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Abstract

Driver’s distraction is one of the main areas, which researchers are focusing on, in design
of Advanced Drivers Assistance Systems (ADASs). Head pose and eye-gaze direction are
two reliable indicators of a driver’s gaze and the current focus of attention. Compared with
other methods that make use of head pose only, methods that combine eye information
can achieve higher accuracy. The naturalistic driving environment always presents unique
challenges (e.g., unstable illumination, jolts, etc.) to video-based gaze estimation and
tracking systems. Some methods can achieve relatively high proficiency in the stationary
laboratory environment, but they may not be suitable for the unstable driving environment.
In addition, performing in real time or near-real time is another consideration for gaze
estimation in an ADAS. Therefore, these special challenges need to be overcome to design
ADASs.

In this thesis, we proposed a new driver’s gaze zone estimation framework designed for
the naturalistic driving environment. The framework combines head and eye information
to estimate the gaze zone of the driver in both daytime and nighttime. The framework is
composed of five main components: Facial Landmark Detection, Head Pose Estimation, Iris
Center Detection, Upper Eyelid Information Extraction, and Gaze Zone Estimation. First,
Constrained Local Neural Field (CLNF) is applied to obtain the facial landmarks in the
image plane and the 3D model of the face in the object frame. In addition, extracting region
of interest (ROI) is utilized as an optimization strategy for CLNF facial landmark detection.
Second, head pose estimation can be regarded as a Perspective-n-Point (PnP) problem.
Levenberg-Marquardt optimization method is used to solve the PnP problem based on
the 2D landmark locations in the image plane and their corresponding 3D locations in the
object frame. Third, a regression model-based method is employed to obtain the iris center
from eye landmarks detected in the previous part. For upper eyelid information extraction,
a quadratic function is utilized to model the upper eyelid, and the second-order coefficient
is extracted. Finally, the head pose and the eye information are combined to form a feature
vector, and Random Decision Forest classifier is utilized to estimate the current gaze zone
of the driver from the feature vector extracted.

The experiment is carried out in the realistic driving environment in both daytime and
nighttime with three volunteers by Kinect sensor V2 for Windows that is put at the back
of windshield. Weighted and unweighted accuracy are utilized as evaluation metrics in
gaze zone estimation. Weighted accuracy evaluates gaze zones with different significance
while unweighted accuracy treats each gaze zone equally. Experiment results show that the
gaze zone estimation framework proposed in this work has better performance compared
to the reference in the daytime. The weighted and unweighted accuracy of gaze zone
estimation reach 96.6% and 95.0% for daytime, respectively. For nighttime, the weighted
and unweighted accuracy can reach 96% and 91.4%.
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Chapter 1

Introduction

This chapter will present the background of Advanced Driver Assistance Systems (ADASs),
the motivation, the contribution and the organization of this thesis.

1.1 Background

In last decades, studies on driver safety have attracted more and more attention, and sig-
nificant improvements have been obtained. Nonetheless, critical and harsh traffic accidents
still happen throughout the world [76]. Several factors play vital roles in the causes of the
these accidents, such as increasing use of private cars, booming of transportation, and grow-
ing usage of cellphone or other electronic devices in the car. Currently, both governments
and industrials around the world have made great efforts to deal with driving safety-related
issues. For example, some safety standards on driving are issued by government such as
the mandatory rest in long-distance driving [76]. However, these solutions are not enough,
because growing evidence shows that drivers’ inattention (e.g., texting, drowsiness, etc.)
during driving is the main factor causing car/truck crashes and incidents [78], [109]. The
estimation in paper [122] shows that 80%-90% of fatal and injury crashes are related to
drivers.

As defined by National Highway Traffic Safety Administration (NHTSA), distraction
is a specific type of inattention that occurs when drivers divert their attention from the
driving task to some other activities instead, such as calling, eating, and navigating [100].
Inattention also includes fatigue, physical, and emotional conditions of the driver [102].
Although the definition varies in different references [102], distraction and drowsiness are
two main subjects in drivers’ behavior analysis [76].

In 2012, 3,328 people lost their lives, and additional 421,000 people were injured in
the motor vehicle crashes involving distracted drivers in America, which accounts for 16%
of all motor vehicle traffic accidents [102]. After two years, the corresponding numbers
reported in NHTSA’s new report [103] remain the same, which are 3179, 431,000 and
16%, respectively. NHTSA also gives an estimation that there is an average of 83,000
crashes each year related to drowsy driving between 2005 and 2009 [101]. The situation is
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similar in Canada, according to the Canadian Council of Motor Transport Administrators
(CCMTA), the fatigue-related driving accounts for up to 21% of motor vehicle collisions
every year [45].

Some statistical reports of traffic accidents provided by UK and USA show that avoiding
distraction and drowsiness driving can prevent these severe crashes significantly [76]. In
addition, a comprehensive survey [116] on motor vehicle crashes indicates that there is
about 30% decrease of the probability of injury-related accidents when a driver is alerted
of the unseen dangers by passengers. Therefore, researchers turn their focus to the driver-
centric systems which can detect and analyze the inattention and distraction of drivers and
then give alerts to them when they may face potential dangers or even guide the driver in
dangerous situations [130]. Such systems can be called intelligent driver assistance systems
(IDASs) or ADASs [130], [129].

Generally, distraction and drowsiness are two primary factors, which researchers are
focusing on, in design of ADASs [76]. According to whether the vision feature is used in
the design, ADASs can be divided into two categories:

1. Visual feature-based systems : The systems often make use of computer vision tech-
niques to detect distraction and drowsiness. Head, face, eyes, and mouth, which are
four fundamental parts of the driver, are used for feature extraction in the detection
part of these systems. Eye state and blinking analysis, mouth and yawning analy-
sis, and facial expression analysis are three major concerns in drowsiness detection
researches [125], [83], [119], [63] while head movement analysis and gaze analysis are
adopted in drivers’ distraction detection [111], [76]. In addition, the image or video
analysis combined with machine learning methods, such as Random Decision Forest
(RDF) [129], is often used in vision-based systems.

2. Non-visual feature-based systems : This kind of system is often designed by two ap-
proaches [76]: 1) One approach is to make use of drivers’ physiological information.
Physiological information includes electrical activity of the brain and heart rate.
Electroencephalogram (EEG) technique, which tracks and records brain wave pat-
terns, is an effective method for detecting the drowsiness of the driver; however, this
method is intrusive because several sensors are connected to the driver [86]. 2) The
other one is to take advantage of vehicle parameters. Vehicle parameters often con-
tain steering wheel movement, acceleration pedal movement, and so on. Researchers
find that there exists a relationship between vehicle parameters and driver’s state of
drowsiness [57].

In this thesis, we will focus on visual feature-based distraction systems, which will be
explained in the following section.

1.2 Motivation and Contribution

Distraction is defined as a specific category of inattention that happens when drivers turn
their attention from the driving task to some other activities [100]. For example: when
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the driver sends a message to someone while driving, his/her eyes will turn off the road.
In addition, at least one of the hand cannot participate in the controlling of the steering
wheel. These behaviors increase the probability of life-threatening collision, especially
when potential danger exists. Visual-Feature based techniques are commonly utilized for
Distraction Detection Systems (DDSs), and they provide a non-contact, non-invasive, and
easy-setup solution compared to methods that need sensors attached on the driver.

Head pose and eye-gaze direction (i.e., the gaze direction relative to the head) are two
reliable indicators of a driver’s gaze and the current focus of attention [97]. Head pose and
eye-gaze direction are combined to provide complete gaze information of the driver [81].

In this thesis, we proposed a new framework for gaze zone estimation in the realistic
driving environment, and the experiments are conducted in both daytime and nighttime.
Here are the main contributions of the thesis:

• A new gaze zone estimation framework is proposed, which combines head and eye
information to estimate the gaze zone of the driver for both daytime and nighttime.
Experiment results show that the gaze zone estimation framework proposed has bet-
ter performance compared to the reference in the daytime. The weighted accuracy
reaches 96.6%, and unweighted accuracy reaches 95.0% for daytime. For nighttime,
the unweighted accuracy can reach 91.4%, and the weighted accuracy can reach 96%,
which is also promising.

• Two new datasets are collected from the realistic driving environment. One dataset
contains 29,000 images that are annotated manually for gaze zone estimation. The
other dataset contains 2,100 images that are manually annotated for iris center de-
tection. These datasets can be exploited further in future research.

• Microsoft Kinect for Windows V2 is employed to obtain color images in the daytime
and infrared images in the nighttime. It’s the first time that Kinect is used in the
gaze zone estimation in the realistic driving environment.

1.3 Thesis Outline

This thesis is organized as follows:

Chapter 2 will be a literature review covering five sections, namely video-based gaze
estimation, head pose detection, iris center detection, facial landmark detection, and mul-
ticlass classification techniques.

Chapter 3 will describe the proposed framework for driver’s gaze zone estimation in
detail. The description follows the structure of the framework, which is composed of facial
landmark detection, iris center detection, upper eyelid information extraction, and gaze
zone estimation.

Chapter 4 will present the experiments information in four main parts, consisting of
the setup of experiments and dataset, results for iris center detection, verification of upper
eyelid information, and results for gaze zone estimation.
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Chapter 5 will cover conclusions for the proposed framework, and some analyses on
the results in chapter 4. The possible methods for improvement and enhancement will be
discussed in the future work.
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Chapter 2

Literature Review

In ADASs, using head pose only for gaze estimation is not able to provide adequate details
compared with using the complete gaze information (i.e., head pose and eye-gaze direction),
because the former method can not distinguish the focus of the driver when he/she only has
eye movements without head movements. In some practical applications, head pose and
head dynamics are used for gaze estimation [82]. However, eye cues are required to obtain
a comparatively more accurate performance in the naturalistic driving environment. On
the other hand, in consideration of the financial cost, computational time and complexity,
operation complexity and intrusiveness, the methods of eye-gaze direction estimation with
coarse accuracy is enough and suitable in driving environment, compared to those with
precise accuracy. Since video-based gaze estimation methods are less intrusive compared to
methods where sensors are attached on the driver’s skin, this chapter will review different
video-based gaze estimation methods. The following sections will present video-based
gaze estimation, head pose detection, iris center detection, facial landmark detection, and
multiclass classification techniques, respectively.

2.1 Gaze Estimation Based on Eyes and Head

In this context, gaze can refer to either the focus point/zone of a person or the gaze
direction. The task of gaze estimation is to model the relationship between the images
and the gaze point/zone or gaze direction. Head pose (i.e.,position and orientation) and
the orientation of the eyeball together determine the gaze direction of a person. The gaze
direction is changed by rotating either or both eyeballs and head. Eyeball movement in
3D space can also be regarded as the iris/pupil movement in the 2D image space. It
is a fact that a person moves the head first to a comfortable position and then move the
eyeballs [69]. Therefore, head pose can decide the coarse field of view while eyeballs provide
the detailed information of local gaze directions.

A gaze estimation system is regarded as a good system if it is non-intrusive, non-
obstructive with easy and flexible setup and the required accuracy. Previously, there
were many eye-tracking methods which are intrusive. In Electro-Oculography techniques
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(EOG), sensors are attached to the skin around the eyes to measure an electric field existing
when eyes rotate. By recording small differences in the skin potential around the eye, the
position of the eye can be estimated [38]. Compared with systems that have sensors
attached to the skin or mounted on the head, video-based systems are non-intrusive and
provide more freedom for users. As mentioned before, we will focus on video-based gaze
estimation methods, which are commonly used in practice to provide non-intrusiveness.
These video-based methods can be broadly grouped into four categories: appearance-
based, eye-model-based, feature-based and hybrid gaze estimation [69]. In the following
subsections, the four categories of gaze estimation methods will be described in detail, and
researches in these four categories will be reviewed.

Before the gaze estimation process, some calibration procedures are required, and these
calibrations can be classified into camera calibration and personal calibration [69]. Usually,
one or both kinds of calibrations are utilized by a particular system. Camera calibration
refers to getting the intrinsic matrix of a camera, and personal calibration refers to the
estimation of corneal curvature.

2.1.1 Feature-based Methods

Feature-based gaze estimation methods utilize local features extracted from the image,
such as eye contours, eye corners, and reflections [69]. These features extracted usually
have high relation with the gaze.

Figure 2.1: (a) Eye image with corneal reflection (glint). Taken from [155]. (b) Light
reflection structure. Taken from [69].

Figure 2.1 shows the reflection features. When the light falls on the corneal, some
reflections occur on the boundary between the lens and the corneal [53], shown in Fig-
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ure 2.1(b). The corneal reflection is called a glint that is captured by a camera and forms
a small white dot in the eye shown in Figure 2.1(a). Pupil-glint vector is the displacement
vector between corneal reflection and pupil center, and used as a common feature in early
gaze estimation systems. Feature-based methods model the relationship between features
extracted from the image and current gaze information (i.e., gaze direction, gaze zone, or
gaze point). Parametric models, such as polynomial, and non-parametric models, such as
the neural network, are both exploited by researchers. The computation of intersection be-
tween gaze direction and object can be avoided because the model can learn the geometry
relationship implicitly.

The first video-based eye tracker designed by Merchant et al. [92] uses polynomial
expressions as the mapping function [38]. The authors designed such a system as early as
1974. Polynomial expressions have become one of the most popular mapping techniques [35]
since then. Pupil-glint vector is utilized as the feature in their method. The authors found
that the mapping from pupil-glint vector to gaze coordinate is linear in small eye rotation
and becomes nonlinear in more significant eye rotation. Thus a linear mapping from
pupil-glint vector to gaze coordinate is applied for small eye rotation while the nonlinear
polynomial function models the relationship for larger eye rotation. Infrared light is utilized
to get the pupil center by using bright-pupil effect, which will be discussed in the iris
detection section.

As an alternative to parametric expressions, neural networks and their variants are also
popular in feature-based methods, which assume a non-parametric form to represent the
mapping from image features to gaze coordinates.

Zhu et al. [154] proposed a method based on Generalized Regression Neural Network
(GRNN). The analytic mapping function is not needed, and the head movement can be
implicitly taken into account. They found the pupil parameters such as orientation and r
(i.e., ratio of the major and minor axes of the pupil ellipse) have a relationship with the
head pose. Therefore, their method utilizes the pupil parameters, pupil-glint displacement,
and glint coordinates as features and the features are mapped to the screen coordinates.
The advantages of the method are that no calibration is necessary after initial training
and that the gaze tracker can perform robust and accurate gaze estimation under rather
significant head movement. Furthermore, the mapping function can be generalized to
other individuals outside training set. Although this method is not as accurate as some
commercial gaze tracker, it can handle head movements while still producing an accuracy
of about 5 degrees for gaze estimation.

Later, Zhu et al. [155] proposed another method utilizing Support Vector Regression
(SVR) as non-parametric mapping model between extracted features and gaze coordinates,
which can construct a highly nonlinear generalized gaze mapping function that takes the
head movement into consideration. Pupil-glint vector and 3D pupil position are the input
of SVR. Experiment results show that their method can achieve an gaze accuracy of about
1.5 degrees under natural head movement.
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Figure 2.2: General model of the eye structure and optical properties of the eye. Taken
from [65].

2.1.2 3D Model-based Methods

3D model-based methods model the common physical structures of the human eye geomet-
rically [69] and make use of optical properties of eyes to obtain the gaze direction vector in
3D space. A general physical model of the eye structure and optical properties of the eye
are presented in Figure 2.2. The gaze point/zone can be estimated by calculating the inter-
section of obtained gaze direction vector and the plane of a particular depth/object. The
eyeball is near spherical and is usually modeled as a spherical ball with a person-specific
radius R. As shown in Figure 2.2, the visible parts are pupil (the smallest circle in the
middle of the iris), iris (the circle part around the pupil) and sclera (the white components
of eye). In front of the iris, there is a transparent layer on the surface of the eye, which is
called corneal. The corneal is not visible in the 2D image, but it plays a significant role in
the structure of visual generation. Two important axes in the structure are the optical axis
and the visual axis, where the visual axis is real gaze direction of the eye. The line crossing
pupil center, corneal center, and eyeball center is named optical axis. The line crossing
corneal center and fovea is called visual center, where fovea is a small region in the center
of the retina. From the definition, visual and optical axes intersect at the corneal center.
The angular offset between optical and visual axes are fixed for a particular person but
may vary for different persons. Usually, calibration is applied for model-based methods to
get some personal intrinsic parameters, such as the intrinsic eye parameters which include
the angles between visual and optical axes, the radius of corneal and so on.

