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Abstract

Autonomous driving has become very popular over the years. To successfully develop a
car that drives by itself and more importantly follows the tra�c laws, many necessary
factors need to be considered. One important factor is the detection of tra�c signs in
order to be able to react properly. Thus, one component of self-driving cars are tra�c
sign detection systems.
Such a detection system has been developed for the model cars of the research group
autonomous cars using support vector machines and the histogram of oriented gradients.
For training and evaluating the system, a new dataset consisting of images, made in the
robotic laboratory, has been created. In addition to the dataset, recorded rosbag �les of
a driving model car have been used for the evaluation.
The developed system is able to classify six tra�c signs and reaches a high precision.
The recall, however, needs to be improved. In order to achieve an improvement, a few
adaptations have been suggested at the end.
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1 Introduction

Tra�c signs are an essential part of tra�c. They are used to set rules but also to warn
and inform the drivers. Seeing, recognizing and interpreting those signs is crucial for a
controlled and e�cient tra�c. Normally, this is part of the driver's job. But in case of
autonomous driving, the car must replace the driver and deal with all the tasks the driver
originally performed. Only then, the participation in tra�c is possible. Therefore, one
of the tasks these cars must be able to perform by themselves is detecting tra�c signs.
To do so, tra�c sign detection systems are needed. Those systems have to work reliably,
detecting and classifying signs without missing or misclassifying them. Otherwise, it may
result in an accident.
This thesis presents a tra�c sign detection system for the model cars of the research group
autonomous cars of the Freie Universität Berlin. The system uses vision-based methods to
localize the tra�c signs and extract their features. Therefore, two color models are being
compared in order to �nd the best suited one for the color segmentation. The histogram
of oriented gradients and support vector machines are being used for feature extraction
and classi�cation. To evaluate the system, two experiments have been performed. At the
end, the results are being interpreted and a brief overview of possible improvements is
presented.
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2 State of the Art

Many scienti�c papers of implementing a fast and accurate tra�c sign detection system
have been published through the years [2]. Each of them aimed for higher precision and
recall and a faster computation time. To reach that, di�erent approaches have been de-
veloped. Overall, the main structure is almost the same in the approaches. The systems
are divided into three steps: localization, feature extraction and classi�cation [2][3]. In
order to locate tra�c signs, regions of interest are being searched in an input image and
extracted. Since tra�c signs have a signi�cant color and shape, this can be done either
by applying color-based or shape-based methods [1][2]. Mainly, color segmentation is
used because it is less complex and time-consuming than shape-based methods. Unfor-
tunately, this type of method is prone to factors like weather and changing lighting [2].
To minimize the impact of these factors, the authors in [1] apply color segmentation on
a previous to HSV converted image to get the desired locations. A few authors use the
shape to localize a region of interest due to the disadvantages of color-based methods.
Hough-transformation is a popular method for this purpose. Moutarde et al. use it in [4]
to detect the round shape of European speed limit signs.
After detecting those regions, signi�cant features are extracted which will serve as input
for the classi�ers. If the shape has not been already determined in the localization step, it
will mostly be done afterwards to retrieve crucial features. Mainly, the edges and corners
are being detected in the regions of interest, which will give a clue about the geometrical
shape of the object. This information forms the input vectors for the classi�ers. Despite
the Hough-transformation, a popular method to detect circles is the fast radial symmetry
detection method, short FRS. It is being used in [5] by Paulo and Correia. Also, they are
using the Harris corner detection algorithm in combination with checking, in which area
the detected corners are, to determine the shapes. Chen et al. chose the Speeded Up
Robust Features, short SURF, to extract relevant features [6]. This method compares the
found features with the ones of a template [6]. Maldonado-Bascón et al. use a di�erent
kind of method in [7] to determine the shape. They measure the distance from each side
of the object to the borders of the bounding box and form a feature vector with those
values which will be the input for a linear support vector machine. Since there exist many
feature extraction method, Ellahyani et al. compare di�erent features and classi�ers to
�nd the most accurate system in [8]. The features included are the HOG, Gabor, LBP
and LSS features. They conclude that using a combination of the HOG and LSS features
in combination with a random forest as a classi�er gives the best results with an accuracy
of over 96% [8].
A classi�er that is gaining more popularity is the neural network. Such a classi�er, more
precisely a multilayer perceptron neural network, has been used by Moutarde et al. reach-
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ing over 90% accuracy in detecting speed limit signs [4]. Yolo is another neural network
presented by Redmon et al. in [9]. This classi�er is one of the �rst ones to be able to
process images in real-time which is a desired factor in tra�c sign detection. The idea
behind that system is not to divide the architecture into two or three steps but to do
everything in one step. Tabernik and Sko£aj present a system able to detect a much
larger number of tra�c signs than most other proposed approaches are capable of [10].
They use the convolutional neural network Mask R-CNN consisting of a region proposal
network and the region based network Fast R-CNN to achieve this [10].

