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ABSTRACT 
Driving aggressively increases the risk of accidents. 
Assessing a person’s driving style is a useful way to guide 
aggressive drivers toward having safer driving behaviors. A 
number of studies have investigated driving style, but they 
often rely on the use of self-reports or simulators, which are 
not suitable for the real-time, continuous, automated 
assessment and feedback on the road. In order to understand 
and model aggressive driving style, we construct an in-
vehicle sensing platform that uses a smartphone instead of 
using heavyweight, expensive systems. Utilizing additional 
cheap sensors, our sensing platform can collect useful 
information about vehicle movement, maneuvering and 
steering wheel movement. We use this data and apply 
machine learning to build a driver model that evaluates 
drivers’ driving styles based on a number of driving-related 
features. From a naturalistic data collection from 22 drivers 
for 3 weeks, we analyzed the characteristics of drivers who 
have an aggressive driving style. Our model classified those 
drivers with an accuracy of 90.5% (violation-class) and 
81% (questionnaire-class). We describe how, in future work, 
our model can be used to provide real-time feedback to 
drivers using only their current smartphone.  
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INTRODUCTION 
Driving is an integral part of many peoples’ lives, as it 
allows them to travel faster and further to accomplish more. 
It even provides for an improved quality of life [29]. 
However, it also exposes individuals to the risk of being 
involved in harmful and even fatal accidents [5, 8]. Not 
only are these accidents injurious to the people involved, 
but also they are expensive: accident-related costs in 2011 

in the US were estimated to be $299.5 billion [6]. Road 
traffic accidents are directly attributable to human behavior 
because they are related to vehicle control and sensitive to 
the complex driving environment (e.g., weather, traffic) [7, 
30]. Significant research has been performed to understand 
the relationship between human behavior and road safety, 
for example, asking which behavioral factors can indicate 
‘good’ or ‘bad’ driving, or which behavioral factors might 
convey the risk that a driver poses to others [3,18]. 

Aggressive driving, a particular type of driving style, has 
long been studied due to its strong correlation with 
accidents and traffic safety hazards: by one estimate, it was 
influential in causing the majority of accidents in the United 
States from 2003 to 2007. [1]. This style of driving refers to 
a behavior that deliberately or likely increases the risk of 
collision and is motivated by impatience, annoyance, 
hostility and/or an attempt to save time [35]. A similar 
definition by the NHTSA refers to aggressive driving as 
that which “directly affects other road users by placing 
them in unnecessary danger” [9]. More specifically, it may 
involve a variety of behaviors such as excessive speeding, 
tailgating, weaving in and out of traffic, and improper lane 
changes [17, 35]. Aggressive driving is a major contributing 
factor to road accidents and is now perceived as being one 
of the most significant problems of modern day driving [33]. 

By understanding an individual’s driving style and 
providing feedback, he or she may change driving styles to 
reduce aggressive driving. For example, a monitoring 
system may reduce aggressive driving through voluntary 
recommendations (e.g., safety belt use [28]) or involuntary 
controls (e.g., speed governor [15]). Drivers can also 
manage situational and environmental factors that may 
motivate or stimulate them to drive more aggressively. To 
support this feedback, we need an automated method for 
assessing driving style in real-time. 

Many approaches have been used to understand and assess 
one’s driving style, and in-vehicle sensing technology, 
which yields more objective measures of driving style, has 
shown its potential for real-time, continuous, automated 
assessment and feedback on the road [5, 18, 36]. From 
cameras to an OBD2 connector (on-board diagnostic 
system that collects variables from the car computer, such 
as engine RPM and vehicle speed), a number of in-vehicle 
sensing platforms have been developed to collect a variety 
of information on the driver, the vehicle and their driving 
environment [2, 14]. However, because the systems are 
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typically cost thousands of dollars, most consumers are not 
able to afford to equip their cars, limiting the overall 
applicability to the general public. We are interested in a 
solution that is accessible to all drivers. 

To meet this need, we propose to model aggressive driving 
by: 1) constructing a lightweight in-vehicle sensing 
platform based on drivers’ own smartphones to provide an 
objective measurement of driving style, 2) using a machine 
learning (ML) technique with a number of driving-related 
features for an automated assessment of driving style, and 
3) evaluating our approach with real-life daily driving data. 
In the future, such models can be used to identify 
aggressive driving in real time and to provide feedback to 
the driver to encourage a change in driving style. 

Using our lightweight sensor platform, we collected 
naturalistic driving data from 22 participants for three 
weeks and were able to differentiate between aggressive 
and non-aggressive driving styles. To assess driving style, 
driver models are built using a machine learning technique 
and a number of sensor-based driving features. These 
models identify drivers who have an aggressive driving 
style with an accuracy of 90.5% (violation-class) and 81% 
(questionnaire-class). We discuss the limitations of our 
system, describe how it can support driving feedback, and 
identify opportunities for future work. 

