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Differentiating Alcohol-Induced Driving Behavior
Using Steering Wheel Signals

Devashish Das, Shiyu Zhou, and John D. Lee

Abstract—Detection of alcohol-induced driving impairment
through vehicle-based sensor signals is of paramount importance
for road safety. To differentiate the driving conditions with and
without alcohol-induced impairment, data were collected from 108
drivers under both conditions in a high-fidelity driving simulator.
With this data set, various quantitative measures of steering wheel
movement, including not only simple statistics such as the mean
and the standard deviation but nonlinear dynamic invariant mea-
sures such as sample entropy and Lyapunov exponent as well, are
compared in terms of their differentiating capabilities. Nonlinear
invariant measures are more robust and consistent than the simple
measures in differentiating the impairment. Furthermore, people
respond to alcohol-induced impairment quite differently, and for
a certain group of people, the alcohol-induced impairment can
be well detected using these nonlinear invariant measures. Many
interesting insights into characterizing the effect of alcohol on
driving behavior are obtained in this paper. This paper lays a
foundation for the future development of a real-time detection
method for alcohol-induced impairment.

Index Terms—Alcohol-induced impairment, nonlinear invari-
ant measures, parallel genetic algorithm (PGA), sample entropy.

I. INTRODUCTION

A LCOHOL-induced impaired driving contributes to ap-
proximately 31% of the traffic fatalities in the U.S. [1].

In recent years, about 1.5 million drivers have been arrested
for driving under the influence of alcohol, which is more than
the number of people arrested for other crimes such as theft
or vandalism. In 2007, 22% of the 55 681 drivers involved
in fatal road accidents were found to have a blood alcohol
concentration (BAC) level of more than 0.08%, which is the
legal upper limit for BAC concentration. These statistics show
that, despite various educational and regulatory measures that
are adopted by local, state, and federal governments, alcohol-
induced impaired driving crashes remain a major public health
and safety issue. Hence, alternative methods such as adopting
vehicle-based sensing technologies to detect impaired driving
have recently attracted significant attention. A review that dis-
cusses various driver condition monitoring techniques can be
found in the work of Culp et al. [2]. The basic idea of driver
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condition monitoring is to first collect data through sensors that
are embedded in the vehicle, then use advanced data processing
techniques to identify characteristics of the data for different
levels of driver impairment, and, finally, differentiate levels of
driver impairment based on these characteristics. According to
the different types of sensor signals used, driver impairment
detection and monitoring techniques can be classified into the
following three categories.

1) Signals that are directly from the driver, such as the eye-
tracking measures, driver postural stability, and other
driver physiological measures, e.g., electroencephalo-
gram. Various researchers have used these signals to
monitor the driver condition and detect the driver cog-
nitive distraction [3]–[6]. Advanced techniques such as
support vector machines, hidden Markov models, neural
networks, and fuzzy classifiers have been used to process
the driver signal for the real-time detection of impaired
driving. Because these signals are directly obtained from
drivers, they contain rich information about the driver’s
physiological condition. However, the sensors that are
used for collecting driver signals are highly sophisticated
and are not commonly found in the existing commercial
vehicles.

2) Signals of vehicle motion such as the vehicle speed, lat-
eral position, and time headway. Vehicle motion signals
are widely used in various collision avoidance systems
[7], [8]. Recently, these signals have also been used in
driver behavior modeling and monitoring. For example,
Sekizawa et al. [9] have modeled human driving be-
havior based on signals such as the distance between
cars on the road. Toledo et al. [10] performed a similar
analysis using signals that were related to lane changing
and acceleration rate. Compared with the driver signals,
the vehicle motion signals are relatively easy to collect.
However, these signals include the influence of not only
the driver condition but also the vehicle dynamics and
road environment. Thus, it is quite challenging to develop
a generic driver condition monitoring scheme based on
these signals.

3) Signals from driver input such as the steering wheel
activity, gas/brake pedal, and other driving command
signals. These driving signals are readily available in
modern vehicles, particularly vehicles that are equipped
with drive-by-wire systems. These signals are the direct
outputs from the driver and are not contaminated by the
vehicle dynamics and are thus better indicators of driver
conditions compared with the vehicle motion signals.
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Indeed, these driving signals have been used as measures
of driver performance and impairment. In particular, the
entropy of the steering wheel signals, called steering en-
tropy, has been used as a measure of driver workload [11]
and driver performance [12]. A concept of the spikiness
index, which is a heuristic measure of sharp changes in
the signal, is proposed by Desai et al. [14] to measure the
driver drowsiness using the driving signal.

Based on this brief review, we can see that most existing
driver condition monitoring techniques have focused on driver
impairments other than alcohol-induced impairment such as
drowsiness, fatigue, and distraction from nondriving tasks. This
case is particularly true for the monitoring techniques using
driving signals. Rather limited work exists on the quantitative
characterization of the driving signals (e.g., steering wheel
angle signal) under alcohol-induced impairment. To fill this
research gap, we present a systematic study on the quantitative
characterization of the steering wheel signal for the detection
of alcohol-induced driver impairment based on an empirical
driving simulation data set, which is collected from the National
Advanced Driving Simulator (NADS), College of Engineering,
University of Iowa, Iowa City, IA. The rationale of selecting
the steering wheel signal as the focus of this paper is due to its
easy access and its rich information content. The raw steering
wheel signal is in the form of a time series that was sampled at
a regular time interval. Such a signal cannot usually be directly
used to differentiate whether the driver is impaired due to its
high dimensionality and high level of noise content. Instead,
quantitative characteristics (also called quantitative measures)
that are computed from the raw signal need to be used to
condense the information content of the raw signal and identify
driver impairment. In this paper, we will answer the following
questions: What quantitative measures of the steering wheel
signal can be used to differentiate drivers with and without
alcohol-induced impairment, and how well can these measures
separate impaired from unimpaired driving? We would like to
point out that, to detect the alcohol-induced impaired driving
behavior based on driving signals, multiple processing steps
are needed. The first step is to find quantitative measures as
effective indicators for changes when the driving behavior is
impaired. In the second step, we need to study the robustness
of these quantitative measures to take into account different
drivers and other environmental conditions. With these two
steps, in the third step, we can finally establish a detection
algorithm using the identified quantitative measures as change
indicators. In this paper, we focused on only the first two
steps. Identifying the quantitative measures is necessary and
very useful for the future development of the final separation
algorithm.

