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Development of a Real-Time Video Image
Tracking Algorithm for Incident Detection
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Abstract

The current VIPS are not effective in safety point of view, because they are originally developed for mimicking loop
detectors. Therefore, it is important to identify vehicle trajectories in real time, because recognizing vehicle movements over a
detection zone enables to identify which situations are hazardous, and what causes them to be hazardous. In order to improve
limited safety functions of the current VIPS, this research has developed a computer vision system of monitoring individual
vehicle trajectories based on image processing, and offer the detailed information, for example, incident detection and conflict as
well as traffic information via tracking image detectors. This system is capable of recognizing individual vehicle maneuvers and
increasing the effectiveness of various traffic situations. Experiments were conducted for measuring the cases of incident

detection and abnormal vehicle trajectory with rapid lane change.
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Development of a Real-Time Video Image Tracking Algorithm for Incident Detection

[ . Introduction

The current traffic management systems require real
time information, and newly developed ITS tech-
nologies providing more detailed traffic information
are becoming more effective. As a result, the increas-
ing needs for better vehicle detection rely on traffic
surveillance such as wide-area detectors. One promis-
ing approach among the wide-area detectors is vehicle
tracking via video image processing (VIPS), which can
yield traditional traffic parameters such as flow and
velocity.

Image detector systems are divided into two catego-
ries, one is tripwire system to get the spot information
at a single point, and the other is tracking system [1].
Spatial traffic information such as the vehicle tracks or
trajectories can be more useful than tripwire in-
formation at a single point, because it is possible to
measure true density instead of simply recording de-
tector occupancy. In fact, by averaging trajectories
over space and time, the traditional traffic parameters
are more stable than corresponding measurements from
point detectors, which can only be averaged over time.
Additional information from the wvehicle trajectories
could lead to improved incident detection, both by de-
tecting stopped vehicles within the camera’s field of
view and by identifying lane change maneuvers and
acceleration/deceleration patterns that are indicative of
incidents beyond the camera’s field of view [2].

However, the current VIPS are not effective in safe-
ty point of view, because they are originally developed
for mimicking loop detectors. Also, the commercial
VIPS have limit to incident detection due to the fact
of measuring only spot information.

According to the Road Accident Statistics of 2007,
there were 213,745 police-reported traffic crashes in
Korea in 2006. It is therefore imperative that re-
searchers in the field of transportation make enormous
efforts to significantly enhanced road traffic safety. In

order to make effective strategies for comprehensive
traffic safety measurement, it is important to identify
vehicle trajectories in real time, because recognizing
vehicle movements over a detection zone enables to
identify which situations are hazardous and what caus-
es them to be hazardous.

In order to improve limited safety functions of the
current VIPS, we have developed a computer vision
system of monitoring individual vehicle trajectories
based on image processing and offering the detailed
information, for example, incident detection and con-
flict as well as traffic information via tracking image
detectors. This system is capable of recognizing in-
dividual vehicle maneuvers and increasing the effec-
tiveness of various traffic situations.

Experiments have been conducted for the measuring

these cases as follows:

1) Detection of stopped vehicles on the road

2) Detection of backward-moving vehicles

3) Detection of abnormal vehicle trajectory with
rapid lane change

Experiments were conducted on image data cap-
tured with video camera installed on a downtown

street in Wonju city, South Korea.

I. Prior Researches and State of the
Practices

The vehicle detection technologies can be classified
to three methods; background subtraction, temporal
differencing, and optical flow. The background sub-
traction is calculated the difference between the cur-
rent image and the reference background image in pix-
el by pixel fashion. However, this approach has a
problem which is very sensitive to the background
changes, according to time changes of day, weather,

and seasons. To solve this problem, the effective algo-
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rithm have been proposed using background prediction
and weight learning method such as wallflower [3],
Gaussian Mixture Leaming [4], and Kalman Filter
technique [2]. In temporal differencing, moving objects
changes intensity faster than static one, it uses consec-
utive frames to identify the difference, and it is adap-
tive dypamic scene changes. The optical flow is to
identify characteristics of flow vectors of moving ob-
jects over time, and it is used to detect independently
moving objects in presence of camera. Also, it has to
require a specialized hardware to implement.

