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ABSTRACT

This paper proposes a stochastic model for human driving behavior using a double layer Hidden
Markov Model (HMM) with continuous observations. In the proposed model, gas pedal’s position,
steering wheel’s angle, velocity and angular velocity of the vehicle is used and recorded in every 100
msec for recognizing driving task. Data acquisition is done during a simulated driving task, after that
data is segmented and clustered into 9 different cases. The lower-layer with one-dimensional continuous
HMM is wused for recognizing translational acceleration of a wvehicle. The upper-layer with one
dimensional continuous HMM 1is used for recognizing angular velocity of a vehicle. For recognizing a
user’s behavior, we used sliding windows with size of 10 samples and length of sequence with size of
30 samples. We apply a Kalman filter to reduce noise. After the filtering, the data was processed by
sorting into three groups for a pedal, a steering wheel, and speed. We used two main features, which
are angular velocity and the translational acceleration, in order to present driving behavior. We
constructed a driving simulator based on Logitech G27 Racing platform to evaluate the proposed
method. Using the developed driving simulator, some experiments were conducted for comparing the
accuracy rate of the proposed method with that of the conventional method. Futhermore, we compared
the average learning time of the proposed method with that of the conventional method because
Learning time becomes also an important factor for investigating the performance of stochastic models.
The experimental results confirm the accuracy of the proposed approach by revealing recognition
accuracy around 96%-97%. Furthermore, the proposed method decreases learning time around 40%.
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1. Introduction

Nowadays, driving already has played an
increasingly central role in our daily life.
Whenever drivers drive their cars, they face
highly complex tasks involving the execution of
multiple critical subtasks. Generally, most of
driving behaviors have been focused on operating
a steering wheel, an accelerator and a brake
pedal. Therefore, to investigate a driver’s
behavior, many researchers have developed a
variety of models [1,2,3,4,5,6,7,8,9,10,11] which
are the representation of the driving signal
obtained from a steering wheel, an accelerator,
and a brake pedal. For obtaining the driving
signals, it is necessary to recognize the driver’s
behavior. Correct recognition of driver’s behavior
can be useful for understanding automatic or
auxiliary driving which secures drivers against
driver's deviant status such as fatigue and drunken
driving.

The driving models can be classified into two
categories: a computational model and a stochastic
model. The computational model, which is used
to compute, to simulate, and to predict various
driver behaviors, is a powerful tool for studying
the theoretics of driver’s behavior and form the
basis of the practical development of intelligent
vehicle systems.

Stochastic models have been widely studied in
signal processing and pattern recognition fields in
order to effectively analyze the different features
of time series data. The reason is that the
stochastic model makes a target system stable,

although there are some losses in dataset. An

HMM (Hidden Markov Model) [14], which is one
of the most famous stochastic models, is a
representation for easily decoding and abstracting
the human skill for both non-observable mental
states and observable task states.

Driving signals, which are obtained from a gas
pedal, a brake pedal, and a steering wheel, can
be represented by the time series data. Since the
stochastic model is a powerful tool for analyzing,
recognizing the time series data, many researchers
have applied a stochastic model to develop their
[1,2,3,4,5,6,7]. An

vehicle security system for handling vehicle theft

driving  models intelligent
problems was proposed based on the modeling
framework for dynamic human driving behaviors
[1]. Wataru Takano et al. proposed an approach
to stochastically and intelligently recognize the
state of automobiles by using HMM [2]. A
simple and reliable method for recognizing
driving events using HMM was proposed [3]. The
method assumed that useful navigation history,
which is obtained by learning driving behavior
patterns, was provided for drivers. Holger Berndt
et al. proposed a method for investigating early
driver intention inference with HMM [4]. A
driver intension recognition system, which awares
drivers’ lane change, was studied based on a
HMM [5]. Pinar Boyraz et al

proposed a hybrid driver model, which combines

continuous

with a stochastic model for velocity control and a
continuous control theoretic model for lateral
control [6]. The main goal of [6] is to obtain a
comprehensive  driver models including all
available knowledge and state-of-the-art methods

for the development of human centric active
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safety. Amardeep Sathyanarayna et al. proposed a
hierarchical framework to recognize driving and
to detect a driver’s distraction [7]. However,
above research works has some limitations such
as low accuracy rate [1,4,5,7], recognition of only
steering wheel operation [3,4,5], control of only
velocity [6], or prediction result of steering wheel
angle with large errors [2].

