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Abstract 

The Candrive study aims to improve the current practices of screening elderly 

drivers in Canada by identifying predictors of motor vehicle collisions from monitoring 

their daily driving behaviours using in-vehicle sensors. The thesis objective was to 

characterize the baseline behaviour of stable-health older drivers by proposing parameters 

of interest for detecting changes in behaviour and methods to differentiate drivers using 

their maneuvers. The in-vehicle sensor data from 12 stable-health drivers were processed, 

and a turn-identification algorithm with 97.7% accuracy was created for extracting four 

maneuvers: accelerating from stop, decelerating to stop, right turns, and left turns on 40 

to 60 km/h roadways. Most of the drivers exhibited relatively steady month-to-month 

acceleration behaviours and lower accelerations in adverse driving conditions, which 

represented their typical driving behaviours. Drivers can be differentiated by the driving 

patterns from their maneuvers using a multi-expert classifier, which may be applicable 

for detecting changes in driving behaviour.  
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1    Chapter: Introduction 

1.1 Background  

1.1.1 Older Drivers  

The Canadian population is projected to have an unprecedented increase in the 

demographic of older adults (i.e., 65 years and older), which is expected to become 20% 

of the total Canadian population by 2024 [1]. Correspondingly, there is expected to be an 

increasing number of older adults driving. As older adults experience cognitive and 

physical decline in health, their driving ability can be negatively affected, which can 

result in increased risks of motor vehicle collisions (MVC) [2]. Early detection of 

cognitive or physical decline in older drivers can improve not only their safety, but also 

the safety of the general public.   

The screening process for medically unfit older drivers is not standardized across 

Canada. Each province has its own legislation for assessing the driving ability of older 

adults. For example, older drivers aged 80 years and older are required to attend a 

renewal session for their driver’s license every 2 years in Ontario (2017) [3], whereas 

medical reports from primary-care physicians are required every 2 years in British 

Columbia (2017) [4]. However, most physicians are obligated to report their patients who 

they believe to be medically unfit to drive. Problems may arise during the screening 

process because it is often difficult to pinpoint when exactly to report the older driver. 

False negative identification of medically unfit older drivers will put them and others at 

greater risk while driving, and false positive identification and preventing older adults 

from driving can have a negative impact on their quality of life, including increased 

social isolation and depression [5]. Most physicians use in-office cognitive and physical 
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assessments to determine medical fitness to drive, which often consist of relatively 

simple tasks. For example, one task is to draw a picture of a clock within a time limit, and 

another is to recall a pattern of numbers and walk for a specific distance. Although these 

tests were designed to assess cognitive and physical ability, they may not always be an 

accurate assessment of their actual driving ability [6][7]. As a result, situations may arise 

where the assessments indicate the patient is medically unfit to drive, but the patient is a 

perfectly safe driver. In another scenario, the patient may have spent some time 

practicing for the in-office medical assessment and obtain a passing score on the tests, but 

in reality has a low driving ability. On-the-road driving tests can be more accurate in 

assessing driving ability, but the stress from being observed by an examiner combined 

with the possibility of imminently losing the driver’s license can result in an unusually 

poor performance. Thus, there is a need for more objective and evidence-based screening 

tools for identifying medically unfit older drivers. 

1.1.2 Candrive Research Study 

The Candrive research study1, formally known as the Canadian Driving Research 

Initiative for Vehicular Safety in the Elderly, is a longitudinal cohort study in 

collaboration with several research institutions across Canada. Candrive’s aim is to 

“…improve the health, safety, and quality-of-life of Canada’s older drivers”. The primary 

goal is to develop valid tools that assist in the screening of older drivers by accurately 

detecting “…who is at increased risk of motor vehicle collisions or who is unsafe to 

drive” [5]. In Candrive, a data logging device was installed in each participant’s personal 

motor vehicle and it was used to record information about the vehicle during ordinary 

day-to-day operations wherein the participants were driving in their natural environment 

                                                 
1For more information on Candrive, please visit the website www.candrive.ca. 

http://www.candrive.ca/
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over a span of 7 years (i.e., 2009 to 2016). The driving data is a rich and detailed 

historical record of their natural driving behaviour. Candrive is a unique research 

opportunity to study the natural driving behaviour of older adults and the related effects 

of aging on driving ability; it could provide supporting evidence for the physicians to 

make better-informed decisions by reducing false positive and negative identification and 

inform future government legislation to create a standardized screening process across 

Canada.  

1.1.3 Intelligent Vehicle Systems and Vehicular Safety 

Wireless sensor technology and vehicle telematics have enabled organizations, 

such as Candrive, to monitor their drivers and collect large quantities of data on their 

driving history. By analyzing the information contained in the driving data, organizations 

can make better informed decisions based on the real-world driving behaviour. Moreover, 

gathering detailed data of drivers’ behaviours can be beneficial for developing new 

technologies for improving vehicular safety. Such emerging applications include: 

insurance telematics where lower premiums are awarded to safe drivers; detecting 

impersonation (i.e., fraud or insurance claims) or identifying secondary drivers of shared 

vehicles; detecting vehicle thefts; monitoring a fleet of drivers to improve productivity; 

designing safer and more personalized advanced driving assistant systems and intelligent 

autonomous vehicles for driving comfort; and coaching safer driving behaviours and 

providing alerts to reduce traffic accidents.  

1.2 Organization of Research Topics 

A hierarchical block diagram in Figure 1-1 depicts the organization of the 

Candrive research study and the specific research topics included in this thesis. Each 



 

 

 4 

level is supported by the lower levels, and each level is described in the corresponding 

numbered items below:  

1. Candrive’s primary research goal is to “create valid, easy-to-use screening tools to 

identify medically unfit and unsafe older drivers” [5]. Below is a list of 

stakeholders of this research: 

a. Older drivers gain better physician-patient relationships from the 

reduction of false positive identification rate of medically unfit drivers and 

the prolonging of their driving license, which can help provide a high 

quality of life by maintaining their social independence. Most importantly, 

the reduction of MVC and traffic incidents can improve their safety. 

b. Healthcare providers can use the screening tools to reduce false positives 

during the screening process and thus leading to potential benefits such as 

reduced healthcare costs and reduced time spent per patient. Only those 

who have increased risk may require further testing with time-consuming 

and expensive tests, which can improve resource management. 

c. The government can use the research to help create solutions for the 

aging population such as a reliable and standardized screening process 

across Canada that will contribute to reduced healthcare costs for older 

adults. 

d. Public safety will be improved by decreasing the number of MVC and 

traffic incidents on public roads involving medically unfit older drivers by 

lowering the false negative identification rate. 
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2. Several different methods have been used by researchers to study driving 

behaviour and assess medical fitness to drive including driving simulators that test 

driving skills in simulated traffic scenarios; questionnaires and surveys to obtain 

the driver’s self-assessments; written tests and road tests with a certified 

examiner; in-office medical assessments on cognitive and physical function; and 

vehicle tracking to monitor the real-world driving behaviour in a natural setting.    

3. Candrive’s primary research method is vehicle tracking, which would be used for 

long-term monitoring of driving ability and detecting changes in driving 

behaviour that may indicate a decline in driving ability. The goal is to identify 

predictors of at-risk behaviour leading to traffic incidents (e.g., MVC) and effects 

of cognitive and physical impairments in their driving behaviour. These predictors 

can help create valid detection rules for medically unfit older drivers and 

performance metrics to measure driving ability, which is analogous to having a 

threshold for the blood alcohol concentration when testing for alcohol-impaired 

driving. Together with medical assessments, vehicle tracking can also help 

identify the cause of MVC and other traffic incidents such as whether it was due 

to physical or cognitive impairment. 

4. To identify relevant parameters in their in-vehicle driving data for developing 

metrics to assess driving ability, Candrive collected data from hundreds of older 

drivers over 7 years for analysis. Since the in-vehicle data contains many 

measured variables based on the driver’s input, an important step is to determine 

what dependant variables and patterns exists in their data and which are important 

for long-term monitoring. For a single-subject analysis approach, the detailed in-
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vehicle data from each subject is studied both quantitatively and qualitatively to 

understand the individual driving behaviour. As each subject is their own control, 

the changes in the in-vehicle data that are observed when a traffic incident 

occurred or when their health condition changed could be the key to identifying 

relevant measured variables. For example, when a driver is assessed to be healthy 

in their baseline period and becomes unhealthy later on, the data may show a 

consistently slower and more erratic deceleration before traffic stops, which may 

indicate greater difficulty in braking safely. However, the changes in driving 

behaviour for individual drivers may involve confounding factors, which also 

influence the changes in behaviour. Therefore, another approach is group analysis 

to identify common driving behaviours among groups of older drivers with 

similar traits. For example, a group of older drivers with deteriorating physical 

health may all have slower vehicle acceleration when compared to healthy 

drivers, which may indicate difficulty in controlling the gas pedal.  

5. Before comparing different subjects to identify predictors of a decline in driving 

ability, a fundamental step is to characterize the individual driving behaviours by 

identifying and quantifying the changes in the measured variables of the in-

vehicle data to determine what are the expected driving behaviours during their 

baseline period. Candrive has segmented the longitudinal data into years by which 

the subjects were enrolled in the study and categorized their respective first years 

as their baseline period. Since driving behaviour is complex involving static and 

dynamic characteristics that are influenced by individual preferences as well as 

external factors (e.g., weather conditions) [8], quantifying individual driving 
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behaviour using the in-vehicle data from their baseline year can help identify 

unique behaviours, known as their driving signature, and common driving 

behaviours, which will inform future analyses on developing useful metrics for 

long-term monitoring of driving ability.  
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Figure 1-1. Hierarchical organizational chart for Candrive showing the five main 

categories of research topics. Each level is supported by the results produced by the lower 

levels. The shaded boxes represent research topics included in this thesis research and the 

unshaded boxes represent research topics outside the scope of this thesis research.  
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1.3 Research Objectives 

As indicated in Figure 1-1, the topics of this research are categorized into level 5, 

which focuses on characterizing driving behaviour. The objective of this research was to 

characterize the driving behaviours of a group of stable-health older drivers in their 

baseline year of the Candrive study by identifying similarities and differences in their 

motor vehicle operations, as opposed to route choices and destinations, from low-speed 

driving maneuvers using their in-vehicle sensor data. In addition, another objective was 

to develop a method to differentiate between drivers using their unique driving patterns 

from low-speed driving maneuvers. This research is an extension of the previous work by 

Wallace et al. [9] in characterizing older drivers in their baseline year by exploring the 

unique and common behaviours in their acceleration and deceleration driving events. 

1.4 Research Contributions 

There are three main contributions from this thesis research as listed below: 

1) Proposed three different algorithms for identifying when the driver was turning in 

the GPS data and evaluated the performance of these three algorithms to 

determine which algorithm had the best performance in identifying turns (Chapter 

4).  

2) Analyzed four common driving maneuvers (i.e., acceleration, deceleration, right 

turns, and left turns) that occur abundantly in low-speed roadways (i.e., 40 km/h 

to 60 km/h) for a group of stable-health older drivers by identifying similarities 

and differences in their maneuvering behaviours during their baseline year of the 

Candrive study. This included the analysis of the effects of four environmental 

factors (i.e., weather, season, traffic condition, and daylight) on their maneuvering 
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behaviour and proposing a measure for consistency of their maneuvering 

behaviour (Chapter 5). 

3) Proposed a novel multi-expert classification approach for driver identification 

based on the patterns on the four different driving maneuvers and evaluated the 

classification performance (Chapter 6). 

1.5 Significance of the Study 

The unique and common characteristics in their in-vehicle data from their driving 

maneuvers can help establish the baseline driving behaviour of stable-health older drivers 

and propose parameters of interest from the in-vehicle sensor data for detecting changes 

in driving behaviour. Instead of the analysis of routes, which describes “where they 

drove”, the analysis of driving maneuvers more effectively describes “how they drove”. 

As older drivers experience a decline in health, the associated changes in their driving 

patterns can contribute in identifying predictors of at-risk behaviours and ultimately 

detect a decline in driving ability (level 4 in Figure 1-1). Driver identification 

demonstrates the capabilities of pattern recognition techniques (i.e., classification 

methods) for differentiating between individual drivers by their unique driving patterns, 

which can act as a proxy for differentiating between the same driver during different time 

periods. The potential application for driver identification in future studies is 

differentiating between the same driver in different time periods when there is a known 

decline in health. The unique driving patterns associated with the decline in health can 

contribute to identifying important parameters in the in-vehicle sensor data that are 

related to an increased risk of MVC. 

This research also provided methods of processing the raw in-vehicle sensor data, 
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extraction of specific driving maneuvers, and methods for distinguishing drivers, which 

have many applications including the development of a digital driving signature that 

uniquely identifies a driver. A driving signature could provide the following benefits: 

• Improve insurance telematics programs by adjusting premiums based on 

individual driving patterns and less on simple detection rules such as detecting 

aggressive events. 

• Differentiate drivers of shared vehicles such as older drivers who shared their 

vehicles during the Candrive study or for insurance programs for a family that 

share a vehicle. 

• Truck and construction drivers in a telematics program could improve their 

efficiency based on performance metrics of their driving maneuvers. 

• Personalization of intelligent and autonomous vehicles systems to fit the 

preferences of their customers. Perhaps when autonomous vehicles become 

mainstream and reliable, older drivers who become medically unfit to drive 

may be incentivized to use autonomous vehicles to lower risks of MVC. In 

this case, the vehicles could adopt the safe behaviours of the drivers to provide 

a seamless transition and high user-acceptance rate. 

1.6 Organization of Chapters 

After the introduction (Chapter 1), a review of the recent state-of-the-art research 

and literature pertaining to the driving behaviour of older adults using vehicle tracking is 

presented. Following the literature review (Chapter 2), the methodology of this study is 

presented and describes the in-vehicle sensor data from the selected stable-health 

participants (Chapter 3). Next, the three algorithms for identifying turns in the GPS data 
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are presented and the best algorithm was selected and implemented for the following 

chapters (Chapter 4). After selecting the best algorithm, the four driving maneuvers are 

defined and analyzed to identify similarities and differences in behaviours among the 

stable-health older drivers, including the analysis of the effects of different driving 

conditions (Chapter 5). Once the four driving maneuvers have been analyzed, the next 

chapter (Chapter 6) describes and evaluates a multiclass, multi-expert classification 

method to identify the drivers based on their unique maneuvering patterns and provides a 

few methods for improving performance. Lastly, the final chapter (Chapter 7) 

summarizes the key findings from the previous chapters and provides suggestions for 

future work. 
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2    Chapter: Review of Literature 

2.1 Introduction 

There is a growing amount of research on the driving behaviour of older adults, 

especially because long-term driving studies are emerging and show promising results for 

providing real-world evidence of driving ability. In addition, there have been many 

studies on driving behaviour and driving signature because of the recent technological 

advances in the automotive industries for applications in autonomous and intelligent 

vehicle systems. Marshall et al. [2] suggested that the medical conditions and cognitive 

impairments are related to an increased risk of MVC, but drivers with these medical and 

cognitive conditions may still be fit to drive. There are many challenges in screening 

older drivers [10] because there is no standardized procedure for quick screening. Several 

recent studies [6][7] show that current methods of assessing medical fitness to drive (i.e., 

in-office assessments) may be inadequate. As such, long-term driving studies, also called 

Naturalistic Driving Studies (NDS), are an emerging research area that utilizes 

unobtrusive in-vehicle sensors to track the driver’s actions and may provide solutions to 

many problems with current screening methods. This chapter presents a literature review 

on the current research on the driving behaviour of older drivers including current 

methods of assessing medical fitness to drive, vehicle tracking studies using vehicles 

sensor systems, driving patterns for driver identification, factors that affect driving, and 

the recent Candrive studies.  

2.2 On-the-Road Testing 

Assessing medical fitness to drive using on-the-road testing is often considered as 

the gold-standard because it directly tests the driver’s functional ability and decision-
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making in real-life traffic scenarios [11][12]. However, on-the-road tests are often 

expensive (e.g., $300 to $600 CAD per assessment) and have limited availability. Since 

they are often time-consuming and expensive, it is unfeasible to use on-the-road tests for 

screening all older drivers every year. To better replicate the driver’s natural settings, 

Vlahodimitrakou et al. [12] described the development and evaluation of a new protocol 

called the Driving Observation Schedule for monitoring and characterizing the driving 

ability of older drivers using several trained observers. For a group of 33 older drivers, 

each driver was given a personalized testing route, called the DOS route, which started 

and ended at their homes. Although the routes were not the same, each driver 

encountered common traffic scenarios while being observed to assess basic safety skills 

such as checking mirrors when merging lanes, executing low-speed maneuvers, handling 

different traffic densities, turn signaling, and speeding. On-the-road testing can contribute 

to creating a baseline driving profile by using personalized testing routes, which could 

also be performed and monitored over time.  

2.3 Driving Simulators 

Driving simulators have been widely used to study driving behaviours because of 

its advantages including a safer environment to test drivers where the risk to the driver is 

removed; greater ease to recreate specific traffic scenarios with greater precision, and the 

ability to test many participants under the same conditions while being able to measure 

many parameters. The disadvantages include researchers have not agreed upon the 

ecological validity of simulators and there has not been enough agreement between 

simulators systems to have recommended pass-fail thresholds unlike the in-office 

assessments [11]. Imamura et al. [13] proposed a warning system based on data collected 
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from simulators of 11 participants to reduce MVC by detecting abnormal vehicle steering 

wheel operations. Lee et al. [14] explored the use of driving simulators to identify older 

drivers at higher risk of MVC for 129 participants. Results showed that the cognitive 

functions associated with crash risk were working memory, decision-making under 

pressure, and confidence in driving at high speeds. There was some evidence that the 

simulator could identify older drivers at inflated risk but it required further research on 

the predictive validity as a screening tool. From examining the validity and 

reproducibility of evaluations of older drivers using driving simulators, Bedard et al. [15] 

and Lee et al. [16] suggested that simulators can be used to facilitate the evaluation of 

medical fitness to drive.  

2.4 Questionnaires and Surveys  

Questionnaires and surveys are widely used in driving behaviour studies because 

of their low-cost and simplicity in administering and collecting data from participants. 

When asked to self-report and self-assess driving ability, older drivers tend to be biased 

and inaccurate because they are prone to memory bias, tend to have difficulty in recalling 

events, and may have limited cognitive capacity due to aging and cognitive impairments 

[11][12][17]. It is more often that family members raise concerns about the older drivers 

than themselves, since it is expected that older drivers are reluctant to give up their 

driving as it is tied to their social independence. Crizzle et al. [18] studied the self-

regulatory practices of drivers with Parkinson’s disease to assess the accuracy of the 

patients’ self-reporting using in-vehicle sensors to track 26 participants. Results showed 

that self-reported metrics, such as distances driven and time of day driven, should not be 

taken at face value by researchers because they were prone to recall errors and have less 
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awareness of their driving ability. Porter et al. [19] examined the older drivers from the 

Candrive study and their accuracy in self-reported travel distances. Their results showed 

that self-assessments can be useful for broad group comparisons, but not for individual 

assessment.  

2.5 In-Office Medical Assessments 

Many older drivers are assessed by in-office medical assessments, which are used 

as a proxy for testing driving ability. The medical assessments are commonly used by the 

primary-care physicians because of its wide availability, easy administration, and the low 

cost. There exist many in-office medical assessments that the primary-care physician can 

use to assess physical and cognitive ability of older drivers. Among the most common 

assessments include the Montreal Cognitive Assessment (MoCA) [20], Mini-Mental 

State Examination (MMSE) [21], Trail-Making Test A and B [22], Screen for the 

Identification of Cognitively Impaired Medically At-Risk Drivers – A Modification of 

the DemTect (SIMARD-MD) [23], Clinical Dementia Rating scale, Clock-Drawing test, 

Useful Field of View [24], and mobility tests [25]. Each assessment tests a particular 

function, such as visual acuity or decision-making, to identify deficits in normal 

functioning to warrant interventions, which include driving cessation programs, usage of 

assistive devices, and driving restrictions. In these assessments, there is a recommended 

pass-fail threshold to detect unsafe older drivers, but the thresholds may be too broad. 

The scores from several assessments are often cross-referenced to make a decision, which 

is ultimately based on the professional judgment of the primary-care physician [26]. This 

screening process is often considered to lack evidence-based information  [11]. Bédard et 

al. [27][28] studied the validity of SIMARD-MD and provided evidence contrary to the 
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original claim by the founding researchers of SIMARD-MD that “…a high degree of 

accuracy that can be used for immediate decisions in clinical setting”. Results showed 

that the scores from SIMARD-MD were not significantly different in performance than 

the other established assessments (e.g., MMSE), and should not be used as a standalone 

tool for making decisions. Kwok et al. [7] studied the predictive validity of MoCA as a 

screening tool for driving ability. From retrospective analysis of 154 older drivers who 

completed the MoCA, the predictive performance had 84.5% sensitivity and 50% 

specificity and concluded that although MoCA can be a valuable screening tool, its 

predictive validity was not strong enough to be used as the sole tool for identifying 

medically unfit older drivers. Hollis et al. [6] studied the validity of MMSE and MoCA in 

the prediction of driving ability for drivers with cognitive impairments. From a 

retrospective analysis of 92 older drivers, their medical assessment scores were compared 

to their performances on a standardized on-the-road test. For drivers with pre-established 

diagnosis of cognitive impairments, there was a significant relationship between MoCA 

and on-the-road test scores, but no relationship in the drivers that were healthy. They 

concluded that MMSE and MoCA scores were not reliable for those who have not been 

previously diagnosed with cognitive impairments.  

2.6 In-Vehicle Sensors 

To provide a more evidence-based assessment of driving ability, unobtrusive 

sensor systems, including smartphones [29], have been proposed for the continuous 

monitoring of daily driving behaviour to monitor driving performance and detect 

impaired behaviour. With the advances in sensor technology and vehicle technology, 

researchers can easily track their subjects while driving to build a detailed historical 
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record of actions during important traffic events to understand the exact factors and 

decision-making that influences driving safety. An emerging research method is the 

large-scale driving study that typically involves outfitting the participants’ vehicle with 

sensor systems and data logging devices to track the participants over many months and 

years. In NDS, the participants would drive in their natural settings and important traffic 

events, such as MVC, may occur. The researchers can examine the pre-crash and crash 

data for factors and predictors of MVC. This method can provide greater external validity 

of driving behaviours of older drivers than other empirical methods like simulators and 

on-the-road testing.  

2.6.1 Naturalistic Driving Studies 

The first NDS in the U.S. was the 100-car naturalistic driving study [30] (ended in 

2006) and it built a large database of examples of impaired driving, high risk maneuvers, 

and traffic violations from ordinary drivers. The data included video recordings and 

kinematic sensors for 241 drivers over 1 year (i.e., over 2 million miles of driving). 

Among the list of objectives include analysis of rear-end events, period of inattention, 

lane changing, and monitoring driving behaviour over time. One of the findings was that 

80% of all crashes involved the driver looking away from the forward direction. SHRP2 

(2006 to 2015) [31] is another NDS study in U.S. that examined the role of driving 

behaviour and performance in traffic safety including the factors that affect collision 

risks. For 2,360 participants, video cameras and sensors were installed in their vehicles 

and baseline tests were conducted to score executive function and cognition. UDrive 

(2012 to 2017) [32] is the first NDS in Europe and includes all types of vehicles such as 

automobiles, trucks, and scooters. Its goal was to gain a better understanding of driving 
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behaviour in everyday traffic scenarios including important factors by using a 

combination of video cameras, external sensors, and the CAN-bus sensors in the vehicles. 

Ozcandrive (2008 onwards) [5],  which is affiliated with Candrive and the Australian 

NDS (2015 onwards) [33] are large scale driving studies in Australia. Candrive [5] (2008 

onwards) is a one-of-a-kind NDS for older drivers.  

Eby et al. [34] explored the use of various in-vehicle sensors to describe driving 

behaviours that may be common among older individuals with early stages of dementia 

and compared the same metrics with those without cognitive impairments. For 17 drivers 

who had early stage of dementia and were medically fit to drive, they had their vehicles 

instrumented with a sensor system and drove 1 to 2 months in their natural setting. The 

in-vehicle sensor system included video cameras, forward radar sensors, accelerometers, 

gyroscopes, and GPS antennae. The 17 drivers were compared to 26 normal drivers 

without dementia, and those with dementia had significantly restricted driving space 

compared to the normal drivers. Both groups drove safely, but the drivers with dementia 

were more likely to lose their directions and get lost. Their future work included 

increasing the number of participants to reduce self-selection bias and to provide a more 

comprehensive characterization of the cognitive ability of the drivers with dementia since 

their cognitive ability could have had a large variability. Babulal et al. [35] conducted a 

small scale study on 5 older drivers by using in-vehicle sensor data to understand the 

driving behaviours of older drivers. They suggested analysis methods for characterizing 

the driving behaviour and metrics including detecting hard braking, sudden acceleration, 

speeding, number of trips taken, and their unique trip destinations (using unanonymized 

data).  
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2.7 Identifying Patterns in the Driving Data  

By collecting large amounts of data using in-vehicle sensors, researchers can 

identify patterns and create models of driving behaviour to further understand and 

explore the complexities of driving behaviour. There are many applications of modeling 

individual driving behaviours including identification of driving styles and preferences to 

enhance human-computer interaction and improve driving comfort; detection of 

abnormal behaviour for warning systems; detect the current state of the driver (e.g., 

drunk, drowsy, aggressive, or calm); and driver identification for vehicle theft and 

insurance claims [36]. Many current approaches use traditional statistical methods and 

pattern recognition techniques including machine learning models to actively and 

automatically learn the patterns in the driving data and model driving behaviour [37]. 

Hidden Markov Models (HMM) and Artificial Neural Networks (ANN) have been used 

[36] to model the short-term sequential behaviours (e.g., turned the steering wheel and 

then pressed gas pedal) and long-term behaviours (e.g., accelerated, then turned, and then 

left lane change) to recognize and predict the driver’s intentions. Al-Sultan et al. [38] 

proposed a context aware system to detect abnormal behaviours from a driver to warn 

other vehicles in the vicinity of the high-risk driver. Their system used a Bayesian 

network to classify whether the driver was normal, drunk, reckless, or fatigued by 

combining information about the environment, the driver, and vehicle. Although the 

design was based on simulated data, it showed that contextual information was important 

for modeling driving behaviour.  
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2.7.1 Driver Identification 

The recent methods [39] of using machine learning algorithms to analyze driving 

styles construct driving profiles that can uniquely represent and identify one driver from 

another. Most of the proposed systems rely on detection of specific driving events and 

how these events were executed to characterize the driver including aggressive driving 

such as speeding, harsh acceleration and deceleration, tailgating, and improper lane 

changing. Many common classification algorithms have been studied for use in 

characterizing driving behaviour. Enev et al. [40] proposed a system that can accurately 

differentiate drivers based on their “driving fingerprint” (i.e., driving signature). Using 

in-vehicle sensor data extracted from the CAN-bus including brake pedal position, each 

of the 15 participants performed a series of maneuvers in a parking lot and drove a 

designated open-road course for 50 miles. Their approach used overlapping sliding 

windows to extract features to capture the statistical and morphological characteristics of 

the entire time-series data. Using one-vs-one multiclass classifiers and a 90/10 cross-

validation (CV) testing, they claimed to have 100% accuracy in differentiating 15 drivers 

only needing 90% of the in-vehicle sensor data and ensuring none of the sliding windows 

overlapped in either testing or training sets. Hallac et al. [41] showed some evidence that 

drivers can be identified by how they turn from the in-vehicle sensor data. For the same 

turns, several CAN-bus signals, including steering wheel angle, could distinguish 

between drivers with a random-forest classifier achieving an average of 76.9% accuracy 

for a group of 2 drivers and 50.1% for 5 drivers across all 12 different types of turns. 

There was no single best feature that distinguished between drivers, and some drivers 

were more easily identified than others. Meng et al. [42] used HMM to distinguish 
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between 7 drivers in a simulated driving course with 80% accuracy. Instead of manually 

tuning parameters or manually identifying patterns, Dong et al. [43] proposed the use of 

deep learning to learn from the GPS data of drivers’ trips and automatically extract 

features and identify complex patterns. They showed some evidence that it can 

outperform traditional machine learning techniques in differentiating drivers. Similarly, 

Kuderer et al. [44] proposed a reinforcement learning system to automatically model the 

parameters that fit the driver’s particular driving style and can predict trajectories of 

vehicles in specific driving scenarios.  

2.7.2 Motor Vehicle Operations 

A common theme among creating driving profiles is identifying important driving 

events (e.g., traffic incidents) and how drivers controlled the vehicle (i.e., braking). On 

one hand, analysis of the drivers’ routes and destinations gain understanding of their  

overall trip planning and preferences including trends on a macroscopic level [45]. On the 

other hand, details within the trips such as traffic incidents, driving events, and evasive 

maneuvering [46] explore the behaviours on a microscopic level to gain further insight 

into their overall driving behaviour. Many industries that use in-vehicle sensors and 

vehicle telematics incorporate both the trends in the routes and the details in the motor 

vehicle operations to create the driving profile for their drivers. For example, automotive 

insurance companies that employ insurance telematics to quantify driver’s risk measure 

the driving ability of their customers to adjust premiums, instead of basing the pricing on 

vehicle characteristics and driving record. The metrics include travel distances, time of 

day travelled, hard acceleration, hard braking, cornering speed, idle time, and speeds 

relative to the speed limit [47][48]. These programs can lead to cost-savings for safer 
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or infrequent drivers and promote and encourage safer driving behaviours leading to 

reduction in MVC. Guo et al. [49] used in-vehicle sensor data to identify factors that 

were associated with individual driving risk and predicted the high-risk drivers from their 

driving data. Using data from the 100-car NDS, the critical incident events (e.g., high 

acceleration or deceleration) showed some evidence of reliably predicting high-risk 

drivers. Ellison et al. [50] proposed a driving behaviour profile framework for road safety 

analysis to score the driving behaviour by assessing aggressive acceleration and braking 

among other maneuvers. 

