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ABSTRACT

ADES: AUTOMATIC DRIVER EVALUATION SYSTEM

Most of the traf ¢ accidents occurred in the world and in our country are caused by the
drivers. ADES (Automatic Driver Evaluation System) project targets to present a framework
for integrating different applications for driver evaluation purpose. The proposed system can
be divided into two main modules. The rst one, which is the data acquisition and processing
module, acquires the sensor information from the outside world and processed this data to
present valuable information to the decision system. The system may bene t from built-in
sensors like cameras or GPS (Global Positioning System) systems as well as non standard de-
vices like RFID (Radio Frequency Identi cation) readers. The second module is the inference
engine, which processes the information provided by the rst module and makes judgments
about the actions of the driver. Two sample expert system designs are proposed in the project.

The developed solution is tested in simulation environment and by using real video recordings.



GZET

ADES: OTOMAT IK SBRBCB DEGERLENDIRME SISTEM |

Gonagmeizdealkemizde ve d@nyada meydana gelen tra k kazalar n gylgk bir k sm
sargcg hatalar ndan kaynaklanmaktad r. ADES (Otomatdgsg Degerlendirme Projesi)
projesinin amac ,mgcgler taraf ndan yap lan tra k kural ihlalerinin arag icerisinde bulunan
bir cihaz taraf ndan alg lanmas n glamak amac ile gelistirilecek olan uygulamalar igin bir
altyap olusturmaktr. Tasarlanan sistem temel olarak iki k s mda incelenelblkirk s m
arac icerisinde bulunan cesitli alg lay c lar taraf ndan edinilen verileri isleyip bu verilerden
degerli bilgiler ¢ karan uygulamalar kapsamaktad r. Bu alg lay c lar GPS, kamera gibi yeni
nesil araglarda bulunan cihazlar n yan sra RFID okuyucular gibi ara¢ igerisine sonradan
eklenebilecek cihazlardan da olusabilmektetkinci k s m ise bu alg lay c lardan gelen bil-
gileri kullanarak srgcgngn davran slar n dgerlendirmekle grevli olan ¢ kar m motorudur.
Proje kapsam nda bu amagc igin tasarlanm s iki uzman sistenggi verilmistir. Tasarlanan
cozgm gercek kamera kay tlagizerinde ve gelismis bir benzetim ortam nda test edilmis ve

sonudar incelenmistir.
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1. INTRODUCTION

Traf ¢ accidents are one of the main causes of death and economic loss in the world.
Road traf ¢ crashes kill 1.2 million people a year or on the average more than 3000 people
every day. In addition, traf ¢ accidents injure or disable between 20 million and 50 million
people a year [1]. In Europe, according to fRead Safety Action Programnoé European
Commission, more than one million accidents a year cause more than 40 000 deaths and nearly
two million injuries on the roads. In addition, the direct and indirect cost has been estimated
at 160 billion euros, which is nearly two percent of the EU’'s GNP [2]. The number of
road accidents in Turkey was approximately half million in 1998, where this number exceeds
720,000 in 2006. In those accidents, more than 150,000 people injured, and unfortunately,
nearly 5000 people lost their lives [3]. Unfortunately, the number of accidents and the number
of people suffered from these accidents are increasing every year as shown in Table 1.1 [4, 5].
Worse still, the increasing number of permanently or temporarily suspended driver licenses

failed to reduce these numbers.

A previous study about the causes of the traf ¢ accidents states that most of the accidents
are caused by driver actions [6]. The other causes are the roadway and the vehicle conditions

as shown in Figure 1.1.

Roadway a Driver

Vehicle

Figure 1.1. Causes of traf c accidents.



Table 1.1. The number of traf ¢ accident and casualties in Turkey for the last decade.

Year | Accidents | Deaths| Injuries || License Suspensions
2001| 442.960| 4.386| 116.202 105.828
2002| 439.958| 4.169| 116.045 88.619
2003| 455.637| 3.959| 117.551 86.084
2004| 537.352| 4.427| 136.437 95.932
2005| 620.789| 4.505| 154.086 78.170
2006| 728.755| 4.633| 169.080 86.178
2007| 825.561| 5.007| 189.057 110.560
2008| 950.120| 4.236| 184.468 139.432
2009| 1.053.346] 4.324| 201.380 138.619
2010| 1.104.388| 4.045| 211.496 163.572

1.1. Motivation

Although the vehicle manufacturers deploy more intelligence in their newest models,
the current applications are usually focused on driver assistance and early warning systems.
However, in the near future, it is expected that, intelligent vehicles will also enforce the traf ¢
regulations. For example, speed limit and traf c signal violations are going to be detected by
cars. With this motivation, the ADES project is designed to be a framework for evaluating the
drivers’ obedience to the traf c rules. The applications of the resulting system include but not

limited to the following items;

Assist drivers in driving more safely: The artifacts of the proposed system can be used
to inform the driver about the current traf ¢ regulations that exist on the way.

Report to the traf c central: The detected violations can be reported to the traf c central
for further inspection.

Automate driving license examinations: The system may give an evaluation result for
the driver after a speci c test period, which can be planned as a part of a driving license
examination.

Maintain inventory of the traf ¢ signs on highways: The sign detection and recognition



module of the proposed system may be used to maintain the inventory of the trafc
signs.

Provide supervision for the development of the autonomous urban driving systems: The
proposed system can give supervisory feedback for autonomous driving applications
especially in urban environments.

Augmented reality applications based on traf ¢ signs or lanes: The detected road con-
ditions can be integrated to the head up display of the vehicle for providing more infor-

mation about the road to the driver.

1.2. Problem Statement

The focus of this work is in developing a system which can be used for evaluating the
actions of vehicle drivers especially in urban environments. Most of the accidents can be
avoided if the users become more sensitive about the traf c rules. However, it is not feasible
to place a police at each corner of the smallest city. Therefore, automation of driver evaluation

is inevitable for enforcing the obedience to the traf c rules.

Similar to the structure of the designed solution, the statement of the problem can be di-
vided into two major categories. The rst category is about the acquisition of the related data
as quickly, cheaply and accurately as possible. However, there are numerous dif culties even
for the basic sensors. Naturally, the more advanced the sensors are, the more complicated the
problems become. For example, the RFID readers may suffer from tag collision (or data col-
lision, i.e. multiple RF tags exist in the reading distance of the RF reader), which is relatively
easy to resolve [7]. However, in vision, the system may suffer from lightning conditions or

unrecognizable objects which requires more complicated solutions [8].

The second category of the problem is related with designing the inference engine.
Even if the data acquisition modules provide the most accurate knowledge, the system may
become too complicated to manage with simple if-then rules. Moreover, usually the sensors
and data interpreting modules usually introduce considerably large amount of uncertainty to
their outputs. As a result, the inference engine should be able to cope with both the complexity

and the uncertainty of the environment [9].



In addition to these scienti c dif culties, there are also some engineering problems. The
system should be able to process a large amount of data with limited computational power.
Additionally, the quality of the acquired data is closely related with the selected equipment.
Moreover, the proper placement of the sensors on the vehicle may affect the system per-
formance dramatically. The system may also require integration with different systems like
existing traf ¢ control agents or the vehicle itself. The cost of the sensors and additional pe-
ripherals, like RFID tags, should also be considered carefully. Although the expected cost of
a single RFID tag is relatively small, thousands of RFID tags may become the most expensive
part of the entire system. If the RFID tags are placed on vehicles, then the readers should
be placed near the traf ¢ signs. Otherwise all vehicles should be equipped with RF readers
and traf ¢ signs should have RFID tags which identi es them. In each case the number of
required RF readers and RFID tags are quite large even for deploying the system in a small
town. Since the RF readers are more expensive and require more maintenance, they may be
placed in cars where it is relatively easy to obtain power source and keep the device under
control. In addition, the cost of the reader may be charged to the vehicle manufacturers and

can be subsidized by tax reductions.

1.3. Scope

The aim of this work is to develop a framework to reduce the rate of the accidents based
on driver faults by detecting and reporting the traf c violations. In order to be more speci c
about the goals of the project, the scope of the proposed solution is de ned for different

aspects as follows.

Targeted traf c rules: Only the subset of the traf c violations, which can be detected
with the available sensors, are considered.

Sensors: Although there are many sensors available in the market, the proposed solution
is based on camera, RFID reader, GPS and the information provided by the vehicle
itself.

Implementations: The number of possible implementations for the proposed modules
are numerous. Therefore, we have to limit the scope of this study with speci ¢ imple-

mentations for proposed modules. For example, we implemented the most common



used methods in the literature, which are neural networks (NN) and support vector
machines (SVM), for sign recognition. Similarly, we presented two inference engine
implementations, which are Prolog based and Belief Network based expert systems for
comparing the rule based and probabilistic models.

Interactions: The interactions between the actors of the traf c, like vehicle to vehicle,

or vehicle to infrastructure communication, is left out of the scope of this study.

The end-to-end application presented at the end of the thesis encapsulates the main idea of the
project and demonstrates the usage of the proposed framework. Most of the improvements
for these limitations are discussed as the recommendations for future work, because of the

available resources of this thesis work.

1.4. Thesis Outline

In the rst section of Chapter 2, the ADAS technologies are introduced and related
works are presented. The expert system implementations used in the intelligent vehicles are

investigated in the second section.

The system overview for the solution design is given in the rst section of Chapter
3. The proposed approach contains two main sections. The rst section discusses the data
acquisition from different types of sensors, and the next section examines the requirements

for the expert systems which will be developed for the inference engine.

In Chapter 4 the details of the solution for the problem are given. The rst section of this
chapter focuses on the implementation of the vision module which is responsible for gathering
information from raw camera images. The next chapter explains the basics and challenges of
the radio frequency identi cation technology and the implementation used in the project. The
following section about the GPS/GIS and vehicle integration details the employment of these
technologies in the ADES project. The details of the expert system designs are also given in
the following section. Finally the driver aggressiveness and its application in the project are
discussed in the last section. In Chapter 5, the computer applications developed for the ADES
project are introduced. In Section 5.1 the details of ADES Detector, which is used for training

and testing vision algorithms by using different kind of image sources, are given. The ADES



simulation environment which is build on Unreal Engine and USARSIm are explained in the

subsequent section.

In Chapter 6, the evaluation of each module is discussed and comparisons with alterna-
tive methods are presented. The conclusions and the improvement opportunities are given in
Chapter 7.



