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Abstract

Road traffic signs provide instructions, warning information, to regulate driver behavior.
In addition, these signs provide a reliable guarantee for safe and convenient driving. The
Traffic Sign Detection and Recognition (TSDR) system is one of the primary applications
for Advanced Driver Assistance Systems (ADAS). TSDR has obtained a great deal of

attention over the recent years. But, it is still a challenging field of image processing.

In this thesis, we first created our own dataset for North American Traffic Signs, which is
still being updated. We then decided to choose Histogram Orientation Gradients (HOG)
and Support Vector Machines (SVMs) to build our system after comparing them with
some other techniques. For better results, we tested different HOG parameters to find
the best combination. After this, we developed a TSDR system using HOG, SVM and
our new color information extraction algorithm. To reduce time-consumption, we used
the Maximally Stable Extremal Region (MSER) to replace the HOG and SVM detection
stage. In addition, we developed a new approach based on Global Positioning System
(GPS) information other than image processing. At last, we tested these three systems;
the results show that all of them can recognize traffic signs with a good accuracy rate. The
MSER based system is faster than the one using only HOG and SVM; and, the GPS based
system is even faster than the MSER based system.
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Chapter 1

Introduction

1.1 Background and Motivation

As a product of social development and technological progress, the motor vehicle has
contributed tremendously to the progress of human civilization and social development.
However, motor vehicles also lead to a lot of problems, such as potential traffic safety haz-
ards, traffic congestion and environmental pollution. How to effectively improve the safety
and efficiency of transportation becomes a problem for both governments and research

institutions.

To solve this problem, many researchers have made a lot of effort to trigger people
interest in autopilot technology. Throughout the continuous research process, many new
technologies have been applied to the automobile industry. From the beginning of the
1980s, some developed countries like Japan, the United States, Germany, etc., have carried

out intelligent transportation systems.

Intelligent vehicle technology helps reduce driver fatigue and to improve comfort during
driving. Intelligent vehicle technology can be divided into two aspects: assisted driving and
autopilot. Autopilot technology relies on the establishment and on the improvements of
the application of the Intelligent Transportation System (ITS). And autopilot technology
is difficult to achieve over a short time. Therefore, the United States, Japan and other de-
veloped countries sought to instead develop Advanced Driver Assistance Systems (ADAS).

As early as 1987, Japan researchers H. Akatsuka et al. began the work on automatic traffic



sign detection and recognition [6]. The majority of research [7], [8].

The road Traffic Sign Detection and Recognition (TSDR) system is a smart system
designed to help drivers react properly in dangerous traffic situations. It is one of the
unresolved problems in I'TS research areas. Moreover, it is one of the real difficult problems
for pattern recognition. In automotive vision systems, how to effectively identify traffic
signs is a very important research concern. As an important subsystem of ADAS, TSDR
system is bound to obtain a wider range of applications. Furthermore, it is one of the
essential components of future automotive driving and the semi-automatic driving system.
In addition, in the electronic traffic maps, automatically identifying traffic signs will provide
necessary information for the position of the vehicle. Therefore, research of TSDR is
extremely important for both practical significance and application value and it has become

that much more necessary.

In our research, a system that prevent accidents was designed. It is built directly onto
cars, and interprets traffic signs for drivers. If all drivers had access to this, the number of
accidents would decrease and traffic would be more fluent. The TSDR system picks up live
images or video streams from one or more in-vehicle cameras, analyze them and provide

user-friendly and recognizable traffic signs to the driver.

1.2 Thesis Outline

In Chapter 1, we explain why we built the TSDR system. In Chapter 2, we discuss the
related work in the context of different techniques already used in this field. In Chapter 3,
we create a dataset that will be updated daily with all the North American traffic signs,
especially with those found in Canada. We do this because there is a variety of different
kinds of traffic signs in the world and no one single open-sourced dataset that contains all
of them. We then explain how we used the dataset we created to train and test our final

system.

We then present the most important chapter in this thesis, Chapter 4. In this Chapter,

we discuss the elements described in the following three paragraphs.

1. We discuss the algorithm details for the detection and classification stages we used in

this thesis. As the feature descriptor, we introduce the classic descriptor of Histogram

4



of Oriented Gradients (HOG). We then discuss two classification algorithms that will
be presented separately: Support Vector Machine (SVM) and tree classifiers. These
algorithms, with different setting characteristics, will help us distinguish the positive

from the negative samples.

2. We discuss how to train and build the weight vector. The training of the HOG feature
is based on the HOG parameter testing from our own dataset, which will result in

better performance.

3. The construction design needed to suit the different purposes of system, including
the separation of the background color and time saved will be discussed. We will
also test the different videos under different weather conditions and road conditions,

as well as at different times of the day, to see how they would work.

In Chapter 5, we provide a new concept for solving the same problem without cameras.
Instead, we suggest using navigational information and the algorithm for calculating the
distance between two coordinates and for simulating part of the client side component
based on this algorithm. Finally, Chapter 6 concludes this thesis and future plans are

discussed.



Chapter 2

Related Work

Over the past twenty years, French researcher De Saint Blancard M. developed red sign
recognition systems [9], in 1992, these developed systems used a red filter, edge detection
method, a closed curve detection method, and a neural network recognition method to
complete the extraction process and target classification. The American researchers N.
Kehtarnavaz et al. adopted a color clustering method in 1993 to discriminate against stop
signs [8]. But, this approach did not achieve real-time identification. In 1994, German
scientists S. Estable et al. launched the world’s most advanced TSDR system [10] at
that time. The system used color segmentation, shape analysis and statistical pattern
recognition techniques. In the same year, [talian researchers G. Piccioli et al. proposed
an extraction method using image geometry, namely linear detection, triangle detection,

circle detection and so forth [11].

However, although the research on TSDR system has achieved a few practical results
with its evolution over the past decades, there are still some shortcomings. According
to the research in this area and to the characteristics of signs, most traffic detection and

recognition algorithms divide the problem facing TSDR system into the following elements:

1. Environmental conditions and road conditions: the environmental conditions always
vary according to lighting, illumination and weather. As uncontrollable as the above-
mentioned factors are, environmental conditions which affect the results of TSDR
system. Additionally, the detection quality will be lower. The road conditions will

influence TSDR system in other aspects. Because the cameras are always installed



in the vehicle, holes on the roads, or the muddy conditions of roads, will cause
vibrations and oscillations, which will affect the video quality captured by cameras.

Road conditions are a tough issue for moving vehicles as well.

2. Region determination: objects that have the same characteristics as traffic signs
may present difficulties for systems when determining the location of the signs; the
barriers on the road like advertising boards will result in incomplete target region

determination as well. Besides, the states of many traffic signs are also degraded.

3. Candidate classification: this problem happens when identifying the content of ex-
tracted regions. Mis-recognition may happen when some signs have the same patterns
but use different texts (speed limit signs). Few techniques exist here; each technique
needs to be combined with the detection stage so that there are many restrictions in
terms of choice. In addition, few techniques can classify the entire content or all the

information of signs clearly.

Because of the problems we obtained, TSDR system is always studied in three basic

stages:

e Pre-processing stage
e Detection stage

e Recognition stage

According to the above-mentioned stages, we determined the following objectives for
future research and development in this field: simplify complex problems, improve the

traditional method, and use a smart approach.

2.1 Pre-processing Techniques

The processing step is not a mandatory one. But, this step may increase the efficiency of
the following steps. The fundamental function of the pre-processing stage is to enhance

the input image and to avoid the dense scanning of it.



2.1.1 Camera calibration

Camera calibration is a step which finds the extrinsic and intrinsic parameters for a camera
set on vehicles [12]. In the process of image measurement and machine vision applications,
we need to establish the imaging geometry model on cameras. This model helps us to de-
termine the corresponding relationship between points in the image and the 3-dimensional
geometric position of respective that points in the surface space of the object. Under most
situations, these parameters are obtained by experiments and calculations. The process of

obtaining these parameters is called camera calibration.

Regardless of the image measurement or the machine vision applications, camera cal-
ibration is a very critical aspect. The accuracy and stability of the calibration algorithm
will affect the calibration accuracy directly. Therefore, good camera calibration is a valu-
able premise for follow-up work; and, exactly how to improve the calibration accuracy
should be focused on by scientific researchers [13]. So far, there are three main methods
for camera calibration: traditional camera calibration, camera auto-calibration and camera

self-calibration based on active vision [14].

Traditional camera calibration requires an object of a known size to calibrate. This
is done through an established relationship between the known coordinate points of the
object to be calibrated and its image points. Additionally, a certain algorithm is needed
to obtain the internal and external parameters of the camera model [15]. The objects that
will undergo calibration can be divided into two kinds: the 3-dimensional object and the
plane type of object [16]. A 3-dimensional object can be calibrated under a single image;
this has a high calibration precision. But, high-precision calibration for 3-dimensional
object is difficult to process and to maintain [17]. However, a plane type of calibration
for a respective object is easy to process and the accuracy can be ensured. But, during
calibration, this type of calibration needs to use two or more images which is different from
the calibration of a 3-dimensional object. The disadvantages of this method are that the
object will affect the accuracy of the calibration results. Meanwhile, some scenarios which
are not suitable for the calibration of objects, limit the application of traditional camera

calibration.

The auto-calibration algorithm [18] restricts camera movement. The main constraint

is that some parallel or orthogonal information in a scene must be used [19]. That is, the
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spatial intersection of parallel lines in the camera image plane called the vanishing point
is used; this is a very important feature in projective geometry. Many researchers have
studied camera auto-calibration based on this vanishing point. This method has a strong
level of flexibility [20]. However, because it is a method based on the quadratic curve or
surface, it has a low level of robustness. Meanwhile, the constraints of camera movement

are strong, thus making it impractical in practice.

Camera self-calibration which based on active vision [21] uses some moving information
from the camera to complete calibration. This method does not need a calibration object;
but, some special movement of the camera is needed, that uses the special feature of
this movement, the internal parameters can be calculated. The advantage of this method
is that with a simple algorithm, we can obtain a linear solution that has a higher level
of robustness. But, the disadvantages are the following [14]: the high cost of systems,
expensive laboratory equipment and demanding experimental conditions. Meanwhile, it is

not suitable for the situations in which the position of cameras is uncontrollable.

So far, camera calibration methods have been proposed in many research works. In [22],
Y. Zhang proposes a new method of camera calibration, which only requires the camera
to observe a planar pattern showing at least two different orientations. The camera or
the planar pattern can be moved. The motion does not need to be known. Radial lens
distortion is modeled. But, there is still only a small amount of work that has been applied
to the calibration of cameras. Current research should focus on its practical applications.
To the best of our knowledge, the mandatory steps of TSDR system do not explicitly
include a camera calibration step. However, some experiments [23] test every frame to

speed up the overall system.

2.1.2 Dynamic range adjustment (DRA)

Dynamic range refers to a span that varies according to changes in objects: i.e., the range
between the lowest pole and the highest pole may vary. The general description of the
range is the difference between highest and lowest points. DRA is a ratio that indicates
the range from the smallest to the largest measurable light intensities. The contrast of an
image needs to be increased under some adaptive dynamic ranges. The high dynamic range

(HDR) [24] can deliver better quality images than compared with ordinary images; it can
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provide more dynamic ranges and better image details. The final image can reflect real
environments in terms of human vision. This can be achieved by using each low dynamic
range (LDR) image with optimal detail at corresponding exposure time to compose a final
HDR image [25]. Recently, the HDR image-based systems have been used in the field of
ADAS. The high quality HDR image is important for night detection as well.

According to the research in this area of the pre-processing, although there has been
some research on this step, it is not explicitly included in the existing system [26]; and,

research work in this area is still needed.

2.2 Detection Techniques

The main task in this section is to generate candidates which are probably signs. Thus,
in this stage, we need to extract the Region Of Interests (ROIs) from respective frames
and to prepare them for the recognition stage. In order to guarantee the accuracy in the
recognition stage, all possible ROIs should be considered; this is because each ROI could

be a sign.

There are many kinds of techniques that can be used for searching for ROIs. The object
we wish to detect has obvious physical characteristics such as color and shape. These kinds
of characteristics are taken into consideration and a great deal of research focuses on these
aspects. Another consideration for these stages is the use of statistical methods, such as
the feature sample statistics of an object. Nowadays, lots of researchers focus on this to
get better results. The detail of detection methods can be divided in to three main parts:
detection through colors, detection through shapes and detection through hybrid methods
which combine the different kinds of methods together.

2.2.1 Detection through Colors

Information transmitted though bright color is undoubtedly the most important and no-
table characteristic of traffic signs, because traffic signs need to be easily perceived by
humans. Examples of these colors are red, blue, and yellow [27]. Recently, the TSDR sys-

tem mostly regarded color analysis as a preliminary basis for segmentation. Color-based

10



detection methods are used in order to segment different colors and to provide ROIs which
will facilitate recognition. Color segmentation consists of partitioning an image into sub-
sets of connected pixels that share similar color properties. Detection is often based on a
process of segmentation which focuses on similar kinds of properties; and, it reduces the

search space for finding ROIs.

