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tion and tra
king of vehi
lesHåkan ArdöCentre for Mathemati
al S
ien
esLund UniversitySwedenardo�maths.lth.seAbstra
tIn this paper we study how learning 
an be used inseveral aspe
ts of 
ar dete
tion and tra
king. Theoverall goal is to develop a system that learns itssurrounding and subsequently does a good job indete
ting and tra
king all 
ars (and later pedestri-ans and bi
y
les) in an interse
tion. Su
h data
an then be analysed in order to determine howsafe an interse
tion is. Several steps in the tra
k-ing pro
ess are des
ribed. The system is veri�edwith experimental data, with promising results.1 Introdu
tionThere is an in
reased need for automati
 analy-sis of 
ar and pedestrian tra�
. Methods for de-te
ting and tra
king 
ars in images and image se-quen
es has been developed for quite some timenow. Most of the existing methods, do however
on
entrate on 
ar dete
tion using appearan
e mod-els, [5℄.This proje
t is initiated by the needs of govern-mental organizations but also department of pub-li
 works in 
ities. One of the prime motives hereis the possibilities to assess tra�
 safety. Oftensafety is negle
ted when 
onstru
ting new roadsand interse
tions. If safety is 
onsidered there arevery few tools to a
tually measure and monitortra�
 safety. One possibility is to study the num-ber of poli
ereported a

idents from a 
ertain in-terse
tion. Re
ent resear
h has, however, shownthat it is possible to predi
t how many su
h a

i-dents there is by manually observing 
ertain eventsduring a shorter time interval, e.g. 2-3 days. Thesetra�
 studies are however very time-
onsumingand requires that trained personell study the traf-�
. The goal of this study is to use learning to in-
rease the robustness of a tra
king system. Learn-ing is used, to estimate models of s
ene ba
kground,to automati
ally re
tify the image and to lo
ate

the lanes in the images. The problem of 
ountingthe number of 
ars driving through a interse
tionwill be addressed as well as for ea
h 
ar de
idingwhi
h entry and exit lane is used.Several methods for estimating and updatingthe ba
kground images exist. One su
h method byStau�er and Grimsson[4℄ is based on modeling theprobability distribution of ea
h ba
kground pixelas a mixture of Gaussians using the EM algorithm.A more re
ent paper [3℄ extends this to in
ludepan-tilt rotations of the 
amera.2 MethodsThe idea is to start out with a simple tra
ker basedon the ba
kground/foreground-segmentationdes
ribedby Stau�er-Grimsson [4℄. From this binary seg-mentation image, 
onne
ted segments are extra
tedand 
onsidered as obje
ts and then segments over-lapping between adja
ent frames are 
onne
ted intotra
ks. If there are several overlapping segmentsonly the largest segments are 
onsidered. The re-sulting tra
ks are not very good. Typi
ally a rela-tively high proportion of them are broken into sev-eral tra
ks and some are erroneously merged. How-ever, the results are good enough to allow the sys-tem to automati
ally lo
ate the roads (Se
tion 2.1),re
tify the image (Se
tion 2.2) and estimate themean size of the obje
ts. Then the probability of�nding an obje
t of this size at a 
ertain positionin the re
ti�ed images is estimated in Se
tion 2.3.This improves the tra
king as a lot of noise 
anbe removed by assuming a minimum size of thetra
ked obje
ts. In Se
tion 2.4 the tra
ks are or-ganised into 
lasses depending on how they drivethrough the interse
tion. For ea
h of those 
lassesa bspline-
urve is �tted to the tra
ks des
ribingthe mean motion. The �nal tra
ker then dete
tsobje
ts of the estimated size following one of thosebsplines.



2.1 Automati
 road dete
tionThe idea here is to model a lane as a straight lineof a 
ertain width 
ontaining obje
ts traveling inone dire
tion along the line. Then a road 
an bemodelled as two parallel lanes with opposite trav-eling dire
tions. The problem is to �nd a probabil-ity distribution fun
tion, Proad(o|θ), that, given aset of parameters des
ribing the road, θ, generatesthe probability that an obje
t, o, is lo
ated on theroad. Here an obje
t is des
ribed by its position(x, y) and it's traveling dire
tion (δx, δy), a unitlength ve
tor. That is o = (x, y, δx, δy).Lane modelling The modell originates from astraight line ax+by+c = 0, representing the 
entreof the lane. Assume that the distan
e between a
ar in the lane and this line is Gaussian distributedwith a mean value zero and a varian
e dependingon the width of the lane. The distan
e from anobje
t at (x, y) to the line is
t =

ax + by + c√
a2 + b2

, (1)whi
h is inserted into the one-dimensional Gaus-sian probability distribution fun
tion. The resultis divided by L, the length of the line, to make surethe the pdf still integrates to one. The resultingdistribution is
P (x, y|a, b, c, σ, L) =

