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INV ITED
P A P E R

Driver Modeling Based on
Driving Behavior and Its
Evaluation in Driver
Identification
Analysis of car-pedal use and car-following habits may allow the help offered by

intelligent driver assistance systems to be customized for individual drivers.

By Chiyomi Miyajima, Member IEEE, Yoshihiro Nishiwaki, Koji Ozawa, Toshihiro Wakita,

Katsunobu Itou, Kazuya Takeda, Member IEEE, and Fumitada Itakura, Fellow IEEE

ABSTRACT | All drivers have habits behind the wheel. Different

drivers vary in how they hit the gas and brake pedals, how they

turn the steering wheel, and how much following distance they

keep to follow a vehicle safely and comfortably. In this paper,

we model such driving behaviors as car-following and pedal

operation patterns. The relationship between following dis-

tance and velocity mapped into a two-dimensional space is

modeled for each driver with an optimal velocity model

approximated by a nonlinear function or with a statistical

method of a Gaussian mixture model (GMM). Pedal operation

patterns are also modeled with GMMs that represent the

distributions of raw pedal operation signals or spectral

features extracted through spectral analysis of the raw pedal

operation signals. The driver models are evaluated in driver

identification experiments using driving signals collected in a

driving simulator and in a real vehicle. Experimental results

show that the driver model based on the spectral features of

pedal operation signals efficiently models driver individual

differences and achieves an identification rate of 76.8% for a

field test with 276 drivers, resulting in a relative error reduction

of 55% over driver models that use raw pedal operation signals

without spectral analysis.

KEYWORDS | Car-following; driver identification; driver mod-

eling; driving behavior; Gaussian mixture model (GMM); pedal

operation; spectral analysis

I . INTRODUCTION

Driving is indispensable in daily life. To improve safety and

traffic efficiency, intelligent transportation system (ITS)

technologies including car navigation systems, electronic

toll collection systems, adaptive cruise control (ACC), and

lane-keeping assist systems (LKAS) have been developed

over the last few decades. ACC and LKAS assist drivers by

automatically controlling vehicles using observable driving

signals of vehicle status or position, e.g., velocity, following
distance, and relative lane position. Other research ad-

dressing driving signals includes driving behavior modeling

that predicts the future status of a vehicle [1]–[3], drowsy or

drunk driving detection with eye monitoring [4], [5], and

the cognitive modeling of drivers [6].

Driving behaviors differ among drivers. They differ in

how they hit the gas and brake pedals, in the way they turn

the steering wheel, and in how much distance they keep
when following a vehicle [7], [8]. Consequently, ITS ap-

plications are expected to be personalized for different

drivers according to individual driving styles. One way to
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achieve this is to assist each driver by controlling a vehicle
based on a driver model representing the typical driving

patterns of the target driver. Driver models for individual

drivers or for subgroups of drivers classified based on their

driving styles would be trained either in offline or online

mode, and an ITS application would choose a driver

model appropriate for assisting the target driver by

identifying the driver or finding the model that suits

his/her driving style.
In this paper, we model individual differences among

drivers, especially in distance-keeping patterns when

following a vehicle and in pedal operation patterns while

driving [9]–[12]. We also evaluate how well driver models

can represent driver characteristics in driver identification

experiments. First, the relationship between following

distance and velocity for each driver is mapped into a two-

dimensional distribution and modeled with an optimal
velocity (OV) scheme approximated by a monotonically

increasing nonlinear function [13], [14] or a statistical

method of a Gaussian mixture model (GMM) [15]. Second,

gas and brake pedal operation patterns are modeled with

GMMs. The distributions of raw pedal operation signals or

spectral features obtained from the raw pedal operation

signals are modeled with GMMs. We apply spectral

(cepstral) analysis to the gas and brake pedal signals to
obtain cepstral coefficients, the most widely used spectral

features for speech recognition [16]. A cepstrum is defined

as the inverse Fourier transform of the log power spectrum

of a signal, which allows us to smooth the structure of the

spectrum by keeping only the first several lower order

cepstral coefficients and setting the remaining coefficients

to zero. Assuming that individual differences in pedal

operation patterns while driving can be represented by the
smoothed spectral envelope of pedal operation signals, we

model the pedal operation patterns of each driver with

lower order cepstral coefficients. The driver models are

compared and evaluated in driver identification experi-

ments using the driving signals of 12 drivers collected in a

driving simulator and 276 drivers collected in a real

vehicle on city roads.