Some detection methods are used commonly, such as color space threshold segmentation
[28-34], the artificial neural network method [35], [36], regional division [37] and other
methods.

Color segmentation thresholds are the most common method. Though a series of thresh-
olds, an image is divided into ROIs distinguished by different colors; this method is simple
and requires less computation. However, a series of thresholds is hard to control and when
the images are affected by light and other factors, on the impacted segment will result in

a low level of robustness.

The main approach to improve this situation is from the aspect of color space selection
and thresholds. The object color in an image is actually the color luminance reflected
under the light source; the color of an object depends on the location and intensity of the
light sources. Many researchers are dedicated to finding color invariance. The color space
makes evident coordinate system and subspace before such kinds of segmentation are used.
The choice of a suitable color space is very important; it will affect the detection result.
Different color spaces are used in much of the literature [38-45]; examples of color spaces

are: RGB, normalized-RGB, HSI/HSV, YUV, YCbCr, CIELab, etc.

RGB color space

The most commonly used space in image processing is RGB color space; this space is based
on human eye recognition. The RGB model assigns a range of intensity values from 0 to
255 for each pixel of RGB components in images. However, intensity values can be mixed
in different ratios, showing up to 16,777,216 (256 x 256 x 256) colors on the screen (see
Figure 2.1). These intensity values can represent a wide range of colors in the world. RGB
color representation model forms the basis of colors; and, other spaces can be transformed

from RGB representation model.
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RGB Color Space

L
[
~
.
L
[
LN
L
L
[
Ny
1

Green Red

Figure 2.1: RGB color space [1]

The relationships among RGB colors are often used. The most essential consideration is
the thresholds in relation to these three colors; how to divide them clearly is a big problem.
In [22], color enhancement is used to extract red, blue and yellow blobs. However, in [46],
chromatic and achromatic filters are used to extract red rims and white interior spaces
from speed limit and warning traffic signs respectively. The segmentation through color

thresholds based on RGB space showed in Figure 2.2

Figure 2.2 shows different thresholds that occur when we extract ROIs from an image
taken in sunny weather based in RGB space. It is obvious that the levels of settings for
threshold are hard to control; under different environmental conditions, the thresholds may

be changed directly.

Since the objects have similar chromatic characteristics, the chromatic components
are not directly emphasized in the standard representation of RGB color; and, when the
environmental factors change, the thresholds of segmentation will also be changed. Addi-
tionally, as is the case for the RGB space, the measurement of luminance and chrominance
are not independent. The early RGB color space based TSDR system can then only be used
in relatively simple scenarios. A simple improvement is the parameter of normalization for

RGB [47]; the definition of standardized color changes is as follows:

12



(a) Original image (b) Example of image under worst

level threshold segmentation

(c) Example of image under middle  (d) Example of image under best level

level threshold segmentation. threshold segmentation.

Figure 2.2: RGB threshold levels
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r=R/(R+G+ B) (2.1)

g=G/(R+G+ B) (2.2)

b= B/(R+G+B) (2.3)

Where and are called chromaticity coordinates, r + g+ b = 1.

The brightness of each pixel in an image equals the sum of the three RGB components.
The use of normalized RGB parameters in a system can therefore reduce the impact on
changes in brightness. However, the r ,g and b of the normalized RGB model only eliminate
components of the relative brightness in RGB. The color saturation does not separate from

the normalized model; thus, the model is still sensitive to changes in color saturation.

To separate the luminance and color entirely, the color segmentation process is then
carried out on images that were initially converted to HSV (Hue or color, Saturation
and Value lightness) space; or with intensity, brightness, lightness, etc., instead of Value

lightness, generating HIS, HSB, HSL and other spaces model.

HSYV color space

HSV is color space proposed to deal with the color that is digitized. HSV color space is
based on intuitive color characteristics created by AR Smith in 1978 [48]. HSV color space

model corresponds to a subset of cones in the cylindrical coordinate system.

The RGB color model is hardware-oriented; the HSV color model is, however, user-
oriented. The 3-dimensional representations of HSV model evolved from the RGB cube. If
we assume that we are observing the RGB cube from a white vertex to a black vertex along
a diagonal, we can see a hexagonal shape (see Figure 2.3). The hexagonal border shows
the color, the horizontal axis represents its purity; and, the brightness can be measured
along the vertical axis. The apex corresponds to the minimum brightness value, while the

center of the conical bottom surface corresponds to the maximum level of brightness.
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Figure 2.3: HSV color space evolution [2]

The hue (H) has an angle measurement ranging from 0-360; this begins at calculated

start point with red at 0, that moves in a counter clockwise direction. Green is at 120;

and, blue is at 240. The complementary colors are yellow at 60, cyan at 180 and magenta

at 300. The saturation (S) is in a range between 0.0 to 1.0. The level of brightness (V)

ranges from 0.0 (black) to 1.0 (white) (see Figure 2.4 for details).

Figure 2.4: Details of the HSV model [3]

The relationship between RGB and HSV is as follows [48]:
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V =maz(R,G, B) (2.6)
Where maz = maz(R, G, B) and min = min(R, G, B)

Hasan Fleyeh [49] proposed a fuzzy color-based approach for road traffic sign detection.
Firstly, the RGB images, taken by a digital camera, need to be changed into HSV space
images. And then, H and S components need to be extracted. If the gray values of
components have a certain color (red, yellow, or blue) in the gray scale, the gray value
will be retained; if this is not the case, it will be set to 0; and, in this way, Hasan Fleyeh

achieved the goal of finding the position of ROIs.

In the segmentation process, the component of hue played the central role; this is
because it shows more invariance in the context of shadows and highlights, to variations

in light conditions, and to changes in the color saturation [45].

The color components analysis under HSV space:
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Histogram of Saturation Image
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Table 2.1: HSV component analysis

Table 2.1 shows an image under HSV component analysis; and, these three components
cause different desired effects on the ROIs. For example, we can easily extract ROIs in the

saturated image from the table above.

HSI color space

The HSI model (hue, saturation and intensity) is used in [50] because it does not respond to
changes of illumination. Empirically, determined fixed thresholds define the range of each
HSI channel, where the red and blue traffic sign candidates exist; this is also mentioned in

51).

The Equation distinguishing between RGB space and HSI space is described in the
following, we assume that the three components of RGB are already normalized [52]:

R,G,B€0,1].

I=(R+G+B)/3 (2.7)
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_ min(R, G, B)

S=1 7 (2.8)
0,B>G
H = (2.9)
360—-60,B > G
1
S(R—C)+ (R B)
0 = arccos (2.10)

[(R-G)2+ (R—G)(G—-B):

Some researchers performed the experiments based on this color space. Kiran C. G et
al. [53] proposed a Look Up Tables (LUTs) based on color enhancement for traffic sign
segmentation algorithms. First, images are converted from RGB space to HSI space; and,
LUTSs are then used to enhance the luminance and saturation values of red, yellow and

blue; these values probably assist in the location of traffic signs.

S. Lafuente-Arroyo et al. [54] present an HS (Hue, Saturation) threshold segmentation

algorithm based on HSI space. The algorithm is expressed as follows:

g(v,y) =k if (2.11)
fH x?Z/) Z Sa

g(z,y) = ko Otherwise (2.12)

(2.13)

Where g(z,y) is the value for the pixel (x,y), H, and H, denote the settings for the
minimum and maximum component values of H; and, f,(x,y) denotes the pixel coordinate,
S, denotes the minimum value of component S and k;, ko are the thresholds: in general,
k1 = 255 and ks = 0. The algorithm above combines the dilatation and erosion calculation;
these two integrated components can assist in the positioning of the area in the case of red
and blue fields, which are probably signs. But this space is computationally expensive due
to its nonlinear formula. And during any environmental changes undergone, the pixel will

undergo big changes; thus, the original image will become distorted.
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Other color space

YUYV color space

The YUV coordinate system was first proposed for the National Television System
Committee (NTSC) transmission standard; it is mainly used in colorful television signal
transmissions and the re-shuffling of R, G, B components into the luminance signal (Y)

and into color signals (U,V). The formula for re-shuffling is as follows:

1. RGB to YUV
Y 0.299 0.587 0.114 R
Ul = —0.147 —0.289 0.436 G (2.14)
V 0.615 —-0.515 —0.100 B
2. YUV to RGB
R 1 0 0.114 Y
Gl=11 —-0.39 —0.58 U (2.15)
B 1 —-2.03 0 V

W. G. Shadeed et al. [55] analyzed the advantages and disadvantages of using HSV
space and YUV space for traffic sign image segmentation. They found that these two
segmentation algorithms can compensate for one another; and, they discussed that when
they combine these two spaces together what is carried out AND operator, they can obtain

better segmentation results.
YCbCr color space

YCbCr or Y’CbCr (sometimes written as YCBCR or Y’CBCR), another type of color
space, is defined as follows: Y is a component of color luminance; and, CB and CR are the

concentrations of blue and red values compared to the offset component.

The YCbCr color space is showed in Figure 2.5 and the equation to transform this

space into RGB space is outlined below:
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Y =0.299R + 0.587G + 0.114B
Cb=0.564(B—-Y)
Cr=0.713(r —y
r=9) (2.16)
R =Y +1.402Cr
G =Y —0.334Cb — 0.714Cr

B =Y +1.772Cb

Y=255, Ch=Cr=128
¥ /
255 _f

_ RGB color block
-

A

255

all possible YCbCr values

Figure 2.5: YCbCr color space [4]

This color space is seldom used since it can be changed into RGB space; this is why

the RGB space is mostly used.

The existing approach is based on color space, as we mentioned above. In [39], A. Ruta
et al. suggest using the color enhancement and recursive thresholds to obtain ROIs from

robust RGB space; but, the recursive threshold is difficult to choose.

Jae Won Woong et al. [56] proposed a target detection method using color and edge
to define significant features and a multi-scale pyramid decomposition method. However,
the edge characteristic has poor robustness and a higher computational loss in a complex
background. In [45], the authors H. Fleyeh et al. used HSI color space; the hue component
has a good robustness to variations in illumination, but it is time consuming when images
change from RGB space to HSI space. L. D. Lopez and O. Fuentes [38] use CIELab color

space for traffic sign feature searching. This method needs parameter adjustment during
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detection; and, it is suitable for traffic sign detection under a simple background. When

the environment is complex, the algorithm is less able to ensure high accuracy.

Table 2.2 shows the techniques used by researchers in this field. The most problematic

factor in color space lies in how to determine the threshold. There is no general rule for

setting it; many researchers choose to use empirical thresholds.

Color | Ref. Techniques Advantages Disadvantages

space

RGB | [23], [39] | Color enhancement and | RGB channels robust | Recursive thresh-
recursive threshold. and efficient. old.

RGB | [46] Chromatic achromatic | Simple and fast. Thresholds set to
threshold. smallest.

RGB | [40] Color histograms. More robust. Empirical thresh-

olds.

RGB | [41] RGB color Haar. Relative difference of | Very slow dur-

color feature. ing processing s-
ince the sign was
a minimum of 20
pixels.

RGB | [42], [43] | Median filter and fol- | Good robustness to il- | Time consuming.

to lowed by noisy rejection- | lumination.

HSI S.

HSV | [44] Fixed thresholds for | Simple, fast. Not resistant to il-
H,S and combined with lumination varia-
achromatic decomposi- tions.
tion.

HSV [45] Shadow highlight invari- | Robust to illumination | Time-consuming.
ant algorithm: thresh- | changes.
old in H, then in S and
V.
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HSI [50] HSI threshold. Hue robust to illumi- | Time-consuming
nation variation. RGB to HIS
transfer.
YUV | [57] Multiple thresholds. YUV color space in- | Thresholds  set
variant. empirically.

Table 2.2: The overview of some existing color segmen-

tation techniques

2.2.2 Detection through Shapes

Shape is effectively used to detect traffic signs; this is because traffic signs regularly have
the following shapes: circular, rectangular, octagonal, triangular, etc. In addition, weather
conditions and luminance instability always produce strong noise in color analysis; such fac-
tors make may result in color-based techniques failing. This is why shape-based techniques

are of interest to researchers in this field.

There are shape-based methods which exploit the invariance and symmetry of the traffic
signs. Existing methods of shape segmentation are template matching, Hough Transform
(HT), etc [58]. Through these kinds of methods, we can distinguish circles or rectangles
from the background. Although the results may contain some ROIs that may not have
traffic signs, they can still provide some useful candidate ROIs for the next step. As well,
ROIs containing traffic signs and other information are processed in subsequent stages.
Detailed features can be found using feature descriptors such as HOG feature, Haar feature,

etc.

Template matching [59] ,[60]

Template matching is a very common method in image processing and pattern recognition.
It is also applied to the TSDR system, such as in the literature [60] and [61], and so on. It
is a low-level approach which uses pre-defined templates to search the whole image pixel

by pixel or to perform the small window matching; although template matching is a simple

22



operation, it requires a large amount of calculation to improve the rotation and scaling
robustness. Besides, the number of new templates are required be added in, which also
increase the amount of computation. In the context of the issue above, some improved
algorithms have appeared. C. Grigorescu et al. [62] proposed an image matching method
based on distance, which has a high level of robustness. But it is based on templates; a

large number of templates is still needed.

