
Master Thesis 

HALMSTAD 

UNIVERSITY 

Master’s Programme in Information Technology, 120
credits

Detection and intention prediction of
pedestrians in zebra crossings

Information Technology, 30 credits

Halmstad, May 2018

Dimitrios Varytimidis





__________________________________ 
 

School of Information Science, Computer and Electrical Engineering 
Halmstad University 

PO Box 823, SE-301 18 HALMSTAD 
Sweden 

 

Detection and intention prediction of pe-
destrians in zebra crossings 

 
 
 
 
 
 
 
 
 
 
2018 

 
 
 
 
 
 
 
 
 
 
 

Author: Dimitrios Varytimidis 

     Supervisors: Fernando Alonso-Fernandez 

        Cristofer Englund 

         Boris Duran 

 

 

                                     Examiners: Antanas Verikas 

                    Sławomir Nowaczyk 
 
 
 
 
 



 

 



 

 i 

Abstract 

 
 
Behavior of pedestrians who are moving or standing still close to the street could be 
one of the most significant indicators about pedestrian’s instant future actions. Being 
able to recognize the activity of a pedestrian, can reveal significant information about 
pedestrian’s crossing intentions. Thus, the scope of this thesis is to investigate ways and 
methods to improve understanding of pedestrian´s activity and in particular detecting 
their motion and head orientation in relation to the surrounding traffic. Furthermore, 
different features and methods are examined, used and assessed according to their con-
tribution on distinguishing between different actions. Feature extraction methods con-
sidered are Histogram of Oriented Gradients (HOG), Local Binary Patterns (LBP) and 
Convolutional Neural Networks (CNNs). The features are extracted by processing still 
images of pedestrians from the Joint Attention for Autonomous Driving (JAAD) da-
taset. The images are extracted from video frames depicting pedestrians walking next 
to the road or crossing the road are used. Based on the features, a number of Machine 
Learning (ML) techniques (CNN, Artificial Neural Networks, Support Vector Ma-
chines, K-Nearest Neighbor and Decision Trees) are used to predict the head orienta-
tion, motion as well as the intention of the pedestrian.  The work is divided into three 
parts, the first is to combine feature extraction and ML to predict pedestrian’s action 
regarding if they are walking or not. The second is to identify the pedestrian´s head 
orientation in terms of if he/she is looking at the vehicle or not, this is also done by 
combining feature extraction and ML. The final task is to combine these two measures 
in a ML-based classifier that is trained to predict the pedestrian´s crossing intention and 
action. In addition to the pedestrian’s behavior for estimating the crossing intention, 
additional features about the local environment were added as input signals for the 
classifier, for instance, information about the presence of zebra markings in the street, 
the location of the scene, and weather conditions.    
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Chapter 1  

1 Introduction  

1.1 Motivation 

Traffic accidents is worldwide one of the most common causes of death and an-
nually 1.25 million people are killed in traffic whereof 270.000 are pedestrians [1]. 
Hence, safety is a very big issue in urban traffic, as it seems many accidents which 
involve vehicles and pedestrians are proven fatal for the pedestrians [1]. Therefore, 
assistance systems that may improve safety should be developed for road users like 
pedestrians. Such systems are desired to identify possible dangerous situations and 
aid in avoiding collisions by providing warnings of the arising situations [2]. Most of 
these systems, which are used by car manufacturers nowadays, have the ability to de-
tect pedestrians. However, except from the detection further information about the 
scene, surroundings and pedestrian’s behavior is needed for estimating the intention 
of the pedestrian regarding if he/she is about to cross the street or not.  
 

One of the most significant tasks is to interpret pedestrian’s behavior that are 
very close to the curb. Pedestrian’s head orientation is an important factor which re-
veals the pedestrian’s perception about an approaching car. A pedestrian who has 
looked at the vehicle and is aware that the vehicle is approaching, is less likely to cause 
a dangerous situation, which may involve a conflict with the car, than a pedestrian 
who is just walking towards the street without observing the traffic [3]. In addition, 
the motion of a pedestrian is another important hint about the pedestrian’s future ac-
tion because a pedestrian who is walking towards the street might have higher prob-
ability of crossing the street than a pedestrian who is just standing still close to the 
street. According to [4] the pedestrian’s head orientation, and motion were the most 
dominant features (Head, Dynamics in Figure 1) in an experiment about pedestrians 
crossing or waiting intention from the observer’s perspective.  

 
Figure 1: Diagram with categories for pedestrian intention recognition Head (focusing, 

left/right turnings), Legs (foot liftings on the street), Dynamics (running, walking, standing 
still), [4] 
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A system which can interpret pedestrians head pose and pedestrians motion 
should be able also to handle situations such as low-resolution images and environ-
ment with different illumination. Moreover, a system should be capable of performing 
in different weather conditions and during both day or night. Sometimes it is difficult 
to interpret the head orientation in order to discriminate between a pedestrian that is 
looking in your direction, from one who is not, since except from the low resolution of 
an image, a pedestrian might be wearing a hood or a hat which makes it even more 
difficult. Moreover, further information might be useful for estimating the crossing 
intention of a person. Such information could be the age of the pedestrian (adult, 
child), intuitively an elderly person might be more conservative than a younger re-
garding crossing actions. Other elements that may add knowledge to the problem, are 
for example the condition of the street or if there exists a zebra crossing in the street or 
not. 
 
 In previous work, Histogram of Oriented Gradients has been used for identi-
fying people or objects in the scene [5]. Moreover, in [6] [7] HOG features were ex-
tracted from Motion History Images and were used as descriptors with other infor-
mation to predict the crossing intention of a pedestrian. However, in this thesis HOG 
features are used in a different way. For instance, HOGs are extracted from still image 
frames of pedestrians and used to identify both the head orientation and the moving 
pattern of pedestrians. Furthermore, this thesis uses a different approach to detect the 
head orientation and the motion condition of pedestrians. This has to do with the fact 
that still image frames of pedestrians are used to interpret the head orientation and 
the motion by using methods which has not been used for such tasks in related work. 
Those methods are HOGs, CNNs, Local Binary patterns and features extracted from 
CNN. For instance, in other work the head orientation and the motion condition are 
detected by measuring the turning angles of the head by using sensors which are at-
tached to individuals who participate in data collection processes. Moreover, this the-
sis provides an evaluation of all these methods. In addition this thesis presents a dif-
ferent way to predict humans crossing intentions by interpreting the overall behavior 
(head orientation and motion) of the pedestrian and combine these with additional 
information about the scene and the actions of the other road users while in other work 
e.g. [8] they do not exactly predict the crossing intention but rather trying to predict 
the future position of the pedestrian by using dynamic factors like the moving velocity 
or the acceleration of the pedestrian. 

1.2 Goal 

The goal of the thesis is to evaluate methods that can be used for understanding 
pedestrian’s behavior by detecting the head orientation and motion condition. In par-
ticular the goal is to build two separate models, one for detecting pedestrian’s head 
orientation and one for pedestrian’s motion. The aim is to identify the overall behavior 
of the pedestrian in terms of the head orientation and motion condition and then use 
these estimates for predicting crossing intention if the pedestrian will cross the street 
or not.  

 
Since, the behavior of a pedestrian regarding to his/her motion condition and 

head orientation in relation to the surrounding traffic is the basic element that can be 
used to predict what the pedestrian will do next, the present thesis focuses on exam-
ining how to recognize the aforementioned behavior. Head orientation has to do with 
interpreting the head orientation in order to derive if the pedestrian is looking or not 
to a car that is approaching. A pedestrian who has looked at the car is assumed to be 
aware of the approaching car and therefore has paid attention to it. Motion condition 
is used to classify the pedestrians in two categories namely walking or standing still. 
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Therefore, two separate systems need to be developed for understanding the overall 
behavior.  
 

The behavior of a pedestrian may be the basic feature in recognizing pedestri-
ans crossing intention, but it is not sufficient for safe deductions. Hence, the scope of 
this thesis is not only to understand the behavior of the pedestrian but also examine 
what other elements can be used in combination with the behavior for estimating pe-
destrian’s crossing intention. Such elements could be information about the scene for 
example if there are traffic lights on the street, if the street is designed for crossing, 
information about the weather conditions, if it is day or night or information about the 
age of the pedestrian. During developing of this thesis different descriptors and meth-
ods were used for identifying the motion condition and the head orientation. Some of 
these methods and features are calculated using the Histogram of Oriented Gradients, 
Local Binary Patterns, Convolutional Neural Networks and Bag of Words in combina-
tion with Machine Learning algorithms. Furthermore, these features and methods are 
assessed according to how accurate they can discriminate the motion and the head 
orientation condition regarding to walking/standing still looking/not looking respec-
tively. An overview of the thesis approach can be seen in Figure 2. 
 

 
Figure 2: Overview of thesis research objective 
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Chapter 2  

2 Literature Review  

This Chapter introduces previous work that relates to the subject of this thesis. In 
their paper Dalal and Triggs [5] investigate feature sets which are used for recognizing 
objects and they suggest Histogram of Oriented Gradients as a reliable descriptor for 
detecting humans in combination with Support Vector Machine.  

 
Tim Ojala, Matti Pietikhenl, and David Harwood [9] introduced a new model for 

texture analysis. This model proved to be a robust way for describing Local Binary 
Patterns in a texture. In addition, LBPs have been proven to be invariant in rotation 
and grey scale changes [9]. 

 
In [10] Li Fei-Fei and Pietro Perona proposed the Bag of Words approach for com-

puter vision tasks. Bag of Words is an approach which discretizes an image into 
patches. The distribution of these patches is different in each class and a new test im-
age is categorized according to its patch distribution and in which class it fits the most, 
i.e. which class it is closest to.  

 
Alex Krizhevsky, Ilya Sutskever, Geoffrey E. Hinton [11] created a Convolutional 

Neural Network (Alexnet) which participated in the ImageNet Large Scale Visual 
Recognition Challenge competition. Alexnet consists of eight layers where the first five 
are convolutional and the remaining three are fully connected, such architecture con-
tributes to improvement of Networks performance. 
 

The paper of Friederike Schneemann and Patrick Heinemann [6]  focuses on the 
detection of pedestrian crossing intention by using the pedestrian’s interaction with 
elements of the environment. Then, the authors present a feature vector, which de-
scribes the pedestrian’s movement in relation to the road. This context-based feature 
vector is combined with an SVM learning algorithm to detect if pedestrians are about 
to cross the road or not. This approach consist of two main parts. In the first part, a 
feature vector is derived which has two elements: (a) a description of the movement 
pattern of the pedestrian in relation to relevant road edges. This is done in form of a 
context-based Movement History Image (CMHI), which is used to calculate normal-
ized cell histograms of oriented gradients (MCHOG).  The second element of the vec-
tor (b) is a description of the spatial layout of elements of the environment, descriptor 
represents the cross-walk occupancy (COD) and the waiting area occupancy (WOD) 
in the pedestrian’s environment. The final feature vector is created by linking together 
the MCHOG descriptor with both occupancy descriptors. In the second part the fea-
ture vector is classified using a Support Vector Machine (SVM). 
 

The same method is used by Sebastian Köhler, Michael Goldhammer, Sebastian 
Bauer, Konrad Doll, Ulrich Brunsmann, Klaus Dietmayer in [7], but for predicting the 
instant action of a pedestrian who is continuously standing. The authors of this paper 
are focusing on monocular-video-based stationary detection of the pedestrian’s inten-
tion to enter the traffic lane. They propose a motion contour image-based HOG-like 
descriptor, MCHOG, and a Support Vector Machine to make classification of the pe-
destrian’s intention. 
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Zhijie Fang, David Vázquez, Antonio M. López [12] have shown how a CNN-
based on 2D pedestrian pose estimation methods can be used to develop a detector of 
pedestrian intentions from monocular images. On top of a fitted human skeleton, they 
have defined key point relative features, which, together with well-grounded and ef-
ficient machine learning methods (SVM, RF), address the detection of situations such 
as crossing vs. stopping.  
 

Andreas Th. Schulz, Rainer Stiefelhagen in [8] present a novel approach for pe-
destrian intention recognition by using position velocity and head pose as descriptors. 
The model integrates pedestrian dynamics (position velocity) and situational aware-
ness (head pose). They perform classification into 4 separate classes namely crossing, 
bending in, stopping and walking straight. They evaluate the features by doing classi-
fications using one of these features at a time and measure the classification accuracy 
over time series. Then they combine some of the features and measure the accuracy as 
well.  
 

Christoph G. Keller and Dariu M. Gavrila [13] are trying to predict the path of the 
pedestrian and in extension whether he/she will step in to the street. In this paper they 
use augmented visual features (optical flow) with information of the position of the 
pedestrian to recognize the action of the pedestrian and improve path prediction. 
 
