VEHICLE SEGMENTATION AND TRACKING FROM A
Low-ANGLE OFF-AXIS CAMERA

A Thesis
Presented to
the Graduate School of

Clemson University

In Partial Ful liment
of the Requirements for the Degree
Master of Science

Electrical Engineering

by
Neeraj K. Kanhere

August 2005

Advisor: Dr. Stanley Birch eld



August 5, 2005

To the Graduate School:

This thesis entitled “Vehicle Segmentation and Trackiragrfra Low-Angle Off-Axis
Camera” and written by Neeraj K. Kanhere is presented to tlagl@te School of Clemson
University. | recommend that it be accepted in partial fuhent of the requirements for
the degree of Master of Science with a major in ElectricaliBeering.

Dr. Stanley Birch eld, Advisor

We have reviewed this thesis
and recommend its acceptance:

Dr. Robert Schalkoff

Dr. Wayne Sarasua

Accepted for the Graduate School:




ABSTRACT

A novel method is presented for visually monitoring a higliwehen the camera is
relatively low to the ground and on the side of the road. Inhsaacase, occlusion and
the perspective effects due to the heights of the vehiclesatebe ignored. Features are
detected and tracked throughout the image sequence andjitbeped together using a
standard algorithm. The key part of the proposed system estimate the 3D world co-
ordinates of feature points on the vehicles from a singleesamExperimental results on
different highways demonstrate the system's ability tocessfully segment and track ve-

hicles even in the presence of severe occlusion and sigmt garspective changes.



DEDICATION

| dedicate this work to my parents who have struggled hardand give me the best.



ACKNOWLEDGMENTS

I am most grateful to my adviser, Dr. Stanley Birch eld for diig me at every

step of this endeavor. The freedom he gave me to pursue ne&s iade this work a
truly enjoyable learning experience. | would also like tartk Dr. Robert Schalkoff for his
introductory course in image processing. Things | learnetis course have helped me at
every step of this research. Many thanks to Dr. Wayne Sarfasuas generous nancial
support and encouragement.

Thanks to Prashant, Dinesh and Dinakar for being such gamtdmaates. | have thor-
oughly enjoyed their company over the last couple of years.

Finally, I would like to thank my family and Uma for their lovad patience.



TABLE OF CONTENTS

Page
TITLEPAGE . . . . . . . e [
ABSTRACT . . . . . i
LISTOFTABLES . . . . . . . e e e e e Vi
LISTOFFIGURES. . . . . . . . . . e e e e Vii
1 Introduction. . . . . . . .. 1
1.1 RelatedWork. . . . . . . . . . 2
1.1.1 Commercial Systems. . . . . . . .. ... ..o 2
1.1.2 ResearchinVehicle Tracking . . . . ... ... ... ...... 4
1.1.3 PerformanceFactors. . . .. .. ... ... ... .. ...... 7
1.2 Denitions . . . . . . . ... 9
2 Approach . . . . . . e 10
2.1 Ofine Calibration . . . . . . .. .. ... .. ... .. .. ... 10
2.1.1 Perspective-Projective CameraModel . . . . . ... ... ... 11
2.1.2 CalibrationProcess. . . . . . . .. .. ... .. ... ... 12
2.1.3 Backprojections. . . . . ... ... 16
2.2 ProcessingaBlockofFrames . . . ... ... ... ........ 16
221 TrackingFeatures. . . . . . .. .. . ... ... .. ... ... 17
2.2.2 Background Subtraction . . . . ... ... 18
2.2.3 Stable Features froma Single Frame. . . . . . . ... ... .. 20
2.2.4 World Coordinates from Multiple Frames. . . . . . .. ... .. 24
2.2.5 Afnity Matrix and NormalizedCuts . . . . . .. ... ... ... 27
2.2.6 Grouping With IncrementalCuts. . . . . . ... .. ... .. .. 29
2.3 Correspondence Between Frame Blocks. . . . . ... ... ... 30
3 ExperimentalResults . . . . . . . . .. ... .. 33
4 Conclusion . . . . . . . . . 42
APPENDICES . . . . . . . e 44
A NotationUsed. . . . . . . . . .. e 44
B Assumptions . . . . . . ... 45
C  Mapping error as the function of height from road surface. . . . . . .. 46

BIBLIOGRAPHY . . . . . . 48



LIST OF TABLES

Table Page
1.1 Existing Incident Detection Technologies . . . . . . . ... ... .. .. 3
2.1 Average lengths of standard vehicleclasses . . . . . .. .. ... ... 15
3.1 Improved segmentation with 3D information . . . . . . .. ... .. .. 34

3.2 ACCUraCy ONSEQUENCES. . . . . .« v v v et e e e 40



LIST OFFIGURES

Figure Page

1.1 Highangle vs. low angle situation.. . . . . . . ... ... .. ...... 9
2.1 Cameracalibrationtoal . . . . . . ... ... ... .. .. ... ... 13
2.2 Calibration process . . . . . . . . . . 14
2.3 Cameracalibration. . . . . . . .. .. 15
2.4 Background estimation . . . . . .. ... 19
2.5 Background subtraction. . . . . . ... .. L Lo 20
2.6 Road projection of a feature pointintheimage. . . . . .. ... .. .. 21

2.7 Wrongestimateduetoshadow. . . . . . . ... ... ... ... ... 23
2.8 Errorin planar motion assumption. . . . . . .. ... L. L 24
2.9 Estimating world coordinates using rigid motion . . . . . . .. ... .. 24

2.10 Correspondence events. . . . . . . . . . ..o 31
2.11 correspondence between frameblocks. . . . .. ... ... ... ... 32

3.1 Better segmentation with world coordinates. . . . . . . .. ... .. .. 33

3.2 Resultsonsequente . . . .. ... .. ... .. .. ... .. 35
3.3 Resultsonsequente . . . .. ... .. ... ... ... 35
3.4 Resultsonsequente . . . .. ... ... .. ... ... 36
3.5 Resultsonsequene . .. .. ... .. ... ... ... 37
3.6 Long ShadowsinSequen8e . . . .. ... ... ... ... ... .... 38
3.7 ResultsonsequenBe . . . . . . ... ... 39
3.8 Resultsonsequende . . . .. .. ... ... ... ... ... .. 41
C.1 Mapping Error . . . . . . . 46



Chapter 1

Introduction

Increase in demand for travel on highways has seen an explgsbwth over the years.
It is no longer feasible to merely build more roads to meet #hier increasing demand.
Although it will be inevitable to augment the current infrasture over the long term,
to address the urgent needs it is necessary to utilize ttstirexiinfrastructure more ef -
ciently. As a result, Intelligent Transportation SystedisS), which is an interdisciplinary
technology that helps in design, analysis and monitoringadfc networks, has received
a lot of attention. Throughout the U.S., ITS technology i;bgeaised at several locations
for automated traf ¢ monitoring and incident detection hAgpgtions (details can be found
at http://www.its.dot.gov/). Most ITS are designed usiegdily available technology (sen-
sors, communication etc.) which makes them reliable antuls@roven credibility in
recent years has made ITS an integral part of every modersgoatation system.