Hough Transform

Hough Transform (HT) can be used to detect circles, lines, rectangles, etc. in images.
Because of the regular shape due to traffic signs. HT does not vary in terms of rotation
scaling, and noise immunity. But the disadvantage is the large amount of computation.
Barnes et al. [63] proposed a light symmetry algorithm which is essentially a simple Hough
algorithm which had small computation; but, this algorithm can only detect the circular

signs.

In [64] the authors G. Loy et al. present a modular system based on shape symmetry:;
which is applied to both U.S. and European speed limit signs (SLS). The authors developed
two different detection modules for circular and rectangular shapes. That is, a circular HT
was adapted to the circular European SLS, and a rectangular segmentation was developed
to the U.S. SLS. Fast Radial Symmetry, a variant of circular HT, is a simple, efficient
method used to detect SLS signs. It is based on the symmetrical nature of circular or
rectangular shapes. This method is ideal for a general natural environment; but, it has
high false detection rates when there are lots of symmetrical objects in urban environments.
As well, ROIs containing SLS and other information will not be processed in this method.
In [23], A. Ruta et al. used the color distance transform (DT); under this method, they need
to compute DT for each color channel separately. The measure of similarity is smoother
and more robust to slight rotations. However, it will be sensitive to affine rotations and

occlusions.

Edge detection

Edge detection is a basic method of image processing and computer vision. The purpose

of edge detection is to identify the obviously bright variation points in digital image,
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because significant changes in an image attribute usually reflect important transformations.
These changes include (i) depth discontinuity; (ii) surface direction discontinuity; (iii)
object property changes; and (iv) changes in scene illumination. But it always has heavy

computation.

Corner detection is based on edge detection. According to pre-defined templates, this
method works by finding a corner and then searching for the corresponding corners based
on target shapes. D. L. Escalera et al. [64] define the detection of a given triangle as the
search for approximately 60 degrees (52 degrees - 68 degrees) corners and the determining of
whether there are three other corners constitute an equilateral triangle; rectangle detection
falls under similar definitions; but, the search is for approximately 90 degrees corners. This
method has a low robustness to rotation. With the increasing complexity of images, the
number of corners in images will increase sharply which has a significant impact on speed

and detection accuracy.

Graphic coding method

This method uses a vector chain code to describe the graphic and expressed graphic char-
acteristics by through code string, which converts the feature matching problem to a code
string comparison problem. H. Chun-Ta et al. in [65], present an ellipse detection algo-
rithm; here the edge points are divided into six kinds of feature points according to the
domains of neighbors. The authors define an ellipse based on the distribution of these six
kinds of feature points. A. Soetedjo et al. extend the feature points into eight different
kinds, that are combined with genetic algorithm (GA) to detect circular traffic signs [66].
L. Priese et al. [67] propose to divide the circular and triangular traffic signs into several
polygons which consist of 24 small edges; they then propose to code the color candidate
regions which come from color segmentation. And finally, they compare the corresponding

edge of templates to determine the category.

Neural network (NN)

Using of the trained neural network to perform shape detection, S. Zhu et al. in paper

[32], construct a Back-Propagation (BP) network for triangle signs. C. Fang et al. [68]
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define the input layer neurons as edge detectors; and, they combine these with input color
information to finish the corresponding shape judgment. However, the structure of NN is

complicated.

Extraction through gradient features

Recently, many approaches using gradient orientation information (HOG feature: see
Chapter 4.4.2 for details) have been successfully used in the detection phase [37]. HOG
detector is different from the template matching; it does not need prior knowledge of a
target. It was first used in pedestrian detection. It starts by dividing the image into a
set of overlapping blocks. And, each block has several numbers of cells, in which the his-
togram of the gradient orientations will be computed. Some parameters inside HOG will
influence the precision rate of the detection phase, such as the experiments in [69]. The
strong point of HOG is that it has the following properties: scale-invariance, local contrast

normalization, coarse spatial sampling, etc.

Methods Ref. Advantages Disadvantages
Template match- | [23],[70] | Similarity measurement is | Unsuitable for real-time
ing and distance smoother and more robust | systems; requires many
transformation to slight rotations. cross-correlation. Compu-
tations between the tem-
plate and the ROIs for sign
detection.
Edge Features [71] Laplacian filter to extracts | Produces several ROls,
outlines and edges. which burden the subse-
quent stages.
Hough Transform | [43], [50], | [50]: combine HT with an | [50]: remains computation-
(HT) [72], [73] | iterative process of median | ally expensive, especially
filtering and dilation to re- | for large images. [72]: may
fine the sign candidate set. | fail when many edges are
[72]: robust to illumination | present in images. [73]:
changes. too many interferon on the
road.
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Gradient feature | [32], [69], | It has accurate invariance | Computationally a bit ex-

5], | to scale, local contrast nor- | pensive. Needs a scale of

|
=)
e
=~

malization, coarse spatial | samples to get features.

sampling, and fine weight-

ed gradient orientations.

Table 2.3: The overview of some existing shape segmen-

tation techniques

Other methods

Traffic signs can be divided into external and internal contour graphics. Jiang et al., in [78],
use the mathematical morphology method to extract bones in order to further improve the
template matching results. Jesmin Khan et al. [79] use the peculiar shape properties of
the traffic signs, such as aspect ratio, using the ratio between the perimeter squared and
the area to classify different shapes. For example, when the ratio of the perimeter squared
and area is 9 to 11.75, it corresponds to octagon traffic signs. However, in the actual
work, the images of traffic signs taken by a camera occur on different levels of projection
distortion; the general shape of an equilateral triangle becomes generally triangular, and a
circle becomes an ellipse. Additionally, a traffic sign may be partially corrupted; thus, the
accuracy rate of this method in [79] might decline. Based on this, Pedro Gil Jimenez et
al. performed some processing after the traffic sign image segmentation stage in order to

correct the distortion of the shape. They thus filled the damaged traffic sign images [80].

2.2.3 Hybrid Methods

Both color-based detection and shape-based detection have different advantages and disad-
vantages. Color-based detection is simple and requires a small amount of calculation. But,
it has low robustness to light, weather changes, image noise, etc. Color segmentation often
requires a threshold; the process needed to obtain the threshold is often tedious and has
a certain error rate [81]. The approach based on shape reflects a robustness to light, since

the shape of signs is always uniform. However, it is easily impacted by similar objects, such
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as by a window, a mailbox, or a billboard. And, it is very sensitive to occlusion. Thus,
many papers have adopted the color and shape features in a combination of methods; most
papers, [30], [32] and [37], use these with colors-based preliminary segmentation. This step
is immediately followed by the sign detection stage that is applied on the generated ROlIs;
and, it uses shapes to do post-judgment. Some papers [28-30], [68] and [82, 83], used color
and shape detection simultaneously; this is done while determining the final outcome by
way of fuzzy judgment. It is observed that this method has had lower false positive in

comparison with non-hybrid methods.

After doing a large number of literature reviews, we found, in the process of building
TSDR system, that it is hard to select only one method among several options. Neverthe-
less, gradient feature-based algorithms, which also can be combined with color analysis,
are obviously useful over other approaches (see the details in Chapter 4.4.2). Our following

proposed system is also based on this kind of method.

2.3 Classification Techniques

The classification techniques are used to determine the content of the detected list of ROIs
which possibly contains one or more signs. They are then classified, with regards to their

content, into the appropriate categories (stop signs, speed limit signs, etc.).

The main methods, in this stage, for recognizing signs are machine learning techniques,
digit recognition techniques (only for signs with digits or text), template matching, and
tree classifiers such as K-d trees and Random forests. The choice of which technique to

use depends on the output of the detection phase.

We have already introduced template matching in the former section (Section 2.2.2).
It still can be used in this chapter. It requires a lot of templates in a dataset, when
similar reappearances of unknown ROIs are being searched for. An interesting method
for simultaneous detection and recognition, based on template matching, is found in [23].
With the appearance of Genetic Algorithm (GA), Neural Network (NN), Support Vector
Machines (SVMs), etc., more and more researchers have applied these algorithms to the
traffic sign recognition phase. For example, Yuji Aoyagi et al. combine GA and NN;
this results in the use of GA for the detection of traffic signs and NN for the process of
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classifying [71]. However, GA has the following disadvantages: premature convergence
and local optimum solutions; the application of this algorithm is subject to restrictions.
Over recent years, statistic-based theory like SVM algorithm seems to be more popular,
this is because it is based on a minimum structural risk; it is a learning algorithm that
uses small samples and this method can achieve better results for traffic sign classification.
It guarantees a high recognition rate and is moreover robust. In [46] and [84], SVM
algorithm was used to identify traffic signs. In [85], the authors S. Lafuente-Arroyo et al.
used different kernel functions and different types of SVM models. They compared the
ability of the simulated annealing search method and the grid search method. And finally,
with SVM test training, they achieved traffic sign recognition results. At the same time,

HOG descriptors were also applied to SVM [76].

S. Lafuente-Arroyo et al. use Distance to Borders (DtBs) to extract feature vectors.
They performed this with training and by testing components done by linear SVM, which
achieved good results [85]. Kiran C. G et al. proposed Distance of Centers (DoCs) method
based on DtBs; and, they combined these two methods to extract the same amount of data
as the feature vectors. The result is that the accuracy of the algorithm has been improved

[53].

Invariants moment theory has been applied to the detection and recognition of traffic
signs. This is because it has invariance of rotation and scale. Invariant moment algorithm
can be also used to extract feature vectors to SVM for the classification and identification

of traffic signs [86].

Joint Transform Correlation (JTC) is a kind of pattern recognition technology. And,
it has played a good role in traffic sign classification. In [79], the authors applied this
technique to recognize traffic signs. They divided traffic signs into two groups: one group
needs to be recognized; and, the other group encapsulates the standard images stored in
the dataset. When the two groups are consistent, the output of corresponding JTC has a
large peak value; otherwise, it is small. Two correlation peaks can clearly show multiple

relationships. In this way, they can achieve recognition results for traffic signs.

Another comparative study was introduced to evaluate the performance of K-d trees,
random forests, and SVMs for traffic-sign recognition [69]. The before-mentioned authors

built a random forest which had 100 trees with more than 500 features. A random forest
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classifier is a kind of decision tree. It contains many decision trees and yields the class
that is the mode of class output of individual trees. The authors show that random forests

outperform SVMs and k-d trees due to their unbalanced data sets.

Digital recognition is also a method used in this phase. It can classify traffic signs
according to the text in them. Optical Character Recognition (OCR) is one of the popular
methods used; the original concept dates back to 1929. It was proposed by German scientist
Tausheck. It is used for getting the character information of images. Thus, it is used for
text recognition of traffic signs; but, only the signs with text fit to this method. However,
we still have a lot of traffic signs without text: an example of this is warning signs that

trucks use. This means that OCR cannot satisfy the requirements of those traffic signs.

Despite the large number of papers, the classification steps of signs are still not perfect.
Among classifiers found in the literature, random forest and SVMs which occupy powerful
positions in the classification step. Ultimately, these different methods fit different con-

ditions. However, the same purpose for them in this phase is to increase the recognition

rate.
Ref. Techniques Advantages Disadvantages
[23] Distance  Transform | Fast. Not robust to occlu-
Hierarchical matching. sions, sensitive to pre-
segmentation.
[73], [87], | Hough Transforms. Robust, simple. Parameter tuning.
[38]
[76], [89], | HOG, SVMs. Robust, good perfor- | Slow, large concate-
[90] mance. nated HOG vectors.
[69] Tree classifiers. Easy to train and to | Generally requires a
update. large training set.
[91] Digit recognition. Fast. Strong restrictions
placed.

Table 2.4: The overview of some existing classification

techniques
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2.4 Tracking Techniques

The tracking stage is always used in the situation where the object is moving quickly.
Examples of this are found in pedestrian detection or animal detection. This is because
the position of these objects will change randomly. However, a traffic sign has different
targets since the position of traffic sign do not change automatically. The goal of TSDR
system is to give warning information to drivers. This is the reason why there are few

researchers working on this part other than on the above two stages.

However, we still found some research work on this step; in [68] and [92], tracking is
used to reduce the memory and processing costs. When the ROIs have been found, they

are tracked over several frames to reinforce the decision and performance.

There are some implementations based on Kalman Filter (KF). These came from [93]
and are used in [68]. KF is often used for linear systems and is used to produce a statistically
optimal estimation of the position and scale of signs in consecutive frames of input video.
But, the following three problems appear in the KF used by TSDR system: (1) unrealistic
assumptions related to the real size of signs; (2) the constant speed of vehicles, which have
to be known prior; (3) the assumption that trajectories should be straight. KF is as an
optimal stochastic filter used to estimate the motion parameters in the respective following

situations: prediction and correction. It cannot solve the nonlinear problem.

The other filter called particle filter (PF) was elaborated on in [94]. Some researchers
have chosen the PF. This is because it can be used for nonlinear problems and can be
applied to multimodal problems. However, the problem of PF is that a large number of

samples will be used to approximate the posterior probability density of the system.