To make the eye model more suitable for the practical applications, most of the 3D
model-based gaze estimation methods assume that the eyeball and corneal curvature are
spherical as shown in Figure 2.3. The smaller sphere is corneal curvature with center CP

8



while the exterior larger one is eyeball with center C. P represents pupil center. 3D
model-based methods follow a common strategy. At first, the optical axis is estimated in
3D space by obtaining the pupil center and corneal/eyeball center. Next, the visual axis
is estimated using the angle offset θ between optical and visual axes. Finally, the gaze
point/zone is obtained by intersecting gaze direction with the scene geometry.

Figure 2.3: 3D eye model. Taken from [75].

Li et al. [75] designed a gaze estimation system based on the eye-mode shown in Fig-
ure 2.3 using an RGB-D camera (i.e., Kinect sensor). The eyeball center C and pupil center
P are utilized to estimate the optical axis. Different from other methods, the method pro-
posed by Li sets up a model to calibrate the eyeball center by gazing at a random target
in 3D space, not predefined [75]. Before getting the 3D location of pupil center, a 3D head
model is obtained from Kinect sensor. The visual axis can be estimated by adding the
constant offset angle to the optical axis.

This process is carried out in an indoor environment. The results show that the method
proposed can achieve good performance in every direction, with an accuracy of about 5
degrees. However, since the pupil tracking algorithm has an essential influence on the
complete accuracy of gaze estimation, the method could be more accurate if the pupil
center can be detected more accurately and stably. The pupil center detection method
they utilized requests the pupil shown on the image as complete as possible, and this is
not suitable for the realistic driving environment.

Chen et al. [37] utilized a similar 3D model-based system as Li et al. But they achieved
the accuracy under 3 degrees with free head movement. The reason may be that Chen
makes more personal calibration while Li uses the average parameter values.
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Figure 2.4: 3D gaze estimation. Taken from [136].

Vicente et al. [136] designed a driver’s gaze tracking and eyes off road detection system
with 3D eye model, shown in Figure 2.4. The pupil positions are segmented to form four
different categories (i.e., four triangle meshes marked by dashed lines). After detecting the
pupil location in the 2D image plane, the 2D pupil coordinate is mapped to corresponding
coordinate in the 3D head frame. The 3D gaze direction is determined by the line cross
eyeball center and pupil center in 3D space. The estimated gaze direction is then applied
to detect whether the driver is looking away from a predefined space, on-road area. If the
driver looks outside the space, there will be an alarm. The experiment is carried out in
the real car, but they did not mention if it is in the realistic driving environment. The
participators are instructed by audio to gaze specific area for 10 seconds to collect data.
The false alarm rate in the on-road area is below 5%.

2.1.3 Appearance-based Methods

Feature-based and eye-model-based methods need detection of pupils or calibration of eye-
ball center, which are prone to introducing errors. In addition, some potential features
containing useful information about gaze direction may be disregarded resulted from fea-
ture extraction. Appearance-based gaze estimation methods make use of the image data
directly in a whole instead of explicitly extracting features or exploiting eye structure.
The mapping relationship between image data and gaze direction or gaze points/zone are
modeled directly. As a result, the variation information of different people, and the useful
features will all be considered without the need of complicated calibrations and geome-
try information. These methods are mainly based on grayscale unit images, appearance
manifold, Gaussian interpolation and cross ratios [121].

Baluja et al. [12] proposed an appearance-based non-intrusive gaze estimation system
which can be customized to individual users. Artificial Neural Network (ANN) is utilized
to learn the relationship between the extracted window, which contains eye region, and
coordinates on the monitor that the subject is gazing at. The training data for ANN is
collected by guiding the subject to gazing at a predefined path of a moving cursor on
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the monitor. Totally 2000 images and their corresponding coordinates on the monitor are
collected. The system can estimate the gaze coordinates from the extracted window pixels
after obtaining ANN parameters from training. The system’s online accuracy can reach
1.7◦ while the subject is allowed to move head freely. However, the subject is sitting in
front of the camera while the data is collected, the movement of the head may not be
enough for the wild outdoor environment.

Tan et al. [128] presented another appearance-based method which makes use of an ap-
pearance manifold model. An appearance manifold is a set of points in the high-dimensional
space, representing the image data taken from different gaze coordinates [94], [99]. Every
point in appearance manifold has its corresponding gaze coordinates. For a given image,
the gaze coordinate can be estimated by finding the point in appearance manifold that
is closest to the given image. Instead of utilizing a densely sampled spline to obtain the
nearest manifold point, a nearest manifold point search technique is proposed, exploiting
the topological information inherently presenting in the manifold model. Their method re-
mains the original set of sparse appearance samples and utilizes linear interpolation among
a small subset of samples to approximate the nearest manifold point. Compared with
dimension reduction methods, their method keeps more useful information. The gaze esti-
mation accuracy can reach 0.38◦ in the set of eye images labeled with corresponding gaze
coordinates on the screen.

Previous appearance-based methods were usually carried out in a controlled laboratory
environment with a lot of constraints. Recently appearance-based gaze estimation methods
are usually combined with head pose estimation, which give more freedom to subject’s head
position and orientation [124].

Figure 2.5: Appearacne-based method with CNN. Taken from [149].

Lai et al. [79] developed an appearance-based gaze tracking system allowing free head
movement by combining head pose estimation method and appearance-based gaze estima-
tion method. The head pose and eye region appearance are combined to represent points in
high-dimensional manifold space. A random forest approach models the neighbor structure
of these points, and the neighbor set is efficiently selected. After that, the best solution is
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obtained from regression by L1-optimization from those near samples. A typical camera-
and-monitor system, where the subjects are guided to gaze at points on the monitor, is set
up for data collection. The Experiment results show that their method can perform robust
gaze tracking with free head movement and still achieve average estimation accuracy.

Zhang et al. [149] also proposed such a system combining head pose estimation method
and appearance-based method. Figure 2.5 shows the framework of their proposed method.
First, face and facial landmarks are detected to estimate the head pose further and obtain
eye region. Second, the convolutional neural networks (CNN) is applied to learn the
relationship between the combined head pose and eye images with gaze directions in the
camera coordinate system. The experiment is carried out under the wild unconstrained
condition. Totally 213,659 images are collected from 15 subjects during natural daily
laptop use over more than 90 days, which is called MPIIGaze dataset. Their dataset has
more variation in appearance and illumination, compared to existed ones. Their method
achieves better performance in the most challenging cross-dataset evaluation, containing
person- and pose-independent data, than some state-of-art methods. The within-dataset
mean error is 6.3 degrees.

Figure 2.6: Synthesis eye images from controlled gaze direction and head pose. Taken
from [146].

The vast amount of labeled training data with variable eye appearance, head pose, and
illumination is an essential requirement for recent appearance-based gaze estimation. It
takes a lot of time and works to collect such amount of data like Zhang et al. did. Thus,
Sugano et al. [124] and Wood et al. [146] tried to make use of synthesised images for training.
Sugano et al. generated 64,000 images, and Wood et al. collected one million synthesized
images. The former utilizes a random regression forest while the later utilize k-Nearest
Neighbors (KNN) estimator. Figure 2.6 illustrates the generated synthesis eyes. Left of
figure shows renders with fixed head pose but varying gaze while right one shows fixed gaze
but varying head pose. Experiment results of Sugano show that their method outperforms
existing methods that use low resolution images, and the mean error of their method with
cross-subject training is 6.5◦±1.5◦. Results from Wood show that these synthesized images
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can be utilized to estimate gaze in difficult wild scenarios, even for extreme gaze angles or
fully occluded pupil, and mean error is 9.95◦ when tested on Zhang’s MPIIGaze Dataset.

2.1.4 Hybrid Methods

By combining two or more of the methods from appearance-based, feature-based, and
eye-model-based methods, a trade-off can be made.

Figure 2.7: Eye model to compute horizontal gaze direction. Taken from [129].

Ashish Tawari et al. [129] designed a robust gaze zone estimation system in the natural-
istic real-world driving environment, which combines feature-based and eye-model based
methods. They proposed gaze-surrogate features from the eye model and upper eyelid.
The eye model proposed provides horizontal gaze direction while upper eyelid provides
vertical gaze information. Figure 2.7 shows the eye model they proposed.

Based on geometrical structure of the eye model, horizontal gaze direction with regard
to horizontal head orientation β can be calculated by Equation 2.1 [129].

β = θ − arccos
(

2

d1/d2 + 1
sin (θ) sin (α/2) + cos (α/2 + θ)

)
(2.1)

where α is the angle subtended by an eye in the horizontal direction, θ is yaw angle of
head pose, and d1

d2
is the ratio of the distances of iris center from the detected corners of

the eyes in the image plane [129].

Random Decision Forest (RDF) [33] classifier is then applied to classify different gaze
zone of the driver according to the features obtained.
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The proposed system is evaluated on their own dataset. The experiment is carried out
in the naturalistic driving environment to collect the data. The experiment results show
that the overall weighted accuracy is improved from 79.8% to 94.9%, when eye cues are
added. The estimation accuracy for individual gaze zone is also improved.

Table 2.1 is a summary of methods for gaze estimation reviewed previously. In sum-
mary, although the feature-based methods using pupil-glint displacement are simple, having
no need of complicated calibration, and relatively accurate, they are limited to particular
applications since they perform not well under significant head movement. A wide-angle
camera or additional camera can be used to release this limitation. However, both complex-
ity and financial cost will increase as a consequence. The 3D model-based gaze estimation
systems can tolerate natural head movements, but these methods usually require a com-
plicated one-time system- or geometric-calibration. Some assumption or approximation
can be used to simplify the calibration and computation. On the other hand, appearance-
based approaches are not based on known parameters from feature extraction or many
calibration parameters. They extract these information implicitly. Furthermore, they can
also achieve free head movement by combining head pose estimation. They can even work
person-independently, though the accuracy will decrease. However, they need extensive
data for training to extract those useful information implicitly.

Compared with the person-dependent method, the person-independent method has
more generalization to new individuals, and there is no need of training and calibration for
particular individuals. The person-independent method is very convenient, efficient, but
the accuracy will drop as a consequence. Person-dependent methods usually achieve higher
accuracy. Besides, the environment has a huge influence on the results. The naturalistic
driving environment always presents unique challenges to video-based gaze estimation and
tracking systems. In an automobile, continuous lighting changing conditions, resulting in
heavy shadows and high illumination variability, and unstable capture of data, caused by
jolts, all put more difficulties on gaze estimation task. In addition, performing real-time
or near-real-time is another consideration for gaze estimation in an ADAS. Therefore, the
results in the stationary laboratory with stable illumination have higher proficiency than
those in the wild. However, these methods may not work well in the driving environment.
Unique approaches are needed to design for ADASs to overcome these special difficulties.
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2.2 Head Pose Detection

In this subsection, we will review previous works on video-based head pose estimation tech-
niques. For a better overview of the head pose estimation in computer vision, please refer
to [98]. The head is commonly assumed to be a rigid object in head pose estimation, and
in this thesis, head pose refers to either the orientation or joint of orientation and position
of a head. The orientation has 3 degrees of freedom (DOF), which can be represented
by pitch, roll, and yaw in the world frame, shown in Figure 2.8. As mentioned before,
the head pose is a vital reference to know human’s current attention. It is even applied
for coarse gaze estimation. In addition, the gesture of people’s head can convey rich and
interpersonal information in a conversation [98].

Figure 2.8: Head pose orientation. Taken from [98].

Methods for head pose estimation can be divided into three main categories in general:
geometric/shape feature-based methods, appearance/texture feature-based methods, and
hybrid (shape + texture) feature-based methods [130].

2.2.1 Shape-based Methods

Approaches based on shape features usually make an analysis on the geometric distribution
of facial landmarks, combined with the face model, such as cylindrical, ellipsoidal and
mean 3D face [91] to get the head pose. It is intuitive to assume that there is a mapping
relationship between combination of the shape and distribution of facial landmarks, and
the head pose.

The primary framework of the recent systems is illustrated in Figure 2.9. First, facial
landmark positions in the image plane and their corresponding face model in 3D object
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frame are detected/tracked. The head pose is obtained by applying Pose from Orthography
and Scaling (POS) algorithm [50], which could find the projection relationship between
the landmark positions in the 2D image and corresponding landmark positions in 3D face
model. The projection relationship provides the face model orientation and position with
respect to the camera, namely the head pose.

Figure 2.9: Framework for shape feature-based methods. Taken from [91].

Ohue et al. [107] proposed a shape-based head pose estimation method making use of
left edge, right edge, and center edge of the face. A cylindrical face model is applied to
find the yaw direction of the driver.

Tawari et al. [130] designed a Continuous Head Movement Estimation (CoHMEt) sys-
tem focusing on continuously and accurately estimating driver’s head pose even under sig-
nificant deviations from the frontal pose. A distributed camera framework, which makes
use of multiple cameras and a camera perspective selection algorithm, is proposed to in-
crease the operating range of the head pose tracking system for drivers. The algorithm
proposed independently estimate head pose from each camera stream, and then the best
estimation is obtained by analyzing result of each camera. The authors utilized geometric
information of the head to estimate driver’s head pose and detected facial landmarks in
image space and their corresponding positions in 3D face model, shown in Figure 2.10.
POS algorithm requires at least four points of correspondences in general positions. The
less deformable points: four eye corners, two nose corners, and a nose tip are utilized in
POS algorithm.

The experiment is conducted in the naturalistic driving environment, and the data col-
lection focuses on events that can cause significant head movement (away from the driving
direction) because they are more related to driver’s safety. After a thorough comparative
study of different camera configurations, the system can reliably track the head movement
over 96% of the time.

Martin et al. [91] designed a similar system and also conducted the experiment in
the naturalistic driving environment. LISA-P Head Pose database is collected from the
experiment which has head pose data from drivers of varying age, race, and gender in both
daytime and nighttime. Moreover, a motion capture system is applied to obtain the ground
truth of head pose. Evaluation on LISA-P database of proposed method shows that the
average standard deviation is 7◦. A single camera is utilized which may be the limitation
of detection range.
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Figure 2.10: Facial landmarks and their corresponding positions in 3D face model. The
solid red circles are the points utilized for the head pose calculation. Taken from [130].

2.2.2 Appearance-based Methods

Methods based on appearance usually assume that there is a mapping relationship between
holistic facial texture (intensity distribution) and 3D head pose. Often, a considerable
amount of dataset for training is needed in appearance-based methods.

Guo et al. [66] introduced a fast algorithm of face detection and head pose estimation to
estimate the head pose of driver in real time. Mask Transform and Support Vector Machine
(SVM) classiers are used to detect the face accurately. Only the face area is utilized for head
pose estimation. The algorithm proposed applies Bilateral-projection Matrix Principle
Component Analysis (BMPCA) to extract features from 2D image data directly. BMPCA
is a variation of Two-dimensional Principle Component Analysis (2DPCA), and it not only
extracts features efficiently but also maintains more powerful and excellent performance.
Experiment results on videos demonstrate that the method is rapid, robust and efficient
to deal with illumination changes, glasses wearing, and different head poses with moderate
rotations.

Zhu et al. [153] presented a novel method to track 3D head pose in near-real time from
an image sequence captured from an uncalibrated monocular camera. The main idea of
their method is to detect and track 2D face, and 3D face pose simultaneously, instead of
treating them separately. 3D face pose is constrained by face dynamics utilizing Kalman
filtering, and face appearance in the 2D image. Kalman filtering can constrain the 3D head
pose to a smaller range of possibilities. The 3D face pose is estimated from finding the best
matching between the actual face image and the projected face image from the 3D face.
Face matching is formulated as an optimization problem so that the exact face location and
3D face pose can be estimated efficiently. Moreover, the use of active infrared illumination,
which allows detecting eyes robustly, can constrain the detected face in the image to avoid
tracking drift issue. Since the method requires explicit initialization of the frontal face, and
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the tracking process is performed from this initial face pose and placement. The system
may be sensitive to initial face pose and placement. Experiment result shows that the
estimation error for yaw and pitch is 2.9 degrees and 3.6 degrees.