ASSESSMENT OF DRIVING STYLE 
The ability to provide feedback to drivers about their 
driving style, especially if it is aggressive, can help drivers 
to become more aware of and improve their behavior. This 
would likely reduce the probability of poor driving 
outcomes. Because of this potential, a number of different 
assessment approaches have been investigated, including 
questionnaires [32], simulated driving environments [20], 
in-vehicle sensing technology [31], and expert-based 
examinations [26]. Figure 1 ranks these assessment 
methods along the dimensions of cost and how easily they 
can be applied to evaluations of real-world driving.  

Relevant questionnaires have been created that ask about a 
driver’s personality and driving styles to understand his risk 
of having an accident [4, 7, 33, 38]. The questionnaires are 
simple and inexpensive to administer. Those targeted 
toward assessing aggressive driving include the Aggressive 
Driving Behavior Scale [17], the Driving Vengeance 
Questionnaire [37], the Driving Anger Scale [11], and the 
Driving Anger Expression Inventory [12]. These 
questionnaires have allowed for great progress in studying 
driving style and driver aggression [10]. Of these, the most 
popular questionnaire is the Manchester Driving Behavior 
Questionnaire (DBQ). The DBQ was initially developed to 
investigate whether a questionnaire could distinguish 
between driving errors and driving violations; the authors 
that three factors could explain 33% of the variance in 
aggressive driving - violations, hazardous errors, and 
nonhazardous errors [32]. 

Despite their clear benefits, questionnaires are not ideal 
when applied to the creation of an automated and objective 
assessment system. The very nature of the data collection 
method precludes real-time evaluation: it would be unsafe 
to ask drivers to take a questionnaire while driving. 
Furthermore, because questionnaires are answered post hoc, 
drivers need to rely on their memory, which can be flawed 
due to impression-management and self-deception. Con-
sequently, self-reports may be biased and may not yield 
sufficient information to interpret vehicle driving, which is 
a complex task composed of continuous and reactive 
interactions between the driver, the vehicle and their 
environment [5, 34, 36, 40]. Taken together, another 
approach to studying driving style is required to obtain 
objective, real-time data. 

An alternative approach for assessing driving style is to use 
a simulated driving environment. Here, a driver controls a 
vehicle in a virtual driving environment, providing a safe 
and somewhat naturalistic way to study driver behavior. 
One key benefit of simulators is that they can be 
manipulated to put the drivers in situations which could be 
unsafe in a real driving environment, e.g., to simulate an 
accident or near-accident. Except for academic research or 
training purposes however, simulated driving environments 
are used less frequently to provide real-time driving 
feedback, as they can be quite expensive and risk 
misrepresenting reality.  

In many countries, an expert-based examination is 
administered as an initial test to judge driving performance. 
Here, a certified driving expert evaluates and provides 
appropriate feedback in real time about a driver’s skill and 
style. It has been widely adopted in road tests of driving 
ability. Because no other real-time alternatives exist, 
expert-based examination is used by default for licensing 
tests. However, providing this type of feedback to drivers is 
expensive, which is why it occurs only when someone is 
initially learning to drive, or when they explicitly pay an 
expert to help improve their driving. 

Due to great advances in mobile sensing technology, in-
vehicle data recorders have emerged as a powerful tool to 
collect data on driving styles [36]. These platforms now 

Figure 1. Ranking of existing assessment methods 



allow a wide range of information to be recorded to 
understand interaction between the driver, the vehicle and 
the environment [2]. Various sensing platforms have been 
exploited, from the OBD2 and radar to cameras or even 
smartphones [22, 39], to collect information and understand 
driving style [2, 18, 24]. For example, Boyce and Geller 
used a smart car equipped with four cameras to monitor the 
driver and the roadway environment of the vehicle, and an 
on-line computer to measure information like vehicle 
velocity, and investigated relationships between age, 
personality and driving style [5]. Miyajima et al. analyzed 
drivers’ car-following and pedal operation patterns for 
driver identification [24]. Also, the 100-Car Naturalistic 
Driving Study used an in-vehicle data recorder, an 
accelerometer, multiple cameras, and GPS to capture 
information on driver performance and behavior in the 
moments leading up to a crash [27]. Malta et al. used the 
multimodal signals of brake pedal use and driver speech in 
addition to vehicle speed to detect incidents from a real-
world driving database [23]. 