There have been other research works (like
Gaussian Mixture Models [8] or Neural Network
[9]) for recognizing driving behavior. Chiyomi
Miyajima et al. modeled driving behaviors with
car-following and pedal operation patterns [8]. In
those research works, the driver models were
evaluated through driver identification experiments
where driving signals were collected from a
driving simulator and in a real vehicle. Rizal
Othman et al. proposed another method for
modeling and recognizing driving behaviors using
linear prediction analysis and auto associative
neural network [9]. However, the accuracy rate of
their methods was just 76.8% [8], 81.7% [9],
respectively. Moreover, only two signals obtained
from a brake pedal and a gas pedal were
considered for analysis [8,9].

Driving behavior are composed of multiple
interaction processes, thus it has two or more
variables for representing driving signals. With a
HMM s

illsuited to these problems. In order to model

single state variable, conventional
these interactions, a new architecture of HMM is
needed. Some researchers proposed driving models
using a double layer HMM for recognizing
driving behavior [10,11]. Christian Laugier et al

proposed a conceptual framework to analyze and

to interpret dynamic traffic scenes by means of

sensor fusion technology with the Bayesian
Occupancy Filter [10]. A Smart Car test platform
framework for modeling and for recognizing
driving operations was proposed [11]. The system
used coupled HMM for

different driving

recognizing  seven
operations such as passing,
changing lanes to the left and right, turning right
and left, starting and stopping. Their models were
essential to build realistic automated virtual cars
in driving simulators and to develop the human
machine interface in driver assistance systems
[11,12,13].

problem in that their learning time increases in

However, their systems have a
comparison with conventional HMM. Another
problem is that the accuracy rate of turning
left/right is not over 86% [10,11]. Therefore, in
order to overcome these drawbacks, we propose a
new type of a double layer HMM consisting of a
lower layer and a upper layer for recognizing
driving behavior. The lower-layer is used for
recognizing translational acceleration corresponding
to gas pedal operation event, in the upper-layer is
used  for  recognizing  angular  velocity
corresponding to steering wheel operation event. It
is the fact that the learning time of the one-layer
HMM is faster than that of the multiple-layer
HMM. The learning time of the proposed system
decreases around 40% in comparison with using
one-layer HMM. So, we can conclude that this
works can be useful for supporting driving

systems.
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2. System overview

2.1 Architecture of the proposed system

<Figure 1> shows the architecture of the
proposed system. As we mentioned before, the
proposed system consists of two layers: a lower
layer and an upper layer. In the lower layer,
three HMMs were

translational acceleration corresponding to the state

applied for recognizing

of velocity. If a driver pushes a gas pedal, the
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Figure 1. Architecture of the proposed system

In the contract, if a driver releases a gas
pedal, the speed 1is decreased. Translational
acceleration is used as an input for the lower
layer consisting of three HMMs. The only one
HMM’s result of three with the highest likelihood
in the lower layer was selected for understanding

current acceleration on gas pedal. The obtained

acceleration was transferred to the upper layer for
recognizing angular velocity (turn left, turn right,
and go straight). The upper layer is composed of
three HMMs like the lower layer. In this layer,
angular velocity is used as an input of each
HMM. When a driver operates the steering wheel
of a car, angular velocity is changed. The only
one HMM’s result of three with the highest
likelihood in the upper layer like the lower layer
was selected for recognizing angular velocity on

steering wheel.

2.2 Experiment setup

A driving simulator was constructed based on
Logitech G27 Racing Wheel force feedback
device <Figure 2> A graphic program was
developed using VC++ and Ogre 3D.

% 2. Logitech G27 22 7|Hte| 28 AlE2{0|H

Figure 2. Driving simulator is based on Logitech G27.