Thus, the authors in [95] used another method called filter which came from [96]. The
filter is used to model the relative motion between the camera and traffic sign in the scene.
However, the filter is expensively computed. Other authors like L. D. Lopez and O. Fuentes
et al. [38] used Gaussian models to detect road signs. This method combines detection and
tracking in order to reduce the required computational time. It changes the parameters
used when tracking. But, when it is used under a complex environment, it still cannot

provide high accuracy.

From the literature we have reviewed, this stage has not received as much attention as
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other stages. In our opinion, the system is only intended to give warning information; and,
the information will be transmitted to other vehicles on the same road and in the same
direction. So, if accurate information is obtained easily, it is not necessary to track the
signs; we only need to send the information out. In our research work, we focus more on

the detection and recognition part as many researchers have done.
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Chapter 3

Traffic Signs Dataset Creation

3.1 Background

Before building the system, another important component part is the dataset. We know
that if we want to use object features, we need a lot of samples for that object. The number

in the dataset depends on the techniques used in detection and recognition steps.

Existing open source datasets, like ETH80, was first introduced in [97]. This dataset
has a total of 3280 images, containing 10 kinds of objects in 8 classes. Each object was
taken at 41 different angles. Caltech dataset [98] contains 101 categories and 40 to 800
samples in each category. It collects from the Internet. There are two famous datasets
used for human detection: the INRIA person dataset, used in [74], contains the original
images, positive images in normalized 64 x 128 pixel format and original negative images.
The other is the Yale face dataset [99], which contains 165 gray scale images in GIF format

of 15 individuals with different facial expressions.

For TSDR system, we found there is a famous open source dataset widely used for traffic
sign detection which is a German traffic sign dataset. German Traffic Sign Benchmark
has two datasets: the German Traffic Signs Detection Benchmark (GTSDB) and German
Traffic Signs Recognition Benchmark (GTSRB). These were built and used in a competition
at International Joint Conference on Neural Networks (LJCNN) 2011 [100]. The datasets
include more than 50,000 images of German road signs in 43 categories: they were divided

into 3 categories that suit the properties of various detection approaches. This dataset can
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almost represent the European traffic system.

3.2 Traffic Sign Specifications

The traffic sign is a representation that combines text and images used to give drivers infor-
mation about roads: such as speed limits, warning dangers concerning icy road conditions,

construction alerts and warning for pedestrian crossings, etc.

Traffic signs may have different backgrounds and colors. For example, in European traf-
fic systems, the speed limit signs are totally different when compared with North American
speed limit signs. In addition, although the speed limit signs in Europe are similar to those
in Africa, there still exist many signs specific to Africa; for example, in Figure 3.1, there
is a sign which has an elephant on it. For the warning signs in Canada or Europe, we can
often see a sign with a moose on it (Figure 3.2). This difference is due to the climate of
different regions and to the different animals that may appear. These are the reasons that

make signs reference different objects.

Figure 3.1: African warning traffic signs with animals

Figure 3.2: Canadian warning traffic signs with animals
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3.2.1 Differences between European and North American Signs

As we discussed in the section above, there are different kinds of signs around the world.
Figure 3.3 is a sample of a German dataset. However, there is no existing dataset or at
least no open source dataset for both the USA and Canada. Since our system for traffic
sign is suitable to North America, especially to Canada, in order to match our situation,

a new dataset for traffic signs is needed.

Figure 3.3: Samples of signs in German dataset

At first, we will focus on the speed limit signs in North America, since the other kinds
of signs are the same or have only a small difference between the warning signs of America
and German dataset. We can use the same part of the German dataset. But the speed

limit in North America is extremely different from those in the existing dataset.

The SLS are used to regulate the speed of vehicles and motorcycles in downtown and
highways areas. Hence, they protect drivers and pedestrians against dangerous situations.
The SLS in North America have a rectangular shape which is contrary to the circular
European SLS. The speed limit text is indicated in the middle of the signs on white,
yellow, black or orange backgrounds with a black border. European SLS are circular white

signs with a red circular border [101], see Figure 3.4 below.

The Canadian SLS usually has a notice saying the MAXIMUM XX on signs to indicate
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Figure 3.4: Samples of different speed limit

that XX is the maximum authorized speed; this has been expressed in kilometers per hour
(km/h) since 1977. American SLS use SPEED XX to express the same meaning and still
display the message in miles per hour (mph) [101].

3.3 Dataset Creation Process

3.3.1 Data Collection

This section will introduce the process of building our own dataset. Our dataset of North
American SLS (NASLS) was created from approximately 10 hours of different videos. These
were recorded while driving on different types of roads and different weather conditions.
These videos were taken in the streets of Ottawa during the daytime, mostly during March
2013 and June 2013. For video collection, a Sony Full HD 1920 x 1080 pixel camera was
used. After video collection, we wrote a simple program to perform the frame extraction
which isolated individual frames of video under different parameters depending on vehicle
speed and resolution. For example, if the video has a high resolution and the car is traveling
at a low speed during recording, the extraction time will then be made a little longer since
there is a small difference from frame to frame. Thus, the traffic signs extracted from these
kinds of frames will be somewhat similar. This offers little contribution to the diversity
of the dataset. The purpose of this dataset is to collect as many different kinds of SLS
under different environmental conditions as possible. So when the speed of recorded cars
is high, and the videos are taken under bad conditions, we need to pay more attention on

the frame selection to guarantee the quality of the dataset.
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3.3.2 Data Organization

The images extracted from videos are selected a second time, since not every extracted

image can be used for the dataset.

The other criterions of collecting data are as follows:

1. Discard the classes with less than 50 images.

2. Discard the classes which have very bad image quality (i.e., when human cannot see
the signs clearly, they will be discarded). Since the car passes different traffic signs
with different velocities, the selection step, which depends on the position of a sign
and on the traffic situation, is very necessary. The occurrence of a fixed number of
images per traffic sign after the selection step increases the diversity of the dataset.
This enables the avoidance of an undesired imbalance caused by a large number of

nearly identical images.

Generally, there are different kinds of traffic signs, such as circles, rectangles, triangles,
etc. And, the lengths of brims and ratios are different. So we unify the differently cut
shapes into a square. The dataset contains more than 2000 SLS in Canada. These are
normalized to vary from 25 x 25 and to 650 x 650 pixels. See Figure 3.5 for an example of
the different sizes in our NASLS.

Figure 3.5: Different size of samples in NASLS

Each image contains a 7%-10% margin around traffic sign to allow for the use of edge

detectors [102]. The first version of NASLS dataset contains mainly a training set (positive
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and negative) for standard signs (white background with black lettering). The negative
training samples contain thousands of images without any SLS. They are collected from
the videos or Internet. The second version of NASLS contains both a training set and a
testing set with different background colors. One point which needs to be mentioned here
is that the test set, in the whole dataset, does not contain any training set. Four main
SLS categories are collected for future use. These include yellow, white, black and orange
signs of different meanings. The sign with a white background is the enforced mandatory
speed limit. It is usually seen on both urban streets and highways. The SLS with a yellow
background is just a warning sign and gives suggestion to drivers; it is not mandatory. The
orange background signifies road construction. All of the above signs with white, yellow
or orange backgrounds have black lettering. Rarely, a sign used for night warning has the

opposite: a black background with white lettering.

Each category is supposed to contain a range of specific speed values called classes.
White signs contain 10 classes: 10, 20, 30, 40, 50, 60, 70, 80, 90, and 100 km/h. The
yellow advisory sign category contains 7 classes: 25, 30, 35, 40, 45, 50 and 65km/h. The
orange working area signs category contains 3 classes: 25, 50 and 80km /h. The nighttime

sign category contains 4 classes: 35, 45, 60 and 65km/h [101]; see Figure 3.6.

We emphasize that the dataset is under construction and is updated regularly by adding

new signs.

Figure 3.6: Speed limit samples for NASLS
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Figure 3.7: Samples of negative images in a dataset
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Chapter 4

TSDR System Architecture Design

In this chapter, we start by introducing some concepts behind the techniques we used in
detection stage such as HOG and MSER; and the methods used in the recognition stage
like SVM and Random Forest are also introduced. After that, we describe the architecture
of basic TSDR system. Meanwhile, we perform the improvements on the basic method in
order to make the system fit more with the situation in Canada and to try to shrink the

time consuming of the system.

4.1 Algorithm used in Detection Stage

In the present method of object detection, the first step is to extract features from the
object during a step called training step and to build the detection descriptor. The second

step is to select the corresponding detected platform, according to the first descriptor.

4.1.1 HOG Descriptors

HOG descriptors are used in the field of computer vision and image processing to obtain
object features. It was first proposed in [74] by Navneet Dalal and Bill Triggs in 2005.
HOG descriptors and SVM classifier aim to detect pedestrian in both moving videos and
static images. These kinds of features have an excellent performance compared with others

[74]. Figure 4.1 demonstrates the overview of extraction HOG features extraction.
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Figure 4.1: Overview processing of HOG features extraction



Color normalization

The input color image is converted into a gray scale image; this is done using Gamma
correction method to standardize the input image color space (normalized). The purpose
of this step is to adjust image contrast, reduce the impact of local image shadows and

illumination changes, while at the same time, suppressing noise interference.

Gradient computation

This step consists in computing the horizontal and vertical gradient [74] for each pixel. It

aims to capture the contour information and to weaken the interference of light.

The horizontal gradient G,(x,y) and the vertical gradient G,(z,y) are obtained by
convoluting the simple, but best 1-D gradient operator [74]

e Horizontal operator: [—1,0, 1]

e Vertical operator: [—1,0,1]7

This means that the gradient of pixel (z,y) is as follows:

G, =H(z+1,y)— Hx—1,y) (4.1)

Gy=H(z,y+1)— H(z,y—1) (4.2)

where H(x,y) is the gray value of pixel (z,y). The gradient magnitude G(z,y) and

gradient direction «(x,y) can be also obtained by the following equations:

G, y) = \/Galw,1)? + Gy 2, y)? (4.3)
a(z,y) = tan™* % (4.4)

41



Orientation histogram creation

The goal of this step is to build each cell unit histogram of gradient directions in an image.
The “cell” is divided from images and each cell has n x n pixels which have a predefined
size. Each pixel in a given cell performs a weighted vote to the histogram channel which is
orientation-based. That is, each vote has a weighted value; this is calculated according to
the gradient magnitude of the pixel. Generally, the histogram channels are evenly spread
over 0° — 180°(“unsigned”) or 0° — 360°(“signed”). Normally, increasing the orientation
bins would extend the information of the descriptor. However, Dalal et al. in [74] showed
that when testing pedestrian detection, unsigned gradient and 9 orientation bins will give
the best performance. In addition, as stated in [74], magnitude itself or its function can
be used to represent the weighted values; and, the best performance is given by magnitude

itself during pedestrian detection.

Histogram normalization and descriptor blocks

Due to the partial variations in illumination and the background contrast changes, the
range in variation of gradient strength is very large. Thus, gradient strength normalization
is needed. Dalal et al. [74] adopted a method which combined the individual cells into
larger, space connected units called “blocks”. In this way, the HOG descriptor becomes a
vector which consists of all cell histograms. Because of the overlap between blocks, each
cell will contribute more than once to the final descriptor. The shape of the block can
be either rectangular (R-HOG) or circular (C-HOG). R-HOG is the normal shape. And,
usually each block consists of m x m cells; and, each cell has n x n pixels. The gradient
direction of each cell is divided into z bins, after the weighted project gradient of z bins;
cach cell produces a feature vector of z dimension. Dalal et al. [79] selected z = 9, an
unsigned gradient in human testing. The dimension of pedestrian feature vector will be as
follows:

Roian Rpcight

N =( — 1) x (

— 1) xmxmxXz 4.5
Myiarn Mheight ) (4:5)

Where R is the region of an image, M = n x n pixels, m x m is the number of cells per

block, and z is the vector bins of per cell.
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In the block normalization part, Dalal et al. [79] used four different methods for block

normalization to make feature vectors more robust to local illumination changes.

v
L1 —sqrt:v< | 77— (4.6)
(v ll +e)
v
L1 —norm:v ¢ ———— (4.7)
(vl +e)
L2 —norm: v+ —— (4.8)
Vvl +¢2
L2 — Hys:v ¢ S — (v<0.2) (4.9)
Vil +2
(4.10)

This is the case where v represents an original feature vector, and is a very small value

used to ensure the denominator is bigger than 0.

For L2 — Hys normalization method, it first performed as L2 —norm method; and after
that, the results are truncated to 0.2; then, the results are re-normalized use L2 — norm
again in case to get the final results. Results from Dalal et al. [74] illustrate that only

L1 — norm performance is reduced slightly compare with the other three methods.

Once this normalization step is finished, all the histograms can be concatenated into a
single feature vector. That means, a general HOG feature vector is generated. See Figure

4.2, it gives examples of HOG features extracted based on the processing mentioned above.

-—

Figure 4.2: Examples of the features extracted by HOG
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4.1.2 MSER Segmentation Used for Detection

In computer vision, Maximally Stable Extremal Region (MSER) is used as a method of
blob detection in images. MSER is the most stable region obtained by using different gray

thresholds to binarize an image.

