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Motivation

¢+ Safety - distinguishing between humans and vehicles

¢+ Detection of trucks allows:
¢ improving traffic planning and road pavement maintenance
¢+ differentiating charges in auto-toll systems
¢ warning too high vehicles before bridges

¢+ Speed detection allows find speed limit violations

¢ Use of cameras allows detecting more parameters than inductive
loops in the pavement and other sensors
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Prior work 2
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¢ Detected parameters may be compared to known values of real
vehicles. Different classification algorithms may be used — vector
machines, k-nearest neighborhood, neural networks
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Vehicle detection

5. R. Kadikis and K. Freivalds, “Efficient video processing method for traffic
monitoring combining motion detection and background subtraction,” Proc Fourth
International Conference on Signal and Image Processing 2012. 131-141, (2013)

¢ Virtual detection line in the frame is perpendicular to the road

¢+ Vehicles that cross the detection line are detected by combining
motion detection and background subtraction methods

¢ Intervals are created on detection line, denoting segments covered
by vehicles. Interval is closed when vehicle leaves

¢ Line crossing vehicles are detected and counted

I - Detection line Interval
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Multiple detection lines

* Multiple detection lines are placed in the frame
¢ Intervals from different lines are combined in to vehicle objects

5 Vehicle object
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Projective transform 1
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Projective transform 2

¢ Camera calibration
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¢ Finding transform coefficients
ax; + by; + ¢ = gr;u; + hy;u; + u;
a-r+0b-y+c
dx; + ey, + f = gx;v; + hy;v; + v; u_g-a:—l—h-y—l—f
*Transformation of coordinates dovte ytf
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Uniform placement of lines

¢+ Detection lines in the world plane are positioned parallel to each
other, perpendicular to the road and equidistant

¢ Algorithm automatically computes according placement and
incline of detection lines in the frame plane
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Vehicle tracking

¢ If intervals appear shortly on adjacent detection lines and their
coordinates are close, they are combined in to new vehicle object

TL TR

BL ER

* New intervals may be added to existing vehicles
¢* Deletion and addition of intervals changes coordinates of vehicle
¢ Outcast intervals are removed from vehicle
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Detection of parameters

¢ If vehicle first appears on the upper
detection lines, initial direction of vehicle
is assumed to be from top to bottom

¢ Acquired direction may change

¢+ Width of intervals approximately
correspond to the width of the vehicles

¢ Speed is determined by counting frames
between additions of new intervals to the TL 1 TR
vehicle object

¢ Length of vehicle is equal to
multiplication of vehicle speed and a

g lifespan of vehicle intervals
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Detection of parameters - h@lght

¢ Information about vehicle height remains in a frame plane

h — height of vehicle

h=H Wy, H — height of camera
w, +w,_ Wb longest interval
ws — shortest interval

¢+ Height of vehicle is proportional to changes of width of intervals in
projective transform plane
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Classification

width length
height
* Vehicle objects that are large -~ 9 g

enough and exist long enough

are detected as vehicles

¢+ Vehicles are classified as trucks if:
¢ Height > 2.5m
¢ Length>7m
¢ Width > 2.5m

vehicle number —
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Demonstration

spaed: Okm /Sh; width: 0.0m;  length: 0.0m; height: 0.0m;
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Results 1

Video 3 Video 4

Ground-truth Single line Average of all lines Proposed algorithm
Video
number of all
e count accuracy count accuracy count accuracy

1 32 30 94% 30 94% 32 100%
2 122 121 99% 124 98% 122 100%
3 159 168 94% 164 97% 158 99%
4 43 45 95% 44 98% 44 98%
5 221 232 95% 235 94% 231 95%
6 208 209 99% 209 99% 209 99%
7 246 233 95% 239 97% 239 97%
8 117 118 99% 118 99% 116 99%
9 88 92 95% 93 94% 88 100%

[ |

INSTITUTE OF
ELECTRONICS AND Roberts Kadikis ICMV 2013 17/11/2013

COMPUTER SCIENCE



Results >

Ground-truth
: Trucks correctly False positive
Video ,
all vehicles trucks detected trucks

1 32 4 4 0

2 122 8 8 0

3 159 8 7 1

4 43 0 0 0

5 221 12 7 0

6 208 5 5 1

7 246 12 12 3

8 117 4 4 1

9 88 7 6 0
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Conclusions

¢+ Algorithm of intervals on a virtual detection line, which is usable in
different weather conditions and adapts to changes in lighting, is
successfully usable for vehicle tracking, determination of parameters
and classification

¢ Use of multiple detection lines and combination of intervals in to
vehicle objects increases vehicle detection accuracy compared to
single line or simple averaging indications of multiple lines

Thank you for your attention!
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