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Long Chen, Qingquan Li, Ming Li and Qingzhou Mao

Abstract—In this paper, we propose a computer vision based
system for real-time robust traffic sign detection and recognition,
especially developed for intelligent vehicle. In detection phase, a
color-based segmentation method is used to scan the scene in
order to quickly establish regions of interest (ROI). Sign
candidates within ROIs are detected by a set of Haar wavelet
features obtained from AdaBoost training. Then, the Speeded Up
Robust Features (SURF) is applied for the sign recognition. SURF
finds local invariant features in a candidate sign and matches
these features to the features of template images that exist in data
set. The recognition is performed by finding out the template
image that gives the maximum number of matches. We have
evaluated the proposed system on our intelligent vehicle
SmartVII. A recognition accuracy of over 90% in real-time has
been achieved.

(a)
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I. INTRODUCTION

T

raffic sign detection and recognition in real-time is a vital
issue in Intelligent Vehicle System and Driver Assistance
System (DAS). Although the work in this area can be traced
back to the late 1960’s, but it has not been until 2000’s that
real-time performing systems have been successfully achieved
[1]-[3]. The traffic sign detection is carried out under the
unpredictable complex scene, so there are many difficulties
inevitably (Fig.1). (a) Illumination changes, lighting is different
according to the time of the day and weather conditions. (b)
Scene complexity, many other objects occur in the scene even
with some logos and text which are very similar to the traffic
signs, sometime the sign may be sheltered. (c) Similarity, some
signs are very similar with each other, it makes the recognition a
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(c)
(d)
Fig. 1. Examples for difficulties of traffic signs recognition. (a) Illumination
deficiency, (b) scene complexity, (c)signs are sheltered, (d) rain day.

tough challenge. (d) Real-timing, systems require high accuracy
and real-time but vast quantities of data processing is a
time-consuming task. Our paper tries to deal with (b) and (c)
problems. Traffic sign recognition usually consists of two
components: detection and classification. First, the location of
the traffic signs are found and the target rectangles are extracted
in the detection stage. To which category does the candidate
sign belong is the main issue needing to be addressed in the
classification phase.

A. Traffic signs detection
Color segmentation is the most common method. RGB color
model is widely used[4]. RGB color space has a higher
sensitivity to light intensity. Therefore, HIS and HSV which are
not affected by the lighting changes have been used [24][25].
Some other authors also used YIQ [5], YUV, L*a*b [23] and
CIE color spaces for the detection. Some authors developed
databases of color pixels, look-up tables and hieratical region
growing techniques [6]-[8]. Shape-based method is usually
used for a final detection after the color segmentation. Many
circle, ellipse and triangle detection methods have been used.
Hough transform is widely used [9]. [10] discussed ellipse
detection in complex scene with neighborhood characteristics
and symmetric features of the simple coding. [11] analyzed the
color information and geometrical characteristic of the edges to
extract possible triangular or circular signs.

B. Traffic signs classification
Many methods have been employed for traffic signs
classification such as template matching, LDA, SVM, ANN and
other machine learning methods. OCR systems are applied in
[12]-[15] used the pictogram-based classification by template
matching and cross-correlation. In [16,17], the authors make
use of the LDA to distinguish between the road signs. The
Multi-Layer Perceptron [18] is widely used in the current
approaches. Neural networks are also largely adopted [20][21].
Support vector machines (SVM) are largely adopted to classify
the inner part of road signs [19]. Random forests, an ensemble
learning technique, are used by [22] to classify signs, and a
comparison is made between this technique and SVM and
AdaBoost.
In recent years, one of the most accepted and widely used
approach in object detection has been proposed by Viola and
Jones [22]. Their approach is based on a cascade of detectors,
where each detector is an ensemble of boosted classifiers based
on the Haar-like features. Inspired by detector presented by
[22], we apply this method combined with color segmentation
for the traffic sign detection.
The contribution of this paper is that in this paper the traffic
signs in china are divided into six classes, for each class, we
trained a classifier based on Haar-like features for the detection
and the scale invariant feature SURF is used for the sign
classification. The detection rate and recognition accuracy has
improved slightly. This is a real-time system developed for
Intelligent Vehicle specially.