The previous image processing and object tracking
techniques have been mostly applied to traffic video
analysis to address queue detection, vehicle classi-
fication, and volume counting [5]. From the computer
vision literature, the different tracking approaches for
video data can be classified as 1) Model-based track-
ing, 2} Region-based tracking, 3) Active contour-based
tracking, and 4) Feature-based tracking [2].

Model-based tracking [6] is highly accurate for a
small number of vehicles. Also, this approach consists

of the following main steps.

1. Motion segmentation: The first step is a motion
segmentation, which segments moving objects
from the stationary background. Koller et. al. ap-
ply a discrete feature-based approach to compute
displacement vectors between consecutive frames.
A cluster of coherently moving image features
provides then the rough estimates for moving re-
gions in the image.

2. Generic polyhedral vehicle model: This enables
the instantiation of different vehicles such as ce-
dan, hatchback, station wagon, bus, or van from
the same generic vehicle model. The estimation
of model shape parameters is possible by includ-
ing them into the state estimation process as
shown in Fig. 2.

3. Object recognition and alignment: Straight line

edge segments extracted from the image are
matched to 2D model edge segments - a view
sketch - obtained by projecting a 3D polyhedral
model of the vehicle into the image plane, using
a hidden-line algorithm to determine their
visibility.

4. Motion model: It is the dynamic vehicle motion
in the absence of knowledge about the intention
of the driver. In the stationary case, in which the
steering angle remains constant, the result is a
simple circular motion with constant magnitude
of velocity and constant angular velocity around
the normal of a plane on which the motion is
assumed to take place. The unknown intention of
the driver in maneuvering the car is captured by

the introduction of process noise.

The most serious weakness of this approach, how-
ever, is the reliance on detailed geometric object
models. It is unrealistic to expect to be able to have
detailed models for all vehicles on the roadway.

In region-based tracking, the process is typically in-
itialized by the background subtraction technique. In
this approach, the VIPS identify a connected region in
the image, a ‘blob’, associated with each vehicle and
then tracks it over time using a cross-correlation
measurement. A Kalman-filter based on adaptive back-
ground model allows the background estimation to
evolve such as the weather and time of day affect
lighting conditions. Foreground objects (vehicles) are
detected by subtracting the incoming image from the
current background estimation, looking for pixels
where this difference image is above some threshold
and then finding connected components [2]. However,
this approach works fairly well in free-flowing traffic
under congested traffic conditions, vehicle partially oc-
clude one another instead of being spatially isolated,
which makes the task of segmenting individual ve-
hicles difficult. Such vehicles will become grouped to-
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gether as one large blob in the foreground image.
Complementary to the region-based approach, active
contour-based tracking is based on active contour
models or snakes. The basic idea is to have a repre-
sentation of the bounding contour of the object and
keep updating it dynamically. The advantage of having
a contour-based representation instead of a re-
gion-based one is reduced computational complexity.
However, the inability to segment vehicles that are
partially occluded remains. If a separate contour could
be initialized for each vehicle, then each one could be
tracked even in the presence of partial occlusion. 2, 7).
An alternative approach to tracking abandons the
idea of tracking objects as a whole and instead tracks
sub-features such as distinguishable points or lines on
the object. The advantage of the feature-based tracking
approach is that even in the presence of partial occlu-
sion, some of the features of the moving object re-
main visible. Furthermore, the same algorithm can be
used for tracking in daylight, twilight or night-time

Input Image
B

conditions. It is self-regulating because it selects the
most salient features under the given conditions, such
as window corners, bumper edges during the day and
tail lights at night [2].

. Methodology of Vehicle Tracking
Algorithm

This chapter explains the basic idea of the tracking
algorithm developed from this research.

For wvehicle tracking, we used the region based
tracking approach, which is utilized by most commer-
cial VIPS. We have not just only performed individual
vehicle tracking but measured safety information such
as incident or conflict detection via tracking.

