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Preface

Currently, the automotive industry is experiencing three substantial changes of a
revolutionary character, the replacement of internal combustion engines by electric
motors, the integration of vehicle—vehicle and vehicle—infrastructure communica-
tion, and the rise of autonomous driving. The latter is still at a stage where drivers
are expected to be in control of the vehicle at all times, but provided automated
control features of the vehicle already enhance safety and driver comfort. We prefer
to speak about driver assistance when addressing current developments towards
autonomous driving. Driver-assistance features of vehicles are essentially based on
data provided by various sensors such as radar, LIDAR, ultrasound, GPS, inertial
measurement unit (IMU), or cameras. In this book, we discuss the use of cameras
for driver assistance.

Computer vision-based driver assistance is an emerging technology, in both the
automotive industry and academia. Despite the existence of some commercial safety
systems such as night vision, adaptive cruise control, and lane departure warning
systems, we are at the beginning of a long research pathway towards a future
generation of intelligent vehicles.

Challenging lighting conditions in real-world driving scenarios, simultaneous
monitoring of driver vigilance and road hazards, ensuring that the system responds
in real time, and the legal requirements to comply with a high degree of accuracy
are the main concerns for the developers of any advanced driver-assistance system
(ADAS).

This book reviews relevant studies in the past decade as well as the state of
the art in the field. The book also proposes various computer vision algorithms,
techniques, and methodologies to address the aforementioned challenges, which are
mainly suitable to be implemented for monocular vision.

Mobile devices (such as a mobile phone or a small-sized computing device) are
often equipped with one or multiple cameras. If they also come with a stereocamera
option, then this is typically with a small baseline (i.e., the distance between the
two cameras), which supports stereo visualization, but not accurate stereo image
analysis. Purpose-built processing units for driver monitoring or traffic observation,
to be an add-on to already existing cars, also benefit from solutions for monocular
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vision. However, our focus on monocular vision does not exclude the potential
integration of the provided solutions into a multi-sensor environment, possibly also
collecting data by using stereo vision, a laser range-finder, radar, ultrasound, GPS,
an inertial measurement unit, or other sensors.

The discussion of monocular vision is also of academic interest, providing
answers to the question of which tasks can be solved sufficiently by “using one
eye only”, which defines an important research subject on its own.

The first part of the book focuses on monitoring driver vigilance, including
classification, detection, and tracking of the driver’s facial features, i.e., eye status,
head pose, yawning detection, and head nodding. The second part of the book
mainly contributes to methods for road perception and road hazard monitoring, by
introducing novel algorithms for vehicle detection and distance estimation. In the
third part of the book, we simultaneously analyse the driver’s attention (in-cabin
data) and road hazards (out-road data). We apply a data fusion approach on both
data sources to measure the overall risk of driving conditions, to prevent or mitigate
imminent crashes, and to assist a distracted driver in a timely and efficient manner.

For each part of our discussion, we present and analyse real-world experimental
results, supported by benchmarks on a comprehensive range of datasets.

The book consists of eight chapters. Each chapter of the book addresses a major
goal. All chapters follow a unique structure starting with an introduction and an
overview of related work, followed by the proposed technique or algorithm(s). Then
we compare the proposed methods against common existing techniques and the
state of the art, followed by discussions on novelties and improvements based on
empirical, analytical, or experimental results. The outline of the book is as follows:

Chapter 1: Vision-Based Driver-Assistance Systems
This chapter provides a general overview of tasks addressed when using cameras in
modern cars.

Chapter 2: Driver—Environment Understanding
This chapter refines the general goals described in Chap. 1 for the specific context of
interactions between driver monitoring and road environment; the chapter reviews
related work published elsewhere.

Chapter 3: Computer Vision Basics
We briefly describe common computer vision concepts (theoretical and mathemat-
ical) which are of relevance for the following chapters in the book. This chapter
includes a review on image notations, including integral images, colour conversion,
line detection (Hough space), camera coordinates, and stereo vision analysis.

Chapter 4: Object Detection, Classification, and Tracking
This chapter provides the basics of classification and machine learning. It starts
with a general introduction to object detection and then discusses supervised and
unsupervised classification techniques. It ends with a brief outline of object tracking.
This is material which is also of relevance for the following chapters.

Chapter 5: Driver Drowsiness Detection
We analyse the strengths and weaknesses of common face detectors such as LBP-
and Haar-like-based detectors and their suitability for a DAS application. We discuss
the causes of face detection failure in the context of driving conditions, followed
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by our solutions to improve the results. The most important part of this chapter is
the introduction of an adaptive global and dynamic global Haar-like classifier as a
significant improvement on the standard Viola—Jones detector in both “training” and
“application” phases. We also provide a Kalman filter-based tracking solution that
can successfully track the driver’s drowsiness status, especially for open and closed
eye detection at night, under sharp street lights, strong shades, strong backlights,
and partial occlusions.

Chapter 6: Driver Inattention Detection
Following the initial facial features detected in the previous chapter, we continue by
developing robust techniques in order to detect the driver’s direction of attention.
The main aim of this chapter is to achieve a 6D head-pose estimation including roll,
yaw, pitch, and (x, y) position of the head, at the time 7. Having an accurate pose
detection, as well as the eye-status detection discussed in Chap.5, we are able to
assess the driver’s level of fatigue or distraction.

Chapter 7: Vehicle Detection and Distance Estimation
In this chapter, we introduce an AGHaar-based vehicle detector augmented with
multi-clue feature analysis and a Dempster—Shafer fusion. The chapter provides
sufficient experiments to assure the robustness of the vehicle detection algorithm
under different weather and challenging conditions.

Chapter 8: Fuzzy Fusion for Collision Avoidance
We can now define a risk level for every moment of driving, based on the online
data acquired from Chaps. 5, 6, and 7 (i.e., driver’s state, detected vehicles on the
road, and distance and angle of the ego-vehicle to the lead vehicles).

Within a fuzzy fusion platform, we correlate the in-vehicle data with the out-road
hazards and identify the risk level of a potential crash driving condition based on the
eight input parameters: yaw, roll, pitch (the driver’s direction of attention), eye status
(open or closed), yawning, head nodding, distance to the detected vehicles in front
of the ego-vehicle, and angle of the detected vehicle to the ego-vehicle.

The book briefly discusses stereo vision for driver assistance, but focuses in
general on the analysis of monocular video data. We do not cover all the tasks which
are possibly solvable by monocular vision only. For example, there is also traffic
sign recognition, lane detection, and motion analysis (e.g., optic flow calculation),
which are also areas experiencing substantial progress using monocular vision only.
However, by discussing driver monitoring and examples of traffic monitoring, we
present the required components that illustrate the important novel contribution of
merging the analysis of both in-cabin data and out-road data.

The authors acknowledge the cooperation of colleagues, visitors, and students
of the Environment Perception and Driver Assistance (.enpeda..) project, originally
at the University of Auckland and now at Auckland University of Technology. We
would especially like to thank Zahra Moayed and Noor Saleem for providing the
text about the KLT tracker.

Qazvin, Iran Mahdi Rezaei
Auckland, New Zealand Reinhard Klette
September 2016
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Chapter 1
Vision-Based Driver-Assistance Systems

1.1 Driver-Assistance Towards Autonomous Driving

Driver-assistance systems (DASs) still assume a driver in the ego-vehicle, which
is the reference vehicle, opposed to the “other” vehicles in a traffic context. Fully
autonomous driving, expected to dominate driving in a few years from now, will
benefit incrementally from driver-assistance solutions.

Why Driver Assistance Systems? According to the World Health Organization
(WHO) around 1.24 million people die each year due to traffic accidents [283]
(this is on average about 2.4 people every minute), in addition to 50 million serious
injuries. Road injury ranked number 9 in 2011 for causes of death in the world, by
far ahead of all war-related deaths, for example.

In recent years, traffic accidents have annually caused a global cost of about
US$500 billion which takes 1-3% of the gross domestic product from all countries
in the world. The report [283] also anticipated that road crashes would rank 3rd for
deaths and injuries by the year 2020, with an increased rate to 1.9 million fatalities
annually.

Current passive and active safety systems [286] can reduce the impact of traffic
accidents. Passive safety systems, such as air-bags, seat belts, padded dashboards,
or physical structures of a vehicle, normally help to reduce the severity or the
consequences of an accident. Active safety systems like adaptive cruise control
(ACC), automatic braking systems (ABS), or lane departure warning systems
(LDWS) are designed to prevent or decrease the chance of crash occurrences.

DAS:s are designed to reduce the number of traffic accidents (i.e. more safety for
the driver, but also for all the passengers in the ego-vehicle, and also for any other
participant in on-road traffic).

© Springer International Publishing AG 2017 1
M. Rezaei, R. Klette, Computer Vision for Driver Assistance, Computational
Imaging and Vision 45, DOI 10.1007/978-3-319-50551-0_1
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Improved comfort is the second reason for designing a DAS. For example,
stop-and-go driving at slow speed can be replaced by autonomous driving, or the
unevenness of the road ahead can be detected and compensated by the car [10].
Subsystems such as ACC can reduce the driver’s stress for long-distance driving or
on high-speed motorways [167].

1.2 Sensors

A comprehensive DAS collects information with various sensors and decides
whether the current moment of driving could possibly lead to a potential accident.

VB-DASs A vision-based DAS (VB-DAS) uses cameras as sensors. Historically,
VB-DASs started with solutions for lane-departure or blind spot supervision; for
example, see [170, 243] for related comments and references. VB-DASs are now
a common feature in modern vehicles; for example, see [10, 244]. A backward-
camera, possibly also two cameras integrated into the side mirrors, connected to
a monitor in the dash board, are relatively simple but very efficient additions to
modern cars for improving safety and comfort.

Multi-sensor Data Collection Besides cameras, DASs (often also called ADASS,
for advanced DAS) use also further sensors such as GPS, IMU (= inertial moment
unit), radar, sound, or LIDAR (laser range-finders); see [15]. Adaptive cruise control
(ACC) pioneered these approaches in the early 1990s: longitudinal distance is
measured by a radar unit (e.g. behind the front grille or under the bumper), and more
recently also by employing a laser range-finder or stereo vision [109]. Figure 1.1
shows a sketch for multi-sensor data collection in a car.

[ Laser I Radar [] camera [ uwitrascund

Fig. 1.1 Left: Graphical sketch for multi-sensor data recording (Courtesy of Clemens Dannheim).
Right: Experimental set-up of two cameras in a DongFeng test vehicle at Wuhan University
(Courtesy of Li Ming)
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Data Collection via Sensors A DAS can be in communication with external
wireless sensor networks (WSNs) [31], satellites, or global positioning systems
(GPSs) to help the driver with alternative routes and online localization information.
An ADAS can also communicate or “talk” to other vehicles via vehicle-to-vehicle
(V2V) [60, 266] or vehicle to infrastructure (V2X or V2I) [129] systems. Vehicles
equipped with these systems can exchange data with nearby vehicles or receive
supplementary information regarding traffic jams, just-happened accidents, or other
road hazards within a diameter of about 5 km [180].

Common sensors used in DASs and intelligent transportation systems (ITSs) are
ultrasonic sensors [100], visions sensors or cameras [241], radar [288], LIDAR and
laser range-finders [138, 228]. The sensors collect data from the road environment
and supply them to a DAS as single or multiple sources of information [74].

Ultrasonic Sensors versus LIDAR Ultrasonic sensors are normally useful for
detecting obstacles at short distances, e.g. to assist the driver in parallel parking or
auto-park systems. LIDAR technology involves ranging and scanning of the emitted
laser pulses to measure the distance to obstacles based on the concept of time-of-
flight. Depending on the resolution of the laser scanner, such systems can produce
a pin-point and accurate topographic map from the road scene. LIDARs can be
used for short- and long-distance obstacle detection or adaptive cruise control. The
performance of a LIDAR system may be degraded due to light reflections or weather
conditions.

Radar versus LIDAR Radar sensors emit radio waves and analyze the bounced
wave via a receiver. These sensors can detect the distance and the speed of moving
objects by measuring the change in the frequency of returned signals caused by the
Doppler effect [288]. Since the wavelengths of radar sensors are much longer than
those of LIDARS, they can be used for faster scanning (to analyze the overall status
of the road). LIDARSs can provide higher resolution results.

Cameras versus LIDAR Camera sensors are cheaper than both radar and LIDAR
sensors. They generally need or support more advanced post-processing (image
processing, image classification, object detection, and so forth) in order to convert
raw perceived images into meaningful information or interpretations of complex
traffic scenes.

Data Fusion Each of the above-mentioned sensors has its strengths and limitations.
Hence, researchers take multi-sensor data fusion approaches into account. This
leads to more reliable solutions for DAsS, but also to more expensive hardware,
and higher computational costs. Figure 1.2 illustrates a multi-sensor platform and
applications of the discussed sensors.
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® Ultrasonic sensors
Parking assist A
Parking systems

B RADAR sensor
Audio assistance
. Reverse info

H Long range RADAR
Audio assistancet
Obstacle detection
ACC Stop & Go
H Front cameras
Vehicle detection
Collision avoidance
Sign reading
B Side and inside cameras
Blind spot assist
Lane change assist
Driver behaviour monitoring

H LIDAR
Distance & S

B Infrared cameras
Pedestrian detection

Emergency brakin; Night vision

Fig. 1.2 Common types of sensors for ADAS

1.3 Vision-Based Driver Assistance

Vision-based driver-assistance systems (VB-DASs) define an important component
of DASs. Computer vision addresses in general the processing and analysis of image
and video data recorded in the real world. In our case, image or video data are
recorded in the ego-vehicle. Traffic monitoring also involves surveillance cameras at
road intersections, pedestrian crossings, and so forth. We do not discuss surveillance
in this book, only computer vision tasks in relation to recordings in the ego-vehicle.

VB-DASs combine one or multiple cameras, a processing unit with implemented
applications, possibly interfaces to further sensors available in the vehicle, or to
vehicle components related to vehicle control (e.g. if the system detects an obstacle
on the left of the vehicle then steering to the left can be blocked) or to vehicle-driver
communication (e.g. using the windshield as a head-up display, a visual signal may
point to a potential risk).

Computer Vision This book focuses on tasks for computer vision related to
driver assistance (How does one solve automatically visual perception tasks for
driver assistance?); it does not cover non-camera sensors or interfaces with other
components in the ego-vehicle.

Computer vision [119] often classifies approaches into low-level vision (e.g.
image processing, stereo vision, or optic flow), medium-level vision (e.g. semantic
segmentation of images, object detection, object tracking, or object clustering),
and high-level vision (e.g. the complex understanding of perceived scenes, such as
current and possible future interactions between various objects in a scene).

This classification does not correspond to the complexity of the studied problems;
for example, optic flow calculation (a low-level vision approach towards motion
analysis) is in general more challenging than lane analysis for situations involving
well-marked lanes and reasonable lighting conditions, and often also more challeng-
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ing than the detection and recognition of a particular traffic sign (e.g. a stop sign or
speed-limit sign).

Proofs of Existence The visual system of human beings provides a proof of
existence that vision alone can deliver nearly all of the information required for
moving around safely in the 3-dimensional (3D) world [36].

Visual odometry supported by our “built-in IMU” (i.e. accelerometer and gyro-
scope, with related sensors in the ears) defines human navigation. Thus, in principle,
multiple cameras and an IMU are potentially sufficient for solving navigation tasks
in the real world.

The Mars rovers “Curiosity” and “Opportunity” operate based on computer
vision; “Opportunity” has done so since 2004.

Cameras and Frames Cameras in the ego-vehicle record frames at different time
slots ¢, typically at 25 Hz or higher frequency. We speak about frame t if these image
data are recorded at time ¢ - At. Formally, frame ¢ is denoted by I(_, ., ), assuming a
single camera for recording (i.e. the monocular case). The camera records grey-level
or colour values I(x, y, f) at a pixel position (x, y) at time slot 7.

A frame, recorded at time slot ¢, can also be a time-synchronized stereo-pair of
images. In such a binocular case (i.e. like human stereo vision), we have two video
streams; a frame is then composed of two images L(., ., t) and R(., ., #) for a left and
a right channel, formally I(., .,7) = (L(.,.,1),R(., ., 1)).

Outward-recorded (or looking-out) frames should have a large bit depth (e.g. at
least 10 bits per pixel in each recorded channel), a high dynamic range (i.e. to be
able to deal with “sudden” changes of light intensities between frames, or within
one frame) and a high pixel resolution (e.g. significantly larger than just 640 x 480
VGA image resolution) in order to support accurate vision algorithms considering
a wide horizontal angle (a wide vertical angle is less important).

Inward-recorded (or looking-in) frames for monitoring the driver, or the ego-
vehicle occupants in general [260], might be of lower pixel resolution than for
outward-recording.

Outward-recording should aim at covering as much as possible of the full 360°
panorama around a vehicle. To do so, multiple time-synchronized cameras are
installed “around” the ego-vehicle, for example stereo cameras looking forward
or backward. This extends binocular vision to multi-ocular vision, and a recorded
frame at time ¢ is then composed of multiple images.

Performance Requirements and Evaluation Ideally, VB-DASs have to operate in
any occurring scenario, whether sunshine, rain in the night, driving in a tunnel or on
serpentines, inner-city or highway traffic, and so forth. While there are crash tests for
evaluating the physical components of a vehicle; to evaluate VB-DAS solutions it is
necessary to run implemented applications on a large diversity of possibly occurring
scenarios. Test data (i.e. a video data benchmark) can be recorded in the real world,
or generated by computer-graphics programs (e.g. for simulating particular changes
in processed frames).
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The evaluation of solutions in relation to particular real-world scenarios has been
discussed in [120]. Solutions can be characterized as being accurate or robust.
Accuracy means correctness for a given scenario. Robustness means “sufficient”
correctness for a set of scenarios, which may also include cases of challenging
scenarios. Ideally, robustness should address any possible scenario in the real world
for a given task.

Accuracy (or robustness) may be expressed by a single number, for example by
a real number in the interval [0, 1], where 1 means “ideal accuracy” (e.g. identified
by a perfect match with ground truth data), and O indicates a measurement that is
outside a pre-defined margin of error compared to ground truth values. Performance
of a DAS may be quantitatively defined based on common classification rates (e.g.
using numbers of true detections or false detections; to be discussed later in detail).

Used benchmarks should be of high diversity and complexity; used video data
need to be evaluated to understand their complexity. For example, changes in
recorded video data can be characterized by using quantitative measures such as
video descriptors [25] or data measures [236]. Sets of benchmark data should
represent hours or days of driving in a wide diversity of possible scenarios.

Currently there are only very limited sets of data publicly available for com-
parative VB-DAS evaluations. Figure 1.3 illustrates two possible ways of gener-
ating benchmarks, one by using computer graphics for rendering sequences with
accurately-known ground truth, as done for one data set on [56], and a second
way by using high-end sensors (in the illustrated case for [118]; approximate depth
ground truth is provided by the use of a laser range-finder).

Adaptive Solutions We cannot expect to have all-time “winners” when compar-
atively evaluating computer vision solutions for VB-DAS applications. Vehicles
operate in the real world, which is so diverse that not all of the possible event
occurrences can be modelled within the underlying constraints of a designed
program.

Particular solutions perform differently for different scenarios; a winning pro-
gram for one scenario may fail for another one. We can only evaluate how particular
solutions perform for particular scenarios, possibly defining an optimization strategy
for designing VB-DASs which is adaptive to the current scenario.

Fig. 1.3 Examples of benchmark data available for a comparative analysis of computer vision
algorithms in a traffic context. Left: Image of a real-world sequence provided on KITTI (with
approximate ground truth about distances on [118]). Right: Image of a synthetic image sequence
provided on EISATS (including accurate ground truth about distances and movements)
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Premier Journals and Major Conferences Research contributions in VB-DASs
typically appear in premier journals such as IEEE Transactions on Intelligent
Transportation Systems, IEEE Intelligent Transportation Systems Magazine, IEEE
Transactions on Vehicular Systems, IEEE Transactions on Pattern Analysis and
Machine Intelligence, and Computer Vision and Image Understanding. Major
conferences with contributions on VB-DAS are the annual /IEEFE Intelligent Vehicles
Symposium, and the annual IEEFE Intelligent Transportation Systems Conference.

1.4 Safety and Comfort Functionalities

Before discussing computer vision tasks, we briefly point to functionalities where
recorded video data or graphical visualisations are simply used to enhance the
driver’s visual perception of the environment, for safety or driver comfort.

Avoidance of Blind Spots The blind spot is the total area around the ego-vehicle
which cannot be seen by the driver. This is typically composed of an area behind
the vehicle and two areas on the left and right of the vehicle. A simple VB-DAS
solution is to show video data of those areas to the driver on a screen at relevant
times. The law in the USA requests that vehicles built from May 1, 2018 onward
need to have a back-up camera [39].

Night Vision A VB-DAS may also support a driver’s visual perception in the
night or during otherwise limited viewing conditions (i.e. rain, snow, or fog), thus
increasing the seeing distance and improving object recognition. This is typically
implemented by showing improved video data on a screen, but this can also be
achieved by using a head-up display. Fog detection (for driver warning), see [190],
is an example for distinguishing weather conditions.

The automotive industry designs active (i.e. use of a near-infrared light source
built into the vehicle, which is invisible to the human eye but visible to a standard
digital camera) or passive (i.e. no special illumination of the scene but capturing
thermal radiation) recording systems to provide enhanced images for the driver.

Virtual Windshield The head-up display, or virtual windshield, is an efficient way
of representing information to the driver without creating a need to change the head
pose (see Fig. 1.4). Indoor-recording with face detection may be used for an accurate
understanding of the driver’s head pose.

The virtual windshield may be used, for example, to provide information about
speed, distance to destination, or navigation data. No computer vision needs to be
involved in these cases.

The virtual windshield may also be used to provide information about currently
applying traffic signs (e.g. speed limit), to give an enhanced view of lane borders
in the night, or to show a flashing light indicating the location of a potential hazard
(e.g. a detected pedestrian in low-light conditions), or to label visible buildings (e.g.
hotel chain).
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Fig. 1.4 Two examples of a virtual windshield in a BMW. The “7” in the image on the left
identifies the current gear (Courtesy of Clemens Dannheim)

For the mentioned examples, the shown information is mostly derived from
particular VB-DAS applications (e.g. for traffic sign detection and recognition,
visual lane-border analysis, or an advanced traffic hazard detection system; see
related material later in this chapter).

Intelligent Headlamp Control Adaptive LED headlamps adjust the individual
light beams according to the visible traffic scene [222]. Each light beam (of each
addressable LED emitter) may vary between a low-aimed low beam and a high-
aimed high beam. The beam is adjusted to maximize the seeing range for the driver
in the ego-vehicle, but with the constraint to avoid dazzling drivers in other vehicles
or pedestrians.

Cameras in the ego-vehicle are used for vehicle and pedestrian detection (for
these topics, see later in this chapter), continually changing a glare-free high beam
pattern of the headlamps.

1.5 VB-DAS Examples

A traffic scene is composed of the road (with lane markings, pedestrian crossings,
speed bumps, cavities, and so forth), road furniture (e.g. traffic signs, handrails, or
construction site blocks), various types of obstacles (driving vehicles, pedestrians,
rocks, parked vehicles, and so forth), and also by traffic-related buildings, tunnels,
bridges, and so forth.

A complex scene analysis needs to understand the current traffic-related compo-
nents, their motion, and their possible near-future interaction with the ego-vehicle,
or even the possible impacts on other traffic participants. Before discussing traffic
scene-analysis tasks for cameras which point outwards from the ego-vehicle, we
first consider a few tasks when pointing a camera towards the driver (to monitor
driver awareness).

Driver Monitoring Cameras are not the only way for driver awareness monitoring.
For example, see [108] for a tactile solution using an embedded sensor in the
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steering wheel. Cameras are not only useful for understanding the state of the driver
(e.g. drowsiness detection) but, in particular, they are also appropriate for analyzing
the viewing direction.

Face and eye detection [270], or head-pose analysis [174], are basic tasks in
this area. The viewing direction can be estimated via head pose analysis; eye gaze
analysis [251] is an alternative way to estimate viewing direction which also covers
eye state analysis (i.e. a percentage estimate of being open or closed). Challenging
lighting conditions still present unsatisfactorily-solved scenarios; for example, see
[210] for such scenarios. Foot gesture or visual hand motion patterns are further
possible indicators for driver monitoring [182, 258].

Driver awareness can be defined by relating driver monitoring results to envi-
ronment analysis for the given traffic scenario. The driver not only needs to pay
attention to driving; eye gaze or head pose [211] should also correspond (for some
time) to those outside regions where safety-related events occur. Here, head pose or
face detection is typically followed by eye detection and an analysis of the state of
the eyes or eye-gaze detection. See Fig. 1.5.

In the applied face or eye detection technique [270], a search window scans
through the current input image comparing intensities with local Haar wavelets;
see Fig. 1.6, right, for examples of such wavelets. Rezaei and Klette [210] also
introduces global Haar wavelets (to be described later in this book), motivated by
challenging lighting conditions (as illustrated in Fig. 1.5). Figure 1.6 also illustrates
the use of a head model for identifying eye regions.

For a more detailed introduction into driver monitoring, see Sect. 2.2.

Fig. 1.5 Face detection, eye detection, and face tracking results under challenging lighting
conditions

Fig. 1.6 Left: Examples of local Haar wavelets. Other images: Detected eyes in a (purported)
driver’s face based on defining a region of interest within a detected face for expected eye locations
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Speed Adaptation Now we mention a first task for outward-recording cameras.
Intelligent speed adaptation (ISA) can be based on knowing the currently-applying
speed limit, road conditions, the distance to the vehicle in front, and further
traffic-related events (e.g. children playing close to the road often require a speed
reduction).

Basic information for ISA is available in e-maps via GPS. Vision technologies
are adequate for collecting on-site information. The detection and interpretation of
speed-signs [55] or road-markings [114] are examples of traffic-sign analysis, and
the evaluation of road conditions is part of road environment analysis (see the related
paragraphs below).

Platoons, Queuing An automated queue assistant (AQuA) applies in congested
traffic situations on highways; see Volvo’s program for AQuA design in [80]. For
example, it is of interest for a truck convoy to maintain constant speed and distances
between trucks. But it is also of importance in any congested traffic situation.

An AQuA application should ideally combine longitudinal distance control
(to the preceding vehicle) for adjusting speed and lateral control for steering
supervision (i.e. distance to side vehicles). Driver monitoring (see the paragraph
above) is also of significance for understanding driver awareness (drowsiness
or inattentiveness). Lane detection and analysis (e.g. of lane curvature; see the
paragraph above) is of importance for proper positioning control of the vehicle.

For example, a truck convoy may be grouped for automated driving into a
platoon, with the goal of reducing inter-truck distances to increase the capacity of
roads.

Parking Automated parking requires in general a wider field of view than blind
spot surveillance, and a full 360° recording supports both applications [274, 304].

Autonomous parking systems typically use multiple sensors such as ultrasonic
or close-range radars, or laser scanners (implemented in the front and rear bumpers
of the car), and vision sensors. The system needs to detect a possible parking space,
and needs to guide the vehicle autonomously into this space. Note that bumper-
implemented sensors have a limited field of view (i.e. close to the ground).

Automated parking (as designed, tested, and used in Asia and Europe in the past
20 years) has now been extended to solutions for parking autonomously in a more
general parking house, with the drop-off and collection point at the entrance of the
parking house. Vision sensors play an essential role in such an application.

Blind Spot Supervision At the beginning of the chapter we already mentioned
blind spot visualization. More advanced applications analyze the video data
recorded for blind spots, and communicate only the necessary information (e.g.
there is another vehicle on the left) to the driver [201]. For example, the Blind Spot
Information System (BLIS), introduced by Volvo in 2005, produced just an alert if
another vehicle was detected to the left or right of the ego-vehicle (by analyzing a
recorded video); see [253].
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Lane Departure Warning Lane analysis (as discussed above) aims in particular
to provide information about lane changes, if a driver is interested in this type of
support (e.g. truck or long-distance bus drivers).

Wrong Lane Detection Wrong-roadway related accidents lead only to a relatively
small number of accidents, but with a high risk of being a head-on crash. About
33.6% of the world’s population drives on the left-hand side.

Lane-positioning algorithms based on e-maps and GPS [17, 193, 231, 232] are
related to wrong-lane detection; this map matching approach is not yet accurate due
to existing variance in (standard) GPS data. A lane-positing module together with
a lane-detection and tracking module allow us to design a wrong-lane detection
system.

The location, provided by GPS, can be matched with an available e-map, for
instance, an openstreet map. The number of lanes and lane direction(s) at the current
location needs to be read from this map. Apart from using GPS and an e-map, further
sensors such as an onboard odometer or gyroscope can be used to refine the accuracy
of ego-vehicle positioning on a road [232].

A multi-lane-detection result (e.g. as shown in Fig. 1.7) is mapped onto a current
lane configuration, thus supporting (besides a detection of the central marking in the
middle of the road) the decision in which lane the ego-vehicle is currently driving in.
Methods as described in [47, 82, 314] address multi-lane detection. Lane confidence
measures can be used to weight detected lanes to produce stable detections [250].

A first assistance system for the detection of driving on the wrong side of
the road by reading no-entry signs of motorways is reported in [40], and [166]
analyzes motion patterns in highway traffic for understanding wrong-lane driving.
Tao et al. [250] proposes a system for wrong-lane driving detection by combining
multi-lane detection results with e-map information.

Sections 2.3 and 2.4 report in more detail a few subjects concerning environment
analysis.

Fig. 1.7 Three detected lanes in a country driving on the left-hand side. Matching with an
available e-map simplifies the decision about which lane the ego-vehicle is currently driving in
(Courtesy of Junli Tao)
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1.6 Current Developments

Vision technologies, in combination with further technological developments, offer
various new opportunities to improve traffic safety and comfort.

Active Safety Systems Above we briefly reviewed subject areas of various active
safety systems and algorithms. Computer-vision techniques [92, 308], in particu-
lar stereo-vision-based techniques [268], contributed to the current fast progress
towards autonomous driving. Accuracy issues, as still apparent in the 2012 “Robust
Vision Challenge” [87], are currently solved for an increasing number of challeng-
ing situations. LIDAR [202, 281] can provide accurate range information (costs go
down with increases in numbers of produced systems); overcoming the sparse data
collection still appears to be the critical issue in this field. The fusion of multiple
sensors such as radar and vision [74, 86, 160] combines the strength of individual
Sensors.

Monocular vision-based solutions are a strategy-of-choice if a fusion of stereo
vision, LIDAR, or radar is not possible or not cost-effective; for example, for
solutions using smart phones or other mobile devices [317].

Among computer vision-based methodologies, current research addresses issues
such as vehicle detection based on analyzing shade underneath a vehicle [3, 84],
stereo vision to estimate distances between ego-vehicle and obstacles [257], optical
flow-based methods to detect moving objects and vehicles [32], the use of local
binary patterns (LBP) [184, 203], or Haar-like features [79, 171, 299].

Particle and Kalman Filters Time sequences of image data (video) support the
use of temporal filters. Applications of various types of Kalman or particle filters
are today of common use when designing VB-DASs. For example, stereo-vision
and particle-filter-supported tracking is used by Danescu and Nedevschi [42] for
lane tracking. They compare a linear Kalman filter (KF) with particle filtering with
the conclusion of a better performance when applying particle filtering, especially
in the case of road discontinuity, lane forking, lane joining, or sharp curves,
where the linear KF may fail or diverge. But the particle-filter-based method also
underperforms in terms of accuracy in dense city road zones. Discussions of iconic,
extended, or unscented KFs are common practice when analyzing video data.

Three Revolutionary Processes In the year 2016, we have experienced three
essentially inter-related revolutionary developments in the automotive industry:

» Electric vehicles (EVs) are replacing internal combustion engine vehicles,

* autonomous driving is incrementally replacing human drivers; driver assistance
(in particular VB-DAS) is providing practical solutions during the transition
phase,

¢ vehicle to vehicle (V2V), vehicle to infrastructure (V2I), and vehicle to roadside
(V2R) communication is developing into a common technology.

We finish this chapter by briefly mentioning a few developments in this context, just
for illustration, without aiming to cover these complex developments in any detail.
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Driver-Environment Understanding The sections above discussed the under-
standing of the driver (i.e. inward-recording for analyzing awareness, eye gaze,
and so forth), and also various modules of a VB-DAS for outward-recording.
The obvious next step is to correlate driver understanding with traffic scene
understanding, for example to warn about a detected issue for which it appears
that the driver has not yet paid attention [80, 211]. Two chapters of this book
are especially dedicated to the subject of understanding a driver in a given traffic
scenario.

For example, the virtual windshield (i.e. a head-up display) appears to be a good
implementation for issuing a warning to a driver if a particular issue is detected
outside in traffic, to be indicated in relation to the head pose of the driver.

Approaches for VB-DASs which combine looking-in and looking-out techniques
provide significant benefits for realizing active safety functionalities; see [51, 157,
181, 252, 261] and Fig. 1.8.

Inter-Car Communication Inter-car communication (a non-vision technology)
supports the better understanding of large-scale road environments, not appre-
hendable from the perspective of a single car. This approach is also known as
car-to-car (C2C). It is expected that these communication networks will contain
vehicles in a local neighbourhood but also roadside sources as nodes (C2I = car-to-
infrastructure).

sensors

Fig. 1.8 Holistic scene understanding and driver monitoring using multiple sensors for inward
and outward recording. Driver awareness can be modelled based on a combined analysis of these
data (Courtesy of Mohan Trivedi)
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Communicated information will include data collected via VB-DASSs, and also
data collected via stationary cameras along the road. Inter-car communication will
be part of expected intelligent transport systems (ITS), defining the general context
of future transportation.

Autonomous Driving Autonomous driving is often identified as being the ultimate
goal when designing DAS, or VB-DAS in particular [218, 219]. There are already
various vehicles available demonstrating that autonomous driving is possible today
using, for example, stereo vision [68] integrated into a car, or a laser range-finder
[44] mounted on top of a car (together with very accurate e-map and GPS data). In
both cases, environment and weather conditions have to satisfy particular constraints
to guarantee that the systems will work accurately, and the driver still has the
responsibility to be aware about the given situation.

The vehicle industry world-wide (traditional companies as well as newcomers
to the field) has assigned major research and development resources for offering
competitive solutions for DASs, or autonomous driving. Computer vision in road
vehicles can play here a major role in reducing casualties in traffic accidents, which
are counted by hundreds of thousands of people worldwide each year; it is a very
satisfying task for a researcher to contribute to improved road safety. VB-DASs also
contribute to better driving comfort in modern cars.

Surround Maps Gandhi and Trivedi [72] propose a driver-assistance system by
developing a novel method to create a “surround map”, using two omni-directional
cameras. This type of camera can capture a panoramic view around the ego-vehicle.
Due to the large field of view (FOV), the resolution of the recorded videos by
an omni-camera is considerably lower than those captured by standard cameras.
This needs to be added to distortion errors as well. Therefore, the method could be
more suitable for close-by obstacle and vehicle detections. A robust ADAS needs to
perform under high-speed driving conditions, therefore a timely detection of hazards
from both close and far distances is an essential requirement for any realistic ADAS.

Road Environment When analyzing the road environment, we are typically
interested in detecting and interpreting road furniture, pedestrian crossings, curbs,
speed bumps, or large-scale objects such as an entrance into a tunnel, or a bridge.
Accurate e-maps and GPS provide information about the expected environment;
cameras and computer vision can be used to detect unexpected changes in such an
environment.

Ground-level recording and 3D reconstruction (i.e. only using cameras in
vehicles, not also aerial recording) is a subject of interest. For example, [76, 93, 296]
all use multiple cameras while recording road sides in a single run when moving the
cameras in the ego-vehicle essentially parallel to the road borders in one direction
only (i.e. without any significant variations in the path).

3D road-side visualization or 3D environment modelling are applications which
still lie beyond the current interest in VB-DASs. A 3D reconstruction from a moving
platform [296, 309], possibly in combination with 3D reconstructions from a flying
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Fig. 1.9 Monocular video data, recorded in a multi-copter (upper left) in Kaohsiung, can be used
to create 3D models of a given road environment (lower right). SURF features (upper right)
are analyzed for corresponding features in the next frame (lower left shows vectors connecting
corresponding features); this allows us to estimate ego-motion of the multi-copter as well as
the fundamental matrix for performing stereo reconstruction based on two subsequent frames
(Courtesy of Hsiang-Jen (Johnny) Chien)

platform such as a multi-copter (see Fig. 1.9), can be used for an even more accurate
environment model compared to today’s planar e-maps.

Testbeds Crash tests have a long history in the automative industry. Cars are
tested under very precisely defined conditions to evaluate their mechanical safety
parameters. DASs and autonomous vehicles contain various sensors and control
modules which also need to be tested. Those sensors and modules have to measure
and understand various traffic scenarios, and the diversity of possible scenarios
requires new ideas about the representative design of testbeds for modern vehicles.
Testbeds' can be public roads (with adequate sensors for measuring a vehicle’s
performance), or specially designed local traffic areas with opportunities to create
especially challenging scenarios, and to make extensive use of sensors integrated
into the testbed.

1.7 Scope of the Book

As highlighted earlier, in this book we restrict ourselves to camera sensors and
computer vision-based techniques. In the field of computer vision, there is still only
limited work done on simultaneous driver behaviour and traffic scene monitoring.
Generally, these topics are treated as individual or independent research directions.
Researchers who work on driver’s facial or behavioural monitoring normally do not

'For an example, see www.n3t.kiwi for the N3T testbed near Whangarei, New Zealand.
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work on traffic scene monitoring, and vice versa. Thus, a proper evaluation of the
effectiveness of the proposed methods for real-world ADASSs is hardly possible.

Helping to fill this research gap, we start in Chap.3 by recalling the required
theoretical fundamentals, and then we continue by developing in detail a practical
ADAS application to simultaneously monitor the driver and road scenes. We also
aim to validate the proposed methodologies by providing experimental results in
real-time* and for scenes recorded in real-world driving scenarios.

Object Detection and Classification Focus In our presentations we will focus on
object detection and classification methodologies: We detect faces, eyes, vehicles
and so forth, and evaluate the developed classifiers by using common classification
measures.

Motivation We are motivated to work on driver’s behaviour monitoring (detecting
a driver’s direction of attention, eye closure, yawning, and head-pose monitoring),
road hazard analysis (especially detection of the vehicles in front, and their distance
to the ego-vehicle), finding the correlation between the “driver’s direction of
attention” and the “road hazards”, and a simultaneous analysis of “driver” and
“road” data to determine high-risk driving situations. Our ultimate objective is to
prevent imminent crashes due to driver fatigue, drowsiness, or distraction.