Fig.2. flow chart of traffic signs recognition system
Table 1 Traffic Signs Classes

II. TRAFFIC SIGN RECOGNITION SYSTEM
The proposed sign recognition system is founded on a
combination of two components. This includes a detection
framework, based on color segmentation, Haar-like wavelet
features and AdaBoost, then feature matching method for
classification based on the Speeded Up Robust Features
(SURF). Fig.2 is the flow of the system. Haar-like features are
features of gray images, so the detection method we proposed is
mainly based on the gray information, the shape information
can mainly affect the haar-like features. So the main traffic
signs with which are coped in this paper can be divided into six
classes based on shape as show in Table 1. Some other signs
such as assist and information signs are not included.

A. Color-based segmentation
Color-based segmentation includes two steps: color
quantization, ROI locking. In first step, we extract the target
color pixels. In the last step, we get the ROI from the pixels
based on constraints on bounding box of the
connected-components of the pixels. The main color of them
include: red, blue, yellow, white and black. Among them white
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and black always appear with other black. Among them white
and black always appear with other three colors. So in our
detection method, we focus on the three colors: red, blue and
yellow. The RGB color model is highly related to the light
intensity. HSV color model is applied in this paper. The Red,
Green and Blue values of each pixel are transformed into HSV
color values by Eq.1

V = max( R, G, B )
⎧[V − min( R, G , B )] * 255 / V , if V ≠ 0
S=⎨
else
⎩0,

if V = R
⎧(G − B) * 60 / S ,
⎪
H = ⎨180 + ( B − R) * 60 / S , if V = G
⎪240 + ( R − G ) * 60 / S , if V = B
⎩

(1)

H = H + 360, if H < 0
Where R , G , B are the RGB color values of a pixel, V is the
maximum of R , G , B and H , S , V indicates the hue,
saturation and value if the pixel respectively. According to
Table

(a)

(c)

(b)

(d)

(e)

Fig.3 color quantization and ROI locking. (a) original image, (b) ROI locking, (c) red segmentation, (d) blue segmentation, (e) yellow segmentation.

2, we can get the red, blue and yellow pixels from the origin
image. Fig.3 is partition of the HSV color space. After the color
segmentation, the detected pixels can form some connected
regions, then we can get the enclosing rectangles (ER) of them.
Based on some constraints on ER, we can wipe off many noise
regions. First, the ER smaller than 20×20 pixels are considered
as noise and not processed further. Second, the aspect ratio of
ER is limited to 2. Third, the saturation of ER is no less than 0.5.
The rest of ERs will be considered as the ROIs of the traffic
signs.

B. AdaBoost for traffic sign detection
The AdaBoost algorithm is a classifier learning method which
combines a set of weak classifiers to construct a strong
classifier, then some strong classifiers will be assembled to a
cascade classifier. Feature Selection is crucial for classifier.
Motivated by the work of Tieu and Viola [22], we use extended
Haar-like features to train AdaBoost classifier for traffic signs
detection.
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featurei =

∑

i ∈ (1, n )

wi × Re ctSum(ri )

(2)
Where wi denotes the weights of rectangle; RectSum ( ri ) is the
integral of image by surrounded by rectangle

ri ; feature j is

jth feature; n are arbitrarily chosen, representing the
number of rectangles consists of feature j .
the

C. SURF matching for classification
The proposed recognition method includes three steps: image
scaling, SURF features extraction, features matching.

