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Chapterr 1 

Introduction n 

1.11 Intelligent transportation systems 
Inn the 18tli century, the first vehicle which moved under its own power was build (and 
knockedd down a stone wall on its test drive in Paris). This vehicle was designed by 
Cugnott and constructed by Brezin in 1769 and had a top speed of a littl e more than 
33 kni/h. It was designed to move large pieces of artillery through the cobble stone streets 
off  Paris. 

Sincee then, technological and social developments led to today's dominant place of 
personall  vehicles, trucks and busses in modern society. The almost continuous increase 
inn number of vehicles sold every year, in countries like the Netherlands, underlines this 
success. . 

However,, since 1769 we have constantly been confronted with negative consequences 
andd side effects of vehicles. Governments and manufacturers have been struggling with 
issuess like traffic accidents, pollution, etc.. By means of rules, infra-structure, road and 
carr design they tried to control the negative consequences. In an attempt to reduce the 
numberr of vehicles on the road, vehicle-related taxes were introduced and increased and 
alternativee means of transportation were promoted. 

Nowadayss reality teaches us that new solutions are required. Intelligent Transporta-
tionn Systems (ITS) embodies a modern, more drastic attempt to address the vehicle 
relatedd problems we are facing today. Programs developed in the field of ITS aim to 
improvee the transportation of persons and goods over land. By means of (partially) 
automatingg driver tasks and by means of communication (vehicle-to-vehicle as well as 
rofidside-to-vehicle)) ITS aims to: 

 increase the capacity of highways: higher speed, doner spacing, less humun triors 

 improve safety: warning systems, intelligent, speed adaptation1. less Iranian errors 

 reduce fuel consumption: optimal speed, optimal acceleration, reduced, drag force 
(platooning).(platooning). cost reduction 

 reduce pollution: (direct consequence of first and third item) 

'Lundd University in Sweden: apply active traffic signs to temporarily control the veliiele speed. 

1 1 
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Solutionss for ITS can be clarified as 'road-side intelligence' and 'in-car intelligence". 
Road-nidee intelligence concerns infra-structure management and traffic management. 
Road-sidee intelligence systems provide vehicles with more global information about their 
environmentt or destination. Examples are systems that report about traffic flow, report 
forr traffic accidents and highway maintenance, dynamic navigation systems or systems 
thatt provide parking space information. 

In-carr intelligence systems consider the environment immediately around the vehi-
cle.. They can be ordered according to the level of autonomy of the vehicle. First we 
identifyy the advisory and warning systems where the driver remains in complete con-
trol.. Examples are systems for blind spot monitoring [7]. collision warning, pedestrian 
warningg [5]. lane-departure warning [3], traffic sign recognition [5] and driver monitoring 
[10].. The next category can be classified as driver-assistance systems, where some con-
troll  is handed over to the vehicle. Typical examples are the adaptive cruise control [7], 
systemss for collision avoidance. lane-keeping (RALPH project: Carnegy Mellon Univer-
sity;; MarVEye: Universitat der Buudeswehr Germany) and precision docking, assistance 
systemss for lane change/merge (PATH: University of California) or active traffic signs 
(MASTERR project: Lund University: TNO et al.). Last and most complicated is the 
groupp of fully automated vehicle systems. Within this group we recognize e.g. low speed 
automation,, stop-and-go (Daimler-Benz Research [5]), platooning (PATH: University of 
California;; CHAUFFEUR: joint European project) and autonomous driving (eventually 
inn segregated areas) (NHAA: Carnegy Mellon University; ARGO: University of Parma). 

Today'ss implementations mainly concern advisory and warning systems. Examples 
aree navigation-assistance systems, blind-spot monitoring (for trucks) and adaptive-cruise 
control.. More advanced systems gradually become available as expensive gadgets. The 
highh price restricts them (for now) to the market of trucks, busses and luxury cars2. 

Fullyy autonomous vehicles are still limited to segregated areas. Besides the techno-
logicall  challenge to realize robust and safe operation in the rough real world of traffic, 
social,, physiological and legal issues are involved. More autonomy for the 'machine' can 
bee frightening to some, due to lack of understanding or faith. Others enjoy very much 
thee activity of driving a vehicle yourself (or the power it provides). The question about 
responsibilityy is also not unimportant. Examples of automated vehicles in the Nether-
landss are the automated container carriers from ECT in Rotterdam (1993) and the people 
moverss (1097: Schiphol: 1999: the Revium project). 

Thiss thesis addresses a fundamental aspect for in-car intelligence systems. Based 
onn observations of an in-car camera system, we want to determine the motion of other 
vehicless around us. relative to our own motion. The leading example of such a system, 
whichh is used tlirouglnji.it this thesis, is an augmented digital rear-view mirror. 

*hbrr example: the $1995 nighttime driver-assistance system for General Motors Cadillac <le V7"ill . 
Tln.Tiriall  radiation of objects is observed by an infra-red camera and projected onto a head-up display. 

http://tlirouglnji.it
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1.22 An augmented digital rear-view mirror 

Ann augmented digital rear-view mirror should inform the driver if an intentional steering 
actionn is unsafe. This task requires information about the relative motion of other vehicles 
aroundd us. To retrieve this information a diversity of sensing devices can be used. Most 
importantt sensors for motion estimation are laser-based sensors, (millimeter-wave) radars 
andd cameras. The first two sensor types provide motion information directly. Millimeter 
wavee radar can measure energy reflected from distant targets within a narrow field of 
view.. If properly placed, a single radar can rover multiple lanes. Mainly longitudinal 
informationn is provided by such a system. Another disadvantage of these active sensors is 
potentiall  interference among sensors of the same type. Laser-based sensors are in general 
moree accurate compared with radar but also much more expensive and less robust to rain 
andd fog. An important practical advantage is their independence of lighting conditions. 

Camera-basedd (passive) sensors provide a larger amount of data. Lateral information 
cann be obtained with high resolution for a wide viewing angle. Besides motion, visual 
featuress like e.g. texture, shadow and color can be exploited. These additional clues can 
bee applied in the process of motion interpretation, but also enable other in-car applica-
tionss such as lane detection and traffic sign recognition. Drawback of the large quantity 
off  information is that it usually takes more effort to distinguish between relevant and 
irrelevantt data (resulting in a higher computational load). Compared with laser/radar, 
longitudinall  information is provided in an indirect way. Another issue of visual sensors 
iss of course their limited capabilities under poor visibility conditions (heavy fog, direct 
sunlight,, dusk/night). 

Inn this thesis we explore the possibilities of a camera,-based system, given the large 
scopee of applications. To obtain robustness under poor visibility conditions, camera 
informationn can be fused with information provided by other sensors (infrared image 
sensors,, or laser/radar). 

AA general problem statement, common for the issues addressed in this thesis, is given 
inn the next section. 

1.33 Observing motion with a mobile camera 

Wee consider a world in which an observer is moving together with other, independently 
movingg objects. Both observer and objects are typically vehicles moving on a highway. 
Withh a camera, firmly attached to the observer, information is obtained about the static 
backgroundd and the objects. The observer motion (or egomotion) in the static world is 
denotedd by the translational velocity vector T e go and the angular velocity vector f l e g o. 
Objectt motion is denoted by the translational velocity vector T0bject-

Wee observe a point p on an object. We are interested in the motion this point relative 
too our own motion (i.e. relative to the nodal point of the camera). This relative motion 
iss denoted by Tr ei = Tobj ect - Te g o. We define an observer co-ordinate frame (A*. V. Z). 
withh origin at the nodal point of the camera. The Z-axis of this frame corresponds to the 
viewingg direction of the camera. The motion of point p. relative to the observer frame is 
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describedd by the well known Coriolis equation: 

PP — i object ~ T e go — S2ego x P 0 - l ) 

Thee relative motion of this point is observed by the camera as a projection of the 
motionn vector p on the image plane. The projection of a point defined in observer 
co-ordinatess on the image plane is described by the image acquisition model. When a 
standardd CCD camera with a narrow field of view is used, the orthographic projection 
modell  is generally applied. The perspective projection model is generally applied for 
camerass with a wider field of view3. For our application cameras that cover a wide field 
off  view are more practical. The perspective projection model is illustrated in figure 1.1 
andd leads to the following relations: 

rsrs = F  ̂ . ry = F^- (1.2) 

wheree F denotes the focal length of the camera. 
Thee projection of motion vector p on the image plane is denoted by (i\. ry) and follows 

fromm equations 1.1 and 1.2 ([1]): 

r,r, =  F T ' - - ^ T ' - - (F* + rl)^f + r , r ,^ + ry  ̂ (1.3) 

== FTr,y-ryTr.t + {f2 + ^ _ ^ _ r ^ 

Equationn 1.4 describes the observed motion field for object points due to their relative 
motionn and the egomotion of the camera. It illustrates how camera rotation induces 
motionn components to the observed motion field of points, fn order to understand the 
observedd motion of an object point (e.g. located on a vehicle), one needs to know which 
partt of the induced motion is caused by the egomotion of the camera and which part is 
thee result of relative object motion. In other words: to estimate the observed motion 
causedd by relative motion of a vehicle, the image data should implicitl y or explicitly be 
stabilized.. These are the central issues in this thesis. 

Inn the past, research on motion estimation and interpretation has concentrated mainly 
onn issues of existence and uniqueness. Noise-free motion fields were studied in order to 
identifyy potential 'ambiguities" or near-ambiguities". Ambiguity refers to an observed 
motionn field that can be explained by different real-world motions. For example, consider 
til ee motion fields of a static environment, observed by a sideways translating camera and a 
cameraa that, is rotating around its vertical axis. Both motion fields are almost similar near 
thee center of the camera. They only differ a littl e in the corners of the image plane. Once 
thee uniqueness aspects were understood, research shifted its focus towards the robustness 
aspect[4][11].. The interpretation of motion fields appeared to be very sensitive for even 
smalll  perturbations in the input. Especially near ambiguities small inaccuracies in the 
observedd motion can result in very inaccurate interpretation. A critical and extended 
overvieww of past research can be found in [8] [2]. 

JThee perspective projection model only approximates the relation between image plane co-ordinates 
andd observer co-ordinates in praci.ice. Sliil i [9! and Heikkila [6 show how geometric distortions of the 
cameraa can affect tin*  relation and explain how to correct for it. 
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Figuree 1.2. Schematic overview of the motion interpretation procedure. 

1.44 Problem statement and overview of this thesis 

Figuree 1.2 provides a schematic overview of the motion interpretation problem for in-car 
systems.. IT illustrates the four main issues for motion interpretation and their inter
action.. These issues are egomotion estimation, vehicle detection, vehicle tracking and 
interpretationn of the motion (tracks). Each issue will be addressed in a separate chapter 
inn this thesis with its own introduction, literature overview and discussion. This makes 
itt possible to read each chapter without pre-knowledge about other chapters. 

Inn chapter 2 we start with the issue of egomotion estimation. Based on difference in 
dynamicc characteristics we propose separate approaches for robust and accurate estima
tionn of 

•• the average angle between viewing direction of the camera and mot inn direct ion of 
thee vehicle: 

•• the inter-frame rotations of the camera around the mean viewing direction. 
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Aimm is to enable robust and accurate stabilization of the image sequences obtained 
fromm a single camera mounted in a vehicle. The results will be applied in the succeeding 
chapterss about vehicle tracking and motion interpretation. 

Inn chapter 3 we address the issue of vehicle detection. We approach the problem of 
mid-rangee and distant vehicle detection separately from the detection of passing vehicles 
(i.e.. vehicles 'in the corner of the eye1). 

Ourr aim is to detect passing vehicles as soon as they enter the field of view of our 
camera.. Furthermore we want to identify all regions in an image that potentially belong 
too mid-range or distant vehicles. It is important that no vehicles are being overlooked. 
Thee vehicle detection procedure is crucial for the initialization of vehicle tracking. 

Vehiclee tracking is addressed in chapter 4. Aim is to develop a general platform that 
enabless robust and accurate vehicle tracking in practice. Besides robustness and accuracy, 
real-timee performance is also pursued. 

Thee procedure must be flexible for the large diversity in the appearance of vehicles. 
Furthermore,, while tracking a vehicle it must be able to adapt to changes in the appear
ancee of a vehicle. Changes in scale at which a vehicle is observed and (swift) variations 
inn illumination of the vehicle or in the background are practical elements that demand 
forr a dynamic and flexible approach. 

Finally,, we consider the issue of motion interpretation in chapter 5. The motion 
parameterr time-to-contact, that expresses the 'nearness* of a vehicle relative to the cam
era,, is discussed in relation to our application. Furthermore, we describe how reliable 
informationn can be obtained about the lateral position of an object, to detect lane-shifts. 

Aimm is to obtain reliable information about parameters that characterize the behavior 
off other vehicles around us, under the circumstances of driving in a (straight) lane on 
thee highway. 

Thee work presented in this thesis is independent of the viewing direction of the camera. 
Itt can be applied for observations through the rear-window of the vehicle (the rear-view 
mirrorr application) as well as for observations through the windscreen. This will be 
underlinedd by experiments, which are based on real-world video data obtained for both 
cameraa setups. An overview of the sequences used in the experiments of this thesis can 
bee found in appendix A. 
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Chapterr 2 

Egomotionn Estimation 
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2.11 Introduction 

Computerr vision systems are often used for autonomous vehicle guidance [3], With one 
orr more cameras information about the static background and independently moving 
vehicless can be retrieved and interpreted. Handling the information usually consists of 
twoo steps. First the motion in the 2D image plane is estimated. For this task feature 
basedd tracking techniques are used or the optical How field is estimated. The next step 
iss to interpret this motion and estimate the motion of the other vehicles in the dynamic 
3D-world.. One important issue when dealing with mobile systems is that the egomotion 
off the camera can seriously alfect the results of both steps. 

Egomotionn introduces motion components in the motion field observed in the image 
plane.. If we consider a camera that is looking in the driving direction, points belonging 
too a static background seem to originate from one point in the image plane (the so 
calledd Focus of Expansion). This motion held is easy to interpret. However, practical 
motionn fields deviate from ihis simple description. Additional motion components are 
inducedd by disturbances like e.g. small vibrations of the vehicle or steering actions. To 
enablee efficient tracking and accurate interpretation of the recordings of a camera, these 
disturbancess have to be taken into account. 

Inn tins chapter we present an approach that deals with egomotion estimation for 
practicall applications. In case of mobile cameras in a dynamic environment, one observes 
pointss belonging to the static background and points belonging to other moving objects. 
Thee observed motion of background points is used as input for our algorithms. We assume 
thatt the position of other, independently moving objects around us is known from the 
trackingg algorithm in the application (chapter 4). Once these objects have been identified 
(chapterr 3), thev will be tracked in time so their position in the next frame will be known 
too.. Using the information about their position in the image plane, we can separate 

'Parrr of this work appeared in tin1 proceedings of (lic IEEE Intelligent Vehicles Symposium 2!JOU. pp. 
ijS-03.. and in tin.1 proceedings of the 1th IFAC' Symposium <m Intelligent Autonomous Vehicles. 2M01. 
pp.. Psl-lsei. 

9 9 
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backgroundd points from object points. Notice that if the location of other vehicles is 
unknown,, vehicles niighi be separated from background based on their observed motion. 
Randomm sampling techniques such as RANSAC have been proposed for this problem 
[7][19], , 

Considerr the situation where observations are obtained from a vehicle driving on a 
highway.. Information about the environment is obtained by a single camera, looking 
throughh the windscreen of the ear. As the camera is attached to I he vehicle, the average 
anglee between viewing direction and motion direction is constant over time. The egomo-
tionn will therefore be predominantly translational. In practice, one has to allow lor small 
roll,, pitch and yaw components in the egomotion (see figure 2.1 for illustration). Roll and 
pitchh are mainly the result of irregularities in the road surface. Yaw can lie caused by 
smalll steering actions of the driver. Small steering actions occur not only while following 
aa (generally smooth) curve in the road lint also in the situation of driving in a straight 
lane. . 

cameraa pitch camera yaw camera roll 

Figuree 2.1. Illustration of camera rotations roll, pitch and yaw. 

2.1.11 Related work 
Inn the past decade, there has been a considerable research effort on egomotion estimation. 
Iranii [9] and Zhu [23] explain how difficult this problem still is nowadays. Egomotion 
estimationn requires information aboui the motion observed in the image plane. It is the 
highh sensitivity of the egomotion parameters for even small inaccuracy in the observations 
thatt troubles finding a solution for many practical applications ([4][15]). 

Egomotionn estimation methods can be divided into three groups: feature based 
techniques,, direct approaches and instantaneous approaches. Feature based approaches 
[18][2][22]] use tracks of a small number of image features (points, lines, contours) as 
inputt for their motion estimation algorithm. This makes them efficient and already en
abless real-time implementation nowadays. The difficulty with these approaches is that, 
especiallyy for outdoor applications, it can be difficult to find stable and accurate features 
inn the images. For our application the appearance of the background varies a lot. For 
example,, in case of a flat landscape with no trees only (inaccurately defined) line struc
turess defined by the horizon or markers on the road might be available. In case a vehicle 
iss driving in front of the camera, the information about the horizon will not be available 
andd other features should be searched for. The varying nature of the background makes it 
difficultdifficult to define image features that can accurately be estimated. Due to the sensitivity 
off the egomotion estimation problem for inaccuracies in its input, heavy weight is put on 
additionall temporal smoothing methods (motion filtering Techniques [23]). 
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Bothh instantaneous approaches and direct techniques gather information from all over 
thee image. In combination with confidence measures ([5]) large amounts of motion data is 
obii ained from those parts in the image where e.g. the presence of texture enables accurate 
estimates.. An important advantage of these approaches over feature based techniques 
iss that a large amount of data can be employed to reduce estimation errors. A main 
disadvantagee is that real-time implementation is still hard to reach. 

Inn direct approaches [1][15] the motion is determined directly from the variations of 
imagee brightness patterns in a motion sequence, without explicitly estimating the flow 
field.. Although the theory of direct techniques seems promising, they still have serious 
difficultiess to establish stability in real-world applications. 

InstantaneousInstantaneous approaches are based on estimation of the optical flow field. Within 
instantaneouss approaches, an important group uses motion parallax. For example simple 
motionn parallax [13], affine motion parallax [11] or plane+parallax [10][9]. These meth
odss exploit the fact that at depth discontinuities it is easy to distinguish between the 
effectss of camera rotations and camera translation. The observed motion of neighboring 
pixelss at different depths will have similar rotational components, but different transla-
tionall components. One practical difficulty of simple motion parallax approaches is the 
requirementt for dense and accurate flow field estimations at depth changes. 

Plane+parallaxx approaches don't rely on parallax information at depth discontinu
ities.. Initially these methods compute the 2D motion of a (dominant) image region where 
depthh variations are not significant. Based on this information one can remove all effects 
off the camera rotations. From the residual parallax motion field information about the 
cameraa translation is obtained. However, within these approaches assumptions are put 
onn the scene structure that seem to be unfit, for our application. For example, for our 
applicationn we can't guarantee the typical requirement of the presence of a dominant 
planarr surface in the background, or a (observable) distant part of the background where 
itss depth changes don't play a role. 

Withinn our approach we divide the egomotion problem into two parts. We separate 
thee direction of the translational motion of the camera (the mean viewing direction) from 
itss small inter-frame rotations. The dynamical characteristics of these two parts differ a 
lot.. asking for different estimation approaches. Besides this, knowledge about, the mean 
viewingg direction, obtained in the first step, simplifies the estimation of the inter-frame 
rotations. . 

Forr many applications the mean viewing direction is almost constant and therefore 
onlyy needs to be estimated once in a while. This allows to use long image sequences 
enablingg proper temporal smoothing. Furthermore, it leaves room to reject unreliable es
timates,, lessening the requirement of stability. The input for our algorithm can therefore 
bee provided by a (computational efficient) feature tracking technique. The estimation 
requiress a minimal number of two tracks. A confidence measure is suggested to ensure 
thee reliability of the estimation. This results in a robust and accurate estimation of the 
meann viewing direction of the camera. 

Knowledgee about the mean viewing direction is used to simplify the second part 
off the egomotion estimation, i.e. the estimation of the (small) inter-frame rotations of 
thee camera. This part can only be based on a small number of images, which limits 
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thee possibilities for temporal motion filtering. Consequently, the solution becomes more 
sensitivee for inaccuracies in its input and we can no longer rely on only a small number 
off tracks. Therefore, we base this part of the egomotion estimation problem on the 
opticall flow field of background points. The redundancy in the estimated motion held 
iss exploited to achieve a robust estimation of the inter-frame rotations of the camera. 
Thee requirement of the optical flow field of background points leads to a computational 
expensivee solution of our problem. But it is the price we have to pay in order to achieve 
robustt results. 

Thiss chapter is organized as follows. We st art with I he estimation problem of t he mean 
viewingg direction of the camera. In section 2.3 we describe our approach for estimation 
off the inter-frame rotations. Section 2.4 presents experimental results. This chapter is 
concludedd in section 2.5 with a discussion. 

2.22 The mean viewing direction 

II he relation bel ween the viewing direction of the camera and the driving direction of the 
vehiclee is illustrated in figure 2.2. The viewing direction is defined by the angles [a, ,1. - .} . 
relativee to the driving direction. The camera is placed in such a way that the average 
valuee of 7, 7, equals 0. In general the camera(s) used will not be looking straight ahead. 
Forr example, when two cameras are used to meet the requirements to cover a wide angle 
off view, these cameras will he placed under the angles +n and - a . The mean viewing 
anglee in horizontal direction. 7\. will in general be a (mechanically) fixed constant, but 
mightt not be known before hand. The mean viewing angle in vertical direction. .1 will 
bee more variable. The average value of this angle depends (e.g.) on the loading of the 
vehicle.. Therefore, online estimation of the mean viewing angles {a. .1} is desired. 

side-vieww upper-view frontal-view 

Figuree 2.2. The angles {o. 3, - } define t lie relation between the viewing direct ion of I he camera 
andd the driving direction of the vehicle. 

Wee use information about the observed motion of background points that is obtained 
whilee driving approximately along a straight line (no curve in the road). Because the 
meann viewing direction is constant, it only needs to be estimated once in a while. This 
leavess room to postpone the estimation process to those occasions where our vehicle is 
drivingg in a straight lane. 

Thee influence of the translational egomotion on the observations is expressed via the 
soo called Focus of Expansion (FOE). This is the point in (or sometimes outside) the 
imagee plane where all background points seem to appear due to their (parallel) motion 
relativee to the camera. The position of the FOE depends on the viewing direction of 
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thee camera. If the viewing direction of the camera is aligned with the driving direction, 
aa = 3 = o, the FOE will be positioned in the origin of the image plane. If the viewing 
directionn deviates from this, n and/or 3 ƒ I), the FOE will lie outside the origin. The 
meann viewing direction of the camera can be derived from the position of the FOE. 

2.2.11 Background points under perspective projection 

Wee now start by defining two co-ordinate frames: the real-world frame and the observer 
frame.. Points in these frames are denoted by (X.Y.Z) and {X.Y.Z). respectively. The 
originn of both frames is located at the nodal point of the camera. The z-axis of the 
real-worldd frame points in the driving direction of the vehicle. The z-axis of the observer 
framee equals the viewing direction of the camera. In other words, the observer frame 
iss the result of a rotation of the real-world frame over the angles a and 3. The model 
wee use to represent this rotation assumes first rotation over angle 3 of the real-world 
framee around its X-axis, followed by a rotation over o around the (resulted) V-axis. The 
transformationn from the real-world co-ordinate frame to the observer frame is given by 
thee following relation: 

R R X,.3 X,.3 (2.i; ; 

with h 

R R %.>i %.>i 

1 1 
0 0 
0 0 

0 0 
cos(J) ) 

-s in( ,J) ) 

(J J 
sin(.tf) ) 
cosUi) ) 

R R Y.a Y.a 

cos(a)) 0 — sin(<V 
00 1 (J 

sin(a)) 0 cos(a) 
(2.2) ) 

Thee relation between the position of points in the image plane and their position in 
observerr co-ordinates is approximated by the perspective projection model. The camera 
modell is illustrated in figure 1.1. The projection of points (in real-world co-ordinates) on 
thee image plane is given by: 

'V V 

r„r„  = F 

cos(o)XX + sin(rv) sin(;J)Y - sin(o) cos(.3)Z 

sin(a)XX - cos(o) sin(#)Y + cos(a) cos( 3)Z 

eos(;:Q¥¥ + sinM)Z 

sinfajXX - cas(o)sin(;i)Y + cos(o) cos(tf)Z 

(2.3) ) 

Here,, F denotes the focal length of the camera. 

Thee tracking algorithm described in [16] provides tracks of background points in the 
imagee plane. Background points perform a relative (possibly accelerated) motion in the 
Z-direetion.. The relation between the observed trajectory of a background point and the 
meann viewing direction of the camera follows from the equations in 2.3. Elimination by 
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meanss of substitution of Z(/) from these equations leads to the following relation: 

rr tJtJ(t)=(t)=  sm(ö) tan(J) + -=£- •?•,(,) 
\\ eos(J) A / 

>•• V ' 

VV «»<.<*) x y (2.4) 

Thee observed motion of background points is (for constant a and ,i) along straight 
liness r,j{t)  = r0 • r rU) + c,. These lines seem to originate from the FOE. (./V. ƒ,,). and 
disappearr at the boundaries of the image plane. 

2.2.22 Derivation of the FOE 

Iff both angles 7Ï and ;i  are unknown, information of at least two (not necessary simul
taneously)) tracked background points is required. One way to derive the angles is via 
estimationn of the FOE. The FOE is the projection of the point (X, Y. Z) = (0. 0. z0) on 
thee image plane. This projection, defined by equation 2.3. leads to the following relation 
betweenn the FOE. (fx.fy). and the angles {a, 3}: 

,, e r , (  ̂ ,  Ftan(3)\ 
(ƒ,-ƒ,)) = - F t a n ( a ) . + - ^ (2.5) 

VV COS(Q) J 

Thee position of the FOE is found by determining the (virtual) intersection of tracks, 
observedd every time the vehicle is driving in a straight lane. New tracks can be used, 
iff necessary, to verify a previous estimate or to improve its reliability. Denote the mea
surementt data of M tracks by ry(t) = c0i • r,U) + cu. with i = 1 M. The position 
off the FOE is estimated from this measurement data by minimizing the following error 
function: : 

M M 
EE = J2^, [cujr- f„  + cu]

2 (2.G) 
J = I I 

withh *!,- = l/U'n, + 1). This is explained in detail in appendix B. 
Thee reliability and accuracy of the algorithm depends on several factors. First of 

all.. one of the tracks used for the estimation might have been corrupted by severe inter-
framee rotations. As a result the fitted line to this track will lack accuracy and therefore 
shouldn'tt be used as input. Also the choice of the pair of background points is important. 
Forr example, if the 2 background points are located close to each other, the estimation 
off the FOE will be very sensitive for measurements inaccuracies and will lead to a poor 
estimationn of the viewing direction. A statistical analysis can lie performed to control 
thee performance of the algorithm. For each track, the variance in the model parameters 
{td.Cj}} can be calculated. The propagation of these uncertainties to the inaccuracy in 
thee estimation of the FOE can also be determined. This information enables us to chose 
thee best combination of tracks and to remove unreliable tracks from the estimation. The 
statisticss concerning the estimation of the FOE can be found in appendix B. 
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2.33 Inter-frame rotations 
Thee correction of the observations for a ^ 0 and/or 3 ^ 0 leads to the situation where 
thee viewing direction of the camera is corresponds to the driving direction of the vehicle. 
Notice,, that after correction the observer frame and the real-world frame are the same. 
Wee will now estimate the rotational components in the camera motion using information 
aboutt the optical flow field of background points. 