The tracking algorithm for moving object extraction
and incident detection processing is implemented as
shown in Fig. 1[8]. First, image segmentation is per-
formed using background subtraction, and binalization
through deciding threshold and then connecting in-

Connected Region
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<Fig. 1> Tracking and incident detection approach, (8]
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dividual vehicle region, i.e., moving object region
(MOR) has been extracted using morphology after
which the tracking algorithm is applied. Second, blob
tracking is performed by finding association between
the blobs in the current frame, ith frame and the pre-
vious frame, (i-I)th frame, based on the proximity of
the blob, and gives the same vehicle ID’s in the ith
frame. The results from the tracking module are then
passed onto the visualization module, where tracker re-

sults can be viewed graphically.

1. The procedures of tracking and
incident detection

1) Acquisition of Image

In moving object extraction, the video background
subtraction algorithm wuses the wvehicles that pass
through the detection area. The background template
in the detection area, f{x, y, fp) is saved beforehand
and the current frames, f(x, y, ti) are taken, and the
differences between the two images are calculated pix-
el by pixel. Fig. 2 shows a sample difference image

between two images taken at times #, and ¢

2) Deciding the threshold

In an ideal case, a histogram with a colored or gray
distribution has a deep and sharp valley between the

two peaks that represent the objects and the
background. For most real images, however, it is often
difficult to precisely detect the bottom of the valley
[9]. Therefore, the optimal threshold can be obtained
by running the experiment several fimes.

Another way of finding the optimal threshold using
a theoretical approach is with the Otsu algorithm. This
popular approach is based on the principle that the op-
timal threshold has been found as the point that max-
imizes the between-class variance (©,) and minimizes
the within-class vatance () in the pixel distribution
(See Eq. 1).

To find the optimal threshold K*, the discriminant

criteria maximize A which is given by
A=0o}lo,

o, (k") = max o, (k) M

where the pixel of given picture is represented in
L gray levels [1, 2, ..., L]

The threshold in this research was chosen heuristi-
cally based on the experimental position, because the
threshold exhibited a wide variance based on each po-
sition and time. Therefore, the optimal threshold can
be obtained by running the experiment several times.
In this experiment, the threshold was set at a gray lev-
el of 27.

Load Template
imagel(A)

Acquire image(B)

Subtraction images
to a template(B-A)

<Fig. 2> Background subtraction for extracting individual vehicle from road
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3} Morphology

The mathematical morphology is a tool for extract-
ing image components that are useful in the repre-
sentation and description of a region’s shape such as
boundaries, skeletons, and the convex hull {10]. As
shown in Fig. 3, the morphology process in this re-
search consists of three methods: closing using the di-
lation of a 3 X 3 block, filling of the hole with ve-
hicles, and removal from this frame of very small ob-
jects that were considered noise. After the moving ob-
jects in this frame were extracted, the center coor-
dinates of each object were obtained.

4) Generating Vehicle IDs

The vehicles in the frame, I, were drawn within a
bounded rectangle, and each of them was given a new
ID, with their (x, y) and (top, bottom) coordinates
saved in the reference table. In the next frame, I.j,
the number of particles within the detection zone were
counted. When the closest coordinate rectangle was
compared with the rectangle coordinates in the prior
frame I, from the stored reference table, it was found
‘to have the same vehicle ID as the rectangle in the
prior frame. In other cases, a new vehicle ID was gen-
erated, either when a new vehicle entered the detection
zone or when it is needed to separate the two vehicles
bounded with one rectangle in the prior frame.

5) Incident Detection

Depending on the traffic accident recording and re-
porting system (ARRS) which is an image actuated
moving picture recording and reporting system on the
road, it extracts features for accident detection such as
the acceleration, position, area(size), direction of the
moving vehicles as followings [1].

(1) Acceleration and retardation
In general, a traffic accident causes rapid change to

vehicle speeds. Hence, we used the variation rate of
vehicle speed (acceleration and retardation) for acci-
dent detection.