To identify the good quantitative measures for driving be-
havior differentiation, in this paper, we considered not only
the ordinary statistics such as the mean and standard deviation
of the steering wheel signal but various nonlinear dynamic
invariant measures as well. It has been verified in various
studies that the underlying dynamics of the driver-vehicle sys-
tem contains significant nonlinearity [9], [15]. The nonlinear
dynamic invariant measures such as the Lyapunov exponent,

correlation dimension, and sample entropy have widely been
used to characterize the time-series observations that were
collected from nonlinear dynamic systems [16]. In particular,
these measures have been proven to be quite effective in
characterizing the human physiological signals [17]–[19]. For
example, these invariant measures have been found to detect
irregularities in the heart rhythm [20]. Thus, it is expected that
these nonlinear dynamic invariant measures can describe the
signal characteristics that cannot be captured by the ordinary
statistics and can thus be a useful complement to those statistics
in differentiating driver conditions.

In this paper, various quantitative measures are computed
from the steering wheel signal, collected from each driver with
a BAC level of 0.0% and 0.1%, respectively. The BAC level
0.0% indicates driving without alcohol-induced impairment,
and the BAC level 0.1% indicates driving with alcohol-induced
impairment. The value of 0.1% is selected, because in the
U.S., the legal definition for driving under the influence is a
BAC level of 0.08%, and the 0.10% BAC level is the high-
est BAC that is practically and ethically possible to induce
in a driving simulator study. Many epidemiological studies
have shown that a BAC level of 0.1% has serious safety
implications [21].

We treat the data from the two different BAC levels as two
different clusters and use cluster separation indices, which are
used in data mining to measure the “separation” among data
clusters [22] to evaluate how well the quantitative measures can
separate the normal driving condition and the alcohol-induced
impairment. Intuitively, if, for a given quantitative measure, the
data clusters of the 0.0% and 0.1% BAC levels significantly
differ, then we can claim that the given quantitative measure is
good. Furthermore, driving behavior is highly individualistic.
Thus, certain quantitative measures might be better suited for a
certain group of people. Following this intuition, we attempted
to cluster the drivers based on the separation indices within
subgroups of people. We proposed a novel approach using
the parallel genetic algorithm (PGA) to achieve this cluster-
ing. Finally, the results are presented and analyzed to obtain
some interesting insights into the detection of alcohol-induced
driving impairment.

The remainder of this paper is organized as follows.
Sections II and III describe the data collection method and the
basic data analysis procedure. In Section IV, we introduce the
various quantitative measures and the various separation indices
used in the analysis. Section V describes the details of the
PGA, which clusters drivers into subgroups according to the
separation of the two driving conditions. Section VI presents
the results and the insights of the analysis. The conclusion and
a discussion of future work are presented in Section VII.

II. DESCRIPTION OF THE DATA SET

The data set used for the analysis was collected from 108
drivers who drove a 23-min route in a high-fidelity simulator,
as shown in Fig. 1. All drivers held a valid U.S. driver’s
license, were more than 21 years old, and were moderate to
heavy drinkers based on the Quality–Frequency–Variability and
Alcohol Use Disorders Identification Test scales, but none was
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Fig. 1. (Left) Driving simulator and (right) driving scene from inside the simulator. (Courtesy: NADS, University of Iowa.)

a problem drinker. Each participant made four visits. The first
visit was for screening and included a practice drive in the
simulator. The practice drive involved a left-hand turn, driving
on two- and four-lane roads, and lasted approximately 10 min.
The other three visits were separated by approximately one
week. In two of these visits, the drivers were dosed with
alcohol, and in the third visit, they were given a placebo so
that the drivers were not aware of when they had been dosed
with alcohol. The 108 drivers were equally distributed in age
groups 21–34, 38–51, and 55–68 years (equal number of male
and female drivers in each group).

The 23-min route included various driving scenarios (also
called driving events), which could broadly be classified as
urban, rural, and freeway driving. The drives started with an
urban segment that was composed of a two-lane roadway
through a city with posted speed limits of 25–45 mi/h with
signal-controlled and uncontrolled intersections. An interstate
segment that consisted of a four-lane divided expressway with
a posted speed limit of 70 mi/h followed. The drivers, in a
period in which they followed the vehicle ahead, encountered
infrequent lane changes that associated with the need to pass
several slower moving trucks. The drives concluded with a rural
segment that was composed of a two-lane undivided road with
curves. A portion of the rural segment was gravel. These three
segments mimicked a drive home from an urban bar to a rural
home through an interstate.

Several precautions were taken to ensure a consistent BAC
level in the drivers in each experimental condition. All drivers
have been screened when they arrived for the data collection
with a breathalyzer. To ensure a rapid and consistent absorption
of alcohol, all participants were instructed not to eat 4 h preced-
ing their visit. The Sahlgreska formula was used to calculate
the amount of alcohol that was given to each participant. To
achieve a 0.1% BAC level, the amount of alcohol consumed
was calculated to produce 0.115% BAC. The participants were
served three equal-sized drinks to be consumed at 10-min
intervals. Sixteen minutes after the third drink, the BAC level
was measured at intervals of 2–3 min until the target BAC
level was reached. The participants began to drive after the
BAC had peaked and had begun to decline, as measured by
two declining measurements, which typically occurred 30 min
after their third drink. The participants drove for approximately
23 min, and their BAC level was measured immediately after

they completed the drive. The drivers started the experiment
after the required BAC level was attained. The BAC level
declined through the test by an average of 0.01 BAC from the
start to the end of the drive.

