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With continued progress in artificial intelligence, vehicle technologies have advanced 

significantly from human controlled driving towards fully automated driving. During the 

transition, the intelligent vehicle should be able to understand the driver’s perception of the 

environment and controlling behavior of the vehicle, as well as provide human-like interaction 

with the driver. To understand the complicated driving task which incorporates the interaction 

among the driver, the vehicle, and the environment, naturalistic driving studies and autonomous 

driving perception experiments are necessary to capture the in-vehicle and out-of-vehicle signals, 

process their dynamics, and migrate the driver’s decision-making into the vehicle. This 

dissertation is focused on intelligent vehicle advancements, which include driver behavior 

analysis, environment perception, and advanced human-machine interface. First, with the 

availability of UTDrive naturalistic driving corpus, the driver’s lane-change event is detected 

from vehicle dynamic signals, achieving over 80% accuracies using CAN signals only. Human 

factors for the lane-change detection are analyzed. Second, a high-digits road map corpus is 

leveraged to retrieve driving environment attributes, as well as to provide the road prior 



 

vii 

knowledge for drivable space segmentation on images. Combining environment attributes with 

vehicle dynamic signals, the lane-change recognition accuracies are improved from 82.22%-

88.46% to 92.50%-96.67%. The road prior mask generated from the map data is shown to be an 

additional source to fuse with vision/laser sensors for the autonomous driving road perception, 

and in addition, it also has the capability for automatic annotation and virtual street views 

compensation. Next, the vehicle dynamics sensing functionality is migrated into a mobile 

platform – Mobile-UTDrive, which allows for a smartphone device to be freely positioned in the 

vehicle. As an application, the smartphone collected signals are employed for an unsupervised 

driving performance assessment, giving the driver’s objective rating score. Finally, a voice-based 

interface between the driver and vehicle is simulated, and natural language processing tasks are 

investigated in the design of a navigation dialogue system. The accuracy for intent detection (i.e., 

classify whether a sentence is navigation-related or not) is achieved as 98.83%, and for semantic 

parsing (i.e., extract useful context information) is achieved as 99.60%. Taken collectively, these 

advancements contribute to improved driver-to-vehicle interaction modeling, improved safety, 

and therefore reduce the transition challenge between human controlled to fully automated smart 

vehicles. 
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CHAPTER 1  

INTRODUCTION 

1.1 Background 

Vehicle technologies have advanced significantly over the past 20 years, especially with respect 

to the significant effort in establishing an ideal “smart vehicle” which would have the capability 

to achieve self/autonomous driving for passengers, or a potential passive operator. While great 

strides in autonomous driving continue, greater research and understanding is needed for driver 

modeling as we transition from full-driver control to a graduated scale of assistive-through-

automated self-driving. As shown in Figure 1.1, the U.S. Department of Transportation (DoT) 

adopts the six levels of automated vehicles defined by the Society of Automotive Engineering 

(SAE) International [1], from (0) no automation, (1) driver assistance, (2) partial automation, (3) 

conditional automation, (4) high automation, towards (5) full automation. However, the ability 

for smart vehicles to seamlessly move up-and-down this vehicle control space remains a major 

challenge. Perception algorithm, motion planning, control theory, human factor, and other 

engineering technology all play a role in this solution [2]. In addition, significantly more research 

is needed to understand the interdependency of variable levels of automatic vehicle activity in 

large-scale traffic scenarios. A desired smart vehicle should be able to perform artificial 

intelligence similar to the human driver. Noting that humans are not perfect and may make 

mistakes, it is responsible to ask what level of error is acceptable before fully automated driving 

is viable. Therefore, understanding driver expectations, experience, and capabilities within the 

manual through fully automatic driving context is a major challenge. 
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Figure 1.1. Six levels of autonomous vehicles defined by SAE J3016. The current modern 

vehicles are in level-3, which require take-over requests between human-control and automated-

control. 

 

Driving is an acquired skill and privilege where the driver primarily controls the longitudinal and 

lateral motion of the vehicle by perceiving his/her relative position on the road with reference to  

surrounding objects and/or vehicles [3]. However, with the fast-changing surrounding 

environment from both inside and outside the vehicle, driving has evolved to become a complex 

task requiring attention to many details along with controlling the vehicle. There are three major 

factors involved with this complex task of driving: (i) the vehicle, (ii) the driver, and (iii) the 

surrounding environment (physical road, traffic, weather, etc.). When the environment changes, 

it is reflected on the driver’s behavior such as head pose and eye gaze. When a driver operates 

the vehicle via his/her hands and feet, it is reflected in the vehicle dynamic outputs including 

acceleration and rotation. The interaction between these modalities can be depicted as shown in 

Figure 1.2. Reaching a destination safely is the general goal where the fine activities focus on the 

driver control of the vehicle via maneuvers to address perceived changes in the surrounding 

environment. The vehicle is moving in space and time, and therefore must monitor the 
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environmental changes and respond to the driver’s commands. Next generation vehicles will 

need to be more active in assessing driver awareness, vehicle capabilities, and traffic and 

environmental settings, plus how these factors come together to determine a collaborative safe 

and effective driver–vehicle engagement for vehicle operation [2]. 

 

Figure 1.2. Superficial interactions between the vehicle, driver, and environment in the complex 

task of driving. 

 

Figure 1.3 illustrates the overall organization of this dissertation. The objective of this 

dissertation is to focus on the interaction between the driver, the vehicle, and the environment. 

Various aspects influencing the driving task are discussed, including using vehicle dynamic 

signals and environment attributes to recognize the driver’s event, exploring the map data 

capability for autonomous driving road perception, and human factor analysis. Besides, taking 

the advantage of connectivity services, the smart mobile device is also utilized for in-vehicle data 

acquisition, as well as establishing a voice-based human-machine interface. This dissertation 

consists of four major parts, addressing four research topics. 
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Vehicle
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Event 
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“Take me to Starbucks!”

“Hey car, I need coffee!”

 

Figure 1.3. Dissertation overview – including four major parts to address the interaction among 

driver, vehicle, environment, and smartphone mobile devices. 

 

1.2 Problem Statement 

1.2.1 Understanding Driver Behavior from Vehicle Dynamics Signals 

Towards the goal of an advanced vehicle system that understands driver behavior, branches of 

vehicle sensing or naturalistic driving monitoring systems have been developed. The most 

typical systems include cameras to monitor the road scene and driver, radar or laser-based 

systems for distance measurement, Controller Area Network (CAN) signals for vehicle 

dynamics, and preferable sensors to measure physiological changes in the vehicle. To directly 
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understand the interaction between vehicle dynamics and driver behavior, our task here will 

choose to focus on CAN signals only [4]. Since the CAN-Bus is already available in vehicles and 

can be extracted from the OBD-II port, it offers promise for a low-cost system as well as to 

reserve the video streams for more complicated computer vision processing for tracking of 

pedestrians, surrounding vehicles, or other stationary/moving objects. The first problem of this 

dissertation is therefore to explore the effectiveness and limits of using CAN signals for the 

driver behavior analysis. 

1.2.2 Combining Map Data for Event Detection and Road Perception 

Drivers make their judgement based on the environment, and then perform executions to control 

the vehicle. Prior knowledge of the surrounding scenario is beneficial to assist in understanding 

driving activities. Today, accurate digital maps with detailed description of the road, 

infrastructure obstacles (e.g., traffic lights, road signs, lane directions) and footprints of the 

building can be available such as the OpenStreetMap (OSM) initiative [5]. For the development 

of autonomous driving vehicles, map data is also integrated with vision and laser sensors for 

vehicle localization [6] or road perception [7]. The term of drivable space [8] is characterized as 

the static road surface restricted by the moving object occupations, where the static geo-location 

and rough shape of roads can be retrieved from the map data. For the second problem of this 

dissertation, the focus is to make use of the OSM data, and explore how it can be incorporated 

for more effective environment understanding. 
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1.2.3 Migrating In-vehicle Data Acquisition to Smart Mobile Devices 

The proliferation of smartphone applications has made a great impact in the automotive industry. 

Smartphones contain a variety of useful sensors including cameras, microphones, as well as their 

Inertial Measurement Units (IMU) such as accelerometer, gyroscope, and GPS. These multi-

channel signals would also be synchronized together, providing a comprehensive description of 

driving scenarios. Therefore, the smartphone could potentially be leveraged for in-vehicle data 

collection, monitoring, and added safety options/feedback strategies [9,10]. This option lowers 

the entry barrier and allows for a wider range of naturalistic driving study opportunities for 

drivers operating their own vehicles. However, the orientation and relative movement of the 

smartphone inside the vehicle yields the main challenge for platform deployment. The third 

thesis problem to be addressed is to convert the smartphone-referenced IMU readings into 

associated vehicle-referenced accelerations, which allows for free positioning of smartphones for 

in-vehicle dynamics sensing. 

1.2.4 Establishing a Comfortable Voice-based Human-Machine Interface 

Automatic Speech Recognition (ASR) and Text-To-Speech (TTS) capabilities within the 

smartphone platform are advancing and should be taken advantage with Google map navigation 

to establish a voice-based navigation system and create a hands-free operational interface for the 

driver. Such advancements keep the driver’s eyes focused on the road while avoiding their hands 

off-the-wheel. This will therefore create a comfortable and convenient driving experience by 

easing the driver’s secondary task workloads [11]. Several existing voice-based interfaces 

usually force users to use predetermined commands or keywords (e.g., form filling, etc.) to 
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communicate requests in strict ways so that systems can understand, and require users to 

memorize syntax, words, phrases, or other keywords or qualifiers in order to issue queries or 

commands. This unfortunately introduces greater cognitive stress for the driver. However, 

Natural Language Processing (NLP) techniques should allow vehicle systems to understand the 

human’s naturalistic free-style spoken languages. To address this problem, this dissertation will 

compare the hands-on versus voice-based operational experience, and then build an NLP 

architecture to understand natural navigation inputs. 

1.3 Overview of Contributions 

• Driving event recognition using CAN signals. Using vehicle dynamic signals (steering 

angle, vehicle speed, etc.) retrieved from the CAN-Bus, a double-layered Hidden Markov 

Model (HMM) has been created. It considers time series dynamic changes in the lower 

level, and consecutive maneuver relationship in the upper level. This model has been 

used to recognize driving events like lane-keeping (LK), lane-change-left (LCL), lane-

change-right (LCR), turn-left (TNL), and turn-right (TNR). (see [JP1]  and CHAPTER 

2). 

• Unsupervised driver performance assessment. Vehicle dynamic signals can objectively 

reflect how good the driver is in controlling the vehicle. Assuming that an experienced 

driver should act in a “good driving” mode for the majority of the time, whereas “bad 

driving” may occur as a limited number of events, two unsupervised clusters and their 

overlap are employed to represent an individual’s driving performance. Using iterative 
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outlier detection, each event is graded as D, C, B, or A, denoting the performance score 

from bad to good. (see [CP2]  and CHAPTER 4). 

• Environment attributes parsing from map data. The OSM data is composed of three 

basic elements – node, way, and relation. Each element contains its latitude and longitude 

position, type, and several attribute tags (e.g., one-way or two-ways, speed limit, lane 

directions, traffic signs, etc.). Given the map information and vehicle GPS location, the 

current driving scenario has been described by a list of nearby environment attributes. 

These attributes have also been considered together with vehicle dynamic signals for the 

driving events recognition. (see [JP4]  and CHAPTER 3). 

• Road detection combining map data with vision/laser system. The OSM data has been 

rendered into a 3D object view and then projected to the driver’s perspective to obtain a 

virtual street view. The virtual road surface has been further refined and combined with 

camera and Lidar signals to characterize a road mask. Both image processing techniques 

(e.g., grab-cut algorithm, canny-edge detection) and deep Convolutional Neural Network 

(CNN) frameworks have been utilized and compared. (see [JP4]  and CHAPTER 3). 

• Android smartphone application development. A mobile application – Mobile-UTDrive 

– has been developed on the Android platform, which can be used for in-vehicle sensing 

by recording video, audio, IMU and GPS signals, and visualize on the device. The speech 

recognition and Google map navigation functionalities have also been added, so as to 

simulate the voice-based human-machine interface for further study experiments. (see 

[CP1]  and CHAPTER 4). 
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• Free-positioned mobile device for vehicle sensing. For the deployment of the mobile 

platform that allow any device position and orientation, a post-processing pipeline has 

been investigated. It contains coordinate transformation, learning-based model prediction, 

and Kalman filtering procedure. An experiment is also designed to evaluate the 

algorithm. (see [CP8]  and CHAPTER 4). 

• Examination of voice-based operational driving experience. An experiment has been 

designed for the subjects to drive on a selected route while operating secondary tasks by 

their hands or voice at designated landmark locations. The vehicle dynamic signals have 

been collected by a mobile device, and Gaussian Mixture Models (GMM) have been 

employed to assess the driving performance and compare the comfort experience under 

different situations. (see [CP9]  and CHAPTER 5). 

• Natural language processing for navigation dialogue interface. The voice input should 

be first passed through Automatic Speech Recognition (ASR) to convert into text, and 

then passed through Natural Language Processing (NLP) to understand higher-level 

meaning. Two NLP tasks have been conducted – (i) intent detection to decide whether a 

sentence is related with navigation; and next (ii) semantic parsing to extract useful 

information from the sentence. The impact of ASR on NLP has been evaluated, and a 

semi-joint Recurrent Neural Network (RNN) architecture has been established to address 

the two NLP tasks. (see [CP3] , [CP4]  and CHAPTER 5). 
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1.4 Dissertation Outline 

The remaining part of this dissertation is organized to address each research problem in each 

chapter. The following outlines each chapter: 

• CHAPTER 2 focuses on the driver behavior understanding from vehicle dynamic signals. 

The UTDrive naturalistic driving corpus is introduced and utilized. A double-layered 

HMM framework is proposed for the lane change event recognition. The experimental 

results are presented and discussed on the event variations. 

• CHAPTER 3 exploits the use of OpenStreetMap data. It contains two sub-tasks. First, 

environmental attributes are parsed and submitted together with vehicle dynamic signals 

for the driving event recognition. Second, virtual street views are rendered from OSM 

and combined with camera and Lidar signals for the road detection. The KITTI vision 

benchmark dataset is used for the road detection sub-task. 

• CHAPTER 4 introduces the development of the smartphone platform – Mobile-UTDrive 

for in-vehicle sensing, as well as the post-processing algorithm to allow the device to be 

free-positioned. As an application example of using the smartphone data, the driving 

performance is assessed based on unsupervised clusters and outlier detection techniques. 

• CHAPTER 5 investigates the human-machine interface between the driver and the 

vehicle. An experiment is first designed to compare the driving irregularity between 

hands-on and voice-based secondary tasks operations. Next, an RNN-based architecture 

is established to address the NLP tasks and the impact of ASR on NLP is evaluated. 

• CHAPTER 6 concludes the dissertation and proposes expected future works for the 

discussion. 
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CHAPTER 2 

UNDERSTANDING DRIVER BEHAVIOR FROM VEHICLE DYNAMICS SIGNALS1 

2.1 Introduction 

2.1.1 Motivation 

With the pending availability of large scale naturalistic driving data from the second Strategic 

Highway Research Program (SHRP2) conducted by the U.S. Transportation Research Board 

(TRB) [12,13], the development of automatic tools to organize, prune, and cluster driving events 

for driver modeling is a growing research topic. One of the most typical approaches is to identify 

the driving context at the micro-view level, and then assess their variations against expected 

patterns. Maneuvers are the basic units in building a comprehensive driving session, although 

their definitions may vary considerably depending on the underlying application [14]. 

Understanding how these maneuvers are performed can provide information on how the driver 

controls the vehicle and how driving performance varies over time, and therefore is essential in 

driver assistance and safety systems. 

A desired driving assistance and safety system should be able to recognize drivers’ executive 

actions, especially those that are more likely to increase risk for dangerous accidents. Based on 

National Highway Traffic Safety Administration (NHTSA) reports, transportation researchers 

                                                 

1 Zheng, Yang and John H. L. Hansen. 2017. "Lane-Change Detection from Steering Signal using Spectral 
Segmentation and Learning-Based Classification." IEEE Transactions on Intelligent Vehicles 2 (1): 14-24. © 
2017 IEEE 
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estimate that lane-change crashes account for 4 to 10 percent of all crashes. Annually, between 

240,000 to 610,000 lane-change crashes are reported to the police with at least 60,000 

people injured and significant property damage [15,16]. If an in-vehicle technology can detect 

the driver’s lane-change intention or predict the execution maneuver, it could assist the driver in 

maintaining awareness of surrounding vehicle traffic, and therefore reduce the possibility of 

lane-change crashes. This chapter will focus on the recognition, assessment, and prediction of 

lane-change events. 

The scope of this chapter is to examine the effectiveness and limits in a solution using CAN 

signals for lane-change detection and analysis. The limits can be caused by the curve of the 

route, any vibration due to the road surface, as well as variations in operating time. As shown in 

Figure 2.1, case (a) represents two actual true lane-changes. One typical lane-change-left from 

S1 to S2, and one lane-change-right from S2 to S3. In case (b) (i.e., avoidance lane keeping), the 

vehicle is making a swerve shift to avoid a pothole on the road. This event is not a true lane-

change case, and does not directly fit into the typical lane-keeping class either. In human 

annotation, this is usually labeled as a lane-keeping event. Case (c) happens on a curve road or a 

roundabout, although the vehicle is moving straightforward and its steering angle does not 

change, this event could be annotated as a lane-change. Without prior road information, it is not 

possible to detect this situation exclusively from CAN signals. Case (d) is defined as a lane-drift, 

which usually appears like lane-keeping in an early stage, but follows with a sharp swerve (avoid 

hitting the curb) in the end. This can be considered as an extended version of case (b). The 

diversity of these situations makes it challenging to detect lane-change in naturalistic driving 

situations. 
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Figure 2.1. Examples of lane-change events in naturalistic driving situations. Case (a) represents 

a typical lane-change-left from S1 to S2, and a lane-change-right from S2 to S3. Case (b) 

represents a swerve shift which is to avoid a pothole on road. Case (c) represents a lane-change 

event on a curve road. Case (d) represents a lane-drift. 

 

2.1.2 Related Work 

In the general scope of analyzing driving data, most studies have attempted to recognize driving 

style that is used to develop an overall driving behavior model. In related studies, Engstrom used 

driving patterns (i.e., driving data segments) to determine road type [17], Miyajima et al. used 

driver data for driver identification [18], and Platho et al. explored such signals for fuel 

consumption estimation [19]. From the perspective of human factors research, Pelaez et al. used 

a 3-D camera to monitor the drivers’ face for head pose and region-of-interest estimation [20], 

and Papadelis et al. employed physiological sensitive measurements to detect a driver’s 

sleepiness[21]. These studies, as well as many others, are valuable in understanding the 

interaction between driver, vehicle, and their environment, and hence contribute to improving 

driver safety and driving assistance systems. 

(b)(a) (c)
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S2

S3

TRUE 

LANE-CHANGE

AVOIDANCE 
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DEFAULT 

LANE-CHANGE

(d)
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For the specific issue of lane-change detection, most systems are based on the road camera 

video/image processing. McCall et al., Radke et al. , and Kasper et al. all focused their studies on 

computer vision processing for tracking lane markings on the road, demonstrating that vision-

based lane-change detection to be a potential effective approach [22-24]. In the industrial market, 

the Lane-Departure Warning System (LDWS) or Blind Spot Monitor (BSM) solutions have been 

increasingly deployed in the recent vehicle models. Moreover, lane-change detection 

functionality has also been adopted on the smartphone sensors. The SmartLDWS app [25] 

addresses poor camera quality and limited processing power issue using the smartphone recorded 

video, and the DriverSafe app [26] integrates smartphone-based lane-tracking with inattentive 

behavior detection. 

From the perspective of a learning-based sensor fusion architecture, multi-module signals are 

either (i) – fused at an early feature stage and then jointly processed for the model, or (ii) – 

first extract individual features in separate channels and make the final decision at the end of 

each channel [27]. The frontend feature approach (i) better captures the correlation between 

multi-modules, but in general is more expensive computation cost for testing [28]. The back-end 

channel approach (ii) is more straightforward to implement, but may lose information during 

training. The purpose of this specific study is to explore the effectiveness and limits using CAN 

signals for lane-change analysis. It can be categorized as an individual channel in the approach 

(ii), whereas the fusion strategy with other multi-model signals will not be explored and 

therefore out of scope. 

