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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 visibilit y 
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. 
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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 Li terature 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 wil l 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 wil l describe our theory of 
decomposedd templates. After this we wil l 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 = {T 1, 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 wil l 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 wil l 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 TH , respectively. 

TT = { T w . T r }  , with 

TTnn = {T i,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 wil l 
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: 

== min 
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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 wil l become more difficult to distinguish the left and right border edges of 
aa vehicle. Headlights, for example, wil l 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 wil l 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 TL 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- A 5,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 Multipl e 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 wil l 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 wil l 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 dynamical part of the templa te are e.g. 

horizontall  edges, observed on the object. 

F iguree 4.(i i l lustrates how the templa te is refined with horizontal l ines. The basis 

iss formed by temporal smooth ing of the edge image within the matched templa te (fig-

uree 4.6(a)). Th is helps us to dist inguish edges that are character is t ic for the vehicle from 

lesss dominant edges. Due to the color pa t te rn on the vehicle and the l ighting condit ion. 

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

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

thee edge proper t ies of license plates on vehicles. For each region we determine the sum 

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

too determine the presence and posit ion of dominant edges. Wi t h this information the 

templa tee is refined (figure 1.0(d)). 

Thee problem of es t imat ing edges is anisotropic by na tu re. Edge s t ruc tures have by 

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

too the edge. The basis of robust edge detectors is formed by convolut ion of (Gaus-

sian)) derivative filters. To es t imate the derivatives, isotropic edge detectors apply equal 

smooth ingg in all d i rect ions. Anisotropic edge detectors use different smooth ing for the 

direct ionn along the edge and the direction perpendicu lar to the edge. Therefore, they 

bet terr agree with the na tu re of edges. Of course, pro-knowledge about the or ientat ion of 

thee edge s t ruc tures is required when anisotropic detectors are appl ied. 

Wee use an anisotropic edge detector for the detect ion of the horizontal edges. The 

anisotropicc na ture is used to suppress the non-hor izontal edges from the input of the 

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

ourr anisotropic detector is i l lustrated in figure 4.7. For the same rime fragment (i.e. 7 

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

i l lustratess how the non-hor izontal edges are suppressed by the anisotropic detector. As 

aa result the dominant horizontal edges are more clearly d ist inguished. 

Whenn detail should li e added to the template depends both on how well a feature 

iss observed at a cer ta in scale in the succeeding images. T he 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 
wil ll  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 zat ion 

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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computa t i on n 
t imee (ms) 
edgee detector 
distancee transform 
templatee matching 

sequencee REAR 

167 7 

12 2 
4 4 

sequencee BUILDIN G 
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 BUILDIN G 

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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