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Abstract. In this paper we study how learning can be used in severattspt
car detection and tracking. The overall goal is to developstes that learns its
surrounding and subsequently does a good job in detectichgracking all cars
(and later pedestrians and bicycles) in an intersectioch Sata can then be ana-
lyzed in order to determine how safe an intersection is. Jates is designed to,
with minimal supervision, learn the location of the road® geometry needed
for rectification, the size of the vehicles and the trackglusepass the intersec-
tion. Several steps in the tracking process are descriltee system is verified
with experimental data, with promising results.

1 Introduction

There is an increased need for automatic analysis of careahgstrian traffic. Methods
for detecting and tracking cars in images and image seqsedras=been developed for
quite some time now. Most of the existing methods, do howewercentrate on car
detection using appearance models [11], [4].

This project is initiated by the needs of governmental oizgtions such as 'Vag
och trafik Institutet’ but also department of public worksdities. One of the prime
motives here is the possibilities to assess traffic safetgn3afety is neglected when
constructing new roads and intersections. If safety isidened there are very few tools
to actually measure and monitor traffic safety. One possibg to study the number
of accidents reported to the police from a certain inteisacRecent research [6] has,
however, shown that it is possible to predict how many sucidaats there is by man-
ually observing certain events during a shorter time irge®.g. 2-3 days. These traffic
studies are however very time-consuming and requirestiaed personnel study the
traffic.

The goal of this study is to use learning to increase the toless of a tracking
system. Learning is used, to estimate models of scene baokdy to automatically
rectify the image and to locate the lanes in the images. Thblgm of counting the
number of cars driving through a intersection, such as tleestiown in Figure 1 will
be addressed as well as for each car deciding which entryxandme is used.

Several methods for estimating and updating the backgriouagles exist. One such
method by Stauffer and Grimsson[10] is based on modelingtbieability distribution
of each background pixel as a mixture of Gaussians usinglthalgorithm. The dom-
inant component is considered to be the background and & fosestimating fore-



ground pixels. A more recent paper [5] extends this to inelpdn-tilt rotations of the
camera.

Methods for detecting the common object trajectories in aega scene under
surveillance have been developed by for example Makris dlisl i [8] and, John-
son and Hogg in [7]. In both articles it's mentioned that tkisd of models can be
used to predict the future position of the tracked objectsctv could be very useful
in the prediction step of a tracking algorithm. But no trackalgorithm exploiting this
learnt information are presented or tested. In this papesckér developed that uses
learnt models for both prediction and detection of cars glémented and it's results is
compared to a tracking operating on the same input data mg oe prior information.
Also, it is shown that the models can be used to reduce a 2Ritiga@roblem into
several 1D tracking problems. The road model presenteddmp#per explicitly models
the right-hand-side driving of cars in the road and are thls @ detect the roads in the
scene even if there are a lot of pedestrians walking acrese#d in strange directions.
This would probably not be the case of the more general perptiporithms [8] and
[7].

Ground plane calibration have been done by Stauffer and €&rinm [3] and by
Renno, Orwell and Jones in [9]. In both cases the a grouncépleane estimated from
the height of tracked objects, which assumes that the abjesetd for the calibration is
high and thin, e.g. people. In this paper the area is useéadsthich allows lower and
wider objects to be used for the calibration such as cars.
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Fig. 1. Video sequences used for the experiments, with the detecaeld plotted.



2 Methods

The idea is to start out with a simple tracker based on the drackd/foreground-
segmentation described by Stauffer-Grimsson [10]. Framidimary segmentation im-
age, connected segments are extracted and consideretsabjddhen segments over-
lapping between adjacent frames are connected into tréictkere are several over-
lapping segments only the largest segments are considéredesulting tracks are not
very good. Typically a relatively high proportion of thenedroken into several tracks
and some are erroneously merged. However, the results ateegmugh to allow the
system to automatically locate the roads (Section 2.1)ifyebe image (Section 2.2)
and estimate the mean size of the objects.