2.3.11 The optical motion of background points 

Thee camera motion has G degrees of freedom: 3 translation components and 3 rotation 
components.. We represent the three angles of rotation (yaw. pitch and roll) by (n, 
3.3.  and the three translational components by (Trj..Try.Tr.). For our application 
thee only translational motion component unequal to 0 is Trs. We consider only small 
rotationss between succeeding frames (less than 5 degrees) and denote these rotations by 
{ A a . M . A - f } .. The relative motion of an observed background point (AW. Z) to the 
pointt (A"'. Y'. Z'). as a result of this egomotion. is approximated by: 

A''' ' 
Y' Y' 
Z' Z' 

1 1 
-A-y y 
An n 

AT T 
l l 

-A3 -A3 

-£a -£a 
A3 A3 
1 1 

"A" " " 
Y Y 
Z Z 

--
''  0 " 

0 0 
T T 
LL rz 

("2.7; ; 

AA background point is observed in the first frame at position {vs. ru). Its position in the 
nextt frame is denoted by (rx + fT.ry + tu). Using equation 2.7 we find the following 
relationn between (•?>, ry) and (rx + rx . ry + ry): 

TxTx + ^ 

r„r„  + f, 

== F-

==  F-

-F-lf tt + i'ifA-y 

Frontt this equation we will estimate the small rotations {An, A J. A-)}. 

[2.8) ) 

2.3.22 Derivation of {Aa. A/3, A7} 

Inn equation 2.8 the term Trz/Z represents the tinie-to-contact of the background point 
underr consideration. This depth dependency can differ for each background point and 
won'tt be known. We remove this term from previous equations by means of substitution. 
Byy doing so. we obtain a single expression that relates the parameters {An. A3. A-.} to 
thee measurement data of the optical motion of each background point, {r, . r,r r,.. ry}. 
Iff we estimate the optic flow field of the background we can estimate the parameters 
{An :: A3. A-}} from the following (over-determined) system of linear equations: 

F{rF{r yy + ry)Aa + F(r\T + rJ-)A3 - {f^ir, + r,) + r^r,,-t ry}) A-: 

==  Tj-i'y - 'V'-t • ^ background points (2.9) 

Wee estimate the optical Mow using the method of Dev [5]. This is a gradient approach, 
usingg first-order spatiotemporal derivatives of the image intensity. Gradients are obtained 
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byy means of Gaussian derivative filters. The local smoothness constraint, as proposed 
inn the famous article of Lucas and Kanade [14] is applied. Besides an estimation of the 
movementt of a point, a reliability measure for each estimation is derived. We use the 
reliabilityy measure to reject very unreliable flow vectors from the field. The remaining 
floww vectors are used to solve the rotation parameters from 2.9 in a wright.ed orthogonal 
leastt squares sense. 

Inn equation 2.(J. measurement errors exist in the measured flow vectors {rT. ry) . Solv
ingg the rotation parameters from this equation in a simple orthogonal least squares sense 
willl result in a sub-optimal estimate of the parameters. The reason for this is that the 
residualss that are minimized are not Gaussian distributed. The impact of the measure
mentt errors, which are assumed to be Gaussian distributed, on the residuals depends on 
thee location in the image plane where the flow is estimated. The variance of the residuals 
iss said to be hcteroscedastic. For similar problems see e.g. Sampson [17] (fitting residuals 
too conies) and Torr and Murray [19] and Weng et al. [21]. 

Thee rotation parameters are found by minimizing the following re-weighted squared 
errorr in a (orthogonal) least squares sense: 

£(A«.. A:t A.) = JT ( A , i A a + A , 2 A , J + A ^ - b , y (2 i(j) 

with h 

Ann = F(ryi + /'•„,) Aa = -rri(r^ + rsi) - r,p{r yi + ru.) 

A/aa = F{rX! + t\ri) b, =r x,r1„-r uir,i (2.11) 

y/ y/ (rJ(-- - F An + rviA-))2 + (;-,,,• + FAJ - r,riA-f)
2 

Seee appendix C for details about the derivation of tins error function. If the weights 
uj,uj, are known, minimizing previous error in a simple least squares sense assumes only 
measurementt errors in b . and no inaccuracies in A. 

Havingg measurement errors in both A and b, our problem requires an orthogonal least 
squaress solution. Golub and Van Loan [8] and Van Huffel and Vandewalle [20] showed 
howw this solution is found using singular value decomposition of the combined matrix 
[A';; b']. Here, the accents indicate that A and b are re-weighted by ^ . Denote the SVD 
off this combined matrix by 

\A':b']=UZV\A':b']=UZV TT with 
VV = 
VV = 

y,y,  = 

"ii um].uiew,.uTr = in 
nn r4].r t e M-',VTl ' = ƒ., (2.12) 

'diag(Af;;
 A i ) l . > , > . . . > * , 

Thee orthogonal least squares solution is obtained by scaling r.j until its last component 
iss -1 . or 

[ A a . A , i A - . - l ]] = -/'j/r.*.., (2.13) 

Becausee previous approximation requires knowledge about the weights ^', and vice versa, 
ann iterative method is required. We therefore initially start with an approximation of the 
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weightss *•, = yj(jm1, +/'y,). This first guess doesn't depend on the rotation parameters and 
iss an acceptable initial guess for our application with only small rotation parameters (see 
equationn 2.11 for the definition of the weights). The weights ensure that the residuals 
becomee Gaussian distributed. It depends on the characteristics of the measurement data 
(accuracyy and the amount of outliers) whether the estimation scheme converges or not. 
Itt would be extremely difficult to determine the conditions under which convergence is 
guaranteed.. Following [17] and [19] wTe empirically determined the number of iterations 
required.. For the experiments 4 iteration steps appeared to be adequate (cf. the small 
numberr of iteration steps found necessary for the applications discussed in [17] and [19]). 

Evenn the best least squares method performs feebly in the presence of outliers (see e.g. 
[19]).. Therefore, in the experiments we also present the results of estimation methods 
thatt involve outlier suppression. We implemented two different approaches. The first 
approach,, presented by Huber in 1981. is of the category of \I-estimators. The second 
approachh is Rousseeuws least median of squares (LMSJ method (1987). This approach 
usess a random sampling scheme to identify outliers in the data. Both methods are 
describedd and compared in detail in [19]. 

2.44 Experiments 

Inn this section we illustrate the performance of our estimation technique for the mean 
viewingg direction of the camera and the inter-frame rotations. We show the estimation 
resultss for the estimation of the mean viewing direction for sequence FACTORY. The 
resultss for the inter-frame motion estimation are shown for sequences FACTORY and 
BUILDINGG (500 non-interlaced frames of 5G8x7G8 pixels; 50 frames per second). 

2.4.11 Estimation of the mean viewing direction 

Thee upper left, image of figure 2.3 shows an image of sequence FACTORY. The dashed 
liness indicate the position of the center of the image plane. Based on this image, one 
cann observe the difference between the center of the frame and the heading direction (i.e. 
drivingg along the lane). Therefore, one can already assume that the camera is looking 
slightlyy downwards to the right. In the same image, tracks of 3 background points are 
plotted.. Details about these tracks are summarized in tables 2.1 and 2.2. The estimated 
locationn of the FOE is (ƒ.,ƒ,,) = (-17.0. -21.0) ) pixels. 

Basedd on knowledge of (ƒ,., fy) we correct the observation by means of back rotation. 
Thiss back rotation is illustrated in the right part of figure 2.3. The white dashed lines 
inn the upper right figure indicate the border of the frame before rotation. After rotation, 
thee FOE is approximately located at the origin of the image plane. Now. the center of 
thee image corresponds well with the direction of heading. In this example we corrected 
thee observations of the complete image. Of course, in practice only the observed tracks 
willl be corrected for n ^ 0 and .'i ^ 0. or the parameters o and 3 will be included in the 
modell equations. 

file:///I-estimators
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F i g u r ee 2 .3 . Illustration ol' the algorithm to correction for the viewing direction located al 
aa f: 0 and 3 # 0. Before correction, the FOE is (ƒ.,-.ƒ,/) = (-17.0. -21.6) pixels. The corrected 
positionn ol the FOE is approximately located at the origin of the image plane. 

T r ackk no . : 

## points 

CT£)CT£) (pixels) 
<7(:,, (pixels) 

1 1 

160 0 
0.33e-4 4 

1.11 1 

2 2 

115 5 
().24e~l l 

0.22 2 

3 3 

103 3 

l).2N'-"i i 

0.1-1 1 

Tab l ee 2 . 1 . Details about the Hacks that \w used to estimate the FOG'. The last two rows 
indicatee the variance in the parameters CQ and c\ of the line ry = CQ  r3 - ej that was fitted to 
eachh track (sec also appendix B). 

Us ingg t r a ck s : 

ƒ,.. (pixels) 

ffyy (pixels) 

rrjrrj xx (pixels) 
aa/u/u (P i x e l s ) 

1 + 2 2 

-17.21 1 

-21.21 1 

3.86 6 

4.12 2 

1 + 3 3 

-18.13 3 

-21.61 1 

4.61 1 

0.17 7 

2 + 3 3 

-17.65 5 

-21.68 8 

n.21 1 

0.12 2 

1+2+3 3 
-17.64 4 

-21.58 8 
0.29 9 

0.21 1 

Tab l ee 2.2. Estimated FOE for different combinations of the 3 measured tracks. The indication 
forr the accuracy of the estimates was obtained using the relations given in appendix B. 
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2.4.22 Es t ima t i on of in te r - f ram e ro ta t io n 

Wee will now discuss the estimation results for the inter-frame rotations. All data used 
inn these experiments was corrected for the mean viewing direction. Figure 2.4 shows one 
framee of sequences FACTORY and BUILDING. During the recordings of both sequences our 
ownn vehicle was driving at approximately constant speed. We estimated the flow field 
pluss the reliability of this estimation for background points in both sequences. From this 
wee derived the inter-frame rotations {Aa(t),A0{t),A,y{t)}. 

Figuree 2.4. One frame out of each of the sequences used in the experiments. The background 
pointt (s) we tracked in each sequence is also indicated. 

Wee don't have a ground truth for the inter-frame rotations. Therefore we used the 
followingg approach to test the accuracy of the estimations. 

Throughh each sequence we tracked a point belonging to the static background. The 
observedd motion of this point is the result of the egomotion of our vehicle. This motion 
iss represented by equation 2.8. relating the position of the point at time sample /. to its 
positionn at the next time sample. We use the estimated rotations {Ao(7), A0(t), A-;.(/)}. 
togetherr with an approximation of the parameter Z{1)/Trz{i)  to reproduce the movement 
off the tracked background point in the image plane. The agreement between the repro
ductionn and the observed motion is a measure for the accuracy of the estimated rotations 
inn practice. 

Thee parameter Z(t)/Trz(t) represents the so called time-to-contact. This parameter, 
measuredd at time /. expresses how much time will elapse until the tracked point has 
reachedd the image plane of the camera. We used a linear approximation for the time-to-
contact,, r. of the background point. This is a realistic assumption because, during the 
recordingss of both sequences, our vehicle was driving at approximately constant speed. 

Too evaluate the accuracy obtained with our approach, the inter-frame motion is pre
dictedd over time-intervals of .V samples. Each reproduction is based on the position of 
thee background point as it was observed A" time samples before, plus the A' previously 
estimatedd rotations: 

{rx(t),r{rx(t),r yy(t))(t))iecoastmctiooiecoastmctioo = (rx{t - N),ry(t - N)\tack + / / 6Mv.t](f , Ad, A/5, A7) (2.14) 

weree function ƒ represents the iteratively estimated movement of the point over time-
intervall [/ — N,t], based on equation 2.8. Accumulation of errors in the estimation of 
thee small rotations in time, together with the influence of small model errors related to 
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thee linear approximation of the time-to-contact, result in a bias between the observed 
trackk and its reproduction. We control the bias by restricting the time-interval over which 
accumulationn of errors can occur-. In the experiments we applied .V = 30 (O.G sec) for the 
reconstruction.. For completeness we will also present the results when the reconstruction 
att time t is based on all mea.surements preceding time / (referred to as A' = oc). 

Inn the first sequence we sequentially tracked 2 points. The track of the second point 
startedd after approximately 300 frames (6 seconds). In the second sequence, we tracked 
onee single point. 

Sequencee FACTORY: 
Thee estimated inter-frame rotations {Ao. A0, A^,} for sequence FACTORY are plotted 

inn figure 2.5. 

1 00
 3estimated (Ao.(t).Ap(t).Ay(t)) using re-weighted orthogonal least squares with outlier suppression (LMS) 

„„ 2 

rr  ° 
ff  "2 

-4 4 

V / >-Afv^ ^ ^ /^vA-A-A/v-^^ -

Figuree 2.5. Estimated inter-frame camera rotations for sequence FACTORY. 

Inn the left image of figure 2.4 the background points that were tracked through the 
firstfirst sequence are indicated. Figure 2.7 shows the results of this measured track together 
withh its reconstruction with N = oo. The upper figure illustrates the horizontal position 
/•.,•(/)) in the image plane. The lower figure the vertical position ry(t). The measured 
trackk ih represented by a continuous line. The reconstruction in this figure is based on 
re-weightedd orthogonal least squares combined with outlier suppression using LMS. 

~Inn practice, an application-specific motion filtering method is applied to control this bias. Examples 
arcc the Kalman based technique of Dickmanns and Graefe |G and the inertial motion filtering technique 
off Zhu [231. 
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Orthogonall Least Squares 
Re-weightedd Orthogonal LS 

++ outliers (Huber) 
++ outliers (LMS) 

A"" = 30 
MSEMSET T 

(pixels) ) 

0.52 2 
0.43 3 
0.41 1 
0.42 2 

MSEy MSEy 
(pixels) ) 

2.20 0 

1.34 4 
0.81 1 
0.67 7 

A'' = yc 

MSEMSET T 

(pixels) ) 

1.53 3 
0.73 3 
0.71 1 
0.71 1 

MSEMSEy y 

(pixels) ) 

9.94 4 

5.04 4 
1.47 7 
1.01 1 

Tablee 2.3. Overview of the MSE between the observed track and the reconstruction. This for 
sequencee FACTORY, for different methods for the estimation procedure. 

Inn table 2.3 the mean squared error MSE (in x and y-direction) between the observed 
trackk and the reconstruction of this track is given. This for different orthogonal least 
squaress techniques, with and without outlier suppression. Also the result of the esti
mationn for N = oc is given. The results show that the main part of the inaccuracy of 
thee (more biased) reproduction is caused by only a small number of inaccurate estimates. 
Furthermore,, when outlier suppression is applied pixel accuracy is obtained with Ar = oc. 
Forr sequence FACTORY, the estimation with N = 30 obtains sub-pixel accuracy if the 
influencee of outliers is suppressed. 

Sequencee BUILDING: 
Thee estimated inter-frame rotations {Ad. Ad, Ax,\ for sequence BUILDING are plotted 

inn figure 2.6. 
Inn the right image of figure 2.4 the background point that was tracked through the 

secondd sequence is indicated. Figure 2.8 shows the results of this measured track together 
withh its reconstruction with A' = oc. Again, the measured track is represented by a 
continuouss line. The reconstruction in this figure is based on re-weighted orthogonal 
leastt squares without outlier suppression. In the next figure, figure 2.9. the results are 
shownn for the same estimation method with N = 30. 

Inn this sequence the vehicle reaches after 7.3 seconds an irregularity in the surface 
off the road. This results in serious vertical vibrations of the camera. From figure 2.9 
wee can see that the least accurate estimation is derived around 7.4 seconds3. But after 
thiss inaccurate measurement the vertical vibration caused by the irregularity is estimated 
correctly. . 

Tablee 2.4 presents the mean squared error (MSE: in T and y-direction} between the 
observedd track and the reconstruction of this track. This for different orthogonal least 
squaress techniques. Again we can conclude that the main part of the inaccuracy of the 
(moree biased) reproduction is caused by only a small number of inaccurate estimates. 
Withoutt outlier suppression, even the estimation with N — oc obtains pixel accuracy. 
Sub-pixell accuracy is obtained if accumulation of errors is suppressed by applying N = 30. 

'Notee that the inaccuracy of this estimation affects the accuracy of the reconstruct ion over an period 
off 'SO frames (0.6 seconds) after this event. 
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xx 10" estimatedd {Aa(t),A|5(t),Ay(t)) using re-weighted orthogonal least squares without outlier suppression 

Figur ee 2.6. Estimated inter-frame camera rotations for sequence BUILDING. 

Orthogonall Least Squares 

Re-weightedd Orthogonal LS 
++ outliers (Huber) 
++ outliers (LMS) 

ATT = 30 

MSEMSEXX MSEy 
(pixels)) (pixels) 

0.87 7 

0.55 5 
0.59 9 

0.75 5 

0.64 4 

0.61 1 
0.64 4 
1.07 7 

ATT = cc 

MSEMSEX X 

(pixels) ) 
1.42 2 

0.57 7 
0.83 3 
1.41 1 

MSEy MSEy 
(pixels) ) 

1.11 1 

1.01 1 
1.22 2 
3.78 8 

T a b l ee 2 .4. Overview of the MSE between the observed track and the reconstruction. This for 
sequencee BUILDING, for different methods for the estimation procedure. 
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estimatedd track {r ,r} (-) and its reproduction 

Figuree 2.7. Observed motion through sequence FACTORY and the reconstruction of this mo
tionn with N — oc. based on the estimation of the inter-frame motion, using re-weighted orthog
onall least squares combined with outlier suppression using LMS. The continuous lines represent 
thee observed motion of the sequentially tracked background points. The dashed lines represent 
thee reconstruction of these tracks based on the estimated rotational parameters. 
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estimatedd track {r ,r} (-) and its reproduction 

F i g u r e 2 . 8 .. Observed motion through sequence BUILDING and the reconstruction of this 
motionn with N = oo. based on the estimated inter-frame motion using re-weighted orthogonal 
leastt squares without outlier suppression. The continuous lines represent the observed motion 
off the Hacked background point. The dashed lines represent the reconstruction of this track. 
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estimatedd track {r ,r} (-) and its reproduction 

tt [sec] 

Figuree 2.9. Observed motion through sequence BUILDING and the reconstruction of this 
motionn with N = 30, based on the estimated inter-frame motion using re-weighted orthogonal 
leastt squares without outlier suppression. 
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2.55 Discussion 

Inn this chapter we addressed the egomotion estimation problem in two parts: we separated 
thee estimation of the direction of the translational motion of the camera {the mean 
viewingg direction) from its small inter-frame rotations. As justification for doing so we 
pointedd at the difference in dynamical characteristics of both parts. 

Thee estimation of the mean viewing direction of the camera is based on the observed 
motionn of tracked background points. This approach can easily be incorporated in real
timee practical systems. Confidence measures are used to ensure the reliability of the 
estimation.. These confidence measures indicate the quality of each observed track and 
providee us with a final indication of the accuracy of the estimation. Furthermore, they 
cann control the selection of the best combination of tracks. The experiments show that 
thee mean viewing direction can be estimated in practice with sub-pixel accuracy, even if 
onlyy two tracks are used as input. 

Thee estimation of the inter-frame rotations of the camera is based on the optical flow 
field.. The requirement of the flow field makes the algorithm computational expensive and 
troubless real-time implementation. In the design of the flow estimation method we did no 
concessionss on the accuracy in order to increase its efficiency4. Real-time performance of 
thiss algorithm nowadays requires hardware implementation. The optical flow algorithm 
providess us with input data of a satisfying accuracy. The experiments illustrate the 
robustnesss and high accuracy of our complete inter-frame motion estimation method 
inn practice. Without putting severe demands on additional motion filtering, sub-pixel 
accuracyy is obtained. It depends on practical characteristics of the estimated flow field 
whetherr outlier suppression should be added to the estimation scheme or not. 

Likee most other solutions in vision, the work presented in this paper depends on 
thee application and its environment. Our solution doesn't put too many constrains on 
thee scene structure (like e.g. plane+parallax approaches). We put the constrains on the 
characteristicss of the egomotion and concentrate on the robustness and accuracy of our 
solution.. This makes the approach valid and useful for many applications. 

44 An initial discussion about the trade off of tbc; accuracy of optic flow algorithms; and their efficiency 
cann be found in [12]. 
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Chapterr 3 

Vehiclee Detection 

submittedsubmitted to IEEE TrnntmrHons on Pattern Analysis and Machine Intelligence. 

3.11 Introduction 

Onee of the essential features of intelligent driver-assistance systems is the ability to detect 
otherr vehicles on the road. Vision based vehicle detection means that the system should 
bee able to separate image data belonging to the background from data belonging to 
vehicles.. Detection precedes the vehicle tracking phase. During the detection step, all 
regionss in the image plane that potentially contain a vehicle are identified. Eventual false 
detectionss are taken can1 of in the tracking phase, based on their observed motion. 

Detectionn is based on identification of the presence of clues, that characterize the 
objectt under consideration. Examples for vehicles are the shadow underneath a vehicle, 
horizontall symmetry and observed motion. 

Inn this thesis we consider personal vehicles, trucks and busses. The characteristic fea
turess of a motor-cycle differ a lot from the appearance of this class of vehicles. Therefore, 
wee will not consider them in this chapter. The appearance of vehicles in the image plane 
changess with its location. One might think of the geometric transformation of a vehicle 
whenn observed in the corner of tVie eye. and the more static shape of a vehicle when 
observedd near the focus of contraction1 (FOC). Near the FOC. the motion of a vehicle or 
thee background is hardly visible, whereas in the corner of the eye large optical movement 
cann be observed. When we select clues for vehicle detection we have to account for this 
spatiall dependency. We therefore roughly separate the task of vehicle detection into 3 
segments: : 

HVhenn the camera observes the scene behind the vehicle, background points seem to move towards 
 single point in the image plane. In literature, this; point is referred to as the form* of contract ion. 

29 9 
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passingg cars art1 observed at the left or right border of t he image plane. They are viewed 
fromm the side and are passing us. or have just been overtaken by our vehicle. 

distantt  cars are observed near the FOC. in frontal view. Their observed motion is 
small. . 

mid-rang ee cars are observed between the regions of passing ears and distant ears. Only 
littlee geometric deformation occurs. 

Thiss chapter is organized as follows. In the next section we start with an overview 
off clues for vehicle detection found in literature. At the end of this section we explain 
whichh clues we use in our approach. Section 3.3 describes our detection procedure for 
mid-rangee and distant vehicles. Section 3.4 describes the detection procedure for passing 
vehicles.. In section 3.5 experimental results are presented. The chapter is concluded in 
sectionn 3.u' with a discussion. 

3.22 Clues for vehicle detection 

3.2.11 Clues proposed in literature 

Inn literature, the following clues are used for vehicle, detection: (a) texture, (b) symmetry. 
(c)) color, (d) shadow, (e) line structures, (f) optical flow, (g) background suppression and 
(h)) temporal differencing. We will briefly discuss the advantages and disadvantages of 
differentt approaches. 

Thee presence of a vehicle causes local intensity fluctuations (ttxturt) in the image 
plane.. This relation is e.g. exploited by [9] as a first segmentation step for vehicle de
tection.. In this article two approaches are suggested: (A) using the entropy and (13) 
usingg the co-occurrence matrices. An obvious measure for the amount of texture is the 
entropy.. From the co-occurrence matrices four measures (energy, contrast, entropy and 
correlation)) are calculated. The second approach is more powerful, but increases the 
computationn time. Major drawback of using texture as clue for vehicle detection is that 
thee background is also very likely to contain texture. Therefore, texture introduces many 
falsee detections. 

Inn [15] and [4] xymmriry in gray level images and in the horizontal and vertical 
edgee domain is estimated and used as a clue for detection. This approach exploits the 
factt that the image of vehicles observed in frontal view is in general symmetrical in 
horizontall direction. When searching for local symmetry, two issues must be considered. 
Firstt of all we need a rough indication of where a vehicle is probably present. This 
initializationn is important for both the accuracy of the symmetry estimation and its 
computationn time. Another issue is that uniform areasJ decreases the performance of the 
algorithm.. In these areas, symmetry estimation is sensitive for noise. Furthermore, due 
too the fact, that these areas also are symmetrical, the method is liable to be distracted 
byy uniform background objects. In [4]. this is avoided by including information about 
intensityy edges in the symmetry estimation. Besides the fact that (border) edges might 

JOrr regions with little texture in horizontal direct ion. 
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nott always be visible (object-background relation), their approach is still easily distracted 
byy symmetrical background objects, such as houses. 

Especiallyy around highways, outside city areas, saturated colors in the background 
becomee a rare feature. The sometimes colorful vehicles can therefore be identified by 
theirr color. Although liable for false detections and weak for non-colored vehicles it can 
helpp in some situations. 

Vehicless appear in a large variety of shapes and colors. But one feature they all have 
inn common is that they cause shadow on the road. Shadow as a clue for vehicle detection 
iss e.g. described in [14]. Potential shaded areas are defined as intensities with a significant 
darkerr color then the road. Shadow underneath vehicles is of a darker tint compared to 
shadowss created by e.g. trees along the road. Therefore, this clue is also applicable under 
thesee circumstances. Drawback is that shadow also leads to false detections introduced 
byy dark objects in the background. 

Otherr clues are horizontal and vertical tine structures. For example, [7] employs the 
generalizedd Hough transform to identify rows and columns that might contain edges of 
thee outer contour of a car. In [5] distant cars are identified by using projected edge 
informationn to indicate the presence of pronounced horizontal and vertical edges, that 
mightt be part of a rectangular structure. Drawback of using these line structures as a 
cluee is that they depend on the relation between object and background intensity. The 
performancee will decrease when e.g. a dark vehicle is observed against a dark background. 

Thuss far we considered clues based on spatial features to distinguish between vehicles 
andd background. Another important feature is relative motion. Note here that we only 
havee information about the projected motion on the image plane. As a result, the motion 
observedd near the FOC will be very small and therefore not an eligible clue for the 
detectionn of distant cars. 