Immediately following the drive, the drivers rated their alert-
ness with the Stanford Sleepiness Scale, their BAC levels were
measured, and then, they were assessed with the Standard Field
Sobriety Test. Measurements of BAC were taken every 20 min
after exiting the simulator. The drivers were transported home
after their BAC dropped below 0.03%. In the case of the 0.00%
BAC condition, the participants were held for at least three
measurements before being transported home. The participants
were not informed of their measured BACs until they completed
the third drive.

A comprehensive set of parameters, including the signals
from the driver (e.g., eye movement), vehicle motion signals
(e.g., speed, lateral position), and driving signals (e.g., steer-
ing wheel angle and gas/brake pedal), were collected from
the simulator for each driver under different BAC levels. As
discussed in the Introduction, we will focus on the quantitative
characterization of the steering wheel signal for two different
BAC levels, i.e., 0.0% and 0.1%. The graphs of a typical
steering wheel signal for a driver while following traffic on an
interstate highway with 0.0% and 0.1% BAC levels are shown
in Fig. 3(c) and (f), respectively.

III. DESCRIPTION OF THE DATA ANALYSIS PROCEDURE

The goal of this paper is to identify and evaluate quantitative
measures of the steering wheel signal to differentiate the driver
conditions with and without alcohol-induced impairment. This
problem can be described in mathematical terms as follows.

Let iθ1(t) and iθ2(t) denote the steering angle signal that
was collected from the ith driver at time instant t for a certain
driving event with BAC levels of 0.0% and 0.10%, respectively.
Fig. 3 illustrates a few such typical signals. Furthermore, denote
fα as a function that computes a particular quantitative measure
value for a given steering wheel signal. A typical example of fα

is the mean of the steering angle signal. As discussed in the In-
troduction, the rationale of using the function fα is that the raw
steering signal is very high dimensional and is very difficult,
if not impossible, to directly be used to differentiate driving
conditions. A quantitative measure or characteristic needs to
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Fig. 2. Separation in quantitative measures for different BAC levels.

be used instead to condense the information in the raw signal.
Thus, without causing confusion, the function fα is also called
a quantitative measure or characteristic of the original signal.
In this paper, various quantitative measures, including both
ordinary statistics and nonlinear dynamics invariant measures,
will be considered. These measures are briefly introduced in
Section IV.

To compare the performance of different measures in dif-
ferentiating driver conditions, a quantitative evaluation method
is needed. In this paper, we propose a performance evaluation
method using the cluster separation indices as follows. By
using fα, we compute the vectors A = {A1, A2 . . . AN} and
B = {B1, B2 . . . BN} for all the drivers in the data set as

Ai = fα (iθ1(t))

Bi = fα (iθ2(t)) (1)

where N is the total number of drivers, and Ai and Bi are the
quantitative measures of the ith driver for the 0.0% and 0.1%
BAC levels, respectively. Clearly, these two vectors A and B
represent two different clusters for the 0.0% and 0.1% BAC
levels, respectively. Intuitively, a quantitative measure fα is a
good measure of alcohol-induced impairment if A and B are
well separated. To illustrate this idea, assume that we obtained
the values of A and B for three different quantitative measures
in Fig. 2. The two markers (�) and (�) represent the values
of the quantitative measure for a driver from clusters A and
B, respectively. Obviously, the separation between A and B
in Fig. 2(c) is better than in Fig. 2(a) or (b). In Fig. 2(a),
the variances within clusters A and B are very large, and in
Fig. 2(b), the mean difference between A and B is very small.
Building upon this idea, we propose to use cluster separation
indices that have been used in statistical clustering to evaluate
and compare various quantitative measures. Note that the data
in Fig. 2 is for illustration only and is not from real experiments.
In this paper, we adopted the following two typical cluster
separation indices: 1) the Fisher linear discriminant and 2) the
Gamma index. Section IV provides a brief introduction to these
two indices. Although only these two indices are presented in

this paper, we have tested many other indices, and they provide
very similar results and insights.

The aforementioned procedure provides a quantitative way
of evaluating and comparing different measures. However, the
driving behavior generally differs across drivers. Thus, if we
apply the aforementioned procedure to a large group of drivers
with different backgrounds, then it is likely that no quantitative
measures will separate the conditions of impairment equally
well for all drivers. Indeed, this is the case for our data set,
as illustrated in Section VI. To deal with this situation and gain
more insights into the driving behavior under alcohol-induced
impairment, we group the drivers according to the separation
within groups. This way, we can identify which quantitative
measures are suitable for which group of drivers and thus gain
insights into the corresponding driving behavior.