In Section 2.2 a novel system for automatic rectificatiorrespnted. The idea here
is that all cars are approximately the same size, which castimated. Then the prob-
ability of finding an object of this size at a certain positionthe rectified images is
estimated in Section 2.3. This improves the tracking as aflobise can be removed
by assuming a minimum size of the tracked objects. In Se&idrthe tracks are or-
ganized into classes depending on how they drive througlnteesection. For each
of those classes a bspline-curve is fitted to the tracks itb@sgrthe mean motion. The
final tracker then detects objects of the estimated sizeviialig one of those bsplines.

The calibration steps of finding the roads, the rectificatind the splines are typi-
cally performed off-line. Once that is done the main proiresme of the 1D tracker is
done by the background/foreground segmentation followetthé viterbi-optimization
described in Section 2.4. For both those algorithms theisisefast implementations
that should allow real time performance.

2.1 Automatic road detection

The first step in the analyze is to determine where in the inthgeoads are located.
The idea here is to model a lane as a straight line of a certiltihwontaining objects
traveling in one direction along the line. Then a road can béefled as two parallel
lanes with opposite traveling directions. The problem irtd a probability distribution
function, P,,.q(0]0), that, given a set of parameters describing the réadenerates
the probability that an object, is located on the road. Here an object is described
by its position ¢, y) and it's traveling directiond;, d,;), a unit length vector. That is
0= (x,y,0z,dy).

Lane modellingThe model originates from a straight line + by + ¢ = 0, representing
the center of the lane. Assume that the distance betweenia tteg lane and this line
is Gaussian distributed with a mean value zero and a varidegending on the width
of the lane. The distance from an objectaty) to the line is

b ax +by+c (1)
which is inserted into the one-dimensional Gaussian priiibyadistribution function.
The resultis divided by, the length of the line, to make sure the the pdf still intégga



to one. The resulting distribution is
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The parameters, b, ¢ can be rescaled without changing the line they represeis. Th
degree of freedom is used to represent the varianca, particularly simple form is

achieved by setting = 1/4/2 (a? + b?), then
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The traveling direction of each object is defined as a ungtlenrector §., 6,)) indi-
cating in which direction it is moving. For a given line thene two possible traveling
directions, which are found by rotating the norraaf . By defining the traveling di-
rection as the normal rotatefl the sign of the normal will decide which the model
represents. Assuming that the traveling direction of thie akso is Gaussian distributed
with this mean direction, some variangg, o, and that it is independent ¢, y) gives

P(‘Tvyla’7 ba ¢ 0, L) =
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Road modellingA road consists of two lanes of opposite traveling directidret the
line defined byax + by + ¢ = 0 represent the center of the road, and usesthe
function to indicate which side of the line a point is localédight hand side driving
is assumed the normal rotatgds the traveling direction on the positive side ang
on the negative side, which gives
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Parameter estimatiormhe task of finding the two roads of the image is now reduced to
that of estimating the parameteksandd, as defined by equation 6 and 5. For this the
EM-algorithm [1] is used to maximize (7) for the data prodiliby the initial tracker.

It requires an estimate @f from a set of measured data-points. For that an algorithm
similar to RANSAC [2] is used, where a set of candidate patarsaés generated by
iterating the steps below. Then the candidate with the igbability is chosen.

(i) Chose two pointg; andp- in the dataset at random.

(i) Let (a, b, ¢) be the line through; andps.

(iii) Rotate all data-points to make the above line parafighe x-axis.



(iv) Estimate the standard deviationalong the x-axis.

. H 1
(v) Encoder into a, b andc by scaling them bg\/yﬁ.
(vi) Estimates,, ando,

SettingL to the length of the line visible in the image will give shaseds a higher
probability. To prevent thid, is chosen to be a constant equal to the diagonal of the
image.

The EM-algorithm is initialized with an initial guess of twoads one parallel to the
x-axis and one parallel to the y-axis. The algorithm is thesteated for a few iterations
to get a better starting point before an uniform backgrousulidution is introduced. It
absorbs much of noise outside the lanes.

