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Abstract— Understanding road features such as lanes, the color
of lanes, and sidewalks in a live video captured from a moving
vehicle is essential to build video-based navigation systems. In this
paper, we present a novel idea to understand the road features using
support vector machines. Various feature vectors including color
components of road markings and the difference between two
regions, i.e., chosen AOIs, and so on are fed into SVM, deciding
colors of lanes and sidewalks robustly. Experimental results are
provided to show the robustness of the proposed idea.
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|. INTRODUCTION

ecently, many research efforts have been focused on the

development of video-based car navigation systems (CNS)
to support more realistic navigation functions than traditional
map-based CNS. For video-based navigation systems,
recognizing lanes in a video sequence captured from a moving
vehicle is essential [1]-[2]. Many research efforts have been
reported to recognize anes by using edge, color, deformable
templates, GPS, and so on [3]-[5]. However, few researches
have been reported to recognize the color of lanes for various
lighting conditions including shadow, backlight, sunset, and so
on. Recognizing the color of lanes is important to decide the
lane number in which the car is driving. For instance, if the
color of lanes on the left side is yellow, it means the car is
driving on the leftmost lane. In this paper, we present a novel
idea to recognize lane colors by using support vector machines
(SVM). In addition, a novel approach is presented to decide
whether or not there are sidewalks on the right side of the road
using SVM. An overview and detailed implementation of the
proposed SVM are described in Section Il. Exhaustive
experimental results and conclusions are given in Section 11
and IV,.

1. Understanding Road Features Using SVM

A. Overview of SVM

SVM is widely used for many pattern recognition
problems including face recognition, 3-D object recognition,
and so on [6]-[8]. SVM is a statistical learning theory, which
uses training data as inputs to generate a decision function as
an output to classify unknown data. Suppose there are N

training data x; € R", i=1,2,..., N, where each of data
belongs to one of the two classes labeled y; € {-1,1}. As a
decision function to classify input data, SVM finds a
hyperplane separating two classes with maximum distance
from the hyperplane to support vectors. Support vectors are
data points from both classes located closest to the
separating hyperplane. SVM supports both linearly
separable data and linearly non-separable data. If data is
separable linearly, SVM finds the following hyperplane
using Lagrangian multiplier approach:

NS
FO)=D ayx-x+b
i=1
where N is the number of support vectors. To classify input
data, the sign of (1) is used. In addition, SVM can be
extended to handle data which is not separable linearly using
kernel functions. (Please see [6] for details.)

B. The architecture of the proposed SVM

In the proposed approach, SVM is used to decide lane color
and the existence of sidewalks, making possible to know
lane number on which the car is driving. Fig. 1 shows the
block diagram of the proposed SVM-based lane color and
sidewalk recognition system.
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Fig. 1. Ablock diagram for the proposed SVM-based lane color and
sidewalk recognition system
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The proposed algorithm starts by detecting lane markings
first. Based on the detected position of lane markings, AOIs
are chosen, as shown in Fig. 2 and Fig. 3. For lane color
recognition, two SVM are trained. One SVM is trained using
RGB values of lane markings that are combined into a single
feature vector. The other SVM is trained using RGB values
of lane markings after reducing illumination effects, as
described in Fig. 2.
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Fig. 2 An example of constructing a feature vector for lane color
recognition

To reduce illumination effects, each RGB value of lane
markings is subtracted by average RGB values obtained
from road region (Rg) that does not contain lane markings,
as depicted in Fig. 2.

For detecting sidewalks, Fig. 3 shows how to construct a
feature vector for SVM. Three areas chosen from the road
(marked as A, B, and C), whose size is 50x50, are obtained
and resampled to 25x25 to reduce computational costs. The
region A is assumed to be a correct road region once lane
markings are detected correctly. In the proposed SVM
system, four features are chosen to construct feature vectors
to recognize sidewalks. Four features include edge, gray,
color, and color difference between chosen two AOls.

( Road ) (Sldewalk)

Fig. 3. An example of constructing a feature vector for SVM for the
recognition of sidewalks using the difference between center (A) and
left(B) (or center (A) and right (C)) AOls

For instance, to construct feature vectors for the color
difference, two difference vectors are obtained, i.e., B-A and
C-A, and used as inputs to train and recognize sidewalks.
Based on the assumptions that road should have
homogeneous color and texture information, the difference
B-A should be small if B is taken from the road. If C is taken
from sidewalks, the difference vector C-A should be big.

I11. Experimental Results

We have tested the proposed idea for a various road and
illumination conditions. Video sequences (30 frames/sec)
were collected from a moving vehicle, driving around
60km/hour, equipped with GPS and a CCD camera in
downtown of Daejeon, Korea. About 49,050 video frames
were tested and C++ was used to implement the proposed
algorithm in Pentium IV 2 GHz PC.

