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Abstract. This paper presents a new approach for color detection and segmen-
tation based on Support Vector Machine (SVM) to retrieve candidate regions of
traffic signs in real-time video processing. Instead of processing on each pixel,
this approach utilizes a block of pixels as an input vector of SVM for color clas-
sification, where the dimension of each vector can be extended by a group of
neighboring pixels. This helps to handle the diversification of data on both
training and testing samples. After that, Hough transform and contour detection
are applied to verify the candidate regions by detecting shapes of circle and tri-
angle. The experimental results are highly accurate and robust for our testing
database, where samples are recorded on various states of environment.
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1 Introduction

Traffic signs on road tell drivers about traffic rules and states of road such as warning,
prohibition, limitation of speed, and so on. With that useful information, our traffic is
safer and more convenient. In vision-based methods, the traffic-sign detection and
recognition have many difficulties due to changes of environment and speed of vehi-
cles. For instance, traffic signs are usually faded when they are exposed a long time
under the sunlight. Moreover, their colors are changeable for various lights influenced
by weather conditions such as fog, cloud, or snow. It is not only affected by the illu-
minant color of the daylight but also by the weak nightlight. The different directions
of view also make traffic signs difficult to detect and recognize from camera position-
ing inside of cars. In addition, traffic signs may be also occluded by trees, buildings,
or pedestrians. At the present time, the evaluation of a new approach by comparing
with the existing methods is not a simple task because there is not any standard traffic
sign database.

Most reviewed literature has used color as one of the main features to detect traffic
signs beside shape-based features. The first approach of color detection and segmen-
tation has utilized thresholds in a suitable color space, where HSV color space is the
first choice [1, 2] because it is more intuitive than the others and we can separate the
color information from the brightness to generate a continuous space of color, where
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it is not supported in RGB color. This approach is simple, but it is difficult to define
threshold of an interested color due to continuity of color space. A de la Escalcra [3],
et. al., proposed two look up tables on hue and saturation channel in HSI color space
to enhance the ability of interested-color separation. H. Fleyeh [4] presented algo-
rithms of the dynamic threshold, fuzzy color segmentation, and shadow highlight
invariance. These algorithms utilize one global value of all pixels in image as an addi-
tional constraint to detect and segment color more accurately. C. Fang [5], et. al.,
presented two-layer neural network on the hue channel in HSI color space to detect
interested color. This method matched intensity values of testing pixels to those of
interested color on hue channel by the neural network.

Support Vector Machine (SVM) is an efficient learning method, especially in traf-
fic-sign detection problem. Satumino[6], et. al., and Kiran[7], et. al., applied this
method for the shape classification phase as well as the recognition phase. And in this
paper, we present a new approach for the color detection and segmentation based on
SVM to retrieve candidate regions of traffic signs in real-time video processing. In-
stead of processing on each pixel, our approach utilizes a block of pixels as an input
vector of SVM for color classification, where the dimension of each vector can be
extended by a group of neighboring pixels. This helps to handle the diversification of
data on both training and testing data. Our contribution is the first method of applying
SVM in color classification for traffic sign detection.

2 Model of Traffic Sign Detection

We propose an algorithm of color detection and segmentation based on SVM to re-
trieve candidate regions. The algorithm assigns input of SVM as a block of pixels, a
group of neighboring pixels located at each position in the image, to enhance the preci-
sion as well as the recall. Especially, the algorithm can reduce a part of noise when
traffic signs are exposed in bad weather such as cloudy and snowy days. Figure 1 pre-
sents steps of our algorithm to detect traffic signs in real-time video processing. Our
method is based on color detection and segmentation using SVM on blocks of pixels.

Color Color Hough
Input Detection gnd constancy Transform & Output
Segmentation . contour
using SVM . algorithm algorithm

_———  ————

Fig. 1. The proposed model to detect traffic signs

To speed up the processing time, the size (640x480) of the input image is down-
scaled to (320 x 240). The color detection and segmentation using SVM is applied on
the downscaled image. Then, the candidate regions are extracted from the original
image by a projection from each position of the candidate region on downscaled im-
age to that of the input image. The candidate regions are enhanced by color constancy
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algorithm [8]. Figure 2 presents one result of the color constancy algorithm. We can
see in Fig. 2 that the edge and color features in the right image are enhanced from the
left one.