In particular, assume that N drivers will be clustered into
c groups. Let the vector G = {G1, G2, . . . GN} represent this
clustering, where Gi ∈ {1, 2, . . . c} represents the cluster to
which the ith driver belongs. Let Aj = {all Ai such that Gi =
j} and Bj = {all Bi such that Gi = j}, where i = 1, . . . , N ,
j = 1, . . . , c, and Ai and Bi are defined in (1). Furthermore, let
Ω(Aj ,Bj) represent the cluster separation index for Aj and
Bj . Clearly, a greater value of Ω(Aj ,Bj) indicates better sep-
aration among Aj and Bj , and thus, the quantitative measure
used is a better indicator of the impaired driver condition for the
jth group of drivers. With this understanding, we can formulate
an optimization problem for a given quantitative measure to
find the best clustering G such that the within-group separation
Ω(Aj ,Bj) is maximized. In particular, we have

max
G

c∑
j=1

njΩ(Aj ,Bj)/N (2)

where nj is the number of members in the jth cluster. This
objective function is essentially a weighted sum of the sepa-
ration index for each group. Although easy to use, this objec-
tive function sometimes leads to a singularity problem in the
optimization, particularly when the total number of drivers N
is relatively small. In such a situation, a very small number
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of drivers with extremely high separation will be clustered
together into one group and the rest into others. Such a
clustering result will not provide useful insights into the prob-
lem and, thus, should be avoided. In this paper, we adjust the in-
tuitive objective in (2) by introducing two thresholds λmax and
λmin as

max
G

c∑
j=1

nj min {λmax,Ω(Ai,Bj)}I (Ω(Aj ,Bj)>λmin) /N

(3)

where I(s) is an indicator function, which is equal to one when
the statement s is true; otherwise, it is zero. The intuition behind
this objective function is that, when the separation index for a
group j is larger than a certain value (λmax), we claim that
the separation is good enough, and thus, a bigger value of
Ω(Aj ,Bj) will not bring in more insights. Hence, to maintain
groups of a reasonable size, we ceil the value of Ω(Aj ,Bj)
at λmax using the term min{λmax,Ω(Aj ,Bj)}. Similarly,
if the value of Ω(Aj ,Bj) is smaller than a certain value
(λmin), then, essentially, we cannot differentiate the impaired
driving condition. Thus, we will simply neglect the value of
Ω(Aj ,Bj) by using the indicator function. By solving the
optimization problem in (3) for a given quantitative measure,
we can classify the drivers in different groups and then identify
for which group the given measure is the most sensitive and
effective.

In the previous paragraphs, we described the data analysis
procedure and the corresponding rationales. The procedure can
be summarized as in the following steps.
Step 1. Compute various quantitative measures for all the

drivers under typical driving events and BAC levels of
0.0% and 0.1%. The quantitative measures considered
in this paper are briefly introduced in Section IV-A.

Step 2. For each quantitative measure, compute the cluster
separation indices and compare. The two cluster sep-
aration indices adopted are introduced in Section IV-B.

Step 3. For each quantitative measure, solve the optimization
problem formulated in (3). In this paper, we propose to
use the recently developed heuristic searching method
PGA to solve the optimization problem. The detailed
description of this method is presented in Section V.

Step 4. Summarize the results obtained in steps 1–3 and ana-
lyze the group composition that resulted in step 3 to
gain insights into the driving behavior with alcohol-
induced impairment. These results and analyses are
presented in Section VI.

IV. QUANTITATIVE MEASURES AND CLUSTER

SEPARATION INDICES

A. Introduction to Various Quantitative Measures

Let X(t) be an observed signal from a generic system.
In our problem, X(t) could be either iθ1(t) or iθ2(t). We
assume that X(t) is sampled at equal intervals of time τ , and
thus, we have a time series of X(t) as {x0, x1, . . . , xM−1},
where xi = X(t0 + τ · i), t0 is the starting time instant, and
M is the total number of data points. As discussed in the

previous section, the original time series is usually of very
high dimension and is very difficult to directly be used. Rather,
we would like to use certain quantitative measures of the
original series to differentiate the driver conditions. Two natural
choices of the quantitative measures are the sample mean and
standard deviation, which are given as X = (1/M)

∑M−1
i=0 xi

and SX =
√

(1/M)
∑M−1

i=0 (xi − X)2, respectively. It is easy
to understand that the standard deviation of the signal reflects
the driving characteristics. However, it might appear that the
sample mean may not depend on the driving characteristics
and, rather, only on the shape of the road. For example, for a
straight freeway drive, the sample mean of the driving wheel
signal must be zero. However, a close look at the sampling
scheme reveals that each xi is sampled at equal intervals of
time, and as a result, the sample mean may depend on multiple
factors such as the rate of change of steering wheel angle and
the vehicle speed. Thus, the sample mean may also reflect the
driving characteristics and is considered in our analysis. The
sample mean and standard deviation are two simple statistics,
and they may not be able to extract sufficient information from
the original signal. In this paper, we propose to also use various
nonlinear invariant measures as the quantitative measures.

There are quite a few invariant measures used in practice.
To compute these measures, we first define a sample from
the original series as zi = {xi, xi+1, . . . , xi+(n−1)} and i =
0, . . . ,M − n. In the nonlinear dynamic analysis, the para-
meters τ and n are often called the embedding lag and the
embedding dimension, respectively. The embedded window zi

is the basis of calculation of most of the nonlinear invariant
measures. Here, without getting into details of how we can
calculate the invariant measures, we discuss the basic idea of
these measures. The formulas for calculating these measures
are shown in the Appendix for completeness. Details about
these measures can be found in [16]. The nonlinear invariant
measures used here are listed as follows.

• Lyapunov exponent. The Lyapunov exponent measures the
exponential divergence of nearby trajectories of orbits of
dynamic systems [24], [25]. This is a measure of how two
points on a time series diverge along the length of the
series. In practice, the nonlinear prediction error is often
used to estimate the Lyapunov exponent.

• Sample entropy. Sample entropy is a measure of the reg-
ularity of a time series [19]. It belongs to a family of
statistics called the approximate entropy [26].

• Correlation dimension and correlation entropy estimated
by the Gaussian kernel algorithm (GKA). Correlation
dimension is the extension of the dimension of fractal
objects in nonlinear dynamic systems [27]. To deal with
the existence of noise in the data, an exponential kernel
function is used to calculate the correlation integral [28].
This algorithm is thus called the GKA.