Despite the promise of such an approach, these in-vehicle 
sensing platforms tend to be too expensive for the average 
consumer to own. To solve this problem, some researchers 
have turned to smartphones as a sensor platform, which are 
quite powerful, widely available, and are often already 
owned by drivers [19, 22, 39]. Smartphone owners now 
almost always have the device in their possession, and it can 
be an accurate proxy to collect a variety of information about 
users [13], even while driving. Johnson and Trivedi tried to 
characterize driving style based on smartphone-based sensors 
including an accelerometer, gyroscope, magnetometer, GPS, 
and camera [19], while You et al. used dual-cameras on 
smartphones to detect dangerous driving behavior [39]. 
Johnson and Trivedi used dynamic time warping to detect the 
type of maneuvering based on the movement of a smartphone 
mounted on a car in a controlled experiment, while You et al. 
have only presented the idea of using the dual-camera 
without any experimental validation. Despite their issues, 
these studies have shown that a lightweight smartphone-
based sensing platform can collect useful information related 
to driving style. 

SENSOR-BASED EVALUATION OF DRIVING STYLE 
Lightweight Sensing Platform using Android Phones 
Our In-Vehicle SmartPhone Sensing Platform (IV-SP2) is 
depicted in Figure 2. It differs from other sensing platforms 
that rely on powerful but heavyweight computers and 
expensive sensors [2, 14]. The core part of our system is the 
driver’s own Android smartphone mounted on the front 
dashboard, which not only collects the location and 
movement of the vehicle but also accesses data from two 
additional sensors. Current Android smartphones are 
equipped with many sensing and communication capabilities, 
including dual cameras (front and back), microphones, GPS, 
a 3D accelerometer, a 3D gyroscope, a 3D magnetometer, a 
proximity sensor, an illumination sensor and a barometer, 
and WiFi, 3G and Bluetooth. They are powerful and portable 

enough for data collection in vehicles, and can even connect 
to other sensors through Bluetooth. Our system exploits most 
of these sensing modalities, but we do not include cameras 
and microphones due to privacy concerns.  

In addition to the Android smartphone, we include two other 
modules: a Bluetooth-based on-board diagnostic (OBD2) 
reader and an inertial measurement unit (IMU) to support 
more diverse sensing modalities related to driving style 
(Figure 2). The OBD2 reader is connected to the OBD2 port 
of a vehicle and reads a variety of information from the 
vehicle, such as vehicle speed, engine RPM, and throttle 
position. It can stream the captured data via Bluetooth to the 
smartphone. The IMU (in our case, a YEI 3-Space Sensor™ 
Bluetooth), attached to the upper back of the steering wheel 
(toward the dashboard) without impacting its operation, and 
it captures the wheel movement with an accelerometer, 
gyroscope and compass sensors. It is also communicates via 
Bluetooth and can download data in real time. In this study, 
we collect all available variables every half second; Table 1 
summarizes what our data sensing platform collects. 

 

Figure 2. Overview of the Android-based in-vehicle sensing 
platform 

Source Variables Cost 
Android GPS (location, speed, bearing), 3D 

acceleration, orientation, compass, 
gyroscope, linear acceleration, gravity, 
rotation vector, illumination, air pressure 

$0, 
already 
purchased 

OBD2 Engine coolant temperature, engine load, 
engine RPM, throttle position, speed 

$25 

IMU 3D acceleration, gyroscope, compass $15-300 

Table 1: Smartphone and sensor variables and costs 

Modeling Driving Style 
To use this sensed data to assess driving style, there are a 
number of steps to perform: preprocessing the data, 
extracting features, and creating a model of driving style. 

Preprocessing 
Ideally, smartphones and IMUs mounted in different vehicles 
would have the same orientation that would not change over 
time. In practice, however, vehicles usually have different 
shapes of steering wheels and dashboards, and users may 
mount them at an arbitrary orientation. In order to build a 
general model of driving styles across a population, we 
convert sensory signals to have a consistent orientation 
across all vehicles. A virtual reorientation method [25] is 



used to re-calibrate the 3D measurements, by repeatedly 
adjusting the 3D orientation of the smartphone and IMU with 
respect to their orientation when the vehicle stops moving. 
Also, information from the OBD2 is normalized per vehicle 
by simply subtracting baseline readings (car not in motion) 
from the in-motion readings. 

Feature Extraction 
To objectively characterize driving style based on sensor data, 
we define a number of driving features from the set of three 
sensors that are used in building a machine learning (ML)-
based model of driving style. Because naturalistic data 
collection does not force drivers to drive predefined routes, 
the features need to be independent of the context of any 
specific trip. For example, trips on highways and city roads 
are very different in their characteristics and a model built for 
one will not work well on the other. To address this, we 
instead define six specific driving situations, which we can 
use to compare a driver’s driving style more independently of 
her own trips, including 1) START: for five seconds after a 
start, 2) STOP: for five seconds before a stop, 3) H-SPEED: 
while the vehicle is moving faster than 50 kph, 4) TURN: 
when the vehicle is turning (turn is detected based on z-axis 
acceleration of IMU) due to the road turning or a turn at an 
intersection, 5) B-TURN: for the five seconds just before the 
vehicle makes a turn, 6) A-TURN: for five seconds just after 
the vehicle makes a turn. In addition, we analyze certain 
driving features, such as maximum engine RPM and throttle 
position, across all driving trips. 

