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a b s t r a c t

Although there is currently significant development in active vehicle safety (AVS) systems, the number of
accidents, injury severity levels and fatalities has not reduced. In fact, human error, low performance,
drowsiness and distraction may account for a majority in all the accident causation. Active safety systems
are unaware of the context and driver status, so these systems cannot improve these figures. Therefore,
this study proposes a ‘context and driver aware’ (CDA) AVS system structure as a first step in realizing
robust, human-centric and intelligent active safety systems. This work develops, evaluates and combines
three sub-modules all employing a Gaussian Mixture Model (GMM)/Universal Background Model (UBM)
and likelihood maximization learning scheme: biometric driver identification, maneuver recognition, and
distraction detection. The resultant combined system contributes in three areas: (1) robust identification:
a speaker recognition system is developed in an audio modality to identify the driver in-vehicle condi-
tions requiring robust operation; (2) narrow the available information space for fusion: maneuver recog-
nition system uses estimated driver identification to prune the selection of models and further restrict
search space in a novel distraction detection system; (3) response time and performance: the system
quickly produces a prediction of driver’s distracted behaviour for possible use in accident prevention/
avoidance. Overall system performance of the combined system is evaluated on the UTDrive Corpus, con-
firming the suitability of the proposed system for critical imminent accident cases with narrow time
windows.

� 2010 Elsevier B.V. All rights reserved.

1. Introduction

The use of sensor technology, increasing on-board computing
power availability, and electronic control in modern vehicles have
made it possible to introduce several significant active vehicle safety
systems and enhancements in safety/comfort such as adaptive
cruise control (ACC), lane departure warning (LDW), lane keeping
(LKS) and electronic stability program (ESP) which have contributed
to saving lives. On the other hand, the very same availability of
technology such as mobile communication, information and enter-
tainment systems (i.e., cell-phone, internet, PDA, MP3 players,
navigation systems, and video/audio applications for entertain-
ment) in-vehicles expose drivers to risk sources: inattention,
distraction, and cognitive workload. Human error was reported as
the sole cause of 57% of accidents, whereas in 95% of the accidents

it was a contributing factor [1]. Cell-phone conversations were found
to increase cognitive distraction levels causing implicit perceptual
memory and explicit recognition memory to deteriorate especially
in visual tasks [2]. This clearly shows that introducing more effective
active safety systems could help potentially but may be inefficient
unless the vehicle is able to assess attention/distraction of the driver
and determine the level it should be reduced. An ultimate end use of
this assessment can be exploited in filtering the in-vehicle informa-
tion flow to reduce driver workload in the mildest approach. In a
more pro-active approach, driver distraction level measurement
can be used to prepare control system sub-modules to respond
promptly to an imminent accident by an avoidance or mitigation
strategy. However, assessing driver status is not adequate for these
highly integrated human-centric control systems. There is a need
to recognize the context and environmental variables in order to
act upon the information correctly. Therefore, we propose a context
and driver aware (CDA) system to work in line with active vehicle
safety systems (AVS). CDA–AVS is composed of three sub-systems:
driver identification, maneuver recognition and distraction detec-
tion. These systems are not new for the intelligent transportation
area; however, the integration of these systems to obtain a context
aware driver status monitoring system could be considered a first
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step in the realization of robust and reliable systems for possible uti-
lization in-vehicle control systems.