2.8 Turn Identification 

The way drivers negotiate around corners and bends in their trips can reveal 

individual characteristics of their driving behaviour. Ellison et al. [50] and Alhajyaseen et 

al. [51] showed that cornering is an important maneuver when assessing road safety and 

that cornering is actively monitored by insurance telematics to assess individual risks. 

Johnson et al. [52] and Hong et al. [53] used a combination of sensors (e.g., GPS, 

accelerometer, gyroscope, and magnetometer) to classify vehicle movements including 

detecting when the vehicle was turning. Hallac et al. [41] classified turns as a change in 

heading of at least 70o, at most 10 seconds in duration, and travelling relatively straight 5 

seconds before the turn. Howcroft et al. [54] used the Candrive data and categorized a 

subset of acceleration events as turns, which were originally proposed by Wallace [55], 

as changes in heading of 70o to 110o across the entire event (i.e., total change in heading 

from the start to end of the event). Wallace et al. [56] identified when the vehicle was 

turning using only the GPS data from a smartphone GPS sensor and the proposed turn-

identification algorithm was based on the change in heading of 30o between sampled GPS 
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coordinates; their performance was 73% true positive rate, 3% false positive rate, and 

14% false negative rate tested on 215 true turns. In the same study, the turn-identification 

algorithm was compared to using the Google Maps GIS algorithm for identifying turns. 

The proposed turn-identification algorithm outperformed the Google Maps GIS 

algorithm, which had 58% true positive rate, 4% false positive rate, and 21% false 

negative rate tested on the same dataset of 215 manually labeled turns. Most studies 

developed their own criteria for identifying and classifying turning maneuvers, since they 

have different types of sensor data (e.g., steering wheel angle or angular velocity from 

inertial measurement unit) and the definition of a turning maneuver can be subjective 

(e.g., sharp vs. gradual turns). 

2.9 Driving Conditions 

Driving conditions (e.g., snowing) have been widely considered to influence 

driving decisions, and older drivers tend to consider weather as an important factor in trip 

planning [8][57]. Myers et al. [57] used in-vehicle sensor data to examine the driving 

patterns of older drivers aged 65 to 91 years old from November to March for 46 

participants. Their results showed that the daylight was an important factor because travel 

distance varied significantly at night by month. The results did not show significant 

changes in behaviour between winter and non-winter driving or clement and inclement 

weather in contrast to self-assessments because they may have been accustomed to winter 

driving. Kilpelainen et al. [58] provided evidence that driving behaviour is affected more 

by the prevailing observable driving conditions, rather than the forecasted weather.  

2.10 Candrive Research Studies 

 

The complete protocol for Candrive [5] described the motivation, objective, and 
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experimental design of the Candrive study. About 1,000 participants were recruited from 

several major cities across Canada and data from in-vehicle sensors, medical 

assessments, and questionnaires were used to study the driving behaviours. The inclusion 

criteria for the participating older adults include: active and experienced drivers, age 70 

years or older, expected to drive at least 4 times a week, under the care of a family 

physician, personal vehicle must be newer than 1995, and reside in their home province 

for at least 10 months of the year. The exclusion criteria for the older adults include: 

change of residence outside of their home province, medical contraindication to driving 

within the last 6 months according to the Canadian Medical Association Guidelines (e.g., 

heart attack), and diagnosis of a progressive condition (e.g., dementia) [5]. 

Preliminary studies of Candrive mainly focus on the analysis of the data collected 

in the baseline year. Tuokko et al. [59] examined “age and gender differences on several 

psychosocial measures developed specifically for older drivers, as well as associations 

with health-related measures”. They found that older drivers felt less comfortable driving 

than younger drivers and men felt more comfortable driving compared to women, 

concluding that the age and gender influenced attitudes towards driving. Langford et al. 

[60] studied the associations between the annual distance driven and the medical 

assessments for fitness to drive. The participants were grouped based on total distance 

travelled in their first year: low mileage (<5001 km), medium (>5,000km and <15,000 

km), high (> 15,000 km). The results provided evidence that high mileage drivers were 

more likely to be male and low mileage drivers were more likely to be female. The high 

mileage drivers were more likely to be younger and high mileage drivers were more 

likely to perform at the highest level. The study provided further support to previous 
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literature that low mileage drivers have increased risk and tend to have reduced fitness to 

drive because they already limit themselves and self-regulate since they feel less 

comfortable driving. Rapoport et al. [61] studied the relationship between cognitive 

performance (e.g., MMSE, MoCA, Trail Making Tests A and B), driving comfort, 

perceived driving abilities, and self-reported driving restrictions using linear regression 

analysis. The results suggested that psychomotor speed and executive function tests in 

Trail Making tests were the best medical assessments for driving ability, although not all 

studies showed common results. The conclusion was not definitive since there were weak 

relationships that required further analysis.  

A.P. Smith [62] examined the seasonal variations in older drivers’ trip distances 

for participants across Canadian sites using the in-vehicle sensor data. Specifically, the 

objective was to determine if there were significant changes in trip distances among older 

drivers between different driving conditions including winter vs. non-winter and clement 

vs. inclement weather using a subset of the participants from Candrive. From a group of 

248 older drivers, there was a 7% decrease in trip distances during winter and a 5% 

decrease in trip distance during inclement weather. Although the decrease in trip 

distances was expected, the minimal change in trip distances suggested that older drivers 

may have not been adjusting their driving behaviours during adverse conditions as much 

as expected from drivers’ self-assessments from literature. This analysis is categorized in 

level 5 of Figure 1-1 as “Analysis of factors that affect driving”. 

Smith et al. [63] provided evidence that certain common measures of physical 

ability (e.g., finger-thumb opposition) were stable throughout the baseline year and could 

be used to reliability monitor driving ability. This study provided support for the 
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categorization of two groups of older drivers: those clinically assessed to have stable 

characteristics in health scores and those with unstable. Howcraft et al. [54] used in-

vehicle sensor data from those two groups of drivers to examine the acceleration driving 

patterns of older drivers by proposing the use of the coefficient of variation as a metric to 

distinguish between stable and unstable drivers, which was a new and ongoing study. 

From comparing 12 stable-health and 16 unstable-health older drivers in their baseline 

year, the study showed that unstable drivers had lower acceleration coefficient of 

variation than stable drivers for a few categories of acceleration events including changes 

in speeds of 15 km/h and 30 km/h. Future work was recommended to measure the 

accuracy and validity of this metric for identifying cognitive and physical impairments. 

This analysis is categorized in level 4 of Figure 1-1 as “Group analysis of older drivers”. 

2.10.1 Differentiating Between Older Drivers 

The research conducted by Wallace [55] was the motivation behind the research 

of this thesis. The topics that were studied by Wallace included big data processing 

techniques for the large amount of structured data from the in-vehicle sensors, identifying 

differences and similarities between older drivers to characterize their baseline behaviour, 

and assessments of cognitive ability using in-vehicle sensor data.  

The fundamental processing framework [64] described the necessary data 

processing steps for the in-vehicle sensor data including data validation, anonymization 

of GPS coordinates, and data augmentation to integrate external data (i.e., weather). The 

significance of the processing framework was to preserve privacy of the participants, 

especially because using the real GPS coordinates could easily identify the participants. 

There exist many other in-vehicle sensor signals, which were used by other studies, that 
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were not collected by Candrive because they were not easily accessible and required 

modifications to the participant’s vehicle. These signals were located in the CAN-bus 

network in the vehicle which included turn signaling, steering wheel angle, braking pedal 

position, and the anti-lock brake system. Since the OBDII was designed for specific 

engine diagnostics for service technicians, the in-vehicle sensor data from Candrive only 

included a limited portion of all the sensor data that exists in a modern vehicle. For 

example, developers of autonomous vehicles can reverse engineer the CAN-bus sensor 

network to autonomously control the vehicle by using radar technology. The improper 

modifications of the CAN-bus signals could seriously change the vehicle operational 

settings and jeopardize the safety of the driver, which was among the list of the reasons 

for not collecting data from the CAN-bus.  

 Using the anonymized Candrive data, an analysis of 100 trips from 4 older drivers 

[65] can identify individual differences and similarities between drivers with similar 

traits. General characteristics of their trips including their chosen routes, total distances 

travelled, time of day of trips, duration of trips, distribution of vehicle speeds, and 

tendency to travel above or below the posted speed limit during the trips can be used to 

distinguish drivers and group drivers based on similar preferences. This analysis is 

categorized in level 5 of Figure 1-1 “Analysis of routes and destinations”. 

For the long-term monitoring of driving behaviour to detect cognitive and 

physical impairments, it is necessary to establish a baseline behaviour. The repetitive 

nature of trips can be used to compare similar trips taken over several years to assess 

navigational ability and vehicle operations, specifically turn signal usage. By measuring 

the differences between the routes driven and the optimal routes [66], a baseline 
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behaviour for trip planning could be used for assessing a change in cognitive ability. The 

creation of a baseline profile for the driver’s efficiency of the trips driven can be scored 

and be used as a performance metric to be monitored for less efficient trip planning and 

taking less complex routes. A proposed scoring system [67][56] for variations in trips in 

an attempt to detect drivers with lower cognitive ability include scoring the turn signal 

usage for when the driver properly signaled before turning. Although it was expected that 

drivers normally miss some proper turn signaling, there should be consistency in 

performance over long-term and any change could indicate a cognitive impairment. This 

research was conducted using an iPhone 4S as the data logging device and working with 

the real GPS coordinates. This analysis is categorized in level 5 of Figure 1-1 as 

“Analysis of routes and destinations” and “Analysis of motor vehicle operations”. 

Furthermore, the patterns that exist in the vehicle acceleration and deceleration 

behaviours could be used to characterize the baseline behaviour and then observed over 

time for significant changes. The moments of substantial acceleration [68], called 

acceleration events, were studied to identify the drivers’ unique acceleration behaviours 

and stability over the first two years of Candrive. The acceleration events were extracted 

for 14 drivers who were clinically assessed to have similar traits, and a two-phase 

relationship was proposed to model the acceleration vs. the change in speed for events 

accumulated over the entire baseline year, which revealed individual differences in 

behaviour (Figure 2-1). The two-phase model was derived from qualitative observations 

of the bivariate analysis of acceleration vs. magnitude of the change in speed within each 

acceleration event. It was observed that the acceleration behaviours of the older drivers 

had two distinct phases. The rate of change in acceleration with respect to change in 
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speed was greater for the first phase when compared to the second phase, which exhibited 

much smaller rate of change. The smaller changes in speed may have represented the 

behaviours that were more “influenced by external factors such as traffic” and the larger 

changes represented more of the driver’s preferences. When comparing all possible pairs 

of drivers from the group of 14 selected drivers, there was evidence that suggested at 

least 80% of the 91 unique pairs could be distinguished (p < .05) comparing the 

distributions of the mean and max accelerations of the events (i.e., two-sample t-test). 

After characterizing the baseline year, comparing the two-phase relationship with the 

following year showed a mean correlation of 0.971 to the first year for the 14 drivers, 

which showed some evidence that this behaviour remained somewhat consistent over 

time.  

 

Figure 2-1. The proposed two-phase relationship between max acceleration and change in 

speed (top group) and mean acceleration and change in speed (bottom group) for 4 

example drivers in their baseline year. The Gaussian mean represented the mean of the 

best fit Gaussian distribution that was fitted on the acceleration data points associated 

with each speed bin. The piecewise linear regression was shown to be a good fit for 

representing the general trend of the underlying acceleration events from the in-vehicle 

sensor data [68]. 2 

Similarly, the deceleration events were extracted for the 14 drivers with similar 

traits [9][69] and the two-phase model was proposed (Figure 2-2) including a list of 

                                                 
2 Permission was obtained from the author Bruce Wallace (wally@sce.carleton.ca), © 2016 IEEE 
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distinguishing features that could identify who is driving based on the in-vehicle data 

from a trip. To determine the transition “elbow” of the two-phase model, the transition 

point was varied through the change in speed (km/h) and the point that yielded the 

highest correlation coefficient or the best fit to the underlying data was selected. Each 

driver had their own unique two-phase model. With the two phase model from the 

baseline year, the same model was fit to the underlying data of the second year and it was 

shown that the correlation was also high, which provided evidence that there was also 

consistent behaviour among the drivers over the years for deceleration events. The 

correlation of the two-phase model with the underlying data increased by eliminating the 

trips with few events until having 8 events per trip, which meant that more events in a trip 

could better distinguish a driver. From Figure 2-1 and Figure 2-2, each of the 4 example 

drivers had a transition elbow at around 30 km/h, which represented the minimum change 

in speed for analyzing their individual preferences. This analysis is categorized in level 5 

of Figure 1-1 as “Identification of unique behaviours” and “Analysis of motor vehicle 

operations”. 
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Figure 2-2. The proposed two-phase relationship between mean deceleration and change 

in speed (top group) and max deceleration and change in speed (bottom group) for 4 

example drivers in their baseline year. The Gaussian mean represented the mean of the 

best fit Gaussian distribution that was fitted on the acceleration data points associated 

with each speed bin. The piecewise linear regression was shown to be a good fit for 

representing the general trend of the underlying deceleration events from the in-vehicle 

sensor data [9].3 

 

Along with the acceleration and deceleration events, the list of distinguishing 

features [9] included trip distances, vehicle speed history, time of trip, the routes, and 

other trip attributes such as histogram of the acceleration values from the events. The trip 

attributes showed that it could distinguish at least 90% of the 91 unique pairs when 

comparing the distributions of the drivers (p < .05 using two sample t-test). The two 

phase model fit the max deceleration better (mean correlation of 0.74) than the mean 

deceleration (mean correlation of 0.54). After identifying features from the acceleration 

events, deceleration events and trip attributes, a list of features that described the driving 

behaviour of 14 older drivers was defined [55], and pattern classification techniques were 

used to automatically identify complex patterns in the large data for differentiating 

drivers. The list of features specifically described how they drove (e.g., vehicle speeds), 

when they drove (e.g., time of day), and where they drove (e.g., the speed limit of the 

routes) including the trip distance, trip duration, and a histogram of the acceleration and 

                                                 
3 Permission was obtained from the author Bruce Wallace (wally@sce.carleton.ca), © 2016 IEEE 



 

 

 33 

speeds during the trips. A two-class classification scheme was proposed to distinguish 

between all pairs of drivers from a pool of 14 older drivers. For a total of 162 features, a 

10-fold CV testing scheme was used to evaluate the performance of identifying who is 

driving given a set of features from a trip. Among a group of common classifiers, linear 

discriminant analysis classifier (LDA) achieved a mean error rate of 8.6% (91.1% 

accuracy) among all 91 pairs of drivers and the best error rate of 1.6 % (98.4% accuracy) 

for the most distinguishable pair when classifying the trips between two drivers. The 

performance was improved slightly by 2.7% for the least distinguishable pair by using 

more complex classifiers (e.g., SVM, ensemble classifiers). The best features were the 

speed limits of the routes, the histogram of speeds during a trip, and the two-phase 

acceleration and deceleration models for describing acceleration and deceleration 

behaviours. The worst features included the overnight driving times and when the 

vehicles were at stationary speeds. Altogether, the classification approach showed that 

patterns in the in-vehicle data can differentiate between pairs of drivers. Future work was 

suggested to explore other driving events to find additional features that improve 

differentiating drivers and to explore weather patterns and other important driving 

conditions to account for factors that affect driving. This analysis is categorized in level 5 

of Figure 1-1 as “Identification of unique behaviours”, “Analysis of trips and 

destinations”, and “Analysis of motor vehicle operations”. 

2.11 Summary  

Current methods of assessing medical fitness to drive of older drivers often lack 

evidence from real-world driving to support the physician’s decisions for driving 

interventions. To improve upon existing methods, emerging research on naturalistic 
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driving behaviours of older driver using large-scale driving studies (i.e., Candrive) could 

provide solutions to improve existing screening tools by using in-vehicle sensor data to 

quantify driving behaviour and identify important driving patterns. With a large amount 

of data, statistical and pattern recognition techniques are important tools for uncovering 

patterns in the driving data and identifying individual preferences. The patterns in the 

driving maneuvers of older drivers, such as accelerating and decelerating, have been 

shown to uniquely identify the driver and can be used to characterize their baseline 

driving behaviour.   
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3    Chapter: Methodology 

3.1  Introduction  

Real-world data from older drivers were obtained from the Candrive research 

study (see Chapter 1.1.2) to conduct the analysis on driving behaviour of older adults. 

Research ethics approval was obtained from Carleton University Research Ethics Board-

B on May 25, 2016 with the protocol number #100680. The raw data for each participant 

required preparation to minimize errors and to improve accuracy of the data analysis. 

Wallace et al. [64] have pioneered the analysis of the Candrive in-vehicle sensor data by 

developing a data processing framework to cover the fundamental processing steps and 

storage methods of the raw data (e.g., anonymization and data integrity checking) and 

proposing methods for the analysis of the acceleration and deceleration of the vehicles 

[69] and per trip metrics [9]. For this study, the data processing steps were developed as 

an extension to the analysis performed by Wallace et al. for the purpose of the analysis of 

specific driving maneuvers.  

This chapter provides a description of the dataset from the Candrive study and the 

details behind the original data collection procedure. Following the background on the 

data collection, a detailed description of the processing pipeline is presented to describe 

the steps for preparing the raw data for analysis: these steps include data verification and 

identifying invalid data, deriving data variables, and data imputation (i.e., handling 

missing values).  

3.2 Candrive Research Design  

In the Candrive study, participants were recruited from several major Canadian 

cities, and a network of researchers, from the participating research institutions, had 
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collected data on the older drivers for their respective sites (i.e., home city). All 

participants underwent a baseline medical assessment at the beginning of their 

enrollment, which were on different dates. The participant’s own personal vehicle was 

outfitted with the data logging device. Once the data logging device was installed in the 

participant’s vehicle at the beginning of enrollment, it remained in the vehicle for the 

entire duration of the study.  

3.2.1 Candrive Instrumentation 

The data logging device, designed and developed by Persentech (Winnipeg, 

Manitoba, Canada), comprises a central unit named the OttoView-CD, a GPS antenna, a 

RFID Antenna, and a key fob as shown in Figure 3-1. The device recorded data from the 

engine diagnostic sensors and the GPS antenna at 1 Hz sampling frequency (i.e., 1 second 

intervals between samples). Each data sample is time stamped in Coordinated Universal 

Time (UTC), and data were saved locally on a 4GB SD card. Data from the vehicles were 

recorded from the beginning until the end of study, and the raw data were retrieved from 

the SD card in the central unit of the data logging device in 4-month intervals. The data 

logging device was designed to automatically power on when the engine is turned on and 

automatically power down when the engine is turned off. When the data logging device 

was powered on, it automatically began the initialization routine lasting for a few seconds 

(e.g., obtaining the satellite fix) and then started recording the data from the engine 

diagnostic sensors via OBDII port and the longitude and latitude coordinates from the 

GPS signal. The RFID antenna was used to detect the driver’s assigned key fob to keep a 

record of the identity of the driver in the case of a shared vehicle. The entire package is 

small and low-profile to allow for unobtrusive data logging.  
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Figure 3-1. The data logging device, showing the five components, used by Candrive 

research study for data collection: (a) GPS antenna for recording longitude and latitude 

coordinates; (b) the central unit, which is similar to the size of the palm of the hand, for 

recording and storing the sensor data; (c) the connector from the central unit to the 

vehicle engine diagnostic sensors via OBDII port; (d) the RDIF antenna for detecting the 

nearby key fob to track the identity of the driver; and (e) the key fob that is assigned to 

the driver and attached to the car keys [70].  

When the data were extracted from the data logging device, a proprietary 

Windows software application (Candrive Driver Tracking System v1.1.4098.15615) 

developed by Persentech (Winnipeg, Manitoba, Canada) must be used to access the data 

in the SD card. This application downloaded the latest cities’ map data from a proprietary 

municipal database in a proprietary map format, and the information from the 

downloaded maps were used to integrate environmental information based on the 

recorded GPS coordinates such as road sign hazards, traffic alerts, and road speed limits. 

The GPS positional accuracy was within 10 m and GPS speed accuracy was 1.0 km/h 

[70], which was typical for civilian GPS systems. Although working at the limits of 

accuracy can contribute to overestimations or underestimations for the derived variables 

such as distance travelled or vehicle speed, the potential measurement errors can be 

mitigated by working with increased granularity of the data by using summary statistics 

such as means and median values. The dilution of precision (DOP) and the GPS fix status 

(a) 
(b) 

(c) 

(d) (e) 
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were two sensor measurements (i.e., data variables) that were recorded with every single 

sample of the longitude and latitude coordinates. These values indicated the quality of the 

GPS reception; lower DOP values indicated better quality and the fix status indicated the 

number of visible satellites. Many other factors including satellite geometry, surrounding 

buildings, and atmospheric conditions can also affect GPS reception and cause 

inaccuracies in the GPS data. These factors were uncontrolled and were assumed to be 

inherent of the data. 

3.3 Participants 

The participants used for this thesis research satisfied the following three 

inclusion criteria: 

1. Resided in Ottawa, Canada 

2. Sole driver of their vehicle 

3. Stable in cognitive health, stable in physical health, and stable in general health in 

their first year of the Candrive study (collectively termed triple-stable or stable-

health) 

Only participants from the Ottawa site were selected for this study to control for the 

regional differences between cities. There were 257 participating older drivers from 

Ottawa and 28 of those older drivers were the sole drivers of their vehicles (i.e., they did 

not share their vehicles). This ensured that the driving data under analysis was guaranteed 

to be from the intended driver, since some participants who shared their vehicles had 

accidently shared their key fobs. Out of those 28 sole drivers, 12 drivers were clinically 

assessed to be triple-stable during their respective first year of enrolment; that is, stable 

in cognitive, physical, and general health (according to definition in Appendix A.1). This 
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group of participants had a relatively constant health condition throughout their first year, 

which controlled for the effects of changes in health on driving behaviour. Since these 12 

drivers were only categorized as stable-health in their first year, their in-vehicle data 

collected from their first year was selected for this study. These 12 triple-stable, sole 

drivers of their vehicles are listed in Table 3-1 including the amount of driving from their 

first year and summary statistics including standard deviation (σ). 

Table 3-1. Summary of first year data from the 12 triple-stable older drivers who resided 

in Ottawa and were the sole driver of their vehicle 

ID # 
Number of 

Trips* 

Total Distance 

Travelled 

(km) 

Number of 

Hours 

1 1,344 11,686 275 

2 2,084 15,858 574 

3 982 9,900 268 

4 1,482 34,788 515 

5 647 15,063 245 

6 2,222 16,436 373 

7 1,465 11,241 336 

8 1,032 14,179 296 

9 1,072 15,950 289 

10 2,771 35,596 741 

11 1,211 15,554 331 

12 1,360 13,777 314 

Max 2,771 35,596 741 

Min 647 9,900 245 

Mean 1,473 17,502 380 

σ 603 8,517 151 
*Please see Chapter 3.5 for definition of Trips  

3.4 Raw Data Processing 

A complete list of the sensor measurements (i.e., data variables) recorded by the 

data logging device is shown in Appendix A.2. Below is a list of the preliminary 

processing steps performed by Wallace et al. [64] for the anonymization and preparation 

of each raw file: 



 

 

 40 

1) The first valid GPS longitude and latitude coordinate of the data files were set as 

the origin for all proceeding coordinates, and all the following coordinates within 

that file were altered to be relative to the new origin. 

2) The recorded samples were removed if there were an unexpected number of data 

variables, contained invalid calendar dates, or were missing sample numbers (< 1 

% occurrence). 

3) The time zone was set to Eastern Standard Time (EST) for Ottawa (i.e., -5:00 

from GMT) without daylight savings. 

3.5 Data Processing 

From the sensor signals that were recorded Appendix A.2, the data variables listed 

in Table 3-2 were chosen for this study because the other data variables did not contain 

useful information related to the vehicle movement. For location, the longitude and 

latitude coordinates were recorded without elevation, which was not considered in this 

study. For all distance calculations, the earth was assumed to be an ellipsoid according to 

the World Geodetic System 1984 (WGS84) world standard for GPS reference coordinate 

systems. Vehicle speed was both measured from the engine computer (𝑉𝑂𝐵𝐷𝐼𝐼) and from 

the GPS antenna (𝑉𝐺𝑃𝑆). The posted speed limit (𝑉) was recorded at every location of the 

vehicle and included the following speeds: 0, 40, 50, 60, 70, 80, and 100 km/h, where 0 

km/h indicated an absence of speed limit information for the current roadway. The trip 

number was an incremental counter for every new trip taken by the driver.  
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Table 3-2. The data variables that were selected from the raw sensor data for the analysis 

of driving behaviour. 

Data Variables Units/Format Symbol Format Example 

Date & Time Date String - 

DD Month 

YYYY 

hh:mm:ss 

27 July 2012 

11:09:37 

Longitude & 

Latitude  

Decimal 

Degrees 
- 

(XX.XXXXXX, 

XX.XXXXX) 

(23.123456,-

34.654321)* 

OBDII Speed km/h 𝑉𝑂𝐵𝐷𝐼𝐼 XX 82 

GPS Speed km/h 𝑉𝐺𝑃𝑆 XX.X 82.5 

Posted Speed 

Limit 
km/h 𝑉 XX 40 

Trip Number Integer - XXX 200 

*Altered for anonymity 

The processing pipeline, shown in Figure 3-2, was implemented in MATLAB 

2017b using parallel processing on the local machine to process the selected raw sensor 

from Table 3-2. 
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2. Data Cleaning

4. GPS Cleaning

6. 
Prepare 

Trips

3. Trip Segmentation

5. Derive Variables
(e.g., distance)

Quality 
Assesment

Unreliable

Imputation

Historical 
Weather

High Quality

Medium QualityLow Quality

Start

End

Sunrise & 
Sunset Times

1. Check Raw CSV Files

 

Figure 3-2. Processing pipeline for the data processing steps of the sensor data 

For Figure 3-2, each of the numbered steps are described below: 

 

1) A unique identification number was assigned to each participant and the CSV files 

that contained the data were organized by driver. Each measurement was verified to 

have realistic values (e.g., 𝑉𝐺𝑃𝑆 < 150 km/h). If missing or invalid values were 
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detected at the beginning or end of the data in the file, these values were replaced 

with the nearest neighbouring valid value, whereas linear interpolation from the 

adjacent valid values was used for the rest of the data in the file. Appendix A.2 lists 

the data verification rules applied to each data variable and the corresponding 

occurrence rates of the invalid values.  

2) The sensor data was segmented into trips, which were the periods between the 

automatic starting of the data logging when the engine turned on until the automatic 

stopping of the data logging when the engine turned off. Trips that were less than 2 

minutes or shorter than 100 meters were removed (~1% of all trips), which 

represented events such as accidently turning on and off the engine or when the 

vehicle was idling. 

3) The longitude and latitude coordinates were inspected for invalid values by checking 

the following: fix status is “No Fix”, contained missing values, contained impossible 

distances travelled between coordinates (i.e., > 150 km/h), or DOP > 5. All the 

invalid GPS coordinates were identified for each trip (~6% of all samples), and the 

trips were categorized into three groups based on their invalid GPS coordinates: 

• High Quality: absence of any invalid coordinates (~98% of all the trips). 

From visually inspecting a sample of 30 routes from different drivers, the 

longitude and latitude did not have any visible GPS jitter that is common in 

smartphones-based GPS tracking [66]. Smoothing filters were not required for 

the longitude or latitude signals.     

• Medium Quality: contained a few invalid coordinates such as when the 

vehicle travels momentarily under a bridge or through a tunnel. A few 
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instances when the sensor data was erratic at the beginning of the data logging 

were observed and these were imputed by replacing with the nearest valid 

neighbouring coordinate as shown in Figure 3-3. For invalid values during a 

trip, it was imputed by linearly interpolation of the longitude and latitude 

values. The GPS speed was imputed by copying the values from the OBDII 

speed, 𝑉𝐺𝑃𝑆 = 𝑉𝑂𝐵𝐷𝐼𝐼  (~1% of all the trips). 

• Low Quality: contains many invalid coordinates (i.e., more than three 

contiguous segments of coordinates lasting 10 s) during the trip. These trips 

were considered unreliable and were subsequently discarded (<1% of all the 

trips).      

From the quality assessment of all trips, a small portion of the trips (~ 2%) have medium 

or low quality. 

  

Figure 3-3. (a) Invalid GPS coordinates were detected in the latitude channel. (b) The 

same latitude data after cleaning had no extreme values. 

4) To be able to use Universal Trans Mercator (UTM) map projection for deriving 

variables, the coordinates must be shifted back to the Ottawa region to obtain the 

proper map zone. Accordingly, the origins were shifted to a location that was 
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roughly in the middle of downtown Ottawa. The new origin became (+45.416666o,-

75.700000 o), such that the GPS data of all the participants were approximately in the 

Ottawa region.   

5) The speed measured from the GPS (𝑉𝐺𝑃𝑆) was compared to the speed from the 

engine computer (𝑉𝑂𝐵𝐷𝐼𝐼) for each trip to remove any values that were significantly 

different from each other by replacing any 𝑉𝐺𝑃𝑆 that were greater than three standard 

deviations of the relative differences (Eq. 3-1) with the 𝑉𝑂𝐵𝐷𝐼𝐼 [6, p.50]. 