Benmimoun et al. introduced the “euroFOT” project for ADAS evaluation, which contains CAN-

Bus data processing on maneuver recognition and incident classification [29]. Within the CAN-
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bus data, the turn signal indicator is a useful information for lane-change detection [30]. 

However, this relies on the prerequisite that the driver actually operates the indicator before 

executing the lane-change maneuver, and cannot be effective when the driver behaves arbitrarily. 

Besides the turn signal indicator, Yao et al. extracted the steering angle for lane-change detection 

[31]. While useful, his data was collected from a restricted scenario based on highway driving, 

with a design speed of 80km/h where all lane-changes occurred along in straight lines and not on 

road curves. Agamennoni et al. introduced an unsupervised method to automatically find 

boundaries between driving maneuvers [32]. However, his theory requires a key assumption that 

the data follows a linear Gaussian law within each segment, which is not guaranteed when 

applied to naturalistic lane-change events. Mitrovic and Maghsood et al. used HMM on vehicle 

lateral accelerations for classifying left, right and U-turns, but they did not consider lane-changes 

[33,34]. Taken collectively, the detection of normal lane-change activities still remains a 

challenge in the field. 

2.2 UTDrive Naturalistic Driving Dataset 

The experimental dataset is obtained from the UTDrive naturalistic driving corpus [35,36]. The 

driving routes were designed around the UTDallas campus in Richardson, TX, comprising of a 

mixture of local business and residential roads, as shown in Figure 2.2. Here, 87% of the two 

routes (3.9 miles) are 3-lane roads and 13% (0.6 miles) are 2-lane roads. Drivers were selected 

with a balance distribution for gender (37 males, 40 females), age (18-65), and driving 

experience level (novice-to-expert). Each driving session consisted of about 15 minutes, and 

each subject contributed 1-1.5 hours’ data. Data was collected using a Toyota RAV4 vehicle 

equipped with sensors from multiple channels. Within the CAN signals, the decoded context 
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includes timestamp, vehicle speed, steering angle, brake pressure, and engine rpm. The steering 

angle and speed should closely correspond to the action of how the driver orientates the vehicle, 

and therefore makes it the most dominating signal for detecting lane-changes.  

(a) 

 
(b) 

 

Figure 2.2. Examples of test route map and driving scene on (a) residential roads and (b) 

business roads.  

 

Using the UTDrive driving data, previous studies have been conducted for maneuver 

recognition, as well as the design of driving safety systems that combine in-vehicle speech and 

video analysis and driving performance evaluation [37-39]. This chapter takes from a subset of 

the UTDrive corpus for the experiment, which is described in Table 2.1. Referring to Figure 2.1, 

roughly 70% of the lane-changes in the experimental data are categorized as Case (a), 20% Case 

(c), and the remaining 10% composes of Case (b) and (d). Table 2.2 summarizes the collected 
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lane-change (LC) events distributions on the average moving speed and steering angle 

amplitudes. Those with low average speeds typically happen at intersections/corners, and those 

with low steering angle amplitudes typically happen on curved roads. 

Table 2.1. Dataset Statistics 

Participated Subjects 14 Female & 44 Male 

Driving Route 2-3 Lanes local road; AVG 40mph 

Driving Time 10-15 minutes each round 

# of Lane-Changes 122 Left & 209 Right 

# of Turnings 87 Left & 404 Right 

# of Acceleration/Deceleration 1266 Acc & 1677 Dec 

 

Table 2.2. Lane-Change Distributions 

Average Moving Speed 0-20 mph 20-40 mph >40 mph 

LC Left 19% 28% 53% 

LC Right 23% 35% 42% 

Steering Angle Amplitude 0-10 deg 10-20 deg >20 deg 

LC Left 63% 23% 14% 

LC Right 66% 25% 9% 

 

2.3 Lane-Change Detection Algorithm 

The lane-change detection algorithm is formulated into three stages. The first stage is focused on 

data pre-processing for noise reduction as well as suppressing (e.g., filtering out) the turning 

event. The second stage concentrates on performing time-variant maneuver segmentation by 

employing a novel spectral analysis to generate potential lane-change candidates. The final stage 

suggests a double-layered HMM framework to recognize lane-change versus lane-keeping 

events. 
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2.3.1 Stage 1: Pre-processing and Filtering 

The encoded raw vehicle signals captured from the CAN-bus are originally sampled at 200-

250Hz, depending on the communication protocol. However, they may lose frames or be 

affected with systems, sensor, or related vehicle noise. The first step in data processing is 

therefore to re-sample the data at a uniform rate (e.g., 100Hz), and then apply a median filter to 

smooth the data. In addition, the first 20 seconds of data in each driving session is removed, 

primarily because the vehicle was backing out of the parking spot, which is beyond the scope of 

forward-moving scenarios that are the focus in this study. 

Lane-change events have unique dynamic characteristics contained in vehicle speed and steering 

angle. These features have distinct differences with events when great changes are taking place 

in the steering angle (turn). In naturalistic driving situations, however, the boundaries between 

lane-change and lane-keeping are not always obvious. If all maneuvers are considered 

simultaneously, a general multi-class classifier will improperly place boundaries to identify the 

turn event, but the remaining lane-change/lane-keeping events will be unseparated. Before 

proceeding to the next stage, it is worthwhile to reduce this impact, which could otherwise lead 

to errors. 

The separation between lane-change and turn maneuvers relies on the selection of a threshold for 

the value of  STADist , which is defined as the steering angle change against the distance in a 

moving window, 

𝑆𝑇𝐴𝐷𝑖𝑠𝑡 =
𝑆𝑇𝐴(𝑇)

𝐷𝑖𝑠𝑡(𝑇)
(2. 1) 
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where STA(T) denotes the steering angle change within a time window T (e.g., 3 seconds), and 

Dist(T) denotes the accumulative distance within the same window. Considering the variety of 

drivers’ ability/skills, the thresholds should not be fixed but instead be driver-specific. Therefore, 

the STADist values of each driver are calculated and modeled with a normal distribution, with a 

threshold chosen at the 50% confidence interval bounds. It is empirically assumed that for all 

steering angles (+/- sign is considered for right/left direction) in the distribution of this driver, the 

turn-lefts will be located in the lowest 25%, and the turn-rights in the highest 75%. Figure 2.3 

illustrates an example of the process for suppressing the turning event. 

 

Figure 2.3. First (left), turn thresholds are chosen based on the distribution of STADist, empirically 

set at the 50% confidential intervals bounds. Next (right), the thresholds are placed on a piece of 

driving data, for the identification of turn events. 

 

2.3.2 Stage 2: Driving Maneuver Segmentation 

With access to naturalistic continuous real-time signals, a suitable framing strategy must be 

adopted for maneuver recognition. One classical approach is to use fixed time frames to partition 

the incoming data for time series analysis of maneuvers. However, since different maneuvers 

may be executed over varying lengths of time, having a fixed time frame for analysis could 

either miss part of a maneuver or blend subsequent maneuvers in the evaluation. A potential 
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alternative approach is to partition data segments based on the specific travel distance. Such a 

fixed distance window framing approach can better reflect the influence of vehicle speed and is 

more representative of fine individual driving events [38]. However, due to miscellaneous 

variations in both routes and traffic situations, a moving vehicle varies in both time and space 

with micro and macro changes in driving patterns, and so neither fixed time nor fixed distance 

windows can completely represent all maneuver variations. 

Inspired by the possibility of applying non-uniform window frames [40], this study introduces a 

novel time-frequency spectral analysis method. Our previous studies [10] have proven that 

individual maneuvers have different and unique spectral characteristics of the steering angle 

signal, where the variations in the frequency content can provide information on maneuver 

boundaries. It is therefore useful to take advantage of specific frequency regions in the “drive 

spectrogram”, which are prominent for a specific subset of maneuvers. 

Deriving motivation from filterbank analysis extensively used in speech processing applications, 

we employed a filterbank with 10 linearly spaced channels and a 50% overlap between adjacent 

filters. Extracting spectral energy from each of these filters separately helps in distinguishing 

adjacent maneuver boundaries due to the variations in the spectral energy content across 

individual frequency bands. The average energy within the four lowest-frequency bands of the 

filterbank are computed as the output to compare with a pre-defined threshold, and those 

exceeding the threshold are tagged as boundaries of segments [41]. The threshold is also decided 

based on confidence intervals of the energy distribution, in a manner similar to that used for in 

Stage 1. In addition, those segments that are too short in time (e.g., less than 1 second) are set 

aside due to the minimum time duration for such a lane-change event. The proposed process for 
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spectral analysis segmentation is illustrated in Figure 2.4, using the steering angle signal decoded 

from the CAN data. 

 

Figure 2.4. Spectral analysis segmentation. Given the (a) time sequence of steering angle (yaw), 

we estimate its (b) spectrogram by generating Short-Time Fourier Transform (STFT) and 

applying filterbank on that. Then (c) the logarithm of filterbank output energy is computed and 

compared with a designed threshold (-0.1). The crossing points indicate the boundaries of 

segments. 

 

2.3.3 Stage 3: Lane-Change Detection 

The overall driver-modeling framework is designed as a double-layered HMM [42] architecture. 

The reason for choosing an HMM as the primary model is, the HMM is powerful for detection of 

patterns in a time series signal with associated connectivity between states over time.  

Figure 2.5 illustrates the proposed double-layered HMM framework. The lower layer is 

emphasized on the vehicular dynamical changes within driving event, whereas the upper layer is 

intended to consider the entire driving route and the relationship between consecutive events. 

The raw input steering angle and speed signals are pre-processed and segmented into time-
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variant blocks. Given the observations of both steering angle and vehicle speed knowledge 

within a time block, two Gaussian HMMs will be trained, one for lane-change and one for lane-

keeping. For testing, a new incoming block of test data is presented to the model to compute the 

probability against the two trained models, and the one with the higher likelihood will be the 

recognition result at the lower level. The upper layer focuses on the sequence of discrete blocks 

that are segmented from long time duration driving data. Consider the label of each block as a 

hidden state in this model, the upper layer recognition is to decode the state sequence in a 

Discrete HMM. 

 

Figure 2.5. Double-layered HMM framework (low layer Gaussian HMM and upper layer 

Discrete HMM) for lane-change detection. 

 

1) Lower-Layer: Gaussian HMM 

Citing a Lane-Change-Left (LCL) maneuver as an example, the driver should first turn the 

steering wheel left by a few angular degrees, and then right for the recovery phase to straighten 
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the moving vehicle. This would result in the steering angle or vehicle yaw signal forming an 

approximate “sinusoidal” curve during the complete LCL event execution period. As shown in 

Figure 2.6, the main idea of employing a Gaussian HMM is to divide the complete lane-change 

maneuver into several distinct phases, and mapping these phases with a set of states based on 

their dynamical characteristics. Besides the steering wheel angle (SWA) and speed (SPD) signals 

directly retrieved from the CAN-Bus, the steering derivative over time (dSWA) – which is 

associated with the vehicular lateral acceleration or yaw rotation – are also included. 

For the method of phase partition, it is suggested to evenly divide a complete maneuver 

execution time duration into a fixed number of phases. The input signal includes SWA, SPD, and 

dSWA, and the learning features will be their corresponding statistical mean and variance within 

each phase. 

 

Figure 2.6. Changes of steering angle and its derivative value in a block of Lane-Change-Left 

maneuver, which can be divided into 5 phases and mapped with 3 states. 

 

2) Upper-Layer: Discrete HMM 

Theoretically, a discrete HMM   can be characterized as: 

𝜆 = {𝑁,𝑀, 𝐴, 𝐵, 𝜋} (2. 2) 
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where N represents the number of distinct states, M represents the mixture dimension of 

observations for each state, A represents an N×N state transition matrix describing the transition 

probabilities between the hidden states {aij}, B represents an N×M emission matrix describing 

the probability distribution of observation symbols {bj(k)}, and π represents the initial state 

distribution probability vector. 

In this case, the types of event occurrences are further categorized as Lane-Keeping (LK), Lane-

Change-Left (LCL), and Lane-Change-Right (LCR), so the number of states is set as N=3. The 

initial state distribution π is estimated based on the counting number of each event occurrence. 

The state transition matrix A is initialized by assuming that the probabilities of performing a LCL 

to a LCR and vice versa are equal and quite small, and most often LK comes before and/or after 

the LCL or LCR events. 

 

Figure 2.7. An example for the definition of observations in upper layer Discrete HMM. The 

steering angle mean value of each phase constructs a structural shape. Observation probability is 

defined as the frequency of occurrences for each shape in each state. 
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Based on dynamic changing characters of the steering, Figure 2.7 displays an example to 

highlight the definition of Discrete HMM observations. If an event block in the lower layer is 

divided into 3 phases, the mean value of the steering angle for each phase can be ranked ordered, 

and the result will be abstracted as 6 possible structural shapes. Therefore, the relationship 

between the observation dimension M and the number of phases (Nphase) is: 

𝑀 = (𝑁𝑝ℎ𝑎𝑠𝑒)! (2. 3) 

The observation for this state will be one of the structural shapes. The emission probability 

matrix B is estimated to represent the frequency of occurrences for those structural shapes that 

observed in each type of events. 

2.4 Experimental Results 

As suggested in Section 2.3, the input steering angle and its derivative signals will be: (1) pre-

processed to reduce noise, and pre-filtered to set aside pure left/right turning events; (2) 

segmented into potential maneuvers and generate lane-change candidates; and (3) perform the 

HMM framework to recognize lane-change versus lane-keeping events. We will discuss the 

detail results obtained in Stage (2) and (3). 

2.4.1 Generate Lane-Change Candidates 

The segmentation stage is intended to effectively cover the time period of a maneuver execution 

within a segment, so as to output non-uniform duration candidates. Since we focus on lane-

change events, the objective is to minimize the loss of lane-change completeness caused by 

boundary cutting edges. Therefore, a quantitative evaluation measurement is referred from [43] 

and further modified as the mismatch rate RMismatch, given by, 
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𝑅𝑀𝑖𝑠𝑚𝑎𝑡𝑐ℎ =
1

𝑁
∑

|𝐿𝐺𝑇(𝑛) − 𝐿𝑆𝐸𝐺(𝑎𝑟𝑔𝑚𝑎𝑥[𝐿𝑂𝐿𝑃(𝑚)])|

𝐿𝐺𝑇(𝑛)

𝑁

𝑛=1

(2. 4) 

where 

N – Number of annotated lane-changes (LC), n = 1, 2, …, N. 

LGT(n) – Time duration length in samples within the n-th lane-change. 

M – Number of segments that overlapped with the n-th lane-change, m = 1, 2, …, M. 

LSEG(m) – Time duration length in samples within the m-th overlapped segment. 

LOLP(m) – Time duration length in overlapped samples within the m-th segment. 

The idea is, for each annotated lane-change event, find one segment that has the largest overlap. 

Obtain a differential ratio of the segment time duration to the annotated lane-change event 

length. The average overall rate will represent the efficiency of the segmentation method. 

The proposed spectral analysis segmentation strategy is compared against two alternative 

approaches from the literature:  

• BMASS – Bayesian Model-based Agglomerative Sequence Segmentation [32]. It 

partitions the driving behavior data into a sequence of non-overlapping primitives. This 

approach is agglomerative and consists of greedily merging pairs of consecutive 

segments. The boundaries are chosen under the assumption that, within each segment, the 

data follows a multi-variate linear model. 

• SMARE – Simple Moving Average of Rotational Energy [44]. It computes the simple 

moving average (SMA) of the rotational energy for an n-length window. When the SMA 

is greater than a pre-defined upper threshold tU, the window is then marked as the 

beginning of a segment, and the subsequent n windows are concatenated until the SMA is 
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less than a pre-defined lower threshold tL. Using gx(i) to denote the generic signals 

within the i-th window, SMA is given by 

𝑆𝑀𝐴 =
𝑔𝑥(𝑖)

2 + 𝑔𝑥(𝑖 − 1)2 + ⋯+ 𝑔𝑥(𝑖 − 𝑛 + 1)2

𝑛
(2. 5) 

The results of SMARE and Spectral approaches are highly depended on the choice of pre-

defined energy thresholds. Therefore, Figure 2.8 compares the error rates for these two 

approaches by looping over different thresholds. Tests are conducted on the steering angle (yaw) 

signal and its derivative (angular velocity) separately. It is clear to observe that the proposed 

Spectral Analysis approach results in measurable lower false negatives (miss rates) in the overall 

scale for both steering angle and angular velocity. Since the goal of segmentation is to generate 

potential lane-change candidates and further detection will be performed in the next 

classification stage, it is able to accept false positives (false-alarm rate) as high as 90% (i.e., 90% 

of lane-keeping instances are taken into the next stage). 

Table 2.3 compares the mismatch rates obtained by the three segmentation approaches. 

Comparing with alternative solutions of BMASS and SMARE, the proposed Spectral Analysis 

approach is able to obtain the lowest mismatch rate. Note that BMASS approach does not require 

any threshold, so the false-alarm rate is obtained at a unique value of 32.10% for steering angle 

and 34.11% for angular velocity.  

Table 2.3. Segmentation Mismatch Rate 

 BMASS SMARE Spectral 

Steering Angle 17.89% 16.76% 11.63% 

Angular velocity 24.10% 18.79% 2.09% 
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Figure 2.8. Comparison of error rates for SMARE (blue triangular) and Spectral Analysis (red 

circle) segmentation results, using (a) steering angle signal and (b) angular velocity signal. The 

Spectral approach are shown to obtain lower false negative (miss) rate. 

 

2.4.2 Recognize Lane-Change versus Lane-Keeping 

Before testing the proposed HMM approach, one convenient approach for lane-change 

classification is to continue focusing on the 𝑆𝑇𝐴𝐷𝑖𝑠𝑡 value defined in Equation (2.1). Based on 

the 𝑆𝑇𝐴𝐷𝑖𝑠𝑡 normal distribution, the bounds of an empirically selected confidential interval are 

originally to filter out the turning event. If a second confidential interval is designed with 

narrower bounds, it might be simple to separate the lane-change with the lane-keeping. However, 

as shown in Figure 2.9, it is difficult to obtain a balance between false positives and false 

negatives. The equal error rate (EER) is almost 60% and is therefore not acceptable. 
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Figure 2.9. Detection error trade-off (DET) curve for LCL LCR when using STADist. 

 

Table 2.4 summarize the lane-change detection results using the proposed double-layered HMM. 

The obtained accuracies are 80.36% for LCLs and 83.22% for LCRs, even when their 

experimental test/train samples are not equally balanced. In naturalistic driving scenarios, lane-

change events may happen in a variety of situations. It is interesting to discuss what kind of lane-

changes can accurately be detected, and in what situation the lane-change is difficult to be 

detected. Figure 2.10 displays the spatial distribution of true positives (TP) and false negatives 

(FN) in three domains. In Figure 2.10 (a) and (d), the domain of the time duration vs. moving 

distance, the TP and FN distributions for both LCL and LCR are almost the same. It can be 

inferred that the effectiveness of lane-change detection is not associated with the maneuver 

execution in time or space. This is due to the characteristics of HMM algorithm in coping with 

time-variant sequences. Figure 2.10 (b) and (e) shows the vehicle speed change vs. steering angle 

change during a lane-change maneuver. Here, 52.38% of LCL FN and 52.81% of LCR FN are 

clustered in the area where the speed changes <5 m/s and steering changes <10 degree. These 

situations usually happened when a vehicle is approaching an intersection, with a slow 

progression to change the lane, and preparing to make a turn. In addition, 72.73% of LCL FN 
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and 88.75% of LCR FN are located in the area where the steering changes >20 degree. Referring 

to Figure 2.1, Case (b) and Case (d) are almost in the large steering change area, because these 

are swerve shifts which have large deviation from lane-keeping characteristics. In the domain of 

average angular velocity vs. average acceleration in Figure 2.10 (c) and (f), 76.32% of LCL FN 

are located in the area where angular velocities exceed >-1 deg/s, whereas 63.79% LCR FN have 

angular velocities <1 deg/s. Typically, the “+” sign represents steering to the right direction, 

while “-” represents steering to the left. These situations, when LCL appears “+” and LCR 

appears “-” angular velocities, are common on curved roads, where the road curves compensate 

for the lane-change steering angles. These are generally the result seen in the Case (c) in Figure 

2.1.  Overall, using the strategies proposed in this study, it is clearly shown to be able to 

effectively detect typical lane-changes, but we still have failures when lane-changes happen at 

corners or on curved roads. The CAN signal dynamic characteristics for these failures are not 

obvious. Adding other sources of knowledge (e.g., road information) is expected to help improve 

the overall performance. 