For in-vehicle driver identification, a multimodal approach is
suggested in [3] as a human–machine interface. Using video, audio,
and CAN-Bus for driver identification is favorable in terms of
increasing identification accuracy, however face recognition and
CAN-Bus signals for driver identification poses serious challenges
in terms of system robustness as well as time-latency issues. A real-
istic application of face recognition for in-vehicle use requires high
robustness where several challenging barriers must be overcome
including: (i) changing illumination, (ii) abrupt head movements,
and (iii) non-rigid face motion. CAN-Bus signals can be employed
as well to identify the driver. Gas and brake pedal pressure, vehicle
speed, and headway distance in a car-following scenario was used
to identify drivers based on Gaussian Mixture Models (GMM) as
models with 76.8% accuracy with field test data [4]. That investiga-
tion showed GMMs and spectral features of gas/brake signals of
drivers to be reasonably effective in representing individual charac-
teristics the individual characteristics for recognition. Such a frame-
work can also be useful in understanding driver behaviour including
variability between subjects. In fact, the study suggested that it
could be possible to adapt control systems in the car according to
driver characteristics. However, this approach cannot be used in dri-
ver identification since it requires sufficiently long and consistent
driving session for the system to learn a subject’s characteristics,
and the identification rate is not sufficiently high. It is noted that fas-
ter and higher performance identification systems do exist in the do-
mains such as speaker ID and face recognition. In this study, speaker
ID recognition methods are employed using a very short segment of
speech data from drivers resulting in high accuracy in recognition.

Maneuver recognition or driver activity detection has been
widely explored using hidden Markov models (HMM) [5–9] due to
its stochastic characteristics of human control and the discrete deci-
sion process assumption during driving. Combining the stochastic
properties of HMMs with continuous functions employing ARX [8]
have suggested a hybrid dynamic system is possible for driver
behaviour recognition based on simulator data for collision avoid-
ance. The complexity and dynamics of a driving task often restricts
the limits of these studies. However, there is a need to model several
basic driving maneuvers and regulatory tasks that occur during city
and highway driving in order to represent and recognize deviations
which could reflect driver distraction or reduced vehicle control to
be used in crash avoidance systems. In this study, we will examine
three basic maneuvers including: right turn, left turn and lane
change segments from realistic city driving data.

The final sub-system proposed in this study is a distraction
detection unit. Over the last decade, with a significant increase in
the use of in-vehicle ‘infotainment’ systems, the distraction levels
are estimated to be an increasing cause in more accidents. There-
fore, research efforts have been made to understand the effect of
these systems on drivers. In [10], a survey based investigation re-
vealed that the use of cell-phones increase the risk of involvement
in an accident by a factor of four. There are also suggestions of dif-
ferent distraction detection systems or research into feasibility of
these systems. A real-time detection of cognitive distraction was
proposed in [11] using eye movement and driving performance
data. After a careful analysis of different distraction detection def-
initions, three different combinations within the feature space and
time window analysis using different overlapping percentages, it
was shown that with the largest time window and overlap a
96.08% driver distraction detection accuracy could be obtained
using support vector machines. However, it was noted that longer
time windows and data overlap can cause delay in the decision
process. In addition, current state of eye trackers and lane tracking
vision systems are not sufficiently robust to provide reliable mea-
surement all the time. In some cases, distraction and stress can

exist in combination. In order to detect stress, most of the methods
require intrusive measurement techniques. In [12] EMG, ECG and
GSC sensors are used to measure the stress level of drivers. The
most correlated signals are found to be heart rate and skin conduc-
tance (GSC). Encouraging results are found in this area; however, as
long as they depend on intrusive methods (e.g., body worn sensors)
they cannot be employed in real/naturalistic vehicle systems. Since
reliability issues with computer vision systems cannot be solved
within the scope of this study, and intrusive approaches are not
acceptable, we employ only CAN-Bus vehicle dynamics signals,
mainly steering wheel angle and speed, to design the maneuver
recognition and distraction detection modules.

It should be noted that distraction detection has recently at-
tracted considerable amount of attention from researchers, how-
ever, it can be observed that the efforts are usually concentrated
on visual cues using a camera-based system tracking eye and head
movements of the driver. For example, Fletcher and Zelinsky [13]
recently suggested a driver inattention detection system based
on the correlation between the eye gaze and the road events. Sim-
ilar ideas and eye movement based analysis can also be seen in
several research projects [14] often backed up by driving measures
[15] or physiological signals [16]. In addition to that, driver distrac-
tion is examined by its relation to traffic flow stability [17] and
alternative measurement methods such as peripheral detection
[18] has been suggested for simulator based experiments. The sys-
tem presented in this paper distinguishes itself from these previ-
ous efforts since it uses only driving dynamics for distraction
detection and it involves the driver identification at the front end
for driver adaptation.