Exampless of approaches based on the estimation of the optical flow field are [8] and 
[ l l ] a .. In [8] the possibilities and shortcomings of optical flow for vehicle detection are 
discussed.. It is explained why gradient based flow techniques will generally fail in practice 
andd how the computational expensive correlation based approaches can provide accept
ablee results. One major difficulty attached to optic flow approaches is the sensitivity of 
thee flow held for even small rotations of the camera and other mechanical disturbances. 

Inn [6] and [1] feature based tracking approaches are employed for background subtrac-
tion.tion. First the projected motion of several background points is estimated. This is used to 
derivee the parameters of the affine motion model that prescribes the inter-frame motion 
heldd of background points for the complete image plane. Deviation between estimated 
locall motion and this motion field indicates the presence of a potential vehicle. Major 
drawbackk is the computational complexity and false detections due to inaccuracies in the 
estimatedd projected motion. 

Inn [5] temporal differencing is used to identify passing vehicles. Those vehicles cover 
largee portions of the image frame and therefore locally introduce large brightness changes. 
Temporall differencing is a very efficient method. A major drawback of this approach is 
thatt background objects are also capable of causing large brightness changes. 

'Inn [11] the constraint ray approach described in [12] is applied for vehicle detection. 
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3.2.22 Our approach 

Woo will now evaluate previous discussion and introduce our approach. We again dis
tinguishh the three segments of passing, mid-range and distant vehicles. In figure 3.1 we 
summarizee in which segment each clue can be applied for vehicle detection. Also an 
indicationn is given of their computational complexity (high or low)"1. 
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Figur ee 3.1. Assignment of the clues to the segments where they ran be useful for vehicle detec
tion.. The clues are also divided into algorithms with high and low computational complexity. 

Forr the detection of mid-range and distant vehicles the following clues are suitable: 
shadow,, texture, symmetry, line structures and color. The major advantage of shadow is 
thatt 'all' vehicles will be detected. It also provides a rough indication of where a potential 
vehiclee is observed. Most important shortcoming is the need for post-processing, in order 
too remove false detections. To overcome this problem we analyze both the texture and 
symmetryy of the regions identified as potential vehicles. Only if both clues confirm the 
suspicionn about the presence of a vehicle, we conclude that a vehicle is detected. We 
rejectt line structures and color as clue for vehicle detection based on the disadvantages 
mentioned.. Note that, when found desirable, color can always easily be incorporated as 
additionall clue. 

Ourr approach to detect passing vehicles is based on the temporal differencing tech
niquee proposed in [5]. Their approach for passing vehicle detection is solely based on the 
intensityy changes caused by vehicles. Figure 3.2 illustrates the region in the image plane 
wheree they search for passing vehicles. Within this region, the background is also very 
liablee of exhibiting large intensity variations, leading to many false detections. 

Wee therefore suggest to limit the search region (roughly) to the part were the surface 
off the road is observed (see figure 3.2)5. In this limited search region, the background 
iss better defined and varies only little. Besides this, passing vehicles are guaranteed to 

'Iff tlit' symmetry-detection approach is not properly initialized, it requires much compulation time. 
Withh proper initialization (like in our final approach) it can he classified as an algorithm with relatively 
loww computational complexity. 

°Onlyy H rough indication is required. The intensity distribution of the surface of the road ran be 
usedd as it tuol for detecting the boundaries of tins limited search region. One way to derive this intensity 
distributionn is described in section 3.3. 
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introducee intensity changes (contrast with background by their shadow, dark color of the 
tiress and generally dark-colored lower part, see also figure 3.2). 

Evenn in the limited search region the background is liable for introducing intensity 
changess (e.g. shadow caused by a flyover or markers on the road). We therefore extend 
thee approach with an additional due: motion. By analyzing the observed motion in 
horizontall direction only, one can distinguish between passing vehicles and background. 
Too detect passing vehicles we merge the clues temporal differencing and observed motion 
byy analyzing the projected motion of (significant) intensity variations. 

Figuree 3.2. Search regions for passing vehicles. 

3.33 Detecting mid-range and distant vehicles 

Thee clues we combine for the detection of mid-range and distant vehicles have been 
appliedd before. Merging them into a single approach appears to be new. We will show how 
thesee three clues can be combined into one efficient algorithm. Regions that potentially 
containn a vehicle are identified as such only if all three clues indicate so. Disadvantages 
attachedd to each clue, as mentioned in section 3.2.1, are compensated for by the other 
clues.. In this section we concentrate on our merging strategy and to those points where 
wee extended techniques described in literature. For more detailed discussions about each 
cluee we refer to literature. 

Ourr detection procedure is illustrated by means of an example in figure 3.3. The 
samplee frame is taken from sequence BUILDING. The procedure starts with identification 
off image data that potentially belongs to shadow underneath a vehicle. This results in a 
numberr of sub-regions that are analyzed further (image with sub-regions labeled L..9). 

Thee next step is to test whether the sub-region is sufficiently textured or not. Rows 
withh low entropy are removed from each region. In the figure, these rows are indicated by-
redred dots. If too few rows remain for further analysis, the region is classified as background. 
Att last, the horizontal symmetry of the remaining data is investigated. Asymmetric 
regionss are classified as background (sub-regions {5,7,9}), symmetrical regions as vehicle 
(sub-regionss {1,2,3,4}). Besides separating vehicles from background, the boundaries 
off the region of symmetry provide us with an indication of the position of the vehicle 
withinn the sub-region. This is illustrated in the images at the bottom of figure 3.3. The 
implementationn of this algorithm is outlined at the end of this section in figure 3.6. 
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Figure3.3 .. Example for mid-range and distant vehicle detection. Based on "shadow" nine 
sub-regionss are found that potentially contain a vehicle. Successively testing the sub-regions 
onn entropy and symmetry, regions {6,8} and {5.7.!)} are classified as background. Only regions 
{1,2,3,4}} exhibit sufficient entropy and symmetry in order to possibly contain a vehicle. Red 
dotss indicate lines with insufficient entropy. In the results for regions {1..4} the vertical red line 
indicatess the symmetry axis and the blue lines the boundaries of the symmetry region. 
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3.3.11 Shadow 

Shadoww is the first clue that is searched for in the image plane. It is used to indicate the 
positionss where vehicles are present. We exploit the fact that the shadow underneath a 
vehiclee will be darker than the intensity of the observed surface of the road. Scanning the 
imagee bottom-up, we search for vertical transitions from a brighter gray value to 'shadow1. 
Abovee these transitions we define regions-of-interest (ROIs) of which the content will be 
furtherr analyzed. 

Thee work of [14] forms the basis for our approach to identify potential shadow regions 
underneathh vehicles. Based on the intensity distribution of the road surface, we can 
definee an upper bound for the intensity of the shadow projected underneath a vehicle 
(onee class classifier problem). The value of this threshold depends on the color of the 
roadd surface and on its illumination. 

Thee intensity distribution of the road surface is estimated without the need for pre-
knowledgee about the location of the road in the image plane. It is derived by means of 
aa simple algorithm for detecting the 'free-driving-space' of our vehicle. The free-driving-
spacee is defined as the road observed directly in front of the camera6. Estimation of the 
free-driving-spacee is illustrated in figure 3.4. First edges in the image plane are estimated 
(figuree 3.4a). Next, we determine the space defined by the lowest central homogeneous 
regionn in the image, delimited by edges (figure 3.4b). 

Wee assume that the gray values of the road surface are normally distributed. By 
meanss of fitting a Gaussian to the histogram of pixels belonging to the road, we estimate 
thee mean value m, and variance a of this distribution. Under normal conditions of the 
roadd and its illumination, the upper bound for shadow can be set to Thre$hst, = m — '3a. 
However,, in case of a coarse distribution (<r larger than a typical value) it will be better 
too choose a more conservative (higher) value for Thresh^. This e.g. for the situation 
wheree the distribution is affected by shadow projected by trees along the road. Or when a 
reducedd quality of the asphalt, as a result of results in (smooth) local intensity variations 
off its surface. Experimental results concerning the estimation of the free-driving-space 
cann be found in appendix I. 

Althoughh alternative approaches might lead to a more refined estimation of the free-
driving-space,, this coarse procedure is sufficient to estimate m and a for our application. 
Itt is not necessary to estimate the intensity distribution of the road surface for every 
frame.. The frequency of estimation will be related to the dynamics of the intensity vari
ationn of the road. Temporal smoothing will be applied on the parameter Thresh  ̂ to 
makee the procedure robust for accidental inaccurate estimations of the free-driving-space. 

Oncee the upper bound for shadow pixels has been defined we search for shadow that 
exhibitss the characteristics of belonging to shadow underneath a vehicle. The lower 
boundaryy of these shadow areas forms an edge that corresponds to a vertical transition 
fromm a brighter gray value (: road surface) to shadow, scanning the image bottom-up. 
Forr vehicles, these edges are usually horizontal. 

6lnn case of observing the road through the rear window of the vehicle this area corresponds with the 
roadd .surface observed behind the vehicle. 
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intensityy edges estimated free-driving-space intensity distribution: m=148. o=9 

intensityy value 

Figure3.4.. Illustration of the estimation procedure for the intensity distribution of the 'free-
driving-space',, (left) estimate edges in image plane, (middle) rough estimation of 'free-driving-
space',, (right) histogram of the intensity distribution of the 'free-driving-space'. A Gaussian is 
litt tn t he histogram. 

Thiss procedure is illustrated in figure 3.5. Figure 3.5(a) shows pixels that were iden
tifiedd as 'shadow'. Those pixels in figure 3.5(a) that exhibit a vertical transition from 
aa brighter gray value to 'shadow' (scanning the image bottom-up) are depicted in fig
uree 3.5(b). We search for horizontal line segments in two successive1 line's'. By thresh
oldingg the length of a line segment we roughly separate lines belonging to potential 
vehicless from points or small line segments introduced by the background. Above each 
linee connected to a potential vehicle a region of interest (ROI) is defined as illustrated 
inn figure 3.5(c). In this figure, the red boxes indicate initial boundaries of the ROIs. 
Theirr width corresponds to the length of the horizontal line segments. For the analysis 
off the texture and symmetry properties (Teach ROI we use slightly wider regions (green 
boxes)8. . 

Thee threshold pul on the length of line segments results from the projection geometry 
off the camera and the expected vehicle width. Let us consider the situation with a 
cameraa installed at height II  above the road surface, aligned parallel to the ground and 
withh viewing direction parallel to the driving direction. For this simple camera setup, 
thee relation between the expected vehicle width WEXp and the projected width w of the 
objectt in the image plane at image line y is given by 

ww = —TT~~~'I • image pixel sizes,, x sx (3.1) 
IIII  sy 

Usingg this relation. [9] defines for every image fine an upper and lower boundary for 
observedd vehicle widths. For our experiments we only used a lower boundary, pul al half 
thee width expected for each line. 

'Wee analyze two lines i instead of one) in order to be robust for quantization effects. 
"Thee robustness of the texture and symmetry analysis is improved when the left and right vehicle 

side-- are included. This will become clear in the discussion of texture and symmetry. 
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3.3.22 Texture 

Texturee is (among others) used by Kalinke in [9]. In their paper, texture is applied 
too focus their vehicle detection algorithm on parts in the image with high information 
content.. Based on the information theory introduced by Shannon in 1948 ([13]) local 
entropyy can be a measure of the information content. The more uncertain the content of 
imagee data is the more information is contained by this part. 

Forr our application we are interested in the entropy in ROIs that possibly contain a 
vehicle.. If a vehicle is observed, its left and right boundaries and other intensity variations 
inn horizontal direction in between these boundaries will cause high entropy (estimated 
alongg horizontal lines). We estimate the local entropy along lines of the ROI and remove 
liness that indicate lack of entropy and thus most probably belong to the background. A 
ROII is classified as background if too few lines remain to possibly represents a vehicle. In 
thiss way uniform background areas are completely removed. This is important because 
inn the next step of our procedure, where symmetry is applied as a clue, we are unable to 
distinguishh uniform background areas from vehicles. 

Entropyy is defined as ([13]): 

tf(o)tf(o) = - J > ( r , ) l o g / ; ( r , ) (3.2) 
A--

wheree p{rx) is a probability distribution of rx: in our ease local intensities. The intensity 
distributionn p[rx) of a line in the ROI is obtained from its histogram of intensities. An 
examplee is given in figure 3.3. 

3.3.33 Symmetry 

Thee preceding steps of the detection procedure already separate much of the background 
dataa from data potentially belonging to a vehicle. Besides this, these steps present the 
dataa assigned for further symmetry analysis in such a way that this analysis both makes 
sensee and can be done efficiently. Uniform regions have been removed. Those regions 
lackk texture and therefore most probably belong to the background. Good horizontal 
symmetryy can be detected in uniform background regions. Estimating its symmetry 
wouldd therefore be useless. Furthermore, the preceding steps provide us with a limited 
ROI,, This makes the process of finding the axis of symmetry and width of the symmetry 
intervall efficient. 

Forr estimating local symmetry we use the approach described in [15]. Their vehicle 
detectionn approach differs from ours in both its pre- and post-processing. They use 
symmetryy detection as a first step in the detection procedure and are mainly concerned in 
detectingg the leading vehicle (mid-range). Once a region with 'best' horizontal symmetry 
hass been identified, the symmetry of its edge structure is analyzed before deciding whether 
thee region contains a vehicle or not. 



3ss CHAPTERS. VEHICLE DETECTION 

(a) ) (b) ) (c) ) 

Figure3.5.. Hypotheses generated based on shadow. Fig.3.5(H): pixels identified as shadow 
basedbased on Threshah- Fig.3.5(b): shadow points thai exhibü a vertical transition from a brighter 
grayy value to 'shadow' (scanning the image bottom-up). Fig.3.5(e): scanning the image bottom-
up,, a ROI is defined above horizontal line segments present in figure b. A ROJ is only further 
analyzedd if its size indicates the possibility to contain a vehicle. 

Wee will briefly explain how local horizontal symmetry is estimated. For details we 
referr to [15]. We use the following notation: 

G(x) G(x) 

"" uifi.i 

w w 
Xc Xc 

aa one dimensional function defined over a line of the ROI 
widthh of the ROI 
expectedd width of the vehicle 
widthh of the symmetry interval 
positionn of a potential symmetry axis 

Anyy function G(x) can be broken into a sum of its even pari Ge(x) and its odd part 

GG00(x): (x): 

G{x)=GG{x)=Gee{x)+G{x)+G00(x) (x) 

G(x)G(x) + G(-x) 
G,G, ./• = 

GJX)GJX) = 
G(x)-G(-x) G(x)-G(-x) 

(3.3) ) 

XX e l-Wma.r/2'U'mux/2} 

Thee degree of symmetry of a function with reaped to the origin is reflected by the 
relativee significance of its «wen part compared with its odd part. This is the idea under
lyingg this approach. We use substitution u = x— xa to shift the origin of function G{u) 
too any potential symmetry axis ./„. The even function of G(x) = G(xa + u) for a given 
intervall of width w about symmetry axis xs is defined as: 

/•'(( //..;'.. w) : = 

Thee odd function is defined as: 

++ G(xg - w)], if - w/2 <u< w/2 

otherwise e 

0(u,x0(u,xss,w),w) := 
i\[G{xi\[G{x ss  u) G{xa -u)], if - w/2 < u < w/2 

i i . . otherwise e 

(3.4) ) 

(3.5) ) 



3.3.3.3. DETECTING MID-RANGE AND DISTANT VEHICLES 39 9 

Forr any fixed pair {J -
S .U?} , the significance of either E(u..r.,.'tr) ur 0{u.x^.w) may ap

propriatelyy be expressed by their energy content. However, the problem arises that the 
meann value of the odd function is always zero, whereas the even function in general has 
somee positive mean value. This bias has to be compensated for. in order to render the 
twoo energy quantities comparable in the sense that their dissimilarity indicates symmetry 
orr anti-symmetry, respectively. Therefore a normalized even function which has a zero 
meann value is introduced: 

II  r + w/2 
EEnn(u.x^tv)(u.x^tv) := E{u.xs,w) / E(v,Xi,w)dv (3.6) 

WW J-w/2 

Withh En and O we construct the normalized measure for the degree of symmetry S(xs, w): 

ƒƒ En{u..r»,ii')2du - J0(u.xa.w)2du 

ƒƒ £„(«, xs. w)-du + J CJ{u, xs. w)-du 

Six*,Six*, u.') indicates the measure of symmetry for any potential symmetry axis xx with 
respect,, to an observation interval of width w. This measure has the following property: 

—— 1 < S(xll,w) < 1 (contrast function) 

Furthermore,, S = 1 for ideal symmetry, 51 = 0 for asymmetry and 5 — —1 in case of 
ideall anti-symmetry. 

5(xs,U'JJ provides a measure for symmetry regardless of the width of the interval 
beingg evaluated. Consider for example the case where the same measure of symmetry is 
estimatedd for 2 different axis of symmetry. In this case, one should select the estimation 
withh the largest width w. Being based on more data, the significance and confidence 
off this estimation is larger. To account for the width, the measure SA(XS.W) is used 
(followingg [9]): 

SU(.r,.. w) = {S{xs, it) + 1). ir < wf,,Tp < wmax (3.8) 
—— «-( ' j -p 

withh wmux the maximum size for the interval: in our case the width of the ROL The 
derivationn of (histogram) SAI^S-W) should be limited to interval widths w < u?eip, when 
u',:Tpp is known9. The measure SA is used to identify the most significant, interval width 
forr each symmetry axis. The pairs of symmetry axis and its most significant width make 
upp a subset of all possible combinations for (xs,w). The values SA for this subset are 
referredd to as (the reduced histogram) S^. From S^. the most significant symmetry axis 
off a line can be obtained. 

Too determine the two-dimensional symmetry of a ROI we have to combine the sym
metryy histograms estimated for each line. In [15] leading vehicles are searched for. Their 
ROII extends over all image lines that might possibly contain data about a vehicle. Since 
theirr ROI contains many lines, they can simply accumulate the reduced histograms 5'^. 
obtainedd for all lines. For our application we are interested in ROIs that contain fewer 

9Forr our application the ROI is usually slightly larger than the vehicle. Therefore we can use -wf_Xp = 
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lines.. We therefore accumulate the complete histograms S,\. for all lines. From the accu
mulatedd histogram we determine pairs of symmetry axis and its most significant width, 
analoguee to the procedure applied for a single line. The most significant symmetry axis 
andd the corresponding interval width obtained in this way are denoted as {.rs. ti'~}. This 
symmetryy analysis is based on all lines in the ROI (and on an interval width ü'~). 

Forr our application we refine this analysis somewhat further. Aim is to determine 
thee smallest box that encloses the symmetrical part observed within the ROI (and its 
correspondingg symmetry value). Near the boundaries of the ROI points might belong to 
thee background instead of the vehicle. By further analysis of S1 (./;.,. ir~) we remove these 
pointss from the ROI. 

Wee first remove Unes in the upper and lower quart of the ROI that exhibit relatively 
loww symmetry values S(.rs.-ir~). Two vehicles in figure 3.3. labeled 1 and 4, illustrate 
this.. When a vehicle is observed in the lane next to us. asymmetry might lie introduced 
inn the lower part of the ROI by the projected geometry of the wheels. Due to inaccurate 
initializationn of the ROI a few horizontal lines above the vehicle might have been included. 
Withh the height of the ROI denoted by /;, we find the following upper and lower boundary 
forr our refined symmetry region ROIst/;„: 

** upper = max > . 3 . , , 
;e|*"- ftll \3i*h' l~ *h + 1 

Nextt we refine the estimation of the interval width. This is done by increasing w~ 
untill S(Xs.w) < S{i's. u' — Aw). If w' > w,,xp. iv is increased starting from we:rp. This 
providess us with a symmetry measure for the smallest box around (the symmetrical part 
of)) veliicles observed within a ROI. 

E E Sj{ Sj{ ) ) 

i/ll - * + 1 
(3.9) ) 
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Figuree 3.G. Block diagram of the procedure for mid-range and distant vehicle detection. In 
eachh column a different clue is applied (shadow, texture, symmetry). 
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3.44 Detecting passing vehicles 

Whenn a vehicle passes us it affects the intensity distribution of the area it occludes. 
Therefore,, temporal differences can be applied to identify passing vehicles. However, 
significantt intensity variations in the background will lead to false detections. To de
tectt passing vehicles more robustly, we propose the following approach. We search for 
passingg vehicles only in the part where the surface of the road is observed (figure 3.2). 
Thee intensity distribution of the background observed in this area will usually be very 
moderate.. We analyze the projected mot ion in this region in order to identify false detec
tions.. Projected motion [2] refers to the projection of the image volume 0.,. .r, r/) onto 
thee spatiotemporal image ( r , . / ) . as illustrated in figure 3.7. 

11 he region in the corner of the eye where the road surface is observed is referred to 
ass the RO!,.,„. We compare the mean intensity of R01co, with the intensity distribution 
off the free-driving-space. If a vehicle enters the HOI,,..,, darkening occurs. Darkening is 
causedd by e.g. shadow underneath a passing vehicle, its tires or its lower part. Increase 
off the mean intensity value, e.g. caused by the usually light markers on the road (white. 
yellow)) is ignored. 

Wcc determine the projected motion image ImPM of the region. Intensity variations 
inn ROI,.,,, result in edges in the projected motion image. The orientation of these edges, 
denotedd by the angle 0. is a measure for the propagation speed of the spatial intensity 
variationn through the subsequence ImPM. It provides information about the relative 
velocityy of the object that causes the intensity variation. Based on this angle we can 
distinguishh vehicles from background objects, as will be discussed shortly. 

Itt is important to realize that the quality of previous procedure for passing vehicle 
detectionn heavily depends on the area of the road that is observed. How much road 
surfacee is observed in the R0IC0l depends on the camera setup and the number of lanes 
observedd in this region. The height of ROI,,,, will usually vary over time. Derivation 

x-axis s 

Figure3.7.. Derivation of' tlie projected motion image lmVM. Summation V , is limited to 
thee rows of HOI,.,,,- The angle 0 is a measure for the propagation speed of a spatial intensity 
variationn I hrough Im..-,,. 
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off the height of ROICO( can be based on information about the intensity distribution of 
thee free-driving-space, or cm information provided by lane-recognition methods ([3][10]). 
Considerr for example the ROI illustrated in figure 3.8. A passing vehicle might not ap
pearr in the complete ROI,.,,, and will probably not appear in each row at the same time. 
Consequently,, darkening of the complete ROI,,,, will be more moderate and tlitis more 
difficultt to detect. The quality of the resulting edges in ImPM will also be less. To ensure 
thee quality of the observations for a high ROI,,,,. ROI,n, should be subdivided into sub-
regionss IiOI,„,  (/). as shown in figure 3.8. The height of these sub-regions depends on the 
verticall resolution of the camera. The results of the individual sub-regions is integrated 
byy means of OR-logic (see also figure 3.12). 

Wee continue with a more detailed discussion of the procedure for passing vehicle 
detectionn that is applied on each segment. The implementation of this algorithm is 
outlinedd in a diagram placed at the end of this section (figure 3.12). 

Thee procedure starts with calculation of the projected motion. The derivation of 
thee projected motion is illustrated in figure 3.7. The projected motion for segment i is 
derivedd by summation of intensities in vertical direction for a certain time interval. The1 

resultt is an image ImPM(i) of size ^columns x ^frames. Characteristic examples of 
projectedd motion images of passing vehicles are given in figure 3.9. 

Nextt its mean intensity m,{t) is determined. By comparing m,(7) with the history 
off the intensity distribution of the free-driving-space we determine significant darkening 
off ROI,„,{)). The history of the Intensity distribution of the free-driving-space will be 
referredd to by {777(/ ). a[t )}. As long as m,{t) > ïïï(t~) — 2a(t~) we conclude that 
ROIROIcoecoe(i)(i)  only contains background data. 

Ass soon as in,{I) drops below m(t~) — 2a(t~ ) we investigate the motion characteristics 
off this darkening. Variations in ni,(t) result in edges in the projected motion image 
ImImPMPM(i).(i). The orientation of these edges, denoted by the angle 0. is a measure for how 
quickk the spatial intensity variation propagates through the subsequence ImPM(i). It 
providess information about the relative velocity of the object that causes the intensity 
variation. . 

Edgess belonging to the same object have equal orientation. We are interested in the 

Figure3.8.. Illustration of segmentation of ROI,,,, into three sub-regions 110i,ol[i).i  = 
{1.2,3}. . 
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orientationn of one of them. Therefore we determine intensity edges in 7>n.rM(/) over a 
timee interval of 1 second (25 frames) around the moment darkening was identified. By 
applyingg the Hough transform we estimate the direction of the most dominant line in 
TmTmnini(i),(i), as illustrated in figure 3.12. 

Iff the camera is looking through the rear window of a vehicle background points and 
pointss observed on a vehicle that is being overtaken by us propagate in the same direction 
throughh ImPM{i).  However, because of their lower relative speed, 9t will be smaller for 
pointss on a vehicle, A threshold for B, is used to separate vehicles from background. If 
thee camera observes the scene through the windscreen of the vehicle, the segmentation 
problemm becomes even more obvious. Points observed on a passing vehicle propagate in 
oppositee direction through Imni{i)  compared to background points. 

Thee threshold for 0,. can be based on estimated values for 8, for background points, 
obtainedd every now and then. Of course if the camera parameters and the camera setup 
iss known, an estimation of this threshold can be derived analytically. For the sake of 
completenesss a (brief) example of analytical derivation of the threshold is given below. 

Considerr a camera that observes the scene in front of the vehicle. We define a co
ordinatee system (X, Y,Z) attached to the nodal point of the camera, as is illustrated in 
figuree 3.10, The Z-axis of this frame is aligned with the camera motion. Its optical axis 
iss parallel to the road surface. The angle between viewing direction and motion direction 
iss defined by a. The field of view of the camera is denoted by £. A point in the scene 
enterss the field of view. It moves at horizontal distance X with relative velocity Z in the 
samee direction as our vehicle. The relation between the position of this point, in (X, Y. Z) 
co-ordinates,, and its horizontal position in the image plane, r.r, follows from equation 2.3 
inn chapter 2 (for 3 = 0): 

eos( f t )X-s in(a)Z Z 
's's = F ' - ( w , t w ( 3 i l ° ) 

sm(o )X++ cos(a)Z 
Fromm figure 3.10 we directly obtain the relation between X and Z, for a point that 

enterss the field of view: 
X/ZZ = t a n ( n + £ / 2 ) (3.11) 

Byy quotient rule, equations 3.10 and 3.11 lead to the following expression for the observed 
motionn of the point in horizontal direction: 

..  - F Z / X 

' J '' (Xsin(a) + Zcos(a))2 (sin(o) + eos(o)/ tan(a + £/2))2 

Underr the simplifying assumption that this motion represents the observed motion for 
thee whole width of ROIi:M,, B is approximated by 9 = arctan( — r,) (rT expressed in 
pixels/frame). . 