Figure 2.11: Rigid facial model used for initialization and tracking and an example of the
model rendered by the tracking system. Taken from [95].

Murphy et al. [95] proposed a novel procedure for static head pose estimation and
visual 3-D tracking. The system consists of three modules that detect the driver’s head,
initially estimate head pose, and continuously track head pose. Face area is detected
by three cascaded Adaboost [142] face detectors at first in head detection module. Next,
localized gradient orientation (LGO) histogram is extracted from the grayscale video image
and input into three SVRs trained for head pitch, yaw, and roll orientation respectively
in initial pose estimation module. The tracking module employs a new appearance-based
particle filter for 3-D model tracking in an augmented reality environment, which is a virtual
environment that simulates the view space of a real camera [96]. Figure 2.11 shows a rigid
anthropometric texture-mapped 3D head model. The surface of the head is approximated
by a set of convex polygons represented by the 3D vertices. Each vertex is assigned a
texture coordinate corresponding to a position in a 2-D image texture. OpenGL-optimized
graphics hardware is used to efficiently compute particle samples in real time. The system
is evaluated on the dataset captured from drivers with different ages, races, and genders
in both daytime and nighttime in the driving environment.

2.2.3 Hybrid Methods

Lee et al. [82] proposed a real-time driver’s gaze zone estimation method based on head
orientation: yaw and pitch. Shape-based and texture-based methods are combined in this
method. In order to estimate a driver’s head yaw, shape features (i.e., the left border, the
right border, and the center of the driver’s face) are extracted without the eye position.
Ellipsoidal face model, instead of the cylindrical model, is then applied to model the face
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based on these features, presented in Figure 2.12. The yaw angle based on the ellipsoidal
model θy e is denoted by:

θy e = arcsin

(
cR − xc
R

)
, R = (α + β) r, (2.2)

where R is the radius of rotation, and xr, xr, and xc are obtained from the input image.

Figure 2.12: Face models: (a) Cylindrical face model. (b) Ellipsoidal face model. (c)
Ellipse rotated counterclockwise by θ. Taken from [82].

To estimate the driver’s head pitch, new texture features are proposed, which are the
normalized mean and standard deviation obtained from the histogram of the horizontal
edge projection. The driver’s head pitch is estimated by passing these features in a trained
SVR. Experiment results from 200000 images show that the root mean square errors of the
estimated yaw and pitch angles are below seven degrees under both daylight and nighttime
conditions.

In conclusion, compared with appearance-based methods, shape-based methods are in-
tuitive and simple to implement. The challenge of shape-based methods is that they require
the robust and accurate localization of facial features. Since the facial feature detection
techniques are accurate enough for head estimation and multiple cameras can be used,
these challenges can be released to some extent. Moreover, facial-landmark-based head
pose detection can provide more information for further analysis, such as eye information
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for more accurate gaze estimation. Especially in driver distraction and drowsiness analysis,
eye, mouth and nose information are essential cues.

2.3 Eye Detection

As we mentioned before, eye information combined with head pose decides the accurate
gaze direction of a human, which is vital to human-computer interaction system. More-
over, the state of the eye can also be used in driver’s drowsiness analysis. The eye is
often characterized by pupil/iris and the eyelids, and the position of the eye is commonly
represented by the pupil or iris center. The appearance of the eye is hugely affected by
ethnicity, head pose, viewing angle, iris position, illumination condition, occlusion of the
eye by the eyelids, and so on. In addition, the appearance has large changes even for the
same individual with a little variation in view angles, demonstrated in Figure 2.13. Despite
active research in recent years, eye detection and tracking remains a very challenging task
because of these issues.

Figure 2.13: The examples of different view angle for the same individual. Taken from [69].

Shape-based, appearance-based and hybrid methods are three prominent approaches
for eye detection, being either rigid or deformable [69]. The shape-based methods make
use of predefined eye shape model and surrounding structures, while the appearance-based
methods make use of model directly constructed from the eye appearance, which may have
no practical meaning. Hybrid methods combine feature, shape, and appearance approaches
to exploit their respective advantages.

2.3.1 Shape-based Methods

Shape-based methods are based on the fact that the open eye is well described by its
iris, pupil and exterior contours. Different methods apply different shapes to detect eyes.
Models have been proposed to model the eye shape from simple ellipse [85] to more complex
models utilizing more detailed and precise modeling information [148].

Kim and Ramakrishna [77], and Perez et al. [110] estimated the center of the iris as
the eye position. The shape of iris contour or limbus is modeled as a simple ellipse. They
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assumed that the coarse location of the face and eye region have already been known from
other methods. Their methods are to get the precise location of iris center based on the
known location of the eye. The threshold is applied to eye image intensity first. Next,
edge detection methods such as Longest Line Scanning (LLS), Occluded Circular Edge
Matching (OCEM), and Laplacian operator are applied to detect the pupil contours. Hough
transform technique [106] is another well-known method for edge detection especially for
the object has a circular and ellipsoidal shape such as iris contour. Kim et al. applied the
threshold by assuming people have dark iris, which may not always be true. Moreover, the
circular or ellipsoidal shape constraint often works well only in the near-frontal face.

In the naturalistic environment, the shape of the eye changes significantly because of
free head movement, facial expression, and eye state (open/closing). Simple ellipse is hard
to perform in such condition. Figure 2.14 gives some examples of non-ellipse iris shape.

Figure 2.14: The examples of non-ellipse iris shape. Taken from [129].

Yuille et al. [148] proposed a very typical example of a complex shape-based method
based on deformable eye model. The feature of the human eye is described by a parameter-
ized eye template. The parameterized eye template proposed by Yuille et al. is illustrated
in Figure 2.15.

The deformable eye model is composed of the four features:

1) The radius r of iris contour, centered at point −→xc .

2) The exterior contour of the eye, composed of two separate parabolic sections. It
utilizes eye center −→xe, width 2b and θ to represent the orientation of eye.

3) Two points, corresponding to the centers of the whites of the eyes, represented by
−→xe + p1(cosθ, sinθ) and −→xe + p2(cosθ, sinθ).

4) The areas between the exterior contour and the iris contour, namely the whites of
the eye.

The model is denoted by ~g = (−→xc ,−→xe, p1, p2, r, a, b, c, θ), with a total of eleven param-
eters. An energy function is defined as a combination of terms due to the valley, edge,
peak, image, and internal potentials. The model is then matched dynamically with the
eye image by adjusting eleven parameter values to minimize the energy function, thereby
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Figure 2.15: (a) A deformable template (b) Eye template at different times during the
minimization. Taken from [148].

deforming itself to obtain the best match. A search strategy based on the steepest descent
is applied to find the most salient components of the eye in an order. Iris is detected by
valley potential, and so on. Experiment results show that the method is sensitive to the
initial position of the model, and they also modeled the iris contour as a circular shape.

Lam el al. [80] extended the method proposed by Yuille et al. making use of eye
corner position. The contour of the head is detected first by ”snake” method. Next, the
approximate position of the eyes are estimated using average anthropometric measures.
They proposed an eye corner detection approach to detect the eye corners, which are
applied to initiate the eye template. Experimental results show that there is about 40%
improvement in average execution time when eye corner position is applied to initiate eye
template.

Colombo and Bimbo [39] proposed another deformable eye model with six deformation
parameters. The eye model is composed of two semi-ellipses that share the same major
axis. The six parameters are e1− e6 shown in Figure 2.16, namely the common major axis
(e1), the two minor axes (e2, e3), the ocular center’s image coordinates (e4, e5), and the
common orientation (e6).

2.3.2 Appearance-based Methods

Appearance-based methods detect the eyes directly based on the statistics of eye intensity.
Appearance-based methods can be divided into two categories: image template-based,
and holistic methods. Image template-based methods utilize both spatial and intensity
information of each pixel while holistic methods only consider the intensity distribution
instead of spatial information [69]. Image template-based methods often need preprocessing
such as scaling and rotation to make the detected eyes have similar size and orientation
as the template images. Holistic methods extract efficient information implicitly from the
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Figure 2.16: Reference template for left and right eyes. Taken from [39].

entire image appearance to solute appearance variations. These efficient information is
then passed into a classifier or regression model to detect the eye.

Figure 2.17: The blob geometry and across-section of the intensity model for an ideal
valley. Taken from [67].

Hallinan [67] proposed an intensity model combined with blob operator shown in Fig-
ure 2.17, which is composed of two regions, corresponding to dark iris and white sclera in
the eye. For each region, the frontal view of the ideal eye has uniform intensity, but in
practice, the histogram of intensity is affected by Gaussian noise. Therefore, the author
makes use of statistical measures to match the ideal template with eye image to solve
intensity variation issues. Before the matching procedure, the input image is smoothed by
a non-linear diffusion operator [105] to enforce the region to be constant piecewisely.
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2.3.3 Hybrid Methods

Hybrid methods take advantage of both shape-based and appearance-based methods to
reduce their respective disadvantages.

Local patch-based methods have shown promising results in object detection, recogni-
tion recently [129]. These methods combine local patch appearance with shape model.
Algorithms such as Active Appearance Model (AAM) [41], Constrained Local Model
(CLM) [46] have been applied to detect facial landmarks including eye contour, nose and
mouth contour. These local patch-based methods can solve head rotation, and illumina-
tion change issues more efficiently. These methods can be used to detect eye contour and
provide accurate location of the eye. The iris center detection is then applied based on the
accurate location of the eye and eye corners.

Based on eye contour landmarks obtained from AAM, Ishikawa et al. [127] proposed a
two-part iris detector: template matching and edge-based iris refinement. Two templates
are applied to estimate the initial location and radius of iris. The black disk template is
matched with the intensity image while the ring template is matched with the vertical edge
image. The scale of AAM is applied to obtain the radius of both templates. The estimate
of iris center is then refined by an edge-based method iteratively until the estimate of the
iris center converges. Edges are detected first, and then an ellipse is fitted to the detected
edges to refine iris center.

Based on eye contour landmarks captured from CLM, Tawari et al. [129] proposed an
iris detection algorithm based on regression models and the histogram of oriented gradients
(HOG) feature. A sequence of regression matrixes S = (R1, ..., RK) are trained offline and
applied on eye region to update the estimation location iteratively by reducing the residual
errors between the estimated iris position and the ground-truth. This method is based on
the known landmarks of the eye to get the eye region and initial estimation of iris center.

Li et al. proposed [85] a hybrid eye-tracking algorithm that combines feature-based
and model-based methods, called ”starburst”. Infrared videos are applied for eye-tracking,
and captured from a cheap eye-tracking device mounted on object’s head. The algorithm
is to detect the pupil contour and center, and corneal reflection. The corneal reflection is
removed through thresholding before pupil detection. First, the method detects the pupil
based on feature points extracting strategy proposed. The feature points are detected
iteratively until the geometric center of feature points converges. The center is called start
point and is manually determined or set as the center of infrared eye image. The iteration
consists of two stages. In stage one, the intensity derivatives along 18 rays extending
radially away from start point, are independently evaluated pixel by pixel. The derivative
evaluation along each ray stops until a threshold φ = 20 is reached, and a feature point is
defined at that pixel. In stage two, calculate intensity derivative along the ray from each
feature point obtained from stage one to start point. The derivative calculation for each
feature point stops when the threshold is reached, and a new feature point is placed at
that pixel. After stage two, the start point is changed to the geometric center of all feature
points. Finally, an ellipse model is applied to fit these candidate feature points to find the
pupil contour. The Random Sample Consensus (RANSAC) algorithm is utilized for model
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Figure 2.18: Feature detection. Taken from [85].

fitting [56] instead of least-squares fitting method [152] used commonly. The proposed
starburst algorithm detects pupil more accurately than pure feature-based methods do
and spends much less time than pure model-based methods.

2.3.4 Other Methods

In addition to categories described in the previous section, there exist some other methods
which are difficult to classify.

Some methods make use of characteristics of the infrared image, such as bright/dark
pupil effect. When an infrared light source is placed near the optical axis of the camera,
the eye image shows bright pupil, because the ray near optical axis enters the pupil and
will be reflected by the retina and captured by the camera. Thus, the pupil is bright in
the image. When the infrared light source is placed away from camera optical axis, the
ray reflected by retina cannot be captured by the camera. Thus, the pupil is dark in the
image. Figure 3.8b shows the bright/dark effect of the pupil in the infrared image.

The pupil can be detected quickly and robustly by detecting the dark and bright pupil
changes dynamically. In a simple situation, preprocessing such as face detection is not
needed in such method because most of the time only the pupil has such bright/dark effect
and the background can be removed easily.

Tomono et al. [132] proposed a system composed of a CCD camera and two near infrared
light sources. The two infrared light sources have different wavelengths, and are placed near
and away from camera optical axis respectively, to generate bright and dark pupil effects
simultaneously. The captured data is filtered to obtain intensity data of two different
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Figure 2.19: Bright/dark pupil effect images and their subtract image. Taken from [70].

illuminations. Two images with the bright pupil and dark pupil effect are captured. The
pupil is then extracted from the subtraction of the two images.

However, in a more complex environment, issues such as eye closure/occlusion, potential
interference from the object which has similar pupil effect, and external illuminations will
make these methods work poorly. Therefore, pupil-effect-based methods are combined with
other methods.

Figure 2.20: Tracked candinates and results after classification. Taken from [70].

Haro et al. [70] also made use of bright/dark pupil effect the same way as method
proposed by Tomono et al. However, they considered a more complicated situation where
some reflective moving objects exist and can be confused as pupil effect, such as a glass
of water, shown in Figure 2.20. Thus, the pupil effect method is combined with the
appearance-based method to find out the pupil from a set of candidates. The classifier is
trained from a dataset containing positive images with a pupil and negative images without
a pupil. Probabilistic principal component analysis (PPCA) [131], [93] is applied to reduce
the dimension of intensity vector and obtain the probability of a candidate region to include
the pupil. The probability information is then combined with temporal information by
considering the estimate results of Kalman tracker, which models the movement of pupils.

Zhu et al. [156] proposed a real-time and robust method for eye tracking under variable
and realistic lighting circumstance and various face orientations. The pupil-effect-based
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method is combined with SVM-based object recognition method and mean-shift-based
object tracking method to solve issues in the real world.

In this subsection, we reviewed different methods applied in eye detection. Deformable
shape-based methods can model eyes well, but they are usually sensitive to initialization
and can not handle various head pose and eye occlusions well. Moreover, they need higher
image contrast and computational consumption. Compared with holistic appearance-based
eye detection methods, local patch-based methods are more discriminative, more robust
to various head pose and illumination. Local patch-based methods combine local patch
appearance and shape model together. Instead of detecting eye only, they are usually used
to detect facial landmarks. These facial landmarks include eye contour, mouth contour, face
contour, and nose. Thus, eye contour can be achieved and is combined with iris detection
method further to get a whole description of the eye. In addition, other information can
be applied to head pose analysis and drowsiness analysis. The active infrared illumination
approaches, which make use of pupil effect or combine pupil effect with other methods,
are effective in the room environment. However, in the realistic driving environment, they
need a particular setup of two infrared sources with the different wavelengths, and the
outdoor sunlight forms more illumination interference. Therefore, they are more suitable
for the indoor environment or the outdoor environment at night.

2.4 Facial Landmark Detection

Facial landmark detection techniques are applied to many computer vision applications,
such as face recognition, face tracking, head pose estimation, face animation, and 3D face
modeling [36]. It is a very challegeing task because of the non-rigid shape of human faces.
Facial expressions, illumination variation, head pose changes, partial occlusions, and face
difference among humans in both appearance and shape are all critical issues that make
person-independent facial landmark detection a difficult problem. Existing methods can
be classified into three categories: deformable model-based, regression-based, and other
methods [143].