Based on the aforementioned descriptions, we can see that
these invariant measures tend to quantify the degree of nonlin-
ear randomness of the signal. The more regular the signal is, the
smaller its invariant measures are. Therefore, these nonlinear
invariant measures indicate nonlinear dynamics in the signal, a
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property that is expected to be an important characteristic of the
driver–vehicle system.

B. Introduction to Cluster Separation Indices

As discussed in Section III, the performance of quantita-
tive measures in identifying alcohol-induced impairment can
be evaluated by certain cluster separation indices. Here, we
introduce the following two typical cluster separation indices:
1) the Fisher linear discriminant and 2) the Gamma index. An
excellent review on various different cluster separation indices
can be found in [22]. In this paper, we have tested various other
indices as listed in [22], and the results are quite similar to the
two indices, which are introduced as follows.

• Fisher linear discriminant. The Fisher linear discriminant
is defined as follows:

J =
(A − B)2

S2
A + S2

B

(4)

where SA and SB are the standard deviation of the mem-
bers in A and B, respectively. Intuitively, J will be large
when the means of the two groups A and B are well
separated, and their within-group variation is small. This
index is widely used in linear discriminant and clustering
analysis [29]. An almost-perfect separation can be ob-
served when J is larger than 4. Hence, in (3), we select
λmax as 4 and λmin as 0.1.

• Gamma index. The intuition behind the Gamma index is
quite different from that for the Fisher linear discriminant.
The Gamma index is based on the number of concordant
pairs (S+) and the number of discordant pairs (S−) [22].
The value of S+ is the number of occurrences that the
difference between the quantitative measures for a pair
of drivers that belong to the same BAC group is less
than the difference between the quantitative measures of
two individuals that belong to two different BAC groups.
Similarly, S− is the number of occurrences that the dif-
ference between the quantitative measures for a pair of
drivers that belong to the same BAC group is greater
than the difference between the quantitative measures of
two individuals that belong to two different BAC groups.
Mathematically, we have

S+ =
1
2

∑
Bm∈B

∑
Al∈A

1
2

∑
Ai∈A

∑
Aj∈A

i�=j

I (|Ai−Aj |≤|Al−Bm|)

+
1
2

∑
Am∈A

∑
Bl∈B

1
2

∑
Bi∈B

∑
Bj∈B

i�=j

I (|Bi−Bj |≤|Bl−Am|)

(5)

S− =
1
2

∑
Bm∈B

∑
Al∈A

1
2

∑
Ai∈A

∑
Aj∈A

i�=j

I (|Ai−Aj |> |Al−Bm|)

+
1
2

∑
Am∈A

∑
Bl∈B

1
2

∑
Bi∈B

∑
Bj∈B

i�=j

I (|Bi−Bj |> |Bl−Am|)

(6)

where I(.) is the indicator function. Then, Gamma (Γ) is
defined as follows:

Γ =
S+ − S−
S+ + S−

. (7)

The Gamma value will be large if the number of concordant
pairs is greater than the number of discordant pairs. Thus, a
higher Gamma value indicates better cluster separation. The
maximum value of Gamma is one. For the current problem in
(3), we select λmax as 0.8 and λmin as 0.01.

Note that the goal of this paper is to investigate how well a
quantitative measure can separate the known two classes (i.e.,
the group with a BAC level of 0.0% and the group with a BAC
level of 0.1%) instead of developing a classification algorithm
for classifying the drivers. Thus, the indices used here provide
quantitative measures on the separation of two given clusters
and fit the goal of this paper well.

V. OPTIMAL CLUSTERING OF THE DRIVERS

ACCORDING TO WITHIN GROUP SEPARATION

As mentioned in Section III, in the third step in this paper, we
need to optimally cluster drivers into different subgroups such
that the adjusted separation index in (3) is maximized. This is
a combinatorial optimization problem. The optimization algo-
rithms could roughly be classified into nonheuristic methods
such as the branch-and-bound method and heuristic methods
such as the genetic algorithm (GA). To apply a nonheuristic
optimization algorithm to solve the problem, we need to have
a clear understanding of how the cost function behaves in the
search space. Unfortunately, the behavior of the cost function
in the current problem is very complex. On the other hand,
there are many heuristic optimization methods such as the GA,
simulated annealing, and tabu search. The basic ideas of these
heuristic methods are similar. Among these heuristic methods,
the solution vector G of the problem can conveniently be rep-
resented as a chromosome for the GA. Thus, we propose to use
the recently developed heuristic searching method PGA [31]
to solve it. For completeness, we provide a brief introduction
of the ordinary GA in Section V-A. A novel parallel evolution
method, which is unique to our current problem, is described in
detail in Section V-B.

A. Introduction to the GA

The GA is a heuristic search algorithm that can conveniently
be applied to a variety of combinatorial optimization problems
[30]. The algorithm can be summarized in the following four
steps.

Step 1—Encoding: In the GA, the first step is to encode
a candidate solution as a chromosome. The vector G, as de-
scribed in Section III, can naturally be treated as a chromosome.
Let us assume that we have P such chromosomes and each
chromosome is denoted as Cp.

Step 2—Selection: After we have a population of chromo-
somes, the next step is to select the best possible group of
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chromosomes for the subsequent steps. For each chromosome,
we calculate its fitness, which is the objective function in (3).
The chromosomes for the next generation are selected in such
a way that the probability of selection of chromosome Cp is
proportional to the value of the objective function. Thus, the
better chromosomes (i.e., solutions) have a higher probability
of being selected. Various selection methods are available in
the literature. In our current analysis, we use the roulette-wheel
selection method [30].