Monocular Vision Algorithms Besides also briefly discussing stereo vision, we
focus in this book on opportunities given by monocular vision (e.g. when using
a mobile device only allowing us to use one camera in one viewing direction).
We are especially interested in monocular-vision algorithms for target classification
and tracking for both in-vehicle (i.e. driver) and out-vehicle (i.e. road) monitoring.
Low computational cost of monocular vision techniques has been a motivation for
us that may facilitate the implementation of our research outcome in the form of
cost-efficient chips, integrated circuits and systems, or even real-world apps for
smartphones or other mobile devices.

Face Detection As a prerequisite for driver-behaviour monitoring, and before
going for driver’s facial feature analysis and driver’s head-pose estimation, we need
a very accurate and robust face detection algorithm.

There is a widespread understanding of the acceptable accuracy of existing face
detection methods such as [8, 224, 271] under ideal conditions. Some researchers
work on pose variation [187] and rotation-invariant [28] face detection techniques.
There are also recent research attempts to improve the speed and detection accuracy
of current face detection algorithms [188, 226].

A literature review of existing methods shows that the Viola—Jones (V-J) method
based on Haar-like features and a cascade of classifiers [269, 271] rates the highest
worldwide among other proposed face detection methods. Since the introduction

2In this book any processing speed of more than 15 frames per second (fps) is considered real-
time, as it enables us to provide timely information to assist a driver, even in high-speed driving
scenarios.
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of the method almost 10 years ago, it has received several thousands of citations
in the literature. Recent research also uses deformable part models (DPMs) [63]

to classify an object as a joint detection of different parts; nevertheless, their speed
would be up to 20 times slower than that of the standard classification methods [61].

Accuracy and Low Computational Costs The considered high-dimensional DAS
needs to monitor both inside and outside the vehicle. It has to perform fast enough
to ensure real-time processing, real-time decision making, and real-time responding
to the driver. So, any proposed method in this research needs to be both accurate and
have low computational costs to comply with the real-time requirements, and also
must use only common existing hardware at the time of the research.

Lighting Conditions Today’s digital cameras and many other commercial devices
widely use the V-J method for face detection [310]. However, there are serious issues
with the V-J method, even for frontal face detection if there are noisy images, or
under difficult lighting conditions, as discussed in some very recent publications;
see [107, 206], or [246].

The general success of the V-J method for real-time face detection, and, on the
other hand, the existing gap to be closed by coping with its weakness in difficult
lighting situations [206], have been strong motivations behind attempts to improve
the V-J method, as discussed in this book.

Contributions in the Book Considering the discussed motivations, requirements,
and the existing research gaps, the book contributes as follows:

We first refine the training step, including refinements of parameters of classifier
and dataset, to create a more efficient cascade of classifiers using the same Haar-like
features as originally proposed for the V-J method.

Our next contribution is the development of two novel classifiers based on
adaptive global Haar-like features (AGHaar) and dynamic global Haar-like features
(DGHaar). This improves the original methodology and makes it a significantly
more robust detector by ensuring a higher rate of true detections, a lower rate of false
positives, and faster performance. We use the proposed classifiers for both facial
feature analysis and vehicle detection under various outdoor or weather conditions,
and for noisy images.

In order to define a correlation between the driver’s looking direction (i.e.
the driver’s direction of attention) and road hazards, we define a 6-dimensional
driver’s head pose including head tilt, yaw, pitch, and its (x,y) location at time
t. Not limited to a driver’s face, many symmetric objects may appear as being
asymmetric, depending on the location and angle of the light source, or due to an
unbiased lighting condition. This is the source of many object misinterpretations
and misdetections. For example, under real-world driving conditions, one part of
the driver’s face may receive more light from the side window than the other
half of the face. Under such conditions, half of the face (or object) may provide
completely different feature-points, and considerably less information due to falling
into a darker space. We develop an asymmetric active appearance modelling method
(ASAAM) and a novel technique called the Fermat-point transform to resolve the
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issues of intensity asymmetry, as well as gaining a highly-accurate 3D head-pose
estimation from a 2D image.

In the second part of the book, we contribute by proposing algorithms for
multiple vehicle detection and inter-vehicle distance estimation in road scenes. We
propose various techniques such as virtual symmetry detection, horizontal edge
detection, corner-point analysis, as well as a multi-clue data fusion technique, based
on Dempster—Shafer theory. The introduced techniques altogether enable successful
vehicle detection under various lighting (from very bright to very dark) and noisy
conditions. We also develop a hybrid distance-estimation technique based on bird’s-
eye views and camera-pose trigonometry, using a monocular camera only.

Another gap in the field is the absence of publicly available road datasets,
especially for situations such as night, rain, fog, or other challenging driving
scenarios. Wherever applicable, we use existing datasets provided by researchers,
to benchmark our proposed methods. To tackle the absence of challenging road
datasets, we also develop our own iROADS dataset [214] for a diversity of lighting
and weather conditions. We perform experimental results using both publicly
available datasets and our developed dataset to evaluate the robustness of the
proposed methods.

Ultimately we define a fuzzy-logic-based fusion platform that processes and
correlates the obtained data from driver’s behaviour with the location and distance
of the detected vehicles on the road. The fusion module acts as a decision layer that
can effectively identify the risk-level of a given driving situation, and is expected
to provide a timely warning to prevent an imminent crash. We also expect that
the entire developed ADAS (including driver’s head-pose analysis, drowsiness
detection, vehicle detection, distance estimation, and data fusion) can perform
reasonably well in real-time.



Chapter 2
Driver-Environment Understanding

2.1 Driver and Environment

As in cases of computers where the cause of a problem is in general sitting in front
of the machine, traffic accidents are typically caused by the driver.

Inattentive Driving Studies in the United States by the National Highway Traffic
Safety Administration [265] and the Virginia Tech Transportation Institute [272]
pointed out that almost 80% of all types of vehicle accidents involve driver
fatigue, driver drowsiness, or driver distraction, in general summarized as inattentive
driving, within the last 3 s prior to a catastrophic accident [141]. Driver inattention
is a contributing factor for 93% of all rear-end collisions in this study [272]. This
contradicted some prior studies which showed only a low contribution rate of 25%
for driver distraction.

Studies in small developed countries such as New Zealand (with a population of
4.5 million) also show similar statistics. The 2010 statistics by the New Zealand
Ministry of Transport reports 384 fatal crashes, 14,541 serious injuries, and a
$5.3 billion national cost; 52% of all road deaths have been caused by drivers falling
asleep at the wheel, driver fatigue, or driver distraction [29, 176, 179].

Simultaneous Evaluation of Driver and Road Hazards These statistics highlight
the importance of research and development of advanced driver-assistance systems
(ADAS:s) focusing on “driver behaviour”. Therefore, introducing a proactive safety
system that is able to simultaneously evaluate a driver’s level of alertness as well as
the road hazards, is of high interest. This is also a main subject in this book.

Three Classes of Parameters Generally, an ADAS can include a set of active
safety systems that work together to increase the safety of the driver, passengers,
pedestrians, and other road users [120]. The objective is to recognize critical
driving situations by perception of the vehicle or driver, characterized by internal
parameters, or of road hazards characterized by external parameters. Additionally,
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often less highlighted in this context, we also need to consider the weather and
lighting conditions, characterized by circumferential parameters.

Internal parameters may include the ego-vehicle’s speed, steering angle, or the
driver’s level of awareness. We recall that the ego-vehicle is the vehicle where the
considered system operates in; it is equipped with different sensors to monitor the
road or the driver status.

The external parameters may describe stationary or moving vehicles around
the ego-vehicle, road boundaries, traffic signs, and vulnerable road users such as
pedestrians and cyclists.

Lighting (day or night) or weather conditions can be modelled by circumferential
parameters. These parameters can highly affect the accuracy and performance of the
ADAS.

Driver or Road Monitoring Chapter 1 reviewed the various subject areas related
to traffic safety and driver assistance systems. Subject areas such as traffic sign
recognition [159], lane detection [236], pedestrian detection [49], vehicle detec-
tion [241], and driver behaviour monitoring [175], including driver fatigue, drowsi-
ness and distraction detection, already have numerous publications devoted to
them. In this chapter we review selected research results classified into two main
categories, either related to driver or road monitoring. Later in this book we will
connect both categories by discussing integrated solutions.

2.2 Driver Monitoring

In our selective review we comment on work in the field by discussing briefly the
strengths, weaknesses, or limitations of work done in the past decade, up to recent
state-of-the-art research in academia and industry.

We expand on the initial comments regarding driver monitoring already given
in Sect. 1.5. Driver monitoring comes with several difficulties associated with the
challenging nature of this application. Issues can be variations in scale, pose,
direction, facial expression, lighting conditions, or occlusions.

Face Detection Starting with face detection, there exist different approaches that
can be classified into four categories [301, 310]:

Knowledge-based methods that use some predefined (thus “knowledge-based’)
rules to assess some common facial features that exist in any “typical” face.

Feature-invariant methods that use some structural features for a face, so in case of
success they can detect faces in different poses or rotations.

Template-matching methods that use a few selected patterns of the whole face,
patterns of facial parts, and individual facial feature patterns (e.g. eyes, nose,
or mouth) as the reference for face detection; then the correlation of an input
image with the stored patterns is examined to confirm or reject an image as a
face. Since face models may vary for different people, the locating results are
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heavily affected by face modelling and image contrast. High computational costs
also prevent a wide application of this method.

Appearance-based methods that use a face dataset to learn the variation of face
appearances. The learning process is on the basis of common photometric
features of the object, and is based on a collective set of face images in different
poses.

Face and Eye Detection Kasinski and Adam propose a hierarchical architecture
for face and eye detection using an ordinary cascade of Haar classifiers (CHCs)
augmented by two simple rules [111]. The method applies Haar-like features for
eye detection within an already detected face, and it rejects a face candidate if 9,
the angle of detected eye-pairs, is larger than 20°, or, if no eye-pair is detected
within a face. The paper claims outperformance of elsewhere proposed classifiers
with respect to both accuracy and training speed. However, the method is tested on
an unknown dataset, and the defined rules cannot always be true. In many cases
a face might be in a (semi-)profile pose, so one of the eyes could be invisible or
occluded due to the nose-bridge. In such cases, the proposed method simply fails by
rejecting an existing face as a non-face. We expect many false negatives in realistic
situations; especially under driving conditions where the driver needs to constantly
look over to the side mirrors. On these occasions, the driver’s face may vary in
terms of pose and position. Furthermore, the images in the dataset used for our
experimental results have a very high resolution of 2,048 x 1,536 pixels, under
controlled ideal lighting conditions, with no specific challenges, noise, or detection
difficulty. In real-world driving scenarios we have to expect more difficult and noisy
conditions.

Wilson and Fernandez [289] propose a regionalized search technique. The
method tries to reduce the search area of face detection aiming at minimized false
positive detections. They simply consider the upper g of a face for eye detection,
and the lower part for mouth and nose detection. No statistical analysis is provided.

Facial Features Batista [14] offers a framework that combines the location of
facial features with a skin-colour-based face detection approach. He considers
manually defined proportional distances for eye, eyebrow, mouth, and nose to find
facial features after image binarization. The defined parameters are not necessarily
correct for all types of faces, races, and genders. Furthermore, the shown experi-
mental results are performed under indoor conditions with high-quality images. No
experiments were done under actual driving conditions.

Lighting Conditions Under the Lambertian reflection assumption [13] and having
multiple light sources, a face (or an object) can form a very large polyhedral
illumination cone [130], in which the cone contains all the variations of a fixed
pose face for different angles of lights and shades. This makes a large number of
extreme rays for every single face pose. Not dealing with every single pixel, even if
we judge a face detection based on facial feature blocks of 20 x 20 pixels, then there
will be an illumination cone with O([,,/5,]*) = O(n?) extreme rays, where n is the
number of pixels in the given image.
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Fig. 2.1 Lighting conditions may cause a significant loss in edge or facial feature information. The
same person, the same pose, and only a 20° change in light-source angle (See the public-domain
Yale dataset [130])

This is one of the most important technical concerns which is often neglected or
ignored in many publications such as [107, 204, 224]. For the same reason, many
datasets used for driver behaviour monitoring and subsequent performance analyzes
are incomplete or inaccurate.

Figure 2.1 exemplifies the effects of changes in light source directions. It shows
dramatic effects on feature and edge information, especially for symmetric objects
(e.g. a face). This is a very common case that happens under driving conditions
when half of the driver’s face receives more sunlight from the side window, and
the other half is in a darker environment. As shown in Fig. 2.1, bottom right, no
meaningful edges or features can be perceived in the left part of the given face.
Many of the current face detection algorithms may easily fail under such conditions.
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We consider this concern as one of the important difficulties for driver-behaviour
monitoring, depending on the sun’s position, or based on artificial street-lights in
evenings or nights.

Yale B Face Database To the best of our knowledge, the Yale B face
database [300] is the only publicly available dataset that provides more than 5,000
face images recorded under different light-source angles. The images are recorded
under controlled indoor conditions using a single light-source. Later we demonstrate
the use of this dataset within our experiments.

2D Cascade Training Different to the Viola—Jones (V-J) method that uses cascade
bootstrapping to reject negative images at every stage, Niu et al. [315] introduce an
eye detection system based on bootstrapping of both positive and negative images.
Therefore, the method deals with larger training datasets more quickly by rejecting
some redundant positive images at every stage of training. The experimental
results from high-resolution datasets such as BioID [101] or JAFFE [146] show
improvements due to the ability to learn a bigger training dataset in a given time,
compared to the standard V-J method. Despite the improvements, the method is
not robust under unconstrained conditions, or for noisy images that are affected by
motion blur, out of focus images, lighting artifacts, or facial expression factors.

Driver-Fatigue Analysis Some researchers specifically address driver-fatigue
analysis. The work presented by Wang et al. [275] uses a colour correlogram [106]
and the AdaBoost [70] machine learning strategy for eye-state detection. The
authors believe that a colour correlogram represents global and rotation-invariant
features of eye images; therefore they express that the insignificant differences
between left and right eyes could be ignored.

Without explicitly detecting the eye status, Sigari [239] considers spatio-
temporal information in the upper half of the driver’s face for driver fatigue
detection. The method measures the average horizontal projection in the first 100
frames of driving as the base information, and then compares the correlation of
horizontal projection of the current frame with the base data. If the correlation is
lower than a threshold, the system considers as the eyes being closed. The method
is basic as it ignores many existing parameters that impact on the performance of
the detection. Sudden changes in lighting conditions due to street lights, driving in
a tunnel, or on-off intensity changes due to shades of street trees are the possible
parameters that can influence the accuracy of the system.

A cognitive fatigue detection method is provided by Miyaji et al. [163] using
stereo vision to detect a subject’s head and eye movement, and ECG-based heart
rate monitoring. The author compares the standard deviations of head and gaze angle
for two states of “normal driving” and “driving with cognitive loads”. The research
concludes that in the case of mental loads, the gaze becomes more concentrated
with smaller standard deviations for the gaze angle. The result is interesting and
can be useful for determining the overall state of a driver’s vigilance. However,
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calculating the standard deviation of eye gaze requires a measurement during the
past few minutes of driving, which causes the method to always lag behind the actual
moment of a distraction. This could be very late to prevent a crash. The method is
only implemented in a simulation testbed.

Percentage of Eye Closure Since 2010, the characterization of the percentage of
eye closure (PERCLOS) [284] has also became one of the common approaches in
computer vision for sleep-deprivation studies and driver-drowsiness detection [50,
75,233]. This approach assesses the driver’s alertness based on the residual increase
in percentage of eye closure, over a given period of time. If the eye-closure time
becomes more than 80%, it is considered to be a sign of sleepiness. Despite the
popularity of the method, PERCLOS alone is now known to be insufficient for
preventing a crash due to driver unawareness, especially in high-speed driving
scenarios when a microsleep [148] can cause a catastrophic accident. A microsleep
may suddenly happen with any driver, without any pre-warning or early signal that
could be measured via a computer-vision approach.

Mouth and Yawning Analysis Wang et al. develop a mouth movement tracking
method using a dashboard-mounted CCD camera to detect and record the yawning
frequency of a driver [276]. The method determines the face region based on skin
colour analysis, followed by lip pixel segmentation using a Fisher classifier and
connected component analysis (CCA). The main contribution of the work is the
application of a belief-propagation artificial neural network BP ANN to detect three
mouth-states, including closed, open, and widely open (yawning). The paper only
considers mouth status as a fatigue sign of a driver, while many drivers may fall
asleep at the wheel without yawning.

Driver’s Vigilance The influential paper by Bergasa and Nuevo [16] uses an
infrared vision system to track a driver’s vigilance via analyzing six parameters
from a driver’s face: percentage of eye closure, duration of eye closure, blinking
frequency, frequency of head nodding, face position, and fixed gaze detection. Due
to using an infrared camera, the method could be robust for pupil detection for night
driving, but the performance could dramatically decrease in daylight, especially on
sunny days. The paper determines the position of the face based on the location of
pupils and the nose tip. This can give a rough estimation of a head or face; but,
it could easily fail or lead to wrong results in case of any false pupil and nose
detections. In Chaps. 5 and 6 we further discuss these two challenges by contributing
two robust approaches to eye status monitoring under day or night conditions, as
well as highly accurate head-pose detection.

In another recent work, Miyaji et al. [164] also combine means of psychosomatic
and computer vision approaches to assess the driver’s level of vigilance. The authors
introduce a hybrid method using SVM and an AdaBoost learner for classification of
heart rate beat-to-beat intervals (known as R-R intervals) using the EEG waveform
and visual information such as pupil diameter. The main deficiency of this approach
is the requirement of data normalization and time alignment due to significant
differences between the assessed data-types (e.g. computational time difference of
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computer vision-based techniques compared to heart-rate analysis). In an offline
processing, the final results of the method are expected to be more accurate than
individual solutions; nevertheless, the method is only applied on a driving simulator,
hence, the feasibility of the system and EEG wiring in actual driving conditions
requires further assessment.

Driver-distraction Analysis Using a commercially available gaze tracker, Doshi
and Trivedi [52] have worked on the parameters that may lead to distraction. The
study is done on a subject’s gaze shift while listening to simulated lecturing, and
the outcome of the study is directly generalized for driver-distraction analysis. The
method itself is carefully evaluated; however, we believe the obtained results for
simulated lecturing could hardly fit into the context of distraction in a driving
scenario.

Other researchers such as Peiris et al. [191, 192], Portouli et al. [200] and Furman
et al. [71] proposed methods for measuring distraction by considering physiological
phenomena such as EEG, ECG, skin voltage, heart rate change and respiration.
The results are expected to be more accurate than vision-based techniques but the
implementation and application of such systems in real-world driving situations
need wiring on the driver’s body, which is impractical, or even more distracting. In
addition, a connection of such extra items to a driver’s body may raise unexpected
distractions even for a normally alert driver. This is one of the reasons that we prefer
to focus only on non-intrusive vision-based approaches in this book.

Some researchers work on driver distraction [175] based on driver’s head-
pose estimation. Techniques such as pose detection from orthography and scaling
(POS) [45], POS with iteration (POSIT) [153], or using random forest tech-
niques [238] are widely considered. Some researchers like Fletcher and Zelin-
sky [66] used stereo-vision data for pose analysis; each method suffers either from
high computational costs, low accuracy, or insufficient robustness.

In the next chapters we propose solutions for coping with some of the discussed
challenges for driver behaviour monitoring, also called in-vehicle monitoring.

2.3 Basic Environment Monitoring

The basic traffic environment consists of the ego-vehicle, other vehicles or pedes-
trians, traffic-relevant obstacles or signs, the ground manifold (i.e. the geometric
ground-level surface; often it can be assumed that the ground manifold is approx-
imately a ground plane, at least in a local neighbourhood of the ego-vehicle), the
road, and the lanes. Section 1.5 already presented a few brief comments about work
on environment monitoring.
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Ego-motion describes the ego-vehicle’s motion in the real world. Vision can help
to control ego-motion according to the given obstacles or planned manoeuvres.
For basic navigation support, only the existence of obstacles needs to be detected
without understanding their type or movement, or the possible implications of those
movements.

Out-vehicle (i.e. road) monitoring is different to in-vehicle (i.e. driver) moni-
toring in many aspects. For an actual course of driving we may expect different
situations (e.g. driving straight ahead, turning, overtaking or avoiding lead vehicles,
obstacles, or pedestrians) where each case can define different kinds of chal-
lenges [207].

Obstacle Detection Monocular or stereo vision, often together with further sen-
sors, provides input data for detecting vehicles, pedestrians, or further obstacles on
the road [240].

For example, when applying stereo vision, detected points in the 3D scene need
to be analyzed for being just noise or actually obstacles on the road. A detected
local cluster of points at some height above the road define a stixel [7], which is a
straight cuboid standing on an assumed ground plane and limited in height by the
detected local cluster of points. Regular stixels are formed when assuming cuboids
whose lower faces define a regular grid on the ground plane. See Fig.2.2. Stixel
classification can then aim at identifying basic object shapes like car, bus, traffic
sign, or construction cone. Stereo vision also supports object detections on non-
planar roads [137]. Generic object detection is studied in [143, 278], showing a
good performance on [118].

Monocular object detection [198] has also been intensively studied for cases of
monocular video recording (e.g. if attaching a mobile device to the windshield
of a vehicle). Ali and Afghani [3] infer a vehicle (driving in front of the ego-
vehicle) from the shadow underneath. Rezaei and Klette [211] suggest a data-
fusion approach using a boosted classifier (based on global Haar-like features, in
conjunction with corner and line features, and virtual-symmetry of tail lights of
vehicles) to effectively detect vehicles, with a particular focus on also covering
challenging lighting conditions. See Fig. 2.3. The book [78] discusses the detection

Fig. 2.2 Left: Use of a colour key (different to the one shown in Fig. 2.4) for showing depth data
calculated by stereo matching. Right: Illustration of calculated stixels (based on the depth data
illustrated above, forming an occupancy grid), groupings of stixels, and of estimated motion for
such stixel groups (Courtesy of Uwe Franke)
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Fig. 2.3 Top: Monocular vehicle detection under challenging lighting conditions, to be discussed
later in this book in detail; detected vehicles are also labelled by monocular distance estimates.
Bottom: A transform from perspective view into bird’s-eye view is used for monocular distance
estimates (Courtesy of Ruyi Jiang)

of pedestrians in a traffic context; see also [150] and the database [53]. For a survey
paper on pedestrian protection, see [73].

Vehicle Detection Vargas et al. [267] provide a vehicle detection system using
sigma-delta-based background subtraction to separate moving vehicles (foreground)
from the road (background). The recording camera is fixed (on a non-mobile
platform). The method is simple and computationally cost effective. It appears to
be well-suited for monitoring traffic density. The method is not able to identify
individual vehicles.

Haselhoff et al. [86] use a radar sensor to minimize the region of interest (ROI)
for a computer-vision based approach that uses standard Haar-like features for
vehicle detection. Reducing the search region can lead to fewer false-positives; still,
there appear to be many weaknesses such as time synchronization issues for radar
and vision sensors, and the increasing cost for the system.

O’Malley et al. [185] propose vehicle detection based on taillight segmentation.
The authors hypothesize that tail and brake lights in darkness tend to appear as white
spots surrounded by a red halo region. This assumption may not be necessarily true,
as current cameras have auto-exposure control, and do not capture a white central
spot for a red taillight. A second weakness is that this approach only works for
night-time conditions, and a third weakness is that the method only works for the
detection of vehicles which are at the same level as the ego-vehicle. A tilted vehicle
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Fig. 2.4 Left: One image of a stereo pair recorded on Auckland’s harbour bridge. Right:
Visualization of a depth map using the colour key shown at the fop for assigning distances in
metres to particular colours. A grey pixel indicates low confidence for the calculated depth value
at this pixel (Courtesy of Simon Hermann)

(e.g. due to a road ramp, road surface at a curve, or when turning at a round-about)
cannot be detected by the proposed method.

Distance Computation Stereo vision is the dominant approach in computer vision
for calculating distances. Corresponding pixels are here defined by projections of
a surface point in the scene into images of multiple cameras. The applied vision
system knows about the calibration data of those cameras and rectifies the recorded
images into canonical stereo geometry so that a 1-dimensional (1D) correspondence
search can be constrained to identical image rows.

Corresponding pixels define a disparity, which is mapped based on camera
parameters into distance or depth. There are already very accurate solutions for
stereo matching, but challenging input data (rain, snow, dust, sunglare, running
wipers, and so forth) still may pose problems. See Fig. 2.4 for an example of a depth
map. For example, stereo vision, combined with motion analysis (called 6D vision,
see [1]), provides basic information used in Daimler’s “Intelligent Drive” system.

The third-eye performance evaluation [168, 236] provides a way to control the
accuracy of an applied stereo matcher (i.e. of calculated disparity values). A measure
based on normalized cross-correlation (NCC) is used for evaluating disparities
frame by frame, thus identifying situations where a selected stereo matcher fails
(and should be replaced by another matcher; see the section on adaptive solutions
above).

Combining stereo vision with distance data provided by laser range-finders is
a promising future multi-modal approach towards distance calculations (recall that
this book discusses vision sensors only). There are also ways to estimate distances
in monocular video data [211], and they will be discussed in detail later in this book.
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Fig. 2.5 Visualization of optical flow using the colour key shown around the border of the image
for assigning a direction to particular colours; the length of the flow vector is represented by
saturation, where the value ‘“White’ (i.e. undefined saturation) corresponds to ‘no motion’. Left:
Calculated optical flow using the Horn—Schunck algorithm published in 1981 for the image shown
on the right of Fig. 1.3. Right: Ground truth provided by EISATS (Courtesy of Tobi Vaudrey)

Motion Computation Dense motion analysis aims at calculating approximately-
correct motion vectors for “basically” every pixel position p = (x,y) in a frame
taken at time slot ¢ [119]; see Fig.2.5 for an example. Sparse motion analysis is
designed to have accurate motion vectors at a few selected pixel locations. Dense
motion analysis is suitable for detecting short displacements (known as optical flow
calculation) [105], and sparse motion analysis can also be designed to detect large
displacements [161]. Motion analysis is a difficult 2-dimensional correspondence
problem, and solutions might become easier by having recorded high-resolution
images at a higher frame rate in future.

Moving objects in a traffic scene can be tracked by using repeated detections, or
by following an object detected in a frame recorded at time ¢ to a frame recorded
at time t 4+ 1. A Kalman filter (e.g. linear, general, or unscented) can be used for
building a model for the tracked motion as well as for involved noise [199]. A
particle filter can also be used based on extracted weights for potential moves of
a particle in particle space.

Ego-Motion Object tracking is an important task for understanding the motion of
the ego-vehicle, or of other dynamic objects in a traffic scene. Ego-motion needs
to be calculated to understand the movement of the sensors installed in the ego-
vehicle. For example, an inertial moment unit (IMU) in the ego-vehicle provides a
non-vision approach to ego-motion analysis.

Visual odometry uses recorded video data to calculate ego-motion; see Fig.2.6.
Possible approaches are characterized by feature tracking (a feature is a key point,
i.e. a pixel, in one frame together with a descriptor characterizing image data around
this key point; see [119]), bundle adjustment [259, 313] (i.e. the combined analysis
of camera movement and of detected 3D points in the traffic scene), or by direct
motion estimation, e.g. by simply applying an optical flow algorithm combined with
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Fig. 2.6 Calculated trajectory for the ego-vehicle of sequence 3 in Data-set 1 of EISATS (Courtesy
of Ali Al-Sarraf)

non-visual sensor data such as GPS or of an inertial measurement unit (IMU) [123],
or, more advanced, by applying 6D vision [1].

Triggs et al. [259] defines bundle adjustment by refining the 3D model as well
as detecting camera parameters. A set of n 3D points b; is seen from m cameras
(e.g. a camera at m different times while recording a video sequence). The cameras
have parameters g;. Let Xj; be the projection of the ith point on camera j. By bundle
adjustment we minimize the reprojection error with respect to 3D points b; and
camera parameters a;. This is a non-linear minimization problem; it can be solved
by using iterative methods such as the Levenberg—Marquardt algorithm.

2.4 Midlevel Environment Perception

Object analysis (following a detection), object tracking, object clustering, and object
recognition are examples of medium-level vision, which must be understood before
attempting to approach complex dynamic scenes in high-level vision.

Detection and Tracking There are static (i.e. fixed with respect to the Earth)
or dynamic objects in a traffic scene which need to be detected, understood, and
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possibly further analyzed. Typically, those objects are either the ego-vehicle itself,
other on-road vehicles (including bicycles, for example), or pedestrians.

Vehicle Tracking Vehicle tracking is an important component of collision avoid-
ance systems. By analyzing the trajectories of visible vehicles, in comparison to the
trajectory of the ego-vehicle, it is possible to understand the danger of an imminent
crash (e.g. it may be used to trigger autonomous braking).

Tracking by repeated detection can use techniques as mentioned above in the
section on vehicle detection. In general, it is beneficial to use stereo vision results
(i.e. disparity or depth values) in a vehicle tracking procedure [12], and not only
monocular data.

Vehicle tracking is typically easier to perform than pedestrian detection and
tracking; the shape and appearance of vehicles is easier to model (e.g. by the
appearance of lights, bumpers, horizontal line segments, density of detected corners,
or visual symmetry; see [211]). Vehicle tracking is difficult due to occlusions,
difficult lighting (e.g. light artefacts due to trees and intense sunshine), “ghost
appearances” (e.g. reflected car headlamps on a wet road), and many more possible
issues. Learning from ensembles of models has been proposed in [183], using the
data of [118] for training and testing. Supervised learning enhances the creation of
a discriminative part-based model (DPM) from recorded video data [62, 303].

Pedestrian Tracking Pedestrian detection, tracking, and understanding are in
general still very challenging subjects. The task simplifies if one only considers
pedestrians crossing the road, and not also pedestrians who are close to the road (e.g.
for determining whether a pedestrian will step on to the road in the next moment,
or whether a child might possibly throw a toy onto the road). A straightforward
approach to tracking is by repeated detection, possibly refined by taking previous
detection results into account (up to Frame #) when analyzing Frame ¢ + 1.

A standard procedure for detection is as follows: at first a bounding box (a
window) is detected as the region of interest (Rol) which possibly contains a
pedestrian. Apply a classifier for this bounding box for detecting a pedestrian. This
classifier can be based on a histogram of oriented gradients (HOG) for the bounding
box [41]; after deriving HOG descriptors, the classifier uses those to make a decision
about the presence of a pedestrian. It is also possible to use such HOG descriptors
within a random decision forest (RDF) [24] to perform the classification task.

For example, if the bounding box arrives at any leaf in the used forest which
has a probability greater than 0.5 for the class “pedestrian”, then the box may
be classified in this way (using this simple maximum-value rule). In case of
overlapping bounding boxes, results may be merged into a single detection or box.
See Fig.2.7.

Performance evaluation of pedestrian detection or tracking can be based on image
data with manually identified ground truth; see, for example, the Caltech Pedestrian
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Fig. 2.7 Two frames of a sequence of detected pedestrians using an RDF. There are a few false-
positives (on the right in both frames), and also a few overlapping true-positive bounding boxes
(in the frame on the right for the person on the right). Further processing needs to eliminate false-
positives, and to unify overlapping boxes (Courtesy of Junli Tao)

Fig. 2.8 Left: Unpaved road near Salta in Argentina. Right: Roads in tunnels (below the historic
centre of Guanajuato) (Courtesy of the authors of [237])

Detection Benchmark.! The TUD Multiview Pedestrian and the CCV Pedestrian
databases can be used for body direction classification.”

Detection of Infrastructure Key Elements The road, marked lanes, and traffic
signs define the key elements of the traffic-related infrastructure of the environment.

Road Detection Road detection is often considered as a pre-processing module
prior to lane analysis [5], especially in cases of non-highway driving. Wedel
et al. [279, 280] discuss ways to model the visible road surface in front of the ego-
vehicle.

The road might be identified by curbs, a particular surface texture, or by a space
between parked cars on both sides of the road, but also by very specific properties.
See Fig. 2.8 for two extreme cases. In the case of roads in tunnels, the walls and
ground-manifold may have the same texture, but differ by their surface gradients. In
the case of an unpaved road in a desert, the texture of the road surface may continue
on the left or right, and only traces of previous traffic may indicate the actual location
of the road.

lwww.vision.caltech.edu/ Image_Datasets/CaltechPedestrians/

2They are available at www.d2.mpi-inf.mpg.de/node/428 and ccv.wordpress.fos.auckland.ac.nz/
data/object-detection/ for free download.


www.vision.caltech.edu/Image_Datasets/CaltechPedestrians/
www.d2.mpi-inf.mpg.de/node/428
ccv.wordpress.fos.auckland.ac.nz/data/object-detection/
ccv.wordpress.fos.auckland.ac.nz/data/object-detection/
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Lane Analysis In a general sense, a lane is defined by a sufficient width for driving
a vehicle; it is the space between a left and a right lane border. Many different
mathematical models have been used for defining lanes (e.g. analytically defined
curves or sequences of individual border points following some kind of systematic
pattern). In the simplest case, straight segments are used to describe zero-curvature
lane borders, and second order curves or clothoids for non-zero-curvature lane
borders.

There is already a wide variety of solutions available for lane analysis; see [9,
115, 144, 156, 237].

Lane detection is basically “solved” for scenarios during driving where lane
markings, lane geometry, and visibility conditions are reasonable, but there is still
a need to study lane-border detectors or trackers in challenging scenarios (e.g.
underground road intersections, unpaved roads, or very wide road intersections
without any lane marking).

There is also not yet any satisfying automatic evaluation available for quantifying
the performance of a lane detector. For example, we could claim that “/ane borders
are correctly detected if they are within an error of at most 5 cm from the true lane
border”. What exactly is the “true lane border”? How do we measure it in cases
such as the one illustrated in Fig.2.9? The KITTI vision benchmark suite [118]
offers a few manually-labelled frames for evaluating lane detection. Synthetic data
for evaluating lane border detectors are available on [248].

The detection of lane borders is sometimes even a challenge for human vision.
Lane borders can often not be identified in an individual frame; see Fig.2.9.
Additional knowledge such as the width of the car or the previous trajectory of
the car can be used to estimate the continuation of lanes.

Borkar et al. [20] proposes a semi-automatic technique for generating ground
truth for lane detection. They use time slices, defined by taking a specified single row
with detected lane locations in subsequent frames, and fitting splines to the resulting
sequences of individual points in such time slices. By specifying different rows,
different time slices are created. The proposed approach works reasonably well on

Fig. 2.9 Three examples of data provided by [20] where a used lane detector follows its strategy
for detecting lane borders by temporal inference, but where one given frame alone would be
insufficient for a judgement of whether the detected border is correct or not. The three images
show detected lane borders composed of sequences of individual points (Courtesy of Bok-Suk
Shin)
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clearly-marked roads. The involved interaction comes with the risk of human error
and limited usability.

Curb Detection Wijesoma et al. [285] develop a technique to detect road curbs
using a 2D LIDAR scanner. The proposed method is simpler and faster than
millimetre-wave radar-based measurements. The method does not suffer from still
existing limitations of video-based approaches; however, the method may fail in
detecting curbs having a height smaller than 25cm due to natural limitations of
LIDAR resolution. In other words, the methodology is not very accurate for non-
standard roads, curb-less roads, damaged roads, or roads with ramps.

Traffic Sign Detection and Recognition Road signs are traffic signs (stop sign,
speed sign, etc.) or any form of written (directions, weather conditions, closure times
of a lane, etc.) or graphically expressed information (pedestrian crossing, speed
bump, icons, etc.) on or near the road which are of relevance for driving a vehicle on
it. Classes of road signs can define one particular module of a complex computer-
vision system for ego-vehicle control. For a survey on traffic sign detection, see
[165].

Wen et al. [282] propose a two-step heuristic method for text and sign detection
from road-video recordings. The method firstly tries to localize the traffic signs, and
then aims at text detection within an already detected traffic sign. The main novelty
of the work is text detection by integrating 2D image features with 3D geometric
structures extracted from the video sequences. The method uses a heuristic approach
based on a combination of feature-point detection (possible horizontal text lines),
the Gaussian mixture model (GMM), and the minimum-bounding rectangle (MBR)
that defines a rectangular region for a sign-candidate. The method is not able to
detect circular or triangular signs. The method may also fail by false detection of
street advertisement boards, or printed advertisements on the back of buses.

A standard approach [58] can be briefly sketched as follows: possibly preprocess
an image (e.g. by mapping a colour image into HSV colour space [119]), detect
geometric shapes (circles or polygons) which are potential candidates for a traffic
sign (possibly using colour as a guide as well), extract features, and compare those
with features of a database of traffic signs.

Solutions can be classified in general by focusing either more on the use of
colour, or more on the use of shape for the initial detection. For example, circles
can be detected by using a Hough transform [119] or a radial-symmetry approach
[11]. Recorded images are subdivided into regions of interest (i.e. left or right of the
road, or on top of the road) according to size-priors for traffic signs in those regions.
See Fig. 2.10, left, for a case when detecting image features uniformly, all over the
image, in the middle when restricting the search to regions of interest, and on the
right, illustrating the diversity of traffic signs. Traffic sign categorization is a central
subject in [58].
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Fig. 2.10 Left, top: Detected relevant features in an input image. Left, bottom: Detected sign
due to voting by SIFT features which passed the potential location filter. Right: Diversity of the
appearance of the P30 sign in New Zealand (Courtesy of Feixiang Ren)

The authors of [173] suggest an evaluation methodology for traffic sign recog-
nition by specifying measures for comparing ground truth with detected signs. Of
course, before applying this methodology the ground truth needs to be available,
and so far it is provided manually. GPS and digital maps (also called e-maps) allow
us to compare locations of detected traffic signs with mapped locations of signs.

Free Space Detection and Corridor Free space is the area where the ego-vehicle
may evolve safely. Crisman and Thorpe [38] is an example of early work to detect
free space based on colour analysis. Free space can be conveniently illustrated by
using an occupancy grid.

More recent solutions in VB-DASSs use stereo vision to calculate occupancy grids
[230, 279, 280]. See Fig. 2.2, bottom, for a stixel-illustration of an occupancy grid.

The space where the ego-vehicle is assumed to be driving through in the next few
seconds may be called the corridor. The corridor has approximately the same width
as the ego-vehicle, and it should be a subset of the free space. See Fig.2.11. The
corridor can be estimated based on previous motions of the ego-vehicle, detected
lane borders, and calculated free space.
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Fig. 2.11 Left: Detected lane borders. Right: Expected area the ego-vehicle will drive in (i.e. the
corridor), adjusted to the lane border after crossing lanes (Courtesy of Ruyi Jiang)

In Chaps. 4 and 7 we discuss solutions for out-vehicle monitoring, in particular
for vehicle detection, vehicle tracking, and distance estimation. In Chaps. 5 and 6 we
report on methods for driver drowsiness and inattention detection. Before going into
these detailed discussions of particular techniques, we briefly recall some concepts
from the area of computer vision in the next chapter.



Chapter 3
Computer Vision Basics

3.1 Image Notations

In order to maintain a consistent approach throughout the book, hereafter we refer
to digital images / as being defined on a 2-dimensional (2D) grid.