This paper is organized as follows: Section 2 first discusses the
framework for robust CDA–AVS explaining system integration,
background on modeling including GMM and Universal Back-
ground Model (UBM), and the information fusion strategy to nar-
row the decision space. Next, Section 3 provides the details on
the data collection vehicle, routes and corpus structure of the UTD-
rive project. Finally, performances of sub-systems are presented
through Sections 4–6, with discussions and conclusions on de-
signed system in Section 7.

2. Framework for robust CDA–AVS

In this section, the overall framework for robust CDA–AVS is
presented, illustrating the fusion strategy for system integration
of the three individual sub-systems. Modeling driver behaviour is
particularly difficult due to the non-linear and hybrid-dynamic fea-
tures of driving data along with the inter-session variability for an
individual driver as well as between drivers. Since the number of
parameters to estimate and validate is extensive, we propose to
reduce the problem by narrowing the definition of models into
sub-clusters of data, reducing the size with each pass through each
sub-system. In the first phase, the driver identification system ro-
bustly verifies the driver ID using a speaker recognition algorithm
based on GMM–UBM [19] method. This reduces overall variability
by focusing the remaining sub-systems to a single driver. In this
way a model can be obtained to characterize only the individual in-
tra-driver range, eliminating variability from other drivers assum-
ing a codebook of generic maneuver models are used. While
reducing variability in the available data via identifying the driver,
the GMM–UBM scheme can also be employed in maneuver recog-
nition and distraction detection as well. After processing via the
maneuver recognition module, the system will have two depen-
dent information sources: driver ID and maneuver type. Therefore,
it becomes easier to calculate maximum probability scores be-
tween normal and distracted GMM models for the ‘certain driver’
for a ‘certain maneuver’. In summary, the system reduces overall
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variability of the data at each processing stage with each sub-
system increasing the performance for overall distraction detec-
tion. The signal flow of the CDA–AVS with the corresponding
integrated sub-systems is shown in Fig. 1.

2.1. Background on Gaussian Mixtures, Universal Background Models
and fusion strategy

Since the same modeling approach is employed throughout the
three sub-systems to address the specific problem of data avail-
ability, this section presents brief background on Gaussian Mixture
Models (GMM) with the use of a Universal Background Model
(UBM), and model adaptation. This verification/classification
scheme uses the likelihood ratio for verification, where likelihood
values are obtained from GMMs.

The GMM framework employed has become the standard ap-
proach for speaker verification. The study by Reynolds et al. [19]
provides an overview of GMMs for speaker recognition, where
training and test data is typically in the range of 3–5 min of speech.
However, a recent study by Prakesh and Hansen [20] have shown
effective improvements in GMM based in-set speaker recognition
with 5 s of train and 2–8 s of test data, which is more appropriate
for real-time in-vehicle applications. Originally GMM and UBM
framework has been applied in speaker identification problem. In
our study, we have extended the use of Gaussian Mixture Models
and Universal Background Model as the general methodology for
driver identification; maneuver recognition and distraction detec-
tion merging all the systems in the same mathematical framework
developing a novel active safety module. In order to clarify the
application details and the algorithms used, GMM and UBM frame-
work is presented here for a generic signal source.