The rest of this paper is organized as follows. Section II
describes the details of the data collection of driving

signals in a driving simulator and in a real vehicle.

Section III is devoted to driver modeling based on car-

following patterns with the OV model and GMM.

Section IV concentrates on driver modeling based on

pedal operation patterns with GMMs that reflect the dis-

tributions of the raw pedal signals and the spectral fea-

tures of pedal signals. Finally, Section V concludes the
paper with a summary and future work.

II . COLLECTION OF DRIVING SIGNALS

Observable driving signals can be categorized into three

groups: 1) driving behavior, e.g., gas and brake pedal

pressures and steering angles; 2) vehicle status, e.g.,

velocity, acceleration, and engine speed; and 3) vehicle
position, e.g., following distance, relative lane position,

and yaw angle. Among these driving signals, we focus on

driving behavior with respect to the relationship between

following distance and velocity and gas and brake pedal

operation signals.

A. Data Collection in Driving Simulator
A driving simulator, which simulated a two-lane

expressway and displayed the view from a driver’s seat

on an LCD monitor, was used for data collection. Twelve

participants including eleven males and one female with

driver’s licenses drove in the simulator for 20 min in four

5-min segments. They were instructed to follow without

passing the vehicle displayed in the monitor. The moving

patterns of the lead vehicle were collected in a real

environment on a relatively congested expressway in
Japan. The same moving patterns of the lead vehicle were

used for all drivers. Fig. 1 shows examples of 5-min driving

signals collected in the simulator. Fig. 1(a) shows the

velocity pattern of the lead vehicle. Driving signals

including (b) velocity of the ego vehicle, (c) following

distance from the lead vehicle, (d) gas pedal position, and

(e) brake pedal position were collected and sampled at

100 Hz. Gas and brake pedal positions were digitized to
0–10 000 and 0–5000 levels, respectively, so that 10 000

or 5000 corresponded to full throttle or completely

Fig. 1. Examples of driving behavior signals collected in a driving

simulator. (a) Velocity of vehicle ahead; (b) velocity of vehicle;

(c) following distance from vehicle ahead; (d) gas pedal

position; (e) brake pedal position.
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braked positions. Drivers maintained a longer following

distance as velocity increased and less frequently pressed

the brake pedal while driving on expressways.

B. Data Collection in a Real Vehicle
Driving signals were also collected using a data

collection vehicle (Toyota Regius) specially equipped for

data collection by the Center for Integrated Acoustic

Information Research (CIAIR) Project. The driving data of

276 drivers, including 202 males and 74 females, were used

in the experiments. Each driver drove the car on city roads,
and five-channel driving signals, 16-channel speech signals,

three-channel video signals, and differential GPS were

recorded. The driving signals included force on the gas and

brake pedals, engine speed, car velocity, and steering

angles. These signals were originally sampled at 1 kHz

and downsampled at 100 Hz in the experiments. Detailed

information on the CIAIR corpus can be found in [17].

Fig. 2 shows examples of driving signals collected in
the data collection vehicle. The top, center, and bottom

figures correspond to the velocity of the vehicle, gas pedal

pressure, and brake pedal pressure, respectively.

Note that the pedal sensors mounted on the real vehicle

differ from those mounted on the driving simulator; the

pedal sensors of the data collection vehicle recorded the

force on the pedals while the driving simulator recorded

the gas and brake pedal positions.

III . DRIVER MODELING BASED
ON DIFFERENCES OF
CAR-FOLLOWING PATTERNS

BDriving behavior[ is a cyclic process, as shown in Fig. 3.

1) The driver recognizes the road environment in-

cluding road layout, traffic conditions, and the

behavior of nearby vehicles, e.g., distance from the

vehicle in front, and decides actions to take, such

as accelerating, braking, and/or steering.

2) The driver operates the gas and brake pedals and
the steering wheel.

3) The vehicle status, e.g., velocity and yaw angle,

changes based on the driver’s operation.

4) The road environment, e.g., distance to the ve-

hicle ahead, changes based on the vehicle status.

In this section, we focus on the car following patterns

of drivers, which are modeled based on the differences in

distance-keeping patterns while following a vehicle.
Examples of such trajectories of the relationship between

following distance and velocity mapped into a two-

dimensional space are shown in Fig. 4. A driver maintains

a comfortable time gap to the leading vehicle by adjusting

his/her own threshold based on traffic conditions [8]. The

trajectories are assumed to represent following distance at

each speed with which drivers feel comfortable. Drivers 1

and 3 are more aware of the velocity of the lead vehicle
and adjust velocity more frequently in accordance with

the following distance. On the other hand, Drivers 2 and 4

Fig. 2. Examples of driving behavior signals collected in a real

vehicle. (a) Velocity of vehicle; (b) gas pedal pressure;

(c) brake pedal pressure.