In modeling traf ¢ networks, parameters such as vehiclentpspeeds, headway (dis-
tance between consecutive vehicles) and truck percentagekey role. Using special-
ized sensors to estimate these parameters has gainednigmyar manual data collection.
A study of different type of sensors in traf ¢ monitoring dmations is reported in18].

A summary of advantages and disadvantages of differenstgpsensors is presented in

Tablel. Video sensors (cameras) are rich in information and ofidevarea detection with
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a single sensor. Unlike loop detectors, traf c interruptie not required for the installation

and maintenance.

1.1 Related Work

The use of image processing for traf ¢ surveillance wasiatétd in the mid 1970s in the
United States and abroad, most notably in Japan, FrancéialiasEngland, and Belgium
[19]. The hardware and the algorithms used for estimating ¢rafirameters have seen a
great improvement over the years. Existing commerciaksystuse a combination of in-
cident detection techniques (detecting changes in imdgasities at prede ned locations)
and heuristics to estimate quantities such as vehicle @uh¢ueue length. A much harder
problem, but with more potential is tracking, which stilhtains an active research area.
At this point we will review some of the commercial and resbasriented systems related

to traf c monitoring.

1.1.1 Commercial Systems

By the late 1980s, video imaging detection systems were rteatka the U.S. and else-
where, generating suf cient interest to warrant reseacctdtermine their viability as an
inductive loop replacemeng()]. At present, there are a number of commercial systems
being used throughout U.S. for manual as well as automatic tmonitoring and incident

detection. Two of the popular commercial systems are desdtbelow:

Autoscope Solo ProAutoscope has enjoyed popularity over the years for itsipdlty
and accuracy. The Autoscope Solo Pro is the latest versidimeoihtegrated camera and
processor from Image Sensing Systems, Inc. Autoscope velgole detection system has
continued to set the standard for accuracy, reliability axibility. Market success and

market growth have attracted a handful of companies offecmmpeting video systems.



Type

Advantages

Disadvantages

Inductive loop

Low per-unit cost

Installation and maintenance r

detector Large experience base quire traf ¢ disruption
Relatively good performance Easily damaged by heavy vehi
cles, road repairs, etc.
Microwave Installation and repair do not re- May have vehicle masking ir
(Radar) quire traf ¢ disruption multilane application
Direct measurement of speed Resolution impacted by Fed
Multilane operation eral Communications Commis-
Compact size sion (FCC) approved transmit fre
guency
Relatively low precision
Laser Can provide presence, speed, and Affected by poor visibility and
length data heavy precipitation
May be used in an along-the-road High cost
or an across-the-road orientation
with a twin detector unit
Infrared Day/night operation Sensors have unstable detecti
Installation and repair do not re- zone
quire traf c disruption May require cooled IR detectq
Better than visible wavelength for high sensitivity
sensors in fog Susceptible to atmospheric o
Compact size scurant and weather
One per lane required
Ultrasonic Can measure volume, speed, oc- Subject to attenuation and dista
cupancy, presence, and queue tion from a number of environt
length mental factors (changes in an
bient temperature, air turbulenc
and humidity)
Dif cult to detect snow-covered
vehicles
Magnetometer Suitable for installation in bridge Limited application
decks or other hard concrete sur- Medium cost
faces where loop detectors cannot
be installed
Video Provides live image of trafc Live video image requires exper
processing (more information) sive data communication equif

Multiple lanes observed

No traf ¢ interruption for instal-
lation and repair

Vehicle tracking

ment

Different algorithms usually rer

quired for day and night use
Possible errors in traf ¢ data tran
sition period

Susceptible to atmospheric o

—

=

N
D

scurant and adverse weather

Table 1.1: Performance comparison among existing incidetgction technologies §]
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In the larger competition for an above-ground detectiomtsmh alternative to in-ground
loops, video detection systems have been a clear wirkri#r This system consists of a
color camera, integrated machine vision processor, ancdazens. Autoscope is used
as a video alternative to loop detectors for estimatingdnaérameters such as vehicle
counts, speeds, headways and turning counts. A user spagection zones in the im-
age and the algorithm detects the presence of a vehicle iteata# zone. According to
the Autoscope speci cations, for optimal performance, ¢taemera should be placed &2

meters 40 feet) above the road surface. In situations of high traf ogestions however,

the camera is usually mounted much higher.

Vantage :This technology is developed by Iteris. Similar to Autosep@antage cameras
are placed at an optimal location and virtual detection gare monitored inside the im-
age by the algorithm. From the results reporteddii,| Autoscope was found to be more

accurate in similar traf ¢ conditions.

1.1.2 Research in Vehicle Tracking

Applying techniques of motion segmentation for trackin@ieées has been an interesting
application of computer vision. A number of different apgpecbes have been proposed in
the past, each having its own advantages and shortcomingproaches which assume
that objects to be tracked (vehicles) have already beednlinéd are not considered in the
following discussions, since such systems can not be usedtomatic traf ¢ analysis.
Techniques used for vehicle detection and tracking candssiced into following popular

approaches:

Blob Tracking. In this approach, a background model is generated for thees¢®r each
input frame, the absolute difference between input frantthe generated background

image is processed to extract foreground blobs correspgridithe vehicles on the road.
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Variations of this approach have been proposed.iih 17, 6]. Gupte et al. 10] use adap-
tive background subtraction to extract a foreground ohjeask. The threshold for binary
image segmentation is chosen dynamically using the hiatogf difference image. Ve-
hicle tracking is performed at two levels: region level amdhicle level. The association
problem between regions in consecutive frames is formdilatethe problem of nding
a maximal weight graph. The authors repor@%o detection accuracy antd% classi-
cation accuracy for the test data which was acquired on agraast day to remove the
problem of shadows. Effectiveness of the algorithm in thseaa signi cant heavy-vehicle

traf c (large trucks, trailers etc.) is unclear.

The vehicle tracking algorithm proposed by Magéé]] utilizes combination of per
pixel background model and a set of set of single hypothesegfound models based on
a general model of object size, position, velocity, and goldistribution. Each pixel in
the scene is explained as either background, belonginga@btine foreground objects or
as noise. Ground-plane calibration information is usedrengthen the object size and
velocity consistency assumption. For improving trackieguits, a prior model of typi-
cal road travel directions and speeds is built. This helpsiializing the tracker with
the mean motion pro le (as opposed to random value, or zelacitg) which is close to
the ground truth. Using color information and optimal caalecation, impressive results

(99% 100% have been reported over a one minute sequence.