Pixels, Pixel Locations, and Intensity Values An image consists of a rectangular
array of pixels (x,y,u), each represented by a location p = (x,y) € Z? and
(assuming a grey-level image for the time being) an integral intensity value u, with
0 < u < Gpmax, Where, for example, Gax = 2% or Gax = 2'°. The image domain,
also called the carrier,

Q={(xy):1 <x <Ny Al <x< Ny} C7* (3.1

contains all the pixel locations, for Ny > 1 and N,pys > 1.

We assume a left-hand coordinate system as shown in Fig.3.1. Row y contains
pixel locations {(1,y),(2,¥), ..., Neois»y)}, for 1 < y < Nps, and column x
contains pixel locations {(x, 1), (x, 2), ..., (x, Njows) }, for 1 < x < N 5.

Let W;""(I) be an image window or sub-image of image / of size m x n with an
ij coordinate system positioned with its jj-location (1, 1) at the reference location
p = (x,y) € Q, being the upper-left corner of the window.

In the following chapters we mainly work with grey-level images only. In the case
of colour images we have a vector-valued image, and we use pixels (x, y, uy, ..., u,)
to indicate the image value for each of the n channels. See Fig.3.1 forn = 3 and
pixels (x,y,R, G, B).

© Springer International Publishing AG 2017 37
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Fig. 3.1 A left-hand coordinate system, and a 14 X 9 sub-image (window) in the image
ClockTower, shown in grey-level or colour value format, in the latter case with three indicated
arrays for Red, Green and Blue values. Top row: Images in xy coordinates. Bottom row: Windows
in ij coordinates

Mean and Variance Considering a grey-level image, we define the mean u; (i.e.
the average grey-level) of image [ as follows:

1
= o 2 1), (32)

€] (r.y)EQ

where | Q2| = N ois - Nyows 18 the cardinality of the carrier €2 of all pixel locations. We
define the variance o7 of image I as

1
2 _
o; =

D 10y’ | —u (33)

1<2] (xr.y)eQ

and oy as the standard deviation for the pixels of the given image.

Mode In a discrete distribution, such as for values of image pixels, the mode is the
u-value with the highest number of counts on the carrier €2, or the “most likely”
value I(p) in an image /.

The mean, variance, standard deviation, and mode can be defined analogously
for a given region of interest or window W"(I) of an image /.
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3.2 The Integral Image

For a given image I, the integral image I;,,;, popularised by the work of Viola and
Jones in computer vision [269], is the sum of all pixel values in the image (or in a
window) up to a given pixel location.

The Isothetic Case With reference to the assumed left-hand coordinate system in
the carrier 2, we define the value in I;, at pixel location p = (x,y) by

Lu(p)= Y 1G.)), (3.4)

(I=i=)N(1=j<y)

i.e. as the summation of all pixel values in / to the left and above (x, y). See Fig. 3.2,
left. Let Wy, ..., Wy be the sum of intensity values in corresponding rectangular
windows. This means that we have

Iint(P) = W17

Lin(q) = W1 + Wy,

Lin(s) = Wi + Wy,

TIi(r) = Wi + W + W3 + W,

Thus, the sum W3 of all intensity values in the rectangle pgrs equals

W3 = Lint(p) + Lint(r) = Line(@) — Tine ()
DU ED W ESWIED W) (3.5)
1<i<15 1<i<26 1<i<26 1<i<l15

I<j<6 15<14 <j<6 15<14

in general, and for the special coordinates as illustrated in Fig. 3.2, left.

26 Neols

y y

Fig. 3.2 Illustration of integral images and of the calculation of the sum Wj of intensity values in
rectangular subimages
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Rotated Case Figure 3.2, right, also illustrates the case of an integral image defined
for a rotation of / by 7. In this case we have that

Iy(py= Y 1G)) (3.6)

[x—il<y—j A 15y

for pixel location p = (x,y); see [119]. The figure shows subimages (and the
corresponding sums Wi, ..., Wy of intensity values in those subimages) defined
by pixel locations p, ¢1, 11, and s1. Again, we have that W3 = I;;,(p1) + L (r1) —
Lini(q1) — Line(s1), thus just a result of three basic arithmetic operations, independent
of the actual size of the rectangular subimage.

The general principle applies analogously for rotations of / by an angle other than
% » but the formulas for calculating values in the rotated integral images, replacing
Eq. (3.6), will also make use of trigonometric functions in general.

Time Complexity Gain Having integral values at each pixel calculated in a
preprocessing step in time O(NoisNyows), and saved into an array of size Neyis X Nyoypss
we can calculate the sum of intensities in a rectangular subimage of image [ in
constant time, independent of the actual size of the rectangular subimage, just by
applying one addition and two subtractions. This is a very fast and cost-efficient
operation needed repeatedly for real-time feature-based classification algorithms.

3.3 RGB to HSV Conversion

Occasionally we will make use of this colour space conversion. Figure 3.3 illustrates
how an HSV cone (actually an idealized abstraction of layers of polygons) can be
extracted from the common RGB cubic space of Red, Green, and Blue colour values.
Let0 <R,G,B < Gmax.

Hue, Saturation, and Intensity Value Let hue H be scaled in the interval [0, 27),
saturation S in [0, 1], and the value (brightness or intensity) V in the common
scale [0, Gmax]- Then we can convert an RGB colour space into the HSV space by
calculating hue, saturation, and value as follows:

_R+G+8B

1% 3 (3.7)
§ ifB<G .
“\or—sitp>c b G:8)
8 = arccos (R—G)+ (R—B) n [0, ), 3.9)
2y/(R—G)? + (R—B)(G — B)
§=1_3. Mk G B} (3.10)

R+G+B’
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Fig. 3.3 RGB cubic colour space (left) and HSV conic colour space (right)

3.4 Line Detection by Hough Transform

Any line in a 2D Euclidean space can be represented with respect to xy Cartesian
coordinates by using two parameters a and b as follows:

y=ax+b. 3.11)

Using p and 6 polar coordinates, as, for example, applied by Duda and Hart [54], a
line can be represented by

p=x-cosf +y-sinf. (3.12)

See Fig. 3.4, top.

Hough or Accumulator Space Hence, all the straight lines incident with any pixel
location (x, y) in the carrier 2 can be represented either in the form of a straight line
in ab parameter space or in the form of a sine-cosine curve in the pf parameter space
(also known as Hough space), thus increasing all the counters (accumulator values)
in intersecting Hough space cells by 1. See Fig. 3.4, bottom. The ab parameter space
would be unbounded in order to analyze lines in an image, thus preference is given
to the pf parameter space. For the pf parameter space, bounds can be defined by
P € [—dmaxs dmax], for

dmax = chols + NZ

rows

(3.13)

and 6 € [-7, 7).
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Fig. 3.4 Top: Line representation in polar coordinates. Bottom: Line detection in p Hough space;
blue values illustrate low accumulator values, and red values show large accumulator values, with
points P1, P2, and P3 being centres of defined clusters, corresponding to lines /j, /5, and /3

Cluster Analysis in Hough Space We can conclude that set of all curves (each
defined by one pixel location in the carrier £2) which are incident with the same p
and 6, identify one straight line in the image. The representation shown in Fig. 3.4,
bottom, illustrates a Hough space after insertion of sine-cosine curves as defined by
all the pixel locations on the three straight-line segments. Such a mapping of pixel
locations into a parameter space is known as Hough transform. Straight lines are
then finally detected by cluster analysis in Hough space.
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3.5 Cameras

We assume to have an X,,Y,,Z,, world coordinate system which is not defined by a
particular camera or other sensor, but rather by the position of a sensor when starting
a process of sensor motion, a selected static reference in the scene, the position of a
calibration object at a selected time, or a similar choice.

We also have a camera coordinate system X;YZ; (index ““s” for “sensor”) defined
for each of the used sensors. Here, Z; is identified with the optic axis, and X; and Y
are assumed to be parallel to the x and y axes of the recorded image, respectively.

Euclidean Transform and Notations A camera coordinate system can be mapped
by a Euclidean transform (i.e. an affine transform defined by rotation and transla-
tion) into the selected world coordinate system. A rotation matrix R and a translation
vector t need to be calculated for each time slot (i.e. each frame) while moving a
camera through the world coordinate system of a 3D scene. A point in 3D space is
given as P, = (X, Y\, Z,) in world coordinates, or (at a particular time slot) as
P, = (X;, Y5, Z;) in camera coordinates. Besides the coordinate notation for points
we also sometimes use the vector notation, for example P,, = [X,, Y, Z,]T for
point P,,.

Pinhole-type Camera The Z;-axis models the optic axis. Assuming an ideal
pinhole-type camera, we can ignore radial distortion and have undistorted projected
points in the image plane with coordinates x, and y,. The distance f between the
x,y, image plane and the projection centre is the focal length f.

A visible point P = (X, Y§, Z,) in the world is mapped by central projection into
pixel location p = (x,, y,) in the undistorted image plane:

X fYs
L= d y, = 3.14
X z. and z (3.14)

with the origin of the x,y, image coordinates at the intersection point of the Z; axis
with the image plane.

This intersection point (cy, ¢,) of the optical axis with the image plane (in xy
image coordinates) is called the principal point. It follows that (x, y) = (x,+cx, yu+
¢y). A pixel location (x, y) in the 2D xy image coordinate system has 3D coordinates
(x — cx,y — ¢y, f) in the XY, Z; camera coordinate system.

Intrinsic and Extrinsic Parameters Assuming multiple cameras C;, for some
indices i (e.g. just Cr and Cy for binocular stereo), camera calibration specifies
intrinsic parameters such as the edge lengths e, and e} of camera sensor cells

(defining the aspect ratio), a skew parameter s, coordinates of the principal point
¢’ = (c},c}) where the optic axis of camera i and the image plane intersect, the

focal length £, possibly refined as ' and f7, and lens distortion parameters starting
with | and 5.
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In general, it can be assumed that lens distortion has been previously calibrated
and does not need to be included in the set of intrinsic parameters. Extrinsic
parameters are defined by rotation matrices and translation vectors, e.g. matrix RY
and vector t¥ for the affine transform between the camera coordinate systems X' Y/Z!
and X/Y/Z/, or matrix R’ and vector t' for the affine transform between the camera

s sTs

coordinate system X'Y!Z! and the world coordinate system X,,Y,,Z,.

Single-camera Projection Equation The camera-projection equation in homoge-
neous coordinates, mapping a 3D point P = (X, ¥,,, Z,,) into image coordinates
p' = (x',y") of the ith camera, is as follows:

. o . . X
b fi/e. s ¢ 0 i T e
Ky |=| 0 s @ o [(')‘T -~ t} Al IEREY
1 0 0 1 0 "
1
= [K'0]- A" [X,,, Y, Z,, 1] T, (3.16)

where k # 0 is a scaling factor. This defines a 3 x 3 matrix K’ of intrinsic camera
parameters, and a 4 x 4 matrix A’ of extrinsic parameters (of the affine transform)
of camera i. The 3 x 4 camera matrix C' = [K'|0] - A’ is defined by 11 parameters
if we allow for an arbitrary scaling of parameters; otherwise it is 12.

3.6 Stereo Vision and Energy Optimization

Stereo vision is the dominant approach in computer vision for calculating distances.
Corresponding pixels are here defined by projections of the same surface point in
the scene into the left and right image of a stereo pair. After having recorded stereo
pairs rectified into canonical stereo geometry, a 1-dimensional (1D) correspondence
search can be limited to identical image rows.

Stereo Vision We address the detection of corresponding points in a stereo image
pair I = (L,R), which is a basic task for distance calculation in vehicles using
binocular stereo.

Corresponding pixels define a disparity, which is mapped based on camera
parameters into distance or depth. There are already very accurate solutions for
stereo matching, but challenging input data (rain, snow, dust, sun strike, running
wipers, and so forth) still pose unsolved problems. See Fig. 3.5 for an example of a
depth map.

Binocular Stereo Vision After camera calibration we have two virtually identical
cameras C and CR which are perfectly aligned, defining canonical stereo geometry
[119]. In this geometry we have an identical copy of the camera on the left translated
by base distance b along the X-axis of the X;Y;Z, camera coordinate system of the
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Fig. 3.5 Left: Image of a stereo pair (from a test sequence available on EISATS). Right:
Visualization of a depth map using the colour key shown at the fop for assigning distances in
metres to particular colours. A pixel is shown in grey if there was low confidence for the calculated
disparity value at this pixel (Courtesy of Simon Hermann)

left camera. The projection centre of the left camera is at (0, 0, 0) and the projection
centre of the “cloned” right camera is at (b,0,0). A 3D point P = (X, Ys,Z;) is
mapped into undistorted image points

ph= (ol = (fZXfZY) (3.17)
Py =@k = (f' (XZS_I’),f'ZYS) (3.18)

in the left and right image plane, respectively. Considering undistorted locations p-
and pf in homogeneous coordinates, we have that

PHT-F-ph=0 (3.19)

for the 3 x 3 bifocal tensor F, defined by the configuration of the two cameras. The
dot product F - pL defines an epipolar line in the image plane of the right camera;
any stereo-point corresponding to pL needs to be on that line.

Optimizing a Labelling Function We specify one popular optimization strategy
which has various applications in computer vision. In an abstract sense we assign to
each pixel a label I (e.g. an optical flow vector u, a disparity d, a segment identifier,
or a surface gradient) out of a set L of possible labels (e.g. all vectors pointing from
a pixel p to points with a Euclidean distance to p of less than a given threshold).
Labels (u,v) € R? are thus in the 2D continuous plane. Labels are assigned to all
the pixels in the carrier Q2 by a labelling function f : Q2 — L.



46 3 Computer Vision Basics

Unfortunately, both the focal length and the labelling function are commonly
denoted by the letter f. Because the context of a given text clearly identifies focal
length or labelling, we decided to keep the symbol f in both cases.

Solving a labelling problem means to identify a labelling f which approximates
somehow an optimum of a defined error or energy

Eroml(f) = Euua (f) + A Esmooth(f)s (320)

where A > 0 is a weight. Here, E () is the data-cost term and Egp0,(f) the
smoothness-cost term. A decrease of A works towards a reduced smoothing of
calculated labels. Ideally we search for an optimal (i.e. of minimal total error) f
in the set of all possible labellings, which defines a total variation (TV).

We detail Eq. (3.20) by adding costs at pixels. In a current image, label f, = f(p)
is assigned by the value of the labelling function f at pixel position p. Then we have
that

Etotal(f) = ZEdata(pJ?)) + A- Z Z Exmooth(f})afq)a (321)

PEQ PEQ g€A(p)

where A is an adjacency relation between pixel locations.

In optical flow or stereo vision, label f, (i.e. optical-flow vector or disparity)
defines a pixel g in another image (i.e. in the following image, or in the left or
right image of a stereo pair); in this case we can also write Eg,,(p, ¢) instead of

Edata (Psfp)

Invalidity of the Intensity Constancy Assumption Data-cost terms are defined
for windows which are centered at the considered pixel locations. The data in both
windows, around the start pixel location p and around the pixel location ¢ in the
other image, are compared to assess “data similarity”.

For example, in the case of stereo matching, we have p = (x, y) in the right image
R, and ¢ = (x + d,y) in the left image L, for disparity d > 0, and the data in both
(2k + 1) x (2k + 1) windows are identical if, and only if, the data cost measure

! k
Essp(p.d) =Y Y [Rax+iy+j)—Lx+d+iy+)j) (3.22)

i=—1j=—k

results in value 0, where SSD stands for sum of squared differences.

The use of such a data-cost term would be based on the intensity constancy
assumption (ICA), i.e. that intensity values around corresponding pixel locations
p and q are (essentially) identical within a window of specified size. However, the
ICA is unsuitable for real-world recording. Intensity values at corresponding pixels,
and in their neighbourhoods, are typically impacted by lighting variations, or just
by image noise. There are also impacts of local surface reflectance differences,
differences in cameras if comparing images recorded by different cameras, or
effects of perspective distortion (the local neighbourhood around a surface point
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is differently projected into different cameras). Thus, energy optimization needs to
apply better data measures compared to SSD, or other measures based on the ICA.

The Census Data-Cost Term The census cost function has been identified as
being able to successfully compensate for brightness variations in input images of
arecorded video [88, 91]. The mean-normalized census-cost function is defined by
comparing a (2] + 1) x (2k + 1) window centred at pixel location p in frame /; with
a window of the same size centred at a pixel location ¢ in frame I,. Let I;( p) be the
mean of the window around p, for i = 1 or i = 2. Then we have that

Ik
Evcen(p.@) = ) D py (3.23)
Py —
with
0  L(p+(@.)) < L(p)and L(g+ (i) < ©(q)
pij = or Ii(p+ (i.j) > Li(p)and L(q+ (i.j)) > I(q), (3.24)

1 otherwise.

Note that the value O corresponds to consistency in both comparisons. If the
comparisons are performed with respect to values 7;( p) and I,(g), rather than the
means /;(p) and I,(q), then we have the census-cost function Ecgn(p,q) as a
candidate for a data-cost term.

Let a, be the vector listing results sgn(/;(p + (i,j)) — I1(p)) in a left-to-right,
top-to-bottom order (with respect to the applied (2/ 4+ 1) x (2k 4 1) window), where
sgn is the signum function and by lists the values sgn(/2(q + (i,/)) — 12(q)).
The mean-normalized census data-cost Eycen(p, g) equals the Hamming distance
between vectors a, and b,,.

3.7 Stereo Matching

Stereo matching provides a procedure aiming at solving the optimization problem
defined by Eq.(3.21) and the chosen specifications for the data and smoothness
term. Due to time limitations, a particular stereo matcher, as used in practice, will
only aim at providing a sub-optimal solution.

Binocular Stereo Matching Let B be the base image and M be the match image.
We calculate corresponding pixels p? and ¢ in the xy image coordinates of
the carrier 2 following the optimization approach as expressed by Eq.(3.21). A
labelling function f assigns a disparity f, to pixel location p which specifies a
corresponding pixel ¢ = p/.

For example, we can use the census data-cost term Eycen(p. p/) as defined in
Eq. (3.23), and for the smoothness-cost term either the Potts model, linear truncated
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Fig. 3.6 Resulting disparity maps for stereo data when using only one scanline for DPSM with
the SGM smoothness constraint and a 3 X 9 MCEN data cost function. Bottom, left; Left-to-right
horizontal scanline. Top, left: Lower-left-to-upper-right diagonal scanline. Bottom, right: Top-to-
bottom vertical scanline. Top, right: Upper-left-to-lower-right diagonal scanline. White pixels are
for low-confidence locations (here identified by inhomogeneous disparity locations) (Courtesy of
Simon Hermann; the input data have been provided by Daimler A.G.)

cost, or quadratic truncated costs; see Chapter 5 in [119]. Chapter 6 of [119]
also discusses different algorithms for stereo matching including belief-propagation
matching (BPM) [247] and dynamic-programming stereo matching (DPSM). DPSM
can be based on scanning along the epipolar line only, and using either an ordering
or a smoothness constraint, or on scanning along multiple scanlines and using a
smoothness constraint along those lines; the latter case is known as semi-global
matching (SGM) if multiple scanlines are used for error minimization [90].

A variant of SGM is used in Daimler’s stereo-vision system, available since
March 2013 in their Mercedes cars.

Iterative SGM (iISGM) is an example of a modification of a baseline SGM;
for example, error-minimization along the horizontal scan line should in general
contribute more to the final result than optimization along other scan lines [89].
See Fig.3.6, which also addresses confidence measurement; for a comparative
discussion of confidence measures, see [83]. Linear BPM (linBPM) applies the
MCEN data-cost term and the linear truncated smoothness-cost term [112].

Performance Evaluation of Stereo Vision Solutions Figure 3.7 provides a com-
parison of iSGM versus linBPM on four frame sequences each of length 400 frames.
It illustrates that iSGM performs better (with respect to the used NCC measure)
on the bridge sequence which is characterized by many structural details in the
scene, but not as good as linBPM on the other three sequences. For sequences
dusk and midday, both performances are highly correlated, but not for the other
two sequences. Of course, evaluating on only a few sequences of 400 frames each
is insufficient for making substantial evaluations, but it does illustrate performance,
and it also highlights that vision systems in vehicles should be adaptive in general
to ensure the best possible results under given circumstances.
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Fig. 3.7 NCC results when applying the third-eye technology for stereo matchers iSGM and
1inBPM for four real-world trinocular sequences of set 9 of EISATS (Courtesy of Waqar Khan,
Veronica Suaste, and Diego Caudillo)

The diagrams in Fig. 3.7 are defined by the normalized cross-correlation (NCC)
between a recorded third frame sequence and a virtual sequence calculated based on
the stereo-matching results of two other frame sequences. This third-eye technology
[168] also uses masks so that only image values are compared which are close to
step-edges in the third frame. It enables us to evaluate performance on any calibrated
trinocular frame sequence (of any length), recorded in the real world.



Chapter 4
Object Detection, Classification, and Tracking

4.1 Object Detection and Classification

Object detection is the process of finding a specific object from a digital image
or video based on prior knowledge represented by an object model, using a set
of features, also called properties or parameters. For example, features can be a
combination of edges, corners, or appearance templates. While object detection can
be done instantly by a human, this can be a complicated task in computer vision [98].

The term object classification is sometimes mixed or confused with object
detection, but classification is actually used in the case of two or multiple objects in
a scene, where, for example, we need to distinguish the class of vehicles in a road
scene from non-vehicle objects such as the classes of trees, buildings, or pedestrians.

There are various feature extraction methods for object detection as well as
classification methods. In this chapter we mainly focus on classification techniques.

Combining Computer Vision with Machine Learning There are two kinds of
classification techniques in the context of computer vision and pattern recognition,
supervised classification and unsupervised classification techniques. Combining
computer vision and machine learning is becoming more popular and one can hardly
define a proper boundary for this as the current methods normally integrate both
techniques to get the best results. We will perform a similar approach when needed
in this book.

Supervised Techniques Supervised classification uses a supervised learning algo-
rithm to create strong classifiers for a given object based on given training datasets,
or from labelled classes of objects. The training dataset is prepared by an expert and
it is in general a time consuming process to create and mark (label) an object in a
large dataset.

After a training phase, a classifier accepts input images to detect the objects, or
the classes of objects. Face detection, vehicle detection, and optical character recog-
nition (OCR) are some of the common applications of supervised classification.

© Springer International Publishing AG 2017 51
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In this chapter we discuss three common supervised classification techniques,
the support vector machine (SVM), the histogram of oriented gradients (HOG), and
Haar-like feature-based classification. Decision trees, k-nearest neighbours (kKNN),
neural networks, and naive Bayes classifiers are other examples of supervised
classification techniques.

Unsupervised Techniques In contrast to supervised techniques, where a training
dataset has already been labelled by an expert, an unsupervised classification
scheme may use segmentation or clustering techniques to build a model structure
and relationships among the unlabelled data. In this chapter we also discuss two
common unsupervised classification techniques, namely k-means clustering and
Gaussian mixture models.

Performance Analysis Regardless of the applied technique, the performance of
an object detector can be evaluated based on detection efficiency. Let TP denote
the number of true-positives, or of hits when a classifier correctly detects an
actual object. Also let FP be the number of false-positives or misses, i.e. when a
classifier wrongly identifies a non-object as being an object. Similarly, we define
true-negatives (TN) and false-negatives (FN) to describe the number of correct
classifications of non-objects as being a “non-object”, and the number of failures
to detect objects, respectively.

Although we can always measure (i.e. count) the number FN, we cannot easily
define the number TN for an application such as vehicle detection in a road scene.
This is because the background of an image in essentially uncountable. Therefore,
for performance evaluation of a classifier, we mainly rely on evaluations using TP,
FP and FN.

Precision Rate and Recall Rate We define the precision rate (PR) and recall rate
(RR) as follows:

TP TP
R = and RR = , A.1)
TP + FP TP + FN

where PR is the ratio of true-positives to all detections by the detector, and RR is the
ratio of true-positives to the total number of actual existing objects (i.e. the ground
truth objects) in the analyzed frames.

ROC Curves Another way to visualize the performance of a classifier is a 2D
receiver operating characteristic curve (ROC-curve) with FP and PR rates on its
axes. In this book we use ROC-curves to compare the performance of our developed
classifiers with other standard classifiers, under different conditions.

When Detected? By representing ground-truth locations as predefined bounding
boxes around the objects, we consider a detection to be TP if the detected region has
a sufficient overlap with the ground-truth bounding box, i.e. ag > t for

A (DNT)

T Z(DUT) (4.2)

ao
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The parameter ¢ is the overlap ratio, &/ denotes the area of the region that we
consider for comparison, D is the detection bounding box, T is the ground truth
bounding box, and 7 is a threshold specifying the minimum for the expected
matching rate. In this book, we consider t = 0.80 as a strict measure to confirm
a detection D as contributing to TP.

4.2 Supervised Classification Techniques

In this section we discuss supervised classification techniques, which means that an
expert defines the classes of objects (e.g. face, eye, vehicles), and also provides a set
of sample objects for a given class, called a training set.

Regardless of the chosen classification technique (e.g. neural networks, decision
trees, or nearest neighbour rule), there are two phases to the construction of a
classifier: a training phase and an application phase.

Based on the provided training dataset, a classifier learns to use which sets of
features, parameters, and weights are to be combined together in order to distinguish
objects from non-objects. In the application phase, the classifier applies the already
trained features and weights to an unknown query image to detect similar objects in
the query image, based on what it has already learned from the training set.

4.2.1 The Support Vector Machine

The support vector machine (SVM) is a very common technique for object
classification and pattern recognition, and generally can be categorized among
supervised machine learning algorithms.

The method was proposed by Cortes and Vapnik in 1995; see [37]. It has shown a
robust performance in solving various type of classification problems. The method is
also considered to be a successor of previously defined neural network systems. We
consider a binary classifier, with classification outputs y = 1 or y = —1, depending
on an assigned class. We start by providing some basic definitions.

Separation by one Hyperplane Assume that we have various data items from a
given dataset. The data items are shown as individual points in an n-dimensional
space, where 7 is the number of features that we have. Figure 4.1 shows a 2D space
and multiple data points, here “clearly” located in two separated clusters. Each data
item is a point in R” which can also be seen as a vector which starts at the coordinate
origin. Figure 4.2 visualizes this concept for a 2D and 3D space. The goal of an SVM
is to properly classify the data items (i.e. points or vectors) into specified classes.

A hyperplane is an (n — 1)-dimensional subspace of R". For the considered two-
class scenario, an ideal hyperplane separates the data points (the vectors) into the
intended classes so that the number of misclassifications is minimized, which can
also be regarded as a support for the given vectors.
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Fig. 4.1 2D data items (for two types of drivers) from a dataset shown as points

Age
£ Driver 1

(4,35)

Driver’s age

(0,0) Sleep time

® L ] ® ® ® { L L ®
Al B C D E F L G H

~ ®

@@
S

Fig. 4.3 A separating point as an ideal hyperplane for a 1D problem

For n = 1, a hyperplaneis a point. In Fig. 4.3, point L defines an ideal hyperplane
separating class {A, ..., F} from class {G, ..., K} (with zero misclassifications).

Margin For n = 2, a hyperplane is a line. In Fig. 4.4 all red, green, and blue lines
are correctly classifying the blue and red data points. The red line may be judged as
being the best of those three. Why? Because it provides the largest margin for both
classes. The margin is the space between the two dashed lines, being symmetric
to the considered red line. In such a situation, if more data points are introduced
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Fig. 4.4 Three different hyperplanes (three lines) to classify normal from high-risk drivers; the
blue and the red line are assumed to be parallel, thus defining the same gap (i.e. space between
both dashed lines); the red line is at a minimum distance from both dashed lines (since it is in the
middle)
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Fig. 4.5 Defining a separating plane (called the decision surface in the figure) by moving from R?
to R?

later, the risk of misclassification of blue and red data points is considered to be
minimised if a separating hyperplane provides the largest margin.

Any hyperplane IT defining a linear separation of two classes also defines two
parallel hyperplanes I1; and IT, which are the closest to IT and incident with at least
one point of one of the two classes. The blue line in Fig. 4.4 has a small distance
d; to the normal-driver data points, but a large distance d, to the high-risk driver
data points. The margin, defined by two hyperplanes symmetric to the considered
hyperplane and being between both clusters, would be of width 2d; for the blue line,
which is not as big as the margin by the red line. The red line has the largest margin
of any ideal separation line since it is in the middle of the shown gap, and parallel
to (say) line IT,, which passes through two of the high-risk driver data points.

Adding an Augmenting Feature In Fig.4.5, left, we cannot define a meaningful
separation by one line to classify rectangular and circular data points. In such a case
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we can consider adding a new feature (i.e. a third dimension) z, e.g. z = x> + )7,
or the relative distance to the centroid of all the given data points. In this way, the
data points are mapped into the 3D space, and an SVM might be able to provide a
reasonable (i.e. with respect to accuracy and margin) separation for classifying the
data points. Fig. 4.5, right, illustrates a separating plane.

Accuracy versus Margin In general, ideal linear separation (i.e. zero error) of two
classes is not possible by one hyperplane.

In Fig. 4.6 line B has a larger margin than line A; however, A is the best possible
ideal separator (i.e. with zero error). Figure 4.7 shows a case where one of the stars
(as an outlier) lies in the area which is supposed to be the red-dot region. In such a
case, an SVM ignores the outlier and aims for a hyperplane that properly separates
the majority of the data-points.

Any hyperplane separating the n-dimensional feature space into two half-spaces
divides the data points into two clusters (being either correctly classified or not).
Besides the margin, defined by the space between both clusters, now we also have
to consider penalties for misclassification. To discuss this more in detail, we require
some formal specifications.

Fig. 4.6 Higher priority of VA
accuracy versus maximizing
the margin
» X
Fig. 4.7 Zero error is b \

impossible in this case for
one linear separator
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Hyperplane Equations A line is given by wix; + wyx, + b = 0 and a plane by
wix1 + wax; + wixs + b = 0. In general, a hyperplane in n-dimensional space is
given by

> wixi+b=0 4.3)
i=1
or, by using vector notation, by
w = [wy,ws,... ,w,,]T, X = [xl,xz,...,xn]T, w'-x+b=0. 4.4)

The vector w defines the normal of the hyperplane, and the real number b is the
hyperplane’s offset from its origin (along the normal w).

Any hyperplane divides R” into two open half-spaces; a point x € R” is either
on the hyperplane or in one of the two half-spaces with either w' -x +b < 0
(defining one of the two open half-spaces) or w' - x + b > 0 (defining the other
open half-space).

Maximizing the Margin We assume that the parameters in w and the value b are
such that the hyperplane w' - x 4 b = 0 defines the maximum margin, bordered
by symmetric hyperplanes w' - x +b = +1 and w' - x + b = —1. The distance
between two such symmetric hyperplanes equals val\z , where

Wl = /w2 4.2 4.5)

See Fig.4.8. The separating line w' - x + b = 0 is at distance d; = d, to both
symmetrically positioned lines defined by the values —1 and +1, and we have

di = d» = (4.6)

1
\/w% —i—w%

in this case where n = 2.
We note that maximizing the margin is defined in general, for any n > 1, by
minimizing ||w/||>.

Penalties for Misclassifications Besides maximizing the margin, we also need to
consider penalties for misclassifications. Let w' - x + b = 0 be the considered
hyperplane. Given data items x;, with 1 < i < m, belong to one of the two assumed
classes by being assigned either y; = +1 or y; = —1 (note: this is a case of
supervised learning).

A correct classification of data item x; by the chosen hyperplane w' -x + b = 0
is given if, and only if,

yi(wh-xi+b)>1, (4.7)
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Fig. 4.8 Margin definition in case of a 2D feature space; note that d; = d, for the two symmetric
lines defined by values —1 and +1

where we assumed that y; = —1 if x; is in the left half-space Wl -x+b=-1),
and y; = +1 if it is in the right half-space (W' - x + b = +1).
A penalty for a misclassification can now be defined by

1=y (W' -x; +b). (4.8)

Informally speaking, the further away a data item x; lies from the considered
hyperplanew' -x+b = —1 orw' -x+ b = +1, the larger the value of w' -x; + b.

The Error Function Altogether we can define an error function E(w, b), to be
minimized to find an optimum hyperplane for a given sample [x;,y;], for i =
1,...,m, of pre-classified data items as follows:

1 m
E(w,b) = 01—y (Wh-x;+b Alw 2, 4.9
(w.5) [m;max{ yi(w'oxi+ )}}+ 1wl 4.9)
where the parameter A > 0 defines the weight given to the margin, compared to the
sum of penalties for misclassifications.

Optimization Finding an optimum hyperplane means that we have to minimize the
error function E(w, b). This is in general a non-trivial mathematical problem, and
there are various solutions available, characterized by accuracy and time complexity
(e.g. by using quadratic programming).
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4.2.2 The Histogram of Oriented Gradients

The histogram of oriented gradients (HOG) is a robust feature descriptor proposed
in 2005 by Dalal and Triggs [41]. Although the method was originally proposed for
human detection, it is widely used for the detection of other objects as well.

A feature descriptor tries to find some common and distinct features in an
object plus a model among the selected features such that these features, and the
relationships between them, can be found in any “similar” images of the same
object, where “similar” means changes in scale, rotation, or an affine transform.

The HOG feature descriptor partitions a window of assumed standard size into
cells, clusters those into blocks, and calculates a descriptor (a vector) based on local
gradient approximations for all the blocks. For a detected candidate window, it
is scaled into the assumed standard size and a HOG descriptor is calculated. The
created descriptors are then passed on to an SVM, or any other classifier, which
classifies every window either as being, for example, “a human” or “not a human”.

In order to support detection at various scales, the image will be sub-sampled
into multiple sizes, therefore multiple classifications will be applied.

In the original paper, the training windows for human detection are of size 64 x
128 pixels, and partitioning cells are of size 8 x 8 (as shown for a sample image in
Fig.4.9). For all 64 pixels within an 8 x 8 cell, we estimate a gradient vector. We
briefly recall gradient estimation.

Gradient Estimation For every pixel, we measure the intensity change in the x-
and y-direction, and combine both into a vector called the gradient vector. (This
approximation imitates mathematical approaches in continuous Euclidean space;

128

Fig. 4.9 Left: Two examples of bounding boxes for human detection in a traffic scene. Right:
Sample of a training bounding box for human detection, scaled to the assumed standard size of
64 x 128 pixels. Such a window is then partitioned into cells of size 8 x 8 pixels (illustrated by one
cell only in the upper left)
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Fig. 4.10 Calculating a gradient vector and gradient magnitude for a single pixel in a scalar image
(usually of image intensities). See the text for explanations

see, e.g. [119].) For example, for the given pixel location p = (x,y) in Fig.4.10a,
we may calculate a gradient vector as follows, by only comparing adjacent pixel
values I(x — 1,y) and I(x + 1,y), and I(x,y — 1) and I(x,y + 1):

(4.10)

Gradient vector :  VI(p) = |:|94 — 56| = 38] '

190 — 52| = 38

This is a simple method, thus time-efficient but easily influenced by image noise. (It
can be enhanced by using more complex gradient estimators.) We can then calculate
the magnitude and the angle of the gradient vector:

Magnitude :  |VI(p)| = \/382 + 382 = 53.74. 4.11)
38 o
Angle : arctan 18 = 0.78 rad = 45°. 4.12)

Figure 4.10b shows the gradient vector in the form of an arrow which has a length
(magnitude) and a direction (angle).

Comments on Step-Edge Detection As an important property of the gradient
vector at pixel location p, if there is a step-edge (i.e. an increase in intensity values
along a path of pixels) at p in the image then this vector is perpendicular to the
step-edge. A larger gradient magnitude corresponds to a “stronger” edge.

An interesting property of the gradient vector is that in the case of a uniform
intensity change in the image, the intensity changes along the x- and y-axes are
still the same as before. Figure 4.10c is the result when uniformly increasing (by
adding 50) all intensity values shown in Fig.4.10a. The gradient vector, and the
magnitude of the gradient vector at the red pixel in Fig.4.10c still remain the
same. Figure 4.10d illustrates an increase in contrast. Here, the gradient vector still
points in the same direction, but with an increase in magnitude. These examples
illustrate that a gradient-based step-edge detection is basically intensity-invariant,
with improved detection rate for higher-contrast edges.
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Fig. 4.11 Left: Sketch of a 9-bin histogram (unsigned case) for accumulated gradient magnitudes
in one cell. Right: Corresponding vector for this histogram prior to any normalization (e.g. mapping
into a unit vector)

Histogram of Gradient Magnitudes When calculating the 64 gradient vectors for
the pixels in one cell, the magnitudes of these vectors are added in a 9-bin histogram
based on their directions. The nine bins are created by partitioning the interval from
0° to 180° of unsigned gradient directions (or from 0° to 360° of signed gradient
directions) uniformly into nine subintervals (e.g. intervals of 20° for each bin for
the unsigned case). Figure 4.11, left, illustrates a histogram of accumulated gradient
magnitudes (in nine bins) for one cell. Each calculated gradient vector votes with
its direction for one of the nine bins, and then adds its magnitude to the previous
sum of magnitudes in this bin. Figure 4.11, right, shows the vector of accumulated
magnitudes (magnitudes of gradient vectors are counted in number of pixels) in
those nine bins.

Each bin has one defining direction. In the unsigned case, these are directions
10°, 30°, ..., 170°; a calculated gradient vector may have any direction between
0° and 180°. To decrease aliasing, votes are generated by bilinear interpolation
between defining directions of neighbouring bins. As a simple example, if we have
12 gradient vectors all calculated as having angle 25°, we give 75% of their total
contribution in magnitudes (i.e. 9 votes) to the 30-degrees bin, and 25% (i.e. 3 votes)
to the 10-degrees bin.

Use of Unit Gradient Vectors When discussing Fig.4.10a, ¢, d, we saw that
changing brightness or contrast around a pixel will not change the direction of the
gradient vector, but may change the magnitude of this vector. By dividing the x- and
y-components of a gradient vector by its magnitude, we obtain a vector of length
one (i.e. a unit vector) without modifying the direction.

The use of unit vectors aims at invariance with respect to contrast in given
images. This is a common choice when generating HOG descriptors. By this kind
of vector normalization, each gradient vector contributes the same unit magnitude
to the accumulated magnitudes in the nine bins of the generated cell histogram.

Use of Blocks of Cells In the HOG method as originally proposed by Dalal and
Triggs, rather than using histograms of individual cells, the authors suggested
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groupings of cells into blocks, and the corresponding concatenation of histograms
of cells contained in one block. These blocks are not a partition of the image; they
may overlap as illustrated in Fig.4.12. Here each block consists of 2 x 2 cells with
a 50% overlap with its adjacent block.

In the illustrated case of 2 x 2 cells in one block, histogram concatenation for four
cells leads to a vector of 36 components (four times the values in nine bins each). It
was suggested to first calculate individual cell histograms without normalization
(i.e. using actual gradient vector magnitudes, not just unit vectors), and then to
normalize by dividing all 36 components by the magnitude of the generated vector.
Thus, this generates a unit vector with 36 components.

