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Abstract

We describe an embedded vision system,wihie-
grates a web-cam quality CMOS igiag chip with a
RISC pocessarto perform eal-time carcounting func-
tions in the indoor and outdoor @nonment. Thelal-
lenge of this application, especially for the outdoor
ervironment, is to deelop vision algorithms for day and
night, and during the light-amsition periods (i.e dawn
and dusk).

The vision system also needs to accommodate a tr
mendousange of illumination bang (from sunny sum-
mer to snowy winter).iRally we eport briefly theesult
of an outdoor system we deployed in Germany since
June 2003. The enérsystem consists of a network of 13
embedded vision systemsenng a parking facility
over 1 squae kilometerThe vision-network has been in
daily use for the employee parking guidance

1. Introduction

We started this vision application with the intention to
offer a lov-cost vision solution to customers who cannot
afford a high price tag for what theéeed: a system to
inform the car dsiers where to find the free parking
space amongarious parking houses, parking lots, or
different zones of parkingagages. W shall use the
term: “parking place” to describe a closed parkirggae
where the number of parking spaces can be defined
clearly and a car can enter adtethis closed rgion only
through a fes number of gtes or checkpoints.

By counting the number of cars passing through the
checkpoints, the number of free parking spaces of the
parking place can then be obtairdditionally the
induction loop sensorsubed under the road sade,
are used to detect the car passage anddarthe count
data.

However, there are limitations using the induction
loop solution. Br example, if the dreway at the check-
point is wide, the dvier can drre in the middle and the
induction sensor will hae problems determining the
car's direction. Furthermore, the induction sensor cannot
handle high-speed caffie embedded vision system we
developed uses a web-cam quality CMOS sensor inte-
grated with straightforard computer architecture with
no dedicated hardave in order to minimize cost. This is

in contrast to [1] where the VLSI processing architecture
is emphasized for real-time performance.

The softvare is optimized in order to achethe 30
frames per second processing performance. This pro-
cessing speed is needed because the speed can be
as high as 90 km/h.

2. Basic Counting Principle

The principle of car counting is quite similar to the
technigue of light-beam blocking. As illustrated in Fig-
ure 1, the camera is mounted at a high position on one
side of the drieway, looking davn on a special maek
located at the other side of thewdway, near the ground.

Figure 1 Geometry for car counting

The line connecting the markand the camera
defines a virtual line-of-sight. When there is no object
passing, the vision system detects the presence of the
marker. As soon as anobject, be it a cam truck, a
pedestrian, or a bycle, blocks the line-of-sight, the sys-
tem immediately detects the absence of the eratk
then computes the motion ofdveonsecutie frames and
determines the type of the blocking object and itg-mo
ing direction. Br cars or trucks, the count of the cars
inside the parking place is incremented or decremented
depending on the miing direction. Br pedestrians,
bicycles, or motorgcles, thg are ecluded in the count
since usually there are separate parking spaces for bic
cles/motorgcles. The vision algorithm therefore needs
to discriminate trucks or cars from pedestriansydies,
or motorgcles.
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After the object discrimination, the system acquires a
new frame and checks if the markis visible. If not, the
system repeats the motion processing and object dis-
crimination until the marr becomes visible agn. The
entire process then repeats. One rmablkocked event
can at most generates orehicle-count.

In Figure 1(a), only one camera is used to count the
cars from both directions.

Figure 1(b), with tw cameras, is used for a wide
driveway. It is possible that a tallehicle (a @an or truck)
blocks the line-of-sight of both cameras. In this case, a
fusion step is needed to eliminate the duplicate count
from both cameras.

3. The 24-hour Marker and its Detection

As shavn in Fig. 2, we use a special black and white
pattern as a magk The pattern consists of 8 radial-
shape sgments radiating from a centdis pattern is
a special case of a more general “barcodable enark
which can be used for simultaneous identification and
localization of objects [2]. The pattern can be detected
reliably under cluttered ®&ironment by the use of a
Hough Tansform that accumulates a high peak at the
center For corvenience, we shall call this black and
white pattern a “suryi pattern.

@ LED (b)

Figure 2 The 24-hour Marker

The image resolution used for the merletection is
320x240 piels. During the initial calibration stage, the
sunry pattern is detected and localized by processing the
entire image using the Hougahsform. Rire parame-
ters: the x, y location, the majaninor radius and the
ellipse angle of pattern arateacted and stored. This
time-consuming operation is only performed once and
we will not discuss the algorithm here. (See [2] for
details).