Figuree 3.11 presents simulation results to illustrate the value for tan((?) for different 
observationss using previous camera setup. We applied £ = 80°. o = 10°. F=400 pixels and 
aa frame rate of 25 frames per second. Characteristic velocities were simulated for points 
observedd on a passing vehicle (figure on the left) and points observed in the background 
(figuree on the right). 
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throughh rear window throughh windscreen 

frame e 

F igu re3 .9.. Illustration of the projected motion image i m r a for different viewing directions of 
thee earner;!. 

nodall point S 

objectt point 

Figur ee 3.10. Illustration of the camera setup that is considered in the simulations for 0. 

 r- :-^.  '- . "  ' 

F i g u r e S . 1 1.. Simulation results for parameter ft. Tin- figure on the left provides the results 
forr parallel relative motion characteristic for a passing vehicle. The figure on the right presents 
characteristicc results for points observed in the background. See text for details. 
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Figure3.12.. Block diagram of the procedure for passing vehicle detection. 

3.55 Experiments 

Unlesss siaied otherwise, the sequences used in the experiments contain 25 non-interlaced 
framess (284x768 pixels) per second. 

3.5.11 M id - rang e and d is tant veh ic les 

Wee will discuss the results of two kinds of experiments. First we discuss the detection 
resultss obtained for two complete image sequences FACTORY and DUSK'. These experi
mentss illustrate the overall performance of the algorithm for practical sequences. Then 
wee present samples obtained from other sequences. These samples provide insight in the 
robustnesss of our approach for different situations. 

{{  nless slated else, we used the following values for the main thresholds for detect
ingg mid-range and distant vehicles 'see figure 3.6): Thres\.\ = 2.4,Thress = 0.25 and 
'/'/'/<< >/'.,, = in - 2 * n (see subsection 3.3.1). 

Thee first sequence FACTORY consists of 2(H) frames and was recorded with a camera 
lookingg through the windscreen of the vehicle. The sequence can be divided into two 
parts.. During the firsl half (approximately 1 seconds) the environment contains only 
littlee structure. This part can be considered as typical for highway scenes. In the sec-
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Figuree 3.13. Four characteristic frames from sequence FACTORY used for testing the perfor
mancee of our detection algorithm. The second row contains a zoomed view of these images. 

oudd half, the background contains more structure and can therefore lie considered more 
characteristicc for urban scenes. 

AA visual summary of the sequence is presented in figure 3.13. The first row of images 
showss four characteristic frames. The second row contains a zoomed view of these images. 
Inn our discussion, we address the vehicles in the sequence according to the labels shown 
inn this figure. Vehicle A is the leading vehicle and is observed throughout the complete 
sequence.. Vehicle C' is only observed «luring the first 8 frames. From frame 9. it is 
occludedd by vehicle A. After 57 frames vehicle B is temporarily occluded by vehicle A. 
Itt is detected again after frame 1G7. 

Thee delect ion results for each vehicle are presented in table 3.1. The results show 
howw robust the leading vehicle (mid-range) was detected by the algorithm. The more 
distantt vehicles were also robustly detected. Before occlusion, vehicle B was detected in 
555 out of 57 frames (96%). After occlusion, the chance the algorithm detected vehicle 
BB dropped to 64%. Although still better than once every 2 frames, the performance 
droppedd significantly compared to the period before occlusion. The reason for this is a 
changee in illumination of the road surface. The second time vehicle B is observed, it 
enterss a cross section. The illumination of the road surface directly in front of us stays 
underr the influence of trees along the road. The surface of the road observed at the 
crosss section lacks this influence and is therefore of a brighter intensity. As a result, the 
performancee of the shadow detector decreases and several times the shadow underneath 
vehiclee B is not (properly) detected. Finally, vehicle C' was also robustly detected. Being 
anotherr distant vehicle, its results based on (only) 8 frames contribute to the detection 
resultss for distant vehicles. 

Thee number of false positives and the removals based on both entropy and symme-
tryy provide us with more insight in the performance of the algorithm. Although false 
positivess will be removed by means of tracking, they ask for extra computation time for 
theirr identification. The number of false positives detected in the experiments are also 
presentedd in table 3.1. In the first 100 frames only -I false positives were generated. In 
thee second half 94. Rejections based on entropy only equaled 1151. or about 6 rejections 
perr frame No significant difference between the 1st and 2nd half of the sequence was 
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vehicle e 

AA (leading vehicle) 
BB (before (inclusion) 
BB (after occlusion) 
CC (before occlusion) 

mid-range e 
orr distant 

mid-range e 
distant t 
distant t 
distant t 

falsee positives 1*' half 

falsee positives 2n,i half 
falsee positives 

numberr of 
frames s 

200 0 
57 7 
33 3 

8 8 
numberr of 

frames s 

100 0 
100 0 
200 0 

times s 
missed d 

10 0 
2 2 

12 2 
1 1 

times s 
detected d 

4 4 
94 4 

98 8 

detection n 
rate e 

0.95 5 

0.90 0 
0.04 4 
0.88 8 

detection n 
rate e 

0.04 4 

0.94 4 
0.49 9 

Tablee 3.1. Summary of the detection results for sequence FACTORY. 

sequencee of 18 frames 

numberr of times vehicle was missed: 8 
numberr of false posilives: 43 

detectionn rate 

0.83 3 
0.90 0 

Tablee 3.2. Summary of the detection results for sequence DUSK. 

observed.. The number of removals based on entropy plus symmetry equaled 1G5 in the 
complet*11 sequence: 25 in the 1st 100 frames and 145 in the 2nd half. The difference in 
thee amount of structure present in the first and second half is expressed by the increase 
inn false positives and removals based on entropy pins symmetry. 

Forr the purpose of illustration, we placed the detection results for the four frames of 
figuree 3.13 in appendix J. 

Thee second sequence DUSK consists of 48 frames. Figure 3.14 shows three of its 
frames.. We selected this sequence to illustrate the performance of the algorithm under 
poorr illumination conditions (dusk). This sequence was recorded with a camera looking 
throughh the rear window of the vehicle. It observes a single distant vehicle while our own 
vehiclee is performing a turn to the right. 

Thee detection results are presented in table 3.21(J. The results indicate that, even at 
dusk,, the algorithm is able to robustly detect the vehicle. In average, about 1 false de
tectionn was generated per frame. False detections were caused by symmetrical structures 
inn the background located at the left side of the road. In total 322 rejections were made 
basedd on entropy only: about 7 rejections per frame. The number of removals based 
onn entropy plus symmetry equaled 17. For the purpose of illustration, we placed the 
detectionn results for the three frames of figure 3.14 in appendix J. 

'-'Forr sequence DUSK we set Tlirr:>i<  = '2.0. 
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framee 1 frame 24 frame 48 

Figuree 3.14. Three characteristic frames from sequence DUSK. The second row contains a 
zoomedd view of these images. 

Noww we will discuss the performance of the algorithm by means of nine examples 
obtainedd for different situations. The results of these examples are plotted in appendix G 
onn page 121. We start wil h the examples in figure G.l. The objects observed in this figure 
aree parts of a crash barrier. Crash barriers are liable to introduce false detections based 
onn shadow only, as the examples illustrate. The false detections are rejected based on a 
combinationn of both entropy and symmetry. Based on entropy, most lines of background 
observedd above the crash barrier will be removed. The remaining image data will generally 
bee very non-symmetric, as indicated by I he symmetry measure S. 

Figuree G.2 shows three detection results in sequences obtained with a camera looking 
throughh the windscreen of the vehicle. The firs) vehicle is driving in our own lane and 
iss therefore observed with a high measure of symmetry. The second vehicle is driving 
approximatelyy two lanes next to us. It is observed slightly from the side resulting in 
aa slightly lower measure of symmetry. The third example shows detection of a mid-
rangee vehicle under difficult illumination conditions. Trees at the side of the road project 
shadowss on the road. The illumination of the vehicle is not homogeneous, e.g. illustrated 
byy its shadow and the bright patch on its right. But even under these circumstances, the 
shadoww underneath the vehicle and symmetry are detected in such a way that the vehicle 
iss identified. 

figuree G.3 shows three detection results in sequences obtained with a camera looking 
throughh the rear window of the vehicle. In the second image the shadow underneath the 
vehiclee was not accurately estimated. As a result, a larger ROI was defined. Within this 
regionn the right symmetry axis was found and the vehicle was identified. 
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3.5.22 Passing vehicles 

Too test the performance of our approach we applied our algorithm on four practical 
sequences.. Within these sequences a single ROI,.tli  is defined consisting of 20 lines and 
1000 columns. 

Too detect passing vehicles automatically, we need to know when a potential vehicle is 
noo longer present in the corner of the eye (R01CO(:.}. Until the vehicle has passed by, the 
detectionn algorithm is paused. The moment to activate the detection algorithm again is 
usuallyy indicated by some kind of tracking algorithm. In our experiment we waited until 
thee intensity distribution of ROIcoe returned to the distribution of the road surface. This 
simplee strategy appeared to be sufficient for our experiments. 

Thee first practical sequence we discuss is about 20 seconds in length (478 frames). 
Itt is the long version of sequence BUILDING, used in the experiments of chapter 2. The 
resultss are presented in figure 3.15. The figure on top illustrates the intensity variation in 
ROIROIrurrur  (continuous curve). The variation in the intensity distribution of the free-driving-
spacee is also indicated (dot-dash curves). Two curves indicate the boundaries m  2a. 
Thesee curves are slightly smoothed by averaging over half a second of data. The vertical 
bluee continuous lines indicate the frames where significant darkening was observed. The 
verticall blue dashed lines indicate where the object had left the ROIroc. 

Afterr darkening has been detected the projected motion is further analyzed. In our 
experimentt 2 potential vehicles are identified. The analysis of their projected motion is 
alsoo shown in figure 3.15. Per object both the estimated edges in the projected motion 
imagess and the projected motion image itself is presented. Besides the frame number, 
alsoo the most dominant line and an estimation of its corresponding propagation speed is 
indicated.. For both cases the results indicate an object that slowly overtakes our vehicle. 
Thesee objects are therefore recognized as vehicles. 

Thee results of a second and third experiment are presented in figures 3.10 and 3.17. 
respectively.. The length of both sequences is approximately 5 seconds. The sequence of 
figuree 3.16, sequence TREES, was obtained with a camera looking through the windscreen 
off the vehicle. Shadows of trees along the road introduce variations in the illumination 
off the scene. As the results illustrate, our detection procedure is stable under these 
circumstances.. The vehicle that overtakes us is detected and no false detections are 
introduced. . 

Figuree 3.17 shows the results for sequence BRIDGE, obtained with a camera looking 
throughh the rear window of the vehicle. Again one vehicle was properly detected. As 
thee figure illustrates, another vehicle: was slowly overtaken. Tins is also expressed by the 
smalll value estimated for 0. 

Thee fourth experimental result is presented in figure 3.18, It shows the results for 
sequencee FLYOVER: approximately 10 seconds. This sequence was selected to illustrate 
robustnesss of the algorithm for both markers on the road and extreme variation in the 
illuminationn conditions. First of all the results show that markers on the road will not 
introducee false detections. Furthermore, a potential vehicle is detected at the end of the 
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sequencee (around frame 218). Analysis of the projected motion correctly proves that the 
objectt belonged to the background. 

Fromm previous experiment it appears thai the algorithm is stable for the drastic 
eliangee in illumination caused by the flyover. As long as the influence of last changes in 
illuminationn on the intensity distribution of R()I,.„, is in harmony with variation detected 
forr the free-driving-space, the algorithm will nut introduce false alarms. Figure 3.19 
showss ihe projected motion in R()I,.,„ around the abrupt change in illumination. Tins 
imagee shows that, even if the darkening of R0IC0l would have been asynchronous with 
thee distribution of the free-driving-space, analysis of the projected motion would have 
resultedd in proper classification. 

vertica ll  l ines: straight="potential vehicle de tec ted" ; dashed="object passed" 
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Figuree 3.15. Passing vehicle detection in sequence BUILDING (approximately 20 seconds). 
Thee upper figure illustrates the intensity variations of both the free-driving-space and ROI 
Basedd on these intensity variation.-., two potential vehicles are detected. In the figures below, 
thee analysis of the projected mot ion images is shown for both cases. The edge images show the 
edgess detected in the projected motion image. In the projected motion image itself, only the 
mostt dominant edge (Hough) is indicated. In both cases the passing vehicle is identified. 
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Figure3.16.. Passing vehicle detection in sequence TREES (approximately 5 seconds). The 
upperr figure illustrates the intensity variations of both the free-driving-space and IU)I t,„. 
Basedd on these intensity variations, one potential vehicle is detected. In the figures below, the 
analysiss of the projected morion image is shown. A passing vehicle is identified. 
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Figure.'}.17.. Passing vehicle detection in sequence BRIDGE, obtained with a camera looking 
throughh 'he real" window of the vehicle. The tipper figure illustrates the intensity variations 
off both the free-driving-space and HOI Based on these intensity variations, one potential 
vehiclee is detected. In the figures below, the analysis of the projected motion image is shown. 
AA passing vehicle Ls identified. 
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Figur ee 3.18. Passing vehicle detection in sequence FLYOVER (approximately 10 seconds). 
Thee upper figure presents characteristic frames from the sequence. The figure in the middle 
illustratess the intensity variations of both the free-driving-space and HOI,,,,. Based on these 
intensityy variations, one potential vehicle is detected. In the figures below, the analysis of the 
projectedd motion image is shown. A background object is identified. 

potentiall vehicle 1 

Figur ee 3.19. The projected motion image for the evenl of an abrupt change in illumination in 
thee fourth experiment (sequence FLYOVER I. Based on the large propagation speed i: Infinite'). 
analysiss of this projected motion image would have led to the classification of 'no vehicle*. 



54 4 CHAPTERCHAPTER 3. VEHICLE DETECTION 

3.5.33 Vehicle detection in sequence Fiorino2 

Wee also tested our algorithm on the sequence Fiurino2. The major difference between this 
sequencee and the ones described before is its lower spatial and temporal resolution. The 
spatiall resolution in horizontal direction is 2 times lower. The temporal frequency equals 
approximatelyy 15 Hz. The sequence contains 500 frames (approximately 33 seconds). 

Duee to I he lower spatial resolution the horizontal symmetry of distant vehicles is 
lesss accurately determined. As a result the distance at which vehicles can be detected 
robustlyy is lower. Samples of the detection results can be found in appendix H, 

Thee difference in resolution also affects our detection procedure for passing vehicles. 
Thee first phase of detecting the darkening of the BOI„ K: is hardly influenced. Only the 
widthh of the ROIr(M was decreased to 50 columns. The height of the ROI(:(X was increased 
too 30 lines (different camera setup). A major consequence of both the low horizontal and 
loww temporal resolution, is the high speed at which a passing vehicle propagates through 
thee projected motion image. As is illustrated by the experimental results in appendix H. 
inn most cases an "infinite' propagation speed is estimated. As a consequence of the low 
resolution,, the parameter 0 can not be used to distinguish passing vehicles from false 
detectionss introduced by darkening of the surface of the road. 

3.66 Discussion 

Inn this chapter we presented two new approaches for vehicle detection. One to detect: mid-
rangee and distant vehicles and another for detecting passing vehicles. The approaches are 
suitablee for detecting vehicles observed in frontal view or in rear view. No pre-knowledge 
aboutt the position of the road is required. Only a rough estimation of the FOC (or FOE) 
iss required. 

Too detect mid-range and distant vehicles we combined three different clues; namely 
shadow,, entropy and horizontal symmetry. An object is only identified as being a vehicle 
iff all three clues are found on the object. The chance a background object exhibits all 
threee clues is small. 

Besidess the quality of the decision about what is observed (vehicle or background), 
otherr advantages rise from our approach to combine these three clues. Shadow detection 
providess a proper initialization for the symmetry analysis. This initialization is crucial 
forr both the efficiency and accuracy of the symmetry estimation step. When a vehicle is 
detectedd in a certain ROI the symmetry analysis provides a more refined estimation of 
thee position of the vehicle. Furthermore, by removing horizontal lines with low entropy, 
wee ensure that the symmetry analysis makes sense. 

Thee practical experiments illustrate the performance of our detection approach. Vehi
cless are observed at high detection rates. Even at dusk good results sire obtained. Almost 
noo false detections are introduced if the environment contains little structure (e.g. trees 
att the side of the road). In an urban environment the number of false detections in
creases.. In our experiment it increased to about one every frame. Although these false 
detectionss can be removed by testing their presence in the next few frames, they consume 
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unnecessaryy computation time. Therefore, it would be better to remove as many false 
detectionss as possible during the detection process itself. 

Inn the experiments a large number of potential vehicles were generated based on 
shadow,, especially in a structured environment. This is good for the purpose of illus
tration:: the corresponding large number of rejections based on entropy and symmetry 
illustratess the robustness of the approach. A possibility to improve the algorithm is the 
reductionn of the number of false potentials generated based on shadow. For example, 
pre-knowledgee about the location of the road could be used11. Or a more sophisticated 
relationn between the expected vehicle width at, a certain position in the image plane and 
shadoww potentially belonging to a vehicle. The result will be a more efficient, algorithm 
withh less false detections. 

Ourr approach to detect passing vehicles is based on a combination of temporal differ
encingg and projected motion. The idea of analyzing projected motion for this purpose 
appearss to be new and incorporates the clue motion, to the detection procedure. We limit 
thee region in the corner of the eye to the part where the road surface is observed. In this 
regionn the background intensity is estimated and varies only little. Only in special cases 
falsee alarms will be introduced by discoloring of the road surface. In these eases, false 
detectionss are rejected based on their projected motion. 

Thee experiments show that, passing vehicles are robustly detected. Irrespective of 
viewingg direction of the camera (through the windscreen or the rear window of the 
vehicle)) all passing vehicles were detected. Only few false alarms were introduced by 
discoloringg of the road surface. Overall, only 4 false detections were generated in 106 
secondss of video data (2000 frames). With the sequences of 25 frames per second the 
falsee detections were correctly rejected based on their projected motion. For the Fiorino 
sequences,, proper analysis of the projected motion was impossible due to their low tem
porall resolution. 

Vehiclee detection represents the initiation phase for vehicle tracking, which is ad
dressedd in the next chapter. 

^"orr literature on the topic of lano detection, see e.g. [3jil(j]. 
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Chapterr 4 

Vehiclee Tracking 

submitted}submitted} to IEEE Tran^artimis mi. lntfilitjf.nl  Transportation Syntf-ws. 

4.11 Introduction 

Onee of the essential features of intelligent driver-assistance systems is the ability to track 
otherr vehicles on the road. Vision based vehicle tracking means that the system should 
bee able to estimate (and predict) the location of other vehicles present, in the field of view 
off the camera(s). Vehicle tracking forms the basis for motion interpretation. 

Twoo important practical aspects of vehicle tracking are computational complexity 
andd robustness of the algorithm. The system must be able to track multiple vehicles 
inn real-time. Its robustness is of course directly related to the safety of the complete 
warningg system. In the first place robustness means that tracks of observed vehicles may 
nott be lost. So all clues present on the tracked vehicles should be incorporated in the 
algorithm.. These clues should lie stable under varying lighting and reduced visibility 
conditions.. Furthermore, the track must not be distracted by (parts of) other objects 
presentt in the scene. Such objects might be trees or buildings along the road and of 
coursee other, similarly shaped, vehicles. In practice, robustness can only be established 
byy using multiple clues as input and multi-hypotheses reasoning. 

Aimm of this chapter is to present a platform for robust tracking of vehicle-like objects 
inn real-time. The platform is designed to combine information provided by different clues. 
Whilee tracking, clues can be adapted to the (varying) appearance of the vehicle, or even 
bee added or removed when if necessary (e.g. due to changes in the lighting conditions). 
Wee use simple techniques to enable fast operation but our strategy is sophisticated enough 
too ensure robust performance in practice. In this chapter we illustrate the performance 
off our approach when intensity edges are used as clue. 

Thee chapter is organized as follows. In the next section we start with a review of 
differentt tracking strategies found in literature. In section 4.3 we explain our tracking 
approachh based on template matching. In section 4,4 we discuss multiple hypotheses 
reasoningg and the process for dynamically updating our templates. At the end of this 

'Partt of' this work upppared in the proceedings of the IEEE Instrumentation and Measurement Tech
nologyy Conference 21)01. pp. 2049-2054. 

r j 9 9 
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sectionn we will also spend a few words on the topic of initialization of the tracking 
algorithm.. Section 4.5 describes several experiments to illustrate the performance of the 
completee algorithm. The chapter is concluded with a discussion in section 4,6. 

4.22 Literature overview 

4.2.11 Tracking 

AA large variety of approaches can be found in literature on the topic of vehicle track
ing.. One class, e.g. applied for road-watch surveillance, considers stationary cameras 
[21][9][17].. For those applications the background performs no motion relative to the 
camera.. This allows the use of 'simple' motion segmentation or statistical background 
suppressionn techniques. These techniques are not applicable for mobile camera systems. 
Anotherr class employs stereo vision for tracking [1]|10][18]. The requirement for an addi
tionall camera makes these systems more expensive. Stereo vision lies outside the scope 
off this thesis. 

Forr localization and tracking of objects through the image sequence various clues 
havee been proposed. Some clues can be applied for both stationary and mobile camera 
systems.. Examples of clues used for tracking are" color [8][14]. motion [15][20]. depth 
[11].. symmetry + texture [1][16][24] and edges [19][7][9]. One or more of these clues are 
usedd to determine the locations of vehicles in the image. Similar to the vehicle detection 
problemm discussed in chapter 3. using more clues will make the approach robust to more 
situationss and under different circumstances. 

Motionn filtering techniques such as Kalman filtering are used to exploit the temporal 
relationn between succeeding frames or to limit the region that is investigated to localize 
thee vehicle in the next frame. This limited search area is usually referred to as the Region-
of-Interestt (ROI). The estimated position of the vehicle within this ROI is then found by 
fittingfitting a simple rectangle [1][2][7] or a more sophisticated contour [20] to the object, or 
byy matching 2D [16][19][9] or 3D models [2l][18] to the image data. The accuracy of this 
matchingg step is crucial for the overall performance of the tracking algorithm. We will 
noww briefly discuss tlie advantages and disadvantages of these methods. 

4.2.22 Matching 

Inn [7] Dellaert matches rectangular shaped bounding boxes to the vehicle and tracks 
themm through the sequence. The matching procedure consists of 2 steps. First a Hough 
Transformm on the image gradient is applied to select candidate image rows and columns 
thatt might contain the top. bottom, left or right border of the vehicle. Then, a search is 
performedd over all possible bounding boxes. The one that minimizes a Bayesian likelihood 
functionn is selected. Especially the assumption that the side border of the vehicle can both 
bee identified and modeled as a straight line is rather weak. Furthermore, tlie algorithm 
iss easily distracted by edges introduced by other vehicles. 

"Somee of the references combined one or more clues. We just assigned them To one. 
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Inn [9] Dubuisson presents a method for recognizing side-viewed vehicles using a sta
tionaryy camera. This application requires more sophisticated templates, compared to 
thee approach of Dellaert. Defonnable templates defined as polygons are used, making 
thee templates more flexible to geometric transformations of the objects. Although this 
methodd is not. suitable for tracking vehicles with a mobile camera, the ideas about tem
platee design and updates could be useful for our problem. 

Thee methods described by Kalinke[16], Gavrila[12] and 01son[19] use a Distance 
Transformm (DT) as basis for the matching procedure. Gavrila and Olson use model 
treess of hierarchically clustered static templates. In their work they illustrate how the 
usee of distance transforms can lead to fast and robust matching routines. However, the 
choicee for static templates can lead to very large datasets for our application. 

Thee above discussion illustrates how vehicles can lie modeled accurately by 2D line 
structures.. In our approach we use 2D line models that consist of (not necessarily con
nected]] straight line segments. We use the efficient DT to match these straight line 
segmentss to the image data. Our strategy is based on a smart decomposition of the 
templates.. In the first place, this decomposition enables efficient scale selection of the 
models.. Besides this. Kalman filtering can be applied on each of these sets separately 
andd multiple hypotheses reasoning is simplified. Furthermore, we distinguish between 
staticc and dynamic templates. During the tracking procedure, only the scale parameter 
off static templates is varied. For dynamic templates, it is also possible to adapt their 
contentss to the varying appearance of a vehicle. Dynamic templates improve both the 
accuracyy and robustness of the matching procedure and reduce the number of prototype 
templatess needed for our application. 

Usingg the DT in combination with dynamic templates is not new. This was also 
brieflyy described by Kalinke[16]. Their adaptation process differs from ours both in 
thee kind of detail that is added to the template and in the way the template scale is 
determined.. Their features come from the Local Orientation Coding scheme (LOC[13]J. 
Thesee features consist of 2 sets of points belonging to (approximately) horizontal or 
(approximately)) vertical line structures. The LOC-eontour image features are compared 
withh 2 models: one characteristic model for sedans and one for trucks. Their adaptation 
processs implies of 3 steps. First the model is matched for 3 different scales (up. down, 
equal)) in order to be robust for variations in scale at which the object is observed. Next, 
reliablee feature points observed on the object are added to the actual model. At last, a 
locall displacement of model points to image feature points is done. 

4.33 The matching procedure 

Figuree 4.1 shows a schematic overview of the tracking procedure that we propose. It 
illustratess how the estimation of the horizontal position of the template is separated 
fromm its vertical position. It shows the positions of multiple hypotheses reasoning and 
Kalmann filtering in the process. In the next subsection we will describe our theory of 
decomposedd templates. After this we will discuss the matching strategy in detail. 
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Figure4.1 .. The complete tracking strategy using decomposed templates {T /-.T / l .T* 

4.3.11 Template decomposition 

AA template is an image with pixel values unequal to zero at those positions where char
acteristicc and robust features are expected on the object. Well designed templates match 
bestt at positions where a (part of a) vehicle is observed and worse at other positions. 

Templatess are based on clues that characterize the objects searched for. For a certain 
stalee it defines the position of one or more features relative to a predefined point on the 
vehicle.. The scale of the template, s(f), depends on the size of the object as it is observed 
inn the image plane at time sample /. Examples are templates that model characteristic 
structuress of intensity edges observed on the vehicle, or templates thai model the position 
off the license plate or headlights. 

Thee template models the position of clues observed on the vehicle. The more precisely 
thesee positions are modeled, the more accurate the track will be. The same goes for the 
uniquenesss of I he template and t he robustness of I he track. If during the 1 racking pn icess 
aa feature only changes in scale, a static template can be used to model its position on 
ritee vehicle. Such a static template is defined during the "initiation step' of the track 
(figuree 1.1). The position of the headlights or the license plate are static features, or the 
structuree of the left and right side of a vehicle, while observed in frontal view. When 
thee appearance ol a feature changes over time, a dynamic template will lead to better 
results.. These templates can be adapted to the image data in an 'adapt template step' 
(figuree 4.1). Typical dynamic features are texture visible on a vehicle, or the shape of a 
vehiclee under geometric deformations. 