 Amir Rasouli, Iuliia Kotseruba and John K. Tsotsos  [14] introduced a novel 
dataset, totally different from the datasets that have been used in studies for tasks like 
intention prediction of pedestrians. The difference lies in the fact that this dataset pro-
vides contextual information about the scene elements regarding to street, as well as 
information about the weather conditions and the time of day and others. Further-
more, pedestrians are manually annotated according to their actions, their age and the 
size of the group that they are coordinately moving with.
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Chapter 3  

3 Methods 

This Chapter briefly describes the methods that are used in this thesis. Those 
methods are used for estimating head orientation (Looking/Not looking) and recog-
nizing the type of motion (Walking/Standing). Furthermore, this Chapter presents 
Machine Learning techniques which are used and applied in this thesis. In particular, 
each method with its primary characteristics, is briefly described in separate Sections 
through this Chapter.  

3.1 Histogram of Oriented Gradients 

Histogram of Oriented Gradients (HOG) is a feature descriptor introduced by 
Dalal and Triggs [5] for detecting humans in images. HOG descriptor is based on gra-
dient computation and orientation within the area of an image. 

3.1.1 Characteristics of the Descriptor 

A Histogram of Oriented Gradients is a feature descriptor where occurrences 
of gradient orientations are counted in several areas of rectangular shape of an image.  
HOG descriptors are composed by elements, where pixel information of parts of the 
image is used to perform spatial clustering of gradient orientations. 
 
Characteristics of HOG  
 
Cells: 

A cell, is defined as a square structure which covers an area of pixels of the 
primary image, where the orientation and gradient magnitudes are computed by the 
aforementioned pixels.   
 
Histogram Bins:  

Every cell includes a gradient orientation histogram with β number of bins. 
Each pixel which is included in the cell area casts a weighted vote for the histogram 
according to values resulted in the gradient computation 
 
Block:  

A block, is defined as a square structure which covers σ × σ cells. Blocks are 
used for contrast-normalization. Cells are connected together into larger blocks and 
these blocks overlap between each other which results in that cells contribute more 
than one time to the computation of the final feature vector. 
 
Descriptor:  

Eventually, the entire feature descriptor is composed by all normalized histo-
gram bins from every block. An one dimensional vector contains all these values.   
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Figure 3 Histogram of orientations descriptor elements with σ=2 sized blocks(red) and β=4 
orientation bins (green) 

 

3.1.2 Description of image processing by using HOG 

 
Figure 4 Algorithmic process, for determining Looking/Not looking by using the HOG de-
scriptor. 

Essentially, the algorithm consists of the following steps: 
1. The image should be divided into small connected areas (cells). For each cell a 

histogram of oriented gradients should be computed for the pixels included in 
the cell 

2. Then, according to the gradient orientation, each cell is discretized into angular 
bins. 

3. Every pixel within a cell contributes with a weighted gradient to its corre-
sponding angular bin. 

4. Groups of adjacent cells compose spatial regions called blocks. The grouping 
of cells into a block is the basis for grouping and normalization of histograms. 

5. A block histogram is represented by normalized group of histograms of all 
cells within the block and finally the feature descriptor is represented by the 
set of all these block histograms within the image. 
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3.1.3 HOG descriptor details 

The primary image features which are used in the process are the values of the 
gradients which are computed by filtering 1-D centered derivative operators in one 
direction or both of the vertical and horizontal directions.  A convolution with a simple 
difference operator is used by the authors in [5]  for calculating the gradients of an 
image I. 

 

	Ix	=	I	∗	[−1,	0,	1]												Iy	=	I	∗	[−1,	0,	1]	T					 (	Equation	3.1)	

For every pixel position, the gradient magnitude and orientation can be ob-
tained by the following calculation:  
 

|∇I|	=<(Ix			 + 	Iy)											arg(∇I)	=	arctan(	ABAC	)						 (	Equation	3.2)	

 
In the next step, all gradient orientations need to be discretized into b discrete 

bins. Histogram bins are calculated for each cell of the descriptor. Every cell contains 
a local 1-D histogram of gradient directions over the pixels of the cell. When all histo-
grams are computed, block building and normalization complete the descriptor. As it 
was mentioned above blocks are composed from cells, these cells are normalized as a 
group when all histogram values of cells in a block are added in a vector. All block-
normalized histogram bins are put in a large vector and compose the final descriptor. 

3.2 Local Binary Patterns 

Local Binary Patterns (LBP) is a powerful feature descriptor which is mostly 
used for classification tasks within Computer Vision. What a LBP actually does is to 
label the pixels of an image with decimal numbers and the local structure around every 
pixel is encoded by these labels [15]. 

3.2.1 Process of LBP 

The algorithmic process of LBP goes like this: 
• The input image is divided into cells.  
• Then, the value of each pixel in a cell is compared separately with the value of 

each of the adjacent pixels in a 3x3 neighborhood [9].  
• The value 1 will be assigned to a pixel if the value of this pixel is larger than 

the value of the neighborhood centered pixel, otherwise the value 0 is assigned 
to the pixel.  

• Then, the values of all neighbor pixels are concatenated with clockwise or 
counter clockwise order and an 8-digit binary number is produced.  

• Then, this 8-digit binary number is assigned to the centered pixel and is con-
verted to decimal which is the LBP value. In the next step, after all LBP values 
are computed for every pixel in the image, a histogram of the concurrency fre-
quency of LBP value is computed.   

• The final feature vector is the histogram which contains information about how 
many times each LBP value has appeared in different pixels within the image. 
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Figure 5 Example of Local Binary Patterns [15] 

 

3.2.2 Gray Scale and Rotation invariance of LBPs 

In [9] the authors start the derivation of the gray scale and rotation invariant 
texture operator by defining texture T in a local 3x3 neighborhood of a monochrome 
texture image as the joint distribution of the gray levels of P pixels: 

 

T=	t	(gc,	g0,…..,gp-1)			 	 (	Equation	3.3)	

 
gc represents the gray value of the centered pixel in the local neighborhood, while gp	
(p=0,…….,P-1) represents the gray values of the neighboring pixels. 
 

3.2.3 Gray scale invariance  

In the first step towards gray scale invariance, the gray value of the centered 
pixel (gc) is subtracted from the gray values of every surrounding pixel.  

 

T=t	(gc,	g0-gc,	g1-gc…...,gp-1-gc)			 	 (Equation	3.4)	

 
Then the authors factorize Equation	3.4 by assuming that differences gp-gc.: are 

independent of gc 

 

T=t(gc)t	(g0-gc,	g1-gc,…..,gp-1-gc)	 	 (Equation	3.5)	

 
The overall luminance of the image is described by the distribution t(gc) in 

Equation 3.5 and the information provided by this is not valuable for texture analysis. 
Therefore, much of the information from the authentic joint gray level distribution 
(Equation 3.3) about the textual attributes is propagated by the join different distribu-
tion [9]: 

 

T=t(	g0-gc,	g1-gc,…..,gp-1-gc)			 	 	 (Equation	3.6)	
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The gray scale invariance is achieved by only considering the signs of the dif-
ferences in Equation 3.6 instead of their exact values  

 

T=t(sign(g0-gc),	sign(	g1-gc),	…,	sign(gp-1-gc))		 	 (Equation	3.7)	

 
Where: 

	sign(x) = O0, x < 0
1, x ≥ 0			 (Equation	3.8)	

Equation 3.8 can be transformed into a unique LBPP,R number which character-
izes the spatial structure of the local image texture by assigning a binomial factor 2P 
for every sign(gP-gC) [9] :      

 

LBPW,X ∑ sign(gZ	 − 	g[)2WW\]
Z^_ 	 (Equation	3.9)	

 
If R is set to 1 and P to 8, LBP8,1 is derived which is similar to the LBP described 

before. P is the number of neighbors of the center pixel while R is the value of the 
radius which forms the circular pixel neighborhood. The basic two differences be-
tween those two operators are: 1) In LBP8,1 the pixels in neighbor region are indexed is 
such a way that they form a circular chain and 2) gray values of diagonal pixels are 
determined by interpolation [9]. 

 
Figure 6 The circularly symmetric neighbor set of eight pixels in a 3x3 neighborhood. 

3.2.4 Rotation Invariance 

 In total, 256(28) different values are produced by the LBP8,1 operator, that means 
256 different combination of binary numbers can be formed by 8 pixels in a neighbor-
hood. In case that the image is rotated all gray values will move accordingly around 
the centered pixel. Because g0 is always assigned to be the gray value of the element 
right to the centered pixel, a rotation of the image will give different LBP8,1 value, this 
is the effect of rotation. To avoid this, a unique identifier needs to be assigned to each 
rotation invariant combination of binary digits, the authors in [9] define:  

LBPabcde = min	{ROR(LBPa, i)			i = 0,1,… . . ,7			}		 	 (Equation	3.10)	

ROR(x,i) rotates in circular manner the 8-bit number x i  times [9].  Essentially, Equa-
tion 3.10 corresponds in rotating all neighbor pixels of the centered pixel so many 
times that the value of the most significant bits of the 8-bit number will be 0 and thus 
the number will be the minimum.  In Equation 3.10, the superscript of LBP8ri36	declares	
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that	LBP	can	have	36	different	values	of	36	unique	rotation	invariant	combinations	of	bi-
nary	digits	Figure 7.	Therefore,	what	the	LBP8ri36	actually	does	is	to	decrease	the	number	
of	256	LBP	values	to	36	unique	LBP	values	which	are	also	invariant	to	rotations [9].	These	
combinations	 of	 the	 binary	 digits	 form	 patterns	which	 are	 essentially	 the	 feature	 de-
scriptors	[9].	For	instance,	pattern	0	in	Figure 7	correspond	to	a	bright	spot	while	pattern	
8	corresponds	to	dark	spot	and	pattern	4	corresponds	to	edges.	Another	interesting	case	
of	LBP	patterns	are	the	Uniform	patterns.	They	are	called	uniform	because	the	transitions	
from			0	to	1	are	at	most	2	in	the	8-digit	binary	number.	It	is	also	stated	that	the	majority	
of	LBP	values	that	appear	in	an	image	are	uniform	[9].	There	are	58	uniform	binary	pat-
terns	in	in	case	of	an	8-pixel	neighborhood.	In	Figure 7	only	the	first	9	(0-8)	binary	pat-
terns	are	uniform.			
	
	
	

 
Figure 7 The 36-unique rotation in variant binary patterns that can occur in the eight pixel circularly 
symmetric neighbor set. Black and white circles correspond to bit values of 0 and 1 in the 8-bit output of 
the LBP8 operator.  The first row contains the nine ‘uniform’ patterns, and the numbers inside them 
correspond to their unique LBP8riu2 values [9] 

3.3 Convolutional Neural Networks 

3.3.1 Description of Convolutional Neural Networks 

 Convolutional Neural Networks (CNNs) are a class of Artificial Neural Net-
works (ANNs) that can cope accurately with image classification problems [16]. Their 
architecture and methods are quite relevant to the existing methods of modeling arti-
ficial neural networks. CNNs consist of artificial neurons with learnable parameters. 
Moreover, CNNs include parameters whose values are not set during training and 
whose values has to be set before the learning process starts (hyperparameters). Those 
hyperparameters are the depth, stride and the zero-padding. Depth is the number of 
the filters in each convolutional layer. Stride defines the number of pixels which the 
filter slides. Zero-padding is a hyperparameter which is used to maintain the size of 
the input to the output by padding zeros to the boarders of the input. Some of the most 
known learnable parameters are weights and bias [16]. Each neuron accepts a vector 
(X) as an input and extracts the inner product of its weights (W) with the input, adding 
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bias (b) [17]. 

 

	Y = F(X) = f(Wz ∙ X + b)		 	 (Equation	3.11)	

 
Several layers compose a Convolutional Neural Network, there is one input 

and output layer, as well as several hidden layers. Finally, CNNs continue to have a 
loss function at the last layer. The typical artificial neural networks receive an input 
vector and transform it, through a hidden layer array, into an output vector. The main 
reason that typical ANNs cannot be used for image classification problems is that, as-
suming as an input a 227x227x3 image, a neuron fully connected with the input, would 
consist of (227x227x3 =) 154.587 weights. So, having several neurons of 154.587 weights 
each, in one layer would be costly. The purpose of CNNs is to learn features. CNN 
networks are used in most high-level image processing algorithms nowadays. 

3.3.2 Architecture of CNNs 

A CNN consists of: 
1. Convolutional layers. 
2. Activation functions. 
3. Pooling layers. 
4. Fully connected layers. 
5. Error functions / Loss functions (which lead to the learning process). 