Figure 4.13 visualizes HOGs for two images. HOG values in each block are
represented by a star-diagram of nine centred lines pointing in the defining direction
of each of the nine bins, and having a length corresponding to the accumulated
gradient magnitudes for its bin.

Fig. 4.13 Two sample images and a visualization of their corresponding HOG outputs, assuming
a subdivision of a standard-size window into 5 blocks horizontally, and 10 blocks vertically
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HOG Descriptor After identifying a bounding box, being a candidate for the
detection of an object (e.g. of a human), the bounding box is scaled into a window
of the assumed standard size as used during learning, say of 64 x 128 pixels. In
this case, a window is divided into 105 blocks (7 blocks horizontally and 15 blocks
vertically). Each block has 4 cells, each with a 9-bin histogram, so 36 values for each
block for the concatenated histograms. The HOG descriptor is now a vector having
3,780 components, defined by 105 blocks times 36 values in each concatenated
histogram.

Note that the standard size of used windows, the organization of cells into
blocks, and therefore the resulting HOG descriptor may differ for different classes
of objects. Available bounding boxes, to be used as a training dataset, need to be
scaled into the standard size of used windows.

Benchmark Databases In order to train a classifier based on HOG descriptors,
a linear SVM classifier (as discussed before) can be generated for a given (e.g.
human versus non-human) training dataset. For example, there are online datasets
available for human versus non-human; see the MIT pedestrian database [189] or the
challenging INRIA data set [96]. Single-hyperplane SVM classifiers have already
proved to provide very good classifications for these two databases.

4.2.3 Haar-Like Features

Resembling local binary patterns as known from 1D, 2D, or higher-dimensional
Haar-transforms,' Viola and Jones [269] introduced Haar-like features as a general
tool for object detection in image analysis.

Haar Wavelets The following function is an example of a 1D Haar wavelet (see
Fig.4.14, left) defined for the interval [0, 1], and extended with value O outside of
this interval:

+10<t<1/2,
Y =4-11/2<t<1, (4.13)
0 otherwise.

By visualizing, for example, the value —1 in black and the value +1 in white, and
the value O not at all, this example would simply result in a white-black line of
length 1. Figure 4.14, right, shows a black-white visualization of a 2D Haar wavelet
defined on a square domain.

Haar-wavelets are local approximations of global basis functions of the Haar
transform, similar to how local Gabor functions are local approximations of global
basis functions of the Fourier transform.

'Named after the Hungarian mathematician Alfréd Haar (1885-1933).
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Fig. 4.14 Left: 1D Haar wavelet in diagram representation. Right: 2D Haar wavelet in black-white
representation

Line features Edge features
Centre surround features Diagonal features

RS NN &

Fig. 4.15 Common types of Haar-like features

Haar-like Features Intensity distributions in gray-level or colour images are
approximated by such 2D Haar wavelets, known as Haar-like features. (We recall
that the mean (R + G + B)/3) defines the intensity of a pixel in an RGB colour
image.)

Viola and Jones proposed the use of rectangular Haar-like features, i.e. of patterns
of adjacent black or white rectangles, originally with a focus on face detection.
Samples of common Haar-like features are shown in Fig. 4.15.

Figure 4.16 illustrates matches of local intensity distributions with dark-bright
(shown as black-white) patterns, illustrated by the two indicated Haar-like features.
Figure 4.16 also shows two search windows which “contain” the two indicated Haar-
like features. Search windows slide through a given image, and each search window
may contain not only one but a small number (say two to five) Haar wavelets to be
compared with the given intensity distributions for finding a good match. For a more
detailed description, see [119]. A search window, characterized by the contained
Haar wavelets, is scaled to different sizes before sliding through the given image. By
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Fig. 4.16 Examples of Haar-like features in eye and forehead regions

evaluating the positioned Haar-like features, such a scaled search window generates
a weak classifier.

Weak and Strong Classifiers A strong classifier is comprised of a series of weak
classifiers (normally more than ten). A weak classifier itself includes a set of a few
Haar-like features (normally two to five).

While a weak classifier acts only a little better than a random object classification
(due to the lack of sufficient features to evaluate an object), a strong classifier should
be able to detect objects at a high rate, such as 95% or more.

Figure 4.17 visualizes a cascade of weak classifiers, that all together make a
strong classifier. The classifier starts with the first weak classifier by evaluating a
search window at a given scale, also known as a region of interest (ROI).? It proceeds
to the second stage (second weak classifier) if all the Haar-features in the first weak
classifier match with the ROI, and so on, until reaching the final stage; otherwise
the search-region under the sliding window will be rejected as being a non-object.
Then the sliding window moves on to the next adjacent ROL. If all the Haar-features,
within all the weak classifiers, successfully match with the ROI, then the region can
be considered as being marked with a bounding box as being a detected object. Such
a cascade defines an efficient way to create a strong classifier.

Training and Strong Classifier Definition The process of selecting appropriate
Haar-like features for each weak classifier, and then for the whole strong classifier,
constitutes the training phase, which can be done by using a machine learning
technique such as AdaBoost [70]. This will be discussed in more detail in Chap. 5.

2 A region of interest is commonly a rectangular sub-image, say of size k X I, with k < N,,,s and
| < N, , in which a weak classifier searches for an object.
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Fig. 4.17 A cascade of weak-classifiers that defines a strong classifier

As afinal step in the training phase, the strong classifier is learned by selecting an
order of the weak classifiers, each defined by specific Haar-features. These priority
orders define a cascade as illustrated in Fig. 4.17. A resulting cascade depends upon
a given object detection task and the considered weak classifiers (e.g. the selected
Haar-features in the 1st and 2nd weak classifiers represented in Fig.4.17 for face
detection).

Application of the Learned Classifier Now we continue with the technical part
of the application phase. For a given Haar-feature, defined (say) by three sub-
rectangles, formalized by ¥; = (W, B, W,), and illustrated in Fig. 4.18, we define
the Haar-feature value as follows:

V(i) = w1 - Sw, + w1 - Sw, — w2 - Sy, (4.14)

where Sw, and Sy, are sums of image intensities in the white rectangles, and Sp,
is the sum of intensity values in the black rectangle (these sums are time-efficiently
calculated as per the use of integral images described in Eq. (3.5)), and w; > 0 are
adjustable weights that depend on the context of the application.
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Fig. 4.18 Definition of a
Haar-feature value

NrOWS

In the application phase, a Haar classifier tries to find matches of expected Haar-
like features within the sliding window® to confirm or reject the existence of an
object in the query region.

By convolution of Haar wavelets with the query image, the classifier tries to
find those “adjacent” dark and bright regions in the image that closely match the
appearance of given Haar features. Figure 4.16 illustrates a convolution of a line
and an edge feature that matches the eyes and the forehead region. The figure
indicates that, if the sliding window falls in an actual face region, we can expect
some particular Haar-feature matches, as there is always a darker region of the eyes
compared to the forehead region, and also a brighter region of iris compared to the
eye sclera.

Match Function In order to find a match we define a match function using a parity
¢ € {—1, 41}, and a threshold t:

+1if V(Yp) = ¢ -7,
—1 otherwise.

F(Yp) = (4.15)

If # () = +1 then we say that the given Haar-feature matches the given window
(or sub-image), at the reference point p. The reference point could be any agreed
point, for example, the top-left corner of a Haar-feature.

For every weak classifier we can define a mask M = [y, ¥, ¥3] that can
include, for example, three Haar features (as shown in Fig.4.17), each one in a
particular position with respect to a reference point p (e.g. with respect to the top-
left corner of the sliding window). We position the mask over the image I to check
the similarity of the region with the mask. For every weak classifier, the similarity

3The sliding window, which defines the RO, is a moving window starting from the top-left corner
of an image, which moves over the image, from left to right, and top to bottom, in order to find
feature matches in the query image. The sliding window starts with a small size (e.g. k = [ = 20),
and its size increases in each search iteration (up to the Max size of N,yj; X Nyyys). The aim is to
find feature matches for different window sizes, so ultimately detect any existing object, in any
size, that falls in the region of a sliding window (or ROI).
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of the mask M to the given image / is measured as a weak-classifier value:

IMp) = -F Y1p) + F V2p) + F (Y3p)- (4.16)

Finally, a weak classifier produces “true” (see value T in Fig. 4.17), if the calculated
value Z(M,) is greater than a pre-defined threshold:

F1if 9(M,) > T,

(M) =
(Mp) —1 otherwise.

4.17)

In Chap.5 we propose solutions and methodologies that enhance both the
training and application phases of a Haar-based classifier, in order to achieve more
effective object detections in the context of driver facial feature detection and
vehicle detection.

4.3 Unsupervised Classification Techniques

In this section we introduce three selected unsupervised classification techniques,
namely k-means clustering, Gaussian mixture models, and hidden Markov models,
which are popular choices for object detection or object classification purposes.

4.3.1 k-Means Clustering

The standard k-means algorithm was proposed in 1957 by Stuart Lloyd [142].
Before publishing it at Bell Labs in 1982, E.W. Forgy had also published the same
method in 1965 [67]. Thus, the method is also referred to as the Lloyd—Forgy
method.

Clustering Clustering is a process that partitions a set of data points, a set of
objects, or any kind of given items, into a number of subsets. For example, we can
consider all the terms “stop sign”, “parking sign”, “no-entry sign”, “speed sign”, or
“school sign” as identifiers for subsets (i.e. clusters) of the class of traffic signs. A
clustering process may be based on either quantitative or qualitative properties of
the given items.

Consider n data points x;, fori = 1,...,n, that we want to partition into k < n
clusters. The goal is to assign one and only one cluster for each data point or data
item. k-means tries to find optimized positions u;, fori = 1,...,n, of centroids of
the clusters which have a minimum distance to the data items in the corresponding
cluster. To generate a family S = {S1,S2,...,S¢} of clusters, u; is the mean or
centroid of the points in S;.
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Optimization Problem To formalize the minimization of distances, we can choose
a particular metric d, and a particular way to compare differences in distances. The
Euclidean or L,-distance d, is a common choice for d, with

m
de(x.p) = lIx—pill, = | D lg—cil? (4.18)
=1
when comparing data item x = [x,...,x,]" with centroid g; = [c},...,c}]T,

assuming an m-dimensional space for the considered data items.
For comparing distances, a common choice is the sum of squared distances [287].
The goal is then to minimize the sum

k

DO ix— w3 4.19)

i=1 x€S;

by selecting k centroids to define k clusters

S;i={x¢€ US: Ix —pill, < HX—MJ-HZ for i#£jAl<j<k}. (4.20)

Finding optimum centroids is an NP-hard problem (i.e. informally speaking, finding
k optimum centroids is a time-consuming task). Approximations may get stuck in a
local minimum while aiming to move towards a global minimum.

A common k-means procedure is an iterative algorithm that gradually refines
and converges to a sub-optimum clustering. After discussing the concept of the
algorithm we also provide a numerical example.

STEP 1: Initialization. ~Select randomly an initial set of k means p|, ;l,;, .
®i, e.g. in the set | S of all data items. The algorithm then proceeds iteratively
by alternating between Steps 2 and 3 given below. The used superscript ¢ shows
the number of iterations, with t = 1 indicating the initial step.

STEP 2: Assignment Step.  Assign each data item in | J S to the cluster labelled
by i where it has the minimum distance to the defining mean g !. This means that
the set (_J S of data items is partitioned into Voronoi cells

Si={xelJS:|x—nil, < |x—nl], for i#jal<j<kl @21
where each data item x is assigned to one and only one cluster Sj; if there is an

equal distance to two means u! and ;1,; then we assign X to, say, the minimum of
iandj. ‘
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STEP 3: Update Step. Compute new means

1
wit = - Zx (4.22)
H o xes!
based on the data items in the current cluster, fori = 1, ..., k, where |A| denotes

the cardinality of a set A.

STEP 4: Iteration. Replace ¢ by ¢ + 1 and repeat Steps 2 and 3 until no further
“significant” change happens to the centroids of the clusters.

Simple Example for Two Clusters Assume that the data items defined in Table 4.1
need to be clustered in k = 2 clusters. Figure 4.19, left, illustrates the choice of
initial means as | = [1,1]7 and p} = [2,1]7.

After this initialization, for each data item its distance is calculated to both
centroids. Then we regroup them based on these distances [255]. Any data item
that is closer to centroid g goes to Cluster S}, and any data item that is closer to
centroid p} goes to Cluster SJ.

Let D; be the distance matrix at Iteration 1. The first row of the matrix shows
the Euclidean distance of the data items to ;L%, and the second row the Euclidean
distance of the data items to [L%. For example, the distance of data item 3 to mean

Table 4.1 Sample of four

) ] Dataitem # Property value x Property value y
data items defined in a 2D

feature space by property 1 1.0 Lo
values x and y 2 2.0 1.0
3 4.0 3.0
4 5.0 4.0
VA Initial State VA ITERATION 1
4 ¢ 4 ¢
Q ™
> 3 2 3
5 g g
& =9
g 2 S 2
A ~
e S g
> X >
O 1 2 3 4 s 6 T, s 4 s 6
Property 1 Property 1

Fig. 4.19 Example for k-means clustering. Left: Initially selected centroids. Right: Updated
centroids after the first iteration step
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pl equals /(4 —2)2 + (3 — 1)2 = 2.83. We have that

01361 5
Dy = [1 0283 4.24} ' (4.23)

The next step is grouping the data units into clusters S% and S% based on those
distance values, represented by the matrix

1000
G = [0 - J. (4.24)

The first row represents by value 1 items in cluster S, and the second row items in
cluster S%. Any item can only belong to one cluster. We obtain that [l,% =[1,1]"7
(i.e. the same as before), but

5 [2+4+5 1+3+4

.
uni= s 3 ]=[1.38,2.67]T. (4.25)

Figure 4.19, right, shows the updated centroids. In the next iteration step we have

0 1 361 5
D, = [3.14 2.36 0.47 1.89} (4.26)

and
1100
= . 4.27
G2 [0 01 J (4.27)
This leads to updated centroids
1+2 1+177
3 T
= , =[1.5,1]", 4.28
iy [ ) ) i| [ ] (4.28)
, [4+53+477 -
ny = by o =[4.5,3.5]". (4.29)

Figure 4.20 shows these updated centroids. Next we obtain that

(4.30)

|:0.5 0.5 3.20 4.61i|
5 =

" 14.33.540.71 0.71
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Fig. 4.20 k-means VA ITERATION 2
clustering; result of third
iteration step ;
. \ &)

,/
\Q

Property 2

\S]

\
0 > X
1 2 3 4 5 6
Property 1
and
1100
G;3 = [0 01 J. (4.31)

There has been no change between G, and Gs3, thus also no change in means. The
process stops. The ellipses in Fig. 4.20 illustrate the final clustering. This is also the
optimum clustering for this example.

For more complex examples of k-means clustering see, for example, [306].

4.3.2 Gaussian Mixture Models

In this section we follow the presentation in [19] by Bishop. Before starting a
discussion on the concept of Gaussian mixture models, we review some of the
prerequisites, including the Gaussian distribution and probability density functions.

The 1D Gaussian Distribution A common distribution of events in nature or
technology is the normal or Gaussian distribution, named after the German mathe-
matician Carl Friedrich Gauss. The Gaussian distribution is a unimodal distribution
defined by a mean and a variance of events. The distribution graph is symmetric
with respect to the mean. Figure 4.21 shows an example of a Gaussian distribution
for a 1D event x. This distribution is formally defined by

1 1
N | p,0%) = Jao? eXp% =2 @ u)z} : (4.32)
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Fig. 421 Normal (Gaussian) 4 . 5
distribution function N(x|p,0°)

Mean

»
»

H T

with two parameters: p for the mean and o for the variance. The square root o
of the variance is the standard deviation. We have that N'(x | u,o?) > 0, for any
real x, and the area below the distribution function (i.e. the integral of this function)
equals 1. The function takes its maximum at x = w. The value o controls the “slope”
of the function; a smaller variance denotes a steeper and taller peak.

The Multi-dimensional Gaussian Distribution Having D-dimensional vectors x
as studied events, their distribution can possibly be described by a multi-dimensional
Gaussian distribution function as follows:

1 1

NETRZ) = o on g

exp —;(X—M)TZ_I(X—[L) , (4.33)
where the mean p is here a D-dimensional vector; X is a D x D covariance matrix
that represents the covariance between components, and |X | is the determinant of
the matrix X. The components in the vector g represent the individual means of
those components in the vectors X, and X controls the slope of the Gaussians in the
individual components.

When modelling random data (or more formally, random variables), besides the
Gaussian distribution, there are also the Bernoulli distribution, the discrete uniform
distribution, or Poisson distributions as possible alternative models.

Mixtures of Gaussian Distributions Events in nature, science or technology are
often not clearly separated from each other. For example, when calculating an
intensity histogram (i.e. of gray-levels) in image analysis, the histogram will rarely
be similar to a Gaussian distribution, but it may look similar to a combination of a
small number of Gaussian distributions, as sketched in Fig. 4.22.

Such linear combinations of Gaussian distributions can define a probabilistic
model for a given process (e.g. the value distributions in gray-level images in a given
field of application). These combinations are known as mixtures of distributions. By
combining only a small number of Gaussian distributions, with properly adjusted
means, variances, and linear coefficients when forming the sum, more complex
distribution functions can be approximated.
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Fig. 4.22 Example of a px)4
mixture of three 1D Gaussian
distributions

>
»

X

Therefore, we can assume a combination of K Gaussian density functions to form
the following equation:

K
p(x) =Y N(x|py, Zo), (4.34)

k=1

which is called a mixture of Gaussians.

Each of the Gaussian density functions N (x|, Xx) is a mixture component
having its own mean value g, and covariance X ;. We call the parameters m; the
mixing coefficients.

Considering the requirement that p(x) > 0 and since N (x|g;, X) is a
probability distribution, the parameters m; should satisfy the two conditions:

K
an=1 and 0<m <1. (4.35)
k=1

Mixture models can also consist of a linear combination of other common
distributions, such as a mixture of Bernoulli distributions.

Now we consider a random variable z (a K-dimensional binary vector) in which
a specific element z; = 1 but the rest of the elements are equal to 0. In short,
7z € {0, 1} and ZZ zx = 1. We also specify p(x, z) as the joint distribution function,
in terms of p(z) or the marginal distribution, as well as a conditional distribution p(x
| z) corresponding to the given representation in Fig. 4.23.

Now we define p(z) as the marginal distribution over z, with mixing coefficients
7k, in which p(zx = 1) = m; and the parameters {m;} satisfy the conditions
mentioned in (4.35).

As z uses a 1 to K representation, a similar approach can be considered for the
distribution:

K
p@ =[]~ (4.36)
k=1
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Fig. 4.23 Graphical z
representation of a mixture
model, in the form of a joint

o ) P\X,Z P\Z)p\X|Z)
distribution p(x, z)

Similarly, the conditional distribution of x given a specific z is a Gaussian:
p(xlz = 1) = N (x|, Zo) (4.37)

which we can also write in the form:

K
p(xlz) = [ [N xlpy. Zo)* (4.38)

k=1

Considering the given joint distribution of p(z)p(x|z), we can define the marginal
distribution of x by summation of the joint distribution, for all states of z:

K
PX) =) p@p(xlz) = Y mN&lpg o), (4.39)
z k=1

which is obtained via the product of Egs. (4.36) and (4.38).

If we have several data points Xxi,...,X,, and we represent the marginal
distribution as p(x) = ) p(x,z), then for any data item X, there should be a
corresponding latent variable z,,.

Having a homologous formulation for a Gaussian mixture, based on the latent
variable, enables us to work on the joint distribution p(x,z) rather than p(x)
(the marginal distribution). Later we will see that this will lead to a significant
simplification by representation of the expectation-maximization, or EM algorithm.

In addition, the conditional probability of z given x performs a major role in this
context. We denote by y(z;) the conditional probability p(zx = 1]k) and the value
of y(zx) can be calculated using Bayes’ theorem:

v(@) = plz = 1x) = ,I;(Zk =1 pElz=1)

Y pE=1phly=1)

j=1

_ mN&ReT) a0

K
an N(x|w;, X))

J=1
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We view m; as the a-priori probability for zz = 1. We also consider the value
of y(z) as the corresponding posterior probability, after we have observed the data
item x.

Maximum Likelihood Assume we have a set of observed data items {xi, ..., X;},
and we want to model the set of data items using a mixture of Gaussians.
Representing the data items as an N x D matrix X in which the nth row shows
the elements x, we can similarly represent the corresponding latent variables in the
form of an N x K matrix Z in which the nth row shows the elements z! .
Considering Eq. (4.34) the log likelihood function can be represented as follows:

N K
InpX|z, 1, X) = Zlngzm N(xnmk,zk)} . (4.41)

n=1 k=1

We need to find a solution to maximize this function. In other words, we seek
parameters u, X, and  for which the Gaussian distribution best fits the data, i.e.
the adjusted Gaussian is most likely to be the “true” distribution of the data.

Maximization of the likelihood function is a complex task compared to the case
where we have only a single Gaussian [19]. This is due to the summation over k in
Eq. (4.41).

To cope with this, we consider an alternative method, called the expectation-
maximization algorithm, which is a very common approach in this regard.

Expectation-Maximization (EM) EM is considered to be a very powerful tech-
nique for finding the maximum likelihood using models such as the Gaussian
mixture model with latent variables. The method is proposed by Dempster et al. [46]
and McLachlan and Krishnan [158].

We begin with the conditions required to maximize the likelihood function. If we
set the derivative of In p(X|x, u, X) in Eq. (4.41) equal to zero, with respect to u,
we have:

0 inM@WiuMXﬂ) 442)
= — K\ Xp — . .
=3 Nl 2) ¢

We should mention that the posterior probabilities (also called responsibilities)
given by Eq.(4.40) naturally appear on the right-hand side of the equation.
Multiplying by Zk_l and rearranging the equation, we have:

N
1
=y 7%, (4.43)
n=1
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where

N
Ne ="y (). (4.44)
n=1

Ny can be interpreted as the number of effective data items assigned to cluster
k. Similarly, by setting the derivative of p(X|x, u, X) equal to 0, with respect to
Y. We can follow a similar argument to maximize the likelihood of the covariance
matrix with a single Gaussian:

1 N
Zi= 2V G 0 = ) (% = )" (4.45)

n=1

Finally, using a similar approach, we can maximize the p(X|x, u, X) again by
setting the derivative equal to 0, this time with respect to the mixing coefficient 7y,
where we already knew that the sum of the mixing coefficients is equal to 1. This
can be obtained by using a Lagrange multiplier to maximize the quantity below:

K
InpX|m, 1, 2) + A (Z T — 1) , (4.46)
k=1
which gives
Nl Z0)
0=— e 0 (4.47)

35 N alpy Z)

n=1

Multiplying both sides of the equation by m; and summing over k using the
constraints in (4.35) we can find that A = —N. By eliminating A and rearranging the
equation, we have:

Ty = N (4.48)
We mention that the results in Egs. (4.43), (4.45) and (4.48) cannot simply
lead to a closed-form easy solution to define the mixture model’s parameters, as
the responsibilities A(z,,) are directly dependent on the parameters of the model
in a complicated way that go through Eq.(4.40). However, we can follow an
iterative approach to solve the maximize likelihood problem. For the Gaussian
mixture model, first we can consider some initial and preliminary values for means
It, covariances X, and mixing coefficients x, followed by alteration and update
between two steps called expectation (E) and maximization (M).
Here, we summarize the EM approach in four steps as follows:

1. Imitialization: Choose initial values for means p,, covariances X, and mixing
coefficients m and perform the evaluation of the first value of the log likelihood.
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2. Expectation: Calculate the responsibilities based on the current parameter
values:

]/(an) _ I-?k N(Xn“'l'k’ Zk) ) (4.49)

3w Nl )

j=1

3. Maximization: Perform re-estimation of the same parameters f,, X, s based
on the current responsibilities:

N
1
mi= ;y(znk)xn, (4.50)
1 N
Zi= D v @) — )% — )" 4.51)
n=1
Ny
* =k 4.52
=y (4.52)
where
N
Ne =" y(n)- (4.53)
n=1

4. Evaluation: Evaluate the log likelihood based on the new parameters’ values

N K
InpX|z, p,X) = Zln{an N (Xl Z2) (4.54)

k=1

n=1

and check for the convergence of either log likelihood or the parameters. If
convergence has been met, stop the algorithm, otherwise iterate from Step 2.

4.4 Object Tracking

Typically, an object detection algorithm such as a Haar-like classifier can locate
the objects anywhere within the input image. However, there are many cases of
temporary object occlusion, as well as impossibility of object detection, e.g. due to
a harsh sunlight, reflections, back-lights, or strong shades.*

“Different to a shadow, which is a silhouette cast by an object that blocks the source of either an
indoor (e.g. candle) or outdoor light (e.g. sun), a shade is “darkness” that only applies to outdoor
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Fig. 4.24 Failure in face tracking if the driver moves fast away more than expected

Furthermore, even in the case of ideal conditions and the possibility of easy

object detection, it may suffice that we only search for the object in a specific region
of the image, instead of searching in the whole image plane. This can be considered

with respect to the temporal information, and the location and size of a detected

object in previous frames.

A simple and intuitive method for predicting an object’s location is to search in a
limited region of interest around the last identified position of the object. However,
as illustrated in Fig. 4.24, the solution may easily fail in four cases:

» If the object’s movement is faster than expected;
 If the input frame rate is low, it is possible to miss movements between frame ¢

andr+ 1;

» If the feature detection process takes a considerable time, we may encounter a
large shift between two subsequent preprocessed frames;
 If the given tracking region is not large enough to cover the natural dynamics of

the object movement.

On top of the above limitations, we have the issue of noisy images for our

application of driver monitoring under challenging outdoor lighting conditions.
There are various tracking filters, but some of the most common object tracking

techniques include:

e Mean shift

* Continuously adaptive mean shift (CAM shift)

¢ Kanade-Lucas—Tomasi (KLT)
* Kalman filtering

applications such as the shade underneath a tree, or the shade underneath a car. Of course, a car
itself can also have a shadow. In our application, there are many challenges for driver’s face or

vehicle detection, due to existing outdoor shades.
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Depending on our application any of the above tracking techniques could be
a tracker of choice. For example, Kalman filtering can be a good choice if we are
dealing with noisy input data. In the following pages we provide some further details
about each filter.

4.4.1 Mean Shift

Mean shift, proposed by Cheng in 1998 [30], is an algorithm to locate the maxima
of a density function based on existing discrete data samples from that function.
The generalization of the method resembles a k-means clustering algorithm. This
method is also appropriate for mode seeking, probability density estimation, and
tracking.

In this section we follow the presentation in [113]. Consider a set S consisting
of n data items x; in a D-dimensional Euclidean space X. Let K(x) denote a kernel
function that indicates the contribution of x to estimate the mean value. We then
define the model mean m for the data set x and a kernel function K:

er'l=l K(x —x;)x;
Yim Kx—xi) -

m(x) = (4.55)

We call the difference m(x) — x the mean shift.

In this method we iteratively move to the mean of the data points, and after each
iteration we set X <— m(X).

The algorithm stops when it converges with no further change [e.g. m(x) = x].

We refer to the m, m(x), m(m(x)), . .. sequence as the X trajectory.

If the sample means have already been calculated for multiple data items, then
we also need to perform an iteration on all the points, simultaneously. Generally, the
kernel K is a function of ||x||* that can be represented as follows:

K(x) = k(|[x]*) (4.56)

where we call k the profile of K with the following properties:

* kis non-negative;
¢k is non-increasing: k(x) < k(y) if x > y;
o0

* kis acontinuous variable and we have k(x)dx < oo.
0

There are two types of kernels that are commonly used in mean shift (see
Fig.4.25): The flat kernel:

i x =1,

4.57
0 otherwise, ( )

K(x) = {
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A\

Fig. 4.25 (a) Flat kernel. (b) Gaussian kernel (Image source [30])

and the Gaussian kernel:

2
K(x) = exp(— ”2);”2 ). (4.58)

Now the main question is how to estimate the density function based on the given
set of data samples, which can be scattered and sparse. A possible approach can be
smoothing data, for example by convolving data with a kernel with width &, or a
kernel with radius A.

Parzen’s window method is a common technique used for probability estima-
tions. In this method, for a dataset including n data items X; in a D-dimensional
space, we estimate the kernel density using a kernel K(x) with radius % as follows:

Fr(x) = n;lD ;K(X;X"), 4.59)

= WS (1T)

We can assess the accuracy of the kernel density estimator by calculating the
mean square error between the estimated density and the actual density.

To minimize the mean square error we can use the Epanechnikov kernel as
follows:

1
ZCD(D+2)(1_”X”2) it x|l <1,

0 otherwise,

Kp(x) = 4.61)

where Cp represents the volume of the D-dimensional sphere [113], with the
following profile:

|
D+2)(1— if 0<x<I.
k() = | 2c, PHPU -0 if O=x=
0 if x> 1.

(4.62)



82 4 Object Detection, Classification, and Tracking

Region of Interest
Center of mass
Mean shift vector

[+
o ® o
° :
)
00, ° °
o 00900
o 5 X °
[+] oOoo (%) ®
° o o o
o ©O o Q
[+]

Fig. 4.26 Left: Initialization of the mean shift kernel, calculation of the mean shift based on
summation of data point vectors. Right: Trajectory of the algorithm and the final optimum position,
with the highest density of data points

Figure 4.26, left, shows the initial location of the kernel, and Fig. 4.26, right,
shows the moving trajectory of the mean shift algorithm towards the most dense
location of the data point, in four iterations, and finally the algorithm has converged
in the best position, where the maximum density is achieved.

4.4.1.1 Mean Shift Tracking

The basic idea of tracking using mean shift was proposed by Comaniciu et al. [34].
The idea is to use the mean shift algorithm to model an object based on colour
probability density. For example, we can track an object in a video by colour
probability matching of the object model with the target in the video. This can be
done using mean shift to estimate the colour probability, therefore matching part of
the image frame as the target object.

In brief, we have three major steps to be taken in mean shift tracking. First,
modelling the desired object based on its colour probability density. Second,
evaluating the potential target in a search window, based for its colour probability;
and third, matching the target candidate with the object model using mean shift.

Object Model: Let x;,i = 1,...,n, represent the locations of the pixels in our
model which are centred at 0. We consider an m-bin colour histogram to represent
the colour distribution. b(x;) represents the colour bin for the colour at x;. Assuming
a normalized size of the model, the radius of the kernel is 4 = 1. Let’s define g as
the probability of the colour u,u = 1, ..., m, within the object model, as follows:

G =C Yy k(x| 8(b(x) —u), (4.63)

i=1
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where C is the normalization constant:

n -1
C= [Z k<||xi||2>} : (4.64)

i=1
The kernel profile k denotes a contribution weight by distance to centroid, and §:

§(a) = { I if a=0, (4.65)

0 if otherwise,

represents the Kronecker delta function. In other words, if b(x;) = u the kernel
k(||x;]|*) contributes to g,

Target candidate: Similar to the object model, let y;,i = 1,...,n, denote the
pixel locations of targets which are centred at 0. We also define p as the probability
of colour u in the target candidate:

Puly) = Chi k(Hy;yi
i=1

where C is the normalization constant

a=3 |Sx(151)]

Color Density Matching: At this stage we measure the similarity of the target at
location y with the colour probability of p with the object model g. For this purpose,
mean-shift tracking uses the Bhattacharyya coefficient, which is indicated by p in
the following equation:

2) 5(bys) — 1), (4.66)

-1

(4.67)

P(P(). @) =D vVPu¥)du: (4.68)
u=1

where p is the cosine of vectors [/p1,..., Jpl]T and [ /q1,..., \/qm]T. Larger
values of p represent a better colour probability match between the model and the
target candidate.

Let us consider y as the current location of the target, with colour probability
puly) > Oforu = 1,...,m. Also let z define the new estimated location of the
target near y, with no significant change in its colour probability, compared to its
previous location.

Using a Taylor series expansion, we have:

p(p@).9) = ) Y Vpa+ ) Y puta) \/p " (4.69)
u=1 u

u=1
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Updating the second term of Eq. (4.69) by (4.66), we have:
1 & Ch o zZ—Y;|?
P(p@.q) = 3 VruWau+ Zwk(H h H ) (4.70)
u=1 i=1

where the weight w; is

o= Y s0m)—u, [ @71)
u=1

To maximize the p( p(z), g) we should only consider maximizing the second term
of Eq. (4.70) as the first term is z-independent.

Given g, as the model, and also y as the target location in the previous frame, we
can summarize the mean shift algorithm as the following steps:

. Initialize the target location as y in the current frame.

. Compute p,(y) foru = 1,...,m. Also compute p(p(y), q)-
. Compute the weights w;,i = 1,...,n,.

. Apply the mean shift and calculate z (the new location):

X ("
e 17,71)

where g(x) = —k/(x). In this step, we consider a window of pixels y; and the size
of the window is related to A.

5. Compute p,(z) foru =1, ..., m. Also compute p(p(z), g).

6. While the relation p(p(z),q) < p(p(y),q) is true, set z < é(y + z). This is
intended for validation of the new location of the target.

7. If ||z — y|| is close to zero (very small), then the algorithm has converged; so stop.
Otherwise, set y < z and repeat from Step 1.

RSN S

4.72)

4.4.2 Continuously Adaptive Mean Shift

While mean shift considers a fixed colour distribution, the CAMSHIFT (continu-
ously adaptive mean shift), proposed by Bradski [21], is adaptive to dynamic colour
distribution changes due to lightning, illumination, and depth changes.
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The algorithm adapts the size of the search window and also calculates the colour
distribution for the search window. The search window is calculated as follows. First
we calculate the zeroth moment or mean in the window W:

Mo = Y I(x.y). (4.73)

(xy)EW

Then we calculate first moments of x and y:

Mo= Y Ay, Ma= Y yy. (4.74)

(x.y)eW (x,y)EW

Thus we have the search window centred at:
Xo = Ve = . 4.75)

After defining the above concepts and equations the CAMSHIFT algorithm can
be performed in the following order:

Step 1: Define any initial or preliminary location for the search window.

Step 2: Apply the mean-shift tracking method using the revised search window
technique.

Step 3: Save the zeroth moment.

Step 4: Set the window size depending on the zeroth moment.

Step 5: Repeat Steps 2 and 4 until there are no further changes (i.e. convergence).

4.4.3 The Kanade—Lucas—Tomasi (KLT) Tracker

Feature tracking is essential in many computer vision applications from object
tracking to 3D reconstruction and optical flow. The high performance of robust
tracking is crucial in order to get better results in higher-level algorithms such as
visual odometry in visual navigation and driver assistance systems. In this section,
the KLT (Kanade—Lucas—Tomasi) feature tracker is explained. The goal of KLT is to
track a set of feature points in an image sequence. This tracker is based on the early
work of Lucas and Kanade in 1981 [145]; it was expanded in 1991 by Tomasi and
Kanade [256], and later was clearly explained in the paper by Shi and Tomasi [235].

The idea behind proposing KLT was to answer two fundamental questions. First,
how do we choose the best features for tracking? Secondly, how do we track those
selected features from the current frame to the next frame?

To answer the first question, Lucas and Kanade [145] introduced a method to
register left and right images for the application of stereo matching. The main
objective is to minimize the sum of squared intensity errors between a previous
and current window.
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Having a small inter-frame motion has some advantages. The first benefit is the
approximation of the current frame by using the translation of the past frame. Apart
from that, the image intensities of the current frame can be written as the intensities
of the past frame together with a residue term which depends on the translation
vector. The question regarding the “good features” was unanswered in [145]; the
concept of what “good features™ are is of interest to many researchers in the area.
The proposed methods were independent of the registration algorithm. In KLT,
“good features” are those that can be tracked well.

KLT is proposed to deal with different problems of traditional image registration
techniques, which are generally costly and unable to handle rotation, scaling and
shearing. Spatial intensity information is used to search for the position of the best-
matched features. Briefly, best-matched features can be extracted by utilizing the
minimum eigenvalue of each 2 x 2 gradient matrix. This can be a denoising Sobel or
Sharr operator. Then, in order to track the selected features, the Newton—Raphson
method is used to minimize the difference between two windows.

Feature Point Tracking Image intensity may change frame by frame in an image
sequence. To describe the algorithm let’s assume /(x,y,f) represents an image
sequence where x and y are the space variables, and 7 is considered as a time variable:

I(x,y,t+1)=1x—¢,y—n,1), (4.76)

where ¢t + 1 represents the time shift for the next frame. This is identified by
translation of every pixel in the current frame ¢ by an appropriate motion vector
d = [s,7]". d represents the displacement of the point X = (x,y) between time
frame ¢ and ¢ + 7, as shown in Fig.4.27. The properties in Eq. (4.76) are sensitive,
even in the case of a static environment under constant lighting. Moreover, when the
brightness of different frames is changing, the photometric appearance of the region
of interest on a visible surface will also be modified.

In contrast, Eq. (4.76) is unperturbed by surface markings, as well as the areas
which are far from occluding contours. When there is an abrupt change in the image
intensities, the changing pixels can still be well defined, even with minor variations

xy) d
(em) ]
(x—&,y—n)
I (x,y) I (x—g,y—n)

Fig. 4.27 The displacement vector of an image
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in overall brightness. Surface markings contribute both to dense shape results and
good motion estimations.

Finding the displacement vector d from one frame to another is a challenging
issue in tracking a single pixel, unless it has suitable brightness compared to the
neighbouring pixels. Based on the fact that a pixel can easily be confused with
its adjacent pixels due to the existence of noise, tracking of that pixel in the next
frame is a difficult task when only local information is exploited. Consequently, KLT
does not consider tracking of single pixels, but windows of pixels which contain
acceptable texture information. A problem has arisen when considering different
behaviours of the pixels within a window; when the intensity pattern in the window
warps from one frame to another. In addition, the pixels can even disappear when
the window is along the occluding boundary.

By considering these concerns, Lucas and Kanade used residue monitoring to
overcome the problem of changing the contents over time [145]. It continuously
checks the appearance of the query window and if a significant change is detected,
then the algorithm discards the window. In order to combine different velocities to
measure the displacement of the window, Lucas and Kanade modelled the changes
in the form of a complex transformation, similar to an affine transform map. So
different pixels or part of the query window can have different velocities. These
concerns lead to an important disadvantage, where the system may suffer from an
over-parametrization that may outweigh the advantages of the model. To estimate
more parameters, larger windows are needed. In contrast, only a few parameters can
be estimated reliably, but this allays the issue.

Hence, using KLT we only estimate the displacement vector (with two param-
eters) for small windows. Here, the error is any disparity between two successive
frames which cannot be described by translation and the displacement vector should
be selected to minimize the residue error. For this, the local frame model is as
follows:

J(p) =1(p—d) +n(p), 4.77)

where I(p) = I(x,y), I(p —d) = I(x — &,y — 1), and n is noise. The time variable
is omitted for clarity.