Wee define a set of ,V 2-dimensionaI templates; consisting of static and dynamic tem
plates: : 

TT = {T1 , r2 7,.} = {T,„„„ .T rlyrly  nar (4.1 1 

forr notation simplicity we won't write the scale dependency in our equations. 
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Tuu track a vehicle through an image sequence we need to estimate 3 parameters: its 
horizontall and vertical position. {x(t).y{t)}. and its scale. s(t). Figure 1.1 shows how we 
estimatee the horizontal position separately from the vertical position. Doing so, we can 
usee different sets of templates for the estimation of x and ij. making the platform more 
flexiblee in its template design. As will become clear later, this leads to a very efficient 
matchingg procedure and it simplifies multiple hypotheses reasoning. 

Too estimate the parameters x and y. at least an approximation of the template scale 
iss required. The scale is related to the height or width of the projection of the vehicle 
onn the image plane. Successively matching templates that model the left and right side 
off the vehicle is one way to estimate the vehicle width. Of course an approximation 
off the template scale (,s~) is required before hand. This approximation will usually 
bee provided by the vehicle detection algorithm (chapter 3). or can be extracted based 
onn pre-knowledge about the position of the road. The consideration that, vehicles are 
generallyy symmetrical in horizontal direction3 is why the scale estimation is coupled to 
thee estimation of .J'. 

Wee use subsets of T to estimate each of the parameters {.r, s) and y. These subsets 
mightt (partially) overlap and are denoted by TH and T* . Templates used for the esti
mationn of the left. {xL ) or right side (xR) of the vehicle are subsets of TH and are denoted 
byy TL and T H , respectively. 

TT = { T w . T r } , with 

TTnn = {Ti,Tw} = {r/-.....rn
i;.r1

/? T,H} (4.2) 
TV'' = {r,r,...,r;'} 

Indicess  n and p indicate the number of templates in each subset T L . TH and T* . 
Thee parameters are estimated by matching the subsets to the ROI. Matching means 

minimizingg the distance D{T,I) between the scaled template T and the image data. 
D(T.I)D(T.I) is the measure of correspondence between template and image data, as will 
bee explained in more detail in section 4.3.3. In case of multiple templates a weighted 
combinationn of the distance for each template is minimized. Using an approximation of 
thee scale, .-T. the parameters x and s are found by: 
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weree .S'u indicates the scale at which the templates were designed. For given scale «. the 
parameterr y is found by: 

yy =min ( ^ ' • D {T?(yk. s). 1) ) (4.4) 

'HVee already discussed tlit' horizontal symmetry of vehicles iti chapter 3, Especially when a vehicle is 
observedd in frontal view, this symmetry is strung. This symmetry can he exploited in the design of the 
templatess applied to estimate the vehicle width. 
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TheThe weights, u,', express the relative importance of a template for the estimated parameter 
orr the reliability of the clue the template is based ou. If. for example, the subset only 
consistss of templates containing straight line segments the total length of the line segments 
inn each template can be used to indicate its relative importance. By tuning the weights 
thee characteristics of the matching procedure can meet the characteristics of the tracked 
vehiclee under different lighting conditions (tunnel, day-time. dusk, night). At dusk or 
att night, it will become more difficult to distinguish the left and right border edges of 
aa vehicle. Headlights, for example, will become a more robust feature and the template 
matchingg procedure should therefore be based more heavily on this clue. 

Thee reason for decomposition is now clear. It leads to a flexible platform for template 
basedd tracking. Templates, exploiting different clues are easily combined. By means of 
weights,, the relative importance of the templates can be tuned for each vehicle and to the 
lightingg conditions. The platform is also suited for incorporating dynamic templates. The 
abilityy of adapting the templates to the varying appearance of a vehicle increases both 
thee accuracy and robustness of the matching procedure. Last but not least, decomposing 
thee templates enables efficient estimation of the scale and simplifies multiple hypotheses 
reasoning.. as will be explained in more detail in subsections 4.3.2 and 4.4.1. 

Inn this chapter we illustrate our method for templates that model typical edge struc
turess observed on vehicles. The sets TL and T w contain a single static template (TL 

resp.. TR). By means of 2 straight lines, these templates model the line structure of the 
leftt and right side of a vehicle. The set T* contains the two static templates TL and TR 

pluss a dynamic template T(iyj,. T,!,t„  dynamically models horizontal intensity edges visible 
onn a vehicle. The weights are all set to I4. 

4.3.22 The template matching strategy 

Wee use Kalman filtering [5][G][23] to exploit model based knowledge about the temporal 
relationn between succeeding frames. Two Kalman filters (see figure 4.1J provide us with 
aa prediction for the location of the vehicle in the image and its scale. The following 
notationn is applied to distinguish the different Kalman states of a parameter: 

aamm{t){t)  := the measured value of parameter a. at time t 
h{i)h{i)  the Kalman estimation of parameter a at time t 
a~(1)a~(1) :— the model based prediction of a for time t 

Thee template matching strategy is illustrated in figure 4.1 and in more detail for the 
ROII of one vehicle in figure 4.2. In these figures the subsets TL. Tfi and T l can lie rec
ognized.. First, we match TL in horizontal direction (figure 4.2(a)). using {y~{t).a~(t)}. 
Wee apply multiple hypotheses to prevent that the template is distracted by other, similar 
edgee structures present near the border of the vehicle. By comparing the position of those 
similarr edge structures with the Kalman prediction we initiate new tracks of potential 
vehicles.. This process is repeated for TR, which results in the position for the right side 

'Thiss is obvious for the Template sets T L and T f i . containing u single Template. Note that non-uniform 
weightss eimld be applied fur set T l . 
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Figuree 4.2. Illustration of the matching strategy for a single frame. First the positions in 
thee ROl of left and right side of the vehicle are determined, using TL and Tn at scale s~(t). 
Informationn provided by the Kalman filter and multiple hypotheses are used to control this 
positioning.. The horizontal position of the template and its scale is updated. Finally the 
verticall position of the vehicle is estimated using T1 at updated scale s(t) (fig.4.2(c)). 

(figuree 4.2(b)). 
Withh the knowledge of xm we update the Kalman states for the horizontal position and 

thee template scale (: {£(£).s(£)}). Next the vertical position is determined. We match the 
templatee set T v = {TL. TR.T(iyil} over one line in vertical direction (figure 4.2(c)). using 
{x(t),s(t)}.{x(t),s(t)}. Once again, multiple hypotheses is applied, this time in vertical direction. 

Noww the matching strategy using {T L .T / ? .T* } has been explained, we will illustrate 
thee efficiency of this approach. An alternative approach would be to match a single 
templatee to the image data of the ROl for 3 different scales'. This alternative approach 
selectss the scale s(t) at a certain time sample I by simply trying 3 different scales (equal. 
up.. down): {s(t — l),s(t - 1) 4- A5 ,s( i - 1) - A,,}- where _V. follows from the dynamics 
off the observation of the object. The template is matched for each scale over the whole 
ROll (in 2 directions). The scale that provides the best match is then selected. 

Ourr matching strategy reduces the matching problem to template matching in 2 
directions,, over single lines only. The computational complexity of the matching strategy 
iss expressed by the number of positions for which the agreement between image data and 
templatee is determined. Figure 4.3 illustrates this complexity for our method and the 
alternativee matching strategy of matching at 3 different scales. Based on this illustration 
wee find the following expressions for the computational complexity: 

ourr approach, using { T ^ . T ^ . T 1 } := 4 x lh + 2 x I,. 

alternativee of matching at 3 scales :% 12 x /,, x /,. 

'Thiss alternative approach for template matching is e.g. used in [16]. 
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Figuree 4.3. Illustration of the computational complexity of our matching procedure (fig.4.3(a) 
andd (b)) and the alternative approach of matching al 3 different scales (fig.4.3(c)). 

4.3.33 Matching using the distance transform 

Inn this subsection we explain how the correspondence between a template and the image 
dataa is determined. As mentioned in .subsection 4.3.1, in this chapter we use intensity 
edgess as clue for tracking. Figure 4.-1 illustrates template matching for edges structures. 
Fromm the 'initialization/detection step' or the feedback loop we obtain information about 
thee ROI were the vehicle is observed. For each time sample the intensity edges in the 
ROII are computed. The distance transform (DT) of this edge image is computed next. 
Thee DT of an edge image contains for every pixel the distance to the nearest edge point. 
Thee DT is used to match the template to the edge data in the ROI. 

Thee DT is described in detail in [3] and [4]. We therefore only mention its main 
features.. The DT can be seen as a grayscale image. Each pixel value represents the 
distancee of that pixel to the nearest edge point in the original edge image. It contains 
pixelss with low values that lie near an edge and high values for pixels relatively far from 
edges.. Ideally the distances in the DT image are the Euclidean distances to the nearest 
edge.. For the sake of computational efficiency integer approximations of the Euclidean 
distancee are used. We use the so-called Chamfer 3/4 DT [4]. 

Oncee the Dl has been calculated the position is determined where the template agrees 

initialization n 
detection n 

raww image edcee detection distancee transform matchh template 
model l 

Figure4.4.. Template matching usinji, the distance transform. 
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bestt with the edge structure within the ROL The following distance nieasme D[T.I) is 
usedd to indicate the correspondence between template T and the edge image I: 

W*.. ƒ) = ! £> / , (ƒ ) | | (4.5) 

wheree N denotes the number of feature points in T and | |(//(/) | | the (Chamfer) distance 
betweenn feature ƒ in T and the closest feature in / (the value of the DT image of I at 
thee corresponding point). 

Thee computation of this DT involves only two kernel operations over the edge im
agee and is obtained very fast. Besides that it can be used to efficiently determine the 
bestt match, it also provides a similarity measure of the match that is easy to interpret. 
Furthermore,, the DT makes it possible to deal with imperfect data. This is essential 
consideringg the imperfections of practical edge detectors. Last but not least, the DT can 
bee based on multiple clues. In this chapter we illustrate the use of intensity edges only, 

4.44 Hypotheses, templates and initialization 

4.4.11 Multiple hypotheses using confidence measures 

Evenn within a ROI with small safety boundaries, mismatches still can occur. Parts of the 
templatee can be distracted by similar shaped edge structures present in the ROI. One 
sourcee of distraction is formed by a vehicle driving just behind the tracked vehicle. This 
vehiclee can introduce a very similar shaped edge on each side of the vehicle. The same 
goess for vertical edges introduced by background objects like trees. Notice that together 
withh the introduction of a distracting edge, the background object might also lessen 
thee visibility of the border edge of the tracked vehicle. Another source of distraction, 
affectingg the positioning of the template in vertical direct ion. is caused by horizontal edge 
structuress just above the tracked vehicle. 

Inn section 4.3 we presented the distance measure D{T.I). This measure indicates 
thee quality of the match between template and edge image. Figure 4.5 illustrates the 
distancee measure for matching a simple template to the left border of a vehicle. Our 
matchingg procedure contains matches in one direction and over a single line only. This 
simplifiess the interpretation of the distance measure as function of the position. Like in 
thee example, the position related to the minimum distance value is taken as the best 
match. . 

Inn case of distracting edges the global minimum found might not correspond with the 
desiredd edge. In this case the function described by the distance measure will have one 
globall minimum around this "distracting edge' and one local minimum near the position 
predictedd by the Kalman filter. 

Thee curvature of the distance function in a minimum is related to the uncertainty 
off the match. Low curvature means that the local environment of the match contains 
manyy edges. A higher curvature indicates that the local environment contains less edges. 
Iff the Kalman prediction deviates from the found global minimum, we will compare the 
curvaturess of these minima. If the curvature indicates that a reliable edge is also present: 
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Figure4.5.. Illustration of the distance measure. Fig.4.5(a): the template is matched in 
horizontall direction over a single line. Fig.4.5(b): the relation between the distance measure 
andd the horizontal position of the template, for this example. 

nearr the Kalman position, we will select this position instead ol the one where the global 
minimumm was found. The structure found at the global minimum forms the initial stage 
<iff a new track. 

Thee curvature in a poinl x' is estimated by lining a 2nd order polynomial p(x) to a 
smalll region around .r' '' 

p(x)p(x) = ax + bx + c 

Thee parameter a represents the curvature of this polynomial and the extremum of this 
functionn is located at —b/'2a. If its curvature is negative, or if the minimum of the 
functionn lies outside the local region, a low confidence is assigned to the match to this 
locall region. However, if the curvature is positive and its minimum lies within the local 
region,, the curvature is used to indicate the quality ol the match. 

4.4.22 Dynamic templates 

Whenn a vehicle approaches, features (i.e. intensity edges) on the vehicle will become visible 
inn more detail. To follow the increase in the amount of detail the template is dynamically 
extendedd with additional line segments. The refined template is more characteristic for 
thee tracked vehicle and therefore increases the accuracy and robustness of the track. 
Whenn a vehicle retreats, this process is reversed. The edge structure of the vehicle will 
becomee less detailed. Some edges will no longer be visible and are therefore removed 
fromm the template. 

Wee aim to reach real-time performance of our tracking algorithm. Therefore, we have 
chosenn for a simple plot for refining the template. Our stalic templates T' and T!' model 
thee left and right side of the vehicle. Together, they provide a good estimation ol the 
horizontall position of the vehicle. However, especially in case of frontal view the shape 
off this template will fail to provide a reliable and accurate estimation for the vertical 
position.. I-br this reason, we search lor stable features on the vehicle that can improve 

'Inn our implementation the local region consisted <>i i pixels 
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(a)) (b) (ci (d) 

F i g u r e 4 . 6 .. Dynamically refining the template with horizontal edges. Fig.4.6(a): Tempo
rallyy smooth the region within the template. Fig. 1.0(1)}: Definition of 3 vertical sub-regions. 
Fig.4.6(c):: For each sub-region, calculate the number of edge pixels per row. summed over time. 
Fig.4.6(d):: Add dominant edges to the template by means of thresholding. 

thee vertical posi t ioning. Sui table features for the dynamica l part of the t empla te are e.g. 

horizontall edges, observed on the object . 

Figuree 4.(i i l lustrates how the t empla te is refined with horizontal lines. The basis 

iss formed by t empora l smoo th ing of the edge image within the matched t empla te (fig

uree 4 .6(a)) . Th i s helps us t o dist inguish edges tha t are charac ter i s t ic for the vehicle from 

lesss dominant edges. Due to the color pa t t e rn on the vehicle and the lighting condit ion. 

onlyy par t s of horizontal edge s t ruc tu res might be visible. For this reason we divide the 

t empla tee region into 3 sect ions (figure 4.6(b)). The choice for using 3 sections follows from 

thee edge proper t ies of license pla tes on vehicles. For each region we de te rmine the sum 

off all edge pixels in each row. The result is shown in figure 4.6(c). We apply a threshold 

too de te rmine t he presence and position of dominant edges. Wi th this information the 

t empla tee is refined (figure 1.0(d)). 

Thee problem of e s t ima t ing edges is anisotropic by na tu r e . Edge s t ruc tu res have by 

definitionn a large spat ia l extent along the edge, and a small spat ia l extern perpendicular 

too the edge. The basis of robust edge detectors is formed by convolution of (Gaus

sian)) derivative filters. To e s t ima te the derivatives, isotropic edge de tec tors apply equal 

smooth ingg in all direct ions. Anisotropic edge detectors use different smooth ing for the 

directionn along the edge and the direction perpendicular to the edge. Therefore, they 

be t t e rr agree with the na tu r e of edges. Of course, pro-knowledge about the orientat ion of 

thee edge s t ruc tu res is required when anisotropic de tec tors a re appl ied. 

Wee use an anisotropic edge de tec tor for the detect ion of the horizontal edges. The 

anisotropicc na tu re is used to suppress the non-horizontal edges from the input of the 

a lgor i thm.. The difference in performance between the isotropic Canny edge detector and 

ourr anisotropic de tec tor is i l lustrated in figure 4.7. For the s ame rime fragment (i.e. 7 

frames)) of a track the number of detected edge pixels per row is given. The example 

il lustratess how the non-horizontal edges are suppressed by the anisotropic detector . As 

aa result the dominant horizontal edges are more clearly dis t inguished. 

Whenn detail should lie added to the t empla te depends both on how well a feature 

iss observed at a cer ta in scale in the succeeding images. T h e procedure explained in 

figurefigure 1.6 showed how we select dominant horizontal edges based on how robust they are 
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Figuree 4.7. The use of an isotropic edge detector vs. an anisotropic edge detector for identifying 
persistingg horizontal line structures on the vehicle. The temporally smoothed edges on the 
vehiclee are presented for bot h del ector types. Also, the number of edge pixels per row. calculal ed 
forr each sub-region and summed over time, is shown. 

observed.. The scale is an indication for the amount of detail that might be visible on a 
vehicle.. If a vehicle stays at the same distance behind our car. its amount of visible dei ail 
willl stay almost the same. Therefore, updating the template' will be unnecessary. The 
templatee is actually updated when the change in scale since the last update indicates 
thatt updating might make a difference. 

4.4.33 In i t ia l i za t io n 

Thee initialization step can be subdivided into three different tasks. The firsl task consists 
off perceiving the presence of a vehicle in the image plane. The issue of vehicle detection 
iss addressed in chapter 3. A vehicle can enter the image plane in three different ways. 
Whenn no car is driving behind us and a vehicle approaches us it will show up near the 
FOG.. When we overtake a vehicle it will enter the image plane at the left or right side. 
Iff a vehicle is driving behind us another might appear from behind this vehicle. In this 
casee multiple hypotheses can be exploited. 

Thee second task is to define a box that encloses the delected vehicle. The part in 
thee image plane defined by this box contains the vehicle plus a safety boundary and is 
referredd to as the HOI. The safety boundary ensures that the vehicle is always enclosed 
byy the ROI. It accounts for inaccuracies in the positioning of the box during the tracking 
operation.. The positioning is base.) on the predicted location of the vehicle, made in the 
previouss frame. Inaccuracies are introduced by unexpected object motion and by small 
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inter-framee motion of the camera. The safety boundary is defined by: 

"safetyy "5 y ^prediction object motion ' °inter-frame motion ' ' 

Thee third task of initialization is selection of prototype templates. These templates 
shouldd roughly model the structure of (pre-selected) clues on the vehicle. Knowledge 
aboutt the lighting conditions and knowledge provided by earlier tracks and the vehicle 
detectionn phase is exploited hero. 

4.55 Experiments 

Wee would like to gain insight in the computation time of the algorithm in practical 
situations.. And of course, we want to investigate the general performance in practice 
andd the influence of both multiple hypotheses and dynamic templates on the accuracy 
andd robust ness. 

Wee illustrate the results using two image1 sequences (REAR and BUILDING). Bolh 
sequencess contain 25 non-interlaced frames (284x768 pixels) per second. Figure 4.8 shows 
onee frame from each sequence. Sequence REAR consists of 129 frames, sequence BUILDING 
off 127. 

Figuree 4.8. One frame out of each of the sequences used in the experiments: sequence REAR 
(left)) and sequence BUILDING (right). 

Thee experiments were performed on an Intel Celeron 400MHz computer. The al
gorithmm was partially implemented in a Matlab. The computational expensive parts 
weree implemented in ('. For 3 main parts of our algorithm, we determined the average 
computationn time per frame. The results are presented in table 4.1. 

Ass can be seen, edge detection forms the bottle neck in our implementation. Our 
isotropicc edge detector was based on the Canny edge detector from the image process
ingg toolbox of Matlab (function F.dge.m). After calculation of the image gradients this 
detectorr applies some post-processing in order to be able to better distinguish true weak 
edgess from noise. This is a crucial for the quality of its output. In our implementation, 
thiss post-processing consumed approximately 75% of the total computation time of the 
edgee detector. Therefore, applying a more efficient (perhaps, problem specific) technique 
forr the detection of true weak edges, could reduce the computation time significantly. 
Thiss would enable tracking of multiple vehicles in real-time with today's technology. 
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compu ta t i on n 
t im ee (ms) 
edgee detector 
distancee transform 
templatee matching 

sequencee REAR 

167 7 

12 2 
4 4 

sequencee BUILDING 
125 5 

10 0 
5 5 

Tablee 4.1. Average computation time per frame for the three main parts of the algorithm 
(usingg an Intel Celeron 400MHz processor). 

Noww we will examine the accuracy and robustness of our approach. For both sequences 
wee compare the tracks with a manually determined track. We do this for increasing com
plexityy of our algorithm. We start with simple matching and successively add Kalman 
filtering,, multiple hypotheses reasoning and dynamic templates to the matching proce
dure.. Some track results are illustrated in the figures -4.9 and 4.10. placed at the end of 
thiss section. 

Tablee 4.2 summarizes the results. The accuracy is expressed in terms of the Mean 
Squaredd Error (MSE) between the tracks and the ground truth. The accuracy of the track 
inn sequence REAR is much improved by the refinements. The MSE in the estimation of 
thee horizontal position is reduced from 3.8 pixels for the simple matching strategy to a 
MSEE of 1.1 pixels when Kalman filtering, dynamic templates and multiple hypotheses is 
applied.. In vertical direction the increase in performance is even better. The MSE in the 
verticall positioning is reduced from 3.8 pixels for the simple matching strategy to only 0.5 
pixelss for the most advanced tracking strategy. Especially the use of dynamic templates 
iss important for this increase in accuracy (and with that the increase in robustness of the 
track). . 

Evenn without multiple hypotheses and dynamic templates the vehicle in sequence 
BUILDINGG is already tracked accurately. But also for this sequence we see an improved 
performancee when both multiple hypotheses and dynamic templates are incorporated. 
Thee MSE in the estimation of the vertical position is reduced from 0.9 pixels for the 
simplee matching strategy plus Kalman filtering to a MSE of only 0.2 pixels when Kalman 
filtering,filtering, dynamic templates and multiple hypotheses is applied. 

-- REAR 

y y 
3.6 6 
3.9 9 
3.9 9 
0.6 6 
0.5 5 

sequencee BUILDING 

xx y 

tracktrack lost 
Ü.88 0.9 
1.00 1.6 
0.77 0.6 
0.99 0.2 

M S EE (pixels) 

simplee matching 
pluss Kalman filtering 

4-- multi-hypotheses 
++ dynamic templates 
-*-- dyn.tem.+mul.hyp. 

sequent t 
X X 

3.8 8 
3.5 5 

3.3 3 
1.9 9 
1.1 1 

Tablee 4.2. Accuracy (Mean Squared Error) of the algorithm, compared to the ground truth. 
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sequencee REAR, using Kalman filtering only 

410 0 

405 5 

400 0 

395 5 

390 0 

20 0 60 0 

framee number 

400 60 80 
framee number 

seq.REAR.. using Kalman, multiple hypotheses and dynamic templates 

410 0 

405 5 

^>V V 

395 5 

390 0 

144 4 

142 2 

140 0 

138 8 

136 6 

134 4 

132 2 

400 60 

framee number 
1000 120 

\\ A 
\ . - • ' "" ' • • . . , • • • / " \ 

400 60 
framee number 

1000 120 

Figuree 4.9. Horizontal and vertical position of the template, matched to the vehicle in sequence 
REAR.. The tracks (dotted lines) are compared with the ground truth (continuous lines). 
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sequencee BUILDING, using Kalman filtering only 
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seq.BUILDING,, using Kalman, multiple hypotheses and dynamic templates 
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Figure4.10.. Horizontal and vertical position of the template, matched to the vehicle in se
quencee BUILDING. The tracks (dotted lines) are compared with the ground truth (continuous 
lines). . 
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4.66 Discussion 

Inn this chapter we presented a platform for tracking vehicles in real-time. The plat
formm is designed to exploit information obtained from multiple clues that characterize 
vehicles.. The basis of our approach is formed by decomposition of the template. This 
decompositionn makes the platform flexible in 3 ways: 

•• additional templates are easily embodied in the tracking process 

•• the importance of clues can be tuned for each vehicle and to (varying) lighting 
conditions s 

•• templates can be applied for determining the horizontal or vertical position of the 
trackedd vehicle only 

Anotherr advantage of the decomposition is that it simplifies multiple hypotheses reason
ing.. Multiple hypotheses reasoning avoids that the template matching is distracted by 
backgroundd objects or other vehicles present in the scene. 

Thee platform is suited for both static and dynamic templates. The ability of adapting 
thee templates to the varying appearance of a vehicle increases both the accuracy and 
robustnesss of the matching procedure. Besides this it lessens the amount of prototype 
templatess needed to model different types of vehicles. 

Wee illustrated the performance of the algorithm when only simple line structures are 
usedd to model characteristic intensity edges of vehicles. For the horizontal positioning 
wee used two simple static line models (TL and TH). The template set T v also con
sistedd of these two static templates, plus a dynamic template for modeling horizontal line 
structuress visible on vehicles. 

Wee tested our algorithm by tracking two vehicles in practical image sequences. The 
resultss showed that, even with simple templates, very accurate and robust results can 
bee obtained. It also demonstrated how multiple hypotheses reasoning and dynamic tem
platess affect the robustness and accuracy of the algorithm in their own way. The experi
mentss also illustrated the real-time performance possibilities of our approach. Notice that 
thee increase in computation time in case of multiple tracks can be (partially) compensated 
byy applying a more up-to-date processor. 

Inn section 4.3.2 we mentioned that our matching strategy is somewhat more efficient 
thenn an alternative approach (matching at 3 different scales). The experiments showed 
thatt the matching part isn't the bottleneck of (Mir algorithm. However, when larger tem
platee sets {TL , TR. T* } are applied for tracking multiple vehicles at the same time, the 
computationall load of the matching procedure becomes more crucial. 

Afterr we finished writing this chapter, we read a (recent) publication on object track
ingg by Toyama and Blake [22]. In this paper, they present a new probabilistic approach 
forr visual tracking. As an alternative for our templates, they use so-called exemplars. 
Exemplarss are selected representatives of raw training data and can be constructed di
rectlyy from training sets. A noise model is attached to each exemplar. Based on these 
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noisee models, multiple exemplars can be fused in a probabilistic manner. These noise 
modelss are also learned from the training data. 

Theirr concept of automatic extraction of both object models and noise models from a 
trainingg set seems very promising. When applied on our application of vehicle tracking, 
itt might even be useful for the template design for our approach. 
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Chapterr 5 

Motionn Interpretation 

submittedsubmitted to the 2002 IEEE/RSJ International Conference on Intelligent Roltot.fi and Systems. 

5.11 Introduction 

Forr in-car intelligence systems we are interested in how the behavior of other vehicles on 
thee road limits our driving possibilities. Their behavior is expressed relative to our own 
motion.. Attached to the nodal point of the camera we define two co-ordinate systems: 
thee real world co-ordinate system (X. Y, %) and the observer co-ordinate system {X. Y.Z). 
Bothh are illustrated in figure 5.1. The 2-axis points in the motion direction of our own 
vehicle.. The Z-axis of the observer frame corresponds with the viewing-direction of the 
camera. . 