Ten subjects were participated in the
experiments. The subjects are required to drive
the vehicle along the driving track repeatedly for

at least 5 times with limited velocity from 10m/s
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to 20m/s (36km/h to 72 km/h). The subjects
controlled a gas pedal to increase/decrease the
velocity and to operate steering wheel. During the
experiment, the required driving signals such as
gas pedal’s position, steering wheel’s angle,
velocity and angular velocity of the vehicle were
recorded in every 100 msec and the numbers in

the parentheses are the number of bits.
2.3 Segmentation and clustering
Before recognition of driving behavior, we

should prepare driving signal according to the

following steps shown in <Figure 3>.

angular velocity

Brake pedal position,
accelerator pedal

Steering wheel, Vector | | Speed |

¥
Filter by using Kalman filter I
¥ ¥ v ¥

Steering wheel, Vector | | Speed |

angular velocity

Brake pedal position,
accelerator pedal

N

Vector angular
velocity

Translational
acceleration

Segmentation based on zero-crossing
¥ ¥

Driving Increase
straight speed

Turn left Decrease
speed

Turn right No change
speed

—V ; —

| Clustering into N classes

a3, ojofE &8|2Hy

Figure 3. Process of data preparation.

A Kalman-filter was used to eliminate noise
[16]. After the filtering, the data was processed
by sorting into three groups for a pedal, a
steering wheel, and speed. We used two main
features, which are angular velocity and the

in order

translational to present

acceleration,

driving behavior. The angular velocity, which

related to rotate of vehicle, was segmented into
three cases: “Driving straight, turn left, and turn
right”.  The

translational  acceleration  was

segmented into three cases: “increase speed,

decrease speed, and no change speed”.

<Figure 4> shows the result of the translational

acceleration. When a driver just pushes a gas

pedal to increase velocity, the translational

acceleration 1is increased. Whereas, when the
driver releases the gas pedal, the translational
acceleration is decreased. When the driver keeps
a gas pedal to maintain velocity, the translational
acceleration becomes near zero. Therefore, by
analyzing the translational acceleration, we can
easily understand the driver’s behavior through a
gas pedal operation.
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Figure 4. Translational acceleration
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Figure 5. Angular velocity.
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Let us remember that angular velocity is changed
according to the control of a steering wheel.
<Figure 5> shows the result of angular velocity.
First a user drives his/her car to go straight. After
that, he/she turn right after turning left. Again, the
driver turns his/her car right and left. Finally, the
driver turns his/her car right. In <Figure 5>, as we
mentioned before, since the first red line shows the
situation where a car goes straight, angular velocity
becomes almost zero. When the car is turned right,
the angular velocity becomes positive, whereas
angular velocity is negative when the car is turned
left. So if we investigate the obtained angular
velocity, we can understand driving behavior on a

steering wheel operation.

g ‘°’>E?’ .

8 ;4
2
>

celeration (m/s?)

Translational act

“ | | |~ Translational acceleration (m/!7|
1.5

1]
" W

Sal‘js\es
©
28l 6. ZH4 2| segmentation(a), 7H5 2| segmentation(b),
7H5 ot ZHE & 9| segmentation(c)
Figure 6. Segmentation of angular velocity (a), segmentation of transla-
tional acceleration (b), segmentation of translational acceleration and an-

gular velocity (c).

The driving time series data (<Figure 4> and
<Figure 5>) was segmented based on a criterion
inspired by driving signal. Let us consider the
case where a wuser releases gas pedal after
pushing the pedal in order to increase and
decrease the translational acceleration of a car.
So, we selected the point where the translational
acceleration becomes zero to segment. It means
that whenever the translational accelerations cross
the zero axes, a segment was begun. Similarly,
when a driver rotates a steering wheel to turn left
or turn right, angular velocity becomes negative
or positive. Thus, we selected the point where the
angular velocity becomes zero to segment.
Translational acceleration and angular velocity
were segmented as shown in <Figure 6>.