2. RELATED WORK

Although, to the best of our knowledge, there is no signi cant study available concern-
ing the autonomous driver evaluation by the means of on vehicle systems, there are numerous
works regarding autonomous driving, driver assistant systems, and autonomous traf ¢ con-
trol systems. These studies dealt with many common problems and have proposed several

remarkable solutions which are also applicable in this problem domain.

2.1. Current Advanced Driver Assistance Systems Technologies

The proposed system will bene t from different kinds of Advanced Driver Assistance
Systems (ADAS) to detect and report the traf ¢ violations. The state-of-the-art ADAS imple-

mentations include the following;

Adaptive cruise control [10]

Forward collision warning [11]

Lane Departure Warning and Blind Spot Detection [12, 13]
Speed Limit Monitoring [14]

Driver Drowsiness Detection [15]

and there are many more systems on development like vehicle to vehicle or vehicle to infras-
tructure interaction systems [16]. ADES project is a framework where these driving assisting
systems can be utilized to evaluate the drivers’ traf c violations. A lane detection system and

a traf ¢ sign recognition module are developed in the proposed solution.

2.1.1. Lane Detection Techniques

For lane detection, Hough Transform [17] is one of the most common techniques [18,
19]. However, there are many other techniques in the literature for lane detection. Pomerleau
et al [20] used neural networks in their ALVIN system. Dynamic programming is used for
eliminating outliers from detected line segments by Kang et al [21]. In addition, \&ang

al [22] used B-splines in order to t lane markings. Different techniques have also been



proposed for tracking the detected lanes and modeling the road. Kalman ltering [23] and
particle Itering [24, 25] are the two most common tracking techniques used in lane tracking

methods. A more detailed survey for lane detection strategies are provided by McCall and
Trivedi [26].

2.1.2. Methods for the Detection of Traf ¢ Signs

Numerous methods for the detection of traf ¢ signs are proposed. Esclaia)27]
used color thresholding and shape analysis for sign detection. dtaalg[28] developed a
neural network based approach for detection and Kalman Filter for tracking the signst Hsu
al [29] proposed a template matching based for detection and matching pursuit lters, which
decompose patterns into two dimensional wavelet expansions, for recognition. Baldmann
al [30] used Haar wavelet features obtained from Ada-Boost training for detection and LDA
followed by maximum likelihood approach for recognition. Letyal [31] modi ed the radial
symmetry transform for sign detection. Basairal [32] used shape classi cation based on
linear SVMs for the detection phase. H. Fleyeh [33] proposed a fuzzy approach for color
detection and segmentation of traf ¢ signs. Parada-Leiral [34] de ned a new opera-
tor named as Local Contour Patterns and used it in fast Hough-Transform-based approaches
for circle and line detectors. A Scale-Invariant Feature Transform (SIFT) based approach is
proposed by Hoferliret al [35]. Local SIFT features are used for content-based traf ¢ sign
detection along with widely applied shape-based approaches. Eseizdd[86] and Soetedjo
et al proposed Genetic Algorithm (GA) based methods for sign detection. Although the sign
detection phase in this thesis also uses GA, a novel approach for the encoding of individuals

and a suitable tness function are proposed.

2.1.3. Methods for Traf ¢ Sign Recognition

One of the early studies on the topic of traf ¢ sign recognition was introduced by Es-
caleraet al [27] in 1997 where classi cation was done by neural networks. Two separate
multilayer perceptron NNs have been trained for triangular and circular signs. The size of
the input layer corresponds to an image of 30x30 pixels, and the output layer is of size ten,

I.e., nine sign types plus one output that shows that the sign is not one of the nine. Hsu and



Huang [29] used matching pursuit (MP) lter [37], which decompose patterns into two di-
mensional wavelet expansions, to recognize the road signs effectively. MP algorithm uses
a greedy heuristic to iteratively decompose any signal into a linear expansion of waveforms
that are selected from a redundant dictionary of functions. Matching pursuits are general
procedures to compute adaptive signal representations. An SVM-based study introduced by
Maldonadoet al [32] employed Gaussian-kernel SVMs where the input to the recognition
stage is a block of 31x31 pixels in grayscale image for every candidate blob. In order to re-
duce the feature vectors, only those pixels that must be a part of the sign (pixels of interest)
are used. Another SVM-based solution by Kirainal [38] introduces an SVM Learning
technique for traf ¢ sign classi cation where the classi cation performance is improved by
training the SVM using novel features calldigtance from centg{DfC) anddistance to bor-
ders(DtB). These features generates blob relative vectors which make the system invariant
of translation, rotation and scale factors. Soetedjo and Yamada [39] have focused on traf ¢
sign classi cation using Ring Partitioned Method on grayscale images which uses partitioned
histograms to classify signs. Miugd al [40] have used two cameras to recognize the traf c
signs. A telephoto camera, which can change the viewing direction, is directed to the region of
interest and it captures a closer view of the candidate signs. The classi cation is achieved by a
normalized correlation-based pattern matching technique using a traf ¢ sign image database.
Another work by Garcia-Garridet al [41] also used neural network for classi cation where

the input is a 32x32 pixel-size normalized image of the candidate sign. Finally, in a very re-
cent study Rutat al [42] introduced a novel feature selection algorithm that extracts for each
sign a small number of critical local image regions having the highest dissimilarity between

the candidate and the other signs.

2.2. Expert Systems Used in Intelligent Vehicles

In order to propose a suitable reasoning method for the ADES project, different plan-
ning techniques used in autonomous vehicles have been investigated. Suk#taalkgt3]
presented a distributed solution, which consists of a collection of reasoning objects that votes
upon a set of possible actions for dealing with the complexity of tactical reasoning.elRosa
al [44] implemented a fuzzy expert system to organize traf ¢ regulations in town area. Al-

Shihabiet al [45] proposed a framework for modeling driver behavior which has perception,
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emotions, decision-making, and the decision-implementation units formed of fuzzy variables
and if-then rules. Gao and Zhou [46] developed a fuzzy rule based control strategy selec-
tion approach for mobile navigation which utilizes Fuzzy Reasoning Petri Nets for system
modeling and parallel reasoning. Lattretral [47] introduced a knowledge-based approach

to behavior decision for intelligent vehicles which uses qualitative representation of the infor-
mation perceived by the sensors. Logigal [48] presented a review of software platforms

for autonomous vehicles and their arti cial intelligence development capabilities. Ferguson
et al [49] presented a reasoning framework, which consists of the mission, behavioral, and
motion planning components perform the reasoning for an autonomous vehicle navigating
through urban environments. Vacekal [50] used case-based reasoning in order to predict
the progress of the current situation and to select the appropriate behavioet @bif51]
described a nite state machine model to manage the complexity of the situational reasoning

subsystem which recognizes the current situation to impose the correct traf c rules.

The BN's have been studied in researches related with autonomous driving or driver
assistant systems for more than a decade. In 1995, Fetla#@$52] proposed th&ayesian
Automated Taxi (BATmobilgjhich is a decision-theoretic architecture using dynamic proba-
bilistic networks for autonomous driving. The BATmobile used dynamic Bayesian networks
where the states of the variables are also introduced to the decision process. In addition to hav-
ing Markovian property, the proposed network also modi es its internal structure by adding
or removing the time slices. In 2002, Rastsal [53] described a distributed information fu-
sion system based on hierarchical BN’s using D’Agent mobile agent system. In the proposed
system the structure of the belief network can be rearranged according to the gathered infor-
mation. Kumagaet al [54] also used dynamic Bayesian networks to predict the driver’s stop
behavior. The structure and the parameters of the network are calculated by using the pedal
strokes and the speed of the vehicle during the learning phase.dbaf{b5] also used a sim-
ilar technique for predicting the lane departure behaviors of the drivers. In 2008, Petrovskaya
et al [56] used a dynamic Bayesian network model for tracking the vehicles during DARPA
urban challenge. The positions and the orientations of the vehicles are used for predicting
the future location of the vehicles. Numerous examples of BN’s in autonomous driving can
be presented since the idea behind the time dependent dynamic Bayesian networks is quite

similar with Markovian Models and Kalman Filters.
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3. PROPOSED APPROACH

Unlike the basic de nition of the problem, which is revealing the faulty driver, it is not
very easy to propose a fully detailed approach for this purpose. It is clear that any proposed
solution should be aware of the actions of the driver and be able to judge the decisions of
the driver. However, there are many alternative ways to accomplish every single sub problem

some of which are summarized in the previous chapter.

3.1. System Overview

In the ADES project, the task is divided into two major parts. The rst part acquires
the sensor data and processes it for the use of the inference engine. The second part, which
is the inference engine, uses the sensor values as facts, and comes up with the nal decision
according to its rules in the knowledge base. Since the rules in the knowledge base will be
derived from common traf ¢ rules for this application, they are going to be introduced by
human experts. As a result, the inputs of the system are sensor values and prede ned expert

rules, and the output is the evaluation of the driver's moves as shown in Figure 3.1.

Sensors

O

Domain Specific

- RIS "

Knowledge Base

Human
Expert

Driver Evaluation
ontine)

Raw Sensor
Data

Sensor
Data
Processor

Inference
Engine

=00

Driver

Figure 3.1. Basic system architecture of ADES project.
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3.2. Data Acquisition and Processing

The most common sensors for mobile agents are video cameras, global navigation satel-
lite systems, light and radio waves based detection and ranging systems. The proposed ap-
proach utilizes a single video camera which is placed in the front of the vehicle where the
road and other important objects can be seen easily. The RFID technology also inspected
in order to reduce the possibility of the errors and increase the reliability of the system. In
addition to these modules, there are other commonly used devices for gathering position data

and communicating with the vehicle itself.
3.2.1. Vision Module

Since the vision sensors usually provide valuable information about the environment,
they are inevitable for most of the autonomous systems. ADES project based on a mono
vision sensor, which is a video camera placed on the vehicle. The goal of the vision module is
not only capture the image of the environment, but also process this image in order to provide
valuable information for the inference engine. The proposed vision processing subsystem will
be able to detect and track lane markings and traf ¢ signs. However there are ongoing research
projects for detecting traf c lights and various obstacles like other vehicles and pedestrians

[57, 58].

The set of images includes the de ned traf ¢ signs shown in Figure 3.2. The circular
ones are regulatory and the triangular ones are the warning signs in Europe [59]. The pro-
posed approach bene ts from the red borders which is the most distinct common property of
these signs. However, the proposed detection method can be used for different traf ¢ signs in

other countries with appropriate tness functions.