To characterize one’s driving style, we define the driving 
features based on the variables of the three sensors as shown 
in Table 2. The smartphone, mounted on the car, is used to 
detect speed (via GPS), speed change (acceleration), and the 
lateral and longitudinal acceleration of the car. The OBD2 
reader, installed in the vehicle, records more fine-grained 
speed and also pulls some vehicle-specific data, such as 
engine RPM, accelerator (throttle) position, and the 
derivatives of those variables (note that we only use the three 
main variables (speed, engine RPM, and throttle position) out 
of a number of potential variables since they are commonly 
available from the vehicles of all drivers that participated in 
this study). From the IMU mounted on the steering wheel, 
we first detect turn events based on the change of z-axis 
acceleration, and identify three driving situations, including 
TURN, B-TURN, and A-TURN. IV-SP2 produces a sample 
composed of the driving features every half second.  

Source Features 
Smartphone Max/avg/std of speed, speed change, 

longitudinal/lateral acceleration 
OBD2 Max/avg/std of speed, speed change, engine 

RPM, engine RPM change, throttle position, 
throttle position change 

IMU Used to detect turn events based on its z-axis 
acceleration change 

Table 2: Features used in characterizing driving style 
 

Aggressive Driving Style Ground Truth 
Samples composed of the driving features defined in Table 
2 are used to predict a driver’s driving style by evaluating 
them for aggressiveness. To acquire the ground truth of 
whether a driver is aggressive, we use two methods: self-
reports of accidents and ticket records, and a driving style 
questionnaire. 

Measure 1: Driving violations  
As one measure of aggressive driving style, a driver can be 
characterized by his record of driving violations. We 
characterize a driver as aggressive (violator) or not (non-
violator) using the number of accidents or tickets from the 
past 3 years. This time frame ensures that there is sufficient 
time for any accidents and tickets to accumulate, but is 
short enough so as not to mischaracterize drivers who have 
changed their driving patterns. Compared to questionnaire 
responses, this measure is more objective and more directly 
represents the risk of poor or aggressive driving style 
(unless a driver misrepresents his driving record). However, 
it lacks the nuance of questionnaires because it does not 
distinguish between the causes of the accidents or tickets. 

Measure 2: Questionnaire responses 
To complement the driving outcome record, we 
characterize drivers’ driving style differently based on the 
responses to the DBQ [32] and additional aggressive 
driving related questions [7, 16]; drivers who score high are 
characterized as relatively aggressive and the others as 
relatively calm. Incorporating the latter questions that cover 
similar, but non-overlapping behaviors of aggressive 
violations and ordinary violations [21], allows a clearer 
division into aggressive and calm groups by allowing 
aggressive drivers to accrue more points. Aggressive 
violations are when a driver inconveniences or acts 
vengefully toward another driver, e.g., flashing his 
headlights for driving too slowly, which clearly falls under 
the common denotation for aggressive driving. Ordinary 
violations are when a driver violated highway laws and 
acted unsafely, but not aggressively towards another driver, 
e.g., driving too quickly or not coming to a complete stop, 
also refers to unsafe driving practices which can be 
improved through feedback. Aggressive violations and 
ordinary violations are given the same weight and summed 
as a measure of driving aggressiveness.  

Modeling Driving Style 
To create a machine learning (ML)-based model of driving 
style, we build a feature vector using the variables in Table 
2 and use it to predict the target driving style. From the 
extracted driving features on the 6 driving situations of each 
trip of a driver, we first produce a feature vector (called 
trip-profile). A new feature vector (called driver-profile) for 
each driver is constructed by summarizing a number of his 
trip-profiles obtained over 3 weeks. From the driver-
profiles and ground truth of drivers, the ML-based driver 
model is built to evaluate a driver’s aggressiveness. Given 
an input driver-profile feature vector, the driver model 



evaluates a driver’s driving style: violator, non-violator, 
aggressive, or calm, from our two measures. 

Before creating the model, all the continuous driving 
features are discretized into five states {very low, low, 
medium, high, very high} where the range of values in each 
state is chosen to make the number of samples equivalent 
across the states. Then to create the driver model, we select 
informative driving features based on their information gain 
and apply a probabilistic technique, a naive Bayes classifier 
(NB), to model the relationship between driving style and 
the selected driving features. NB is a simple probabilistic 
model based on Bayes' theorem and independence 
assumptions of features. Despite its use of over-simplified 
assumptions, it often exhibits good performance on many 
real-world problems and the resulting model can be easily 
interpreted and understood.  