Table 2.4. Confusion Matrix of Lane-Change Detection 

 
Predicted 

LCL LK LCR 

Labeled 

LCL (122) 
80.36% 

(98) 
8.04%  11.61% 

LK (331) 1.41% 
91.90% 

(304) 
6.69% 

LCR (209) 6.04% 10.74% 
83.22% 

(174) 
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Figure 2.10. Spatial distribution of (a, b, c) Lane-Change-Left (LCL) and (d, e, f) Lane-Change-

Right (LCR) true positives (TP) and false negatives (FN), using the HMM approach. Distributed 

in the domain of (a, d) moving distance vs. time duration, (b, e) steering angle change vs. vehicle 

speed change, (c, f) average angular velocity vs. average acceleration. 

 

2.5 Human Factor Analysis 

According to the age distribution of the 58 subjects, we divided them into three groups. 16 

subjects in age 16-24 are labeled as “junior” drivers group, 25 subjects in age 25-40 are labeled 

as “mature” group, and 17 subjects in age 41-64 are labeled as “senior” group. Figure 2.11 

compares the positive predictive values (i.e., precision) of LCL, LK, and LCR in the three age 

groups. The finding shows that the detection accuracy of “mature” group is relatively lower than 

the other two age groups. A possible explanation is, the “mature” group drivers have more 

confidence in their driving skills, and therefore have softer distinctive behavior. This makes it 
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more challenging to exactly detect their left/right lane-changes or lane-keepings. On the contrary, 

the other two groups are more cautious in driving the experimental vehicle, and therefore 

perform “uniform” or “strictly pre-defined” behavior. 

 
Figure 2.11. Detection precision of LCL, LK, and LCR for three age groups – junior, mature, and 

senior. The number below each bar indicates the number of samples for this class. 

 

In the data collection, subjects were asked to perform secondary tasks (e.g., driver talk, cellphone 

dialog, navigation instructions, music play, sign reading, etc.) while driving. In the annotation, 

task difficulties and overlaps are transcribed as the workload cognitive level added to the primary 

driving task. The workload cognitive level is considered to be a quantitative estimation of 

driving distraction. Details of the definition and measurement can be found in previous work 

[45,46]. As displayed in Figure 2.12, a sequence of driving data (speed, steering angle, and brake 

extracted from CAN-Bus signal) is aligned with the estimated task workload on the same time 

axis.  

However, driving distraction is not always equal to driving with inattention. The external task 

workloads offer possible sources of stimuli to divert a driver’s attention, but the outcome driving 
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performance may not in fact cause the vehicle to move into a dangerous situation. Therefore, a 

more interesting extended discussion should be conducted to explore the underlying driving 

performance from the assessment of vehicle dynamics. 

 

Figure 2.12. CAN signals assign with workload (distraction) levels on the same time axis. 

Workload level is transcribed on each 1 second window. For the block [580, 610], the average 

level equals to 0.67, and round up to 1 as the distraction level label for this block. 

 

A previous study [47] have classified driving state into safe, moderate, and risky categories, 

based on the variations of vehicle dynamics. The idea is, maneuvers that are executed in a neutral 

mode should lead to a common or similar pattern of driving performance, and therefore will be 

reflected as a cluster in the vehicle dynamic feature space. Distances from other maneuvers to 

this cluster centroid will represent the deviations from what should be considered a safe/normal 

execution pattern. This idea assumes that an experienced driver typically performs as a “good” 

behavior for most of the time, while “bad” driving behavior (i.e., anomaly) is assumed to occur 

only infrequently. More details for the driving performance assessment will be given in Chapter 

4. 

0.67

Distraction level for block [580, 610]:

Average 0.67 -> Round up to 1
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As illustrated in Figure 2.13, all lane-change activities are classified into “Neutral” and 

“Moderate” clusters, and “Non-Neutral” to be the outliers. It is interesting to see which group 

can be more accurately recognized. As stated in Table 2.5, more than 90% of the “Neutral” and 

“Moderate” lane-changes are correctly recognized, but the precision for the “Non-Neutral” group 

is less than 50%. This is probably because the number of “Non-Neutral” events is quite small 

(=17); also, this is because of the large deviation from the normal centroids, where their locations 

in the feature space are sparse and hard to cluster. It is necessary to introduce additional 

subjective evaluation for more consistent accuracy in the “Non-Neutral” class. 

Table 2.5. Performance-Categorized Lane-Change Detection 

 

Cluster Neutral Moderate Non-Neutral 

Number 144 170 17 

Detected 140 154 8 

Precision 97.22% 90.59% 47.06% 

 

Figure 2.13. Visualization of all lane-change samples (including both TP and FN) in 2-D space 

(variance of speed vs. variance of steering angle). Samples are clustered into 2 clusters - Neutral, 

Moderate, and the outlier – Non-neutral. 
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2.6 Summary 

This chapter introduces the UTDrive naturalistic driving corpus, and employs the CAN signals 

from this dataset for the lane-change detection. The approach is divided into three stages: (1) pre-

processing to identify turning events by thresholding on the steering angle changes within a 

moving distance, (2) driving maneuver segmentation in the spectrum domain to partition a long 

driving session into a sequence of time-variant events, and (3) using a double-layered HMM 

framework to recognize lane-change versus lane-keeping. The lane-change detection accuracies 

are over 80%, using CAN signals only. Failure issues are discussed, which shows the low-speed 

and near-intersection lane-changes are more difficult to detect. Driving experience and 

distraction workload are also analyzed as the influencing factors for the lane-change detection. 
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CHAPTER 3 

COMBINING MAP DATA FOR EVENT DETECTION AND ROAD PERCEPTION 

3.1 Introduction 

As stated in Chapter 1, the driving task integrates driver, vehicle, and the environment. Deriving 

from Chapter 2, in which the driving event detection is based on vehicle dynamic signals only, it 

would be beneficial to take the environment information into consideration. Moreover, in the 

autonomous driving research area, one important task is to let the vehicle understand the 

environment like the human-being, and therefore make decisions to control the vehicle. 

The Simultaneous Localization and Mapping (SLAM) approach has been shown at the core of a 

number of successful autonomous robot systems [48]. SLAM addresses the problem of building 

consistent environment maps from a moving robotic vehicle, while simultaneously localizing the 

vehicle relative to these maps [49]. The maps are acquired by a vehicle equipped with an inertial 

navigation system (with GPS) and multiple laser-range finders (e.g., LIDAR, radar). The 

advantage of SLAM-based approaches is that the generation process is controlled so that the 

matching can be simplified and accurate in local; the disadvantage is that dedicated, detailed 

mapping data has to be generated which is currently limit in coverage range and not broadly 

available, and that the involved vehicles need to comply with certain, eventually expensive 

sensor specifications given by the generation process. 

Alternatively, high digital map databases (e.g., Google Map, HERE Map, OpenStreetMap, etc.) 

are available to provide rich information about the static road, building and traffic infrastructure 

in the environment. Many researches have considered using map data to fuse with other signals 

for autonomous driving perception, vehicle localization, and road detection. Cao et al. [50] 
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combined map data and camera images, improving GPS positioning accuracy to localize the 

vehicle at the lane-level. Wang et al. [51] integrated map data with image and LIDAR signals, to 

provide a holistic 3D scene understanding on a single image, like object detection, vehicle pose 

estimation, semantic segmentation, etc. Alvarez et al. [52] considered using map data as prior 

knowledge, and investigated multiple image-processing methods for road detection. Seff et al. 

[53] retrieved road attributes from map data, hence providing a visual common-sense 

description. Laddha et al. [7] used map data as supervised annotation, and considered deep 

learning approaches for road detection. 

This chapter contains two tasks. The first task is an extended work of Chapter 2. As illustrated in 

Figure 3.1, a list of driving environment attributes is parsed and calculated from map data, and it 

is combined with the vehicle dynamic signals for the driving event detection. Second, a road 

detection task is conducted. The objective is to explore how map data can be used for road 

detection. Since many existing vision/laser sensors have limited contributions in some difficult 

scenarios caused by illumination (shadow) or whether (snow), obtaining the road prior 

knowledge from map data is expected to improve system performance. Figure 3.2 demonstrates 

the overall framework for the second task. The map data is employed to render virtual street 

views and prior road masks will be refined from the virtual street views. Other kinds of road 

masks can be obtained from image processing and Lidar point clouding approaches. These masks 

will be fused together to characterize the drivable road surface. The availability of using map 

data for deep learning will also be discussed. The image and Lidar processing methods are 

theory-driven, whereas the deep learning approach is data-driven. Therefore, the OSM capability 

will be explored in the major two aspects. 
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Figure 3.1. Use map data to retrieve environment information, and combine with vehicle 

dynamic signals to understand driver behavior. 
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Figure 3.2. Use map data to obtain prior road mask, and fuse with image and Lidar points for 

road semantic segmentation. 

 

After a comparison of available map data, we select the OpenStreetMap (OSM) data [54] since it 

is open source and free to use. The limit is that the data is provided by the user contribution, and 

it is still in the process of building basic map coverage in many areas. The degree of accuracy 

that is reasonable depends on the existing data, and therefore is not always guaranteed. Further 

refinement approaches will be discussed to address the errors. The OSM data can be accessed via 

its website (www.openstreetmap.org), and the data within an area of interest can be downloaded 

http://www.openstreetmap.org/
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by specifying a bounding box in terms of latitudes and longitudes. The data is given in XML 

format and structured using three basic entities – nodes, ways, and relations [5,55]. 

• Nodes – Nodes are point-shaped geometric elements which are used to represent point-of-

interest (POI) like traffic signs and intersections. A node is described by its GPS 

coordinates and a list of available tags. Each tag is formatted with a key and its 

corresponding value, describing the node attributes. 

• Ways – Ways are used to model line-shaped or area-shaped geometric objects such as 

road, railways, rivers, etc. A way entity is formatted as a collection of nodes. 

• Relations – The relations are used to represent relationships between the aforementioned 

geometric entities to form more complicated structures. 

For the road detection experiment, the KITTI Road dataset (http://www.cvlibs.net/datasets/kitti/) 

is introduced in this chapter [56]. KITTI is a designed computer vision benchmark suite for real-

world autonomous driving perception challenges. The KITTI dataset has been recorded from a 

moving platform (Volkswagen Passat station wagon) while driving in and around the mid-sized 

city of Karlsruhe, Germany. The testbed includes two color camera images on left and right sides 

of the vehicle, one Velodyne 3D laser scanner, high-precision GPS measurements, and IMU 

accelerations from a combined GPS/IMU system. The raw data has been further developed to 

provide stereo, optical flow, visual odometry, 3D object detection, 3D tracking, road detection, 

and semantic parsing sub-tasks. In this chapter, the road detection benchmark package has been 

utilized, which consists of 289 training and 290 test images. The images are grouped into three 

different categories road scene: 

• UU – urban unmarked (98 training / 100 test) 

http://www.cvlibs.net/datasets/kitti/
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• UM – urban marked (95 training / 96 test) 

• UMM – urban multiple marked lanes (96 training / 94 test) 

Ground truth for training images has been generated by manual annotations and is available for 

two different road terrain types: (i) road – the road area, (i.e, the composition of all lanes), and 

(2) lane – the ego-lane, (i.e., the lane the vehicle is currently driving on, only available for 

category "UM"). 

3.2 Environment Attributes 

3.2.1 Attributes Retrieval from OSM 

To retrieve the environment attributes surrounding the vehicle, the current vehicle GPS location 

and OSM map data are required as input. The general idea is, given the vehicle GPS location, 

find the closest node within the map data, and parse or compute corresponding attributes 

associated with this node. The map data contains rich information, and the desired attributes can 

be selected up to the specific task. Based on our application of driving event detection, a list of 

attributes has been decided, which contains both (i) direct attributes and (ii) indirect attributes. 

Table 3.1 lists the direct attributes that can be parsed from OSM data, as well as the indirect 

attributes that require geometry computation. The direct attributes are retrieved from the closest 

node tags. Since a node can be an element of either a way or other buildings, and the interest is to 

obtain road description information, the closest node should be selected within the way nodes 

only. For some explanation, the “direction of each lane” can be left only, left and through, 

through only, through and right, right only, left and right, and all directions. These seven types of 
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directions are labeled as integers for convenience of computation. The road type is classified by 

OSM to be residential, tertiary, secondary, service, unclassified, and so on. 

Table 3.1. Environment Attributes Parsed from OSM 

 

Group Attributes Data Type 

Direct 

One-way or Two-ways Binary 

Number of lanes Integer scalar 

Direction of each lane Vector of integer 

Road type Integer scalar 

Speed limit Scalar 

Indirect 

Intersection type Integer scalar 

At intersection Binary 

Distance to intersection Scalar 

Bearing angle to intersection Scalar 

Road curvature Scalar 

Heading angle Scalar 

Distance to road center Scalar 

An OSM way element is represented by a collection of nodes, and each node has its own GPS 

coordinates. It can be used together with the vehicle’s GPS coordinates, and provide the 

vehicle’s relative position on the road. As the example illustrated in Figure 3.3, N0 is the closest 

node to the vehicle, and N1 is the node of intersection, which is decided by the number of ways 

that are connected at the node. Based on the number of connected ways and the start/end point of 

each way, the type of intersection can be also classified as either crossing, T-junction, turning, 

merge, and exit. Because of the road curvature, the distance to the intersection is not exactly the 

distance between vehicle node N0 and intersection node N1, but the sum of way segments 

partitioned by nodes (d1+d2). When the GPS coordinates are projected onto the Universal 

Transverse Mercator (UTM) flat plane frame, the bearing angle α is computed as the east-based 
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direction between N1 and N0; the road curvature β is computed between N0 and the next node in 

front N2; and the vehicle’s heading angle γ is given by its GPS data package. Since the OSM way 

nodes are defined at the way center, the distance to road center d3 is measured by the 

perpendicular distance from the vehicle’s location to the way segment line. 

d1

β 

γ 

Node of Intersection

Closest Node to Vehicle

α 

N1

N0

N2

Next Node in Front

 
Figure 3.3. Example of computational attributes. N0 is the closest node to vehicle, N1 is the node 

of intersection, N2 is the next node in front of driving direction. α is the bearing angle to the 

intersection, β is the road curvature, γ is the vehicle’s heading angle. d1+d2 is the distance to the 

intersection, d3 is the distance to road center. 

 

3.2.2 Deep Learning for Driving Event Detection 

The retrieved environment attributes are to be submitted together with vehicle dynamic signals 

for driving event detection. Chapter 2 established a double-layered HMM framework using the 

steering signals for the lane-change detection, whose main idea is to character an event’s time 

series features in the lower layer and consecutive events relation in the upper layer. However, it 
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would be a difficult task to combine the OSM environment attributes with the handcrafted 

features in that framework. In this section, we take advantage of deep learning approaches to 

consider both vehicle dynamic signals and environment attributes, and let the system learn by 

itself, to address the problem of lane-change detection. Specifically, driving sequence data will 

be segmented and classified into Lane-Keeping (LK), Lane-Change-Left (LCL), Lane-Change-

Right (LCR), Turn-Left (TNL), and Turn-Right (TNR). 

The nature of our task is to assign labels to each entity within a sequence, which is close to the 

sequence-tagging problem in the Natural Language Processing (NLP) area for text sentence 

analysis. We adopt a similar model given by [57] and [58], which is based on a Bidirectional 

Recurrent Neural Network (Bi-RNN) and Long Short Term Memory (LSTM) units. The word 

embedding vector input in their work can be replaced by a list of vehicle dynamic features and 

environment attributes, and their word contextual representation output will correspond with our 

driving event labels. In naturalistic driving, lane-keeping events will occur for most time 

duration while the other events will have fewer occurrences. In cost function design, if all five 

event classes are considered uniformly, the system will emphasize LK and limit the effectiveness 

of lane-change and turning events. To overcome this problem, we modified the cost function by 

reducing the weighting factor of LK (e.g., by half) on the top layer, and therefore the final cost 

function Cfinal is defined as, 

𝐶𝑓𝑖𝑛𝑎𝑙 = 𝐶𝐿𝐶𝐿 + 𝐶𝐿𝐶𝑅 + 𝐶𝑇𝑁𝐿 + 𝐶𝑇𝑁𝑅 + 0.5 ⋅ 𝐶𝐿𝐾 (3. 1) 

The downside for this modification is that it will increase false-positives for lane-change and 

turning events. This is reasonable if the goal to reduce the miss rate of these events (but allow a 

small false alarm). The weighting factor can be adjusted according to other tasks. 



 

44 

LSTM LSTM LSTM

LSTM LSTM LSTM

. . .

. . .

D
y
n
a

m
ic

s
E

n
v
ir
o

n
m

e
n

t

D
y
n
a

m
ic

s
E

n
v
ir
o

n
m

e
n

t

D
y
n
a

m
ic

s
E

n
v
ir
o

n
m

e
n

t

. . .

Input 

Vector

Frame 

Labels

Driving 

Frames

Bi-direction

RNN Layer

 

Figure 3.4. Bi-RNN structure for driving event detection. The driving sequence data is 

segmented into frames, and the input vector contains both dynamic and environmental features. 

The output label is given on each frame. 

 

The model architecture is illustrated in Figure 3.4. The long sequence driving data is segmented 

into fixed window frames (e.g., 0.1 second), and the accelerations and rotations are computed to 

represent the vehicle dynamic features. In addition, the retrieved environment attributes (Table 

3.2) are normalized and then concatenated with the dynamic features to form the input vector. 

The hidden layer is established in a Bi-RNN structure with is composed of LSTM units. The 

output event labels are assigned on each frame, and the supervised ground truth is given by 

human annotation. Table 3.2 summarizes the architecture hyper-parameters. There are 102 

driving data sequences for the experiment, and we use 65 sequences for training and the 

remaining 37 for test. We set the number of training epoch to 80, and each mini-batch contains 4 

sequences. The average sequence length is about 1 minute each, and we select 700 frames (i.e., 

70 second) as the maximum sequence length with zero padding. The input vector dimension is 
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25, and the hidden layer unit size is 300. A 75% dropout is applied to reduce over-fitting in 

training. The learning rate is initialized as 0.001 with a decay rate at 0.9.  

Table 3.2. Bi-RNN Model Parameters 

 

Parameter Value 

Training epoch 80 

Mini-batch 4 

Sequence max length 700 

Input vector dimension 25 

Hidden layer size 300 

Dropout rate 0.75 

Learning rate 0.001 * (0.9)n 

 

In the test dataset, there are 138 LK, 45 LCL, 49 LCR, 25 TNL, and 17 TNR driving events. The 

recognition effectiveness is evaluated using a 5x5 confusion matrix for the five events, shown in 

percentage values in Table 3.3. Since the event classification label is given on each frame, there 

may be a discontinuity between adjacent labels. The evaluation is therefore conducted on 

chunks, which are segmented by the ground truth boundaries. Within each chunk, the most 

predicted label will represent the label of this chunk. Table 3.3-(a) shows the results without 

OSM attributes and Table 3.3-(b) shows those with OSM attributes. By adding the OSM 

environmental attributes, the lane-change detection accuracies have increased from 82.22% to 

96.67% for LCL, and 88.46% to 92.50% for LCR. The road curvature, heading angle, distance to 

road center, and other lane information, make contributions for the improvement. For TNL and 

TNR events, the distance to intersection is also a useful feature. However, the LK accuracy 

decreases, and false-positives are increased for lane-change events. This is because lane-change 
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and lane-keeping events usually take place on the same road, where they share common road 

information, which makes them even more difficult to distinguish.  