𝑟𝑒𝑙𝐷𝑖𝑓𝑓[𝑛] = {

0 𝑉𝐺𝑃𝑆[𝑛] && 𝑉𝑂𝐵𝐷𝐼𝐼[𝑛] =  0

𝑉𝐺𝑃𝑆[𝑛] −  𝑉𝑂𝐵𝐷𝐼𝐼[𝑛]

𝑚𝑒𝑎𝑛(𝑉𝐺𝑃𝑆[𝑛],  𝑉𝑂𝐵𝐷𝐼𝐼[𝑛])
𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 
Eq. 3-1 

Typically, automobile manufacturers design the speedometer to report slightly higher 

than actual speed of the car to err on the side of caution and improve safety. 

Moreover, Wallace [55] compared the speed reported from the OBDII (𝑉𝑂𝐵𝐷𝐼𝐼) and 

the GPS sensor (𝑉𝐺𝑃𝑆) using the Candrive sensor and showed evidence that 𝑉𝑂𝐵𝐷𝐼𝐼 

had an accuracy of 10% (e.g., ± 4 km/h at 40 km/h), while the 𝑉𝐺𝑃𝑆 had an accuracy 

of ± 0.4 km/h. Thus, the 𝑉𝐺𝑃𝑆 was more accurate and was considered the primary 

source of the vehicle’s speed, and the 𝑉𝑂𝐵𝐷𝐼𝐼 was the secondary source. However, 

𝑉𝐺𝑃𝑆 was prone to errors due to occasional GPS drifts and inaccuracies. The 𝑉𝑂𝐵𝐷𝐼𝐼 

had greater consistency from not being afflicted by GPS errors, but also contained 

more missing values. Therefore, 𝑉𝑂𝐵𝐷𝐼𝐼 was a reliable secondary source for 

correcting the GPS speed when invalid values were detected (~6% of all samples). 

6) The time-series of GPS coordinates, called the GPS trace, contained errors due to the 

GPS drifts, where there was recorded movement of the vehicle according to the GPS, 

but the automobile was stationary according to the 𝑉𝑂𝐵𝐷𝐼𝐼 (e.g., stopped at a red 
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traffic light) (~2% of all coordinates). This phantom speed caused an overestimation 

of the distances travelled and was also observed at the beginning of some of the trips 

where it was clearly evident that the car was stationary. The 𝑉𝐺𝑃𝑆 was corrected to 

match the 𝑉𝑂𝐵𝐷𝐼𝐼  whenever the vehicle was stationary, using the following 

conditions: 

If (𝑉𝑂𝐵𝐷𝐼𝐼 == 0 km/h), then 𝑉𝐺𝑃𝑆 = 0 km/h 

Accordingly, the GPS coordinates were corrected to the location before the drifting 

occurred making the GPS trace a more accurate record of the true path travelled 

(Figure 3-4).  

 

 

  

Figure 3-4. An example of one entire trip (top) showing the GPS drift, which commonly 

occurred when the vehicle was stationary, marked inside the red circle. The magnified 

view of the GPS drift (bottom left) showing the impossible vehicle movements corrected 

into a straight line (bottom right), which more accurately approximated the actual route of 

the vehicle. 

After correcting for the GPS drift, the timestamp of all the samples were adjusted to 
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account for daylight savings time.  

3.5.1 Historical Weather Data 

The historical hourly and daily weather in Ottawa was integrated into the data. 

Since the participant’s exact location was anonymous, the weather was approximated by 

using the weather recorded by the main airport in Ottawa, the Macdonald–Cartier 

International Airport. The files were downloaded from the public website hosted by the 

Government of Canada website [71]. The downloaded data were formatted into CSV files 

for each respective year. The weather information (e.g., temperature, outlook, rain level) 

was integrated into the data by adding the weather to each sample for every trip. The 

missing values were imputed by using the nearest neighbouring valid samples and empty 

data variables were removed. The weather was reported in Local Standard Time and thus, 

daylight savings time was added manually. A summary of the data verification and 

imputation methods for the hourly and daily reported weather data is presented in 

Appendix A.3. 

3.5.2 Sunset and Sunrise Data 

To determine the amount of daylight during the day, the sunset and sunrise times 

for each day was integrated into the sensor data. The sunset and sunrise times were 

obtained from the publicly accessible website hosted by the National Research Council of 

Canada [72]. The data were verified to have no missing values and all realistic times. The 

times were reported in Local Standard Time (Ottawa) and all times were manually 

adjusted for daylight savings time. 

3.6 Derived Variables 

After performing data verification and imputation on the data variables, additional 
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variables were derived. Since the movement of the vehicle is essential for the analysis of 

driving behaviour, the acceleration, jerk, and distance travelled were calculated as 

described in Table 3-3. 

Table 3-3. Derived variables for each trip from the processed sensor data. 

Variable Symbol Units Description 

Instantaneous 

distance 
𝑑[n] m 

The distance travelled between the current 

coordinate and the previous coordinate was 

estimated by using the geodesic arc length 

(shortest distance) with an ellipsoid reference 

shape as define in WGS84. It was beneficial to 

relocate the anonymous map data to Ottawa 

for better estimation of the distances.  

Total distance 𝑑𝑇 km The distance travelled during the entire trip. 

Change in 

heading 
∆ℎ[𝑛] degrees 

The change in heading is the change in the 

direction of travel from the current heading to 

the next as seen on a map using the UTM map 

projection (Eq. 3-2). 

Direction of the 

change in heading 
∆ℎ𝑑𝑖𝑟[𝑛] 

{left, 

right} 

Describes whether the change in heading is 

leftwards or rightwards relative to the previous 

heading (Eq. 3-3). 

Instantaneous 

tangential 

acceleration  

𝑎𝑡[𝑛] m/s2 

Describes the rate of change in speed over time 

of the vehicle at each position. It was 

calculated using a 2-point central difference 

formula (Eq. 3-4) [73].  

Instantaneous jerk 𝑗[𝑛] m/s3 

Describes the rate of change (i.e., smoothness) 

in acceleration over time of the vehicle at each 

position. It was calculated using a 2-point 

central difference formula (Eq. 3-4). 

 

∆h[n] =  𝑐𝑜𝑠−1
𝐴 ∙ �⃗⃗�

|𝐴||�⃗⃗�|
 

                           where, 
Eq. 3-2 𝐴  =  (𝑥[𝑛 + 1]  −  𝑥[𝑛], 𝑦[𝑛 + 1] − 𝑦[𝑛])

�⃗⃗�  = (𝑥[𝑛] −  𝑥[𝑛 − 1], 𝑦[𝑛] −  𝑦[𝑛 − 1])
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∆ℎ𝑑𝑖𝑟[𝑛] =  {
𝐿𝑒𝑓𝑡,  𝑠𝑖𝑔𝑛  (𝐴⃗⃗⃗⃗⃗⃗ ×𝐵)⃗⃗⃗⃗ ⃗𝑧 =  𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑅𝑖𝑔ℎ𝑡, 𝑠𝑖𝑔𝑛  (𝐴⃗⃗⃗⃗⃗⃗ ×𝐵)⃗⃗⃗⃗ ⃗𝑧 = 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒
 

 

Eq. 3-3 

𝑎𝑡[𝑛] =  
𝑉𝐺𝑃𝑆[𝑛 + 1] − 𝑉𝐺𝑃𝑆[𝑛 − 1]

2
 

 

Eq. 3-4 

𝑗[𝑛] =  
𝑎𝑡[𝑛 + 1] − 𝑎𝑡[𝑛 − 1]

2
 

 

Eq. 3-5 

3.7 Map Projection 

For the heading calculations (∆ℎ[𝑛] and ∆ℎ𝑑𝑖𝑟[𝑛]), the measured units of position 

were converted from 3D coordinates system (i.e., longitude and latitude in decimal 

degrees) to 2D Cartesian coordinate system (i.e., x-axis called eastings indicate the 

horizontal position and y-axis called northings indicate the vertical position in meters as 

represented by (𝑥[𝑛], 𝑦[𝑛])) using UTM map projection [74]. The UTM map projection 

uses distinct codes for different regions, called UTM zones, on the Earth to minimize 

distortions in map projection and is among the most popular map projections. Since 

almost all the drivers’ trips occurred in Ottawa, which is within a single zone (i.e., zone 

18), the UTM map projection was appropriate for the most accurate representation of the 

3D coordinates system. A disadvantage is that the UTM map projection is less accurate 

when the drivers’ trips crossed UTM zones (e.g., travelling from Ottawa to Toronto 

crosses zones 17 and 18), however these long distance trips were uncommon. 

OpenStreetMap was used for the 2D map display of the GPS data. 

3.8 Summary 

To study the driving behaviour of older adults in their natural environment, this 

study used the real-world data that were obtained on stable-health older drivers from 
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participants of the Candrive research study, which used a data logging device to record 

daily driving activities of older drivers. This chapter described the Candrive study, the 

processing pipeline, and the data integration with external data sources to prepare the raw 

sensor data for analysis. The benefit of the data processing was minimizing errors during 

the analysis of the driving behaviour by cleaning invalid measurements to obtain a more 

accurate record of their driving activity. From the quality assessment of all the trips, 

about 98% of the trips did not have any invalid GPS data, which indicated that most of 

the data were high quality. Around 1% of the trips had minor errors that required data 

imputation, while another 1% of trips contained major errors and were discarded. 

Although about 98% of trips were high quality, GPS drifts occurred in each instance the 

vehicle was stationary, and thus the GPS drifts were identified and corrected for all trips. 

By completing the data verification and processing steps, the sensor data were prepared 

for the analysis of driving maneuvers.  
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4    Chapter: Identifying Turns in the GPS Data 

4.1 Introduction 

One of the most important driving maneuvers is maneuvering the vehicle around 

bends and corners on the road, called cornering. Cornering is a basic skill that every 

driver develops and is an essential skill for driving safely. For the novice drivers, 

cornering is simply no more than turning the steering wheel while obeying all the traffic 

signs and rules. For experienced drivers, advance driving techniques improve cornering 

efficiency and aid in difficult driving conditions. Drivers have their own individual 

preferences on how fast or slow they drive while cornering. For example, some drivers 

prefer approaching a bend at slower speeds while another at faster speeds, and some 

drivers prefer accelerating during the turn or upon exiting the turn.  

To analyze the cornering of older drivers, the portions of the trip where the 

vehicle was turning must be identified. The GPS trace, which is the time-series samples 

of coordinates that comprise the path of a trip, contained corners and bends that indicate 

when and where the vehicle was cornering. Since there may be thousands of trips taken 

by a driver, a computer algorithm must be implemented to automatically and effectively 

identify the corners and bends in the GPS trace. Wallace et al. [56] have studied the 

turning maneuvers from GPS data and they used a common approach by applying a 

threshold to the change in heading to filter for turning points, which are the coordinates 

that lie within the turn itself. The proposed algorithm by Wallace et al. [56] had a 73% 

true positive rate, 3% false positive rate, 14% false negative rate for a threshold of 30o in 

change in heading.   

This chapter proposes and evaluates the performance of three different algorithms 
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for identifying turns in the GPS trace. Firstly, the criteria of a turn are defined and the 

three turn-identification algorithms are explained. Secondly, GPS data were collected to 

create six independent trips to create a gold standard for the performance evaluation of 

the three algorithms. Lastly, the results from testing the algorithms are discussed 

including the false positives and negatives of each turn-identification algorithm.      

4.2 Methodology 

4.2.1 Definition of a Turn 

A turn is a portion of the GPS trace where the vehicle was in the act of cornering, 

which occurred when there were substantial corners or bends in the GPS trace and the 

vehicle was consistently changing directions either leftwards or rightwards while 

travelling forward. Figure 4-1 shows an example of a typical turn in the GPS trace and 

the equivalent map display of the same turn. Using the data logging device as described 

in Chapter 3.2.1, unanonymized GPS data were collected from driving within the city of 

Ottawa in a 2016 compact sedan with automatic transmission to create test cases (i.e., 

trips) to evaluate the turn-identification algorithms. Unlike the GPS data from Candrive, 

this GPS data contained the actual coordinates for all the trips, which aided in accurately 

labeling the turns. Using the observations made from many manually identified turns, a 

list of the main characteristics are listed in Table 4-1. Although the on-ramp and off-

ramps of an expressway are more like loops instead of corners or bends, they were 

considered to be turns as well. The turns that occurred while maneuvering in a confined 

area, such as a parking lot, were not considered because the drivers’ behaviours (i.e., 

individual preferences) were better characterized by the common, reoccurring turns 

during the trips rather than the unpredictable and irregular maneuvering in response to 



 

 

 53 

other drivers. A turn is represented by (𝑥[𝑛], 𝑦[𝑛]) as the eastings and northings 

coordinates of the turn in a trip for 𝑛 =  𝑘, 𝑘 + 1,… , 𝑘 + 𝑁, where k is the starting 

sample of the turn and N is the duration of the turn. The turns must satisfy the criteria 

defined in Table 4-1. These criteria were necessary for achieving a low false positive rate 

for identifying turns. 

                     

Figure 4-1. (a) Example of a turn showing the recorded GPS coordinates and (b) the same 

turn projected on to a map with a green marker to indicate the center of the turn. The 

turning angle in the figures are not to scale. 

 

Table 4-1. The criteria for a turn in the GPS trace. 

Item # Rule Rationale 

1 
Duration is at least 3 seconds. 

𝑁 ≥  3 

This is important to remove 

impossible vehicle movements due to 

occasional GPS inaccuracies and 

quick maneuvers such as overtaking a 

vehicle or changing lanes. 

2 

Constant heading direction throughout 

the turn 

∆ℎ𝑑𝑖𝑟[𝑛] =  𝑙𝑒𝑓𝑡 𝑜𝑟 𝑟𝑖𝑔ℎ𝑡 
 

One continuous turning motion has a 

constant direction either leftwards or 

rightwards. A turn with a non-

constant heading direction may 

indicate unusual steering such as 

when the driver had to maneuver the 

vehicle to avoid obstacle. 

3 

All change in headings must be 

between 6o and 90o. 

6° ≤ ∆ℎ[𝑛] ≤ 90° 

It was physically impossible to have a 

change in heading that exceeded 90o 

while travelling forward (i.e., second 

to second change in heading), but it 

was possible from maneuvering in 

reverse, such as leaving the driveway, 

which was not counted as a turn. 

Eastings 
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After manually labeling and 

inspecting the start and end of each 

turn from a variety of trips, the 

threshold of 6o was determined for 

straight paths by selecting the 

minimum ∆ℎ[𝑛] among all the 

manually identified starts and ends of 

the turns. 

 

  



 

 

 55 

4.2.2 Training and Testing 

Six trips were created to evaluate the performance of the three turn identification 

algorithms (Table 4-2) using independently collected GPS data as described in Chapter 

4.2.1. These trips were designed to test a wide variety of common turning scenarios 

encountered in real-world driving to be representative of the turns in the GPS data from 

Candrive. The start and end of every turn was manually labeled, according to the criteria 

in Table 4-1, for all test cases to create a gold standard for which to compare with the 

experimental results from each algorithm. Figure 4-2 shows an example trip #5. 

Table 4-2. Description of the six test cases for the turn-identification performance 

evaluation. 

Trip # Number Of Turns Description of the Trips 

1 13 Expressway and downtown in light traffic  

2 32 Expressway and downtown in heavy traffic  

3 14 Expressway and residential in moderate traffic  

4 68 Residential and arterial roads in light traffic#1   

5 44 Residential and arterial roads in light traffic#2 

6 97 
Residential, arterial roads, and expressway in light 

traffic 

Total: 268 There was minimal overlap in routes between trips 

   

 
Figure 4-2. The entire route for trip #5 showing a variety of turns and paths taken by the 

vehicle.  

 

4.2.3 Turn-Identification Algorithms  

The three turn-identification algorithms involved locating the coordinates that 

occur within a turn, and then locating the start and the end of the turns. The first 
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algorithm was based on a threshold on the change in heading to find significant corners 

and bends, and this algorithm was implemented by Wallace et al. [56] for counting the 

number of turns in a trip. The second algorithm was an extension of the first algorithm by 

simplifying the GPS trace before applying a threshold on the change in heading to 

emphasize the corners. The third algorithm was based on the radius of curvature at each 

sampled coordinate to filter for turns based on its physical size.  

4.2.3.1 Algorithm #1: Threshold Heading 

The first algorithm was the simplest of the three because it only applied a 

threshold to ∆ℎ[𝑛] to determine the points that lie within the turns. The disadvantage of 

this approach was that the candidate turning points were affected by the vehicle’s speed 

and not strictly on the geometry of the path. For the same turn, it is possible that 

travelling slower will change ∆ℎ[𝑛] during the turn and making it fall below the chosen 

threshold. Another disadvantage is that it can be sensitive to gradual curves in the road 

and sporadic maneuvering, such as overtaking another vehicle, when the threshold is too 

low. Below is a list of the main steps of the algorithm: 

1. Temporarily remove any coordinates that have 0 km/h vehicle speed 𝑉𝐺𝑃𝑆 (i.e. 

when the vehicle is stopped). This ensures that interrupted turns are not counted 

as two turns. 

2. Apply a threshold 𝜃 to the change in heading (∆ℎ[𝑛] > 𝜃) to select the desired 

candidate turning points (i.e., a coordinate that exists within a turn). A candidate 

turning point was represented by ∆ℎ𝑐
𝑖[𝑛]  for the ith candidate turning point for a 

trip. 

3. For each candidate turning point, perform a forward (3a.) and backward search 
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(3b.) of the neighbouring coordinate samples to determine the start and end of the 

turn, which were the last neighbouring points that satisfied the criteria specified in 

Table 4-1.  

3a. Forward search until ∆ℎ𝑐
𝑖[𝑛 + 𝑘] <  6°  or ∆ℎ𝑐

𝑖[𝑛 + 𝑘] > 90° 

3b. Backward search until ∆ℎ𝑐
𝑖[𝑛 − 𝑘] <  6°  or ∆ℎ𝑐

𝑖[𝑛 − 𝑘] > 90° 

4. Add the 0 km/h stationary coordinates back into the GPS data and mark the start 

and end points of all turns in the unmodified GPS data. The start and end points 

were the farthest neighbouring points from the candidate turning points 

∆ℎ𝑐
𝑖[𝑛] that satisfied the criteria specified in Table 4-1. Also, ensure there were 

no duplicate turns by removing repeated turns from the list. 

4.2.3.2 Algorithm #2: GPS Trace Reduction 

To improve upon the first algorithm, the second simplified and reduced the GPS 

trace before applying a threshold on the change in headings ∆ℎ[𝑛]. Since the first 

algorithm can be sensitive to gradual curves and susceptible to occasional quick 

maneuvers, reducing these curves in the GPS trace to emphasize the location of the 

corners could improve performance. Below is a list of the main steps of the algorithm: 

1. See Chapter 4.2.3.1 step #1. 

2. Simplify and reduce the GPS trace to fewer coordinates by using Ramer-Douglas-

Peucker algorithm (RDP) [75] [76], which is a line simplification algorithm with 

the goal of taking a curve, which was represented by line segments, and finding a 

similar curve that contained fewer line segments. A single parameter, the 

tolerance (𝜏), was the distance in meters of how far the new path (i.e., line 

segments) can deviate from the original path. For larger 𝜏, more of the sampled 
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coordinates were removed from the GPS trace and the sharper turns were 

preserved. 

3. Apply a threshold 𝜑 to the change in heading created from applying RDP 

(∆ℎ𝑅𝐷𝑃[𝑛] >  𝜑), which was based on the reduced GPS data, to select the 

candidate turning points.  

4. See Chapter 4.2.3.1 step #4. 

5. See Chapter 4.2.3.1 step #5. 

4.2.3.3 Algorithm #3: Radius of Curvature 

The first and second algorithms depended on the change in heading for 

identifying the candidate turning points. The third algorithm identified the turns based on 

the geometry of the road, but was also affected by the vehicle speed. To do so, the third 

algorithm inspected the radius of curvature at each coordinate in the GPS trace to 

determine the candidate turning points. The advantages include filtering out turns that 

occurred on much smaller and larger curves. Below is a list of the main steps of the 

algorithm. 

1. See Chapter 4.2.3.1 step #1. 

2. Fit a piecewise cubic Hermite interpolating polynomial (pchip) [77] to the 

longitude samples 𝑥(𝑡) and latitude samples 𝑦(𝑡) to obtain a piecewise 

continuous function that described the route travelled by the vehicle. Pchip is 

known as a shape preserving piecewise cubic interpolation because it has less 

oscillations than other interpolating methods (e.g., cubic spline) and better 

approximated the route by not introducing any curves in the path.  

3. Calculate the first and second derivatives of the interpolated functions and then 
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calculate the instantaneous radius of curvature (𝑅𝑐) at each sampled coordinate 

using Eq. 4-1. 

 

𝑅𝑐 = 
[(𝑥′)2 + (𝑦′)2]

3
2

|𝑥′𝑦′′ − 𝑥′′𝑦′|
 Eq. 4-1 

4. Apply an upper threshold 𝜌𝑢 and lower threshold 𝜌𝑙,  (𝜌𝑙 < 𝑅𝑐[𝑛] < 𝜌𝑢) to the 

radius of curvature to obtain a list of candidate turning points.  

5. See Chapter 4.2.3.1 step #4. 

6. See Chapter 4.2.3.1 step #5. 

4.2.4 Performance Evaluation 

The performance was evaluated using the six trips. The testing and training 

scheme followed a holdout cross validation (CV), where the first 5 smaller trips were 

chosen as the training cases to optimize the parameters and the 6th trip was chosen as the 

testing case to obtain the test scores to generalize the performances. For training, a 

parameter sweep was used to vary the thresholds and determine the parameters that 

achieved the best performances as follows:  

1. Algorithm #1: Perform a parameter sweep from 0 o to 90o in steps of 1o for 

the threshold angle 𝜃. 

2. Algorithm #2: Perform a parameter sweep from 0 to 90o in steps of 1o for 

the angle 𝜑 and 1 to 30 m in steps of 1 m for the tolerance 𝜏. Disregard 0 

m to avoid overlapping results with algorithm #1. 

3. Algorithm #3: perform two iterations of the parameter sweep by first 

determining the upper threshold 𝜌𝑢 from 0 to 50 m in steps of 1 m to 

remove gradual bends in the GPS trace and then repeat the parameter 

sweep for 𝜌𝑙 from 0 m to 𝜌𝑢 in steps of 1 m.   
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The experimental results of each test case were compared to the labeled trips and the 

results were summarized by the true positives (TP) (i.e., the number of correctly 

identified turns), false positives (FP) (i.e., the number of identified turns that were 

incorrect), false negatives (FN) (i.e., the number of missed turns), Precision (PC; Eq. 

4-2), and Recall (RC; Eq. 4-3). The best parameters were chosen to maximize the 

weighted harmonic mean of the PC and RC, F-score (Eq. 4-4), where the 𝛽 factor adjusts 

the weight between the FN and FP errors. Since it was desirable to have lower FP than 

FN and simultaneously a high TP, 𝛽 was set to 0.5 to weigh the FN less to put a higher 

penalty on FP. It was more acceptable to have missed turns rather than include false turns 

because the missed turns would be represented by the large number of identified turns, as 

long as the FN were much lower than the TP. 

  

𝑃𝐶 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

 

Eq. 4-2 

  

𝑅𝐶 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

 

Eq. 4-3 

  

𝐹𝑠𝑐𝑜𝑟𝑒 = (1 + 𝛽2) (
𝑃𝐶 ∙ 𝑅𝐶

(𝛽2  ∙ 𝑃𝐶) + 𝑅𝐶
) 

 

Eq. 4-4 
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4.3 Results  

 

4.3.1 Algorithm #1: Threshold Heading 

The results from training on the 5 trips, using algorithm #1, were summarized in 

Figure 4-3. 

 
Figure 4-3. The performance of algorithm #1 on the 5 training trips showing the F-score 

for a parameter sweep of the threshold angle 𝜃 between 0o to 90o in steps of 1o. The 

threshold angle 𝜃 that maximized the F-score was 17o
, as shown by the square marker.  

 

From Figure 4-3, the largest F-score was 95.5% which corresponded to the 𝜃 = 17o with 

RC = 92.4%, PC = 96.3%, TP = 158, FN = 13, and FP = 6. The number of FN was 8.2% 

of all 268 turns. To verify the validity of the gold standard, RC was 100% when 𝜃 = 0o, 

which demonstrated that all the manually labeled turns were identifiable by the 

algorithm.   
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4.3.2 Algorithm #2: GPS Trace Reduction 

The results from training on the 5 trips, using algorithm #2, were summarized in 

Figure 4-4. 

  

Figure 4-4. The performance of algorithm #2 on the 5 training trips showing the F-score 

for a parameter sweep of 𝜑 between 0o to 90o and 1 m to 30 m. The angle 𝜑 and 

tolerance 𝜏 that yielded the best F-score was 40o and 6 m respectively, as shown by square 

marker. 

 

From Figure 4-4, the largest F-score was 94.2% which corresponded to the threshold 

angle of 𝜑 = 40o and 𝜏 = 6 m with RC = 90.6%, Precision = 95.1%, TP = 155, FN = 16, 

and FP = 8, where FN was 5.2% of all 268 turns. 
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4.3.3 Algorithm #3: Radius of Curvature 

The results from training on the 5 trips, using algorithm #3, were summarized in 

Figure 4-5. 

   
 

Figure 4-5. The performance of algorithm #3 on the 5 training trips showing the highest 

F-score as indicated by the square marker (a) for a parameter sweep of 𝜌𝑢 between 0 to 

50 m to determine the upper threshold, which was 16 m, and (b) the F-score for the lower 

threshold 𝜌𝑙 was 2 m.  

 

From Figure 4-5b, the largest F-score was 94.0% with Recall = 95.3%, Precision = 

93.7%, TP = 163, FN = 8, and FP = 11, where FN was 3.0% of all 268 turns. The 𝜌𝑙 = 2 

m and 𝜌𝑢 = 16 m thresholds were much smaller than the typical range of the actual 

geographical radius of turns (i.e., roughly 4 m to 70 m, please see Chapter 5). Since the 

pchip interpolation approximated the paths in between coordinates with nearly straight 

lines, the turns were essentially represented by many line segments and the instantaneous 

curvature at each coordinate (x[n], y[n]) were much smaller than if a circle (i.e., curve) 

was fitted to a turn to calculate the approximate turn radius to describe the geographical 

size of the turn (Chapter 5). 

 

 

  

(a) (b) 
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4.4 Discussion  

The results from testing on trip #6 by using the optimized parameters from the 

training cases are summarized in Table 4-3. 

Table 4-3. Comparison of the three turn-identification algorithms using the optimized 

parameters that yielded the largest F-score from training. 

Algorithm Parameters TP FN FP 
RC 

(%) 

PC 

(%) 

F-score 

(%) 

1 17o 97  0 4 100 96.0 96.8 

2 6 m , 40o 94 3 2 96.9 97.9 97.7 

3 2 m, 16 m 97 0  9 100 91.5 93.1 

As shown in Table 4-3, algorithm #2 had the largest F-score (97.7%) with the lowest FP, 

but highest FN. Algorithm #1 and #3 had the highest recall (100%), and algorithm #1 had 

the second highest F-score (96.8%) followed by algorithm #3 with the lowest F-score 

(93.1%). Since the penalty of FP was considered higher than FN, algorithm #2 was the 

highest ranked turn-identification algorithm among the three because it had the lowest 

FP, while still having a large TP (RC = 96.9%) to provide a large pool of cornering 

examples. The advantage of algorithm #2 was that the reduction of the GPS trace 

generally eliminated the small and gradual turns to reduce FP. Algorithm #1 and #3 tend 

to be more susceptible to the small and gradual curves. In general, all three algorithms 

had high PC (> 90%) and high RC (> 96%). When compared to the previous study by 

Wallace et al. [56], algorithm #2 had higher TP rate by about 23% (96% vs. 73%), lower 

FN rate, and similar FP rate from testing and training on about the same number of 

manually labeled turns (~200). Although algorithm #2 seemed to outperform the previous 

study, the difference in performance could also be contributed by the discrepancies in the 

testing methodology and the dissimilar datasets, which included different routes with 

different representative traffic scenarios. 
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 Since the absolute GPS position was not available in the Candrive dataset to label 

the turns accurately, a true turn-identification performance cannot be assessed with the 

Candrive dataset. Instead, the three proposed turn-identification algorithms were 

evaluated for a single subject with a dataset created from the Candrive sensor, but the 

limitation on generalizability was from testing on only one participant, which can be 

improved in future studies by having more participants involved. To assess the 

generalizability on the Candrive dataset, algorithm #2 was tested on the Candrive dataset 

(as shown in Figure 5-1 in Chapter 5.2.1), and several randomly chosen trips across 

different drivers were manually inspected for the locations of the turning maneuvers, of 

which most of the turns (i.e., major corners and bends) were correctly identified and only 

a small proportion appeared to be misclassified. As long as the TP was much greater than 

the misclassification errors, the pool of examples of the turning maneuvers would be 

dominated by the true turns.    

4.4.1 Misclassification Errors 

An example of a FP for algorithm #1, Figure 4-6, shows a sudden curve in the 

path that was caused by overtaking another vehicle. The ∆ℎ[𝑛] within this curve was 

above the threshold and was categorized as a turn.  

 

Figure 4-6. An example of FP in the GPS trace by algorithm #1 as indicated by the red 

marker on a map display with the trace of the route. 
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An example of a FP in Figure 4-7 for algorithm #2 shows that the reduced GPS 

trace altered the gentle curve into a prominent corner, which was recognized as a turn. An 

example of a FN in Figure 4-8 for algorithm #2 shows that the reduced GPS trace altered 

the corner, as shown by the single green marker and red star, such that the two turns in 

close vicinity was recognized as one turn. 

           

 

Figure 4-7. An example of a FP for algorithm #2 which was caused by a short curve in 

the road (red star) that was emphasized when reducing the GPS trace. (a) The map 

display shows the turns from the gold standard (green marker) and the identified turns by 

the algorithm (red marker). (b) The coordinates of the path. (c) The reduced GPS data of 

the same route. 