Each level is parameterizable through its hyper-parameters. There is no specific 
way of structuring CNNs or choosing the hyper-parameters of the layers to create a 
CNN that can be used with absolute success. However, there are some general as-
sumptions: 

• The convolutional layers are placed at the beginning of the CNN. The purpose 
of Convolutional layers is to extract features by convolving the input image 
with filters  
 

• ReLU (Rectified Linear Unit) is used after every convolution process. Non-Lin-
earity is introduced by using ReLU and this is achieved by replacing all the 
negative values on the feature map with zero. 
 

• The process of pooling is applied between two convolutional layers in order to 
further reduce the vector space of the features [17]. 

 
• Fully connected layers are placed at the end of the CNN in order to create the 

decision model. 
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Figure 8 : A simple CNN. Source https://www.analyticsvidhya.com/blog/2017/06/archi-
tecture-of-convolutional-neural-networks-simplified-demystified/ 

3.3.3 Convolutional layer 

The convolutional layer is one of the basic characteristics of a CNN. In this 
layer a square matrix (filter) slides through over the input image and performs convo-
lution between the entries of the filter and the part of the input image which is covered 
by the dimensions of the filter. This process needs to be done until the whole input 
image is covered.  

3.3.4 Pooling layer 

 Pooling is a significant part of CNN. A pooling process is a non-linear down-
sampling process and the one which is used more often is the max pooling function. In 
this step, the input image is separated into discrete non-overlapping rectangle shaped 
regions. The max pooling function is then applied to each region specifically and out-
puts the maximum value of each region.  
  

 

Figure 9 Max pooling with a 2x2 filter and stride=2 source:https://upload.wiki-
media.org/wikipedia/commons/e/e9/Max_pooling.png 
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3.3.5 Fully Connected layer 

Fully connected layers are placed after several convolutional and pooling lay-
ers. The purpose of the fully connected layer is to use the features extracted from the 
previous layers (convolution, pooling) for classifying the input image into classes. All 
neurons of a fully connected layer are connected with all activations of the previous 
layer.  

3.3.6 Loss layer 

 Usually the final layer is a Loss layer. It is the layer where the error measure is 
specified. For example, Euclidean and Cross-entropy are loss functions which are usu-
ally used in this layer. 
 

3.3.7 AlexNet 

 AlexNet is a Convolutional Neural Network developed by [11] and partici-
pated in the ImageNet Large Scale Visual Recognition Challenge. In the contest 
AlexNet was trained to classify 1.2 million different images into 1000 different classes 
and achieved top-1 and top-5 error rates of 37.5% and 17.0% on the test dataset, while 
the second-best error rate achieved during the ILSVRC- 2010 competition was 47.1% 
and 28.2%.  

3.3.8 Architecture of AlexNet 

 AlexNet consists of eight weighted layers, where the first five are convolu-
tional layers and the last three are fully connected layers. The output of the last fully 
connected layer is given to 1000-way softmax which returns a distribution over the 
1000 different class labels. The input image’s size is 227x227x3. The first convolutional 
layer has 96 kernels and size 11x11x3. The output of the first convolutional layer is fed 
as an input to the second convolutional layer which has 256 kernel and size 5x5x48. 
The third layer has 384 kernels of size 3x3xx256. The fourth layer has 384 kernels of 
size 3x3x192 and the fifth convolutional layer has 256 kernels of size 3x3xx192. Each 
one of the last fully connected layers has 4096 neurons. An overview of AlexNet archi-
tecture can be seen in Figure 10. 
 

 

Figure 10 AlexNet Architecture  [11] 
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3.4 Bag of Words 

 Bag of Words (BoW) is a technique which is used mostly for document classi-
fication. BoW simplifies text data in such a way, that it can be used in Machine Learn-
ing Algorithms. In this technique, a text, which can be either a document text or just a 
sentence, is represented as set (bag) of its own words. The occurrence of each word in 
this set is used as feature and therefore, needs to be counted. 
Example (the following example was taken from wikipedia webpage https://en.wik-
ipedia.org/wiki/Bag-of-words_model#cite_ref-1) : 
 
(1) John likes to watch movies. Mary likes movies too. 
 
(2) John also likes to watch football games. 
 
A list based on these two sentences is derived: 
"John","likes","to","watch","movies","Mary","likes","mov-
ies","too" 
 
"John","also","likes","to","watch","football","games" 
 
And from this list two objects are produced where each word is a key and the corre-
sponding number of every key, is the frequency of occurrence of that word in the text. 
BoW1={"John":1,"likes":2,"to":1,"watch":1,"mov-
ies":2,"Mary":1,"too":1}; 
BoW2={"John":1,"also":1,"likes":1,"to":1,"watch":1,"foot-
ball":1,"games":1}; 
Then, two vectors are derived, one for each of those sentences. The numbers in these 
vectors represent how many times a word appeared in the text. 
(1) [1, 2, 1, 1, 2, 1, 1, 0, 0, 0] 
(2) [1, 1, 1, 1, 0, 0, 0, 1, 1, 1] 
 
Every word is located in the same column in both vectors. For instance, the first entry 
in both vectors corresponds to word “John”, value 1 means that this word appears 
only 1 time in the sentence. The second entry corresponds to word “likes” which 
appears two times in the first sentence and one in the second.  

3.4.1 Bag of Words in computer vision 

Bag of Words in computer vision follows almost the same procedure, but the 
difference is that in computer vision instead of word counting, the BoW model treats 
image features as visual words. Three steps are demanded for an image to be simu-
lated as a document and to be processed by a BoW model. Those steps are: feature 
detection, feature description, codebook generation [10]. 

3.4.2 Features and Codebook 

In [10] the authors represent all images from their dataset as a collection of local 
patches. Each patch represents a visual word or codeword. A set of visual words is a 
visual vocabulary or codebook. Then every different class of images is represented by 
different distribution of these visual words. The purpose of this method is to build a 
model which can assign an unknown image (or images) to the class which has the most 
similar distribution of codewords with the distribution of the unknown image. In [10] 
they use 4 different methods (Evenly sampled grid, Random Sampling, Kadir and 
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Brady Saliency Detector, Lowe's DOG Detector) to extract local patches (feature detec-
tion). Then, two different representation methods (Normalized 11x11 pixel gray val-
ues, 128-Dimensional SIFT Vector) are used to describe all the extracted features (fea-
ture description). In the next step all features are clustered by using the k-means algo-
rithm and the center of each cluster corresponds to a codeword. All the codewords 
together compose the codebook.   

 

 
Figure 11 Example of images of different classes which was used in [10] 
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Figure 12 The codebook which was derived in [10] and consists of different patches 

which are essentially the codewords 
 

3.5 Machine Learning Algorithms 

3.5.1 Decision Trees 

Decision Trees (DT) is one of the most well-known Inducted Learning algo-
rithm and has been successfully applied in many areas where classification is required. 
The DT algorithm leads to the creation of a tree-like formation whose leaf nodes [18] 
are classes. This tree form can also be read as a set of rules called classification rules. 
 
For the description of a Decision Tree we can say that: 
 

• The root of the tree is one of the features the algorithm finds more important 
to choose first. 

• Each node of the tree is named with the name of a feature that has not been. 
• Each branch is assigned with a different value which are the possible outcomes 

of the node. 
 
In DT splittings are done by trying to find which features best separate the 

data. In order to decide the best feature selection, the algorithm is based on the con-
cepts of entropy and gain of information. Entropy characterizes the degree of uncer-
tainty of a dataset S: 

 

		Entropy(S) = −∑ pc}
] 	log	(pc)	 	 (Equation	3.12)	
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The algorithm uses entropy as a measure of purity of nodes. If all samples of the train-
ing set are homogeneous for a class, then its entropy equals to zero. Entropy of a node 
can reach its maximal value if all the possibilities are equally likely.  

3.5.2 Artificial Neural Networks 

The term Neural Networks describes a number of different mathematical mod-
els inspired by corresponding biological models, i.e. models that try to mimic the be-
havior of neurons in the human brain. Artificial Neural Networks (ANN) process in-
formation by responding to external stimuli (inputs). Each artificial neuron consists of 
multiple inputs xi and a single y output. Each input xi is "weighted" with a weight wi 
and the results are summed through the summation function F: 

 

	F = ∑ wcxc}
c 		 	 (Equation	3.13)	

 

Brief description of ANN: 
 

• ANNs are usually organized into levels, which are also called layers. Layers 
consist of a number of units or nodes that are interconnected in such a way that 
one unit has links to many other units of the same or another level. 

• The units act on other units by stimulating them by activation. To achieve this, 
the unit receives the weighted sum of all the inputs through the connectors and 
produces a single output through the transfer function. 

• Inputs are given to the network through the input layer that communicates 
with one or more hidden layers. Hidden layers are linked to the output layer 
from which the response is extracted. 

  
Basic elements of the architecture of the ANNs that need to be defined when they are 
created are: 
 

• The number of intermediate hidden layers, 
• The number of units (or nodes) per layer, 
• The form of the transfer function, 
• The initial weights between units, 
• The Training rules   

 

3.5.3 Support Vector Machine 

 Support Vector Machine (SVM) is a category of supervised learning algorithms 
which is used for classification and regression tasks. They were first developed by 
Vapnik and his partners at AT&T Bell Labs in 1992 [19].The classification of data is 
based on finding an optimal hyperplane which separates the data by creating maxi-
mum margin. In cases where the linear discrimination is impossible, all data is trans-
ferred to higher dimensions for making easier the separation process.  
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The ability to generalize by using SVM on non-linear data is based on the ker-
nel trick. The SVM classifier tries to find a decision hyper-plane that separates all the 
training examples in such a way that the examples belonging to the same category are 
on the same side of the hyperplane. Among all probable hyperplanes, SVM searches 
for the hyperplane where the distance from the closest example is maximum, i.e. seeks 
a maximum margin.  

The decision hyperplane for a set of N training examples {(x,	y)}	N and two 
classes y	∈	{−1,1} is defined as follows:  

	wTx	+	b=0	 	 (Equation	3.14)	

– w is a weight vector  

– x is input vector of sample x	Î(x1,	x2,…,xn) 

And the margin is defined: 

margin = �
‖�‖

		 (Equation	3.15)	

 

3.5.4 K-Nearest Neighbor 

This classifier is a simple classifying method [18]. The k-nearest neighbor clas-
sifier (KNN) generates its knowledge base by storing all training data. To classify a 
new example, the stored data is used to find a specific number (k) of the most similar 
training examples (closest neighbors), according to a metric distance. The new exam-
ple is assigned to the category that is predominant among its closest neighbors. How-
ever, KNN might have computational problems, since calculating the distances be-
tween all samples and a query instance can be time consuming especially if the size of 
the stored data is too big. Another thing that might be a drawback of KNN is when 
the data has high dimensionality, in such cases the closest neighbors can be far way. 

3.6 Discussion of methods 

The majority of the methods that have been selected for consideration to be used 
in this thesis were selected and tested based on the guidance provided by the super-
visors as well as related work from the literature. The previous work studied concerns 
the same topic as for this thesis and both techniques performance was considered in 
the final selection. Histogram of Oriented Gradients is one of the methods selected 
because of its efficiency in image analysis tasks. They are particularly well suited for 
object or human detection. As Dalal and Triggs mention [20], HOGs are powerful de-
scriptors which outperformed the existed edge and gradient-based descriptors in their 
experiments. Another method that was selected was the Local Binary Patterns which 
is a strong tool for texture analysis. Information about orientation of texture and 
coarseness can be extracted by histograms of LBP values, while the contrast can be 
characterized by local grey scale variance [9]. Thus, LBP was used for its efficiency in 
texture classification tasks. One of the methods which was selected and used to inter-
pret the overall behavior of pedestrians in this thesis was Convolutional Neural Net-
works because of their efficiency in the field of image analysis tasks. CNNs have 
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developed and applied in many practical applications like image recognition and 
speech recognition tasks. Furthermore, CNNs seems to be a method which can pro-
vide good results, since it has outperformed other methods in competitions like 
Imagenet [11]. The classification methods that were used in this thesis are the most 
common methods that usually selected for classification tasks. Especially SVM seems 
to be the most popular classifier since it is the main classification method in related 
works  [5] [7] [13] [21]. 
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Chapter 4 

4 Experiments and results  

This Chapter gives a description about how experiments were made during this 
thesis for each separate method. Furthermore, the results produced after the experi-
ments are provided through this Chapter as well as some brief description about the 
dataset that was used.  The dataset that was used in this thesis was the Joint Atten-
tion for Autonomous Driving dataset which was presented in [3] [14] [21] [22].  