Figure 3 shars the actual mast setup we installed
at the customers site. The marrks positioned near the
horizontal center of the image. The images alsaghe
real-life evironment and the derse illumination range
that the vision algorithms must deal with.
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Figure 3 The marker setup in real-life

For run-time operation, we use a simplified gunn
detection algorithm that processes only the loagibre
around the sunnpattern. First, we sample the intensity
profile along an elliptical path that cuts through the black
and white radial saments of the pattern, using the 5
sunry parametersxtracted during the calibration stage.
We then g&tract the edge locations from the 1-D intensity
profile and check if there are 16 transitions with roughly
equal spacing. If yes, the synpattern is detected.

Several sampled intensity profiles with f@ifent radii
are tried for robst detection. Furthermore, the central
location of the sunnpattern is alsoaried by +1 to -1
pixel in x- and y-direction to handle possible camera
shift due to temperature change.

The edge detection for the 1-D intensity profile must
be sensitie enough to detectwocontrast edges. This
situation is common when the syrwattern is under the
tree shade in a bright suny day The detection also
needs to accommodate the changing shadist on the
marker from trees.

At night, there are tessolutions we use for the mar
ker. One is an & or battery pawered LED (Fig. 2a).
Another (Fig. 2b) is a retro-refleeti disc (RRD) illumi-
nated by an array of IR LEDs located inside the camera
box. The LED or RRD are placed in adikposition with
respect the center of the syrpattern. Usually during
night the LED/RRD is bright and its size small. There-
fore to detect the LED/RRD, we first search theepix
with maximum intensity near the designed LED/RRD
location. If this peak intensityxeeeds a threshold, we
then mae from the peak location ouand along 8 an-
gular directions to find the locations where the intensity
drops to a fird percentage of the peak intendityhese
points are within a short distance from the peak, then it is
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an LED/RRD. This simple agorithm is fast and effec-
tive. However, occasionally there is a bright spot on the
car body that happens to pass through the LED/RRD’s
search region and is mistaken asan LED/RRD. This cre-
ates faulty marker detection and thus splits one marker-
blocked event into two (or more). To remedy this prob-
lem, we check the duration of the marker-visible state.

If it is below athreshold (e.g., 0.2 sec), then we merge
these two marker-blocked eventsinto one event.

4. The Motion Processing
and Object Discrimination

Assoon asthe marker isblocked, the system startsthe
motion-processing step that uses a reduced resolution of
160x120 pixels (padded to 160x128 pixels). Figure 4(a)
shows two consecutive images of a passing car.

The motion processing is based on the well-known
motion estimation algorithm [3] used by most video
compression standards. The image is partitioned into
10x8 macroblocks (MBs) each with 16x16 pixels. The
motion vector isthen computed by a search based on the
SAD (Sum of Absolute Differences) measure. Before
the motion estimation, we perform a screening process
to ignore those MBs (indicated by a dot in Figure 4(b))
that have small image change or little vertical structure
(since the motion is primarily in the horizontal diretion).
Figure 4(b) shows the computed x-motion components
of the 10x8 MBs. The numbers indicates the pixel shift
between two images and is proportional to the speed.

Since the car’s movement is arigid-body motion, we
can impose amotion consistency check by selecting only
the MBs with roughly the same horizontal movement.
These MBs are called the “ consistent macroblocks”.

Theresult is shown in Figure 4(c). As can be seen
from this example, the blurring of the images due to car
motion has little effect on the result.
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@
(b) X-motion before consistency check:
2 . -19 -17 0
0 -16 -18 -18 -16 -15
0 . -17 -18 -18 . -17 -18 -6
0-16 -17 -19 -20 -18 -19 -15 -16
24 -16 . -18 -19 -19 -18
-20 -18 -18 -19 -19
. =15 -20 -20 -17
-19 -22 -23 -17
(c) X-motion after consistency check:
-19 -17
-18 -18
-17 -18 -18 . -17 -18
-17 -19 -20 -18 -19
-18 -19 -19 -18
-20 -18 -18 -19 -19
-20 -20 -17

Figure 4 Motion estimation of two consecutive images
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During night, we rely on the motion of the car’s head-
lights/taillights. Figure 5 shows some images for the
nighttime motion processing. As can be seen from the
images, sometimes the headlights of other cars canillu-
minate part of the scene. The fine horizontal line pattern
superimposed on the image is caused by the noise from
the CMOS chip due to the high gain (7.5 times) used by
the automatic gain control.