The residue error is shown by the given error function (as follows) over the given
window W:

e@@= Y Up+d—I(pP (4.78)

PEW(q)

Briefly, in Eq. (4.78), € should be zero in the ideal case, as it is used to compute
intensity changes between neighbourhoods of feature points located in / and J.
The displacement vector d for a given feature point g can be calculated using the
following steps. W(q) represents a window centered at g. Usually, the size of the
window is adjusted to 5 x 5 pixels, and the M}, and ¢ values (used below) are set to
10 and 0.03 pixels, respectively:
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. Initialize the displacement vector d = [0,0] .

. Compute the image gradient VI = g{l) .

. Compute the structure matrix G = Zpew(q) VI(p)-VI(p)T.
. Fork =1to M,;:

N O R S

(a) Find the image change value (image difference) 4(p) = I(p) — J(p + d¥).
(b) Calculate the mismatch vector using the equation

b= Y h(p)-VI(p). (4.79)

PEW(q)

(c) Update the displacement vector: dig4+; = dy + G 'b.
(d) If || dg+1 — dy ||< & then stop.

5. The final displacement vector d is reported.

Feature Point Detection Not all image pixels contain valuable information for
tracking. Moreover, the motion features orthogonal to the edge can be determined
only if we have straight edges. In order to overcome these issues, detection of
new feature points in the query image [ is required. After that, we need to add
those new feature points to the existing ones. Furthermore, for a reliable feature
points tracking, their neighbourhood pixels should also be well-structured. Hence
we define the structure matrix G as an assessment of the “structuredness” of the
neighbourhood of pixel location g:

G= > VI(p)-Vi(p'. (4.80)
PEW(q)

As the matrix is positive-semidefinite and the two eigenvalues of G (which are
A1, A2) are guaranteed to be greater than 0, we can obtain useful information about
the neighbourhood region W.

In the situation where W is totally homogeneous, we have A; = A, = 0. In
contrast, an edge occurs when A; > 0, A, = 0 and a corner occurs when A; > 0
and A, > 0. Therefore, “cornerness” of W can be measured using the smallest
eigenvalue A = min(A, A,), where larger values indicate stronger corners. We can
summarize the discussed KLT-based feature detection algorithm in seven steps as
follows:

. Initialize the structure matrix G and “cornerness” value A.

. Compute G and A for all pixels in image /.

. Estimate the A,,,, value for the given image I.

. Store the pixels having A value greater than a set value (e.g. 5-10% of A,4x).

. Perform a non-maxima suppression with a size of 3 x 3 over the neighbourhood
of the residual, to retain the local maxima only. See Fig. 4.28.

6. From the residual, add as many new feature points to the existing feature points,

then begin with the feature points that hold the greater A values.

[T I SO T SR
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Fig. 4.28 Non-maxima suppression implementation. Left: A selected small window for illustra-
tion. Right: A 3 X 3 pixel neighbourhood. Green pixels are the result of pixels that have a A higher
than a selected percentage. The yellow pixels are the result of non-maxima suppression

Detected face Detected features Features tracking

Fig. 429 The KLT feature tracking method used to detect a face. Left: Detected face, Center:
Features are detected. Left: Features are tracked

7. Minimum Distance-Enforcement: In particular situations when there are points
concentrated in some areas in /, set a minimum enforced distance (for example
5-10 pixels) to the existing points, besides the newly inserted points.

Figure 4.29 illustrates how KLT is used in order to detect a face in a driving-
assistant application.

4.4.4 Kalman Filter

In order to use the Kalman filter for our face tracking purpose, we require a statistical
model for our system and for the measurement instrument, which are usually not
available or are hard to obtain. There are three major assumptions that need to be
considered in the theoretical construction of a Kalman filter tracker [22, 110]:

1. The modelled system is linear, or has a small ignorable non-linearity;
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2. The system noise is subject to be white;
3. The system noise is Gaussian in nature (normal bell-shaped curve).

By the first assumption, linear, we mean that the state of our system at time k can
be modelled in the form of the state of the system at the previous time (k — 1) pre-
multiplied by a matrix. The second assumption, white noise, means that the noise is
not time-correlated, and by Gaussian noise, we mean that the noise amplitude can
be modelled using mean and covariance.

In our system we “observe” the measurements zy, for k = 0,...,n, which
are detected faces in incoming sequences from our vision sensor, which records
the driver seat area. However, we should also “estimate” the state X; because, in
practice, we cannot be 100% sure about the measurements z;. In our application,
we estimate the state x € R™ as a discrete controlled process of face location by a
linear stochastic difference equation, with the state transition from time k — 1 to k
as follows:

Xy = AXj—1 + Bug—; + wi—;. (4.81)

We also need to define a measurement z € R” to model the relationship between
the current state and our measurements:

z; = Hx; + vy, (4.82)

where A is an n x n matrix known as the state transition matrix. The matrix
transforms the previous state with time-stamp k — 1 into the current state with time-
stamp k.

B is an n x [ matrix known as the control input transition matrix. This matrix
is related to the optional control parameter u € R/, which could have positive or
negative component values that need to be added to the previous state to reflect the
current state. In our case, we do not have any control on the driver face movement,
so no control parameter is required.

In addition to the linear state estimation discussed in Eq. (4.81), we also need to
have a measurement model estimable via Eq. (4.82).

Z, is a measurement vector that takes into account the estimated state and
measurement noise.

H is an n x m matrix referred to as the measurement transition matrix, which is
related to the state of the measurement.

X;—1 is an n x 1 vector which is referred to as the previous state vector, and
finally w; and vy, are process noise and measurement noise in Egs. (4.81) and (4.82),
respectively.

Process (or control) noise results from inaccurate driver face movement mod-
elling and from machine computational tasks; and similarly, measurement noise
results from an imprecise sensory device (camera) or the amount of error inherent
in the face localization by the face detector algorithm. As already discussed, noise
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is subject to be time-independent, white (with zero mean), and have Gaussian
distributions:

p(w) =~ N@0,Q) and p(v) ~ N(0,R). (4.83)

Q is the process noise covariance and R is the measurement noise covariance, which
may randomly change in each time-stamp of the process (between time k — 1 and
k), but are limited to a maximum range of 7,,4.

4.4.4.1 Filter Implementation

Before implementing the filter in practice, here we define terms and parameters
needed in our system. In order to estimate x;, we have to take into account all the
information that is available from previous steps. If all the previous measurements
before time k are available, then in order to estimate x; we can form an a priori state
estimation, which we denote as f(,j € R". One of the ways to define the a priori state
estimate is to calculate the expected value of x; based on the measurements before
(and not including) time k:

ﬁk_ :E[Xk|Z0,Z1,...,Zk_1]. (4.84)

Similarly, if all the previous measurement up to (and including) time k are
available, then in order to estimate x;, we can define an a posteriori state estimation
which is denoted as f(,j' € R". So we can form a posterior state estimate by
computing the expected value of x; conditioned on previous measurements up to
(and including) time k:

f(/j— =F [XkIZ(), Z,...,Zr, Zk] . (485)

f(k_ and f(,j' are both estimating the same x;, before and after actual measurement
z;, respectively. Generally, we would expect f(,j' to be more accurate than X;_ as we
take more information into account to calculate f(,j' Figure 4.30 describes the time
slots between a priori, posteriori, and actual measurement.

Fig. 4.30 Priori and Actual measurement

posteriori estimates and errors L L
Priori estimate 1 l_ Postereiori estimate
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As the next step we define the priori error and posteriori error based on the
actual measurement z:

e =1z — X, (4.86)

+ ot
e, =1z —X; . (4.87)
The priori estimation error covariance is then
- - T
P, =E[e;e;”] (4.88)
and similarly the posteriori estimation error covariance is

Pl =E[efel ). (4.89)

Below we find f(,j' by a linear combination of X, and the weighted difference
between the measurement prediction ka(k_ and the actual measurement z;:

&7 =% + Kz — Hixp). (4.90)

(zx — HX;) is called the residual or measurement innovation, which refers to
disagreement between the predicted measurement and the actual measurement.
Hence, we can determine our confidence in the state estimate. The ideal case is
when this error is zero.

The Kalman gain, Ky, is an n x m matrix which is a gain factor used to minimize
the posteriori error covariance P,j'.

Since Py is a function of K; and K} is the only unknown, we can minimize the
P;. with respect to K. Finding partial derivatives and solving the equation:

P
=0 491
IK, 4.91)

K could be calculated in the following form [27]:

P H/

K = .
T mPHT + R,

(4.92)

When the measurement covariance matrix R approaches zero, the gain increases,
thus causing higher importance (larger weight) for the residual value. On the other
hand, when P,  approaches zero, the gain K leads to a smaller weight for the
residual. The Kalman filter uses Bayes’ rule to estimate the priori and posteriori
estimates of X;_ and f(,j' More details on the probabilistics used in this filter may be
found in [97].
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As discussed earlier, by applying this filtering technique we aim to estimate the
face position as well as the face width, and then based on the feedback from a noisy
measurement (in practice, we cannot say that we have a perfect measurement), we
update our next prediction.

4.4.4.2 Tracking by Prediction and Refinement

Prediction is the step before a face has been actually located by our detection
algorithm. We consider two prediction methods.

First, a simple prediction method in which we assume that the face-size and face-
position shifts equally at each time step (i.e. the target has a constant velocity). So
the predicted position x; can be calculated based on the two previous positions X;—
and x;_» :

Xp = Xp—1 + (Xp—1 — Xp—2) = 2X31 — Xp—2. (4.93)

However, this cannot be a rational assumption for our application and it fails after
4-5 frames of tracking, as we cannot expect a constant velocity for face movement.

As the second option, we continue with the Kalman filter method, in which the
prediction is an expected measurement based on all previous measurements (not the
last few measurements); in brief we expect it by [z |zo, Z1, . . . , Zx—]. Before finding
the expected value of z;, we have to know the expected state at time k, which is
E [x¢|Xo, X1, - - . , Xk—1]. To solve this recursion algorithm, we take the two recursive
steps below in order to refine the predicted state:

1. The time update step specifies the expected value of X;~ and the covariance matrix
P;. Then a more accurate X; can be computed from the expected value of X
and the actual measurement z.

2. The measurement update step exerts the measured X;" to define the next X and
P in order to initiate the next recursion.

The time update Eqs. (4.95) and (4.96) project forward the priori state and priori
error covariance from time k£ — 1 to k. The expected state at k could be defined by
applying the state transition matrix A to X;—:

X, =A%, + Bug + wig. (4.94)

Recalling the assumption that w; has zero mean, and is independent of x;—;, we
can determine the covariance matrix P, as follows:

Pk_ =F [(Xk — ﬁk_)(Xk — ﬁk_)T|Z0, Z,..., Zk_1:|
—E [(Axk_l + Wiet — AR ) (Axiet + Wiey — AST ) [Z0. 21, . ,zk_l]

=AP AT +Q. (4.95)
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The measurement update equations below apply corrections for the next round of
the recursive process:

K: = P H] (H;PH] +R)"", (4.96)
& =% + Ki(z — Hixp), (4.97)
Pl = (1 - KiH)P;. (4.98)

In the measurement update phase, first the Kalman gain K; is calculated. This is
based on the estimated error-covariance as calculated in the previous update step, as
well as the measurement noise covariance R. Then we estimate the posteriori state
f(,;" based on the current measurement z, priori state f(,j', and Kalman gain Kj.

The Kalman gain expresses the certainty of old and new information using
a weighted combination of all available information from the beginning of the
process up to the time #. For example, if Ky is 0.5, then both priori and posteriori
measurements have equal variance (certainty), so the expected value of x; is exactly
at the middle of them and the filter acts as a simple averaging. In general, if the
certainty level of the new measurement is not high enough (i.e. we have a very
high uncertainly), then the new measurement statistically contributes almost nothing
in Equation (4.97), and the final result of % would be very close to X ,. One
the other hand, if we have a large variance in the z;_; previous observations, but
more accuracy in the new measurement, then we assume f(,;" to be more similar
to the recent measurement z;. The Kalman filter is responsible for finding the
optimum averaging factor for each consequent time step. Finally, given the priori
error covariance and calculated Kalman gain, a corrected value for Py could be
determined. After each pair of time-update and measurement-update, the process
repeats again in a recursive manner in order to refine the parameters and predictions.



Chapter 5
Driver Drowsiness Detection

5.1 Introduction

Face and eye detection is the key step in many face analysis systems [301, 310].
Since the early 2000s, researchers such as Viola and Jones [269], Jesorsky et al.
[101], and Hsu et al. [205] have made important progress in model- and learning-
based object detection methods. Current research aims at increasing the robustness
of the detectors. Among the proposed face detection algorithms, boosting-based
detection with efficient use of integral image, Haar-like features and a cascade of
weak classifiers, have defined high-performance systems [154, 225, 311].

Following the well-known Viola—Jones face detector [271], many researchers
have achieved further improvements in the performance of this detector. Currently,
research in the field can be categorized into four subject areas:

. Speeding up the learning process;

. Speeding up the detection process;

. Defining a better trade-off between detection rate and false-positive rate;
. Combining the three previous approaches.

RIS S

Examples of the above approaches are: heuristic methods trying to improve
the detection speed [210], or different versions of boosting algorithms like Float
boost [133], ChainBoost [297], cost-sensitive boosting [154, 298], KLBoost [139],
FCBoost [225], or RCECBoost [226] that aim at speeding up the AdaBoost
convergence, or at improving the final performance of the detector.

Some variations of the Haar-like features have been proposed to improve the
performance of boosting-based detectors [135, 194, 195]. These types of Haar-like
based algorithms were introduced to improve the detection rate in rotated faces.
Many of these face detectors use similar variations of the image preprocessing
step suggested by Viola and Jones [271]. Some others like Struc et al. [245] use
a variance-normalization preprocessing for face and non-face windows to deal with
illumination artefacts.
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Despite general progress in detection methods, face and eye detection under non-
ideal lighting conditions still requires further improvements. Even in recent efforts
such as [104, 147, 262], limited verification tests have been applied only for normal
situations. Driver behaviour monitoring is an example of a challenging environment
for eye analysis, where the light source is not uniform, or the light intensity may
change rapidly and repeatedly (e.g. due to entering a tunnel, shade, turning into very
bright light, or even sun strike). Although recent techniques for frontal face detection
under normal lighting conditions are quite robust and precise [104, 132, 302, 312],
sophisticated and sensitive tasks such as driver eye-status monitoring (open, closed)
and gaze analysis, are still far away from being solved accurately.

Among related works, there are publications on single and multi-classifier
approaches for the addressed area of applications. Brandt et al. [23] designed a
coarse-to-fine approach for face and eye detection using Haar wavelets to measure
driver blinking with satisfactory results under ideal conditions. Majumder [147]
introduced a hybrid approach to detecting facial features using Haar-like classifiers
in HSV colour space, but only tested it on a very limited number of frontal faces.
Zhua and Ji [316] introduced robust eye detection and tracking under variable
lighting conditions; nonetheless, their method is not effective without support of
IR illumination. Research results in the field often suffer from a lack of verification
and performance analysis on a wide-range of video or image data.

In this chapter we pursue four goals: (1) to improve noisy measurements of a
Haar-classifier by a more stable solution for detecting and localizing features in
the image plane; (2) to overcome issues of detection failures due to sophisticated
lighting conditions by introducing a novel technique, namely an adaptive classi-
fication; (3) to further reduce the overall computational cost by minimizing the
search region using a Kalman filter tracker, as well as minimizing false detections
by having a limited operational area within the image plane; and (4) to perform a
faster classification by introducing a novel version of Haar-features we call Dynamic
Global Haar-like features (DGHaar).

The rest of the chapter is organized as follows. Sections 5.2 and 5.3 discuss
the training phase of our classifier. Section 5.4 outlines the main ideas for the
application phase. Section 5.5 discusses our adaptive classifier. Section 5.6 provides
information about the implementation of a tracking module along with technical
considerations for face and eye tracking. Section 5.7 provides a discussion of
an image denoising method based on a phase-preserving algorithm. Global and
dynamic global Haar-like features are detailed in Sect.5.8. Section 5.9 proposes
the new idea of boosted cascades based on global and dynamic global features. Sec-
tion 5.10 details the experimental and validation results followed by performance
analysis of the introduced techniques, as well as comparison with the standard
Viola—Jones method and other state-of-the-art techniques. Section 5.11 concludes
the chapter.



5.2 Training Phase: The Dataset 97
5.2 Training Phase: The Dataset

For driver facial analysis, we use the standard Haar-like face detector provided
by Leinhart [135]. However, we trained our own eye-state classifiers, in order to
perform further research on the parameters that may affect the performance of a
Haar classifier. We trained and created two individual cascade classifiers, one for
open-eye detection and one for closed-eye detection.

There is a general belief that any increase in the number of positive and negative
images in the training dataset can improve the performance of the trained classifier.
However, after several experiments we noticed that by increasing the number of
training images there is also an increasing risk of feature mismatching by the
boosting algorithms. The process of selecting positive and negative images is an
important step that affects the overall performance considerably. Thus, a careful
consideration of the number of positive and negative images and their proportional
ratio was essential. The multi-dimensionality of the training parameters and the
complexity of the feature space also defines further challenges. Here we review
the specifications of our robust dataset as well as the optimized training parameters
we obtained.

In the initial negative image database, we removed all images that contained
any objects similar to a human eye (e.g. animal eyes such as tiger eyes, dog eyes).
We prepared the training database by manually cropping closed or open eyes from
positive images. Important questions needed to be answered were: how to crop the
eye regions and in what shapes (e.g. circular, isothetic rectangles, squares). There is
a general belief that circles or horizontal rectangles are best for fitting eye regions
(as it is also used in the OpenCV eye detector); however, we obtained the best
experimental results by cropping eyes in a square shape. We fit the square enclosing
the full eye-width; and for the vertical positioning we select equal portions of skin
area below and above the eye region. We cropped 12,000 open and closed eyes
from online images plus seven other databases including the Yale dataset [130],
the FERET database sponsored by the Department of Defense (DoD) Counterdrug
Technology Development Program Office [64, 196], the Radbound face database
[127], the Yale B face database [300], the BioID database [101], the PICS database
[197], and the Face of Tomorrow (FOS) dataset [59]. The positive database includes
more than 40 different poses and emotions for different faces, eye types, ages, and
races as follows:

* Gender and age: females and males between 6 and 94 years old;

* Emotion: neutral, happy, sad, anger, contempt, disgusted, surprised, feared;
¢ Looking angle: frontal (0°), +22.5°, and profile (£45.0°);

* Race: East-Asians, Caucasians, dark-skinned people, and Latino-Americans.

Samples of open and closed eyes from our created dataset IntelliEye are shown in
Figs.5.1 and 5.2.

The generated multifaceted database is unique, statistically robust and competi-
tive compared to other training databases.
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Fig. 5.1 Samples of open-eyes from our IntelliEye dataset
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Fig. 5.2 Samples of closed-eyes from our IntelliEye dataset

We also selected 7,000 negative images (non-eye and non-face images) including
a combination of common objects in indoor or outdoor scenes. Considering a search
window of 24 x24 pixels, we had about 7,680,000 windows in our negative database.
An increasing number of positive images in the training process caused a higher rate
for true positive cases (TP) which is good, but also increased false positive cases
(FP) due to increasing the complexity of feature selection and feature matching by
the AdaBoost machine learning. Similarly, when the number of negative training
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images increased, it led to a decrease in both FP and TP. Therefore we needed to
consider a good trade-off for the ratio of the number of negative windows to the
number of positive images. For eye classifiers, we got the lowest FN and the highest
TP rate when we arranged the ratio of N, /N, = 1.2. This may slightly vary for face
detection.

5.3 Boosting Parameters

As the next step of the training phase, we achieved a maximum performance of the
classifier by applying the following settings as boosting parameters.

— Size of feature-window: 21 x 21 pixels.

— Total number of classifiers (nodes): 15 stages; any smaller number of stages
brought more false positive detection, and a larger number of stages reduced the
rate of true positive detection. The minimum acceptable hit rate for each stage
was 99.80%. Setting the hit-rate higher than this (too close to 100%) may cause
the training process to take forever, or lead to early failure before completing the
training stage.

— The maximum acceptable false alarm rate for each stage was set at 40.0%
(despite the commonly chosen rate of 50%); this error exponentially goes to zero
when the number of iterations increases in each stage (i.e. 0.40™).

— Weight trimming threshold: 0.95; this is the similarity weight to pass or fail an
object at each stage.

— Boosting algorithm: among four types of boosting (Discrete AdaBoost, Real
AdaBoost, Gentle AdaBoost (GAB), and LogitBoost), we got about a 5% higher
TP detection rate with GAB boosting. Lienhart et al. [134] have also claimed that
GAB results in lower FP ratios for face detection.

Our initial performance evaluation test on 2,000 images from the second part of
the FERET database [64] plus on 2,000 other image sequences recorded in HAKA1
(our research vehicle) showed up to an 8% higher detection rate compared to the
open eye classifier provided by Intel in the OpenCYV library.

5.4 Application Phase: Brief Ideas

By applying heuristic techniques on training and classification phases, and by
developing a rich eye dataset, we gained detection improvements as discussed in
the previous section. However, we also need further improvements in the application
phase, as we still may encounter issues of either missing detections (FNs) or false
detections (FPs), under low light conditions. In this section and the next section
we propose two methods to tackle the above issues: by being adaptive to lighting
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Fig. 5.3 A flowchart for driver awareness monitoring

condition, and by application of a tracking solution to limit the ROI, hence, lower
FPs.

Figure 5.3 illustrates the overall structure of our approach. Using Haar-feature
based classifiers, two possible options are considered. In Option 1 we quantify the
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Fig. 5.4 Optimized ROIs for eye tracking, after successful face detection

region of interest (ROI;) as 100%, which means that the whole area of an input
VGA image needs to be searched by our classifiers, from upper-left to the lower-
right of the input image. Generally, such a full search needs to be repeated three
times for three individual Haar classifiers in order to detect “face”, “open eyes”, or
“closed-eyes” status.

However, analyzing the ground truth information for eye localization on the two
standard databases of FERET [64] and Yale [130], we calculated the eye location in
arange of 0.55-0.75 as shown in Fig. 5.4. In case of head tilt, the eye location may
vary in a range of 0.35-0.95 on one side of the face. Therefore, assuming an already
detected face, an eye classifier can perform on regions A and B only (ROI,), which
are only 5.2% of the input image. If face detection fails, then a second full search
in the image plane is required for eye classification (ROI3), as we do not have any
prior estimation for face location. This causes a total search cost of 200%. If the
open-eye classifier detects at least one eye in segment A within the last five frames,
then the closed-eye classifier is called to look at region C (ROly). This region covers
about 3% of a VGA image. In brief, assuming a successfully detected face in the
first stage, we have a maximum search area of 108.2% (ROI,; + ROI, + ROIl,) for
a complete eye status analysis, while a face detection failure causes an increased
search cost of up to 203% (ROI; + ROI; + ROly).

Assessing 1,000 recorded frames and ground truth faces, we measured the mean
size of the detected faces as 185 x 185 pixels, which covers only 11% of a VGA
image plane. Based on this idea we plan for a partial search that potentially defines
a limited search region as Option 2 instead of Option 1.



102 5 Driver Drowsiness Detection

Fig. 5.5 Examples of “non-ideal” lighting conditions while driving, causing difficulties for
driver’s eye monitoring (images from public domains)

As shown in Fig. 5.3, implementing a face tracker reduces the search region for
face detection, thus a faster eye analysis through the tracked face can be achieved.
Later we discuss that using a tracking solution as Option 2, the total search cost can
be reduced to around 34.6% (ROI, | + ROI, + ROl4) which is 6 times faster than a
blind search (Option 1).

In addition to an optimized search policy, we require proper face localization
from the first step, followed by robust eye status detectors, applicable on all lighting
conditions. Figure 5.5 shows examples which would require robust classifiers
that need to be adaptive under extremely challenging lighting conditions. This
requirement is considered as classifier tuner modules in Fig. 5.3, before initiating
a face or eye detection. We introduce adaptive Haar-like classifiers to overcome
the weakness of a standard Viola—Jones classifier [269] under non-ideal lighting
conditions.

5.5 Adaptive Classifier

The adaptation module is detailed in three sub-sections, addressing the weakness
of a Viola—Jones detector, statistical analysis of intensity changes around the eye
region, and dynamic parameter adaptation to overcome inefficiency of Haar-feature
based detectors under non-ideal conditions.

5.5.1 Failures Under Challenging Lighting Conditions

We examined five well-recognized and publicly available Haar classifiers developed
by Castrillon, Lienhart, Yu and Hameed [292], for our nominated application, driver
monitoring. Although they work well for non-challenging and normal lighting
scenes, we realized that due to frequent on-off shades and artificial lighting in
day and night, those Haar-like classifiers are likely to fail. The situation becomes
even more complicated when one part of the driver’s face is brighter than the other
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part (due to light falling in through a side-window), making eye status detection
extremely difficult. Similar to the training phase, there are some parameters that
need to be noted in the application phase of a Haar-based classifier. The main
parameters are:

* Initial search window size (SWS) or initial size of sliding windows, which should
be equal to or greater than the scale size of positive images in the training step
(i.e. 21 x 21 pixels).

* Scale factor (SF) to increase the SWS in each subsequent search iteration (e.g.
1.2, which means a 20% increase in window size for each search iteration).

* Minimum expected number of detected neighbours (MNN), which is needed to
confirm an object, when there are multiple object candidates in a small region
(e.g. 3 neighbour objects).

In general, the smaller the SF, the more detailed the search in each iteration.
However, this also causes higher computational costs.

Decreasing MNN causes an increase of detection rate; however, it increases
the false detection rate as well. Larger values for MNN lead to more strictness to
confirm a candidate for face or eye, thus a reduced detection rate.

Figure 5.6 shows potential issues related to the MNN parameter for an eye
classification example. The left image shows 10 initial eye candidates before
trimming by the MNN parameter. Detections are distributed in 5 regions, each
region shows 1—4 overlapping candidates. In order to minimize this problem, it is
common to assign a trade-off value for the MNN parameter to achieve the best
possible results. Figure 5.6, top right, shows one missed detection with MNN equal
to 3 or 4, and Fig. 5.6, bottom right, shows one false detection with MNN equal to
2. MNN equal to 1 causes 3 false detections, and any MNN greater than 4 leads to
no detection at all; so there is no optimum MNN value for this example.

MNN =3 or 4

Fig. 5.6 Left: Initial eye detection results before trimming by the MNN factor. Right: Final
detections using various MNN values



104 5 Driver Drowsiness Detection

We conclude that although we can define trade-off values for SWS, SF and
MNN to obtain the optimum detection rate for “ideal” video sequences, a diversity
of changes in light intensity over the target object can still significantly affect the
performance of the given classifier in terms of TP and FP rates [43, 290].

5.5.2 Hpybrid Intensity Averaging

To cope with the above-mentioned issues, we propose that Haar-classifier param-
eters have to be adaptive, varying with time depending on lighting changes.
Figures 5.7 and 5.8 illustrate that we cannot measure illumination changes by simple
intensity averaging over the whole input frame: In the driving application, there can
be strong back-light from the back windshield, white pixel values around the driver’s
cheek or forehead (due to light reflections), or dark shades on the driver’s face.
All these conditions may negatively affect the overall mean intensity measurement.
Analysing various recorded sequences, we realized that pixel intensities in an
eye region can change independently from its surrounding regions. Focusing on
a detected face region, Fig.5.7, right, shows very dark and very bright spots in
two sample faces (in a grey-level range of 0-35 and 210-255, respectively). It also
shows a considerable illumination difference for the left and right side of a driver’s

Fig. 5.7 Mean intensity measurement for eye detection by excluding very bright and very dark
regions. Green: thresholding range 210-255. Blue: thresholding range 0-35

Fig. 5.8 Selected regions to sum up the mean intensity around eyes (Images Source: Yale
database)
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face. Apart from the iris intensity (for dark or light eyes), the surrounding eye
intensities play a very crucial role in eye detection. Thus, proper classifier parameter
adjustment based on proper intensity measurement in the region can guarantee
a robust eye detection. Following this consideration, we defined two rectangular
region around eyes (as shown in Fig. 5.7, right) which not only can provide a good
approximation of both vertical and horizontal light intensities around the eyes, but
they are also very marginally influenced by the outer green or blue (very bright or
very dark) regions.

Considering an already detected face, and expected eye regions A and C (based
on Fig.5.4), we can geometrically define C,, F,, C; and F; as being the optimum
regions in order to gain an accurate estimation of light intensity around the eyes
(Fig.5.8). We also consider independent classifier parameters for the left and right
half of the face, as each half of the face may receive different and non-uniform light
exposures.

Performing a further analytical step, Fig. 5.7, right, shows that a few small green
or blue segments (extreme dark or light segments) have entered the regions of
white rectangles. This can affect the actual mean intensity calculations in the C
or F regions. Thus, in order to reduce the effect of this kind of noise on our
measurements, we apply a hybrid averaging by combining mean and mode (Mo)
of pixel intensities as follows:

I(@) = ; <oe -Mo(C,) + (1 ;104) ZCi)—{— o -Mo(F,) + (1 ;oe) ZF]r ,
j=1

i=1

5.1

where I,(«) is the hybrid intensity value of the right eye region of the face, and m
and n are the total numbers of pixels in the regions C, and F,, in the range [0, 255],
pointing to cheek and forehead light-intensity, respectively.

An experimentally defined a-value of 0.66 assumes a double importance of mode
intensity measurement compared to mean intensity; the integration of the mode
reduces the impact of eye iris colour (i.e. blue segments) and of the effect of very
bright pixels (i.e. green segments) for our adaptive intensity measurement. Similarly,
we can calculate /;(«) as the hybrid intensity value of the left eye region.

5.5.3 Parameter Adaptation

The final step of the detection phase is classifier parameter optimization based on
the measured /, and I; values, to make our classifier adaptive for every individual
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Fig. 5.9 Curve fitting for the parameters MNN, SF and SWS using Lagrange and cubic interpola-
tion

Table 5.1 Optimum

Light intensity SWS SF MNN
parameters for 10 selected

intensity levels in terms of 0 FS/50 110 1
Search Window Size, Scale 20 FS/45 112 2
Factor, and Minimum 50 FS/3.5 1.30 9
Number of Neighbours. FS: 75 FS/40 1.15 7
detected Face Size 90 ES/40 130 10
120 FS/42 125 16
155 FS/5.0 135 15
190 FS/45 130 14
220 FS/46 125 9
255 FS/40 135 7

input frame. Now we need to find optimum parameters (SWS, SF, MNN) for all
intensity values in the range 0-255, which is a highly time-consuming experimental
task. Instead, we defined optimum parameters for 10 selected intensities, followed
by a data interpolation method to extend those parameters to all 256 intensity values
(Fig.5.9).

Table 5.1 shows optimum parameter values for 10 data points obtained from
20 recorded videos in different weather and lighting conditions. These factors
are adjusted to lead to the highest rate of true positives for each of the 10
given intensities. The parameter values in Table 5.1 show a non-linear behaviour
over intensity changes; therefore we applied two non-linear cubic and Lagrange
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interpolations [48] on the data samples to extend the adaptive values in the whole
range from O to 255. While the cubic interpolation was performing better for MNN
and SWS, the Lagrange interpolation provided a better curve fitting for the highly
fluctuating SF data samples.

5.6 Tracking and Search Minimization

As part of the discussed framework shown in Fig.5.3, this section pursues five
objectives including minimizing the search region for eye status detection, time
efficiency, lower computational cost, more precise detections, and lower rate of false
detection.

5.6.1 Tracking Considerations

A simple tracking around a previously detected object can easily fail due to
occlusion or fast change in both size and moving trajectory of the object (Fig. 5.10).
Therefore, in order to minimize the search region, we need to perform a dynamic
and intelligent tracking strategy. We considered three trackers as the candidates
of choice: Particle filter, Kalman filter, and unscented Kalman filter. While the
Particle filter can generally perform better in the case of multi-object tracking and
complicated scenarios, the Kalman filter performs more accurately for single-object
tracking [151]. Furthermore the Particle filter has significantly more computational
cost than the Kalman filter [217], which is in contradiction with our policy to
develop a real-time ADAS. In our application the driver’s face cannot move quickly
or irregularly, so we assume it as a linear movement or with a little non-linearity.
Altogether our filter of choice is a standard Kalman filter.

Image plane

Fig. 5.10 Sample movement trajectory: simultaneous changes in face position and size
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Fig. 5.11 Kalman filter in a nutshell

Following the detailed discussion in Chap.4, Fig.5.11 shows the brief structure
of the Kalman filter [110] including time update and measurement steps, where
X and ;" are priori and posteriori states estimated for the centre of the detected
face, z; is a Haar-classifier measurement vector, A is an n X n matrix referred to
as the state transition matrix which transforms the previous state at time-step k — 1
into the current state at time-step k, B is an n x [ matrix referred to as the control
input transition matrix which relates to the optional control parameter u € R, w;
is process noise which is assumed to be Gaussian and white, and H is an n x m
matrix called the measurement transition matrix. Py and P} are the priori and
posteriori estimation error covariance based on predicted and measured values (by
Haar-classifier), and Ky is the Kalman gain.

5.6.2 Filter Modelling and Implementation

There are many different motion equations such as linear acceleration, circular
acceleration, or Newtonian mechanics; however, for a driver’s face movements we
simply consider a linear dynamic system and assume constant acceleration for a
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short At time frame. We define the state vector as:
T
X = I:-xsys w, UX,Uy,ax,ay] ’ (5'2)

where x and y are the centre of the detected face in the image coordinate, w is the face
width, v, and vy are the velocity of the moving face, and a, and a, are acceleration
components, respectively. Based on the theory of motion we have

AP
pit+1) =p@) +v@)At + a(r) 5 (5.3)

v(t+ 1) =v() + a®)At, 5.4)

where p, v, a, At are position, velocity, acceleration, and time difference between
input images, respectively. At is the average processing time which is the time
between starting the process of face detection on a given frame at time k until the end
of the eye detection process and accepting the next frame at time k + 1. Relying on
the definition of state transition in Eq. T.1 (in Fig. 5.11), we modelled the transition
matrix A as a 7 x 7 matrix. Thus, the next state is estimated as below:

[x] [100A1 0 JAZ 0 | [xa|  [rRe—3)]

Vi 0100 Ar 0 JAZ| |y r(2e — 3)

Wy 001 0 Ar O 0 Wi—1 .

vy | =000 1 0 At 0 |.|vg, |+ . . (5.5
vy, 0000 1 0 At Uy,

ay 0000 0 1 O Ay, .

la,] 0000 0 0 1 | |ay,| [r(2e—3)]

Before running the filter in the real world, we need to have a few initializations,
including f((‘)" s IA’S' , R, Q, and H. The measurement noise covariance matrix,
R, directly depends on the measurement accuracy of our camera along with
the accuracy of our face/eye detection algorithm. Comparing the ground truth
information and the result of our face detection method, we determined the variance
of the measurement noise in our system as R = rand(le — 4). The determination
of Q is generally more difficult than R, and needs to be tuned manually. A good
tuning of R and Q stabilizes K; and P, very quickly after a few iterations of filter
recursion. We achieved the best system stability when we set the process noise to
Q = rand(2e - 3).

We take H = 1 because the measurement is composed of only the state value
and some noise. Matrix B can also be omitted as there is no external control for
driver face movement. For f(g' and IA’(‘)|r we assumed the initial position of a face at
position x = 0 and y = 0, with an initial speed of zero, as well as a posteriori error
covariance of 0. We also considered At as being between 33 and 170 ms, based on
computation cost on our PC platform, and a processing rate between 6 and 30 Hz.
We discuss this further in Sect. 5.10.
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5.7 Phase-Preserving Denoising

Different than a basic variance normalization, this section proposes a further
preprocessing step to overcome the problem of noisy images and that of images
contaminated with illumination artefacts. We use the phase-preserving denoising
method suggested by Kovesi in [125], which is able to preserve the important phase
information of the images, based on the non-orthogonal and complex-valued log-
Gabor wavelets.

The method assumes that phase information of images is the most important
feature and tries to preserve this information, while also maintaining the magnitude
information.

Let M}, and M} denote the even-symmetric and odd-symmetric wavelets at a
scale p, which are known as quadrature pairs. Considering the responses from each
quadrature pair of the filters, a resultant response vector is defined as follows:

lep(x). 0p (0] = [F() * M. f(x) % M), (5.6)

where * denotes convolution and e, (x) and 0, (x) are the real and imaginary parts in
the complex-valued frequency domain, respectively. The amplitude of the transform
at a given wavelet scale is given by:

A,(0) = e, (0 + 0,(x)? 5.7)
and the local phase is given by:

Op(x)]‘

5.8
e, (5.8)

@p(x) = tan~! [

Having one response vector for each filter scale, there will be an array of such
vectors for each pixel x in a signal. The denoising process includes defining an
appropriate noise threshold for each scale as well as reducing the magnitudes of
the response vectors, while maintaining the phase without any changes. The most
important step of the denoising process is determining the thresholds. To this end,
Kovesi [125] used the expected response of the filters to a pure noise signal.

If the signal is purely Gaussian white noise, then the position of the resulting
response vectors from a wavelet quadratic pair of filters at some scale forms a 2D
Gaussian distribution in the complex plane [125]. Kovesi shows that the distribution
of the magnitude responses can be modelled by the Rayleigh distribution

2

R(x) = exp# . (5.9)
Gg

Also, the amplitude response from the smallest scale of the filter pair across the
whole image will be the noise with Rayleigh distribution.
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Fig. 5.12 Improved result
for ¥ (,) (feature value)
after phase-preserving
denoising. Top: Original
image. Middle: Denoised =

image. Bottom: Sample of an Y (Yp) = w1 - Sy — - Sp = 15573 — 14733 = 840
applied Haar-like feature

V() = ) - Sy — wy - Sp = 23429 — 19326 = 4103

A sample Haar-feature applied in the eye region

Finally, by estimating the mean value p, and standard deviation o, of the
Rayleigh distribution, the shrinkage threshold can be estimated. The thresholds are
automatically determined and applied for each filter scale.

A number of parameters impacts the quality of the denoised output image. The
threshold of noise standard deviations to be rejected (k), the number of filter scales
to be used (N,), and the number of directions (N,) are the key parameters.

We set the parameters k = 3, N, = 4 and N, = 4 in our experiments. These
parameters result in an acceptable representation of small and middle-size faces (in
arange of 30 x 30 pixels to 200 x 200 pixels). However, for large faces, it can lead
to erroneous results. One approach is to use a set of different parameters to obtain
different images. Another approach is to scale the original images and then use the
same parameters for conversions. We used the second approach to speed up the
process. After a conversion to the denoised form, adaptive histogram equalization is
used for both training and test images.

Figure 5.12 shows the sample Haar-like feature applied on the eye region and
the discriminate advantage of using denoised images. The increased feature values
¥ (¥,,) lead to a faster convergence of the classifier.