4.1 Dataset – Joint Attention for Autonomous Driving (JAAD) 

Designing systems for autonomous vehicles which will be able to predict instant 
actions of pedestrians remains a very challenging problem. One of the most significant 
issues faced by those systems is how to comprehend the movement of pedestrians and 
finally estimate their next move. Pedestrians possess a high variability of movement 
patterns, they can change their moving direction within a short time period or sud-
denly start or stop.  
 

A suitable dataset which captures all the information needed related to pedes-
trians and the environment surrounding them is a key aspect to build a system, based 
on Machine Learning techniques, which will be able to classify pedestrian’s actions. 
Most of the existing available datasets focus on human detection, however, the authors 
in [3] [14] [22] [21] present a novel dataset providing bounding boxes for pedestrians 
along with behavioral and contextual annotations for the scenes. 

 
The JAAD dataset was created to enhance the studying of traffic participant’s 

behavior. The dataset contains 346 video clips ranging from 5 to 15 seconds in time 
duration with a frame rate of 30 fps. Those video clips were captured in North America 
and Europe. The clips from the dataset were captured from approximately 240 hours 
of driving [21]. The videos represent various traffic scenarios where pedestrians and 
vehicles interact. Two vehicles where used for the purpose of capturing the videos. 
Those vehicles where equipped with wide angle video cameras which were mounted 
inside the vehicle in the center of the windshield. Table 1 describes the location and 
the type of cameras that were used to record the videos. 

 
Table 1 : Locations and cameras used to record video in JAAD dataset 

Location Resolution Camera model 
North York, ON, Canada 1920 × 1080 GoPro HERO+ 
Kremenchuk, Ukraine 1280 × 720 Highscreen Black Box Connect 
Hamburg, Germany 1280 × 720 Highscreen Black Box Connect 
New York, USA 1920 × 1080 GoPro HERO+ 
Lviv, Ukraine 1920 × 1080 Garmin GDR - 35 
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This dataset comes with three types of ground truth annotations: bounding 
boxes for detection and tracking of pedestrians, behavioral tags indicating the state of 
the pedestrians and scene annotations listing the environmental contextual elements 

 
Bounding boxes 
 
The dataset provides three types of id:s for the people included in the scene: 

1. pedestrian: the pedestrian with behavioral tags 
2. ped: for all the bystander pedestrians in the street 
3. people: for groups of people where the discrimination of individuals 

was difficult to be done 
 
Behavioral tags 

 
The behavioral information indicates the type and duration of pedestrians’ ac-

tions. These can be: standing still, moving slow or fast, looking, slow down and speed 
up. Furthermore, complementary tags are also provided which give information about 
the demographics of the pedestrians such as age (child, adult) and gender. 

 
Contextual tags 

 
A contextual tag which captures the scene elements is assigned to each frame. 

Those contextual tags provide information about the number of lanes, the location 
(garage/parking lot), the existence of signals, zebra-crossings or traffic lights in the 
surroundings, the weather (sunny, cloudy, snow or rainy) and the time of day (day-
time, nighttime).  

 

 
Figure 13: Example of annotations provided in the dataset: bounding boxes for all pedestri-
ans, behavioral labels, gender and age for pedestrians crossing or intending to cross, contex-

tual tags (weather, time of the day, street structure) 
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Figure 14: Examples of different weather situations 

4.2 Video-based data selection  

This Section describes the way of selecting the data for running the experiments. 
Two sets were created, one for the head orientation task and one for the motion recog-
nition task. Those two sets contained frames of pedestrians. Every frame was labelled 
according to the state of the pedestrian and to the task which has been used for. In 
particular, every frame in the head orientation set was labelled either as “Looking” or 
“Not looking”, while in motion estimation set every frame was labelled either as 
“Walking” or “Standing”. All this information about the state of pedestrian (Looking/ 
Not looking, Walking/Standing) as well as the bounding boxes for every pedestrian 
in the scene provided by the JAAD dataset. Each frame of pedestrian was cropped in 
the region of interest. Region of interest is determined according to the task (head ori-
entation, motion estimation). For instance, the focus in the head orientation task is the 
area where the head of the pedestrian is depicted. Thus, the frames for head orienta-
tion task were cropped in the top third of the image, an example can be seen in Figure 
32. For the task of recognizing the type of motion of a pedestrian the focus is on the 
legs because foot stance can yield the presence of gait. Therefore, every frame which 
was used for motion estimation task was cropped in the bottom half of the image, an 
example can be seen in Figure 36.  

 
In the next step, the two sets of each task were split into two subsets. One subset 

was used for building a classifier which was later used for making predictions in the 
other unseen subset. The two subsets which were used, one for building the classifier 
and one for making the predictions, contained frames from different videos. In this 
approach of selecting the data, frames of pedestrians from video clips were used for 
building a classifier and then the classifier was used to make predictions on frames 
from different video clips. The subset which was used for building a classifier com-
posed from all pedestrian frames from each video in the training set, but not from all 
available videos. All frames from the remaining videos were used for making predic-
tions by the classifier, an example can be seen in Figure 15. Actually, this approach of 
selecting data can be characterized as video-based 
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Figure 15: Example of how the frames of different video clips were distributed for building a 
classifier (blue) and for making predictions (green). Each rectangular shape in the Figure rep-

resents a video sequence of frames. 

4.3  Overall results for behavior estimation (video-based data selec-
tion) 

This Section presents the overall results for pedestrian behavior estimation by 
using data selected by the approach described in Section 4.2. The number of samples 
of different pedestrians in frames in the training set of this Section is limited, since only 
the pedestrians of some videos appear in the frames which are used for building a 
classifier. The results of the experiments can be seen in the following tables:   

 
 

Table 2: Performance of different methods for head orientation estimation 

        
Table 3: Performance of different methods for motion estimation 

 
 
 
 

Overall Results for Head orientation estimation (Looking/Not looking) 
Histogram of Oriented Gradients 

HOG+SVM  72 % 
Local Binary Patterns 

LBP+SVM  57 % 
Convolutional Neural Network 

CNN features + SVM 70 % 

Overall Results for Motion estimation (Looking/Not looking) 
Histogram of Oriented Gradients 

HOG+SVM  81 % 
Local Binary Patterns 

LBP+SVM  76 % 
Convolutional Neural Network 

CNN features + SVM 85 % 
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Table 4: Confusion Matrix for Head orientation by using CNN features with SVM 

 

 
 

Table 5: Confusion Matrix for Head orientation by using HOG features with SVM 

 

 
 

Table 6: Confusion Matrix for Head orientation by using LBP features with SVM 

 

 
Table 7: Confusion Matrix for Motion estimation by using CNN features with SVM 

 
 
 
 

 
 Table 8: Confusion Matrix for Motion estimation by using HOG features with SVM 

 
 
 
 
 
 

Table 9: Confusion Matrix for Motion estimation by using LBP features with SVM 

 
 
 
 
  

The poor performance of the classifiers in this Section might be a result of differ-
ent quality of frames in the training set and in the test set (Figure 16). This means that 
the number of good quality frames in the training set might be larger than the number 
of good quality images in the test set. Therefore, the test set might have more bad im-
ages and thus classifiers might have difficulties in recognizing different classes, since 
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SVM using CNN features Looking Not looking 
Looking 66 % 34 % 
Not_Looking 82 % 17 %  
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 Predicted Classes 

SVM using HOG features Looking Not looking 
Looking 69 % 31 % 
Not_Looking  79 % 21 %  
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SVM using LBP features Looking Not looking 
Looking 57 % 43 % 
Not_Looking 60 % 40 %  
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SVM using CNN features Standing still Walking 
Standing still  89 % 11 % 
Walking  83 % 17 % 
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SVM using HOG features Standing still Walking 
Standing still  87 % 13 % 
Walking  78 % 23 % 

Tr
ue

 
C

la
ss

es
 Predicted Classes 

SVM using LBP features Standing still Walking 
Standing still  77 % 23 % 
Walking  75 % 25 % 
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they are trained in frames which are clearer and this makes classifiers to be less toler-
ant to bad quality images. 

     

 
 Figure 16: Example of pedestrian frames with same labels with good quality (left) 

and bad quality (right)  

Another factor that might has affected the performance of the classifiers might 
be that the data is limited. This means that the number of samples of frames with dif-
ferent pedestrians is restricted, so the classifiers are trained only in a small variety of 
frames with different pedestrians. Moreover, the pedestrians who appear in the videos 
might be dressed in such way that the classifier is having trouble to classify correctly. 
For instance, in some videos pedestrians are wearing hats or hoods (Figure 17), so a 
classifier which is used for head orientation and is trained with more frames of pedes-
trians who are not wearing hats might have difficulties in identifying the head orien-
tation of a pedestrian in the test set who wears a hat. Furthermore, the performance of 
the classifiers might have been affected from the fact that the frames of separate videos 
have different brightness conditions. So, the classifiers might be trained with frames 
which are bright and then used to make predictions on frames which belong to the 
rest of the videos and might be darker.  

    
 

 

Figure 17: Examples of frames where pedestrians are wearing hats or hoods 
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4.4 Frame-based data selection  

In this approach of data selection, images with different labels from the same 
or different pedestrians but from the same video were in both of the sets. Examples 
can be seen in  Figure 18, Figure 19, Figure 20 in Figure 21 and in Figure 23. Moreover, 
some pedestrians appear to have only some specific behavior. In some cases, for ex-
ample, some pedestrians are only walking without looking in one video sequence. In 
other cases, pedestrians are only standing while the car passes. In addition, there are 
cases of pedestrians who have the same behavior in several frames but, the back-
ground of the scene or the capturing angle of the pedestrian is different (Figure 22). In 
other cases, there are frames from the same video where different pedestrians with 
different labels are depicted (Figure 23). The frames of those pedestrians are only in 
one of the sets. Therefore, frames from the same clip are in both of the sets, but those 
frames have either different labels (Figure 18, Figure 19, Figure 20) or they are different 
from the optical perspective when they have same label (Figure 22) or in other cases the 
pedestrian is different (Figure 23). An illustration of this approach of selecting data can 
be seen in Figure 24.  

 
Essentially, this approach of selecting data could be characterized as frame-

based distribution. The purpose of selecting the data in this way is to simulate the 
performance when the system is trained with much more data. This means that the 
classifiers which are trained by using data selected according to the approach of this 
Section are trained with more variety of different pedestrians than the classifiers of the 
previous Section. The purpose of applying this approach of selecting the data is to 
build classifiers which are trained by using much more data samples. This means that, 
the classifiers are trained now in a bigger variety of frames with different conditions. 
For example, more frames of separate videos with different brightness conditions or 
ways that the pedestrians are dressed (hats, hoods) are used to train the classifiers. In 
addition, the more frames of different pedestrians are  used by selecting the data in 
this way 

 

Figure 18: Frames with different labels (Looking/Not looking) of the same pedestrian in sepa-
rate sets 
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Figure 19: Frames with different labels (Walking/Standing) of the same pedestrian in sepa-
rate sets 

 

Figure 20: Frames with different labels (Looking/Not looking) of the same pedestrian in sepa-
rate sets 
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Figure 21: Frames with different labels (Walking/Standing) of the same pedestrian in sepa-
rate sets 

 

Figure 22: Pedestrian frames with same label but with different background and different 
capturing angle  
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Figure 23: Different frames of pedestrians from the same video with different labels (Look-
ing/Not looking) 

 
Figure 24: Example of how the frames of different video-clips were distributed for building a 
classifier (blue) and for making predictions (green). Each rectangular shape in the Figure rep-

resents a video sequence of frames. 
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4.5 Overall results for behavior estimation (Frame-based data selec-
tion) 

This Section presents the overall results for pedestrian behavior estimation by 
using data selected by the approach described in Section 4.4. 

4.5.1 Head Orientation Estimation 

This Section describes the methods used for estimating the head orientation and 
the results produced by using each method. Head orientation can provide useful in-
formation about pedestrian’s awareness of the approaching car. Pedestrian’s attention 
situation can be derived by the head orientation in terms of looking and not looking 
towards the car. By using information from the Joint Attention in Autonomous Driv-
ing dataset (JAAD) [22] [14] [3] [21], the authors in [3] have pointed out that pedes-
trian’s attention condition (looking or not looking to the moving vehicles) is a very 
good indicator for predicting pedestrian’s intention regarding to crossing the street or 
not. This is derived by the fact that in the JAAD dataset [22] [14] [3] [21], all the pedes-
trians pay attention to the traffic before attempting to cross the street in particular 
when Time To Collision (TTC) is less than 3s, this can be seen Figure 25. Furthermore, 
as it is mentioned in [3], the examples of crossing without looking are only the 10 % of 
all crossing scenarios out of which more than 50 % of the cases occurred when TTC is 
above 10s [22]. 
 