Fig. 2. The result of using color constancy algorithm

Finally, Hough transform and contour algorithm are utilized to verify the candidate
regions. The next sections present the color detection by using SVM and traffic-sign
segmentation by using Hough transform and contour algorithm.

2.1 Color Detection and Segmentation by Using SVMs

Different from most of existing methods dealing with each pixel as input, our ap-
proach concerns blocks of pixels; therefore, the information of neighbor pixels can
help to handle the diversification of both training and testing data. It means that
SVMs can return a recall rate better than that of single-pixel-based algorithms. In this
approach, instead of deciding whether a pixel has an interested color or not, our
method chooses blocks of interested color through the results of SVMs. Using feature
extraction of a pixel block presented in the section of 2.1.1 will help to reduce com-
plexity of the calculation in SVMs because the dimensions of the input vectors, sup-
port vectors, and the hyper-plane are only equal to two times of the number of pixels
in each block.

2.1.1 Feature Extraction and Data Set

There are many color spaces such as RGB (Red, Green, and Blue), HSV (Hue, Satu-
ration, and Value), HSL (Hue, Saturation, and Lightness), CIELUV, and so on.
Among those color spaces, the RGB space is used widely. The RGB channels have a
high correlation and its chrominance and luminance data are mixed together. Al-
though RGB color system is easy for transmission in communication channels, it is
difficult to separate the interested color because it is not a continuous color space.
Meanwhile, HSV color space has the intuitive color based on artist’s ideas of tint,
saturation, and tone. In the HSV system, the Hue channel contains dominant color and
it is invariant with highlight in white light sources. The saturation channel represents
the colorfulness of an area in proportion to its brightness and the value of the channel
contains color luminance. CIELUV color space was proposed by G. Wyszecki and
standardized by CIE (Commission International de L’Eclairage), it is a system of
perceptually uniform color. Our approach chooses ratios of RGB channel in [9] be-
cause it can reduce the dimension and allow defining the specific features for the
interested color.
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Let I denote an image of (n x m) and blk denote a block of (2 x 2). Each block on
the image is not overlapped with the other blocks.
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Each pixel p of block blk has a value of (, g, b) in the RGB color space. We define
the value of & and ﬂ as follows;
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Then, each pixel p can be expressed by p = (e, /) , and block blk is defined as the
follow;
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where j=1,.,n-1and j=1,. ,m—-1.
Hence, we can express the block feature denoted by FoB as an 8-dimension vector
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and it is utilized as an input vector of SVM.
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Fig. 3. Some examples of training data built by K-Means

In the training stage, the absence of standard traffic sign dataset is the main reason
to build our dataset. The traffic-sign images are collected from the Internet with vari-
ous states such as color distortion, blur, highlight as well as nightlight color, and so
on. K-means method is applied to cluster block feature FoB in eq. (4) for building the
database of interested color blocks. In this case, there are two groups (Red and Blue)
of interested color blocks. In Fig. 3, the left group of images is used to learn the red
color and the right one for the blue color. Each small image in Fig. 3 is a set of (2x2)
blocks extracted from K-Mean algorithm. The three top lines of subgroup are sample
sets of interested color and the other lines are set of non-interested color.
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Each block SVM Yes The red
' W Red color > \blo—cly
The blue

No The non

Fig. 4. The flow chart of using SVM to detect the interested blocks

2.1.2 SVMs for Color Classification

SVM is proposed by Vapnik and his group at AT&T Bell laboratory in 1992 [10].
From the database built in 2.1.1, let x denote a feature vector of a block - FoB, y de-
note a label of classification, ye {1,—1}, b denote a bias value, and W denote the

hyperplane of SVM. The primal formulation of SVM is to minimize llwll, such that
the constraint of y, (wak +b) 21 is satisfied with all k = 1, 2,.., N. Applying La-
grange multipliers, we have the formula for the primal problem:

N
L(w,b,a):lngw—z o, (y,(w'x, +b)—1) &)
k=1
Therefore, the solution for this problem
max, min, L(w,b,a) (6)

And the equivalent dual problem in the Lagrange multipliers &, which can be solved

in the quadratic programming is as follows:

1 N N
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The strong point of the dual problem is sparseness property. It means that most of
0, =0 except support vectors. Therefore, the complexity of the testing step is not

large. Equation (10) presents the testing process of one block x.