@& AAAAMAAM
OAANARD®

Figure 3.2. Traf c signs recognized by the proposed system.
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3.2.2. RF Module

In the proposed solution the RF reader is placed within the vehicle due to power require-
ments. Since the required know-how and resources are beyond the scope of this project, the
physical implementation is left as a future work. However, the RF reader and RFID tags are

successfully modeled in the simulation environment.

3.2.3. Other Sensor Technologies

There are also other sensors in autonomous driving. One of the most common sensor
is RADAR which is a system that uses electromagnetic waves to identify the range, altitude,
direction, or speed of both moving and xed objects. However, more recent applications
use the laser scanning radar sensor LIDAR, which measures the relative position of the con-
trolled vehicle with respect to its preceding vehicle. In addition to ranging sensors there are
Global Navigation Satellite Systems (GNSS) which uses a version of triangulation to locate
the receiver, through calculations involving information from a number of satellites. The most
popular GNSS is probably the NAVSTAR GPS, maintained in the United States. There are
other systems using satellites as references in the navigation process. Galileo is one GNSS
system under development by the European Union (EU). Furthermore, Russia has a system

under development called GLONASS [60].

3.3. Inference Engine

The proposed inference system is designed to reason for speci c traf ¢ violations. The
targeted rules and their nes [61] are given Table 3.1. Although the proposed system is
focused on the previous rules, it can also be used for detecting the violations given in Table
3.2 with necessary improvements like obstacle recognition via vision module or cross-road

awareness by GPS.

In the current state of the project, there are two expert system implementations which
are based on Prolog and Belief Networks. However, any expert system implementation which

satis es speci ¢ functionalities, which are detailed in Section 4.4.1, can be integrated easily



Table 3.1. Targeted traf c rules.

Violation Fine

Violating the red traf c light 140 TL

Exceeding speed limits from 10 up to 30 perced¥O TL

Exceeding speed limits more than 30 percent| 290 TL

Entering forbidden roads. 140 TL

Not obeying the signs and land markings 66 TL

to the system.

Table 3.2. Other relevant traf c rules.

Violation

Fine
Not following the rightmost lane unless there is an overriding sign| 140 TL
Following the leading vehicle from an unsafe distance 66 TL
Not slowing down while entering crossroads, passing hills, crosswalké TL
Driving too slow or decelerating unexpectedly 66 TL
Entering the crossroad and blocking the traf ¢ 66 TL
Not obeying the STOP sign on the school buses 140 TL

14



15

4. METHODOLOGY

The realization of the proposed solution requires implementation and integration of sev-

eral modules as described in the following sections.

4.1. Vision Module

Vision module is responsible for acquiring raw image data from the camera and pro-
cessing it to provide information to the expert system implementation. The current imple-
mentation is capable of detecting lane markings and speci c traf ¢ signs. The overall process
is shown in Figure 4.1. The entire process is triggered by the arrival of the raw RGB image
data. The received image bytes are duplicated for parallel running processes. The rstimage
is preprocessed by a color remapping function to indicate the white and yellow lane markings
in the binarized image. The lane detection process then uses this binarized image to nd the
road lanes. The image binarization process for the sign detection process, however considers
the red pixels in the image. The binarized image is duplicated again for the circular and tri-
angular le detection processes. After the location of the traf ¢ sign is detected, the clipped
portion of the image is transferred to the prede ned sign recognition processor. Currently two
sign classi cation methods are implemented. One of the SVM and NN based sign recogni-
tion processors can be selected as desired. The performance of both methods are discussed
in Chapter 6. Although the current implementation of these classi ers are using grid based
features, a Speeded Up Robust Features (SURF) [62] based feature extraction mechanism is

also implemented. The performances of these systems are discussed in the evaluation section.

4.1.1. Image Binarization

The performance of the image binarization process has a dramatic effect on the overall
system performance since the remaining processes run on the selected white pixels. If these
pixels are not selected properly or incorrectly mapped, the failure of the entire system is
guaranteed. In addition, due to the complexity of the detection processes, the binarization

process should be very fast for real time applications. Therefore, fast binarization processes



16

Raw RGB Image

Image Dispatcher

Image Binarization Image Binarization
(Color Remapping) (Selected Points)

Black & White
Image
Image Dispatcher

Triangular Circular Sign
Sign Detector Detector

Black & White
Image

Lane Detector

Clipped Sign Image 5 9
S
SVM NN

Sign Classifier Sign Classifier
A 4 Sign Information @
Lane Information (Facts)
(Facts)

v

Expert System
Interface

Inference Engine

Figure 4.1. Vision processing.

with simple but effective mapping algorithms are proposed in this study.

4.1.1.1. Color Remapping. As the rst step of the lane detection process, the image is con-

verted to a binary image by using a color remapping function. The mapping for each pixel
from the 24bit RGB value to a binary value is given in Table 4.1. If each mapped value of the
red, green, and blue components of the selected pixel is one, then this pixel is a white one in
the resulting image. This binarization favors the white and yellow parts of the images. The
values have been empirically determined for the video sample. However, for realistic appli-

cations an adaptive scenario should be used to accommodate changing lightning conditions.
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Table 4.1. Color remapping.

Pixel Value | Red | Green | Blue
0-176 0 0 0
176-196 1 1 0
196-255 1 1 1

4.1.1.2. Adaptive Image Binarization.There are two main image binarization methods pro-
posed for improving the sign detection performance. Both schema try to differentiate the

red regions of the image by assigning the most proper values for the coef cieantsl in
Equation 4.1.

8
11 r> gr> b
f(rg;b) = (4.1)
- 0! o=
> 1
> 1

The mean based image binarization uses the histogram calculations of the acquired frame.
Sample scenes with corresponding red, green, blue histograms for 24bit RGB images are given
in Figure 4.2. The values of and in Equation 4.1 are calculated according to Equation 4.2

whereHSL denotes the hue, saturation and lightness histogram arrays.

Figure 4.2. Good, medium and poor conditions for traf ¢ sign detection with corresponding

red, green, and blue histograms.
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HIST

Histogram (HSL gp) 4.2

- - 1 + Lmean

However, for sign detection process, the red pixels should be considered. Therefore,
in the second approach, the coef cients’ values are adjusted according to the total number of
white pixels in the binarized image. If the number of the white pixels is less than a prede ned
value then the coef cients are slightly relaxed. On the opposite side, if there are too many
white pixels, then the coef cients are tightened. Since the number of white pixels in the
binarized image represents the red-most pixels in the original image, this method is focused

on the red pixels of the image.

Figure 4.3. Effect of selected point count on image binarization.

The process can be formulized by Equation 4.3 where a pixel on the binarized
image. The values of®and °are usually assigned slightly higher than one (e.g 1.05) to
prevent major changes in the consecutive frames. However, the effect of the adaptation is not
reduced because of the high frame rate of the streaming media. In Figure 4.3 the sign becomes

clearer as the and values become 1.02, 1.04, and 1.104 respectively.
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4.1.2. Road Lane Detection and Tracking

The classical Hough transformation approach processes the entire vision data in order to
detect the lines. This scenario has two main drawbacks. First, the occluded lines (i.e. another
car passing through the line) become noisy since the transformed relative intensity of the line
decreases. Second, the relative intensity of the lines also decreases at the curves in the road.
The proposed solution divides the road image into partitions, where the sizes of the partitions

are inversely proportional to the distance of the partition to the vehicle.

The proposed approach employs Multiresolution Hough Transformation (MHT) for lane
detection, followed by two Hidden Markov Process (HMM) models for radius and orientation
of the candidate lanes [8]. After the image is partitioned, a separate Hough transformation is
applied to each single partition as shown in Figure 4.4. The most intense line in each partition,
which is the candidate line segment, is taken into consideration in order to nd the global
lanes in the image. Since the Hough lines are represented in polar coordmajesstead
of rectangular coordinat€g, y), the candidate lines are grouped according to their slopes and
distances to the center of the image as well as their intensities. The center of the frame is

chosen as the bottom most pixel. The transformation of the lines basically changes the center
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Figure 4.4. (a) Original image, (b) Binarized image, (c) Partitions, (d) Hough line segments

in partitions, (e) Transformed candidates, (f) Detected lane markings.

point of the polar coordinates for each transformed line which is achieved by Equation 4.4

r=r+(x x9cos()+(y y9sin()

0—

(4.4)

where(r’, ) is the polar coordinates of the transformed Hough (ine). Note that the
translation of the center of the Hough transformation is f(@ny)to (X', y’). After the lines

are grouped, the most intense three clusters are assigned as the lanes. However, there may be
less than three lanes if the sum of the intensities of the candidate lines is less than a threshold

value.

For lane tracking, HMM [63] is used to represent the relation between the current
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Table 4.2. Properties of video sequence.

Camera Position: | Front console of the car.
Resolution: 512x288
Frame Rate: 29.97
Length: 34 sec.

frame and its successor. Each line in a speci ¢ frame is represented by an indigridual

pair. In the succeeding frame, the process will most probably observe the samg(tine’at

which is not very far from the position of the line in the previous frame. The probability of
observing(r’, ") pair in the next frame is modeled as an HMM problem. In additioand

r values are modeled by two different HMM. Thevalue is discretized as (0, 1, 2, 3...178,
179) where the value is discretized at the pixel level. This discretization schema is used
for the both transmission and emission matrices. The emission probability matrix shows the
probability of observing’ (or r’) in the next frame, having observedor r) in the current
frame. In our implementation, the observation and state transition matrix values are derived
from two Gaussian distributions with different deviations. The deviation of the transition
matrix is assigned to a smaller value than the observation matrix, which means, the state

transition matrix aims to preserve the current state where the observation matrix promotes the

exploration behavior.

4.1.2.1. Implementation Details.The rst step of the implementation is for determining the

partitions of the image on which the Hough transforms will be applied. Although the pro-
cessed sample image is 288 pixels high, only the bottommost 116 pixels are used since the
road remains in this lower part of the image. The accuracy of this assumption may slightly
differ depending on the slope. The proposed approach is implemented and tested on a rela-
tively short video sequence of an urban drive. In addition, the new approach is compared with
the classical Hough transform where the entire image is processed and the most intense lines

are accepted as candidate lines. The properties of the video sequence are given in Table 4.2.