Figure 5 Night scenes for motion processing

The nighttime motion processing is different from
the daytime motion processing. First the algorithm de-
termines if the daytime processing is more appropriate
by checking if the percentage of the bright pixels (i.e.,
pixelswith intensity exceeding a high threshold) exceeds
alimit (e.g. 25%). If yes, such asthe case for the middle-
left image of Fig.5, then the daylight processing is actu-
ally used. If not, which indicating that most areain the
image is dark, we then check if the number of bright
pixelsislarge enough for headlightsg/taillights. If yes,
we enter into the headlight-processing mode by perform-
ing the same motion estimation and consistent motion
check. Usualy in this situation the number of consistent
MBsissmall (see theleft and right imagesin Figure 5).

The object discrimination is based on the speed and
the size of the blocked object using the 10x8 MBs. If the
geometry of the setup (Figure 1) is selected properly, the
carsor trucks usually have consistent MBs at theleft and
right portion of the image while for pedestrian or bicy-
cles, the consistent MBs only occur in the middle of the
image (Figure 6). Therefore we partition the 10x8 MBs
into three regions: L, M, and R (Figure 7). L and R
regions occupy 3 columns of MBswhile M occupiesthe
central 4 columns. There are 5 possible object types: (1)
vehicle _to _right(V2R), (2) vehicle to_left(V2L), (3)
pedestrian_to_right(P2R), (4) pedestrian_to_left(P2L),
and (5) nothing(N).
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Marker Position

Figure 7 Partition of 10x8 motion MBs into 3 regions

The rules we use for object discrimination are:

(1) If the speed isless than athreshold, we have type
N.

(2) For headlight processing, if the number of consis-
tent MBsisat least 1, then we have type V2R or
V2L depending on motion direction. Otherwise we
have type N.

(3) If the horizontal extend of the consistent MBs
exceeds A (car's size), and the number of consis-
tent MBs exceeds B, we have type V2R or V2L.

(4) If thenumber of consistent MBsin regionsR and L
exceeds C and the number of consistent MBs
exceeds B, we havetype V2R or V2L.

(5) Otherwisethe object istype P2R or P2L, depend-
ing on motion direction.

A, B, and C are threshold numbers. The spatia dis-
crimination rules above do not necessarily generate a
correct result. For example, ablack car under poor
illumination can have a small number of consistent
MBs (less than B) and thus it can be misclassified as
a pedestrian.

The spatial object discrimination is performed for
every frame during the entire marker-blocked period.
This means we can refine the classification by perform-
ing atemporal processing by combining the spatial ob-
ject types over severa frames. We use a voting mecha-
nism that produces avery reliable object type, especially
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for classifying bigcles or motorgcles to the pedestrian
type instead of theahicle type.

5. Hand-over of Algorithms During
Light-Transition Periods
Figure 8 shars images during the light-transition

periods (den or dusk) that last roughly 0.5-1 hours.
During this time the illumination changes dramatically

=
i

Figure 8 Images during the light-transition peri

ods

For the markr detection, the LED/RRD detection
method is actiated only when the scene is about to get
dark. This time point is determined by monitoring the
parameters from the automatigpesure control of the
CMOS sensoWhen actiated, the LED/RRD detection
is tried first. If it fils, the suny pattern detection is tried
next. This overlapping detection arks extremely well to
accommodate the gradual disappearance of LED/RRD
during davn.

For the handeer of motion processing, the system
uses a time point when the scene is eaffor the cases
in Fig. 8, only the left-mostvent is processed by the
nighttime algorithm.

6. Real-time performance

All real-time vision systems need tace the issue of
uneven needs for processingvper. This application is
no exception. During the masdtblocked period, the
computation is heg since it needs to perform motion
estimation, object discrimination and markletection
for every frame. V& huffer the images so there are more
time to process maekblocked events at a later time.
The algorithms are also arranged properly so that the
computation is spread outanly. At the end, we are able
to achiee the 30 f/s processing speegm at high car
passing frequeryc(30-40 cars/minute during the morn-
ing rush hour).

SMART WEB VISION

7. Deployed Systems

We installed the first indoor parlagage guidance
system with 7 netarked vision systems. This system is
in daily use since May 2003. The outdoor system with
13 vision systems as installed in June 2003.

The outdoor vision system (Fig. 9) has a size of 20x
12x10 cm. The hardave includes a camera, a RISC
CPU, 16MB flash and 16MB RAM. The system consu-
mes a maximum of 2W peer. All vision systems are
connected to a parking guidance controller via the RS-
485 interfice. The length of the serial cables alone is
about 4.2 km. The total number of parking spaces man-
aged by the vision systems is about 2,3@@ Husiest
vision systems count about 2,000 cars eaaf daily

The system has an error rate of abetb%, which
is satishctory for the current operation.

Figure 9 The outdoor embedded vision system
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