2.2 Automatic rectification

One the roads have been located all tracks not located witeiroads can be removed
the rest can be used to rectify the image. The assumptionisighat most objects
traveling on the roads are of the same size and that the readsecapproximated with
a plane. This will be used to find a rectification of the imagg thill give all objects
the same area in the image. The estimated road models froprehi®us sections are
used to filter out tracks not originating from cars.

To rectify the image a 3x3 matri¥/, has to be found, that transforms the coordi-
nates of the original image:(y) into the coordinates of a rectified imagg §) accord-
ing to

z hii hi2 hi3 €
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The area of objects in the original imagg,will in the rectified image be scaled by the
functional determinant into
9% 0%

. H
A=|% v|a= det A (9)
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For each position of each tracked object there is one ddtd-ponsisting of a po-
sition xy, v, and a corresponding ared,. All areas in the rectified imageéi, are
assumed to be 1 (equal), atsek H can be ignored as it is only a constant, rescaling all
areas equally. This turns (9) into the set of equations
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with three unknownds1, hss andhss.

Solving this set of equations gives the last row in H. If theneaa is calibrated
the rectification is a pure rotation and the last two rows carctosen such thaf
becomes a rotation matrix. This still leaves one degreeegfdom which corresponds
to an in-plane rotation of the rectified image and can thushiosen arbitrarily.



2.3 Carindicator

From the rectification algorithm it is also straight forwancextract the area of the cars.
Using this area estimate it is then possible to construct ndécator. The probability
of finding a car at positio.. = (z., y.) in framef, P.(L., f), can be calculated from
the binary background/foreground segmentatiy{;z, v). This image is one for every
pixel considered foreground and zero for every pixel cogr@d background. Assuming
that the pixel has the correct classification with a proligtoff p, and that all cars are
square with a radius of, P. can be found as

P(:(Lcaf) = H Pfg H (1_pfg) (11)
|z — x| <7 |z — x| <7
|y*yc|<r |y7yc|<r

Sp(z,y) =1 Sp(z,y) =0

2.4 1D Tracking

The final step is to learn the typical tracks a car can use tliegross the intersection
and then use these tracks to extract full car tracks fromARé&., ) images. This is
done by fitting a bspline-curve,

(z,y) =B(t), 0<t<1l, k=1.N. (12)

to each of theV typical tracks. In a medium sized intersectidh= 16 as there is 4
roads entering the intersection and 4 leaving it (12 if ur$tare not considered).

For eachBy P, is restricted toM points along the curve. This generatesew
images,l;,, with one column per framég,

Ik(fat) :P(:(Bk(i)af)v (13)

M
wherek = 1..N andt = 0..M, cf. Figure 5.

Every car driving, legally, through the intersection wiliat along one of the bspline-
curves and always in the same direction. The parametenzatican thus be chosen so
that a car always entersiat= 0 and exits at = 1. Considering each of thg, images
separately and assuming that cars are driving continupalglgig one of the bspline
curves, a car consists of a sequence of points

C= {(fivti)}iLzl , (14)

wheref; < fip1 < fi+1landt; <t <t + 1.
If the motion is also assumed to be continuous this mean®stieof

fi=fici+1 | fi=fia fi=Ffic1+1
{ti:ti—l ti=tig +1 %\t =ty +1 (15)

will always be true.



The different curvesBy,, overlap. Thus a car belonging to cldskas to drive along
the entire curveB;. Thatist; = 0 andt;, = M. For such a sequence, the probability
of it being a car is

L
p(C) = [T Is(fis to). (16)
i=1

Finally, assume that all cars driving through the interiseagenerate local maximas
to (16) above some small threshold,.. Then for each potential entry point (local
maxima to( f,0)) and exit point (local maxima tof, M)) a local maxima to (16) can
be found by viterbi-optimization. All those sequences farfmite set of candidate cars
See = {C;}, 5 = 1..N.., and the set of cars driving through the intersectigin,can
be found as the non-overlapping subsetSgf maximizingzcjesc p(C;), whereS,
non-overlapping means that

{(C;:gjeecfc = (f,t) ¢ Cj. (17)

As I is a sampled, discrete image two close local maximas migméged to
one. So accepting overlapping pointsdnfor a fewt-values, makes the system more
robust.