Fig. 3. Cyclic process of ‘‘driving behavior.’’

Fig. 4. Trajectories of relationship between velocity and

following distance for four drivers.
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have a horizontal spread of trajectories, i.e., they tend to

maintain a constant velocity up to a certain following
distance.

A. Modeling With an OV Model
The car-following patterns of each driver were modeled

with an OV model, a traffic flow model originally proposed

in [13] and [14]. The OV model assumes that drivers have

their own OV for a given distance from the vehicle ahead

and accelerate or decelerate based on the difference
between current velocity vðtÞ and OV VoptðhðtÞÞ

dvðt þ �Þ
dt

¼ � Vopt hðtÞð Þ � vðtÞ
� �

(1)

where � is the delay time of the response, � is a sensitivity

factor denoting the speed of the response of the driver, and

VoptðhðtÞÞ is an OV function of following distance hðtÞ for

which we use a monotonically increasing exponential

function

Vopt hðtÞð Þ ¼ Vmax 1 � exp a hðtÞ � h0ð Þf g½ 	 (2)

where a and h0 correspond to the slope and the intercept of

the exponential function, respectively, and Vmax is the

maximum velocity of the vehicle.

Examples of OV functions estimated for two drivers

are shown in Fig. 5. For Drivers 1 and 2, ða; h0Þ ¼
ð0:11; 5:52Þ and ða; h0Þ ¼ ð0:06; 5:10Þ were obtained,

respectively, by the least squares method, where 32 m/s
for Vmax and 500 ms for � were chosen in a preliminary

experiment. Driver 1 has a larger value of a and a steeper

slope than Driver 2.

B. Modeling With a GMM
A GMM was then used for modeling driver’s car-

following patterns. GMM is a statistical model widely used

in pattern recognition including speech and speaker

recognition [15]. It is defined as a mixture of multivariate
Gaussians, and the probability of D-dimensional observa-

tion vector o for GMM � is obtained as follows:

bðoj�Þ ¼
XM

i¼1

wiN iðoÞ; (3)

where M is the number of the Gaussians of the GMM and

N iðoÞ is the D-variate Gaussian distribution of the ith
component defined with mean vector Mi and covariance

matrix 2i:

N iðoÞ¼
1ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

ð2�ÞDj2ij
q exp � 1

2
ðo�MiÞ

0
2�1

i ðo�MiÞ
� �

(4)

where ðÞ0 and ðÞ�1
denote transpose and inverse

matrices, respectively. wi is a mixture weight for the ith
component and satisfies

PM
i¼1 wi ¼ 1.

GMM parameters were estimated using the expecta-

tion maximization algorithm. Examples of GMMs esti-

mated for two drivers are shown in Fig. 6. The raw signal

shown in the same figure was one piece of the data used

for training GMMs. GMM can cover the distribution of

the trajectories of the raw signal more precisely than the
OV model.

C. Comparison of Driver Models Based on OV Model
and GMM in Driver Identification

A small driver identification experiment was con-

ducted using a subdata set of eight male drivers collected

in the simulator. Three parameters including a, h0, and

� were used as feature vectors for the OV model.

Similarity was measured by Mahalanobis distance, and

an unknown driver was identified by finding a driver

Fig. 5. Examples of estimated OV curves for two drivers approximating

two-dimensional distribution of following distance and velocity.

Fig. 6. Examples of estimated GMMs for two drivers approximating

two-dimensional distribution of following distance and velocity.

Each GMM has eight Gaussians with diagonal covariance matrices.
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who had a minimum distance to input data O ¼ ðoð1Þ;
oð2Þ; . . . ; oðTÞÞ

k̂ ¼ arg min
k

XT

t¼1

oðtÞ � Mkð Þ02k oðtÞ � Mkð Þ (5)

where Mk and 2k denote the mean vector and the

covariance matrix for driver k.

For GMM driver modeling, an unknown driver was

identified as driver k̂ who gave the maximum value of the

log-likelihood for observation sequence O

k̂ ¼ arg max
k

log PðOj�kÞ (6)

¼ arg max
k

XT

t¼1

log b oðtÞj�kð Þ: (7)

Each driver drove four times for 5 min each. A four-

fold cross-validation approach was used for evaluation.