Figure 5.13 shows the results obtained with the same standard Haar-like detector
for a “noisy” input image (top), and the improvements on the denoised version of
the same image (bottom), still with two missing detections.

5.8 Global Haar-Like Features

We apply the technique of denoising in conjunction with a novel version of the Haar-
like features method which together lead to an outperforming result. As one of the
main contribution of this chapter, we propose global Haar-like (GHaar) features
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Fig. 5.13 Detection results using the standard Haar-like detector. Top: Detection results on a
“noisy” input image. Bottom: Detection results on the denoised image

which complement the commonly used standard Haar-like features. With global
Haar-like features we introduce a new point of view to gain benefit from the intensity
information of the whole sliding query window. This is beyond the standard Haar-
like features that only look through adjacent dark-bright rectangular regions.

5.8.1 Global Features vs. Local Features

Viola and Jones used five types of Haar-like features, which, from now on, we call
local Haar features.
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Two converted
global Haar-like feature

A local Haar-like feature
within a sliding window

Fig. 5.14 Extraction of Global Haar-features from a standard Haar-feature

Recalling the discussions in Sect. 4.2.3 and Eq. (4.14), the value of a local feature
¥ (y;) is computed by a weighted subtraction of integral images on white and black
regions, ¥ (Y;) = w; - Sw, — w2 - Sp,, Where S, and Sy, are integral images of black
and white rectangles in the given local Haar-feature.

For every local feature, we introduce two global Haar-like features as

Yoy (Yi) = Sp — S, and VG, = Sk — Sw,, (5.10)

where Sr is the integral value of the whole sliding window (Fig.5.14). Global
features will be used in conjunction with local features. We call them global features,
as these feature values provide global information in addition to standard (local)
information.

In short, the term global in this chapter refers to a comparison between the whole
window and a portion of that window, while the common local features only refer
to adjacent rectangles of equal size.

If a local feature is being selected by a boosting algorithm for the formation
of a cascade, then it would be a candidate to be a global feature as well. Global
features are faster than local features, since the required values for calculating them
are already computed at earlier stages. Figure 5.14 illustrates conversion steps from
one local feature to two global features.
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A major problem with the cascaded classifiers is that in the last stages, more
and more weak classifiers need to reject 50% of non-face samples, taking much
more time than earlier stages. The inclusion of these late-stage weak classifiers can
highly increase the computational cost. Global features are an efficient alternative
for two reasons. Firstly, they are faster to calculate and secondly, due to adding a
new level of information (by extracting different patterns than the local features),
they can offer a better classification in early stages without the need to go to the
higher stages.

5.8.2 Dynamic Global Haar Features

Based on the method proposed in the previous section, a current local feature ¥ (v;)
is now accompanied by two global features ¥, (¥;) and %5, (¥;), to be used in a
weak classifier. In the dynamic version of global Haar features (DGHaar), we update
S F by

Jj=n

Sk, = Sr+ Y _(Sw, — Sp). (5.11)

i=1

where n is the total number of local features in the current cascade and j is the
current index over the global feature being assessed.

By using this equation, as the input sliding windows progress through the
cascade, the value of Sy will be updated to Sr,. We call these types of features
dynamic global Haar-like features. We expect that the dynamic global features can
obtain a higher detection rate and a lower false positive rate in comparison with the
non-dynamic version of the global features.

5.9 Boosting Cascades with Local and Global Features

In this section, a cascade of weak classifiers is designed by considering the global
features. It is a common approach that each stage of a cascade rejects 50% of non-
object samples while the true detection rate remains close to optimal (e.g. 99.8%).
When global features are considered, it is important to decide which of the local
features should be considered as being global. One approach is to temporarily keep
a current global feature and continue to search for the next local feature, without
considering the effect of the current global feature. If a candidate global feature
shows a better rejection rate, then it is efficient to choose the candidate as an
appropriate feature, and then start searching for the next local features again. Also,
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Algorithm 1 Learning weak classifiers by using local and dynamic global features
Input: N, positive samples; N, negative samples.
Initialisation: Let 75, = ¥, = Sr, where S is the sum of intensities in the whole window. Let
k=1.
Output: (/. (®y. D). (Y], (P, P})).
1: Find the k™ local weak cla551ﬁer WK with threshold TF = >"" | (S, — Sp,); where my is the
total number of local features in the k" classifier.
2: Find the next (k + 1) weak classifier %k+1;
: Find the k™ pair of global weak classifiers ®% and ®%,, corresponding to the black and white
parts of the local feature, respectively; set Tk = Y 7| (¥, — Sg,), and Th, = 3% (Y6, —
Sw,);

(o8

: Decide to choose the best classifier(s) among (&%), (%) and wk'H,

4
5: if a global classifier is selected then
6: Update the values of ¥, and ¥, as: ¥G,, = Y6, + Sw;» Y6, = Y6y — Sa:s
7: Set k = k + 1, find the next local weak classifier 1//f;
8: Go to Step 3;
9: else
10: k=k+1;
11: Add ¥} to the cascade and search for next local weak classifier ¢k+1 ;
12: Go to Step 3;
13: end if

even if their rejection rate becomes equal or near to equal, the global features are
preferred.

Pseudo-code for the learning cascades is provided as Algorithm 1. Applying the
learning process, the following weak classifiers are obtained:

(Wf, (@5, D)), ..., (W), (P, D)), (5.12)

where the optional pairs (®%, ®%,) denote global features and (Y7, (P}, P},)) are
the triplets referring to the sets of “one” local feature and “two” subsequent global
features.

5.10 Experimental Results

This section reports on the experiments done for the proposed adaptive classifier,
the tracking platform, and the global Haar-classifier.

Two video sequences and two datasets were used in the experiments. Figures
5.15, 5.16, 5.17 and 5.18 show the results of eye-status detection using a standard
classifier and the implemented adaptive classifier. The images have been selected
from various recorded video sequences with extremely varying lighting. Tables 5.2
and 5.3 provide the details of TP and FP detection rates performed on the two most
difficult videos (5 min each), and two face datasets (2,000 images each).
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Fig. 5.15 Video 1: Face and eye-state detection under sun strike and very bright lighting condition;
standard classifier (fop) vs. adaptive classifier (bottom)

Fig. 5.16 Video 2: Face detection with sunglasses under light-varying conditions; standard
classifier (fop) vs. adaptive classifier (bottom)

Fig. 5.17 Yale database: face and eye-state detection under difficult lighting conditions; standard
classifier (fop) vs. adaptive classifier (bottom)



5.10 Experimental Results 117

Fig. 5.18 Closed-eye dataset: face and eye state detection with standard classifier (top) and
adaptive classifier (bottom)

Tal;le 'S? Plelrforma;lcz Standard V-J classifier
analysis for the standar Face Open Closed
classifier
TP FP TP FP TP FP
Video 1 97.5 0.01 82 32 86 44
Video 2 81.1 1.02 - 05 - 0.32
Yale DB 863 0.05 794 0.1 - 0.07

Closedeye DB 922 0.06 87.5 3.7 842 39

Table 5.3 Performance

; ! Proposed adaptive classifier
analysis for the adaptive

. Face Open Closed
classifier
T FP TP FP TP FP
Video 1 99.3 0 96.1 0.27 957 0.32
Video 2 9.6 001 - 0.01 - 0
Yale DB 98.8 0.02 973 O - 0.01

Closedeye DB 99.5 0.02 99.2 04 962 0.18

Figure 5.19 illustrates partial face tracking results and error indices in x-
coordinates, for 450 recorded sequences while driving. Using adaptive Haar-like
detectors, we rarely faced detection failure for more than five consecutive frames.
However, we deliberately deactivated the detection module for up to 15 consecutive
frames to check the tracking robustness (shown as a grey bar in Fig.5.19). The
results show promising tracking without any divergence. Similar results were
obtained for y-coordinates and face size tracking. Comparing ground truth and
tracking results, the average error index was +0.04. Adding a safety margin of
4% around the tracking results, we were able to recursively define an optimized
rectangular search region for the adaptive Haar-classifier instead of a blind search
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Fig. 5.19 Tracking results with acceleration (the blue graph) and without acceleration (the green
graph). Grey blocks: the moments with deliberately deactivated measurement-module (no red
graph), but still successful tracking results

in the whole image plane. We define

P, = (x;_, —0.04 x 640, y;_, —0.04 x 480) and (5.13)
Pi = (i +0.04x 640 + 1.4 w, yi_; +0.04x480 + 1.4-w) (5.14)

as the optimized search region, where P}( and P% point to the upper-left and lower-
right corners of search regions at time k, pairs of (x,l_l, )’11—1) and (x,%_l, y,%_l) are
upper-left and lower-right coordinates of predicted faces at time k — 1, and w is the
predicted face width at time k — 1.

Figure 5.20a shows a good tracking after 5 frames; Fig. 5.20b shows a perfect
tracking after 10 frames. Figure 5.20c illustrates a failed face detection due to face
occlusion while steering; however, a successful face tracking (yellow frame) has still
led to a proper eye detection. Figure 5.20d shows another good “match” of detection
and tracking with accurate closed-eye detection.
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= Open Eye detection = Closed Eye Detection
—— Face detection Tracking

Fig. 5.20 Face, open eye, and closed eye detection and tracking while driving in daylight

=== Open eye detection === Face detection Face tracking

Fig. 5.21 Face, open eye, and closed eye detection and tracking at night under difficult lighting.
(e) detection failure due to motion blur; yet still robust tracking

Figure 5.21 shows very good results for eye detection and tracking at night in the
presence of sharp back-lights, strong shades, and very dark conditions.

While a standard Haar-like face detector performs acceptably under ideal lighting
conditions [311], it underperforms under challenging illumination conditions, even
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for frontal face detections. We observed that a phase-preserving denoising, followed
by the proposed dynamic global features, can lead to considerable improvements in
the true detection rate, in comparison to that obtained using a standard Haar-like
classifier.

In order to validate the methods proposed in this chapter, we designed four
classifiers using two preprocessing methods and different combinations of the local,
global and dynamic global features. The first detector (VN + Standard Local Haar)
was trained based on variance-normalized samples using only the standard local
Haar-like features. The second classifier (VN + DGHaar) was also trained from
variance-normalized preprocessed samples, but this time by using both local and
dynamic global Haar features. The third detector (PPD + GHaar) was trained using
local and global features, and the training dataset was enhanced by phase-preserving
denoising techniques. The last detector (PPD + DGHaar) used local and dynamic
global features, also based on the denoised training dataset.

For training all four classifiers, we used a large dataset of 10,000 face samples
from different ages, genders, races, and nationalities, mainly from the AR [6] and
Yale [300] datasets.

In addition, 50,000 non-face samples were considered as negative samples to
train each stage of the cascade. Non-face samples were selected randomly from
a dataset of scene categories [128]. This dataset consists of 15 natural scene
categories, including buildings, offices, roads, and landscapes.

We evaluated the performance of the four classifiers in terms of the number of
features involved at each stage, speed, and precision rate.

Figures 5.22,5.23,5.24 and 5.25 depict the distribution graphs of local and global
features for each of the four mentioned classifiers.
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Fig. 5.22 Distribution of features for the trained classifier, based on the variance normalized
dataset and standard (local) Haar features (VN + Standard local Haar)
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Fig. 5.23 Distribution of features for the trained classifier, based on the variance normalized
dataset, local Haar features, and dynamic global Haar features (VN + DGHaar)
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Fig. 5.24 Distribution of features for the trained classifier, based on the denoised dataset, local
Haar features, and global Haar features (PPD + GHaar)
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Fig. 5.25 Distribution of features for the trained classifier, based on the denoised dataset, local
Haar features, and dynamic global Haar features (PPD + DGHaar)

Figure 5.22 is related to the first classifier (VN + Standard Local Haar) and shows
a total number of 394 features in a cascade of 14 weak classifiers. The graph shows
that the first classifier involves the highest number of features, compared to three
other classifiers. This also means a higher computational cost for the detection
process.

Figure 5.23 represents a faster classifier with a considerably smaller number of
local features and a total number of 367 features, including both local and dynamic
global features. The classifier was trained based on the variance normalized dataset
(VN + DGHaar). Figures 5.24 and 5.25 show feature distributions when we trained
the classifiers with a phase-based denoised dataset. While the total number of
features in the graphs shown in Figs.5.24 and 5.25 are very close to each other
(255 and 262, respectively), the Classifier PPD + DGHaar outperforms the other
three classifiers as explained below:

Considering a 50% rejection rate for each stage (each weak classifier), 98.4% of
non-face images will be rejected within the first six stages (2,61:1 0.5" = 0.984).
Thus, having the minimum number of features in the first six stages plays a very
crucial role (i.e. the smaller the number of features, the faster the classifier). As
the graphs show, the classifier PPD + DGHaar uses only 40 features in its first
six stages, while the classifiers VN + Standard local Haar, VN + DGHaar and
PPD + GHaar involve 60, 56 and 46 features, respectively, in the six early stages.
This means the PPD + DGHaar classifier is performing 50, 40 and 15% faster than
the other three classifiers, respectively.
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@ VN+ Standard local Haar Bl VN+ DyGlobal

Fig. 5.26 Sample detection results (on low-quality images) for the first two classifiers trained
based on standard Haar features (orange circles) or dynamic global features (blue squares), using
a variance-normalized dataset

In addition to computational cost, we also analyzed the effectiveness and
accuracy of the four classifiers in terms of recall rate and false alarm.

Figures 5.26 and 5.27 show detection results for the MIT-CMU test images that
were not used for training of the classifiers. The figures illustrate that the trained
classifier based on the dynamic global classifier and phase-based denoising provides
more accurate results.

Figure 5.28 illustrates the receiver operating characteristic (ROC) curves for the
four mentioned detectors evaluated on the MIT-CMU [33] dataset. The graphs show
that the best results were obtained using the PPD + DGHaar detector. It can also be
observed that PPD + GHaar performs better compared to the classifiers that only
use local features.
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@ PPD + Global “ PPD + DyGlobal

Fig. 5.27 Sample detection results for the last two classifiers trained based on global features (red
circles) or dynamic global features (green squares), using the proposed denoised dataset

Pursuing further evaluations, Table 5.4 provides a comparison between the
proposed PPD + DGHaar classifier, standard Viola—Jones, as well as four other
state-of-the-art face detection techniques.

The overall results confirm that the proposed method not only incorporates a
smaller number of features (thus, faster operation), but also outperforms the others
in terms of a higher detection rate and a lower number of false-positives. This being
achieved by (1) consideration of both local and global intensity information within
the sliding windows; (2) the denoised training dataset; (3) the training strategies
proposed in Sects. 5.2, 5.3 and 5.5.
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Fig. 5.28 ROC curve of the proposed detectors on the MIT-CMU dataset. PPD+DGHaar denotes
the classifier trained based on denoised samples using the local and dynamic global features.
PPD + GHaar denotes the classifier trained based on denoised samples using local and global
features. Similarly, the other two detectors are trained by variance normalized datasets

Table 5.4 Comparison between the proposed PPD+DGHaar classifier and five other state-of-
the-art face detection techniques

Method Detection rate (%) False positives (#)
Proposed method 96.4 62
Viola and Jones [271] 86.3 153
RCBoost [225] 94.0 96
Pham [194] 91.0 170
Opt [226] 95.0 900
Chain [297] 93.0 130

5.11 Concluding Remarks

The chapter considered four parameters “speed”, ‘“noise”, “lighting condition”
and “tracking” as the important factors in any classification problem. First, we
introduced an adaptive framework in order to obtain a fast and efficient facial feature
tracking under difficult lighting, clearly performing better than standard Viola—Jones
classifiers. While the tracking module minimized the search region, the adaptive
module focused on the given minimized region to adapt the SWS, SF and MNN
parameters depending on regional intensity changes in eye-pair surrounding areas.
Both modules recursively improved each other; the face tracking module provides
an optimum search region for eye detection, and in turn, the adaptive eye detection
module provides geometrical face location estimation to support a Kalman tracker,
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in case of a temporary tracking failure. This led to a six times faster processing and
more accurate results using only a low-resolution VGA camera, without application
of IR light, or any pre-processing or illumination normalization techniques. We
recommend the proposed method to be considered as an amendment for other Haar-
based object detectors (not limited to face or eye-status detection) to gain detection
improvements under challenging environments.

We investigated further the effect of a preprocessing technique on the training
image sets used for boosting-based detectors. Phase-preserving denoising of images
is used to pre-process the input images. We also proposed two new types of Haar-
like features called “global” and “dynamic global” Haar features, for the first time.
These types of features supported faster calculations than local Haar features and
provided a new level of information from the query patches.

Four distinct cascades were trained with and without using the denoised images,
and with and without global Haar features. Finally, the resulting detection rates
and the false-alarm rates proved a significant advantage for the proposed technique
against state-of-the-art face detection systems, especially for challenging lighting
conditions and noisy input images.

The techniques proposed in this chapter are expected to be effective and
applicable for various object detection purposes.



Chapter 6
Driver Inattention Detection

6.1 Introduction

Face detection is arguably still difficult for extreme head poses or challenging
lighting conditions [294]. A real-world ADAS needs to understand and update the
driver’s behaviour over time (e.g. by analyzing facial features, or by steering-wheel
motion analysis). The system also needs to detect potential hazards on the road.
The requirement of simultaneous in-out monitoring (i.e. driver and road) requires
concurrent object detection, tracking, and data fusion, all in real-time and with a
high level of precision.

In this chapter, we introduce solutions for estimating the driver’s head pose, to
assess the driver’s direction of attention, yawning detection, and head nodding based
on two novel ideas of asymmetric appearance modelling (ASAM), and what we call
the Fermat-point transform.

Using monocular vision only, we keep the system as low computation as possible,
while the high accuracy of the proposed methods enables us to compete with state-
of-the-art techniques. To the best of our knowledge, no previous research has jointly
addressed all of the above-mentioned subjects in one integrated real-time solution.

Jian-Feng et al. [102] propose driver-fatigue detection using the same standard
active appearance model (AAM) introduced by Cootes [35] by fitting it to an eye
region, followed by head-gesture detection based on the face-centroid. The method
appears to be too basic to be applicable in highly-dynamic real-world scenarios.

Mosquera and Castro [254] use a recursive algorithm to improve the convergence
accuracy of driver’s face modelling. Results show improvements compared to
Cootes” AAM method [35]; however, it does not take the driver’s facial features
into account.

© Springer International Publishing AG 2017 127
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Fig. 6.1 Sixty-four keypoint landmarks (/eft). Symmetric Delaunay triangulation (middle). Asym-
metric intensity variations (right)

Chutorian and Trivedi [175] propose a method to monitor driver’s activity by
using an array of Haar-wavelet AdaBoost cascades for initial face detection, and by
applying localized gradient orientation (LGO) as input for support vector regressors.
The method uses a rigid facial-mesh model to track the driver’s head. There is a
general weakness here as the tracking module may easily diverge for face shapes
that are very different from the reference “mesh model”.

Visage Technologies® provides a state-of-the-art head tracker [273] based on
a feature-point detection and tracking of nose boundary and eye regions. Despite
obtaining accurate results under ideal conditions, their tracking fails in the presence
of noise and non-ideal conditions.

Kriiger and Sommer use Gabor wavelet networks [126] for head-pose estimation.
Claimed advantages cover, for example, independence to affine deformations and
high-precision of the algorithm for any desired input; also the input may range from
a coarse representation of a face to an almost photo-realistic subject. Nevertheless,
the experimental results are not backed-up by a validation or comparison with other
techniques.

In this chapter, we provide solutions for two important challenges that have
been addressed insufficiently so far: (A) How to deal with intensity asymmetry and
unbiased illumination for the same object, such as a driver’s face (Fig. 6.1, right)?
(B) How to map one generic 3D face model into various deformable faces (Figs. 6.7,
6.8, and 6.9)?

The next sections of this chapter are organized as follows: Sect. 6.2 proposes
an asymmetric shape- and appearance-modelling technique to retain the shape
and appearance of an input face of an unknown driver. Section 6.3 introduces an
improved technique for 2D to 3D pose estimation based on the standard EPnP
technique and the Fermat-point transform (for the first time), that together lead to
a highly accurate head pose estimation. Section 6.4 provides further experimental
results. Apart from analyzing the selected feature points obtained from the previous
shape modelling stage, this section also discusses yawning and head-nodding
detection. Section 6.5 summarizes the chapter with concluding remarks.
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6.2 Asymmetric Appearance Models

Appearance models (AM), as originally introduced by Cootes et al. [35], are widely
used for object modelling, especially in the context of face processing. In order to
define a face-AM, we need to train a variation of face shapes (the shape model) and
variation of face intensities (the texture model). In other words, we need to combine
a model of shape variation with a model of intensity variation. Rather than tracking
a particular object (or a particular face) with a particular pose (or expression), an
active appearance Model (AAM) iteratively tries to refine the trained model with
the target image, in order to reduce the matching errors and to lead to a best model
match. Current research addresses the underlying optimization problem (to find an
improved fitting algorithm) and the reduction of matching errors.

6.2.1 Model Implementation

Considering 64 point-landmarks, as illustrated in Fig. 6.1, left, and using the MUCT
face dataset [172], we create an annotated face dataset in order to train a generic
face-shape model. Following the standard AM approach [35], and applying a
uniform coordinate system, a vector f = [xo, o, . . ., i, y,-]T represents an annotated
face. A face-shape model is defined as follows:

f=f+ Pb,,. (6.1)

where f is the mean face shape after applying a principal component analysis (PCA)
on the available annotated face dataset, P; is an orthogonal matrix of face-shape
variations, and by is a vector of face-shape parameters (given in distance units).

By applying a translation (%, #,) and a rotation with scaling (s, = s-cosf — 1,
sy = s-sin ), each sample face is warped into the mean shape model, thus creating
anew face F. Let F = S,(f) be this warped image, where S; is the warping function,
and t = [sy, sy, f, 1,] T is the pose parameter-vector.

Figure 6.2 illustrates the steps for creating the appearance face model based
on just two sample faces. The second row of Fig.6.2 shows examples of shape
variations with different deformation parameters applied on each sample face, based
on the chosen 64 point-landmark strategy. The blue shape shows the obtained mean
face-shape model.

To create a face texture model (intensity model), first a symmetric Delaunay
triangulation is applied on shape feature points for each sample face (Fig.6.1,
middle). Considering g as a texture vector of a sample face image, similar to the
shape-warping stage, we have a mapping g — g*, where g* is generated after
scaling and adding an offset to the current intensity vector g. In this way we create a
shape-free “intensity patch” for each sample face given in the training dataset. This
is done by raster scanning into the texture vector g, and a linear normalization of g
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Fig. 6.2 Conversion of face shape and face texture models of two sample faces into a mean
appearance model

for every half of the face as follows:

—u 107 — e 117
gz — [gL ”’L ] , g; — [gR ”’R ] , (62)
oL OR

where p;, L and ULZ, 01% are means and variances for the left and right part of the
face-intensity patch, g;, gg are the left and right half of the g vector, gf, gy are
normalized data, and 1 is a vector of ones (for filling in the remaining positions).
After normalization we have that g"‘T -1=0and|g*| = 1.

As part of the asymmetric appearance models (ASAM), Eq.(6.2) considers
individual asymmetric intensity normalization for the left and right half of a face.
This is a simple but important step that can help to prevent divergence of face-
shape matching due to cumulative intensity errors. Figure 6.1, right, shows how
face intensity can vary depending on the light source location and due to the nose
bridge. This is a very common case in applications such as driving scenarios, where
one side of the face appears brighter than the other side.

Similar to the shape-model case, by applying PCA on the normalized intensity
data, a linear face intensity model is estimated as follows:

gL = g_f + Py by, gk = g_; + Py by, (6.3)

where g* is the mean vector of normalized grey-level or intensity data, Py is an
orthogonal matrix of texture-modes of variations, and b, is a vector of intensity
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parameters in grey-level units (Fig. 6.2, third row). We apply this as an individual
process for each half of the face.

The shape and texture of a face can therefore be summarized by b and b,. Since
there is some correlation between shape and intensity information, a combined AM
is considered. For each sample face, a concatenated vector b is defined as follows:

Wb, W,PT(f—1)
= s 6.4
[ by } [ P;(g—g") ] 4

where W; is a diagonal matrix which defines appropriate weights for the concate-
nation of by and by at places where they have different units (one comes with the
units of distance, and the other one comes with the units of intensity). The RMS
change in g, per unit change in by, is considered to define appropriate weights W
for Eq. (6.4). This makes b, and by proportional. Applying another PCA to these
vectors, the AM is given as

b = Qc, (6.5)

where c is the vector of parameters for the combined AM which unifies shape and
intensity models:

f=f+PW,Qc , g=g*+P,Qqc. (6.6)

Matrix Q is subdivided as follows:

Qy
= . 6.7
< [ Qq } ©7

6.2.2 Asymmetric AAM

Reviewing the Cootes et al. method [35], the active appearance model (AAM) refers
to an active search and refinement process to adapt a previously trained face-AM
into an unknown face; and with asymmetric AAM (ASAAM) we process a face as
an asymmetric object.

Let us assume we would like to interpret the facial features of an unknown driver.
After finding the initial position of a 2D face in the input frame we aim to adjust the
model parameters ¢ to match the trained AM to an unknown input face as closely as
possible.

Model matching is a crucial step in our algorithm, as all the next stages including
head-pose estimation, head-nodding and yawning detection, can directly be affected
by the accuracy of our model matching methodology.
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Algorithm 2 TIterative search and model refinement

1: Use g, = T, '(gin) to project the texture sample frame into the texture model frame.

: Calculate the current (initial) error, Ey = |r|> = |g, — g,|? for face halves.

: Evaluate the predicted displacements based on the RMS method, §p = —R - r(p), where R is
—1

ol 8r) sl

sp  dp ép -

W N

the matrix of texture sample points and the model parameter is R = (

4: Setk =1.

5: Set p = p + k&p to update the parameters of the model.

6: Calculate F’ and g/, as the new points, and new texture model frame, respectively.

7: Sample the face at F”, so as obtain a new estimate of g/, .

8: Evaluate a new error vector, ' = T}, (g/,,) — g/,; therefore the new error E; = |r'|2,
9: if E; < E, then

10: Accept the last estimate,

11: else

12: Setk = k/2,

13: Go to Step 5; repeat until no further decrease for |r’|?

14: end if

Before proceeding with model initialization, we need the driver’s face location.
We use our proposed GHaar features and classifier from Sect. 5.8 and in [216]. The
classifiers can return a robust face detection and localization even under challenging
lighting conditions. Having model parameters ¢, and shape-transformation param-
eters t, the rough position of the model points F can be calculated on the image
frame, which also represents the initial shape of the face patch.

As part of the matching process, pixel samples g;,, from the region of the image
are taken and projected to the texture model frame, g; = T, ' (g,,). Given the current
texture model g,, = g* + Qgc, the difference between the current image frame and
the current model is:

r(p) = g — &n» (6.8)

where p is the parameter vector of the model:
p'=([tTul). (6.9)

Applying RMS and measuring residual errors, the model parameters can be
gradually refined. This can be seen as an optimization approach in which a few
iterations lead to smaller residuals, thus to the best match of the model with the
input face. Starting from a current estimation for appearance model parameters c, at
position t, texture transformation u, and a face example with the current estimate as
gin, the iterative algorithm is summarized as Algorithm 2.

Experimental results show that after 3 to 5 iterations, the ASAAM method
rapidly converges to the actual face image. Figure 6.3 shows an example of
an inaccurate model fitting by the standard AAM, and an improvement by the
asymmetric active appearance model (ASAAM).
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Fig. 6.3 (Left) An inaccurate model fitting on the left face-half using a standard AAM method.
(Right) a perfect model matching for both face halves using ASAAM

6.3 Driver’s Head-Pose and Gaze Estimation

In the previous section we described tracking of the driver’s face-shape model by
localization of the key feature-points.

This section introduces driver’s pose and gaze estimation in six degrees of
freedom, based on mapping 2D feature-points into a 3D face model. The section
also introduces the Fermat-point transform, for the first time.

We describe a conical gaze-estimation method as the preliminary step to analyze
the driver’s direction of attention and its correlation with the location of detected
hazards (e.g. vehicles) on the road.

Different approaches have been proposed such as pose detection from orthogra-
phy and scaling (POS), or POS with iteration (POSIT) [45, 77, 153], 3D morphable
models [295], or more recent research such as application of randomized decision
forests [238], or multi-view based training approaches [294].

All of the above-mentioned work, even the most recent one, only considers a
generic 3D object model, or a set of convex polygons to create a model-reference
for pose detection. However, regardless of the pose-detection methodology and 3D
model specification, the matching error of a 3D model with a query object has not
been addressed so far.

This section contributes on both issues: Selection of an optimum generic 3D
model, and proposing a solution to minimize the 2D to 3D matching error; therefore
a more accurate and faster pose estimation can be achieved.

In the next two sub-sections, we provide a trigonometry-based solution to reduce
pose-estimation errors that happen due to differences between the 3D face model
and the 2D face-shape variation among different people (drivers).
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6.3.1 Optimized 2D to 3D Pose Modelling

Figure 6.4 shows the pinhole-camera model [45] with calibrated focal length f,
center of projection O, axes Ox, Oy and Oz, and unit vectors i, j and k in camera
coordinates. In the 3D object plane, we have a face model with feature points F7,
F», ..., F,. The coordinate frame for the face reference is centred at Fy, and it is
specified by (Fou, Fov, Fow).

Based on the steps described in Sect. 6.2, the shape of the driver’s face is already
computed. Hence, for every feature-point F,, we already know the coordinates of
(Fyu, Fyv, Fyw). Consequently, corresponding projected points py, pa,.. ., p, on the
image plane are also known as (x,,y,). However, the coordinates of (X,, Y,,Z,)
on the camera frame are unknown and need to be computed. By calculating the
rotation matrix and the translation vector O — F), the driver’s face-pose can be

Object plane
(X,Y.2)

N

Image plane
(xy)

Fig. 6.4 Projection of a 3D face model M into the image plane ¢
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defined. Combining the information derived so far, we have:

iy Iy iy Iy
R = Judv w | t= Ly |, (6.10)
ky ko Koy i
f 0
C=|0fc, |, P= [1;3” t31“], (6.11)
O 0 1 1x3

where R is the rotation matrix, t is the translation vector, C is the camera matrix, f
is the focal length, (cy, c,) is the camera’s principal point, and P is the pose matrix.
Thus, the projection of a given object point (X,, ¥, Z,) into the camera-coordinate
system can be represented in the following order:
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To compute R, we only need i and j (k is simply the cross product i x j). On the
other hand, according to Fig. 6.4, the translation vector t is equal to the vector OF).
Having Opy and OF) aligned, it follows that

Z
t = OF, = fo Opo. (6.13)

Therefore, by calculating i, j and Zy (here the depth of point Fy), the pose of the
face can be defined. Depth variation within a driver’s facial feature-points is small,
compared to the distance between camera and face (i.e. Oa &~ Od’). Thus, we can
approximate the depth of every point F), as equal to Z,. Consequently, this simplifies
the previous expression, and the projection of any point (X, Y,,, Z,) from the object
plane to the image plane can be expressed as

= (% 1 6.14
(Xn,yn) = (on ’on) (6.14)

or as

(6.15)
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where 1 + Az = Z” . Let r; and r; be vectors of length 4 defined by the elements
in the first and second row of the matrix P in Eq. (6.11), respectively. Thus, the
4-dimensional vectors I and J can be defined as follows:

1= irl and J= U ;. (6.16)

Knowing the coordinates of vectors FoF, in the object plane, and knowing the
coordinates x,, y, for points py and p, in the image plane, the fundamental equations
are as follows:

(FoF,)T -1=%, , (FoF,)"-J=x, (6.17)
x,/1 =x,(1 + Az,) y; = ya(1 + Az,) (6.18)
Az, =r1] - <§ff';>. (6.19)

Any given (approximated) initial value for Az, solves the above equations, thus
the driver’s face pose can be approximated.

Regarding the selection of an optimum 3D model, we perform a statistical
analysis on 84 three-dimensional face models from the TurboSquid dataset [264],
firstly to select the best generic 3D model, and secondly to assess depth-mean and
variance of a human face in the regions of eyes, nose tip, mouth and ear-tops.
Knowing f and Z, (the distance of our camera mounted in front of the dashboard),
and applying our statistical analysis mentioned above, we derive an initial value
Az, = 0.082. Once i and j are computed, the value of Az, can be refined and
optimized after two or three iterations. This is much faster than a blind POSIT
algorithm that needs four to ten iterations to refine Az [153].

6.3.2 Face Registration by Fermat-Transform

This section introduces the selection of appropriate facial-feature points and a
registration technique for matching the driver’s 2D face-image into a generic 3D
face-model. As part of our algorithm to obtain roll, yaw, and pitch angle of the
driver’s face, we use the state-of-the-art method of EPnP by Lepetit et al. [131], in
conjunction with a novel pre-processing step to minimize the mismatch errors of
2D-to-3D corresponding points.

Some of the works that use the Perspective-n-Points (PnP) method normally
consider four points around the nose boundary [77, 175]. This may, in general,
simplify the case to a planar problem, as the sampled feature points around the nose
boundary have almost the same Y-depth in the camera-coordinate system. However,
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a weakness is that those feature points cover only a limited area of the face region,
which might also be affected by noise. This causes larger error values for matching
the driver’s face and the 3D model.

Using a five-point correspondence, we consider pose estimation of a driver’s
face as a P-5-P problem. Generally speaking, the method estimates the pose of the
camera from n 3D points to the corresponding 2D points. The main idea is to define
n 3D points as a weighted sum of four control points as below:

—_ 4 F _ V4 P
F, = j=1anjcj s pn_2j=la"jcj

with Y ay=1 & n=1,..5 (6.20)

where Cf and ij are control points of a 3D model and the image coordinate system,
respectively, and «,; are homogeneous barycentric coordinates. The control points
may be selected arbitrarily or aligned with the principal direction of the data. Let

in the 3D model. Then we have that
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where w, are scalar projective parameters.

Although four sets of points in both world-coordinate and image-coordinate
systems are sufficient to solve a PnP problem, we use five points (ears’ top, nose tip,
and mouth corners) in order to maintain both redundancy and robustness towards
image noise, and to reduce the impact of potential errors from the ASAAM step.
Furthermore, these five points potentially cover a wider region of the face, also with
different depth values.

Before proceeding further with the EP5P solution, we propose a new point-set
transform and normalization to minimize the 3D model’s matching error with the
actual face shape. The objective is to gain a more accurate pose estimation, and to
avoid model-matching divergence and failure of the EP5P, due to residual errors.

After solving Eq. (6.12), we rescale the shape of the driver’s face (obtained from
the ASAAM stage) to match the points ps and ps to known corresponding points
F4 and F5 in the 3D model (Fig. 6.5). However, due to face-shape variation, we can
expect that the three remaining points (i.e. p1, p» and p3) will not exactly match to
the corresponding points in the 3D model (F;, F, and F3).
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Fig. 6.5 Determining roll, yaw, and pitch of a driver’s face based on ASAAM, driver’s face-shape
normalization, and EPnP

Fig. 6.6 Calculation of the Fermat point with minimum distance to the triangle’s vertices

This is especially a matter of concern for the nose tip (p;), as the nose length
may highly vary from person to person. As a novel contribution in this section we
adapt the Fermat—Torricelli problem [65] from the geometric world into our CV
application to minimize the model matching error. Finding the Fermat points and the
isoganic centres P1 and P2 for the triangles AF; F,>F5 and Ap;p,ps (as per Fig. 6.6)
and translating p;p,p3 (with no rotation) so that P, matches P;, we have that

3
Py = i \/F"—"Z Fr—pn)2o . 2
sy arggé%g; (x p,\f +(} p} (6 3)
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This means that the nose-region triplets (p;, p2, p3) are translated in an order such
that they have the minimum total distance to corresponding triplets (F, F», F3) in
the 3D model. We call the above process the Fermat-point transform.

Since a vehicle’s driver does not change during a driving course, we apply the
same scaling and relative translation to all input faces and all the pre-calculated
Delaunay triangles, with respect to the Fermat point, P. This guarantees that our
refined face shape-model fits to our 3D model, as closely as possible, while we
keep the p4 and p5 unchanged, at their original locations. Figure 6.5 shows the final
results of driver’s attention estimation based on the proposed techniques in Sects. 6.2
and 6.3.

6.4 Experimental Results

For the training stage of the proposed ASAAM model, we used a set of 7512 images
from the MUCT face dataset [172], each one annotated as per the proposed 64 point-
landmark approach (6.1, left), followed by 2500 pixel intensity sampling from each
half of a face.

6.4.1 Pose Estimation

In addition to the sample result shown in Fig. 6.5, we performed a further analysis
to verify the robustness and accuracy of the proposed method in comparison to a
standard AAM.

Figures 6.7, 6.8, 6.9, 6.10, and 6.11 show the experimental results applied for
different drivers, different poses, and different lighting conditions. Without the need
for ground truth data analysis a visual inspection confirms a significant improvement
compared to the AAM method as well as a very close match for the pose of the
3D model and the actual pose of the driver face. Regardless of the face shape,
appearance, and lighting condition, we used the same generic 3D model for all the
faces, and the proposed method was able to follow the driver’s pose very accurately
without any model divergence or failure over a video dataset of 26 min driving in
day and night. Using a Core i7 PC with 8 GB RAM, the entire system was able to
perform in real time, at the speed of 21 frames per second.

6.4.2 Yawning Detection and Head Nodding

Having already detected feature points for the driver’s face, we can easily detect
yawning as per Fig.6.11, left, by measuring mouth openness over a continuous
period defined by a time threshold (e.g. more than 1.5 s of continued wide-mouth
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Fig. 6.7 Driver’s head-pose estimation based on ASAAM, Fermat-point transform, and EPnP;
(Daylight 1)
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Fig. 6.8 Driver’s head-pose estimation based on ASAAM, Fermat-point transform, and EPnP;
(Daylight 2)



6 Driver Inattention Detection

Fig. 6.9 Driver’s head-pose estimation based on ASAAM, Fermat-point transform, and EPnP;
(Night Condition)
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Fig. 6.10 AAM vs. the proposed ASAAM. The shape deformations due to residual errors are
highlighted by yellow arrows
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Fig. 6.11 Yawning and head nodding detection

openness):

. d(a,d’)
t i)
0 otherwise,

>0.6 and Ar> 1,

K@) = { (6.24)

where ¢ is time, and At is a continuous time elapsed after the first mouth openness
detection. Similarly for the head-nodding detection we define:
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Juld) { 0 otherwise,

where f, (f) measures the proportion of the mouth width to the distance of nose tip
(i.e. b) to the upper lip (i.e. ') (Fig.6.11, left). The threshold is defined based on
2.5m of distracted driving, depending on the vehicle’s speed, and the elapsed time,
after the first occurrence of a head-nodding detection. Considering 0.5-0.8 s as the
driver’s reaction time after raising a warning alarm (Fig. 6.11, right), the system will
not allow more than 4.5 m of unconscious driving.