#3v { 1, Red or Blue

= si o X+ b)= ®
y(x) szgn(z (VX X+ D) -1, Others,

k=1

where the values of y, , b, and ¢, are the results of the learning step. The value of

X, is support vectors selected from the learning data. Note that we have two groups of
( Vil b, x, ), where one is correspondent to Red and the others for Blue. Figure 4

presents a process of retrieving Red and Blue blocks in an image by using eq. (9) of
SVMs. Through experiments, we realize that the linear SVM returns a high accuracy
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with a low complexity to classify blocks of interested color - FoB. Although non-
linear SVM can return a little better result, its calculation complexity is too large to
apply on a real-time process. Therefore, we select the linear SVM instead of using
non-linear model.

In practice, we propose a pre-processing step with the rough threshold 7 on the

HSL color space to enhance the performance of calculation. Its values are presented
ineq. (10)-(11).

saturation = 51

hue <9 — red 10
y(red) = (10)
hue 2170
others — non — red
saturation =2 51
y(blue) = 99 < hue <112

others — non —blue

The rough threshold }is applied to the value of Red and Blue color defined on the

HSL space with each pixel of (2x2) block. As a result, the SVM method only classi-
fies blocks which are positive error or correct answer of the pre-processing. This step
helps to reduce the number of blocks which will be checked by SVM, and it makes
the complexity of detection lower.

2.1.3 Grouping Region

After color-interesting blocks are selected by the classification on SVM, we make an
extension of breadth-first-search (BFS) algorithm with pre-defined distance to group
controlled block and retrieve candidate regions. We define the region r = (x,,w,h),

ij?

where x; denotes the top left pixel of region, w and £ are the width and height of

the region, respectively. So, the distance of two regions r = ( X W, h) and
r'=(x 'ij. ,w', h') is defined as the following;

oo I,=0AT, =0

0 Tl EXOUN Tz O (12)

DoR(r,r')= o . .
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With T, =[i,i+ wln[ii'+w'land T, =[j, j+ hl1n[j', j'+ h']. Using eq. (12)
to calculate distance of two regions, we have a value of DoR. If DoR is equal or
smaller than the pre-defined distance d, the two regions will have a connection. Then,
applying the extension of BFS algorithm can reduce the number of candidate regions
to only a few color-interested regions from a set of color-interested blocks. As a re-
sult, we only need to recognize a few color-interested regions instead of a large num-
ber of all color-interested blocks in the classification phase. Figure 5(a)-(h) present an
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instance of the BFS result. Each red block in Fig. 5 is a block of interested color
which is classified by the linear SVMs. The BFS algorithm will group color-interested
blocks in Fig. 5(a) to retrieve a color-interested region bounded by a rectangle in
Fig. 5(f). In this instance, the pre-defined distance d is set to 2.

LT 111 [T T TT [T TTT [T TTT
b
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Fig. 5. Group region algorithm — extension of BFS with predefined distance (d=2)

Based on the position of car, we set a location of traffic signs positioning in the
upper two-third part of images. Figure 6(a), (b), and (c) presents one result of our
color detection by using SVM. This test is applied on database provided by the Re-
search Center for Integration of Advanced Intelligent Systems and Devices, Toyota
Technological Institute, Japan.

a) Original image b) Blue classification ¢) Red classification

Fig. 6. Example of color detection and segmentation using SVM on block of pixels

2.2 Using Hough Transform and Contour to Verify the Candidate Regions

After retrieving candidate regions, we apply Hough transform to detect circle traffic
signs. In case of triangle traffic signs, we utilize Canny-edge detection with multi
thresholds to get binary candidate regions and apply contour detection algorithm to
extract geometry properties such as the number of edges and the size of angles be-
tween two lines for triangle verification. The complexity of classification phase de-
pends on the number of candidate regions. Since the area of candidate regions is
small, the complexity is small enough to process in real time. In our system, this clas-
sification phase averagely consumes less than 30 milliseconds per frame. Figure 7
presents the flow chart of traffic sign segmentation by using Hough transform and
contour algorithm. It shows that one traffic sign is detected by both color and shape in
our method.
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Fig. 7. Hough Transform and contour algorithm to verify candidate region

3 Experiment and Result
We utilize C language on a computer - 1.66 GHz core dual CPU and non-preprocessing

images for our experiments. SVM-Light [11] is utilized to evaluate the proposed
method.