The widths of the partitions are 32, 64, and 128 pixels from top to bottom, and the
heights are 32, 42, and 42 pixels respectively. These values are assigned according to the

position of the camera. After the partitions are calculated, Hough transformation is applied
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Table 4.3. (a) Transmission matrix for(b) Transmission matrix for.

r 0 1 2 3] .. 279 280 281 282

0 | 0,3989 | 0,2420| 0,0540 | 0,0044 | ... | 0,0000 | 0,0000 | 0,0000 | 0,0000

1| 0,2420 | 0,3989 | 0,2420| 0,0540 | ... | 0,0000 | 0,0000 | 0,0000 | 0,0000

2 | 0,0540 | 0,2420| 0,3989 | 0,2420 | ... | 0,0000 | 0,0000 | 0,0000 | 0,0000
280 | 0,0000 | 0,0000 | 0,0000| 0,0000| ... | 0,2420| 0,3989 | 0,2420 | 0,0540
281 | 0,0000 | 0,0000 | 0,0000| 0,0000| ... | 0,0540 | 0,2420 | 0,3989 | 0,2420
282 | 0,0000 | 0,0000| 0,0000 | 0,0000 | ... | 0,0044 | 0,0540 | 0,2420| 0,3989
0 1 2 3| .. 176 177 178 179

0 | 0,3989 | 0,2420 | 0,0540 | 0,0044 | ... | 0,0001 | 0,0044 | 0,0540 | 0,2420

1| 0,2420| 0,3989 | 0,2420 | 0,0540| ... | 0,0000 | 0,0001 | 0,0044 | 0,0540

2 | 0,0540 | 0,2420| 0,3989 | 0,2420 | ... | 0,0000 | 0,0000 | 0,0001 | 0,0044
177 | 0,0044 | 0,0001 | 0,0000| 0,0000 | ... | 0,2420| 0,3989 | 0,2420 | 0,0540
178 | 0,0540 | 0,0044 | 0,0001 | 0,0000| ... | 0,0540 | 0,2420| 0,3989 | 0,2420
179 | 0,2420 | 0,0540 | 0,0044 | 0,0001| ... | 0,0044 | 0,0540 | 0,2420 | 0,3989

to each partition as described in the previous section. The most promising three lines are
assigned as the candidate lane markers. But there may be less than three lines if the intensity
of the calculated lines are less than an empirically assigned threshold. The experiments show

that the proposed approach usually detects only two lines most of the time.

After nding the lane markers, HMM method is used to track the lanes. The values of
the emission and transition matrices are derived using Gaussian assumption. The deviation of
the transition matrix is assigned as 1 and the deviation of the emission matrix is taken as 2.
Two separate models are prepared for thendr values of the candidate lane markers. The
transition and emission matrices are given in Tables 4.3 and 4.4. Sincedhges 0 and 179
are actually very close, the emission and transmission values are the same for 1 and 179 in
matrices. In addition, the range of thenatrices is (0, 282) because the maximum possible
distance for any detected line is 282 pixels where the height of the processed part of the image
is 116 and width of the image is 512.



Table 4.4. (a) Emission matrix for (b) Emission matrix for .

r 0 1 2 3 4 5 281 282

0| 0,1995| 0,1760 | 0,1210| 0,0648 | 0,0270 | 0,0088 0,0000 | 0,0000

11| 01760| 0,1995| 0,1760 | 0,1210| 0,0648 | 0,0270 0,0000 | 0,0000

2 | 0,1210| 0,1760| 0,1995| 0,1760 | 0,1210| 0,0648 0,0000 | 0,0000

3 | 0,0648 | 0,1210| 0,1760| 0,1995| 0,1760 | 0,1210 0,0000 | 0,0000
4 | 0,0270 | 0,0648 | 0,1210| 0,1760 | 0,1995| 0,1760 0,0000 | 0,0000
281 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 0,0000 0,1995| 0,1760
282 | 0,0000 | 0,0000| 0,0000 | 0,0000 | 0,0000| 0,0000 0,1760 | 0,1995
0 1 2 3 4 5 178 179

0| 0,1995| 0,1760 | 0,1210| 0,0648 | 0,0270 | 0,0088 0,1210| 0,1760

11| 01760| 0,1995| 0,1760 | 0,1210| 0,0648 | 0,0270 0,0648 | 0,1210
20,1210 0,1760 | 0,1995| 0,1760 | 0,1210 | 0,0648 0,0270 | 0,0648
3 | 0,0648 | 0,1210| 0,1760 | 0,1995| 0,1760 | 0,1210 0,0088 | 0,0270
4 | 0,0270 | 0,0648 | 0,1210| 0,1760 | 0,1995| 0,1760 0,0022 | 0,0088
178 | 0,1210| 0,0648 | 0,0270 | 0,0088 | 0,0022 | 0,0004 0,1995| 0,1760
179 | 0,1760 | 0,1210| 0,0648 | 0,0270 | 0,0088 | 0,0022 0,1760 | 0,1995

4.1.3. Traf c Sign Detection and Tracking

23

The proposed approach for sign detection and tracking in the ADES project is based on

GA and a modi ed version of radial symmetric transform after an image binarization.

The GA implementation uses the coef cients of a geometric transformation applied to

a set of points which describes the characteristics of any searched template. The formulation

of geometric transformation, which includes af ne and perspective transformations is given

in Equation 4.5

ab c
d e f
g h1

u—=w

V=W

X

(4.5)
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wherex andy are the coordinates of the sample point from the template describing set of
points. u andv are the transformed point on the imagg.b, d, e provides rotation, scaling

and shearing whereandf used for translation. In additiorg andh provides perspective
transformation in two dimensions. These coef cient values or a subset of them can be used in

the chromosome encoding of the GA.

The effect of the transformation can be visualized better with a simple example. Assume
thata, b, ¢, d, e, andf coef cients are used in the encoding of the GA chromosome. In addi-
tion, g andh are left zero for simplicity. Also assume that 12 points are used in representing
the characteristics of a circular object. For this scenario, we can conclude that a chromosome
with the transformation coef cients in Equation 4.6 can yield to the transformed circle points
in Figure 4.5. The points on the left hand side of the gure are the characteristic points of the
circular template, which are 12 equidistant points on the unit circle, and the right points are

the translated, scaled, and rotated counter parties in the transformed domain.

u@ 2 1 100 x
W o= 12 50 vy (4.6)
1 00 1 1
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Figure 4.5. Template characteristic pointgxny) domain, anqu;v) domain after the

geometric transformation.
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These new points are used to calculate the tness of the candidate traf ¢ sign location.
The tness value is formed as a function of the colors of the underlying pixels for each trans-

formed point in the processed snapshot.

4.1.3.1. Implementation Details. Similar to the lane detection, the sign detection process

also starts with an image binarization process. The second step is creating the population
for the GA process. The chromosome encoding is based on the coef cients of the geometric
transformation matrix as de ned in problem statement section. However, for simplicity, only
the two translation and one scaling coef cients are included in the chromosome. The resulting

transition matrix is given in Equation 4.7.

u a0 c x
v = 0af vy 4.7)
1 0 01 1

The crossover process is also a function of these coef cient as given in Equation 4.8.

Anewchromosome = ‘& chromosome1 t @ chromosome 2
Chewchromosome = :C chromosome1 T :C chromosome 2 (4.8)
f newchromosome  — f chromosome 1 f chromosome 2

1 = +

Empirically determined parameters of the GA process are as follows,

Population Size: 100
Number of Iterations: 5
Mutation Rate: 0.05
Selection Rate: 0.9
Selection Method: Elitist

In addition to these properties, half of the best chromosomes in a frame is transferred to the
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next frame in order to provide an initial knowledge about the image. Therefore the number of

iterations is kept small. The tness of the chromosome is evaluated according to the color of

the transformed poir{u; v) on the binary image. If the value of the pixel is one which means it

is a red point on the original image, the tness of the chromosome is increased. However, this

method fails for completely red regions, therefore another set of template points are introduced
in order to indicate the non-red points on the template. These points are also subject to the
transformation. In this implementation these non-red points are selected to place in the inside
of the unit circle. For the example in the problem statement section, if we add the non-red

points to the Figure 4.5 we end up with Figure 4.6 where the red points increase the tness

values when they are white in the binary image, and the black points increase the tness value
when they are black in the binary image. If the expected color cannot be found then the tness

is decreased for each failed point.
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Figure 4.6. Red and non-red template points.

At each iteration the tness values are calculated for each chromosome and at the end
of the process the chromosomes are expected to converge around the circular sign as shown

in Figure 4.7

Figure 4.7. Initial and converged chromosomes.

Finally if the best chromosome has a tness value greater than a threshold value, then
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the points of this chromosome should be on a circular traf ¢ sign on the original image as
shown in Figure 4.8. This complete process takes nearly 50 milliseconds when it is executed

on the same hardware speci ed in Chapter 6.

Figure 4.8. Detected traf c sign.

4.1.4. Traf c Sign Classi cation System

After the detection phase, the detected image should be classi ed to provide the sign in-
formation to the inference engine. In the ADES project, three different methods are proposed

for this purpose.

64x64 Resize to 12x12 144 fealures
Detected Crop 24x24 N and »  black >0
. around the CoM o ; N
Sign Binarize white -> 1

N[ +- _________ ————————— [

Figure 4.9. Input array formation for Grid based NN and SVM implementations.

4.1.4.1. Grid Based Neural Network Implementatioi.he detected sign is serialized to a bi-

nary input array with 144 items where each item is an input for the classi er network as shown
in Figure 4.9. In the current implementation, each sign has its own network, i.e. the network
trained in order to classify that sign, with 144 inputs, 4 hidden layers and one output layer.
The networks are trained by using Levenberg-Marquardt learning technique [64] which based

on solving Equation 4.9

33+ 1)

J'E (4.9)
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whereJ is the Jacobian matrix for the systemis the Levenberg’s damping factor.is the
weight update vector which is usually found by solving this equation using LU Decomposi-
tion. E is the error vector containing the output errors for each input vector used on training
the network. The tell us by how much we should change our network weights. JtJe
matrix can also be known as the approximated Hessian. Tdemping factor is adjusted at

each iteration according to the difference in error.

4.1.4.2. SURF Based Neural Network ImplementatiolSURF [62] is a scale and rotation

invariant feature detector approach. It is basically derived from SIFT [65] but outperforms
it in terms of speed, robustness and distinctiveness. SURF has several parameters that may

affect its output:

Upright: This parameter determines whether to run Upright SURF (U-SURF) or not.
U-SURF better ts the horizontal camera cases. It runs invariant of image rotation and
therefore consumes less CPU time.

Octaves: The scale space is divided into a number of octaves. The lter size is affected
by the octave levels.