1)Image Normalized
The detected targets found in detection stage will be normalized
to be of the same size 100×100 the same as the template which
will be matched. Though SURF is a scale invariant feature, in
this step we will make sure that the true sign contains enough
features can be matched with the template sign. If the number of
matched points is lower than a certain value, the candidate will

be discarded as a noise. In order to make sure the certain value
is adequate for all candidates, the image scaling is necessary. In
this paper, we use bilinear interpolation for image scaling. Once
the image normalized, the SURF descriptor can be used for
exacting the scale and rotation invariant features.
In our experiments, we trained six classifiers corresponding to
the six class signs list in table I. After the detection by the
classifiers, the target squares which are exacted from the ROIs
will be regarded as the candidates of traffic signs.

2)SURF descriptor
SURF[26][27] detector is chose instead of the often used SIFT
detector. SURF is developed to be substantially faster, but at
least as performant as SIFT.
In a first step, SURF constructs a circular region around the
detected interest points in order to assign a unique orientation to
the former and thus gain invariance to image rotations. The
orientation is computed using Haar wavelet responses as shown
in Fig.4. The Haar wavelets can be easily computed via integral
images, similar to the Gaussian second order approximated box
filters. Once the Haar wavelet responses are computed, they are
weighted with a Gaussian centred at the interest points. In a next
step the dominant orientation is estimated by summing the
horizontal and vertical wavelet responses within a rotating
wedge, covering an angle of 3 / π in the wavelet response
space. The resulting maximum is then chosen to describe the
orientation of the interest point descriptor. In a second step, the
SURF descriptors are constructed by extracting square regions
around the interest points. These are oriented in the directions
assigned in the previous step. In order to increase robustness to
geometric deformations and localization errors, the responses
of the Haar wavelets are weighted with a Gaussian, centered at
the interest point. Finally, the wavelet responses in horizontal
d x and vertical directions d y are summed up over each
sub-region. Furthermore, the absolute values

Fig. 5 SURF features in traffic signs. The number of the SURF features is 22,
24, 27, 24, 31 ,40 according to priority.

3)Feature Matching
This process is time-critical. Because we have many template
signs should be matched. In order to reduce the match time, All
the template signs are divided into eight groups based on the
color and the trained adaboost classifiers. We used
Approximate Nearest Neighor(ANN)[28] algorithm for
matching. SURF features are first extracted from all the
template signs which will be divided into eight groups and
stored in a database. Then a candidate image is matched by
individually comparing each feature from the candidate from
the special database selected based the classifier used and color
information, then finding matched features based on ANN. The
image in template database which gives the maximum number
of matches with candidate image is the target class. Fig. 6
shows some match results between the candidate signs and
template signs.

d x and d y are

summed in order to obtain information about the polarity of the
image intensity changes. The resulting descriptor vector for all
4×4 sub-regions is of length 64. See Fig.4 for an illustration of
the SURF descriptor for three different image intensity patterns.
More details about SURF can be found in [26] and [27]. Fig.5
list some SURF features in the traffic signs.

Fig.7 SURF feature matching. The number of match points is 16, 11, 24, 7, 12,7
according to priority.
Fig. 4. Illustrating the SURF descriptor

911

III.

EXPERIMENTAL RESULTS

The algorithm takes the mobile laboratory SmartV of Wuhan
University as the platform. The test image data is acquired by
the CCD Video Camera which is mounted on the top of the
Chery SUV with a fixed strut. The size of the recorded images
is of 640*480. We tested the system under a variety of different
conditions. To evaluate the performance of the proposed
method, 200 images were taken as test images, in which there
are 281 traffic signs.

A. Results of traffic Signs Detection
In this paper, six classifiers were trained for the six classes signs
listed in figure 1. For all the classifiers, the number of position
samples (PS) and negative samples (NS) is listed in Table 3.
Our method can detect road signs in 50 ms. In the 281 signs,
there are 265 signs being correctly detected, 14 signs being
missing, and 2 signs being false alarm. Thus the detection rates
are 94.3%. Thus, the proposed detection method is effective and
efficient. Some detection results are shown in Fig.8 to
demonstrate that our method is insensitive to many complex
conditions. Some failure cases are also shown in Fig.9.

Fig.8. Traffic signs detection in the variations of condition.