(2) Variation rate of the position

When an accident has taken place somewhere on
the toad, an image that represents an object consists
of positive valued pixels for long time against back-

ground of O-value.

(3) Variation rate of the area

When the vehicle moves away from the camera, the
size of the moving vehicle is decreased, and as it
moves towards the camera, the size of the moving ve-
hicle is increased, however its variation rate is small.
On the other hand, the accidents cause rapid change to

the size of moving vehicle.

(4) Variation rate of the direction

The mean optical flow obtained by averaging the
normal optical flow of each pixel in the extracted part
is represented by V,, and the motion vector obtained
by cross comelation is represented by V. The angle, &
formed between the two motion vectors can be ex-
pressed as

V-V
cosf=—"—1
v @

n

If cos@ is over the predetermined range, we can

consider that an accident has been occurred.

6) Printing detection Results

The system has displayed the rectangle with each
individual vehicle every frame in normal time, but an
accident has taken place on the road, the system has
drawn the bound at accident position, and displayed
the warning message. Also the vehicle ID, accident

time, coordinates are saved within database.
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IV. Application of the Incident
Detection Algorithm

The applications of incident detection algorithm
conducted the detection of the three cases:

1) Detection of stopped vehicles on the road
2) Detection of backward-moving vehicles
3) Detection of abnormal vehicle trajectory with

rapid lane change

The experimental tests were conducted on a down-
town street in Wonju city, the detection length is 80m
for 37 minutes recording time. Since it is difficult to
obtain incident images in real world, we made a few
accident cases intentionally using four vehicles. The
experiments were mainly conducted in order to exam-
ine whether our system could detect these cases or
not.

Two methods were used for incident detection,
“Variation rate of the position” and“Variation rate of
the area”. However, we did not use the “Acceleration
and retardation”, because the experiment site was not
installed any other detectors for comparing with our
test results.

The test scenario was made by occurring the three
cases randomly and we measured incident detections.
<Fig 3> shows image examples, which contains colli-
sions with the median and stopping vehicles due to a
disabled vehicle.

In order to detect backward moving data, the con-
flict scenarios were divided into two cases, which are
shown in <Fig 4>, stopping vehicle detection on the
shoulder, and backward moving vehicles detection.
The stopping vehicle on the shoulder was detected by
tracking the vehicle, stopping time is over the pre-
determined time, such as one or two minutes, and
then gives the message “SHOULDER”. If this vehicle
was moving back, followings tracking with vehicle,

{b) Stopping vehicle due to a disabled vehicle

<Fig. 3> Two examples of collisions with the median
and stopping vehicles due to a disabled vehicle.

the moving was in the opposite direction, also the
message was given by “BACK MOVING”

Finally, for detecting abnormal vehicle trajectories
including rapid lane change, it has to be measured
continuously, all frames of individual vehicle be
checked and measured how many times the frame is
omitted with the same vehicle ID. In average, the
90~150 frames are processed for vehicle passing
through the 80m detection zone. <Fig 5> shows the
test images for detecting abnormal vehicle trajectories.

V. Test Results of the Incident
Detection Algorithm

In the experiments, the dangerous cases of traffic
flow, stopping vehicle on the shoulder, backward mov-
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(a) Stopping vehicle on the shoulder

2 Ll

SuaEa
PO ™ i

(b) Backward moving vehicles on the lane

<Fig. 4> Two examples of conflict, stopping vehicle on
the shoulder, backward moving vehicles

ing vehicles, and collisions with the median, have
been made by eleven cases randomly for 37 minutes.

As a result, all cases are detected in our system as

<Fig. 5> Abnormal vehicle trajectory with rapid lane
change cases

shown in <Table 1>. However, these are ideal cases
unlike real world so that we had to conduct the field
tests very safely to prevent any other possible acci-
dents due to this test.