Bothh our own motion and that of other vehicles is mainly in the Z-directiou. The rela
tivee motion of a vehicle, measured in this direction, defines whether a vehicle approaches, 
retreatss or stays at the same distance from the camera. The motion parameter time-to-
eontucteontuct is also defined in this direction. This parameter, denoted by r(f). expresses how 
muchh time it takes for a vehicle to reach us. In case of an approaching vehicle r is positive. 
Inn case of retreating vehicles, r is negative, r is plus or minus infinity when a vehicle 
stayss at approximately the same distance. The Tuue-tu-eontact expresses a measure of 
nearnesss of a vehicle in time. 

Anotherr important aspect of the behavior of a vehicle is the lane in which it is moving. 
Ourr driving possibilities depend on the lane in which a vehicle is observed. The lane in 
whichh a vehicle moves is identified by its distance measured perpendicular to our motion 
direction:: i.e. measured in the direction of the X-axis. A vehicle has limited freedom to 
performm movements in the direction of X. Even while following its own lane, its motion is 
accompaniedd by little steering actions. Occasionally a vehicle might perform a lane-.<hift. 
Itt is difficult to distinguish a small steering action from a (slow) lane-shift based on the 
relativee speed of a vehicle only. To make this distinction, it is better to simply monitor 
itss relative position, instead of its speed. 

Thee time-to-contact is obviously an important parameter, as it characterizes the rela
tivee motion along the main motion direction. We address the estimation of this parameter 
inn the following section. In section ~>.3 we will briefly consider the issues of lane identifi-
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Figuree 5.1. The behavior of a vehicle is expressed relative to our own motion. Important 
motionn aspects, illustrated in this figure, are: the time-to-contact (r(t)), the lane in which the 
vehiclee is observed and whether it performs a lane-shift or not. 

cationn and lane-shift detection. Section 5.4 presents experimental results. This chapter 
iss concluded in section 5.5 with a discussion. 

5.22 T ime- to -con tac t 

5.2.11 Definition of the time-to-contact 
Inn literature, the time-to-contact (TTC) is also addressed as time-to-crash [2]. time-to-
impactt [5][15] and time-to-collision [14][17][12]. It is a parameter that is generally related 
too the following question: "How long does it take for an observer to reach a certain 
position?".. When the camera observes the scene behind the vehicle, the role of object 
andd observer is conceptually reversed. This changes the question into '"How much time 
elapsess until a certain object reaches us?"". 

Slightlyy different definitions exist for r. depending on the camera model that is ap
pliedd and on what is understood by 'observer' and 'object'. In general, the camera model, 
iss either based on perspective projection (assuming a planar projection screen) or on 
orthographicc projection (assuming a spherical projection screen). Both models are ap
proximatelyy the same when the object is close to the optical axis of the camera (rx/F 
andd ry/F significantly smaller than 1). This is (e.g.) the case when the optical axis is 
alignedd to the driving direction and the vehicle is far away. However, if a vehicle is close 
too the camera the models yield different results. 

Thee definition of observer is in general related to the nodal point of the camera. In 
mostt cases (both for perspective and orthographic projection) it is defined by the plane 
throughh the nodal point, perpendicular to the viewing direction of the camera. It is 
importantt to realize that in case of orthographic projection the orientation of this plane 
variess with the position of the object. In case of perspective projection, the viewing 
directionn doesn't change with the position of the object. 

Forr some applications the object can be defined by a single point. For others, like 
inn our case, it is more realistic to speak of patches with a corresponding orientation. 
Althoughh one might reason that points on a same rigid patch mighl not always reach us 
att the same time, information about the observed motion of the patch is merged into a 
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singlee estimation for r . 
Wee will now compare three different definitions for r, for a situation that is charac

teristicc for our application. This is illustrated in figure 5.2. We consider a vehicle that 
approachess us in the lane next to the one we are driving in. The optical axis of the cam
eraa is defined in a plane parallel to the road surface. Its relation to the driving direction 
iss defined by a, as illustrated in figure 5.2. We avoid the influence of object shape by 
consideringg the TTC of an arbitrary point on the vehicle. The three definitions for r{t) 
aree (see figure 5.2): 

Definit io nn T^t):  the expected time elapsing until the point will hit the plane normal 
too our driving direction and which includes the nodal point of the camera (plane I 
inn figure 5.2). 

Definit io nn r„( t ) : assuming perspective projection: the expected time elapsing until the 
pointt will hit the plane normal to the optical axis and which includes the nodal 
pointt of the camera (plane II in figure 5.2). 

Definit io nn r i n ( f ) : assuming orthographic projection: the expected time elapsing until 
thee point will hit the plane normal to the optical axis and which includes the nodal 
pointt of the camera. Notice that in this definition (orthographic projection), the 
opticall axis changes with the angle under which the object is observed. 

Thee first definition is most appropriate for our application. It expresses best the 
measuree of "nearness* of a vehicle. The consequences of these definitions on the estimation 
off the TTC for our example are illustrated in figure 5.3. The difference between the first 
twoo definitions is an offset, given by 

rl(f)) = r I I(0 + t a n ( a ) 5 ^ | (5.1) 

Onlyy if the viewing direction of the camera is aligned to the driving direction, the second 
definitionn will provide the TTC we are interested in. However, if a ƒ 0. the second 
definitionn can significantly deviate from r:. Especially when the relative speed of the 
vehiclee is small. 

Whenn the object in not too close to the camera, the third definition agrees well with 
thee first one. Assuming orthographic projection, the definition of the optical axis of the 
cameraa changes with the angle under which the object is observed. This dependency, 
togetherr with the fact that the vehicle in the example is moving in the lane next to us, 
causess the deviation between definitions I and III. The relation between definition I and 
IIII is given by: 

r|(f'' = g < t ) + Y S + g t t )* T ' " ( t ) (5-2) 

Wee will use definition I for our application. In the next section we will discuss several 
approachess described in literature for estimation of the TTC. We should be aware of the 
slightt differences between the definitions for r and that we can transform each of them 
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Figuree 5.2. A vehicle approaches in the lane next to vis. 
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Figure5.3 .. Three different estimates for the TTC: T,(t) (continuous), r„(i) (dots). rm(t) 
(dashed). . 

intoo the desired definition. In the remaining of this chapter we assume that the viewing 
directionn of the camera is aligned with the driving direction1. 

5.2.22 General estimation approaches 

Generall estimation approaches for the TTC' described in literature can be classified in 
fourr groups: optical flow based approaches, point (feature) based approaches, approaches 
basedd on line correspondences and approaches based on closed contours. We focus our 
discussionn of each of these groups on the kind of image features these methods rely on 
andd on how spatial and temporal smoothing is incorporated. These general approaches 
providee insight in the issues involved with the estimation problem. Next we discuss three 
approachess that are proposed in literature to tackle the estimation problem specifically 
forr our application. 

Opt icall flow based app roaches 

Insteadd of estimating precise motion fields (up to '2nd order), in [12] a first order for affine) 
modell of the motion held is directly estimated using a multi-resolution approach. They 
considerr an observer and an oriented patch that both perform planar motion. For this 

'Iff this is not the case, knowledge about the FOC/FOE can he used to correct the measurement data 
(chapterr 2). 
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problemm seven unknowns need to be estimated: 2 motion parameters scaled by depth. 
{X/d,Z/d},{X/d,Z/d}, 3 rotation parameters for the camera, {QxAly.Qz}. and 2 parameters to 
definee the orientation of the patch. {Zr.Zv}. They approximate the quadratic motion 
fieldfield observed on the patch. {rx. ry). by a first order Taylor expansion. 

rr xx = ay + a2r.r + a3rv 
(5.3) ) 

rr yy = «4 + nr,rx + a0rv 

andd relate the Taylor coefficients {a\, ...«(,} to the seven unknowns. The Taylor coeffi
cientss are estimated using a so called multi-resolution optic flow estimation approach. 
Thiss is a 'course-to-fine' gradient based optical How estimation approach, described in 
moree detail in [13]. Standard Kalman filtering on the Taylor coefficients provides an 
approximationn of the temporal evolution of the coefficients and yields to smoothing of 
thee motion parameters over time. 

Althoughh Kalman filtering contributes to the robustness of the algorithm by means 
off temporal smoothing, the demands on the accuracy of the flow estimation is still very 
high.. The amount and combination of motion parameters needed to be derived from this 
dataa easily leads to ill-conditioned solutions. Small distortions of the flow field can lead 
too a completely different interpretation of the flow field, especially near Ambiguities'. 
Redundancyy in the flow field could be exploited here, as is done for the egomotion esti
mationn in chapter 2. However, when a vehicle is observed at a certain distance from the 
camera,, the observed area of object flow is limited and will provide only a small amount 
off accurate flow. Besides robustness, another disadvantage is of course the computational 
loadd of the approach. 

Anotherr optical flow based approach for estimating the TTC is described in [10]. Their 
approachh seems promising because they avoid computation of high-order derivatives of 
thee flow field and do not require knowledge about the egomotion of the camera. 

Theirr approach assumes that the camera is moving on a planar ground. They start 
byy estimating the coefficients of the parametric model defining the relative motion of 
pointss on the ground plane. The optical flow field of the ground (a planar surface) can 
bee described by the following eight parameter linear model ([1]): 

ïx.yroundïx.yround = « 1 ^ + ^ ' V y + a3Vx + O4 Ttf + O5 
,, (5.4) 

r„.gr™,*r„.gr™,*  - a2ry + airxrv + aery + a7rx + a$ 
Theyy recover the coefficients from the flow field of the ground using a Least Median 

off Squares estimation technique. Once this motion field is estimated, planar parallax is 
employedd to estimate the TTC with points not on the plane (i.e. on obstacles or vehicles). 
Thee difference between the optical flow field for ground points and the actually observed 
flowflow field is a vector field which is independent for camera rotations. From this vector 
fieldfield the TTC can directly be estimated. 

Theirr approach seems promising, especially for indoor applications with (highly) tex
turedd environments. For our application the plane on which our vehicle is moving is 
definedd by the surface of the road. Thus, we meet the assumption of a planar ground 
plane.. However, the surface of the road lacks texture and therefore disables accurate flow 
fieldd estimations. 
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Featuree (point / l ine ) based approaches 

AA computational more efficient solution is possible when only a few feature points are 
searchedd for. This limits the computational load and avoids the need for accurate flow 
estimationn at positions where accurate flow is hard to find (e.g. due to lack of texture). 

Thee interpretation of the observed motion of three feature points is discussed in [6]. 
However,, for our application it will not always be easy to find enough stable features and 
theirr correspondences on the objects. Especially when the vehicles are observed at larger 
distance.. To guarantee the number of stable features on a vehicle [11] suggests to equip 
vehicless with visual markers. They illustrate the motion interpretation approach of [6] 
usingg the two rear-lights of a vehicle as marker, plus an additional lamp placed on top of 
thee vehicle. 

Anotherr approach proposed by Cipolla et al. [5] is based on tracking multiple corners 
inn addition with Delaunay triangulation ([9]). However, in [4] they recognize that the 
localizationn of corner features was insufficient for reliable estimation of the differential 
invariants.. They mentioned lack of redundancy and the difficulty of finding good (stable 
andd accurate) features as main shortcomings. 

Ann identical argumentation holds for approaches based on line correspondences. 
Too summarize feature based approaches: due to lack of redundancy, inaccuracies 

introducedd in the correspondences of the applied features can propagate to large errors 
inn the final estimation of the TTC. Furthermore, both egomotion of the camera and the 
orientationn of the patch seriously affect the observed motion. 

Closedd contour  based approaches 

Inn [4] a complete different approach is proposed. Their method is based on the following 
relationn between the TTC of a patch and the observed divergence and deformation of its 
motionn field: 

11 (/ï'C V <]( f 1/ . . . , . . , , - r i 
 -—: (assuming orthographic projection) (o-o) r,n(0 0 

Thee upper bound on rm occurs when the component of relative translation parallel to the 
imagee plane is in the opposite direction to the depth gradient. The lower bound occurs 
whenn the translation is parallel to the depth gradient. When the orientation of the patch 
iss parallel to the image plane, def v = 0. For our application, deformation might only 
affectt the estimation when the vehicle is moving in the next lane and close to the camera, 
andd in case of lane shifts. 

Thee deformation of the patch will usually be difficult to estimate. However, the 
divergencee of the patch is directly related to the surface u(f) of the patch: 

divdiv i/ = —— (o.o 
a[t) a[t) 

Inn [4]. the boundary of the patch is defined by B-splines. Its variation in time is deter
minedd by integration of the normal flow components along the boundary of the patch. In 
thiss way, using equations 5.5 and 5.6 and under the assumption that deformation can be 
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neglected,, rm(t) is estimated. Their approach avoids the need for dense accurate optical 
Howw fields. Integration of the flow components provides some immunity to image mea
surementt noise. Another advantage is that their approach is less sensitive for rotations 
off the camera. A major disadvantage of this approach is that it might not always be 
possiblee to determine a robust closed contour on a vehicle. 

5.2.33 Application-specific approaches 

Previouss subsections concerned estimation approaches for the TTC developed for general 
application.. They provide insight in important issues like the influence of egomotion of 
thee camera on the estimation and how well these issues are dealt with. However, the 
kindd of image features they rely on and/or the sensitive for camera rotations make them 
impracticall for our application. Three alternative approaches have been proposed for our 
application.. These approaches are based on: 

1.. the vehicle width ([17][8]). 

2.. the vertical position of the vehicle relative to the Focus of Contraction 
([3][8][16]). . 

3.. the horizontal position of the vehicle relative to the Focus of Contraction, when 
assumingg parallel motion ([16]). 

Th ee firs t approach can be seen as a variation on the closed contour approaches. 
Definee the projected surface of a vehicle by the multiplication .4(f) = width x height = 
w(t)w(t) x h(t). Assume a rigid surface and neglecting deformation, we can define this 
surfacee a.s a function of scale. s{t): .4(f) = />n x »;» x $2{t)- Substituting this equation in 
equationn 5.6 leads to: 

,, = 2 = 2 / ) t , x u^xs2(t) = w(t) 

" I , U |<*/"=oo divv 2/(o x w0 x . s ( f )xs ( f ) dit) l ° ' ' J 

Wee are interested in r,(t) instead of rm(f). When the perspective projection model is 
applied,, the following equation for n(f) holds ([17][8]): 

mm = ^ (5.8) 

Similarr to equation 5.7. 5.8 only provides us with an approximation for r, in case of defor
mation.. In appendix D we show that deformation can be neglected for our application. 
Thiss approach based on the vehicle width is rather insensitive for camera rotations, in the 
samee way the general closed contour approach is. Major advantage over the closed con
tourr approach is that the vehicle width is more easily determined than a closed contour. 
Drawbackk of this approach remains its sensitivity for object occlusion. 

Insteadd of the vehicle width, also the distance between headlights, the width of the 
licensee plate, etc. can be used. Notice that for practical reasons the vehicle height is 
lesss suited for our application. First of all the upper and lower border of a vehicle are 
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generallyy more difficult to detect compared with the side borders. Furthermore, because 
cameraa pitch is more severe than yaw, estimation of the TTC based on vehicle height 
willl be less accurate. 

Th ee second approach can be seen as a feature based approach combined with 
thee assumption of planar motion. Knowledge about the Focus of Contraction (FOC) 
togetherr with the planar motion assumption provides enough information to relate the 
verticall position of a point in the image plane to its distance to the camera. Consider a 
camera,, positioned at height H above the road surface and with viewing direction aligned 
too the driving direction. When a vehicle is observed above image line Vy(t) in the image 
plane,, we can estimate the TTC using the following relation: 

'"<* >> = F W ) T(t) T(t) 
1{t) 1{t) 

Z(0 0 >\(t) >\(t) 
5.9) ) 

withh F the focal length of the camera. 
Advantagee of this approach is that it is relatively easy to accurately determine the 

heightt at which the vehicle is observed. The contrast, between the projected shadow 
underneathh a vehicle and the intensity of the road surface (as mentioned in chapter 3) 
providess good means for robust, estimation of this height and its time derivative. Fur
thermore,, this approach is less sensitive for deformation and occlusion, compared to e.g. 
thee previous approach based on the vehicle width. 

Drawbackk is its sensitivity for variations in (especially) camera pitch. As described in 
chapterr 2. we are able to transform our observations as if they were obtained by a camera, 
withh viewing direction aligned to its motion direction. Inaccuracies in this transformation 
yieldd to violation of the assumption of a perfectly aligned camera. Especially inaccuracy 
inn the estimation of the camera pitch can propagate to large errors in the estimation of 
r.. as is illustrated by the following equation: 

W'-y/>\ W'-y/>\ 
0;i 0;i 

Z 2 - Y a a 

YZ Z 

d(rjïd(rjïyy) ) 
Do Do 

(5.10) ) 

Thee derivation of this equation and a discussion about its consequences can be found 
inn appendix E. This sensitivity aspect puts high demands on the egomot.ion estimation 
procedure.. Besides the accuracy of the estimated mean viewing direction of the camera, 
thee impact of (even small) inter-frame rotations of the camera can not be underestimated. 
Inn order to be of any practical use. this approach will require proper temporal filtering. 

Th ee thir d approach is similar to the previous approach based on r,,(/). It employs 
thee relation between the TTC and the horizontal position /v(r). under the assumption 
off parallel motion. Like u:(i) and t'y(i). it's not difficult to extract a track r^it) from 
thee observations of a vehicle. In agreement with the previous approach, this approach 
iss robust for deformation and partial occlusion of the observed vehicle. An important 
advantagee over previous approach is that the observation of r.r(r) is hardly affected by 
variationss in camera pitch. In return, it depends more on variation in camera yaw. 
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However,, this ego-motion component is generally estimated with much higher accuracy2. 
Forr our application, the assumption of parallel motion is more often violated than 

thee assumption of planar motion. Especially lane-shifts are an important source for non-
parallell motion. However, this doesn't completely eliminate the practical use of the third 
approach.. We will return to this discussion at the end of this chapter. 

5.2.44 General estimation scheme for TTC 

Thee three application-specific approaches have much in common. Therefore, we present 
aa general estimation scheme for the TTC. which can be used regardless the underlying 
approach.. For the three approaches. 

•• the required input consists of tracks of features observed on vehicles; 

•• robust features are available for our application; 

•• the relation between measurement input p(t) and r(t) is given by the quotient of 
p(t)p(t) and its time derivative, ƒ)(/)''; 

•• the measurement input satisfies l/p(t) = linear (in time). 

Bothh p(t) and pit) must be determined. An accurate estimation of p{t) can be ob
tainedd from the observations. Being far too sensitive for the measurement inaccuracies 
inn p{t). the time-derivative, p(r), can't be obtained by means of direct differentiation. 
Thee property that l/p(t) = linear is exploited to incorporate temporal smoothing in the 
estimationn procedure for p{t). 

Wee mode] the inaccuracy in the measurement sequence pm{t) as normally distributed 
zeroo mean noise4: 

PmPm(t)(t) = p{t) + j] p{t), with rjp = 0. var{7/„) = a; (5.11) 

Wee fit a linear model (njV • t + fc,v) to the function l//>m(f) over a time-interval [tk-N, h'\-
Thee model parameters {a \. b\] are related to r by 

T(tT(tkk)\s)\s = -tk-ax/bx (5.12) 

Estimationn of {<iiV>èiV} from the measurement data is a typical weighted Least Squares 
problem.. Its solution is found by minimizing the following squared error: 

E(„A,6.v..V,W== £ (V--t, + 6..v-l/,;m(t,.)y ( M J ) 

2Ass discussed in chapter 2. 
^Forr each of the three approaches, pit) represents w(t), ry(t) and rr(t), respectively. 
4Itt is possible that the accuracy of the measurement varies with die distance of the object to the 

imagee plane. This, due to increase of amount of detail visible. This characteristic is not included in our 
modell for the measurement inaccuracy. 
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measurementss pm 

'Vmii -rxin2 = u' + rft - T / 2 

l'yl'y m — l V } 

TrmTrm = l'i  + 1] 

measurementt inaccuracy 

var(t]i)var(t]i)  = vnriifc) = fr'i 

var(ri)var(ri)  = c\ 

var(i})var(i})  = a'l 

variancee u2 in 

functionn 1/;;„,. 

2aU^ 2aU^ 
2 / 4 4 

oli'i oli'i 
approximationss assuming u\ << p2(t) 

Tablee 5.1. Approximated variance in l/p,„  due to propagation of the measurement inaccuracy 
inn pr„.  Sec appendix F for details. 

Thee weighting factor a1 represents the variance in l /p r f l ( f j . given by 
erferf = E {(l/PmUi))2} - E { l /p ; T i(^)} 2 . A practical approximation for a'f is given in 
tablee Ö.1 for the three definitions of p{t). This approximation assumes that the vari
ancee of the measurement inaccuracy in pm{t) is much smaller than p{t). This can be 
guaranteedd when the observed vehicle is not too far away. When the vehicle is observed 
nearr the FOC. this approximation can't be applied. We refer to appendix F for its exact 
definition. . 

Wee incorporated temporal smoothing in our estimation procedure for r{t)  under the 
assumptionn of a linear time dependency of \fpVi{t)- However, there are several sources 
thatt introduce temporal non-linearities in the function \(p1n{t). Mainly, (temporal) ac
celerationn or small steering actions will be to blame. When such an event occurs, we are 
byy definition only interested in the linear extrapolation of l/p„,(t)  after this event'1. Tn 
orderr to deal with these non-linearities we need to identify these events and adjust the 
lengthh of the time interval. A\ in a proper manner. 

Thee optimal length of the time interval depends on the signal-to-noise ratio in \/pni(t) 
andd the measure of' non-linearity in this sequence. To suppress the measurement noise, 
thee size of the time-interval should be as large as possible. In case of non-linear motion, 
estimationn of TTC should be based on the last measurements in order to predict what is 
happening.. In summary: the optimal interval width corresponds to the maximum value 
forr iY for which the disagreement between the linear model and measurement data can 
bee explained by measurement inaccuracy. 

Thee expected measurement inaccuracy is given by: 

11 A' 

Thee chi-square merit function indicates how well our linear model agrees with the 
measurementt data. We will refer to this function as the measure-of-fit (MoF). This 

JByy definition, we assume const mil relative motion. Derivation of r = p„,/ƒ)„•, by means of noti-linear 
extrapolationn of the function l/p„, is inconsistent with the definition of the TTC. 
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functionn is given by ([7]): 

kk 2 

V^^ f UN 'tj + bA- - l/pm{U)\ 

\2(«A-.6A-.Ar.(fc)) = ^ ^ (5.15) 

>=k-N >=k-N 

Thee smaller the value of \'2, the better the measurements are explained by the model. 

Thee relation between the MoF. the expected variance in the measurements and the 
choicee of optimal interval length N is illustrated by the following simulation example. 
Considerr a camera that moves with constant translational motion in the direction opposite 
too its viewing direction. A co-ordinate frame is attached to the nodal point of the camera. 
Thee z-axis corresponds with the optical axis of the camera, the x-axis is oriented parallel 
too the surface of the road (and perpendicular to the ego-motion direction). We observe 
aa single point at initial position (Xu. V'O, Z0) = (4,1, 20)m and with initial constant speed 
(0.0.3)rn/s.. After 2 seconds the relative motion gradually decreases to (0,0.2)m/s. over 
aa time interval of 1.5 seconds. The relative motion is plotted in figure 5.4(a). The 
observedd motion is plotted in figure 5.4(b). assuming a frame rate of 50 frames/sec. The 
measurementt function pm(t) = ' ^ ( 0 + i'h{t). with var(tyr)=0.6 pixels. The non-linear 
functionn l/pni{t) is plotted in figure 5.4(c). 

Figuree 5.5 presents the estimation results for r}. The upper figure shows the true 
r,(f)) (dashed line) and the estimated r:(t) (continuous line). The lengtli of time-interval 
A'' is determined by previously described approach and plotted in the lower figure. The 
estimationn results for r,, when only the minimum or only the maximum value for A' way 
used,, are also shown (dotted lines). The figure in the middle illustrates the MoF and the 
expectedd variance in l/pm(t). 

Afterr approximately 0.5 second the estimation of r, is based on enough measurements 
too obtain reasonable accuracy. Until 2.7 seconds the MoF indicates that the inaccuracy 
betweenn the measurement data and the linear model can be explained by the measure
mentt inaccuracy. Therefore, the maximum length for the time-interval is used for the 
estimationn of r,. After 2.7 seconds, the MoF connected to this maximum interval length 
exceedss the maximum expected variance a'2. As a result the length of the time-interval is 
diminishedd (see plot for A' in figure 5.5). After the event of non-linear motion (i.e. after 
3.55 seconds) the measurement function becomes linear again and the estimation of r, can 
bee based on more measurements. Based on the MoF and a2. N is gradually increased, as 
iss illustrated in the plot for N (figure 5.5). 

Noticee the delay in response of the algorithm to the non-linearity. In this example, the 
delayy is approximately 0.75 seconds. This delay depends on the maximum value that is 
allowedd for the length of the time-interval. The non-linearity in the relative motion would 
havee been noticed earlier when a the maximum allowed value for A' was less. However, 
reducingg the maximum allowed value for A' will reduce the performance of the algorithm 
inn case of linear motion. 
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Figur ee 5.5. Simulation results. See text for details. 
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5.33 Motion direction and lane identification 

Althoughh the motion possibilities of a vehicle are limited in the X-direction, its position 
measuredd in this direction is crucial for the interpretation of its motion. The position 
directlyy enables us to identify the lane its moving in. By monitoring the position in 
time,, we can distinguish an actual lane-shift from small steering actions in the same 
lane.. Besides this, the performance of the algorithms explained in the previous section is 
influencedd by motion in this direction. 

Considerr a camera that observes the scene behind our vehicle with its viewing direction 
alignedd to our motion direction (figure 5.1 with frame (X, Y, Z) aligned to (X, Y,Z)). For 
eachh point, the quotient of its imago plane coordinates provides us with: 

rAt)/rrAt)/r tttt(t)=X{t)/Y{t)(t)=X{t)/Y{t)  (5.16) 

Thiss means that knowledge about the vertical position Y(t) directly leads to the 
distancee of the point measured along the X-axis. Suitable points for estimation of this 
distancee are therefore those that can robustly be detected and for which their vertical 
positionn (Y"(f)) is known. In general, a good approximation of the height H of the camera 
abovee the surface of the road will be known. Thus, good candidate points for determining 
thee horizontal position of a vehicle are those observed on the vertical transition of road 
surfacee to shadow projected by a vehicle. As mentioned when we discussed the estimation 
off the TTC. those points can usually be identified in a robust way. 