Deformable model-based approaches are the most popular and have achieved great
performance in facial landmark detection and tracking [62]. Traditional models such as
CLM and AAM are all possible deformable models. These methods combine the geometry
feature and appearance feature of a face. Usually, a parametrized shape model is used to
model the face shape. The face appearance is utilized either holistically or locally. Methods
based on AAM and 3D Morphable Model (3DMM) [15] extract features from the whole
face appearance holistically. Methods based on CLM and Active Shape Model (ASM) [42]
extract the respective local appearance feature around each feature landmark position.
Thus, each feature has its own appearance model. The facial landmark positions are
detected by fitting the deformable model in the given image. Usually, an initial estimation
of the model points in an image is obtained from detected face region. Thus, the face shape
is refined guided by the appearance around currently estimated landmarks, holistically or
locally.
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Figure 2.21: Left: an annotated training image. Right: corresponding shape-free patch.
Middle: facial landmark locations. Taken from [41].

Cootes et al. [41] proposed a facial landmark detection method based on AAM. A linear
shape model called Point Distribution Model (PDM) [42] is used to model the shape of a
face, and eigen-analysis is utilized to build a linear texture model from horizontal scanned
intensity vector. The texture model is trained from annotated images. Figure 2.21 shows
an example in the training set, where important facial landmark locations are annotated
manually on the original face image, and corresponding shape-free patch is extracted. The
training face image is warped to make the landmark points match the mean shape and to
generate the shape-free patch. Eigen-analysis is applied on the shape-free patch to build
texture model.

Figure 2.22: Effect of varying first four facial appearance model parameters, c1-c4 by ±3
standarad deviations from the mean. Taken from [41].

The variation of face texture is based on the mean face texture. Figure 2.22 shows the
synthesized face texture generated by the model parameters. The objective of AAM fitting
is to minimize the difference between the testing image and the synthesized image. Instead
of using simple linear regression to optimize, the method they proposed utilizes the learned
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correlation between errors in model parameters and the resulting residual texture errors.
Experiment results show that the method can converge rapidly and reliably. Because of the
flexible and simple framework of AAM, there also exists a lot of extensions and variation in
AAM based facial landmark detection methods, such as [133], [151], [73]. These extensions
try to improve the method in terms of the efficiency, discrimination, and robustness when
applied to practical applications [143].

Figure 2.23: CLM search algorithm. Taken from [46].

Cristinacce and Cootes [46] proposed the CLM for facial landmark detection. They
utilized the same shape model (i.e., PDM) as AAM [41] to model the parameterized face
shape. However, the appearance model is built from the local patch around each landmark
locations instead of the whole face region. Figure 2.23 demonstrates the fitting procedure.
The shape model is initialized based on the previous frame or the face region. The tex-
ture patch around each landmark is sampled from the given image. A set of appearance
model/template is generated based on current estimation. The templates are correlated
with the given image to generate response surfaces. An optimization method is used to up-
date shape parameters to maximize the sum of responses. Landmark positions are obtained
iteratively. Experiment results show that CLM search algorithm is more robust and more
accurate than the original AAM search method. There also exist a lot of extensions and
variations in CLM model-based facial landmark detection methods, such as [120], [11], [40].
These extensions and variations combine different shape models, appearance models, local
detectors and fitting strategies with a similar framework.

Baltrusaitis et al. [11] proposed a CLM-based method for robust facial landmark de-
tection in the wild, called Constrained Local Neural Field (CLNF). Their contribution and
novelties are in the novel local detector (i.e., Local Neural Field (LNF)) and fitting strat-
egy (i.e., Non-Uniform Regularised Mean-Shift (NU-RLMS)) proposed. LNF with the edge
feature is used as local detector to evaluate the probability of a landmark being aligned
at a particular location. Different from traditional linear SVM-LR, LNF can better model
the non-linear relationship existing in the wild environment and also makes use of spatial
relationship. NU-RLMS method is utilized as fitting strategy and leads to more accurate
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and reliable fitting because this fitting strategy takes the reliability of each local detec-
tor into consideration. Experiment results on a number of publicly available datasets show
that their method performs better than state-of-art approaches when performing landmark
detection and tracking in unseen lighting conditions and the wild.

Regression-based methods learn a regression function that directly maps image appear-
ance (feature) to the target output (shape) shown in Equation 2.3 [36], [143]:

M : Feat(I) 7→ x ∈ R2N , (2.3)

where Feat(I) is the appearance feature of image I, and x is the shape. M represents
the mapping from feature to shape.

Cao et al. [36] proposed an explicit shape regression method for facial landmark de-
tection. They directly learned a vectorial regression function to find the landmarks from
the appearance of a face. Instead of using a shape model to constrain the face shape, the
constraint of face shape is learned implicitly. Two-level boosted regression, shape-indexed
features, and a correlation-based feature selection method are proposed to learn regression
models from a large training set. Boosted regression [61] combines the weak regressors in a
cascaded manner. A sequence of weak regressors guide the update of face shape based on
previously estimated shape and shape-indexed features. The regressors are aimed to min-
imize the alignment error regressively. Experiment results show their method has better
accuracy and efficiency than many state-of-the-art methods on some challenging datasets.

Valstar et al. [134] proposed a novel approach based on Boosted Regression combined
with Markov Networks, called BoRMaN. SVR is utilized as the weak regressor to learn
a mapping between appearance around a point and the locations of the points. Markov
Random Field is utilized to constrain the possible face shape by exploiting the constella-
tions that facial landmarks can form. The joint probability of pairwise relations and the
relative positions of two landmarks in a configuration is modeled by Markov Random Field
to prevent unfeasible facial landmark location combinations. Experiment results demon-
strate that their method can achieve good accuracy and robustness under conditions with
illumination variation, moderate head pose, and occlusions caused by glasses. However,
they did not mention how the method works under large head variation in the wild.

In addition to CLM-based, AAM-based, and regression-based methods, there are also
many other methods for facial landmark detection which may make use of 3D deformable
model [15], depth information [31], [10] and so on. Because of the popularity of deep
learning in machine learning, Luo et al. [89] even applied deep learning algorithm in facial
landmark detection. For a more systematic and detailed summary of facial landmark de-
tection methods, please refer to [143]. From the survey of Wang et al. [143] CLM-based
and AAM-based methods are the most popular and attract a lot of researchers to work on
extending and improving CLM-based and AAM-based methods. Furthermore, regression-
based methods became popular in recent years and can also achieve promising performance.
However, regression-based methods focus more on the frontal or near-frontal images, while
some CLM-based variations can obtain good performance in large head pose variation and
hand-over-face gestures, which is more suitable for the realistic driving environment.
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2.5 Multiclass Classification Methods

To estimate the gaze zone yi from the feature vector xi extracted from image Ii, supervised
classification method is applied. Supervised classification method is to learn a model H
from a labeled training set (xi, yi) shown in Equation 2.4, and the model is further applied
to classify unseen example.

yi = H(xi) (2.4)

where yi ∈ {1, ..., K} is the discrete class label of ith example, K is the overall class number,
xi ∈ RN is the vector data of ith example.

Classification methods can be divided into two categories according to the number of
classes to be classified. A binary classifier is used to classify two classes with K = 2 while
multiclass classifier is used to classify three or more classes with K ≥ 3. Various successful
algorithms have been proposed for binary classification, and these binary classifiers can be
extended to multiclass case naturally or by applying special strategies such as decomposing
and hierarchical classification. Popular methods for binary classification include decision
trees [34], [112], [147], neural networks [14], KNN [13], Naive Bayes classifiers [115], and
SVMs [44].

The decision trees, KNN, Naive Bayes algorithm can naturally solve binary or multi-
class classification problems. Neural networks can be extended by adding multiple binary
neurons in the output layer, and class label can be coded to the binary codeword by
one-per-class coding and distributed output coding [52].

Instead of naturally extending these binary classifiers, the multiclass classification task
can be decomposed into multiple binary classification tasks which can be efficiently im-
plemented by binary classifiers [6]. The decomposing strategy includes One-Versus-All
(OVA), All-Versus-All (AVA), Error-Correcting Output-Coding (ECOC), and Generalized
Coding [6].

In One-Versus-All strategy, each class is discriminated from the other K − 1 classes by
a binary classifier [114]. Thus, K binary classifiers are needed to generate negative and
positive output. Only positive output will give information which class a new example
belongs to, and only one binary classifier will have a positive output.

In All-Versus-All strategy, each class is discriminated against each other class by binary
classifiers [59], [71]. Overall K(K−1)

2
binary classifiers are required to classify between any

two classes. Voting is applied to the results of these classifiers, and the class with maximum
votes will be the label of the new example.

In ECOC strategy, a class is coded according to a binary matrixM shown in Figure 2.24.
The K rows of M are codewords representing K classes, and N columns are utilized to
train N binary classifiers. Hamming distance is applied to calculate the distance between
the resulting codeword from the N binary classifiers and the codeword for each class. The
class has minimum hamming distance will be the class of the input.
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Figure 2.24: Example of 5 classes and 7 bit codewords. Taken from [6].

In Generalized Coding strategy, the binary code in ECOC is extended to the code
taking three values {−1, 0,+1} for each bit. Bit value {0} then represents the case where
the classifier will ignore that class.

Hierarchical Classification is another method to solve multiclass classification problem,
which hierarchically divides the output space and arranges the classes in a binary tree
shown in Figure 2.25 [6]. At each parent node, multiple classes are split into two child
clusters by a simple binary classifier. Repeat the split procedure until a node contains only
one class, and this node is called leaf node. For a new vector, it starts from the root and
be classified continuously until it reaches a leaf node, the class of the new vector is labeled
the same as class contained in that leaf node.

Figure 2.25: Example of hierarchical classification tree for 5-class classification. Taken
from [6].

Ensemble methods including boosting and bagging (bootstrap and aggregation) [32]
are usually used to generate multiple version of a classifier and aggregate these multiple

33



classifiers together to get a strong classifier. In bagging strategy, to take every single
classifier’s output into consideration, the aggregation makes a plurality vote, and the class
that has the most votes will be the final classification result. The multiple version of
a classifier is achieved by randomly select N samples with replacement from overall N
samples in the training set for each classifier, which is also called bootstrapping. Thus,
each classifier has similar but different dataset with each other for training. Experiment
results show that bagging method achieves a substantial gain in accuracy [32].

Based on bagging decision trees, applying bagging on decision trees classifier, RDF
improves the method by adding another strategy, namely random feature selection. Instead
of using all N features in vector xi, only m, m < N features are randomly selected to train
a decision tree which reduces the correlation between each tree and put more randomness
in the overall classifier. Thus, each tree is trained from the values of a random vector
sampled independently. Experiment results show that RDF is more robust with respect to
noise and obtain as good accuracy as Adaboost proposed by Freund and Schapire [58].

In this section, we described different multiclass classification methods. Among all
multiclass classification methods, RDF has been successfully and widely applied to various
problems [123]. It has become a major data analysis method, which performs better
compared to many standard methods [72], [51]. The popularity of RDF is based on the
fact that it can be applied to a wide range of classification problems, even if they are
nonlinear and involve complex high-order interaction effects [123]. In addition, RDF has
been implemented by many open libraries such as OpenCV [3].

2.6 Summary

This chapter reviewed five components, namely video-based gaze estimation, head pose
detection, iris center detection, facial landmark detection, and multiclass classification
techniques.

For gaze estimation, although the feature-based methods utilizing pupil-glint displace-
ment are simple, having no need of complicated calibration, and relatively accurate, they
are limited to particular applications because they perform poorly under significant head
movement. The 3D model-based gaze estimation systems can tolerate natural head move-
ments, but these methods usually require a complicated one-time system or geometric
calibration. On the other hand, appearance-based approaches are not based on known
parameters from feature extraction and many calibration parameters. They extract these
information implicitly. Moreover, they can also achieve free head movement by combining
head pose estimation. However, they need extensive data for training to extract those
useful information implicitly.

Compared with the person-dependent method, the person-independent method has
more generalization to new individuals, but the accuracy will drop as a consequence.
Person-dependent methods usually achieve higher accuracy. In addition, the naturalis-
tic driving environment always presents unique challenges to video-based gaze estimation
and tracking systems. In an automobile, continuous lighting changing conditions, resulting
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in heavy shadows and high illumination variability, and unstable capture of data, caused
by jolts, all add more difficulties on gaze estimation task. Furthermore, performing in real
time or near-real time is another consideration for gaze estimation in an ADAS. The results
in the stationary laboratory with stable illumination have higher proficiency than those in
the wild. However, these methods may work poorly in the driving environment. Therefore,
specific approaches need to be designed for ADASs to overcome these unique difficulties.

For head pose estimation, compared with appearance-based methods, shape-based
methods are intuitive and simple to implement. The challenge of shape-based methods
is that they require the robust and accurate localization of facial features. Since the fa-
cial feature detection techniques are accurate enough for head estimation and multiple
cameras can be used, these challenges can be released to some extent. Furthermore, facial-
landmark-based head pose detection can provide more information for further analysis,
such as eye information for more accurate gaze estimation. Especially in driver distraction
and drowsiness analysis, eye, mouth and nose information are critical cues.

For eye detection, deformable shape-based methods can model shape of eyes well, but
these methods are usually sensitive to initialization and can not handle various head pose
and eye occlusions well. Compared with holistic appearance-based eye detection methods,
local patch-based methods are more discriminative, more robust to various head pose, and
various illumination. Instead of detecting eye only, local patch-based methods are usu-
ally used to detect facial landmarks. These facial landmarks include eye contour, mouth
contour, face contour, and nose. Eye contour can be achieved and combined with iris
detection method further to get a whole description of eyes. Moreover, other information
can be applied to head pose analysis and drowsiness analysis. The active infrared illumi-
nation approaches are effective in the room environment but not in the realistic driving
environment, because they need a particular setup of two infrared sources with different
wavelengths, and the outdoor sunlight forms more illumination interference. Thus they
are more suitable for the indoor environment or outdoor environment at night.

For facial landmark detection, CLM-based and AAM-based methods are the most pop-
ular and attract a lot of researchers to work on extending and improving these methods.
In addition, regression-based methods became popular in recent years and can also achieve
promising performance. However, regression-based methods focus more on the frontal
or near-frontal images, while some CLM-based variations can obtain good performance
in large head pose variation and hand-over-face gestures, which is more suitable for the
realistic driving environment.

For multiclass classification, RDF is the most popular method and has been successfully
applied to a wide range of classification problems. Besides, RDF has been implemented by
many open libraries such as OpenCV.
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Chapter 3

System Framework

To have a real-time gaze zone estimation system in the naturalistic driving environment,
the framework of our system is proposed, as shown in Figure 3.1.

Figure 3.1: Proposed framework for driver’s gaze zone estimation in the realistic driving
environment

The framework is composed of five main components: Facial Landmark Detection,
Head Pose Estimation, Iris Center Detection, Upper Eyelid Information Extraction, and
Gaze Zone Estimation. First, Constrained Local Neural Field (CLNF) [9] method is used
to detect facial landmarks, which consist of 68 red points describing the eyes, nose, mouse,
and exterior face contour of a person, as shown in the face image of Figure 3.1. Next, we
estimate the head pose, detect iris center, and extract upper eyelid information based on
the facial landmarks obtained previously. Furthermore, we extract horizontal and vertical
gaze features. These features will finally function as the input of the Random Decision
Forest (RDF) classifier to obtain the gaze zone estimation. This system can work in both
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daytime and nighttime since color data is captured in the daytime and infrared data is
captured in the nighttime. In this chapter, we will follow the framework proposed, and
discuss these five parts in detail in the following sections. Table 3.1 shows a summary of
the mathematical symbols applied in this chapter.

Section Symbol Description

Section 3.1

p CLM model parameter
xi ith coordinate
I an image
li a discrete random variable
X PDM instance
X̄ mean position of facial landmarks in the 3D object frame
Φ deformation coefficient matrix of PDM
q PDM parameter

Λ, Λ̃−1 covariance matrix
s the scaling factor
t translation factor

R2D the first two rows of a full rotation matrix
w a vector representing an axis-angle rotation
θ the amount of rotation in radians
n̂ rotation axis of axis-angle rotation
I identity matrix
η, η0 the coefficients of LR

α,Θ, β, γ LNF model parameters

Section 3.2

pObji , pImgi landmarks in 3D object frame and 2D image frame
K the intrinsic matrix of camera
R the rotation matrix
t the translation
ri current residual vector

Section 3.3

pk,pk−1 the currently and previously estimated locations
Rk−1 regression matrix
I an image
S a set of regression matrices
K the iteration number

Gmag,Gdir the magnitude and direction of gradient
Gx, Gy horizontal and vertical gradients
pi∗,p

i
0 true and initial estimation of iris center locations

Section 3.4

pk the probability of kth category
K the total number of possible categories for an attribute
Ck the amount of kth category
Ti the ith potential split point

Table 3.1: A summary of the mathematical symbols

37



3.1 Facial Landmark Detection

Among the various versions of CLM method, CLNF is chosen to be our facial landmark
detector. CLNF is the name given to a CLM instance that uses LNF local detectors
and NU-RLMS fitting method, proposed by Baltruvsaitis [9]. This variation is chosen
because it performs better than state-of-art approaches when performing facial landmark
detection and tracking in unseen lighting conditions and the wild. This CLM instance will
be presented later.