Active Contour Tracking. A closely related approach to blob tracking is based on track
ing active contours (popularly knows sisakeyrepresenting an object's boundary. Vehicle
tracking using active contour models has been reported gt al. [L6]. The contour is
tracked using intensity and motion boundaries. A contouniiglized for a vehicle using a
background difference image. Tracking is achieved usirgKalman Iters, one for esti-

mating the af ne motion parameters, and the other for edtirgahe shape of the contour.
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An explicit occlusion detection step is performed by ingets1g the depth ordered regions
associated to the objects. The intersection is excluddueiisihape and motion estimation.
Results are shown on real world sequences without shadoveveresocclusions. The al-

gorithm is limited to tracking cars.

3D-Model Based Tracking. Tracking vehicles using three-dimensional models has been
studied by several research group§,[11, 8, 23]. Some of these approaches assume aer-
ial view of the sceneZ3], and three dimensional wireframe models for differentetyof
vehicles are used for matching with edges detected in thgemla [3], a single vehicle is
successfully tracked through a partial occlusion. Apliity of the model based approach

for congested traf ¢ scenes is not clear.

Markov Random Field Tracking. An algorithm for segmenting and tracking vehicles in
low-angle frontal sequences has been proposed by Kamijo[étZ In their work, the im-
age is divided int@ 8 pixel blocks, and a spatiotemporal Markov random eld (SRW)

is used to update an object map using the current and previage. Motion vectors for
each block are calculated, and the object map is determipeditimizing a functional
combining the number of overlapping pixels, the amount wfulee correlation, and the
neighborhood proximity. The algorithm does not yield 3Dommhation about vehicle tra-
jectories in the world coordinate system, and to achieverate results it is run on the
sequence in reverse so that vehicles recede from the caftezaaccuracy increased two-
fold when the sequence was processed in the reverse ongeit iknot suitable for on-line
processing when time-critical results are required. Thbéas found that the low-angle

scenario is indeed a challenging problem.

Feature Based Trackingln this approach, instead of tracking a whole object, suatbies

of an object are tracked. The method is useful in situatidngaatial occlusions, where
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only a portion of an object is visible. The task of trackingltple objects then becomes
the task of grouping the tracked features based on one or simail@rity criteria. Beymer
et al.[4] have proposed a feature tracking based approach for tketaisaf c monitoring
application in fi]. In their approach, point features are tracked throughioitdetection
zone speci ed in the image. Feature points which are trackexdessfully from entry re-
gion to the exit region are considered in the process of gngupGrouping is done by
constructing a graph over time. Vertices represent suteifedracks and edges represent
grouping relationship between tracks. A sub-feature igailhy connected to all the neigh-
boring within certain radius in the image plane. Througtatiee motion, edges repre-
senting motion disparity are broken. To compensate effgctiepth, a single road-plane
homogrpahy mapping is used. The algorithm was implementeduti-processor digital
signal processing (DSP) board for real-time performancesufehave been reported for

day and night sequences with varying levels of traf ¢ corniges

1.1.3 Performance Factors

Some of the performance issues that exist in the problemtofheaated traf c monitoring

are the following:

Location of the Camerdn case of most systems, the camera needs to be placed high
above the ground looking down at the vehicles. This servegtwposes]) eld of
view of the camera increases with its distance from the giguiimits occurrences

and severity of occlusions.

Traf ¢ Conditions. When the traf c is free owing, vehicles are well separatea. |
that case, tracking is relatively easy. When traf ¢ is movsigwly, vehicles travel
close to each other resulting into more occlusion eventofeance of most of the
systems degrade in such situations. The only algorithmishdgsigned speci cally

for such situations is the one proposed by Beymer et]al.[



8
Truck PercentageA large vehicle often occludes nearby smaller vehicles.hi t
sequences used for testing the algorithm, it can be seen thaje truck or a trailer
traveling in the rstlane (the lane closet to the camera)udes the vehicles traveling
in the next lane almost completely. In addition, heavy viglsioften result into

multiple counts in case of trip-detection type systems.

Number of Laned-or the situation in which camera is placed at the side ofalad r

results are more accurate for the lanes closer to the camera.

Moving ShadowsMoving cast shadows of vehicles result into two or more Velic

merging into a single foreground object, thus reducing tteeieacy of the system.

Lighting Conditions Different algorithms are required for daytime and nigh&inA

notable exception to this is the algorithm proposed by Beyahat [4].

Weather ConditionsRe ection of the headlights on a wet road results into wrong ve
hicle counts. In case of a snow or a rain, segmenting the fovegl objects becomes

more dif cult.

The commercial systems mentioned in the previous sectimnesigned to be integrated
with a traf c management system or similar specialized aapions (e.g. toll-gate moni-
toring, surveillance). For such projects adding the regfuinfrastructure (e.g. mounting
poles for the cameras) is a viable option. It is not alwaysifda, however, to place the
camera at a high vantage point. For example, to gain knowlatigut the impact of, say,
building a shopping center on neighboring roads and intéises, it is common to place a
camera on a portable tripod on the side of the road to gatherateut the current traf ¢
patterns. The transient nature of such a study precludesekge mounting equipment and
strategic placemeniff]. Absence of tall structures in rural areas is another 8@gnavhere
placing the camera at a high vantage point is dif cult. Whea tamera is at a low angle,

the planar motion assumption (motion in the road plane) aated. All the techniques



High angle Low angle

Figure 1.1: High angle vs. low angle situation.

discussed in the previous section assume planar motiohdorahicles with the exception

of the approach followed by Kamijo et &l.j].

1.2 De nitions

For better understanding of the rest of the material, sometibas are presented below:

Feature point A point location in the image having some kind of discernitplglity (e.g.

a corner) Feature pointandfeaturewill be used interchangeably in rest of this thesis.
Preimage A unique point in the world corresponding to a point locatiothe image.

World coordinate system A three dimensional Euclidean coordinate system de ned by

the user in the of ine calibration process.

Low-angle view View from the camera closer to the ground and looking almasaltel

to the road.

Frame-block A set of consecutive frames in the sequence, also referrad toblock of

frames.



Chapter 2

Approach

The sequence is assumed to be taken from a single graysoaégacpointing at the road
from the side. The task of segmenting and tracking vehiciésw-angle cluttered scenes
is formulated as a feature tracking and grouping probleratufe points are tracked in the
image sequence using a standard technique followed byaggimof 3D world coordinates
for those points, which are then grouped using a standanthesgigtion technique. The
novelty of this work is the estimation of 3D coordinates. Tast of the chapter described

this approach in detail.