After the segmentation, we need to decide a
criterion to categorize similar segmented data into
a several clusters. Before categorizing, we define
an upper threshold and a lower threshold as
values for finding the similar segmented driving
signals. By finding upper and lower threshold
values based on histogram of each driving signal
(translational acceleration and angular velocity),
each the driving signal was approximated and
discretized into three cases: 1) greater than the
upper threshold, 2) between upper and lower
thresholds, and 3) smaller than lower threshold.
With the translational acceleration was categorized
into three cases. If the magnitude of the
translational acceleration is greater than the upper
threshold (the first case), the velocity of a car
increases. When the magnitude of the acceleration
is in between upper threshold and lower threshold

(the second case), the wvelocity is maintained.
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When the acceleration is smaller than the lower
threshold (the third case), the velocity decreases.
Like the translational acceleration, the angular
velocity was categorized into three cases. The
first is the case when the magnitude of the
angular velocity is greater than upper threshold.
In the first case, a car operated by a driver turns
right. When the magnitude of the angular velocity
is in between upper threshold and lower threshold
(the second case), the car goes straight. If the
magnitude of the angular velocity is smaller than

the lower threshold, the car turns left.

E1.97IX B2 %

Table 1. Label of 9 cases.

Turn Go Turn
left straight right
Increase speed 1 2 3
No change
speed 4 5 6
Decrease speed 7 8 9
«; 2
£
1 12103
________ [ S
4 151 6
________ JI.___:_________
7 is ! o
a7, JAEet 24T 0| 83H971K| A el
SHNE A 2HE

Figure 7. Threshold clustering driving signal into 9 cases using transla-

tional acceleration and angular velocity.
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So, we categorized the segmented driving
signal data as 9 cases using threshold clustering
method [15] as shown in <Figure 7>. In <Figure
7>, the marked number’s meaning is tabulated as
<Table 1>.

3. Results and Evaluation

We constructed a driving behavior recognition
system consists of two phases. The first phase
is to require driving signal from the developed
driving simulator. The driving simulator was
constructed based on G27 Logitech steering
wheel device as we mentioned before. After
acquiring driving signal, the driving signals
were analyzed, segmented, and clustered. The
second one is a recognition phase for recog-
nizing 9 cases of driving data. The recog-
nition phase was developed using Kevin
Murphy’s HMM
HMMs, we should make a decision what kind

toolbox. Before training
of HMM is useful for our experiment. We
conducted a simple experiment for recognizing
the case 1 of the 9 cases with different num-
ber of hidden states in order to find a useful
number of hidden states in our experiment.

2 2HdEl 2 HEof et Hate

Table 2. Accuracy rate of case 1 of driving data with different number of

hidden states.

Number 2 3 4 5
Hidden

state

Avg 93.45 94.12 88.24 91.18
Number 6 9 12 15
Hidden

state

Avg 88.06 82.35 91.18 88.24
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Table 3. Accuracy rate of case 1 of driving data with different number of

mixture univariate Gaussian density function in case three hidden states.

Number 1 2 3 4
Mixture

Avg 94.12 51.06 51.06 65.96
Number 5 6 7 8
Mixture

Avg 59.57 65.96 57.45 65.6

A computer with 4 Gbytes of RAM, core
2 due E8400 3.0 GHz of CPU was used dur-
ing our experiment. We applied a mixed uni-
variate Gaussian density function to this
experiment. For the experiment, we assumed
that length of sequence is 30 samples, and
sliding windows size is 10 samples. The re-
sult of accuracy rate of the simple experiment
is shown in <Table 2>.

As you observed the accuracy rate in <Table
2>, the accuracy rate of three hidden states is
HMM  with

left-right topology is the best case for recognizing

highest. Let us remember that
the time series data. So, we chose continuous
HMMs with left-to-right topology and three hid-
den states for recognizing driving data in our
experiment. Similarly, we conducted a simple ex-
periment in order to find a suitable number of
mixture univariate Gaussian density function. We
found that one mixed univariate Gaussian density
function is suitable for our experiment (<Table
3>).

