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Abstract: This project highlights the problems that are encountered in a typical Traffic Sign Recognition
System like incorrect interpretation of a particular traffic sign which is observed by a driver while driving a
vehicle causing misunderstanding thereby resulting in road accidents. The visibility is affected by many
environmental factors such as smoke, rain, fog, humid weather, dust etc. and it is very difficult to understand
the traffic signs in this situations, causing misinterpretations of the particular traffic sign and resulting in
road accidents. In order to avoid this condition, a novel method of recognizing traffic signs is developed
which take into consideration the color and shape of the traffic sign. Hough algorithm is used for
classification of different groups of traffic signs which are predefined by a particular set of features after the
process of Image Segmentation. Finally, the simulations of traffic sign images are prepared by using the
software tool called as MATLAB.
Key world: Mat lab
I.

tool, traffic sign

INTRODUTION

Autonomous driving researches are focused either on
oﬀ-road driving [1] or driving in urban traﬃc [2].
Thanks to the DARPA Grand Challenge and the DARPA
Urban Challenge [3], signiﬁcant progress have been
made in both domains. Autonomous vehicles equipped
with several cameras, sensors, and processors prove to
move successfully from a starting point to a predeﬁned
destination.
There is a remarkable amount of work regarding
autonomous driving and its sub-tasks. Most of these
studies target the task of moving the vehicle from one
point to other, just by avoiding collisions and following
the most efficient path. This requires optimal path
planning and obstacle avoidance algorithms, but not
necessarily the recognition of traffic signs or pedestrians.
DARPA Urban Challenge has mandated some specific
rules, most importantly "lane following", but has not
covered the traffic rules as a whole. Recognition of
traffic lights and signs, and recognition of pedestrians
are officially left out of scope.
Following the progress in this field, car manufacturers
have recently started deploying more intelligence in their
latest models. Parking assistance, adaptive cruise
control, emergency brake assist, lane departure warning
and speed limit monitoring are among the new features
appearing in the car market [4, 5]. All of these systems
are at the very early stages of their evolution. Much
more progress is on the horizon. For example, in the
near future, lane, speed limit and traffic light violations
are going to be immediately detected by cars and
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reported to a central traffic regulation system with
wireless media.
With these expectations in mind, Automatic Driver
Evaluation System (ADES) aims to take a key role in
this hot topic of the intelligent car technology. The final
product of the ADES Project will be a framework for
evaluating the drivers against the traffic rules as they
drive. It can be used for;
• Assisting drivers to drive more safely,
• Informing traﬃc central about the violations
(lane, speed, light, other rules),
• Automation of driver license examinations,
• Highway maintenance: to check the presence and
condition of the signs,
• Supervising the development of autonomous
urban driving.
This study is a part of the ADES Project and is focused
on the road lane and traﬃc sign detection and tracking
systems. Two diﬀerent concepts of autonomous driving
challenge are studied and have yielded promising results.
II.

METHODOLOGY

Hough Transform Overview
Hough Transform (HT) [7] is a technique to detect
arbitrary shapes in images, given a parametrized
description of the shape in question. Hough transform
can detect imperfect instances of the searched shapes.
Besides, HT is tolerant of gaps, and image noise has
minor eﬀect on the output.
The simplest form of the HT is the line transform, where
lines are the target elements sought by the transform.
Representing a line in polar form (Equation 3.1)
speciﬁes its normal passing through (x, y) drawn from
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the origin to (r, θ) in polar space. These are represented After the image is partitioned, a separate Hough
by the dashed lines in Figure 3.1.
transform is applied to each single partition. The most
xCosθ + ySinθ = r
(3.1) intense line in each partition, which is the candidate line
segment, is taken into consideration in order to ﬁnd the
For each point in the (X, Y) plane and on the line, the global lanes in the image. Since the Hough lines are
values of r and θ are constant. Therefore, for a given represented in polar coordinates (r, θ) instead of
point in the (X, Y) plane we can calculate the lines rectangular coordinates (x, y), the candidate lines are
passing through the point in terms of r and θ. Passing a grouped according to their slopes and distances to the
range of lines at varying angles [0, 2π] and varying θ center of the image as well as their intensities. The
accordingly it is then possible to calculate the value for r. center of the frame is chosen as the reference point.
By taking a set of lines through a point and calculating
the r and θ values for the lines at that point a Hough
space can be created (Figure 3.1). Distributing the results
of these calculations to “bins” and incrementing their
value or “vote” for every result that is placed in them, an
accumulation array can be built. The greater the vote
value of the bin, the higher the probability that it is a
point on the line.