Nevertheless, other supervised classi�ers are still being considered for such a detection
system since neural networks require high computational power and a large dataset.
Greenhalgh and Mirmehdiuse use linear support vector machines and the histogram of
oriented gradients in [11]. They reach over 80% in recall and precision with their real-time
approach. Also, Maldonado-Bascón et al. chose support vector machines as classi�ers
[7]. Firstly, they classify the shape with a linear support vector machine. Then, they
use a di�erent support vector machine with a Gaussian kernel for each color and shape
combination. In [12] a multi-class support vector machine classi�es tra�c signs based on
their pictogram. The system reaches over 98% in the GTSRB competition.
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3 Background

This chapter provides background information about German tra�c signs in general, the
signs that have been chosen and about the acquisition and preparation of the dataset
used in this thesis. Also, the support vector machine will be addressed to get a basic
understanding regarding the classi�cation part.

3.1 Tra�c signs

Many countries rely on tra�c signs when it comes to regulating the tra�c. Thus, distin-
guishing them easily from other objects is essential. For this purpose, the German tra�c
signs exist in a range of geometrical shapes from circles through triangles and squares and
up to octagons [1]. Also, the signs appear in only striking colors, like red, blue and yel-
low, to distinguish them from their surroundings [1]. In addition to the color and shape,
pictograms, mainly in black and white, are used to catch the attention and to contribute
to the meaning of a sign [13]. The tra�c signs are divided into six groups corresponding
to their meaning: danger signs, regulatory signs, aiming circle, tra�c requirements, other
signs and supplementary road signs [14].

To minimize the complexity that the development of a detection system for all German
tra�c signs would imply, the presented system will only detect six of the over 500 o�cial
German tra�c signs. The signs have been chosen based on the importance of their
meaning. Some of the signs, like the sign for slip hazard, are less relevant for an indoor
environment than other signs. Referring to the importance, the stop sign, three speed
limit signs, the priority road sign and the yield sign have been chosen. They can be
viewed in Fig. 3.1. All but the priority road sign, which belongs to the aiming circle,
are part of the regulatory signs. These signs feature all mentioned shapes and the color
combinations red and white, red, white and black and yellow and white.

Figure 3.1: Overview of the selected tra�c signs
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3.2 Dataset

Data acquisition and preparation is key when developing a detection system. A few tra�c
sign datasets exist online that have been used in the most approaches, like the German
tra�c sign datasets from the INI Benchmark site [2]. These datasets contain mainly
images taken in tra�c. Since the detection system is being developed for model cars,
the factors that need to be considered di�er partially from the ones outside. There is no
weather changing the color or the shape of the signs, no extreme lighting conditions [2].
Furthermore, the signs outside are sometimes not completely visible due to the leaves of a
tree, other vehicles or because tra�c signs are overlapping each other [15]. These factors
should have been considered while developing the system when using one of the online
datasets. Thus, a new dataset has been generated in the robotic laboratory to adapt to
the environment. In addition to a smartphone's camera with 24MP, rosbag has been used
to record images while moving the signs in front of a model car's camera. This made it
easier to collect various images of each sign. After that, the images of the rosbag �les
have been extracted and saved as JPEG in order to have a uniform format. The dataset
includes only colored images showing the tra�c signs in di�erent lighting conditions, in
a variety of angles and with varying distance to the camera. After collecting enough
images, unusable images have been removed. This includes images showing exactly the
same and images where the signs are too blurry and therefore not recognizable. The
remaining images of the smartphone have been cropped to 3968x2976 to meet the aspect
ratio of 1.3 : 1, which is the aspect ratio of images taken with the model car's camera.
That way, these images will not become distorted when resizing them later. Depending
on whether they are taken with the camera of a model car or with the smartphone, the
sizes vary between 640x480 and 3968x2976. Furthermore, the data used for training have
been cropped to a size where only the tra�c sign is visible.

To be able to easily label the tra�c signs later in the classi�cation phase, the images
of each sign were moved to separate folders. The folders have been named by the tra�c
sign they contain. Thus, labeling the images individually is not necessary. The resulting
dataset contains approximately 3530 images with 450 to 650 images per tra�c sign and
160 images without any tra�c sign.

3.3 Support Vector Machine

The support vector machine, a supervised classi�cation method, has �rstly been intro-
duced by Vapnik and Cortes [16]. In contrary to unsupervised classi�cation methods,
supervised methods need labeled data to train the classi�ers. The training data are ex-
amples of the classes the classi�er is supposed to learn to di�erentiate. That is why, the
images of the dataset have been moved to di�erent folders (see chapter 3.2).

The support vector machine has originally been developed for binary classi�cation of
linear separable data [16]. Linear separability is not always given which is why a version
for non-linear separable data exists [17].
At �rst the support vector machine for linear separable data will be explained and after
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that the adaptations, made for non-linear separable data.

3.3.1 Linear separable data

No matter what kind of data is given, the main goal remains the same. The goal is to sep-
arate the training data by �nding a hyperplane where the space between the hyperplane
and the nearest data points on each side of the hyperplane is maximized [13]. This space
is referred to as the margin. Fig. 3.2 shows such an optimal hyperplane separating two
classes with an optimal margin. The data points in the squares are the support vectors
forming the border lines which are parallel to the hyperplane. Their meaning will later
be further explained.