2.1 Ofine Calibration

Calibration is required to estimate 3D world coordinatesdomesponding 2D points in

the image. The calibration process described below is forgiescamera and does not re-
quire knowledge about the camera speci cations such a$ ieegth or sensor dimensions.
The only information that is needed is six or more point cgpandences, which makes it

possible to process pre-recorded sequences captured fikamown cameras.
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2.1.1 Perspective-Projective Camera Model

We assume a perspective-projective pinhole camera moded.gé€neral relationship be-
tween an object point measured with respect to a user-sdl@adrid coordinate system
and its image plane point is denoted bg a 4 homogeneous transformation matrie].

This matrix will be referred as the camera calibration mxafi
b= CP; (2.1)

wherep=[uw vw w]' andP=[x y z 1] are vectors containing homogeneous
coordinates of image poimp,=[u v]" and world poinP=[x y Z]" respectively.

Representing the matrix with corresponding entries, we get

2 3
2 3 2 3 X
uw Ci1 Ci2 Ci3 Cyy
y
VW 7 = Co1 Cop Coz Coy (22)
Z
w C31 C32 C33 Czs 1

BecauseC is unique only up to a scale factor, we normalize it by xingethcale factor
Cas=1.

Expanding the above equation then yields

C11X+ Coy + Ci3Z2+ Cyg

= " (2.3)
+ + +
v = Co1X+ Cpoy + Cp3Z+ Cp4 (2.4)
w
W = CgX+ Czpy+ C3zz+1 (2.5)

Substitutingw into rst two equations and rearranging leads to

U= XC1+YCo+t ZGs+ Cy UXG UYGy UZG3 (2.6)



12

V= XCup+ YCp+ ZGs+ Cy VXG1 VYGy VZGs (2.7)

These equations de ne a mapping from the world coordinatélsé image coordinates.

2.1.2 Calibration Process

The image coordinates of a point can be calculated from itdchomordinates and camera
calibration matrixC, which consists 011 unknown parameters. Knowing the world coor-
dinates and the image coordinates of a single point yieldsemuations of the form2(6)

& (2.7). Six or more points in a non-degenerate con guration leadrn over-determined

system:
2 32 3 2 3
X1 y1 221 0 0 0 0 wxg Wyr Wz C11 Uz
O 0 0 Oxx v1i zz 1 wvixg ViV1 V124 Cio Vi
X2 VY2 2 1 0 0 0 0 uUX WY, W2 Ci3 Uy
0 0 0 0% Vo 21 WX Wy Woidcui=8w (2.8)
C21
X ¥n Zv1 0 0 0 O UyXs UyYn UnZy : U,
O 0 O OX Yan Zv 1 VpX, Vh Vn Vi Zn Ca3 A

which can be solved using a standard least squares technique

The of ine calibration process depends upon the user-sgge@ioint correspondences
for the calibration process. For improving the accuracig desired that the world coor-
dinates are derived from the actual measurements of the strexample, having place
markers at known distances. For cases where this informéiaot available (e.g. pre-
recorded data), an approximation can be done using stasdacai cations such the width
of a lane and length of a truck. Gupte et dl0[have developed a tool to calibrate the road
surface with an arbitrary world coordinate system. Ourzation tool, which is shown in

Figure2.1, is similar to that developed by Gupte et al0], except that in their work the
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Figure 2.1:Our calibration tool.

tool was used to nd a planar mapping between the points onohe and the image points;
whereas in our case, the calibration tool is being used tmatd a perspective mapping.
An example of the calibration process is shown in Fig2uz First, the user places a
marker across the width of the road and perpendicular toahe mmarkings as shown in
Figure2.2 (a). With the marker position unchanged, the sequence e till the rear
end of the truck appears to align with the marker positionnenground. A new marker is
placed to align with the height of the truck (b). In the sanagrfe a marker is placed on the
ground to align with the front end of the truck (c). Once ag#ie sequence is advanced
till the marker placed on the ground in (c) appears to aligim whe read end of the truck.
This is shown in (d). For the same frame, the marker is reatignith the front end of
the truck as shown in (e). A new marker is placed across théhvafithe road (f). One
more time, the sequence is advanced for the new marker t@apligning with the truck’s
rear end. An additional marker is placed as shown in (g) ifnsuway that it appears to be
aligned with the height of the truck. The result looks as ghow(h). Using the dimensions
of a known type of vehicle is an approximate method for ediimyavorld coordinates of
control points. Tabl@.1.2lists average lengths of some of the common vehicle typasfou
on the road. In addition, the information about lane widtly (&2 feet on an interstate) and
number of lanes is used. The calibration process is simpleuanally takes around two

minutes to complete. Figu3 shows calibration results for different sequences.
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Passenger Car 17.4 feet
Pickup Truck 19.1 feet
Buses 41.7 feet

4+ axle single units 51.2 feet

5-axle single trailer trucks 62.4 feet
6 or more axle single trailer trucks71.2 feet
5 or less axle multi trailer trucks| 70.0 feet

~No o bh~owDNBRE

Table 2.1: Average lengths of standard vehicle classegpasted in smart loop technology demonstration
project webpagel].

~_
[ ==

Figure 2.3: Of ine calibration for different sequences.
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2.1.3 Backprojections

The imaging process maps a point in three dimensional spaxa iwo dimensional image
plane. The loss of dimension results in a non-invertible piragp  Given the calibration
parameters for the camera and the image coordinates of la gioigpt, the best we can do
is to determine a ray in space passing through the optica¢icand the unknown point in

the world. Rearranging equatioris) & (2.7) yields equations for two planes in 3D space.

(UGsy Cp) X+ (UG Ci)y+(UCs Cz)z+(U Cg) =0 (2.9)

(VG Cop) X+ (VG Cp)y+(Ves Cp3)Z+(V Cu)=0 (2.10)

The intersection of these two planes is the ray in 3D passirggigh the point in the world

P, which is projected ap in the image plane. The problem is under-constrained sirece w
have two equations and three unknowns, namgjyandz. If we know eitherx, y or z, we
can solve for the other two using the image coordinate<and the sections to follow, we

will explore a simple technique to achieve this.

2.2 Processing a Block of Frames

In the algorithm proposed by Beymer et &],[the point features tracked successfully from
the entry region to the exit region are considered in thegraustep, which does not pose

a problem when the camera is placed at a high vantage poikinpalown on the road.

In the low-angle scenario in which we are interested, fratjpeclusions and appearance
changes (as vehicles approach the camera) result in lodarganumber of features. As

a result, the number of features that are tracked for the aviaxtlent of the detection zone

is not enough to achieve useful results. One way to overcbmmgtoblem is to process a
block of frames (typicallyb to 20 frames per block) and to associate segmented vehicles

between the successive blocks. Features are tracked Hooug block of image frames,
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overlapping with the previous block by frames. The length of a block is determined
by the average speed of the vehicles and the placement oathera with respect to the
road. If the number of frames in a block is too small, a largenber of features will
be tracked successfully throughout the frames in the blbok,the motion information
will be insuf cient for effective segmentation. On the oth®and, using more frames in a
frame-block will yield more reliable motion information éite expense of losing important
features. The proposed algorithm relies on human judgneebalance between these
tradeoffs.