(a) (b) 

(c) 
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Figure 4-8. An example of a FN for algorithm #2 (red star). The turn (red star) was more 

gradual than the other turn (red marker), and the reduction of the GPS trace did not 

emphasize the corner. Since the two turns were in close vicinity, the turns were merged 

into one larger and sharper turn. (a) The map display shows the turns from the gold 

standard (green marker) and the identified turns by the algorithm (red marker). (b) The 

coordinates of the path. (c) The reduced GPS data of the same route. 

An example of the FP for algorithm #3 in Figure 4-9 shows a short curve in the 

road where the 𝑅𝑐[𝑛] within this curve was above the threshold and was recognized as a 

turn. This misclassification error was similar to the FP for algorithm #1 and #2. 

 
Figure 4-9. An example of a FP for algorithm #3 (red star), where a gentle curve was 

mistaken as a turn. 

 

(a) (b) 

(c) 
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4.5 Conclusion 

 

To identify turns in the GPS data, three algorithms were proposed and evaluated 

using six trips of independently collected data from the Candrive data. In general, all 

three algorithms had high PC (> 90%) and high RC (> 96%). Algorithm #2 had the best 

performance of the three because it had the highest F-score (97.7%) and the highest 

precision (97.9%). Algorithm #1 and #3 were more sensitive to small and gradual curves 

in the GPS trace, and algorithm #2 used the reduction of the GPS trace to remove many 

of these small or gradual curves before searching for turns. Algorithm #2 was 

implemented for the analysis of the turning maneuvers in the Candrive data to efficiently 

identify the examples of cornering with high accuracy for a large number of trips. 
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5    Chapter:  Similarities and Differences in Maneuvering Behaviour 

5.1  Introduction 

Driving safety requires a proficiency in maneuvering the vehicle while obeying 

the traffic laws. Many basic driving maneuvers, such as slowing down the vehicle before 

a stop sign or negotiating a turn around a corner in the road, are encountered frequently in 

everyday driving and these maneuvers are influenced by individual preferences as well as 

the driving conditions. For example, one driver may prefer to brake abruptly before a stop 

sign for a thrilling ride, while another driver may prefer gradually braking for a gentler 

ride. These individual preferences could change or remain the same overtime depending 

on many factors including physical and cognitive health. Since older drivers’ health can 

influence their driving behaviour (e.g., dementia) [34], changes in the drivers’ physical or 

cognitive health may be reflected in how they operate their vehicle (e.g., maneuvering). 

As older drivers continue to age and experience deterioration in health, a change in their 

maneuvering behaviour could provide real evidence of at-risk behaviour and a decline in 

the ability to drive safety.  

The purpose of this chapter was to explore the general similarities and differences 

in the maneuvering behaviour among the 12 stable-health older drivers and propose a 

method to measure the consistency of their maneuvering behaviour during their baseline 

year. Some similarities and difference among stable-health drivers were shown from their 

deceleration and acceleration events including different mean accelerations, and their 

acceleration and deceleration behaviours were modeled by a two-phase relationship by 

Wallace et al. [9]. By measuring the between-driver and within-driver variations, patterns 

that exist over the span of the baseline year can inform future studies on the typical 
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behaviour of each individual driver as well as the entire group. The consistency in their 

maneuvering behaviour can be described by the amount of variations between months 

and the yearlong variations during the entire year.  

Four driving maneuvers were chosen for the analysis: acceleration from a stop, 

deceleration coming to a stop, right turn, and left turn. Since the GPS data were 

anonymized and the exact locations of specific traffic scenarios were unknown (e.g., 

stopping at a stop sign), these four driving maneuvers were chosen to represent different 

common traffic scenarios that occur abundantly in the data regardless of the differences 

in routes between drivers. The similarities and differences between these driving 

maneuvers can provide insight into their driving behaviour and provide a better 

understanding of how their maneuvering changes over time. Since these participants had 

a stable health condition during the baseline year, their maneuvering characteristics 

during the year provide examples of the natural variability in the driving behaviours of 

older drivers who do not have a decline in health. This chapter also examines the effects 

of environmental factors on their maneuvering behaviour: weather, season, traffic 

condition, and daylight. While there are many factors that affect driving behaviour, these 

four factors intuitively have large influence on driving behaviour, especially since the 

eastern province of Canada experiences four distinct seasons with a wide range of 

temperatures throughout the year. For example, a driver negotiating a turn in the summer 

on a sunny day would most likely turn at slower speeds on a snowy day in winter for the 

same turn to avoid the risk of MVC.  

 The first section defines the four driving maneuvers, their categories of events, 

and the driving conditions. Next, a list of steps for the analysis was presented to identify 
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the similarities and differences between drivers and measure the consistency during the 

baseline year. Afterwards, the results from the analysis of each type of driving maneuver 

were presented. Finally, the chapter concludes with a description of the key findings and 

a discussion on the utility of the driving maneuvers for long-term monitoring of driving 

behaviour.  

5.2 Methodology 

For the analysis of the driving maneuvers, only the highest quality of the trips 

were used as described in Chapter 3.4, and each occurrence of a driving maneuver was 

called an event. 

5.2.1 Driving Maneuvers 

The driving maneuvers under investigation were the ones that occurred 

abundantly in the GPS data regardless of the actual location, destination, or route taken 

by the driver. The maneuvers that frequently occurred while driving were accelerating, 

decelerating, and turning (i.e., cornering). Figure 5-1 shows a trip taken by a driver, and 

the highlighted portions of the trip indicated were the acceleration and deceleration 

events occurred as defined by Wallace et al. [9], including the identified turns using the 

algorithm from Chapter 4.2.3.2.  
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Figure 5-1. An example of a trip taken by an older driver showing the occurrence of 

common driving maneuvers during the trip, namely acceleration, deceleration, and turns. 

The acceleration and deceleration events were defined in [9] had changes in speed of ≥ 4 

km/h. The vehicle was at steady speeds (blue); the vehicle was accelerating (green); the 

vehicle was decelerating (red); and the vehicle was turning (magenta). (a) It was evident 

that there were two expressway ramps (loops), which indicate that the long, straight path 

in the middle of the trip was the expressway and the other sections were lower speed 

roadways, which could be an example of the driver’s trip between home and place of 

employment. (b) The magnified view of the lower speed roadways, which was 

characterized by more corners and bends than the expressway. The start and end 

destinations of this trip was excluded to preserve anonymity. 
 

Since there can be many acceleration, deceleration, and turning events during a 

trip (Figure 5-1), a subset of these events were selected (Figure 5-2) to concentrate on 

specific traffic scenarios and lower the variability among events. Thus, the driving 

maneuvers were limited to specific subsets of events that involved a substantial change in 

speed or substantial change in heading to more accurately reflect the drivers’ preference 

rather than responses to the surrounding traffic.  

5.2.2 Definition of the Four Driving Maneuvers 

The four maneuvers were chosen to be mutual exclusive to one another where 

each maneuver described a different portion of the drivers’ trips. The four maneuvers are 

defined in Table 5-1. 

The acceleration events (ACC) were limited to only straight paths, also known as 

straightaways, to focus on the driver’s preferred changes in speed and less on steering; 

beginning from a stop (i.e., < 10 km/h to include rolling stops) to target the scenarios of 

(a) (b) 
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coming out of traffic stops (e.g., stop signs and traffic lights); continuously increasing in 

speed for at least 2 seconds to focus on the continuous act of pressing the gas pedal (i.e., 

accelerating the vehicle); and the final speed of the entire event must be at least 30 km/h 

to focus on the substantial increase in speed, which were more influenced by the driver’s 

preferences rather than the minor speed adjustments in response to the surrounding traffic 

(from Chapter 2.9.1). An example of an acceleration event is shown in Figure 5-3a. 

Similarly, the deceleration events (DEC) were limited to straightaways; coming to a stop 

to target the scenarios of approaching traffic stops; continuously decreasing in speed for 

at least 2 seconds to focus on the continuous act of pressing the brake pedal; and the 

starting speed of the entire event must be at least 30 km/h to focus on the substantial 

decrease in speed.  

The turns were divided into two types, right and left turns, to represent the 

different traffic scenarios that occurred between left and right turns and to incorporate the 

driver’s steering behaviour while the vehicle was accelerating or decelerating. The right 

turn events (RT) were portions of the trip where the vehicle was travelling in a curved 

path; without stopping during the turn to avoid scenarios that were interrupted by 

oncoming traffic or pedestrians; continuously changing speeds consistently rightwards; 

duration must be at least 3 seconds to avoid short maneuvers such as changing lanes; and 

the vehicle must be travelling on a straightaway 5 seconds before and after the turn to 

filter out sporadic maneuvering. An example of a right turn is shown in Figure 5-3b. 

Similarly, the left turn events (LT) were portions of the trip where the vehicle was 

travelling in a curved path; without stops during the turn; continuously changing speeds 
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consistently leftwards; duration must be at least 3 seconds; and the vehicle must be 

travelling on a straightaway 5 seconds before and after the turn. 

 
Figure 5-2. An example of the smaller subset of driving events shown in Figure 5-1b. The 

black X marked the coordinates when the vehicle was stopped. The green highlight 

indicated the portion of the trip when the ACC event occurred, the red highlight showed 

the DEC events, and magenta showed the RT events. Most ACC and DEC events 

occurred in pairs, but there were cases when the RT or LT occurred before or after the 

ACC and DEC events, which contributed to an unequal amount of ACC and DEC events. 
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Table 5-1. Definitions of the four driving maneuvers 

Maneuver Criteria Definition 

Acceleration 

(ACC) 

Duration was at least two seconds 𝑁 ≥  2 

𝑓𝑜𝑟 𝑛 =  𝑘, 𝑘 + 1,… , 𝑘 + 𝑁 

Occurred on straightaways ∆ℎ[𝑛] < 6° 
Starting at rest 𝑉𝐺𝑃𝑆[𝑘] < 10 𝑘𝑚/ℎ 

Continuously increasing speeds 𝑎𝑡[𝑛] > 0 
Substantial change in speed 𝑉𝐺𝑃𝑆[𝑘 + 𝑁] ≥ 30 𝑘𝑚/ℎ 

Deceleration 

(DEC) 

Duration was at least two seconds 𝑁 ≥  2 

Occurred on straightaways ∆ℎ[𝑛] < 6° 
Ending at rest 𝑉𝐺𝑃𝑆[𝑘 + 𝑁] < 10 𝑘𝑚/ℎ 

Continuously decreasing speeds 𝑎𝑡[𝑛] < 0 
Substantial change in speed 𝑉𝐺𝑃𝑆[𝑘] ≥ 30 𝑘𝑚/ℎ 

Right Turn 

(RT) 

Satisfied Criteria of a Turn (Chapter 

4) 
Table 4-1 

Uninterrupted 𝑉𝐺𝑃𝑆[𝑛] ≠ 0 𝑘𝑚/ℎ 

Turn radius was between 4 and 70 m 

(see Chapter 5.2.3) 
4 𝑚 < 𝑟𝑇  < 70 m 

Travelling on straightaway 5 seconds 

before and after the turn. 

∆ℎ[𝑛] < 6° 
AND  

𝑉𝐺𝑃𝑆[𝑛] ≠ 0 𝑘𝑚/ℎ 

𝑓𝑜𝑟 𝑛 = {𝑁, 𝑁 + 1,… , 𝑁 + 5}, 
{𝑁,𝑁 − 1,… , 𝑁 − 5} 

Left Turn 

(LT) 

Satisfied Criteria of a Turn (Chapter 

4) 
Table 4-1 

Uninterrupted 𝑉𝐺𝑃𝑆[𝑛] ≠ 0 𝑘𝑚/ℎ 

Turn radius was between 4 and 70 m 

(see Chapter 5.2.3) 
4 𝑚 < 𝑟𝑇  < 70 m 

Travelling on straightaway 5 seconds 

before and after the turn. 

∆ℎ[𝑛] < 6° 
AND  

𝑉𝐺𝑃𝑆[𝑛] ≠ 0 𝑘𝑚/ℎ 
𝑓𝑜𝑟 𝑛 = {𝑁, 𝑁 + 1,… , 𝑁 + 5}, 

{𝑁,𝑁 − 1,… , 𝑁 − 5} 
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Figure 5-3. (a) An example of ACC event and (b) RT event showing the discrete-time 

signal of the speed, acceleration, and jerk values with linear interpolation for 

visualization. 

 

5.2.3 Derived Variables 

Each turn can be described in more detail by the radius and angle of the turn. The 

radius of the turn was the distance between the edge and center of a circle that 

approximately fitted the coordinates of the turn and described the size of the turn. Since a 

turn was an arc of coordinates, a unique circle approximately fitted the turn by using  

least-squares fitting of a circle  to a series of coordinates around an arc [78]. Once each 

turn was approximated by a circle, the turn radius 𝑟𝑇 can be found to calculate the 

instantaneous centripetal acceleration 𝑎𝑐[𝑛] (i.e., lateral acceleration) using Eq. 5-1, 

which describes the aggressiveness of the cornering. Approaching a tighter turn at higher 

speeds would yield a larger centripetal acceleration, which indicated more aggressive 

corning. The instantaneous net acceleration 𝑎𝑁[𝑛] (Eq. 5-2) described the total magnitude 

of the acceleration during the turn. 

(a) (b) 
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𝑎𝑐[𝑛] =  

𝑉𝐺𝑃𝑆[𝑛]
2

𝑟𝑇[𝑛]
 Eq. 5-1 

 𝑎𝑁[𝑛] = √𝑎𝑐[𝑛]2 + 𝑎𝑡[𝑛]2 Eq. 5-2 

The turn angle described the sharpness of the turn as shown in Figure 5-4. For 

example, a lower turn angle indicated a more gradual turn that involved less steering. The 

turn angle (𝜃𝑇) was the central angle created between the two radii that intersected at the 

center of the circle (ℎ, 𝑧) from the first (i.e., enter vector) and last coordinates (i.e., exit 

vector) of the turn to the center, using Eq. 5-3 for left turns and similarly for right turns 

but with the positive and negative conditions swapped.   

𝜃𝑇 = 

{
  
 

  
 𝑐𝑜𝑠−1

�⃗⃗⃗⃗� ∙ �⃗⃗⃗⃗�

|�⃗⃗⃗⃗�| |�⃗⃗⃗⃗�|
,  𝑠𝑖𝑔𝑛  (𝐴⃗⃗⃗⃗ ⃗⃗ ×𝐵)⃗⃗⃗⃗⃗𝑧 =  𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒

360° − 𝑐𝑜𝑠−1
�⃗⃗⃗⃗� ∙ �⃗⃗⃗⃗�

|�⃗⃗⃗⃗�| |�⃗⃗⃗⃗�|
, 𝑠𝑖𝑔𝑛  (𝐴⃗⃗⃗⃗ ⃗⃗ ×𝐵)⃗⃗⃗⃗⃗𝑧 = 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒

 

                          Where,  

𝐴  =  (𝑥[𝑘] − ℎ, 𝑦[𝑘] − 𝑧) 

�⃗⃗�  =  (𝑥[𝑘 + 𝑁]  − ℎ, 𝑦[𝑘 + 𝑁] − 𝑧) 
 

 

 

 

Eq. 5-3 

 

Figure 5-4 shows an example of a u-turn, which represented the sharpest possible turn 

occurring in the GPS data, an example of a gradual turn on the road, and an example of 

an on-ramp for the expressway.  
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Figure 5-4. Example of three different turns identified from the GPS data. The path of the 

vehicle was shown by the blue GPS trace and the red circle approximately fitted the arc 

of the turn. The yellow vector A and purple vector B extended from the center to the edge 

of the circle and represented the start and ends of the turn respectively. (a) An example of 

a sharp turn from performing a u-turn with  𝑟𝑇 = 4 m and  𝜃𝑇 > 180o. (b) A large, gradual 

turn with 𝑟𝑇 =  92 m and 𝜃𝑇 = 53o. (c) An example of an on-ramp from the expressway 

with 𝑟𝑇 =  62 m and 𝜃𝑇 =  217o. 

 

From the examples of turns in Figure 5-4, the large and gradual turns, such as Figure 

5-4b, were filtered out by restricting the size of turns to between 4 m and 70 m to focus 

on the turns that required more steering, as defined in Table 5-1. By using Google Maps4 

distance measuring tool, a typical expressway ramp was 65 m and a typical residential 

turn was 12 m, which showed that the restriction on the turn radius was reasonable. 

5.2.4 Categories of Driving Events 

The driving maneuvers were separated into different categories to focus on 

similar traffic conditions at similar speeds. For example, stopping at a stop sign would be 

more common on lower speed roadways (i.e., 40 km/h to 60 km/h), and a stop sign 

creates a queue for drivers to brake and accelerate one vehicle at a time. The 70 to 80 

km/h roadways represented arterial roads which tend to carry more traffic at higher 

speeds and have fewer stop signs; thus the driving maneuvers would be more likely 

influenced by surrounding traffic, such as coming out of a red light behind another 

                                                 
4 For more information, please visit www.google.com/maps/ 

𝜃𝑇 

𝜃𝑇 

A B 

A A 

B B 

𝜃𝑇 

(a) (b) (c) 
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vehicle. The right and left turns were categorized by the speed limits and turn angles. The 

speed limits described the size of the turns (e.g., turns on expressways were most likely 

on and off ramps) and the turn angles determined the amount of steering involved during 

the turn. The 40 to 60 km/h roadways represented residential and city driving, 70 to 80 

km/h represented arterial roads (i.e., main streets) with higher speed limits, and 100 km/h 

for the expressways. The turns were further categorized by the turn angle: acute angle 

(0° <  𝜃𝑇 ≤ 90°) represent gradual turns (i.e., smaller change in direction); obtuse angle 

(90° <  𝜃𝑇 ≤ 180°) represent sharp turns (i.e., larger change in direction); and reflex 

angle (180° < 𝜃𝑇) represent u-turns and loops.  

Table 5-2. Summary of the categories of driving events 

Driving Maneuvers Criteria (Speeds/Angles) Scenarios 

Acceleration (ACC) 

40 to 60 km/h Residential and city driving 

70 to 80 km/h Arterial Roads 

100 km/h Expressway 

Deceleration (DEC) 

40 to 60 km/h Residential and city driving 

70 to 80 km/h Arterial Roads 

100 km/h Expressway 

Right Turns (RT) 

40 to 60 km/h 

Acute Angle Gradual corners 

Obtuse Angle Sharp corners 

Reflex Angle U-Turns and loops 

70 to 80 km/h 

Acute Angle Gradual corners 

Obtuse Angle Sharp corners 

Reflex Angle U-Turns and loops 

100 km/h 

Acute Angle Gradual ramps 

Obtuse Angle Sharp ramps 

Reflex Angle Loop ramps 

Left Turns (LT) 

40 to 60 km/h 

Acute Angle Gradual corners 

Obtuse Angle Sharp corners 

Reflex Angle U-Turns and loops 

70 to 80 km/h 

Acute Angle Gradual corners 

Obtuse Angle Sharp corners 

Reflex Angle U-Turns and loops 

100 km/h 

Acute Angle Gradual ramps 

Obtuse Angle Sharp ramps 

Reflex Angle loop ramps 
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From Table 5-2, there were a total of 24 categories of driving events based on the 4 types 

of driving maneuvers. Although there were 24 categories of events, the events that 

occurred on high speed roadways were much fewer than the events that occurred in the 

lower speed roadways as shown in Figure 5-5.  

 
Figure 5-5. The distribution of the total number of each category of events for all drivers. 

The red lines represented the median value, the boxes marked the width of the IQR, and 

the + symbols represented the drivers who had a much larger number of events. The 

events that occurred on the lower speed roadways were more abundant than the other 

events.  

 

Since the number of turns that occurred on the low-speed roadways was much 

greater than the other categories for all drivers and that the maneuvers were more likely 

influenced by traffic on higher speed roadways, the events were limited to 40 to 60 km/h 

speed limits to focus on this group of similar traffic scenarios. When compared to low 

speed roadways, there were far fewer cases of ACC and DEC events on the arterial roads 

and expressways since there were much fewer mandatory traffic stops, and older drivers 

may be deliberately avoiding the expressway. The turns with reflex angles (e.g. 

expressway ramps) occurred much less frequently than the obtuse and acute angle turns. 

By focusing on low-speed maneuvers, a more homogenous pool of examples was created 

to examine individual preferences during common and similar traffic scenarios.  
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5.2.5 Definition of the Driving Conditions 

Each of the four environmental factors was divided into two polar opposite 

conditions to represent favourable and adverse driving conditions. The first factor is 

weather in which the conditions were clement weather and inclement weather. The 

second factor was seasons in which the conditions were summer (i.e., the warmest 

months of the year) and winter (i.e., the coldest months of the year). The third factor was 

the amount of daylight, daytime and nighttime, which described the level of visibility. 

The fourth factor was traffic conditions, which was described by off-peak and peak hours 

(i.e., rushhour).  

Table 5-3. The criteria of the favourable and adverse driving conditions for each 

environmental factor 

Factor Favourable Condition Adverse Condition 

Weather 

Clement: 

 (Clear OR Mainly Clear 

OR Mostly Clear) AND 

(Temperature > 10o
c) 

Inclement: 

(Daily Total Precipitation > 10 mm) 

OR (Snow on the ground > 5 cm ) 

OR (Visibility < 10 km) OR 

(Temperature < -10o
c) 

Season 
Summer:  

June, July, August 

Winter: 

December, January, February 

Daylight 

Daytime:  

Between 30 min after 

sunrise and 30 min before  

sunset 

Nighttime: 

Between 30 min after sunset and 30 

min before sunrise 

Traffic 

Off-peak times: 

9 a.m. to 4 p.m. EST 

6 p.m. to 7 a.m. EST 

Peak times: 

7 a.m. to 9 a.m. EST 

4 p.m. to 6 p.m. EST 

 

5.2.6 Analysis of the Events 

Each event can be characterized by its acceleration to focus on how the driver 

operated the vehicle and less on the chosen route. The acceleration described how the 

driver controlled the speed of the vehicle regardless of the distance travelled. The mean 

tangential acceleration (�̅�𝑡) summarized the acceleration during each ACC and DEC 
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event and the mean net acceleration (�̅�𝑁) for each acute and obtuse RT and LT event. The 

analysis steps are listed below: 

1) Identify the differences between the drivers by their events during the baseline 

year including the number of significantly different pairs from the 66 possible 

pairs of drivers using ANOVA with Tukey’s HSD (𝛼 = .05). 

2) Represent the drivers’ typical monthly behaviour by the median �̅�𝑡 and �̅�𝑁 of 

the events across each month, and then calculate the yearlong trend by using a 

linear regression model (𝑌 =  𝛽0 + 𝛽1𝑥 + 𝜀) with iteratively reweighted least 

squares to account for outliers (i.e., unusual month). 

3) Measure the consistency among the drivers during the year by calculating the  

intraclass correlation coefficient (ICC) (Eq. 5-4) using the mean squared error 

between-group (MSB) and mean squared error within-group (MSW) [79]. An 

ICC closer to 1 indicated high degree of consistency while an ICC closer to 0 

indicated low degree of consistency between drivers.  

𝐼𝐶𝐶 =
𝜎𝐵
2

𝜎𝐵
2 + 𝜎𝑊

2 = 
𝑀𝑆𝐵 −𝑀𝑆𝑊

𝑀𝑆𝐵 + (𝑘 − 1)𝑀𝑆𝑊
 Eq. 5-4 

4) Plot the absolute value of the yearlong trend |𝛽1| vs. the IQR of the residuals 

from step 2 to visualize the consistency during the year per driver. 

5) Since a characteristic of the drivers was their annual mileage, examine the 

relationship between the averages of the median �̅�𝑡 and �̅�𝑁 (i.e., monthly 

behaviour) across the entire year and the annual mileage of the drivers using 

correlation coefficient (R).  

6) Examine the differences between the accelerations during favourable and 

adverse driving conditions by comparing the mean �̅�𝑡 and �̅�𝑁 of the events 
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including a test for the hypothesis that drivers have lower mean accelerations 

in adverse conditions (and in favourable conditions for deceleration events) 

using a one-tailed, two sample t-test (𝛼 = .05) with the following hypotheses 

(opposite for deceleration events): 

𝐻0: 𝜇𝑓𝑎𝑣𝑜𝑢𝑟𝑎𝑏𝑙𝑒 = 𝜇𝑎𝑑𝑣𝑒𝑟𝑠𝑒 

𝐻𝐴: 𝜇𝑓𝑎𝑣𝑜𝑢𝑟𝑎𝑏𝑙𝑒 > 𝜇𝑎𝑑𝑣𝑒𝑟𝑠𝑒 

  

5.3 Results and Discussion  

 

5.3.1 Acceleration and Deceleration Events 

The distribution of �̅�𝑡 for ACC and DEC events for each driver during their 

baseline year is shown in Figure 5-6 and the corresponding table of values in Table 5-4 

and Table 5-5. There were 54 of 66 (82%) and 61 of 66 (92%) significantly different 

pairs of drivers for ACC and DEC events respectively. Drivers 1, 2, and 3 had similar 

mean acceleration for ACC, but different mean deceleration for DEC. Driver 4 was 

among the highest annual mileage drivers, but had the fewest maneuvering events 

because this driver had many trips with unavailable speed limit data as indicated by V̅ =

0 km/h. Driver 4 had the highest mean acceleration for ACC, while Drivers 8 had the 

highest mean deceleration for DEC during the year, which may indicate that these were 

aggressive or high confidence drivers. Driver 10 had the lowest mean acceleration and 

deceleration, which may indicate that this driver was a cautious or low confidence driver.  
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Figure 5-6. Comparison of the distributions of mean tangential acceleration (�̅�𝑡) for ACC 

events (a) and DEC events (b) per driver across the entire baseline year. The red lines 

represented the median value and the boxes marked the width of the IQR.  The outliers 

were removed by setting the lower limit to  𝑄1 −  1.5(𝐼𝑄𝑅) and upper limit to 𝑄3 +
 1.5(𝐼𝑄𝑅). By removing the outliers, the distribution was approximated by a normal 

distribution 𝑁(𝜇, 𝜎2). 
 

Table 5-4. Summary of the mean �̅�𝑡 for ACC events per driver over the entire baseline 

year including the group averages. 

DriverID N 𝝁 (m/s2) 95% CI 𝝈 (m/s2) IQR (m/s2) 

1 1567 0.902 0.892 0.912 0.199 0.279 

2 4279 0.890 0.884 0.896 0.211 0.301 

3 1286 0.887 0.877 0.898 0.197 0.276 

4 288 1.114 1.082 1.146 0.279 0.418 

5 1026 1.011 0.997 1.025 0.233 0.340 

6 3335 0.965 0.958 0.972 0.205 0.291 

7 2802 0.903 0.896 0.911 0.210 0.297 

8 2107 0.959 0.949 0.969 0.236 0.337 

9 1164 0.741 0.731 0.751 0.180 0.252 

10 3791 0.730 0.725 0.736 0.168 0.228 

11 1834 0.872 0.863 0.882 0.205 0.283 

12 1915 0.957 0.948 0.967 0.206 0.291 

Group 25394 0.888 0.885 0.891 0.222 0.300 
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Table 5-5. Summary of the mean �̅�𝑡 for DEC events per driver over the entire baseline 

year including the group averages. 

DriverID N 𝝁 (m/s2) 95% CI 𝝈 (m/s2) IQR (m/s2) 

1 2746 -1.082 -1.092 -1.071 0.289 0.403 

2 6323 -0.905 -0.911 -0.899 0.247 0.364 

3 2110 -1.025 -1.037 -1.013 0.273 0.390 

4 454 -1.106 -1.133 -1.078 0.297 0.434 

5 1569 -0.986 -0.999 -0.973 0.267 0.385 

6 6121 -0.952 -0.959 -0.946 0.251 0.357 

7 5430 -0.922 -0.929 -0.915 0.262 0.379 

8 3866 -1.167 -1.177 -1.157 0.321 0.460 

9 2041 -0.955 -0.967 -0.944 0.265 0.379 

10 6423 -0.779 -0.784 -0.775 0.181 0.259 

11 3292 -0.907 -0.914 -0.899 0.220 0.319 

12 3610 -1.108 -1.118 -1.098 0.299 0.437 

Group: 43985 -0.959 -0.962 -0.957 0.281 0.380 

Figure 5-7 shows the typical monthly acceleration behaviour from the ACC and DEC 

events per driver during their respective baseline year. The ICC of 0.752 and 0.846 for 

ACC and DEC events respectively indicated that there was a high degree of consistency 

among the drivers showing that individual preferences were distinct and consistent 

throughout the year. It was evident that a few drivers had missing data for some months, 

such as Driver 4 during July 2010, because they did not drive during those months most 

likely from taking vacations.  
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Figure 5-7. Comparison of the typical monthly behaviours from ACC (a) and DEC (b) 

events for each driver during their baseline year including the yearlong linear trend. Each 

month was represented by the median of the mean tangential accelerations (�̅�𝑡) across all 

the events during each month and the linear interpolation imputed the missing in-between 

months. 

 

From Figure 5-7, Driver 4 and Driver 8 had the largest variations and the large peaks, 

specifically during May and September 2010 respectively, corresponded to months with 

relatively low (<10) number of events, which was attributed to driving less during those 

months. Drivers with higher average acceleration per month had larger variations during 

the year (R = 0.897) as shown in Figure 5-8a. Figure 5-8b provided a method to measure 

and visualize the consistency in the maneuvering behaviour per driver by plotting the 

variations between months and the yearlong trend. Driver 1, 2, 6, 7, 10, 11, and 12 had 

relatively steady and similar behaviour during the year having low variations between 

around 0.02 to 0.06 m/s2 between months and 0 to 0.004 m/s2 for the yearlong trend |𝛽1|, 

whereas Driver 3, 4, 8, and 9 had greater variations during the year. Driver 5 had an 

overall steady behaviour during the year, but also distinct behaviours during different 

months as shown by the high variability between months and low change during the year.  
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Similar to ACC events, Driver 4 and Driver 8 had the largest variations in which 

the large peaks corresponded to months with relatively low (< 10) number of events. 