Three of the four driving data were used for modeling each

driver, and the excluded data was used as a test. An ave-

rage driver identification rate was obtained from the four

cross-validation tests. The OV model and the GMM were

compared, and the GMM driver model gave a better

identification rate; 69.0% with GMM and 54.7% with the
OV model were obtained for an eight-driver identifica-

tion task.

Modeling of car-following patterns was conducted only

for the simulator because the data collection vehicle did

not have distance sensors. We recently mounted distance

sensors on a new data collection vehicle and started

collecting following distance data in field tests.

IV. DRIVER MODELING BASED
ON DIFFERENCES IN PEDAL
OPERATION PATTERNS

Pedal operation patterns also differed among drivers. Fig. 7

shows examples of gas pedal operation signals of 150 s

collected in the driving simulator for two drivers. They

were all recorded with the same moving pattern of a lead

vehicle. Pedal operation patterns are similar in the same
driver but different between the two drivers.

We modeled the differences in the gas and brake pedal

operation patterns with GMMs using the following two

kinds of features.

A. Modeling Based on Raw Pedal Operation Signals
Pedal operation patterns can be visualized with

histograms of raw pedal operation signals, as shown in

Fig. 8. They significantly differ from each other. Driver 1
has a symmetric distribution around 4000, whereas

Driver 2 has a peak around 2000 and a wider spread to

the right than to the left. Driver 2 also has a sharp peak
near zero because he usually puts his foot on the gas pedal

even when not accelerating. Driver 3 has a relatively flat

and wide-range distribution. Driver 4 has a similar

distribution to Driver 2 but without a sharp peak near zero.

These distributions of raw pedal operation signals were

modeled with GMMs. Fig. 9 shows estimated GMMs with

eight Gaussians for Drivers 1 and 2, where the histograms

are well approximated by GMMs.

Fig. 7. Examples of gas pedal operation patterns for two

drivers (top: Driver 1; bottom: Driver 2).

Fig. 8. Histograms of gas pedal signals for four drivers.
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B. Modeling Based on Spectral Features of Pedal
Operation Signals

Examples of gas pedal operation signals for two drivers
are shown in Fig. 10, and their corresponding spectra and

spectral envelopes are shown in the center and bottom of

the figure, respectively. Each figure shows three examples

of 1.28-s-long gas pedal signals. Driver 1 in Fig. 10 (left)

accelerates rapidly, while Driver 2 in Fig. 10 (right) tends

to gradually increase pressure on the gas pedal. The

spectral envelopes shown at the bottom are similar in the

same driver but different between the two drivers, which
motivated the use of cepstrum (cepstral coefficients) for

driver modeling to characterize short-term pedal signals.

Cepstrum is the widely used spectral feature for speech

and speaker recognition [16], defined as the inverse

Fourier transform of the log power spectrum of the signal.

As shown in Fig. 11, cepstral analysis allows us to smooth

the structure of the spectrum by keeping only the first

several lower order cepstral coefficients and setting the
remaining coefficients to zero. Assuming that individual

differences in pedal operation patterns can be represented

by the smoothed spectral envelope of pedal operation

signals, we modeled the pedal operation patterns of each

driver with lower order cepstral coefficients.

Speech modeling assumes that vocal cord excitation

(vibration), represented by the fine structure of the

spectrum, is filtered with the vocal tract represented by
the spectral envelope. As shown in Fig. 12, in driver

modeling, we assume that command signal for hitting a

pedal eðnÞ is filtered with driver model Hðej!Þ represented

as the spectral envelope, and the output of the system is

observed as pedal signal xðnÞ, e.g., in gas pedal operation,

a command signal is generated when a driver decides to

hit the gas pedal, and Hðej!Þ represents the process of

acceleration. This can be described in frequency domain
as follows:

Xðej!Þ ¼ Eðej!ÞHðej!Þ (8)

log Xðej!Þ
		 		 ¼ log Eðej!Þ

		 		þ log Hðej!Þ
		 		 (9)

where Xðej!Þ and Eðej!Þ are the Fourier transforms of xðnÞ
and eðnÞ, respectively. We focus on driver characteristics

represented as frequency response Hðej!Þ.
Assuming that the spectral envelope can capture the

differences between the characteristics of different

drivers, we focused on the differences in spectral

envelopes represented by cepstral coefficients (cepstrum),

which were also modeled with GMMs.