*As TTC is considered how long it takes the approaching vehicle to arrive at the position of 
the pedestrian, given that they maintain their current speed and trajectory. 

 
Figure 25 Pedestrians that crossing the road always pay attention at the traffic before crossing 

when TTC < 3 [3] 

4.5.1.1 Methods used for head orientation estimation 

In this Thesis, head orientation estimation was used to predict if the pedestrian 
is aware of the approaching car. The ground truth is provided by the JAAD Dataset 
[22] [14] [3] [21] and is expressed in terms of whether the pedestrian is looking or not 
at the car that is approaching. Moreover, the duration of the looking action is provided 
as further information from the dataset creators. Several methods were tested and 
compared during development of this thesis to estimate the orientation of the head. 
Those methods are Histogram of Oriented Gradients (HOG), Convolutional Neural 
Networks (CNNs), Local Binary Patterns (LBPs) and Bag of Words (BoW).  To be able 
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to process the information using the methods, all videos were split up into frames with 
30 frames per second (fps) and all the aforementioned methods were applied to the 
still images (single frames) for determining the head orientation and as extension pe-
destrian’s awareness. Thus, each time thr information had to be converted into frame 
information.  For instance, if the pedestrians action is Looking with start_time=3s and 
end_time=6s, the corresponding frames would be start_frame=3s*30 =90 frame and 
end_frame= 6s*30=180 frame. Then, the pedestrian is annotated as ‘’Looking’’ in the 
frame interval [90, 180] and all those frames are within the ‘’Looking’’ class which are 
used for extracting features and then used in the training process.  

 

 

 
Figure 26: Examples of pedestrians looking at the car form JAAD dataset [22] [14] [3] [21] 

 

 

 
Figure 27: Examples of pedestrians not looking at the car form JAAD dataset [22] [14] [3] [21] 

4.5.1.2 Histogram of Oriented Gradients 

In this part of the thesis the estimation of the head orientation is based on His-
togram of Oriented Gradients (HOG). It is obvious that extracting HOG features from 
the whole image would not be so useful. The actual region of interest is pedestrians 
head. Therefore, all images are cropped around the pedestrian’s head region, to be 
able to apply the HOG method in order to determine if the pedestrian is looking or not 
at the approaching car. The “cropping” process had to be done manually since there 
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was no information provided regarding to pedestrian’s head position in terms of di-
mensions within the frames.   
 

The image is divided into a fixed number of vertical and horizontal lines. the 
areas between the intersections of horizontal and vertical lines are called cells. Then, 
the blocks are formed by a specific number of cells in a local area. Then, the descriptors 
are calculated by using HOG and concatenating all histograms of blocks in the final 
feature vector Figure 28.  The method used in this thesis is based on the HOG method 
presented in [20] and it is applied in the JAAD dataset presented in [22] [14] [3] [21]. 
The method is used to separate the pedestrian images into two different classes, 
namely looking and not looking (at the approaching vehicle). 

 
 
 
 
 
 
 

 

                               

 
Figure 28. Calculation of HOG feature vector (source: https://se.mathworks.com/help/vi-

sion/ref/extracthogfeatures.html). 

As it was mentioned above, the classification decision is made between two 
classes, namely “Looking” and “Not looking” i.e. if the pedestrian is looking or not at 
the approaching car. The following steps describe the process of classifying pedestri-
ans according to their awareness regarding to the traffic situation: 

• All cropped images are imported into the Matlab platform 
• HOG features are extracted from all images in the dataset. The parameters 

of HOG are: 
§ Block size: 2x2 
§ Cell size: 20x20 
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§ Number of bins: 9 angular bins with unsigned gradients, so the orien-
tations are distributed between 0-180 

• Each image is represented by a one-dimensional vector of 3600 elemen 
• ts 
• Vectors are used as inputs to Machine Learning Algorithms ( [23]SVM, DT, 

ANN) for training and testing.  
 
 
 

 
Figure 29. Example of pedestrian looking with visualization of HOG features 

 

 
Figure 30. Example of pedestrian Non-looking with visualization of HOG features 

4.5.1.3 Results for head orientation with HOG 

 HOG feature vectors were used as inputs with ground truth being Looking or 
Not looking. Those feature vectors represent pedestrians in frames. The produced re-
sults from Machine Learning Techniques that were used (SVM, DT, ANN), are de-
picted in the following Confusion Matrices. 
 
Table 10: Confusion Matrix using HOG features with SVM for Looking/Not looking classes 
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 Predicted Classes 

SVM using HOG Looking Not looking 
Looking 90 % 10 % 
Not_Looking 8 % 92%  
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Table 11: Confusion Matrix using HOG features with Decision Tree for Looking/ Not looking 
classes 

 
 
 
 

Table 12: Confusion Matrix using HOG features with SVM for Looking/ Not looking classes 

 
 
 
 

 
Table 13: Confusion Matrix using HOG features with ANN for Looking/ Not looking clases 

 
 
 
 
 

4.5.1.4 Convolutional Neural Networks (CNNs) 

 
To estimate the head orientation of a pedestrian by using Convolutional Neural 

Networks, full and cropped images were used as inputs to the network. In this part 
the focus is on the head of the pedestrian, so every image is cropped on its top third 
where the head is depicted.  AlexNet architecture [11] was used for training and test-
ing. 

 
To classify pedestrian images into the two classes (looking and not looking), a 

pre-trained Alexnet Convolutional Neural Network (CNN) was used by transfer 
learning with fine-tuning. Since, AlexNet has been trained to classify more than one 
million images into 1000 different classes, the last three layers (Fully Connected, Soft-
max, Classification Output) are configured for 1000 categories and therefore they have 
to be replaced. This was accomplished by keeping the rest of the network and replac-
ing the last three layers with new fully connected units, using softmax activation func-
tion, and a classification output layer, but, this time the fully connected layer is set to 
have size value two which is equal the number of the classes (Looking/Not looking) 
(mathworks example).  

 
A Convolutional Neural Network makes a hierarchical representation of im-

ages. The first layers of the networks detect low-level features. The deeper layers of 
the network contain high level features which are built from the low level features of 
the previous layers. Therefore, to obtain a higher-level representation of the images, 
the features that were extracted from the seventh layer (fully connected) of the net-
work are used as input to the classifiers. The classifiers that are used here are SVM, 
Decision Tree and KNN. 
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DT using HOG Looking Not looking 
Looking 73 % 27 % 
Not_Looking 18 % 82% 
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KNN using HOG Looking Not looking 
Looking 89 % 11% 
Not_Looking 8% 92% 

Tr
ue

 
C

la
ss

es
 Predicted Classes 

ANN using HOG Looking Not looking 
Looking 87 % 13 % 
Not_Looking 11 % 89 % 
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Figure 31: Examples of looking and not looking pedestrians images from JAAD dataset. The 
images are cropped on top third part 

 
Figure 32: Example of a full image (left) and the same image cropped on top 3 (right) 
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4.5.1.5 Results with Convolutional Neural Network 

This Section describes how the CNN is used to distinguish images between the 
two classes. It is obvious that, it is very difficult task for the Convolutional Neural 
Network to distinguish samples between looking and not looking classes when full 
images are used. Hence, the accuracy results are not so good as it can be seen on Table 
14. The classification score using full images of pedestrians is 58.23 %. However, using 
cropped images as inputs to the network, improves the results. Classification score is 
increased to 87.95%. 

 
 

Table 14: Classification results using full and cropped image on Convolutional Neural Net-
work 

  
 
 
 
The method of extracting features from cropped images by using AlexNet and 

use them as predictor variables in Machine Learning algorithms proved to be satisfac-
tory since the results that were produced were good enough. 
 
 
 
Table 15:  Confusion Matrix using CNN features with SVM for Looking/Not looking classes 
 
 

 
 

 

Table 16: Confusion Matrix using CNN features with DT for Looking/Not looking classes 

 
 

 

 

Table 17: Confusion Matrix using CNN features with KNN for Looking/Not looking classes 

 

 
 

 
 

CNN(AlexNet) Accuracy Looking/ Not looking 
Full images 58 % 
Cropped Images 88 % 
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 Predicted Classes 

SVM using CNN features Looking Not looking 
Looking 97 % 3 % 
Not_Looking 3 % 97 % 
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 Predicted Classes 

DT using CNN features Looking Not looking 
Looking 76 % 24 % 
Not_Looking 26 % 74 % 
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KNN using CNN features Looking Not looking 
Looking 90 % 10 % 
Not_Looking 8 % 92 % 
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Table 18: Confusion Matrix using CNN features with ANN for Looking/Not looking classes 

 

 

 

4.5.1.6 Local Binary Patterns (LBP) 

In this Section it is described how Local Binary Patterns are used for estimating 
the head orientation of a pedestrian. Cropped images on top third are also used here 
for interpreting the head orientation by using Local Binary Patterns. In this step, Local 
Binary Patterns features are extracted as features from still images. The process for 
extracting Local Binary Pattern is described in the following steps: 

• All images have to be converted into gray scale images. This was done by 
using the "rgb2gray” matlab [23] .This function converts RGB values to gray-
scale values by forming a weighted sum of the R, G, and B components (0.2989 
* R + 0.5870 * G + 0.1140 * B) 
 

• LBP features are then derived for all images in the dataset. The LBP parame-
ters are the following: 

§ Number of neighbors: 8 
§ Radius of circular pattern to select neighbors: 1 
§ Histogram: 59 bins. Each one of the 58 bins corresponds to a uniform 

LBP pattern (maximum transitions from 0 to 1 are 2) and 1 bin is for 
all the non-uniform patterns. 

4.5.1.7 Results with Local Binary Patterns 

 LBP feature vectors were used as inputs to Machine Learning techniques for 
classifying pedestrians head orientation (looking/Not looking). The results are in-
cluded in the following Confusion Matrices: 
 
 

Table 19: Confusion Matrix for LBP features using SVM for Looking/Not looking classes 
 

 

 

 

Table 20: Confusion Matrix for LBP features using DT for Looking/Not looking classes 
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ANN using CNN features Looking Not looking 
Looking 87 % 13% 
Not_Looking 11% 89 % 
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SVM using LBP features Looking Not looking 
Looking 81 % 19 % 
Not_Looking 17 % 83 % 

Tr
ue

 
C

la
ss

es
 Predicted Classes 

DT using LBP features Looking Not looking 
Looking 78 % 22 % 
Not_Looking 17 % 83 % 
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Table 21: Confusion Matrix for LBP features using KNN for Looking/Not looking classes 
 

 

 

Table 22: Confusion Matrix for LBP features using ANN for Looking/Not looking classes 

 

 

 

4.5.1.8 Bag of Words 

 In this thesis Bag of Words was used to classify pedestrian’s images regarding 
to head orientation. This technique is named Bag of Features for image classification 
tasks because clustered features are counted instead of words. First, features are ex-
tracted from training images. Those features are represented by vectors which then 
are clustered by applying the k-means algorithm [24]. Each cluster center represents a 
feature or a visual word. Then, every image is represented by a feature histogram. 
During training, bins of every image’s histogram are incremented according to their 
proximity of their descriptor to a specific cluster center. Histograms length defines the 
number of the feature that each image is composed of.  The whole histogram is the 
feature vector for the image. 
 

 
Figure 33 Bag of Features algorithmic workflow (https://se.mathworks.com/help/vi-

sion/ug/image-classification-with-bag-of-visual-words.html) 

Bag of Words is used here for estimating the head orientation for distinguish-
ing head orientations between two different classes (Looking/ Not looking)  
 
The basic steps of the method are: 

• Features are detected and extracted from images by using SURF 
• Then, all features are clustered by using k-means and the center of each class 

represents a visual word 
• Construct a bag of features, which counts how many times a feature appears 

to an image. 
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KNN using LBP features Looking Not looking 
Looking 79 % 21 % 
Not_Looking 18 % 82 % 
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ANN using LBP features Looking Not looking 
Looking 79 % 21 % 
Not_Looking 18 % 82 % 
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• A classifier is used which takes the bag of features as feature vector, and thus 
determine in which category assign to the image. 

 
Figure 34 Example from images in dataset used in [24]  

 

4.5.1.9 Results with Bag of Words 

Images of looking and not looking pedestrians were processed and features are 
extracted by using the bag of features technique. In details, a 500-feature vocabulary 
was created by applying k-means clustering. Features were extracted and assigned in 
500 different clusters. An SVM classifier was trained with the Bag of Features and the 
accuracy results are depicted in Table 23. The average accuracy is 73 %. 