The steps described in the following sections are perforomgtie features tracked over

a single block.

2.2.1 Tracking Features

Feature points are automatically selected and tracked tisKanade-Lucas-Tomasi (KLT)
feature trackerd], which computes the displacemehthat minimizes the sum of squared

differences between consecutive image framasdJ:
zz 2

W I(x g) J(x+g) dx;

whereW is a window of pixels around the feature point. This nonling@or is minimized

by repeatedly solving its linearized version:

Zd = g
where
z = 9(x)g" ()
Xew
e = g1 (x) I

X2w
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andg(x) = @(X);—J(X):@ is the spatial gradient of the average image. These eqsadien
identical to the standard Lucas-Kanade equati@é$ put are symmetric with respect to
the two images. As inJ6], features are automatically selected as those pointeimthge
for which both eigenvalues & are greater than a minimum threshold.

Among all the features that are tracked, those featureshidetong to the background
are discarded. This requires knowledge of the foregroujettd The process of extracting

foreground objects (blobs) is explained in the next section

2.2.2 Background Subtraction

Background subtraction is a simple and effective technigueextracting the foreground
objects from the scene. The process of background sulmngcdinvolves initializing and
maintaining a background model of the scene, and subtratim estimated background
image from the frame being processed. This is followed bggholding the difference
image and morphological processing to yield foreground$ld review of several back-
ground modeling techniques is presentedin |

A simple method of temporal median Itering produced sattsbry results for the test
sequences. More elaborate methods like mixture of Gausfhar nonparametric kernel
density estimation?] offer better accuracy for segmenting foreground in chettiescenes.
For the scope of this research, the median lItering techaigaas chosen for its simplic-
ity and effectiveness. The median lIter belongs to a genelass ofrank lters. It is
frequently used in image processing for removing noise imege. For background mod-
eling, we will perform one dimensional median Itering imte domain. For each pixel in
the background image, the median value is selected fromethef yalues observed at the
same pixel location in the previousframes. Sample frames from two of the sequences
along with the generated background images are shown imd=gdi

For each frame-block, a binary thresholding operation isopeed on the absolute

difference between background image and rst frame of tleekl The difference image



sequencé sequence
framel frame60
frame55 frame180
frame55 frame75

Figure 2.4: Sample frames and estimated background images temporal median ltering.
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(@

(b) (d)

() (e)

Figure 2.5:Background subtraction: (a) generated background, (b)-(c) and (d)-(e): input frame resul-
tant foreground mask

needs to be processed further (using morphological opesgtto suppress false detections,

and to obtain closed foreground regions.

2.2.3 Stable Features from a Single Frame

It was shown in sectiofi.1.2& section2.1.3that for a point in the image, we can estimate
the 3D coordinates of the corresponding world point usirggdalibration parameters and
at least one component of its world coordinates. A simplerigie to achieve the same is
presented here which involves nding the vertical projentof a point on the road surface

in the image. The foreground mask generated in the previegsis used to nd the pro-
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(@) (b)

(©)

Figure 2.6:Road projection: Projecting a feature on the road surface in the image fomesitig its height.
(a) Input frame (b) foreground mask is used for ground ptejagc) 3D model.p andg are image points
corresponding t® andG respectivelyO is the optical center.
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jection as shown in Figurg.§b). Pis a3 1 vector of world coordinates corresponding
to the pointp in the image O is optical center of the camer&.is a3 1 vector containing

world coordinates of ground projection Bf RearrangingZ.6) and @.7) yields
2 32 3 2 3

g C31U C11 Cx2U  Cp2 ég X é g Cy U+ Z(Ciz  Cazl) é
Ca1V  Ca1 CgV  C2 y Coqg V+ Z(Cz Ca3V)

From the above equation it follows that
2 3 3 ;2 3

2
X Z _ g CaiU  Ci1 CzU  Cp2 é g Ga Ut A Cal) Z (2.11)

y Ca1V Cp1 C2V Cx Coa V+ Z(Cxz CzzV)

SinceG lies on the ground (or at least suf ciently close), we can paie its 3D coordinates
by substitutingz = 0 (corresponding to the road plane) in the above equaB@ndG have
same X; y) coordinates. Now, we know the image coordingde$ the world pointP along
with its (x; y) coordinates, and the camera calibration paramefersSubstituting these

values into equation2(6), (2.7), we solve forz:

T he
z = o (2.12)
2P P 3
uc C
hy = § ” 132 (2.13)
VGC3 Co3
2 3
he = §014 UG+ (Cia  UG) X+ (Ci2 UCsz)Yé (2.14)

Coa VGa+(Cun VG)X+(Cxn VC)Y

For this technique to work, a simple box-model for the vedgdk assumed. A vehicles
is modelled using ve rectangular surfaces as shown in Egué(c). Two such models
have been used to represent cars and heavy vehicles. Donsrwdi corresponding mod-
els are computed using the calibration information (in prtipn to the lane width). The
calibration process described in sectibi.2is based on human judgment and therefore

will not be perfect. Moreover, the objective of nding wortbordinates of points is to be
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() (b)

Figure 2.7: Error in height estimation caused by long shadow

able to segment the vehicles based on the approximatedaaaitihe feature points in the
world coordinate system. Estimates of the world coordmataler these conditions would
not be accurate enough to use detailed shape models forhieese

As shown in Figure.8, the rate of change of error in the location backprojectethen
road increases non-linearly with increasmgr his relationship is derived in Appendix
It can be seen that for the feature points which are closdrgodad, an error in estimation
of heightz results in comparatively less error in the estimation ofld@oordinates, as
compared to that of features higher up. The technique engdiain this section works for
points lying on any of the four surfaces of a vehicle which@téogonal to the road plane.
Thankfully, in practice, features that are successfulliedied and tracked rarely belong
to the top surface, primarily due to insuf cient texture aadelatively small projection
in the image. After estimating height of all the featuresngsthis technique, features
which are close to the road surface (having where is a user de ned parameter)
are selected astable features In our previous work 14], stable features were selected
based on an additional criterion of low variance in heighinestion for each frame of the
block. Neglecting the variance criterion reduced the nunabeomputations without any

noticeable degradation in the segmentation results.
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de/dz
o
T

stable features

z =10m
camera
distance =20 m

0 1 2 3 4 5 6

Figure 2.8: Rate of change of backprojection error as thetiom of z

Figure 2.9: Estimating world coordinates using rigid moti€Coordinates oP are unknown.Q is a stable
feature point with known world coordinates

2.2.4 World Coordinates from Multiple Frames

Factors like occlusion and shadows introduce signi cantiein the height estimates of the
feature points obtained using the technique presenteciprigvious section (Figur27).
Stable features are used to estimate the world coordinates oest of the features using
rigidity constraints and translational motion model.