Drivers with higher average deceleration per month had larger variations during the year 

(R = -0.944) in Figure 5-9a. Driver 2, 3, 7, 9, 10, 12 formed a distinct cluster that had 

relatively steady behaviour during the year with low variations having between 0.02 to 

0.04 m/s2 between months and 0 to 0.002 m/s2 for the yearlong trend |𝛽1| in Figure 5-9b, 

whereas Driver 1, 4, 5, 6, 8, and 11 had greater variations during the year.  

 
 

Figure 5-8. (a) The relationship between the IQR of the median �̅�𝑡 (i.e., typical monthly 

accelerations) and the average of the median �̅�𝑡 across the entire year, R = 0.897 (p < 

.001), and (b) the relationship between the magnitude of the yearlong change in the 

median �̅�𝑡 per month and the IQR of the residuals from the linear regression on the 

median �̅�𝑡, R = 0.603 (p = .038), for ACC events. 
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Figure 5-9. (a) The relationship between the IQR of the median �̅�𝑡 (i.e., typical monthly 

accelerations) and the average of the median �̅�𝑡 across the entire year, R = -0.944 (p < 

.001), and (b) the relationship between the magnitude of the yearlong change in the 

median �̅�𝑡 per month and the IQR of the residuals from the linear regression on the 

median �̅�𝑡, R = 0.654 (p = .021), for DEC events. 

 

The annual mileage of the drivers did not have a strong relationship with the acceleration 

behaviour as shown in Figure 5-10. Most of the drivers had similar behaviours as seen by 

the distinct cluster except driver 9 and 10 who had relatively low average acceleration 

and Driver 4 who had much higher average acceleration and greater variations. The 

annual mileage of the drivers did not have a clear relationship with the deceleration 

behaviour as shown in Figure 5-11, where most of the drivers had similar behaviours as 

seen by the distinct cluster except Driver 10 who had relatively low average deceleration 

and Driver 4 had much higher variation.  
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Figure 5-10. (a) The relationship between the average of the median �̅�𝑡 (i.e., typical 

monthly accelerations) across the entire year and the annual mileage, R = 0.017 (p = 

.956), and (b) the relationship between the IQR of the median �̅�𝑡 across the entire year 

and the annual mileage, R = 0.230 (p = .472), for ACC events. 

 

 
Figure 5-11. (a) The relationship between the average of the median �̅�𝑡 (i.e., typical 

monthly accelerations) across the entire year and the annual mileage, R = 0.267 (p = 

.402), and (b) the relationship between the IQR of the median �̅�𝑡 across the entire year 

and the annual mileage, R = -0.341 (p = .278), for DEC events. 

 

The results from testing the mean �̅�𝑡 for ACC and DEC events in different driving 

conditions for weather, season, traffic conditions, and daylight is shown in Appendix B.1 

and Appendix B.2 respectively and summarized in Table 5-6. Although many of the 

hypothesis tests did not have enough evidence to reject the null hypothesis, there was 

evidence from the difference in mean accelerations that most drivers exhibited lower 

accelerations during adverse conditions. Daylight had the greatest impact on the 
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acceleration behaviour followed by the season based on the number of drivers who 

exhibited lower mean accelerations.  

Table 5-6. Summary of the comparisons between the mean  �̅�t for ACC and DEC during 

favourable and adverse conditions per driver. From the group difference between the 

means (∆ =  𝜇adverse −  𝜇favourable), a negative value for ACC events indicated that the 

mean acceleration was lower during adverse condition, whereas a positive value for DEC 

events indicated a lower deceleration during adverse conditions. 
 Weather Seasons Traffic Daylight 

ACC DEC ACC DEC ACC DEC ACC DEC 

Number of drivers 

showing statistical 

significance 

1/12 2/12 5/12 1/12 2/12 0/12 5/12 0/12 

Number of drivers with 

lower mean |�̅�𝑡| in 

adverse conditions 

9/12 7/12 9/12 8/12 7/12 8/12 9/12 12/12 

Average group 

difference of mean �̅�𝑡  
(m/s2) 

-0.015 0.014 -0.015 0.012 -0.004 0.018 -0.021 0.076 

5.3.2 Right Turns Events 

The distribution of �̅�𝑁 from acute and obtuse RT events for each driver is shown 

in Figure 5-12 and the corresponding table of values in Table 5-7 and Table 5-8. There 

were 56/66 (85%) and 51/66 (77%) significantly different pairs of drivers for acute and 

obtuse RT events respectively. The mean �̅�𝑁 was generally higher for obtuse turns (i.e., 

sharper turns) than the acute turns (i.e., gradual turns) because a sharper turn had larger 

centripetal acceleration component 𝑎𝑐[𝑛] while the speeds between the acute and obtuse 

were turns were generally similar.  
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Figure 5-12. Comparison of the distributions of mean net acceleration (�̅�𝑁) for acute RT 

events (a) and obtuse RT events (b) per driver for the entire baseline year. The red lines 

represented the median value and the boxes marked the width of the IQR.  The outliers 

were removed by setting the lower limit to  𝑄1 −  1.5(𝐼𝑄𝑅) and upper limit to 𝑄3 +
 1.5(𝐼𝑄𝑅). By removing the outliers, the distribution was approximated by a normal 

distribution 𝑁(𝜇, 𝜎2). 
 

Table 5-7. Summary of the mean �̅�𝑁 for acute RT events per driver over the entire 

baseline year including the group averages. 

DriverID N 𝝁 (m/s2) 95% CI 𝝈 (m/s2) IQR (m/s2) 

1 1863 1.708 1.690 1.727 0.416 0.553 

2 2820 1.471 1.453 1.489 0.484 0.639 

3 1198 1.409 1.383 1.436 0.467 0.669 

4 126 1.932 1.832 2.031 0.564 0.730 

5 583 1.863 1.807 1.919 0.690 0.977 

6 3021 1.992 1.971 2.012 0.579 0.869 

7 2540 1.474 1.453 1.494 0.520 0.709 

8 1390 1.881 1.852 1.911 0.561 0.800 

9 2122 1.562 1.544 1.579 0.414 0.549 

10 5221 1.466 1.454 1.477 0.415 0.635 

11 2091 1.534 1.512 1.555 0.495 0.642 

12 1077 1.796 1.759 1.833 0.623 0.813 

Group 24052 1.614 1.608 1.621 0.532 0.696 
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Table 5-8. Summary of the mean �̅�𝑁 for obtuse RT events per driver over the entire 

baseline year including the group averages. 

DriverID N 𝝁 (m/s2) 95% CI 𝝈 (m/s2) IQR (m/s2) 

1 559 2.017 1.973 2.061 0.527 0.695 

2 1064 1.811 1.776 1.847 0.595 0.852 

3 272 1.577 1.508 1.646 0.579 0.883 

4 47 2.581 2.350 2.811 0.784 0.954 

5 158 2.158 2.052 2.265 0.679 0.958 

6 590 2.161 2.112 2.209 0.601 0.809 

7 595 1.806 1.750 1.862 0.696 0.960 

8 362 2.306 2.221 2.391 0.826 1.275 

9 638 2.427 2.372 2.483 0.710 1.125 

10 930 1.681 1.651 1.710 0.462 0.668 

11 543 2.169 2.103 2.236 0.785 1.179 

12 428 2.113 2.049 2.177 0.674 1.009 

Group 6186 1.992 1.975 2.009 0.688 0.908 

Figure 5-13 shows the typical monthly acceleration behaviour from the acute and obtuse 

RT events per driver during their respective baseline year. The ICC of 0.612 and 0.458 

for acute and obtuse RT respectively indicated that there was moderate degree of 

consistency during the year, but less than ACC and DEC events. 

    
Figure 5-13. Comparison of the typical monthly behaviours from acute RT (a) and obtuse 

RT (b) events for each driver during their baseline year including the yearlong linear 

trend. Each month was represented by the median of the mean net accelerations (�̅�𝑁) 
across all the events during each month and the linear interpolation imputed the missing 

in-between months. 

 

From Figure 5-13, Driver 4 and Driver 8 had the largest variations for acute and obtuse 

RT respectively. There was a weaker positive relationship between average acceleration 
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per month and variations during the year for acute RT (R = 0.574) in Figure 5-14a and 

obtuse RT (R = 0.491) in Figure 5-15a when compared to ACC and DEC. In addition to 

the cluster of drivers, Driver 12 had uniquely large variations during the year in Figure 

5-14b, and Driver 5 had a large variation between months indicating that there were 

distinct behaviours for different months. Driver 1, 2, 3, 6, 7, 9, and 10 formed a cluster 

for acute and obtuse RT in Figure 5-14b and Figure 5-15b as a group with relatively low 

variations during the year. 

 
 

Figure 5-14. (a) The relationship between the IQR of the median �̅�𝑁 (i.e., typical monthly 

accelerations) and the average of the median �̅�𝑁 across the entire year, R = 0.574 (p = 

.051), and (b) the relationship between the magnitude of the yearlong change in the 

median �̅�𝑁 per month and the IQR of the residuals from the linear regression on the 

median �̅�𝑁, R = 0.524 (p = .080), for acute RT events. 
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Figure 5-15. (a) The relationship between the IQR of the median �̅�𝑁 (i.e., typical monthly 

accelerations) and the average of the median �̅�𝑁 across the entire year, R = 0.491 (p = 

.105), and (b) the relationship between the magnitude of the yearlong change in the 

median �̅�𝑁 per month and the IQR of the residuals from the linear regression on the 

median �̅�𝑁, R = 0.400 (p = .198), for obtuse RT events. 

 

Similar to ACC and DEC events, there was no significant relationship between 

annual mileage and acute and obtuse RT events as shown by R = 0.155 (p = .630) and R 

= 0.296 (p = .351) respectively for relationship between the average median �̅�𝑁 vs. the 

annual mileage, and R = -0.086 (p = .790) and R = -0.275 (p = .387) respectively for the 

relationship between the IQR of the median �̅�𝑁 vs. the annual mileage.  

The results from testing the mean �̅�𝑁 for acute and obtuse RT events in different 

driving conditions for weather, season, traffic, and daylight are shown in Appendix B.3 

and Appendix B.4 and summarized in Table 5-9. Of the four factors, season and daylight 

had the most influence on the drivers, which was similar to ACC and DEC events. 
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Table 5-9. Summary of the comparisons between the mean  �̅�𝑁 for acute and obtuse RT 

during favourable and adverse conditions per driver. From the group difference between 

the means (∆ =  𝜇adverse −  𝜇favourable), a negative value indicated that the mean 

acceleration was lower during adverse condition. 

 
Weather Seasons Traffic Daylight 

Acute Obtuse Acute Obtuse Acute Obtuse Acute Obtuse 

Number of drivers 

showing statistical 

significance 

3/12 3/12 4/12 4/12 1/12 0/12 6/12 4/12 

Number of drivers with 

lower mean �̅�𝑡 in 

adverse conditions 

7/12 10/12 7/12 9/12 6/12 5/12 8/12 11/12 

Average group 

difference of mean �̅�𝑡  
(m/s2) 

-0.064 -0.125 -0.072 -0.123 0.036 0.058 -0.073 -0.107 

 

5.3.3 Left Turns Events 

The distribution of �̅�𝑁 from acute and obtuse LT events for each driver is shown 

in Figure 5-16 and the corresponding table of values in Table 5-10 and Table 5-11. There 

were 53/66 (80%) and 47/66 (71%) significantly different pairs of drivers for acute and 

obtuse LT events respectively, which was less than the RT events. Similar to RT events, 

the mean �̅�𝑁 was generally higher for obtuse turns (i.e., sharper turns) than the acute 

turns (i.e., gradual turns). 
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Figure 5-16. Comparison of the distributions of mean net acceleration (�̅�𝑁) for acute LT 

events (a) and obtuse LT events (b) per driver for the entire baseline year. The red lines 

represented the median value and the boxes marked the width of the IQR.  The outliers 

were removed by setting the lower limit to  𝑄1 −  1.5(𝐼𝑄𝑅) and upper limit to 𝑄3 +
 1.5(𝐼𝑄𝑅). By removing the outliers, the distribution was approximated by a normal 

distribution 𝑁(𝜇, 𝜎2). 
 

Table 5-10. Summary of the mean �̅�𝑁 for acute LT events per driver over the entire 

baseline year including the group averages. 

DriverID N 𝝁 (m/s2) 95% CI 𝝈 (m/s2) IQR (m/s2) 

1 1459 1.654 1.633 1.675 0.407 0.538 

2 2683 1.308 1.291 1.325 0.449 0.608 

3 1025 1.310 1.284 1.336 0.430 0.581 

4 93 1.814 1.679 1.948 0.653 0.953 

5 500 1.435 1.395 1.474 0.450 0.639 

6 1940 1.681 1.661 1.701 0.456 0.592 

7 2141 1.400 1.379 1.422 0.510 0.707 

8 997 1.787 1.748 1.825 0.618 0.823 

9 1782 1.461 1.441 1.480 0.420 0.572 

10 4225 1.402 1.389 1.415 0.441 0.630 

11 1696 1.420 1.396 1.445 0.518 0.719 

12 757 1.570 1.531 1.609 0.542 0.712 

Group 19298 1.467 1.460 1.474 0.491 0.643 
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Table 5-11. Summary of the mean �̅�𝑁 for obtuse LT events per driver over the entire 

baseline year including the group average. 

DriverID N 𝝁 (m/s2) 95% CI 𝝈 (m/s2) IQR (m/s2) 

1 547 2.177 2.126 2.228 0.607 0.873 

2 1232 1.357 1.329 1.386 0.508 0.675 

3 141 1.590 1.498 1.682 0.553 0.791 

4 31 2.169 1.939 2.399 0.627 0.959 

5 80 1.673 1.557 1.789 0.521 0.674 

6 616 2.022 1.981 2.063 0.519 0.694 

7 480 1.763 1.702 1.825 0.685 0.925 

8 236 2.193 2.093 2.293 0.779 1.202 

9 304 1.861 1.795 1.927 0.584 0.732 

10 999 1.627 1.595 1.658 0.509 0.806 

11 227 1.851 1.754 1.948 0.739 1.192 

12 293 2.178 2.087 2.270 0.796 1.101 

Group 5186 1.764 1.746 1.782 0.661 0.942 

Figure 5-17 displays the typical monthly acceleration behaviour from the LT events per 

driver during their respective baseline year. The ICC of 0.500 and 0.657 for acute and 

obtuse LT events indicated that there was moderate consistency among the drivers 

showing that individual preferences were mostly steady throughout the year, which was 

similar to RT events but less than ACC and DEC events.  
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Figure 5-17. Comparison of the typical monthly behaviours from acute LT (a) and obtuse 

LT (b) events for each driver during their baseline year including the yearlong linear 

trend. Each month was represented by the median of the mean net accelerations (�̅�𝑁) 
across all the events during each month and the linear interpolation imputed the missing 

in-between months. 

 

From Figure 5-17, Driver 4 and Driver 8 had the largest variations for acute and obtuse 

LT respectively, which was similar to RT events. There was not a strong relationship 

between the average acceleration per month and variations during the year for acute LT 

(R = 0.561) in Figure 5-18a or obtuse LT (R = 0.415) in Figure 5-19a. Driver 4 and 8 had 

uniquely large variations during the year in Figure 5-18b for acute LT. Only Driver 4 had 

unusually large variation between months in Figure 5-19b for obtuse LT indicating that 

there may not be not a clear pattern for Driver 4 during obtuse LT events. Drivers who 

had much larger variations than other drivers may indicate low consistency and absence 

of patterns in their maneuvers. 
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Figure 5-18. (a) The relationship between the IQR of the median �̅�𝑁 (i.e., typical monthly 

accelerations) and the average of the median �̅�𝑁 across the entire year, R = 0.561 (p = 

.058), and (b) the relationship between the magnitude of the yearlong change in the 

median �̅�𝑁 per month and the IQR of the residuals from the linear regression on the 

median �̅�𝑁, R = 0.634 (p = .027), for acute LT events. 

 

 

 
 

Figure 5-19.(a) The relationship between the IQR of the median �̅�𝑁 (i.e., typical monthly 

accelerations) and the average of the median �̅�𝑁 across the entire year, R = 0.415 (p = 

.180), and (b) the relationship between the magnitude of the yearlong change in the 

median �̅�𝑁 per month and the IQR of the residuals from the linear regression on the 

median �̅�𝑁, R = 0.226 (p = .481), for obtuse LT events. 

 

Similar to RT events, there was no significant relationship between annual 

mileage and acute and obtuse LT behaviour as shown by R = 0.222 (p = .487) and R = 

0.090 (p = .783) respectively for relationship between the average median �̅�𝑁 vs. the 

annual mileage, and R = 0.464 (p = .129) and R = -0.034 (p = .906) respectively for the 

relationship between the IQR of the median �̅�𝑁 vs. the annual mileage.  
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The results from testing the mean �̅�𝑁 for acute and obtuse LT events in different 

driving conditions is shown in Appendix B.5 and Appendix B.6 and summarized in Table 

5-12. 

Table 5-12. Summary of the comparisons between the mean  �̅�𝑁 for acute and obtuse LT 

during favourable and adverse conditions per driver. From the group difference between 

the means (∆ =  𝜇adverse −  𝜇favourable), a negative value indicated that the mean 

acceleration was lower during adverse condition. 

 
Weather Seasons Traffic Daylight 

Acute Obtuse Acute Obtuse Acute Obtuse Acute Obtuse 

Number of drivers 

showing statistical 

significance 

3/12 1/12 5/12 1/12 3/12 1/12 4/12 3/12 

Number of drivers 

with lower mean �̅�𝑡 in 

adverse conditions 

8/12 5/12 7/12 8/12 8/12 3/12 11/12 9/12 

Average group 

difference of mean �̅�𝑡  
(m/s2) 

-0.014 0.028 -0.048 -0.053 -0.068 0.003 -0.101 -0.082 

 

5.4 Summary 

This chapter examined the similarities and differences in driving behaviour 

among the stable health older drivers by using 4 types of driving maneuvers, which were 

designed to describe how they operated their vehicle and also capture their individual 

preferences. A relatively high acceleration during the year may indicate aggressive and 

high confidence behaviour and a relatively low acceleration may indicate difficulty in 

maneuvering the vehicle because the driver was more cautious and had lower confidence. 

To measure the consistency of the maneuvering behaviour during the year, a plot of the 

yearlong linear trend |𝛽1| vs. the IQR of the residuals of the typical monthly acceleration 

was proposed to visualize the behaviour of each individual driver as well as the clusters 

of drivers with similar behaviours. High variations between months may indicate 

difficulty in controlling the vehicle as the seasons and conditions change, and large yearly 

change may indicate general decline in maneuvering safely. The maneuvers that had 
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lower ICC values, such as RT and LT events, may indicate that drivers had less strong 

preferences towards those maneuvers and that the drivers tend to have similar turning 

behaviours.  

For long-term monitoring, large deviations from the measured values of the 

previous years may be an indicator of a decline in driving ability and a decline in health.  

For all maneuvers, more than 70% of the pairs were significantly different and the ICC 

values showed moderate to high level of consistency among the drivers, which provided 

evidence that these maneuvers can reveal individual preferences, which had a stable 

pattern throughout the year. It may be worthwhile to monitor those drivers with high 

consistency and low variations during the year by their acceleration parameters, �̅�𝑡 and 

�̅�𝑁, to observe changes in their normal, typical behaviour. The deceleration maneuver had 

the most distinct differences between drivers, and drivers with higher average 

acceleration during the year tend to have larger variations during the year for ACC and 

similarly with DEC events. On average, most drivers exhibited lower acceleration 

(deceleration for braking) in adverse driving conditions based on their mean 

accelerations. Daylight had the greatest impact on their maneuvering behaviour possibly 

because of a combination of reduced visibility and that more pedestrians, parked vehicles, 

and more traffic occurred at nighttime since the sun sets during rush hour in the winter.  

By analyzing the characteristics of their maneuvers, these 12 older drivers 

provided insight into the typical behaviours of stable-health older drivers. The results 

from this analysis can be used to characterize their driving behaviour in their baseline 

year, which can be useful for the long-term monitoring, beyond the baseline year, to 

observe the effects of aging and detect at-risk behaviour.   
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6    Chapter: Driver Identification Using Vehicle Maneuvers 

6.1  Introduction 

Driving is a common task involving learned skill and individual preferences that 

can differ between drivers. Patterns can exist in the driving maneuvers that can reveal 

individual preferences between drivers, which can be beneficial for differentiating drivers 

of shared vehicles or detecting changes in driving behaviour. By using pattern 

recognition techniques, complex patterns can be discovered in the driving maneuvers.  

The characteristics from motor vehicle operations were found to differentiate 

older drivers from the Candrive study [65], and the differences in acceleration and 

deceleration events between the older drivers were shown in [9][69]. By using a two-

class classification approach, members within the pairs of older driver were distinguished 

from one another by using several supervised learning algorithms with linear and 

nonlinear decision boundaries [55]. The features that were included in the two-class 

classification were trip-level attributes, including the speed limit of the routes, and event-

level attributes, including the two-phase deceleration characteristics of the drivers [9]. 

For a total of 162 features, 91 unique pairs from a pool of 14 drivers were compared and 

the best accuracy was 79.3% for the least distinguishable pair and 98.9% for the most 

distinguishable pair using a 75%/25% holdout and 10-fold CV testing scheme. Since 

some features had low discriminative ability, different subsets of the features were used 

for each pair because the most discriminative features depended on the characteristics of 

the included drivers. 

This chapter extends this previous research by investigating the use of the drivers’ 

vehicle maneuvers to identifying the driver from a group of drivers; the maneuvers were 



 

 

 103 

acceleration from stopped, deceleration coming to a stop, right turns and left turns that 

occurred on 40 km/h to 60 km/h speed limit roadways as described in Chapter 5.2.2. A 

multiclass classification approach was used to train supervised learning algorithms on 

events from their trips and to test driver identification. The objectives of this chapter are 

as follows:  

1) Propose and evaluate a method to identify drivers from their individual 

driving events. Namely, identify the driver by their acceleration events 

(ACC), deceleration events (DEC), right turns (RT), and left turns (LT) 

separately. 

2) Propose and evaluate a method to identify the driver from their trips based 

solely on their maneuvering events by using all four types of maneuver. 

This work was supported by the research presented in “Driver Identification Using 

Vehicle Acceleration and Deceleration from Naturalistic Driving of Older Adults” by 

Fung et al. [80] where it was shown that the acceleration and deceleration events 

collected by Wallace et al. [9] could be used to uniquely identify the driver from a group 

of 2 to 14 drivers using two expert classifiers (i.e., one classifier recognized drivers by 

their acceleration events whereas the other by deceleration events).  

After the introduction, the methodology is presented describing the feature 

engineering and the testing scheme for the multiclass classification. Next, the results are 

presented from the classification of individual drivers using independent expert 

classifiers, and then combining the expert classifiers to form a multi-expert classifier. A 

discussion is presented to compare the individual expert classifiers’ performances and the 

performance of the multi-expert classifier. Lastly, the main results are summarized. 
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6.2 Methodology 

The dataset contained all the extracted driving events for each of the 12 stable-

health older drivers 𝐶𝑙 (𝑙 = {1,2,… , 𝐿}) for L = 12 drivers as described in Chapter 5.2.2, 

including acceleration events (ACC), deceleration events (DEC), right turn events (RT), 

and left turn events (LT). Each observation 𝑚𝑖 (𝑖 = {1,2,… , 𝐼})  in the dataset was an 

individual driving event belonging to a particular driver, and each observation was 

assumed to be independent samples of driving events and had identical probability 

distributions. Features 𝑥𝑗 (j= {1,2, … , 𝐽}) from the events were extracted to summarize 

each event, which belong to a particular trip 𝑇𝑛 (n = {1,2, … ,𝑁}).  

6.2.1 Training and Testing Scheme 

Two supervised learning algorithms were used to investigate the multiclass 

classification performance: multiclass logistic regression (LR) and random forest (RF). A 

one vs. all scheme was used for LR with regularization to improve generalization and a 

learning rate of 0.01. The purpose of the LR was to obtain the benchmark performance 

and explore the performance of linear decision boundaries. The RF with 5 decision trees 

was used for the final proposed classifier because of its greater flexibility from capturing 

nonlinear patterns in data. The training and testing scheme was implemented in 

MATLAB 2017b, using the Statistics and Machine Learning Toolbox, and was separated 

into 3 parts: 

1. Event Classifiers: the supervised learning algorithms were trained on the 

individual driving events to create an event classifier for each type of driving 

event: ACC, DEC, RT, and LT. The classifiers identified the driver by classifying 

the individual events using a 5-fold CV with 10 iterations (i.e., 10x5 CV).  
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2. Expert Trip Classifiers: a majority-vote (MV) using Borda count method [81] was 

used to vote for the predicted driver among the events belonging to the same trip. 

These independent expert classifiers 𝑒𝑘  identified the driver by classifying the 

trips 𝑇𝑛, which contained the driving events. 

3. Multi-Expert Classifier: MV was used to predict the driver by voting among all 

the expert classifiers 𝑒𝑘 . The multi-expert (ME) classifier identified the driver by 

classifying the trips 𝑇𝑛, which contain events from any of the 4 types of 

maneuvers.   

The testing and training scheme followed a 10x5 CV as shown in Figure 6-1. The list of 

steps is described below: 

1) The in-vehicle sensor data was separated by their driver ID and segmented into 

individual trips as described in Chapter 3.5.  

2) For each driver, stratified random sampling was used to split 80% of the trips for 

the training set and 20% of the trips for the testing set. This was repeated 5 times 

to create 5 folds for each of the 10 iterations. 

3) The driving events were extracted from the training and testing trips to create the 

training and testing set of events. The smaller classes were oversampled with 

replacement to the size of the largest class to balance the training set and avoid 

bias towards a particular driver. In the testing set, the larger classes were 

undersampled to balance the frequency of all trips from each driver because the 

drivers were treated equally with equal prior distribution. 

4) Supervised learning algorithms were trained on the events from the training set to 

create classifiers that recognized the driver by each type of maneuver, and the 
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testing set of events were used for performance evaluation. The 5-fold CV was 

iterated 10 times to account for the variability from the random splitting and 

sampling. 

5) Steps 2 to 4 were repeated for one sequence of subsets of 2 to 12 drivers to test 

varying group sizes. Ideally, all combinations of drivers could be evaluated to 

assess the classification performance against increasing number of drivers, but 

this comes at a prohibitive cost of computing time for marginal insight. Given the 

fixed set of features across a pool of 12 stable-health drivers, it was assumed the 

subset sequence would not significantly impact the performance trend of the same 

classifier to handle additional drivers. Step 5 is the procedure for part 1. 

6) Steps 2 to 5 were repeated using a MV (Eq. 6-2) among the driving events 

belonging to the same trip 𝑇𝑛. Step 6 is the procedure for part 2. 

7) Steps 2 to 5 were repeated for a ME classifier using MV (Eq. 6-2) as the ensemble 

method. Step 7 is the procedure for part 3. 

Borda count is an ensemble method of combining classifiers that is a type of 

majority-vote, where the opinions of the individual expert classifiers 𝑒𝑘 are consolidated. 

A rank vector 𝑉𝑘 = [𝑣𝑘(1), 𝑣𝑘(2), … , 𝑣𝑘(𝐿)] is a permutation of 𝐶𝑙 where the first 

element 𝑣𝑘(1) represents the class with the most confidence (i.e., highest rank) and the 

subsequent elements were sorted by decreasing confidence. The rank was based on the 

posterior probabilities 𝑃(𝐶𝑙|𝑥1, 𝑥2, … , 𝑥𝐽) of each class, where 𝑉𝑘 was created from 

classifying each event 𝑚𝑖 by the 𝑘𝑡ℎ expert; the largest posterior probability was assigned 

rank 1 (𝑣𝑘(1)) and the lowest posterior probability assigned rank 𝐿 (𝑣𝑘(𝐿)). The Borda 

count 𝑟𝑘(𝑙) is a score computed based on the rank vector 𝑉𝑘 by assigning a larger score 
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for higher ranked classes, and the Borda counts were consolidated by summing the ranks 

𝑅(𝑙) across the individual expert classifiers.    

 

𝑟𝑘(𝑙) = 𝐿 − arg
𝜆
[𝑣𝑘 (𝜆) =  𝑙] 

 
Eq. 6-1 

𝑅(𝑙) = ∑ 𝑟𝑘(𝑙)

𝐾

𝑘 =1

 

 

Eq. 6-2 
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Figure 6-1. The training and testing scheme for the multiclass classification of drivers 

using maneuvering events. (1) The in-vehicle sensor data was prepared by organizing the 

dataset by the driver ID and segmented into individual trips. (2) The dataset of trips were 

split using 5-fold CV for the separate testing and training sets during the evaluation. (3) 

After extracting all maneuvering events from the trips, (4) the four independent expert 

classifiers were trained on each type of event, and then the expert classifiers were 

combined to create a multi-expert classifier to identify the drivers based on their 

maneuvering events. 

 

6.2.2 Feature Selection 

To summarize each event 𝑚𝑖, features were extracted to describe the 

characteristics of the event including descriptive statistics and morphological attributes of 

the discrete-time signals from the events as shown in Table 6-1. The discrete-time signals 
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𝑠[𝑛] referred to the speed, tangential acceleration, centripetal acceleration, net 

acceleration, and jerk time-series values from the events. The features describing the 

environmental conditions (e.g., Hourly Temperature) were included only for testing the 

ME classifier for performance improvement.  