Table 23 Confusion Matrix for Bag of Features by using SVM classifier 

 

4.5.2 Motion Recognition 

This Section provides a brief introduction about the methods that were used in 
this thesis for recognizing motion condition. Identification of a pedestrian’s action re-
garding to whether the pedestrian is walking towards to a road where cars are passing 
or whether the pedestrian is standing still on the pavement, can provide further infor-
mation about pedestrian’s intentions to cross the street or not. According to the au-
thors in [14] pedestrians action regarding to cases where the pedestrian is moving in a 
direction which intersects with the road or in cases when the pedestrian is standing 
still sufficiently close to the street can be an additional indicator about pedestrian’s 
scope regarding to his/her crossing intentions. In the present thesis, the motion of 

True Classes  Predicted Classes 
 Looking Not_looking 
Looking 69% 31% 
Not_Looking 24% 76% 



 

 41 

pedestrians is investigated by using the JAAD dataset [22] [14] [3] [21] and it is sepa-
rated in two classes, namely walking and standing still. 

4.5.2.1 Methods used for motion estimation 

 The methods that were used in this step, in order to estimate the motion con-
dition of a pedestrian, that is if the pedestrian is walking or standing still, are Histo-
gram of Oriented Gradients (HOG), Convolutional Neural Networks (CNNs), Local 
Binary Patterns (LBP) and Bag of Words (BoW). For the purpose of recognizing pedes-
trian’s motion, the videos of the JAAD dataset were split into frames. For each frame 
there are information provided by the creators of the dataset about pedestrian’s mo-
tion’s condition (walking/standing still) and the duration of each action.  All the meth-
ods that were mentioned above applied to still frames to derive information about 
pedestrian’s motion. 

 
Figure 35 Examples of pedestrian walking (first row) and standing still (second row) 
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Figure 36: Example of full image and image cropped on bottom half 

 
 Moreover, all frames had to be cropped in their bottom half, since all the fo-
cus is gathered to the legs of people for recognizing the type of movement (Walk-
ing/Standing still) 
 

   
Figure 37: Examples of walking and standing still pedestrians images from JAAD dataset. 

The images are cropped on top third part 



 

 43 

4.5.2.2 Histogram of Oriented gradients for motion estimation 

 
 Histogram of Oriented Gradients as it was introduced in [5] was used as a fea-
ture descriptor to distinguish images of pedestrians into the two classes walking and 
standing still. Vectors representing Histograms of Oriented Gradients are extracted for 
every walking and standing still image where pedestrians are depicted. The calcula-
tion is done only in the region which surrounds the pedestrian, not in the whole image 
and more particular in the bottom half of the image where the movement of the legs 
has to be interpreted.  The HOG features are then used as input to different ML tech-
niques, in this thesis SVM, Decision Trees and KNNs are compared. 

 

Figure 38 Two examples of the algorithmic process for using HOG as feature descriptor for 
motion estimation 

4.5.2.3 Results of Motion estimation using HOG 

 A feature vector is derived from still image by using Histogram of Oriented 
Gradients. Then, the vector is used as descriptor to Machine Learning Techniques (De-
cision Tree, Support Vector Machine, KNN) to decide the motion condition of the pe-
destrian. The results produced by using Histogram of Oriented Gradients as feature 
descriptor are depicted in the following tables:  

 

Table 24: Confusion Matrix for Motion estimation using HOG features with SVM 
 
 
 

 
Table 25: Confusion Matrix for Motion estimation using HOG features with Decision Tree 
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SVM using HOG features Standing still Walking 
Standing still 93 % 7 % 
Walking 5 % 95 % 
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DT using HOG features Standing still Walking 
Standing still 73 % 27 % 
Walking 18 % 82 % 
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Table 26: Confusion Matrix for Motion estimation using HOG features with KNN 

 
 

 

  

Table 27: Confusion Matrix for Motion estimation by using HOG features with Neural Net-
work 

 

 
 
 
 

4.5.2.4 Convolutional Neural Networks for motion estimation 

 The architecture of Convolutional Neural Network which was introduced in 
[11] is used here for identifying the motion of a pedestrian regarding to walking or 
standing still. Moreover, two types of images were used, and the results were com-
pared. Those types of images are full body images and bottom half images of the same 
pedestrian. This was done to check whether using a full body pose improves classifi-
cation compared to analyzing only the cropped image of bottom half [14]. Moreover, 
high-level features were extracted from the seventh layer of AlexNet and were use as 
predictor variables to train classifiers (SVM, DT, KNN and ANN) for distinguishing 
pedestrian’s frames according to their motion. 

4.5.2.5 Results of Motion estimation using CNN 

 Two kinds of images were used along with Convolutional Neural Networks 
for identifying pedestrians motion behavior. First, full images of walking and standing 
still pedestrians were given to a Convolutional Neural Network to for extracting fea-
tures and classify pedestrians according to their motion behavior. Then, the same im-
ages were used with the same process and for the same purpose, but this time the 
images were cropped to bottom half. The architecture of the Convolutional Neural 
Network which was used in this step is the same with the architecture that is used in 
[11]. The accuracy results were improved by using the cropped on the bottom half 
images. 
 

Table 28 Classification results using full and cropped image on Convolutional Neural Net-
work 
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KNN using HOG features Standing still Walking 
Standing still 90 % 10 % 
Walking 8 % 92 % 
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 Predicted Classes 

ANN using HOG features Standing still Walking 
Standing still 83 % 17 % 
Walking 11 % 89 % 

CNN(AlexNet) Accuracy Walking/ Standing still 
Full images 
Cropped Images 

70 % 
90 % 
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By extracting features from CNN, every cropped in the bottom-half image was 
represented by a vector with 4096 variables. Those vectors of images were used for 
training different classifiers and estimating whether the pedestrian is standing still or 
walking. The results are listed in the following tables. 

 
Table 29: Confusion Matrix for Motion estimation by using CNN features with SVM 

 

 
 
 

Table 30: Confusion Matrix for Motion estimation by using CNN features with DT 

 

 

 

Table 31: Confusion Matrix for Motion estimation by using CNN features with KNN 

 
 

 
Table 32: Confusion Matrix for Motion estimation by using CNN features with ANN 

 
 

 

 

4.5.2.6 Local Binary Patterns for motion estimation 

 Local Binary Patterns, as it was introduced in [25], was used as a feature de-
scriptor for determining pedestrians motion (walking/standing still). Each frame of 
pedestrian was cropped on the bottom-half and processed, so, feature vectors repre-
senting Local Binary Pattern descriptors were produced. The feature vectors that were 
derived were used along with Machine Learning techniques for training and finally 
estimating the motion of a pedestrian in a still frame.  

4.5.2.7 Result of Motion estimation using LPB 

A vector which represents Local Binary Patterns descriptor was used here as 
feature vector along with Machine Learning methods (Decision Tree, Support Vector 
Machine, KNN and ANN) for estimating pedestrians motion condition 
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SVM using CNN features Standing still Walking 
Standing still 98 % 2 % 
Walking 2 % 98 % 
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DT using CNN features Standing still Walking 
Standing still 84 % 16 % 
Walking 12 % 88 % 
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KNN using CNN features Standing still Walking 
Standing still 98 % 2 % 
Walking 2 % 98 % 
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ANN using CNN features Standing still Walking 
Standing still 86 % 14 % 
Walking 12 % 88 % 
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(walking/standing still). The results for every combination of LBP features with each 
Machine Learning Technique are depicted in the following confusion matrices: 
 
 

Table 33: Confusion Matrix for Motion estimation using LBP features with SVM 
 

 

 

 

Table 34: Confusion Matrix for Motion estimation using LBP features with Decision Tree 

 
 

 

Table 35: Confusion Matrix for Motion estimation using LBP features with KNN 

 
 

 

Table 36: Confusion Matrix for Motion estimation using LBP features with ANN 

 
 

 

 

4.5.2.8 Bag of Words for motion estimation 

The method of Bag of Word was used in still frames of walking and standing 
still pedestrians to detect and extract features by using SURF features. Those features 
are clustered by using k-means algorithm and the center of each cluster represents a 
codeword. All the codewords together form the codebook. Then every image is repre-
sented by a histogram which counts how many times a feature appeared in the image. 
Then histograms were given to an SVM classifier for training and testing the ability to 
recognize pedestrian’s behavior regarding to motion (walking/standing still). 
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SVM using LBP features Standing still Walking 
Standing still 84 % 16 % 
Walking 14 % 86 % 
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DT using LBP features Standing still Walking 
Standing still 74 % 26 % 
Walking 22 % 78 % 

Tr
ue

 
C

la
ss

es
 Predicted Classes 

KNN using LBP features Standing still Walking 
Standing still 83 % 17 % 
Walking 15 % 85 % 

Tr
ue

 
C

la
ss

es
 Predicted Classes 

ANN using LBP features Standing still Walking 
Standing still 80 % 20 % 
Walking 20 % 80 % 
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Figure 39: Example of a” walking” image and how it is represented by a histogram which 

counts the frequency of each of the 500 codewords (features) in the image 

4.5.2.9 Results of Motion estimation using BoW 

After the processing of images where walking and standing still pedestrians 
were depicted, a 500-feature vocabulary was derived by using k-means clustering. The 
features were extracted were clustered in 500 different clusters. An SVM classifier was 
trained with the Bag of Features and the accuracy results are depicted in the following 
Table. The average accuracy is 80 %. 
 
Table 37: Confusion Matrix for motion estimation by using Bag of Features with SVM classi-

fier 

 
 

True Classes  Predicted Classes 
 Walking Standing still 
Walking 82% 18% 
Standing still 14% 76% 
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4.6 Overall results for behavior estimation 

 All the results from experiments are summarized Table 38 and Table 39. It 
seems that features derived from CNN and more specifically from AlexNets architec-
ture in combination with SVM outperformed the other methods in the experiments 
that took place here both for estimating the head orientation as well as for estimating 
the motion condition. This can be derived from the fact that combination of CNN fea-
tures with SVM provides higher performance in both of the two classification tasks 
(Walking/Standing still, Looking/Not looking). 
 
 Prior to the start of the experiments, all the necessary information provided 
from the JAAD dataset was used for obtaining pedestrian frames and split those 
frames according to the behavior of the pedestrian. The JAAD dataset provided the 
bounding boxes for every pedestrian in the scene who appears with a specific behav-
ior. So, all the correspondences for pedestrian and bounding boxes were found and all 
the frames were cropped on the region were the pedestrian is depicted. Furthermore, 
JAAD dataset provides information about pedestrian’s actions regarding to time and 
time duration, therefore time values had to be converted to   frames with 30 fps and 
once again correspondences between pedestrians, frames and action of the pedestrian 
in the corresponding frame had to be found once again 
 
 In the next step, two sets were created.  One contained data for head orientation 
estimation (looking/not looking) and the other for motion estimation (walking/stand-
ing still).  The set for head orientation estimation consisted of 44 078 examples while 
the set for motion estimation was composed of 44 894 examples. The distribution of 
examples for each class in any of the sets was uneven. For instance, in the head orien-
tation set there are 30.697 frames with pedestrians which were annotated as not looking 
and 13 381 (30 % of the total data set) which were annotated as Looking, while in the 
motion set there are 32703 frames annotated as walking and 12.191 frames (27 % of the 
total data set) annotated as Standing still. To have balanced datasets for the learning 
process, all the examples of the less representative classes in both sets were taken along 
with equal number of randomly selected examples from the other class to compose the 
final sets. For example, the final set for head orientation estimation consisted of 13 381 
Looking frames and 13 381 Not looking frames, 26 762 in total while the final set for 
motion estimation consisted of 12 191 Standing still frames and 12 191 Walking frames, 
24 382 in total. The process of applying Bag of Words method to extract features for 
the same number of images like above (44078, 44894), could not be completed I rea-
sonable time. Therefore, due to computational reasons Bag of Words method was ap-
plied and used only for 6000 images and thus cannot be compared with the other 
methods 
 
 For the purpose of examining the accuracy of the trained classifiers, each set 
was split into two subsets, one subset was used for the learning process of making a 
classifier and then the classifier was used to make predictions on the other set and the 
accuracy was measured according to how many correct and wrong predictions were 
made by the classifier. Moreover, the frames were discretized according to two attrib-
utes which are the time of day and the weather conditions. For time of day, there are 
two categories, namely day and night while for weather the different categories are 
clear, cloudy, rain, snow. So, the accuracy of the most accurate classifiers in combination 
with different features were examined also individually in each category.  
 
