmﬁlg al

the interior spectral statistics, the spectral statistics to the left and to.the right 6 the

'l
linear would be used.

¢

—

» The results of the algorithm:“rc depehdent on the order of processing the apars,

There are no provisions to undo an incgefect connection. There is a reliance on the
constraints to trap for incorrect connections which is not suflicient in all cases. A

connection that is locally satisfactory might not necessarily he globally satistactory.
. o ’

s The iterative grouping does not buy more connections, but the few conpections ir.
b -

dees provide are fairly important.

6.2 Recommendations

e Certain improvements can be made Lo the existing algorithm in order to imprgivﬁ-ihv

) accuracy. Undoing a connection in certain situations may help in eliminatingizncogrect

connections (i.e. non-monotpnic). Experitientation is required with the sensitivity

of the spectral constraints in order to determine what parameters and equations are
most appropriate. The experimentation with parameters requires the use of a hetter
Ll AN
L} ~ .
environment in order to analyze the results. A delulgging environment which allows

the visualization of spatial primitive relationships would facilitate greater progres«in

this research area.

o A method of incorporating a(lrliti.,gn:r'l information sources is required (e DEM, other
SPQT bands, air photos, existing maps, ...}. An example on the use of MEAS data

to incorporate context was shown in Chapter 5.



s A formal definition of the mapping from the primitive dimension to the composition

dimefision fs required_. The control strategy that maps primitives into real:world

features using: declarative rules needs to be defined. -
e The method of incorporating other feature knowledge (context) needs to be defined.
* AL what level should context be introduced? Context can be introduced at high levels
-

(i.e. roads are near huildings) or at the lowest level (i.e. use water classificationy '
to prune water areas for further land apar detection at the edge level). Textural
! .
information can allow contextual deductions (l.e. urban texture can dictate a grid-
L

like pattern for roads). s

¢ One of the observations of the thesis work is that global primitives aré dependent on
the primitives used in their creation. Errors are I;ropaga.tecl up the primitive hierarchy.
" A certain threshold of error is allowed, where above that level, the accuracy ol" the
next higher level wonld drastically recln&. Research should he conducted into how
gracelul the :]cgraa.:lat.inn ol the primitives are with respect to the error level of the

primilive children.

+

.‘-\ Possible -itmprovements to the joining algorithm may help in achieving the goal of

“extracting reliable global primitives from apars. ) ’

e Other operat nrs#c;iu be used to judge the gap region. Presently, the spectral ‘char-
acleristics oll the gap region are used as an indicator. Further constraints via other
‘npcrni.m:s can he]\i) to minimize incorrect connections. Other edge detection strate-
gies, morphological operators, classifiers and operators\Wd to the ililageat}'[)e
and resolution can be used to provide additional primitive information. A \

e Globhal patterns dictate™eneral trends \vhiéh may initiate correction of local variations
in a t'nll.inoar-ségmem. When apars are connected into larger segiments, 1h£‘re can

be slight perturbations. A mean square error analysis on a collinear-segiment can
'u ‘

straighfen out the slight perturbations.

o . . . .
¢ lmprovements to the spatial indexing strategy and searching routines jay reduce (he

processing time required.

=1
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» The global apar-based primitives try to eliminate errors of omission which are present
due to the inadequacies of the edge detection and suhsequent proﬁessing to ohtain
apar structjires. For automated road detection, a more formal organization of the

knowledge and reasoning strategy.is required.

) )
6.3 In Closing

The apar primitives providé shape inforu;ntion and the associated areal 5:7!"()’!‘ PLA spec-
tral statistics. Apar primitives were chosen because of their natural association with road
features. Apar primitives can be used for other features with other input imagery types,
Dark apz'trs can be used as cues for streams and rivers. In higher res.nlulinn Imagery (i.e.
] : ' .

air photos, 1.5 m}, apars can be used as cues for features such as ships and cars. Due to the
imperfections involved in detecting apars, gloha‘l primitives will still be required m order to
group disjoint apars.

The thesis tackled one issue in the process of trying to automate the extraction of
road features from SPOT PLA -imagery. The development of global primitives from apar
structures’results in global information fof use in deducing what real-world feature an apar
maps into., Apars provide only local information as they nre}disjoint by nature. Connecting
apars together allows deducing information such as global curvature; which may help in
making a road distir;guishable from a rMFhe results are promising, but a lot of .
additional research is required in order to achieve the gon]rof attomating the extraction of

roads from SPOT PLA imagery. *

.
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\"' Appendix A

Additional Results



Figure A.1: Madelaine Islands SPOT MLA3: The MLA3band is the near-infra-red
hand. The histogram of the image has a distinctive bimodal distribution. Water and land
can he separated based on thresholding the image. The classification of the water allows
one to prune the water areas from the search space for road features.
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Figure A.2: Madelaine Islands Water /Land Separation: The binary mask was ereated
by thresholding the image in Figure A.l.
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Figure A.5: Sherbrooke (scenc 2) Algorithm Results: The overlay graphics ar
extracted apars plus the connectipns which were made by the algorithm,



¢ A.G6: Sherbrooke (scene 3) SPOT PLA: This image of a farm land area and has

aimilar characteristics to the scene 1 of Sherbrooke.
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=. Vancouver UBC area SPOT PLA: The extraction of apars is difficult in

the urban areas as the edges are difficult to make ont.

Figure A.
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Figure A.8: Toronto Landsat TM: This image is of a farm land area near Toronto. The
resolution is 30 m. The roads in the image are barely 1 pixel wide. A much smaller filter
size is required for the DOG as compared to the one used for SPOT PLA imagery. There
are some cases where the road is totally invisible. The connectivity of apar segments might
rely more on perceptual clues as opposed to spectral evidence. .



Figure A.9: Vancouver Stanley Park Aerial Photograpli: Digitized acrial photo ol a
region hear Stanley Park. The resolution of the Tmagery is 1.5 m. At this type of resolution,
roads are no longer identifiable as bright narrow parallel strips. There is too ymuch detail in
the imagery. Cars, ships, and even road centerlines are visible. In order Lo identify roads
in this scene, context must play a much greater role.
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