This technique was proposed by J. Matas et al. in [103] to find correspondences between
image elements from two images with two different viewpoints. This method extracts a
comprehensive number of corresponding image elements that contribute to wide-baseline

matching. Currently, this method has the best performance on affine invariant regions.

Before starting the extraction of the feature region, MSER first converts the target
image to grayscale images. It then gets the connection sequence of pixels in a given
threshold condition. The stability of these connection components is next tested. Finally,
the most stable extreme region is obtained. The grayscale value in the most stable region

is greater or lesser than the pixel grayscale value on the boundary.

MSER has the following features:

1. It is invariant to affine changes of grayscale images.

2. The set region of support is relatively stable. When the threshold value changes

within a certain range, the area of value does not change with that value.
3. It can detect different levels of regions.

4. Since there is no smooth preprocessing for images when using MSER, it can be used
in a variety of scales. Both the small size of MSER and the large size of MSER can
be detected (size variability).

5. MSER suits most image structures, regardless of whether the picture structure is

coarse or subtle.

Candidate regions are extracted by using the MSER method through the following
process. First, a series of thresholds (gray level) from 0 to 255 are used. And, when the
threshold increases at the same size of step, the gray value of each pixel is tested. After

the pixel with a gray value smaller than the threshold is ignored, the remaining part is
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(a) Original image (b) Mark MSER region at a selected threshold

Figure 4.3: Experiment results under MSER analysis to extract and mark ROIs from a

scene

counted. The region made by the connected pixels in the remaining part becomes the
extreme region. The extreme region areas do not change with the threshold changes, this

region is the MSER we wanted.

Thus, from the step above, we know that MSER method allows regions to maintain
their areas. MSER segmentation is selected under several thresholds, because of its qual-
ity towards variations in lighting conditions; these differ from other methods that select
candidate regions by border color. And, the color of the border stays stable during the
MSER process.

Our experiment results developed through testing in Table 4.3 show that MSER can be
used in our system to segment traffic signs from backgrounds and to get ROIs. From our
results, we can discern the best series of thresholds used to control the accuracy of regions

as well as to reduce the number of candidate regions.

4.2 Algorithm used in Classification Stage

Using the knowledge obtained from a set of training samples, we can identify the class
of input images; and, this process is called classification. Generally, the human eye can
recognize an object in a specific category. However, without classification algorithms,
computers cannot recognize simple differences. Therefore, we need to train the samples

and to tell computers what belongs to which categories.
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The classification algorithm has two main effects, the first is to process the object
features in the training process in order to generate the classifier based on the image
dataset; while the second is to analyze the input image and to find the category of the
detected object. In this chapter, two popular classification algorithms will be introduced:

such as Support Vector Machines (SVMs) and tree classifiers.

4.2.1 Support Vector Machines (SVMs)

Support Vector Machines (SVMs) transform an input space into a high-dimensional space
through nonlinear transformation which is defined by the inner product. SVMs then find
the optimal separating hyper plane in this space. The classification SVMs function forms
similar to a neural network; the output is a linear combination of intermediate nodes and

each intermediate node corresponds to a support vector.

A Support Vector Machine (SVM) [104] is a binary classifier in objects detection field.
The best distinction between two classes is represented by a subset of data samples called
“Support Vectors”. A classical application for SVM is pedestrian detection; this was pro-
posed by Dalal et al., the researchers who adopted locally normalized HOG descriptors and
applied SVM as a baseline classifier throughout their study in order to build an excellent
pedestrian detector [74].

A test sample can be classified, depending on its distance, to the support vectors.
The binary SVMs can be combined into an ensemble composed of one-vs-one or one-vs-all

classifiers to solve multi-class problems.

SVM is a useful binary technique for data classification. We will take the example of
when 2 kinds of samples are classified in a two-dimensional space, as in Figure 4.4. The
square C2 and circle C1 represent two kinds of samples. Obviously, they can be separated
by the line [, where [ is called hyper plane. In the 2-dimensional space, [ is a line, while in

3-dimensional space it will be a plane.

In the case where we want to classify two kinds of objects, suppose the obvious data is
(x1391), (T2, y2), ..., (zx; yx). For instance, the label pairs are (z; yx), where are the training
examples and represents the labels (—1,+1); +1 means a positive sample and —1 means

a negative sample. Moreover, k is the number of samples and n is the dimension of input
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Figure 4.4: Classification of two kinds of samples in 2-dimensional
space. It looks for an optimal hyper plane H, as a decision function in a multidimensional
space, in order to separate between classes.

The SVM consists of mapping z; into a high dimensional space by a function. Next, it

finds a linear separating hyper plane with the following equation:
wa.z; +b=0 (4.11)
Where w is the normal direction of the Hyper plane and

ifyp =+, w.x; +b>1; (4.12)

’Lfyk = —1,w T+ b S —1; (413)

Obviously, there is not only one hyper plane in Figure 4.4. So the problem becomes
that we need to find an optimal hyper plane, which has the ability to separate all the kinds
of samples. And, if the distance between the nearest vector and this hyper plane is larger
compared with other planes, the hyper plane is then called an “optimal hyper plane”. This
is shown in Figure 4.5, when H || H; || Hy, H is the optimal hyper plane.

In the case of all samples, samples which make contribution to the optimal hyper plane
and decision functions are called support vectors. Under normal circumstances, only a

small part of the total training samples are called support vectors.
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Figure 4.5: Optimal hyper plane under 2-dimensional space

We can easily find that most of the satisfy the following formula:

yi(w.z; +b) > 1;

Where £k is the sample number. And here:

p(w,b) = min 1al(w, b;x;) + min 1d(w, b; ;)

TiYi=— iY==+
7 b s g b
o Lwamyeel ) 4]
ziyi=—1 H w ” Ty =+1 H w ”
1
= ——( min w,r;) +b|+ min w, ;) +b
ol | e +b |+ min | () +b])
2

Where || w || is the Euclidean norm, p(w, b) is the classification interval margin.

(4.14)

(4.15)
(4.16)
(4.17)

(4.18)

With the maximal margin in this higher dimensional space, the p(w, b) will obtain the

programming problem:
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maximum value; that is ﬁ is the maximum, which equals to || w || which is the minimum.
And, the problem can be changed to get the minimum value of § || w [|. And, the

whole problem of getting an optimal hyper plane is changed to the following quadratic



) 1
min(u,€) || w |
(4.19)
subject to {yi(w.z; +0) > 1}
But, as Figure 4.6 illustrates it is difficult to use hard margin linear classification to
carry out a problem like this. Hard margin classification method is vulnerable to a few
sample points, which is not reliable. In this problem, slack variables allow a certain degree

of fault tolerance, which enables the following:

yi(wex; +b) >1—¢

oo (4.20)
i = Y, Vi

Where i = 1,2, ..., k, k is the sample number.
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Figure 4.6: Situation of non-linear problems

Due to the following slack variable &; > 0, outliers cannot be completed and correctly
classified. But, these outliers can be considered as some noise which is caused by various
behavioral mistakes. Thus, outliers do not necessarily need to be accurately classified.
This will inevitably cause the loss of classifiers, but the advantage is that a large geometric
margin can be obtained. The penalty factor C (Cost) can be weighed against such losses.

The optimization function for Formula 4.19 is transformed as follows [105]
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. 1 2
min (w, &) || w | (4.21)

subject to {yi(w.x;+b)>1-¢,& > 0,Vi}
Where ¢ = 1,2, ..., k, k is the sample number. C' > 0 is the penalty parameter of the
error term. The solution of this problem is obtained using the Lagrangian theory. It is

shown in [113] that the vector is like the formula below:
=1
w = Z YT (4.22)
Where is the solution to the following quadratic optimization problem:

ij=1

max(W(0)) = w= 3" = (5 3 cwogy K i, 2,) (4.23)

under the constraint: . Vi, Zizl yiar =0,0<a; <C.

Note that the solution of the SVM problem depends only on the kernel function
K(z;,x;); this can be for example a linear, polynomial, radial basis (RB) or Sigmoid

function, etc. In our case, a linear kernel function has been used.

4.2.2 Tree Classifiers

There are several approaches used to solve the classification problem. Unlike the SVM
previously mentioned, tree classifiers like the K-d tree, use optimized techniques such as
hierarchical structures and Best Bin First Approximate Search [106]. These techniques
are used to efficiently comb through the training samples and to determine the Nearest

Neighbor of the test sample.

Binary decision trees organize the data by splitting it hierarchically. The nodes of the
tree then recursively divide the data space. To classify a new sample, the tree is traversed
down to the leaves. The sample is compared next to the information stored in the nodes

and the final leaf.

In this section, we introduce the Random Trees in the Random Forest (RF'), which were
introduced by Breiman et al. in [107]. This process selects the feature with the highest

Information Gain. An extensive description is given in [55] and [108].
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Random Forest

Random Forest is a machine learning method for classification. It operates by constructing
a multitude of decision trees during the training time and outputting the class that is the
mode of the output of the class of individual trees. RFs are composed of many decision
trees. Because the formation of these decision trees uses a stochastic method, they are
individually called the random decision trees. There is no tree in the forest between the
random associations. When the test data is performed on random forests, it is, in fact,
used to make a decision tree for each classification. Finally, that class is used for the final

results of the largest tree in the classification results.

A random tree is grown in the following way [26]:

1. The tree is grown using a subset of training samples I C I which is randomly chosen

with a replacement.

2. In each node, a subset of features F' is randomly chosen. According to the feature
f € F and the threshold ¢ € [min(f), max(f)], the current data subset is separated as
Licarn and Iyqi, with the maximum information gain A. The entropy F is calculated
over the label frequencies in I.

Learn=1€1]| f; <t,V1I<j<|F|
Livain = I/ DLicarn

| Ilearn | | ]train |
A = ——E(Ilearn> — ([train)
| 7| | 1|

opt )
I;0 = max;A

(4.24)

The size of F'is an empirical choice. If there are too many features, the training will slow
down and the risk will be over-fitting. However, if the smaller F' is chosen, randomization

will come about faster.

4.3 HOG Parameters Comparison

As previously mentioned in Section 4.1.1, although the study in [74] suggested the use of
HOG parameters for pedestrian detection, it is hard to say whether this works in other

conditions.
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We discuss in this section how we found the reasonable parameters of HOG used for
traffic signs detection. We elaborate upon how we exploited the HOG features for traffic
signs in both our dataset and GTSRB; and how we set the size of the descriptor. After the
systematic study of the effects of various parameters, we set our descriptor for the training
step. The default implementation use the following parameters: a gray scale image without
gamma correction; simple 1-D masks [—1, 0, 1] filter; linear gradient spread over 0° — 180°
and voting in 8 orientations; 16 x 16 pixel block that contains four 8 x 8 pixel cells with
8 x 8 pixel stride; L2 — norm block normalization; and, a linear SVM classifier. Not all

the parameters explicitly mentioned are set to the default value.

Gradient computation

The HOG descriptors depend on the methods of gradient computation. We tested four

different discrete derivative masks. The following masks are tested [109].

1. Simple 1-D masks [—1,0, 1].
2. 1-D cubic-corrected masks [—1, —8,0, 8, 1].
3. Sobel filters H, = [1,0,—1;2,0,—-2;1,0,—1;]; H, = [~1,—2,—1;0,0,0; 1,2, 1; ].

4. Prewitt filters H, = [-1,0,1;—-1,0,1;—-1,0,1;]; H, = —H!.

T

The Table 4.1 shows the performance of different filters:

Different filters Performance (%)
Simple 1-D 92.38
1-D cubic corrected 91.73
Prewitt filter 91.97
Sobel filter 92.53

Table 4.1: Effect of different gradient computation on detection performance

We use Detection Error Tradeoff (DET) curves to indicate the performance of different

filters for gradient computation, see Figure 4.8.
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Figure 4.7: Performance of different filters
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Figure 4.8: Evaluations Different filters: Miss rate vs. False Positive Per Window (FPPW)

curves. Lower curves show better performance
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~2 range of

We can easily find that simple 1-D mask performs better at 107* — 10
FPPW, but, it performs with a little bit fluctuation at a range of 1072 — 10~!. Sobel filter
is, however, the opposite; so, we the still choose simple 1-D mask consider the time cost

and the computing complexity.

Orientation binning

Each pixel within the cell, which can be either rectangular or circular, influences the
orientation histogram channel; this is based on the orientation of gradient element centered

on it.

The orientation bins are spread over 0° — 180° (“unsigned” gradient) or 0° — 360°
(“signed” gradient) respectively. We tested both signed and unsigned gradients under 8,
9, 18, 36 and 72 bins. The results are listed in Table 4.2.

Signed /Unsigned Performance (%) under different orientation bins
gradient 8 bins 9 bins 18 bins 36 bins 72 bins
0-360 91.80 91.93 91.29 90.97 90.77
0-180 92.36 92.49 92.22 92.27 92.34

Table 4.2: Data of different parameters of HOG orientation bins

DET curves indicate the performance of different filters for orientation, see Figure 4.10

and 4.11.