Forr estimation of the horizontal position of a vehicle we will use the camera points 
appliedd as input for the estimation of the TTC. For each pair of points we will use the 
averagee values of their image plane co-ordinates. The horizontal position is obtained by 

X[t)X[t)  =  r ^ / ' tO + ^ . ^ f O x H (5>17) 

Inn case of parallel motion. A'(f}=constant. whether the relative motion of the object 
iss linear or not. Estimation of A' doesn't involve the time-derivatives of {fx{t).ry(t)}. 
Itss sensitivity for inaccuracies in the estimation of inter-frame rotations of the camera 
iss therefore much less dramatic, compared to the motion parameter TTC, A discussion 
aboutt the sensitivity of rj(t)/r y(t) for camera pitch and yaw can be found in appendix E. 
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5.44 Experiments 
Forr the experiments we used two practical video sequences, named URBAN and BUILDING. 
Bothh sequences contained 50 non-interlaced frames (568x768 pixels) per second. For 
vehicless observed in these sequences we tracked two points: the lower left and lower right 
cornerr of a bounding box defined for each vehicle. 

Whenn possible, the estimation results for r, will be compared with a best linear 
estimationn for T|. This provides us with an indication for the ground truth. We divided the 
observationss into time fragments for which the relative motion of the object is constant. 
Thee best linear representation (ground truth indicator) for r, is then obtained by fitting 
aa linear model to all measurements available for each time fragment. 

5.4.11 Sequence URBAN 

Inn sequence URBAN we observe the scene through the rear-window of a. non-moving 
vehicle.. This sequence illustrates the performance of our estimation approaches for r, 
without,, the influence of egomotion of the vehicle. Two vehicles are observed. One 
approachess our vehicle while performing a lane-shift. This vehicle is referred to as vehicle 
A.. The other vehicle breaks in order to finally end up just behind our vehicle. Its relative 
motionn is non-linear and therefore omitted from the experiments. 

Figuree 5.6 presents the estimation of the horizontal position of vehicle A, relative to 
thee camera. We determined the quotient (r^(f) + rJ.<>(f)}/(r;/i{0 + ry2(t)}- using pair of 
trackss on the vehicle. The camera is placed at approximately 0.75m above the surface 
off the road. Figure 5.6 shows that the vehicle is initially located in the lane next to us. 
Whilee approaching, it moves towards our lane. 

Wee will now continue with the estimation of r, for the vehicle. In figure 5.7(a) we 
havee indicated the two points the vehicle that were tracked in time. The observed motion 
off these points is plotted in figures 5.7(b) and (c). The motion plotted in these figures 
iss transformed in such a way as if it were that the observations were obtained with a 
cameraa with optical axis parallel to the motion direction of our own vehicle. 

Figuree 5.8 shows the performance of the approach based on i"y{t)/fy{t)-  Figure 5.9 
showss the performance of the approach based on w(t)/iv[t). The two approaches provide 
similarr results and illustrate the robustness of both estimations for this experiment. The 
resultss based on rJ.(t)/f:r(t) are not presented. The relative motion of the vehicle is not 
alignedd with the viewing direction of the camera. Over a short period of time, the relative 
motionn of the vehicle in horizontal direction varies a lot (see also 5.6). The non-linearity 
introducedd in the function for l/rs(t) makes estimation of TTC based on r,(0A\r(f.) 
unfit. . 
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,(t)+ff ,(t))/(r ,111-t-r (I)) for vehicle A in sequence URBAN 

Figur ee 5.6. Illustration of the function rx{t)jr y(t) for the vehicle in sequence URBAN. For ra 

andd /•,, we used the average position of the two tracks obtained for the vehicle. 
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Figur ee 5.7. Fig.5.7(a): illustration of the two points tracked on vehicle A in sequence URBAN. 
Fig.5.7(b)) and (c): horizontal respectively vertical position of the tracks. Dotted lines indicate 
observationss without correction for the mean viewing direction of the camera. Continuous lines 
indicatee observations after compensation for the viewing direction. 
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Figure5.8 .. Estimated TTC for vehicle A in sequence URBAN, based on ry(t)/fy(t). The 
upperr figure shows the TTC. estimated with and without correction for the mean viewing 
directionn of the camera. Also the ground truth indicator for the TTC is plotted. The lower 
figuree shows the length of the lime interval applied for the estimation based on the observations 
correctedd for the mean viewing direction of the camera. 
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Figuree 5.9. Estimated TTC for vehicle A in sequence URBAN, based on w(t)/w(t). The upper 
figurefigure shows the TTC. estimated with and wit hunt correction for the mean viewing direction 
off the camera. Also the ground truth indicator for the TTC is plotted. The lower figure shows 
thee length of the time interval applied for the estimation based on the observations corrected 
forr the mean viewing direction of the camera. 
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5.4.22 Sequence BUILDING 

Inn sequence BUILDING we observe the scene through the windscreen of the vehicle. Fig
uree 5.10 shows four images from this sequence. We estimated the motion of three vehicles 
(vehicless A. B and C, as indicated in figure 5.10). Vehicle A overtakes our own vehicle in 
thee lane to our left. Vehicle B is observed in our own lane until it is occluded by vehicle 
('.. Vehicle C is initially observed in the acceleration lane. At the end of the sequence it 
hass merged with our stream of traffic. 

framee 1 frame 165 frame 330 frame 495 

Figuree 5.10. Four frames from sequence BUILDING. The motion of vehicles A. B and C was 
interpretedd in the experiments. 

Duringg sequence BUILDING our own vehicle performs small steering actions. We 
estimatedd the inter-frame rotations for this sequence using the approach described in 
chapterr 2. In order to provide temporal smoothing we applied a simple Gaussian filter 
too the estimations for roll, pitch and yaw (accumulated over time). Roll and yaw were 
smoothedd with a = 3 time steps. To account for the dynamics in the camera pitch we 
appliedd ci — 1 time steps for smoothing the pitch. Before smoothing, extreme outliers 
(deviationn from the mean of more than 2.5o") were detected and replaced by means of 
interpolation.. The filtered estimations for roll, pitch and yaw are (dotted in figure 5.11. 

Figuree ö. 12 presents the estimation of the horizontal position of each vehicle, rel
ativee to the camera. For each pair of tracks, we determined the quotient (rrl\t) — 
'VJ ( ' ) ) / ( ' ' .V I ( 00 + 'V-'l'))- The camera is placed at approximately liu above the surface of 
thee road. With this information, analysis of figure 5.12 leads to the following interpreta
tion: : 

vehiclee A: moves (approximately) parallel to the camera in the lane to our left; 

vehiclee B: moves (approximately) parallel to the camera in the same lane; 

vehiclee C: initially observed at about 8m to the right of the camera. Performs a (slow) 
lanee shift to the left and finally ends up in our lane. 

Wee will now continue with the estimation of r, for each of the vehicles. In figure 5.13a 
wee have indicated the two points on vehicle A that were tracked in time. The observed 
motionn of these points is plotted in figures 5.13b and c. The motion plotted in these 
figuresfigures is transformed in such a way as if it were that the observations were obtained 
withh a camera with optical axis parallel to the motion direction of our own vehicle. The 
dataa is illustrated before and after correction for inter-frame rotations of the camera. 
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Thee relative translational motion of vehicle A is not perfectly constant. After ap
proximatelyy 2 seconds the relative speed decreases somewhat, introducing non-linearity 
inn 7,. This non-linearity also appears in the estimation results for 7,. Figures 5.14 to 5.16 
illustratee the performance of the different approaches for estimating 7, for vehicle A. 

Figuree 5.14 shows the performance of the approach based on r,Jt)/ry(t). The correc
tionn of (mainly) the camera pitch appears to be of insufficient accuracy to enable proper 
estimationn of 7,. The results illustrate the high sensitivity of this approach for even small 
inaccuraciess in the inter-frame motion estimation. Estimation of 7! based on ry{f)/fy{t) 
requiress a more sophisticated filtering procedure for the ego-motion iu order to obtain a 
betterr estimation of the camera pitch. 

Figuree 5.15 shows the performance of the approach based on rj.(t)/i*j.(t.).  Obviously, 
off the two tracked points observed on the vehicle we used the one observed at largest 
distancee from the FOE. The estimation results indicate that 7, can accurately be esti
mated.. Furthermore, they confirm the expectation that camera yaw was estimated more 
accuratelyy than camera pitch. The importance of ego-motion correction is illustrated. 
Finally,, the results indicate that the algorithm correctly responds to the non-linearity in 

Figuree 5.16 shows the performance of the approach based on w{t)/w(t). The limited 
sensitivityy of this approach for inter-frame camera rotations is expressed by the results. 
Thee decreased signal-to-noise ratio of this approach, compared to the previous approach, 
iss illustrated by the influence of the non-linearity in the relative motion. The accuracy 
off this approach is more affected by the non-linearity than previous approach. 
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estimationn ol camera roll, pitch and yaw 

timee [sec] 

Figur ee 5.11. Estimated roll, pitch and yaw for sequence BUILDING. The estimates are 
accumulatedd over time. Estimations were provided by the approach described in chapter 2. 
Extremee outliers were removed from the estimates. The measurements, accumulated over time, 
weree smoothed with a Gaussian filter. 

( r
x l(t)+fx2(t))/( rr , ( ' )* ' ' 2(')) for vehicles |A.B.C) in sequence BUILDING 

Figur ee 5.12. Illustration of the functions rx(t)/ry(t) for each of the three vehicles in sequence 
BUILDING.. For rx and ry we used the average position of the two tracks obtained for each 
vehicle. . 
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22 Hacked points on veh.A. sc-q BUILDING 
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F i g u r e 5 . 1 3 .. Fig.5.13(a): illustration of the two points tracked on vehicle A in sequence 
BUILDING.. Fig.5.13(b) and (c): horizontal respectively vertical position of the tracks. Dotted 
liness indicate observations without correction for inter-frame camera rotation. Continuous lines 
indicatee observations after compensation for inter-frame camera rotation. 

estimatedd TTC based on r (t) 

groundd truth indicator 
TTCC without corrector 

TCC with correction 

timee [sec] 

lengthh Nit) of time-interval applied on function t 'r It) (with correction; 

'150--

i100 ' ' 

II I I 

timee (sec) 

F i g u r e 5 . 1 4 .. Estimated TTC' for vehicle A in sequence BUILDING, based on ry{t)/r y(t). The 
upperr figure shows the TTC. estimated with and without correction for inter-frame camera 
rotation.. Also the ground truth indicator for the TTC is plotted. The lower figure shows the 
lengthh of the time interval applied for the estimation based on the observations corrected for 
c a m e r aa r o t a t i on . 
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Figur ee 5.15. Est imated T T C for vehicle A in sequence BUILDING, based on rx(t)/rx(t). The 
upperr figure shows the TTC . estimated with and without correction for inter-frame camera 
rotation.. Also the ground t ruth indicator for the TTC is plotted. The lower figure shows the 
lengthh of the time interval applied for the estimation based on the observations corrected for 
cameraa rotation. 
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Figur ee 5.16. Estimated T T C for vehicle A in sequence BUILDING, based on w(t)/w(t). The 
upperr figure shows the TTC . estimated with and without correction for inter-frame camera 
rotation.. Also the ground t ru th indicator for the TTC is plotted. The lower figure shows the 
lengthh of the time interval applied for the estimation based on the observations corrected for 
cameraa rotation. 
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laa figure 5.17a we have indicated the Two points on vehicle B that were tracked in 
time.. The observed motion of these points is plotted in figures 5.17b and c. The vehicle 
slowlyy moves away from the camera. Like for vehicle A the insufficient accuracy of the 
estimatedd camera pitch leads to a poor performance of the estimation approach for r, 
basedd on ru(t)/ry(t). The vehicle is moving is the same lane as our own vehicle. As a 
resultt the signal-to-noise ratio of l/tr(t)  is significantly better than for l/rj.[t).  Therefore, 
thee approach based on w(t)/w{t) will provide the best estimations for r, for vehicle B. 

Figuree 5.18 illustrates the estimation results for this approach. Again, the limited 
sensitivityy of this approach for inter-frame camera rotations is expressed by the results. 
Thee results confirm that the vehicle is slowly moving away from us. 

Inn figure 5.19a we have indicated the two points on vehicle C that were tracked in time. 
Thee observed motion of these points is plotted in figures 5.191] and c. As we concluded 
earlier,, the vehicle performs a slow lane shift in order to merge with our stream of traffic. 
Att first we approach this vehicle, but. after approximately 4 seconds it accelerates in order 
too adapt to the general speed in our lane. Due to the significant translational motion 
componentt in horizontal direction, the approach based on rx(t)/rT(t) can not be applied. 
Thee approach based on w(t)/w{t) will provide the best estimations for r, for vehicle C. 

Figuree 5.20 illustrates the estimation results for this approach. Again, the results 
expresss the limited sensitivity of this approach for inter-frame camera rotations. The 
resultss confirm the motion pattern of the vehicle that was described earlier. First r, 
decreases.. When vehicle C accelerates in order to adapt its speed to the general speed in 
ourr lane, r, increases. 
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Figur ee 5.17. Fig.5.17(a): illustration of the two points tracked on vehicle B in sequence 
BUILDING.. Fig.5.17(b) and (c): horizontal respectively vertical position of the tracks. Dotted 
liness indicate observations without correction for inter-frame camera rotation. Continuous lines 
indicatee observations alter compensation for inter-frame camera rotation. 
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Figur ee 5.18. Estimated TTC for vehicle B in sequence BUILDING, based on w(t)/w(t). The 
upperr figure shows the TTC. estimated with and without correction for inter-frame camera 
rotation.. Also the ground truth indicator for the T T C is plotted. The lower figure shows the 
lengthh of the time interval applied for the estimation based on the observations corrected for 
cameraa rot at ion. 
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F i g u r e 5 . 1 9 .. Fig.5.19(a): illustration of the two points Hacked on vehicle C in sequence 
BUILDING.. Fig.5.19(b) and (<•): horizontal respectively vortical position of the tracks. Dotted 
liness indicate observations without correction for inter-frame camera rotation. Continuous lines 
indicatee observations after compensation for inter-frame camera rotation. 
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F i g u r e s . 2 0 .. Estimated TTC for vehicle C in sequence BUILDING, based on ic(f)/t'r(l).  The 
upperr figure shows the TTC. estimated with and without correction for inter-frame camera 
rotation.. Also the ground truth indicator for the T T C is plotted. The lower figure shows the 
lengthh of the time interval applied for the estimation based on the observations corrected for 
cameraa rotation. 
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5.55 Discussion 

Inn this chapter we presented an overview of different approaches for the estimation of 
thee TTC. Based on this overview we selected three approaches that seem suitable for our 
application.. These methods are based on (i) the vertical position of a point on a vehicle. 
ry(t)/fry(t)/fyy(t),(t), (ii) the horizontal position of a point, rx(t)/rx(t) or (iii) the observed vehicle 
width.. w{t)/w(t). 

Thesee approaches share the important aspect that they employ clues that are ap
propriatee for our application. The position of these clues can accurately and robustly 
bee extracted from the image data. We propose a single filtering technique for the sup
pressionn of measurement noise. This technique exploits the linearity in the measurement 
functionn l/p{t) (where p(t) represents ry(t}. rx(t) and w[t) respectively) when observed 
overr a period with constant relative motion. The optimal time-interval that is considered 
forr the suppression of measurement noise is automatically selected. 

Thee three approaches are liable for accurate estimates for the TTC. This is underlined 
byy the experiments. Observing features on both the left, and right side of the vehicle 
makess it possible to switch between the three approaches. In this way the estimation 
proceduree is flexible to adapt to a specific case. For example, if the vehicle becomes 
partiallyy occluded one can still estimate the TTC based on ry(t)/ry{t) or 7v{f)/rT(/). In 
casee of a lane-shift., the function rT[t)/i' x{t) can no longer be applied and the other two 
approachess should be used. If such a situation occurs in which an approach can1t be 
applied,, this can be recognized from the observations. The most appropriate approach 
forr the situation that is considered depends on: 

•• the signal-to-noise ratio {section 5.2,4) 

•• the measure of linearity of the measurement function l/p(t) (section 5.2.4) 

•• whether the assumption of parallel motion is met or not (section 5.3) 

•• the location of other vehicles in the image plane (occlusion; chapter 4) 

Itt is mainly due to the transparency of the error propagation that we are able to select. 
thee most appropriate estimation approach. 

Inn general, the approach based on w(t.)/w(t) will provide more accurate estimates 
forr the TTC. It is almost insensitive for errors in the correction for inter-frame camera 
rotations.. Also the influence of deformation of the observed vehicle during a lane-shift, 
cann be disregarded for our application. Major disadvantage of the approach based on 
w(t)/w{t)w(t)/w{t) is the sensitivity for occlusion. 

Thee approaches based on ry(t) and 7\r(/) are insensitive for partial occlusion of the 
vehicle.. However, the function ry(t)/ry(t) features high sensitive for errors in the correc
tionn for camera pitch. In the same way, the function rx{t)fr x{t) is affected by inaccurate 
estimationn of camera yaw. Besides this, the function rx{t)/r x(t) can only be applied 
forr estimation of the TTC in case of parallel motion. Notice that, if the parallel mo
tionn assumption is violated during a lane-shift, an accurate update of the TTC is of less 
importance.. More important is information about the lanes that are involved in the 
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lane-shift.. This information is obtained from the analysis of the function rs-(t)/ry(t), as 
describedd in section 5.3. Immediately after the lane-shift, estimates based on rj.[f.)/r T(f) 
cann be used again. 
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Chapterr 6 

Summaryy and Conclusion 

Inn this thesis methods and algorithms are investigated for vision based motion estimation 
andd interpretation. We consider the application where a single camera is attached to a 
movingg vehicle, typically driving on a highway. Four characteristic aspects for motion 
interpretationn are distinguished. 

Inn the first place we consider the impact of egomotion on the interpretation of the 
observations.. We estimate the mean viewing direction of the camera (measured relative 
too the driving direction of the vehicle) and the inter-frame camera rotations. Three ob
servationss are important when the issue of egomotion estimation is addressed, {i) The 
dynamicall characteristics of these two parts differ considerably, asking for different esti
mationn techniques. (Ü) Both estimation techniques employ data observed in the back
ground.. In order to be robust to the large diversity in appearance of the background 
onlyy moderate assumptions are made on the appearance of this data, (iii) The third 
observationn only concerns the inter-frame rotations. We exploit the redundancy in the 
informationn provided by the optical flow field of background points. It is crucial to real
izee that a re-weighted orthogonal lea.st squares optimization technique is required for the 
estimationn of the rotation parameters from the measurements. The information about 
viewingg direction and camera rotations makes accurate stabilization of the video stream 
possible.. The high accuracy, needed to enable motion interpretation, is obtained. 

Vehiclee detection is the next aspect of the interpretation process. It concerns separa
tionn of visual data belonging to objects (i.e. vehicles) from background data and represents 
thee initiation phase for vehicle tracking. It is important that vehicles are being detected 
inn an early stage and with a high probability. Not recognizing the presence of a vehicle 
cann have disastrous consequences in practical applications. False detection of objects as 
vehiclee is relatively easy taken care of in the tracking phase. We selected clues for vehicle 
detection,, based on their computational complexity and advantages and disadvantages 
regardingg our application. Robustness to the large diversity in the appearance of vehicles 
iss of course an important factor. Therefore, different clues are assigned to detect passing 
vehicless (observed "in the corner of the eye') and vehicles observed in the distant or at 
mid-range.. For passing vehicles, we combine temporal differencing, shadow and motion 
cluess into a single detection scheme by analyzing projected motion. Analyzing the pro
jectedd motion appears to be a new approach. For mid-range and distant vehicles we 

1U7 7 
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developedd an efficient, strategy that employs shadow, entropy and horizontal symmetry 
cliiess for detection. Each of these clues has been applied for vehicle detection before. 
Combiningg them distinguishes our method from earlier proposed approaches. This ulti
matee result consists of two algorithms, both capable to detect vehicles in practice with a 
highh probability. In experiments, all passing vehicles are correctly detected. Mid-range 
andd distant vehicles are detected at high detection rates (within two or three frames). 

Oncee a vehicle is detected its position in the image plane is tracked through the image 
sequencee until it moves from the field of view. Also with vehicle tracking the issue of 
robustnesss plays an important role. The algorithm should stick to the vehicle under 
considerationn and is not. allowed to be distracted by the presence of other vehicles or 
changess in environmental conditions. High flexibility is demanded. This points namely 
too the diversity in appearance of both vehicle and background (and their interaction). 
Thee potential rapid fluctuations in illumination of the scene adds to this demand for 
flexibility.. We designed a platform suitable for vehicle tracking in practice. The platform 
iss based on matching of both static and dynamic 2D templates to the visual data. To 
avoidd distraction of the matching procedure by similar objects in the scene a combination 
off a Kalman filter and multiple hypotheses reasoning is applied. The dynamic structure of 
thee platform, together with the flexibility in the design of these templates makes flexible, 
robust,, efficient and accurate performance possible in practice. 

Thiss leaves us with the translation of the vehicle motion observed in the image plane 
intoo the motion or behavior of the vehicle relatively to the camera. Two motion param
eterss that characterize motion interpretation for our application are discussed. The first 
onee concerns the lane in which the vehicle is observed and the direction its heading to 
(parallell to our lane or not). This information is directly obtained from the output of the 
vehiclee tracking algorithm. More complicated is the derivation of the second parameter; 
thee time that elapses until a vehicle reaches our vehicle. In literature, this parameter is 
usuallyy referred to as the time-to-txmtact. After reviewing different techniques developed 
too estimate this parameter, three approaches that appear to be most appropriate for 
ourr application are considered in detail. The measurement input for these approaches 
respectivelyy consists of the horizontal position in the image plane of a point observed on 
aa vehicle, the vertical position and the observed vehicle width. Tracks in the image plane 
off (for example) only the lower left and right 'corner of a vehicle' provide enough data 
too freely switch between the three approaches. These tracks can robustly be obtained in 
practice.. Another important, aspect of these approaches is that they provide good means 
forr temporal smoothing of the measurement input. This is important to suppress the in
fluencee of disturbances in the observations in practice. The similar structure of the three 
approachess enabled us to design a single (new) temporal filtering technique. From the 
observationss one can determine which approach will lead to the most accurate estimate 
forr the time-to-contaet for the given situation. Both lane-shifts and the time-to-contact 
aree estimated from real image sequences. The main contribution of the chapter about 
motionn interpretation is the insight it. provides in different approaches for the estimation 
off the time-to-contact, in relation to our application. 
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AA Video data used in the experiments 

Alll experiments are based on real-world image1 sequences. Most sequences originate from 
PALL coded video material, provided by the broadcasting station TV-Noord. Color was 
transformedd into gray scale using standard transformation. Depending on the resolution 
desiredd by our algorithms we removed interlacing from the sequences in two different 
ways. . 

Thee most straight forward approach for removing interlacing is by considering only 
thee even lines in each frame. This results in a sequence, containing 25 images of 284x768 
pixelss per second. These sequences were used for the experiments in chapters 3 and 4. A 
disadvantagee of this approach is the reduced vertical resolution. 

Thee vertical resolution can be preserved by means of interpolation. For each frame, 
ann image of even lines and an image of odd hues is successively recorded at a frequency of 
5UHz.. The image data should therefore be considered as a sequence of 50 (sparse) images 
perr second. The missing image lines in these frames can be reconstructed by means of 
verticall interpolation. We applied simple Gaussian interpolation in vertical direction to 
restoree the missing data1 . This results in a sequence, containing 50 images of 508x768 
pixelss per second. These sequences were used for the experiments in chapters 2 and 5. 

Inn chapter 3 we also describe experiments based on two sequences of the well-known 
Fiorinoo video data. The Fiorino road sequences are provided at the internet by the 
Istitutoo Elettroteenieo Xazionale Galileo Ferraris (IEN): 
http://www.ien.it/is/visIib/road-iuono_iniages.html.. These sequences contain 15 gray 
scalee images of 280x360 pixels per second. In chapter 3. these sequences are referred to 
ass Fiorinol and Fiorinu2. 

'Thee interpolation introduces some smoothing of the image data in vertical direction. For most 
practicall application- (like onrsj. this smoothing is desirable to suppress image- noise. 

http://www.ien.it/is/visIib/road-iuono_iniages.html
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BB Statistics for the estimation of the FOE 

Thee estimation of the location of the FOE. if^./y). is based on measurement data of 
MM (M > 2) tracks in the image plane. This appendix illustrates how inaccuracies 
inn the measurement data propagate to inaccuracies in the estimation of the FOE. The 
measurementss contain the observed positions (rr(t}<  t'y(t)) of background points that were 
trackedd in time. The inaccuracy in the observations is denoted by (<7.,.,<7y). 

Thee estimation of the FOE can be divided into 2 steps. First each track is ap
proximatedd by a straight line. Next, the (virtual) intersection of the lifted lines, which 
correspondss to the location of the FOE. is estimated. The inaccuracy in the observa
tions.. {Uj-.Gy). lead to inaccuracies in each line fit. Subsequently, these inaccuracies in 
thee model parameters of each line lead to an uncertainty in the estimated intersection of 
thesee lines. We first analyze how the inaccuracy (aT. ay) leads to inaccurate estimation of 
thee model parameters of each line fit. Next we present how the uncertainty in the model 
parameterss propagate to inaccuracy in the estimation of the intersection of these lines. 

Fittingg a straight line to the measurement data 

Thee measurement data of one track of length Ar is denoted by (r.r,, rv,-) with / = 1 . . . N. 
Thee inaccuracy in the measurements is assumed to be normally distributed. We fit a 
straightt line, lj  := rv = '̂o/'V + f'ij- to this data set. For our application of line fitting, 
simplee Least Squares provides almost the same results as the more complex Orthogonal 
Leastt Squares. Using simple Least Squares means minimizing the following error function, 
assumingg only inaccuracies in the measurement of the vertical position ( r^) : 

A' ' 

i = i i 

Minimizingg the error function means simultaneously solving equations dEj/dc^j = 0 
andd iJEj/Ocij = 0. From this, the expressions for the parameters cny and C[j  can be 
obtained.. Finally we can use these expressions to approximate the inaccuracy in the 
modell parameters. Applying the notation: 

.vv  A' ,V :V 

&&  = E r "  s*  = E -'v s"  = E ' - ^ = E '«'v <B-2> 
< = ii  1=1 1=1 i = i 

wee find the following expressions for the model parameters and their inaccuracies 
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Estimatingg the intersection of M straight lines 

Thee FOE is located at the (virtual) intersection of the M straight lines. Due to measure
ment,, inaccuracies, the M lines will not intersect in one and the same point. The best 
approximationn of the FOE. {fr.fy).. is the point that minimizes the sum of geometrical 
distancess between (ƒ*, fy) and each line. The geometrical distance is the distance between 
thee FOE and a line lj, measured along a line perpendicular to lj. This line, denoted by 
/ƒ.. is given by 

IfIf  !v = - — ƒ, + h + hfcoj (B.5) 

andd intersects lj  in point (fxjS,fws): 

ITIT + cojfy ~ CajCij cQjfx + clju + c 
(f*>f»js)(f*>f»js)  = IJ T , 1 • ,2 ; ; — - 1 (B-6) 

4i4i +1 % + l 

Thee position of the FOE is therefore found by minimizing the following error function: 

AYY ,, .., M 2 

withu,VV = 1 / ( ^ + 1). 