Given a segment of signal, Y, a hypothesized source of the sig-
nal, S, the system tries to detect which source the signal is coming
from. The source is here speaker, maneuver type and distraction for
the three sub-systems combined with signals being speech and
CAN-Bus based signals (steering wheel angle and speed) for the lat-
ter two. If the signal source (speaker, maneuver, distraction) to be
detected is called the hypothesized class the single-class detection
problem can be rephrased as below:

There are 2 hypotheses; (i) H0: Y is from the hypothesized class
S and (ii) H1: Y is not from hypothesized class S. The optimum test

when the likelihood functions are known is a likelihood ratio test
with a empirically set threshold as given in

pðYjH0Þ
pðYjH1Þ

P h accept H0

< h reject H1

�
ð1Þ

p(Y|Hi), i = 0, 1 is the probability density function for hypothesis
evaluated for the observed signal segment Y. The raw signal seg-
ment Y is processed (i.e., front-end processing) in order to reveal
the source-dependent features in a vector indexed at discrete time
as X = {x1, x2, . . . , xT}. The hypothesis H0 is represented by a model
khyp that represent the class we are trying to recognize in feature
space of x. We assume that the distribution of these features is best
represented by Gaussian distribution which is denoted by a mean
vector and a covariance matrix. The alternative hypothesis khyp
can also be represented by a Gaussian distribution. Then, the loga-
rithm of likelihood ratio is given as

KðXÞ ¼ log pðXjkhypÞ � log pðXjkhypÞ; ð2Þ

The first distribution can be readily estimated from the avail-
able signal segment, however, distribution for the alternative
hypothesis is not available. In order to account for all the alterna-
tives that may exist a signal background model for all hypothesized
classes can be used. This background model is named as Universal
Background Model. A UBM is a very large GMM trained to repre-
sent signal-source independent/general distribution of features.

Further expanding the capability of Gaussian representation of
the distributions, mixture models several Gaussian distributions
each with an attached weight to sum up to one. For a D-dimen-
sional feature vector x, the mixture density used for likelihood is
given as

pðxjkÞ ¼
XM

i¼1

wipiðxÞ ð3Þ

This density is a weighted linear combination of M unimodal
Gaussian densities, pi(x), each parameterized by a mean D � 1 vec-
tor, li, and a D � D covariance matrix Ri.

piðxÞ ¼
1

ð2pÞD=2j
P

ij
1=2 exp �1

2
ðx� liÞ

0 X
i

 !�1

ðx� liÞ

8<
:

9=
; ð4Þ

Fig. 1. CDA–AVS signal flow diagram for system integration.
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According to this modeling, the density models can be denoted
in a parametric way k = {wi , li, Ri} all together. Parameters for
these models are obtained using Expectation–Maximization (EM)
algorithm. Usually the feature vectors of the signal are assumed
to be independent so for a sequence of the feature vectors the
log-likelihood is summed over the sequence length. In order to
normalize the effect of sequence length this summed value is then
divided by T (sequence length) obtaining average log-likelihood of
the sequence.

After obtaining UBM model each class model is derived using a
model adaptation algorithm. This adaptation is achieved using al-
ready calculated parameters of UBM and changing the necessary
weights via Bayesian Learning maximizing the a posteriori proba-
bilities (MAP).

Traditional features for speaker recognition are MFCCs (Mel-fre-
quency cepstral coefficients), as well as their first (delta) and sec-
ond order (delta–delta) difference coefficients [21]. For the cases

where driving signals are used (steering wheel angle and speed),
the feature vectors are not traditional Mel-scale cepstral coeffi-
cients, but the actual raw driving signals, deltas, and standard devi-
ation of the steering wheel angle with time on task for the
maneuver. Using these features each system works individually
however, uses the inputs of the previous system to facilitate the
classification by selecting driver or maneuver specific models. This
narrowing down information fusion strategy is illustrated in Fig. 2.

3. UTDrive data collection vehicle and corpus

The data collection vehicle is an SUV equipped with the sensors
as illustrated in Fig. 3. The vehicle is equipped with the following
sensors:

� Two CCD cameras for monitoring the driver and the forward
windshield road scene,
� 5–10 microphone array to record driver’s speech as well as for

array processing algorithm development for noise conditions
in the vehicle,
� a close talk microphone to obtain driver’s speech with limited

in-vehicle noise,
� optical distance sensor to obtain the headway distance between

the equipped vehicle and other vehicles in the traffic flow,
� GPS for location tracking,
� CAN-Bus OBD II port for collecting vehicle dynamics: vehicle

speed, steering wheel angle, gas and brake inputs from driver,
� gas/brake pedal pressure sensors to collect information related

to pressure patterns in car-following and braking behaviour.