In modeling driving style from our driving features, one 
goal is to assess driving style with a set of affordable 
sensors. To this end, we create three models to predict 
driving styles using the driver-profiles.  

• Model 1, Smartphone Only: This model does not require 
any installation of external sensors. It will capture only the 
general movement of a vehicle. 
• Model 2, Smartphone and OBD2: This model only 
requires the simple and quick installation of an OBD2 
reader. The OBD2 reader costs about $25. This model 
provides more accurate and detailed information about 
vehicle operation. 
• Model 3, Smartphone, OBD2, and IMU: The sensors for 
this model cost more than the other models because of the 
IMU. However, a Nintendo Wii remote is a potential 
replacement for our IMU, and costs only $15 and provides 
3D acceleration. (Note that our choice of IMU instead of 
the Wii remote is due to the usability of its programmatic 
interface and usability in a car.) This model additionally 
incorporates information about steering wheel control, 
when mounted on the steering wheel. 

METHOD 
We recruited 22 licensed drivers (11 males and 11 females) 
from a mid-sized city in the United States, ranging in age 
from 21 to 34 years (M = 26). A prescreening questionnaire 
was used to recruit a number of people in our target 
population: drivers who owned and used an Android 
smartphone and drove at least several hours per week. 
Participants were asked to drive their own vehicles, which 
we equipped with our sensing platform, and to use their 
usual daily driving routes plus a predesigned 10-minute 
driving course (once per week) to verify the proper 
operation of the sensing platform. As described earlier, all 
sensor data are collected and stored on their smartphone.  

During their first visit to our lab, we installed an IMU and 
an OBD2 reader in their vehicles and a logging application 
on their smartphones, and provided brief instructions on 
how to use the system. Then, they were asked to list their 

driving violations for the past 3 years, and complete our 
driving behavior questionnaire. For each question, 
participants ranked the frequency of a driving behavior, on 
a six-point Likert-scale (ranging from 0=never, 5=nearly all 
the time). Participants were required to visit our lab each 
week for data downloading, and were compensated with 
$60 for completing 3 weeks of data collection. A total of 
542 hours of driving data were collected from 1,017 trips.  

RESULT & ANALYSIS 

Questionnaire Analysis 
According to the self-reports of accidents and speed 
violations, we divided participants into two groups: violator 
and non-violator (we will call this group division violation-
class). As an additional measure of aggressive driving style 
based on the questionnaires, we also divided our 
participants into two groups: relatively aggressive and 
relatively calm. (Note that the term relatively indicates that 
our participants cover a subpopulation of drivers, the 
division is measured by looking at the relative interquartile 
ranges for aggressive versus calm drivers, and we will call 
this group division questionnaire-class and use aggressive 
and calm without mentioning the term relatively in the rest 
of the paper).  

Figure 3 shows the basic distribution of our population in 
terms of their violation-class and questionnaire-class. Out 
of the 22 participants, 12 were characterized as violators; 
these drivers had an average of 2 accidents and tickets.  11 
of the participants were characterized as aggressive, where 
they had an average score of 28.1% (σ=0.05) from the 
questionnaire, compared to calm drivers’ scoring 16% 
(σ=0.05). While there was a significant participant overlap 
between violators and aggressive drivers (10 participants), 
the participants’ questionnaire scores were not always 
correlated with their accident/ticket record. The correlation 
across all drivers is 0.26. 

 
Figure 3. Distribution of Accident & Ticket Record and 

Questionnaire Responses 

Sensor-based Driving Style Analysis 
In order to have an understanding of the relationship 
between the sensor data and driving style, we first 
compared the driving features from drivers (10) who were 
classified as aggressive violators (i.e., those who were 
classified as both aggressive and violators) versus calm 
non-violators (6). This allows the data to more clearly 
define aggressive driving style. The remaining 6 



participants who were either aggressive non-violators or 
calm violators will be discussed later in this paper.  

Classifying the sensor-based driving feature data as coming 
from aggressive violators or calm non-violators yields two 
findings. First, in line with intuition, the average 
aggressive-violator generally experiences higher g-forces 
(forces the body is subjected to during acceleration). 
Second, aggressive violators have larger within-person and 
between-people variation, which signifies that their 
individual driving style is more inconsistent.  