A line in 3D can be represented in a parametric form as:

P=Pr+ [Py PRl
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where,Pg andPy are any two points on the line, andis a scalar which de nes location
of a point along the line. The above representation simpltlee equations to follow.

As shown in Figure.9, we consider two point$? andQ which undergo a translational
motion fromP?; QP° at the initial frameF° to P'; Q' at frameF". If Q is one of the stable
features, then its real world coordinates are known for leghframes. Let us represent

world coordinates foP using parametric form of the equation of a line on which islie

PO

PS+ °[PS P3] (2.15)

Pt

P+ '[P, Pgl (2.16)

Where,Pr and Py are back projections d? atz = 0 andz = h obtained using4.11).
Value ofhis chosen as thecoordinate of one of the four upper control points used in the
calibration process. Fdt to be on the same rigid body &% the following condition must

be satis ed:
Pt PO — Qt QO

i.e., both points undergo the same translation. Repreggintiparametric form,

fPL+ '[Py PHg f P+ °[PS Pllg=Q' Q° (2.17)

From our assumption that the road is at, it follows that atéea point on a vehicle will
travel parallel to the road surface. This implies thabordinate o has to be the same in

both frames.
P =P,
which can be represented as
PS+ °[PY PAI=PL+ [Ph  PL]

By de nition,
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Pr = Pg, =0
and
P3, =Py, =h

Substituting, we get

The assumption that the road surface is at is essentialHeratbove relationship to hold.

Substituting = 9= tin the previous equation,
Pr Pr+ f[Py Pil [Pk Prlg=Q' Q°

Following the notation of Appendik, let

e = PL PR (2.18)
. = PL P] (2.19)
o = Q' Q° (2.20)
Substituting we get,
PR+ [ Py PR]: Q

Solving for vyields,
[ ps Pl [ @ Pl

= (2.21)
[ pe  pl[ Py Pdl

From , the world coordinates d® at any time instant can be obtained as
P=Pg+ [Py Px (2.22)

Using the known world coordinates of the stable featureBmeases for the non-stable

feature points are obtained using the above relationship.
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Let Q;; Q,;:::;Q, be the stable features and Rtbe a feature for which the world
coordinates needs to be estimated. World coordinatésare estimated with respect to

eachQ,.

_ [ Py PR]T[ Qx PR]
AR ey e LR (229

Finally, we choose,

n [0}
P= mli(n W JJ Py @k ”2 + We[ Py Qk]T[ Px Qk] (2-24)

wherek=1;2;::::s

In the above equatiof® represent® 1 vector ofx andy world coordinates oP. The rst
term weighted by, is the Euclidean distance nandy betweenP, andQ,. The second
term, weighted byv,, is the squared trajectory error betwdgrandQ, at estimated world
coordinates. Only th& andy coordinates are used for calculating the Euclidean distanc
to avoid penalizing a feature point for being at a higher &iewn from the road surface.

World coordinates for all the unstable features are estchat the same manner.

2.2.5 Af nity Matrix and Normalized Cuts

We form the af nity matrix composed of three components, eimthe 3D Euclidean
distance in world coordinates, difference in trajectorg &ime background content mea-
sure Euclidean distance and background content are measurgpao®rdinates of feature

points in the rst frame of the block. The af nity matriA is computed as:

A = AP AFE pB (2.25)
ik PO POkag

AD, = e (2.26)
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flp pl'l B Rl

E —
j — € ¢ (2.27)
)i o
B — 2
. — € b (2.28)
(2.29)

AD, is the 3D Euclidean distance betweghandP) att = 0, i.e. the rst frame of a
block.

Aﬁj is the error in trajectories of featur®s andP;. Trajectories are computed in the
world coordinate frame. Consider two points which belongh® same vehicle. If the
estimated world coordinates for those two points are clogbd true values, then world-
trajectories for the points would match in spite of possitifferent image velocities. This
is observed more frequently in case of a heavy vehicle |giets.

A}?j is the measure of background content between two featu(p$; pjo; o) iIsafunc-
tion which measures number of background pixels that lie bimeaconnecting? and ij
in the image. ¢ is the background image &t O.

The contribution of each factor to the af nity matrix is coolied by corresponding
parameters. In Shi et ab}, 24], it is mentioned that for the normalized cut algorithm to be
computationally ef cient, the af nity matrix (also calledeight matrix) should be sparse.
Shi et al. P5, 24] achieve this by limiting the computation of edge weightsatéocal
neighborhood. In this work, feature points, rather thanma#ige pixels, represent nodes
in the graph. In addition, separate af nity matrices ararfed for each of the connected
component in the segmented foreground mask image. Thiigesiaf nity matrices of
a reasonable size for applying the normalized cut algoritBrperiments were performed
using sparse af nity matrices, i.e. using only local edgermections for a feature, but it
was observed that using full matrices produced bettertesithout a signi cant increase

in the computing time.



2.2.6 Grouping With Incremental Cuts

Image segmentation based on low level cues cannot and shouédm to produce a com-
pletely correct segmentation. The objective should irsteato use the low-level coher-
ence of brightness, color, texture or motion attributeselguentially generate hierarchical
partitions. Mid-level and high-level knowledge can thenused to either con rm these
groups or select some for further attention. This attentionld result in further reparti-

tioning or grouping 24]. The same can be said for motion segmentation.

segmenting a set of features into meaningful groups. The&eyof this step is to use the

calibration information to accept or reject a feature grbaped on its spatial properties.

In this section a grouping procedure that we aatkemental cutsvill be explained for

Fig. 2.2.6shows the steps for grouping with incremental cuts.

function IncrementalCuts()

01
02
03
04
05
06
07
08
09
10
11
12
13
14
15

V=]

for each label2 L

List= fkj L(px) = labelg
while L not empty,
Aist T Aijji2List;j2 Listg
increment  true
c O
while  increment

c c+1

if ValidGroup( G)
vV V G
List List Listg

increment  false

AList; C)
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V is the set of valid segmented groups for the blogks the af nity matrix of all features
in the block.L is the labelled foreground mask corresponding to the r@irfe in the block.
Image coordinates of a feature pokre represented k.
NormalizedCuts(  Ays; €) is a function which applies normalized cuts on the af nity
matrix A ist to give c disjoint groupsf G;; G,;:::;G.g. and are set addition and set
subtraction operations.ists is the list of features in grou@. ValidGroup is a function

which returndrue if all of the following conditions are satis ed for a groug:
1. Number of features i is more than a threshold value.
2. The centroid (in 3D coordinates) lies inside the detectione.
3. Dimensions of5 are within a valid range.