Data collection is performed using two routes as shown in Fig. 4,
representing residential and a commercial area traffic conditions in
the north Dallas, TX suburb of Richardson, TX. Both routes are
taken with assigned task groups as given in Table 1, and employ
normal driving conditions denoted as free-style driving. Each
driver completed three session runs in a single day, and completedFig. 2. Narrowing down in processing data fusing the audio-based identification.

Fig. 3. UTDrive data collection vehicle and incorporated sensors.
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three separate days of recordings with typically a 2-week period
between recording days. For the three sessions, each driver per-
formed the driving task under normal conditions in an

alternating Route 1/Route 2 sequence, resulting in a total of 12
runs per driver.

4. In-vehicle speaker ID system for driver identification

In the development of the speaker recognition module, eight
drivers’ speech signals are included for training and test. The
speaker/driver recognition system consists of three main blocks;
(i) feature extraction, (ii) Universal Background Model generation,
and (iii) the speaker/driver dependent model with adaptation from
test. Feature extraction consists of front-end processing of the
speech signal are made up of Mel-frequency ‘cepstral’ coefficients.
A set of 19 dimensional MFCC feature vectors are employed. The
Universal Background Model (UBM) is trained using a large num-
ber of driver speech data (over 20 h of speech data) consisting of
speakers other than the train and test set of drivers. The driver
dependent Gaussian Mixture (GMM) Model is obtained by MAP
adapting the UBM using driver specific feature vector files. An
average of approximately 8 min of speech data is used per driver
for MAP adapting of the UBM for each driver dependent GMM.
The driver dependent model will consist of phonetic distributions
for the particular driver’s speech. Next, between 3 and 6 min of
each driver’s speech data (feature vector files) is used for testing.
The data is partitioned into various lengths for testing to assess
the best performance of the system with minimal data. Using
log-likelihood scoring, each speech signal test file is scored against
all GMM models and the UBM. As can be seen from Table 2 for full
length of test data, the highlighted scores represent the highest
scores for the drivers giving a correct classification rate of 100%.

In order to have a better visualization for robustness of the sys-
tem, the distances between the speaker models scores in Table 2
are represented graphically using an octagon. Fig. 5 shows the dis-
tance graph for Driver 1 and Fig. 6 shows distance graphs for all

Fig. 4. Route 1 (left) and Route 2 (right).

Table 1
Task definitions and experiment design.

Session 1
Route 1 Free-style/normal
Route 1 Assigned tasks A
Route 2 Assigned tasks A
Route 2 Free-style/normal

Session 2
Route 1 Assigned Tasks B
Route 1 Free-style/normal
Route 2 Free-style/normal
Route 2 Assigned tasks B

Session 3
Route 2 Assigned tasks C
Route 1 Assigned tasks C
Route 2 Free-style/normal
Route 1 Free-style/normal

Route 1 Route 2

Task A Lane changing, airline dialogue
system interaction with cell-
phone , common tasks and
conversation

Airline dialogue system
interaction with cell-phone,
Sign reading, spontaneous, and
common tasks (radio, AC, etc.)

Task B Airline dialogue system
interaction with cell-phone,
sign reading, spontaneous, and
common tasks (radio, AC, etc.)

Lane changing, airline dialogue
system interaction with cell-
phone, common tasks and
conversation

Task C Airline dialogue system
interaction with cell-phone,
sign reading, spontaneous, and
common tasks (radio, AC, etc.)
[in different order from B]

Lane changing, sign reading,
common tasks and
conversation

Table 2
Speaker ID recognition test scores using full length signals (3–6 min).