Figure 3.2. Block Diagram for Multiresolution HT.
The transformation of the lines basically changes the
center point of the polar coordinates for each
transformed line which is achieved by the following
translation
r’ = r + (x – x’) cos(θ) + (y – y’) sin(θ) θ’ = θ
(3.2)
Figure 3.1. Liner Hough transform.
Detection: Multiresolution Hough Transform (MHT)
The classical HT approach processes the entire vision
data in order to detect the lines. This scenario has two
main drawbacks. First, the occluded lines (i.e. another
car passing through the line) become noisy since the
transformed relative intensity of the line decreases.
Second, the relative intensity of the lines also decreases
at the curves in the road.
The proposed solution divides the road image into
partitions, where the sizes of the partitions are inversely
proportional to the distance of the partition to the
vehicle. After the image is partitioned, several
preprocessing steps are required before applying the
Hough transform. These preprocessing steps should be
fast because the Hough transform is already
computationally expensive for real time applications.
Since edge detection techniques are also usually
computationally expensive for real time applications [51,
52], each partition is converted to binary images via
applying a threshold ﬁlter after a color remapping
process.
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where (r’, θ’) are the global polar coordinates (with
respect to the reference point) of the Hough line (r, θ).
Note that the translation of the center of the Hough
transform is from (x, y) to (x’, y’).

Figure 3.3. (a) Partitioned image, (b) Binary image.
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Figure 3.4. (a) Candidate lines, (b) Transformed line, (c) Detected lines.
After the lines are grouped, the most intense three a speciﬁc frame is represented by an individual (r, θ)
clusters are assigned as the lanes. However, there may be pair. In the succeeding frame, the process will most
less than three lanes if the sum of the intensities of the probably observe the same lane at (r’, θ’) which is not
candidate lines is less than a threshold value.
very far from the position of the lane in the previous
frame. The probability of observing (r’, θ’) pair in the
Tracking: HMM
HMM [53] is an alternative to Kalman ﬁlter and particle next frame is modeled as an HMM problem. In addition,
ﬁltering. It is a statistical model in which the system θ and r values are modeled by two diﬀerent HMMs. The
being modeled is assumed to be a Markov process with θ value is discretized as (0, 1, 2, 3. . . 178, 179) where
unobserved states. As shown in Figure 3.5, the system the r value is discretized at the pixel level. This
consists of predeﬁned sets of states and observations. A discretization schema is used in both transmission and
state transition probability matrix deﬁnes the emission matrices. The emission probability matrix
probabilities of transition between states. An emission shows the probability of observing θ’ (or r’) in the next
probability matrix deﬁnes the probability of frame, having observed θ (or r) in the current frame. In
encountering each observation for each state. System our implementation, the observation and state transition
also deﬁnes the start probabilities of each state. The matrix values are derived from two Gaussian
ultimate aim of an HMM is to estimate the next distributions with diﬀerent deviations. The deviation of
observation relying on the current observation, without the transition matrix is assigned to a smaller value than
access to the state information.
the observation matrix, which means, the state transition
matrix aims to preserve the current state where the
observation matrix promotes the exploration behavior.
III.

EXPERIMENTS

The approach proposed in this study is implemented and
tested on a relatively short video sequence of an urban
drive. In addition, the proposed approach is compared
with the classical Hough transform where the entire
image is processed and the most intense lines are
accepted as candidate lines. The properties of the video
are as follows.
Table 3.1. Properties of the video sequence.
Front Console of
Camera Position
the Car
Figure 3.5. Hidden Markov Model. (x: states, y: possible
observations, a: state transition probabilities, b: emission
probabilities)
For lane tracking, HMM is used to represent the relation
between the current frame and its successor. Each lane in
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Resolution

512x288

Frame Rate

29.97

Length

34 Seconds
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IV.

SETUP

As the ﬁrst step of the experiment, the image is
converted to a binary image using a color remapping
function. The mapping for each pixel from 24bit RGB
value to binary value is given in Table 3.2.
Table 3.2. Color remapping.
Green
Blue
Pixel Value Red
0-175