Figure 3.2: Optimal hyperplane separating the data

The two classes of the training data are labeled in the following way

(x1, y1), ...., (xn, yn) yi ∈ {−1, 1}, xi ∈ Rd. (3.1)

In case of linear separable data, the equation

w0 · x+ b0 = 0 (3.2)

with w being a vector and b a scalar, needs to be satis�ed in order to �nd the optimal
hyperplane [17]. On each side of the hyperplane are the data points of one of the classes.
The data on the left has the label -1 and the data on the right side is labeled with 1 [17].
This can mathematically be written as

w · xi + b ≥ 1 if yi = 1
w · xi + b ≤ −1 if yi = −1

(3.3)

with i = 1, ..., n. Putting these two equations together results in

yi(w · xi + b) ≥ 1, i = 1, ..., n. (3.4)
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Only the data that ful�ll the following equation are marginal and are the previous men-
tioned support vectors [17].

yi(w0 · xi + b) = 1 (3.5)

These support vectors are the points that lie nearest to the hyperplane [17]. To get the
largest possible distance between them and the hyperplane, the expression w · w needs to
be minimized under the inequality constraint of (3.4) [17]. This constrained optimization
problem has been solved by applying the optimization technique of Lagrange [17]. With
the Lagrange multiplier method and the existing conditions, the equation

L(w, b,A) =
1

2
w · w −

n∑
i=1

αi[yi(xi · w + b)− 1] (3.6)

with AT = (α1, ..., αn) and αi being the Lagrange multiplier is formed [17]. Using the
equation in (3.6), the equation to compute w0 can be formed as the linear combination
of the support vectors

w0 =
n∑

i=1

α0
i yixi (3.7)

with α0
i ≥ 0. This sort of margin is called the hard margin as there are no data points

allowed to cross the border lines formed by the support vectors [17]. The next section
will show how this method has been adapted to allow a few outliers.

3.3.2 Non-linear separable data

The data is in many cases not linear separable either because of some outliers or because
linear separating the whole data is not possible in that dimension [12]. The soft margin
exists for the �rst case. This form of the support vector machine allows a small number
of outliers in order to be able to separate the remaining training data [17]. Therefore,
the constraint (3.4) has been extended by the slack variable ξ resulting in (3.8).

yi(w · xi + b) ≥ 1− ξi
ξi ≥ 0 for i = 1, ..., n

(3.8)

The slack represents the distance between a data point and the hyperplane [18]. If a data
point is on the correct side of the hyperplane but in the area of the margin, the slack
will be 0 < ξi ≤ 1 [18]. If it is on the correct side and outside of the margin, it is ξi = 0
and if it is on the wrong side of the hyperplane, it is ξi > 1 [18]. The separation of two
classes with outliers is demonstrated in Fig. 3.3. Another new variable that has been
de�ned for this case is the regularization parameter C [17]. This parameter de�nes the
permissible amount of error [17]. It can be speci�ed by the user. Depending on the value
of C, the size of the margin and the number of outliers will change [17]. If C is larger, the
margin will be smaller and the classi�er less tolerant to outliers [17]. In the other way
round, the margin will become larger with a smaller value of C and the tolerance will also
grow resulting in more accepted outliers [17]. As a consequence of adding these two new
variables, the optimization problem of the support vector machine must be adapted [17].
The goal is still to reach a maximized margin but also to minimize the error represented
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Figure 3.3: Separation of data with two outliers

by the amount of slack subject to the constraint (3.8) [17]. The expression that needs to

be minimized changes from
1

2
w2 to

1

2
w2 + C(

n∑
i=1

ξi). (3.9)

This adaptation does not su�ce for the second case where the whole data is not linear
separable like the data in Fig. 3.4.

Figure 3.4: Non-linear separable data

To be able to separate data of that type, the data needs to be mapped into a higher
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dimension [18]:
Φ : Rd 7→ RN . (3.10)

To avoid the necessity of �nding out the correct dimension RN and mapping the whole
data into that dimension, the "kernel trick" is used [18]. With this trick, the data does
not need to be mapped into a higher dimension. Instead, a kernel function is used for
the dot product xi · xj resulting in

K(xi, xj) = Φ(xi) · Φ(xj) (3.11)

with xi being a support vector and xj the input data [18]. That way, the costly compu-
tation time of mapping the data could be avoided [18]. In case of w, the kernel function
is also used to adapt the equation of w to

w =
n∑

i=1

αiyiΦ(xi). (3.12)

Using (3.12), the following function to determine the class of input data is formed:

f(x) =
n∑

i=1

αiyiΦ(xi) · Φ(x) + b

=
n∑

i=1

αiyiK(xi, x) + b. (3.13)

There exist a few popular kernel functions, like the radial basis function kernel (RBF) ,
that have been de�ned. The kernel function should always be chosen depending on the
data to achieve good results. The one used in this approach will be described in chapter
4.4.
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4 Proposed System

4.1 Overview

The proposed system is divided into three steps: image preprocessing, feature extraction
and classi�cation. The whole process of detecting tra�c signs is displayed in Fig. 4.1.
Firstly, images are being preprocessed to localize the tra�c signs. Therefore, the images
will be converted into the HSV color space and color segmentation will be applied to
detect red and yellow colored areas. The resulting images contain the regions of interest.
For these regions, the histogram of oriented gradients, short HOG, will be calculated,
which will function as input for a previous trained support vector machine. Then, the
classi�er will return the class of the predicted tra�c sign. If the predicted class belongs to
a speed limit sign, a new histogram of oriented gradients feature vector will be computed
and passed to another support vector machine. This one will predict the exact speed
limit sign. After classi�cation, a bounding box is drawn around the found tra�c signs,
showing where and which signs have been found. The implementation of the system can
be found on GitHub [19].