Intervals: This is the sampling interval. Together with the number of octaves, it deter-
mines the number of lters to be applied. (Number of Iters = octavemtervals)
Threshold: A threshold value used to control the accuracy of the results. Increasing the

threshold value will decrease the number of detected interest points.

The SURF process nds a set of interest points, which have the following properties.

(X;y¥): The center of the SURF interest point.

Orientation: This is the orientation of the detected feature in radians.

Scale: Scale takes values from 1 up to the number of octaves.

Laplacian: A value of 1 indicates bright blobs on dark backgrounds, and -1 indicates

just the reverse case.

In the early implementations of the project, the neural network was fed by the properties of a

constant number of SURF interest points. However, this schema suffers from the ordering of
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the inputs of the network. Therefore a new schema, which uses the number of SURF points
found in prede ned parts of the detected image as the input of the network, was developed.
[66].

4.1.4.3. SVM Implementation. SVM [67] models were originally de ned for the classi ca-

tion of linearly separable classes of objects. For any particular set of two-class objects, an
SVM nds the uniqgue hyperplane having the maximum margin. The solution to a classi-
cation problem is represented by the support vectors that determine the maximum margin
hyperplane. SVM can also be used to separate classes that cannot be separated with a linear
classi er. In such cases, the input values are mapped to a high-dimensional feature space
in which the two classes can be separated with a linear classi er. Since the feature space is
high dimensional, the nonlinear mapping is computed with special nonlinear functions called
kernel. Kernels have the advantage of operating in the input space. The solution of the classi-

cation problem is a weighted sum of kernel functions evaluated at the support vectors.

In our implementation, we used the same input values, which are generated according
to the process in Figure 4.9 to train the SVM with radial basis kernel function (RBF). The

RBF kernel function is given in Equation 4.10
k(ujv) = e 11U W (4.10)

wherek is the kernel function which gives the distance between the support weatwt the

test pointv. The coef cient is found by trying sample values at different exponential scales.
4.2. RF Module

The RF module provides information gathered from the RFID tags which are placed
special points on the roads [68]. An RFID system consists of an antenna and a transceiver
which can read the radio frequency and transfer the information to a processing device (reader)
and a transponder, or RF tag, which contains the RF circuitry and information to be transmit-
ted. The antenna provides the means for the integrated circuit to transmit its information to the

reader that converts the radio waves re ected back from the RFID tag into digital information
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that can then be passed on to computers that can analyze the data. The most common types of

RFID modules and speci ¢ properties are given in Table 4.5 [7].

Table 4.5. Properties of most common RFID systems.

Band | Low Frequency High Frequency | Ultra-High Frequency Microwave

Typical RFID Frequencies 125-134 kHz 13.56 MHz 433, 865-956 MHz 2.45 MHz
Read Range <0.5m <1.5m <5m <10m

Data Transfer Rate 1 kbit/s 25 kbit/s 30-100 kbits/s <100 kbit/s
Sample Application | Car Immobilizer | Contact-less travel cards Logistics | Electronic toll collection

4.2.1. Challenges of RFID Technology

Although the RFID technology is a commonly used technology especially when fast

identi cation is necessary, it has several challenges for the proposed application [7].

Power consumption: The most important constraint of the RFID systems is the required
power. If the tags are passive, then only the RF reader requires the power. However, for
active tags, both the reader and the tags should be connected to a power source. Since
the power requirement of the tags are relatively less, they can be equipped with small
size batteries. On the other hand, the reader usually requires more power because it
provides the current for the antenna.

Reading range: After the power is supplied to the system, the reading distance of the
reader system is calculated according to the structure and positioning of the antenna.
Since the proposed application requires omnidirectional reading within two or three
meters, the system may require additional ampli ers and power source. In addition, the
passive tag solutions are not applicable to the proposed system because of their very low
reading distances.

Antenna: The antennas in the current active tag applications are usually designed for
static implementations. Therefore the size and the shape of these antennas may result in
more complicated designs for the RFID system on the vehicles.

Metal interference: Although there are RFID systems which are not affected from rain
or other weather conditions, most of these systems are sensitive to metal interference.
The reason of this interference is the re ection and cancellation of the reader’s electro-

magnetic eld by metallic objects other than the transponder within the tag.
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Passive tag limitations: The passive tags are cheap, easy to place and replace, and re-
quire no power source. They are the best candidates for identifying the traf ¢ signs and
other important objects. However, the required reading distance by the proposed solu-
tion is not available with the current readers without additional equipments. In addition,
the limited power source on the vehicle also reduces the performance of the reader sys-

tem.

4.2.2. Tag ID Assignment

The implementation of the RFID technology for the proposed application will contain
a reader which is capable of reading tags up to two meters. If the RF reader can be placed
somewhere near the front bumper, this distance is suf cient for reading the necessary mark-
ings. If we consider the directional restrictions, we place an RFID tag very close to the related
regulation sign. In order to detect the violation of the restriction, another RFID tag is also
placed a few meters ahead the crossroad in the restricted direction. According to this setup,
the system can easily conclude that the driver violates the traf c rule if the RF reader on the

car detects the rst RFID tag and then the second tag in this speci c order.

A slightly different scenario can be applied for the traf c lamps. However this time
the rst RFID tag should be an active one which is activated only when the red light is on.
The violation of traf ¢ rule can be detected in the same way as it is done in the previous
scenario. The easiness of producing similar scenarios for different traf ¢ rules makes the

RFID technology very promising for the ADES project.

However, to accomplish these scenarios a prede ned tag identi cation number assign-
ment strategy should be designed. In Table 4.6 the tag ID assignment strategy for ADES
project is given. In this strategy the RF tags are identi ed by their global positions, referring
traf c rule ids. Finally a redundancy check eld is also added for robustness. Since the total
number of byte required for indicating a speci c rule is eight, several rules can be included
within a single tag. This strategy reduces the required number of total tags and the cost of the

system.
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Table 4.6. Tag ID assignment strategy.

Tag Part | Length (Bytes) Explanation Example
UniquelD 4 Latitude and Longitude 41.013144-29.081244
RulelD 1 Prede ned Rule ID 13 (no trun left)
Pre/Post/Single 1 Type of Tag Pre - no turn left
Matching Tag ID 1 | Matching Tag for pre/post tags UniquelD of pre tag for a post tag
CRC 1 Redundancy Chec 01010101
Total: 8 bytes

4.3. Usage of GPS/GIS and CAN Bus Integration

The ADES system includes a simple Geographic Information System (GIS) system de-
sign and uses this to retrieve the existing traf ¢ rules at the global position of the vehicle [69].
The proposed GIS database holds the rules as an XML le. A simple example of this XML

le is given in Figure 4.10.

<?xml version="1.0" encoding="utf-8" ?>
<GIS>
<NodeProp lat="0,0.04,N" lon="0,0.00,W" rule="1"/>
<NodeProp lat="0,0.12,N" lon="0,0.00,W" rule="13"
type="pre" matching="0,0.12,N:0,0.00,W"/>
<NodeProp lat="0,0.13,N" lon="0,0.02,W" rule="13"
type="post" matching="0,0.12,N:0,0.00,W"/>
</GIS>

Figure 4.10. Simple GIS XML for ADES.

The attribute properties are similar to the RF Tag ID assignment strategy given in Sec-
tion 4.2.2. Thelat attribute gives the latitude of the de nition at a prede ned resolution.
Similarly thelon attribute presents the longitude. Thde presents the existing rule id for
the global position de ned by the previous attribute. Since there may be only one de nition
for a speci c rule in the de ned position, the combination of tla¢, lon, andrule attributes
can be considered as the unique ID of the GIS data. The resolution of the system depends
on the precision of théat andlon attributes. In the given example, each rule is effective in
nearly 25 square meters in the simulated environment.tyijeattribute provides additional

information about the rule. Finally th@atching attribute provides corresponding rule for
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pre/post rule pairs.

One other tool which can be used to obtain valuable information from the vehicle is the
Control Area Network (CAN) bus integration. The CAN is a serial communications protocol
developed by Robert Bosch GmbH. It supports distributed real-time control with a high level
of security [70]. There are many ADAS applications which uses CAN bus integration for
obtaining the sensor readings from the vehicle [71]. Although advance statistical analyses
can be performed on the information obtained from the CAN bus, it also provides simple
information like the speed of the vehicle and sensor readings from throttle, break, and steering
control units [72, 73].

In the ADES simulation environment the speed of the vehicle is provided to the system
via the vehicle itself. This scenario can be realized in real life examples by using the CAN

bus integration.

4.4. Inference Engine

Expert system is a computer program that uses knowledge and inference functions to
solve problems which requires human expertise for their solution [74]. The knowledge base
and inference rules are either hand coded or learned by the system by observing another
expert, possibly a human expert. The most important difference of an expert system from a
conventional computer application is its inference engine. As an example, a dictionary may be
a conventional computer program where a successful translator can be addressed as an expert

system.

The knowledge base consist of the information encoded in a speci ¢ way and the basic
functions to deal with this data. The inference engine is the main part of the expert system
which uses these functions on available information to come up with a solution. However,
an expert system has to explain its solution in a way that an human observer can understand.
Moreover, an expert system may also utilize a learning subsystem to update its information

and inference capabilities.

The expert system models can be categorized into two categories which are probabilistic
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and rule based models [75]. The major properties of these models and their comparison are

shown in Table 4.7 and Table 4.8.

Table 4.7. Properties of expert system models.

Probabilistic Model

Rule Based Model

evaluation (Bayes theorem

Knowledge Base Probabilistic Structure| Rules, Facts
Facts
Inference Engine Conditional probability| Backward chaining, For

ward chaining

Explanation Subsystem

Based on conditional proba-Based on triggered rules

bilities

Learning Subsystem

Change in probabilistig

structure and probabilities

Adding, removing rules

Table 4.8. Comparison of expert systems models.

Probabilistic Model

Rule Based Model

Advantages Easy learning, Easy proba-Easy explanation, Eas
bility propagation modi cation
Shortcomings High number of parameters Performance issues, Ce

tainty implementation

There are advantages and disadvantages of both models. The probabilistic model pro-

vides a proper handling of uncertainty with easy learning capabilities. Statistical information

can be used directly to form a probabilistic model. However, high number of parameters even

in small models makes the model more complicated to understand and manage. On the other

hand, the rule based systems are easier to maintain. However, this advantage usually causes

performance issues when extensive rule chaining is required for complex problems.