Table 1 shows the performance of the proposed SVM for
lane color recognition. Test frames include various
illumination conditions such as shadow, sunset, backlight,
tunnel, and so on. The SVM trained by RGB values after
reducing illumination effects showed better performance
than the RGB-based SVM approach.
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Table 1. The performance of SVM for recognizing lane color

SVM-based approach for poorly illuminated test video

RGB after reducing
RGB illumination effects

Linear Radial basis Linear Radial basis
70.7% 56.3% 87.8% 70.4%

Figure 4 shows examples of recognized results. Although
the proposed SVVM-based lane color recognition showd good
performances, it still had a difficulty to recognize lane color
when threr are string headlingths, street lanp,too dark,and so

on.

Fig. 4 Example of results for recognizing colors of lane markings for
the 3rd group:(a) success in a tunnel; (b) fail to detect the left lane
mark due to it’s not in AOI; (c) fail to detect the left lane mark due to it
is too dark; (d)(e) success via background color removal;(f) fail
bacause the head light is so bright; (g)(h) success via background color
removal.

To test the performance of recognizing sidewalks using
SVM, many test vectors were tested as indicated in Table 2.
Edge, gray, color, and the difference (as described in Section
I1) features were used for test vectors.

Table 2. The performance of SVM for recognizing sidewalks.

Linear . Radial basis
Test vector linear +movin Radial +movin
(dimension) g basis g
average average
Edge
87.9% 90.9% 65.0% 68.5%
(25x25x3)
Gray (25x25) 90.5% 92.3% 68.0% 69.8%
Gray + Edge
92.5% 95.7% 70.2% 73.2%
(25x25x2)
RGB
82.0% 83.2% 60.2% 61.2%
(25x25x3)
RGB + Edge
95.0% 97.3% 72.1% 74.4%
(25x25x6)
Diff.
83.7% 84.8% 61.3% 62.1%
(25x25x3)
Diff. + Edge
95.0% 97.4% 72.8% 74.8%
(25x25x%6)

In addition, edge information were combined with other
features for the testing. For instance, “Diff. + Edge” was a
test vector consisted of the difference attached by edge data.
For kernel functions, linear and radial basis functions were
tested and moving average filtering were added to improve
the performance in our implementations. Among test vectors,
edge combined with the difference showed the best
performances, providing 95% for the test video sequences.

Fig. 5 shows some of failed results. The proposed approach
failed when AOIs contained heterogeneous patterns such as
markings(as shown in (a)) or cars(as shown in (b))and so on.

© (d
Fig.5 Recognition errors: (a) A left lane mark is blocked by a car and a
right lane is unclear; (b)(c) Due to lane markings; (d) A right lane is a
curved line.

For lane color and sidewalk recognition, linear SVM
outperformed other non-linear kernel functions including
radial basis function, and showed promising results for
recognizing road features robustly.
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IV. Conclusions

In this paper, we have presented a novel idea of using
SVM to recognize lane color and sidewalks in a video
sequence captured from a moving vehicle. Results from the
lane color and sidewalk recognition system can be used to
decide whether or not you are driving in the rightmost,
middle, or the leftmost lane, allowing us to make more
realistic navigation services for video-based navigation
systems.

ACKNOWLEDGMENT

This research was financially supported by the MEST and
the KOTEF through the Human Resource Training Project for
Regional Innovation.

REFERENCES

[1] Tanizaki, M., Maruyama, K., Shimada, S., “Acceleration technique of
snake-shaped regions retrieval method for telematics navigation service
system,” Proc. Of the International Conference on Data Engineering, 2005,
pp. 949 — 957.

[2] Holzapfel, W. Sofsky, M., Neuschaefer-Rube U., “Road profile
recognition for autonomous car navigation and Navstar GPS support,”
IEEE Transactions on Aerospace and Electronic Systems, Vol. 39, Issue
1, 2003, pp. 2 -12.

[3] Young Uk Yim and Se-Young Oh, “Three-feature based automatic lane
detection algorithm(TFALDA) for autonomous driving,” IEEE
Transactions on ITS, Vol. 4, No 4, 2003, pp. 219 — 225.

[4] Calin Rotaru, Thorsten Graf, and Jianwei Zhang, “Extracting road
features from color images using a cognitive approach,” Proc. of IEEE
Intelligent Vehicles Symposium, 2004, pp. 298-303.

[5] K.C. Kluge, C.M. Kreucher, S. Lakshmanan, “Tracking lane and
pavement edges using deformable templates,” Proc. SPIE Conference on
Enhanced and Synthetic Vision, 1998, pp. 167-176.

[6] V. Vapnik. Statistical learning theory. John Wiley and Sons, New York,
1998.

[7] Philipp Michel, ana El Kaliouby, “Real time facial expression recognition
in video using support vector machines,” Proc. Of 5th international
conference on Multimodal interfaces, 2003, pp.258-264.

[8] M.Pontil, A.Verri,“Support vector machines for 3-d object recognition,”
IEEE Trans. On Pattern Analysis and Machine Intelligene, 1998, pp.
637-646.

290