The following sections will explain in detail the steps and the functionality of the chosen
methods.
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Figure 4.1: Overview of the proposed system

4.2 Image preprocessing

Localizing tra�c signs in the preprocessing phase is signi�cant for the following steps [20].
That is why �nding a suitable color model and performing an accurate color segmentation
is a fundamental step [2]. The following section describes the procedure of choosing a
color model, �nding regions of interest and preparing these regions for the next step.
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4.2.1 RGB to HSV

Depending on the factors, that need to be considered, di�erent color models lead to dif-
ferent e�ciencies of the color segmentation [20]. Since this approach is not developed for
the tra�c outside of the laboratory, most of the factors, that are relevant outdoors, do
not need to be considered as stated in chapter 3.2. A factor that needs to be considered
even in an environment like the robotic laboratory is the change of lighting, which is
caused by the windows and the ceiling lights. Also, re�ection and blur are critical factors
indoors. But these two factors are not being considered while choosing a suitable color
model because image manipulation methods are needed to balance re�ection and blur.
Hence, a color model, that is at least not prone to changing light, is needed [20][3]. Many
approaches use images in RGB because this model is not as complex as other color mod-
els and converting into other models requires computation time [21]. A color represented
in RGB consists of the three colors red, green and blue. Because of this composition,
the brightness and saturation are not independent values but part of the three values
[22]. Therefore, all three RGB values of a color will change if the lighting conditions have
changed [22]. Using this color model would have an impact on the color segmentation
part, making it less reliable and accurate [6][1][12].

There are other color models where this problem does not exist, like HSI or L*a*b [6].
One of these models is the HSV model, which is also being used often [5]. HSV stands for
hue, saturation and value and resembles the color perception of a human [1]. In contrast
to the RGB model, which is represented as cube, the HSV model is formed like a cone
as shown in Fig. 4.2 [23][1]. The hue is the angle from 0◦ to 360◦ where the color red

Figure 4.2: Representation of the RGB and HSV color models [1]

begins at 0◦, green at 120◦ and blue at 240◦ [23]. Because the top of the cone is formed
like a circle, red appears again at 360◦ [1] [23]. The saturation describes the intensity of
the hue in a range from 0 with the most gray in the color to 1 with no gray at all [23].
This value is located from the center of the cone to the edge of it [22][23]. The value
represents the brightness and ranges also from 0 resulting in a black color to 1 a very
bright color [1]. In the cone it is represented as the height. Together these three values
form a color in HSV [21]. The separation of the hue and the other two components is
making this model less vulnerable to di�erent lighting conditions and more suitable for
the color segmentation [22] [21]. That is why, the HSV model has been selected.

12



Originally, the images that are being received from the model cars' camera have the format
sensor_msgs/Image [24]. Using CvBridge provided by OpenCV, these images can only
be converted to greyscale, BGR or RGB images [24]. Because converting to HSV in one
step is not possible, the images are �rstly being converted to RGB and then to HSV.
Even though this costs a bit computation time, the time needed for the conversion does
not a�ect the system's processing time that much to still consider the RGB model. The
method cvtColor, provided by OpenCV, is being used for the conversion from RGB to
HSV.

V = max(R,G,B) (4.1)

S =

V −
min(R,G,B)

V
if V 6= 0

0 otherwise
(4.2)

H =



60× (G−B)

V −min(R,G,B)
if V = R

120 + 60× (B −R)

V −min(R,G,B)
if V = G

240 + 60× (R−G)

V −min(R,G,B)
if V = B

(4.3)

If H < 0 then H = H + 360 (4.4)

First, the maximum value of the RGB values is identi�ed and passed to the value (4.1)
[25]. Then, the saturation and hue are calculated with the equations in (4.2) and (4.3)
using the previous computed value [25]. If the hue is not a positive number, the equation
(4.4) is used to adapt the hue [25]. As described earlier, the saturation and value lie
between 0 and 1 and the hue lies between 0 and 360. Values higher than 255 would cause
an over�ow in an 8-bit image that is why the hue needs to be adapted [25]. Depending
on the library, the range of each component varies. In OpenCV, the hue is divided by 2
to prevent the over�ow [25]. This causes the range of the hue to only goes from 0 to 179
in OpenCV [25]. The saturation and value range from 0 to 255. To reach that range,
they are each multiplied with 255 [25]. For image data types with more bits, di�erent
adaptations are applied since the ranges can be larger [25]. But using one of those data
types would result in more memory usage for saving the images and a higher computation
time while working with them.

4.2.2 Color segmentation

Instead of classifying each part of an image which would be time-consuming, regions,
where a tra�c sign could be, are being searched to classify them later on. Two distinct
features of the signs can be used to �nd those regions of interest [1]. As described in
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chapter 3.1, every sign has a geometrical shape and a striking color [1]. Therefore, vari-
ous methods exist using either the color, the shape or both to locate and extract regions
that could contain a sign [2]. The advantage of a color-based method is its simplicity and
its fast processing time but there is also a disadvantage. A color can change as described
in the previous section leading to no localization if the lighting is poor or if there is a re-
�ection [2]. Nevertheless, color segmentation gives mostly good results in �nding regions
of interest [2]. In contrast, shape-based methods are not as prone to these factors but
they require a much higher computation time [3]. That needs to be considered since the
goal of a tra�c sign detection system is not only high precision and recall but also low
computation time [2][3]. Otherwise, the image processing could be lacking behind when
the system is used while a model car is driving.