CLM-based facial landmark detection approach includes three main parts: a statistical
shape model, local detectors, and a CLM fitting method. Shape model and local detectors
both are trained offline and then used for online facial landmark detection. These three
parts will be presented in the following subsections.

CLM fitting is to iteratively find the model parameter, p, minimizing the misalignment
of all landmarks. In a probabilistic way, the error function or the energy function can be
expressed in Equation 3.1 [120],

ε (p) = R (p) +
n∑
i=1

Di (xi; I) , (3.1)

where R (p) is the regularization term that penalizes complex or unlikely deformation,
and Di (xi; I) stands for the amount of misalignment the ith landmark is experiencing at
coordinate xi in the image I (data term). Model parameter p decides the location of xi
according to the shape model chosen. The form of Equation 3.1 is related to the form of
statistical shape model and local detectors chosen, which will be described later.

An alternative way to interpret CLM fitting purpose is to find out the parameter p
which maximizes posterior probability in condition that all landmarks are aligned in image
I, shown in Equation 3.2 [120],

p (p | {li = 1}ni=1 , I) =
p(p)p({li = 1}ni=1 , I|p)

p({li = 1}ni=1 , I)

∝ p (p)
n∏
i=1

p (li = 1 | xi, I) , (3.2)

where li ∈ {1,−1} is a discrete random variable representing whether the ith landmark
position is aligned or misaligned, and p(p) is the prior probability of parameter p. p(li =
1|xi, I) denotes the probability of a landmark being aligned at image position xi. Moreover,
it is assumed that all the local detectors are conditionally independent of each other,
which is different from the method that exploits appearance model holistically. The joint
probability of all landmarks being aligned at position xi in image I is represented as∏n

i=1 p (li = 1 | xi, I).

In the above equation, the prior probability p(p) can be obtained from the shape
model chosen, and the local alignment probability p(li = 1|xi, I) can be computed from
the response map created by local detectors for each landmark independently.
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Equation 3.2 and Equation 3.1 will be equivalent if the regularization and misalignment
error take the following forms [9]:

R (p) = −ln {p(p)} (3.3)

Di (xi; I) = −ln{p (li = 1 | xi, I)} (3.4)

There are many general optimization approaches that can be applied to minimize the
error function in Equation 3.1, such as Newton method [120]. However, in consideration of
speed, accuracy, and stability, they are not suitable in practice because of slow convergence
and unstability [120]. Therefore, an optimization method designed for CLM fitting is
required for the real-time, accurate and stable facial landmark detection.

Figure 3.2: CLM fitting diagram and its two steps: (1) obtain local detector response maps
{p(li = 1|xi, I)}ni=1 from the intresting area around every currently estimated landmark
locations, and (2) update facial shape model parameters to optimize point alignments
under constraint of shape model. Taken from [120]

Figure 3.2 shows a general diagram of CLM fitting process. Two steps are included in
the diagram, and they will be performed iteratively until some conditions (e.g., maximum
iteration steps) are met. Firstly, the approach performs an exhaustive local search around
the currently estimated landmark locations respectively. Thus the response maps will
be computed around each estimate of landmark locations by local detectors. Secondly,
an optimization strategy will be employed over these response maps. The optimization
strategy often applies an approximation method on the response maps instead of using
the maps directly. The approximation methods include Isotropic Gaussian Estimate [42],
Anisotropic Gaussian Estimate [104], [144], A Gaussian Mixture Model Estimate [64], and
Kernel Density Estimate [120].

3.1.1 Shape Model

Shape model describes the possible deformation of a face. It can also constrain the joint
motion of landmarks, guide CLM fitting procedure, and function as the prior probability
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p(p) of the model parameter p because the shape model can evaluate the possibility of
the face shape. Both head pose (i.e., orientation and location) and facial expression need
to be described by the shape model, and they are also called global and local parameters
respectively.

The typical choice of facial landmarks is shown in Figure 3.3, which models the outline
of the face and the critical facial features for emotion recognition, including eyebrows, eyes,
nose and mouth.

Figure 3.3: Facial landmarks containing 68 points.

• Deformable Shape Model

The most popular model used in deformable shape models is Point Distribution Model
(PDM) proposed by Cootes and Taylor [42]. PDM is a linear model that linearly ap-
proximates deformation of non-rigid objects. Equation 3.5 shows the working mechanism
of PDM parameter q generating a model instance X, which represents the 3D landmark
positions in a face. It is obvious that the coordinates are put into a column vector here in
Equation 3.6 [42].

X = X̄ + Φq (3.5)

X = [X1, X2, ..., Xn, Y1, Y2, ..., Yn, Z1, Z2, ..., Zn]T (3.6)

Above X̄ represents the mean position of the facial landmarks in the 3D object coordinate
frame (denoted in the same form as Equation 3.6). The non-rigid deformation in a face
is controlled by m dimensional parameter q and m× n deformation coefficient matrix Φ.
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Here m denotes the number of components needed to control the linear deformation of the
face. Since the obtained images have two dimensions, a projection method is needed to
project the 3D model to the image plane. The projection method will be described in the
following part of this section.

Both mean landmark positions X̄ and coefficient matrix Φ can be learned offline from
the manually-labeled face images using Principal Component Analysis (PCA) [43], [145].
PCA can reduce the dimensionality of the data from current dimension to some smaller
dimension. Finally, only m main components are needed to describe a face using a shape
model.

When PCA is applied to the PDM, the probability of non-rigid shape parameter q is
often assumed to have a zero mean Gaussian distribution with covariance matrix Λ, which
results in the prior probability in Equation 3.7 [9],

p(q) = N (q; 0,Λ) =
1√

(2π)m |Λ|
exp

{
−1

2
(qTΛ−1q)

}
, (3.7)

where Λ = diag([λ1; ...;λm]) is learned from the training dataset and based on the amount
of shape deformation that the ith parameter can explain. The higher value the λi gains,
the more dominant the ith component is.

Therefore the prior probability in Equation 3.3 is obtained and the regularization term
is expressed in following equation [9]:

R(q) = −ln

{
1√

(2π)m |Λ|
exp

{
−1

2
(qTΛ−1q)

}}
(3.8)

= ln
√

(2π)m |Λ|+ 1

2
(qTΛ−1q). (3.9)

Since the constant term has no influence on the minimization of R(q), it can be ignored
and the regularization term turns into [9]:

R(q) =
1

2
(qTΛ−1q) ∝ ‖q‖2Λ−1 , (3.10)

where ‖q‖Λ−1 is equal to
√

qTΛ−1q, which represents the Mahalanobis distance with a
covariance matrix Λ−1. Since covariance matrix Λ−1 here is diagonal, it reduces to a
normalised Euclidean distance.

• Projection Method

As mentioned before, a projection method is needed to project the 3D face model to the
2D image frame. Nonetheless, a weak perspective projection is sufficient in the proposed
framework, instead of a full (or true) perspective camera model. The weak perspective
camera model is a linear approximation of full perspective projection, and it is also called
Scaled Orthographic Projection (SOP) [50]. In this approximation, it assumes that all
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points on the object are placed in the same plane, which means these points have the same
depth from the camera, as shown in Figure 3.4. This assumption is reasonable because the
points on the face have little variation depth with respect to the depth between the face
and camera. The following equation can be utilized to project ith landmark point in PDM

Figure 3.4: An illustration of an object point Mi, its full perspective projection point mi,
and its weak projection point pi in the image plane. Taken from [50]

model to the image plane according to SOP [120]:

xi = s ·R2D · (X̄i + Φiq) + t, (3.11)

where q is non-rigid parameter (or local parameter), and s,w, t are rigid motion parameters
(or global parameters). When these parameters are combined, parameter p = [s,w, t,q]
is formed, which controls both local deformation and global head pose. Here s = f

z0
is

the scaling factor and t = [tx, ty]
T is the translation factor. R2D is the first two rows

of a full rotation matrix, which is described by an axis-angle rotation. An axis-angle
rotation is represented by a vector w = [wx, wy, wz]

T = θn̂, where the magnitude of the
vector (‖w‖ = θ) denotes the amount of rotation in radians around the n̂ = w

‖w‖ axis.

Rodriguez’s formula [126], [8] in Equation 3.12 displays the relationship between the Axis-
angle representation and a rotation matrix.

R(n̂, θ) = I + sin(θ)[n̂]× + (1− cos(θ))[n̂]2× (3.12)
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where [n̂]× is the matrix form of the cross product operator with the vector n̂ = (n̂x, n̂y, n̂z),
and has form shown below:

[n̂]× =

 0 −n̂z n̂y
n̂z 0 −n̂x
−n̂y n̂x 0

 . (3.13)

Since projection and PDM model are combined, the following equation can be de-
fined [9]:

PSOP (p) = Ts,w,t(X̄ + Φq), (3.14)

where PSOP represents the SOP projection, and the following equation in the form of
homogeneous coordinates can be obtained [9]:

Ts,w,t(X) = [s ·R2D|t] ·


X1 X2 ... Xn

Y1 Y2 ... Yn
Z1 Z2 ... Zn
1 1 ... 1

 . (3.15)

Usually global parameter s,w, t is non-informative; therefore, the non-informative prior
probability can be used for global parameters, which assumes all rigid deformations are
equally likely. Λ̃−1 can now be described as [9]:

Λ̃−1 = diag([0; 0; 0; 0; 0; 0;λ−11 ; ...;λ−1m ]),

which leads to the following regularization factor [9]:

R(p) = ‖p‖2Λ̃−1 . (3.16)

3.1.2 Local Detector

The most important part of CLM facial landmark detection method is the local appearance
model (also called local detector or patch expert), which models the appearance feature
of the area around landmark positions, independently. Different landmark locations have
their own local detectors. In addition, the local detector can provide the probability that
the currently estimated position is aligned or misaligned to the true landmark position
based on patch around it. After performing an exhaustive local search using the local
detector in the region of interest, response map {p(li = 1|xi, I)}ni=1 is obtained.

A local detector contains two components: a classifier that discriminates aligned loca-
tions from misaligned ones and a Logistic Regressor that gets an approximate probabilistic
output from the output of the classifier, enforcing the output in the range of 0 and 1.
Every time a local detector is applied to an image patch, a scalar is obtained, representing
the probability that the current estimated location is aligned to the ground truth from
the intensity in that patch. The local detector is applied to the n × n patch around each
pixel among the region of interest, which generates a response map, as shown in Figure 3.2
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and 3.6. The brighter or the hotter position indicates the greater possibility. An alterna-
tive discription will be that the local detector can find the relationship between the patch
intensity around a particular location and the likelihood of that location being aligned
to the ground truth. Generally, a linear Support Vector Machine (SVM) and a Logistic
Regressor (LR) are combined to function as a local detector [144], [120], [74]. There also
exist a variety of classification approaches such as GentleBoost [87], [60]. When using SVM
as a classifier, the probability of alignment at a particular landmark position, xi, can be
modeled as follows [9]:

p(li|xi, I) =
1

1 + eηCi(xi;I)+η0
, (3.17)

where Ci(xi; I) is the result of a SVM, shown in Equation 3.18 [144]. η and η0 are the
coefficients of LR.

Ci(xi; I) = wT
i P(W(xi; I)) + bi (3.18)

where wi represents the gain, and bi denotes the bias. P(z) is a function that normalizes
vector z to zero mean and unit variance, reducing the sensitivity of a patch image to
intensity variation. W(xi; I) is the vector format of all intensity in a n× n patch centered
around xi. Both wi and bi can be learned offline from the training dataset that contains
both positive and negative patch images. Positive patch images are the patches centered
at true landmark position while negative patch images are the patches far away from
the ground-truth location. Computational cost is always one of the main concerns in
facial landmark detection, and linear SVM can solve this problem easily because efficient
convolution can be used to reduce the computational cost and accelerate the process.

Figure 3.5: LNF model. Taken from [9]

Although SVM-LR local detector is popular for speed and training convenience, it has
its limitations. This local detector utilizes a linear SVM, which is too simple when it comes
to a more complicated facial landmark detection environment where intensity variation is
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high. Therefore, an efficient detector handing non-linear relationship is needed. Recently,
Baltruvsaitis proposed a new local detector in [9], which shows good performance in CLM
facial landmark detection. The local detector he proposed is called Local Neural Field
(LNF), which is an instance of Continuous Conditional Neural Field (CCNF). LNF makes
use of a hidden non-linear layer and spatial relationship among pixels to solve problems in
the complex environment. Also, simple convolutions can be used to simplify and speed up
the computation like what linear SVM-LR does, leading to near-real-time performance.

As a local detector, LNF learns the non-linear relationship between pixel values and
response map. It also combines the spatial relationship among the pixels in the area of
interest around the currently estimated landmark. The spatial relationship consists of both
spatial similarity and spatial sparsity. Spatial similarity means that near pixels share a
similar probability of alignment while spatial sparsity punishes the sharp response to make
the response map smoother. Figure 3.5 illustrates the structure of LNF with edge features.
The input of LNF is a set of patch feature for every pixel and patch feature xi is a vectored
intensity of a 2D patch. The input is represented by x = {x1, ...,xN}. The output of LNF
is a set of alignment probability (i.e., response map) represented by y = {y1, ..., yN}, where
yi is a scalar between 0 and 1. Vertex feature fk describes the relationship between xi and
yi through a neural layer Θ. A single neural layer contains multiple neurons described
by vertex feature fk, and weight coefficient α = (α1, ..., αK1) denotes the importance and
reliability of every neuron. K1 is the number of neurons in a single neural layer, which
depends on the realistic situation. The edge features applied here are gk and lk, which
describe the similarity and sparsity respectively in a response map.

The mathematical model of LNF is described by the probability density function shown
in Equation 3.19, which models the probability distribution of output under the condition
of observed value x [9].

P (y|x) =
exp(Ψ)∫∞

−∞ exp(Ψ)dy
(3.19)

The model is controlled by a series of potential functions Ψ, and the denominator∫∞
−∞ exp(Ψ)dy is used for normalization.

The potential function is given by Equation 3.20 [9],

Ψ =
∑
i

K1∑
k=1

αkfk(yi,x,θk) +
∑
i,j

K2∑
k=1

βkgk(yi, yj) +
∑
i,j

K3∑
k=1

γklk(yi, yj), (3.20)

where α = {α1, ..., αK1}, Θ = {θ1, ...,θK1}, β = {β1, ..., βK2}, and γ = {γ1, ..., γK3} are
model parameters. fk, gk, and lk are defined in the following equations [9]:

fk(yi,x,θk) = −(yi − h(θk,xi))
2 (3.21)

h(θ,x) =
1

1 + e−θ
T x

(3.22)
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gk(yi, yj) = −1

2
S
(gk)
i,j (yi − yj)2 (3.23)

lk(yi, yj) = −1

2
S
(lk)
i,j (yi + yj)

2 (3.24)

These model parameters α,β,γ and Θ are obtained from training, which maximize
the conditional likelihood of LNF model.

(α̂, β̂, γ̂, Θ̂) = arg max
α,β,γ,Θ

M∑
q=1

logP (y(q)|x(q)) (3.25)

where M is training number. For more details about the Formula Derivation of the way
to get the locally optimal model parameters, please refer to the reference [9].

When the local detector is applied to the area of interest, the response map can be
obtained from the inference of y, which maximizes the conditional probability under the
condition of observed x (i.e., the pixel values in the area of interest).