4.4.1. Expert System Interface

In order to integrate various expert system implementations into the ADES project, we

de ned an interface as shown in Fig. 4.11.
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public interface ExpertSystems

{

string init(params object[] esParams);

string assertFact(params object]] esParams);
string retractFact(params object[] esParams);
string[] query(params object[] esParams);
void setThreshold(double threshold);

double getThreshold();

Figure 4.11. ADES Interface for Expert Systems.

The init function initializes the expert system with various parameters like network
de nition les for BN based expert systems or the built in predicates of the Prolog based
expert system. ThassertF act function provides the high level information to the expert
system. This information is formed by processing the data acquired from different sensors.
TheretractFact function is used when a previously introduced information is invalidated.
However, the expert systems are free to retract their facts according to their internal operations.
Thequery function is the main procedure triggered right after a fact is asserted or retracted.
This function is expected to return the kind of violation and its probability if there is a traf ¢
violation. Finally, thesetT hreshold and getT hreshold functions are used for arranging
the threshold level of the expert system for deciding a violation. In the current state of the
projects there are two implementations of this interface which are the Prolog based and Belief

Network’s based expert systems.

4.4.2. Implementation with Prolog

Prolog is a programming language for symbolic computation [76]. Itis suitable for solv-
ing problems which contains objects and relations between these objects. The relations with
variables are called theiles. Rules have condition and conclusion parts. On the other hand,
thefactsare means of stating that relations exist between objects. Therefore, the relations of
the facts only contains atoms [76, 77]. The power of Prolog comes from three major features
of the language which are rule-based programming, built-in pattern matching and backtrack-
ing execution. Pattern matching and backtracking features provide automatic control of the

ow in the program which make it possible to realize many types of expert systems [74].
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Writing a Prolog program is not similar to writing a program in a conventional program-
ming language. The Prolog programmer should consider the formal relationships exist in the
problem domain. In other words, Prolog approach is more like describing the facts and rules

about the problem domain instead of prescribing a procedural algorithm [78].

4.4.2.1. Probabilistic Prolog Enhancementn real life problems, the relations between the

objects are not always very clear. Therefore, an expert system should also consider the uncer-
tainties associated with the supplied data. There are different ways to provide certainty factors
or probabilities to the facts in Prolog. In the simplest way the facts can be coupled with their

probabilities as shown in Figure 4.12.

Rules and Facts
weather(fine,P) :- sky(sunny,PS),temp(high,PT),P is PS *PT.

sky(sunny,0.8).
temp(high,0.9).

Query

?- weather(X,P).

X = fine

P = 0.72 (0,016 sec)

Figure 4.12. Probabilistic Prolog example.

In this example, the probability of a ne weather condition is calculated according to the
probabilities of the sky and temperature facts with given probability values. This method
works well for small examples, however, unnecessary probability calculation overhead in the
rules and the additional parameters in the fact de nitions can increase the complexity in more

complicated applications.

The second approach use operators to give probabilities to the facts. Unlike the previous
examples, the rules do not have additional parameters for probability calculations. We can

modify the previous example as shown in Figure 4.13.

In this project this method is preferred and the probability operator ’::" is implemented
within the Prolog engine. However, there are other implementations where the probability

processing extensions can be consulted as libraries without changing the engine itself [79].
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Rules and Facts
weather(fine):-sky_sunny,temp_high.

"0.8::sky_sunny".
"0.9::temp_high".

Query
?- weather(X).

Prob for sky sunny is 0,8
Prob for temp_high is 0,9
Prob for this answer:0,72
X = fine (0,000 sec)

Figure 4.13. Facts with operators.

Another common example for visualizing the operation of the probabilistic Prolog is
the path nding application. In this example a small Prolog application is presented to nd a
path on a graph. The probability of the achieved path is calculated from the probability values
assigned to the edges of a graph. If the directed graph in Figure 4.14 is considered, there are

three acyclic path from node one to node ve.

Figure 4.14. Directed graph with probability values.

The representation of the graph by facts, the Prolog program which returns the paths

between two nodes, and the result of a sample query are given in Figure 4.15.

This program nds a path without traversing a node twice and returns the list of nodes
on the path. The algorithm keeps a list of visited nodes which prevents in nite loops on cyclic
links. As mentioned before, the rule de nitions do not deal with the probability issues, which
means they do not have any object, or parameter related with probability calculations. The

probability values of the edges are given within the fact de nitions.
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Rules and Facts
path(X,Y,[X|NL]) :- pathX(X,Y,L), reverse(L,[],NL), notvisited(X,NL).

pathX(X,Y,L) :- pathX(X,Y,_,L).
pathX(X,X,A,A).
pathX(X,Y,AR) :- X\==Y, edge(X,Z), notvisited(Z,A), pathX(Z,Y,[Z|A],R).

notvisited(X,[Y|Z]):- X \= Y, notvisited(X,Z).
notvisited(_,[]).

reverse([X|Y],Z,W) :- reverse(Y,[X|Z],W).
reverse([],X,X).

"0.9::edge(1,3)".

"0.5::edge(1,2)".

"0.3::edge(2,4)".

"0.8::edge(2,5)".

"0.8::edge(3,4)".

"0.7::edge(4,1)".

"0.6::edge(4,5)".

Query

?- path(1,5,L).

Prob for this answer:0,432

L = [1,3,4,5] (0,000 sec) more? (y/n);
Prob for this answer:0,09

L = [1,2,4,5] (0,000 sec) more? (y/n);
Prob for this answer:0,4

L = [1,2,5] (0,000 sec) more? (y/n);

no

Figure 4.15. Prolog program for graph example.

4.4.2.2. Time-Decaying Facts. Although the probabilistic extension to the Prolog engine

provides mechanisms for dealing with uncertainty, the required expert system should pos-
sess additional properties. One of these improvements is the time-decaying property of the
probabilistic facts. This enhancement is required when the asserted fact has some time limi-
tations. For example, if the sensors indicate that there is a directional restriction on the way,

then we may want to assign an expiration time like 30 seconds for that fact.

The decay function can be any monotonically decreasing one which starts from one
and eventually decreases to zero. In the proposed system sigmoid functions are used as the
decay function. The characteristic behavior of the sigmoid function, given in Equation 4.11, is

illustrated in Figure 4.16 whereis 0.5 and is 30. According to this function the probability
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of the given fact will halve within 30 seconds, and the fact will retracted from the database
before 45th second. It is clear that the decaying characteristics can be easily controlled by

modifying the and parameters.

f(x)=1 (4.11)

1+e (%

Sigmoid Function

05

0 5 10 15 20 25 30 35 40 45 50

Figure 4.16. Sigmoid function used for time-decaying facts.

The time-decaying property of the facts are given in their de nitions. In the previous
graph example, assume that the probability of the edge between second and fourth nodes is
decreasing over time. According to our sigmoid function, the probability of this edge becomes
0.15 at 30th second after the fact is asserted. And nally the fact will no longer be available

after 45 seconds as shown in Figure 4.17.

The T literal between two probability operators ’::’ indicates that the probability of
the fact will decay according to the built-in decay function, which is the sigmoid function in
the proposed implementation. An integer value can also be placed insteadTovéhee to

enlarge or shorten the duration of the value as shown in the Figure 4.18.

4.4.3. Implementation with Belief Networks

A belief network (BN) is an acyclic graph used for modeling the uncertainty in a domain
[80]. The nodes of the graph are random values and the arcs are conditional dependencies
between these variables. BN'’s are reasoning tools that depend on the laws of probability.

Although it is possible to design multiply-connected (or cyclic) BN’s, probabilistic inference



Rules and Facts

%only replace the fact about edge(2,4)
%remaining facts and rules are the same...
"0.3::T::edge(2,4)".

Query

%initial response to the query

?- path(2,4,L).

Prob for this answer:0,299999908226781
L = [2,4] (0,000 sec) more? (y/n);

no

%waiting for 30 seconds

?- path(2,4,L).

Prob for this answer:0,155176213884928
L = [2,4] (0,000 sec) more? (y/n)

no

%after 45 seconds
?- path(2,4,L).

no

Figure 4.17. Time decaying facts.

Rules and Facts

%replace T value with -20 to speed up the decay process
"0.3::-20::edge(2,4)".

Query

%initial response to the query

?- path(2,4,L).

Prob for this answer:0,299999908226781
L = [2,4] (0,000 sec) more? (y/n);

no

%waiting for 10 seconds

?- path(2,4,L).

Prob for this answer:0,155176213884928
L = [2,4] (0,000 sec) more? (y/n)

no
%after 25 seconds

?- path(2,4,L).

no

Figure 4.18. Graph example with time decaying facts.

using this type of networks is NP-hard [9].
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The BN based expert system developed for the ADES project uses discrete random
variables represented by a singly-connected graph. The value of a discrete random variable
should be a member of the discrete values from a nite set of states. In addition, the sum of

the probabilities of those states for each variable should be equal to one.

4.4.3.1. Microsoft Bayesian Network Editor.The Microsoft Bayesian Network Editor

(MSBNX) is a Microsoft Windows library for creating and evaluating Bayesian Networks [81].

It can be used as a standalone modeling and inference application, or the run-time components
which provide Bayesian reasoning services can be integrated to custom applications. The
graphical interface for developing BN graphs can be used in both cases. The resulting BN les
can be consulted by the custom application during run-time. The main purpose of MSBNXx

environment is diagnostic and troubleshooting inference using complicated evidences.

In the ADES project, MSBNXx is used for implementing the BN expert system. The
networks are created by using the MSBNXx editor. These networks are loaded to the application

when the application initializes.

When BN is selected as the active expert system, in case of an arrival of information,
the probabilities of the states in the initial nodes are arranged according to the certainty of
the information. After this arrangement, all of the loaded networks are queried for a possible
violation. The networks respond to this inquiry by returning their derived beliefs for the
YESstate of the violation variable. The belief of this state highly depends on the subjective

probabilities entered by experts.

4.4.4. Regulation Implementations

In the ADES Project, the goal is to detect the traf c violations according to the sensor
values. The proposed inference engine includes rules for detecting the violations given in
Table 4.9 to accomplish this mission. The assertion and retraction of each fact triggered from
the sensors are given in Table 4.10. It is the responsibility of the expert system to keep the
facts up to date according to these rules. The speed of the vehicle is not included in the table

because it is retracted and asserted again by the system before each validation query.



Table 4.9. Targeted traf c violations.