6.5 Concluding Remarks

This chapter reviewed the latest research on head pose estimation. We identified
three important weaknesses among the proposed methods, including failure of face
shape modelling due to challenging lighting conditions and intensity variation in
face halves; unstable pose estimation and pose divergence due to residual errors
from mismatch of the face model to the generic 3D model; and slow operation of
previous work due to the need to model refinement within several iterations (up to
10 iterations). We proposed methods and solutions for all three identified issues.
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We introduced the ASAAM to solve the problem of intensity variation in face
halves which led to more accurate face shape modelling. We also selected a generic
face model and a 5-point facial feature point analysis followed by a Fermat-point
transform that led to both a faster and more accurate 2D to 3D matching with lower
residual errors, 3 times faster operation, and no model divergence. The method was
performed in real world driving conditions and was tested on different subjects; the
result proved a considerable step forward in the context of driver pose estimation.

Empirical test and analysis confirmed the accuracy and robustness of the
proposed method, over a wide range of recorded videos and different subjects
compared with a standard AAM. However, further analyses were not conclusive
as our asymmetric 2 x 32 point annotation approach was not comparable with other
methods (e.g. a 72 point land-marking).



Chapter 7
Vehicle Detection and Distance Estimation

7.1 Introduction

Rear-end crashes mainly occur due to driver distraction, drowsiness, or fatigue when
adriver fails to keep a safe distance from the lead vehicle. According to the statistics
published in 2012 for traffic safety in the USA, 28% of all traffic accidents are rear-
end collisions [178]. The cited study considers 19 crash categories such as rear-end,
head-on, guard-rail, crash with animal, crash with pedestrians, or rollover, plus their
rate of contribution in terms of total number of accidents, fatalities, injuries, and
property loss. Compared to 18 other types of collisions, rear-end crashes present the
highest rate of injuries (30.9%), with a fatality rate of 5.6%, and also the highest
percentage of property loss (32.9%) among all types of vehicle accidents in the
USA, at the reported time.

By maintaining early vehicle detection and warning, it is possible to provide
more time for a distracted driver to take an appropriate safe action to resolve driving
conflicts, and consequently, decrease the possibility of rear-end crashes.

Many researchers have already developed computer vision-based algorithms to
detect and localize vehicles on the road. However, most of the methods suffer from
either a lack of robustness in complicated road scenes, or from a very expensive
computational cost. This makes many of the developed methods unrealistic and
inapplicable as a driver assistance system.

Santos and Correia [227] use a symmetry-detection technique after performing
background subtraction based on an already known estimated background, using a
static surveillance camera. The approach is effective for detecting vehicles in cases
such as a parking lot with a pre-analyzed parking background; it is not suitable for
unknown environments or roads.

© Springer International Publishing AG 2017 147
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Choi [32] proposes an optical flow-based vehicle-detection method; still, there
are many missing detections if the relative speed between the ego-vehicle and the
observed vehicle becomes close to zero, and the road has a smooth or plain texture.

Very recent work by Garcia et al. [74] proposes a fusion technique using
RADAR and optical flow information. While the RADAR sensor can have multiple
detections for the same vehicle, the optical flow technique can only detect overtaking
vehicles with considerable velocity differences compared to the ego-vehicle, thus
there is the same weakness as in the method proposed in [32].

Haselhoff et al. [85] introduces a technique using Haar and triangular features.
Reported results indicate improvements compared to a standard detector using
Haar features only. Nonetheless, no validation tests and experiments have been
considered for night conditions or for challenging lighting situations.'

Huang and Barth [136], and Premebida et al. [202] fuse LIDAR data with
vision sensor data. The LIDAR sensor provides high-resolution but sparse range
information with a very limited object recognition ability. Then a Haar-based vehicle
detector is used to process the image recorded by the camera sensor, but only
within a predefined ROI calculated using LIDAR data. Such a fusion approach may
increase the certainty of the detection. However, a standard Haar-based detector can
easily fail in dark, noisy, or other non-ideal lighting situations. Therefore, in such
cases, LIDAR data would also not help in the reported work.

Ali and Afghani [3] and Han et al. [84] provide shade-based vehicle detection.
However, shades under the vehicles are not credible indicators for the existence of
a vehicle. A vehicle’s shadow varies in size and position; low sun causes a long
shadow, in many occasions much longer than the vehicle’s actual width, which also
falls to the side of the vehicle. Figure 7.1 illustrates an example of inaccurate vehicle
detection biased by a shadow which is falling to the left. On uneven roads (e.g. up-
hill) the shadow underneath a vehicle is often not visible at all.

Nguyen et al. [268] use stereo vision and a genetic algorithm; Toulminet
etal. [257] use stereo vision and 3-dimensional (3D) features. Both methods take the
advantage of depth information, represented in a disparity map, and apply inverse
perspective mapping. However, the reported feature detection does not support
accurate distinguishing of vehicles from other objects (i.e. false-positives) at night
or in complicated road scenes.

Vargas et al. [267] provide a vehicle detection system using sigma-delta-based
background subtraction to separate moving vehicles (foreground) from the road
(background). The recording camera is fixed (i.e. it is not mounted on a mobile
platform). The method is simple and computationally cost effective. It appears to
be well-suited for monitoring traffic density. However, the method is not able to
identify individual vehicles.

'We refer to challenging lighting conditions when the subject (e.g. a vehicle) is located under any
non-ideal condition such as very low light, night, very bright reflections, rainy, foggy, or snowy
weather, where object detection becomes very difficult, from a technical point of view.
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Fig. 7.1 An example of an inaccurate vehicle detection based on underneath shadow

In this chapter, we introduce an accurate, real-time, and effective vehicle-
detection algorithm to prevent imminent accidents under various conditions
(described in [120] as situations; e.g. day, night, rain, and so forth), also dealing
successfully with image noise.

This chapter is organized as follows: Sect.7.2 presents an overview of the
methodology that will be discussed in this chapter. Section 7.4 discusses line and
corner feature analysis for improvement of the detection accuracy. In Sect.7.5, a
virtual symmetry detection method is introduced for taillight pairing. In Sect. 8.2,
a single-sensor multi-data fusion solution is provided for vehicle detection based
on the Dempster—Shafer theory. The chapter continues by utilizing detection results
for distance estimation in Sect.7.7. Section 7.8 provides experimental results and
Sect. 7.9 concludes the chapter.

7.2 Overview of Methodology

One of the most important points that has been neglected in the reviewed research is
that the appearance of a vehicle can highly vary depending on the distance between
the observer and the vehicle. This challenge cannot be solved even by scale-invariant
methods, as the shape and details of a vehicle at close distance (a few meters) is
completely different to a vehicle’s appearance at a distance of, for example, 100 m
(Fig.7.2).
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Fig. 7.2 Left: Distant vehicles appearing as plain rectangles, with a shade underneath the vehicle.
Right: A close vehicle with multiple edges, shades, and complicated features and details

Thus, relying on a one-dimensional solution for robust vehicle detection for both
short and long distances appears to be hard and unrealistic to achieve. As discussed,
there are many publications on general object detection or tracking approaches that
are based on LBP or Haar wavelet classification; however, not many of them can be
suitable for highly dynamic and real-time applications such as vehicle surveillance
or monitoring. We actually need to incorporate domain specific information from
road conditions or vehicles’ characteristics to prevent false alarms or missing true
detections.

In order to detect vehicles ahead, we use a monocular camera, mounted in the
ego-vehicle, and forward-facing to the road. The objective is to detect multiple
vehicles in a road scene using multiple data clues captured by a single camera.
Challenges that need to be carefully considered are, for example, variation in
illumination, transition from a sunny scene into shade or a tunnel, light reflections,
various lights at night, and the diversity of vehicle types, makes, and models.
This creates a complexity which makes feature extraction and vehicle detection
extremely difficult; results are in general unstable if the applied methodologies are
designed for ideal indoor conditions [99].

Figure 7.3 outlines the main idea of the proposal. In contrast to research that puts
more effort into a single solution for vehicle detection, we propose a data fusion
approach using edge and corner features in conjunction with an adaptive classifier
based on global Haar features, called adaptive global Haar classification (AGHaar).
This enables us to detect far-away vehicles at low resolution, in a range of about 15—
100 m.

We also fuse temporal and dynamic intensity information, and a complementary
technique, called virtual symmetry detection (VSD), that covers vehicle detection at
very short distances (as close as 1 m) to the ego-vehicle, even when the recorded
vehicle occupies a major area of the input frame (Fig. 7.2, right).
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Fig. 7.3 Brief outline of the proposed detection algorithm, which combines a detection of
candidate regions using AGHaar features with a subsequent analysis on virtual symmetry, edge,
and corner features

Our algorithm is designed by following two fundamental assumptions: (A) the
idea that regardless of a vehicles’ make, model, or colour, all vehicles at a far
distance have similar features and appearances in common, including occlusion
edges between vehicle and road background, different light reflectance patterns
on the rear windshield compared to the body of a vehicle, a tendency towards a
rectangular shape, and a visible shade-bar under the vehicle’s rear bumper; (B) for
close distances, the situation is completely different; here, a vehicle shows much
more details and higher resolution, with a significantly different appearance to other
vehicles, different design style, different shape of bumpers, or different taillight
shapes.

To the best of our knowledge, there is currently no research reported on
monocular vision for the detection of very close vehicles in critical traffic scenes;
for example, where a vehicle suddenly joins in at an intersection, or due to a
previous occlusion. For such close-distance cases, despite the wide variety of vehicle
appearances, these vehicles all still present some common features:

1. a high likelihood of a taillight pairing;

2. a constrained geometrical relationship between the size and the distance of light
pairs;

3. red-colour spectrum range for taillights and brake lights.
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In the next sections we detail a novel hierarchical algorithm that is capable of
detecting vehicles both at far and close distances, with a substantial improvement in
terms of an increase in true-positive detection rate, and a lower false-positive rate.

An AGHaar classifier provides initial regions and candidates of interest. The road
scene and initial detections will be further processed by feature detection, taillight
symmetry analysis and a final data fusion as shown in Fig. 7.3. The overall method
eliminates many false-positive detections as well as retrieval of missed detections
(false-negatives). We also provide an accurate distance estimation technique using
a single monocular vision sensor.

7.3 Adaptive Global Haar Classifier

Extending our previous work discussed in Sects. 5.5 and 5.8 (also presented in [208]
and [216]), we adopt an adaptive classifier for vehicle detection, using Global Haar
features.

Figure 7.4 illustrates the concept of global features for a road scene, where we
extract global intensity information for the sliding window. This can represent, for
example, nearly uniform intensities on a road surface (i.e. when there is no other
object shown in the reference window), or a nearly constant intensity of a vehicle
(i.e. if a vehicle overlaps the reference window).

W
R e .
o W
Sliding window

Fig. 7.4 Left: A sliding window with three local Haar features. Right: At a given window position,
a local Haar feature (defined by white and black regions W and B) extends into two global Haar
features by comparing with the sum of image values in the whole reference window
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Fig. 7.5 Intensity measurements for road and sky regions under day or night conditions

In order to have an adaptive classifier for the intensity changes, we need to have
a proper estimate of the road lighting conditions. A road is a dynamic and complex
scene with different intensities due to sun, street lights, traffic lights, vehicles’ lights,
shades due to driving below trees, as well as shadows from moving vehicles, trees,
or traffic signs. Therefore, as a preliminary requirement for a successful vehicle
detection, we need to determine the conditions we are driving in, e.g. a sunny day,
evening, or at night.

To assess the road-scene intensity, we cannot simply use the mean intensity of the
pixels in the input frames. Figure 7.5 illustrates how we deal with intensity analysis
by segmenting a road scene into two parts: “sky” and “road”.

After analyzing mean intensity and standard deviation of road and sky regions
from 280 samples of road scenes, taken under different weather and lighting
conditions, we noticed that the top 5% of the sky region, and the bottom 5% of the
road region, normally provide an acceptable intensity estimate of the whole scene,
in which the measured values also fall within the scene-intensity standard deviation.

Based on this idea, we apply a 4-point intensity sampling at the expected sky and
road regions, as per the defined regions S; and S,, and R; and R, shown in Fig. 7.5. We
used 20 x i2/20 and w/20 x 20 patches where w and i denote the width and height of
the input sequence, respectively. Then, depending on the identified lighting situation
(e.g. day, night), we can adaptively adjust the classifier parameters as discussed in
Sect.5.5.3.
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Since a strong reflection spot, street lights, or a very dark shade may fall in one or
a few of these four patches, we applied a hybrid intensity averaging (similar to the
face intensity averaging in Sect. 5.5.2) including standard mean and mode (Mo) for
the road and sky region, to make sure we are measuring a balance of actual intensity
in the whole scene:
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where I;(A) is the hybrid intensity value of the sky region, and Qg, and Qg, are the
total numbers of pixels in the S; and S, sub-regions.

Figure 7.5, on the right, shows the obtained segments of the sky and road. Dark
blue and light blue segments are detected based on mean intensity measurements
of S; and S,, with a variation of £10. Similarly, the green segments show the road
surface based on R; and R,.

In the shown example of a night scene (Fig.7.5, bottom left), despite an
expectation of dark pixels, some bright pixels (due to street lights) fall into the S
region; this influences our mean-intensity measurement for the left patch of the sky;
consequently, a dark blue segmentation (bottom, right) shows regions around the
street lights, instead of showing the sky region as part of the light-blue segment.

However, on the other hand, the measurement in S, supports an “acceptable”
segmentation of the sky, shown as a light-blue segment.

The mode pixel value (the pixel value with the highest frequency of repetition
in §; U S,) determines which of the resulting segments (light blue or dark blue)
is a better representative of the sky intensity. By assigning A equal to 0.66,> we
consider a double importance factor for the detected mode intensity compared to a
standard mean; this consequently reduces the negative impact of any inappropriate
segmentation. In other words, for the night scene shown at the bottom of Fig.7.5,
the final value of I;(A) is automatically much closer to the intensity of light blue
segments rather than to that of the dark blue (actual sky) segments. A similar
approach is applied for road background intensity evaluation, (1), which is shown
by dark and light green segments.

As a final stage for defining the adaptive Haar-feature based detector, we
experimentally adjusted 10 sets of optimized values for the classifier parameters
SWS, SF and MNN based on 10 intensity values of I;(1) and I,(A) for the upper
and lower part of the input video sequence.’ This parameter adaptation is then
extended for the whole intensity range of 256 values based on Lagrange and cubic
interpolations as discussed in Sect. 5.5.3.

2Experimentally identified as the optimum value.

3nstead of 10, it could be any other number. The more the sets the better the interpolation results.
The number 10 proved to be sufficient for obtaining an acceptable interpolation.
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7.4 Line and Corner Features

Using the same training dataset, we created three vehicle classifiers using LBP,
Standard Haar, and AGHaar. Samples of vehicle detections are shown in Fig. 7.6.
The proposed AGHaar classifier provides more accurate initial vehicle detection,
clearly outperforming LBP and standard Haar classifiers. However, we still consider
those initial detections by AGHaar as being vehicle candidates or ROIs only. In
order to obtain even more accurate results (i.e. fewer false-positives and fewer false
negative) we continue our evaluation by analyzing line and corner features before
confirming that an ROI is a vehicle.

LBP LBP

| Standard Haar Standard Haar

AGHaar AGHaar

Fig. 7.6 Samples of vehicle detection based on LBP, Standard Haar, and AGHaar classification
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7.4.1 Horizontal Edges

More reliable and effective than shadow-based vehicle detection (Fig.7.1), we take
parallel horizontal edges into account as a more reliable feature for pointing to
a possible existence of a vehicle in an ROI. Our hypothesis is that horizontal
edge features can be perceived due to depth differences between bumper and body
of a vehicle, edges around a vehicle’s registration plate, or horizontal borders of
windshields.

We revise the progressive probabilistic Hough transform (PPHT) [155] for fast
and real-time detection of horizontal edges only. The PPHT was designed following
the standard Hough transform (SHT) as introduced by Duda and Hart [54]: a line L
in the xy coordinate system can be represented by polar coordinates (60, p) as below:

p=x-cosf +y-sinf. (7.2)

Detected edge pixels P; = (x;,y;) in xy-space are transformed into curves in 6p-
space, also known as Hough space, or, in its discrete version, as accumulator space.

In the case of the PPHT, a voting scheme is applied to tackle the high
computational cost of the SHT. While in the SHT all edge pixels are mapped into the
accumulator space, the PPHT only votes based on a fraction of randomly selected
pixels. There is one voting bin for each line candidate, and a minimum number of
pixels (i.e. of votes) is considered as a threshold for detecting a line. For shorter
lines a higher spatial density of supporting pixels is required, while for longer lines
a lower spatial density of supporting pixels is sufficient. Overall, the PPHT ensures
much faster line detection while the results remain almost equal in accuracy to those
obtained by SHT [116].

Figure 7.7 shows a real sample of an accumulator-space calculated from a road
scene. The figure illustrates that high accumulator values (red regions) are close to
the leftmost or rightmost border at around —90° or +90°. This confirms that the
number of horizontal-edges in a road scene is considerably higher than the number
of edges and lines in other slopes. In order to aim for horizontal lines y ~ const we
define two ranges of interest for 9:

1. 90° — 7 < 6 < 90°. (7.3)
2. —90° < < —90° + 1. (7.4)

Note that since p in PPHT may take both positive and negative values, here the 6 is
only in the range between —90° and 490°.

Mapping back from Hough-space to Cartesian-space, Fig.7.8-right shows
detected horizontal lines for the given road scene. As shown, we can expect to
detect one or more horizontal edges for every visible vehicle in the road.
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Fig. 7.7 Edge pixels of a sample road scene mapped into the 6p-space. The accumulator values
are shown using a colour key where dark blue is for zero, red is for high values, and light blue for
low positive values

Fig. 7.8 Horizontal line detection by our customized PPHT

7.4.2 Feature-Point Detection

Figure 7.8, right, also illustrates that there might be a few more horizontal lines
which do not belong to vehicles, for example due to shadows (of vehicles or trees),
clouds, or rectangular traffic signs (e.g. large boards). However, shadow regions or
non-vehicle objects like traffic signs usually have a plain or simple texture. In order
to prevent false detections, we also considered analyzing corner feature-points in
the scene.

Our experimental studies indicate that vehicle regions typically include a higher
density of corner-points rather than road, sky, or other background regions. The
visual complexity of a car’s rear-view is defined by combinations of a registration
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plate, taillights, a bumper, and the vehicle body. This complexity essentially defines
significant corners for a vehicle, especially at the regions below the rear windshield.

Among classical and recently developed feature point detectors such as
FAST [221], ORB [223], and FREAK [2], we obtained the best performance with
the Shi—Tomasi method [235] for detecting more “appropriate” corner points in our
road scene application context.

A corner or a feature point is defined by larger intensity differences to adjacent
pixels in comparison to non-corner image regions. In this method, an m x n
subwindow W, is considered which slides through the input image /, defined by
the reference pixel p = (x,y) in the upper left corner. The weighted difference
between window W, and an adjacent window of the same size, and at reference
point p + (u, v), is measured as follows

m n
Dy(u.v) =Yy will O + .y + v) = Iy, (7.5)
i=1 j=1
where 0 <u < 7 and0 < v < 7, forx; = x+iandy; = y+/; weights w;; are used
at window positions (i, j); they are either identically 1, or a sampled Gauss function.
Using the linear terms of the Taylor expansion of those differences only, it follows
that

D,(u,v) ~ Z Z wijlu - L(xi, y;) + v -Iy(xi,yj)]2

i=1 j=1

=Y > wy (I + 2uvLdy + v7L) (7.6)

i=1 j=1

where I, and I, stand for the derivatives of I in the x- and y-direction, respectively.
By converting into a matrix format, and not including arguments (x;, y;), we have
that

" < I L,
Dy(u,v) ~ [uv] ZZWU[I; 12_}} m (7.7)

— [uv]M u , (78)

where M is short for the matrix defined in Eq. (7.7). Let A; and A, be the eigenvalues
of M, representing the differences between the original and moved window, and
R = min{A, A,}. Corner points are selected by comparing R with a given threshold;
if R is greater than this threshold then the centre pixel of W, is selected as being a
corner point [235].
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Fig. 7.9 Detected corner points are considerably more dense in a vehicle’s rear regions

Figure 7.9 shows the detected feature points. This confirms the expected results
of more dense feature-points for a vehicles’ rear view, especially in lower parts
around the registration plate, bumper, taillights, or tires.

So far we have discussed three possible clues needed to confirm an ROI as a
vehicle: Initial AGHaar detection, horizontal edges, and corner features in the lower
body part of a vehicle. These clues, all together, can help to prevent false positives.

7.5 Detection Based on Taillights

In contrast to Sect. 7.4, which mainly focused on methods for preventing false-
positives, this section proposes a method to retrieve missing detections (false
negatives).

As discussed earlier, we believe that any filtering technique not only needs to
be robust for detecting vehicles at medium to far distances, it also needs to deal
with cases where a vehicle suddenly appears very close, in front of the ego-vehicle
(e.g. at a road intersection, or after a temporary occlusion). We identified that
taillight features provide very robust support for close to mid-range distance vehicle
detections [215].

7.5.1 Taillight Specifications: Discussion

Generally a trained classifier can detect the vehicles which are similar to the
images in the training image database. Classifiers try to learn a few “common
binary-features” among a training database in order to detect as many vehicles as
possible with the highest true-positive rate and a lowest false alarm. That is why
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Fig. 7.10 Failed detections or false positive detections for close-up vehicles. Left: Haar-based
detections. Right: LBP-based detections

the classifiers can be more efficient for medium and far distances, as all vehicles at
such distances look like a rectangle with a few “limited”, “common”, and “similar”
features such as: windscreen rectangle part at top, rectangular lights on the leftmost
and rightmost sides, and a bumper in the lower body part.

If we look at vehicles at relatively far distances, due to missing resolution all
vehicles look like a plain rectangle with a few common features. For such cases, our
adaptive global Haar-feature based classifier (Sect. 7.3) showed a highly successful
performance in general, especially if we fuse it with the described filtering using
line and corner features.

However, for vehicles at close distance we have a different situation. Figure 7.10
shows a close-up scene of two vehicles as well as missing detections and false
detections by both Haar and LBP classifiers. Due to the high diversity in vehicle
makes and models, a close vehicle provides much more details, which can be
completely different from one vehicle to another. Such a huge diversity in detail
and resolution cannot be efficiently learned or handled by a classifier; there would
be numerous false positives and false negatives.
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Despite such a diversity in appearances of close-distance vehicles, we hypoth-
esize that there are still some common geometrical features that all vehicles have.
These geometrical features cannot fit as a few binary features, so are not applicable
for training a Haar-feature or LBP based classification; however, we use them for
the next step of our approach: virtual symmetry detection.

The most visible features of vehicles at close distance are:

1. Taillights colours (all vehicles use an orange-to-red colour spectrum for tail and
brake light);

2. Taillight symmetry (taillights are symmetric with the same size and shape);

3. Geometric relations (there are some inherent relationships between the size of a
vehicle, the size of its lights, and the Euclidean distance between the light-pairs).

There are few publications about the analysis of taillights for vehicle detection.
For example, O’Malley et al. [186] propose a method to detect vehicles based on
the symmetry of rear red lights using cross correlation for symmetry detection.
However, their method is particularly developed to detect vehicles under night
conditions when the rear-lights are on. Also their symmetry detection, using cross
correlation, only works if the recording camera (in the ego-vehicle) is exactly behind
the target vehicle to ensure a perfect symmetry detection for the taillight pair.
Vehicles in other lanes appear at different poses and angles to the recording camera;
therefore their rear lights cannot be viewed necessarily as symmetric.

In addition, for many vehicle poses (e.g. Fig.7.10, bottom), the width of the
left light is not visually equal to the width of the right light. In consequence,
any method that relies on “actual symmetry detection” will very likely to fail in
real-world scenarios. In order to cope with the discussed issues, we introduce our
“virtual symmetry detection” approach applicable for both day and night, and for
the vehicle in different lanes.

7.5.2 Colour Spectrum Analysis

Pursuing the idea of virtual symmetry detection, we created a database of 482
images from taillights, brake lights, indicator lights, all either in the status of being
on or off, under day or night conditions. We converted the collected database from
RGB to HSV colour space for a better representation of rear-light pixel colour
characteristics [215].

Figure 7.11 illustrates a scatter plot of the colour pixels in our collected taillight
dataset. The figure shows that the rear-light pixels are generally scattered in a wide
range of colour, from light orange to dark red. This already indicates a need for
careful consideration, in order to prevent mis-segmentation.



162 7 Vehicle Detection and Distance Estimation

Fig. 7.11 Extracted colour pixels from the vehicle taillight database. Left: HSV conical scatter
plot. Right: Top view on this 3D plot

Due to noise in the database images, some pink, black and yellowish pixels can
also be seen in the scatter plot which actually do not belong to taillight pixels.
Considering a Gaussian distribution function for the colour pixel distribution in the
scatter plot, and excluding the tailed-distribution pixels smaller than —2¢ or greater
than 420, we remove noisy pixels that have very low density in the scatter plot.
Figure 7.11, right, shows the optimized diagram that excludes noisy pixels with

1. a hue value H > 52° (i.e. light yellow pixels),
2. a hue value H < 342° (i.e. pink pixels), or
3. an intensity value V < 0.16 (i.e. excluding nearly black pixels).

The rest of the pixel distribution in the scatter plot is considered to be valid for
the taillight segmentation procedure.

7.5.3 Taillight Segmentation

Figure 7.12 shows the steps applied for segmentation and pairing of taillights. After
conversion from RGB to HSV space (Fig. 7.12a), we apply pixel matching for all
three channels based on information obtained from Fig.7.11, followed by a binary
thresholding as shown in Fig. 7.12b.

Figure 7.12c depicts the detected isolated contours. In contrast to lossy tech-
niques using encoded contours [140], we use chain coding [69] to maintain the
original boundary of the contours. Detections are simply based on 8-connected
components in the threshold image.
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Fig. 7.12 (a) HSV conversion. (b) Binary thresholded image. (c) Individual contour detection and
noise removal. (d) After hole filling. (e) Pairing and vehicle approximation. (f) Final detection

Figure 7.12d illustrates the applied procedure for filling the holes in the binary
(thresholded) image, thus creating connected blobs. This aims at detecting the actual
region of taillights if there are missing pixels due to noise or illumination artefacts.

The shown bounding box illustrates the overall width and height of the detected
group of contours. Figure 7.12e, f illustrate the taillight pairing and the approxi-
mation of the vehicle region. The details of the taillight pairing procedure will be
discussed in the next two subsections.

7.5.4 Taillight Pairing by Template Matching

Before going for taillight pairing based on our virtual symmetry (VS) method, we
first discuss potential weaknesses of other methods such as symmetry detection
based on template matching, as used in recent work of Gu and Lee [81]. Then
we can have a better understanding of the strength of our VS method.

Let T be a detected contour in an m xn window, called the template. We search in
the M x N image [ for a contour which is similar in shape to the horizontally flipped
image of 7. As usual in template matching, for each location (x,y) of T (e.g. the
location of the topmost, leftmost point in 7 over I) we calculate a cross-correlation
score, defining a matrix R of size (M —m + 1) x (N —n + 1). Location (x, y) in R
contains the cross-correlation score

i (T'Gg) -1 (xi. )

R(x,y) = . '
\/Zi.j TG j)* - 22T (i yp)?

(7.9)
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wherel <i<m,1<j<nxi=x+i,y,=y+],

1
T =TG)= =~ Y Tk, (7.10)
h.k
1
I'y) =16y = 3 TGy, (7.11)
h.k

withl <h <m,1 <k <n,x = x4 h,and y, = y + k. We decided to use
this particular cross-correlation method due to its accuracy of matching and time
performance in the given context [26].

We slide the template T over the image / by one pixel at a time, from left to right,
and top to bottom. For every one-pixel sliding, the matrix R returns a similarity
metric by comparing the sliding patch (i.e. the template T over the current sub-
image).

Figure 7.13, upper right, illustrates the matrix R as a correlation map for each
position of the query template T over I. Position (x,y) in the upper-left corner of
the patch corresponds to a matching value in the correlation map. The brighter a
pixel at position (x,y), the higher the level of similarity of I to T at that position.
Normalized R returns values between 0 and 1, and any values greater than 0.95 are
considered to indicate a potential match for taillight contour pairing. Figure 7.13,
bottom right, illustrates that the result of pairing is still not accurate. This is due
to the camera viewing angle, where a pair of taillights cannot always be seen as

I N I g

Fig. 7.13 Query template, correlation map, and template matching over the input image
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fully symmetric and equal in width and height. We conclude that methods based on
template-matching techniques could not be considered as a robust solution.

7.5.5 Taillight Pairing by Virtual Symmetry Detection

In this section we discuss the virtual symmetry detection (VSD) method [215]. For
the a = 6 detected contours in Fig.7.12d, there are 2 = 64 different ways of
pairing. However, for the given example only two of those are correct pairs for the
taillights: {b, ¢} and {f, d}.

Furthermore, Fig. 7.13 shows that contours C; and C; of a pair of taillights can
be asymmetric, of different width, or of different height. We cannot rely on a
strict absolute symmetry; instead, we can define some geometrical rules based on a
statistical analysis of a rich dataset of taillight images to manifest a virtual symmetry
(VS) among already detected contours.

Assessing 400 selected vehicle images from the KITTI [117] and EPFL [57]
datasets, we measured the baseline size of taillights, the proportion of the taillight’s
width to height, their mean sizes, variances and their standard deviations. Based on
the studied data, we identified five optimized rules for virtual symmetry detection.

We consider C; and C; as being virtually symmetric and as the pair &, if the
following criteria are met:

1. |7(C) — o/(C)| < 0.3 [d(c") er d(cj)} , (7.12)
2. —15° < Za(Cy) < 15°, fork =i, (7.13)
3. 0.9+ [W(C) + W(G)] < [X(C) — X(C)| < 5.3- [W(C) + W(C)).
(7.14)
4. max(H(C;), H(C))) < 1.35-min(H(C;), H(C})): (7.15)
W(C) WG| _
HC) ~ HGy | S 0.2, (7.16)

where .7 (C) is the total number of pixels in contour C (i.e. the area of the contour
C represented in pixels), W(C) and H(C) are the width and height of C in pixels,
X(C) is the x-coordinate of the centroid of C, and Z«(C) is the angle of the two
main axes of C.

The first condition is only true for the contours which have more than 70%
similarity in terms of their area. Condition 2 allows a maximum of 15° tilt for each
of the two contours (e.g. due to road angle; Figs. 7.13 and 7.14). With Condition 3,
we make sure that the pair of contours has a baseline distance that falls within the
range of measured standard deviation. By applying Condition 4 we check the height
difference between the left and right contour, which should be less than 35% (as per
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Fig. 7.14 Zoomed taillight
contours from the Fig.7.13,
VSD and taillight pairing. An
example of tilt and inequality
in size of left and right
taillights, depending on the
road curvature and camera
angle

the measured mean in the dataset). Finally, Condition 5 compares the ratios of width
to height of left and right contours, which should not be more than 0.2.

Figure 7.15 shows some experimental results based on taillight pairing where
Haar and LBP classifiers failed to detect those close-distance cars. We consider a car
bounding-box approximation based on the distance between pairs of lights, taillight
width and the left-most and the right-most pixels of the detected lights. In case of
multiple parallel taillights, for example, main taillight pairs and other parallel light-
pairs on the bumper (such as in Fig.7.12e), we consider an average bounding-box
calculated as below:

X] = min{xlo,x11,...,x1k}—1"-Wl, (717)
X, = max {x,0, X1, ..., X} + [ - W,, (7.18)
Yt :min{yt()sytlv"'vyfk}v (719)
Y, = Z”"ZO b (7.20)

where the values x;; belong to the left vertical sides of initially detected rectangles,
x,; belong to the right sides, y, belong to the top-horizontal sides, y;; belong to the
bottom-horizontal sides, and I' = 0.2 considers a distance of +0.2W as the left and
right margin of the car sides from the taillight pairs.

Any bounding box that falls within another bounding box is ignored as false
detection, if its size is much smaller than the larger region (e.g. Fig.7.15d). As
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Fig. 7.15 Experimental results for taillight segmentation and pairing

shown, the proposed VSD method performs much more accurately and faster than
the template matching method discussed in Sect.7.5.4.
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7.6 Data Fusion and Temporal Information

This section fuses together the already obtained results by AGHaar classification,
virtual symmetry detection, and analysis of horizontal lines and corners. Please refer
to Fig. 7.16 for an illustration (to be discussed further below). The ultimate goal is
achieving an accurate vehicle detection and distance estimation. Since the obtained
data are derived from a single sensor, obviously time-synchronized, and in the same
pose, we take advantage of this to develop a robust multi-data fusion system. In
such a fusion system, there is no need for time-alignment, data registration, sensor
validation, or other challenges that are generally involved in common multi-sensor
fusion techniques.

The novel AGHaar method alone is robust enough in the majority of road
scenarios. In order to ensure an even more reliable detection, we apply data fusion
on all the available information, which is what a driver is doing while driving; for
example if a vehicle is not fully visible in foggy weather, an expert may consider
looking for a registration plate, taillights, or other features of a vehicle in front to
estimate its location and size.

Our fusion approach leads to more accurate results while increasing computation
cost slightly. This does not hinder the real-time performance of the whole process.

S1 S2 S3

Classification data Raw data Raw data

False negative

Fusion layer

Decision layer

Fig. 7.16 A single-sensor multi-data fusion framework showing examples of successful vehicle
detection
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We considered two possible approaches for data fusion, namely the Bayesian
and the Dempster—Shafer [234] theory. The Bayesian method interprets weights of
input entities as probabilities. The Dempster—Shafer theory (also called the theory
of belief, or D-S theory for short) assigns “masses” based on human expertise which
only approximate the concept of probabilities. Since the Bayesian approach is based
on “pure” statistical analysis, we also need to be “pure” (i.e. very accurate) on
providing the statistical data from each source of information. This, consequently,
comes with the requirement of a comprehensive initial database analysis among a
wide range of recorded videos from different road scenes. Otherwise, inaccurate
weight assignments in a Bayesian approach can cause completely wrong outcomes
of data fusion [124].

In contrast to the Bayesian method, the D-S theory is well-known for its
effectiveness in expressing uncertain judgements of experts, by serving as an
alternative method of modelling evidence and uncertainty. The D-S theory is based
on two ideas: (1) to define a degree of belief for a particular question, from
“subjective probabilities” of a related question, and (2) Dempster’s combination
rule, to combine degrees of belief from independent items of evidence.

By using the D-S theory for data fusion for vehicle detection, we not only
consider two categories of “vehicle” and “no-vehicle” but we also assign a degree of
belief for an “unknown” status. Considering a mass for the “unknown” status we are
adding a safety margin to prevent potentially wrong decisions. This automatically
takes us to more rational decisions based on a combination of information consensus
and human expertise; whereas in the Bayesian technique, we only have two
probability values (for “existing” or “not existing”), but not a combination of both.

In the considered context we found that a D-S based fusion approach leads
to more acceptable results, especially if we have incompleteness of information
or in situations where the accuracy of each information source cannot be assured
individually.

Let W = {T, NT} be the set representing the state of vehicle detection from each
of the four available information sources described in Sects. 7.3, 7.4, and 7.5 (i.e.
AGHaar, virtual symmetry, corner features, and horizontal edges) where T denotes
that a target (vehicle) is detected, and NT stands for non-target (non-vehicles). Each
element in the power set 2% = { {0}, {T}, {NT}, {T,NT} } is considered to be a
proposition concerning the actual state of the vehicle detection system.

Based on the theory of evidence, a mass m; is assigned for each element in ¥,
where 1 < i < 3 stands for the three main information sources as follows:

i = 1 is for AGHaar, combined with virtual symmetry,
i = 2 for corner features, and
i = 3 for horizontal lines (edges).

Those three functions m; are also called basic belief assignments for information
sources 1, 2, or 3, satisfying

m;:2Y —[0,1], (7.21)
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Table 7.1 Mass assignments for three sources of information

Source 1 (m,) Source 2 (m;) Source 3 (m3)
Status AGHaar/Sym. (%) Corner features (%) Horizontal lines (%)
T 75 554 65%
NT 15 25 20
U 10 20 15
Total 100 100 100

*Maximum mass value if features match with threshold ©

with the two properties
m;(0) = 0, (7.22)
Z mi(A) = 1. (7.23)

Ae2¥

The mass m;(A) represents the ratio of all relative and available evidence that
supports the validity of state A from the ith information source.

For example, considering AGHaar and a VSD combination (AGHaar-VSD) as
our main source of vehicle detection (Fig.7.16, left), we consider m;(T) = 0.75,
m;(NT) = 0.15, and m;(U) = 0.1, which means that we have a belief in the true
detection rate by AGHaar-VSD in 75% of all cases, we also have a 15% belief for
false detections, and we have no opinion in 10% of the cases (unknown assignment)
due to lack of knowledge or incompleteness of the analysis. Table 7.1 summarizes
the masses identified based on the accuracy of the AGHaar-VSD classification in
our ground-truth test dataset.

Depending on size and distance of rectangular regions selected by AGHaar as
vehicle candidates, we expect a number of corners and horizontal lines that fall into
the lower part of the ROI if the candidate is actually a true positive (a vehicle).

The closer the number of corners (or horizontal edges) to the chosen threshold
T (as defined above) means the higher the possibility of an ROI being confirmed
as a vehicle. In other words, if the number of detected corners and horizontal lines
is lower than the defined threshold, then the D-S framework decreases the level of
belief by appropriately decreasing the default masses of m»(T) and m3(T), and, on
the other hand, it increases m»(NT) and m3(NT) to reject false candidates in the
fusion process. However, masses m,(U) and m3(U) always remain unchanged.

Also, in order to prevent incorrect updates of m, and m3 due to noise, we apply
weighted averaging on the masses by considering the masses allocated for the past
n frames (e.g. n = 30 in the past second) to utilize temporal information as well:

_ D1 & m
> =1

The values for n and §, vary depending on the ego-vehicle’s speed.

m

(7.24)
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Considering a processing speed of 30 frames per second, the masses in the past
few frames should remain close to the actual updated values as per the previous
step, or just have a ‘smooth’ change. Therefore, if a sudden change happens in
the current frame due to considerable noise (e.g. intense light) then the weighted
averaging contributes to the masses from the temporal information to maintain a
moderated mass for the current frame.

Considering the masses m; as being the confidence in each element of 2%, we
measure the combined confidence value m ; 3(Z) by fusing the information from
Sources 1-3 based on Dempster’s rule of combination:

mi23(Z) = (m; @ my ® m3)(Z)
Z mi(A) - my(B) - m3(C)

— ANBNC=Z (725)

LY m() - ma(B) - my(©)

ANBNC=0

where @ denotes the orthogonal sum which is defined by summing the mass product
over all elements in the numerator part whose intersections are A N BN C = Z. The
denominator applies normalization in the range [0, 1], and it shows the amount of
conflict when there is no intersection (no agreement) by those individual sources.