ŷ = arg max
y

P (y|x) (3.26)

Figure 3.6: Response maps obtained after performing SVM-LR and LNF (with or without
edge features) local detectors on areas of interest around different landmark locations.
Taken from [9]

As shown in Figure 3.6, the ground-truth response map is the ideal input used in
training. There are also response maps resulting from SVM-LR and LNF (with and without
edge features) local detectors. The LNF local detector with edge features exploits the
spatial features while the counterpart without edge features does not, which means the
latter does not have edge feature functions in the potential function. It’s clear that response
map from linear SVM-LR has more noisiness. In addition, response map from LNF with
edge has fewer peaks and is smoother compared to that without edge.
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3.1.3 CLM Fitting Method

Finally, a fitting method is needed to minimize the regularization term and misalignment
term in Equation 3.1 after the shape model and local detector are decided. Usually, a
two-step fitting strategy is employed to minimize the error function regressively.

Figure 3.7: Overview of the CLNF model. Taken from [9]

An overview of CLNF, the CLM version chosen in this thesis, is illustrated in Figure 3.7,
which uses LNF local detector and NU-RLMS fitting method. Firstly, an exhaustive search
using local detector is applied to region of interest around each currently estimated position,
which results in response maps on every region of interest {p(li = 1|xi, I)}ni=1. Secondly,
model parameter p keeps being updated to minimize regularization factor R(p), until it
converges. For more details about the formula derivation of parameter updating and con-
vergence, please refer to paper [9]. Instead of optimizing on the original response maps
directly, some approximation methods are usually performed on the response maps to make
the response maps have simpler parametric forms [120]. Saragih et al. proposed an approx-
imation method called Regularized Landmark Mean-Shift (RLMS) in [120], which shows
better performance compared to others. However, RLMS treats all local detectors equally
while the accuracy of local detectors for different landmark locations varies. Therefore, a
Non-uniform Regularised Landmark Mean Shift (NU-RLMS) method is used to allocate
different weights to different local detectors which results in more reliabilities [9]. In the
realistic environment, video can provide temporal information used by CLM fitting to track
the facial landmark. The parameters estimated by previous frames can be utilized as the
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initial estimation of next frame.

At the beginning of CLNF fitting, face detection is employed to provide an initial
estimate of facial landmark locations, which gives a bounding box around the face. Since
the face detection is a very time-consuming task, it is only applied at the initiation stage
in the beginning or every time the CLNF failed to track the facial landmark.

Viola-Jones face detector [142] is utilized to provide a bounding box around the face
and initialize the parameters in CLNF model. It is one of the most popular face detectors
and faster than many other methods [9]. The implementation of Viola-Jones method has
already been included in many image processing libraries, such as OpenCV. The method
is carried out by applying a fixed size detection window on an image. The detection
window slides along x-axis and y-axis to detect if there is a face in the window. For each
detection window, multiple Haar-like features are extracted. There is a corresponding weak
classifier for each type of Haar feature. Next, the feature is put into a cascaded classifier
to distinguish negative area from the positive area, where negative area means there is
no face in this window while positive area means the opposite. The cascaded classifier
consists of multiple layers of strong classifiers, and feature from a window is input in these
classifiers layer by layer. Each strong classifier is a combination of weak classifiers with
different weights. A window is classified as positive if it passed all cascaded classifiers, and
it will be discarded if it failed at any step of the cascaded classifier.

3.1.4 CLM optimization

Extracting region of interest (ROI) is a very efficient way to optimize an detection algorithm
in both time and computation costs. The task is usually performed in preprocessing stage,
and it is often unnecessary to process the whole image. The ROI is usually a rectangular
area that contains the most important information. In the realistic driving environment,
the video data can provide spatial constraints for facial landmark detection because the
driver’s face is always in a rectangular area, as shown in Figure 3.8. Therefore, an ROI can
be predefined in preprocessing stage of frames, which can reduce false detection rate by
narrowing the searching areas. Figure 3.9 illustrates some failed detection without setting
ROI. The trees outside the car, and the interesting shapes and patterns on the clothes can
all increase the false detection rate.
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(a) Color image (1920*1080) (b) Infrared image (512 * 424)

Figure 3.8: ROI set in driving environment

In addition to the spatial constraints, the video data can also provide temporal con-
straints, because the movement of head is minor between two image frames. Thus, opti-
mization methods for tracking can be applied to raise detection accuracy.

Figure 3.9: Some failed detection without setting ROI

3.2 Head pose Estimation

Since both 2D facial landmark locations in the image plane and their corresponding 3D
locations in object frame are obtained, many methods that solve Perspective-n-Point (PnP)
problem can be employed to get the head pose of a person. From previous section, a set
of 3D reference points pObji = (Xi, Yi, Zi)

T , i = 1, ..., n, n > 3 in the object frame, and their
corresponding 2D projection points pImgi = (u, v, 1)T , i = 1, ..., n, n > 3 in image frame are
calculated. Additionally, the intrinsic matrix of a camera can be obtained from the camera
calibration progress.

The relationship between the 3D points and 2D projection points can be described as
the following [126]:

pImgi = f(pObji ;R, t) = K[R|t]pObji , (3.27)
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whereK is the intrinsic matrix of camera. R is the rotation matrix and t is the translation.
The full form of the equation is shown as follows [126]:uv

1

 =

fx 0 cx
0 fy cy
0 0 1

r11 r12 r13 tx
r21 r22 r23 ty
r31 r32 r33 tz



X
Y
Z
1

 . (3.28)

The most popular and accurate methods used in pose estimation are iterative optimiza-
tion methods [88]. The pose estimation can be formulated as optimization problem whose
objective function is Equation 3.29 [126],

n∑
i=1

∥∥∥p̃Imgi − pImgi

∥∥∥2 , (3.29)

where p̃Imgi is the reprojection coordiantes in image plane obtained from the original 3D
points and the estimated R and t. After linerizing the reprojection error, the ojbective is
to minimize the following error iteratively [126]:

n∑
i=1

ρ(
∂f

∂R
∆R) +

∂f

∂t
∆t− ri), (3.30)

where ri = p̃Imgi − pImgi is the current residual vector.

Gauss-Newton Method and Levenberg-Marquardt (LM) [84] are two common methods
used in the optimization above iteratively. Since Gauss-Newton method needs a good
initiation to converge while LM method does not need a good initiation estimation and
guarantees the convergence, LM method is prevailing recently [88].

Many libraries have the implementation of PnP problem, such as OpenCV. In OpenCV,
the function solvePnP can be used to estimate pose using 2D-3D reference points.

3.3 Eye Information Extraction

In this section, the methods of eye information extraction are described in detail, composed
of iris center detection and upper-eyelid information extraction. These two resources can
provide both horizontal and vertical information for gaze estimation.

3.3.1 Iris Center Detection

Iris Center Detection used in this thesis is based on paper [129]. A regression-model-based
method is used to refine the estimation of iris center in image I iteratively. At every
iteration, the currently estimated location of iris center is updated as Equation 3.31 [129],

pk = pk−1 +Rk−1feat(pk−1, I), (3.31)
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where pk−1 is the previously estimated location, pk is the currently estimated location, and
feat(pk−1, I) is the feature vector extracted from a patch around location pk−1 in image
I. There exist many image descriptors to extract the feature of a patch image. HOG
descriptor [48] is applied in this thesis. S = (R1, ...,RK) is a set of regression matrices,
which guide the update in each iteration based on the feature vector of previously estimated
location. K is the iteration number to be set. An initial estimated position of iris center
p0 needs to be set at the beginning of the iris center estimation progress. The iteration
refines the estimated location step by step because the successive model reduces the residual
errors, shown in Equation 3.36, between ground truth and the estimation .

(a) X-gradient image (b) Y-gradient image

(c) Gradient image (d) Image with visualized HOG

Figure 3.10: Some resulting images

The computation of HOG descriptor has three main steps [48]:

Step 1: Compute the gradients for each pixel.

Before obtaining the overall gradients, the gradients along x axis and y axis are calcu-
lated respectively, as shown in Equations 3.32 and 3.33. It is equivalent to apply a Sobel
filter with filter kernels [−1, 0, 1] and [−1, 0, 1]T on the image.

Gx(x, y) = I(x+ 1, y)− I(x− 1, y) (3.32)

Gy(x, y) = I(x, y + 1)− I(x, y − 1) (3.33)

where Gx and Gy are horizontal and vertical gradients, and I(x, y) is the intensity in
position (x, y).
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The gradient of a pixel is described by its magnitude and direction together, which can
be achieved from horizontal and vertical gradient, shown in the following equations:

Gmag =
√
G2
x +G2

y, (3.34)

Gdir = arctan
Gx

Gy

, (3.35)

where Gmag is the magnitude and Gdir is the direction of gradient on a pixel.

Figure 3.10 shows the visualized x-gradient, y-gradient and gradient of an image. X-
gradient image shows more vertical lines, which provide more information about the inten-
sity change along the x-axis. Y-gradient image shows more horizontal lines, which provide
more information about the intensity change along the y-axis. The magnitude of gradient
provides both horizontal and vertical information of intensity changes, and they are called
edge information.

Figure 3.11: HOG computation

Step 2: Calculate the histogram of gradients in a cell.

A cell is usually an 8 × 8 area. The gradients of pixels in a cell can be divided into
nine categories according to its unsigned directions, which are called 9-bins. These 9 bins
are corresponding to angles 0, 20, 40, ..., 160 degrees, respectively. The direction of gradient
decides the number of bin and the magnitude decides the amount of value put in the bin.
The histogram of gradient for a cell is actually a vector with length 9 that shows the votes
of each direction. As shown in Figure 3.11, the green encircled magnitude 27 is in direction
170 degrees that is exactly between bins 160◦ and 180◦. Thus, value 27 is separated equally
to vote the two bins because the vote is assigned proportionally according to the direction.
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The step of voting is repeated and the 9-bin HOG of a cell can be obtained. The visualized
HOG for this cell is a star shape in the cell shown in Figure 3.11. The length of each line
represents the histogram, and its direction is perpendicular to the direction of the gradient,
which means it looks along the edge.

Step 3: Calculate the HOG feature vector.

In the previous step, the vector representing each cell is calculated. A strategy com-
bining different cells is needed, shown in Figure 3.12. In this thesis, the HOG is obtained
from two 40∗40 patches, and each eye has its own patch. A sliding 8∗8 block slides in the
patch horizontally and vertically with sliding step 8 ∗ 8. Only one 8 ∗ 8 cell is contained in
a block. The block has the same size as the cell in this case, thus only one cell is used to
describe the block. In summary, there are two patches with 5∗5 blocks, and each block has
1 cell. Since the vector for one cell has length 9, the final HOG feature vector is generated
by combining vector of each cell. Therefore, the feature vector for two patches has total
length 2 ∗ 5 ∗ 5 ∗ 9 = 450.

Figure 3.12: HOG feature extraction process

The successive model S = (R1, ...,RK) is often trained offline and used online. A set of
training images {I i}Ni=1 and their corresponding ground-truth iris center locations {pi∗}Ni=1

are needed, where N is the amount of training samples. In addition, the initial estimation
{pi0}Ni=1 are required. For the training, the residual error, which represents the distance
between the ground-truth location and the estimated location, will be minimized in every
iteration. Equation 3.36 shown the formulated form of the error (Loss Function) to be
minimized at iteration k [129]:

L =
∑
i

∑
pik−1

∥∥pi∗ − pik∥∥ (3.36)

=
∑
i

∑
pik−1

∥∥pi∗ − pik−1 −Rk−1feat
(
pik−1, I i

)∥∥2 . (3.37)
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The target becomes:
Rk−1 = arg min

Rk−1

L. (3.38)

It is assumed that pi∗ − pik−1 = y = [y1, y2], and feat(pik, I i) = x = [1, x1, ..., xn−1].
Thus, yT = Rk−1x

T according to Equation 3.31. The loss function becomes:

L =
∑
i

∑
pik−1

‖y −Rk−1x‖ . (3.39)

It is actually a multivariable linear regression model with variable vector y and length
m = 2 [135]:

y1 = β01 + β11x1 + · · ·+ β(n−1)1xn−1 + e1

y2 = β02 + β12x1 + · · ·+ β(n−1)2xn−1 + e2

·
· (3.40)

·
ym = β0m + β1mx1 + · · ·+ β(n−1)mxn−1 + em

with m× n coefficient matrix Rk−1 and m = 2

Rk−1 =

[
β01 β11 · · · β(n−1)1
β02 β12 · · · β(n−1)2

]
(3.41)

where the length of feature vector x is feature number+1, and the error vector is e =
(e1, ..., em). The least squares estimation can be used to estimate the coefficient matrix of
this model as shown below [135]:

R̂k−1 = (XTX)−1XTY , (3.42)

where X = [x(1); ...; x(M)]
T ,Y = [y(1); ...; y(M)]

T . After K iterations, a sequence of regres-
sion matrices S = (R1, ...,RK) can be obtained.

Before the training progress, some important preprocessings of the training images are
performed, namely Scaling, Rotation, and Histogram Equalization.

1.Scaling: Scale the image to a size, where the distance between both eye centers are
equal for every training images, to make sure the size of all eyes is similar. The distance is
a fixed length set before the training.

2.Rotation: Rotate the image to ensure the axis through two eye centers is parallel
to the x-axis, which makes sure the orientation of all eyes is almost the same.

3.Histogram Equalization: Apply Histogram Equalization only on the eye region
(i.e., ROI), which is to enhance the contrast and consequently helps increase feature dif-
ference.
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Figure 3.13: Diagram of preprocesses of the images

Figure 3.14: Ten initial estimates of iris centers. Taken from [129]

After the detection on the preprocessed image, the estimated iris center coordinates
are with regard to the preprocessed image, instead of the original image. De-rotation and
de-scaling are needed to achieve the iris center coordinates in the original image.

For the initially estimated iris center positions in training {pi0}Ni=1, multiple different
initial estimates are needed to provide the system enough uncertainty to learn a good
model. Ten initial estimates are assigned shown in Figure 3.14. The initial estimates consist
of eye center, eight locations around the center, and a ground-truth location. The eye center
is the middle of two eye corners which are obtained from facial landmark detection in the
previous section. Setting the ground truth as initial estimate is to make sure that the
regression does not leave the ground truth too far from the first iteration.

For the initially estimated iris center location in testing, or in the real application, eye
centers are assigned to the initial estimate. If the iris center detection is applied to the
video, and the eye movement between two successive frames are small, which is usually
the case, the estimation from the previous frame can be assigned as the initial estimation
of the current frame.

To speed up iris detection procedure, an optimization method, such as applying ROI,
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can be utilized. The preprocessings of scaling and rotating are time-consuming tasks. If a
smaller region of the image is processed, the time consumption will decrease. Therefore,
the area around eye region is cropped from original image before scaling and iris center
detection is applied to such ROI.

3.3.2 Upper Eyelid Information extraction

As shown in paper [68], the shapes of human eyelids change with the movement of gaze
direction, especially that of upper eyelids and when the gaze move in the up-and-down
direction. The shapes of upper eyelids can be modeled as a quadratic function shown in
Equation 3.43.

y = ax2 + bx+ c (3.43)

Only the curvature of the curve is related to the gaze direction. To verify this character-
istic, the relationship between the 2nd-order coefficient a and the true up-and-down gaze
direction is learned. The verification progress and results will be shown in the next chapter.

(a) Real face orientation (b) Frontal face orientation

Figure 3.15: Head model in 3D

Before the upper eyelid information is utilized, some preprocessings are performed. As
shown in Figure 3.15a, facial landmarks obtained from previous section provide total eight
points to describe left and right upper eyelids. However, the shape of original landmarks
in the image plane are obtained and reshaped from the projection of real 3D head model.
Before eyelids modeling, the 3D head model is rotated to the frontal position first, as shown
in Figure 3.15b. Therefore, Equation 3.43 can model the shape of eyelids better.
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3.4 Gaze Zone estimation

In this section, gaze zone estimation will be described, consisting of the feature vector
extraction and the classification method applied in this thesis.

3.4.1 Feature Extraction

In addition to the head pose, composed of head position and orientation, iris center and
upper-eyelid information are utilized in the gaze zone estimation. For iris information, the
iris relative ratio (i.e., the relative position of iris between two eye corners) is applied in
the classification. Besides, the preprocessing is performed, which rotates the head model
to frontal orientation, the same as that in the section of upper-eyelid information extrac-
tion. For upper-eyelid information, the 2nd-coefficient of shape model is applied in the
classification.