 
 The performance of each classifier for each of the tasks (head orientation and 
motion estimation) in combination with different features can be seen in Table 38 for 
head orientation estimation and in Table 39 for motion estimation.  
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Table 38: Performance of different methods for head orientation estimation  

 
 
 
 

Table 39: Performance of different methods for estimating the motion condition 

 
 
As it can be seen by looking at Table 38, features from Convolutional Neural 

Network (AlexNet) in combination with SVM performed better than the other meth-
ods, however other methods also returned good results. For example, HOG with SVM 
was a good combination for satisfiable results. 

Overall Results for Head orientation estimation (Looking/Not looking) 
Histogram of Oriented Gradients 

HOG+SVM  91 % 
HOG+DT 76 % 
HOG+KNN 91 % 
HOG+ANN 88 % 

Local Binary Patterns 
LBP+SVM  83 % 
LBP+DT 81 %   
LBP+KNN 80 % 
LBP+ANN 81 % 

Convolutional Neural Network 
CNN features + SVM  97 % 
CNN features + DT 77 % 
CNN features + KNN 92 % 
CNN features + ANN 88 % 
CNN + Cropped Images 88 % 

Bag of Words 
BoW + SVM 73 % 

Overall Results for Motion estimation (Walking/Standing still) 
Histogram of Oriented Gradients 

HOG+SVM  94 % 
HOG+DT 78 % 
HOG+KNN 93 % 
HOG+ANN 86 % 

Local Binary Patterns 
LBP+SVM  85 % 
LBP+DT 76 %   
LBP+KNN 84 % 
LBP+ANN 80 % 

Convolutional Neural Network 
CNN + SVM 98 % 
CNN features + DT 86 % 
CNN features + KNN 98 % 
CNN features + ANN 88 % 
CNN + Cropped Images 90 % 

Bag of Words 
BoW + SVM 80 % 
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In Table 39, the accuracy performance of each feature in combination with different 

classifiers is included and the conclusion is that once again the features from CNN 
(AlexNet) combined with SVM gave the best accuracy results. Although other meth-
ods had good performance as well, for example, HOG with SVM returned really good 
results. 

 
Tables 40, 41 (Head orientation), 46 and 47 (Motion) contain the distribution of the 

frames in each set according to time of day. The second column of these tables contains 
the number of total frames of pedestrians in daylight and in nighttime and the third 
column represents the percentage of each of two categories on the total amount of the 
pictures within the set.  

 
Tables 42, 43 (Head orientation), 48 and 49(Motion), include information about 

how the frames are distributed in each set according to the weather conditions in each 
frame. Second column contains the number of frames for each weather condition and 
in the third column is the percentage of frames with each weather condition on the 
total number of images in each set. For example, the total amount of pictures in Table 
40 is 16280+331=16611, so the percentage (third column) of “Day” frames is 
16280/16611»0.98. 

 
Tables 44, 45, 50 and 51 include information about the images that were misclassi-

fied after the predictions are made by using different features with SVM. Table 44 and 
Table 50 contain the distribution of misclassified frames according to time of day for 
head orientation and motion estimations tasks respectively. Table 45 and Table 51 in-
clude information about how the misclassified images were distributed according to 
weather conditions by making predictions using different features with SVM. Table 
44 is head orientation estimation while Table 50 is for motion estimation. In all the 
tables, the second column contains the number of frames in each category (time of day, 
weather), third column contains the percentage of frames in each category on total 
number of misclassified frames. For example, for Local Binary Patterns in Table 44 the 
number of misclassified images in total is 1888 (1868+20), the percentage of day time 
images is 98% (1868/1888) while for nighttime is 2% (20/1888). The fourth column 
contains the percentage of the misclassified images in each category on total number 
of images of the same category of the test set. For example, in Table 44 the number of 
misclassified “Day” frames for LBP is 1868 and the total number of “Day” frames in 
the unseen set (Table 41) is 10845, so the percentage of misclassified “Day” frames out 
of total “Day” frames is 1868/10845»0.17.  In other words, fourth column represents 
the error rate for each corresponding category (time of day, weather conditions). 

 
 

Table 40: Training set for head orientation estimation, discrimination is made with time of 
day as criterion 

 
 
 
 
 

Head orientation Training SET (Looking /Not looking) 
Time Number Percentage(Number/total) 

Day 16280 98 % 
Night 331 2 % 
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Table 41: Test set for head orientation estimation, discrimination is made with time of 
day as criterion 

 
 
 

Table 42: Training set for head orientation estimation, discrimination is made with weather 
conditions as criterion 

 
 
Table 43: Test set for head orientation estimation, discrimination is made with weather condi-

tions as criterion 

 
 
 
Predictions 
 

Table 44: Wrongly classified images by using different features for head orientation estima-
tion task. discrimination is made with time of day as criterion 

 
 
 
 

Head orientation Test SET (Unseen) – Looking/Not looking 
Time Number Percentage 

Day 10845 98 % 
Night 229 2 % 

Head orientation Training SET (Looking /Not looking) 
Weather Number Percentage 

Clear 8572 52 % 
Cloudy 6871 41 % 
Rain 1087 7 % 
Snow 81 0.5 % 

Head orientation Test SET (Unseen) – Looking/Not looking 
Weather Number Percentage 

Clear 5721 52 % 
Cloudy 4528 37 % 
Rain 744 7 % 
Snow 81 1 % 

Misclassified images in Head orientation Test SET 
Local Binary Patterns (LBP) 

Time Number Percentage On total 
Day 1868 98 % 17 % 
Night 20 2 % 9 % 

Histogram of Oriented Gradients (HOG) 
Time Number Percentage On total 

Day 1078  98 % 10 % 
Night 27  2 % 12 % 

Convolutional Neural Network features 
Time Number Percentage On total 

Day 274   97 % 2.5 % 
Night 6   3 % 2.6 % 
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Table 45: Wrongly classified images by using different features for head orientation estima-
tion task. discrimination is made with weather condition as criterion 

 

 
 

 

 

 

 

 

 

 

 

 

Table 46: Training set for motion estimation, discrimination is made with time of day as crite-
rion 

 

Table 47: Test set for motion estimation, discrimination is made with time of day as criterion 

 

 
 
 
Table 48: Training set for motion estimation, discrimination is made with weather conditions 

as criterion 

 

Misclassified images in Head orientation Test SET 
Local Binary Patterns 

Weather Number Percentage On total 
Clear 998 53 % 17 % 
Cloudy 746 40 % 16 % 
Rain 136 7 % 18 % 
Snow 8 0 % 10 % 

Histogram of Oriented Gradients (HOG) 
Weather Number Percentage On total 

Clear 618 56 % 11 % 
Cloudy 376 34 % 8 % 
Rain 108 10 % 15 % 
Snow 3 0 % 4 % 

Convolutional Neural Network features 
Weather Number Percentage On total 

Clear 128 46 % 2 % 
Cloudy 129 46 % 3 % 
Rain 23 8 % 3 % 
Snow 0 0 % 0 % 

Motion Training SET (Walking/Standing still) 
Time Number Percentage 

Day 14412 99 % 
Night 218 1 % 

Motion Test SET (Unseen) – Walking / Standing still 
Time Number Percentage 

Day 9597 98.5 % 
Night 155 1.5 % 

Motion Training SET (Walking/Standing still) 
Weather Number Percentage 

Clear 7391 51 % 
Cloudy 6245 43 % 
Rain 869 6 % 
Snow 125 1 % 
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Table 49: Test set for motion estimation, discrimination is made with weather conditions as 
criterion 

 
 

Table 50: Wrongly classified images by using different features for motion estimation task. 
discrimination is made with time of day as criterion 

 
Table 51: Wrongly classified images by using different features for motion estimation task. 

discrimination is made with weather condition as criterion 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Motion Test SET (Unseen) – Walking / Standing still 
Weather Number Percentage 

Clear 4958 51 % 
Cloudy 4130 37 % 
Rain 571 5 % 
Snow 93 1 % 

Misclassified images in Motion Test SET 
Local Binary Patterns (LBP) 

Time Number Percentage On total 
Day 1480  99.7 %  15 % 
Night 4 0.3 %   3 % 

Histogram of Oriented Gradients (HOG) 
Time Number Percentage On total 

Day 587  99 %  6 % 
Night 4   1 %  3 % 

Convolutional Neural Network features 
Time Number Percentage On total 

Day 123   100 %   1 % 
Night 0   0 %   0 % 

Misclassified images in Motion Test SET 
Local Binary Patterns 

Weather Number Percentage On total 
Clear 769  52 % 16  % 
Cloudy 599  40 % 15 % 
Rain 115  8 % 20 % 
Snow 1  0.1 % 1 % 

Histogram of Oriented Gradients (HOG) 
Weather Number Percentage On total 

Clear 284 48 % 6 % 
Cloudy 258 44 % 7 % 
Rain 34 6 % 6 % 
Snow 14 2 % 15 % 

Convolutional Neural Network features 
Weather Number Percentage On total 

Clear 68 55 % 1.4 % 
Cloudy 51 41 % 1.2 % 
Rain 2 2 % 0.4 % 
Snow 2 2 % 2.2 % 
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It can be seen from Tables 40, 41, 46, 47 that the majority of frames concerns 
frames during daytime, the fraction of daytime frames is almost 98%. Therefore, even 
though some features appeared to have less error rate value (fourth column) for in-
stance in nighttime frames it doesn’t mean that the classifier is more suitable for 
nighttime scenarios because the nighttime samples are very few to derive such con-
clusions with safety. For instance, in Table 44  by using LBP as feature the error for 
nighttime  frames (9 %) is less than the error for daytime frames (17 %), but this does 
not imply that LBP is better for nighttime situations because the nighttime frames were 
229 (Table 41) in compare with the daytime frames which were 10845. 

 
Another fact is that the frames follow almost the same distribution with small 

deviations in both of the training set and the test set with the misclassified images. For 
example, in Table 51 the rates in third column are very close to the rates of the third 
column in Table 49. Moreover, it is obvious that most of the frames are distributed 
between cloudy and clear weather conditions with very few samples belong to rain 
and snow weather conditions. Thus, an assumption about whether a feature performs 
better in a specific weather situation cannot be made even if the error for a specific 
weather category is less than the error in another category because the size of the cat-
egories is totally different. Although, the overall accuracy over all frames by using as 
features HOGs, LBPs and CNN features seems to   be good enough with CNN features 
giving the best results for head orientation estimation as well as for motion estimation. 

4.7 Summary of results 

This Section presents a summary the overall results for behavior estimation. Two 
datasets were created and used for recognising the overall behavior (Looking/Not 
looking, Walking/Standing) of a pedestrian, one for each task. One dataset was used 
for the Head orientation (Looking / Not looking) task and the other one was used for 
the Motion estimation (Walking / Task) task. Each of those datasets was split into two 
subsets, one subset was used to train and build classifiers and then classifiers made 
prediction on the samples of the other subset. 

 
The data in both of the sets was selected according to two approaches. One ap-

proach was video-based ( 4.2 ) while the other was frame-based ( 4.4 ) In the video-
based approach, the data partition was made according to clips, so frames from differ-
ent clips were used for building a classifier and then frames from the rest of the clips 
were used to evaluate classifiers performance. In video-based partition of data in Sec-
tion 4.2, HOG features extracted from still frames of pedestrians gave the best results 
for the Head orientation task with score 72 %, while for motion estimation the best 
results were produced by using features extracted from Convolutional Neural Net-
work with score 85%. The performance of the video-based classifiers might has been 
affected by various reasons One of the reasons might be the limited number of differ-
ent pedestrians in frames as well the limited number of frames with different bright-
ness characteristics or the images of the videos in the test sets might be worse in quality 
than the images of the videos in the training sets. Therefore, the classifiers are trained 
in a limited set of different pedestrian frames with specific characteristics. All these 
effects are eliminated by selecting the data using the frame-based approach where dif-
ferent frames with different labels (Looking/Not looking, Walking/Standing) or with 
different pedestrians from the same clip were used in both of the subsets. Thus, the 
frame-based classifiers were more well-trained and therefore more “flexible” with 
frames of different pedestrians or with frames of different characteristics. In the frame-
based approach, the best results for head orientation estimation as well as for motion 
estimation were given by features extracted from CNN used as input to an SVM  with 
accuracy 97% and 98% respectively.  
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The purpose of selecting the data as described in Section (4.4) is to simulate the 
performance when the system is trained with much more data and to reduce the im-
pact of the background. The impact of the background has to do with the fact that 
features extracted from frames, are extracted for everything within the frame and not 
only for the pedestrian. For example, gradient orientations are not only calculated for 
the pedestrians in frames, but also for everything that there is in the background 
(buildings, trees, signs, etc.) when HOG features are extracted from a frame. Therefore, 
the classifiers might be “confused” because they are trained by using frames of the 
same video which have the same background. This impact is removed by using the 
frame-based data selection since the frame-based classifiers are trained by using 
frames from different videos and therefore frames of several different backgrounds. 
Moreover, the examples in the training set of Section 4.4 have more frames of different 
pedestrians than the training set of Section (4.2). So, the frame-based classifiers of Sec-
tion 4.4 were trained in a wider range of examples of frames with different people and 
therefore are more “educated” in classifying actions of different pedestrians. So, the 
reason that the frame-based classifiers have better performance than the video-based 
classifiers, is that the frame-based classifiers are trained with frames with more differ-
ent pedestrians and with more different backgrounds. Therefore, the frame-based clas-
sifiers don’t learn the background, but instead they are trained in estimating the be-
havior of the depicted person. In addition, the way of how those different pedestrians 
are dressed is different. Some pedestrians wearing hats or hoods (Figure 17). Moreo-
ver, in Section 4.4 frames of the same pedestrian were in both of the sets, however the 
background of the frames, the capturing angle of the pedestrian were different (Figure 
22). In other cases, the labels of those frames were different (Figure 18, Figure 19, Fig-
ure 20, Figure 21).  
 