Table 3.3. Event Classification Confusion Matrix 

 

(a) Without OSM Attributes 

 
Predicted 

LK LCL LCR TNL TNR 

Actual 

LK 52.17% 22.39% 21.74% 1.45% 2.17% 

LCL 6.67% 82.22% 11.11% 0 0 

LCR 3.85% 7.69% 88.46% 0 0 

TNL 8.00% 0 0 88.00% 4.00% 

TNR 0 0 0 5.88% 94.12% 

 

(b) With OSM Attributes 

 
Predicted 

LK LCL LCR TNL TNR 

Actual 

LK 47.37% 30.41% 16.96% 0 5.26% 

LCL 1.67% 96.67% 1.67% 0 0 

LCR 5.00% 2.50% 92.50% 0 0 

TNL 0 4.00% 0 92.00% 4.00% 

TNR 0 5.88% 0 0 94.12% 

 

3.3 Road Detection 

The prior knowledge of environment from OSM can also be applied into autonomous driving 

studies such as road detection, vehicle localization, and motion planning. This section will 

emphasize on the road detection task, to explore the effectiveness and limit using the OSM data. 

First, a virtual street view image can be rendered from the OSM data to represent the static road 

mask. Next, the road mask is further refined and combined with real camera images, using 
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multiple image processing approaches and deep learning techniques for vision/laser systems to 

improve their performance in road detection. 

3.3.1 Virtual Street View Rendering from OSM 

Figure 3.5 demonstrates the general approach of virtual street view rendering, as well as two key 

output examples from middle steps. As introduced in Section 3.1, the OSM data can be 

downloaded from its website by specifying a bounding box in terms of latitudes and longitudes. 

The data is structured in XML format, which describes node, way, and relation elements. The 

OSM2World toolkit (http://osm2world.org/) can be used to create 3D models from the OSM 

XML data. It renders a 3D virtual world from the birds-eye view and generates a shape object 

(e.g., road, building, etc.) description file. When the vehicle’s GPS coordinates and its heading 

direction is given, we can set it as a viewpoint and project the 3D virtual world into the driver’s 

perspective [51]. If the interest to generate the road mask only, we can keep the road objects only 

and remove others, and make the virtual street view a binary road mask. 

The KITTI road dataset contains real images, Lidar point clouds, as well as GPS and IMU 

information, which makes it possible for us to compare the virtual street view against the real-

world scenario. Figure 3.6 displays two examples that contain OSM road masks in the virtual 

street view overlaid onto real camera images. One advantage of the OSM road mask is, it can 

display the road surface area visually hidden by buildings or trees, and therefore provides more 

information on the road trajectory. There is a good alignment in Figure 3.6-(a) and bad alignment 

in Figure 3.6-(b). In the bad alignment, there is a shift between the virtual mask and the real road, 

which is caused by a GPS error; and a mismatch on the road width, which is caused by an OSM 

http://osm2world.org/
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error. Since the OSM data is provided by the user contribution, the OSM accuracy cannot be 

guaranteed. Therefore, more processing steps are needed to reduce these errors. 

 

Figure 3.5. Rendering virtual street view from OSM, with approach flow and output example. 

 

 

Figure 3.6. The effect of overlaying the OSM road mask (displayed in red color) onto the real 

camera image. (a) shows a good alignment example and (b) shows a bad alignment example. 
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1) Super-pixel Refinement Approach 

One label refinement approach is to consider the image within super-pixels [7]. The processing 

steps are shown in Figure 3.7. Super-pixel segmentation is based on the real camera image, using 

a K-means clustering method. Specifically, an image size is 375*1242 pixels, and we select 

K=800 to generate 800 super-pixel segments. Initial pixel-wise labels from the OSM road mask 

are overlaid onto the real image and assigned to all super-pixel segments. If a segment contains 

more than 50% initial road labels, it should be relabeled as a road super-pixel, and non-road 

otherwise. Once all super-pixels are relabeled, the largest connected component will be selected 

as the refined road mask. It is worth noting that this approach has been shown to reduce the 

boundary of the initial road mask; it brings in little new coverage and therefore may result in 

more false-negatives. 

 

Figure 3.7. Super-pixel relabel approach for the road mask refinement, with processing steps and 

result example. 

 

2) Multiple Candidates Approach 

The super-pixel refinement output is still a binary road mask, where the alternative multiple 

candidates approach [50,52] will create a confidence road mask. The processing steps are shown 
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in Figure 3.8. When the original vehicle GPS location and moving direction is projected onto the 

UTM flat plane, the corresponding x, y coordinates and perspective angle is obtained. 

Considering the GPS error, a more precise position candidate could be located nearby, within the 

GPS variance range (e.g., x and y within ±1 meter, and angle within ±10 degrees). Therefore, N 

(e.g., N=100) possible viewpoint candidates are randomly selected within the variance range, 

based on a uniform or Gaussian distribution. The virtual street view will be rendered at the N 

viewpoint candidates, generating N binary road masks.  

 

Figure 3.8. Multiple candidates approach to generate a confidence road mask, with processing 

steps and result example. 

 

The final confidence mask will be the overlay of all candidate road masks, with an average on 

each pixel given by, 

𝑃(𝑥𝑖) =
1

𝑁
∑ 𝐵𝑗(𝑥𝑖)

𝑁

𝑖=1

(3. 2) 
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where xi denotes the i-th pixel in the image, Bj denotes the j-th candidate binary mask, N denotes 

the number of candidates, and P(xi) denotes the probability for xi being the road. As a contrary to 

the super-pixel refinement approach, the multiple candidate approach brings in more coverage of 

the road area, and therefore will result in more false-positives. 

3.3.2 OSM with Vision/Laser Systems 

Admittedly, the OSM data can only provide a prior knowledge of the static driving scenario, and 

the rendered virtual street view can only generate a coarse road mask. A more precise 

characterization of the drivable space would still rely on vision/laser sensors. This sub-section 

will introduce two image processing methods and one Lidar point cloud processing method, and 

discuss how the OSM prior knowledge can be fused with these sensors. 

1) GrabCut Algorithm 

The GrabCut algorithm was designed by Rother et al. [59], which is an interactive approach to 

extract foreground and background segmentations on an image. This approach requires a 

manually selected small area for the certain foreground region exclusively, and another small 

area for the certain background region. Based on these initial labels, two Gaussian Mixture 

Models are applied to model the foreground and background, and create the pixel distribution in 

terms of color statistics. All other unlabeled pixels will be assigned with the probability of being 

foreground or background. Next, a graph with a source node (connecting to the foreground) and 

a sink node (connecting to the background) is built from the pixel distribution, in which the other 

nodes representing pixels, and weighted edges represent probabilities. Next, a min-cut algorithm 

is used to segment the graph, partitioning all foreground pixels connected to the source node and 

all background pixels connected to the sink node. The process is continued until classification 
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converges or a pre-defined iteration step is reached. Figure 3.9 shows an example how the 

GrabCut algorithm is utilized for the road detection. In our case, the top-bar is pre-selected as the 

certain non-road background, and the mid-bottom area is pre-selected as the certain road 

foreground. The GrabCut algorithm will start processing on these two rectangles, and segment 

the entire image into road and non-road regions. It is worthwhile to note that the GrabCut 

algorithm is based on color, and the effectiveness is limited if there is shadow or bad 

illumination conditions. 

 

Figure 3.9. Example of GrabCut algorithm. Two hand-labeled rectangulars are given on an 

image, and the algorithm outputs the road and non-road segments. 

 

2) Lane-Mark Detection 

Another widely used image processing method is to locate lane-marks [60]. This approach is 

based on edges. Figure 3.10 shows an example of these processing steps. First, a Canny edge 

detection is applied, according to the color gradients. Next, a Hough line transformation 
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technique is utilized to draw lines with polynomial curve fitting. Finally, the region between the 

lane marks is filled as the road label. The advantage of this lane-mark detection approach is its 

robustness to image noise, however, it assumes that the lane marks are straight or almost straight, 

and therefore limits its effectiveness when there is a sharp curve road or the lane boundaries are 

not clear. 

 

Figure 3.10. Lane-mark detection approach for road segmentation, with processing steps and 

result example. 

 

3) Lidar Point Cloud Processing 

Since the KITTI dataset provides Velodyne Lidar point clouds, Lidar-to-image calibration 

matrices and projection matrices, it is possible to project the points onto the image plane to view 

the points from the driver’s perspective. Next, a multi-plane technique [61] is utilized to segment 

the ground plane against other buildings and objects. The points classified as ground are kept and 

others are removed. Due to the points resolution, they may look sparse on the image, and 

therefore a smoothing step is added to generate the filled road mask. An example of the 
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processing steps is shown in Figure 3.11. Since the ground detection is based on the distance 

computation of the point-cloud planes, it is difficult to separate the road surface against the 

sidewalk or nearby grass. 

 

Figure 3.11. Lidar point cloud processing for ground detection, with processing steps and result 

example. 

 

From the aforementioned approaches, five types of road mask are generated. Two masks from 

OSM (super-pixel refinement and multiple candidates), two from image processing (GrabCut 

algorithm and lane-mark approach), and one from Lidar point cloud processing. A combined 

road mask can be obtained by a weighted sum of all these masks. Figure 3.12 displays an 

example for the combined mask overlaid on the image, in which the weighting factor is chosen 

as 0.2 to consider all five masks evenly. The weighting factors can be adjusted by how much 

confidence each approach is gained, or consider the weight selection as an optimization problem 

to calculate. If more masks were obtained by other approaches, they can also be added into the 

combined mask. 
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Figure 3.12. The combined road mask is obtained by a weighted sum up of the 5 aforementioned 

masks. The weighting factor in this example is selected 0.2, to consider the 5 masks evenly. 

 

Table 3.4 summarizes the road detection results using the masks generated from OSM, images, 

and Lidar. The experiments are examined using the three road types in KITTI – urban marked 

lane (UM), urban marked multi-lane (UMM), and urban unmarked lane (UU). The quantity 

evaluation is conducted on each pixel, and results are measured using precision, recall and F1-

score. Since the OSM multiple candidates approach and the combined output are represented as 

confidence masks, a threshold should be selected to balance the precision-recall trade-off. The 

listed results are obtained by selecting the circled location on the trade-off curves in Figure 3.13. 

Comparing the second and third row against the first row in Table 3.4, it can be observed that the 

OSM super-pixel refinement approach increases the precision from the OSM direct rendering 

mask, and the OSM multiple candidates approach increases the recall. As we discussed earlier, 
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the super-pixel refinement approach removes the boundary area while the multiple candidates 

approach brings in some new coverage. Although the Lidar point cloud processing results in high 

recall values, its precision values are the lowest because of the bicycle lane, sidewalk, and grass 

areas included. The image processing GrabCut algorithm achieves the highest F1-score among 

all individual masks. The best result is obtained from the combined mask, in which a uniform 

weighting factor (i.e., 0.2) is applied on all five masks. Since the GrabCut algorithm provides the 

best individual result, it is believed that a higher combined mask result is possible if a higher 

weight is selected on the GrabCut mask and lower weights on others.  

Table 3.4. Road Detection Results using OSM, Images and Lidar Masks 

 

 
urban marked lane  

(UM) 

urban marked multi-lanes 

(UMM) 

urban unmarked lane 

(UU) 

 Precision Recall F1 Precision Recall F1 Precision Recall F1 

OSM 

direct 
0.5123 0.8738 0.6177 0.7404 0.8023 0.7575 0.6689 0.6282 0.6319 

OSM 

refinement 
0.5684 0.8662 0.6555 0.7974 0.7713 0.7675 0.7054 0.6068 0.6368 

OSM 

candidate 
0.5516 0.8833 0.6441 0.7795 0.8258 0.7925 0.7815 0.6598 0.6952 

Image 

GrabCut 
0.6170 0.9300 0.7135 0.8724 0.8346 0.8369 0.7644 0.8600 0.7889 

Image 

LaneMark 
0.6032 0.8476 0.6722 0.8475 0.6167 0.7006 0.6602 0.8096 0.7114 

Lidar 

PointCloud 
0.3334 0.9885 0.4840 0.5959 0.9705 0.7340 0.4670 0.9113 0.5957 

Combined 0.6396 0.9253 0.7293 0.8962 0.8207 0.8504 0.8193 0.8169 0.8089 
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Figure 3.13. Precision-recall trade-off curves for the confidence masks generated by the OSM 

multiple candidates approach and the combined approach. The circled locations indicate the 

selected thresholds, corresponding to the results shown in Table 3.4. 

 

3.3.3 OSM for Deep Learning 

Recently, deep learning approaches have been proven successful in the computer vision area and 

for the autonomous driving applications. Deep learning does not require hand-crafted features, 

which is able to carry more information than traditional image processing approaches. The road 

prior knowledge obtained from OSM is an additional source isolated from the image itself, and 

therefore it is of interest to see how OSM can contribute to the road detection task using a deep 

learning approach. 

Road detection is a semantic segmentation task, which can be addressed using a Fully 

Convolutional Neural Network (FCNN) [62,63]. Figure 3.14 illustrates the FCNN architecture, 

which is composed of a VGG-16 convolutional network in the lower layers for down-sampling 

and classification, and an up-sampling layer on the top to recover the image to its original size. 

Overall, it is an end-to-end structure, jointly learning to capture the semantics at its locations in 

the image. 
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Figure 3.14. FCNN architecture for image semantic segmentation. 

 

To integrate the OSM prior information into the FCNN architecture, one typical approach is to 

use the rendered virtual road mask as an isolated image, or as an additional channel combining 

with an RGB color image. As the example shown in Figure 3.15, this section compares five 

different types of input images:  

• Camera image only – color image given by KITTI. 

• OSM mask only – using the confidence mask obtained by OSM multiple candidates 

approach. 

• Image + OSM – adding the OSM mask as an addition channel to the color image. 

• Combined mask only – using the overlaid mask obtained by combining OSM, image 

processing, and Lidar processing approaches. 

• Image + Combined – adding the combined mask as an additional channel to the color 

image. 
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Figure 3.15. Five types of input images for deep learning, shown as examples. 

 

It is worthwhile to note that the ground truth given for the supervised learning. KITTI provides 

289 annotated images, it is not a big size but the images are categorized into three scenarios. As 

shown in Figure 3.16, the UM ground truth is given only to cover the current ego lane, whereas 

the UMM and UU ground truth cover all the road surface. This will provide different levels of 

supervision for the model to learn. However, due to the limited data size, we decide not to 

distinguish the categories in the training phase, but compare the difference on the test results. 

 

Figure 3.16. Comparison for different lane type scenarios. The lane type categories are grouped 

in three columns, which are UM, UMM, and UU from left to right. The first row shows the color 

image, the second row shows the ground truth road mask given on each image, and the third row 

show the overlaid effect with mask on image. 
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Table 3.5 shows the road detection results using the deep learning approach, comparing variant 

inputs for the same FCNN model structure. The highest values in each column are highlighted, 

which are always greater than the image processing results shown in Table 3.4. The most 

obvious finding is, the UM result is always lower than UM and UU, and it has higher recalls but 

lower precisions. This is because the UM ground truth only covers the current ego lane, which is 

smaller than the predicted road surface. Depending on the task interest, we should decide how to 

supervise the model training. However, the rendered OSM road masks cover all the road surface 

for the three categories. Even if the OSM node tags provide complete road attributes to decide 

the number of lanes, but without sufficient GPS accuracy, it is still challenging to locate the 

vehicle at the lane-level. This could be the limit for the current available OSM data.  

Table 3.5. Road Detection Results using Deep Learning 

 

 
urban marked lane  

(UM) 

urban marked multi-lanes 

(UMM) 

urban unmarked lane  

(UU) 

 Precision Recall F1 Precision Recall F1 Precision Recall F1 

Image 

only 
0.8101 0.9383 0.8492 0.9267 0.8717 0.8858 0.8490 0.9282 0.8768 

OSM 

only 
0.7984 0.9391 0.8418 0.9040 0.8571 0.8672 0.8538 0.9281 0.8800 

Image 

+ OSM 
0.8044 0.9478 0.8475 0.9291 0.8605 0.8787 0.8361 0.9265 0.8680 

Mask 

only 
0.7665 0.9492 0.8251 0.9321 0.8454 0.8712 0.8620 0.9362 0.8896 

Image 

+ mask 
0.8281 0.9387 0.8648 0.9383 0.8510 0.8750 0.8664 0.9405 0.8922 

 

In Table 3.5, no matter what kind of inputs is given, image, mask, or any combination, the 

performance difference is not too obvious. This may possibly be explained in Figure 3.17, which 

compares the training loss history for five input types. If sufficient training iteration is given, any 
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of the five input types will finally converge. This is the advantage of deep learning. The only 

difference is their convergence speed. The “mask_only” input converges the fastest, because it is 

already composed of high-level features extracted from the image processing. For the 

“OSM_only” input, it does not contain as much information as the color image, so it takes more 

time for the model to learn, but can still converge in the end. This motivates several other 

possible availabilities to use the OSM data in deep learning for special cases. 

 

Figure 3.17. Training loss decreasing history during the training iterations. Variant input types 

are compared in different colors. 

 

• Special Case (a): Use OSM virtual street views for test – There may be several pre-

trained models published for the road segmentation. Their models were trained using the 

camera street images and human annotation for the ground truth. This is expected to test 

their models in our experiments, but maybe the street view images are not always 

available in our testing area. Can we use the virtual street views rendered from OSM for 

the testing? 

• Special Case (b): Use OSM road mask for automatic annotation – Sometimes, a large 

dataset is available for us to train our own model and test, however ground truth 
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annotation maybe limited and requires massive human labors. Is it possible to trust the 

OSM and use its rendered road mask to provide the automatic annotation? 

Table 3.6 lists the experimental results for these two special cases. It can be observed that UMM 

performs better than the others. Again, it is because the OSM rendered road mask covers all the 

road surface and not a single lane, which makes this poor performance for UM. UU roads are 

usually in rural places with low traffic flows, which makes user contributions for OSM database 

limited in such areas. OSM cannot accurately estimate the unmarked lane width, and therefore 

performs bad for UU. These special cases serve to probe the performance the limit for OSM, but 

better results could be expected if a more accurate high digit map data were available. 

Table 3.6. Special Case Results using OSM in Deep Learning 

 
(a) 

Training: camera 

Annotation: human 

Testing: OSM 

 (b) 

Training: camera 

Annotation: OSM 

Testing: camera 

  Precision Recall F1   Precision Recall F1 

UM 0.4681 0.9647 0.6067 UM 0.5536 0.8685 0.6477 

UMM 0.8025 0.8373 0.8093 UMM 0.7932 0.7962 0.7803 

UU 0.6191 0.8846 0.7157 UU 0.7197 0.7080 0.6880 

 

3.4 Summary 

This chapter demonstrated the availability of using OpenStreetMap data for environment 

understanding. First, driving scenario attributes were shown to be parsed from OSM elements, 

and supplemented with vehicle dynamic signals for event detection. Second, OSM data was also 

used to render virtual street views, which provided road prior knowledge for drivable space 
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characterization. We obtained five types of road masks – (1) OSM super-pixel refinement 

approach, (2) multiple candidates approach, (3) color-based image GrabCut algorithm, (4) edge-

based lane-mark approach, and (5) Lidar point cloud processing, and the weighted combination 

of these provided the best result. Using the deep learning approach, a Fully Convolutional Neural 

Network, which input OSM mask as an additional source, was utilized for a better road 

segmentation than the hand-crafted masks. The OSM rendered virtual street views were also 

expected to have the capability to provide test images and automatic annotation. 
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CHAPTER 4 

MIGRATING IN-VEHICLE DATA ACQUISITION TO SMART MOBILE DEVICES2,3 

4.1 Introduction 

In the literature, smartphone-based sensing in vehicles have been widely discussed, and can be 

categorized as the following four types of applications [64]: 

• Traffic information, such as the location and movements of other vehicles or pedestrians. 

• Vehicle information, such as vehicle diagnostics. 