After considering the Table 4.2, Figure 4.10 and 4.11, we find that the performance of
“signed” gradient is slight bad than the “unsigned” gradient as a whole. Moreover, the
performance of different bins of “unsigned” gradient show little difference in our experi-
ments. In addition, the traffic sign is different than other object; it is relatively standard
in shape and pattern; we find that a few numbers of bins is enough to describe the features
and increase the number of bins will not increase the accuracy of detection or recognition;
but will increase the dimension of feature vectors and extraction time. Thus, based on
our experiments and the experience value [74], we determined the best parameter for the

situation: “unsigned” gradient, using 9 bins.
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Figure 4.9: Performance of different orientation bins
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Figure 4.10: Different bins of “signed” gradient evaluation: Miss rate vs. False Positive

Per Window (FPPW) curves. Lower curves show better performance.
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Figure 4.11: Different bins of “unsigned” gradient evaluation: Miss rate vs. False Positive

Per Window (FPPW) curves. Lower curves show better performance.
Histogram normalization

The next key step is to block normalization. The norm of the vector contains the histogram
contributions. Therefore, we have acquired this step of computing different methods of the
HOG. The histogram of each block is then normalized with its respective value. We chose
four ways of normalization (see Chapter 4.1.1 for details) in order to compare the results

without the normalization results.

Norm methods Performance (%)
L1 sqrt 92.45
L1 norm 91.79
L2 norm 92.33
L2 Hys 93.45
No normalization 80.32

Table 4.3: Data of different normalization methods

In [79], Dalal et al. found that L1 — sqrt, L2 — norm and L2 — Hys perform almost

56



100 : : : : :
15 N S SN SO S S -
9

g

g

[

Recognition Perfarmance(%)

7

6

o o o =1 o =1
T T

T T

| |

1 1

1 1

| |

1 1

1 1

| |

1 1

| |

1 1

1 1

i i

1 1

1 1

i i

1 1

1 1

| |

1 1 1
| | |
1 1 1
1 1 1
| | |
1 1 1
1 1 1
| | |
1 1 1
| | |
1 1 1
i i i
1 1 1
1 1 1
i i i
1 1 1
\ \
i i
1 1
1 1
i i
1 1
1 1
i i
- 1

e AREEEEE B

\ 1
| |
1 1
1 1
| |
1 1
1 1
1 1
1 | | 1 | |

60

L1-sgrt 11-norm L2-norm L2-Hys without norm
Different ways of normalization

Figure 4.12: Performance of different normalization methods
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Figure 4.13: Different ways to block normalization evaluation: Miss rate vs. False Positive

Per Window (FPPW) curves. Lower curves show better performance.
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the same. But, the performance of L1 — norm is little bit lower in accuracy. In our
experiments, the curves in Figure 4.13 show that, although there is no big difference in the
performance of L1 — sqrt, L2 —norm and L2 — Hys, the performance of L2 — Hys is little
bit higher based on the information from our dataset. We then chose L2 — Hys for in the

final training block normalization process.

Block Overlap

Dalal and Triggs study reported that blocks overlapping blocks improves their performance
significantly. This is because with block overlapping, each cell contributes more than once

to the final descriptor.

However, when this overlap increases (see Section 4.1.1 on histogram normalization
and descriptor blocks for detail), the length of the feature vector will increase and it will
expend more time. Table 4.4 shows the performance obtained by varying the amount of

the overlap.

Overlap (%) Stride (pixels) | Performance (%)
0 16 x 16 88.33
0.5 8% 8 91.93
0.75 4 x4 92.29

Table 4.4: Data of different overlaps

The curves in Figure 4.15 reflect the detail accuracy.

Figure 4.15 and the Table 4.4 show that, when the stride equals pixels every time
(overlap =75%), we got better performance; but, a lot of time was consumed. So, we
choose the parameter of as stride equal to pixels (overlap = 50%) in the final training

process.
Descriptor blocks

HOG obtains features by separating blocks and cells so that the size of blocks, cells and
strides are also important factors. In this section, we demonstrate the influence of cell and
block size by testing different combinations. Below, we try different sizes to find a good

combination, according to HOG performance.

58



100 T T T

BEF e ..................... R .................... -
D ...................................................... _
i :
o
2 g5k . R -
f1s]
£
=]
L L[| ——————— RS PR E—————— o
o
=
2
= Rl s I N s N S !
=
o
(&)
o
L T -

65 RO PTG WPSRUNPRSSIORIS UPSTMPCORURICISERRS e e -

B0

overlap=0 overlap=1/£2 overlap=3/4

Different overlap

Figure 4.14: Performance of different overlaps

PARAMETERS OF THE HOG DESCRIPTORS

025
strided
strided
02 stride16
@ 015 s
[
.
7]
0
= 01 1 1
L
=
00sF s
U 11l s
107 10°
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The results are shown in Table 4.4 and Figure 4.16 below (image size 40 x 40). The

data in the following Table 4.5 shows sets of the HOG descriptor parameters:

Name | Cell Block Stride | Bins | Overlap | Dimension| Performance | Recall
(pixels) | (pixels) | (pixels) (%) rate (%)
HOG1| 5 x5 10x10 | 5x5 8 1/2 1568 95.06 76.48
HOG2| 5 x5 10x10 | 5x5 9 1/2 1764 95.01 76.26
HOG3| 4 x4 8 x 8 4 x4 9 1/2 2916 94.03 71.58
HOG4| 4 x 4 8 x 8 4 x4 8 1/2 2592 93.76 70.32
HOG5| 8 x 8 16 x16 | 8 x 8 9 1/2 576 96.93 85.39
HOG6| 8 x 8 16 x 16 | 8 x 8 8 1/2 512 95.80 80.48

Table 4.5: Data of different sizes of HOG cells, blocks, etc.

Recognition Performance(%)

100

9

=

g

o

g

[=]

T

(&}

7

=

6

o

B

[=]

95 b -mee :

HOG2 HOG3 HOG4 HOGS
Different cell size&block size&stride

Figure 4.16: Performance of different sizes of HOG cells, blocks, etc.

We can obviously find that HOG 5 has a better performance than other combination

in this test. And, we set the block and cell size HOG 5 for our dataset training.

The data above demonstrates that, by fine-tuning the HOG parameters, it is possible to

improve the performance considerably for a specific problem. Of course, the performance
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is based on our dataset, as there is no specific parameter that fits all objects. The only way
to find the right parameter is by performing experiments to get a balanced consideration of
performance and the time cost incurred when building a descriptor. Different parameters
will give different results. Therefore, an extensive study of HOG parameter performance

is recommended for any given new problem.

4.3.1 Building an Effective Weight Vector

In [74], the training step consists of using HOG to get the pedestrian feature. The dataset
contains positive pedestrian samples and negative non-pedestrian samples. A kind of cell
and block-based HOG feature is extracted to describe each image sample; and, according
to the author of the article [74], the descriptor has a high dimension (3780 dimensions in
a 64 x 128 window). This may be equated to that appears in Equation 4.11. The SVM

algorithm aims to find vector w and threshold b with the minimum value of Equation 4.21.

After the description of HOG and SVM, additional properties of these two algorithms

are given as follows. In the case of HOG:
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1. HOG focuses on the grid unit, which makes the descriptor subtler and shows superior
performance in object detection. HOG maintains invariance of image geometry and

optical deformation.

2. In the first paper [74], some subtle human body movements occurred, which would

be ignored by HOG.

3. Aside from pedestrians and animals, our traffic signs will not move independent-
ly. The characteristics will be more or less stable; thus, traffic signs will then be

effectively represented by HOG descriptors.

SVM will provide accurate classifiers and will be noise tolerant. It also can solve high-
dimensional problems. This is the reason for why HOG+SVM are used together in the
whole system. The rational for this is that since the feature descriptor built by HOG will

be a high-dimensional feature, see Figure 4.18

Feature Wector Walue
]
%]

50 100 150 200 250 300 350 400 450 A00 5AQ
Dimension from 1 to 576

Figure 4.18: Example of final weighted vector for detection

As long as we have the dataset and parameter settings prepared, the image information

will be changed into data information so that the computer can learn them.

The first step is to resize the extracted versions of the image into the same size. Because
the image is not the same size when it is taken from the different frames, we resized it to

40 x 40 pixels. This is the suitable size for calculating and training time consumption.
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For this experiment, we chose R-HOG block (see Chapter 4.1.1 for details) for our HOG

feature extraction. The other parameters for extraction we needed to decide on were:

e Number of unit cells in each block;
e Number of pixels in each cell unit;

e Number of histogram directions for each cell.

Training information demonstrate in Table 4.18.

Size of
Orientation | Cell Block
training Dimension
) bins (pixels) | (cells)
images
40 x 40 9 bins 8 x 8 2x2 4x4x(2%x2x9) =576

Table 4.6: Training information

We wrote our program for feature exaction, for the HOG algorithm, using the parameter

we found in the previous section. The command parameters for the program are:

e argv([l]: directory of positive images.

e argv([2]: positive images name list file.

e argv(3]: directory of negative images.

e argv[4]: negative images name list file.

e argv[5]: file to store feature vector.

e argv[6]: number of random patches for negative images, default value:10.
e argv|[7]: width of images.

e argv(8]: height of images.

The introduction of SVM is already provided in Section 4.3.1. The first training data is
then learned by the SVM in order to build classifiers. We used SVM_light [110]and [50], an
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optimized version of SVM, to generate the classifiers based on the feature vectors extracted

from HOG.

SVM _light contains two modules. SVM learn is used to construct the hyper plane on
the input data. SVM _classify, however, is used to generate the predictions based on the
learned classifier.

S5VM-1ight Version V&6.02
0 # kernel type

3 # kernel parameter -d

1 # kernel parameter -g

1 # kernel parameter -s

1 # kernel parameter -r

empty# kernel parameter -y

576 # highest feature index

3420 # number of training documents

35 # number of support vectors plus 1

1.0927845 # threshold b, each following line is a 5V (starting with alpha*y)

Figure 4.19: Model of training data after SVM _learn

The final weighted vector used for detection still needs to undergo another calculation
step; this computes the weight vector of linear SVM based on the model file. So far, the
weighted vector used for detection has been created successfully. This weighted vector is

used in detection programs as a command parameter.

4.4 Different Architecture Design for TSDR systems

In this section, we discuss the different ways to detect traffic signs, based on the training
stage that was previously discussed. Since we have already chosen the parameters of HOG,

we will now set the HOG descriptor.

4.4.1 Two Stages of HOG+SVM Architecture

In our two stages of HOG+SVM architecture, we built different classifiers in order to
extract the ROIs and classify different signs for each frame of input videos. The architecture

is showed in Figure 4.20.

In Figure 4.20, we first input different testing videos or images, and then built different

classifiers for different purposes. The overall classifier is aim to extract the ROIs of each
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Figure 4.20: Flow chart of HOG+SVM design
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frame; and after we get the ROIs, we use small classifiers of different signs for each ROI in
order to decide the content of each ROI. During this process, we finally get the recognition

results of each ROI and show the correct information on the screen.

When we built the overall classifier, we first trained and tested our vision model on the
selected GTSRB dataset [100] and [111] that contains 19,513 training images and 12,042
test images of traffic signs. The positive training dataset was resized to 50 x 50 pixels. But,
the searching window has a size of 40 x 40 pixels to ensure that the center area of 40 x 40
pixels is used to compute the features vector. This is why, when we created the dataset,
we needed to leave a margin around the traffic sign image and to resize to be slightly larger

than 40 x 40 pixels.

In training, one strategy we used was to train separate classifiers for different signs.
Since we needed to recognize each of the signs, the input data had to consist of the overall

traffic sign classifiers and every kind of specific traffic sign classifier.

The image of the training part for overall classifiers should be [112]:

e Positive image: all selected classes in the training dataset.

e Negative image: several images of the size 40 x 40 pixels randomly cut from the

dataset and from video clips capturing information along the road.

The input images used to train the second level of classification (for the specific traffic

sign classifier) are:

e Positive image: specific signs to be detected.

e Negative image: all other signs and several image patches randomly cut from each

image in the dataset and from video clips capturing information along the road.

In the second layer of the classifier, we included all other selected signs as negative

samples in order to distinguish traffic sign we wanted to classify from others.

After the descriptor vector for the image was built, the detector was needed. We set
the detector window size to 40 x 40 pixels. When put a test image in this system, a sliding
window of 40 x 40 pixels scrolled over the whole image with 8 x 8 step sizes; and, a classifier

was run for each cropped window.
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Comparing SVM with Random Forest Classifiers

Random Forest has many properties reflecting a variety of materials; these properties can
produce high-accuracy classifiers. They can handle a large number of input variables. And
they can assess the importance of variables while determining the categories. In forest

construction, RF can generate no-deviation estimates for internal normalization error.

According to the characteristic of RF, some researchers [113] use this method to classify
different traffic signs based on HOG features and the German dataset; this means that RF
can be used instead of SVM.