Step 3—Crossover: Crossover involves the exchanging of
parts of a chromosome. First, a pair of chromosomes is picked,
and then, a crossover point on the length of the chromosome
is chosen. Parts of the chromosomes are exchanged beyond this
point to obtain a new pair of chromosomes. The crossover point
is randomly chosen, with each point on the chromosome having
the probability pc to be chosen. This probability is called the
crossover probability.

Step 4—Mutation: Mutation involves altering any position
on the chromosome, i.e., we pick any point on the chromosome
with probability pm and change the group to which it is as-
signed. The probability pm is called the mutation probability.
After mutation, the fitness of the new population of chromo-
somes is calculated, and steps 2–4 are repeated.

B. Parallel Evolution

The concept of parallel evolution was proposed in [31].
It is theoretically shown that it is better to concurrently run
several instances of GAs to optimize the objective function
rather than one GA run with a large number of iterations. For
the variable selection problem in [31], Zhu et al. implemented
various parallel runs of GA and then selected the final group
of variables by a majority voting among the results of these
parallel runs.

For the clustering problem formulated in Section III, we
propose a novel way of combining the results of the parallel
runs to take the advantage of the parallel evolution. Assume that
there are Q parallel GAs runs. Let the best solution from the
qth run be represented as W q = {1Wq, 2Wq . . . NWq}, where
each element of W q indicates the cluster to which each of
the N drivers have been assigned. Based on the Q number of
parallel run results, we can generate an N × N affinity matrix
K, which is a measure of the closeness of two drivers in the
final results of the parallel runs. Each element of K, kij is
calculated as follows:

kij =
Q∑

q=1

I(iWq = jWq) (8)

where I is the indicator function. Clearly, if the value of kij is
large, then drivers i and j will often appear in the same group
in different parallel runs, and it is thus highly likely that they
should be in the same group in the final combined result. Based
on this intuition, we can quantitatively utilize the information
in the affinity matrix by converting the affinity matrix into to a
distance matrix, and then, based on the distance matrix, we can

cluster the drivers into different groups as the final combined
results. In particular, the element of the distance matrix H ,
which is denoted as hij , is given as follows:

hij =
{

1/kij ∀i �= j
0 ∀i = j.

(9)

Based on this distance matrix, we use the weighted
pair–group average (WPGA) method for clustering [32] to
group the drivers into final groups. In WPGA, first, the closest
pair of drivers is picked from the H matrix. They are put
together in one cluster. The matrix H is again calculated,
assuming that the pairs are in one cluster. This process is
repeated until we get the c groups.

The following definition is used to calculate the distances
between a cluster and an entity (individual driver in this case).

1) The distance between an entity and a cluster is defined
as the average of distances between the entity and each
entity in the cluster.

2) The distance between two clusters is calculated as the
average of distances between every pair of entities from
both the clusters.

We applied the aforementioned PGA on our data set and
found that this algorithm is quite efficient and effective. The
detailed results and more discussions on this algorithm can be
found in the next section.

VI. RESULTS AND DISCUSSIONS

In this section, we show the analysis results and provide some
insights based on these results. Fig. 3 shows the raw steering
wheel angle signal in the time domain for three different
driving scenarios. These three driving scenarios were part of
the overall drive completed by each driver. Note that we have
performed the analysis on many other driving scenarios and
the results are similar to the results from these three typical
scenarios.

In Fig. 3, we can see that the two raw steering wheel
signals from the same driver with different BAC levels for
the same driving scenarios are similar to each other. Visual
inspection can also indicate that there are some fine differences
in these two signals. However, it is not easy to directly quantify
these differences using the time-domain signal. As aforemen-
tioned, we applied various quantitative measures to the raw
signal.

The quantitative measures that were extracted from each
driving scenario generate two groups of data: one for the 0.0%
BAC level and the other for the 0.1% BAC level. The separation
between these two groups is analyzed as follows. First, we
consider the separation of the quantitative measures extracted
from all the drivers (108 in total). The results are presented in
Section VI-A. Because the drivers are from a broad spectrum
of backgrounds, the results of separation can provide insights
into how well different quantitative measures can separate the
normal and alcohol-induced impaired drivers for the whole pop-
ulation. Next, we divide the 108 drivers into multiple groups,
and the separation within each subgroup is analyzed. The
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Fig. 3. Steering wheel angle in the time domain for a single driver for (a) and (d) urban drive, (b) and (e) urban curves, and (c) and (f) freeway driving for 0.0%
and 0.1% BAC levels, respectively. The maps on top correspond to the three driving routes.

Fig. 4. Cluster separation for various quantitative measures, urban drive, urban curves, and following traffic on a freeway.
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Fig. 5. Estimated probability density of three quantitative measures. (a) Correlation entropy. (b) Sample entropy. (c) Mean.

intuition is that there may not exist a very effective quantitative
measure for detecting the alcohol-induced impairment for all
drivers. However, we may find quite-effective measures for a
subgroup of drivers. Through this analysis, we can identify
and compare these subgroups for various quantitative measures.
These results are presented in Section VI-B.

A. Separation of Quantitative Measures for the
General Population

In this analysis, for a given quantitative measure and a given
driving scenario, we apply the quantitative measure to the raw
steering wheel signal that was obtained from all the drivers
for the two BAC levels. According to the BAC levels, we
put the resulting quantitative measures into two groups and
then assessed the separation of these two groups using the
Fisher discriminant and the Gamma index. Fig. 4 summarizes
the final results for the six quantitative measures. The three
subfigures correspond to three different driving scenarios. The
lengths of the bars in Fig. 4 are proportional to the values
of separation indices. Thus, a longer bar in Fig. 4 indicates a
better separation between the normal and the alcohol-induced
impairment conditions.