Before segmenting the converted images, they are being resized to 400x300. This improves
the processing time as less pixels need to be manipulated [15]. To segment the images,
thresholding using the inRange function of OpenCV is applied. Because the tra�c signs
considered for this approach are either yellow and white, red and white, or red, white and
black, two color segmentations are applied. The �rst one will �nd the red areas and the
second one the yellow areas. For the inRange function, ranges, forq the hue, saturation
and value, are needed. The guide values for the red and yellow ranges have been de�ned
in RGB as it is easier to de�ne a color in RGB. Using the same function as in converting
the whole image, the two colors are converted to HSV [26]. Then, the allowed ranges for
the hue, saturation and value must be de�ned [26]. This has been done by trying out
some ranges and adapting them until the best suited ones have been found. Here it is
important, that the ranges may not be too large because then too many objects in the
background would also be detected making the system less e�cient. This could lead to
discarding an area containing a tra�c sign because too much of the background has also
been extracted in that region of interest and the conditions that will be described in the
next chapter will not be met. Even if those conditions will be ful�lled, a misclassi�cation
is likely to happen due to too much noise in such an area.
In case of the value, the average brightness is calculated to adapt the range to the lighting
conditions in the image. If it is over 100, the minimum value will be set to 100. Otherwise,
it will be set to 70. This technique has not been applied to the saturation because a
few objects in the background have a red cast. Adapting the saturation to the average
saturation of the image leads to intensifying the red color in these objects and extracting
a lot of the background.

The de�ned ranges are used to check if a pixel value of an image lies within these ranges
using (4.5) [27]. If the hue, saturation and value �t into the ranges, the pixel value will
be changed to represent white, otherwise it will get the value of black [27].

dst(I) = lowerb(I)0 ≤ src(I)0 ≤ upperb(I)0 ∧ lowerb(I)1 ≤ src(I)1

≤ upperb(I)1 ∧ lowerb(I)2 ≤ src(I)2 ≤ upperb(I)2
(4.5)

That way, two binary images will be produced for each image, one showing the areas of
red spots and the other one the yellow spots. Fig. 4.3 shows such binary images for a
stop sign image. The white areas are the regions of interest and represent the red and
yellow areas.
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(a) (b) (c)

Figure 4.3: Color segmentation of a stop sign image. (a) input image, (b) red segmenta-
tion, (c) yellow segmentation

4.2.3 Filtering regions of interest

Even though the ranges of yellow and red have been adapted in a way to not accept too
much of the background, the resulting images normally still contain too many regions.
To process each of them would cause the feature extraction and classi�cation to be too
time-consuming. That is why, criteria have been developed that need to be satis�ed to
keep an area as region of interest. First of all, the size of an area must be large enough.
Tra�c signs of a too small size should not be considered because they are too far away
[2]. Because of the small size, the shape and numbers might not be clear enough to be
properly recognized in the classi�cation phase [7][5]. Such signs will be recognized later
when the distance between the car and them gets smaller. Another criteria is the aspect
ratio. Every tra�c sign's height is nearly the same as its width. Therefore, areas where
the proportion is greater than 1:1.4 or 1.4:1 will be discarded. An aspect ratio of 1:1 has
not been chosen because such an aspect ratio is rarely reached due to background noise
and overlapping objects. The remaining areas are retained for further processing.
To prepare these areas for the feature extraction, the background will be removed. Be-
cause support vector machines and the histogram of oriented gradients are quite prone
to background noise, removing it will help to reach a higher precision. OpenCVs method
�ood�ll is used for the background removal [28].

(a) (b) (c)

Figure 4.4: Background removal using �ood�ll. (a) original image, (b) extracted region
of interest, (c) processed region of interest

The area enclosing the white colored spots, which possibly resemble the tra�c sign, will
be colored gray. Afterwards, a gray version of the original image will be created. This
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grayscale image will be used to cut the area of to the region of interest out. Then, this
grayscale region of interest will be mapped to the binary region of interest. That way,
the tra�c sign is in the foreground and the background has a uniform color as shown in
Fig. 4.4.

4.3 Feature extraction

Extracting signi�cant information from an image is essential because those information
help to classify the objects in it. As mentioned in the chapter "State of the Art" , there
are many methods that can be used to extract the distinctive features of an object.

4.3.1 Histogram of Oriented Gradients

A common feature extraction method is the histogram of oriented gradients. It computes
a vector that resembles the change of color and structure in an image. In [29], the authors
Dala and Triggs presented this method in connection with human detection. To compute
the HOG feature, the gradient image must �rstly be calculated [29]. It is obtained by
calculating the dot product of a chosen mask and a vector of the same size containing
pixel values [29]. The mask is sliding, shifted by one, over the image so that each pixel,
besides the ones in the corner, contributes to three dot products [29]. For this, various
kinds of masks have been proposed where the centered 1-D point derivative [1,0,-1] has
been proven to be the most suited one [29]. Therefore, this mask has been chosen in most
implemented versions of the histogram of oriented gradients. This applies also to scikit-
image's implementation, which is being used here. Since the input images are grayscale,
this step outputs only one image gradient. If a colored image would be given as input,
one image gradient for each channel would have been computed and the one with the
highest norm would be used [29].