However, the disadvantage of RF is that they need a lot of samples during the training
phase. Even though our dataset is updated daily, there is still a difference with the German
one. Therefore, the RF method may not suit our needs very well. In any case, the learning

element of RF operates more slowly than what we have done with SVM.
RF also has many parameters described in OPENCV function:

CvRTParams (
int max_depth, int min_sample_count, float regression_accuracy ,
bool use_surrogates, int max_categories, const floatx priors,
bool calc_var_importance, int nactive_vars ,
int max_num_of_trees_in_the_forest ,

float forest_accuracy , int termcrit_type

The initializing parameter of each Random Tree (RT) in RF is as follows:

CvRTParams (
10, 10, 0, false, 15, 0, true, 4, 100, 0.01f, CV.TERMCRITITE

The value of nactive_vars is an important value that, if changed, would change the
accuracy of the test for the whole system. We chose a part number from our dataset and
compared it to the parameters of RF to get the best classification rate. See Figure 4.21.
The nactive_vars values in experiment equal 4, 8, 10, 20, 25, 50, 51, 53, 60, 100.

According to Figure 4.21, we set the parameters of RF as:
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Figure 4.21: Accuracy of RT under different nactive_vars

CvRTParams (

10, 10, 0, false, 15, 0, true, 50, 100, 0.1f, CV_TERMCRIT_EPS
)
Sample | Training| Test AAccuracy of | Accuracy of
Datasets
number | number | number | RF (%) SVM (%)
GTSRB | 13596 10197 3399 98.7 96.9
Our
4700 3525 1175 92.5 94.1
dataset

Table 4.7: Compare data between RF and SVM in different datasets

The Table 4.7 show that when we choose same quantity of sample number and same
ratio of training number and test number of images (Training number = 75%x Sample
number; Test number = 25%x Sample number ) for both RF and SVM classifiers; the
accuracy of RF method achieves about 1.6% less than the SVM for our dataset. When
the number of sample number is increased (GTSRB); the results of RF will be better than
SVM [26]. This situation reflects the characteristic of RF: it needs a large training number
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image when build the classifiers. However, because of the sample number in our dataset,

we did not choose RF for the following step.

4.4.2 Color Information Extraction Architecture

As we know, in NASLS, there are some speed limit signs that have different meanings,
while the number carried out by the sign remains the same. From the first step of HOG,
the training images were changed to gray scale images; thus, when we conducted our

experiments, the feature vector remained the same (see Figure 4.22).

Figure 4.22: Different example signs (original image and grayscale) of different color back-

grounds

In our findings, there will be some missed recognition. For example, the advisory yellow
signs will be considered the same as the white one. The misrecognized signs still give a
right number of messages for the signs. This is because they have the same speed limit
number but the road condition has been ignored. In any case, we are more interested in
finding out about the road conditions when driving. Working zone orange signs provide
us with this information. When there is an orange sign, this means there will be some

construction on the road ahead.

Therefore, it is necessary to separate the signs that have the same number and color, but
according to different background colors. The signs with black backgrounds will provide

training as usual, since the feature vectors of black and white ones are totally different.

We considered adding the color segmentation at the middle of the two stages before
the original step of recognition where we did the color judgement [101]. The purpose of
this is to separate the different backgrounds before doing the next part. The structure for

this is shown in Figure 4.23.

The strategy of HOG + SVM is the same as the original one. However, after the ROIs
are carried out, we extracted the middle part called “ROIc (colored Region Of Interest).”
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Figure 4.23: Flow chart of color information added architecture
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This could have contained black numbers and the desired unknown color of the sign. Our
aim is to eliminate the black numbers in order to avoid their influence on the effect of the

color of the rest of ROlc.

In order to eliminate black numbers from the ROIc, because the RGB value of black
pixels is (0, 0, 0), we decided to calculate the pixel value of the average channels for the
whole ROIc. If the calculated average is close to 0, we assumed the pixel was black. If not,
we needed to count the number of non-black values and to calculate the sum of the three
channels. If the average of the pixel value of these three is more than 240-250 (RGB value
of each channel for white pixels is (255, 255, 255)), we could decide that the background
color is white; we could thus process the original recognition step. Otherwise, since the
colors of the background in our dataset are yellow and orange, they are almost the same:
standard yellow (255, 255, 0) and standard orange (255, 69, 0). In order to separate them
clearly, we have to do the statistic for the average value of three channels for all yellow
signs and orange signs; this is called the experience values (Er, Eg and Eb). And, in our
case, we must then compute the 2 variances of average RGB value (4,, A; and A;) of each

unknown colored pixel towards experience values use following Equation 4.25.

Ar=(ri+ro+...+1m)/n
Ag= (g1 + g2+ ... +gn)/n

Ay =(b1+by+...+b,)/n
o=t by )/ (4.25)
(n is the number of pizels in ROIc)

S1%2 = ((A, — Er)? + (A, — Eq1)? + (Ab — Eby)%)/3
S2% = ((A, — Erg)? + (A, — Ega)* + (Ab — Eby)?)/3

And then, compare these 2 variances, if S12 < S22, the background is the first kind
of color, Otherwise it should be another one. In our dataset this time, there are only
two easy-confused colors: yellow and orange. But if the number of colored backgrounds
increased, Equation 4.25 still works. We need to calculate n kinds of variances and choose
the minimum variance; the corresponding color of this minimum variance is the correct
color background. After this, we moved onto the recognition step. The structure of the

color information analysis, which aims to fit our situation, is described in Figure 4.24

Therefore, different color backgrounds that have the same feature vectors are separated
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clearly. The color information extraction algorithm can be used for the area in which traffic

signs have the same situation as in Canada.
The results are shown in Figure 4.25.

The results in above Figures show that our system can work under different weather
conditions; and, when this color extraction part added in, the signs on different backgrounds

can be separated clearly.

4.4.3 MSER Improvement Architecture

As discussed in Section 4.2.2, MSER is a useful method for color segmentation, considering
how time-consuming the traditional method of HOG can be. Therefore, we have considered
MSER instead of the first step of the basic methods because it can find different pieces of

stable regions according to different thresholds [114] to increase the processing time.

The MSER can be used instead of the first HOG step to get ROIs. Due to the nature of
traffic signs characteristics, the region of signs is always a stable region for color or shape.

So, retrieving ROIs with the MSER method proves to be much faster.

In an actual video frame, there are many signs with red or blue backgrounds. We need
to segment them out and to separate the regions from their backgrounds. When we get
the frames from different videos, at first, we need to transform them from RGB into a

“normalized R/B” image, as mentioned in [115]

The value of each pixel in the frame needs to be reassigned based on the ratio of the
blue channel to the sum of all channels and according to the ratio of the red channel to
the sum of all channels. The greater of these two values is used as the pixel value to the
normalize R/B image Qgp:

R B
R+B+G R+B+(G

QRB = rnax( ) (426)

Pixel values in the frame are higher in the red or blue channel; but, they are lower
in other channels. MSERs are then easily found in this frame. MSER offers a robust
form of segmented ROIs for traffic signs in complex scenes. These can be computationally
expensive. However, they increase the speed compared to the original process using HOG

features. This will be introduced in the following section.
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Figure 4.25: Results of system testing under different weather conditions
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(a) Original image (b) MSER method focus on (c) MSER method focus on nor-

gray image malized R/B image

Figure 4.26: Experiment results under MSER analysis to extract and mark ROIs of a scene

When the signs have a white background, MSER uses a grayscale image. The number
of region candidates depends on the thresholds of MSER; and, the threshold is set based

on the condition of the weather.

Here is the experiment for the extraction of ROIs from MSER used in the following

system.

For signs with different background colors, the color segmentation step should also be
added after MSER and before recognition. We did not need to separate white and other
colors. This is because the threshold of MSER, which is calculated for white and other
colors, is different. So, we deleted the first step in the color segmentation process and keep
the other steps. In this way, since the recognition part does not change, the accuracy of

recognition will not be changed. The structure is represented in Figure 4.27:
The result from MSER is shown in Figure 4.28.

From the Figures above, we can find that the system which replaced HOG by MSER

in first step can also reach our goals.

4.5 Data Analysis

In this section, we analyze the accuracy of recognition in Section 4.5.

The accuracy rate achieved when adding the color information extraction algorithm is
showed in Table 4.8 and Figure 4.29. (This statistical data is based on the dataset we

created).

Selected examples of curves illustrating the accuracy level are as Figure 4.30.
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Figure 4.27: Flow chart using MSER

Categ. | Class Dataset Recog. incorrect Recog.(%)
White 40 6069 5935 134 97.79

50 4962 4688 274 94.48
Yellow 40 2933 2876 57 98.06

50 2877 2808 69 97.60
Black 60 1349 1339 10 99.26
Orange 50 1248 1210 38 96.95

Table 4.8: Data for recognition rate of different colored background signs
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Since the experiment is based on our created dataset, the accuracy has an osculation
relation to the number of testing frames and training images. The bigger the dataset is

and the more videos we have, the more real the results will be.

MSER method is compared with HOG in first stage (obtain of ROIs); since they have
the same second stage in our experiments. There are two aspects for our comparison:

the accuracy of obtaining ROIs and time-consuming. The condition using the HOG and

MSER algorithms is: same day-time videos are recorded by Sony Full HD 1920 x 1080

1 T L | W1 LIl

pixels camera (video resized to 432 x 240 pixels)
----- True Probablity of MSER extraction ROls

T
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Figure 4.31: True Probability of ROIs extraction in different methods

Figure 4.31 shows the True Probability of ROIs, which means, when these two methods
extraction first among of ROIs, the probability of ROIs that truly contains sign (s). We
record the numbers of ROIs extraction by these two methods and the numbers of the true
signs exactly in those ROIs manually, aim to avoid the effect of the second stage. Then,

calculate the True Probability of those ROIs.

Figure 4.32 shows the average True Probability of ROIs extracted by MSER and HOG
methods in first stage. We can see that the True Probability of ROIs used HOG is almost
8% higher than MSER. This is because HOG is based on objects features while MSER

79



=
=

=]
[
il
T
!
\
h
h
\
h
h
\
h
I
\
h
I
\
h
I
\
h
I
\
h
I
|
.
|
\
h
\
h
h
\
h
h
\
h
h
\
h
h
\
h
I
\
h
I
\
h
v
|
h
I
\
h
I
\
h
I
\
h
\
h
h
\
h
h
\
h
h
\
h
|

=
[¥%]

______________________________________________

=
Mo
[&p]

=
P

=]
—
o

=
-

=
=
(5]

Average True Probability of ROls (%)

=

Mser in first stage HOG in first stage
Different methods in first stage

Figure 4.32: Average True Probability of ROIs of differnet methods in first extraction stage

only based on maximum stable regions. Thus, MSER always extracts more the ROIs in
first stage than HOG dose, and the more ROIs make the recognition stage analysis harder;

and increase the false probability.

But, in another aspect, we compare the time consumption of these two methods. Figure
4.33 show the extraction process where HOG and then MSER obtain the first ROIs. The

time cost of HOG is about 8 times longer than that of the MSER method in each frame,
when it extracts first ROIs.

Note that, in Figure 4.34, we can get the total time cost of these two methods. The
second stage for HOG and MSER is the same. But, in the HOG method, the time cost of
the second stage is less than that of the MSER method. Since HOG is based on objects
features, while MSER only based on the stable region, the number of ROIs in the first
stage extracted by MSER is more than that which is extracted by HOG. This therefore
makes the second stage a little bit slower in MSER method. But in terms of the overview,

the algorithm using MSER is faster than the algorithm which uses only HOG.

Average time delay for the two methods showed in Figure 4.35

80



400 . . . . . . . .
— MSER first stage
350 1 — HOG first stage ||
300+ .
»
250+ .
£
®
O 200} .
(&
i)
£ 150+ -
—
100 - .
50+ .
PN A WU | S S R X Al
0 1 1 1 1 1 1 1 1
0 50 100 150 200 250 300 350 400 450
Frame
Figure 4.33: Time cost of HOG vs. MSER first extraction of ROIs
350 T T T T I I I
----- MSER total time cost
HOG total time cost
300 i
1
]
1
i
= 2601 ]
£ ;
= ]
"a :
o 200 .
(%] [}
o |
£ 1
= 150} Jo ]
i/
iy
iy
P
100 -IS‘ a ¥ -
:‘\-.n'\. - ,,.f"ll f'
i T A e ————t——— —_ 3
M Y]
50 1 1 1 1 1 1 1 1
0 50 100 150 200 250 300 350 400 450

Frame
Figure 4.34: HOG vs MSER for total time cost for whole system

81



250 T T

L e ) RRER R -
(2} '

£

e

e 1

w H

o T e .
[&] H

o :

£ i

© 100k S ! I il
o 100 h

[u]

| -

2

< 1) PRIV ) HRIOIOIOUUPROIUINE | FI -

0
MSER method HOG method

Different systems

Figure 4.35: Comparison of the average time cost for the two methods

82



Chapter 5

Traffic Sign Detection and
Recognition Based on GPS

5.1 Introduction

In previous chapters, different image processing methods concerning on how to detect
and recognize traffic signs through videos are described. But when performing tasks like
training or searching in the whole frame, a huge deal of computing in CPU will definitely

be needed, and, the speed of detection will not be guaranteed.