Table 6-1. List of the features extracted from the driving events and the discrete-time 

signals 𝑠[𝑛]. 
Features Description 

dur The duration (s) of the event. 

dist The distance (m) the vehicle travelled during the event. 

avg The average speed of the entire event (km/h). 

max The maximum value of the signal. 

min The minimum value of the signal. 

mean The mean value of the signal. 

median The median value of the signal. 

sd The standard deviation value of the signal. 

kurt The kurtosis value of the signal. 

skew The skew value of the signal. 

rms The root mean square value of the signal. 

range The difference between the max and min values of the signal. 

s2e The difference between the first and last values of the signal. 

posAmp The difference between the max and mean value of the signal. 

negAmp The difference between the mean and min value of the signal. 

energy 
The energy of the signal. 

𝑒𝑛𝑒𝑟𝑔𝑦 =  ∑𝑠[𝑛]2 

ent 

The power spectral entropy of the signal [82] calculated by: 

1. Calculate 𝑆(𝜔𝑖) =  𝐹𝐹𝑇(𝑠[𝑛]) 

2. Calculate  �̂�(𝜔𝑖) =  
1

𝑁
|𝑆(𝜔𝑖)|

2 
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3. Normalize  𝑝𝑖 = 
�̂�(𝜔𝑖)

∑ �̂�(𝜔𝑖)𝑖
 

4. Calculate  𝐻 = −∑ 𝑝𝑖𝑙𝑛(𝑝𝑖)
𝑛
𝑖=1  

 

turnAngle 

 

The angle of the enter vector and exit vector (degrees) of a turn. 

(Chapter 5.2.3) 

turnRadius 

 
The size of a turn by its radius (m) of the fitted circle. (Chapter 5.2.3) 

locMinSpeed 
Whether the minimum speed 𝑉𝐺𝑃𝑆[𝑛] occurred {before, after, during} 

the apex of the turn  

Environmental Features 

Hourly 

Temperature 
The temperature during the hour of the event. 

Weather 

Outlook 
The weather condition during the hour of the event. 

Total 

Precipitation 
The daily total precipitation of the event. 

isDaytime 
A status flag {0,1} whether the event occurred in daytime or 

nighttime. 

isRushHour 
A status flag {0,1} whether the event occurred during the high traffic 

density hours or not. 

 

There were a total of 44 features for acceleration and deceleration events, and 74 

features for right and left turn events. Some of these features were expected to have less 

discriminative ability than others, and patterns may exist in different subsets of these 

features depending on the included drivers in the group. For LR, the most important 

features were selected to remove the redundant features and reduce the dimensionality of 

the dataset before testing. Prior to LR, RF was used to perform feature selection to obtain 

the top 10 features for the classification of the group of 12 drivers. In MATLAB 2017b, 

the “PermutedVarDeltaError” metric was used for determining the importance of each 

feature. For each feature in each individual decision tree of RF, the observations were 

randomly reordered by permutation while the other predictors were left in their normal 

order, and then the model was retrained to determine the difference in accuracy between 

the new model and previous model. If permuting the predictor variable did not have an 
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impact on the accuracy, then the predictor was not as important as the others. Each 

predictor was scored from averaging the independent measures from each decision tree 

and across all trees [83]. Feature selection with RF was performed using 10-fold CV.  

6.2.3 Performance Evaluation 

One sequence of subsets of drivers from sizes 2 to 12 drivers were tested to 

evaluate the performance trends across a pool of 12 drivers, and the same sequence was 

used for all classifiers. For each iteration of CV, the TP, FP, and FN were accumulated 

across the 5 folds to represent one instance of training and testing over the entire dataset 

of driving events. Since the CV splitting and over/undersampling were performed at 

random, the multiple iterations covered the variations between CV instances. 

Performance metrics were calculated from the aggregate confusion matrix.  

The classification performance was evaluated by the average classification 

accuracy (score) and 2 times the standard deviation (2σ) to describe the variability from 

the random sampling during CV and compared to the null model, which represented the 

classification accuracy of random selection (i.e., absence of patterns). The average 

accuracy from 5x10 CV were compared between classifiers using two sample t-test (α = 

.05). To examine the average classification performance per class, the means of the 

macro-averaging of the PC (Eq. 6-3), RC (Eq. 6-4), and Fscore (Eq. 6-5) [84] were 

shown and the confusion matrices for all 12 drivers were shown.  
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𝑃𝐶𝑀 =
∑

𝑇𝑃𝑖
𝑇𝑃𝑖 + 𝐹𝑃𝑖

𝐿
𝑖=1

𝐿
 

Eq. 6-3 

𝑅𝐶𝑀 =
∑

𝑇𝑃𝑖
𝑇𝑃𝑖 + 𝐹𝑁𝑖

𝐿
𝑖=1

𝐿
 

Eq. 6-4 

𝐹𝑀 = (2) (
𝑃𝐶𝑀 ∙ 𝑅𝐶𝑀
𝑃𝐶𝑀 + 𝑅𝐶𝑀

) Eq. 6-5 

6.3 Results 

6.3.1 Data Visualization 

To visualize the class separation among the 12 drivers for each type of maneuver, 

principal component analysis (PCA) was used to reduce the dimension of the feature set 

to 2D for visualization of two example drivers. In addition, all 12 drivers were compared 

visually by assuming a Gaussian distribution of the features for each class using PCA and 

showing the 95% confidence ellipse. From Table 6-2, there exist some class separations 

and differences in mean values for each driver. The overlaps were expected since the 

features (e.g., mean acceleration) had similar ranges between drivers. 
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Table 6-2. (Left) An example of the class separation of two high mileage drivers, #2 (red) 

and #10 (blue), using the first two principal components to visualize the events. The 

green x marker represents the mean of Driver 2 and the yellow x marker represents the 

mean of Driver 10. (Right) The group of 12 drivers showing 95% confidence ellipse from 

a Gaussian distribution of the events using the first two principal components from PCA. 

Acceleration Events 

 
 

Deceleration Events 

 
 

Right Turn Events 

  

Left Turn Events 



 

 

 114 

  

 

6.3.2 Event Classifiers 

Table 6-3 lists the top 10 features from feature selection using RF for testing the 

LR. The top 10 features for each type of maneuver were ranked in order of predictor 

importance. For LT and RT, the turn angle and turn radius were important features as 

expected. For all types of maneuvers, different combinations of features from the speed, 

acceleration, and jerk values had the highest discriminative ability.  

Table 6-3. Top 10 features from feature selection prior to training the LR event classifier 

Rank ACC DEC RT LT 

1 speed_ent speed_final turnRadius jerk_s2e 

2 jerk_skew speed_ent turnAngle turnAngle 

3 acc_s2e acc_s2e jerk_s2e turnRadius 

4 speed_median jerk_s2e jerk_median jerk_max 

5 jerk_mean jerk_mean acc_kurt acc_mean 

6 jerk_ent speed_posAmp speed_avg jerk_skew 

7 jerk_kurt acc_skew acc_median dist 

8 acc_sd jerk_median netAcc_s2e acc_kurt 

9 acc_ent acc_kurt centAcc_sd netAcc_median 

10 acc_skew acc_posAmp dist netAcc_kurt 

 

With the features listed in Table 6-3, event classifiers were trained using LR on 

the driving events and the results were summarized in Appendix C.1 for ACC, DEC, RT, 

and LT. RF was used to improve the event classifiers by training on the entire feature set 

and the results were summarized in Appendix C.1 for ACC, DEC, RT, and LT events. 

The performance of LR for all maneuvers and subsets were generally slightly above the 

null score with the highest score of 69.7% for DEC event classifier with a subset of 2 
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drivers. In contrast, the RF event classifiers outperformed the LR consistently across all 

maneuvers and all subsets with as much as 23.8% increase for LT events with 2 drivers. 

For RF, the best score was from the DEC event classifier for 2 drivers (76.5%) and ACC 

event classifier for 12 drivers (29.8%).  

6.3.3 Expert Trip Classifiers 

Each type of event was grouped by their respective trips and a MV among the 

same type of events within the trips was used to distinguish the drivers. From the event 

classification using RF, a MV was implemented in each event classifier to create the 

expert classifiers that classified trips instead of individual events to identify the drivers by 

their trips. The results from classification of trips for subsets of 2 to 12 drivers using the 

expert classifiers were shown in Appendix C.2. The performances of the expert classifiers 

were similar to the event classifiers, which demonstrated that the MV did not negatively 

impact the classification performance. The best score was the expert DEC trip classifier 

for 2 drivers at 80.7% and ACC Classifier for 12 drivers at 34.6% accuracies. For the 

group of 12 drivers, the confusion matrices in Appendix C.2 showed the per class 

performances for one iteration of CV for the ACC, DEC, RT, and LT expert classifiers at 

34.8%, 32.4%, 34.3%, and 32.4% accuracies, respectively. The diagonal entries, shaded 

in grey, were the correct classifications (TP). Driver 4 was consistently the least 

distinguishable driver with the lowest recall at 5.1% on average, which may indicate an 

absence of patterns in the driver’s maneuvers or individual preferences, which was also 

supported by the low consistency and large variations in mean accelerations during the 

year as shown in Chapter 5. The drivers with lower recall were less distinguishable 

because they may have had less distinct patterns in their events from having similar 
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behaviours to other drivers. Driver 10 was among the most distinguishable drivers with 

the recall of 62.6% and 43.2% precision on average. Drivers 2 and 6 were also among the 

most distinguishable drivers with high recall and may have had the most unique patterns 

among the 12 drivers. 

6.3.4 Multi-Expert Trip Classifier 

After creating the expert classifiers, they were combined to create the ME 

classifier to identify the driver by their trips using all 4 types of maneuvers. The 

performance from the classification of trips with subsets of 2 to 12 drivers are shown in 

Appendix C.3 and the confusion matrix for one instance of CV for 12 drivers is shown in 

Appendix C.3 with 50.2% average accuracy. The performance of the ME generally 

improved from combining the expert classifiers, but including the environmental features 

did not significantly increase the performance. Driver 2, 6, 9, and 10 were the most 

distinguishable with the highest recall (>60%) and Driver 4 was again the least 

distinguishable driver with the lowest recall (3.0%).  

For the group of 12 drivers, the minimum number of 6 events improved the 

performance from 49.4% to 54.0% as shown in Figure 6-2 from varying the minimum 

number of events per trip, which was about the same as the minimum of 5 events as 

shown by Wallace [55] for classification using acceleration and deceleration events. 
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Figure 6-2. The average classification accuracies of the ME trip classifier for the group of 

12 drivers and the improvement from removing trips with few events.  

 

The results from rank classification for all 12 drivers are shown in Figure 6-3. The 

average rank accuracy is the proportion of test cases that correctly identified the driver as 

one of the top predicted drivers (e.g., Rank 5 is the top 5 drivers), and the accuracies 

increase monotonically with rank. For a rank of 7, the ME trip classifier performed at 

89.4%, which was double the performance at rank 1 (44.7%) and more than half of the 

drivers could be distinguished with a high degree of confidence. 

 
Figure 6-3.  The average classification accuracies from rank classification of 12 drivers 

for the ME trip classifier.  At rank 1, the average accuracies were the lowest having only 

one choice for the predicted driver, and at rank 12 the accuracies were 100% since all the 

drivers were predicted.  

 

6.4 Discussion 

The classification performance from LR provided the benchmark scores for each 
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subset of drivers from using a linear classifier. The results from LR showed that it was 

possible to distinguish drivers by their maneuvers, albeit only slightly better than the null 

model of random selection. By using RF, the classification performance was significantly 

higher for all subset and maneuvers (Table 6-4) and demonstrated that nonlinear patterns 

exist in the data. 

Table 6-4. Summary of the p-values from significance testing between classification 

scores of LR and RF for each type of maneuver. 
Subsets ACC DEC RT LT 

2 < .001 < .001 < .001 < .001 

3 < .01 < .001 < .001 < .001 

4 .004 < .001 < .001 < .001 

5 < .001 < .001 < .001 < .001 

6 < .001 < .001 < .001 < .001 

7 < .001 < .001 < .001 < .001 

8 < .001 < .001 < .001 < .001 

9 < .001 < .001 < .001 < .001 

10 < .001 < .001 < .001 < .001 

11 < .001 < .001 < .001 < .001 

12 < .001 < .001 < .001 < .001 

 

Similarly, the performance of the expert classifiers showed that implementing MV to 

classify trips instead of events did not decrease classification performance and 

demonstrated that is was possible to distinguish drivers by their trips using only their 

vehicle maneuvers. When comparing among individual experts, the DEC trip classifier 

had the best performance for the smaller subsets, while all four experts had similar 

performance for larger subsets. The deceleration maneuver had the most class separation 

for smaller groups of drivers, as demonstrated by the high degree of consistency among 

drivers (Figure 5-7), because the drivers may have had stronger individual preferences for 

braking than accelerating or turning. By combining the individual experts to form the ME 

trip classifier, the classification performance was significantly higher for most of the 

subsets and maneuvers (Table 6-5), and demonstrated that an ensemble approach to 
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distinguishing drivers can improve performance as shown in Figure 6-4 to Figure 6-7 for 

each type of maneuver.  

Table 6-5. Summary of the p-values from significance testing between the classification 

scores of the expert trip classifiers and ME trip classifier for each type of maneuver. 
Subsets ACC DEC RT LT 

2 < .001 0.916 < .001 < .001 

3 < .001 0.366 < .001 < .001 

4 < .001 0.977 < .001 < .001 

5 < .001 0.053 < .001 0.037 

6 < .001 < .001 < .001 < .001 

7 < .001 < .001 < .001 < .001 

8 < .001 < .001 < .001 < .001 

9 < .001 < .001 < .001 < .001 

10 < .001 < .001 < .001 < .001 

11 < .001 < .001 < .001 < .001 

12 < .001 < .001 < .001 < .001 

 

 

 
Figure 6-4. The average classification accuracies for size 2 to 12 subsets of drivers 

showing that majority vote (MV) applied to the ACC classifiers consistently improved 

performance across all subsets of drivers, and the ME classifier consistently had higher 

performance. The LR and RF identified drivers based on individual driving events, 

whereas the MV-RF and ME-RF based on trips. 
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Figure 6-5. The average classification accuracies for size 2 to 12 subsets of drivers 

showing that majority vote (MV) applied to the DEC classifiers consistently improved 

performance across all subsets of drivers, and the ME classifier had higher performance 

for larger subsets of 6 or more drivers. The LR and RF identified drivers based on 

individual driving events, whereas the MV-RF and ME-RF based on trips. 

 
Figure 6-6. The average classification accuracies for size 2 to 12 subsets of drivers 

showing that majority vote (MV) applied to the RT classifiers consistently improved 

performance across all subsets of drivers, and the ME classifier consistently had higher 

performance. The LR and RF identified drivers based on individual driving events, 

whereas the MV-RF and ME-RF based on trips. 
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Figure 6-7. The average classification accuracies for size 2 to 12 subsets of drivers 

showing that majority vote (MV) applied to the LT classifiers consistently improved 

performance across all subsets of drivers, and the ME classifier consistently had higher 

performance. The LR and RF identified drivers based on individual driving events, 

whereas the MV-RF and ME-RF based on trips. 

 

When compared to previous studies by Wallace [55], who used the Candrive data 

for two-class classification, the ME accuracy of 82.0% for a group of 2 drivers is within 

the range of accuracies between 79.3% and 98.9%. For future studies, computing the ME 

classifier accuracies for all combinations of pairs of drivers would provide the highest 

and lowest classification performances for groups of 2 drivers, which would be more 

comparable for the given range. It was expected that the highest accuracy would not be as 

high as 98.9% since the dataset of maneuvers did not include route attributes, which can 

greatly improve the identification of a driver. Hallac et al. [41] achieved an average of 

76.9% and 50.1% for groups of 2 and 5 drivers respectively from driver identification 

using only turns. In comparison, the expert LT classifier achieved 80.1% and 41.0% for a 

group of 2 and 5 drivers respectively, which was similar in performance. The differences 

were attributed to the differences in testing methodology where Hallac et al. [41] 

compared drivers by the same geographical turns using the CAN-bus sensors, whereas 
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this chapter compared drivers by a large pool of turn examples from different 

geographical locations. Enev et al. [40] claimed 100% accuracy in differentiating 15 

drivers, which was the highest accuracy of all the previous studies in driver identification. 

Their testing methodology included using CAN-bus sensors and extracting features from 

overlapping sliding windows on the time-series sensor data for each driver, and all 

drivers drove on a designated 50 mile course through the city which reduced the 

variability in the data and helped in differentiation. The high accuracy may also be 

attributed to data leakage from information from the training set mixing with the testing 

set, and the use of ensemble classifiers may be producing results overfitted on their 

dataset and not generalizable to naturalistic driving data.  

6.5 Conclusion 

Driver identification using vehicle maneuvers was investigated by using a 

multiclass classification approach for subset sizes of 2 to 12 drivers from a pool of 12 

stable-health older drivers. Specifically, LR and RF supervised learning algorithms were 

trained on the features extracted from the driving events to identify the drivers by their 

trips. A method was proposed and evaluated to identify drivers from their individual 

driving events by creating four independent event classifiers that were trained to 

recognize the driver by their acceleration, deceleration, right turn, and left turn events that 

occurred on low speed roadways. By using a majority-vote, the expert trip classifiers 

were combined to form a multi-expert trip classifier that generally improved performance 

over the individual experts. The ME average classification accuracy was 82.0% for a 

group of 2 drivers and 49.4% for the group of 12 drivers, which was about 6 times larger 

than the null model of random selection (8.3%).  
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Distinguishing between drivers demonstrated that there were distinct patterns and 

discernible characteristics among the drivers in how they maneuver their vehicle 

regardless of their chosen routes. Furthermore, these patterns may be consistent over time 

and that changes in their driving patterns may indicate a change in driving behaviour and 

health, which can be beneficial for assessing medical fitness to drive. The methods 

presented for driver identification could be adapted as methods to differentiate between 

the same driver during different time periods to detect changes in driving patterns.  
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7    Chapter: Summary 

7.1  Overview 

By analyzing the four types of the low-speed driving maneuvers, a portion of the 

older drivers’ complex driving behaviour was studied to gain further insight into their 

individual preferences and typical behaviour during their respective baseline year. 

Identifying individual preferences based on common, reoccurring driving scenarios was 

important because these characteristics form a strong pattern in the driving data that 

remain consistent over time and thus considered a better representation of their driving 

behaviour than patterns that were more likely influenced by external factors such as 

traffic. The analysis of driving maneuvers is situated in the lowest level of organization 

hierarchy (Figure 1-1) from which there are many directions to take for future studies to 

bring Candrive closer to their goal of identifying predictors of MVC and the effects of 

aging for developing a screening tool.  

There are mainly two branches of research topics that are extensions to the 

characterization of the baseline behaviour. Firstly, continuing to describe and measure the 

individual preferences among different older drivers using different statistical and pattern 

recognitions methods will reveal more about their baseline driving behaviour to help 

identify which specific parameters in the in-vehicle sensor data are relevant to finding the 

predictors of MVC. Secondly, subsequent years can be analyzed to observe the changes 

in behaviours over long-term, beyond the baseline year, and the effects of aging 

especially when MVC occurs.  

7.2 Summary of Analysis 

This is the first study on analyzing the low-speed driving maneuvers using the 
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Candrive data from stable-health older drivers and using the patterns in the maneuvers to 

differentiate between drivers. This work is an extension of Wallace [55] by using the 

processed in-vehicle sensor data and the improved turn-identification algorithm to 

analyze a subset of driving events to concentrate on a pool of events that represent similar 

traffic scenarios to more accurately describe their individual preferences, rather than 

behaviour that was more likely a response to external factors such as traffic. From the 

previous work on two-driver classification by Wallace [55], this study proposed a novel 

approach to multiclass classification by using a multi-expert classifier to identify drivers 

by their trips based only on the patterns in their maneuvers, as opposed to including trip-

level attributes. The results showed evidence that these driving maneuvers revealed 

individual driving preferences and may be important for monitoring changes in driving 

behaviour.  

7.3 Challenges and Limitations 

One of the main challenges is conducting analysis using anonymized GPS data. 

On one hand, protecting the participants by preserving their anonymity for confidentiality 

reasons is of utmost importance for research studies. On the other, the data was a rich and 

detailed historical record of their everyday driving, but anonymization of the GPS data 

reduced the capabilities of analyzing specific traffic scenarios. Hence, creative methods 

must be invented to infer and deduce likely behaviours exhibited from the anonymized 

GPS data to estimate and generalize their driving behaviour. 

Another challenge is working with unbalanced data, where some drivers had 

much lower number of trips than others and some drivers chose not to drive for some 

months. Also, missing data such as a posted limit of 0 km/h (i.e., indicated unavailable 
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speed limit data) reduced the number of examples of low-speed driving maneuvers. 

Ideally, the pool of examples that represented their driving behaviour were as large as 

possible to average out the effects of the unobserved factors, and thus the criteria for the 

types of driving maneuvers had to be reasonable to generate many events while being 

narrow enough to reduce the variability.   

Several assumptions about the data including approximating the weather by using 

the weather data from the city’s main airport and assuming all drivers remained within 

the same UTM zone (i.e., city limits) contributed to errors in the analysis.  

7.4 Future Work 

7.4.1 Characterization of Baseline Year 

On the same topic of motor vehicle operation, there are other specific driving 

events that can be explored such as preferred cruising speeds on the higher speed 

roadways, characterizing expressway driving by looking at frequency of lane changing 

during certain hours of the day, or analyzing the cornering on expressway on and off 

ramps. By increasing granularity, the timeline for analysis could be expanded to identify 

weekly or daily trends to account for more specific behaviours such as weekend driving 

vs. weekday driving behaviours, but a challenge is that older drivers may not be driving 

everyday. Since many drivers follow a routine schedule, their maneuvering behaviours 

during their frequent routes could be analyzed to compare the same routes and control for 

the trip distance and traffic conditions. With a larger sample of stable-health older 

drivers, generalization of driving behaviour can be improved by obtaining more examples 

of their typical behaviours. Different groups of older drivers with similar traits could be 

compared such as analyzing the maneuvering behaviour of 70 and 80 year-old drivers to 
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identify differences between age groups and common trends among older groups to 

identify the effects of aging. 

7.4.2 Analysis of Subsequent Years 

Monitoring the maneuvering behaviour of the stable-health older drivers for many 

years could lead to observing changes in behaviour and these changes could be cross-

referenced with the driver’s health report and lifestyle choices to understand the causes of 

the changes in driving behaviour. For the low-speed driving maneuvers, the plot of the 

yearlong trend vs. the variations between months could be used to summarize the 

consistency in behaviour during each year, and the changes in consistency between years 

can be measured by using a distance metric (e.g., Euclidean) to calculate the differences 

over the years. 

7.5 Conclusion 

This thesis research proposed the use of low-speed driving maneuvers to 

contribute to the characterization of the baseline driving behaviours of stable-health older 

drivers using the in-vehicle sensor data with anonymized GPS data. The characteristics of 

their driving maneuvers can provide more information on their typical driving behaviour, 

and provide parameters of interest that can be monitored over long-term to detect changes 

in driving behaviour. A change in their maneuvering behaviour may indicate a decline in 

cognitive and physical health leading to the discovery of predictors of MVC, and thereby 

improving the screening process of older drivers by providing evidence from their actual 

driving behaviour.    
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Appendices 

Appendix A  : Data Validation 

A.1 Criteria of Triple-Stable Older Drivers 

List of the criteria for triple-stable [54]: 

• “Cognitive stability was defined as a Montreal Cognitive Assessment (MOCA) 

score greater than 24 at baseline and no more than a 2 point decline at year 1 

assessment.”  

• “Cognitive decline was defined as a decrease in MOCA score of 3 or more points 

between baseline and year 1 assessment.”  

• “Physical stability was defined as a Timed Up & Go (TUG) score at year 1 that 

was less than or equal to the TUG score at baseline assessment, where TUG 

scores were classified as “1” for times less than 10 s, “2” for 10 to 19 s, and “3” 

for greater than or equal to 20 s.”  

• “Physical decline was defined as a TUG score at year 1 that was greater than the 

TUG score at baseline assessment.”  

• “General health stability criteria was defined as a Cumulative Illness Rating Scale 

(CIRS) total score that did not increase by more than 2 points between baseline 

and year 1 assessment.”  

• “General health decline was defined as a CIRS total score that increased by 3 or 

more points between baseline and year 1 assessment.”  

A.2 In-Vehicle Sensor Data 

Table  A-1. List of the sensor signals from the in-vehicle sensor data recorded by the 

Candrive data logging device [64]. 
# Source Parameter Description Units/Format 

1  Device Sample Number 
The sample number, increments for 

every new sample @ 1Hz 
Integer 

2  Device Serial Number Serial number of the central unit Integer 

3  Device Trip Number Increments for every trip Integer 

4  Device Key Tag RFID tag of the current driver Integer 

5  GPS Date And Time Date and time stamps in UTC 
M/DD/YYY 

HH:MM 

6  GPS Latitude GPS coordinates (Accuracy ±10 m) Decimal Degrees 

7  GPS Longitude GPS coordinates (Accuracy ±10 m) Degrees Degrees 

8  GPS Fix Status The number of satellites connected {0,3,4} 

9  GPS DOP 
Dilution of Precision is measurement 

of the error for GPS coordinates 
Floating point 

10  GPS GPS Speed 
Speed of the Vehicle (Accuracy 1.0 

km/h) 
km/h 

11  GIS Speed Limit Posted Speed Limit of the roadway km/h 

12  GIS Alerts Road Signs/Hazards in proximity Nominal 

13  OBDII Engine coolant temperature -  oC 

14  OBDII Fuel Trim %  changes to the fuel mixture % 

15  OBDII Engine RPM -  Integer 

16  OBDII Vehicle speed sensor Speed reported by the engine computer km/h 
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17  OBDII Intake air temperature -  oC 

18  OBDII Ambient Air Temperature -  oC 

19  OBDII Absolute throttle position -  Floating point 

20  OBDII Relative throttle position -  % 

 

Table  A-2. Summary of the data verification and imputation methods in the processing 

pipeline for the raw CSV files from Candrive. 

# Variable Valid Criteria 
Invalid Values 

Occurrence Rate 
Imputation Method/Action 

1  Record Number Monotonically Increasing 0 % - 

2  

Date/Time Unique and non-empty 

< 1 % 

 

Discarded 

 

Year 2009 ≤ Year ≤ 2015 

Month 1 ≤ Month ≤ 12 

Day 1 ≤ Day ≤ 31 

Hour 1 ≤ Hour ≤ 59 

Minute 1 ≤ Minute ≤ 59 

Second 1 ≤ Second ≤ 59 

3  Trips < 120 s OR < 100 m < 1% Discarded 

4  
GPS Longitude and 

Latitude 

• Fix Status ≠ “No Fix” 

• Realistic changes in 

position (< 150 km/h)  

• DOP is < 5 

~6% 
Categorized the trips as {High, Medium, 

Low} quality 

5  High Quality Trips No invalid data ~98% of Trips - 

6  Medium Quality Trips Some invalid data ~1% of Trips 

• Nearest Neighbour for the 

beginning and end of trips 

• Linear Interpolation During 

the trips 

7  Low Quality Trips Too much invalid data ~1% of Trips Discarded 

8  Speed Difference |𝑟𝑒𝑙𝐷𝑖𝑓𝑓[𝑛]| < 3𝜎𝑟𝑒𝑙𝐷𝑖𝑓𝑓[𝑛] ~6% 𝑉𝐺𝑃𝑆[𝑛] =  𝑉𝑂𝐵𝐷𝐼𝐼[𝑛] 

9  GPS Drift 
𝑉𝑂𝐵𝐷𝐼𝐼[𝑛] = 0 𝑘𝑚/ℎ𝑟 AND 

𝑉𝐺𝑃𝑆[𝑛] = 0 𝑘𝑚/ℎ𝑟 
~2% 

𝑉𝐺𝑃𝑆[𝑛] =   0 𝑘𝑚/ℎ𝑟, 
Longitude and latitude replaced with 

previous valid coordinates 

A.3 Weather Data 

Table  A-3. Summary of the data verification and imputation methods for pre-processing 

of the hourly reported weather CSV files. 

# Variable Data Verification 
Invalid Values Occurrence 

Rate 
Imputation/Action 

1  

Date/Time Unique 

0 % - 

Year 2009 ≤ Year ≤ 2015 

Month 1 ≤ Month ≤ 12 

Day 1 ≤ Day ≤ 31 

Hour 1 ≤ Hour ≤ 23 

2  Data Quality - - Removed 

3  Temp -40Oc  ≤ Temp ≤ 40Oc < 1% Linear Interpolation 

4  Temp Flag - - Removed 

5  Dew Point Temp 
-40Oc ≤ DewPointTemp  ≤ 

40Oc 
< 1% Linear Interpolation 
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6  Dew Point Temp Flag - - Removed 

7  Rel Hum 0% ≤ Rel Hum ≤ 100% < 1% Linear Interpolation 

8  Rel Hum Flag - - Removed 

9  Win Dir 0 O ≤ Win Dir ≤ 360 O ~2 % Nearest Neighbour 

10  Win Dir Flag - - Removed 

11  Wind Spd 
0 km/h  ≤ Wind Spd ≤ 80 

km/h 
< 1% Linear Interpolation 

12  Wind Spd Flag - - Removed 

13  Visibility 0  km ≤ Visibility ≤ 50 km < 1% Linear Interpolation 

14  Visibility Flag - - Removed 

15  Stn Press 
95 kPa ≤ Stn Press ≤ 108 

kPa 
< 1% Linear Interpolation 

16  Stn Press Flag - - Removed 

17  Hmdx 0 Oc ≤ Hmdx ≤ 50 Oc ~87% 
Nearest Neighbour  (Summer Months 

Only) 

18  Hmdx Flag - - Removed 

19  Wind Chill -50 Oc ≤ Wind Chill ≤ 40 Oc ~71 % 
Nearest Neighbour (Winter Months 

Only) 

20  Wind Chill Flag - - Removed 

21  Weather String Data Type ~28% Nearest Neighbour 

 

Table  A-4. Summary of the data verification and imputation methods for pre-processing 

the daily reported weather CSV files. 