Aggressive Drivers and Violators Have Higher G-Forces 
Contrary to our intuition, both aggressive violators and 
calm non-violators have similar maximum speeds, as 
shown in Figure 4a; for naturalistic driving data, speed is 
not a good way to distinguish aggressive and calm drivers. 
However, its derivative, acceleration, proves to be. 
Aggressive violators have higher maximum acceleration 
and deceleration (derived from speed) throughout their trips 
in general and also in specific situations, such as during a 
turn (Figure 4b), when driving at high speed (Figure 4c), 
accelerating from a stopped position, and decelerating to 
stop their vehicles. 

 

Figure 4. Driving feature distribution on aggressive driving style  

Furthermore as shown in Figure 5, in the 5 seconds after an 
aggressive violator begins moving the car, the car has a 
higher maximum speed and engine RPM, but shows the 
same average speed and engine RPM as for a calm non-
violator. Figure 5 implies that aggressive violators tend to 
wait longer to make a change to their speed, and then make 
a more forceful change. In contrast calm non-violators may 
respond sooner and make lower magnitude changes.  

Many driving features extracted from our sensing platform 
more directly support the fact that aggressive violators have 
higher g-forces for both acceleration and deceleration, such 
as higher smartphone acceleration in the vehicle’s 
longitudinal (y-axis) and lateral (x-axis) directions. For 
instance, the acceleration of the smartphone shows 
aggressive violators experience higher g-forces than calm 
non-violators when travelling at high speeds (>50 kph), 
which means the higher g-forces they experience are not 
limited to starting and stopping the vehicle, but also to 
highway travel (e.g., a quick deceleration from 100kph to 
60kph or weaving between lanes in high speed traffic with 
frequent lane changes). More concretely, when an 

aggressive violator accelerates from a stop, she has a 
maximum lateral acceleration of .38g versus .35g for calm 
non-violators, and a maximum longitudinal acceleration 
of .39g versus .31g for calm non-violators. These are the 
same g-forces that put strain on the vehicle and can be felt 
by passengers in the car.  

 
Figure 5. Speed comparison on START  

 
Figure 6. Consistency analysis of drivers 

Aggressive Drivers and Violators Behave Less Consistently 
Aggressive violators, in contrast to calm non-violators, 
have an inconsistent driving style, as evidenced by several 
driving features, such as the change of speed and the 
selection of engine RPMs or throttle positions in our 
driving situations, extracted from the sensor data. First, 
aggressive violators have lower levels of group consistency 
in general, meaning that drivers who are classified as 
aggressive by the questionnaire have a greater variation for 
many metrics than do drivers who are classified as calm 
non-violators. This is measured by looking at the relative 
interquartile ranges (IQR) for aggressive violators versus 
calm non-violators. Aggressive violators have a broader 
distribution of maximum longitudinal acceleration for the 5 
seconds before the vehicle comes to a stop as shown in 
Figure 6. There is a similar result for the maximum engine 



RPM for the 5 seconds after the vehicle makes a turn. This 
finding implies that one potential application of this 
research could be to identify a particular driver behavior as 
being aggressive or calm, and then provide feedback to the 
driver on the specific behavior that needs to be corrected. 
This finding also indicates that an aggressive violator 
driving style is characterized by multiple driving features. 
Because some aggressive violators have a lower maximum 
RPM and longitudinal acceleration than some calm non-
violators, we must use a sophisticated model that 
incorporates a number of driving features.  

Second, aggressive violators have lower levels of 
individual consistency in most of our driving features (as 
calculated from their average standard deviations over all of 
their trips), meaning that an average aggressive driver will 
be on the lower end of a variable for some trips, and on the 
higher end of that same spectrum on other trips. In contrast, 
an average calm non-violator will behave more similarly 
from trip to trip. For instance, as shown in Figure 6b, calm 
non-violators have a lower standard deviation of 
longitudinal g-forces when coming to a stop. This finding 
also holds when looking just at high-speed driving, after 
starting the car, and during a turn. Especially when drivers 
are travelling faster than 50 kph, the maximum, average and 
standard deviation of the lateral g-forces (measured by the 
x-axis acceleration of the smartphone) of aggressive 
violators is larger than those of calm non-violators. This 
indicates that an average aggressive driver subjects the car 
and its passengers to a larger variety of g-forces than do 
calm non-violators, who are more consistent.  

Building a Machine Learning Model 
From our feature analysis, we created two driver models 
that predict whether a driver has an aggressive driving style 
or not, one determined by the record of accidents and 
speeding tickets (violator-class), and another determined by 
the questionnaire responses (questionnaire-class). To model 
the relationship of driving features from the three data 
sources (smartphone, OBD2, and IMU) with each class, we 
perform feature selection using information gain and use a 
naïve Bayes classifier with 5-bin discretization, and we 
conduct leave-one subject-out cross validation for 
performance evaluation. Figure 7 shows the result. 