1

Lσ
√

2π
e
− (ax+by+c)2

(a2+b2)2σ2 . (2)The parameters a, b, c 
an be res
aled without 
hang-ing the line they represent. This degree of free-dom is used to represent the varian
e, σ. A par-ti
ularly simple form is a
hieved by setting σ =
1/

√

2 (a2 + b2), then
P (x, y|a, b, c, L) =

√
a2 + b2

L
√

π
e−(ax+by+c)2 . (3)The traveling dire
tion of ea
h obje
t is de�nedas a unit length ve
tor (δx, δy) indi
ating in whi
hdire
tion it is moving. For a given line there aretwo possible traveling dire
tions, whi
h are foundby rotating the normal ±π

2 . By de�ning the trav-eling dire
tion as the normal rotated π
2 the signof the normal will de
ide whi
h the modell repre-sents. Assuming that the traveling dire
tion of the
ars also is Gaussian distributed with this meandire
tion, some varian
e σx, σy and that it is inde-

pendend of (x, y) gives
Plane(o|θ) =

√
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2Lπ3/2σxσy
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e
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y , (4)where o = (x, y, δx, δy) and θ = (a, b, c, L, σx, σy).Road modelling A road 
onsists of two lanes ofopposite traveling dire
tions. Let the line de�nedby ax + by + c = 0 represent the 
entre of theroad, and use the sign fun
tion to indi
ate whi
hside of the line a point is lo
aled. If right handside driving is assumed the normal rotated π

2 isthe travling dire
tion on the positive side and −π
2on the negative side, whi
h gives

Proad(o|θ) =
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y . (5)Parameter estimation The task of �nding thetwo roads of the image is now redu
ed to that ofestimating the parameters θ1 and θ2 as de�nedabove. For this the EM-algorithm [1℄ is used tomaximize (5) for the data produ
ed by the initialtra
ker. It requires an estimate of θ from a set ofmeasured data-points. For that an algorithm sim-ilar to RANSAC [2℄ is used, where a set of 
andi-date parameters is generated by iterating the stepsbelow. Then the 
andidate with the highest prob-ability is 
hosen.(i) Chose two points p1 and p2 at random.(ii) Let (a, b, c) be the line through p1 and p2.(iii) Rotate all data-points to make the above lineparallel to the x-axis.(iv) Estimate σ along the x-axis.(v) En
ode σ into a, b and c by s
aling them with

1

σ
√

2(a2+b2)
.(vii) Estimate σx and σy2.2 Automati
 re
ti�
ationTo re
tify the image a 3x3 matrix, H , has to befound, that transforms the 
oordinates of the orig-inal image (x, y) into the 
oordinates of a re
ti�edimage (x̂, ŷ) a

ording to
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The area of obje
ts in the original image, A, willin the re
ti�ed image be s
aled by the fun
tionaldeterminant into
Â =
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3 A.(7)For ea
h position of ea
h tra
ked obje
t there isone data-point 
onsisting of a position xk, yk anda 
orresponding area Ak. All areas in the re
ti�edimage, Â, are assumed to be 1 (equal), and det H
an be ignored as it is only a 
onstant, res
alingall areas equally. This turns (7) into the set ofequations
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(8)with three unknowns, h31, h32 and h33.Solving this set of equations gives the last rowin H. If the 
amera is 
alibrated the re
ti�
ation isa pure rotation and the last two rows 
an be 
hosensu
h that H be
omes a rotation matrix. This stillleaves one degree of freedom whi
h 
orresponds toan in-plane rotation of the re
ti�ed image and 
anthus be 
hosen arbitrary.2.3 Car indi
atorThe probability of �nding a 
ar at position Lc =
(xc, yc) in frame f , Pc(Lc, f), 
an be 
al
ulatedfrom the binary ba
kground/foreground segmenta-tion, Fg(x, y). Methods for that are beeing workedon, but not used in this paper. Instead Pc(Lc, f) isapproximated with the 
onvolution of Fg(x, y) anda gaussing kernel of the same size as the estimated
ar area.2.4 1D Tra
kingThe �nal step is to learn the typi
al tra
ks a 
ar
an use to legally 
ross the interse
tion and thenuse these tra
ks to extra
t full 
ar tra
ks from the
Pc(Lc, f) images. This is done by �tting a bspline-
urve,