The range of valid dimensions for the two vehicle models aleutated using the cali-
bration information. For simplicity, only two possible skes are assumed; cars(car, SUV,

pick-up truck) and heavy vehicles (trailers, buses).

2.3 Correspondence Between Frame Blocks

In previous sections, we looked at how to track feature gdimough a block oF frames,
estimate corresponding world coordinates, and in the eod, tb group features using
incremental cuts. With the same set of parameters, we sdgroesecutive blocks of
frames. Blocks overlap by 1 frames. For long term tracking, it is necessary to nd cor-
respondence between detections within consecutive frdooks This section describes
an approach for nding the correspondence.

Consider two consecutive frame-blocksandB with F frames in each block and over-

B. An undirected graph is formed with the segmented featuapg in both frame blocks



31

(@) (b) ()

Figure 2.10: correspondence events: (a) one-to-oree @plits intob; andb,. a, is declared missing. (&)
anda, merge intdb; . b, is declared as new detection.

as nodes and the number of common feature points shared loyod geoups as the weight
of an edge connecting the respective nodes. If a group inrdaqus block shares fea-
tures with only a single group in the current block, then wi tbés a one-to-one unique
correspondence. A group A sharing features with more than one group frBnmdicates
splitting. Similarly, two or more groups iA sharing common features with a group in
B indicates merging. A group iA having no association is considered a missing event,
and a group irB having no association with any of the groups in the previdoshkis
considered as a new detection. If a group is associated vatieao-one correspondence
over , consecutive blocks, it is labelled as a reliable group. If@ug is missing for p,
consecutive blocks, it is labelled as inactive. Duringiatitation, each group in the rst
frame-block is assigned a unique label. For each consecintimme-block, a graph is con-
structed as mentioned above. To neglect minor segmentatiors, all the edges having
weightsw < wp,, are removed. This is followed by searching for the unique-torene
correspondences between the groups of previous and cinaierg-blocks. Groups of the
current block having unique correspondences are assitpeddltels of respective groups
in the previous block. After processing all the unique asgmms, the graph is searched
for splits. For a split event, the edge with maximum weighised for correspondence and
the remaining edges are removed. Merge events are handleduhe way. Groups iA
which are no longer connected to any of the groupB iand are labelled as reliable, are
declared missing. Groups B which are not connected with any of the groupsAirare

declared as new detections. Each group that is declaredeas datection is matched with
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Figure 2.11: (a)lInitialized graph, gray edges witk Wi, (b)b4 is matched with missing groups, otherwise
assigned a new label. (c)Maximum-weight edges are seléotesplit and merge events. (o) is matched
with missing groups, otherwise assigned a new ladeis declared missing if it has been labelled as reliable,
discarded otherwise.

all the active missing groups to nd a possible correspoméerif a correspondence with

missing groups is not found, the group is assigned a new.label



Chapter 3

Experimental Results

To judge the improvement in segmentation by using 3D coatds) a sample frame-block
was analyzed using planar motion assumption. In this chsegftnity matrix was com-

puted with the assumption that all the feature points lichenroad plane. Feature points
higher up on the truck lie far in the back from their true lacatwhen backprojected on
the road. Using only the image velocities, or the planar amoéissumption, features which
are closer to the ground are not grouped together with tharesmwhich are higher up on
the vehicle. On the right, using the estimates of the worlordimates, most features that
belong to the truck are grouped together correctly. Restitteeaccomputations for the three

points shown in Figur8.1(c) are presented in Tab&

v >
v v
<1<1 < o o
4“4 g 40 8 R o
oo 4440 O(fo 0 R <4 ;)Oo O(f + . ° .
o 4 ¢ ¢ *
o 000 <><>° 4 %j%o%o <>O+
o g o 00 4 q o - n“‘:‘ °
+ =]
++ oo =] Dn P
+ =]
() (b) (c)

Figure 3.1: Better segmentation with world coordinates) ugng planar motion assumption. (b) using
estimated world coordinates. (c) three points for analysis
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Quantity Planar Image 3D
Distance between P and Q 13.48 units | 22.44 pixels 11.21 units
Distance between P and R 16.13 units | 28.87 pixels 6.31 units
Trajectory difference in P and Q0.1 units 7.43 pixels 0.2 units
Trajectory difference in P and R 4.2 units 6.22 pixels 0.05 units

Table 3.1: Improved segmentation with 3D information.

The columns show the values computed using the planar massamption, image
coordinates, and the estimates of world coordinates résplc With planar motion as-
sumption, both the distance and the trajectory differeretevéenP andQ is less tharP
andR. This explains the grouping of P and Q together in FigdiHa). The distances
computed using world coordinates are closer to the trueegallihis explains the grouping
of PandQ in (a). Using the 3D informatior? andR are grouped together correctly a@d
belongs to a different group as shown in (b).

The algorithm was tested on four grayscale image sequereeh, containing 1200
frames captured &4 frames per second. The camera was placed on an approxirBately
pole on the side of the road. The sequences were digitiz8&&t 240resolution. No
preprocessing was done to suppress shadows or to stalslizasional camera jitter. For
each sequence, of ine camera calibration was performedaaieed earlier.

The rst sequence was captured on a clear day. Vehicles avelling in three lanes
and there are moderate moving shadows. Some results frosethence are shown in
Figure3.2 Frame592 demonstrates the ability of the algorithm to correctly detnd
track a vehicle which is severely occluded by another vel(@lsmall vehicle is occluded
by a large trailer in the adjacent lane). The vehicle is abetuthroughout the detection
zone, and appears to be moving with almost the same speedtad the trailer. In frame
178 a truck and a car travelling next to each other are segmeargadctly even when
the shadow of the truck results in merging of the two vehialethe foreground mask. In

frame 182 some of the features on the car are lost, and the car is midsia to lack of
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Figure 3.2: Sequenck(a) frame35 (b) frame35zoomed (c) fram®&92(d) frame592zoomed.
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Figure 3.3: Sequenck(a) framel78(b) framel82(c) framel83
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Figure 3.4: Sequenck(a) frame295(b) frame303(c) frame310.

suf cient reliable features. However, in frani83 the new detection is matched with the
missing groups and associated with the correct missingpgralihough both the vehicles
are detected and tracked, the segmentation is not perfemticeNthe two feature points
on the truck that are grouped with the car. The estimates ofidwmordinates for both
the features are incorrect. When computing the world coatds) minimum value for the
equation £.24) was obtained for a stable feature belonging to the car. Mewyéhe feature
at the back end of the truck is correctly grouped with the oéshe features. In frames
295310 the two vehicles travelling in the middle lane, are not detd. The reason for
these missed detections is that neither of the vehicleshegaminimum required number
of features. Having a low threshold on this number resultsvers-segmentation. Setting
a higher threshold avoids detection of spurious groups atctist of missing a vehicle
occasionally. During the experiments, it was observedtinagt of the missed detections
were for dark colored vehicles (due to lack of suf cient tex in the image).