3.4.2 Classification

Multiclass classification method is required in this thesis because multiple gaze zones need
to be classified in gaze zone estimation. Multiclass classification method applied in this
thesis is RDF [33] since RDF has been successfully and widely utilized in various prob-
lems [123], as discussed in Chapter 2.

Figure 3.16: RDF classifier procedure [90]

RDF is an ensemble classifier using bagging strategy to aggregate Decision Trees. In
addition, strategy of random feature selection is utilized to randomly select features for the
training of each tree. Figure 3.16 demonstrates the procedure of the mechanism of RDF
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classifier. It is assumed that the training data has N samples and the feature vector has
size M . The following steps show the procedure to build a RDF [33]:

Step 1: Randomly select one sample from the total sample set and repeat this operation
N times with replacement. Thus, N samples are gotten in the beginning, or at the root
of the tree. There is a high possibility that there exist many replicated samples in the
selected N samples because the selection is with replacement.

Step 2: At each split node, select m features from M features. Usually, m =
log2M [33]. The split property is decided by the mechanism used on the m features.
The mechanism includes information gain and Gini decrease.

Step 3: Repeat step 2 until the tree can not split or some criteria is met, such as the
maximum tree depth and minimum sample number. Thus one tree is built.

Step 4: Repeat Step 1,2,3 until the forest reaches the expected accuracy or the size of
forest reaches the maximum tree number.

The parameters of RDF include maximum tree depth, minimum sample number, re-
gression accuracy and maximum size of the forest.

RDF is an ensemble of Decision Tree, and the split mechanism is based on the Decision
Tree algorithm chosen. CART (Classification and Regression Tree) [34], [147] is utilized
as the algorithm to build decision trees in a random forest [33]. The algorithm performs
differently for continuous and discrete feature vector. CART handling for continuous data
will be introduced because continuous feature vector is used in the thesis. The most
important component in a decision tree is the split mechanism, which decides the way of
choosing the features and dividing the data at each node. CART is a binary tree where
each node only splits into two nodes or leaves, which means the dataset is divided into
two group of data at each node from the root. The use of binary trees slows down the
split procedure and repeated splits are performed on the same attribute. Therefore, many
partitions are generated for one attribute. The split rule at each node for is based on Gini
coefficient, which measures the impurity of a node. The Gini coefficient for a split node is
calculated from Equation 3.44 [34],

Gini(pk) =
K∑
k=1

pk(1− pk) = 1−
K∑
k=1

p2k, (3.44)

where pk is the probability of kth category and K is the total number of possible categories
for attribute A.

In case of a binary split, K = 2, it is supposed that the probability of one of the
category is p, thus the Gini coefficient for CART is shown below:

Gini(p) =
2∑

k=1

pk(1− pk) = 2p(1− p). (3.45)

The smaller the Gini coefficient, the more purity the split has, and the better the split
attribute and split point chosen. For a given sample set D, it is supposed that it needs to
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be classified into K categories, and the amount of kth category is Ck. Usually, category’s
classical probability is calculated based on the dataset. Equation 3.46 [34] gives the Gini
of the sample set D.

Gini(D) = 1−
K∑
k=1

(
Ck
|D|

)2 (3.46)

where |D| is the number of samples in the dataset.

For sample set D, if it is split into two parts D1 and D2 based on attribute A, the
formulated Gini of D based on attribute A is shown below [34]:

Gini(D,A) =
|D1|
|D|

Gini(D1) +
|D2|
|D|

Gini(D2). (3.47)

For an attribute A with continuous value, a discretization scheme is applied to the data.
It is supposed that attribute A has m different value in dataset D, and these values are
sorted ascendingly in a list {a1, a2, ..., am}, ai < ai+1, for i = 1, ...,m. The median of two
adjacent value is chosen as the potential split point, and there are m−1 candidates. The ith

potential split point is Ti = ai+ai+1

2
. All m− 1 Gini(D,A) based on each potential binary

split point are calculated. The split point T , which generates smallest Gini, is chosen as
the split point at the current node, and samples will be classified into two groups based on
the comparison between the value of attribute A and T . A sample whose A value is larger
than T goes to group 1 while a sample whose A value is smaller than T goes to group 2.
The discretization of continuous attribute is implemented from above steps. The stop of
splitting on a node also depends on Gini(D) of the current node. A Gini threshold is set
at the beginning of tree generation.

3.5 Conclusion

In this chapter, the framework proposed for gaze zone estimation is presented in detail,
which is composed of Facial Landmark Detection, Head Pose Estimation, Iris Center De-
tection, Upper Eyelid Information Extraction, and Gaze Zone Estimation. First, CLNF
method, a CLM instance that uses LNF local detector and NU-RLMS fitting method, is
applied to obtain the facial landmarks in the image plane and the 3D model of the face in
the object frame. In addition, extracting region of interest is utilized as an optimization
strategy for CLNF facial landmark detection. Second, Levenberg-Marquardt optimization
method is used to solve the PnP problem, which estimates the head pose based on the
2D landmark locations in the image plane and their corresponding 3D locations in the ob-
ject frame. Third, a regression model-based method is employed to obtain the iris center
from eye landmarks detected in previous parts. For upper eyelid information extraction, a
quadratic function is utilized to model the upper eyelid, and the second-order coefficient
of quadratic function is extracted. Finally, the head pose and the eye information are
combined to form a feature vector, and RDF classifier is utilized to estimate the current
gaze zone of a driver from the feature vector extracted. The experiment results will be
discussed in next chapter.
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Chapter 4

Experiment Results

This chapter will present the experiment setup, the dataset, and the experiment results
for iris center detection, upper eyelid information verification, and gaze zone estimation.

4.1 Experiment Setup and Dataset

This part will introduce the sensor, the experiment setup, the dataset and the software
tools used in the experiments. Table 4.1 provides a summary of the experiment setup and
dataset.

Names Descriptions

Sensor Kinect for Windows V2 Sensor
Environment Realistic Driving Environment
Time In both Daytime and Nighttime
Data Type Color Data and Infrared Data

Dataset One
Totally 29,000 images are annotated
manually for gaze zone estimation

Dataset Two
Totally 2,100 images are annotated
manually for iris center estimation

Software Tools Kinect Studio

Table 4.1: A summary of the experiment setup and dataset

4.1.1 Sensor

The sensor used in this thesis is a Kinect sensor V2 for Windows. Kinect V2 is the
second version of Kinect, which is produced by Microsoft for Windows PC and Xbox
One game console. Additionaly, Kinect SDK (Software Development Kit) for Windows is
released by Microsoft for developers and researchers, and it is downloadable with a free
user license. The SDK provides not only the sensor drivers to access the data streams,
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but also some useful functions and code samples in both C++ and C#, which could
significantly accelarate the devepolment process for Kinect-based applications in Microsoft
Windows. The newest version Kinect SDK v2.0 [1] is applied in this thesis. Figure 4.1
shows the components of Kinect V2, which includes a Color Camera, an Infrared Projector
and Receiver, and four Microphone Arrays. These components can provide multiple data
sources, such as RGB data, Infrared data, Depth data, and Voice data. Infrared and Depth
data is obtained by the Infrared Projector and Receiver.

Figure 4.1: Kinect sensor V2 for Windows

As described in the specification table 4.2, the resolution for color and infrared data are
1920 × 1080 and 512 × 424 pixels, respectively. The color data is utilized in the daytime
while the infrared data is exploited in the nighttime in this thesis. Another feature of the
sensor is its total acquisition frame rate which is up to 30 frames per second (fps).

Feature Arguments

Color Camera 1920 × 1080 at 30 fps
Depth Camera 512 × 424
Max Depth Distance ∼ 4.5 m
Min Depth Distance 50 cm
Horizontal Field of View 70 degrees
Vertical Field of View 60 degrees
Supported OS Win 8/Win 10

Table 4.2: Specialization of Kinect for Windows V2 sensor
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(a) Kinect setup in the car (b) Kinect setup in the room

Figure 4.2: Kinect Setup

4.1.2 Experiment Setup

For gaze zone estimation and iris center detection, the experiment is carried out in the
realistic driving environment in both daytime and nighttime. Three volunteers are involved
in the experiments, referred as Volunteer 1, Volunteer 2, and Volunteer 3, respectively.
These volunteers come from the different country and have different genders, who are
a Brazilian male, a Chinese male, and a Canadian female. The volunteers are required
to drive along a designated route, performing left turn, right turn, and parking tasks in
Ottawa. The road is uneven and has uphill and downhill sections along the route. The
Kinect is attached to the back of the windshield as shown in Figure 4.2a to record the
video while the drivers are driving.

Figure 4.3: Geometric relationship

For Upper-eyelid information verification, the experiment is carried out in the indoor
environment, as shown in Figure 4.2b. There exists a geometric relationship between the
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gaze direction and the points a person is gazing on the wall. Those gazing points are
marked on the wall based on the gaze direction horizontally and vertically, to get the
discrete ground-truth gaze direction, shown in Figure 4.3. The horizontal or vertical gaze
direction change between two adjacent points is 5◦. The volunteer is asked to fix his head
to the frontal position, and gaze those points marked on the whiteboard in both horizontal
and vertical direction. Kinect is fixed in front of the volunteer to capture the images.

4.1.3 Dataset

For gaze zone estimation, the data is collected from the experiments in the realistic driv-
ing environment in both daytime and nighttime involving three volunteers, described in
Section 4.1.2, shown in Figure 4.4a. The data is trained and tested for all the volunteers
respectively. Totally 29,000 images are annotated manually for gaze zone estimation, 90%
and 10% of which are dedicated to training and testing respectively.

For iris center detection, the dataset collected from our experiments described in Section
4.1.2 and the other public dataset are exploited as shown in Figure 4.4. Totally 2,100
images are annotated for iris center estimation from our dataset, 80% and 20% of which
are dedicated to training and testing, respectively. The public dataset is called Labeled
Faces in the Wild, which is a database for studying face recognition in unconstrained
environments and contains more than 13,000 images of faces collected from the web [117].
In this thesis, we randomly select 350 images and make annotations for iris center detection
in the wild, which will be a control group.

(a) Collected dataset in the daytime and nighttime (b) Dataset in the wild

Figure 4.4: Dataset
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Figure 4.5: Kinect Studio

4.1.4 Software Tools

Another tool provided by Kinect SDK is Kinect Studio [2]. Kinect Studio is a tool that
helps the developer to record and playback multiple data streams from a Kinect sensor,
which has extension .xef (Extended Event File). This tool can help debug functionality,
create repeatable scenarios for testing, and analyze the performance of a Kinect-Enabled
Application by using it to read and write the .xef files. The data can be replayed for
multiple times by setting the Iteration Number. Figure 4.5 shows the main window of
Kinect Studio. It can also choose the data stream that is needed to be recorded and
played. Useless data such as voice data in our case will not be saved if it is not chosen.
The application can acquire the data stream from the replayed data from Kinect Studio
the same way as it acquires data from a connected Kinect sensor.

4.2 Iris Center Detection

The data obtained from the experiments with three volunteers and the data collected from
wild public dataset are utilized for training and testing of iris center detection. Figure 4.6
shows the testing results of iris center detection for color images. Normalized Error is
applied to evaluate the results of detection, which is a relative error between the ground-
truth position and estimated position in horizontal axis with regard to the length of the
eye, represented by equation 4.1,

NormalizedError =
|Xreal −Xestimate|

Leye
, (4.1)
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Figure 4.6: Iris center detection results for color data

where Xreal and Xestimate denote the horizontal positions of iris center and Leye is the
average of both eye lengths between two corresponding eye corners.

It is obvious that the normalized error decreases with the iteration, which corresponds
to the mechanism of the method because the method estimates the iris center iteratively
to get the best estimates. RGB Vol1, RGB Vol2, and RGB Vol3 represent the results
of dataset captured from each volunteer, and RGB Wild represents the results of the
wild dataset described in section 4.1.3. Wild on Vol1 is the results whose training data
is the wild dataset while the testing data is data of Volunteer 1. The three line in the
bottom are the results gotten from three volunteers, which have smaller normalized error
compared with that of RGB Wild and Wild on Vol1. The best three lines all reach the
smallest normalized error at iteration 4, and then the iteration number is set to four in the
application. The best result has normalized error 0.035.

The original intensity of infrared data provided by Kinect sensor is represented by
16 bits for each pixel, that ranges from 0 to 216. Usually, the 8-bit image is enough for
detection and can be shown in the screen conveniently. In this case, scaling the 16-bit
data down to 8-bit is necessary, which means scale down the pixel value. Different scales
result in images with different qualities. Figure 4.7 shows the results of five scale levels for
infrared data. The scale value increases from left to right. The right images are lighter
than the left ones. After the scaling, gamma correction is utilized to enhance the contrast
of the image. The iris center detection method is applied to images with different scale
levels for all volunteers. Figures 4.8,4.9, and 4.10 illustrate the results of different scales
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Figure 4.7: Different scale results for infrared data

for the volunteers.
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Figure 4.8: Iris center detection results for infrared data with different scales

Figure 4.8 is the results for Volunteer 1 on five different scale values, the normalized
error decreases with the iteration for all scale values, but Scale 1 get the best accuracy
after four iteration, with normalized error 0.056, shown in the bottom line.
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Figure 4.9: Iris center detection results for infrared data with different scales

Figure 4.9 illustrates the results for Volunteer 2 on five different scale values, the
normalized error decreases with the iteration for all scale values, but Scale 1 get the best
accuracy after four iterations, with normalized error 0.046, shown in the bottom line.
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Figure 4.10: Iris center detection results for infrared data with different scales

67



Figure 4.10 shows the results for Volunteer 3 on five different scale values, the normal-
ized error decreases with the iteration for all scale values, but Scale 1 get the best accuracy
after four iterations, with normalized error 0.044, shown in the bottom line.

In conclusion, the results of three volunteers all get the best accuracy on Scale 1 after
iteration four with infrared data. The differences among different scale values are great for
the last two volunteers compared to Volunteer 1. Therefore, Scale 1 is applied, and the
iteration number is set to four in the application.

4.3 Upper Eyelid Information Verification

Data obtained from section 4.1.3 is used to verify the upper eyelid information. The range
of vertical direction is from −40◦ to 25◦ for the original images. The average coefficient
between two adjacent gaze points is obtained, which is corresponding to the average gaze
direction of the two points. The relationship is learned from the images where the gaze has
only vertical changes. Figure 4.11 shows the relationship between gaze directions and 2nd-
order coefficient of eyelid curves. We can find the coefficient increase monotonically with
the vertical gaze. Then the relationship is applied to the testing images where gaze has
both vertical and horizontal changes. The result shows that vertical gaze error with upper-
eyelid information is 5.45◦ while the vertical gaze error with only head pose information
is 13.57◦. We can see the 2nd-order coefficient of eyelid curve plays an important role in
gaze estimation.
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Figure 4.11: Relation between vertical direction and 2nd-order coefficient
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4.4 Gaze Zone Estimation

In this thesis, gaze zones are classified into six main areas shown in Figure 4.12, namely:
1. Left Window 2. Right Window 3. Front Windowshield 4. Back Mirror 5. Dashboard,
and 6. Center Console.

Figure 4.12: The distribution of six gaze zones

4.4.1 Evaluation Metrics and Methods

The gaze zone estimation method is employed to estimate the current gaze zone of the
driver based on previous and current images captured by Kinect sensor positioned in the
back of the windshield. Three main evaluation metrics are applied in the evaluation of the
proposed method.

Metric One: Accuracy for Each Gaze Zone

If the sample number for gaze zone i is Ni, i = 1, ..., 6, and NT
i samples in Ni are

correctly estimated, then the accuracy for gaze zone i, Ai is defined as

Ai =
NT
i

Ni

. (4.2)

Metric Two: Weighted Accuracy

Weighted Accuracy takes the percentage of different gaze zone in the dataset into
consideration. Weighted Accuracy Aweighted is defined by equation 4.3,

Aweighted =
6∑
i=1

pi × Ai, (4.3)
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where pi is the percentage of gaze zone i in the whole samples.