• Environmental information, such as road conditions and weather conditions. 

• Driver behavior information, such as insurance telematics. 

The most meaningful reason for introducing the smartphone is its potential ability to be 

integrated with intelligent telematics services. It would be beneficial to connect this platform 

with ITS or V2V/V2I, share the information, and realize a wider Internet-of-Vehicles. However, 

challenges of smartphone platform use in the vehicle come from the deployment difficulty, 

measurement accuracy, as well as system reliability. 

For the studies on driver behavior aspect, You et al. [65] proposed a smartphone App – CarSafe 

to alert drowsy and distraction with the utilization of dual cameras. Similarly, Bergasa et al. [26] 

                                                 

2 Zheng, Y., Shokouhi, N., Sathyanarayana, A. and Hansen, J., 2017. Free-Positioned Smartphone Sensing for 
Vehicle Dynamics Estimation (No. 2017-01-0072). SAE Technical Paper. © 2017 SAE International 

3 Zheng, Y. and Hansen, J.H., 2016, November. Unsupervised driving performance assessment using free-positioned 
smartphones in vehicles. In Intelligent Transportation Systems (ITSC), 2016 IEEE 19th International Conference 
on (pp. 1598-1603). IEEE. © 2016 IEEE 
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published another App – DriveSafe for alerting inattention and scoring driving behavior, based 

on computer version as well.  

With the embedded sensors - typically IMU and GPS, the smartphone could be leveraged as a 

low-cost sensing platform for estimating vehicle dynamics. Johnson and Trivedi [44] developed 

a system which can detect and classify aggressive versus non-aggressive driving maneuvers, by 

only using the smartphone IMU and GPS data. Eren et al. [66] used a similar approach based on 

the same algorithms, but expanded their system by adding a driving style classification feature. 

For the environment sensing, Eriksson et al. [67] developed one of the first road condition 

monitoring systems that detect and map road anomalies (e.g., potholes), using an accelerometer 

and GPS. However, all of these studies assume the device should be placed at a fixed position, 

which becomes a common limitation of their systems. 

Taking the consideration of in-vehicle smartphone position variety, Dai et al. [68] suggested an 

IMU-based calibration procedure to obtain pitch angle and roll angle of the smartphone relative 

to the vehicle in order to detect drunk driving. However, they assume that the smartphone is 

aligned with the longitudinal axis of the vehicle, so the main restriction of this system is that the 

yaw angle must be null. To compensate, Almazan et al. [69] attempted a full auto-calibration 

method to estimate the yaw angle of a smartphone relative to a vehicle. Castignani et al. [70] 

proposed a fuzzy system for driver behavior monitoring, which enables the distinction between 

calm and aggressive driving to be made. In his study, the magnitude of acceleration vector is 

computed to mitigate the problem of decomposing vehicle’s longitudinal and lateral movements. 

Mohan et al. [71] developed a system named Nericell, which implemented a virtual reorientation 

procedure for the disoriented accelerometer, and suggested using cross-correlation for validation. 
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Wahlstrom et al. [72] presented an IMU-based mothed for positioning a smartphone with respect 

to a vehicle, which was formulated as a nonlinear filtering problem, and analyzed the Cramer-

Rao lower bound to discover the inherent limitation. These studies present an easy-to-

complicated discussion of the smartphone-to-vehicle dynamics conversion. However, the 

underlying common assumption is that the smartphone should always be stationary in the 

vehicle. When the smartphone has its own movements, new achievements should be 

accomplished to understand the conversion effectiveness. 

In this chapter, our smartphone application – Mobile-UTDrive – is designed for the in-vehicle 

information capturing, and the data processing strategy for vehicular dynamic sensing is 

discussed. As an application example of using the smartphone data, the method of unsupervised 

driving performance assessment is proposed. 

4.2 Mobile Application Design 

The UTDrive mobile app (Mobile-UTDrive) has been developed with the goal of improving 

driver/passenger safety while simultaneously maintaining the ability to establish monitoring 

techniques that can be used on mobile devices in various vehicles [73]. Mobile-UTDrive has 

been primarily used and developed as a multimodal data acquisition platform that collects driver, 

vehicle, and environmental information describing the comprehensive driving scenario [74]. As 

summarized in Table 4.1, the modalities captured by Mobile-UTDrive are audio, video, GPS, 

and IMU sensor signals. The app runs on any Android-based smart portable device and uses the 

front and rear cameras to record naturalistic driving video as well as in-vehicle audio. The IMU 

and GPS within the device provide accurate estimates of vehicle dynamics. Mobile-UTDrive has 

been further developed to take advantage of capabilities such as speech recognition and on-
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screen map navigation, on-device data visualization and more setting options are also added. 

Figure 4.1 displays a screenshot of the Mobile-UTDrive app running on a tablet. 

Table 4.1. Signals Collected by Mobile-UTDrive using Smartphone Sensors 

 

Information Signal Sensor 

Media 
Video Camera  

(Front & Back) Audio 

Kinetic 
3-way Acceleration Accelerometer 

3-way Rotation Gyroscope 

Location 

Coordinates 

GPS Bearing 

Speed 

Environment 
Temperature Thermometer 

Brightness Light 

Connection CAN-Bus Bluetooth 

 

   

Figure 4.1. The Mobile-UTDrive app display showing the original version(left) and updated 

version (right) 

 

The Mobile-UTDrive app is programed within the environment of Java Eclipse IDE, with the 

portable device application support of Android Development Tools (ADT) and map support from 

Google Location Service – Google Maps Android API. The software architecture contains three 

major modules.  
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• Data recording module. It is designed to collect multi-channel signals synchronously, it 

also shows the camera preview and current location on a map. All collected data is stored 

in portable device, and can be read for display. 

• Data display module. It opens a file explorer for users to select collected data, and then 

use media player, signal plotting, or route drawing for appropriate data files.  

• Setting module. It provides functionality options for user, to set recording length, 

Bluetooth connectivity, GPS enable, and so on. 

Figure 4.2 illustrates the flow diagram of data recording module. This module starts as soon as 

the app being launched. According to the pipeline of Android activity lifecycle, two threads are 

started once the main activity is created – recording thread and timer thread. Since the main 

activity is primarily used for Graphic User Interface (GUI), data acquiring and storing tasks are 

executed in recording thread. Timer thread is used for handling the recording time length (i.e., 

every 5 minutes or unlimited length). In the “onCreate” method, the activity sends request for 

Google Map displayed on device. The method of “onResume” initiates the camera hardware and 

“onPause” releases it, this is intent to use the camera resource in an effective way. When the 

main activity is running, it previews the camera and map, and is ready to respond “Start” or 

“Stop” functional events generated by the “onClick” method. The communication channel 

between the three threads is through message queue mechanism. The main thread sends “Start” 

or “Stop” messages into message queue, and the recording thread is always running to handle 

messages obtained from the queue. If the message is “Start”, it registers sensors and location 

hardware, and open their listeners to get data. Whereas if a “Stop” message obtained, it 

unregisters sensors and save all recorded data into files. The timer thread also sends messages 
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into the same queue. Once timer count reaches the set length, it sends a “Stop” message and then 

followed with a “Start”. 

 
Figure 4.2. Software flow diagram for the data recording module in the Mobile-UTDrive app 

 

4.3 Smartphone IMU Data Processing 

Figure 4.3 depicts three typical smartphone positioning scenarios in a vehicle [75]. In the first 

case, the smartphone device is mounted at a fixed position, which is the common scenario in 

research activities and experiments. The fixed device position and orientation are primarily 

designed to maintain the experiment in a controlled condition, but a low-level calibration is 

needed to compensate for the mounting variance. In the Case #2, the device is stationary sitting 

in the vehicle, but its orientation is unknown. This case can be applied for the on-board sensing 
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at more causal driving scenarios. The condition is not as much strict as Case # 1, but still requires 

the device to be fixed. With a procedure of coordinate transformation and axis re-alignment, the 

phone-referenced sensors reading should therefore be converted to the car-referenced dynamic 

outputs. The last case is an absolute free-positioning scenario, where the device can be played in 

hand, held in pocket, or placed anywhere in the vehicle. The existing relative movement between 

the device and vehicle yields the major challenge, which should be decoupled from the vehicle 

movements referring to the universe. 

 

Figure 4.3. Typical scenarios when a smartphone is placed in a vehicle 

 

This section proposes a processing framework that can effectively convert a fixed-positioned 

smartphone IMU readings to the vehicle-referenced lateral, longitudinal, and vertical 

accelerations. Meanwhile, this framework also has effective capability in the processing of 

flexible-positioned smartphone data. 
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4.3.1 Algorithm Design 

 

Figure 4.4. Data processing algorithm to convert a free-positioned smartphone IMU readings to 

the associated vehicle-referenced accelerations. 

 

Figure 4.4 illustrates the overall processing framework of the proposed algorithm. The objective 

of this study is to convert a free-positioned in-vehicle smartphone IMU reading into the 

associated vehicle accelerations. This conversion can be accomplished with a mixture of two 

parts – statistical model prediction and new measurement adjustment. Given the raw smartphone 

IMU readings, a coordinate transformation step is pre-required to rotate/re-orientate the 

smartphone-referenced accelerations into a vehicle-referenced coordinate system. To establish 

the statistical model, we assume having one smartphone device whose coordinate is well-aligned 

with the vehicle-referenced frame. Using the well-aligned device IMU and GPS data to train a 

regression model, and the statistical acceleration is predicted by testing the model against the 

free-positioned device GPS data. With the model predicted accelerations, the measured free-

positioned device IMU accelerations are updated in an adaptive filter. The filter will output the 

final converted vehicle-referenced 3-axis accelerations. As highlighted in Figure 4.4, this 

framework includes three major modules – (i) coordinate transformation, which is a geometry 

rotation technique; (ii) regression model, which is proposed as a Multi-Layer Perceptron (MLP) 
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Neural Network; and (iii) adaptive filtering, which is suggested to use a Kalman Filter for further 

refinement. 

 

Figure 4.5. Car-referenced coordinate system (a,c) versus Phone-referenced coordinate system 

(b,d), where Xc, Yc, Zc denote the vehicle lateral, longitudinal, and vertical movement, and Xp, 

Yp, Zp denote the phone movements. 

 

1) Coordinate Transformation 

As depicted in Figure 4.5 [76], the input signal retrieved from smartphone IMU contains the 

phone-referenced 3-axis accelerations, given as 

𝐴𝐶𝐶𝑃 = [𝑋𝑃 𝑌𝑃 𝑍𝑃]𝑇 (4. 1) 

as well as the gyroscope ration angles along the 3-axis  

𝐺𝑌𝑅𝑂𝑃 = [𝛼 𝛽 𝛾]𝑇 (4. 2) 

The goal is to compute the car-referenced accelerations, denoted as 

𝐴𝐶𝐶𝐶 = [𝑋𝐶 𝑌𝐶 𝑍𝐶]𝑇 (4. 3) 

Coordinate transformation is considered as a combination of 3-step rotations, resulting with three 

transformation matrices. 

(a) (b)

(c) (d)
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• Rotate about Z-axis. 

[
𝑥′

𝑦′

𝑧′

] = [
cos 𝛼 sin 𝛼 0

− sin 𝛼 cos 𝛼 0
0 0 1

] [
𝑋𝑃

𝑌𝑃

𝑍𝑃

] = [𝑇1] [
𝑋𝑃

𝑌𝑃

𝑍𝑃

] (4. 4) 

• Rotate about Y-axis. 

[
𝑥′′

𝑦′′

𝑧′′

] = [
cos 𝛽 0 −sin 𝛽

0 1 0
sin 𝛽 0 cos 𝛽

] [
𝑥′

𝑦′

𝑧′

] = [𝑇2] [
𝑥′

𝑦′

𝑧′

] (4. 5) 

• Rotate about X-axis.  

[

𝑋𝐶

𝑌𝐶

𝑍𝐶

] = [
1 0 0
0 cos 𝛾 sin 𝛾
0 −sin 𝛾 cos 𝛾

] [
𝑥′′

𝑦′′

𝑧′′

] = [𝑇3] [
𝑥′′

𝑦′′

𝑧′′

] (4. 6) 

Finally, the complete coordinate transformation is computed by 

𝐴𝐶𝐶𝐶 = [𝑇3][𝑇2][𝑇1]𝐴𝐶𝐶𝑃 (4. 7) 

Since the smartphone pose is unknown, it is still not possible to determine which axis is 

corresponded with vehicle’s longitudinal, lateral, or vertical movement. Therefore, an additional 

axis alignment step is needed. In general, the vehicle vertical acceleration should be close to the 

gravity (i.e., g ≈ 9.8m/s). Comparing the normalized values of ACCC and GPS speed and bearing 

derivatives, to find the axis indices becomes a problem of minimizing the cost function of mean 

square errors (MSE), given as 

𝑎𝑥𝑖𝑠𝑙𝑜𝑛𝑔𝑖 = 𝑎𝑟𝑔 min
𝑘

1

𝑁
∑[𝐴𝐶𝐶𝐶{𝑘}(𝑖) −

𝜕

𝜕𝑥
𝐺𝑃𝑆𝑠𝑝𝑒𝑒𝑑(𝑖)]2

𝑁−1

𝑖

(4. 8) 

𝑎𝑥𝑖𝑠𝑙𝑎𝑡𝑖 = 𝑎𝑟𝑔min
𝑘

1

𝑁
∑[𝐴𝐶𝐶𝐶{𝑘}(𝑖) −

𝜕

𝜕𝑥
𝐺𝑃𝑆𝑏𝑒𝑎𝑟𝑖𝑛𝑔(𝑖)]2

𝑁−1

𝑖

(4. 9) 
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𝑎𝑥𝑖𝑠𝑣𝑒𝑟𝑡𝑖 = 𝑎𝑟𝑔 min
𝑘

1

𝑁
∑[𝐴𝐶𝐶𝐶{𝑘}(𝑖) − 𝑔]2
𝑁−1

𝑖

(4. 10) 

where N, i=0,1, …, N-1 denotes the data length of a given sequence, and k=0,1,2 denotes the 

element index of ACCC. 

So far, the smartphone IMU readings are transformed from the phone-referenced coordinates to 

the car-referenced coordinates, and the 3-axis accelerations are aligned with the GPS lateral, 

longitudinal, and vertical directions. 

2) Regression Model 

This study employs Multi-Layer Perceptron (MLP) [77] for the regression model. MLP is a 

feedforward Artificial Neural Network (ANN) model that maps sets of input data onto a set of 

appropriate outputs. Particularly, smartphone GPS signals are chosen as the input and IMU 

accelerations are the output. 

The reason for inputting GPS and outputting accelerations is understandable. First, recall the 

motivation of introducing a regression model is to establish a relationship between a well-aligned 

device and a free-positioned device. Smartphones’ IMU data is associated with the device 

position/orientation, but their GPS data is associated with their universal movements. Assuming 

the two devices are running simultaneously in one vehicle, the only equivalent intermediate are 

their GPS signals (although measurement errors between the two devices exist). If a model could 

map the GPS onto IMU for one device, the second device would have the capability to predict 

the first device’s IMU from its own GPS (since the two GPSs are near equal). Second, even if the 

two devices – one well-aligned and one free-positioned – are not running in the same time, the 

speed and bearing angle within GPS are also corresponded with the IMU accelerations collected 
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by the same device. Besides, the relationship between GPS and IMU on one device reflects the 

associated relationship between driving environment and vehicle dynamics. In naturalistic 

driving scenarios, turning events usually occur at intersections or roundabouts, stop-and-go 

events usually occur at stop signs, and up-hill/down-hill events usually occur where the roads 

have slopes. Therefore, a vehicle’s lateral, longitudinal, or vertical acceleration are usually 

changed at particular locations. This contributes to the future stage applications of driving events 

detection. Instead of building one single model that allows multi-inputs and multi-outputs, we 

employed three MLP models for the three-axis accelerations separately. The GPS inputs for the 

three models are not uniform, so as to select the most representative features and tune others that 

may distort the regression.  

3) Adaptive Filter 

For a free-positioned smartphone, the aforementioned coordinate transformation module 

converts its IMU measurements and generates the transformed vehicle-referenced accelerations 

(i.e., ACCtrans); alternatively, the regression model tests its GPS information and predicts the 

statistically modeled accelerations (i.e., ACCmodel). If the two modules are ideally effective and 

accurate, ACCtrans and ACCmodel should be identical. However, it is difficult to achieve. To 

compensate the difference between ACCtrans and ACCmodel, an adaptive filtering module is 

employed. 

This study employs the Unscented Kalman Filter (UKF) [78]. UKF is a non-linear estimation 

algorithm that uses a series of measurements observed over time to predict the next measurement 

from the current state variables, and is powerful for combining information in the presence 
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uncertainty. Theoretically, UKF is performed in a recursive process between statistical prediction 

and new measurement correction. The prediction step is described as 

𝑥𝑘+1 = 𝐴𝑥𝑘 + 𝐵𝑢𝑘 (4. 11) 

𝑃𝑘+1 = 𝐴𝑃𝑘𝐴
𝑇 + 𝑄 (4. 12) 

where xk and Pk denote the state mean and variance, A denotes the state transition matrix, uk 

denotes the control input, B denotes the disturbance control matrix, and Q denotes the noise 

covariance matrix. x and P need to be initialized once to start the recursion. Next, the correction 

step is described as 

𝐾𝑘 = 𝑃𝑘𝐻
𝑇(𝐻𝑃𝐾𝐻 + 𝑅)−1 (4. 13) 

𝑥𝑘 = 𝑥𝑘 + 𝐾𝑘(𝑧𝑘 − 𝐻𝑥𝑘) (4. 14) 

𝑃𝑘 = (𝐼 − 𝐾𝑘𝐻)𝑃𝑘 (4. 15) 

where Kk denotes the Kalman gain, H denotes the sensor observation matrix, R denotes the 

sensor noise covariance matrix, zk denotes the sensor measurements, and I denotes the identity 

matrix. 

In this particular study, the states are defined as the position, velocity, and acceleration in the 3D 

space. The measurements are obtained from the GPS and IMU sensor, represented as 

𝑧𝑘 =

[
 
 
 
 
 
 
 
 
𝑝𝑜𝑠𝑥

𝑝𝑜𝑠𝑦

𝑝𝑜𝑠𝑧

𝑣𝑒𝑙𝑥
𝑣𝑒𝑙𝑦
𝑣𝑒𝑙𝑧
𝑎𝑐𝑐𝑥

𝑎𝑐𝑐𝑦

𝑎𝑐𝑐𝑧 ]
 
 
 
 
 
 
 
 

=

[
 
 
 
 
 
 
 
 
 
𝑟 ∗ 𝑐𝑜𝑠(𝐺𝑃𝑆𝑙𝑎𝑡) ∗ 𝑐𝑜𝑠(𝐺𝑃𝑆𝑙𝑛𝑔)

𝑟 ∗ 𝑐𝑜𝑠(𝐺𝑃𝑆𝑙𝑎𝑡) ∗ 𝑠𝑖𝑛(𝐺𝑃𝑆𝑙𝑛𝑔)

𝑟 ∗ 𝑠𝑖𝑛(𝐺𝑃𝑆𝑙𝑎𝑡)

𝐺𝑃𝑆𝑠𝑝𝑒𝑒𝑑 ∗ 𝑠𝑖𝑛(𝐺𝑃𝑆𝑏𝑒𝑎𝑟𝑖𝑛𝑔)

𝐺𝑃𝑆𝑠𝑝𝑒𝑒𝑑 ∗ 𝑐𝑜𝑠(𝐺𝑃𝑆𝑏𝑒𝑎𝑟𝑖𝑛𝑔)

𝑑(𝐺𝑃𝑆𝑎𝑙𝑡) 𝑑𝑡⁄
𝐼𝑀𝑈𝑎𝑐𝑐_𝑥

𝐼𝑀𝑈𝑎𝑐𝑐_𝑦

𝐼𝑀𝑈𝑎𝑐𝑐_𝑧 ]
 
 
 
 
 
 
 
 
 

(4. 16) 
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where the GPS latitudes (GPSlat), longitudes (GPSlng), altitudes (GPSalt) are converted into x, y, z 

position representatives, referring to the earth radius r. Velocity values are computed from GPS 

speed and bearing, and acceleration values are captured from IMU. Therefore, the states xk and 

sensor measurements zk are identical, so the sensor observation matrix will be a 9x9 identical 

matrix. 