# Variable Data Verification 
Invalid Values Occurrence 

Rate 

Imputation 

Method/Action 

1  Date/Time Unique 

< 1 % 

 

Discarded 

 

2  Year 2009 ≤ Year ≤ 2015 

3  Month 1 ≤ Month ≤ 12 

4  Day 1 ≤ Day ≤ 31 

5  Hour 1 ≤ Hour ≤ 59 

6  Minute 1 ≤ Minute ≤ 59 

7  Second 1 ≤ Second ≤ 59 

8  Max Temp -40 Oc ≤ MaxTemp ≤ 40 Oc 0 % - 

9  Max Temp Flag - - Removed 

10  Min Temp -40 Oc  ≤ MinTemp ≤ 40 Oc 0 % - 

11  Min Temp Flag - - Removed 

12  Mean Temp -40 Oc ≤ Mean Temp ≤ 40 Oc 0 % - 

13  Mean Temp Flag - - Removed 

14  Heat Deg Day -40 Oc ≤ Heat Deg Day ≤ 40 Oc 0 %  

15  Heat Deg Days Flag - - Removed 

16  Cool Deg Day -40 Oc ≤ Cool Deg Day ≤ 40 Oc 0 %  

17  Cool Degree Days Flag - - Removed 

18  Total Rain 0 mm ≤ Total Rain ≤ 100 mm 0 %  

19  Total Rain Flag - - Removed 

20  Total Snow 0 cm ≤ Total Snow ≤ 40 cm 0 %  
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21  Total Snow Flag - - Removed 

22  Total Precipitation 
0 mm ≤ Total Precipitation ≤ 100 

mm 
0 %  

23  Total Precipitation Flag - - Removed 

24  Snow on Grnd 
0 cm ≤ Snow on Grnd ≤ 100 cm 

Summer months have 0 cm snow 
~38 % Nearest Neighbour 

25  Snow on Grnd Flag - - Removed 

26  Dir of Max Gust -50  ≤ Dir of Max Gust ≤ 40 ~41 % Nearest Neighbour 

27  Dir of Max Gust Flag - - Removed 

28  Spd of Max Gust 
0 km/h  ≤ Spd of Max Gust ≤ 80 

km/h 
~39 % Linear Interpolation 

29  Spd of Max Gust Flag - - Removed 
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Appendix B  : Comparison of Favourable and Adverse Driving Conditions 

B.1 Acceleration Events 

Table  B-1. Summary of the comparisons between the mean �̅�t for ACC events during 

clement and inclement weather per driver including the groups averages. From the 

difference between the means (∆ =  𝜇inclement −  𝜇clement), a negative value indicated 

that the mean acceleration was lower during inclement weather. The relationship between 

∆ and the annual mileage was R = -0.259 (p = .416). 

 Clement Inclement   

DriverID N 𝝁 (m/s2) 𝝈 (m/s2) N 𝝁 (m/s2) 𝝈 (m/s2) P-value ∆ (m/s2) 

1 208 0.963 0.207 664 0.880 0.210 <.001* -0.083 

2 725 0.902 0.233 1772 0.897 0.232 .314 -0.005 

3 69 0.855 0.192 535 0.888 0.220 .902 0.033 

4 36 1.177 0.221 120 1.110 0.301 .074 -0.067 

5 229 1.010 0.234 323 1.002 0.240 .355 -0.008 

6 660 0.980 0.237 1084 0.982 0.221 .583 0.002 

7 494 0.922 0.238 1268 0.911 0.228 .178 -0.012 

8 204 0.971 0.250 877 0.944 0.252 .087 -0.026 

9 161 0.756 0.190 513 0.740 0.200 .181 -0.016 

10 491 0.727 0.173 1394 0.723 0.179 .331 -0.004 

11 353 0.862 0.223 626 0.882 0.214 .920 0.021 

12 188 0.955 0.201 891 0.943 0.216 .236 -0.012 

Group 318 0.923 0.217 839 0.909 0.226  -0.015 
 Symbol * indicated statistical significance 

Table  B-2. Summary of the comparisons between the mean  �̅�t for ACC events during 

summer and winter per driver including the groups averages. From the difference 

between the means (∆ =  𝜇winter −  𝜇summer), a negative value indicated that the mean 

acceleration was lower during winter. The relationship between ∆ and the annual mileage 

was R = -0.110 (p = .735). 

 Summer Winter   

DriverID N 𝝁 (m/s2) 𝝈 (m/s2) N 𝝁 (m/s2) 𝝈 (m/s2) P-value ∆ (m/s2) 

1 314 0.947 0.203 475 0.865 0.211 <.001* -0.082 

2 1198 0.916 0.236 928 0.896 0.236 .025* -0.020 

3 72 0.805 0.196 424 0.889 0.211 .999 0.084 

4 67 1.107 0.236 108 1.090 0.287 .337 -0.017 

5 251 1.008 0.236 186 0.978 0.240 .100 -0.030 

6 978 0.976 0.237 413 0.996 0.232 .931 0.020 

7 791 0.934 0.224 777 0.895 0.224 <.001* -0.039 

8 232 0.982 0.240 517 0.931 0.248 .004* -0.051 

9 260 0.762 0.202 363 0.741 0.195 .093 -0.021 

10 1008 0.738 0.173 806 0.709 0.181 <.001* -0.030 

11 516 0.874 0.263 403 0.894 0.221 .893 0.020 

12 417 0.959 0.198 540 0.941 0.218 .085 -0.019 

Group 509 0.917 0.220 495 0.902 0.225  -0.015 
 Symbol * indicated statistical significance 
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Table  B-3. Summary of the comparisons between the mean  �̅�t for ACC events during 

off-peak and peak traffic per driver including the groups averages. From the difference 

between the means (∆ =  𝜇peak −  𝜇𝑜𝑓𝑓𝑝𝑒𝑎𝑘), a negative value indicated that the mean 

acceleration was lower during peak traffic. The relationship between ∆ and the annual 

mileage was R = 0.313 (p = .322). 

 Off-Peak Peak   

DriverID N 𝝁 (m/s2) 𝝈 (m/s2) N 𝝁 (m/s2) 𝝈 (m/s2) P-value ∆ (m/s2) 

1 1203 0.906 0.205 371 0.898 0.205 .240 -0.009 

2 2871 0.896 0.229 1461 0.907 0.240 .931 0.011 

3 987 0.890 0.212 317 0.913 0.219 .949 0.023 

4 250 1.121 0.285 40 1.115 0.302 .450 -0.006 

5 813 1.024 0.254 228 1.018 0.245 .370 -0.006 

6 2746 0.973 0.222 638 0.985 0.230 .878 0.012 

7 2072 0.914 0.229 770 0.914 0.224 .512 0.000 

8 1721 0.976 0.255 413 0.939 0.242 .003* -0.037 

9 1098 0.748 0.192 80 0.731 0.191 .218 -0.017 

10 3289 0.730 0.175 548 0.761 0.185 .999 0.031 

11 1459 0.890 0.224 408 0.871 0.273 .093 -0.020 

12 1686 0.969 0.218 250 0.935 0.211 .009* -0.034 

Group 1683 0.920 0.225 460 0.915 0.231  -0.004 
 Symbol * indicated statistical significance 

  

Table  B-4. Summary of the comparisons between the mean  �̅�t for ACC events during 

daytime and nighttime per driver including the groups averages. From the difference 

between the means (∆ =  𝜇nighttime −  𝜇𝑑𝑎𝑦𝑡𝑖𝑚𝑒), a negative value indicated that the 

mean acceleration was lower during nighttime. The relationship between ∆ and the 

annual mileage was R = 0.273 (p = .392). 

 Daytime Nighttime   

DriverID N 𝝁 (m/s2) 𝝈 (m/s2) N 𝝁 (m/s2) 𝝈 (m/s2) P-value ∆ (m/s2) 

1 1300 0.903 0.205 185 0.920 0.198 .858 0.017 

2 3492 0.903 0.229 434 0.887 0.213 .078 -0.016 

3 939 0.894 0.213 210 0.872 0.201 .083 -0.022 

4 259 1.117 0.286 29 1.176 0.286 .848 0.058 

5 901 1.025 0.254 97 0.985 0.230 .056 -0.040 

6 2378 0.981 0.222 745 0.960 0.225 .016* -0.020 

7 2130 0.922 0.226 475 0.877 0.228 <.001* -0.046 

8 1700 0.984 0.254 297 0.909 0.224 <.001* -0.075 

9 988 0.744 0.195 150 0.766 0.164 .935 0.022 

10 3441 0.738 0.177 286 0.684 0.166 <.001* -0.054 

11 1637 0.886 0.238 158 0.885 0.224 .484 -0.001 

12 1837 0.966 0.217 62 0.883 0.176 <.001* -0.083 

Group 1750 0.922 0.226 261 0.900 0.211  -0.021 
 Symbol * indicated statistical significance 
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B.2 Deceleration Events 

Table  B-5. Summary of the comparisons between the mean �̅�t for DEC events during 

clement and inclement weather per driver including the group averages. From the 

difference between the means (∆ =  𝜇inclement −  𝜇clement), a positive value indicated 

that the mean deceleration was lower during inclement weather. The relationship between 

∆ and the annual mileage was R = -0.438 (p = .155). 

 Clement Inclement   

DriverID N 𝝁 (m/s2) 𝝈 (m/s2) N 𝝁 (m/s2) 𝝈 (m/s2) P-value ∆ (m/s2) 

1 397 -1.163 0.343 1161 -1.090 0.339 .999 0.073 

2 1115 -0.953 0.315 2629 -0.925 0.299 .994 0.028 

3 118 -1.067 0.326 927 -1.055 0.346 .639 0.011 

4 52 -1.120 0.347 222 -1.149 0.370 .300 -0.029 

5 340 -0.961 0.296 461 -1.005 0.317 .020* -0.045 

6 1144 -0.974 0.300 2027 -1.005 0.345 .004* -0.031 

7 1008 -0.978 0.332 2439 -0.943 0.334 .998 0.035 

8 357 -1.260 0.382 1605 -1.168 0.418 .999 0.092 

9 323 -0.972 0.297 895 -0.951 0.285 .864 0.021 

10 887 -0.795 0.223 2466 -0.802 0.244 .192 -0.008 

11 628 -0.908 0.245 1155 -0.919 0.253 .173 -0.012 

12 394 -1.139 0.338 1670 -1.108 0.326 .951 0.031 

Group 564 -1.024 0.312 1471 -1.010 0.323  0.014 
 Symbol * indicated statistical significance 

  

Table  B-6. Summary of the comparisons between the mean �̅�t for DEC events during 

summer and winter per driver including the group averages. From the difference between 

the means (∆ =  𝜇winter −  𝜇summer), a positive value indicated that the mean 

deceleration was lower during winter. The relationship between ∆ and the annual mileage 

was R = -0.413 (p = .182). 

 Summer Winter   

DriverID N 𝝁 (m/s2) 𝝈 (m/s2) N 𝝁 (m/s2) 𝝈 (m/s2) P-value ∆ (m/s2) 

1 597 -1.157 0.345 771 -1.089 0.346 .999 0.069 

2 1749 -0.931 0.298 1371 -0.923 0.299 .762 0.008 

3 123 -1.017 0.310 725 -1.051 0.349 .134 -0.034 

4 100 -1.083 0.341 186 -1.165 0.372 .031 -0.082 

5 407 -1.008 0.320 252 -0.992 0.330 .737 0.017 

6 1767 -0.959 0.298 802 -1.033 0.343 <.001* -0.073 

7 1571 -0.963 0.319 1501 -0.928 0.329 .998 0.034 

8 422 -1.294 0.511 984 -1.152 0.396 <.001* 0.142 

9 503 -0.962 0.291 571 -0.972 0.289 .285 -0.010 

10 1769 -0.805 0.252 1397 -0.802 0.243 .649 0.003 

11 904 -0.932 0.272 765 -0.915 0.262 .891 0.016 

12 863 -1.153 0.357 993 -1.104 0.317 .999 0.050 

Group 898 -1.022 0.326 860 -1.010 0.323  0.012 
 Symbol * indicated statistical significance 
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Table  B-7. Summary of the comparisons between the mean �̅�t for DEC events during 

off-peak and peak traffic per driver including the group averages. From the difference 

between the means (∆ =  𝜇peak −  𝜇𝑜𝑓𝑓𝑝𝑒𝑎𝑘), a positive value indicated that the mean 

deceleration was lower during peak traffic. The relationship between ∆ and the annual 

mileage was R = -0.188 (p = .559). 

 Off-Peak Peak   

DriverID N 𝝁 (m/s2) 𝝈 (m/s2) N 𝝁 (m/s2) 𝝈 (m/s2) P-value ∆ (m/s2) 

1 2128 -1.118 0.340 686 -1.086 0.360 .979 0.032 

2 4358 -0.929 0.299 2126 -0.936 0.300 .211 -0.006 

3 1637 -1.061 0.331 540 -1.049 0.336 .771 0.012 

4 404 -1.144 0.342 63 -1.106 0.453 .736 0.038 

5 1315 -1.026 0.326 303 -0.989 0.326 .960 0.036 

6 5141 -0.992 0.327 1195 -0.968 0.312 .992 0.024 

7 4133 -0.970 0.339 1501 -0.937 0.322 .999 0.033 

8 3195 -1.210 0.401 769 -1.152 0.347 .999 0.059 

9 1904 -0.966 0.286 165 -0.988 0.278 .163 -0.022 

10 5698 -0.806 0.231 976 -0.820 0.264 .065 -0.014 

11 2708 -0.927 0.255 667 -0.937 0.294 .202 -0.010 

12 3217 -1.134 0.331 466 -1.099 0.363 .973 0.034 

Group 2987 -1.024 0.317 788 -1.006 0.330  0.018 
 Symbol * indicated statistical significance 

  

Table  B-8. Summary of the comparisons between the mean �̅�t for DEC events during 

daytime and nighttime per driver including the group averages. From the difference 

between the means (∆ =  𝜇nighttime −  𝜇𝑑𝑎𝑦𝑡𝑖𝑚𝑒), a positive value indicated that the mean 

deceleration was lower during nighttime. The relationship between ∆ and the annual 

mileage was R = 0.159 (p = .622). 

 Daytime Nighttime   

DriverID N 𝝁 (m/s2) 𝝈 (m/s2) N 𝝁 (m/s2) 𝝈 (m/s2) P-value ∆ (m/s2) 

1 2352 -1.120 0.340 282 -1.066 0.336 .994 0.053 

2 5208 -0.945 0.300 675 -0.862 0.269 .999 0.082 

3 1516 -1.063 0.330 371 -1.031 0.339 .947 0.032 

4 420 -1.153 0.366 42 -1.020 0.243 .999 0.133 

5 1456 -1.028 0.323 115 -0.931 0.366 .997 0.098 

6 4553 -1.004 0.312 1345 -0.946 0.371 .999 0.057 

7 4185 -0.966 0.333 986 -0.945 0.335 .961 0.021 

8 3100 -1.222 0.402 593 -1.100 0.332 .999 0.123 

9 1742 -0.973 0.283 250 -0.939 0.299 .954 0.034 

10 6030 -0.811 0.237 463 -0.778 0.231 .998 0.033 

11 2952 -0.940 0.263 288 -0.820 0.235 .999 0.120 

12 3512 -1.134 0.337 108 -1.012 0.259 .999 0.122 

Group 3086 -1.030 0.319 460 -0.954 0.301  0.076 
 Symbol * indicated statistical significance 
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B.3 Acute Right Turn Events 

Table  B-9. Summary of the comparisons between the mean a̅N for acute RT events 

during clement and inclement weather per driver including the group averages. From the 

difference between the means (∆ =  𝜇inclement −  𝜇clement), a negative value indicated 

that the mean acceleration was lower during inclement weather. The relationship between 

∆ and the annual mileage was R = -0.323 (p = .306). 

 Clement Inclement   

DriverID N 𝝁 (m/s2) 𝝈 (m/s2) N 𝝁 (m/s2) 𝝈 (m/s2) P-value ∆ (m/s2) 

1 166 1.811 0.428 521 1.764 0.428 .111 -0.047 

2 178 1.604 0.435 515 1.629 0.457 .739 0.025 

3 30 1.369 0.427 223 1.506 0.441 .945 0.137 

4 7 2.144 0.397 30 1.861 0.574 .073 -0.284 

5 58 1.871 0.579 92 1.904 0.559 .632 0.032 

6 386 2.180 0.534 602 2.149 0.530 .188 -0.031 

7 197 1.595 0.467 542 1.565 0.485 .227 -0.029 

8 90 2.117 0.690 331 1.924 0.593 .008* -0.194 

9 196 1.901 0.560 384 1.730 0.488 <.001* -0.171 

10 413 1.547 0.396 1088 1.552 0.388 .598 0.006 

11 142 1.743 0.650 331 1.755 0.605 .574 0.012 

12 77 2.038 0.728 286 1.820 0.581 .008* -0.219 

Group 162 1.827 0.524 412 1.763 0.511  -0.064 
 Symbol * indicated statistical significance 

  

Table  B-10. Summary of the comparisons between the mean a̅N for acute RT events 

during summer and winter per driver including group averages. From the difference 

between the means (∆ =  𝜇winter −  𝜇summer), a negative value indicated that the mean 

acceleration was lower during winter. The relationship between ∆ and the annual mileage 

was R = 0.365 (p = .243). 

 Summer Winter   

DriverID N 𝝁 (m/s2) 𝝈 (m/s2) N 𝝁 (m/s2) 𝝈 (m/s2) P-value ∆ (m/s2) 

1 245 1.846 0.416 358 1.745 0.417 .002* -0.101 

2 275 1.668 0.432 273 1.636 0.463 .203 -0.032 

3 31 1.395 0.450 174 1.584 0.460 .981 0.189 

4 9 1.614 0.527 27 1.808 0.568 .819 0.195 

5 80 2.042 0.620 47 1.890 0.533 .075 -0.151 

6 605 2.147 0.526 231 2.191 0.533 .861 0.045 

7 342 1.566 0.500 312 1.533 0.455 .184 -0.034 

8 94 2.223 0.652 230 1.924 0.597 <.001* -0.298 

9 343 1.909 0.536 212 1.663 0.474 <.001* -0.246 

10 731 1.525 0.411 645 1.548 0.385 .861 0.023 

11 232 1.755 0.588 223 1.761 0.549 .547 0.006 

12 150 2.196 0.742 171 1.743 0.544 <.001* -0.454 

Group 261 1.824 0.533 242 1.752 0.498  -0.072 
 Symbol * indicated statistical significance 
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Table  B-11. Summary of the comparisons between the mean a̅N for acute RT events 

during off-peak and peak traffic per driver including group averages. From the difference 

between the means (∆ =  𝜇peak −  𝜇𝑜𝑓𝑓𝑝𝑒𝑎𝑘), a negative value indicated that the mean 

acceleration was lower during peak traffic. The relationship between ∆ and the annual 

mileage was R = -0.114 (p = .725). 

 Off-Peak Peak   

DriverID N 𝝁 (m/s2) 𝝈 (m/s2) N 𝝁 (m/s2) 𝝈 (m/s2) P-value ∆ (m/s2) 

1 951 1.803 0.429 241 1.829 0.421 .801 0.026 

2 803 1.614 0.460 351 1.660 0.426 .947 0.045 

3 411 1.499 0.467 123 1.551 0.452 .870 0.053 

4 55 2.000 0.625 8 1.962 0.807 .450 -0.038 

5 266 1.978 0.603 45 1.808 0.629 .048* -0.170 

6 1572 2.134 0.545 347 2.134 0.497 .489 -0.001 

7 948 1.573 0.479 266 1.566 0.441 .410 -0.007 

8 710 2.006 0.613 156 1.975 0.579 .271 -0.032 

9 887 1.786 0.515 110 1.872 0.486 .958 0.086 

10 2438 1.536 0.390 397 1.588 0.415 .989 0.052 

11 707 1.786 0.577 190 1.768 0.642 .364 -0.018 

12 545 1.871 0.621 94 2.307 0.751 .999 0.436 

Group 858 1.799 0.527 194 1.835 0.545  0.036 
 Symbol * indicated statistical significance 

  

Table  B-12. Summary of the comparisons between the mean a̅N for acute RT events 

during daytime and nighttime per driver including group averages. From the difference 

between the means (∆ =  𝜇nighttime −  𝜇𝑑𝑎𝑦𝑡𝑖𝑚𝑒), a negative value indicated that the 

mean acceleration was lower during nighttime. The relationship between ∆ and the 

annual mileage was R = -0.276 (p = .386). 

 Daytime Nighttime   

DriverID N 𝝁 (m/s2) 𝝈 (m/s2) N 𝝁 (m/s2) 𝝈 (m/s2) P-value ∆ (m/s2) 

1 977 1.815 0.427 144 1.711 0.428 .003* -0.104 

2 840 1.640 0.454 147 1.549 0.451 .012* -0.091 

3 366 1.534 0.490 96 1.447 0.379 .030* -0.088 

4 55 2.036 0.656 8 1.714 0.486 .062 -0.322 

5 274 1.947 0.605 22 1.953 0.684 .516 0.006 

6 1363 2.134 0.548 436 2.145 0.514 .647 0.011 

7 884 1.591 0.499 238 1.490 0.364 <.001* -0.101 

8 618 2.023 0.636 187 1.916 0.529 .011* -0.108 

9 873 1.807 0.512 98 1.704 0.493 .026* -0.104 

10 2541 1.539 0.401 213 1.568 0.317 .895 0.029 

11 808 1.778 0.596 52 1.779 0.540 .509 0.002 

12 621 1.936 0.666 12 1.924 0.463 .466 -0.012 

Group 852 1.815 0.541 138 1.742 0.471  -0.073 
 Symbol * indicated statistical significance 
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B.4 Obtuse Right Turn Events 

Table  B-13. Summary of the comparisons between the mean a̅N for obtuse RT events 

during clement and inclement weather per driver including group averages. From the 

difference between the means (∆ =  𝜇inclement −  𝜇clement), a negative value indicated 

that the mean acceleration was lower during inclement weather. The relationship between 

∆ and the annual mileage was R = -0.077 (p = .813). 

 Clement Inclement   

DriverID N 𝝁 (m/s2) 𝝈 (m/s2) N 𝝁 (m/s2) 𝝈 (m/s2) P-value ∆ (m/s2) 

1 72 2.051 0.519 247 1.997 0.527 .223 -0.053 

2 154 1.903 0.625 364 1.871 0.575 .293 -0.032 

3 15 1.675 0.512 101 1.626 0.576 .368 -0.049 

4 4 2.507 0.623 22 2.379 0.832 .367 -0.128 

5 27 2.011 0.757 48 1.934 0.571 .324 -0.077 

6 94 2.222 0.685 157 2.254 0.620 .642 0.032 

7 62 1.816 0.643 193 1.819 0.707 .511 0.003 

8 31 2.623 0.889 140 2.028 0.793 .001* -0.596 

9 110 2.621 0.657 206 2.382 0.781 .002* -0.239 

10 118 1.696 0.516 303 1.662 0.478 .270 -0.034 

11 78 2.308 0.687 171 2.089 0.819 .015* -0.220 

12 44 2.157 0.629 206 2.053 0.672 .164 -0.104 

Group 67 2.133 0.645 180 2.008 0.663  -0.125 
 Symbol * indicated statistical significance 

  

Table  B-14. Summary of the comparisons between the mean a̅N for obtuse RT events 

during summer and winter per driver including group averages. From the difference 

between the means (∆ =  𝜇winter −  𝜇summer), a negative value indicated that the mean 

acceleration was lower during winter. The relationship between ∆ and the annual mileage 

was R = 0.393 (p = .207). 

 Summer Winter   

DriverID N 𝝁 (m/s2) 𝝈 (m/s2) N 𝝁 (m/s2) 𝝈 (m/s2) P-value ∆ (m/s2) 

1 125 2.091 0.531 160 1.969 0.528 .027* -0.122 

2 230 1.922 0.553 194 1.834 0.529 .049* -0.087 

3 12 1.658 0.599 73 1.546 0.601 .279 -0.112 

4 3 2.349 0.180 20 2.598 0.803 .876 0.249 

5 37 2.084 0.642 24 2.047 0.709 .420 -0.036 

6 153 2.217 0.642 62 2.277 0.693 .721 0.060 

7 102 1.778 0.684 120 1.813 0.654 .653 0.036 

8 35 2.694 0.725 99 1.952 0.767 <.001* -0.742 

9 177 2.658 0.660 115 2.236 0.765 <.001* -0.423 

10 208 1.706 0.503 184 1.679 0.450 .288 -0.027 

11 132 2.221 0.741 128 2.077 0.852 .074 -0.144 

12 90 2.199 0.683 116 2.068 0.647 .081 -0.131 

Group 109 2.131 0.595 108 2.008 0.666  -0.123 
 Symbol * indicated statistical significance 
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Table  B-15. Summary of the comparisons between the mean a̅N for obtuse RT events 

during off-peak and peak traffic per driver including group averages. From the difference 

between the means (∆ =  𝜇peak −  𝜇𝑜𝑓𝑓𝑝𝑒𝑎𝑘), a negative value indicated that the mean 

acceleration was lower during peak traffic. The relationship between ∆ and the annual 

mileage was R = 0.509 (p = .091). 

 Off-Peak Peak   

DriverID N 𝝁 (m/s2) 𝝈 (m/s2) N 𝝁 (m/s2) 𝝈 (m/s2) P-value ∆ (m/s2) 

1 423 2.020 0.528 104 2.006 0.559 .408 -0.014 

2 626 1.859 0.602 285 1.962 0.560 .994 0.103 

3 168 1.664 0.630 54 1.631 0.542 .355 -0.033 

4 36 2.525 0.769 6 2.923 0.568 .915 0.398 

5 118 2.085 0.629 23 2.427 0.779 .971 0.342 

6 432 2.219 0.652 100 2.253 0.588 .694 0.034 

7 320 1.843 0.714 101 1.974 0.740 .939 0.130 

8 270 2.349 0.842 53 2.150 0.810 .054 -0.200 

9 523 2.494 0.730 52 2.505 0.629 .545 0.011 

10 685 1.667 0.497 101 1.765 0.496 .967 0.098 

11 393 2.242 0.805 92 2.148 0.710 .135 -0.093 

12 381 2.130 0.681 33 2.052 0.557 .225 -0.079 

Group 365 2.091 0.673 84 2.150 0.628  0.058 
 Symbol * indicated statistical significance 

  

Table  B-16. Summary of the comparisons between the mean a̅N for obtuse RT events 

during daytime and nighttime per driver including group averages. From the difference 

between the means (∆ =  𝜇nighttime −  𝜇𝑑𝑎𝑦𝑡𝑖𝑚𝑒), a negative value indicated that the 

mean acceleration was lower during nighttime. The relationship between ∆ and the 

annual mileage was R = 0.696 (p = .012). 

 Daytime Nighttime   

DriverID N 𝝁 (m/s2) 𝝈 (m/s2) N 𝝁 (m/s2) 𝝈 (m/s2) P-value ∆ (m/s2) 

1 443 2.047 0.516 53 1.804 0.566 .002* -0.243 

2 695 1.913 0.599 121 1.842 0.559 .104 -0.070 

3 146 1.664 0.629 42 1.615 0.586 .318 -0.049 

4 40 2.543 0.738 2 3.364 0.791 .814 0.821 

5 124 2.143 0.678 10 2.028 0.592 .284 -0.116 

6 399 2.249 0.652 92 2.171 0.613 .139 -0.078 

7 295 1.925 0.765 85 1.670 0.535 <.001* -0.255 

8 231 2.439 0.871 63 2.018 0.647 <.001* -0.421 

9 495 2.505 0.721 60 2.403 0.708 .149 -0.102 

10 706 1.686 0.503 62 1.647 0.416 .243 -0.039 

11 429 2.242 0.792 27 1.920 0.728 .017* -0.322 

12 399 2.132 0.673 7 1.717 0.580 .054 -0.415 

Group 367 2.124 0.678 52 2.016 0.610  -0.107 
 Symbol * indicated statistical significance 
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B.5 Acute Left Turn Events 

Table  B-17. Summary of the comparisons between the mean a̅N for acute LT events 

during clement and inclement weather per driver including the group averages. From the 

difference between the means (∆ =  𝜇inclement −  𝜇clement), a negative value indicated 

that the mean acceleration was lower during inclement weather. The relationship between 

∆ and the annual mileage was R = 0.571 (p = .052). 

 Clement Inclement   

DriverID N 𝝁 (m/s2) 𝝈 (m/s2) N 𝝁 (m/s2) 𝝈 (m/s2) P-value ∆ (m/s2) 

1 148 1.797 0.441 426 1.693 0.438 .007* -0.104 

2 188 1.461 0.405 393 1.562 0.417 .997 0.101 

3 29 1.523 0.407 187 1.512 0.432 .443 -0.012 

4 13 1.812 0.464 29 2.031 0.537 .905 0.219 

5 36 1.548 0.540 84 1.540 0.534 .470 -0.008 

6 236 1.805 0.479 386 1.846 0.494 .852 0.042 

7 107 1.638 0.535 350 1.633 0.544 .467 -0.005 

8 51 2.121 0.695 213 1.919 0.683 .033* -0.201 

9 163 1.757 0.528 333 1.641 0.529 .011* -0.116 

10 364 1.491 0.455 978 1.508 0.433 .726 0.017 

11 114 1.545 0.653 254 1.520 0.622 .361 -0.026 

12 41 1.805 0.607 191 1.729 0.653 .238 -0.076 

Group 124 1.692 0.517 319 1.678 0.526  -0.014 
 Symbol * indicated statistical significance 

  

Table  B-18. Summary of the comparisons between the mean a̅N for acute LT events 

during summer and winter per driver including the group averages. From the difference 

between the means (∆ =  𝜇winter −  𝜇summer), a negative value indicated that the mean 

acceleration was lower during winter. The relationship between ∆ and the annual mileage 

was R = 0.615 (p = .033). 