IV-SP2-Based Model Accuracy  
The average model accuracy with all three sensors was 
90.5% (2 false negatives) when predicting the violation-
class and 81% (2 false negatives & 2 false positives) when 
predicting the questionnaire-class. These are particularly 
high accuracies, compared with the baseline model (ZeroR, 
which always predicts the most frequent classification): 
57% and 52.4% for violation-class and questionnaire-class, 
respectively. We also found that our driver model 
performed relatively well without using all the sensors in 
the IV-SP2 system. More specifically, when modeling the 
violation-class with just the smartphone and the OBD2 
(without considering turn situations (B-TURN, TURN, and 

A-TURN, identified by steering wheel information, using 
the IMU), we achieved 81% accuracy. With only the 
smartphone (without utilizing car information, such as RPM 
and throttle position), we achieved 66.7% accuracy. 
Similarly, when predicting the questionnaire-class, the 
model is 76.2% accurate with the smartphone and OBD2 
only, and 66.7% with just the smartphone. 

 

Figure 7. Prediction of aggressive driving style. Model 1 uses 
smartphone data only, Model 2 uses smartphone and OBD2 
data, and Model 3 uses smartphone, OBD2 and IMU data.  

Participant S18, a violator, provides an example of a 
misclassification when fewer sensors are used to predict 
driving style. When using the 3-sensor IV-SP2 system, S18 
is classified correctly as a violator. However, with only the 
smartphone and OBD2 reader, he is classified incorrectly as 
a non-violator. This occurred because his general driving 
style is mild but he is very aggressive in his turning 
behavior, e.g., he often accelerates more than an average 
violator while turning. As this behavior occurs frequently, 
the 3-sensor model correctly characterizes him as a violator. 
With our sensor-based driving feature data, we achieved 
higher model accuracy when predicting the violation-class 
as opposed to the questionnaire-class (90.5% vs. 81%).  

DISCUSSION 
In the discussion section, we will address issues on the 
applicability of our IV-SP2 and driver models in practice, 
limitations of using the driving questionnaire, and difficulty 
of conducting naturalistic driving data collection. 

Applying IV-SP2 to Real-World Driving in Practice  
Using our driving models, we can assess driving style at 
three different levels. First, our sensing platform can collect 
one’s naturalistic driving data and, based on all trips taken, 
let the driver know whether she has an aggressive driving 
style which may lead to an increased risk of accidents. This 
level of assessment can be performed periodically to coach 
drivers “at risk” for aggressive driving styles, e.g., re-
training drivers who have at-fault accidents or who have 
received a number of speed tickets over some time period, 
or to monitor for a decrease in driver performance due to 
aging or cognitive disorder [3]. Second, the driver models 
can evaluate one’s driving style on a particular trip. Due to 
a number of internal and external factors, e.g., stress [4], 
heavy traffic and road construction, aggressiveness can 
increase, which may increase the risk of an accident. 



Objective feedback about an elevated risk may encourage 
the driver to correct his or her driving. Figure 8 shows the 
evaluations of driving style for each trip for each participant.  
Drivers characterized as being aggressive have more 
aggressive trips in general, but are not aggressive on all 
trips. Likewise, a non-aggressive driver sometimes drives 
aggressively.  

 
Figure 8. Assessment of individual trips 

Third, our driver models can detect aggressive driving in 
specific situations and provide feedback on driving 
behaviors. A driver who has an aggressive driving style 
could get specific advice on how to change her driving style, 
e.g., keeping a constant engine RPM when driving at a high 
speed instead of frequently changing speed. Also, if a driver 
turns very aggressively, the system can coach him to make 
a better/safer turn. By expanding this to a wider variety of 
driving situations, it is also possible to provide both more 
specific assessments and feedback. 

Still, the way that characterizes driving styles has to be 
diversified to present a broader spectrum for understanding 
aggressive driving styles. For example, considering driving 
style as a continuous variable will better reflect reality and 
improve the capability of our system in practice.  

Limitations of Questionnaire-Based Classification and 
its Impact on Our Model 
While questionnaires can provide a cost effective and fast 
method for assessing driving style, they suffer from a few 
weaknesses when they are used as an initial starting point to 
build a driver model with machine learning.  

Research suggests that behavioral questionnaires yield 
responses that are loosely correlated with real world poor 
driving outcomes [38]. Assuming that these responses are 
less accurate than self-reports of one’s accident and ticket 
record, the driver model based on the questionnaire-class 
may have inherited the same limitation. Three findings 
point us in this direction. 