Fig. 4 clearly shows that certain nonlinear invariant mea-
sures provide much better separation between the normal and
impaired driving conditions than that provided by the simple
statistics such as the mean and the standard deviation. For ex-
ample, the separation indices that were provided by the sample
entropy and GKA-based correlation entropy are much higher
than the separation indices provided by the mean and the stan-
dard deviation. This result is further confirmed in Fig. 5, which
illustrates the estimated probability density function for the
quantitative measures under both normal and impaired driving
conditions. In Fig. 5, the probability density is estimated by
fitting a Gaussian kernel function over the quantitative measure
value [33]. Fig. 5 clearly shows that the distributions of the
sample entropy and the correlation entropy under different BAC
levels are separated; however, the distributions of the mean
under these two conditions almost completely overlap. Thus,
we can conclude that the nonlinear invariant measure is more
robust and consistent in detecting the alcohol-impaired driving
for the generic population.

It is also interesting to note that not all the nonlinear invariant
measures separate the drivers well. In particular, the Lyapunov

Fig. 6. Trajectories of the objective function in the PGA.

Fig. 7. Fisher discriminant value and the size of each group.

exponent performs similar to or worse than the simple statistics,
and the correlation dimension performs well only under certain
driving scenarios. This case indicates that the signature of
alcohol-induced impairment depends on the driving context.
Alcohol-impairment slows the driver response and diminishes
driver responsiveness to roadway demands; hence, fluctuation
in the steering wheel angle can diminish. This is also observed
in Fig. 3. Because entropy is a more direct measure of the
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TABLE I
FISHER DISCRIMINANT VALUE OF VARIOUS GROUPS AND THE VALUE OF THE OBJECTIVE FUNCTION (3)

fluctuation or randomness in a signal, its performance is better
than other nonlinear invariant measures. Based on the afore-
mentioned results, we can also observe that, although certain
nonlinear measures perform much better than the simple sta-
tistics, the absolute values of the separation indices for these
measures are still not large enough to establish clear separation.
Roughly speaking, if we have a value of 3 for the Fisher linear
discriminant index, we can expect a 95% or better probabil-
ity of correct differentiation for a well-designed classification
algorithm. The values of 0.27–0.13 of the separation indices
are, in fact, not significant enough in practice. The overlap of
the distributions in Fig. 5(a) and (b) also illustrates this point.
In other words, if we use these nonlinear measures to detect
the alcohol-induced impairment for the general population, we
will have a quite-high error rate. Based on this observation, we
propose to cluster the driver population into smaller subgroups
and then apply these measures to these subgroups. The results
are presented in the following section.

B. Separation of Quantitative Measures for Subgroups

As described in Section V, we cluster the driver population
into subgroups by optimizing the objective function (3) using
the PGA. The performance of the GA depends, to a large
extent, on the suitable choices of parameters. These parameters
influence the convergence rate and the stability of the solution.
In this paper, the parameters were picked through extensive
parameter tuning. In particular, the number of chromosomes in
a generation was selected to be 30, because this value seems
to make a good tradeoff between the size of the population
and the computational load. The number of parallel runs was
fixed at 20, which is commonly used in the PGA. The crossover
probability and the mutation probability were chosen through
extensive comparisons over a range of probability values, and
it was found that a crossover probability value of 0.3 and a
mutation probability value of 0.02 were most suitable for this
problem. Another critical parameter in the algorithm is the
number of subgroups. In this paper, we decide to cluster the
drivers into three subgroups. It is expected that the separation
within these three subgroups will be high, moderate, and low.
Although more subgroups can be used, too many subgroups
will make the final results difficult to interpret and generalize.
Thus, we believe that three groups balance the model flexibility
and ease of interpretation.

A typical run of the PGA is illustrated in Fig. 6. Each
line in Fig. 6 represents the value of the objective function
[see (3)] for each run of the GA. Because we have 20 GAs
running parallel, the figure has 20 lines. As shown, the objective
function converges to different values for different parallel
runs. However, the combined results of all the parallel runs

Fig. 8. Probability density estimate of sample entropy values for (a) bad
separation (group 1) and (b) good separation (group 3).

of GA are better than individual runs. Indeed, multiple runs of
this algorithm have been conducted, and each time, we obtain
very similar results: The combined results are not only better
than the individual results but are more stable as well. Thus,
this algorithm and the proposed algorithm for combining the
individual results perform quite well for this problem.

Fig. 7 and Table I show the results of the PGA, including
the Fisher discriminant value and the size of each group. The
three bars represent the size of the three groups, and the Fisher
discriminant value of each group is given in Table I. The
steering wheel signal that was used here is collected during
urban drive. The results show some interesting characteristics.

1) As expected, the values of the separation index for
the three groups for each quantitative measure are low,
medium, and high, respectively. In particular, the sepa-
ration within group 3 is the highest, and the separation
within group 1 is the lowest. Thus, roughly speaking,
group 3 includes drivers who are sensitive to the alcohol-
induced impairment, and the drivers in group 1 are not
sensitive (at least in terms of the measures considered).
Fig. 8 shows the probability distribution of sample en-
tropy values for the drivers in groups 1 and 3 with
BAC levels of 0.0% and 0.1%. Clearly, we can see that
the separation within group 3 is much larger than in
group 1.

2) The sizes of group 3 for different quantitative measures
are different. Note that the sizes of group 3 for nonlinear
invariant measures are larger than for the mean and the
standard deviation. In particular, the size of group 3
for the correlation entropy is the largest, which means
that the correlation entropy can identify alcohol-induced
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Fig. 9. Probability density estimate of the mean steering wheel angle. (a) Group 2. (b) Group 3. (c) Groups 2 and 3.

impairment in more drivers than the other measures. This
result confirms that the nonlinear invariant measures can
provide consistent measures of the steering wheel signal
and, thus, can separate a relatively large group of people
well.