0

0

0

176-195

1

1

0

196-255

1

1

1

The only idea is to put more attention on the far regions
of the camera view. After the partitions are calculated,
Hough transform is applied to each partition as described
in the previous section. The most promising three lines
are assigned as the candidate lane markings. But there
may be less than three lines if the intensity of the
calculated lines are less than an empirically assigned
threshold. The experiment shows that the proposed
approach usually detects only two lines most of the time.
After ﬁnding the lane markings, the HMM method is
used to track the lanes. The values of the emission and
state transition matrices are derived using Gaussian
distribution. The deviation of the transition matrix is
assigned as 1 and the deviation of the emission matrix is
taken as 2. Two separate models are prepared for the θ
and r values of the candidate lane markings. The
transition and emission matrices are given in Tables
3.2.1 and 3.2.1. Since the θ values 0 and 179 are actually
very close, the emission and transmission values are the
same for 1 and 179 in θ matrices. In addition, the range
of the r matrices is (0, 282) because the maximum
possible distance for any detected line is 282 pixels
where the height of the processed part of the image is
116 and width of the image is 512

This binarization favors the white and yellow parts of the
images. The values are manually crafted for the sample
video. More discussions about improving the color
remapping can be found in the next section.
The next step is to determine the partitions of the image
on which the Hough transforms will be applied.
Although the image is 288 pixels high, only the
bottommost 116 pixels are used since the road remains
in this lower part of the image. The accuracy of this
V.
RESULTS
assumption may slightly diﬀer depending on the slope of
The proposed approach managed to detect and track at
the lane.
least one lane in most of the sequence. In addition, false
positives are reduced to an acceptable level. In order to
validate the results, the proposed approach is compared
with the classical Hough Transform approach. In this
method, the same part of the image is processed using
the Hough transform routine. The most intensive 10 lines
are merged according to their r and θ values. Finally
three or less candidate lines are selected as the lane
markings.
The major diﬀerences between the classical and the
multi-resolution HT are shown in Figure 3.7. The images
on the left hand side are the detected or missed lines by
the classical approach. The right hand side images are
the outputs of the new approach for the same frames
which show that the new approach is more robust and
accurate. The computational cost of the proposed
approach can be compared as follows. The average
processing time is 21.25 milliseconds for a laptop PC
with Intel T5450 processor at 1.66 GHz whereas the
average time of the classical approach is 15.29
Figure 3.6. Image partitions.
milliseconds.
The widths of the partitions are 32, 64, and 128 pixels
from top to bottom. And the heights are 32, 42, and 42
Table 3.4. (a) Emission matrix for r, (b) Emission matrix
pixels respectively as shown in Figure 3.6. These values
for θ.
are assigned according to the position of the camera.
Exact dimensions of the partitions are not very crucial.
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Figure 5.1 Diﬀerences between classical Hough transform and proposed approach
VI.

SIGN EXTRACTION

The aim of the sign extraction step is to extract the
meaningful part of the sign from the circular of
triangular frame surrounding it. We ﬁrst perform a ﬂood
ﬁll operation to convert the black regions around the
64x64 frame. As shown in Figure 4.16, the ﬁlling
operation starts from the upper left corner of the frame.
Next, a sanity check is performed to verify that the ﬂood
ﬁll has only removed the surrounding black pixels, not
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the center of the frame. This may happen when all the
black pixels are accidentally connected in the image.
Especially, when the lighting conditions are poor, the
detection step may yield frames with excessive amount
of black pixels. After the ﬂood ﬁll operation we apply a
second step of cleaning depending on whether the sign is
circular or triangular.
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Figure 6.1 Generic HSL color labeling algorithm.
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commercial
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limit
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001505 Mercedes Benz TecDay Special Feature
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Figure6.2 Color labeling examples (black / white).
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triangle are cleaned out.
networks. The MIT Press, 1997.
[9]. Richard Bellman. Some problems in the theory
VII.
REFERENCES
of dynamic programming. Econometrical,
[1]. R. Manduchi, A. Castano, A. Talukder, and L.
22(1):37{48, 1954.
Matthies. Obstacle detection and terrain
[10]. A.K. Jain, Yu Zhong, and S. Lakshmanan.
classification
for
autonomous
off-road
Object matching using deformable templates.
navigation. Auton. Robots, 18(1):81{102, 2005.
Pattern Analysis and Machine Intelligence,
[2]. U. Franke, D. Gavrila, S. Gorzig, F. Lindner, F.
IEEE Transactions on, 18(3):267{278, Mar
Puetzold, and C. Wohler. Autonomous driving
1996.
goes downtown. Intelligent Systems and their
[11]. Greg Welch and Gary Bishop. An introduction
Applications, IEEE, 13(6):40{48, Nov/Dec
to the kalman fillter. Technical report, Chapel
1998.
Hill, NC, USA, 1995.
[3]. Darpa
grand
challenge.
[12]. Qing Li, Nanning Zheng, and Hong Cheng.
http://www.darpa.mil/grandchallenge,
2004Springrobot: a prototype autonomous vehicle
2007.
and its algorithms for lane detection. Intelligent
[4]. Continental advanced driver assistance systems.
Transportation Systems, IEEE Transactions on,
http://www.contionline.com
5(4):300{308, Dec. 2004.
/generator/www/de/en/continental/automotive/