3 Experimental results

The initial tracker simply combining overlapping connetsegments were tested on
a 5 min sequence (see Figure 1) containing 62 vehicles (fotracbus and 60 cars)
and 761 tracks were found. This includes vehicles, bicypledestrians and pure noise.
Many tracks are slitted into several. No objects are eptiméssed though.

Fig. 2. Output from the automatic rectification. To the left the aitjon worked on all tracks
available. To the right some good tracks were manually ahose



Fig. 3. The two roads in the image located approximately. Each roagpresented by two lanes
of opposite driving direction. The solid line shows the egmf the road separating the two lanes
and the two dashed lines shows the border of the road.

The road detection algorithm were then successfully agpéie shown in Figure 1,
followed by the rectification algorithm resulting in thetléhage in Figure 2. The road
is clearly tilted to the right. This is due to the simple line@timization method used
and the fact that there is quiet a lot of outliers and noisenyually selecting a set
of good tracks the right image is achieved, which is the wénésult. This means that
by using non-linear optimization or better measuremergsaigorithm will probably
perform just fine.

The road detection algorithm have been tested on tracksatedl from both the
original image and from the rectified, with similar result®®n in Figure 1. The hori-
zontal road is detected above the road centrum line in thgémahich is correct as the
height of the cars will place the centrum point of the trackedments slightly above
there position on the road. The result of the later is showigure 3.

The result of detecting the typical tracks used to travemsectossing is shown in
Figure 4. 10 of all 12 tracks were found. The two missed arekathyellow in the
Figure. The problem with the last two is that the initial ac produced no tracks
belonging to these classes, which is because there is werydies using them.

Finally the I}, images were produced, see Figure 5, and the 1D tracker were ex
cuted. In total 66 (of totally 62) tracks were found inclugli® bikes, with significantly
lower p(C), and 1 ghost car originating from a combination of cars, Whiould be
removed by removing overlapping cars from the final set of fiam all classes. Also
the buss and the tractor were detected as 2 cars each, ag¢hsigraficantly larger



Fig. 4. All tracks used to pass the intersection clustered into (i&tets based on their entry and
exit lane. Each cluster is represented with a spline (showvthe figure) fitted to all the tracks in

the cluster. The red splines were found by the proposeditiigpand the two yellow ones had

to be added by hand.

than a car. Also, two cars were missed, one occluded by tHdifgi All other cars
were detected correctly.

4 Conclusions

In this paper we have introduced methods for automaticfreatiion, road, lane and car
detection based on learning. The results on real data aneigirg but additional work
is needed.

Experiments have indicated that the rectification algarigeems robust to errors
in the estimation of the focal-length. This means that fgicij an uncalibrated camera
should also be possible by for example assuming that thectsg# of a car is 1x2
and let the traveling direction indicate the longer sidesoilan optimization method
less sensitive for outliers are needed, or cleaner inpatwhich could be achieved by
using a better initial tracker, or by implementing some fesk loop passing the data
produced by the final tracker back to the rectification tovailto tune the rectification
parameters. It should also be quite possible to remove thargsion that all cars have
the same size, and instead assume that any single objeslfrigathrough the intersec-
tion does not change it's size. Then all the tracks could bsteted not only on their
entry and exit lanes, but also on their area and differentrabkers could be used for
vehicles of different sizes.

One single car will produce data in several of theimages and thus optimizing
over all of them at once instead of one by one should yielcebe#sults. In that case
a more advanced model of how cars are allowed to move amorgathple points is
required, such as for example a Markov model. In that caséfaromly distributed set



Fig. 5. The probability that there is a car located at some posiesx(s) along one of the splines
shown in Figure 4 over time (x-axis). The straight lines aesgassing through the intersection
without stopping. The lines with a long horizontal part ie tmiddle are cars that stop and wait
for the red light. This image is denotdg( f, t) wheret is the position along splink in frame f.

of sample points might be enough and there will be no needtimate the bspline
curves as the Markov model will represent the relations betwthe sample points.
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