3) The separation index and the size of group 2 for different
quantitative measures are intriguing. In general, the sep-
aration and the size of group 2 for the nonlinear invariant
measures are relatively small, which are particularly true
for the sample entropy and the correlation entropy. On the
other hand, the size and the separation value of group 2
for the mean and the standard deviation are reasonable.
In other words, the drivers in group 2 are also sensitive to
the alcohol-induced impairment in terms of these simple
statistics but not to the more complex metrics. However,
when we combine groups 2 and 3 to recompute the
separation index, we will get a very low value of the
Fisher discriminant (on the order of 0.02). Fig. 9 clearly
confirms this observation. In Fig. 9, we have also shown
the probability density that was estimated from both BAC
level cases for groups 2, 3, and 2 and 3 combined. These
plots are presented only for the mean, but the standard
deviation also exhibits similar properties. This phenom-
enon indicates that the impact of the alcohol-induced
impairment on the mean and standard deviation of the
steering wheel signal is not consistent. For some groups
of drivers, it causes the mean or standard deviation to be
higher, but for other groups of drivers, it causes the mean
or standard deviation to be lower. Within each group,
we can differentiate the driver conditions well. However,
combining the groups results in poor separation. This
phenomenon again confirms that the nonlinear invariant
measures are more consistent.

4) Aside from the size, the composition of each group for
different quantitative measures is quite different. Table II
shows the overlap of group members for various quantita-
tive measures. The percentage similarity is the fraction of

TABLE II
PERCENTAGE SIMILARITY BETWEEN DIFFERENT MEASURES

individuals who are grouped into the same groups across
various quantitative measures. In particular, the values in
Table II are obtained as follows. Assume that we want to
compute the similarity between Measures 1 (e.g., mean)
and 2 (e.g., entropy).
a. For each group in Measure 1, find the group in Mea-

sure 2 with the highest number of common individuals
with the given group in Measure 1.

b. Ensure that no group in Measure 2 is repeated in a).
c. Add all the number of overlapping obtained for each

group of Measure 1 in a).
d. Divide this number by the total number of drivers

to get the percentage similarity between Measures
1 and 2.

In Table II, we can see that the trend is that the overlap among
the simple statistics and among the nonlinear invariant mea-
sures is high. However, the overlap across the simple statistics
and the nonlinear invariant measures is relatively low.

Because the group compositions are different, it is interesting
to further analyze the overlaps of the groups across different
quantitative measures. Table III shows the number of individu-
als across various groups for the mean, standard deviation, and
correlation entropy. The values in the table are the numbers
of drivers that are common in the crossed two groups. For
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TABLE III
NUMBER OF COMMON DRIVERS ACROSS GROUPS FOR THE CORRELATION ENTROPY AND MEAN

TABLE IV
NONLINEAR DYNAMIC INVARIANT MEASURES

example, there are 18 common drivers in group 1 for the mean
measure and for the correlation entropy measure. If groups 2
and 3 are considered well separated for the mean and standard
deviation measures, whereas only group 3 is considered well
separated for the correlation entropy measure, we can say that
we can find drivers for whom the mean or the standard deviation
cannot produce necessary separation, the correlation entropy
might, and vice versa. For example, about 1/3 of drivers in
group 3 for the correlation entropy fall in group 1 for the mean
measure, which means that the mean measure cannot separate
them well. Thus, we can conclude that the nonlinear invariant

measures can capture the characteristics of the signal other than
that captured by the simple statistics. This case also suggests
that combining the simple statistics and the nonlinear invariant
measures may separate the driving condition better than using
only one type of measure.

VII. CONCLUSION

In this paper, we have introduced and compared various
quantitative measures of the steering wheel signal in terms
of their ability to detect drivers with high alcohol levels.
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A combinatorial optimization technique based on the PGA
is introduced to cluster the drivers into subgroups, and the
within-group separation capabilities of these quantitative
measures are also analyzed and compared. Many interesting
insights are obtained in this analysis. For example, nonlinear
invariant measures such as the sample entropy and correlation
entropy provide a more robust and consistent characterization
of the steering wheel signal than the simple statistics such as
the mean and the standard deviation. These nonlinear invariant
measures usually capture different signal characteristics from
that captured by the mean and the standard deviation, and
thus, it is possible to combine different measures to improve
the differentiability. Furthermore, aside from characterizing the
alcohol-induced impairment, these nonlinear measures may be
useful in evaluating the driver performance and impairment
induced by other distractions to determine whether various
factors distract a driver to a dangerous degree.

Detection of alcohol-induced driving impairment through
vehicle-based sensor signals is of paramount importance in
practice. The analysis that has been conducted in this paper
provides a good starting point for the development of a warning
system for alcohol-induced impairment. However, there are still
many open issues along this direction. First, in the current
analysis, only the steering wheel signal is considered. The
gas/brake pedal signal is also an important driving signal and
could also provide very useful information in detecting alcohol-
induced impairment. Second, the current analysis hinted that
combining multiple quantitative measures may improve the
capability of differentiating driver conditions. Thus, efficient
algorithms are needed to find the best combination of quantita-
tive measures. Third, it will be interesting to further investigate
the composition of clusters of drivers obtained in Section VI-B
based on other driver characteristics such as drinking history.
This will help determine for which type of drivers a given
quantitative measure is effective to be applied to the detection of
alcohol-induced impairment. Finally, we will need to develop a
classification algorithm to classify the driving conditions during
driving using the effective quantitative measures developed. We
will investigate these issues and report the results in the near
future.

APPENDIX

NONLINEAR DYNAMIC INVARIANT MEASURES

See Table IV.
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