The classifiers of Section 4.4 have better performance than the classifiers of Sec-
tion 4.2 and this is expected since they are trained with much more data in compare 
with training data used for the classifiers of Section 4.4. This has to do with the fact 
that the classifiers in Section 4.4 are trained by using more frames of separate videos 
which have different brightness conditions. Therefore, this makes the classifiers being 
more tolerant and improves their accuracy as the brightness values vary. Another rea-
son that the classifiers in those two Sections have different performance, might be the 
quality of the frames. The quality of the depicted pedestrians is not the same in all 
frames since some pedestrians are very close to the camera while others are far away 
(Figure 23). Furthermore, surrounding environmental features may have a negative 
impact on the performance when frames of a separate clips are used to test on. All 
these effects are removed by the way of selecting the data in Section 4.4 as frames, 
since frames with all kind of conditions are included in the training and in test set. The 
classifiers in Section 4.4 are trained by using a wider range of different qualities of 
images, while the classifiers of Section 4.2 are trained by using frames only from a 
limited set of videos and making predictions on the frames from the rest of the videos.  

4.8 Pedestrian Intention estimation 

Although, pedestrian’s intention estimation is a very challenging task and many 
factors could contribute to derive accurate predictions, the basic indicator is the be-
havior of the pedestrian. That is, the motion situation, whether the pedestrian is walk-
ing or standing still and the awareness of the traffic situation, if the pedestrian had 
looked at the approaching car. 
 



 

 56 

There is further information provided from the dataset additional to the behav-
ior of the pedestrian. Such information is described in the following  Table 52: 
 
Table 52: Description of the variables which are used for the predicting pedestrian’s action 

Variables Possible values Description 
1. Head orientation Looking/Not looking Pedestrians awareness 

about the approaching 
car  

2. Motion Walking/ Standing still Pedestrians motion situ-
ation 

3. Designed D / ND D: Street is designed for 
crossing (Zebra Cross-
ing) 
 
ND: There is no zebra 
crossing on the street 

4. Signalized S / NS S: There are traffic signs 
or lights on the scene 
 
NS: No traffic signs or 
signals on the street 

5. Weather Clear / Cloudy /Rain / 
Snow/ 

Weather situation from 
the captured video 

6. Location Street/Indoor/Plaza The location of the scene 
7. Time of day Day / Night  
8. Number of lanes 1/2/3/4/5/6  
9. Age Child/Adult/Young/Sen-

ior 
The age of the pedes-
trian 

10. Motion direction Lat/Long How the pedestrian is 
moving regarding to the 
street 
 
Lat: Lateral 
 
Long: Longitudinal 

11. Gender Male/Female Gender of pedestrian 
12. Drivers Action Moving Fast/Moving 

Slow/Slowing 
Down/Speeding Up/Stand-
ing still 

What the driver of the 
car is doing at the mo-
ment 

 
 

 
 
First, the behavior of the pedestrian was used for training an SVM classifier for 

intention prediction. The results are depicted in Table 53: 
 

Table 53: Classification error rate by using only Motion and Head orientation as variables 

 
 
 

 Variables 
SVM Head orientation, Motion 

Accuracy 74.8% 
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Then by using all available information from Table 52, the accuracy was im-

proved, and the results can be seen in Table 54 
 

  Table 54: Classification error rate by using all the available variables 

 
 
 
 
Forward Selection technique was applied for estimating pedestrians instant ac-

tion and assess the features. Results can be seen in Table 55, while Figure 40 depicts 
the error rate during searching for the optimal model, in X-axis are the variables which 
were added at each step until the final model derived. 

 
Table 55: Selected variables by applying feature selection 

 
 

After applying Forward Selection, the best model according to error rate value 
consisted of 6 variables. The selected variables by the model, were Motion, Head ori-
entation, Designed, Drivers Action, location and Motion direction. This means that the 
combination of those specific variables returned the model with the highest accuracy 
and therefore with the lowest error rate. As it can be seen in the Table 55, Motion and 
Head orientation were the first variables that were selected. Then by using additional 
contextual information about the street conditions, for example the existence of zebra 
crossings (Designed), combined with Drivers action at the moment when the pedes-
trian is at the curb, as long as with his/her Motion Direction, gave the most accurate 
estimations. 
 
 In the next step, Forward selection was applied iteratively for a fixed number 
of features which was incremented each time. As it can be seen in Table 56, Motion 
and Head orientation are included in all combinations of variables, independently of 
the number of variables. Figure 41 depicts the error rate for each number of varia-
bles(X-axis) by applying Forward Selection. Furthermore, another variable that was 
found to be of significant importance and therefore was included several times, was 
the action of the driver. It seems that what the driver is doing affect pedestrian’s deci-
sion regarding to his/her crossing intention.  

 
 
 
 

 Variables 
SVM All 

Accuracy 90.0% 

Step Variable  Error rate value (%) 
1 + Motion 60.4 
2 + Head orientation 25.2 
3 + Designed 18.3 
4 + Signalized 18.2 
5 + Drivers action, + Loca-

tion, - Signalized 
18.1 

6 + Motion Direction 10.2 
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 Table 56: Combination for fixed number of features 

 
 
Another interesting fact derived from the table above is how contextual infor-

mation contributes to final decision of the pedestrian. It seems that being aware about 
the surrounding elements and more specifically about how the area of the pedestrian-
car intersection is structured can aid to improvement of accurate distinctions between 
different pedestrian’s crossing intentions.   

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

No.  
variables 

Variables Error Rate (%) 

1 + Motion 60.4  
2  Motion, Head orientation 25.3 
3  Motion, Head orientation, Designed 18.3 
4  Motion, Head orientation, Designed, 

+Signalized 
18.3 

5 Motion, Head orientation, Designed, +Lo-
cation, +Drivers action 

18.1 

6 Motion, Head orientation, Designed, Lo-
cation, Drivers action, +Motion Direction 

10.2 

7 Motion, Head orientation, Designed, Sig-
nalized, Location, +Time of Day, Drivers 
action 

10.9 

8 Motion, Head orientation, Designed, Sig-
nalized, +Weather, Location, +Number of 
lanes  

10.9 

9 Head orientation, Motion, Designed, Sig-
nalized, Weather, Location, +Time of day, 
+Motion direction, Drivers Action 

11.2 

10 Head orientation, Motion, Designed, Sig-
nalized, Weather, Location, Time of day, 
+Number of lanes, Motion direction, 
Drivers Action 

10.7 

11 Head orientation, Motion, Designed, Sig-
nalized, Weather, Location, Time of day, 
Number of lanes, Motion direction, + 
Age, Drivers Action 

11.3 

12 All 10.6 
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Figure 40: Error rate during Forward selection 

 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 41: Error rate for different numbers of variables 
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Chapter 5 

5 Conclusion and Future work 

In traffic, to estimate the intention of a pedestrian in the immediate future is not a 
trivial task and the final action the pedestrian takes might be a result that has been 
affected from various factors such as interaction with other road users or internal such 
as that the pedestrian suddenly changes his/her objective. Although, it is commonly 
accepted that the current behavior of the pedestrian is the basic indicator but not suf-
ficient to predict the next action of the pedestrian. This thesis focuses on extracting 
features from video images of pedestrians in normal traffic situations to enable auto-
matic interpretation of the pedestrian’s actions. In this thesis, another task, except from 
developing a model for interpreting pedestrian’s action, was to predict pedestrians 
crossing intention by combining features with additional information about the scene 
and surroundings. By using a forward variable selection method, the significance of 
those additional features was calculated and presented i.e. their contribution to cor-
rectly predicting the pedestrian’s actions.  

  
Several features and methods were tested: Histogram of Oriented Gradients, 

Local Binary Patterns, Bag of Words, and CNN features. Those features were com-
bined with several Machine Learning Algorithms, namely SVM, KNN, ANN and De-
cision Tree. CNN features in combination with SVM provided the most reliable re-
sults. Then after pedestrian’s behavior was derived, it was used as variable in a feature 
vector with other features like information about street characteristics (traffic lights, 
zebra crossings, number of lanes), weather conditions, time of day drivers action and 
information about the pedestrian (age, gender, group size). All of the above were used 
as additional variables with the behavior of the pedestrian for the purpose of estimat-
ing pedestrian’s intention about crossing the street or not.  

 
In this project the aim is to interpret pedestrian behavior and intention in zebra 

crossings from still frames, in order to estimate if the pedestrian will stop or if he/she 
will cross the street. First, two models were developed for understanding the behavior, 
one model was used for head orientation estimation (if the pedestrian was looking or 
not at the vehicles) and the other was used for motion estimation (if the pedestrian 
was walking or standing still). Two approaches for selecting the data were applied. In 
the first approach, frames from separate clips were used for building a classifier and 
then frames from the rest of the clips were used to test classifiers performance. This is 
a video-based approach. With video-based partition of data in Section 4.2 the best re-
sults for head orientation were given by using HOG features 72%, while for motion 
estimation the best results were given by using features extracted from Convolutional 
Neural Network 85%. The results are poor due to various reasons. One of them is the 
limited data of different pedestrians in frames. Another reason is the limited number 
of frames with different characteristics (quality, brightness). Those effects are removed 
then by using the second approach for selecting data which is a frame-based approach 
and it is described in Section 4.4. The frame-based classifiers are trained with more 
frames of different pedestrians and different backgrounds and therefore they are more 
trained in learning pedestrians’ behavior instead of the background. By using the 
frame-based approach, features extracted from CNN used as input to an SVM gave 
the best results for head orientation estimation as well as for motion estimation with 
accuracy 97% and 98% respectively. It is derived from the results that additional infor-
mation regarding to scene where cars and the pedestrians interact can improve the 
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classification task of pedestrian’s crossing intentions, in particular for pedestrians that 
are close to the road.  

 
The lowest error rate (10.2%) in predicting pedestrian’s crossing intention, is 

achieved by using behavior with presence of zebra crossing on the street as well as 
further information like what the driver of the approaching car is doing, the location 
and the motion direction of the pedestrian.  Such information can be used as part of 
an Advanced Driver-Assistance System, or ADAS which is developed to raise alarms 
if it estimates possible intersection between a car and a pedestrian.  

 
Some ideas for future work could be to combine features in one vector and 

check how well they perform, for example, HOG with LBP features, HOG with CNN 
and LBP with CNN. Moreover, detection techniques for regions of interest could be 
developed, applied and evaluated. Region of interest are those areas in the frames 
where the face of the pedestrian and the legs are depicted. Thus, instead of extracting 
features for the top third and the bottom half of an image, the features will be extracted 
only from the areas where the head and the legs are detected. Another thing that could 
be investigated is to try to estimate pedestrians motion condition or head orientation 
by ‘’feeding’’ a CNN network with LBP images of pedestrians instead of giving as 
inputs the actual images. An alternative method could to extract HOG features from 
the LBP images and use them as variables to train classifiers. Moreover, the context of 
the scene where pedestrians and vehicles interact is very important for predicting the 
crossing action of a pedestrian. Thus, further methods can be developed for identify-
ing elements in the scene, for example the existence of zebra crossings or if there are 
traffic signs on the street. 

 
 Another possible idea for future work is to extract features from different 

CNNs (Google Net, VGG net, ResNet, etc..), as it was done in this thesis with AlexNet.  
Those features could be once again used for training classifiers and compared with 
each other in terms of how accurate estimate people’s behavior in frames.  Another 
thing that could be possibly done is to create a dataset which will have more samples 
for different times of day   and for different weather conditions, this could possible to 
compare the features in different situations and check which feature performs better 
for every case regarding to time and weather. 

 



 

 62 

 

Figure 42: Example of LBP image 
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