The second sequence shows a four-lane highway with thealastdlocked for main-
tenance work. The lane closure results into a slow movingctrath vehicles traveling
close to each other. The sequence was captured during ditetion for studying the ef-
fect of a workzone on freeway traf 3. Some of the frames from the sequence are shown
in Figure3.5.

In frame 72, the algorithm successfully segments the trailer and thallsmvehicle

traveling close to it. It might appear that a vehicle in th&t lane has been grouped with
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Figure 3.5: Sequencg(a) frame58 (b) frame72 (c) framel84(d) frame240(e) frame310(f) frame 330
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Figure 3.6: Sequencg frame 10 (a) moving shadow of the truck is detected as a vehicle, (tiingea
threshold on minimum height of a group removes the group éarivy shadow.

the trailer, but it is the load that the trailer is carryinglarot a different vehicle. Frames
310and330show segmentation in the presence of large vehicles. N the white
suburban is occluded for most of the frame-block by thedraind the vehicle traveling
ahead of it resulting in a missed detection.

The third sequence was found to be more challenging. Vehidest long shadows
making the process of segmentation based of size-corstitander. One simple method
was tested for detecting and removing groups that belongadawvs as shown in Figure
3.6. If the height of a group is below a threshold value, it is si&sl as a shadow group and
is discarded. Having zero as the threshold (which is theaiét correct) does not yield
the desired results, since the estimation process is basdtecapproximate calibration
along with simple assumption for the shape of vehicles tegpin height estimation error.

If the threshold is set higher, more shadow-groups are tdgteand discarded at the cost
occasionally detecting a small vehicle (e.g. a compactspar) as a shadow group.

Segmentation results are shown for fram3@9to 315in Figure3.7. In frame302 a
truck is correctly segmented. By frarB88 enough features are reliably tracked to segment
the occluded trailer. In fram@&11, the pickup truck is detected. Note that the entire pickup
truck is in the shadow cast by the trailer. All the three vidsare detected as a single

foreground object as a result of long shadows.
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Figure 3.7: Sequence(a) frame302 (b) frame302zoomed (c) fram&08 (d) frame308zoomed (e) frame
311(f) frame311zoomed.
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SequenceC | T | O | DC DT DO| FP
1 116/ 9 |19 | 114 (98%) | 9(100%) |16 |4
2 120/ 8 | 17 || 115(96%) | 7 (88%) 11 | 4
3 57 |7 |11 || 53 (93%) | 6 (86%) 6 |5
4 43 13 |9 | 43(100%) | 3(100%) |6 |2

Table 3.2: Accuracy on sequences. The columns show the segiueumber of cars (C), number of trucks
(T), number of occluded vehicles (O), number of cars tragk®d), number of trucks tracked (DT), number
of occluded vehicles detected and tracked (DO) and numifaisef detections (FP) respectively.

The fourth and the last sequence was captured for the woekztoialy. The images are
noisy compared to the previous sequences due to the presidioge Vehicles are traveling
close to each other at low speeds. Three frames of the resushawn in Figure3.8. In
all the three cases shown here, vehicles under partial siodare segmented correctly.

Quantitative assessment of the results on all the sequenpessented in Tabla.
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Figure 3.8: Sequence(a) frame415 (b) frame415zoomed (c) fram&60 (d) frame560zoomed (e) frame
756 (f) frame 756 zoomed.



Chapter 4

Conclusion

Most approaches to segmenting and tracking vehicles fromateoisary camera assume
that the camera is high above the ground, thus simplifyiegpitoblem. A technique has
been presented in this thesis that works when the cameraibat angle with respect to
the ground and/or is on the side of the road, in which caseusmris are more frequent.
In such a situation, planar motion assumption for vehidesalated, especially in case of
heavy vehicles like trailers. The approach proposed isthagen grouping tracked features
using a standard segmentation algorithm. A novel part otebbnique is the estimation
of the 3D world coordinates of features using a combinatibbazkground subtraction,
of ine camera calibration (for a single camera), and riggdionstraints under translational
motion. Experimental results on real sequences show tligyadfithe algorithm to handle
the low-angle situation, including severe occlusion.

Some of the aspects of the proposed algorithm need furtladysas and improvement.
At the heart of the algorithm is the feature point trackerptaving the tracker to handle
intensity changes resulting from static or moving shadowlsensure more features that
are tracked reliably. Explicit shadow suppression step improve the accuracy of the
segmentation. A very simple approach has been adopteddociasing the results between

the frame-blocks. The approach is based solely upon the euafltommon features and
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is susceptible to errors easily. Using the spatial proxirartd motion information is likely
to help the association step in making correct decisiong algorithm was implemented
and tested in Matlab, except for the feature tracking c@fle $ince the bulk of the core
computations are performed using nested loops, implemgettie algorithm in a compiled

environment is expected to yield a better performance.
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Appendix A

Notation Used

pt:

1 vector of image coordinates of a point.

1 vector of homogeneous image coordinates of a point.
1 vector of world coordinates of a point.

1 vector of homogeneous world coordinates of a point.
4 Camera calibration matrix.

1 vector of world coordinates of poift at timet.

1 translation vector for poir® between rst and last frames of a frame block.



Appendix B

Assumptions

For the proposed approach, following assumptions have iveele.

[ —

. Two classes of vehicles are assumed (cars, SUVSs etc. aleild)

2. Road is assumed to be straight and at.

3. Translational motion has been assumed to model motioaluthes.
4. A perspective-projective pinhole camera model is assume

5. Itis assumed that at least one point feature, which isedioshe road surface (low-

height), is successfully tracked for each vehicle.

6. Absence of long shadows

Out of these assumptions, the rst two assumptions are redme in case of vehicles trav-
eling on a highway. The fourth assumption, which appearsta btrong one, is found to
be satis ed in practice. The last assumption has been madmfwvenience. The issue of
detecting and suppressing static as well as moving shadasvbden postponed for future

work.



Appendix C

Mapping error as the function of height

from road surface

Figure C.1: Mapping errae as the function oZ

Consider a poinP in the scene with its ground projecti®y. Py is at a distance from
the base of the camer@y, andZ. are distances d? andC respectively from the ground
plane. Assuming (erroneously) that all the points lie onrtiesl surface, the image Bfis

assumed to correspond with the world pdat
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d+re— _d
Zc Zc Zp
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The error due to violation of the planar motion assumptianeases with the distance of a
point from the road surface and the distance between that pod the camera measured

along the road surface. Differentiating above equatioh waspect tp yields:

@ _ zd
@ Z ) €1

de/dz,,
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