Metric Three: Unweighted Accuracy

Unweigted Accuracy treats all gaze zones with equal importance. The unweighted
accuracy Aunweighted is donated by the following equation:

Aunweighted =
1

6

6∑
i=1

Ai, (4.4)

which is equivalent to setting pi = 1
6

in equation 4.3.

In addition, the randomized ten-fold cross-validation method is applied in the evalua-
tion. It is a validation method used to evaluate the generalization of a model to a dataset
scientifically. The selection of training and testing dataset from the whole sample dataset
is essential to the results of classification and may affect the accuracy, which will result
in an unequal evaluation. Ten-fold cross-validation randomly splits the samples into ten
subsets or folds with approximately same size. Every time, one of ten fold is selected as
testing dataset while the other nine folds are for training. Repeat the step for ten times
and the testing fold is different from each other in ten times. The training and testing set
ratio is then 9:1. The final accuracy is denoted by the average accuracy of the results for
ten times.

4.4.2 Gaze Zone Estimation Results in Daytime

The gaze zone estimation evaluation is applied to both gaze zone estimation methods with
and without eye information in both daytime and nighttime with all the volunteers. The
results for daytime and nighttime will be discussed respectively.
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Figure 4.13: Gaze zone estimation accuracy in daytime for Volunteer 1
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Figure 4.13 illustrates the gaze zone estimation accuracy in daytime for Volunteer 1
with and without eye information. The first bar with shadow gray represents the method
without eye info, which will be called Method 1. The second bar with dark gray represents
the method with eye info, which will be called Method 2. X-axis describes the evaluation
metrics mentioned before. The bar figure presentation will be the same for other volunteers.
As shown in the figure, there is a great increase in accuracy for Dashboard when the eye
info is used. The accuracy grows from 69.3% to 93.3%, increasing by 24%. The method
making use of eye info can recognize zone Dashboard much better than the method, making
no use of it, does. The growth of accuracy for zone Console is also great, from 92.8% to
98.9%, which is 6.1%. The weighted recognition accuracy for both methods are 94.12% and
96.40%, respectively, while the unweighted recognition accuracy are 88.73% and 94.88%,
increasing by 2.28% and 6.15% when eye info is added. Considering the number of the
trees utilized in RDF classifier, the number of trees used by Method 2 is smaller.
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Figure 4.14: Gaze zone estimation accuracy in daytime for Volunteer 2

Figure 4.14 shows the gaze zone estimation accuracy in daytime for Volunteer 2 with
and without eye information. The greatest growth in accuracy is for Back Mirror, from
79.3% to 85.7%, increasing by 6.4%. The overall weighted and unweighted accuracy also
increase, to some extent, which reach 96.22% and 94.46%, respectively. Moreover, only
an average of 7 trees are utilized in RDF classifier when eye info is added while another
method needs 12 trees.
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Figure 4.15: Gaze zone estimation accuracy in daytime for Volunteer 3

Figure 4.15 shows the gaze zone estimation accuracy in daytime for Volunteer 3 with
and without eye information. It is obvious that there is a huge increase for zones Back
Mirror, Dashboard, and Console. Recognition accuracy increases about 30.6%, 66.6%, and
17.9% for these three gaze zones, respectively. Besides, Method 2 with eye info has better
overall performance compared to Method 1, with weighted and unweighted accuracy in-
creasing by 9.28% and 20.65%, respectively. The overall weighted and unweighted accuracy
for the Method 2 reach 97.07% and 95.79%, respectively. The second method also applies
fewer trees in RDF classifier.

Conclusion 1: Compared with Method 1, Method 2 achieves better performance in
recognition accuracy for all volunteers in the daytime. For some particular gaze zone
Back Mirror, Dashboard and Center Console, the improvements of zone accuracy can even
reach 66.6%. Three figures show similar improvements, which is influenced by the habit
of driving and the way of observing road conditions and in-car instruments. For Volunteer
3, the huge increase in three gaze zones may be because that she prefers fixing her head
pose, if she can make use of eye movement to reach a gaze zone. She will change her
head pose only when the eye movement cannot help her to reach some observation areas.
This observation habit makes eye information more critical in the estimation of drivers’
gaze zone. Although the improvements differ to some degrees, the second method gains
improvements in the overall weighted and unweighted accuracy.
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Figure 4.16: Gaze zone estimation accuracy in daytime

Figure 4.16 illustrates the results of our gaze zone estimation method with color data
from three volunteers, the average results of three volunteers, and the results of the ref-
erence paper. The reference results are taken from paper [129], which also conducts the
experiment in the realistic driving environment with the same gaze zone distribution as
ours. The sensor used in reference [129] is a color sensor. Compared with method used
in the reference, our method shows improvements of performance in accuracy of gaze zone
estimation. The overall weighted and unweighted accuracy is 94.9% and 93.6% for the ref-
erence while that is 96.56% and 95.04% for our method. Our method achieves about 1.66%
and 1.44% increase. Although there is a little decrease for zone Right Mirror, the accuracy
for this zone of our method can still reach 94.50%. For zone Dashboard, the accuracy of
the reference reaches only 79.2% while that of our method can reach an average of 94.57%,
which is an improvement of 15.37%. By the way, the average number of trees utilized in
our method is 7 while that used in the reference is 60 for RDF classifier. In summary,
the method proposed in this work has better performance than the reference does in the
daytime.

4.4.3 Gaze Zone Estimation Results in Nighttime

After presenting the results in the daytime with color data, the following part will illustrate
the results in the nighttime with infrared data. The performance for three volunteers are
separated to show how eye information improves the performance, and the average results
for the volunteers will be compared with that of the reference. The reference is the same as
the one utilized in daytime situation, and it still uses color images, instead of the infrared
data.
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Figure 4.17: Gaze zone estimation accuracy in nighttime for Volunteer 1

Figure 4.17 shows the gaze zone estimation accuracy in the nighttime for Volunteer 1
with and without eye information. The method with eye info gains great improvement
for zone Dashboard with accuracy increasing from 77% to 91.5%, which is an increase of
14.5%. The overall weighted and unweighted accuracy obtain 0.81% and 1.91% increase,
respectively. Therefore eye information indeed improves the performance of gaze zone
estimation.
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Figure 4.18: Gaze zone estimation accuracy in nighttime for Volunteer 2

Figure 4.18 presents the gaze zone estimation accuracy in the nighttime for Volunteer
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2 with and without eye information. Although the overall weighted accuracy does not
have significant improvement when eye information added, the improvement in recogni-
tion accuracy for zone Dashboard is great, with accuracy growing from 63.7% to 68.4%,
increasing by 4.7%. In addition, the overall unweighted accuracy achieves an increase of
1.07%.
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Figure 4.19: Gaze zone estimation accuracy in nighttime for Volunteer 3

Figure 4.19 illustrates the gaze zone estimation accuracy in the nighttime for Volunteer
3 with and without eye information. As shown in the figure, there are huge improvements
in zone accuracy for Back Mirror, Dashboard, and Console. The zone accuracy increases
by 10.5%, 18.3%, and 5.8%, respectively. The overall weighted accuracy improves from
92.89% to 95.63%, and the unweighted accuracy grows from 85.42% to 91.27%, increasing
by 2.74% and 5.85% respectively.

Conclusion 2: Compared with method without eye info, the method making use of
eye information obtains better performance in recognition accuracy for all volunteers in the
nighttime. For some particular gaze zone Back Mirror, Dashboard and Center Console,
the improvements in zone accuracy can even reach 18.3%. Three figures show similar
improvements, which is similar to the results in the daytime, and the reason is analyzed
in above parts. The habit of driver’s driving behavior and the way of their observation
on the driving condition are the principle reasons for the difference. In conclusion, the
performance is improved when eye information is exploited in the gaze zone estimation.
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Figure 4.20: Gaze zone estimation accuracy in nighttime

Figure 4.20 illustrates our gaze zone estimation results with infrared data of three
volunteers, the average results of three volunteers, and the results obtained in daytime
in the reference [129]. Although the results with infrared data in nighttime decline to
some degree compared to that with color data in daytime in the reference, the weighted
and unweighted accuracy of the former can also reach 96.0% and 91.43%. The results
are acceptable since the quality of the image has an influence on the results. The night
environment makes the detection and estimation more difficult, and the infrared data is
not able to provide adequate details in comparison with the color data obtained in the
daytime.

4.4.4 Gaze Zone Estimation Implementation

The application for gaze zone estimation method proposed is implemented by Visual Studio
2013 IDE, and C++ is utilized as the programming language. The data stream is achieved
from Kinect V2, and the results, such as facial landmarks, will be shown in a window.
Here are some demo results from the output of the application, which demonstrate how
the application work for both infrared data and color data.
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Figure 4.21: Gaze zone estimation demo in daytime

Figure 4.21 are some pictures captured from the results of the application for color data.
The detected facial landmarks are shown by the red points, and the current head pose is
illustrated by the blue 3D box. At the top of the frame, there are some texts describing
the current gaze zone of the driver and the framerate with unit frame/second. For color
data, with resolution 1920 × 1080, the framerate is about 15-17 fps, which is acceptable
and near real-time.

Figure 4.22: Gaze zone estimation demo in nighttime

Figure 4.21 demonstrates some captures from the results of the application for infrared
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data. There is some information at the top left of the window which demonstrates the
current gaze zone of the driver and the framerate with unit frame/second (fps). The
framerate can reach 30 fps, because the resolution of infrared data is only 512×424, which
is much smaller than that of color data.

4.5 Conclusion

This chapter discussed four main parts of the experiments in detail, namely the experiment
setup and dataset, results for iris center detection, upper eyelid information verification,
and results for gaze zone estimation. The experiments are carried out in the realistic
driving environment in both daytime and nighttime with three volunteers. Kinect for
Windows V2 sensor is applied in the experiments, put right behind the windshield. Two
datasets are collected, which contain 29,000 and 2,100 annotated images for gaze zone
estimation and iris center detection, respectively. The two datasets can be exploited by
other researchers in the future. Compared with the results of iris detection in the wild
dataset, the detection results trained and tested for individual volunteers show better
performance. Compared with gaze zone estimation method with head information only, the
method with eye information has a significant increase in accuracy. Finally, the proposed
gaze zone estimation framework, whose weighted and unweighted accuracy reaches 96.6%
and 95.0%, respectively for daytime, has better performance compared to the reference.
For nighttime, the unweighted accuracy can reach 91.4%, and the weighted can reach 96%.
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Chapter 5

Conclusion and Future Work

5.1 Conclusion

In this thesis, we introduced a framework for driver’s gaze zone estimation composed of five
main components: Facial Landmark Detection, Head Pose Estimation, Iris Center Detec-
tion, Upper Eyelid Information Extraction, and Gaze Zone Estimation. The experiment is
carried out in the realistic driving environment in both daytime and nighttime with three
volunteers using Kinect sensor V2 for Windows, which is put at the back of windshield.
Experiment results show that the proposed gaze zone estimation framework has better
performance compared to that of the reference.

Chapter 1 described the background of ADASs, our motivation and contribution.
Driver’s distraction and drowsiness are two major causes of fatal and injury crashes. There-
fore, driver’s distraction and drowsiness detection have become two main subjects, which
researchers are focusing on, in ADAS design. Head pose and eye-gaze direction are two
strong indicators of a driver’s gaze and the current focus of attention. We proposed a
new driver’s gaze zone estimation framework which combines head and eye information to
estimate the gaze zone of the driver in both daytime and nighttime.

Chapter 2 made a literature review composed of five sections, namely video-based gaze
estimation, head pose detection, iris center detection, facial landmark detection, and classi-
fication techniques. The naturalistic driving environment always presents unique challenges
to video-based gaze estimation and tracking systems. In an automobile, the continuously
changed lighting condition, resulting in heavy shadows and high illumination variability,
and unstable capture of data, caused by jolts, all present more difficulties to gaze estima-
tion task. Moreover, performing in real time or near-real time is another consideration
for gaze estimation in an ADAS. Therefore, the results tested in the stationary laboratory
with stable illumination have higher proficiency than those in the wild. However, these
methods may work poorly in the driving environment. Unique approaches are needed to
design for ADASs to overcome these unique difficulties.

Chapter 3 presented the proposed framework for gaze zone estimation in detail following
the framework. Firstly, CLNF facial landmark detection method, a CLM instance that uses
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LNF local detector and NU-RLMS fitting method, is applied to obtain the facial landmarks
in the image plane and the 3D model of the face in the object frame. Extracting region
of interest is utilized as an optimization strategy for CLNF facial landmark detection.
Secondly, Levenberg-Marquardt optimization method is used to solve the PnP problem,
which estimates the head pose from the 2D landmark locations in the image plane and
their corresponding 3D locations in the object frame. Next, a regression model-based
method is employed to obtain the iris center from eye landmarks detected in the previous
part. For upper eyelid information extraction, a quadratic function is utilized to model
the upper eyelid, and the second-order coefficient is extracted. Finally, the head pose and
the eye information are combined to form a feature vector, and RDF classifier is utilized
to estimate the current gaze zone of the driver from the feature vector extracted.

Chapter 4 described the setup of experiment, the dataset, and the experiment results
composed of three main parts, namely results of iris center detection, upper eyelid infor-
mation verification, and gaze zone estimation. Two datasets are collected, which contain
29,000 and 2,100 annotated images for gaze zone estimation and iris center detection, re-
spectively. The two datasets can be exploited by other researchers in the future. Compared
with the results of iris detection in the wild dataset, the detection results trained and tested
for individual volunteers show better performance. Compared with gaze zone estimation
method with head information only, the method with eye information has a significant in-
crease in accuracy. Finally, the proposed gaze zone estimation framework, whose weighted
and unweighted accuracy reaches 96.6% and 95.0%, respectively for daytime, has better
performance compared to the reference. For nighttime, the unweighted accuracy can reach
91.4%, and the weighted can reach 96%, which also meets the expectation.

5.2 Future Work

Although the framework proposed can achieve good performance for driver’s gaze zone
estimation, some future work can also be considered for the improvements and extension
of our work.

As the quality of the image provided by the sensor has influence on the speed and
estimation accuracy of the gaze zone estimation method, the choice of the sensor also plays
an important role. The higher the resolution of the images, the better the estimation is, but
the slower the processing speed is. A good choice of the sensor can obtain the expected
speed and estimation accuracy. The choice of sensor can be taken into consideration
in the experiment setup. In addition, the performance of the method may be affected
by different environment, such as different weather and different road conditions. More
different environment can be considered in the collection of dataset and evaluation of the
method. In our experiments, only the situation without sunglass is considered. In the
situation where the driver wears a sunglass, the eye information will be occluded by the
sunglass and can not be detected. Therefore, a sunglass detection method can be applied
before gaze zone estimation to detect whether the driver is wearing a sunglass. If a driver
wears a sunglass, only head information will be employed for gaze estimation [136].
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The detected facial landmarks and eye information can further be utilized in drowsi-
ness detection analysis, such as eye state analysis, eye blinking analysis using upper-eyelid,
mouth and yawning analysis using contour of mouth [76]. In addition, gaze zone estimation
can be combined with vehicle parameters, such as steering wheel movement, lane keeping,
acceleration pedal movement, and braking, to detect whether a driver is looking at the
right area in the right scene. The system will give alerts to the driver when danger situ-
ation may occur because of driver’s distraction or drowsiness. The dangerous alerts can
also be broadcast to near drivers through vehicle networks like Vehicle Ad-Hoc Networks
([5],[47],[113],[27],[140],[21],[25],[54],[26],[4],[30],[28],[55],[17],[150],[18]) to inform them of
the dangerous state of this driver. When getting such alerts, those drives will be more care-
ful about this car and then reduce the probability of traffic accidents. Gaze zone estimation
can also be assocaited with other detection, such as pedestrian detection or animal detec-
tion, to detect whether the driver notices these information. Therefore, the camera used
for driver monitoring can be combined with other sensors and integrated in wireless sen-
sor networks ([23],[49],[141],[24],[22],[7],[138],[139],[108],[29],[137],[16],[118],[20],[19]). The
combination of these sensors and detection can improve the functions of an ADAS.
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[8] Nicholas Ayache. Vision stéréoscopique et perception multisensorielle. Inter-Editions,
1989.
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