Fig.8. SmartV, which is an intelligent vehicle developed by Wuhan University.
It has CCD cameras, lasers, GPS and IMU, etc. Camera labeled is used to
acquire road images.
Table 3 the number of PS and NS for the six classifiers trained
Fig.9 Failture cases of Traffic sign detection. Detected and missing traffic signs
are marked by yellow bounding box and red bounding box.

correctly classified, 14 signs being falsely classified. Thus the
recognition accuracy is 92.7%.
IV. CONCLUSIONS

B. Results of traffic Signs Recognition
The 265 detected traffic signs are used to evaluate the
performance the proposed method. The model database used is
shown in table 5. In the 265 signs, there are 244 signs being
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In this paper, we propose an effective and efficient method for
traffic sign detection and recognition in complicated scene.
Color quantization is first employed to quickly establish regions
of interest (ROI). Sign candidates within ROIs are detected by a
set of Haar wavelet features obtained from AdaBoost training.
Then, the Speeded Up Robust Features is applied for the sign
classification. SURF finds local invariant features in a
candidate sign and matches these features to the features of

template images that exist in the training set. The recognition is
performed by finding out the training image that gives the
maximum number of matches. From the experimental results,
we can find that the proposed method has high accuracy and
fast execution rate. For complicated scene, the detection rate
and recognition accuracy are 94.3% and 92.7%, respectively.
Moreover, on the average, it takes 170ms and 200ms for
detection and recognition, respectively.
REFERENCES
[1].
[2].
[3].

[4].
[5].
[6].
[7].
[8].
[9].
[10].
[11].
[12].
[13].

[14].
[15].
[16].
[17].

[18].

D.M. Gavrila, U. Franke, C. Wohler, and S. Gorzig: Real time vision for
intelligent vehicles, Instrumentation & Measurement Magazine, IEEE
Volume 4, Issue 2, June 2001 Page(s): 22-27.
N. Barnes, A. Zelinsky: Real-time radial symmetry for speed sign
detection, Intelligent Vehicles Symposium, 2004 IEEE, 14-17 June 2004
Page(s):566 – 571.
D.M. Gavrila, V. Philomin: Real-time object detection for “smart”
vehicles, Computer Vision, 1999. The Proceedings of the Seventh IEEE
International Conference on, Volume 1, 20-27 Sept. 1999 Page(s):87 - 93
vol.1.
V. Andrey, Kang Hyun Jo: Automatic Detection and Recognition of
Traffic Signs using Geometric Structure Analysis. S.ICE-ICASE
International Joint Conference, page 1451.1456 2009.
N. Kehtarnavaz, A. Ahmad: Traffic sign recognition in noisy outdoor
scenes, In: Proceedings of Intelligent Vehicles 1995: 460.465.
A. de la Escalera, J. Armingol, and M. Mata: Traffic Sign Recognition
and Analysis for Intelligent Vehicles, Image and Vision Comput., 21, pp.
247-258, 2003.
A. de la Escalera, J. Armingol, and J. Pastor: Visual Sign Information
Extraction and Identification by Deformable Models for Intelligent
Vehicles, IEEE Trans. Intell. Transp. Syst., 5, pp. 57-68, 2004.
H. Fleyeh: Color Detection and Segmentation for Road and Traffic Signs,
IEEE Conf. Cybern. and Intelligent Syst., 2004, pp. 809-814.
N. Kehtarnavaz, N.C. Griswold, D.S. Kang: Stop-sign recognition based
on colour-shape processing, Machine Vision and Applications, 1993,
6:206–208.
A. Soetedjo, K. Yamada: Fast and Robust Traffic Sign Detection. in:
Proceedings of the International Conferenceon, 2005, 2(1341-1346).
G. Piccioli, E. D. Micheli, P. Parodi, M. Campani: Robust method for
road sign detection and recognition, Image and Vision Computing
(1996), 14:209–223.
W. Wu, X. Chen, and J. Yang: Detection of text on road signs from video,
Intelligent Transportation Systems, IEEE Transactions on, vol. 6, no. 4,
pp. 378-390, 12 2005.
L. Li, G. Ma, and S. Ding: Identification of degraded traffic sign symbols
using multi-class support vector machines, Mechatronics and
Automation, 2007. ICMA 2007. International Conference on, pp.
2467-2471, 8 2007.
G. Siogkas and E. Dermatas: Detection, tracking and classification of
road signs in adverse conditions, Electrotechnical Conference, 2006.
MELECON 2006. IEEE Mediterranean, pp. 537-540, 2006.
N. Barnes and A. Zelinsky: Real-time radial symmetry for speed sign
detection, Intelligent Vehicles Symposium, 2004 IEEE, pp. 566-571, 6
2004.
C. G. Keller, C. Sprunk, C. Bahlmann, J. Giebel, and G. Baratoff:
Real-time recognition of u.s. speed signs, in IEEE Intelligent Vehicles
Symposium (IV 2008), 2008.
C. Bahlmann, Y. Zhu, V. Ramesh, M. Pellkofer, and T. Koehler: A
system for traffic sign detection, tracking, and recognition using color,
shape, and motion information, Intelligent Vehicles Symposium, 2005.
Proceedings. IEEE, pp. 255-260, 6 2005.
K. A. Ishak, M. M. Sani, N. M. Tahir, S. A. Samad, and A. Hussain: A
speed limit sign recognition system using artificial neural network,
Research and Development, 2006. SCOReD 2006. 4th Student
Conference on, pp. 127-131, 6 2006.