Figure 7.16 shows two examples of fusion results under rainy or sunny conditions
based on Dempster’s rule of combination.

Detections by AGHaar and VSD are technically independent of each other;
however, as discussed earlier, we combine them as information Source 1 in our D-S
fusion platform. The combination is represented by the logical symbol for “OR” in
Fig.7.16 and the same mass m, in Table 7.1. In case of an AGHaar failure (missing
detections), VSD directly acts “together” with corner features and horizontal edge
features. In case of detections by both AGHaar and VSD for the same vehicle, we
simply apply the mean to define only one ROI per vehicle candidate, before going
for data fusion with corner and horizontal edge features.

Overall, the defined multi-clue data fusion approach provides more confident
detection as well as a reduced rate of false-negatives that may occur in a singular
classification technique such as AGHaar only.

7.7 Inter-vehicle Distance Estimation

In the previous section we illustrated the detected vehicle(s) in a road scene in forms
of bounding boxes that indicate the location of the detected vehicle(s) from a rear-
view angle. As the next step, in this section, we label every bounding box by an
estimate of their distance to the ego-vehicle. Using only monocular vision, it is
not possible to directly obtain depth and distance information from a road scene.
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However, after remapping the camera image into a 2D transformed domain we can
make a distance estimate based on homogeneously distributed pixel distances in the
new 2D transformed image.

Assuming an almost planar road surface, knowing the camera optic parameters,
camera position, and camera angle, the inverse perspective mapping (IPM) can map
the recorded images into a bird’s-eye view [103]. The bird’s-eye view approximates
an orthogonal top-down view of the scene. As an alternative to IPM, Fig. 7.17 shows
our implementation of a mapping of a recorded image into a bird’s-eye view using
a 4-point calibration as outlined in [318], and the subsequent distance estimation.

Measuring the pixel-distance from the target vehicle to the ego-vehicle in the
bird’s-eye view, and comparing it with a ground truth metric for the same camera
parameters and camera installation, a distance estimation can be performed as
illustrated in Fig.7.17b, c.

Recent work by Tuohy et al. [263] also considers a similar approach for
distance estimation; however, an important weakness which we have highlighted

Fig. 7.17 Distance estimation based on bird’s eye view
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in Fig.7.17b is neglected. Considering the bottom side of the green bounding box
as our distance reference, the bird’s-eye view cannot precisely show where the
vehicle is located on the road; especially for distances of more than 30 m such as V3
(Fig.7.17, the farther vehicle).

The figure shows that every single pixel in the recorded perspective image needs
to be mapped into multiple points in a bird’s eye view. This transformation involves
interpolation. Our evaluations show that the interpolation errors, plus the errors
involved in 4-point calibration, cause a distance estimation error up to ¢ = +8%.
This technique can be suitable for a basic driver-assistance system to prevent crashes
at close distances; however, as the distance increases, the estimation error can
increase exponentially.

We aim to improve this technique so that we have more accurate distance
estimates than just using the bird’s-eye view.

As illustrated in Fig.7.18, we have a forward looking camera (e.g. close to the
rear-view mirror), we know the camera field-of-view defined by Za, the height H
of the camera above road level, and the camera viewing angle ®, in the X, Y .Z -
coordinate system.

Assume a detected vehicle in the road scene at an (unknown) position
(X, Yo, Z,). Let 8, be the angle of a projection ray (for the camera) pointing to the
intersection of the planar rear-part approximation of the detected vehicle with the
planar road surface; Fig.7.18, top. The actual distance D between the ego-vehicle

Vehicle

Yy

Road Surface Zy

Fig. 7.18 Real-world inter vehicle distance estimation based on pixel distance information in a
2D image plane
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and preceding vehicle is equal to d, — d; and can be computed as follows:
D = H -tan(6,) — H - tan(y)

a
=H- [tan(@c + B) — tan(®, — 2)] . (7.26)

Knowing the ®, and « values, only B is needed to calculate D. On the other hand,
we have that

h;
tan(B) = 2 I (7.27)
=2 .

where 4; is the height of the recorded image plane (in pixel units), d,, is the distance
from the bottom side of the detected vehicle to the bottom of the image plane (also
in pixel units), and f is the camera focal-length. Also we have that

h;
= (7.28)

J o
2.t
an()

Finally, including 8 and f in Eq. (7.26), the distance D is computed as:

D = H-| tan| ®, + tan™! —tan(®, — Z) . (7.29)

h
o
2-t
an(?)

If the ego-vehicle’s shock absorbers vibrate on an uneven road then H and 8 may
slightly change and negatively affect the actual D value. This is the only weakness
of this approach known to us. Applying a weighted average of the bird’s-eye view
and the proposed pose-based trigonometric solution ensures a more reliable distance
estimation. We provide further details and results in Sect. 7.8.1.

7.8 Experimental Results

In this section we evaluate the performance of the proposed vehicle detection and
distance estimation techniques, for various traffic scenarios, weather conditions, and
challenging lighting conditions.
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Unfortunately, there are only a few basic publicly available datasets for compara-
tive performance evaluation. Most of the available datasets are recorded in daylight
only (e.g. KITTI data) or from some elevated positions (such as recording from
traffic surveillance cameras), which are not applicable in this research.

Due to incompleteness of the public datasets in the field, we developed the
comprehensive iIROADS dataset [214] recorded with a 0.7 MP camera (1280 x 720),
a 60° field of view, and 30 fps recording rate, mounted on the back of a rear-
view mirror in a car, with a camera tilt angle of ®, = 82°, and at a height of
about H = 153 cm above the road surface. These parameters have been used for
comparing ground truth information and distance estimation.

7.8.1 Evaluations of Distance Estimation

We compare distance estimation either based on bird’s-eye views, or based on the
proposed trigonometric technique.

Japan has one of the highest road standards in terms of consistency of road-signs
and road-lane markings. We used Japan’s road scenes to evaluate the accuracy of the
distance estimation methods discussed in Sect. 7.7. Knowing that the length of any
white marking segment in Japanese roads is 8.0 m, and the length of a gap between
two white segments is 12.0m, we extracted ground-truth distance data for about
10 km of the given road scenes.

Using the proposed fusion classifier for vehicle detection, and knowing the
camera assembly and relevant pose parameters, the two distance estimation methods
discussed in Sect. 7.7 (bird’s eye view and trigonometry-based method) have been
evaluated.

Figure 7.19 shows the error measures in calculated distance to vehicles in front of
the ego-vehicle. Errors are defined by comparing with ground truth that is illustrated
by the red line. Vehicles are at distances of 6-50m to the ego-vehicle. We also
considered a confidence interval of £60 cm for ground truth measurements.

Distance estimation by the camera-pose-based trigonometric method shows more
accurate results compared to the bird’s-eye view approach. For the camera-pose-
based trigonometric method, the error is mainly within the confidence margin of
our ground-truth reference. Interestingly, both approaches show a very similar error
behaviour for medium distances (in a range of about 22-27 m). The error level
increases significantly (up to 9%) for the bird’s-eye view technique for far distances.

We identified two common sources of errors for both approaches, and a third
source of errors for the bird’s-eye view approach: (1) The error of vehicle localiza-
tion from the vehicle classifier (the error related to the bounding box location); (2)
changes in camera height H due to activities of the vehicle shock absorber; (3) an
additional error for the bird’s-eye view technique due to interpolation and 4-point
calibration inaccuracy, as discussed in Sect. 7.7.
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Fig. 7.19 Distance estimation errors for the bird’s-eye view technique and the camera-pose-based
trigonometric technique

The dashed circles in Fig. 7.19 show errors which are considerably different to
others. We reviewed the videos for these moments and we observed that those cases
had occurred when the ego-vehicle had suddenly braked, or the shock absorbers
were highly active. In both cases, this causes changes in the camera tilt angle ©,
and in the height H and consequently, larger unexpected errors.

Considering the standard deviations of errors for both techniques, we decided on
a weighted average with a coefficient of 0.7 for the camera-pose-based trigonometric
method and a coefficient of 0.3 for the bird’s-eye view technique.

7.8.2 Evaluations of the Proposed Vehicle Detection

We used a combined road dataset made up of both short-distance cars (Set 1) and
the iROADS dataset [214] (Set 2) for performance analysis. Figures 7.20, 7.21,
7.22,7.23,7.24,7.25,7.26,7.27,7.28,7.29, 7.30, and 7.31 illustrate samples of our
experimental results. The research of Klette et al. [120] discusses the variability of
traffic or road conditions defined by situations (or scenarios). A robust technique
has to perform with reasonable accuracy for different situations. In our experiments



7.8 Experimental Results 177

Fig. 7.20 Short-distance vehicle detection and distance estimation with different approaches
(Sample 1)

Fig. 7.21 Short-distance vehicle detection and distance estimation with different approaches
(Sample 2)
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Fig. 7.22 Short-distance vehicle detection and distance estimation with different approaches
(Sample 3)

we perform evaluations for six different situations:

. close distance: up to 1 m from the ego-vehicle;

. day: Daylight situation;

. night: Evening and night situation;

. rainy day: Rainy weather under daylight conditions;
. rainy night: Rainy weather under night conditions;

. snow: Partially or fully snow-covered roads.

AN AW

We apply a full analysis on true detection and false-positive rates by comparing
LBP classification, standard Haar-like classification, AGHaar classification, and our
proposed Dempster—Shafer data-fusion approach.

The accuracy and robustness of our detection method will be evaluated on
image sequences in the six different situations listed above. First we evaluate
close-by vehicle detection based on the VSD approach. Then we continue our
evaluations for the five other situations for medium to far distances ranging from
10 to 100m to the ego-vehicle. In a database of 500 car images, varying from
older to modern models of vehicles, we gained 91.6% true detection, and 1.2% false
alarm. Figures 7.20, 7.21 and 7.22 show three different samples where we compared
our VSD method to other techniques. As discussed earlier, a weakness of other
approaches is that many false positives and false negatives can be expected. Since
the VSD method is only one part of our overall D-S fusion method, we continue
with further discussions on the other five situations.
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Horizontal lines

Fig. 7.23 Vehicle detection and distance estimation for situation day. From left to right, top
to bottom: The first three images show the detection results for the discussed LBP, HAAR
and AGHaar approaches, the fourth image provides bird’s-eye view distance estimation for the
AGHaar-based image. The fifth image provides corner features, the sixth image shows the outcome
of horizontal edge detection, and the seventh image illustrates the final results of vehicle detection
and distance estimation after the proposed data fusion technique. The estimated distances (in m)
are given in the yellow rectangles on the top left side of the red bounding boxes
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Figures 7.23 and 7.24 show detection results and receiver operating character-
istic (ROC) curves for the situation day. LBP-based classification shows the lowest
detection rate and the highest rate of false positives. AGHaar alone and the D-S
fusion-based method show relatively similar behaviour, better than LBP, while the
D-S fusion-based method outperforms the best results with a smaller rate of false
alarms. The estimated vehicle distances, shown in the bottom image, are slightly
different to those obtained by the bird’s-eye view technique, as expected, due to the
weighted averaging discussed in Sect. 7.8.1.

Figures 7.25 and 7.26 illustrate experimental result for the situation night. The
ROC plot in Fig.7.26 shows that LBP and Standard Haar perform weakly under
night conditions. Also, the two horizontal sub-curves in standard Haar and AGHaar
curves (dashed ellipses) show that those algorithms had no success for some parts of
the test dataset. Those parts of the curves represent cases where only false alarms,
or no true detections, occur.

All ROC curves are plotted after sorting the images in the test dataset according
to the number of true detections and numbers of false alarms in each image.
Images with the highest score come first in the plot, causing a sharp incline in
alignment with the vertical axis. In brief, the more “vertical” a curve is, the better
the performance.

The LBP detector has a detection rate as low as 52% with a considerable number
of false detections. Overall, the night-condition graph shows a lower performance
result for LBP, standard Haar, and AGHaar compared to their corresponding ROC
plots for day-light condition. This makes sense as it is less likely to capture relevant
features in low-light conditions.
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Standard Haar
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Corner features Horizontal lines

Final Detections

Fig. 7.25 Vehicle detection and distance estimation for situation night. Order of images and
descriptions as per Fig. 7.23
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Fig. 7.26 Performance evaluation for situation night

However, after applying our VSD and D-S fusion techniques, the fusion-based
ROC curve shows a very good detection rate (close to 1.0) with a very small rate of
false alarms in both situations, day and night.

Figures 7.27, 7.28, and 7.29 provide samples of results for rainy day and rainy
night conditions. These situations are challenging. For example, Fig. 7.27 shows
that there are many false alarms for LBP and standard Haar methods, as well as
some missing detections for AGHaar. However, the bottom image shows perfect
detections after incorporating VSD and D-S fusion techniques. The green rectangle
shows a detection after taillight pairing and VSD.

In contrast to results for the situation day, for the situation rainy night the
AGHaar method did not perform visibly better than standard Haar. This is mainly
due to reflections of street lights on rain droplets (Fig. 7.27, top) constituting strong
noise which can consequently lead to false alarms. However, again the D-S fusion
method shows a high true-detection rate, almost as good as for situations day or
night. We can see only a minor increase in false alarms (raised from 10 to 19),
which is a very small portion considering the total number of true detections in our
test dataset.

Figure 7.30 shows detection results for situation snow, and Fig.7.31 provides
the ROC curves for our sixth dataset containing 1,200 frames from snowy road
scenes. Under this condition, the LBP shows a significant increase in its false alarms.
However, we can also see an increased rate of true detection for LBP (just below
70%), performing better than for night and rainy condition. In this case, the standard
Haar shows a poorer performance than for rain situations, night, or day.



7.8 Experimental Results 183

Standard Haar
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Fig. 7.27 Vehicle detection and distance estimation for the situation rainy night. Order of images
and descriptions as per Fig. 7.23
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’] LBP ’] Standard Haar

Final Detections

Fig. 7.28 Vehicle detection and distance estimation for the situation rainy day. Order of images
and descriptions as per Fig. 7.23
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Fig. 7.29 Performance evaluation for the situations rainy day and rainy night

On the other hand, interestingly, AGHaar performs considerably better, showing
the effectiveness of our adaptive global Haar-like classifier for challenging lighting
conditions and dynamic environments.

With the D-S fusion approach we had a detection rate of close to 1.0 in the
previous four situations. For the situation snow, the detection rate stops at 0.88
(almost the same as for AGHaar) but it also shows a reduction in the number of false
alarms. One of the reasons for the weaker performance under snowy conditions may
be due to a significant variation in illumination of the road scene. An example is the
dark grey appearance of the road surface in contrast to the bright white surrounding
regions covered by snow. The regions covered with snow may cause strong light
reflections and camera blooming, thus making it difficult to achieve highly accurate
detections.

Table 7.2 shows the precision rate and recall rate for the proposed method on
the four discussed individual datasets plus a comprehensive mixed dataset including
all-weather conditions, challenging lighting conditions, and close-distance vehicles.
Although the standard classifiers can gain up to around a 90% recall rate for ideal
daylight conditions, their detection rate dramatically decreases to under 60% on a
real-world comprehensive dataset.

Except for close distance datasets, AGHaar shows a visible improvement
compared to other classifiers. The data fusion method is the best performer with
a detection rate of 96.8% for the multi-weather and lighting dataset. We also got an
overall precision rate of 95.1%, which is acceptable for our comprehensive multi-
weather dataset.
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Fig. 7.30 Vehicle detection and distance estimation for the situation snow. Order of images and
descriptions as per Fig.7.23
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Table 7.2 Performance evaluation of the proposed methods on five individual datasets and one
mixed comprehensive dataset

LBP Haar AGHaar VSD & D-S fusion

PR RR PR RR PR RR PR RR (%)
Day dataset 62.8 81.0 734 882 890 975 952 99.6
Night dataset 632 526 739 695 815 792 957 99.2
Rainy dataset 70.6 577 756 69.8 78.7 738 91.6 99.3
Snowy dataset 482 670 694 714 841 84.8 972 87.5
Close dist. dataset 0 0 1.9 3.0 2.1 6.1 96.1% 98.8%
Mixed dataset 544 574 652 668 743 751 95.1 96.8

2Obtained based on VSD only

7.9 Concluding Remarks

This research proved that even for a rear-view vehicle detection, we need to
deal with numerous parameters and challenges to obtain a robust result. If the
research aimed at a wide range of vehicle detections, such as multi-direction vehicle
detections, the results may not have been regarded as successful.

Recent research, the state-of-the-art work of Felzenszwalb et al. [61, 63],
introduces a multi-directional object detection technique based on deformable part
models (DPMs). The method is recognized as a generally successful approach
to object detection, nevertheless, there are two main issues with this method:
inaccurate bonding-box calculation to localize the detected object, and a high
computational cost of 2 s per image, in a powerful PC-platform.

None of the mentioned weaknesses are acceptable or can be ignored for an ADAS
application. We have already discussed the importance of an accurate bonding
box calculation, in order to have a proper distance estimation from a 2D image.
Furthermore, the nature of high speed driving, and the risks of crash, injuries, and
fatalities do not allow us a processing time of more than few milliseconds for each
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input frame. Having a fast, well-defined, feasible and wise approach is the initial
requirement of any ADAS.

As another example, we refer to the latest achievements and state-of-the-art
work listed on the KITTI benchmark website (in November 2013). Those results
show very low detection rates ranging from 18.4 to 74.9% for multi-view vehicle
detection, even under (ideal) day-light conditions [117]. The results are still far from
satisfying for the needs of real-world applications or industry expectations.

In our developed research we focused on a specific detection scenario, namely
rear-view vehicle detection (in order to prevent rear-end collisions). However, we
aimed at covering a wide range of weather and lighting conditions. We achieved
a detection rate of up to 97% with a high precision rate of 95% not only for
day conditions, but also for rainy, snowy, foggy, and many other challenging real-
world conditions. This is a significant step forward compared to previously reported
results.

The experiments showed the superior performance of the newly proposed
AGHaar vehicle detector, compared to common LBP or standard Haar-like clas-
sifiers. It also became apparent that the proposed virtual-symmetry detection is
important for detecting vehicles at very close distances in addition to medium or
far distances that can be covered by the AGHaar approach. The results obtained
from the proposed trigonometric distance estimator are acceptable and fast enough
to warn a distracted driver, timely, and before an imminent rear-end collision occurs.

The time-effectiveness of the implemented D-S fusion technique allowed us to
have real-time processing for 25 fps in a Core 17 PC-platform, for the entire system,
from multiple vehicle detection to distance estimation.

Comprehensive experimental studies for our all-weather database illustrate the
robustness of the method across various situations. To the best of our knowledge,
such a diverse set of challenging situations has neither been used in published
benchmarks, nor is available in form of a public dataset. As a result of this research,
we also made our accumulated dataset publicly available as Set 10, iROADS [214].



Chapter 8
Fuzzy Fusion for Collision Avoidance

8.1 Introduction

Development of multi-modal advanced driver-assistance systems (ADAS) that can
simultaneously monitor the road and driver’s behaviour are the objective of both
computer vision research and at centres of the automotive industry. The ideal
objective is to predict any potentially risky situations that can cause a traffic
accident.

Crash risk assessment in a driving scenario is not a trivial task. However,
availability of multiple sources of information may help to reduce the complexity of
the task and to increase the level of certainty.

In related works by Fletcher et al. [66] and Mori et al. [169], the authors assess
the risk based on multi-sensor information that allows them to detect road speed
signs, obstacles on the road, and the time to collision (77C). An alarm is raised if
the TTC is smaller than a given threshold, and the driver is looking in the opposite
direction of the road.

Some of these warnings are false alarms due to inaccurate judgement, or some
could be too late depending on the driver’s reaction time, driving situation, or the
driver’s level of awareness. In addition, dealing with all the above information in a
strictly mathematical sense could be complicated or non-verifiable.

Studying the driving behaviour of an expert driver, one can confirm that a driver
neither thinks about accurate measurement of distance to obstacles, nor does he/she
calculate the TTC. Instead, a driver uses some linguistic expressions such as very
far, far, close or very close to interpret distance to hazards, or may consider very
high, high, low, or very low to express the vehicle’s speed.

© Springer International Publishing AG 2017 189
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Based on such approximations, the driver decides how much to push the throttle
pedal, how much to push the brake pedal, or how to adjust the steering angle to
maneuver and escape a hazard. In other words, any judgement by an expert driver
is based on such approximations concatenated with some IF-THEN rules in the
driver’s mind. The results are usually sufficiently accurate to prevent a potential
crash.

Fuzzy logic reasoning [305] is a very effective approach when we have sufficient
knowledge of expertise, but we have a lack of accurate measurements, imperfection
of sensors, or involved uncertainties as to the nature of a given task.

We suggest that the driving behaviour can be extrapolated by the concept of
fuzzy logic and fuzzy fusion. Research by Wang et al. [277] assesses the multi-
ruled decision-making mechanism of a driver by studying the acceleration and
deceleration changes to analyze the driver’s behaviour in a car-following scenario.
The research also highlights the effectiveness of fuzzy logic for modelling driving
activities.

In addition to applications in control, signal processing, and electrical engineer-
ing, a great deal of research in computer vision has also used the concept of fuzzy
logic for different purposes and in different ways.

Soria-Frisch et al. [242] use fuzzy sets for skin detection. Alshennawy et al. [4]
propose a technique for edge detection using fuzzy operators and fuzzy rules.
Naranjo et al. [177] develop a method for autonomous vehicle control using fuzzy
logic. Utilizing tachometers, GPS information, vision and wireless information, the
proposed system controls the steering wheel, throttle, and the brake by firing various
types of fuzzy rules.

In some very recent research, as part of a project by the UK highway commis-
sion [95], the authors provide a highly accurate fuzzy inference system for crash
mapping and hazardous road segmentation.

Milanes et al. [162] introduce a collision warning and avoidance system in order
to prevent rear-end crashes in congested traffic conditions. The research uses the
data obtained from V2I communications as the inputs of the fuzzy system.

Our review shows that no work has yet considered a crash-risk analysis based
on a fuzzy fusion of driver’s facial features and road conditions. Using Gaussian,
trapezoid, and triangular membership functions, Mamdani rules of combination,
Min/Max operators, and centroid defuzzification, we model a fuzzy inference
system (FIS) based on the already available information from driver-road status.
As discussed in previous sections, we introduced different techniques that enabled
us to obtain up to eight types of information from both inside the cockpit (driver’s
behaviour) and outside (on the road). In the next sections, we describe how we can
use these types of information as primary inputs of our fuzzy platform.

The proposed system analyzes the correlation of driver’s attention to the potential
road hazards and, based on the overall situation, it defines a risk-metric for each
moment of a driving scenario, in real-time.
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8.2 System Components

A fuzzy logic system (FLS) can be seen as a black box that maps the “crisp”
inputs data (or information) into “crisp” outputs, within three main processes of
fuzzification, inference, and defuzzification [122]. Figure 8.1 shows the general
structure of a fuzzy logic system.

The fuzzifier converts a range of crisp input values into a fuzzy value (e.g.
a distance range of 2-5m into “very close”). The knowledge base contains the
knowledge of expert(s) in the form of linguistic rules. The database includes the
required definitions in order to manipulate and to control the input data. The
inference engine (i.e. data fusion module in our system) performs the decision-
making by applying fuzzy implications on the pre-defined linguistic rules. The
module simulates the decision-making based on human expertise. The defuzzifier
converts the fuzzy outputs calculated from previous steps into a crisp output in order
to control external devices or parameters; for example to control a brake pedal or to
warn a distracted driver in case of high risk conditions.

The fuzzifier maps a crisp real-value x; into a fuzzy set A:

x€UCR and ACU, 8.1)

where U is our universal set which includes all the real numbers in the range of 0 to
1. A fuzzy set A includes a membership function p, in which for every input x;, it
defines a degree of membership in the range [0, 1]:

,Lbé(x,') U — [O, 1] (82)
Thus, we can express a fuzzy set A in U as a set of ordered pairs in which:
A ={i,pa() | xi € U, palx):U— [0, 1]} (8.3)

In this chapter we only use normal membership functions or normal fuzzy sets. A
normal fuzzy set has a maximum height of 1 (i.e. Height(ua(x)) = 1). The next
section details the structure of our fuzzy-fusion method.
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Fig. 8.1 A typical configuration of a fuzzy logic system
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8.3 Fuzzifier and Membership Functions

In order to construct the fuzzifier section of our FIS, we define 23 linguistic
expressions and their membership functions based on the eight possible inputs from
the driver and road conditions. We have three inputs from driver’s head-pose status,
including yaw, pitch and roll; three inputs from driver’s vigilance, including eye
status, yawning status, and head nodding; and two inputs from the road scene,
including the distance of the lead vehicles to the ego-vehicle, and their angular
positions.

Depending on the nature of the input parameters, we considered one to five
linguistic variables for every input. Table 8.1 illustrates the main inputs, crisp
ranges, and the defined linguistic variables. All the “linguistic terms” and “ranges”
of inputs are defined based on (a) average suggestion of expert drivers, or (b) the
capability of our proposed algorithms (face/pose analysis and vehicle detection) for
a robust operation in the defined range.

Table 8.1 Inputs, crisp ranges, and 23 linguistic variables to construct the fuzzifier module of the

FIS

Main categories Inputs Crisp ranges Linguistic variables
Driver’s head-pose Yaw [—65°,0°] {Left}
[—65°, +65°] {Centre}
[0°, +65°] {Right}
Pitch [—45°, 0°] {Up}
[—45°, +45°] {Centre}
[0°, +45°] {Down}
Roll [—45°, 0°] {Left}
[—45°, +45°] {Middle}
[+45°, 0°] {Right}
Driver drowsiness Eye status {1 or true} {Closed}
{0 or false} {Open}
Yawning {1 or true} { Yawning}
{0 or false} {Normal}
Head nodding {1 or true} {Nodding}
{0 or false} {Normal}
Vehicle detection Distance (m) [0, 10] { Very close}
[7, 23] {Close}
[20, 40] {Medium}
[37, 63] {Far}
[50, 100] { Very far}
Angle [—60°, 0°] {Left lane}
[—60°, +60°] {Same lane®}
[0°, +-60°] {Right lane}

2The detected vehicle is in the same lane where the ego-vehicle is travelling
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Fig. 8.2 Main inputs and the defined fuzzy membership functions considered for construction of
the fuzzifier module of the proposed FIS

Figure 8.2 shows four sample inputs of driver’s head (yaw), eye status (eye-
closure), lead vehicle’s distance, and lead vehicle’s angle.

We used eight types of membership functions depending on the nature of the
inputs and their characteristics [121]. For the four inputs from driver’s head-pose
(yaw, pitch, roll) and the angle of the leading vehicles to the ego-vehicle we used
the Gaussian membership function:

_ (—my )?

fa, () =e >, (8.4)
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the Z-sigmoidal membership function:

1
Har(xi) = | 4 elemmaos (8.5)
and the S-sigmoidal membership function:
1
Mé3(—xi) = (86)

1 + e(—x+m3)o3’

where m; is the centre of the membership function and o; is the variance which
defines the shape of the curve. For these inputs we considered a model-driven
approach [293], therefore we used Gaussian-based functions to suppress the mea-
surement noise involved in the input values from head-pose estimation.

We also considered three types of membership functions to map the input values
of the “distance” into a fuzzy form. As shown in Fig. 8.2, for the linguistic variables
of close, medium, and far, we used triangular membership functions:

)’(,f,‘:t;’) if aqj < x; <my,
J J “
pa; (i) = 4 y( ) if mj <x; < b, (8.7)

0 otherwise,

xi—bj
mj—bj

and to define very close, and very far, we used left- and right-trapezoidal member-
ship functions:

)’(,f,‘:t;’) if q; < x; <my,
J J -
Héj(xi) =3V if mp < x; < bj, (8.8)
0 otherwise,

where a; and b; are left and right corners of the triangle (trapezoid) on the x axis, m; is
the centre of the triangles (trapezoids), and y = 1 in our system. We used triangular-
based functions based on a knowledge-driven approach [293] and to suppress the
inaccuracy of the input values (this could occur due to the errors involved in
monocular distance estimation for non-planar roads). To define the support range
of triangular and trapezoidal functions we considered the average recommendation
of 10 expert drivers.

For eye-closure status, yawning detection, and head nodding inputs we simply
considered singleton membership functions:

1 if x; = x*,

8.9
0 otherwise. (8.9)

Ha; (-xi) =



8.4 Fuzzy Inference and Fusion Engine 195
8.4 Fuzzy Inference and Fusion Engine

This section provides the details of our fuzzy inference system, which is also
called the decision-layer or the fuzzy-fusion module in this book. There are
many well-known Fuzzy logic systems such as Mamdani [149], Takagi—Sugeno—
Kang (TSK) [249], or Larsen [152] that interpret and combine the fuzzy rules in
different manners. For our system we used the Mamdani model which receives crisp
inputs and has proven advantages of simplicity, efficiency and low computational
cost [229].

Fuzzy rule base is a set of IF-THEN rules which acts as the heart of the system.
Let us define a fuzzy rule as follows:

Rulej : IF (x; is A}), (x2 is A}),..., AND (x; is A))

THEN (y; is B)) (8.10)
or in short:
R;: A > B (8.11)
where
AlcU, (8.12)
B;CV, (8.13)
X=[x,....5;] eUCR, (8.14)
y=[y.....y]T eVCR, (8.15)
fori=1,...,nandj =1,...,m. A’l: denotes the fuzzy set j and the ith input, and

B; is the output of the rule j. Some sample rules for our system could be as follows:

IF (Yaw-angle is Left) A (Vehicle-angle is Right-lane)
THEN (Risk-level is Very high)

IF (Eye-status is Open) A (Vehicle distance is Very-far)
THEN (Risk-level is Very low)

IF (Yawning is True) A (Vehicle angle is Same-lane)
THEN (Risk-level is Medium)
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8.4.1 Rule of Implication

There are different methods and points of view for the implication of fuzzy rules
such as the Willmott, Mamdani or Brouwer—Gddel implication methods [94]. If
each rule in the system is performing as an independent conditional statement, then
the Mamdani method that uses the union operator would be appropriate; if the
rules are strongly connected to each other, then the Brouwer—Godel method with
the intersection operator is suggested.

Although all the inputs in our developed system contribute to determine the
risk-level of a driving scenario, most of the defined rules in the system are
independent of each other. For example, while an “eye-closure” or a “head-pose
distraction” can both lead to the identification of a high-risk driving condition, they
are acting as independent and individual inputs. Therefore we use the Mamdani-
based implication. '

Given rules “R;: IF  (x1,...,x;) is A} THEN (y; is B;)” with the Mamdani
model we combine the rules as:

R = [ JAI® A B (8.16)
j=1

or

m

Rx(y) = R(.Xl, o 7-xi7y) = U (A,I](xl) ARERIAN A.L(-xn) 74N B](y)) B (817)

j=1

where | is the union operator and A is the logical and that convert the antecedent
part of the rule (a single number as membership degree) into an output fuzzy set
using minimum (t-norm) operators. The output of the implication phase is actually
a set of truncated functions each of which is the output for one rule.

8.4.2 Rule of Aggregation

With the aggregation process we apply an accumulative operator on all the truncated
functions (obtained from the implication phase) in order to define the output fuzzy
sets. There are two typical aggregation methods: sum and maximum [220]. Since we
use normal membership functions (i.e. the maximum weight of the membership
functions is 1), the sum method is not applicable for our system and we use
the maximum aggregation method. The method considers the outer margin of all
individually truncated membership functions to form an output fuzzy set. Figure 8.1,
on the right side, illustrates a sample output fuzzy set after the aggregation of three
sample min-truncated functions.
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8.5 Defuzzification

Defuzzification is a process that produces a single “crisp output number” that best
describes the truncated output fuzzy sets [121]. Considering the given output set
from the previous step, we used the centroid or centre of gravity (COG) as one of
the most popular methods of defuzzification:

. Jy 7+ ue(2)dz

= , 8.18
ZcoG fha ne()dz ( )
where z* denotes the crisp centroid defuzzified output, f is the algebraic integration,
C is the output fuzzy set after the aggregation step, jic is the membership function
of the output fuzzy set, and a and b are the left and right support of the fuzzy set C.

We also tried four other defuzzification methods, including the bisector method,
smallest of maxima (SOM), largest of maxima (LOM), and middle of maxima
(MOM):

M,

1
Zyom = M, — M, Z 7 and uc(z) = max{C}, (8.19)

1

where M; and M, (SOM and LOM) are the left and right support boundary of z; and
both have the maximum degree of membership function among all z and M; < M,..
In the bisector method, z,}‘s defines the output defuzzified value:

Zps b
/ Mcdz = / Hcdz (8.20)
a Z

s
in which a vertical line at point zj;s divides the fuzzy set C into two sub-regions of
equal size.
In the next section we discuss the reason behind our preference for the centroid
method by comparing the output results with the other four discussed defuzzification
techniques.

8.6 Experimental Results

Implementation of a complete knowledge-base for the proposed system requires the
definition of at least 3,240 rules (H1§=1 Ni), where Ny is the number of linguistic
variables for input &, as per Table 8.1.
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In order to simplify the discussion we perform the following experiment for 4
dimensions (3 inputs, 1 output) out of our 9D system. Therefore, we define 45 fuzzy-
rules for the three main inputs of the system including yaw-angle, vehicle-distance,

and vehicle-angle, as shown in Fig. 8.3.
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Fig. 8.3 Defuzzified risk-level calculated based on the 45 defined rules and sample input values

of Head-yaw = 11.3, V-Distance = 54.4, and V-angle= —49.5
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We mounted two monocular VGA-resolution cameras in our test ego-vehicle,
one camera facing the driver, and the other camera facing the road. We recorded
two simultaneous videos, 20 min-long each, one of the road-scene and the other
of the driver-activity. Figure 8.4 shows the processed graphs obtained from a 60-s
selected video sequence where the driver was involved in a high-risk driving activity.
In the assessed videos, the ego-vehicle was moving in the right lane of the road.
When we mention the angle of detected vehicles, our reference is also the right lane
of the road.

The graph in Fig. 8.4a shows three detected vehicles in front of the ego-vehicle
with respect to their distance to the ego-vehicle. As shown, within seconds 0—4, the
vehicle Number 2 (V2) has a very close (apparently high risk) distance of d ~ 5m
to the ego-vehicle. At the same time (¢ € [0, 4]), the driver also has a 2-s distraction
toward the left-hand side of the road with yaw = —30° (Fig. 8.4c).

However, the graph in Fig. 8.4b shows that V2 has a vehicle-angle of ~ 42°
which means V2 is not traversing in the same lane as the ego-vehicle (in our
experiment road, vehicles driving in the same lane at a distance of less than 100
m cannot have an angular deviation of more than +8° to each other).

For the same reason, V1 also travels in the left lane (V-angle around 20°)
therefore no high-risk situation for V1 is expected. V3 with a small angle of about
zero is travelling in the right lane (i.e. the same lane as the ego-vehicle); however,
Fig. 8.4c confirms a distance of d &~ 15m for V3, thus no critical condition can be
expected for V3 either.

Performing the developed fuzzy fusion system (FFS) based on the given inputs,
a knowledge-base of 45 rules for the given inputs, the described Mamdani inference
system, and centroid defuzzification, Fig. 8.5 depicts the surface-plot of the risk-
level for the given inputs; the point shown as A is the calculated risk level for t = 4,
Head-pose = —30°, V-angle = +42°, where V2 has the closest distance = 7m
among the three vehicles in the scene. Similar to the discussion above and our
expectation, the FLS is not detecting a high-risk situation for t = 4.

Further exploring the graphs in Fig. 8.4, we can see that within the time-frame
t = 47 to 52, the distance of V3 sharply decreases (due to sudden braking); V3 is
moving in the same lane as the ego-vehicle, and at the same time the driver has a 3-s
distraction to the right-hand side of the road (yaw &~ +40°). In this case we would
expect the FFS to output a high risk-level to warn and assist the driver to avoid the
possibility of an imminent crash (Fig. 8.6, point B).

Looking at the provided surface plots, an expert can confirm that the detected
risk-levels by the FES are quite rational, based on the input-values already processed
from the road-scene and the driver’s-status.
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RiskLevel

20

Fig. 8.5 Defuzzified surface plot of risk-level, based on driver’s attention direction (head-pose)
and ego-vehicle’s angle to the lead vehicle

We also evaluated the system using different defuzzification approaches such as
Bisector, MOM, LOM and SOM. As can be observed and compared in Figs. 8.7
and 8.8, while the Bisector-based defuzzification performs closer to the centroid
output, the other three defuzzification methods underperform for our developed
FFS, which is indicated by visible discontinuity and sharp changes in the risk-level
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Fig. 8.6 Defuzzified surface plot of risk-level, based on driver’s attention direction (head-pose)
and ego-vehicle’s distance to the lead vehicle

plot. The centroid defuzzification provides a smooth output and a continuity over all
regions of the plot, thus the preferred defuzzification method for our FFS.
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Fig. 8.7 Comparison for the centroid defuzzification method and Bisector, LOM, MOM and SOM
methods. Head-pose vs. vehicle-angle

Using a 3.4 GHz Core i7 system, 8 GB RAM, in a 64-bit Windows 7 platform,
the entire system (including driver’s head-pose estimation, eye-status detection,
yawning detection, head-nodding detection, vehicle detection, distance estimation
and FES) performs in real-time at a speed of 21 fps. In low-light conditions the
processing speed may decrease to 15 fps, which is still sufficient for a real-time
DAS.
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8.7 Concluding Remarks

The solutions proposed in Chaps. 5, 6 and 7, allowed us to determine the location
and distance of vehicles in a road scene (as road hazards), and to successfully moni-
tor the driver’s behaviour in terms of head pose (as signs of attention or distraction),
eye status, head nodding, and yawning detection (as sign of drowsiness).

Aiming at early detection of collisions, this chapter provided a fuzzy-logic based
fusion approach to receiving and processing the data obtained from experiments
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discussed in previous chapters, in the form of eight individual inputs. Using fuzzy
logic concepts and existing expert knowledge about safe driving, we transformed
the crisp input data into fuzzy linguistic forms and defined appropriate membership
functions categorized as either “driver behaviour” data or “road condition”. We
developed a rule base and Mamdani inference engine to analyze the overall state of
the driving based on the driver’s behaviour and the road conditions. Finally, using a
centroid defuzzification, the system was able to output a risk-level in the range [0, 1]
for every second of a real-world driving scenario based on the overall status of the
driver and the road.

We performed experiments based on recorded videos from real-world driving
scenarios with examples of low-risk and high-risk driving conditions. The calculated
risk-level outputs of the FFS were satisfactory as they corresponded to our analytical
discussions.
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road detection, 32
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stereo reconstruction, 15
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third-eye technology, 49
time to collision, 189
time update, 93
total variation, 46
tracking, 31
training phase, 53, 65
training set, 53
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true-negative, 52
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unsupervised classification, 52
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