© 2014 IJRRA All Rights Reserved

page - 110-

Mian Muhammad Kamal et al. International Journal of Recent Research Aspects ISSN: 23497688, Vol. 2, Issue 4, December 2015, pp.104-113
[13]. B. Yu and A.K. Jain. Lane boundary detection
using a multiresolution hough transform. In
Image
Processing,
1997.
Proceedings.,
International Conference on, volume 2, pages
748{751 vol.2, Oct 1997.
[14]. J.C. McCall and M.M. Trivedi. Video-based
lane estimation and tracking for driver
assistance: survey, system, and evaluation.
Intelligent Transportation Systems, IEEE
Transactions on, 7(1):20{37, March 2006.
[15]. W.T. Freeman and E.H. Adelson. The design
and use of steerable filters. Pattern Analysis and
Machine Intelligence, IEEE Transactions on,
13(9):891{906, Sep 1991.
[16]. Dean Pomerleau. Neural network vision for
robot driving. In M. Arbib, editor, The
Handbook of Brain Theory and Neural
Networks. 1995.
[17]. Dong-Joong Kang and Mun-Ho Jung. Road
lane segmentation using dynamic programming
for active safety vehicles. Pattern Recogn. Lett.,
24(16):3177{3185, 2003.
[18]. Yue Wang, Eam Khwang Teoh, and Dinggang
Shen. Lane detection using b-snake.
[19]. Information, Intelligence, and Systems,
International Conference on, 0:438, 1999.
[20]. Michael Kass, Andrew Witkin, and Demetri
Terzopoulos. Snakes: Active contour models.
INTERNATIONAL
JOURNAL
OF
COMPUTER VISION, 1(4):321{331, 1988.
[21]. K. Kluge and S. Lakshmanan. A deformabletemplate approach to lane detection.
[22]. In Intelligent Vehicles '95 Symposium.,
Proceedings of the, pages 54{59, Sep 1995.
[23]. Heikki Haario, Eero Saksman, and Johanna
Tamminen. An adaptive metropolis
[24]. algorithm. Bernoulli, 7:223{242, 2001.
[25]. C. Kreucher, S. Lakshmanan, and K. Kluge. A
driver warning system based on the lois lane
detection algorithm. In Proceedings of IEEE
International
Conference
on
Intelligent
Vehicles, pages 17{22. Stuttgart, Germany,
1998.
[26]. S. Lakshmanan and K. Kluge. Lois: A real-time
lane detection algorithm. In Proceedings of the
30th Annual Conference on Information
Sciences and Systems, 1996.
[27]. N. Apostolo_ and A. Zelinsky. Robust vision
based lane tracking using multiple cues and
particle _ltering. In Intelligent Vehicles
Symposium, 2003. Proceedings. IEEE, pages
558{563, June 2003.
[28]. Y. Zhou, R. Xu, X. Hu, and Q. Ye. A robust
lane detection and tracking method based on
computer vision. Measurement Science and
Technology, 17(4):736{745, 2006.