C. Dynamic Features of Driving Signals
As in speech and speaker recognition, we found that

the dynamic features of the driving signals offer much

information on driving behaviors. Dynamic features are

defined as the following linear regression coefficients:

�oðtÞ ¼
PK

k¼�K koðt þ kÞPK
k¼�K k2

(10)

where oðtÞ is a static feature of raw signals or cepstral

coefficients at time t and K is the half window size for

Fig. 10. Examples of gas pedal operation signals and their spectra

for two drivers (left: Driver 1; right: Driver 2).

Fig. 9. Examples of estimated GMMs for two drivers approximating

distribution of raw gas pedal signals. Each GMM has eight

Gaussians with diagonal covariance matrices.
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calculating the � coefficients. We determined the

regression window to be 2K ¼ 800 ms from preliminary
experiments for both raw pedal signals and cepstral

coefficients. If oðtÞ is a D-dimensional vector, D dynamic

coefficients are obtained from the static coefficients, com-

bined into a 2D dimensional vector, and modeled with

GMMs.

D. Driver Identification Experiments in a
Driving Simulator

1) Experimental Conditions: Brake pedal signals were not

used for driver modeling in the driving simulator

experiments because drivers step on the brake pedal less

frequently while driving on expressways without traffic

signals. Gas pedal operation patterns for each driver were

modeled using raw pedal signals or cepstral coefficients

obtained from the raw signals and their dynamics cal-
culated as in (10) with a regression window of 2K ¼ 0:8 s.

To obtain cepstral sequences from the pedal signals, 1.28-s

frame length and 0.1-s frame shift were chosen for the

spectral analysis in preliminary experiments. The feature

distributions were modeled using GMMs with 8, 16, or

32 Gaussians and diagonal covariance matrices. Twelve

drivers drove four times for 5 min each. A four-fold cross-

validation approach was used for evaluation. Three of the

four driving data were used for GMM training, and the
excluded data was used as a test.

2) Experimental Results: Fig. 13 shows the results for the

driver model using raw driving signals. In the figure,

velocity, following distance, and gas pedal position are

denoted as V , F, and G, and their dynamics as �V, �F, and

�G, respectively.

The best performance of a 72.9% identification rate
was obtained when using all three signals and their

dynamics. Identification performance of the car-following

models denoted by the combination of V and F was

relatively lower than pedal operation patterns denoted by

G, but significantly above the chance level. This result

Fig. 12. General modeling of driving signals.

Fig. 13. Driver identification rate for GMM driver models using

raw driving signals (driving simulator).

Fig. 11. Examples of spectral envelopes extracted through spectral analysis using lower order cepstral coefficients c(0)�c(5) or c(0)�c(20).
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indicates that drivers can be classified into groups of

driving styles according to their car-following patterns;

Fancher et al. [7] classified drivers into five categories

including flow conformist, extremist, hunter/tailgater,
planner, and ultraconservative. Headway control is ex-

pected to be personalized based on such categories of

driving styles.

Fig. 14 shows the results for the driver model using

cepstral coefficients obtained through spectral analysis. In

the figure, Bcð0Þ � cðmÞ[ represents m þ 1 cepstral co-

efficients in the lower quefrency range, including from the

zeroth to the mth cepstral coefficients. Cepstral features
achieved much better performance than raw signals, and

an identification rate of 89.6% was obtained. From the

experimental results, we confirmed that cepstral features

representing the spectral envelope can capture driver

characteristics more efficiently than raw driving signals.

E. Driver Identification Experiments in
a Real Vehicle

1) Experimental Conditions: The driving data of

276 drivers collected on city roads in the data collection

vehicle were used, excluding data collected while not

moving. Driving signals of 3 min were used for GMM

training and another 3 min for testing. We used brake

pedal signals as well as gas pedal signals in the real vehicle

experiments because drivers use the brake pedal more
often during city than expressway driving.

Cepstral coefficients obtained from the brake pedal

signals are also modeled with a GMM, and their log-

likelihood was linearly combined with that of a GMM for

the gas pedal signals. In driver identification, the unknown

driver was identified as driver k̂ who gave the maximum
weighted GMM log-likelihood over the gas and brake

pedals

k̂ ¼ arg max
k

� log PðGj�G;kÞ þ ð1 � �Þ log PðBj�B;kÞ
� �

0 � � � 1 (11)

where G and B are the cepstral sequences of the gas and

brake pedals and �G;k and �B;k are the kth driver models of

the gas and brake pedals, respectively. �ð0 � � � 1Þ is a

linear combination weight for the log-likelihood of gas

pedal signals.