First, one effect of this can be seen by cross referencing the 
responses from the questionnaire and the self-reported 
accident and ticket record. If the questionnaire responses 
were perfectly correlated with real-world poor driving 
outcomes, we would expect all aggressive drivers to be 
classified as violators, and calm drivers as non-violators. In 
fact, for 6 participants (24%), this relationship does not 
hold. These drivers could be referred to as “lucky” (2 

participants classified as aggressive, but also as a non-
violator) or “unlucky” (4 participants classified as calm, but 
also as a violator). Especially, being referred to as unlucky 
could be because they have been really unlucky, or because 
their poor driving is due to errors and lapses (which are not 
captured in our questionnaire), or because their responses 
on the questionnaires are not accurate.  

Second, for the majority of driving features we examined, 
the distinction between violators and non-violators was 
much clearer than the distinction between aggressive and 
calm drivers. However, when comparing aggressive versus 
calm drivers, we cannot so easily find a distinction: the 
averages and IQRs are much more similar. Thus, when we 
group participants according to their more objective 
accident and ticket record, the distinction between groups is 
much clearer than when- we group them solely by their 
self-reported driving behavior. 

Third, the sensor-based driver model did not predict the 
questionnaire-class as accurately as it did the violation-
class (81% vs 90.5%). The misclassifications in the 
questionnaire-class model occurred for 3 drivers, which we 
believe occurred because these drivers were either lucky or 
unlucky. The misclassifications of the model may be due to 
the limitation of the more subjective questionnaire 
approach. Accidents and tickets are objective records of 
driving style or performance, as are the data from the IV-
SP2 system. Future work in this line of research should 
investigate a more accurate ground truth that includes driver 
perception and verified accident and ticket data. In addition, 
further augmenting with range sensors and cameras will 
provide higher-fidelity ground truth and a validation study 
using multiple methods would greatly contribute to the field. 

Difficulties of Naturalistic Data Collection 
Recording naturalistic data provides a more objective view 
of driver behavior, but it still presents challenges with data 
processing, some of which were easily surmountable, while 
others require more work.  

For example, because people generally drive on the same 
roads over a short period of time, the variety of road type 
data for each participant is not the same. While we 
attempted to control this by collecting data over 3 weeks, 
some calm drivers spent much of their time traveling faster 
on the highways, while some aggressive drivers spent a lot 
of their driving time sitting at red lights on city streets. 
Without controlling where our participants drove, as has 
been done in other studies, we could not use those variables 
that would be affected by this bias (e.g., speed), when 
averaging across all driving behaviors. For the variables, we 
were able to find more distinction between aggressive and 
calm drivers only in specific driving situations (e.g., high 
speed data, or at vehicle starts and stops). 

Also, the fact that each participant is driving his or her own 
car and using his or her own smartphone creates an 
additional source of bias in the data that is difficult to 



control for. Some variables coming from the car, such as 
the engine load, are very sensitive to the type of car and 
transmission in the car. For these variables, we created new 
data features based on the difference and performed basic 
calibrations such as normalization and subtracting the 
baseline. Still, these calibrations are not ideal; further work 
is required to improve the quality of the sensor data and 
more reliably and accurately extract values of the variables.  

Third, one limitation of the ML-based model which only 
uses the smartphone is that it uses the GPS data to 
determine speed. GPS sampling rates are not high enough 
to reliably determine speed with enough nuance; sampling 
rates were closer to 1/2 Hz as opposed to 4-5 Hz for the 
other sensors. Furthermore, the GPS data becomes 
inaccurate around large buildings and in tunnels; for this 
reason, even though the phone-only model achieves good 
accuracy, adding an OBD2 reader provides an alternate 
source of speed information. 

Finally, the IV-SP2 is limited in its ability to detect the 
driver’s road context, since it is optimized to capture 
information on how the driver is controlling the car. We 
suspect that variables such as the weather and traffic or 
even the body position of the driver, could improve the 
classification accuracy by allowing the model to understand 
some intentionality behind behaviors. As our system solely 
focuses on the driver’s behavior, additional contextual 
information could improve the predictability of our model 
by allowing a more nuanced look at the causes and 
correlates of particular aggressive driving behaviors. 

CONCLUSION 
In this paper, we introduced the In-Vehicle Smartphone-
based Sensing Platform (IV-SP2), which has the potential 
to provide real-time feedback to drivers using their own 
Android smartphone with relatively cheap sensors. With 
this sensing platform, we collected a variety of information 
from drivers’ naturalistic driving, e.g., speed, acceleration, 
deceleration, engine RPM, throttle position, and steering 
wheel movement, and built driver models to predict 
aggressive driving style. With naturalistic driving data 
collected from 22 drivers, we could identify aggressive 
driving (in an accuracy of 90% for violation-class and 81% 
for questionnaire-class). In the future, we aim to enhance 
IV-SP2 by introducing new driving situations and driving 
features to assess more diverse driving styles, and will 
develop and deploy an end-user application that provides 
three levels of feedback to improve driver’s driving style. 
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