θ(x, y) = tan−1(
f/y

f/x
) (4.6)

m(x, y) =

√
(
f

x
)2 + (

f

y
)2 (4.7)

In the next step, the histogram of gradients is generated for each cell, which consists of
a speci�c number of pixels [29]. Therefore, the vote and orientation are computed for
each pixel in a cell [29]. The orientation, representing the direction of the gradient, is
computed with the equation in (4.6) [29]. Di�erent functions exist to calculate the vote,
like the square of the magnitude or the square root of the magnitude [29]. Here, the
vote is calculated using the function to compute the magnitude of a gradient (4.7). The
calculated votes are being allocated to the orientation bins according to the orientation
value [29]. The number of orientation bins tells which angle is associated with which bin.
The orientation bins range from 0◦ to 360◦ if the gradient is signed [29]. If the gradient
is unsigned, the bins range only to 180◦, which is the normal case [29]. The gradients
here are also unsigned. The votes in each bin are being added resulting in a histogram
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of gradients for each cell [29].

b =
b√

(‖(b)‖2 + ε2)
with b = block of n × m cells (4.8)

In the �nal step, normalization is performed [29]. In order to make the histogram of ori-
ented gradients feature resistant to lighting changing and contrast, blocks of a previous
de�ned size of cells are normalized using one of the four presented normalization types
in [29]. In this approach, the L2-normalization is applied to blocks of 2x2 cells which
are shifting by one to overlap each other [29]. L2-normalization is calculated using (4.8).
Because scikit-image's implementation of the HOG feature is used, ε = 1e-5 [30]. The
results of the block normalizations form the histogram of oriented gradients descriptor.

Dala and Triggs showed that adapting the variable parameters is an important step in
order to �nd the ones with the best results when using the HOG feature [29]. Especially
the size of the cells and blocks depend on the image size and how detailed the structure
needs to be represented [29]. They found out that nine bins give the best results for their
approach which also applies for this system [29]. The number of pixels has been set to
8x8 to get a rougher result when computing the HOG for all classes. In case of the speed
limit signs, a more precise histogram is needed which is why the number of pixels for the
second HOG feature descriptor has been de�ned as 6x6. As mentioned, the number of
cells per block is 2x2 for both methods.

(a) (b) (c)

Figure 4.5: HOG of a speed limit sign. (a) input, (b) using the parameters for the �rst
feature vector, (c) using the parameters for the second feature vector

A necessary criterion when using the feature descriptors as an input vector for the support
vector machines is a uniform size. In case of the �rst HOG method, the regions of interest
will be resized to 60x60 before the HOG feature descriptor is calculated. This size is large
enough to obtain the shape. But for the second HOG feature descriptor, a larger size is
needed to di�erentiate the numbers. Here it is important to not choose a too large size
because otherwise it would cost too much computation time. Therefore, the images are
resized to 100x100. An example of the di�erence between the two histogram of oriented
gradients is shown in Fig. 4.5. It is visible that the �rst output is much rougher than the
second one where the number is much clearer. Concluding, the resulting feature descriptor
will be �attened before it is used as an input vector in the following classi�cation part.
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4.4 Classi�cation

The last step of the detection system includes the classi�cation where the located regions
of interest are either classi�ed as a speci�c tra�c sign or rejected.
The support vector machine introduced in chapter 3.3 is only able to di�erentiate two
classes. Given that this detection system is supposed to classify six tra�c signs, the
binary version of the support vector machine is not suitable.
Instead, multi-class support vector machines are needed. Two common versions exist:
one-vs-one and one-vs-rest. Because the machine learning module of OpenCV is used,
the multi-class approach one-vs-rest is applied for both classi�ers [31]. This approach
creates M support vector machines for M classes [32]. Each of these classi�ers will be
trained to detect a speci�c class I [32]. The samples of the other M-1 classes will belong to
the second class [32]. Predicting an object using this technique involves using all trained
classi�ers to get M predictions and choosing the class with the largest margin as result
[32]. Unfortunately, this method requires a lot memory while training the classi�ers [32].
In addition to that, the ratio between the classes is always unbalanced [32]. An unbal-
anced number of samples can result in a badly trained classi�er and a bad prediction
accuracy. Since more samples of one class are used while training the classi�er, it will
predict more often the class with the many samples. To prevent this problem, weights
can be added to even this out [17].
In contrast to one-vs-rest where the number of classi�ers equals the number of classes,
the number in one-vs-one can get much larger because it equals the binomial coe�cient
of M and two [32]. But the balance between the two classes is much better [32].