2) Experimental Results: As described in Section II-B,

the pedal sensors mounted on the real vehicle differ from

those mounted on the driving simulator, and a 0.32-s

frame length was chosen for the spectral analysis of pedal

pressures of the real vehicle, and a 1.28-s frame length for

the simulator. Examples of gas pedal operation signals for

two drivers collected in the real vehicle are shown in

Fig. 15 (top), and their corresponding spectra are shown
in Fig. 15 (bottom). Each figure shows three examples of

0.32-s gas pedal signals. Driver A in Fig. 15 (left) tends to

gradually increase pressure on the gas pedal, whereas

Driver B in Fig. 15 (bottom) accelerates in two stages.

After initial acceleration, Driver B momentarily reduces

pressure on the gas pedal and then resumes acceleration.

The spectra shown in the bottom figures are similar in the

same driver but different between two drivers.

Fig. 14. Driver identification rate for GMM driver models using

cepstral features (driving simulator).

Fig. 15. Examples of gas pedal operation signals and their spectra

for two drivers (left: Driver A; right: Driver B).
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Figs. 16 and 17 show identification results for the gas

and brake pedal signals collected in a real vehicle when
using raw signals and cepstral coefficients (cepstrum),

respectively. The leftmost results correspond to the iden-

tification rates when only using the brake pedal signals,

and the rightmost results were obtained with gas pedal

signals alone. The gas pedal signals gave better perfor-

mance than the brake pedal signals because drivers hit the

gas pedal more frequently than the brake pedal, as shown

in Fig. 2.
The results for the 16-component GMMs in Figs. 16

and 17 are summarized in Fig. 18. The identification

performance was rather low when using raw driving

signals: the best identification rate for raw signals was

47.5% with � ¼ 0:80. By applying cepstral analysis, how-

ever, the identification rate increased to 76.8% with

� ¼ 0:76. Although the pedal sensors were different from

those of the driving simulator, similar results were
obtained. We thus conclude that cepstral features captured

the individualities of driving behavior better than raw

driving signals and achieved better performance in driver

identification.

3) Experiments With Different Test Lengths: We investi-

gated the identification performance for different test

lengths. Fig. 19 shows the identification rates when chang-

ing the test data length to 1, 1.5, and 3 min. Although the

identification rate for cepstral features deteriorated to 59.
5% with the 1-min test data, it still outperformed the

identification rate of raw signals with the 3-min test data.

V. CONCLUSION

In this paper, driver characteristics in car-following and

pedal operation patterns were modeled. The former were

represented by the relationship between following dis-
tance and velocity and modeled for each driver with an OV

model or with a GMM. Gas and brake pedal operation

patterns were modeled with GMMs that represented the

distributions of raw pedal operation signals or spectral

characteristics extracted through spectral analysis of the

raw pedal operation signals. Driver models were evaluated

Fig. 16. Results for combination of gas and brake pedals (raw signals).

Fig. 17. Results for combination of gas and brake pedals (cepstrum).

Fig. 18. Comparison of identification rates for raw pedal signals

and cepstral coefficients (field test).

Fig. 19. Results for different test lengths (field test).
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in driver identification experiments using driving signals
collected in a driving simulator and a real vehicle.

Spectral features of pedal signals efficiently modeled

driver characteristics and achieved an identification rate of

89.6% for a driving simulator and 76.8% for a field test

with 276 drivers, resulting in 61% and 55% error re-

duction, respectively, over a driver model based on raw

pedal operation signals without spectral analysis. Driver

identification performance of the car-following models
was relatively low compared with the pedal-operation

models but significantly above the chance levels. This

indicates that drivers can be classified into groups based on

their car-following pattens and a driver can be assisted

based on the model of the group he/she belongs to.

The selective use of driving signals while accelerating

or decelerating and the modeling of characteristics in

longer-term driving signals (e.g., more than a 2-s frame
length) must be addressed in future work. Other driver

modeling techniques apart from GMM, such as hidden
Markov models, could be employed for more efficient

modeling of the time series of feature vectors. We also plan

to use statistical driver models to intelligently assist in-

dividual drivers by personalizing headway control to re-

flect the car-following model that suits the target driver

and to detect potentially hazardous situations by detecting

unusual driving behavior that is outside of the patterns of a

baseline driver model trained using normal driving data. h
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