 

Figure 4.6. Modified Kalman Filter processing diagram. The “Estimation” step is the novelty, 

and “Prediction” and “Correction” are classical Kalman Filter steps. 

 

The novelty of this study is to explore the state transition A and the noise covariance Q. Since the 

vehicle dynamics change over time, and the random noise is not guaranteed to follow any 

predictable model, the state transition and noise covariance cannot be described as prior-

controllable equations (e.g., constant acceleration model, etc.). However, the regression model 

outputs ACCmodel as well as GPS signals could be employed to estimate the state transitions. As 

shown in Figure 4.6, a novel “Estimation” step is added before “Prediction”.  Assuming the 

control input uk equals zero, deriving from Equation (4.11) and (4.12), state transition A and the 

noise covariance Q are represented as sequences, calculated by  

𝐴𝑘+1 = �̂�𝑘+1 ∙ �̂�𝑘
−1 (4. 17) 

Estimation

Prediction

Correction

ACCmodel

ACCtrans
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𝑄𝑘+1 = �̂�𝑘+1 − 𝐴�̂�𝑘𝐴
𝑇 (4. 18) 

where the estimated state mean �̂�𝑘, �̂�𝑘+1 and covariance �̂�𝑘, �̂�𝑘+1 are obtained from GPS and 

ACCmodel. In the correction step, new measurements are obtained from GPS and ACCtrans. The 

UKF output states are selected as the acceleration values in Equation (4.16). Besides the Kalman 

Filter, an Normalized Least Mean Square (NLMS) Filter is also considered for comparison. 

4.3.2 Experiment Examination 

An experiment is designed to verify the effectiveness of the proposed algorithm. It is composed 

of five typical positioning scenarios along with five pairs of experiments. Two smartphone 

devices simultaneously running the Mobile-UTDrive app are placed in a vehicle to capture IMU 

and GPS signals. Device #1 is placed at a fixed position (P1), while Device #2 is placed in 

variant situations (P1~P5). It is assumed that the Device #1 is fixed and well-aligned, and 

therefore it provides good estimates of vehicle dynamics. Device #2 is the free-positioned 

smartphone, which requires to be processed and examined against Device #1. 

Referring to Table 4.2 and Figure 4.3, the five positions are explained below.  

Table 4.2. Experiment scenarios of comparing 2 devices at five positions 

 

 

Device 

#1

Device 

#2

Exp #1 Exp #2 Exp #3 Exp #4 Exp #5

(P1) (P1) (P1) (P1) (P1)

(P1) (P2) (P3) (P4) (P5)

Fixed Position Flexible PositionBaseline
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• Position 1 (P1) – The device is upright/vertically fixed. +Zp is along with +Yc, +Xp is 

along with +Xc, and +Yp is along with +Zc. 

• Position 2 (P2) – The device is flatly/horizontally fixed. +Yp is along with +Yc, +Xp is 

along with +Xc, and +Zp is along with +Zc. 

• Position 3 (P3) – The device is still fixed but with a slope. No axis is along with the 

vehicle frame. 

• Position 4 (P4) – The device is flexibly placed, and no axis is aligned. Low level in-

vehicle movements (e.g., vibrating, drifting) exist. 

• Position 5 (P5) – The device is freely held in hand. High level in-vehicle movements 

(i.e., any movements) exist. 

For the five pairs of experiments,  

• Exp. #1 – Two devices are both placed as P1. This experiment simulates the situation 

when the device is intentionally placed for on-board sensing, but mounting variances may 

exist. It corresponds to Case #1 in Figure 4.3. The two devices similarity / mismatch in 

Exp. #1 provides the baseline for the remaining pairs to compare. 

• Exp. #2 & Exp. #3 – Device #1 is placed as P1, and Device #2 is placed in fixed positions 

(P2, P3). The smartphone sensing can also estimate the vehicle dynamics, but the two 

frames are not aligned. It corresponds to Case #2 in Figure 4.3.  

• Exp. #4 & Exp. #5 – Device #1 is placed as P1, and Device #2 is placed in flexible 

positions (P4, P5). The smartphone sensing signals are composed of a mixture of 

vehicle’s movement and the device’s relative movement in the vehicle. It corresponds to 

Case #3 in Figure 4.3.  
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Data is collected in three types of environments for each individual experiment, on the same 

routes. 

• Parking structure – consists high frequency of up-hill, down-hill, right-turn, and stop-

and-go events. Roughly 10 minutes, average speed 10 mph. 

• Residential apartment – consists high frequency of left-turn, right-turn, and bump-pass 

events. Roughly 10 minutes, average speed 20 mph. 

• Local roads – consists of high frequency of left-turn, right-turn, left-lane-change, right-

lane-change, and roundabout events. Roughly 20 minutes, average speed 40 mph. 

 

Figure 4.7. Comparison of accelerations along 3 axes, between (a) raw Device #1 vs. raw Device 

#2; (b) coordinate transformed Device #1 vs. coordinate transformed Device #2 (ACCtrans); (c) 

coordinate transformed Device #1 vs. MLP predicted IMU from Device #2 GPS (ACCmodel); (d) 

coordinate transformed Device #1 vs. Kalman filter output with ACCtrans and ACCmodel. 

 

Figure 4.7 compares a group of accelerations from Device #1 and Device #2 along the three 

axes, and the displayed subset data is extract from Exp. #3 (i.e., Device #2 is placed with a slope) 

in the parking structure environment. Given the two devices raw accelerations in Figure 4.7-a, 

the coordinate transformation step (Figure 4.7-b) re-aligns the three axes. The two devices 
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accelerations appear to be correlated at a low level. Figure 4.7-c displays the MLP predicted 

accelerations from GPS, and compares them against the expected Device #1 accelerations. 

Although mismatch exists, this prediction could be a reference for the next step of filtering. As 

can be seen in Figure 4.7-d, the difference between filtered Device #2 acceleration and 

transformed Device #1 acceleration are reduced. 

To quantify the processing effectiveness and measure the similarity of Device #1 and Device #2, 

the normalized cross-correlation between the two devices is calculated. The normalized cross-

correlation between two time-series x[i] and y[i] is defined as 

𝑥𝑐𝑜𝑟 =
|∑ {(𝑥[𝑖] − �̅�) ∗ (𝑦[𝑖] − �̅�)}𝑁

𝑖=0 |

√∑ (𝑥[𝑖] − �̅�)2𝑁
𝑖=0 ∗ √∑ (𝑦[𝑖] − �̅�)2𝑁

𝑖=0

(4. 19)
 

where �̅� and �̅� denotes the means of the two time-series. When x[i] and y[i] are perfectly 

correlated, xcor=1; when they are completely uncorrelated, xcor=0. 

Figure 4.8 depicts the cross-correlations of the three axes, for the five positions, and in the three 

environments. The following discussion will compare the cross-correlation of: 

1. Lateral vs. Longitudinal vs. Vertical accelerations 

2. Raw vs. Transformed vs. NLMS vs. UKF outputs 

3. Local Roads vs. Parking Structure vs. Residential Apartment 

4. Exp. #1 vs. Exp. #2 vs. Exp. #3 vs. Exp. #4 vs. Exp. #5 

First, the most obvious finding is the vertical accelerations outperforms lateral and longitudinal 

in all the tests. This is because the resting road is almost flat, and there are only minor variations 

between vertical acceleration and the gravity. Even in the parking structure, the vehicle is 

moving carefully in such an environment, so the changes in altitudes affect little to the vertical 
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accelerations. Second, besides the baseline Exp. #1, the cross-correlations have great increases 

from the “Raw” to the “Transformed” outputs. It can be inferred that the coordinate 

transformation step contributes the most work in the full conversion progress, while the 

remaining MLP+NLMS or MLP+UKF step makes the additional adjustments. The final 

conversions for all the experiments (Exp. #2~Exp. #5) are greater than 75% in the cross-

correlation, which is a large increase from the raw inputs, and are trending close to the baseline. 

Comparing the five positioning experiments in rows, Exp. #1 (Figure 4.8-(1~3)) provides the 

baseline. In Exp. #1, both Device #1 and #2 are well-aligned, so the raw acceleration collected 

by the two devices are already correlated. Additional processing especially MLP+NLMS will 

reduce the correlation. In Exp. #2 (Figure 4.8-(4~6)), UKF outperforms NLMS in the 

longitudinal direction. For the lateral accelerations, UKF performs better in (4) and NLMS better 

in (5), and NLMS and UKF almost equal in (6). In Exp. #3 (Figure 4.8-(7~9)), the raw 

longitudinal accelerations are already correlated and none of the following processing could 

improve, but UKF outperforms NLMS in the lateral direction. In Exp. #4 (Figure 4.8-(10~12)), 

Device #2 is placed as P4, which was originally the same as P2 but allow flexible/smooth 

movements. The results appear in a similar pattern as Exp. #2, which can be inferred that 

flexible/smooth movements do not affect the conversion, since the adaptive filtering process will 

compensate the variance. In Exp. #5 (Figure 4.8-(13~15)), Device #2 is absolutely free-

positioned and large-scale relative movements exist, which makes the lowest correlation in the 

results. However, UKF in this case still makes a great improvement in the correlations 

(outperforms NLMS), and the conversion of longitudinal acceleration is better than the lateral. 
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Figure 4.8. Trajectory of cross-correlation of 3 axes after each processing steps, in 5 experiments 

and 3 environments. The vertical, lateral, and longitudinal accelerations are in green, blue, and 

red colors, and they are processed from “Raw” to “Transformed”, and then “MLP+NLMS” or 

“MLP+UKF” filtered. The 5 experiments are listed in rows and the 3 environments are listed in 

columns. 
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As the final suggestion for implementation, A well-aligned device data should be utilized offline 

in advance to train an MLP regression model. For a free-positioned device online testing, if the 

coordinate transformation output is acceptable, no additional step is needed. Otherwise, the MLP 

prediction and UKF refinement procedures should be added. 

4.4 Unsupervised Driving Performance Assessment 

This section presents an application example using the smartphone data. For the driving 

performance assessment, one convenient approach is to identify the “context”, and then quantify 

if there is any deviation from the expected or “neutral” behavior. Theoretically, the good, safe, or 

convenient driving behavior should be reflected with the stable, steady, or low-variance of 

vehicular dynamical performance. This underlies the first assumption of driving behavior 

assessment. In addition, an experienced driver should act as “good driving” for most of the time, 

whereas “bad driving” may occur at a limited number of moments, which may be caused by 

visually or cognitively inattention, unfamiliar with the route, distracted by secondary tasks, and 

so on. This underlies the second assumption. 

Based on the assumptions, if an extracted feature set is sufficient to represent vehicle dynamic 

movements, which are corresponding with driving performance, there should be common 

characteristics for the “good driving” events, whereas “bad driving” events will turn out to be the 

outliers. Referring to the suggestions of [79], we select three time-domain features and four 

frequency-domain features for each axis, resulting with a 21-dimensional feature space. Selected 

features are listed in Table 4.3. Therefore, manual or subjective annotation is not a required 

condition, and the unsupervised clustering method is investigated [80]. 

 



 

85 

Table 4.3. Selected Acceleration Features for Dynamics Representation 

 

Time Domain 

Mean 

Variance 

Mean-crossing Ratio 

Frequency Domain 

Peak Frequency 

Spectral Energy 

Spectral Entropy 

Spectral Correlation 

 

    (a) One-Class SVM Cluster         (b) TAD Cluster 

 

Figure 4.9. Scatter plot of (a) OneClassSVM and (b) TAD cluster output, visualization on the 

first two PCA dimensions. Grade A samples are closest to the cluster centroid, and represent the 

best driving events. Grade D samples are the outermost anomalies representing the least rated 

events. 

 

To generate a stratified output, a cluster scheme is applied iteratively for three times, resulting in 

three layers of outliers and one inner centroid layer. Each driving event sample is labeled with a 

grade from “A” to “D”, corresponding with the layers from innermost to outermost. The gradient 

of driving performance therefore forms a range from “good” to “bad”, and is therefore consistent 

with the grades from “A” to “D”. Illustrated in Figure 4.9, this task employs two unsupervised 
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clustering models – One-Class Support Vector Machine (SVM) [81] and Topological Anomaly 

Detection (TAD) [82]. One-Class SVM captures the shape of dataset, and decisions are made by 

the kernel. If the same kernel parameters are utilized for the three iterations, it will generate a 

non-linear scaled layer separation. TAD computes the distance between nearest neighbors, and 

decisions are made by the graph resolution. If the resolution is iteratively reduced in a linear 

scale during, the layer separation will also be linear. 

 (a) One-Class SVM Output 

 

(a) TAD Output 

 

Figure 4.10. Percentage of driving event samples in each grade clustered by (a) One-Class SVM 

and (b) TAD. 

 

Grading results for driving assessment depend on the cluster algorithm. As shown in Figure 4.10, 

One-Class SVM maintains a large number of samples in grade “A” for all the five events, 

whereas TAD results a variant grade distribution – only a few “bad” in Forward but more “not 
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good” or “bad” in other events. However, for the grade “D” groups resulted from the two 

models, the intersection part can be concluded as “well-accepted” anomalies. These samples are 

therefore considered as the riskiest events with more confidence. Figure 4.11 highlights the risks 

occurrence on a test drive route. In area (a), several stop-signs exist and pedestrians pass by, so 

the driver needs to make frequent brake/gas hits. In area (b), the speed limit is low and traffic 

flow is reduced, so the vehicle can keep in a stable state and little or no risks. However, the speed 

limit and traffic flow increase a lot in area (c), which causes the occurrence of greater risks there. 

 

Figure 4.11. Highlight of risky moments (red) on a testing round (green). Area (a) contains 

several risks because of lots of stop signs and pedestrians; area (b) contains no risks because of 

low speed and little traffic; area (c) contains several risks because speed limit and traffic flow 

increase. 

 

4.5 Summary 

This chapter introduces the Mobile-UTDrive – our smartphone platform for vehicle dynamics 

sensing. The software development for this mobile application is briefly presented, and a data 

processing algorithm is proposed to allow the smartphone device being freely-positioned in the 

vehicle. This algorithm includes (1) a coordinate transformation step in geometry to convert the 

(a) Stop-signs 

and Pedestrians

(c) Speed limit increase,

Traffic flow increase

(b) Low speed, 

Little traffic

Risky Moments
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device-referenced IMU readings into the vehicle-referenced coordinate systems, (2) a regression 

model to predict vehicle accelerations from GPS signals, and (3) a Kalman filter to adaptively 

fine-tuning the accelerations. The vehicle dynamic signals collected by this mobile platform are 

utilized for an application of driving performance assessment. The idea is to compare the 

deviation of the driving “context” against its normal pattern. Assuming an experienced driver 

performs “good driving” for most of the time, whereas “bad driving” may occur at a limited 

number of moments, we employ unsupervised clustering methods to collect the neural driving in 

the centroid and classify the outliers becoming non-neural driving. 
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CHAPTER 5 

ESTABLISHING A VOICE-BASED HUMAN-MACHINE INTERFACE4,5,6 

5.1 Introduction 

5.1.1 Motivation 

The smartphone in the vehicle provides easy access to speech recording and processing, and 

offers potential integration with infotainment system, which becomes a good platform for 

the development of a voice-based human–machine interface. Drivers would not necessarily be 

required to perform tasks such as setting map navigation, changing the radio station, adjusting 

volume, adjusting the air-conditioning, and controlling the windows via hands-on operation, but 

could employ voice commands instead. The typical manual-entry or tactile-based engagement 

primarily utilizes various combinations of keypads, keyboards, point and click techniques, touch 

screen displays, or other interface mechanisms. These traditional eyes-off-road interfaces tend to 

be cumbersome in environments where the speed of interaction and dangers of distraction pose 

significant issues, and therefore fall short in providing simple and intuitive operations. In 

contrast, voice-based interaction would keep the drivers’ eyes focused on the road while 

                                                 

4 Zheng, Y., Shokouhi, N., Thomsen, N., Sathyanarayana, A. and Hansen, J., 2016. Towards Developing a 
Distraction-Reduced Hands-Off Interactive Driving Experience using Portable Smart Devices (No. 2016-01-
0140). SAE Technical Paper. © 2016 SAE International 

5 Zheng, Yang, Yongkang Liu, and John H. L. Hansen. 2017a. "Intent Detection and Semantic Parsing for 
Navigation Dialogue Language Processing." Accepted in 2017 IEEE Intelligent Transportation Systems 
Conference (ITSC), Yokohama, Japan, Oct 16 - 19, 2017. 

6 Zheng, Y., Liu, Y. and Hansen, J.H., 2017, June. Navigation-orientated natural spoken language understanding for 
intelligent vehicle dialogue. In Intelligent Vehicles Symposium (IV), 2017 IEEE (pp. 559-564). IEEE. © 2017 
IEEE 
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avoiding hands off-the-wheel. Therefore, natural voice-based engagements between driver and 

vehicle offer the potential to meet an ever-growing demand for creating a comfortable, safe, and 

convenient driving experience. 

A general-purpose intelligent system should accommodate commands and requests from a wide 

range of domains and from many users with diverse preferences and needs. However, existing 

voice-based interfaces, when they actually work, still require significant learning and adaption on 

the part of the user. They usually force users to use predetermined commands or keywords to 

communicate requests in strict ways that systems can understand, and require users to memorize 

syntax, words, phrases, or other keywords or qualifiers in order to issue queries or commands. 

When users are uncertain of exactly what to request or what a device may be able to handle, 

these systems cannot engage with the user in a productive, cooperative, and natural language 

dialogue manner to resolve requests and advance conversations. 

Among the voice-based human-vehicle interfaces, a navigation dialogue system is the task with 

the highest demand in recent years. Navigation dialogues are typically employed while a user 

may be driving, on-the-go, or in other environments where having a hands-free interface 

provides critical advantages. A desired intelligent navigation system is far beyond searching for 

simple locations on a map, it would have the capability acting as an assistant, “talk” with the 

driver in a natural way, and “guide” or “drive for” the human. Therefore, the ability to achieve 

natural spoken language understanding is needed. For example, when a driver is trying to find a 

destination, he may either speak out a point-of-interest (POI), business name, specify the exact 

address, or spell the name and number of a street. The navigation system should automatically 

understand it without having to ask the driver to choose the “style” of their spoken interaction. 
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Furthermore, in next generation autonomous driving vehicles, it is expected that the vehicle will 

automatically ride for the human. Passengers may inquire about the trip or change a previously 

selected route through a dialogue system, and the vehicle should be able to understand and adjust 

navigation tasks appropriately and provide necessary responses. 

This chapter first conducts an experiment using the Mobile-UTDrive platform, for the driving 

performance evaluation of voice-based driver-vehicle operational interface. Next, a navigation 

dialogue system is investigated, which is composed of speech recognition and natural language 

processing. The establishment of natural language processing architecture is discussed in more 

details.  

5.1.2 Related Work 

Research has been conducted in multiple fields of Automatic Speech Recognition (ASR) and 

Natural Language Processing (NLP). ASR has steadily improved in accuracy today and is 

successfully used in a wide range of applications. NLP has previously been applied for parsing of 

speech queries. Yet, a limited number of systems have been developed that provide a complete 

environment for users to make natural language speech requests and/or commands and receive 

natural sounding responses for human-vehicle navigation dialogues. In-vehicle speech 

processing has its challenges in environment noise, overlap/turn-taking speech, dialect, etc. The 

definition and interpretation of verbal/textual-based requests or commands for navigation-related 

tasks yields a significant barrier in natural language understanding. 