 Summer Winter   

DriverID N 𝝁 (m/s2) 𝝈 (m/s2) N 𝝁 (m/s2) 𝝈 (m/s2) P-value ∆ (m/s2) 

1 243 1.799 0.447 280 1.699 0.432 .005* -0.100 

2 237 1.525 0.409 208 1.560 0.415 .816 0.035 

3 18 1.538 0.350 153 1.563 0.448 .609 0.025 

4 12 1.801 0.571 24 2.187 0.530 .968 0.386 

5 63 1.517 0.450 54 1.433 0.483 .166 -0.085 

6 365 1.837 0.500 140 1.835 0.478 .482 -0.002 

7 197 1.680 0.502 200 1.580 0.557 .032* -0.099 

8 67 2.250 0.618 130 1.866 0.699 <.001* -0.384 

9 274 1.737 0.552 186 1.567 0.465 <.001* -0.170 

10 630 1.491 0.434 597 1.520 0.431 .875 0.028 

11 161 1.553 0.685 173 1.570 0.662 .590 0.017 

12 85 1.889 0.504 118 1.658 0.686 .003* -0.231 

Group 196 1.718 0.502 189 1.670 0.524  -0.048 
 Symbol * indicated statistical significance 
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Table  B-19. Summary of the comparisons between the mean a̅N for acute LT events 

during off-peak and peak traffic per driver including group averages. From the difference 

between the means (∆ =  𝜇peak −  𝜇𝑜𝑓𝑓𝑝𝑒𝑎𝑘), a negative value indicated that the mean 

acceleration was lower during peak traffic. The relationship between ∆ and the annual 

mileage was R = -0.356 (p = .256). 

 Off-Peak Peak   

DriverID N 𝝁 (m/s2) 𝝈 (m/s2) N 𝝁 (m/s2) 𝝈 (m/s2) P-value ∆ (m/s2) 

1 834 1.747 0.441 219 1.727 0.458 .281 -0.020 

2 661 1.525 0.429 286 1.553 0.421 .821 0.028 

3 331 1.554 0.432 84 1.473 0.438 .067 -0.081 

4 56 2.009 0.608 5 1.500 0.482 .038* -0.509 

5 207 1.609 0.531 39 1.479 0.395 .040* -0.130 

6 940 1.830 0.494 193 1.793 0.454 .155 -0.037 

7 573 1.673 0.551 169 1.623 0.496 .128 -0.051 

8 450 2.026 0.708 89 1.965 0.685 .224 -0.061 

9 766 1.704 0.540 89 1.758 0.520 .820 0.054 

10 2165 1.497 0.437 331 1.602 0.451 .999 0.105 

11 541 1.643 0.665 125 1.482 0.618 .005* -0.160 

12 356 1.762 0.668 33 1.813 0.634 .670 0.051 

Group 657 1.715 0.542 139 1.647 0.504  -0.068 
 Symbol * indicated statistical significance 

  

Table  B-20. Summary of the comparisons between the mean a̅N for acute LT events 

during daytime and nighttime per driver including the group averages. From the 

difference between the means (∆ =  𝜇nighttime −  𝜇𝑑𝑎𝑦𝑡𝑖𝑚𝑒), a negative value indicated 

that the mean acceleration was lower during nighttime. The relationship between ∆ and 

the annual mileage was R = 0.354 (p = .259). 

 Daytime Nighttime   

DriverID N 𝝁 (m/s2) 𝝈 (m/s2) N 𝝁 (m/s2) 𝝈 (m/s2) P-value ∆ (m/s2) 

1 849 1.763 0.441 132 1.621 0.403 <.001* -0.141 

2 698 1.557 0.440 121 1.493 0.393 .054 -0.064 

3 277 1.564 0.449 92 1.497 0.410 .092 -0.067 

4 51 1.979 0.615 10 1.908 0.622 .373 -0.071 

5 211 1.592 0.499 27 1.508 0.616 .251 -0.084 

6 811 1.846 0.505 244 1.766 0.430 .008* -0.080 

7 513 1.669 0.542 168 1.608 0.535 .100 -0.061 

8 373 2.016 0.743 115 1.978 0.601 .290 -0.038 

9 736 1.720 0.539 90 1.596 0.496 .014* -0.124 

10 2151 1.507 0.445 280 1.529 0.399 .802 0.022 

11 587 1.648 0.656 43 1.322 0.570 <.001* -0.326 

12 373 1.771 0.669 12 1.598 0.558 .158 -0.172 

Group 636 1.719 0.545 111 1.619 0.503  -0.101 
 Symbol * indicated statistical significance 
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B.6 Obtuse Left Turn Events 

Table  B-21. Summary of the comparisons between the mean a̅N for obtuse LT events 

during clement and inclement weather per driver including the group averages. From the 

difference between the means (∆ =  𝜇inclement −  𝜇clement), a negative value indicated 

that the mean acceleration was lower during inclement weather. The relationship between 

∆ and the annual mileage was R = 0.485 (p = .110). 

 Clement Inclement   

DriverID N 𝝁 (m/s2) 𝝈 (m/s2) N 𝝁 (m/s2) 𝝈 (m/s2) P-value ∆ (m/s2) 

1 78 2.322 0.584 237 2.106 0.651 .003* -0.215 

2 170 1.416 0.498 377 1.429 0.504 .612 0.013 

3 8 1.605 0.565 46 1.676 0.575 .624 0.071 

4 4 1.882 0.479 8 2.311 0.466 .905 0.429 

5 14 1.739 0.587 22 1.605 0.534 .248 -0.134 

6 112 2.025 0.496 183 2.073 0.553 .783 0.049 

7 63 1.916 0.549 169 1.823 0.636 .137 -0.093 

8 18 2.430 0.799 84 2.312 0.732 .284 -0.118 

9 38 1.964 0.631 83 2.058 0.634 .775 0.094 

10 112 1.689 0.514 365 1.650 0.516 .244 -0.039 

11 39 1.540 0.680 85 1.711 0.768 .892 0.171 

12 37 2.004 0.801 149 2.116 0.834 .772 0.112 

Group 58 1.878 0.599 151 1.906 0.617  0.028 
 Symbol * indicated statistical significance 

  

Table  B-22. Summary of the comparisons between the mean a̅N for obtuse LT events 

during summer and winter per driver including the group averages. From the difference 

between the means (∆ =  𝜇winter −  𝜇summer), a negative value indicated that the mean 

acceleration was lower during winter. The relationship between ∆ and the annual mileage 

was R = 0.460 (p = .132). 

 Summer Winter   

DriverID N 𝝁 (m/s2) 𝝈 (m/s2) N 𝝁 (m/s2) 𝝈 (m/s2) P-value ∆ (m/s2) 

1 110 2.306 0.568 150 2.096 0.652 .003* -0.210 

2 257 1.455 0.492 190 1.426 0.505 .274 -0.029 

3 3 1.731 0.921 36 1.651 0.588 .448 -0.080 

4 4 2.137 0.464 6 2.325 0.486 .720 0.187 

5 17 1.667 0.636 17 1.614 0.486 .393 -0.053 

6 181 2.083 0.552 61 1.990 0.485 .106 -0.093 

7 101 1.759 0.637 113 1.838 0.607 .821 0.079 

8 23 2.475 0.623 58 2.243 0.702 .077 -0.231 

9 56 2.009 0.648 52 2.021 0.634 .538 0.012 

10 209 1.674 0.499 204 1.633 0.504 .203 -0.041 

11 54 1.881 0.746 55 1.700 0.745 .104 -0.181 

12 62 2.168 0.749 90 2.175 1.143 .519 0.007 

Group 90 1.945 0.628 86 1.893 0.628  -0.053 
 Symbol * indicated statistical significance 
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Table  B-23. Summary of the comparisons between the mean a̅N for obtuse LT events 

during off-peak and peak traffic per driver including group averages. From the difference 

between the means (∆ =  𝜇peak −  𝜇𝑜𝑓𝑓𝑝𝑒𝑎𝑘), a negative value indicated that the mean 

acceleration was lower during peak traffic. The relationship between ∆ and the annual 

mileage was R = -0.600 (p = .039). 

 Off-Peak Peak   

DriverID N 𝝁 (m/s2) 𝝈 (m/s2) N 𝝁 (m/s2) 𝝈 (m/s2) P-value ∆ (m/s2) 

1 402 2.185 0.610 113 2.248 0.614 .832 0.063 

2 773 1.412 0.484 192 1.429 0.498 .661 0.017 

3 82 1.664 0.545 25 1.680 0.519 .553 0.016 

4 21 2.329 0.552 2 1.610 0.093 <.001* -0.719 

5 57 1.761 0.569 11 1.692 0.527 .351 -0.069 

6 463 2.084 0.530 99 1.995 0.540 .070 -0.089 

7 276 1.889 0.669 101 1.923 0.578 .687 0.034 

8 173 2.191 0.820 42 2.517 0.625 .997 0.326 

9 193 1.968 0.635 15 2.084 0.714 .725 0.116 

10 729 1.648 0.528 135 1.683 0.530 .759 0.035 

11 164 1.769 0.762 48 1.774 0.781 .514 0.005 

12 259 2.133 0.830 36 2.439 1.413 .894 0.306 

Group 299 1.920 0.628 68 1.923 0.619  0.003 
 Symbol * indicated statistical significance 

  

Table  B-24. Summary of the comparisons between the mean a̅N for obtuse LT events 

during daytime and nighttime per driver including the group averages. From the 

difference between the means (∆ =  𝜇nighttime −  𝜇𝑑𝑎𝑦𝑡𝑖𝑚𝑒), a negative value indicated 

that the mean acceleration was lower during nighttime. The relationship between ∆ and 

the annual mileage was R = -0.218 (p = 0.497). 

 Daytime Nighttime   

DriverID N 𝝁 (m/s2) 𝝈 (m/s2) N 𝝁 (m/s2) 𝝈 (m/s2) P-value ∆ (m/s2) 

1 396 2.213 0.625 85 2.055 0.535 .009* -0.158 

2 733 1.452 0.477 123 1.246 0.450 <.001* -0.206 

3 82 1.679 0.544 12 1.662 0.634 .467 -0.017 

4 21 2.292 0.572 2 1.999 0.605 .308 -0.293 

5 60 1.727 0.554 6 1.856 0.706 .659 0.128 

6 410 2.089 0.550 116 2.022 0.479 .100 -0.067 

7 293 1.898 0.633 51 1.792 0.685 .152 -0.106 

8 139 2.106 0.752 49 2.509 0.832 .998 0.403 

9 167 1.926 0.623 29 2.103 0.648 .910 0.177 

10 780 1.662 0.528 63 1.539 0.534 .041* -0.123 

11 182 1.790 0.763 19 1.563 0.653 .085 -0.227 

12 282 2.159 0.848 6 1.662 0.696 .071 -0.496 

Group 295 1.916 0.622 47 1.834 0.621  -0.082 
 Symbol * indicated statistical significance 
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Appendix C  :  Classification Performance 

C.1 Event Classifiers 

Table  C-1. Classification performance of the ACC event classifier using LR and RF for 

subsets of 2 to 12 drivers from a pool of 12 drivers. 
 LR (%) RF (%)   

Subsets Score 2σ PCM RCM FM Score 2σ PCM RCM FM I Null (%) 

2 52.6 1.3 53.2 52.6 52.9 62.6 1.5 65.0 62.6 63.8 5577 50.0 

3 35.4 1.4 36.2 35.4 35.8 43.7 1.3 45.0 43.7 44.3 6804 33.3 

4 31.7 4.0 31.4 31.7 31.5 37.6 1.5 48.2 37.6 42.2 7068 25.0 

5 26.0 3.5 26.7 26.0 26.3 32.4 1.0 41.0 32.4 36.2 8063 20.0 

6 21.7 3.8 22.8 21.7 22.2 40.7 0.7 46.2 40.7 43.3 11194 16.7 

7 18.3 1.0 19.7 18.3 18.9 35.7 1.1 40.0 35.7 37.7 13881 14.3 

8 16.6 2.6 16.9 16.6 16.7 31.6 0.9 34.6 31.6 33.0 15824 12.5 

9 15.4 2.0 16.5 15.4 15.9 30.2 0.9 34.5 30.2 32.2 16938 11.1 

10 14.1 2.2 13.3 14.1 13.7 30.9 0.9 33.6 30.9 32.2 20526 10.0 

11 13.4 2.5 12.9 13.4 13.0 30.3 0.5 32.7 30.3 31.5 22295 9.1 

12 12.5 2.1 12.8 12.5 12.6 29.8 0.5 32.5 29.8 31.1 24148 8.3 

 

Table  C-2. Classification performance of the DEC event classifier using LR and RF for 

subsets of 2 to 12 drivers from a pool of 12 drivers. 
 LR (%) RF (%)   

Subsets Score 2σ PCM RCM FM Score 2σ PCM RCM FM I Null (%) 

2 69.7 4.0 70.2 69.7 69.9 74.6 0.8 75.7 74.6 75.1 8174 50.0 

3 49.2 3.2 49.0 49.2 49.1 56.9 0.7 60.0 56.9 58.4 10057 33.3 

4 38.2 1.9 38.9 38.2 38.5 43.8 1.0 50.7 43.8 47.0 10478 25.0 

5 30.5 1.5 30.9 30.5 30.6 36.4 1.0 42.0 36.4 39.0 11893 20.0 

6 26.1 3.7 27.5 26.1 26.8 33.3 0.9 37.0 33.3 35.0 17529 16.7 

7 22.7 2.2 26.6 22.7 24.4 29.7 0.5 32.4 29.7 31.0 22601 14.3 

8 21.5 1.8 21.6 21.5 21.5 27.8 0.7 30.1 27.8 28.9 26072 12.5 

9 19.1 1.3 20.8 19.1 19.9 25.4 0.8 27.6 25.4 26.4 27887 11.1 

10 19.1 2.2 18.7 19.1 18.9 25.9 0.6 27.7 25.9 26.8 33637 10.0 

11 17.3 2.7 17.5 17.3 17.4 24.2 0.5 25.8 24.2 25.0 36536 9.1 

12 16.4 1.8 16.9 16.4 16.6 23.6 0.5 25.1 23.6 24.3 39845 8.3 

 

Table  C-3. Classification performance of the RT event classifier using LR and RF for 

subsets of 2 to 12 drivers from a pool of 12 drivers. 
 LR (%) RF (%)   

Subsets Score 2σ PCM RCM FM Score 2σ PCM RCM FM I Null (%) 

2 52.7 3.5 52.9 52.7 52.8 70.7 0.8 71.2 70.7 70.9 8174 50.0 

3 34.8 1.7 36.1 34.8 35.4 52.2 0.8 53.9 52.2 53.0 10057 33.3 

4 29.0 3.7 28.7 29.0 28.7 41.4 0.9 53.0 41.4 46.5 10478 25.0 

5 22.1 1.9 22.6 22.1 22.3 36.9 1.8 46.7 36.9 41.2 11893 20.0 

6 18.4 2.6 18.1 18.4 18.1 36.1 0.9 42.2 36.1 38.9 17529 16.7 

7 15.7 1.7 16.0 15.7 15.7 32.8 0.9 38.1 32.8 35.2 22601 14.3 

8 14.1 1.7 13.5 14.1 13.6 30.8 0.9 34.4 30.8 32.5 26072 12.5 

9 12.2 1.3 11.7 12.2 11.9 31.0 0.9 34.4 31.0 32.6 27887 11.1 

10 11.0 1.3 8.9 11.0 9.7 31.3 0.6 34.2 31.3 32.7 33637 10.0 

11 10.4 1.9 10.8 10.4 10.5 29.2 0.8 31.9 29.2 30.5 36536 9.1 

12 9.2 0.9 8.5 9.2 8.8 28.1 0.5 30.9 28.1 29.4 39845 8.3 
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Table  C-4. Classification performance of the LT event classifier using LR and RF for 

subsets of 2 to 12 drivers from a pool of 12 drivers. 
 LR (%) RF (%)   

Subsets Score 2σ PCM RCM FM Score 2σ PCM RCM FM I Null (%) 

2 52.7 2.5 53.3 52.7 53.0 76.5 1.3 77.3 76.5 76.9 5901 50.0 

3 38.0 4.6 38.5 38.0 38.2 56.4 0.8 58.7 56.4 57.5 7047 33.3 

4 27.4 1.6 28.5 27.4 27.8 43.5 1.3 54.8 43.5 48.5 7173 25.0 

5 23.0 2.8 24.2 23.0 23.5 39.6 1.2 50.1 39.6 44.2 7764 20.0 

6 18.8 2.7 19.3 18.8 18.9 39.1 1.2 47.2 39.1 42.8 10347 16.7 

7 15.7 2.0 15.6 15.7 15.4 34.9 1.1 39.3 34.9 36.9 12900 14.3 

8 13.3 1.5 11.0 13.3 11.9 32.3 0.7 35.7 32.3 33.9 14187 12.5 

9 12.3 1.2 12.1 12.3 12.1 31.9 0.8 35.4 31.9 33.6 16352 11.1 

10 11.5 1.6 11.1 11.5 11.2 32.0 0.8 34.7 32.0 33.3 21508 10.0 

11 10.1 1.3 9.9 10.1 9.9 30.4 0.5 33.1 30.4 31.7 23342 9.1 

12 9.2 1.4 8.3 9.2 8.6 28.9 0.5 31.2 28.9 30.0 24414 8.3 

C.2 Expert Trip Classifiers 

Table  C-5. Classification performance of the expert ACC trip classifier using MV among 

the ACC events from the same trip 

Subsets Score (%) 2σ (%) PCM (%) RCM (%) FM (%) N (%) Null (%) 

2 66.9 6.2 67.8 66.0 66.9 2183 50.0 

3 45.1 7.2 47.2 45.7 46.5 2611 33.3 

4 37.3 5.4 49.3 37.4 42.3 2696 25.0 

5 32.2 8.1 45.5 33.9 38.8 3093 20.0 

6 42.0 6.2 49.8 42.3 45.7 4641 16.7 

7 36.7 5.6 42.8 37.2 39.8 5645 14.3 

8 32.8 5.8 38.6 34.0 36.1 6331 12.5 

9 32.9 2.9 39.7 33.4 36.3 6895 11.1 

10 34.8 4.1 37.8 34.3 36.0 8428 10.0 

11 34.4 4.4 38.0 34.9 36.4 9193 9.1 

12 34.6 8.0 39.8 35.0 37.2 9922 8.3 

 

Table  C-6. Classification performance of the expert DEC trip classifier using MV among 

the DEC events from the same trip 

Subsets Score (%) 2σ (%) PCM (%) RCM (%) FM (%) N (%) Null (%) 

2 80.7 1.9 81.0 80.5 80.8 2538 50.0 

3 62.3 2.8 67.5 61.8 64.5 3052 33.3 

4 47.7 4.5 52.5 47.1 49.2 3165 25.0 

5 41.3 4.4 45.2 41.1 42.8 3604 20.0 

6 38.8 9.4 42.8 38.1 40.2 5489 16.7 

7 37.7 6.1 42.3 37.3 39.6 6702 14.3 

8 34.9 2.9 37.2 34.9 36.0 7521 12.5 

9 32.2 2.5 35.9 32.7 34.2 8260 11.1 

10 33.2 4.8 36.4 33.0 34.6 10228 10.0 

11 31.0 3.6 34.5 31.8 33.1 11167 9.1 

12 31.8 4.0 33.7 31.2 32.4 12070 8.3 
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Table  C-7. Classification performance of the expert RT trip classifier using MV among 

the RT events from the same trip 

Subsets Score (%) 2σ (%) PCM (%) RCM (%) FM (%) N (%) Null (%) 

2 75.5 4.0 75.1 75.1 75.1 2562 50.0 

3 57.0 3.0 61.2 57.4 59.2 3212 33.3 

4 44.7 8.3 45.9 44.8 44.7 3302 25.0 

5 38.0 6.7 50.1 39.3 43.9 3699 20.0 

6 39.8 4.3 45.2 40.4 42.5 5485 16.7 

7 38.9 4.5 44.1 37.7 40.6 6730 14.3 

8 35.8 4.5 41.4 35.7 38.3 7434 12.5 

9 35.9 4.3 41.8 37.8 39.7 8393 11.1 

10 38.4 6.5 41.7 37.9 39.7 10500 10.0 

11 36.1 6.0 40.7 36.2 38.3 11524 9.1 

12 34.7 4.6 39.6 34.7 37.0 12261 8.3 

 

Table  C-8. Classification performance of the expert LT trip classifier using MV among 

the LT events from the same trip 

Subsets Score (%) 2σ (%) PCM (%) RCM (%) FM (%) N (%) Null (%) 

2 80.1 3.4 80.0 79.9 79.9 2429 50.0 

3 59.6 2.8 63.5 59.5 61.4 3006 33.3 

4 46.4 5.3 41.2 46.3 43.2 3079 25.0 

5 41.0 6.2 47.2 41.0 43.7 3438 20.0 

6 40.4 9.6 43.2 40.5 41.6 4902 16.7 

7 38.5 7.2 40.4 38.7 39.5 6050 14.3 

8 36.6 3.6 37.5 36.0 36.7 6668 12.5 

9 35.4 5.0 36.4 35.7 36.0 7613 11.1 

10 35.4 4.0 39.0 36.4 37.6 9649 10.0 

11 35.5 5.2 37.0 35.7 36.3 10516 9.1 

12 33.1 4.8 36.6 33.4 34.9 11142 8.3 

 

Table  C-9. Confusion matrix of the classification performance of the expert ACC trip 

classifier 

Driver 
Predicted Recall 

(%) 1 2 3 4 5 6 7 8 9 10 11 12 

A
ct

u
a
l 

1 20 27 6 1 7 1 6 8 3 6 0 0 23.5 

2 7 54 2 0 4 0 6 4 3 3 1 1 63.5 

3 11 27 7 0 2 2 11 7 3 12 1 2 8.2 

4 4 23 3 8 6 3 14 13 0 0 7 4 9.4 

5 14 27 4 3 15 1 3 13 0 3 0 2 17.6 

6 0 2 0 0 2 72 1 0 0 0 2 6 84.7 

7 14 27 6 1 4 0 14 4 5 7 0 3 16.5 

8 9 28 1 3 5 1 10 18 1 4 4 1 21.2 

9 7 18 3 0 1 1 6 3 26 18 1 1 30.6 

10 11 5 8 1 1 0 2 1 8 48 0 0 56.5 

11 3 12 1 1 0 14 4 0 1 1 41 7 48.2 

12 4 11 1 0 3 17 0 5 1 0 11 32 37.6 

Precision 

(%): 
19.2 20.7 16.7 44.4 30.0 64.3 18.2 23.7 51.0 47.1 60.3 54.2  
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Table  C-10. Confusion matrix for the classification performance of the expert DEC trip 

classifier 

Driver 
Predicted Recall 

(%) 1 2 3 4 5 6 7 8 9 10 11 12 

A
ct

u
a
l 

1 52 14 2 2 1 16 4 13 2 2 3 2 46.0 

2 12 59 11 0 2 10 8 2 0 8 1 0 52.2 

3 7 16 13 0 8 15 24 6 3 9 9 3 11.5 

4 35 23 4 3 4 16 6 12 2 4 1 3 2.7 

5 12 23 9 0 8 13 15 9 4 6 7 7 7.1 

6 8 15 9 0 1 63 0 5 1 6 4 1 55.8 

7 1 29 4 0 0 15 43 7 1 10 1 2 38.1 

8 23 10 3 0 3 11 5 41 7 4 0 6 36.3 

9 5 15 9 0 7 13 11 7 21 16 5 4 18.6 

10 3 19 3 1 3 7 5 0 5 65 1 1 57.5 

11 2 29 5 0 3 11 13 4 2 15 24 5 21.2 

12 5 11 9 0 2 14 6 10 0 3 6 47 41.6 

Precision 

(%): 
31.5 22.4 16.0 50.0 19.0 30.9 30.7 35.3 43.8 43.9 38.7 58.0  

 

Table  C-11. Confusion matrix for the classification performance of the expert RT trip 

classifier 

Driver 
Predicted Recall 

(%) 1 2 3 4 5 6 7 8 9 10 11 12 

A
ct

u
a
l 

1 41 5 3 0 2 6 5 3 8 14 2 1 45.6 

2 10 38 2 0 0 9 5 5 2 10 6 3 42.2 

3 12 16 13 0 2 5 10 3 4 18 5 2 14.4 

4 9 10 3 6 2 17 11 18 1 3 6 4 6.7 

5 11 12 3 1 15 14 6 4 5 11 7 1 16.7 

6 10 17 2 0 2 42 4 3 4 2 1 3 46.7 

7 13 23 5 1 1 4 28 4 1 10 0 0 31.1 

8 11 22 1 2 1 16 6 21 1 3 3 3 23.3 

9 4 7 6 0 0 4 3 1 58 5 2 0 64.4 

10 6 10 5 0 1 2 2 1 1 61 1 0 67.8 

11 10 18 3 0 1 7 9 2 3 8 26 3 28.9 

12 16 8 3 0 2 17 3 8 2 2 8 21 23.3 

Precision 

(%): 
26.8 20.4 26.5 60.0 51.7 29.4 30.4 28.8 64.4 41.5 38.8 51.2  

 

Table  C-12. Confusion matrix for the classification performance of the expert LT trip 

classifier 

Driver 
Predicted Recall 

(%) 1 2 3 4 5 6 7 8 9 10 11 12 

A
ct

u
a
l 

1 35 11 3 0 1 2 4 1 1 9 3 3 47.9 

2 5 37 3 0 0 1 4 1 2 13 6 1 50.7 

3 11 18 6 0 2 2 8 0 5 17 4 0 8.2 

4 12 12 1 1 1 11 5 12 4 4 7 3 1.4 

5 19 11 5 0 17 4 6 3 1 6 1 0 23.3 

6 11 8 1 1 4 37 4 3 0 4 0 0 50.7 

7 2 25 3 0 2 4 15 2 9 4 4 3 20.5 

8 9 10 2 0 3 7 8 23 4 3 3 1 31.5 
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9 5 8 6 0 0 4 5 2 33 5 4 1 45.2 

10 3 13 1 0 0 0 2 0 3 50 0 1 68.5 

11 6 17 4 0 1 6 8 3 4 4 19 1 26.0 

12 10 15 3 1 1 7 8 6 2 5 4 11 15.1 

Precision 

(%): 
27.3 20.0 15.8 33.3 53.1 43.5 19.5 41.1 48.5 40.3 34.5 44.0  

C.3 Multi-Expert Trip Classifier 

Table  C-13. Classification performance of the ME trip classifier showing the results 

from including the environmental features 

 
Without environmental features 

(%) 
With environmental features (%)   

Subsets Score 2SD PCM RCM FM Score 2SD PCM RCM FM N 
Null 

(%) 

2 82.0 1.1 84.1 82.0 83.1 81.7 1.2 83.2 81.3 82.2 3085 50.0 

3 65.1 1.4 71.9 64.1 67.8 65.0 1.3 73.3 65.4 69.1 3905 33.3 

4 49.9 2.1 66.8 51.9 58.4 50.8 2.8 43.7 52.1 47.5 4038 25.0 

5 45.5 2.4 62.3 44.5 51.9 45.9 4.4 59.5 42.3 49.4 4595 20.0 

6 49.2 3.4 46.5 47.2 46.9 50.2 2.5 47.3 48.6 48.0 6663 16.7 

7 48.4 2.4 59.6 49.0 53.8 48.4 2.7 49.8 50.5 50.1 8014 14.3 

8 48.2 1.8 57.7 47.3 52.0 47.6 3.6 55.9 45.9 50.4 8877 12.5 

9 48.8 3.3 49.4 50.5 49.9 48.9 2.1 54.1 48.0 50.8 9907 11.1 

10 50.0 2.5 52.6 51.0 51.8 48.9 2.0 53.3 49.3 51.2 12210 10.0 

11 50.0 1.4 57.4 50.4 53.7 49.2 2.4 46.0 48.2 47.1 13324 9.1 

12 49.4 1.0 52.5 50.2 51.3 49.0 1.8 56.3 49.6 52.7 14317 8.3 

 

Table  C-14. Confusion matrix for the classification performance of the ME trip classifier   

Driver 
Predicted Recall 

(%) 1 2 3 4 5 6 7 8 9 10 11 12 

A
ct

u
a
l 

1 68 15 2 1 1 6 7 9 5 13 3 3 51.1 

2 5 86 0 0 3 6 10 3 6 12 1 1 64.7 

3 8 32 11 1 2 2 21 7 9 26 10 4 8.3 

4 14 25 4 4 2 23 16 32 2 4 4 3 3.0 

5 7 30 8 0 20 9 14 18 1 16 5 5 15.0 

6 2 5 0 0 1 112 4 1 3 2 0 3 84.2 

7 1 21 4 0 1 5 76 3 0 13 7 2 57.1 

8 10 12 0 1 3 9 12 73 2 5 4 2 54.9 

9 2 8 1 0 1 3 4 3 88 17 5 1 66.2 

10 1 3 2 0 0 1 3 1 3 118 0 1 88.7 

11 1 21 4 0 1 7 5 4 4 15 69 2 51.9 

12 4 14 1 0 0 19 8 5 2 1 3 76 57.1 

Precision 

(%): 
55.3 31.6 29.7 57.1 57.1 55.4 42.2 45.9 70.4 48.8 62.2 73.8  
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