Thus, in this chapter we introduce a new method based on GPS and the new method
simulation of recognizing signs is processed in the video frames. Characteristics of traffic
signs do not change frequently; and, the position of the sign is always stable. So we consider
using a large dataset to store the position of traffic signs in one or more areas. We store
the street name, longitude and latitude coordinates of each sign. When minor changes
happen, we only need to update our dataset. Moreover, the number of positions of signs
and other characteristics are dramatically huge. We can not only search the data quickly
with a single device on a vehicle but also store data using limited space. This situation

needs a server for storage needs.
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5.2 Algorithm of Computing the Distances on the
Earth

The data of signs in our server is found in pairs of coordinates (longitude, latitude) plus
road information. The system will return the information of signs nearby, and some other
characteristics such as the direction of signs according to vehicle coordinates. When drivers
obtain the information of sign coordinates, our system calculate the distance between the
sign and the vehicle. When this distance is smaller than a given threshold, a warning

message is generated to remind the driver about the encountered sign.

In the next paragraph, we discuss how to calculate the distance between two points by
using the real geodetic coordinates of them. In our case, the two points are the position

of the vehicle and the position of the sign.

We find that there are 3 ways to calculate the distance between two points [5]:

1. Rectangular plane coordinate [5]: The simplest way to calculate the distance between
two points is to put the coordinate of two points in a rectangular plane, ignoring
Earths surface. If A(X1,Y1) and B(X2,Y2), X1 and X2 are latitudes and Y1 and
Y2 are longitude, the distance between A and B is:

D = /[(x1 —22)? + (y1 — y2)?] (5.1)

Although this method is fast enough, it has poor accuracy: it only has a 0.1 level
of precision. Therefore, we will not choose this method to calculate our distance

between vehicles and signs.

2. Spherical distance algorithm [5]: In this case, the curvature of the earth is generally
not directly considered; we treat the earth as a positive sphere for operation. The
characteristics of the sphere are known. The shortest distance between two points
on the sphere is the length of the inferior arc on a great circle, determined by these

two points and the center point of the sphere.
The algorithm can be described as follows [5]:
Suppose there are two points A(X1,Y1) and B(X2,Y2); X1 and X2 are latitude

and Y1 and Y2 are longitudes. In order to seek the spherical distance between A
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and B, we first establish a point C' at the same latitude as A and the same longitude
as B. The coordinate of C'is (X1,Y2). O is the center of longitude for the circle of
A. E is the center of longitude for the circle of B. We then have the points OFBC
coplanar. And the extension lines of CB and OF intersect at F' (Fis not an extreme

point). We make line BD vertically cross OC, in Figure 5.1.

Figure 5.1: Calculation of inferior arc [5]

Since OF is vertical to the plane longitude circle of A and B, we have OF 1. OC

,OF | BE ,OF L OA. We will then get AOCF ~ ABEF, that is BE = BE
cCFr oC
Since AFOA JAFOC is RtA it is easy to get:
AF? = 0A? 4+ OF? (5.2)
CF?* = 0C? + OF? (5.3)

As long as A and C are in the same longitude circle, OA = OC. That is AF = CF.
In AFAC let ZACF = .
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According to the laws of Cosine we can get:

AF? = AC?* + CF? -2 x AC x CF x cosa (5.4)

This can be simplified as:

cosa = AC/2CF (5.5)

Thus, from:
AB? = AC?* + CB* — 2 x AC x CF x cosa (5.6)

We can get:
AB?* = AC® x BE/OC + CB? (5.7)

Considering the definition of longitude and latitude, we have:

OC = coszl, BE = cos x2 (5.8)
BC =2 x sin((x1 — 22)/2) (5.9)
y2—yl

AC =2 x cosxl x sin(

) (5.10)

From Equation 5.7 and 5.10, we got the following Equation 5.11:

AB? = 2[1 — cos(22 — x1) + cos 1 x cos x2 — cos x1 x cos 22 x cos(y2 — y1)] (5.11)

And the Arc between A and B is:

AB
2 x sin_l(T) (5.12)

If the radius of the sphere is R, the Arc between A and B is:

AB
2R x sm—l(T) (5.13)

Therefore, when we consider the radius of Earth R, the calculation for the equation

of distance of 2 points on earth is:
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D =2Rsin™

1 V/2[1 — cos(22 — x1) + cosx1 cos 2 — cos x1 cos 22 cos(y2 — yl)]>
2
(5.14)

And the average radius of Earth R = 6378000 km.

This algorithm has a moderate calculation speed; and, when used in a smaller distance

(< 100 km) area, it has good accuracy.

. Ellipsoid distance algorithm [5]: Since the real Earth is not a strict sphere, a new
algorithm needs to be deduced [5]. The strict geocentric coordinate is defined as
follows: the coordinate origin is the ellipsoid center of the Earth (cancroids of the
Earth). The Z-axis is, however, the short axis of the Earths ellipsoid, pointing to the
Earth. The starting meridian of the Earth ellipsoid coincides with the Greenwich
meridian plane. The coordinate origin point of X-axis points to the intersection in
the starting meridian plane and the Earth ellipsoid equator. Y-axis and X, Z-axis,

constitute the right coordinate (scale unit in meters (m)).

Suppose the coordinates of a known points location are characterized by geodetic co-
ordinates. This would mean that they contain the geodetic longitude L, the geodetic
latitude B and the geodetic height H.

Geodetic longitude L for any point K on the ground or in space is defined in the
following. We will make the ellipsoid Earth meridian plane from point K. The angle
between the made meridian plane and the starting meridian plane of the Earth is
the geodetic longitude L for K. Geodetic latitude B is the angle between the normal
K N and the equatorial plane. The height H is the distance from KN to the ellipsoid

plane. This is shown in Figure 5.2.

By the definition of trigonometric functions and the radius length formula of the

prime vertical circle on the ellipsoid, we can then get (X,Y,7) from (L, B, H):
X = (N + H)cos Bcos L
if ¢ Y =(N+ H)cosBcosL (5.15)
Z =[N(1—¢€*) + H|sin B
N is the radius of the prime vertical circle: N = ay/1 —e?sin?B. e is the first

87



Figure 5.2: The Earth center rectangular coordinate system [5]

JE—P

eccentricity of ellipsoid: e = ——— and b is the long and short radius of the
a

ellipsoid. And we can get e = 0.0817.

Suppose we get two points A(L1, B1, H1) and B(L2, B2, H2) and we obtain the
transfer coordinate A'(X1,Y1,Z1) and B'(X2,Y2, Z2). Therefore, the relationship

between two points in space is:

D=+(X1-X224(Y1-Y2)?2+(Z1 - Z2)? (5.16)

When adding the conversion coordinates to the formula, we can get the shortest

linear distance D.

This algorithm has optimal accuracy. However, because we need many parameters
when computing distance, the computing speed compared with the previous two
others is longer and needs more computing resources. According to the description
and characteristic of the three methods, we can obtain the following conclusions

shown in Table 5.1.

Thus, in our situation, in a 100km range (assuming that the maximum operating
speed of a vehicle in the city is 80km/h), we use the second method after balancing

the performance and accuracy for our distance calculation in the system.
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Algorithms Rectangular Plane | Spherical Distance | Ellipsoid Distance
Compare Coordinate Algorithm Algorithm
Time Consuming shortest middle longer
Calculation Complexity | easy average complex
Accuracy low good high

Table 5.1: Comparisons of different algorithms in calculation distances

5.3 System Design

The system has two components: the data server and the client-side. We write a large
dataset related in which city in the server side, which contains all the information of
traffic sign on each road. The server side will then send the information of the signs
according to the user vehicle position range. Data filtering is performed on the server side.
According to the latency and high packet loss rate of Vehicle Ad-Hoc Networks (VANETS)
, it is impossible and unnecessary to allow the car to request the data of the nearby sign
frequently. Therefore, the car can request the data using the following strategy: we can
let the server respond to the data from the road being traveled by the vehicle. When the
driver changes the roads, the car needs to request again. In addition, if the car has a
GPS navigation system, we can let the server respond to the signs on the entire navigation

route.

The server-side has 3 steps for establishment. First, through information obtained by
the GPS, we will get the signs in a grid range. That is, we will separate the maps in
different ranges and select the signs in each range. Secondly, using road internet data
we find signs on the road being driven on. Thirdly, the speed vector of vehicle and sign
orientation vectors are used to define the orientation of signs. All the “face-signs” in the
respective road will be provided in groups until the vehicle changes roads or requests data

again. Here, we simply by outlining a concept and we will focus more on the client-side.

For the client-side, we have a buffer memory of data which contains only sign infor-
mation. The position of vehicle is obtained through GPS and an anticipation value is
necessary to decide whether the data in the buffer is used up. This is necessary to deter-

mine also when the driver changes to a new road and if the client-side needs to ask for new
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data.

This concept combines the client-side with the server-side together. The speed of this
method will give a brighter prospect than traditional methods, dealing with the image
processing step on cars. As well, in the information era, we need to use the benefit of data

storage to maximize efficiency.

5.4 Simulation on Client-side

We implemented the simulation on the client-side in a PC, using C++ with Opencv-library
together.

First, we took a video on a street in Ottawa which contains the speed limit signs of
50Km/h. We found the longitude and latitude of the signs and the vehicle (using Google

maps).

Then, when the vehicle continues to travel along the street, we calculate the distance
between the vehicle and appearing signs. We used the formula in Section 5.2, method
2, every 30 ms (this time is used to avoid missing signs, for packet loss may occur) and
another threshold necessary for giving warning message. When the distance between the
vehicle and signs is smaller than the distance threshold, the warning message is then given
to the driver. When the distance is smaller than 2 meters, the message is shine to the
driver and then disappear after it has passed by. The data is then deleted from the buffer
memory of the client-side. When the car is close to another sign, the same processing steps

will happen again.
Client-side simulation:

Figure 5.3 show that when the car is close to the first sign. Figure 5.4 show that when

the car is close to the second sign.

And Figure 5.3 and Figure 5.4 also show the scenarios in the client-side, we can easily
observe that the warning message and recognition signs are showed on client side in a safety

distance range.

When compare with the system in Chapter 4 in solving the same problems, the time

cost evaluation of these three methods: MSER based system, HOG based system and

90



MAXIMUM

50

Figure 5.3: Results of using new method

W vedio > = e
=B8] %

MAXIMUM

Figure 5.4: Results of using new method

91



simulation based on GPS is showed in Figure 5.5.
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Figure 5.5 shows the time consuming of TSRD systems used image processing meth-
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ods and the methods without cameras based on same testing videos. Figure 5.6 shows
the average time cost of different TSDR systems. The average time cost of HOG based
system is 2.4 times than the time cost of MSER based system. Moreover, the time cost of

MSER based system is 3.8 times longer than the time cost of the method based on GPS

information.
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Chapter 6

Conclusion and Future Work

6.1 Conclusion

In this thesis, we presented a new North American traffic sign dataset geared to work
with the Canadian traffic system. Using our new traffic sign dataset, some traditional
detection and recognition was introduced in the first few chapters based on both object
characteristics and statistical methods. As for the statistical methods, we introduced a
classical method called HOG and with it, we found a new set of HOG parameters for
our new dataset. We used the foundation of traditional methods. We then obtained a
new combination using color information extraction, traditional detection and recognition
methods together. The purpose of this is to classify different colors of traffic signs; this
is especially important for the differently-colored background speed limit signs. After this
step, we proposed a new method to decrease the time cost of the traditional one, called
MSER, this may decrease the utility of HOG, making the system less time consuming.
After the image processing step was completed, we proposed a new concept that produced
two parts of the new system: a data storage side and a client-side (we only focus on the
client part of the simulation). Based on the navigational information, we were able to
provide the information for traffic signs on the roads; and, we were able to reach our goal

without using image processing.

The two criterions for evaluating different methods and whole system are:

1. Detection accuracy
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2. Detection speed

The two factors are both important in the whole system because they guarantee the

effectiveness of the system.

After doing research on all these aspects and testing these three systems, the results
show that all of them can recognize traffic signs with a good accuracy rate. The MSER
based system is faster than the one using only HOG and SVM. The method based on
GPS information is the faster one for solving the same problems encountered in the image

processing stage.

6.2 Future Work

Currently, although our dataset was updated regularly, the number of images is still not
enough. We need to find a way to increase the number of high-quality images and to focus
on accommodating different weather conditions. This is because there are still various
luminance conditions on the roads. As well, different lighting scenarios should be added
for testing. A new feature (i.e. Haar features, LBP features, etc.) descriptor should be
added to improve the time cost. However, the color information extraction, which we
did, should not be ignored. The background color information is important, unless a new

technical appears.

The method based on GPS information in Chapter 5 requires a big dataset; the dataset
should contain the street name and coordinate information for sign position on the server
side. For the image processing method and for other new methods, we need to make a
feedback system. This needs to be done in case the signal of the position cannot be found.
Additionally, if there is missing data, the image processing should be used to guarantee
the stability of the whole system. This part will present a big challenge in the future; but,

the balancing of these two methods will make a better system overall.
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