The classi�er's type is C_SVC. This type provides the regularization parameter C and as
described in chapter 3.3.2 allows a small number of outliers in order to separate the data
linearly [17]. Also, the kernel trick has been applied. Even though the most common
kernel is the RBF one, this system uses the histogram intersection kernel. Swain and
Ballard introduced the technique of histogram intersection in 1991 [33]. Back then, the
goal was to develop a new method for color indexing. The �rst time it has been used in
form of a kernel was in [34] for image classi�cation. The histogram intersection kernel
returns a value representing the similarity between two given histograms [34]. The authors
state that histograms are a simple and e�cient way to represent color information making
this kernel so e�cient [34]. In order to apply this kernel, both histograms must have the
same size so that the number of bins is equal [34]. Only then, their pixels can be compared
using the equation

Kint(A,B) =
n∑

i=1

min(ai, bi) (4.9)

with n representing the number of pixels and therefore the number of bins [34]. It has
been stated that this type of kernel is faster and gives a more precise prediction than
other kernels [34].

Both support vector machines have been trained using images of the created dataset.
The training set consists of 20-26 images for each class. A larger number would lead
to a higher computation time with similar results. Contrary to the �rst support vector
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machine, the second one has been trained using only the images of the speed limit signs
since it is supposed to classify only these tra�c signs. In addition to the six and three
classes for the tra�c signs, a class has been added for discarding an input and labeling it
as "no sign". Otherwise, the support vector machines would not have the option to label
an input as no tra�c sign. The regularization parameter C has been set to 10 in both
classi�ers after comparing the system's performance using di�erent C values. The tra�c
signs have been labeled with 1 to 6 for the speed limits signs 30, 50 and 60, the stop,
priority road and yield signs. The additional "no sign" class has the label 0. The speed
limit signs have not been labeled with the same number but keep the label 1,2 and 3 in
the �rst support vector machine in order to prevent an unbalanced number of training
data.
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5 Experiments

Evaluating a new system is an important part of the whole development process. It shows
how well the system works and where its weaknesses are.
The presented system is being evaluated utilizing the results of two experiments. In the
�rst experiment the system's performance is being analyzed using the generated dataset
(chapter 3.2). The second one uses recorded rosbag �les of a driving model car. Three
values are being analyzed: precision, recall and the time needed to process an image.
To calculate the precision, the equation

precision =
true positive

true positive+ false positive
(5.1)

has been used. This value resembles how often an object has been correctly recognized
and how many objects have been wrongly assumed to be that object. Another important
factor is the recall. It re�ects how often an object has been misclassi�ed. The recall is
computed using

recall =
true positive

true positive+ false negative
. (5.2)

The experiments have been performed on a computer with a 2.0 GHz Intel Core i7 CPU
and 8G RAM.

5.1 Experiment 1: Dataset

After removing the training data from the created dataset, 3344 images remain that are
being used for this experiment. There are between 420 and 620 images for each sign.
They include di�erent lighting, angles, distances to the camera and a few blurry images.

Table 5.1 shows the calculated precision and recall values. The precision reached over
90% for each sign, in case of the yield sign even 100%. The lowest precision belongs to
the speed limit sign 30 with 93.3%. However, the recall value is not that high since it is
approximately 77%.
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tra�c sign precision recall
30 93.3% 76.2%
50 97.6% 77.9%
60 96.4% 78.6%
stop 99.8% 76.0%

priority 98.0% 72.5%
yield 100% 81.4%

macro average 97.5% 77.1%

Table 5.1: Exp. 1: precision and recall

To get a more detailed overview on the distribution of the classi�cation, a confusion
matrix is provided by Table 5.2. There, the concrete numbers of correct and wrong
classi�cations and the signs which have been mistakenly classi�ed as other signs can be
viewed. It is visible that the number of correct classi�cations resembles the precision
values. The speed limit signs have been mixed a few times because of their high degree
of similarity. Especially, when a speed limit sign is blurry, the chance of a mix-up is
high. Furthermore, the priority road sign has been mistakenly detected when there was
no sign. Both, the base of that sign and some of the boxes in the robotic laboratory are
yellow leading to such a misclassi�cation. Noticeable is that the false negatives mainly
consist of missed tra�c signs. Accordingly, it can be assumed that if a tra�c sign can be
located, there will be a high chance of correct classi�cation.

predicted class
no sign 30 50 60 stop priority yield

tr
ue

cl
as
s

no sign 133 2 0 0 0 7 0
30 89 349 11 9 0 0 0
50 118 9 483 9 0 1 0
60 114 14 1 477 1 0 0
stop 135 0 0 0 428 0 0
priority 148 0 0 0 0 390 0
yield 79 0 0 0 0 0 346

Table 5.2: Confusion matrix

Another crucial factor is the computation time. The average time needed to detect one
tra�c sign in an image is represented in Table 5.3. The processing time for the speed
limit signs is approximately one third higher than the time needed for the other signs.
This is caused by the application of the second classi�er in case of a speed limit sign. In
total, the processing time lays under 100ms.
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tra�c sign time per image
30 96ms
50 85ms
60 89ms
stop 50ms

priority 62ms
yield 52ms

Table 5.3: Average processing time

5.2 Experiment 2: Driving model car

The second experiment deals with detecting tra�c signs while a model car is driving.
For this task a model car with a velocity of 130 rpm was driving on the outer lane of
the oval route in the robotic laboratory. The tra�c signs have been placed in varying
positions next to that lane. Table 5.4 represents the number of missed and correct and
wrong classi�ed signs. The rosbag �les �ve and six, where most of the signs have been
positioned near a curve, show a higher number of missed tra�c signs than the other �les
where most of the signs have been placed on a straight lane.

tra�c signs correct classi�ed misclassi�ed missed
rosbag �le 1 3 2 0 1
rosbag �le 2 5 3 1 1
rosbag �le 3 16 14 0 2
rosbag �le 4 15 11 0 4
rosbag �le 5 19 7 1 11
rosbag �le 6 6 4 0 2

Table 5.4: Overview of the detected tra�c signs in rosbag �les

The recall values in Table 5.5 are re�ecting the high missing rate, too. Especially the
�fth rosbag �le has the worst recall value due to the many signs placed near and in a
curve. Examples of the di�erent circumstances are shown in Fig. 5.1. However, no matter
where the signs have been placed, the number of misclassi�cations is quite low resulting
in precision values over 70%, mostly even 100%.