© 2014 IJRRA All Rights Reserved

[29]. Massimo Bertozzi, Alberto Broggi, Gianni
Conte, Alessandra Fascioli, and Ra Fascioli.
[30]. Obstacle and lane detection on the argo
autonomous vehicle. In in Proc. IEEE
Intelligent Transportation Systems Conf.'97,
1997.
[31]. Mario Bellino, Yuri Lopez De Meneses, Peter
Ryser, and Jacques Jacot. Lane detection
algorithm for an onboard camera. In SPIE
proceedings of the first Workshop on Photonics
in the Automobile, 2004.
[32]. Wilfried Enkelmann. Video-based driver
assistance|from basic functions to applications.
Int. J. Comput. Vision, 45(3):201{221, 2001.
[33]. Li Bai, Yan Wang, and Michael Fairhurst. An
extended hyperbola model for road tracking for
video-based personal navigation. Know. Based
Syst., 21(3):265{272, 2008.
[34]. Hiren M. Mandalia and Dario D. Salvucci.
Using support vector machines for lane change
detection. In Proceedings of the Human Factors
and Ergonomics Society 49th Annual Meeting,
2005.
[35]. A. de la Escalera, L.E. Moreno, M.A. Salichs,
and J.M. Armingol. Road tra_c sign detection
and classi_cation. Industrial Electronics, IEEE
Transactions on, 44(6):848{859, Dec 1997.
[36]. Chiung-Yao Fang, Sei-Wang Chen, and ChiouShann Fuh. Road-sign detection and tracking.
Vehicular Technology, IEEE Transactions on,
52(5):1329{1341, Sept. 2003.
[37]. Giulia Piccioli, Enrico De Micheli, and Marco
Campani. A robust method for road sign
detection and recognition. In ECCV '94:
Proceedings of the third European conference
on Computer vision (vol. 1), pages 495{500,
Secaucus, NJ, USA, 1994. Springer-Verlag
New York, Inc.
[38]. C. Bahlmann, Y. Zhu, Visvanathan Ramesh, M.
Pellkofer, and T. Koehler. A system for tra_c
sign detection, tracking, and recognition using
color, shape, and motion information. In
Intelligent Vehicles Symposium, 2005.
Proceedings. IEEE, pages 255{260, June 2005.
[39]. Paul A. Viola and Michael J. Jones. Fast and
robust classi_cation using asymmetric adaboost
and a detector cascade. In NIPS, pages
1311{1318, 2001.
[40]. Kin-Pong Chan and Wai-Chee Fu. E_cient time
series matching by wavelets. Data Engineering,
International Conference on, 0:126, 1999.
[41]. Hsu and Huang. Road sign detection and
recognition using matching pursuit method.
Image and Vision Computing, 19(3):119{129,
February 2001.

page - 111-

Mian Muhammad Kamal et al. International Journal of Recent Research Aspects ISSN: 23497688, Vol. 2, Issue 4, December 2015, pp.104-113
[42]. S.G. Mallat and Zhifeng Zhang. Matching
pursuits with time-frequency dictionaries.
Signal Processing, IEEE Transactions on,
41(12):3397{3415, Dec 1993.
[43]. G. Loy and N. Barnes. Fast shape-based road
sign detection for a driver assistance system. In
Intelligent Robots and Systems, 2004. (IROS
2004).
Proceedings.
2004
IEEE/RSJ
International Conference on, volume 1, pages
70{75 vol.1, Sept.-2 Oct. 2004.
[44]. S. Maldonado-Bascon, S. Lafuente-Arroyo, P.
Gil-Jimenez, H. Gomez-Moreno, and F. LopezFerreras. Road-sign detection and recognition
based on support vector machines. Intelligent
Transportation Systems, IEEE Transactions on,
8(2):264{278, June 2007.
[45]. C.G. Kiran, L.V. Prabhu, V.A. Rahiman, K.
Rajeev, and A. Sreekumar. Support vector
machine learning based traffic sign detection
and shape classification using distance to
borders and distance from center features. In
TENCON 2008 - 2008, TENCON 2008. IEEE
Region 10 Conference, pages 1{6, Nov. 2008.
[46]. Pedro Gil Jim_enez, Saturnino Maldonado
Basc_on, Hilario G_omez Moreno, Sergio
Lafuente Arroyo, and Francisco L_opez
Ferreras. Tra_c sign shape classification and
localization based on the normalized _t of the
signature of blobs and 2d homographies. Signal
Process., 88(12):2943{2955, 2008.
[47]. A. De La Escalera, J. M A Armingol, and M.
Mata. Tra_c sign recognition and analysis for
intelligent vehicles. Image and Vision
Computing, 21:247{258, 2003.
[48]. Aryuanto Soetedjo and Koichi Yamada. K.:
Traffic sign classification using ring partitioned
method. IEICE Transactions on Fundamentals
of Electronics, Communications and Computer
Sciences E, 88:2419{2426, 2005.
[49]. XW Gao, L. Podladchikova, D. Shaposhnikov,
K. Hong, and N. Shevtsova. Recognition of
traffic signs based on their colour and shape
features extracted using human vision models.
Journal of Visual Communication and Image
Representation, 17(4):675{685, 2006.
[50]. M. R. Luo and R. W. G. Hunt. The structure of
the cie 1997 colour appearance model
(ciecam97s). Color Research & Application,
23:138{146, 1998.
[51]. Hasan Fleyeh. Road and traffic sign color
detection and segmentation-a fuzzy approach.
2005.
[52]. J. Miura, T. Kanda, and Y. Shirai. An active
vision system for real-time traffic sign
recognition. In Intelligent Transportation

© 2014 IJRRA All Rights Reserved

[53].