Table 1. Results of linear-SVM training process

Red color Blue color
Positive samples 30000 30000
Negative samples 45000 60000
Recall 88,24% 98,03%
Precision 88.,28% 98,03%

The learning data is defined in Table 1. After preprocessing with rough threshold ¥
in HSL, we set the value of 7/ such that there are only positive errors and color-

interested blocks as outputs, so we have a bias in favor of negative samples towards
positive ones. By using preprocessing with rough threshold ¥ in HSL, the algorithm is
speeded up approximately 5 times. We can see the advantage of pre-processing step on
the time consuming in Table 2. In addition, the average time consuming for all process
in an image (640x480) is just about 50 milliseconds. It means that the proposed method
can process about 20 fps.

Table 2. Time consuming of classifying color-interested blocks in an image (320x240)

Linear SVM (Only) Linear SVM + pre-processing )/

Red color Blue color Red color Blue color
Worse case 0.14s 0.14s 0.032s 0.032s
Best case 0.09s 0.09s 0.015s 0.015s
Average case 0.11s 0.11s 0.023s 0.023s

To evaluate our method, we collect sampling images on the internet, some images

in [4] as well as images of TTI lab to build a challenging database which contains the
diversified images collected in many conditions of environment such as bad light,
snow fall, or blurred, faded, occluded, and damaged traffic signs, and it is also pub-
lished for free at http://www.fit.hcmus.edu.vn/~Ittam/LTTam-TestingDatabase.rar
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Table 3. The result of testing on the database

# Images # T-rafﬁc # Fal§e # F-al-se % Fal.se % F.a.lse

Signs Negative | Positive Negative Positive

Bad light 30 45 3 1 6.67 % 2.22 %
Blurred 120 161 7 7 4.35 % 4.35 %
Faded 40 65 11 2 16.92 % 3.08 %
Noise 23 42 7 9 16.67 % 21.43 %
Occluded 36 66 8 6 12.12 % 9.09 %
Damaged 20 33 5 3 15.15 % 9.09 %
Snowfall 30 35 1 5 2.86 % 14.29 %
TTI campus 67 99 3 1 3.03% 1.01%
JP urban road 39 51 2 8 3.92% 15.69%
Total 405 597 47 42 7.87 % 7.04 %

Table 3 is the testing result of our proposed method on this database, the precision
is 92.91% and the recall is 92.13%. Our result shows that the color classification us-

ing linear SVM gives a robust result in conditions of daylight, bad light, and snowfall.

We present some illustrating results of our test in Fig. 8 (a), (b), and (c) for the
foggy, snowy weather, and Japanese urban road, respectively. Our algorithm utilized
SVM for color detection combined with Hough transform for circle detection and
contour algorithm for triangle detection. The result in Fig. 8 shows that our method
can detect a far, small, and blurred traffic sign, where the camera is mounted inside of

the car.

a) Foggy weather

¢) Japanese urban road

Fig. 8. Some examples from the testing database
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Table 4 shows our comparison to previous works based on our database. The result
shows that our method returns a high accuracy in a real time processing (average
20 fps) for autonomous-driving system.

Table 4. Results of our method and some related methods

Detection Rate

False alarm Rate

Time consuming

Soetedjo [2] 85% 10% 2440 ms
Shneier [9] 88% 58% 50 ms
Our method 92.91% 7.04 % 50 ms

4 Conclusions

In this paper, we presented a real-time processing method of traffic-sign detection to
apply in autonomous driving system. Our proposed method utilized linear SVM to
classify color by a low complexity (average 23 milliseconds per frame). After that
shape matching has been applied to eliminate positive errors. We achieved 92.91
percent of detection accuracy and it has been applied on real-time autonomous driving
system with the processing speed of 20fps, where the maximum speed of car is lim-
ited at 30 km per hour. In the near future, we will combine our processes of detection
and recognition to generate a vision-based system of guidance and warning for the
autonomous driving system.
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