Thee position ( /^ / y ) is obtained by simultaneously solving equations dEjdfx = 0 and 

dE/dfydE/dfy = 0. Applying the notation: 

MM M M 

5050 = 2_  ̂%' ^'j • '̂oo = 2 ^ cöj ^'j • ^ = Z ^ "'J 
j=lj=l  j=l  j = l 

AYY AY 

511 = ^ ^ Cij ü'j . 5'OL = ^ ^ t'Oj C'ij o-'j 

leadss to the following expression for the estimation of the FOE: 

;; So Si - Sw S'oi 

SwSaoo - (Sur 

' 9 ~ S . , S O O - ( S Q ) 22 ( J J 

Thee inaccuracy {^%-cr'j^} in these estimations is caused by the inaccuracies in cUj and 
rjjj and can be approximated by the following expressions 

'/»=E<(£)) +1:^, ^ dfvdfv \ v^ -> ( % 

usingg the result of equation B.4 and the relations of B.9. 
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CC Derivation of the error function 

Inn this appendix we derive the error function that was presented in equation 2.10. We 
startt by repeating equation 2.9: 

F(rF(r yy + fy)Aa + F{rT + rx)Ai3 - (rx{r x + r : ) + ry(ry + ry)) A-y 
== 7V"i/ ~- i*yfx , V background points (C.12) 

Measurementt inaccuracies are present in the optic flow estimations {fXi,fyt)<  of back
groundd point i. The solution {An(7), AiJ(t), A")!(t)} we are looking for minimizes the 
summ of geometric squared distances between the final solution and all the w measure
mentss in their {rxl. rm} space. The final solution describes the following function in the 
{f{f xx.fy}.fy} space: 

rr yy = Ai\ + r (C.13) 

with h 

AA ry]-rT!A1 + FA3 r FrxiAfi + FryiAa - (r2
xi + r ^ ) A 7 

rr xixi + rmA~, - FAa ' rxi + ryiA~, - FAa 

Wee now define the following line /, in the {f.ri,rw} space of the ith measurement: 

'' : = Ty = ~ArT ^ \ ( ^ 

Thiss line goes through the measurement {rxi, fyi) and perpendicularly intersects the func
tionn of the final solution (equation C.13) in a point {rSXi,rsm). The geometric distance 
betweenn the measurement data and the final solution is measured along this line and 
iss defined by the distance between (rXi.ryi) and (f'w'Ssj,;)- The point of intersection is 
givenn by: 

( r „ „„ r,ui) = -^y—^ {Mr-yi  - F) 4- rri . \2fy, + Ar„ + F) ( d o ) 

Wee want to minimize the sum of geometrical distances between the m measurements and 
thee final solution. This means minimizing the following error function: 

jrjr  ST,- - a  ̂ , •  :i  ST (A'] A a + A ' j A ; j + A * A T ~ M * ,n , - , EE = 2^{rxi- rSTi) +{ry,  - r,yi.) =  ̂ I 1 ( C l i ) 
t = ii  , = i ^  lJ'  ' 

with h 

A,ii = F(ry / + ry)) A,3 = -rrt{r ri + rri) - '•„,(/-„, + r v J 

A ; 22 = F(r,j + r\„)  b, = rxiryi - /•,„/>, (C.18) 

-';; = \J{r,j - FAa + ryiA~f + (ryi + FA.i - rx,A"f 
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whichh equals equation 2.10. Note that weighting parameter U;J corresponds to the weight
ingg that was proposed by Sampson [5]. They base their weighting parameter u>si on the 
gradientt of the residual function RESt: 

* **  W Ë *  (C-I9) 

with h 
RES,RES, = AaAa + At2Af3 + At3A^ - b* (C.20) 

Usingg the following relations: 

^^ = r ( j + F ^ - r I j A 7 . ^ = - r t i + F A Q - r.-Ai (C.21) 
OTxiOTxi ' OTyi 

wee see that their weighting parameter is the same as the weighting parameter ujj that we 
found. . 
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DD TTC and image divergence and deformation 

Inn section 5.2.3 we explained how the time-to-contact, r,(/). can be estimated by the 
quotientt of observed vehicle width and the time derivative of the width (equation 5.8 in 
sectionn 5.2.3). This equation is true when the observed motion Held of the vehicle is free 
off deformation. In case of deformation, this equation only provides an approximation. 

Inn this appendix we look at the influence of deformation for our application. We are 
mainlyy interested in the situations of parallel motion and almost parallel motion (e.g. in 
casee of small steering actions or a slow lane-shift). We consider the situation illustrated 
inn figure D.l. Our own vehicle is moving along a straight lane with pure translational 
motion.. The camera observes the scene behind our vehicle. A co-ordinate frame (A'. Y.'/.) 
iss attached to the nodal point of the camera, with Z-axis opposite to our driving direction. 
Thee XZ-plane is parallel to the surface of the road. 

Figuree D. l . The situation considered in the discussion about deformation. 

Thee observed vehicle width is defined by the difference of two image plane co-ordinates 
r,i(7)) and rx2(t). These observations originate from points (A'i(/). Z\{()\ and 
(X(X22(t),Z(t),Z22(t))(t)) in observer frame co-ordinates. They exhibit equal motion, denoted by 
{X(t).{X(t). Z[t)) (parallel to the surface of the road). According to the definition for rt(t) 
givenn by equation 5.8. we apply the following equation: 

«•(/)) _ r,-i(/) - 'v .» (0 _ ZVZ2{X{Z2- X2Z{) 

»'•(/)) ~ ''•,!(/) - rx2{t) ~ ZXZ2 [Z2 -ZX)X + {X2Z\ - XxZh Z (0 0 'D.221 1 

Forr the sake of readability we will not write the time dependency of {X.)'. X. Z\ 
inn our equations. Deformation heavily depends on the orientation of these two points 
relativee to the image plane. When the orientation of the points is parallel to the image 
plane,, no deformation occurs. For this situation we have Zx = Z> = Z and equation D.22 
sinlpiiHess to: 

w{i)w{i)  Z(t) 

Z(t) Z(t) 
== r,(t) (D.23) 

Z\=ZZ\=Z22=Z =Z 

Thus,, for this situation r,(r) exactly follows from the observation of w{t). This situ
ationn is illustrated in figure D.l by the motion of vehicle A. When the object motion is 
nott parallel to the viewing direction of the camera (vehicle B in figure D.l), Z\ / Z2. 
Thee observed object motion is then best described using the following substitution: 

A',, = A - Acos(f) . 

X-,X-, = X + AcosiO . 

ZZxx==  Z - Asin(£) . 

ZoZo = Z - Asin(£) . tan(£) = - A 7 [Zego + Z 
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withh £ used to define the (constant) motion direction of the object (see figure D.l) and 
AA the vehicle width. Substitution into equation D.22 results in: 

Mt)Mt) = - ( Z 2 - A 2 s i n 2 ( q ) ( Z - X t a D ( O J 

*'(00 [Z2 + A2shi2(0 - 2*Z tan (0 ] Z - {Z2 - A2sin2(0) tan2(£) (z e g o + Z) 

Ourr main interest is to investigate the influence of deformation on the estimation of the 
time-to-contactt when a vehicle is moving along a straight lane. Its small steering actions 
willl introduce deformation. For our application with vehicles moving on a highway, 
Zcgo+ZZcgo+Z will usually be much larger than A'. In case of a lane-shift, A might be something 
likee 0.5m/s (5 seconds to perform shift one lane). When a vehicle is moving along a 
straightt lane, its small steering actions will result in even smaller value for X. As a 
result,, the angle £ will usually be small. We therefore approximate equation D.24 using 
tan2(£)) <§; 1 and A2sin2{<!;) <§: Z2. This results in the following expression for the 
observedd width: 

w(t)w(t) _ Z-Xtan(Q 
ti{t)ti{t)  ~ Z- 2X tan(e) - § tan2(€)Ze90 """' ' 

Equationss D.24 and D.25 illustrate the influence of deformation on the approximation 
forr T|(f). defined by equation 5.8 from section .5.2.3. 

Thee simulation results presented in figures D.2 and D.3 illustrate the limited impact 
off deformation on the accuracy of the estimation of rt(t.) for two characteristic situations. 
Inn both cases we observe two points that approach the camera at a relative speed of 
1.5m/s.. The points move in the plane defined by V' = lm. The distance (2A) between 
thee points equals 2m. In the first simulation, their initial position is symmetrical around 
{X(t{X(tQQ).). Z(t{j)) = (4, 35)m. In the second simulation we applied (X{tu). Z(tu)) — (0.35)m. 
Forr both simulations £ = 1° and Zfff(,=-30m/s, leading to A* ss().5m/s. 

Thee simulated motion represents a vehicle approaching at a relative speed of about, 
okm/h.. while performing slow sideways motion. One might think of a lane-shift, or a 
"smalll steering action'. The vehicle approaches our vehicle up to approximately 12.5m. 
Inn the first simulation, the object is initially located 'in the lane next to us'. In the second 
simulationn the initial position is 'in the same lane'. The results indicate the small error 
introducedd in the estimation of r:(t) based on observation of the vehicle width. 

Ass mentioned in section 5.2.3. the relation between the time-to-contact and observa
tionss of the vehicle width originates from the more generally applicable closed contour 
approaches.. Recommended literature on the general problem of the apparent motion of 
rigidd surface areas: [3][l][2][4j. 
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F i g u r ee D . 2 . Simulation results of an approaching' vehicle performing a slow lane-shift. 
Initially,, the vehicle is observed in the 'lane next to us'. The left figure shows the real value for 
thee time-to-contact and its approximation based on the observed vehicle width (w(t)/w(t)). 
Alsoo a first correction of this approximation is plotted, based on equation D.25. The figure on 
thee right shows the absolute error between the real r,(r) and the approximations. 
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F i g u r ee D . 3 . Simulation results of an approaching vehicle performing a slow lane-shift. Initially, 
thee vehicle is observed ï n the same lane'. The left figure shows the real value for the time-to-
contactt and its approximation based on the observed vehicle width (w(t)/w(t)). Also a first 
correctionn of this approximation is plotted, based on equation D.25. The figure on the right 
showss the absolute error between the real Ti(t) and the approximations. 
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EE Sensitivity of r and rx/ry for camera rotations 

Inn chapter 2 we showed how the mean viewing direction of the camera can accurately be 
estimated.. However, the interpretation of inter-frame rotation of the camera is somewhat 
moree complicated. Accumulation of errors in (mainly) the estimation of camera pitch can 
causee a small deviation between the assumed and real viewing direction of the camera. 
Ass a result, inaccuracies are introduced in the interpretation of the viewing direction of 
thee camera. In this appendix we investigate the influence of these inaccuracies on the 
interpretationn of the functions r,j(t)/r y(t). rr(t)/rx(t) and r \ rU) /M0-

Thee relation between the position of a point in real-world co-ordinates. (X. Y, Z), and 
itss projection (r.r-''V) o n * n e hnage plane is given by (see chapter 2, equation 2,3): 

cos(a)XX + sin(a) sin(3)Y - sin(o) cos(J)Z 

''xx~~ ' s i n ( a ) X - cos{o)Hin(^)Y + cos(o)cos(,y)Z 

cos(,3)YY + sin( d)Z ( ' 
lyly~~ ' sinfajX - eos(a) sin(;i)Y + cos(o) cos(tf)Z 

withh angles {o,d} to define the viewing direction of the camera (yaw and pitch respec
tively). . 

Wee correct our observations by means of rotation over the estimated angles —a{t) and 
—3(t).—3(t). This results in a representation of our observations as if they were obtained with 
aa camera with its viewing direction (approximately) aligned to the motion direction of 
thee camera. For this situation, the observer frame is (approximately) aligned to the real-
worldd co-ordinate frame, with o and 3 approximately 0. The sensitivity of the functions 
rry{t)/*'y{t)-y{t)/*'y{t)-  fx{t)/fj:{t)  and rx{t)/ry{t)  for inaccuracies in a(t) and 3(f) are determined 
below. . 

Sensitivityy of rvjr u and rT/fx 

Fromm equation E.2G we derive the following expression for the function ry(f)/ry(t): 

==  ^~ - i ( (Z 3 -Y 2 ) s i n ( 2d ) + 2YZcos2(J)) 
n_oo Z YZ v } _ , 

zz x (E-27) 

== —: tau(a) 
3=111 Z Z 

Thee sensitivity for errors in the estimation of the camera pitch (around a = 3 = 0) is 
derivedd from the first equation of E.27. The sensitivity for errors in the estimation of 
yaww is derived from the second equation. 

t>(rt>(r yy/r/r yy) ) 
03 03 

ZZ22-Y-Y22 d(ry/ry) 
YZZ " On 

ii  (E.28) 
Z Z 

Equationn E.28 illustrates why 1' should be as large as possible in order to decrease sen
sitivityy for 3. In practice, this means that the vertical distance between camera position 
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andd observed points should lie as large as possible. As explained in section 5.2.3 good 
featuree points on vehicles are observed near the surface of the road. As a consequence, 
thee camera should be mounted in the vehicle directly under its roof. For personal vehi
cles.. Y will be about lm. For larger vehicles, like trucks and busses, larger values for Y 
willl be possible. 

Forr vehicles observed at a relative large distance, we can apply the following expression 
forr r, using equation E.28 and Y2 <C Z1: 

f=f=  | l+yrA;* (forr Y2 <£ Z2) (E.29) ) 

withh A3 the inaccuracy in the estimated pitch. This equation illustrates the relation 
betweenn the accuracy with which pitch is estimated and the distance at which r can be 
estimatedd with satisfactory accuracy. 

Similarr results are obtained for the function / ' .;•(0/0(0-

Sensitivityy of rx/ry 

Usingg equation 2.3 we find the following expression for rs(t)/ry(t): 

Xcos(o)) — Zsinfo) 

Ycos(d)+Zsin( /*) ) J= 0 0 Y Y 
:E.30) ) 

Again,, the sensitivity for errors in the estimation of the camera pitch (around a = Li = 0) 
cann be derived from the first equation of E.30. The sensitivity for errors in the estimation 
off yaw is derived from the second equation. 

<)(r<)(r TT/r/r yy) ) 

d:i d:i 

0{rj/r0{rj/r uu) ) 

t=.:?-! ) ) 
YY2 2 0a 0a 

(E.3i; ; 

Ass expected, the sensitivity problem is less dramatic than the sensitivity of the function 
ry(t)/fry(t)/fyy{t).{t).  Like fy(f)/ry(r). equation E.31 illustrates why Y should be as large as possible 
inn order to decrease sensitivity for li. 
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FF Variance of the measurement function l/pm 

Inn section 5.2.4 we fit a linear model to a function l/p»i(/}- Here, pm(t) represents 
measurementt data obtained from an image sequence that is corrupted by measurement 
noise.. For an accurate fit. we need to know the variance in l/p.n)(t). In this appendix we 
derivee an exact relation between the measurement inaccuracy in prn(t) and the variance 
inn the function l(pm{t). 

Pm{i)Pm{i) represents measurements in the image sequence, of one of the following types: 

•• the horizontal position of a point, rx{t): 

•• the vertical position of a point. ry(t)\ 

•• the horizontal distance between two points. •»;(/.) = rxi{/) — r j2(f). 

Inaccuracyy in observations rT.mf.„s(f) and rytrn(,ait(t) are modeled as normally distributed 
zeroo mean noise: 

rxjne<i*{t)rxjne<i*{t)  =  rAf) + rhif) < with T)x = 0, VBT(Ï/,) = a'; (F.32) 

rr yy,,ntentea*(t)a*(t)  = rv{t) + t)y{t) . with r}y = 0, var(r/„) = o\ (F.33) 

Thee variance in l/r.r imeas((), <r2, is found by solving o2 = E {(l/r Xim,:ns{i))  } ~ 
E{\lrE{\lr TT.^. m̂casmcas{i)}{i)}

ii.. The elements E {{\fr Xtmetul(t))
2} and E{lfrx,rw:<u{t)Y Ls derived as 

followss (for the sake of readability, we use rx to represent rx(t)): 

*(—l—WA ) ) 

-i-B{ i-^ft) ,--+(-i)-ft)' +°(ftn } } 
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11 1 ' E (l+

+^rafê)"-ter) } } 

Usingg equations F.34 and F..'35, we find the following expression for a2: 

aa22 =  r*  ' U*  , (F.36) 

Thee variance in l/rVi„ ieos(f) is found in the same way. Notice that for the measurements 

U-'mt'.ti.sU-'mt'.ti.s \i) 

WmraAt)WmraAt) = rxi(t) + r}xi - rx2(t) - 7)x2 = w(t) +  Ï;X1 - T)x2 (F.37) 

withh var(-f/ji) = varf//^) = v2-- The variance in measurement function l/wmeais(t) is 
derivedd as follows (again for the sake of readability, we use w to represent w(t) and if\ 
andd r/2 to represent r)xi and r;^): 

== — . E{\- f/1 ~7/2 + ^7/I ~ ̂ N 2 

M'' '  V u 

++ (_!)"  ( 2 1 ^0 + 0 ' ' " -
U' ' •?)")} } 

^ . fLo+i r^V-o+i r^ ' ii  -o+ ww \ 2 V w J 2 V tr 
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EE{{
 l A = t.El(l + *^*Y) 

\{u-\{u- + m-i2)S "'2 \ \ «' J ƒ 

123 3 

w-w- w 

i i 

> - & & + + 2w2w22 2w2 [w2 - Aa'jf 

Usiugg equations F.38 and F.39, we find the following expression for a2: 

(j2=(j2=  {2a,)2[(2ax)
A-w2(2ar)

2-2wi} 

[w[w 22 - {2aT)
2f 

;F.39) ) 

(F.40) ) 

Equationss F.36 and F.40 provide exact solutions. Approximations, useful for our appli
cation,, are given in table 5.1. 
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GG Nine experimental results for vehicle detection 

S=-0.333 S=-0.50 S=-0.06 

Figur ee G.l. Removal of false detections introduced by crash barriers based on a combination 
off entropy and symmetry. Red dots indicate lines with insufficient entropy. The vertical red 
linee indicates the symmetry axis and the blue lines the boundaries of the symmetry region. 
Thee measure of symmetry (5) of this region is also shown. 

S=0.766 S=0.41 

Figur ee G.2. Vehicle detection with a camera looking through the windscreen of the vehicle. 
Goodd symmetry is detected on the vehicles (symmetry region indicated by blue lines). 

S=0.299 S=0.47 S=0.30 

FigureG.3.. Vehicle detection with a camera looking through the rear window. See caption oi 
•• G.l for detail .- a bou t t h e COlOTS. 
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HH Vehicle detection results for Fiorino2 

Figuree H.l shows samples of the results for mid-range and distanl vehicle detection in 
sequencee Fiorino2. 

S=0.344 S=0 65 S=0.38 S=0.57 

S=0.788 S=0.49 S=0.37 S=0.54 

Figur ee H.l . Detection results of mid-range and distant vehicles in the Fiorino'2 video sequence. 
Redd dots indicate lines with insufficient entropy. The vertical red line indicates the symmetry 
axiss and the blue lines the boundaries of the symmetry region. The measure of symmetry 
"I'' this region is also shown. Good symmetry is detected on the vehicles. 

Figuree H.2 shows the results lor passing vehicle detection in sequence Fiorino2. All 
tii passing vehicles were detected correctly. Besides these vehicles, 3 times a proj< 
shadoww on the surface of the road led to a false detection. Due to the low horizontal and 
temporall resolution, it is no1 possible to make a distinction based on 9, between the ve
hicless and the false detections. There is another sequence of 33 seconds, named Fiorinol. 
Theree are no vehicles passing us during this sequence. We also tested our algorithm for 
passingg vehicle detection on this sequence. This resulted in no false detections. 
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verticall lines: slraight="potential vehicle detected"; dashed="object passed" 

veh.ll veh.II veh.IIl B.I veh.l\ B.ll B.1III veh.\ veh.M 

500 100 150 200 250 300 350 400 450 500 

framee number 

== mean intensity ROI = boundaries intensity distribution of tree-driving-space 

FigureH.2.. Passing vehicle detection in the Fiorino2 video sequence. In this sequence of 
approximatelyy 33 seconds all G passing vehicles were detected as potential vehicles. Also 3 false 
detectionss were introduced. Due to the low horizontal and temporal resolution, it is no1 possible 
too make a distinction based on 6. between the vehicles and the false detections. 
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II Shadow detection in practical images 

Thiss appendix presents several experimental results concerning the estimation of the free-
driving-space.. The corresponding parameters of the intensity distribution, {ni.n\. are 
alsoo shown. The examples are ordered according to brightness of illumination of the road 
surface.. The first two examples belong to sequences recorded at dusk. The third example 
illustratess the influence of the projected shadow caused by trees alongside the road. 

estimatedd Iree-driving-space intensity distribution n W 8 n=6 

500 100 150 200 250 
intensityy value 

intensityy edges estimated free-driving-space intensity distribution m=9l.o=7 

500 100 150 200 250 
intensityy value 

intensityy edges estimated free-dnvtng-space intensity distribution" m=13d, o=9 

300" " 

intensityy edges 

500 100 150 200 250 
intensityy value 

estimatedd tree-dnving-space intensity distribution: m= 150. a-7 

150F F 

500 100 150 200 250 
intensityy value 

Figuree 1.1. Estimation of the free-driving-space. Examples ordered according to brightness oi 
illumination. . 
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JJ Deta i led de tec t ion resul t s for FACTORY and DUSK 

FACTORYY Irame l . 3 cotentiaJ vehicles peeled based on enuopy 
Identifiedd as vehicle (zoomed) 

S-00 31 S-0.31 

Identifiedd as background based on symmetry: 
S*-00 22 S=-0 12 S-0.23 S-0 1 S-0 24 

Figur ee J.1. Detailed detection results for sequence FACTORY. The results are presented for 
framess {1,55.88,168}. Red dots indicate lines with insufficient entropy. A red cross in a HOI 
indicatess thai the region was classified as background based on entropy. A vertical red line 
indicatess the symmetry axis and the blue lines the boundaries of the symmetry region. With 
55 the measure of symmetry of a region is indicated. 
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DUSK.. Irame 1: 5 potential vehicles rejected Cased on entropy 

Figur ee J.2. Details aboul the detection results of mid-range and distant vehicle.-- for sequence 
DUSK.. The results are presented for frames {1,24,48}. Re<l dots indicate lines with insufficient 
entropy.. A red cross in a HOI indicates thai the region was classified as background based on 
entropy.. A vertical red line indicates the symmetry axi^ anil the blue line- the boundaries of 
thee symmetry region. With S 'he measure of symmetry of a region i-. indicated. 
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Samenvatting' ' 

Ditt proefschrift behandelt en bediseussieert methoden et] algoritmen die gerelateerd zijn 
aann het schatten en interpreteren van beweging door middel van een camera sensor. We 
beschouwenn de toepassing waarbij een enkele camera is geplaatst in een rijdend voertuig 
datt zich over de snelweg voortbeweegt. Op basis van de observaties van de camera willen 
wee de beweging van andere voertuigen schatten en interpreteren. We onderscheiden vier 
kenmerkendee aspecten voor bewegingsinterpretatie. 

Inn de eerste plaats behandelen we de invloed van de gemiddelde kijkrichting van de 
cameraa en van kleine rotaties van de camera rond deze gemiddelde kijkrichting. We 
besprekenn de impact van deze punten op de interpretatie van de waarnemingen en pre
senterenn een methode om ze te schatten. De vorkregen kennis maakt stabilisatie van de 
videoo data mogelijk, niet de nauwkeurigheid die is vereist om de beweging van andore 
voortuigenn te kunnen interpreteren. 

Voertuigg detectie is oen tweede kenmerkend onderdeel van interpretatie. Het betreft 
hett onderscheiden van visuele data die tot een voertuig behoort, van de achtergrond data. 
Voertuigg detectie initieert het volgen van objecten door beeldreeksen. We kiezen een 
aantall kenmerken die op specifieke wijze voertuigen onderscheiden van achtergrond. Bij 
dezee selectie maken we onderscheid tussen voertuigen waargenomen "in de ooghoek" en 
voertuigenn waargenomen op middellange en lange afstand. Het resultaat is een tweetal 
efficiëntee algoritmen, welke in staat zijn om voertuigen met hoge betrouwbaarheid te 
detecteren. . 

Zodraa een voertuig gedetecteerd is. wordt zijn positie in het. eameravlak gevolgd tot
datt hij uit het gezichtsveld verdwijnt. We presenteren een platform dat instaat is om 
inn do praktijk voertuigen in beeldreeksen te volgen. Het platform is gebaseerd op het 
bepalenn van maximale overeenkomst tussen, zowel statische als dynamische. '2D voor
beeldmodellenn en do visuele data. Het is de combinatie van do speciale structuur van het 
platformm met do flexibiliteit in het ontwerp van deze modellen, die de vereiste flexibiliteit, 
robuustheid,, efficiëntie en nauwkeurigheid mogelijk maakt. 

Restt nog de vertaalslag van de beweging van liet voertuig zoals waargenomen in het. 
eameravlakk naar de beweging of het gedrag van het voertuig ten opzichte* van de camera. 
Wee behandelen twee bewegingsparameters die voor onze toepassing hot gedrag van een 
voertuigg definiëren. De eerste betreft de rijstrook waarin hot voertuig zich bevindt en de 
richtingg waarin deze beweegt (parallel aan onze rijstrook of niet). De tweede parameter 
definieertt de tijd die een voertuig nodig heeft om ons voertuig te bereiken. Deze parame-

TSurii]']"iaryy in Dmch. 

131 1 



132 2 SAMENVATTING SAMENVATTING 

terr wordt in de literatuur aangeduid met de time-to-contact. Na analyse van verschillende 
techniekenn voor het bepalen van de time-to-eontact bespreken we drie benaderingen die 
hett meest geschikt lijken voor onze toepassing. We tonen in welke situatie welke benade
ringring de meest nauwkeurige schatting voor de time-to-contact oplevert en hoe dit uit de 
waarnemingg kan worden afgeleid. 

Dee waarde van de algoritmen die we voorstellen in dit proefschrift wordt getoetst aan 
dee praktijk. Hiervoor worden meerdere beeldreeksen uit de praktijk gebruikt, waarbij een 
cameraa door de voor- of achterruit van een voertuig overwegend snelwegscènes observeert. 
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