1. Detection results of stopped vehicles
on the road

The test scenario was made by two cases: stopping
vehicle on the shoulder and collision with the median,
and we measured whether incident detection works
properly. The test results showed that our system de-
tected all cases of the incidents properly as shown in
<Table 1>.
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<Table 1> Incident detection results in case of stopping vehicle on the shoulder.

Event Cases Event Time Detection or NOT

stopping vehicle on the shoulder From  01:09 Success
To 01:22

stopping vehicle on the shoulder From  04:56 Success
To 05:02

collision with the median and stopping vehicles due to a From  12:10 Success

disabled vehicle To 14:40

stopping vehicle on the shoulder From 14:37 Success
To 14:44

stopping vehicle on the shoulder From 15:49 Success
To 15:54

collision with the median and stopping vehicles due to a From 16:44 Success

disabled vehicle To 17:52

stopping vehicle on the shoulder From  21:34 Success
To 21:41

stopping vehicle on the shoulder From 30:04 Success
To 32:03

<Table 2> Detection results for back-moving vehicles

Event Case Event Time Detection or NOT
backward moving vehicles From  05:03 Success
To 05:10
backward moving vehicles From 15:09 Success
To 15:15
backward moving vehicles From  21:42 Success
To 21:51

2. Detection results of backward moving
vehicles

The backward moving incidents occurred randomly
and intentionally three times and we measured these
cases. The test results show that our system performs

well.

3. Detection results of abnormal vehicle
trajectory with rapid lane change

Abnormal lane changes will be a high probability

of accidents, and will be very difficult detection be-
cause they happen in a second. Especially, they cannot
be detected via tripwire detectors. The most important
thing of detection for abnormal lane change vehicles is
detection of individual vehicle trajectory exactly, i.e.
the individual reckless vehicle identity, referred to as
ID, is equal to every frame within detection zone.
However, there are lots of cases which has been taken
place for missing tracking ID from some frames be-
cause of variable vehicles’ passing. We have made
five reckless driving cases and measured the tracking
ID for each frame.
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<Table 3> Detection rate of vehicle ID with abnormal lane changes and missing ID frames

Vehicle ID with Detection or Driving Time Total frames Missing ID frames
Abnormal lane changes NOT

70161 Success From 00:48 133 frames Nothing
To  00:52

44230 Success From 00:54 154 frames Nothing
To  00:58

94690 Success From 04:21 198 frames Nothing
To 0426

31121 Success From 07:02 142 frames Nothing
To  07:07

57892 Success From 34:58 98 frames Nothing
To 3502

Five cases of abnormal driving patterns with rapid
lane changing have been made and total 725 frames
are shown in <Table 3>. The detection rate for total
events is 100%.

VI. Conclusions

Most problems of tracking techniques arise due to
vehicle occlusions and inaccuracies in separating in-
dividual vehicles. Although traffic information such as
volume, speed, and occupancy rate can be obtained
simply by these approaches, vehicle flow patterns can-
not be estimated via tripwire video detectors.

The objective of this research was to relate traffic
safety to VIPS tracking. The proposed tracking algo-
rithm will lead to understand individual vehicle ma-
neuvers and increase the effectiveness of incident de-
tection for improved safety monitoring.

We have conducted the experiments of three cases
which have been taken place in real traffic world
frequently. Traffic volume, speed, occupancy rate, and
stopping on shoulder can be measured via tripwire de-
tector, but some of them such as back-moving vehicle
or reckless driving trajectory cannot be detected.
Therefore, detectors should detect the overall possible

traffic cases in real world for safety. Analyzing traffic
data from tracking system will improve safety mon-
itoring by providing a warning message of dangerous
driving patterns to drivers, automatic traffic monitor-
ing, and incident detection in real time.

Our experiments were made artificially so that we
had to conduct the field tests very safely to prevent
any other possible accidents during this test. However,
in future work, various analysis methods based on
these data will be developed and applied to field tests.
Furthermore, by gathering more various traffic cases,
detection rate can be increased in overall cases.
Eventually, it is expected that this system can be ap-
plied to the development of video image processing
system which delivers both safety and operation ori-
ented traffic information.
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