No Turn Left @

Sign Detection,

No Turn Right

RFID Detection,

No U Turn

GPS/GIS Information,

No Entrance

Vehicle Speed,

Speed Limit

Steering Angle,

®©® 60 @ @

No Overtaking

Lane Detection,

>

Traf c Lights

Time Elapsed

Table 4.10. Assertion and retraction of the facts.

Regulation | Assertion of Facts Retraction of Facts
Directional | Traf ¢ sign detection After a period of time.
GPS node rule from GIS Exiting the node.
RFID tag detection (Pre/Post) After a period of time,
Detecting another RFID tag for the same rule.
Speed| Traf ¢ Sign Detection Restriction ends sign detection,

Another speed limit sign.

RFID tag detection

After detecting another RFID tag for the same ru

GPS node rule from GIS

Exiting the node.

Traf c Lights

GPS node rule from GIS

Exiting the node.

RFID tag detection (Pre/Post) Detecting another RFID tag for the same rule.

lllegal Overtake

Traf ¢ sign detection

Restriction ends sign detection.

GPS node rule from GIS

Exiting the node.

Solid Lane Departure

Immediately after query.
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In the following sections the explanations of these rules are given. In the expert system
design, it is assumed that the inference engine acquires data from three sensor systems which
are the vision system, the RFID system and the GPS system. Additional systems can be
introduced to the application as long as they can provide facts to the inference engine with

their certainty factors.

4.4.4.1. Violation of Directional Regulations.The directional regulations considered in our
application are ‘no turn left’, ‘no turn right’, ‘no U turn’, and ‘no entrance’ conditions. For
detecting such violations, inputs from the vision, the RFID and the GPS systems are utilized

in the proposed rule. A sample scenario is illustrated in Figure 4.19.

Figure 4.19. Sample scenario for detecting directional regulation violations.

In the prolog implementation as shown in Figure 4.20, the rule de nition for violation

detection and examples for possible facts asserted by the sensor systems are given below.

Please note that the probabilities are decreasing over time after the facts are asserted.
Therefore, the probability of the violation may slightly differ from the multiplication of the

probabilities of the facts.

In the BN design, the network and the human expert provided probability values are
given in Figure 4.21. The probability values may be assigned considering the possible false
recognition of the signs. For example, the 'no U turn’ sign can be detected as 'no left turn’ sign
by the vision module. If the human expert considers these possible con icts while making the
probability assessments, then the system has more chance of recovering its error by using the

information provided by the other sensors.
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Rules
%rule declaration

violation(V,A,P) :- sign_detected(V),
rfid_detected(pre,V),
rfid_detected(post,V),

gps_node_property(post,V),
gps_node_property(pre,V),
A is "N/A",

prob(P),

P>0.8.

Query

Exec: assert("0.9999::T::sign_detected(no_turn_left)").

Exec: assert("1::T::rfid_detected(pre,no_turn_left)").

Exec: assert("0.9110::T::gps_node_property(pre,no_turn_left)").
Exec: assert("0.8962::T::gps_node_property(post,no_turn_left)").

Exec: assert("1::T::rfid_detected(post,no_turn_left)").

Exec: violation(V,A,P).
Prob for this answer:0.816324396689487

P = 0.816324396689487
= no_turn_left
A = "N/A"

Figure 4.20. Prolog program for directional regulation violations.

4.4.4.2. Violation of Speed Limitation. Speed limitations are usually indicated by red circu-

lar signs across Europe. These circular signs contain a number which is the maximum allowed
speed limit for the motorway it is assigned for. GPS input can be used as well as visual and
RF inputs for detecting the speed limit violations [82]. In addition, the proposed method also

uses information gathered from the vehicle itself. The speed of the vehicle is assumed to be

supplied by the vehicle.
The prolog rules for speed limit violation detection are given in Figure 4.23.
Similarly, the BN implementation bene ts from the vision, RF and GPS inputs. The

probability assessments are again given by the human expert. The network diagram and as-

sessments are shown in Figure 4.24.
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Figure 4.21. Directional regulation’s a) belief network and b) property assessments.

4.4.4.3. lllegal Overtaking. lllegal overtaking occurs during the course of passing a slower

car under unsafe conditions. The overtake forbidden sign is given in Figure 4.25

The prolog rules for illegal overtaking detection are given in Figure 4.26.

The BN implementation of illegal overtaking is similar to speed limitation. However

the probability assessment is relatively easy since the nodes has less attributes. The network

and the probability assessment are given in Figure 4.27.



46

Figure 4.22. Speed limit aware GPS application.

Rules
%rule declaration

violation(V,A,P) :- gps_node_property(V,L),
velocity_exceeds(S),
sign_detected(V,L),
S>=L,
atom_chars(S,L1), append(L1,[95],L2),
atom_chars(L,L3), append(L2,L3,L4), atom_chars(A,L4),
prob(P),
P>0.9.

Query

Exec: assert("1.0000::T::sign_detected(speed_limit,30)").
Exec: assert("0.9759::T::gps_node_property(speed_limit,30)").
Exec: assert("1::T::velocity_exceeds(50)").

Exec: violation(V,A,P).
Prob for this answer:0.975898794128071

P = 0.975898794128071
V = speed_limit
A = '50_30

Figure 4.23. Prolog program for speed limit violations.

4.4.4.4. Violation of Red Traf c Lights. The assertion of the red light rule is similar to di-

rectional regulations as shown in Figure 4.28. However, red light rules are temporary. Which
means that, the rule is strongly related with time. Since it is usually hard to recognize the traf-
c signs with the vision system, an RFID system with active tags can be used for this purpose.
However, the RF system should contain active RF tags since the tags should be responding
for a speci c period of time. The system certainly can bene t from a visual feedback for the
traf c lights. The traf c light detection can be used for enforcing the rules on crossroads like

blocking the road in heavy traf ¢ conditions.



a7

=~ Microsoft Belief Networks: Editing 'SpeedLimit'
File Wiew Window Help

D& [z |B[= 1% ?

_4. Belief Network: SpesdLimit B Assessment (Model: SpeedLimit, Node: Violation) léj
Parent Hode(s) Violation |-
Sign_Detected| Vehicle_Speed| GPS_Node_Property |[NESIN Mo bar charts
Slgn_Detected Limit_30 0,968 0,032
Limit_S0 0,628 o3z [ |
Exceed_30 Limil_90 052s | 052 | |
Hone 0,5 05 I
Limit_30 0,957 0042 | |
. Limit_S0 0,766 o2z [ |
Vehicle Speed GPS_Node Property Exceed_50 N 27 o7 |
None 0511 | 0,489
¥ Lim_30 Limit_30 0378 | 0,021 %‘
- . Limit_50 0,84 016 | |
@ Exceed 30 Limit_80 0,34 06| |
None 0553 | 0447 |
Limit_30 0,1 0,9 [
Limit_50 0,1 0,9 [
None -
Limit_90 0,1 09 [
None 0,1 09 I
Limit_30 0479 | 0521 |
Excesd 30 Limit_50 0,085 0915 |
- Limil_g0 01 [ |
None 0,1 09 I
Limit_30 0479 | o521 |
Excesd £ Limit_50 0,95 o0s | |
- Limil_g0 0,84 016 | |
L None 0479 | o521 |
Limit_50 Limit_30 05 | o447 | |
Limit_S0 0826 | 0,074
Exceed 80 Limil_s0 0,97 0,03 =|
None 0574 | 0426 [N |
Limit_30 0,1 [EE | |
Limit_50 0,1 0,9 [
None
Limit_90 0,1 0,9 [
4 None 01 [ER | -
Chiavahecliosehworksoace\PhD - AdeshddesUnealController\BNMoc | 14110 Mooy

Figure 4.24. The belief network and it’s property assessments for speed limitations.

Figure 4.25. Overtake forbidden sign.

Rules

%rule declaration

violation(V,A,P) :- sign_detected(no_overtake),
rfid_detected(no_overtake),
gps_node_property(no_overtake),
lane_departure(left),
A is "N/A",
V is "no_overtake",
prob(P).

Figure 4.26. Prolog program for illegal overtaking.

The prolog rules for red ligth violation detection are given in Figure 4.29.
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Figure 4.27. The belief network and it’s property assessments for illegal overtaking.

The BN implementation of traf c light regulations is similar to directional regulations.
The vehicle should sense both pre and post RF tag to violate the traf c rule. The network and

the probability assessment are given in Figure 4.30.

4.5. Modeling Driver Aggressiveness

There are various social studies about the causes of driver aggressiveness [83] or results
of this aggression [84]. According to the Florida Department of Highway Safety and Motor
Vehicles’ Aggressive Driver Study [85], there is no well de ned de nition of the texggres-
sive driving A driver who performs actions such as weaving in and out of traf ¢ lanes to get
ahead, or tailgating can be de ned as an aggressive driver. Exceeding speed limits, changing
lanes frequently, and cutting other drivers way ahead are common behaviors of aggressive
drivers. The aggressive drivers exhibit more hard deceleration, acceleration, and swerve ma-
neuvers during baseline driving than did the safe drivers, which may increase drivers’ relative

crash risk above that of normal driving [86].

In the ADES project, driver aggressiveness is measured using the number of traf c
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Figure 4.28. Sample scenario for red light violations.

Rules
%rule declaration

violation(V,A,P) :- rfid_detected(pre,light_red),
rfid_detected(post,light_red),
gps_node_property(traffic_lights),
A is "N/A",
V is "red_light",
prob(P).

Figure 4.29. Prolog program for red light violation.

violations performed by the driver. Each violation increases the coef adayt one. If the
driver does not violate any rules for a speci ¢ period of time, this coef cient is decreased
by one. This coef cient is used as the multiplicand of the threshold value used against the

violation probabilities of the expert systems as shown in Equation 4.12.

8

2 Yes! p>t (1 c= ‘0< < 1
Violation = _ P ( Grax) (4.12)
- No! o=w

The cnax Value is the maximum possible aggressiveness coef cient for any dnves.the
output of the expert system aht the prede ned threshold value for accepting the probability
of the expert system output as violation. Finallyis the strength of the effect of the driver
aggression model on the threshold. Its value is sétltin the current implementation which

means the maximum effect of the driver aggression model céxltmn the threshold value.
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5. APPLICATIONS

Two main applications have been developed for the ADES project. The rst one, the
ADES detector, is used for detecting road lanes and traf ¢ signs. The second application is a
simulation environment which is used as a test bed for both sensor modules and the inference

engine.