(x, y) = Bk(t), 0 ≤ t ≤ 1, k = 1..N. (9)to ea
h of the N typi
al tra
ks.For ea
h Bk Pc is restri
ted to M points alongthe 
urve. This generates k new images, Ik, withone 
olumn per frame f ,
Ik(f, t) = Pc(Bk(

t

M
), f), (10)

where k = 1..N and t = 0..M , 
f. Figure 4.Every 
ar driving, legally, through the interse
-tion will drive along one of the bspline-
urves andalways in the same dire
tion. The parametrisation,
t, 
an thus be 
hosen so that a 
ar always enters at
t = 0 and exits at t = 1. Considering ea
h of the
Ik images separately and assuming that 
ars aredriving 
ontinuosly, a 
ar 
onsists of a sequen
e ofpoints

C = {(fi, ti)}L
i=1 , (11)where fi ≤ fi+1 ≤ fi + 1 and ti ≤ ti+1 ≤ ti + 1.The di�erent 
urves, Bk, overlap. Thus a 
arbelonging to 
lass k has to drive along the entire
urve Bk. That is t1 = 0 and tL = M . For su
h asequen
e, the probability of it being a 
ar is

p(C) =
L∏

i=1

Ik(fi, ti). (12)Finally, assume that all 
ars driving throughthe interse
tion generate lo
al maximas to (12)above some small threshold, Pnc. Then for ea
hpotential entry point (lo
al maxima to (f, 0)) andexit point (lo
al maxima to (f, M)) a lo
al max-ima to (12) 
an be found by viterbi-optimization.All those sequen
es form a �nite set of 
andidate
ars Scc = {Cj}, j = 1..Ncc, and the set of 
arsdriving through the interse
tion, Sc, 
an be foundas the non-overlapping subset of Scc maximizing
∑

Cj∈Sc
p(Cj), where Sc non-overlappingmeans that

{
Ci, Cj ∈ Sc

(f, t) ∈ Ci
⇒ (f, t) /∈ Cj . (13)As Ik is a sampled, dis
rete image two 
lose lo-
al maximas might be merged to one. So a

eptingoverlapping points in Sc for a few t-values, makesthe system more robust.3 Experimental results
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es used for the experi-ments, with the dete
ted roads plotted.



The initial tra
ker simply 
ombining overlap-ping 
onne
ted segments were tested on a 5 minsequen
e (see Figure 1) 
ontaining 62 vehi
les (1tra
tor, 1 bus and 60 
ars) and 761 tra
ks werefound. This in
ludes vehi
les, bi
y
les, pedestri-ans and pure noise. Many tra
ks are splitted intosevarl. No obje
ts are entirely missed though.The road dete
tion algorithm were then su
-
essfully applied, as shown in Figure 1, followd bythe re
ti�
ation algorithm resulting in Figure 2.The linear optimization method used are sensitiveto outliers, but if they are manually removed goodresults are a
hived.
Figure 2: Output from the automati
 re
ti�
ation.To the left the algorithm worked on all tra
ks avail-able. To the right some good tra
ks were manually
hosen.The road dete
tion algorithm have been testedon tra
ks originated from both the original imageand from the re
ti�ed, whith similar results shownin Figure 1. The horizontal road is dete
ted abovethe road 
entrumline in the image, whi
h is 
or-re
t as the height of the 
ars will pla
e the 
en-trumpoint of the tra
ked segments slightly abovethere position on the road. The result of dete
tingthe typi
al tra
ks used to traverse the 
rossing isshown in Figure 3. All but the two yellow tra
kswere found automati
ally. The last two had to beadded manually as the tra
ker produ
ed no tra
ksbelonging to these 
lasses.
Figure 3: All typi
al tra
ks used to pass the inter-se
tion.Finally the Ik images were produ
ed, see Fig-ure 4, and the 1D tra
ker were exe
uted. In total

66 tra
ks were found in
luding 3 bikes, with sig-ni�
antly lower p(C), and 1 ghost 
ar orginiatingfrom a 
ombination of 
ars. Also the buss and thetra
ktor were dete
ted as 2 
ars ea
h and two 
arswere missed, one o

luded by the building. Allother 
ars were dete
ted 
orre
tly.
Figure 4: The Ik(f, t) image showing the probabil-ity of �nding a 
ar at position t (y-axis) of bspline
k in frame f (x-axis) for one k.4 Con
lusionsIn this paper we have introdu
ed methods for au-tomati
 re
ti�
ation, road and lane dete
tion and
ar dete
tion and tra
king based on learning. Theresults on real data are promising but additionalwork is needed.An optimizition method less sensitive for out-liers are needed for the re
ti�
ation algorithm, andre
tifying un
alibrated 
ameras should be possibleby assuming some aspe
t ratio of the 
ars. Alsolo
ating tra
ks in all Ik images simultaniously us-ing some mar
ovmodell des
rbing the 
ar motioninstead of the splines would be interesting.Referen
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