In the area of academic research for speech systems, Lo and Green [83,84] did literature reviews 

on several existing automotive speech interfaces, summarizing the technique standards, relevant 

design guidelines, and evaluation methods. For the design of in-vehicle speech recognition 
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system, the DARPA supported “CU-Move” solution [85,86] resulted in the first U.S. nationwide 

data collection effort for robust speech recognition and dialogue for route navigation. Their 

collaborators at and “HRL” [87] also explored the development of travel and navigation dialogue 

systems. These advancements were based on the MIT Galaxy-II Hub architecture, and 

emphasized real-time path-planning and large vocabulary of street names for given cities. For 

system evaluation, Tsimhoni [88], Ross [89], and McWilliams [90] designed separate 

experiments with specified operational tasks, which were for analysis of human factors and 

compared speech interfaces with traditional visual-manual interfaces. These studies, in common, 

revealed that a speech interface is less distracting for the driver from the perspective of 

subjective feedback and objective measurement (e.g., off-road glances, skin conductance level, 

etc.).  

For the specific application of a human-vehicle navigation dialogue system, there are two major 

NLP tasks. 

• Intent detection – processed at the sentence level. 

• Semantic Parsing – processed at the word level. 

In the field of NLP, the intent detection task is a broadly defined aspect also called sentence 

classification or sentiment assessment, which places a positive/negative label or motivation on an 

entire sentence. For navigation dialogue applications, this task is to decide whether a sentence is 

related to navigation or out-of-domain. Therefore, it is a binary-classification task performed at 

the sentence level. For example, “Every month I eat some chocolate.” is a non-navigation related 

sentence, whereas “Is there a Japanese restaurant around here?” is a navigation or destination 

related sentence. 
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Next, the semantic parsing task is also named as slot filling or part-of-speech (POS) tagging, 

which is to place multi-instance labels on each word of a given query entity. Therefore, there is 

an explicit word-level alignment between the input word sequence and the output label sequence. 

For the navigation dialogue sentences, the important information contains point-of-interest 

(POI), search area, street names, business addresses, and so on. The goal of semantic parsing is 

to retrieve this information. For example, in Table 5.1, the navigation related sentence “Is there a 

Japanese restaurant around here?” is tagged in the format of Inside Outside Beginning (IOB) 

representation [91], where “a Japanese restaurant” is the context of POI, and “near here” is the 

context of the navigation search area. 

Table 5.1. Semantic Parsing Example 

 

Sentence Context 

Is O 

There O 

A B-point.of.interest 

Japanese I-point.of.interest 

restaurant I-point.of.interest 

Near B-search.area 

Here I-search.area 

 

Several NLP studies have involved with the two tasks in the literature, but rarely on specific 

navigation dialogue applications. Before the recent success of deep neural networks for natural 

language understanding, previous studies usually relied on hand-crafted features from text, like 

token counts, token occurrences, LSI (latent semantic indexing) and TF-IDF (term-frequency 

and inverse document-frequency) representations [92]. However, their performance is largely 

limited by the representation power of these hand-crafted features.  
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Instead, deep neural network models can learn the optimized features in an unsupervised manner 

during the model building process. Kim [93] employed the Convolutional Neural Networks 

(CNN) for sentence classification, and Mesnil et al. [94] utilized Recurrent Neural Networks 

(RNN) for slot filling. They each focused on one single task to be addressed in their study. Xu et 

al. [95], Guo et al. [96], and Liu et al. [97] demonstrated variant joint models for both intent 

detection and slot filling tasks, using CNN, Recursive Neural Network (RecNN), and Bi-

directional RNN (BiRNN) respectively. Their experiments were conducted on the ATIS dataset 

[98] which contains intent and slot information for airline travel text sequences. It is expected 

that a leveraged similar neural network architecture could learn to understand human-vehicle 

navigation dialogue sentences. 

5.2 Evaluation Experiment for Voice-Interface Simulation 

5.2.1 Experiment Protocol 

The Mobile-UTDrive has been established as a platform where we can expand our studies on 

exploring the potential benefits that portable smart devices can further assist a safer and more 

comfortable driving experience. Based on this platform, the main goal of this section is to 

evaluate driving performance while executing different types of secondary tasks [99]. The two 

scenarios under investigation are control via: 

• Hands-on interaction 

• Voice command (hands-off) 

In this probe study, 5 subjects were participated, and each contributes 45~60 minutes driving 

data. All the subjects are experienced male drivers within the age range 25~35. Figure 5.1 
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illustrates the experiment testing route on map, in which the locations of landmarks are marked 

at the intersections. The drivers are asked to start performing secondary tasks at the beginning of 

each landmark and complete it before reaching the next landmark. The testing route is selected to 

be the local area around UT Dallas campus with the speed limit at 40mph. Each driving round 

takes 6.1 miles and lasts approximately 15-20 minutes. 

 

Figure 5.1. Overlook of the experiment driving route. The direction of travel is clockwise, as 

shown by the arrows. The exact location of each landmark is also marked. 

 

The drivers are initially asked to drive through the route once without performing any tasks. Note 

that drivers are familiar with the route, since the selected roads enclose UT Dallas campus, with 

which all subjects are familiar.  

For the second phase of driving through the route, drivers are asked to: 

• Landmark 1 - phase II → Enter a destination in the map module of the App.  

• Landmark 2 - phase II → Change the radio station.  

• Landmark 3 - phase II → Adjust the volume on the radio.  

• Landmark 4 - phase II → Adjust the Air Conditioner.  

 

Start 

End 
6.1 miles; 

16-min driving 
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• Landmark 5 - phase II → Roll all windows down. 

• Landmark 6 - phase II → Roll windows back up. 

The same tasks are performed during the third phase, with the difference that the actions are in 

the form of voice commands. Note that whether to say the exact commands mentioned below or 

an equivalent variation of these commands was left to the drivers. For instance, some may have 

said “increase the volume” instead of “raise the volume”, etc. 

• Landmark 1 - phase III → Speak out destination to the App: “Take me to X”. 

• Landmark 2 - phase III → Say the following commands a few seconds apart: “Change 

radio station to $STATION_NUMBER”. 

• Landmark 3 - phase III → Adjust the volume by saying: “Raise/lower volume”. 

• Landmark 4 - phase III → Adjust the AC by saying: “Change AC to High/Low”.  

• Landmark 5 - phase III → Roll windows down one at a time by saying: “Roll down 

driver/front passenger/rear left/rear right window”. 

• Landmark 6 - phase III → Roll windows up one at a time by saying: “Roll up driver/front 

passenger/rear left/rear right window”.  

We would like to compare driving performance under hands-on and voice-based interaction with 

the smart device while driving. The ASR and TTS systems are enabled during phase III. 

5.2.2 Performance Evaluation 

This section employs a similar unsupervised clustering method as discussed in Section 4.4. We 

assume that driving irregularities can be identified and assigned to very low log-likelihood 

values for the same route but different sessions. Therefore, the training data is obtained from 
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phase I (normal driving without secondary task). Log-likelihood values are then calculated for 

phase II (hands-on operation task) and III (voice-based operation task) separately. A 1-second 

window with 50% overlap is placed on the samples and compute the mean and variance of each 

frame, which is used to construct Gaussian Mixture Models (GMM) [100]. 

A Gaussian Mixture Model is a weighted sum of M component Gaussian densities as given by 

the equation, 

𝑝(𝑥|𝜆) = ∑𝜔𝑖𝑔(𝑥|𝜇𝑖, Σ𝑖)

𝑀

𝑖=1

(5. 1) 

where 𝑥 is a D-dimensional continuous-valued data vector (i.e., measurement or features), 

𝜔𝑖, 𝑖 = 1,… ,𝑀, are the mixture weights, and 𝑔(𝑥|𝜇𝑖 , Σ𝑖), 𝑖 = 1,… ,𝑀, are the component 

Gaussian densities. Each component density is a D-variate Gaussian function of the form, 

𝑔(𝑥|𝜇𝑖, Σ𝑖) =
1

(2𝜋)𝐷 2⁄ |Σ𝑖|1 2⁄
𝑒𝑥𝑝 {−

1

2
(𝑥 − 𝜇𝑖)

′Σ𝑖
−1(𝑥 − 𝜇𝑖)} (5. 2) 

with mean vector 𝜇𝑖 and covariance matrix Σ𝑖. The mixture weights satisfy the constraint that 

∑ 𝜔𝑖 = 1𝑀
𝑖=1 . The complete Gaussian mixture model is parameterized by the mean vectors, 

covariance matrices and mixture weights from all component densities. These parameters are 

collectively represented by the notation, 

𝜆 = {𝜔𝑖, 𝜇𝑖, Σ𝑖} (5. 3) 

If we train the GMM of one data series and test against another data series, the measurement of 

log-likelihood value, 

ln 𝑝(𝑥|𝜆) = ∑ln{𝜔𝑖𝑔(𝑥|𝜇𝑖, Σ𝑖)}

𝑀

𝑖=1

(5. 4) 

is used for estimating the similarity/deviation of two data distributions. 
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Figure 5.2 shows the acceleration values along the direction of travel. This and other features are 

used to train an 8 mixture GMM. Mean acceleration, mean gyroscope sensor signals and their 

corresponding variances over 1-second windows are used as features. The training/fitting of 

GMM is done individually for each driver based on first phase. The data collected from each 

other phase is then compared with the trained model and used to estimate log-likelihood scores. 

The log-likelihood scores along GPS latitude and longitude axes are used to evaluate driving 

performance. 

 

Figure 5.2. Illustration of acceleration as one of the features used to train the Gaussian mixture 

model. The corresponding variance for each window is signified by the radius of the circles. The 

z-axis shows the mean acceleration value in a 1-second window. The higher the value on the z-

axis and the larger the sphere, the more the probability of irregulated driving performance. 

 

The bottom 10% of the lowest log-likelihood values are the most representative feature to be 

used as irregular occurrences and mark them as instances of inferior driving performance. Figure 

8 compares driving performance as described here in the two scenarios of phase II and III. The 

more variance (red circle) represents the more occurrences of driving distraction appeared on the 

driving route. As mentioned before the log-likelihood values are computed against a GMM 
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trained on features from phase I. Base on Figure 5.3, voice-based operation is less likely than 

hands-on operation to cause major irregularities in driving performs. 

 

Figure 5.3. Comparison of driving performance for hands-on operational interaction while 

driving (left). Voice commands significantly reduce driving irregularities (right). 

 

In addition to the understanding of the driving performance variances on an entire route, it is 

more interesting to consider the different impact on driving when drivers operating each specific 

secondary task. Alternatively, the difference between each individual driver when executing the 

same task is also compared as well. Result is displayed in Figure 5.4. We keep using the GMM 

testing log-likelihood score to represent the variance between normal driving and secondary-

task-engaged driving. The lower log-likelihood score is, the more variance (i.e., greater 

deviation, more outliers) exists in between, and therefore the more likely irregularity would 

appear.  

In Figure 5.4-a, 6 kinds of secondary tasks as discussed in the experiment protocol are listed, 

which are (1) setting navigation on map (Map); (2) operating radio station (Radio); (3) adjusting 

volume (Volume); (4) operating air conditioner (AC); (5) rolling down windows (WinDown); 

and (6) rolling up windows (WinUp). It shows that for all the tasks except (3), voice-based 

Regular Driving

Irregular Driving

Voice CommandHands-on



 

100 

operation is less likely to cause irregularities than hands-on operation. Only for (3), voice-based 

operation results a little bit more driving variance, but not too much. Figure 5.4-b illustrates the 

comparison between different drivers when performing the same tasks. Result shows that 

Driver1 does not have too much different between the impact of hands-on and voice-based 

operation; whereas for all the other drivers, hands-on operation is much more likely than voice-

based operation to cause their driving irregularity. 

(a) Comparison on each specific task for all the 

drivers 

(b) Comparison on each individual driver with 

the same tasks 

 

 

Figure 5.4. Boxplot for the impact of secondary tasks on driving behavior, comparing the 

difference between hands-on operation and voice-based operation. The y-axes shows the log-

likelihood score resulted from GMM test. The lower score represents more driving distraction, 

whereas the high score represents less distraction. 

 

5.3 Navigation Dialogue System 

5.3.1 System Overview 

The typical approach for establishing a voice-based human-machine interface consists of two 

modules – Automatic Speech Recognition (ASR) and Natural Language Processing (NLP) [101]. 
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As shown in Figure 5.5, ASR processes the audio streams into sequences of words/sentences, 

while the NLP stage seeks to understand the context meaning. Both ASR and NLP are 

established using a uniform word dictionary. 

 

Figure 5.5. System overview for the voice-based navigation interface. 

 

Since this speech interface is designed for a navigation-orientated dialogue system, the word 

vocabulary should consist commonly used queries and commands, local street names, high-

frequency point-of-interest locations, etc. As such, size of the non-navigation associated 

vocabulary can be reduced. The experiment dataset is selected from the CU-Move corpus 

[85,86], which is a well-established and fully-transcribed database focused on natural 

conversational interaction between the user and in-vehicle system. For this particular study, the 

dataset contains 140 native US-English speakers, each contributed roughly 45 minutes of in-

vehicle speech audio. Table 5.2 lists the designed dialogue subsections and examples. The 

selected dataset contains 57,854 sentences, 462,124 words, and involves a 11,062-word 

vocabulary. A total of 14688 sentences from subset (1,3,5) are labeled as navigation related, and 

14243 sentences from subset (4) are non-navigation related. Sentences of words are aligned with 

38 unique labels, following the IOB format as the example shown in Table 5.1. 

Automatic Speech 

Recognition (ASR)

Natural Language 

Processing (NLP)

 voice activity detection

acoustic modeling

…...

word embedding

deep neural network

…...

Audio Text Meaning

Word Vocabulary
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Table 5.2. CU-Move Subset Categories and Examples 

 

Subset Category Example 

1 
Navigation direction 

phrases 
“Where is the closest gas station?” 

2 Digit prompts “Eight oh five one five two zero two six two.” 

3 
Streets, addresses, or 

route locations 

“Thirty-three forty-four Hadley Avenue, H A D L 

E Y.” 

4 General sentences “It has a tiny envelope tied to its wrist.” 

5 Guide wizard dialogue 
“Turn slight right onto Hennepin avenue south 

one point two miles.” 

 

Figure 5.6 illustrates the overall framework of the speech recognition module. For the selection 

of the speech recognition engine, it is worthwhile to consider the availability and reliability for 

applications in the vehicle environment. Automotive manufacturers tend to adopt well-developed 

electrical devices, which limit the scope of hardware resources. The processing time is also 

sensitive because the spatial relationship between the vehicle and environment changes while 

driving. Since the network services is not always guaranteed on the road, processing through 

servers or workstations is not an ideal choice. Therefore, the small footprint PocketSphinx ASR 

engine from CMU [102] is selected, since it is designed for speed and device portability, and is 

cost-effective for hardware resources. 

PocketSphinx provides several high-quality acoustic models optimized to achieve best 

recognition performance and work well for most applications. Here, a well-trained US English 

Phonetically Tied Mixtures (PTM) acoustic model was employed. It uses about 5000 Gaussian 

mixtures and thus provides better accuracy than semi-continuous models, but is still significantly 

faster than continuous models, and therefore suitable for mobile applications. The accuracy of 
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PTM model is competitive with the continuous model. However, to be better suited for the CU-

Move corpus, a Maximum-A-Posteriori (MAP) adaptation is needed to improve ASR 

performance. The total adaptation data is 5 hours in duration, which is selected from 10 speakers 

(5 males and 5 females, to balance for gender) whose speech audio have higher Signal-to-Noise 

Ratios (SNR). 

 

Figure 5.6. Overview of speech recognition framework. 

 

The lexicon is a reduced size of the CMU dictionary which is fitted with the CU-Move in-vehicle 

speech corpus and has roughly 11,000 words. If no prior information (e.g., navigation 

commands, local streets names, driver habits, etc.) is known, the full-size dictionary should be 

considered which contains over 134,000 standard US English words. This will bias the 

recognition result and lower navigation based ASR accuracy. However, if prior knowledge is 

available, it is reasonable to reduce the dictionary size and employ navigation-oriented lexicon. 

Speech Recognition Engine

• Limited hardware resource

• PocketSphinx from CMU

Language Model (LM)

• Trigram LM trained with 

transcription text

• SRILM toolkit

Lexicon

• Reduced size CMU 

dictionary

• Improved efficiency 

and accuracy

MAP adapted acoustic model

• 5-hour adaption data

• Selected with top 10 largest 

SNR, 5 males and 5 females

Feature Extraction

Input Audio

Output Text
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Both recognition accuracy and processing speed will be improved. A trigram language mode is 

also trained with the CU-Move corpus, using the SRI toolkit [103]. 

To evaluate speech recognition results, the Word Error Rate (WER) is calculated as, 

𝑊𝐸𝑅 =
𝑆 + 𝐷 + 𝐼

𝑁
(5. 5) 

where S refers the number of substitutions, D refers the number of deletions, I refers the number 

of insertions and N refers the total number of words in the reference. 

Consider the nature of a noisy environment for in-vehicle speech where the SNR of input audio 

is within 5dB~60dB. Experiments show that 54% of the WER result occurs in the range of 20%-

40%, which can be possibly explained due to spontaneous speech and background noise. Since 

the CU-Move data contains actual field vehicle environment noise, and in some particular time 

durations the car window was open which increased noise levels from outside the car, the WER 

of such segments are really high and will have a negative effect on overall WER. 

Figure 5.7 decomposes all errors into insertions, deletions, and substitutions. Most errors are 

caused by deletions and substitutions across all WER ranges. The reason for large substitution 

errors is noise, as explained earlier. Emotion and the deviation between training and test data can 

also be potential causes. While the major cause of deletion errors is co-articulation, some drivers 

may have a higher speaking rate, thus increasing the difficulty for ASR system due to co-

articulation with less test data over time. Reducing noise impact could be an effective way to 

improve ASR performance, along with training the model with more representative data, or 

implement effective algorithms to address the co-articulation problem. 
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Figure 5.7. Percentages of speech recognition insertions, deletions, and substitutions in errors. 

 

5.3.2 Natural Language Understanding 

The NLP module takes the advantage of deep learning or Deep Neural Network (DNN) 

achievements. In general, given an input sentence, each word is first mapped into low-

dimensional vectors of real numbers, which is called word embedding [104]. These vectors 

construct a Euclidean space structure for words and become the input layer of a DNN 

framework. The output layer is defined as softmax or regression to reduce the cost functions of 

the desired tasks. The DNN architecture is constructed with considerations of the following 

research trade-offs, 

• Convolutional vs. Recurrent neural networks 

• Single joint model vs. Two separate models 

• Context window parsing vs. Sequence-to-sequence translation 

• Model hyper-parameters 
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1) Convolutional vs. Recurrent neural networks 

Generally, a Convolutional Neural Network (CNN) is a hierarchical architecture which performs 

effectively in carrying spatial information, while a Recurrent Neural Network (RNN) is a 

sequential architecture which is good for time series language modeling. Yin et al. [105] 

demonstrated a comparative study between the two for variant NLP tasks. Empirically, the 

hierarchical-structured CNN is better for sentiment or topic classification tasks [93,106] as they 

are usually determined by some key phrases, whereas the sequential-structured RNN is more 

popular in many NLP tasks [94,107] regarding its capability of handling “memory” in the time 

history. For these tasks to be addressed for a navigation dialogue system, it is technically 

possible to employ a CNN for intent detection and RNN for context extraction. For convenient 

implementation, we will determine if it is better to construct a joint model for the two tasks, or 

two separate models that share some common structure. Therefore, the RNN architecture will be 

selected in this study. 

The Long Short-Term Memory (LSTM) or Gated Recurrent Units (GRU) is usually used as the 

basic cell/unit in an RNN for management of information flow and preventing vanishing gradient 

problems. An LSTM is illustrated as Figure 5.8-a, which includes a linear dependence between 

the current memory cell Ct and its previous memory Ct-1. LSTM has three gates – input gate it, 

forget gate ft, and output gate ot. These gates are applied as nonlinear functions for the inputs and 

outputs, and therefore represent the nonlinear relation between hidden states. An GRU is 

illustrated as Figure 5.8-b, which differs from LSTM in that it does not contain a memory cell. 

The GRU combines the forget and input gates into an update gate zt and a reset gate rt. It also 

merges the cell state and hidden state, and makes some other changes. 
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In the literature, several other slightly different versions of units have also been introduced, such 

as a “Clockwork RNN” [108] and a “Depth-gated RNN” [109]. However, Jozefowicz et al. [110] 

revealed that there is no clear winner. The effectiveness depends on certain tasks. We will 

compare LSTM and GRU for both intent detection and semantic parsing tasks in navigation 

dialogue systems. 