5.1. The ADES Detector

The ADES detector application is designed for processing video feedbacks for detecting
road lanes and recognizing traf ¢ signs. This video feedback can be a real-time streaming
video feed from a camera, a recorded video stream, a stream fed from network or any memory
mapped image source. The main purpose of this tool is to test the performances of the vision
processors. The results of different processors can be visualized in real-time as shown in
Figure 5.1. The red lines on the gure are the detected road lanes where the rightmost images

are the recognized circular traf ¢ sign and the detected triangular sign. Another very important

4% ADES Detector e x|

File  Options  Statistics  Help

| 6] B=

CIRCULAR TRIANGULAR

- u -
>
) — —
= ==
AES

Figure 5.1. The ADES Detector.

service of the ADES detector application is the training of the neural networks and support
vector machines used for sign identi cation. The user can initiate the training sequence after
appropriately placing the training les to the corresponding le folders. The NN training

phase creates a network for each sign. The SVM training phase creates a single model for all
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signs.

The application also provides an option for using the Linear Discriminant Analysis
(LDA) features instead of all input vector for traf ¢ signs [87, 88]. The LDA process tra-
verses all training les and gures out the most important parametric number of pixels on the
traf ¢ sign images. Then the training can be done by using these features, and similarly the

test process can also use these features.

5.2. ADES Simulation Environment

Although the ADES project targets the real physical environment, the development pro-
cess can be accelerated by the use of a realistic simulation environment. Our choice for the
simulation engine is th&lnreal Enginewhich provides the physics engine and the renderer.
The success of this engine makes it a favorite tool for both robotic researchers and game

developers.

The interaction between the Unreal Engine, USARSIm and the Unreal ADES controller
is shown in Figure 5.2. The system has three components, each of which can be run on
separate computers. The rst part is the Unreal Engine with the USARSIm expansion. This
is the core of the simulation system where rendering and physics calculations are performed.
The second part is the extended version of the USARSIm Image Server (UPIS). The role
of this part is serving vision information to the custom applications rather than the Unreal
Engine’s default client application. The last part, which is the ADES Unreal Controller, is a
client for the USARSIm and the UPIS servers. The details of each module are given in the

following sections.

5.2.1. Unreal Engine

The Unreal Engine is a commercial game engine developed by Epic Games. Its rst
version, UE1, was announced in 1998. In 2002, the next version, UE2, was released. The
ADES simulation environment is based on UE2.5, which is an improved version of UE2 and

released a few years later. However, the latest version of the engine is UE3 and equipped



53

MODELS

USARSiIm
BotServer

ADES
Port: 3000 I LI — UNREAL
! CONTROLLER

C

Port: 7777

TCP/IP
TCP/IP

i UPISEX

Unreal Client H Port: 5003

' DirectX CALLS '
DirectX H ' UPIS

E USARSim
DETOUR P Image Server

Figure 5.2. Interaction between Unreal Engine, USARSIm and Unreal ADES controller.

with many advanced techniques. However the hardware requirements for this engine are
not compatible with our project. Unfortunately, the UE2.5 engine is not freeware and can
be obtained by purchasing the Unreal Tournament 2004 game. It also includes the physics

engine, which is known as the Karma engine [89].

Unreal Engine also provides an object oriented programming called the UnrealScript
which is a high level programming environment for game developers. The Java style coding
with built in basic tasks like object’s event handling, automatic garbage collection, and many

base classes for different kinds of actors enables fast and neat game development.

5.2.2. USARSIm

USARSIm is an Unreal Engine expansion for urban search and rescue (USAR) robots
and environments. Itis an open source research tool for the study of various kinds of robotic
applications. USARSIm platform can be used in many domains like Defense Advanced Re-
search Projects Agency (DARPA) Urban Challenge or National Institute of Standards (NIST)
Reference Test Facility for Autonomous Mobile Robots for Urban Search and Rescue. How-

ever, RoboCup Rescue Virtual Robots Championship is maybe the most important domain for
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us where the USARSIm platform is used. The know-how gained from this project can also be
transferred to the teams of our researchers in our laboratory who are planning to participate in

this competition.

The USARSIm environment provides numerous models for the use of researchers. We
are using the Sedan class as our vehicle in the simulated environment. The object hierarchy

and brief descriptions of these classes are given in Table 5.1.

Table 5.1. The class hierarchy of Sedan class.

Unreal Classes (Commercial)
Class Description
1 Actor | The base class of every object that have a position in the Unreal wprld.
2 Pawn Parent class for all controlled entities.
3 Vehicle Parent class for all vehicles controlled by the player.
4 KVehicle Vehicles Karma physics
USARSIm Classes (Open Source)
Class Description
5 KRobot USARSIm’s physical robot base
6 GroundVehicle Vehicles with wheels and steering
7 | AckermanSteeredRobat Ackerman Steered Vehicles
8 Sedan The Sedan class used by ADES Unreal Controller

In addition to various vehicle classes, USARSIm also provides numerous sensors to
equip these vehicles. In the current implementation of ADES simulation, the camera and
the RF reader sensors are mounted on the Sedan as shown in Figure 5.3. In order to mount
a sensor to the vehicle, it is suf cient to append the descriptive line to the de nition of the
vehicle in the Usarsim.ini le located at the System directory of the Unreal Engine. The

current de nition of the Sedan class is given in Figure 5.4.

In this de nition, there are several parameters about the physical properties of the vehi-
cle. In addition, the tires of the vehicle also represented since the Sedan class is extended from
AckermanSteeredRobot class. MisPkgs are used for de ning objects which can accept Mis-
sion Packages. For example, the pan and tilt of a camera can be controlled by using Mission
Packages. In the ADES project, since all of the sensors on the vehicle are xed, Mission Pack-
ages are not used. The sensors on the Sedan are RF reader, Camera and GroundTruth. The

GroundTruth sensor provides information about the position and orientation of the vehicle.
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Figure 5.3. The Sedan in the ADES Unreal world.

From the Usarsim.ini le in UT2004 nSystem directory.
[USARBot.Sedan]

bDebug=False

Weight=5

Payload=2

ChassisMass=10

MaxTorque=200.0

MotorTorque=200.0

bMountByUU=False
JointParts=(PartName="RightFWheel",PartClass=class’'USARModels.SedanTireRight' ...
JointParts=(PartName="LeftFWheel",PartClass=class’'USARModels.SedanTireLeft’,. ..
JointParts=(PartName="RightRWheel",PartClass=class’USARModels.SedanTireRight’, ...
JointParts=(PartName="LeftRWheel",PartClass=class’USARModels.SedanTireLeft’, ...
MisPkgs=(PkgName="CameraPanTilt",PkgClass=Class’USARMisPkg.CameraPanTilt’)...

Cameras=(ltemClass=class’"USARBot.RobotCamera’,...

Sensors=(ltemClass=class’"USARBot.GroundTruth’, ...
Sensors=(ltemClass=class’"USARBot.RFIDSensor’, ...

Sensors=(ltemClass=class’USARBot.GPSSensor’, ...

Figure 5.4. The de nition of Sedan class.

Since this sensor is prone to cumulative errors, it is not used in the current implementation.

However, the GPS sensor, which is also available in USARSIm, will be used in near future.

USARSIm also provides the USARDeathMatch game type which enables the BotServer.

The BotServer opens a communication channel between the Unreal Engine and the outside
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world. Custom objects derived from tipawnclass can be initiated from remote controlling
applications by connecting to this server. USARSIm also provides its own communication

protocol. The details of this protocol can be found on the USARSIm manual [90].

The USARSIm games require maps to run on. Therefore, we developed an initial ver-

sion of the ADES Unreal world by using the Unreal level editor.

5.2.3. UnrealEd: Level Editor

The ADES simulated environment is developed using the UnrealEd, which is the level
editor of Unreal Engine. UnrealEd user interface is based on quad viewports which are side,

front, top views and an additional perspective view as shown in Figure 5.5.

2004, Build_[2005-11-23_16.22] - [CAUT2004\Mapskk3uitZ]
Tools Help

s sl Ol »

Figure 5.5. The ADES Unreal world in UnrealEd.

The UnrealEd has subtractive and additive brushes for adding or removing objects with
various shapes. Although the latest version of the UnrealEd supports both empty and lled
initial spaces, we are using the former version which only supports lled initial spaces. There-
fore, the initial step for creating an environment is carving a quite big rectangular object from

the space.
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The unreal editor has the following set of artifacts;

Actors: Any object that can be placed into the environment. These objects can be
controlled pawns like Sedan, or, other items like pickups, decorations, zone information
etc.

Textures: Textures are images which can be applied to the new created shapes by using
brushes.

Static Meshes: The reusable objects which contain previously created shapes covered
with textures.

Meshes and Animations: Set of meshes which forms repeating animations for shapes.

Other Artifacts: Sounds, Music, Prefabs (saved brushes).

In the ADES project different textures and static meshes are used. Some examples are

given in Figure 5.6. Different actors are also placed for different purposes.

Figure 5.6. Road segment and speed limit sign static meshes.

5.2.3.1. Terrain Info. The Terraininfo object places a ground structure on the Unreal level.

The parameters for the distributions of the random distortions are parametric. In addition,
there are various tools for increasing and decreasing the levels of the terrain at speci ¢ points.

The wireframe representation of the terrain of the ADES Unreal world is given in Figure 5.7.
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Figure 5.7. The wireframe of the terrain of the ADES Unreal world.

5.2.3.2. Zone Info. Miscellaneous properties of the level can be con gured by using the

Zonelnfo object. The zone lighting, ambient sound effects, fog effects are some of these
properties. In addition to the Zonelnfo, different objects derived from Light class can be used

for ambient lighting, like SunLight or SpotLight classes.

5.2.3.3. Sky Box. As we mentioned before, the rst step of the level design is carving the

world as a big rectangle . Initially, the walls of this rectangle which bound our world are
empty. The SkyZonelnfo object provides arti cial scenes for these walls. This object is
placed within a relatively small closed empty space like a cube as shown in Figure 5.8. Then
the walls of this smaller empty space are decorated with appropriate wallpapers. Finally, the

walls of the bigger rectangle is setlgake Backdropvhich is a setting irBurface Flags

5.2.4. UPISEX

UPISEX is a wrapper project for the USARSIm’s image server UPIS for making it
visible for .NET projects. The main task of this project is creating the Unreal Client with
Detours hook. Detours [91] is a library for intercepting Win32 functions by re-writing the in-

memory code for new target functions. The detoured function call is returned to the intended




































































































