We conducted some experiments in order to
compare the accuracy rate of the proposed meth-
od with that of the conventional method. As we
mentioned before, translational acceleration was

categorized into three cases. The translational ac-

celeration data of each case was used as an input
for training upper layer. The trained upper layer
was used to recognize for translational accel-
eration of 9 cases. Angular velocity was catego-
rized into three cases, the angular velocity data of
each case was used as an input for training lower
layer. The trained lower layer was used to recog-
nize for angular velocity of 9 cases. In the recog-
nition phase, sliding windows with size of 10
samples and length of sequence with size of 30
samples were used for training the upper layer
and lower layer. The sequence with maximum
likelihood value was chosen as a result of
recognition. <Table 4> is the classification rate
regarded to each case. As we observed the result,
the average accuracy rate of the proposed method
was about 97.47%. The average accuracy rate of
one layer HMM was about 94.95%.

4. ChE HMM L 7tz ot ZHE £ 0| 85101 A ohEl il of

kEl

Table 4. Comparison classification rate between one layer HMM, and

proposed method using translational acceleration and angular velocity.

Case Case Case Case Case
1 2 3 4 5
Hmm 81.82 100 95.45 100 100
Proposed | 9545 | 100 100 100 100
Case Case Case Case Avg
6 7 8 9
Hmm 9545 | 81.82 100 100 94.95
Proposed | 9545 | 8636 | 100 100 | 97.47

According to the threshold-clustering method,
we clustered translational acceleration and steering
wheel angle into 9 cases as shown in <Figure
8>,
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Translational acceleration (mfs®)

Figure 8. Threshold clustering driving signal into 9 classes using transla-

tional acceleration and steering wheel angle.

By applying the proposed method to the
experiment, classification results were obtained
(<Table 5>). As we observed the recognition
result, overall average correct classification ratio
of the proposed method is about 95.98% and that
of one layer HMM is about 92.43%. Let us
compare <Table 4> with <Table 5>, we can
casily observe that the classification rate from
angular velocity is better than the rate from

steering wheel angle.
2t 5 0| 835t0{ M| okEl i of
H

Table 5. Comparison classification rate between one layer HMM, and

proposed method using translational acceleration and steering wheel

angle.
Case Case Case Case Case
1 2 3 4 5
Hmm 95.74 95.74 85.11 91.49 89.36

Proposed 100 97.87 | 91.49 97.89 93.62

Case Case Case Case Avg
6 7 8 9

Hmm 89.36 100 97.87 87.23 92.43

Proposed | 9149 | 100 | 97.87 | 9362 | 9598

Learning time becomes also an important factor
for investigating the performance of stochastic
models. So, we compared the average learning
time of the proposed method with that of the
conventional method. For computing the learning
time, we applied the proposed method to the rec-
ognition phase for recognizing 9 cases of driving
data, and we also applied the conventional meth-
od to the recognition phase for recognizing 9 cas-
es of driving data. A function of the recognition
phase was used to calculate total learning time of
each recognition method. The computed average
learning time for recognizing one case of driving
data with different samples was shown in <Figure
9>. As we observed, the learning time of pro-
posed method decreases about 40% in comparison
with learning time of conventional method. The
reason is that the proposed method used total 6
HMMs for recognizing 9 cases of driving data
and conventional HMM used 9 HMMs for recog-

nizing 9 cases of driving data.

60
Second
40
= HMM
30
20 mProposed
10
0 - Samples

100 200 300 400 500
O8l9. Yekalel HMM I} A QHel B Zho] Sh&AlZhH
Figure 9. Comparison learning time between conventional HMM and

proposed method for recognizing one case of driving data.

4. Conclusions

In this paper, we proposed a double lay-

er-HMM consisting of an upper layer and a
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lower layer for recognizing driving behavior us-
ing translational acceleration and angular veloc-
ity signals. The lower-layer was used for recog-
nizing translational acceleration corresponding to
gas pedal position state. The upper-layer HMM
was used for recognizing angular velocity.
Currently, we just assumed that each transla-
tional acceleration and angular velocity signals
are discretized into three levels (increase/de-
crease/keep for translation acceleration,
left/right/neutral position for steering wheel).
Current work was focused on recognizing
short-term driving such as increasing/decreas-
ing/keep velocity or turning left/right/go straight.
In future, we will expand our research for rec-
ognizing long-term driving by training another
set of HMMs on shortterm HMMs like com-
bining with a brake pedal, a gearbox, and etc.
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