[54].

[55].

[56].

[57].
[58].
[59].

[60].

[61].

[62].

[63].

[64].
[65].

Systems, 2000. Proceedings. 2000 IEEE, pages
52{57, 2000.
M.A. Garcia-Garrido, M.A. Sotelo, and E.
Martm-Gorostiza. Fast traffic sign detection and
recognition under changing lighting conditions.
In
Intelligent
Transportation
Systems
Conference, 2006. ITSC '06. IEEE, pages
811{816, Sept. 2006.
Andrzej Ruta, Yongmin Li, and Xiaohui Liu.
Real-time traffic sign recognition from video by
class-speci_c discriminative features. Pattern
Recognition, 43(1):416 {430, 2010.
John Canny. A computational approach to edge
detection. Pattern Analysis and Machine
Intelligence, IEEE Transactions on, PAMI8(6):679{698, Nov. 1986.
K. Ratnayake and A. Amer. An fpga-based
implementation of spatio-temporal object
segmentation. In Image Processing, 2006 IEEE
International Conference on, pages 3265{3268,
Oct. 2006.
B. Rabiner, L. Juang. An introduction to hidden
markov models. 17(0740-7467):4{16, 1986.
Melanie Mitchell. An Introduction to Genetic
Algorithms. The MIT Press, 1998.
N. Barnes and A. Zelinsky. Real-time radial
symmetry for speed sign detection. In
Intelligent Vehicles Symposium, 2004 IEEE,
pages 566{571, June 2004.
Herbert Bay, Tinne Tuytelaars, and Luc Van
Gool. Surf: Speeded up robust features. In
ECCV, pages 404{417, 2006.
David G. Lowe. Object recognition from local
scale-invariant features. Computer Vision,
IEEE International Conference on, 2:1150,
1999.
Kevin P. Murphy, Antonio B. Torralba, Daniel
Eaton, and William T. Freeman. Object
detection and localization using local and global
features. In Jean Ponce, Martial Hebert,
Cordelia Schmid, and Andrew Zisserman,
editors, Toward Category-Level Object
Recognition, volume 4170 of Lecture Notes in
Computer Science, pages 382{400. Springer,
2006.
Wenhong Zhu, Fuqiang Liu, Zhipeng Li,
Xinhong Wang, and Shanshan Zhang. A vision
based lane detection and tracking algorithm in
automatic drive. In Computational Intelligence
and Industrial Application, 2008. PACIIA '08.
Pacific-Asia Workshop on, volume 1, pages
799{803, Dec. 2008.
Ades
project
website.
http://www.adesproject.com/.
Alan Koncar, Holger Janen, and Saman
Halgamuge. Gabor wavelet similarity maps for

page - 112-

Mian Muhammad Kamal et al. International Journal of Recent Research Aspects ISSN: 23497688, Vol. 2, Issue 4, December 2015, pp.104-113
optimising hierarchical road sign classi_ers.
Pattern Recognition Letters, 28(2):260 { 267,
2007.
[66]. Seung Gweon Jeong, Chang Sup Kim, Kang
Sup Yoon, Jong Nyun Lee, Jong Il Bae, and
Man Hyung Lee. Real-time lane detection for
autonomous
navigation.
In
Intelligent
Transportation Systems, 2001. Proceedings.
2001 IEEE, pages 508{513, 2001.
[67]. X.W. Gao, L. Podladchikova, D. Shaposhnikov,
K. Hong, and N. Shevtsova. Recognition
[68]. of traffic signs based on their colour and shape
features extracted using human vision models.

© 2014 IJRRA All Rights Reserved

Journal of Visual Communication and Image
Representation, 17(4):675 {685, 2006.
[69]. Avinoam Borowsky, David Shinar, and Yisrael
Parmet. Sign location, sign recognition, and
driver expectancies. volume 11, pages 459
{465, 2008.
[70]. Miguel S. Prieto and Alastair R. Allen. Using
self-organizing maps in the detection and
recognition of road signs. Image and Vision
Computing, 27(6):673 {683, 2009.

page - 113-