�le 1 �le 2 �le 3 �le 4 �le 5 �le 6 macro average
precision 100% 75.0% 100% 100% 87.5% 100% 93.75%
recall 66.7% 60.0% 87.5% 73.3% 36.8% 66.7% 65.2%

Table 5.5: Exp. 2: precision and recall

It is important to remark that those numbers can vary using other datasets. It is not
possible to catch all possible positions and angles in the experiments. Therefore, it is
hard to make a clear statement about the precision ad recall values of a vision-based
system. However, the experiments revealed a lot about the factors that matter in order
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(a) (b)

(c) (d)

Figure 5.1: Detected tra�c signs while a car was driving (a) in a curve, (b) with re�ection
on a sign, (c) with a large distance, (d) with a blurry sign.

to detect tra�c signs properly. It is noticeable that some positions are not optimal for
the system to detect the signs properly. Tra�c signs that are too far on the left or right
side have not been able to be seen by the camera because they have not been in its view
�eld. Another aspect is the placement in or near a curve. Because the model car needs
to steer to follow the lane in a curve, the camera is not able to take clear images in
those situations. These images are so unclear that the tra�c signs in them are not even
recognizable by the human eye.
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6 Conclusion and Outlook

This thesis presented a tra�c sign detection system for the model cars of the research
group autonomous cars. The system has been developed using support vector machines
and the histogram of oriented gradients to calculate feature vectors as input for these
classi�ers. This combination has been proven to be a good choice, especially when using
the histogram intersection kernel with the histogram of oriented gradients. Since the
system has been trained with data created in the environment of the robotic laboratory
of the Freie Universität Berlin, the approach will most likely not work well in an outdoor
environment. Since it has been purposely adapted to the surroundings it will be used in,
many objects outdoors would irritate the system and compromise the performance.

It has been shown that the system is very precise, but it lacks slightly in recall as it
reaches only 77% using the dataset and 65% using the rosbag �les. Such a recall value is
critical for a tra�c sign detection system, especially if it would be used outdoors. Missing
tra�c signs could cause a lot of damage on the streets. The cause of these low recall
values are mainly two factors. It turned out that the placement of tra�c signs plays a
decisive role while detecting them. Signs near a curve will most likely be missed by the
system but signs on a straight line will be detected and in most of the cases correctly
classi�ed. Furthermore, the limited view �eld of the model cars' camera needs to be con-
sidered when placing the tra�c signs. They need to be close enough to the lane the car
is driving on, in order to be able to be recorded. Also, the angle at which a sign has been
placed is a very essential criterium. The other factor leading to these recall values is the
method used to remove the background in a region of interest and the ranges that have
been de�ned for the color segmentation. Removing the background is necessary due to
the sensitivity of the support vector machines to background noise but the used method
needs to be improved.
Nevertheless, the resulted system provides a basis for future work, though it needs to be
adapted to give more reliable results. A few possible adaptations will be described below.

In order to improve the recall, the image preprocessing part needs to be adapted.
Improving the existing method or �nding a di�erent method to remove the background
may be a crucial point. The current method, �ood�ll, relies on a perfectly complete white
area, the border or the tra�c sign, which encloses the inner part. Only then, it is pos-
sible to color the background in gray without taking parts of a tra�c sign and coloring
them, too. Furthermore, the background will sometimes not be removed at all, leading
to too much noise in a calculated histogram of oriented gradients. These factors result
in misclassi�cation and primarily rejection. With a more reliable method, the number of
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missed tra�c signs would decrease.
The color segmentation is another point which needs improvement. Many tra�c signs
have not been detected because their color values did not lay within the de�ned ranges.
But expanding the ranges results in extracting too much background noise as stated in
chapter 4.3. If a method that separates the tra�c signs from the background is added,
the ranges can be expanded and the noise can be removed before the regions of interest
are being further processed. In case of the priority road sign, another color segmentation
to detect white areas would help to make sure that a white area is enclosing a yellow area.
That way, other yellow areas can be rejected reducing the number of misclassi�cation.

To achieve a higher precision, combining the histogram of oriented gradients with other
feature extraction methods could be tested since Ellahyani et al. stated that such a
combination can achieve better results [8]. Moreover, trying out di�erent classi�cation
methods, like neural networks, can result in an overall better performance. In some
papers the usage of neural network has resulted in detection systems that are capable of
real-time processing without compromising the precision and recall [9][4][10]. Of course,
it needs to be taken into account that the hardware used in these papers is more powerful
than the one of the model cars. But with some adaption, neural networks might be
another good classi�er.
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