913

[19]. S. Maldonado-Bascon, S. Lafuente-Arroyo, P. Siegmann, H.
Gomez-Moreno, and F. Acevedo-Rodriguez: Traffic sign recognition
system for inventory purposes, in Procs. IEEE Intelligent Vehicles
Symposium 2008, Eindhoven, Netherlands, June 2008, pp. 590–595.
[20]. R. Ach, M. Luth, T. Schinner, A. Techmer, and S. Walther: Classification
of traffic signs in real-time on a multi-core processor, in Procs. IEEE
Intelligent Vehicles Symposium 2008, Eindhoven, Netherlands, June
2008, pp. 313–318.
[21]. N. Yok-Yen and A. Kouzani: Automatic road sign recognition using
neural networks, Neural Networks, 2006. IJCNN ’06. International Joint
Conference on, pp. 3955–3962, 0-0 2006.
[22]. A. Z. Kouzani, “Road-sign identification using ensemble learning,” in
Intelligent Vehicles Symposium, 2007 IEEE, 2007, pp. 438–443.
[Online]. Available: http://dx.doi.org/10.1109/IVS.2007.4290154.
[23]. Dermatas, G.K.S.a.E.S: Detection, Tracking and Calssification of Road
Signs in Adverse Conditions, IEEE MELECON, Spain, p.537-540.
[24]. A. de la Escalera, J.M.A.a.M.M: Traffic sign recognition and analysis for
intelligent vehicles, Image and Vision Computing, Vol.21-3, p.247-258.
[25]. Ran, H.X.L.a.B: Vision-Based Stop Sign Detection and Recognition
System, Transportation Research Record, p.161-166.
[26]. H. Bay and T. Tuytelaars and L. Van Gool: Speeded Up Robust Features,
ECCV, 2006.
[27]. Beat Fasel and Luc Van Gool: Interactive Museum Guide: Accurate
Retrieval of Object Descriptions, in ”Adaptive Multimedia Retrieval:
User, Context, and Feedback”, Lecture Notes in Computer Science,
Springer, volume 4398, 2007.
[28]. S. Arya, D. Mount, N. Netanyahu, R. Silverman, and A. Wu: An optimal
algorithm for approximate nearest neighbor searching, J. of the ACM,
vol. 45, pp. 891-923, 1998, http://www.cs.umd.edu/mount/ANN/.