 

Figure 5.8 Schematic of (a) LSTM and (b) GRU 

 

2) One joint model vs. Two separate models 

For the general NLP intent detection and slot filling tasks, one joint model has an advantage of 

system simplification and efficiency, since only one model needs to be trained and fine-tuned for 

the two tasks. Several types of single joint model have been investigated in the literature. Xu et 

al. [95] proposed a hieratical CNN-based Conditional Random Field (CRF) [111] style joint 

model, which considers global normalization at the sentence level and local normalization at the 

phrase level. Similarly, Guo et al. [96] utilizes a tree-shaped RecNN joint model that 

incorporates both discrete syntactic structure and continuous-space word and phrase 

representations. Motivated by the encoder-decoder framework, Liu et al. [97] investigated a 

BiRNN joint model while introducing an attention mechanism [112]. 
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We first considered to establish a joint model that applies an N-gram phrase labeling on top of a 

word sequence, and a logistic regression on top of the phrases. However, we realized that it 

could perform well for either intent detection or semantic parsing, but difficult to achieve both. 

This is due to the definition of the target cost function, given as 

𝐶𝑗𝑜𝑖𝑛𝑡 = 𝐶𝑖𝑛𝑡𝑒𝑛𝑡 + 𝜆 ⋅ 𝐶𝑠𝑒𝑚𝑎𝑛𝑡𝑖𝑐 (5. 6) 

the total cost for the joint model Cjoint is usually a combination of the intent detection cost Cintent 

and the semantic parsing cost Csemantic, being balanced by a weighting factor . Therefore, it may 

bias either one of the two tasks. In addition, considering the testing phase for the navigation 

dialogue system, a query sentence should first be examined for the intent detection task, and 

subsequently passed up for semantic parsing only if it is detected as a navigation related 

sentence. For the training phase, the dataset for the intent detection task should contain both 

navigation related and out-of-domain non-navigation related material, however, it is not 

necessary to submit the non-navigation related samples for semantic parsing. Therefore, a two 

separate models approach is more suitable for our application. 

In order to simplify the system, it is desirable that the two separate models share some common 

structure. As shown in Figure 5.9, the two models share common input word embedding vectors 

and the same hidden state dimensions, but differ in their output layers since they have different 

cost functions to minimize. The intent detection is a binary classification task which can be 

simply applied by placing a softmax output layer on top of a sentence. The semantic parsing is a 

sequence mapping task, which needs further consideration as the following context window 

parsing versus sequence-to-sequence translation approach. 
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Figure 5.9. Model architecture for (a) intent detection vs. (b) semantic parsing. 

 

3) Context window vs. Sequence-to-sequence 

Mesnil et al. [94,107] utilized a word-context window to capture the short-term temporal 

dependencies between neighboring words. With each word mapped to an embedding vector, the 

word-context window is the ordered concatenation of vectors. This approach is focused on the 

local contextual information but not on the whole sentence level, since there may be useless 

information from other parts of a sentence that “distract” the contextual part. On the contrary, it 

may also lose long-range dependencies across the whole sentence. 

An alternative approach is the sequence-to-sequence (seq2seq) translation technique. The 

seq2seq approach is usually used to translate two different languages (e.g., English to Spanish), 

with both the input and output contain large size vocabularies. Similarly, the semantic parsing 

task can be considered as a reduced version of translation, from the large vocabulary input to a 

relatively smaller vocabulary output (i.e., multi-class tagging). As introduced by Cho et al. [113], 

the seq2seq model usually consists of two RNNs – encoder and decoder – with both sharing 

parameters. As depicted in Figure 5.10-a, every input must be encoded into a fixed-size state 

vector, which is the only variable passed to the decoder. The last state is considered as the 

sentence embedding H, which must fully capture the meaning about the source sentence. 

x

h

y1

A     Japanese  restaurant around     here

(a) intent detection

x

h

y2

A     Japanese  restaurant around     here

(b) context extraction
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Figure 5.10. Encoder-decoder framework (a) without attention mechanism vs. (b) with attention 

mechanism. 

 

As shown in Figure 5.10-b, Bahdanau et al. [112] demonstrated an attention mechanism to allow 

the decoder to directly access a weighted combination of all input states. The α’s are the weights 

that define how much each input state should be considered for each output. Therefore, the 

seq2seq approach with attention mechanism ensures that we capture both the macro-level long-

range dependencies, as well as the micro-level higher resolution on a certain short-region. This 

study will evaluate the performance of the context window approach against the seq2seq 

approach with attention mechanism. 

4) Model hyper-parameters 

The general input for deep learning NLP tasks are word embedding vectors, and learning is 

processed in an Euclidean space for words. The word embeddings are usually initialized 

randomly and optimized during training. Several researchers [114,115] have also evaluated the 

advantage of importing pre-trained word vector representations that are established using a huge 

global vocabulary. In practice, we found that both in-training and pre-trained word embeddings 

are effective for our tasks, and neither provide much of advantage. To simplify the 

implementation, the in-training approach with 128-dimensional embeddings is utilized. 
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Consequently, the number of units of the hidden layer is also equal to 128. Only one hidden state 

layer is sufficient for the RNN architecture in this work. 

To avoid overfitting, the dropout technique [116] is applied. The main idea behind this is to 

randomly disable components from the neural network during training, which results in 

preventing neurons from co-adapting too much. A pre-defined keep-probability of 0.5 is used to 

control the dropout rate, which means that each connection between neurons is only used with a 

probability of 50% during training. 

The maximum training epochs is pre-defined as 80. In each epoch, 90% of the experimental 

dataset will be randomly selected for training and the remaining 10% used for testing. In the 

training phase, a mini-batch with a size of 200 sentences will be performed. For the back-

propagate stage that minimizes the cost function, Sebastian [117] investigated a comparative 

overview on several commonly used optimization algorithms. In our study, the optimizer is 

selected from Standard Gradient Descent (SGD), momentum-based Adam, and Adagrad 

methods. The output activation function for LSTM or GRU is also selected of either sigmoid or 

tanh function. Appropriate selection of optimizer and activation function will be examined in our 

experiments. In addition, the learning rate is initialized as 1.0 and decays after 10 epochs as 

training progresses, with an exponential decay factor of 0.95. The mathematically representation 

of the learning rate can be written as, 

𝑟 = 1.0 ∗ (0.95)max(𝑖−10,0) (5. 7) 

where i denotes the training epoch index. 

The hyperparameters are consistent for both intent detection and semantic parsing models. 

Several studies [118,119] in the literature have suggested hyperparameter optimization strategies 
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to improve deep neural networks. Since model performance in this study is effectively sufficient, 

we do not employ the optimization strategy and reserve it to be explored in the future work.  

5.3.3 Results and Discussion 

To highlight the impact of speech recognition on natural language processing, test samples are 

divided into five groups, based on their WERs. Table 5.3 lists the size of training and test 

datasets. For each group, 70%~80% of the samples are used for training while the remaining 

30%~20% are for test. For the training phase of each group, all the data is extracted from CU-

Move transcription text. This ensures that the NLP model does not contain ASR errors. In the 

baseline group (WER=0%), training and test data are randomly selected from speech 

transcriptions. In the remaining groups, test data is obtained from speech recognition output. 

Results are evaluated with the F1-score. 

Table 5.3. Experiment Groups to Assess WER on NLP 

 

 Train 

(Speakers/Sentences) 

Test 

(Speakers/Sentences) 

WER =0% 

(Baseline) 
105/21698 (75%) 35/7233 (25%) 

WER <25% 109/22249 (78%) 31/6344 (22%) 

WER 25~35% 101/20736 (72%) 39/7678 (28%) 

WER 35~45% 112/23160 (80%) 28/5240 (20%) 

WER >45% 100/21103 (71%) 40/6628 (29%) 

 

Figure 5.11-a displays sentiment analysis results, which is show the F1-score over the learning 

experience. It is obvious that convergence in DNN learning is fast, but this sentiment analysis 

result is highly related with WER. If speech recognition can be obtained with a WER lower than 

25%, then the F1-score achieved will be higher than 0.9. A relatively higher WER will 
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compromise performance in sentiment analysis, thus the system may force the driver to repeat 

what was said, which could have a negative impact on driving safety. For semantic parsing 

results shown in Figure 5.11-b, the WER of speech recognition does not have as much effect on 

language understanding. This is because this task extracts context information by tagging the 

word/phrase label. Here, 11,000 words will be classified into 38 word labels and 9 phrase labels. 

Due to existing false positives, an incorrect predicted word may also be tagged with a correct 

label. However, when submitting this to the next stage navigation application, the path planning 

output may still be annoying. Overall, it is expected that having better speech recognition 

performance will also lead to effective language processing results.  

 

Figure 5.11. (a) Intent Detection and (b) Semantic Parsing results for the 5 groups of 

experiments. Lower WER of ASR will result with higher F1-score of NLP in (a) but not affect 

much in (b). 

 

To examine appropriate parameters that establish the model, Figure 5.12 compares LSTM versus 

GRU with variant selections of optimizers and activation functions for the intent detection task. 

The evaluation is based on the test accuracy history over the training epochs, using the F1-score 

as the measurement. It is observed that both LSTM and GRU can achieve good performance, 
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when the learning experience is sufficient. To be consistent, the combination of 

“LSTM+Adagrad+Tanh” is selected for the following experiments, as it achieves the fastest and 

most stable convergence. 

 

Figure 5.12. Test accuracy (F1-score) for intent detection over training epochs, using (a) LSTM 

and (b) GRU. 

 

Figure 5.13 compares the context window approach versus the sequence-to-sequence (seq2seq) 

translation approach for semantic parsing. The context window size varies from 2-word to 18-

word, and the displayed result shows the final F1-score after 80 epochs. Obviously, the seq2seq 

approach outperforms all other context window approaches. This is because it captures the global 

dependencies from a complete sentence, and meanwhile, the attention mechanism ensures 

focused processing on local dependencies as well. 

Figure 5.14 evaluates the intent detection results for input sentences with variant length. In the 

test experiment, 68.33% (1776) sentences contain no more than 10 words, and 31.67% (823) are 

with lengths over 10. It can be observed that long sentences are more accurately classified than 

short sentences, besides exceptions on the length of 6 and 16-20. Although the total number of 

long sentences is less than short sentences, it is believed that carrying more information is more 
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effective to be understood by our proposed model. With the attention mechanism functionality, 

the model is learned to have the capability to select local focus from long-range dependencies. 

 

Figure 5.13. Semantic parsing accuracy (F1-score) for context window approach and sequence-

to-sequence approach. 

 

Figure 5.14. Intent detection results evaluated on the sentence length. The blue bar represents the 

total number of sentences for each length, and the orange bar represents the number of corrected 

classified sentences. The red line computes the correct proportion. 
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This study also compares the proposed solution against other state-of-the-art solutions. The 

benchmark methods selected for comparison include: CNN joint model [95], RNN joint model 

[120], Bidirectional RNN joint model with attention [97], and two other RNN separate models 

[94,121]. However, since all these benchmarks are evaluated on the ATIS airline traffic 

information dataset [98], we re-constructed our model using the same ATIS dataset for a 

consistent comparison, and implemented some of the benchmarks using the CU-Move corpus as 

well. The ATIS dataset contains 4978 training and 893 testing sentences, which are established 

with 902 unique words (less than CU-Move vocabulary). The sentence-level intent class number 

is 22, and the word-level slot tag number is 122 (greater than CU-Move labels).  

Table 5.4. NLP Model Performance Comparison 

 

NLP model 
ATIS CU-Move 

Intent Semantic Intent Semantic 

CNN-joint [95] 94.09 95.42 - - 

RNN-joint [120] 96.70 90.50 97.73 92.32 

BiRNN-joint + attention [97] 94.40 95.78 97.81 66.33 

RNN-intent [121] 97.55 - 97.20 - 

RNN-context [94] - 94.48 - 82.58 

RNN-separate 

(this work) 
96.36 98.83 98.24 99.60 

 

As summarized in Table 5.4, for the experiment on the ATIS data, this work is comparative with 

other methods for intent detection (96.36%), and outperform others for semantic parsing 

(98.83%). Moreover, since our solution is specifically designed for in-vehicle navigation 

dialogue applications, this work performs superior on the CU-Move data. The overall accuracies 

are 98.24% for the intent detection task and 99.96% for the semantic parsing task. In the RNN 
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joint model [120], one end-of-sentence (EOS) mark is appended and the intent label is tagged on 

the EOS slot. Since every single word in a sentence (including EOS) is considered uniformly for 

the cost optimization, it makes the intent detection becoming a sub-task in the semantic parsing 

task. The BiRNN joint model with attention [97] submits all the utterances (both navigation 

related and non-navigation related) for joint-task training, which incorporates out-of-domain 

context that distorts the navigation-related information capturing, and hence performs bad for the 

semantic parsing. Comparing to the individual RNN model [94,107] that employs context 

window parsing, the seq2seq translation approach in our work achieves much higher accuracy. 

Therefore, the two-separate RNN models, using sequence translation approach with attention 

mechanism, could be employed as the most effective architecture for human-vehicle navigation 

dialogue NLP intent detection and semantic parsing applications. 

5.4 Summary 

This chapter extends the Mobile-UTDrive to simulate the voice-based driver-vehicle operational 

interaction. An experiment is first designed to verify that the voice-based secondary tasks 

operation is better than the hands-on operation to provide a more comfortable driving experience. 

Next, a navigation dialogue system, which contains ASR and NLP, is designed to enable the 

voice input being the natural language. Two NLP tasks are considered: (1) intent detection – to 

decide whether an input sentence is related with navigation, and (2) semantic parsing – to 

retrieve useful information from the sentence. The NLP system is established using a semi-joint 

Recurrent Neural Network, which employs a sequence-to-sequence translation framework with 

the attention mechanism. The effectiveness of our model is compared against other state-of-the-
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art methods. Using the CU-Move dataset, our model achieves 98.24% for intent detection and 

99.60% for semantic parsing.  
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CHAPTER 6 

CONCLUSION 

Towards the development of intelligent vehicle advancements, this dissertation covers the 

interaction across driver, vehicle, environment, and smartphone. To understand the driver’s 

control behavior and driving performance, the vehicle dynamic signals are leveraged, and 

environment attributes are compensated. For autonomous driving perception, map data is utilized 

to provide the prior knowledge for road semantic segmentation. The smartphone itself could 

become a convenient data collection platform for vehicle dynamic sensing, and its telematic 

services makes it voice-based interface for the human-vehicle communication. This chapter 

concludes the dissertation with a summary of contributions and a brief overview on the future 

work. 

6.1 Summary of Contributions 

The main contributions are as follows. 

• Contribution 1: Lane-change detection using CAN signals. CHAPTER 2 discussed the 

lane-change detection using the steering angle from CAN signals, which are retrieved 

from the UTDrive naturalistic driving corpus. The approach is divided into three stages: 

(1) pre-processing to identify turning events by thresholding on the steering angle 

changes within a moving distance, (2) driving maneuver segmentation in the spectrum 

domain to partition a long driving session into a sequence of time-variant events, and (3) 

using a double-layered HMM framework, which considers both vehicle dynamics within 

the driving event in the lower layer and consecutive maneuver relation in the upper layer, 
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to recognize lane-change versus lane-keeping. Table 2.4 shows the lane-change detection 

accuracies are 80.36% for the left and 83.22% for the right, and Figure 2.10 discussed the 

failure issues. Driving experience and distraction workload are also analyzed as the 

influencing factors for the lane-change detection.  

• Contribution 2: Road perception using the map data. CHAPTER 3 demonstrated the 

driving environment understanding from the OpenStreetMap data. As a compensation to 

the vehicle dynamic signals, the environmental attributes listed in Table 3.1 are added for 

the driving events detection, using a Bi-directional Recurrent Neural Network 

architecture. The OSM data is also used to render the virtual street view, which provides 

a road prior knowledge for the drivable space characterization. We combined five types 

of road mask – (1) OSM super-pixel refinement approach, (2) multiple candidates 

approach, (3) color-based image GrabCut algorithm, (4) edge-based lane-mark approach, 

and (5) Lidar point cloud processing, for the road detection, and summarized the results 

in Table 3.4. Using the deep learning approach, a Fully Convolutional Neural Network, 

which inputs OSM mask as an additional channel, is utilized for road segmentation. 

Experiments are conducted using the KITTI road benchmark, and the pixel-wise 

evaluation results are summarized in Table 3.5. The OSM rendered virtual street views 

are also expected to have the capability to provide test images or the automatic 

annotation. 

• Contribution 3: Mobile platform for in-vehicle sensing. CHAPTER 4 introduced the 

Mobile-UTDrive – our smartphone platform for vehicle dynamics sensing. The software 

development for this mobile application is briefly presented. Figure 4.4 proposed a data 
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processing algorithm to allow the smartphone device being freely-positioned in the 

vehicle, which includes (1) a coordinate transformation step in geometry to convert the 

device-referenced IMU readings into the vehicle-referenced coordinate systems, (2) a 

regression model to predict vehicle accelerations from GPS signals, and (3) a Kalman 

filter to adaptively fine-tuning the accelerations. Experiments are designed to examine 

this algorithm and results are discussed in Figure 4.8. The vehicle dynamic signals 

collected by this mobile platform are utilized for an application of driving performance 

assessment. The idea is to compare the deviation of the driving “context” against its 

normal pattern, which incorporates unsupervised clustering and outlier detection 

techniques. 

• Contribution 4: Voice-based human-machine interface. CHAPTER 5 extended the 

Mobile-UTDrive to simulate the voice-based driver-vehicle operational interaction. An 

experiment is first designed to verify that the voice-based secondary tasks operation is 

better than the hands-on operation to provide a more comfortable driving experience. 

Next, Figure 5.5 illustrates a navigation dialogue system which enables the voice input to 

be the natural language. Two Natural Language Processing tasks are considered: (1) 

intent detection – to decide whether an input sentence is related with navigation, and (2) 

semantic parsing – to retrieve useful information from the sentence. The NLP system is 

established using a semi-joint Recurrent Neural Network, which employs a sequence-to-

sequence translation framework with the attention mechanism. Table 5.4 compares the 

effectiveness of our model against other state-of-the-art methods, testing with both the 
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ATIS dataset and CU-Move in-vehicle conversation dataset. Our model achieves 98.24% 

for intent detection and 99.60% for semantic parsing, using the CU-Move dataset. 

6.2 Future Work 

Future work can be pursued in the following directions. 

• For the lane-change detection or prediction, the ego vehicle’s distance to its 

nearby/following vehicles, as well as the driver’s eye gaze for mirror-checking are also 

important information to take into consideration. Due to the limit of UTDrive dataset, we 

currently only focused on vehicle dynamic signals from the CAN-bus and static 

environment attributes from the map data. To provide a more comprehensive 

understanding of the driving event, new dataset should be imported, and more signals 

should be included.  

• For the drivable space characterization, the OSM data can also be used to render the 

depth layout, which would become an addition source for obtaining road and object 

masks. The current road segmentation is based on single images. If a video dataset is 

employed, it is expected to carry the time series information for visual odometry object 

tracking. Besides, since the OSM accuracy is limited by the user contribution, a more 

precise high digit map data is expected to provide better description of the road prior 

knowledge. 

• For the driving performance assessment, it is currently conducted in an objective view 

using the vehicle dynamic signals collected by the smartphone platform. More studies 

should be investigated for the driver’s subjective evaluation, and the consistence should 
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be examined. The proposed driving performance assessment approach could also be 

continued in the human factor analysis, like driver experience, vehicle familiarity, or type 

of interfaces. 

• For the human-vehicle natural language understanding, more evaluation is needed on the 

variant input context. Will any keywords presented in a sentence help better 

understanding? What kinds of keywords are more helpful? Moreover, we currently 

focused on the natural language processing, but the overall voice interface is usually 

bottlenecked by the speech recognition. It is worthwhile to consider ASR and NLP joint 

for the end-to-end dialogue system. 
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