Scores Models

M1 M2 M6 M8 M10 M11 M17 M18

Drivers D1 �110.646 �128.013 �151.448 �131.678 �134.252 �138.781 �123.783 �128.72
D2 �109.907 �96.3208 �131.896 �114.587 �114.537 �104.037 �110.249 �112.455
D6 �148.673 �151.674 �109.55 �130.734 �146.519 �151.21 �145.097 �143.381
D8 �121.752 �119.508 �115.728 �103.815 �112.888 �118.85 �113.64 �112.24
D10 �161.914 �156.105 �166.587 �154.393 �124.645 �151.392 �155.965 �143.089
D11 �174.27 �154.657 �196.47 �180.338 �167.637 �128.519 �173.834 �167.165
D17 �136.965 �139.704 �158.256 �144.038 �140.699 �141.398 �120.451 �134.858
D18 �194.236 �197.659 �196.553 �181.062 �182.105 �192.124 �192.782 �155.483
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eight drivers. Therefore, the Log-likelihood score distance reflects
the confidence in correct model selection.

The driver ID experiments were repeated for variable lengths of
test data to obtain the minimum length test utterance required to
recognize the driver. Models were scored with 2 min, 1 min, 30 s,
10 s, 5 s, and 2 s data sets. Fig. 7 summarizes speaker (driver) ID
versus test data duration. The drivers could be recognized using
the speech at 100% accuracy for test durations of 30 s or longer
data lengths. Reducing the test data further to 10 s, 5 s and 2 s
length causes recognition to drop to 91%, 86% and 68% respectively.
From these results, we can draw the conclusion that 30 s of speech
data is sufficient to recognize the driver with very good accuracy.

5. Maneuver recognition system

The second sub-system from Fig. 1 for the overall CDA–AVS sys-
tem is maneuver recognition.

The GMM–UBM framework is also employed for maneuver rec-
ognition system based on the block diagram given in Fig. 8. The
maneuvers considered for development of the recognition system
are right turn (RT), left turn (LT) and lane change (LC). A single
UBM is constructed using all available CAN-Bus data, which is data
from all drivers and all maneuvers existing in the UTDrive corpus.
However, the size of the data is not completely distributed evenly
between maneuvers and distracted versus neutral cases. Therefore,
the UBM should be constructed as balanced background model for
driver maneuvers including all maneuver types and all conditions.
Next, we use 50% of the neutral and distracted data for maneuvers
for nine drivers individually in model adaptation to obtain maneu-
ver-GMMs for those drivers. In the final step, the remaining 50% of
the mixed neutral and distracted data is used for testing. This step
involves calculating the likelihood score of each test feature vector
against all maneuver-GMMs developed for that driver and the gen-
eral UBM.

The number of drivers and separation percentages of data into
training and testing sets used for three steps shown in Fig. 8 is gi-
ven in Table 3.

In order to find the optimal GMM–UBM models, Gaussian distri-
butions with 2, 4, 8, 16 and 32 mixtures are used for UBM forma-
tion, testing and training steps. The best performances are obtained
using 4, 8 and 16 mixtures. The average correct maneuver recogni-
tion rates across nine drivers are given in Table 4 with the best per-
formances highlighted.

For recognizing the individual driver’s right turn, left turn and
lane change maneuvers, the performance of the system is plotted
in Figs. 9–11 respectively.

As seen from Figs. 9–11, the mixtures with 4, 8 and 16 Gaussians
perform well across the drivers, however, if the consistency is

Fig. 5. Distance between the scores of speaker models.

Fig. 6. Distance between the scores of speaker models showing robustness of speaker ID system.
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considered, the best are seen at four and eight mixtures. In fact, eight
mixtures overall is the best in terms of consistency throughout driv-
ers and maneuvers alike. However, since four mixture-GMM has a
better performance in lane changing recognition and it is very close
to performance of eight mixture-GMM, it is decided that four
mixtures will be used for the final maneuver recognition system.
In addition to this, four mixture-GMM has less parameters to train

and adapt reducing the computational cost without sacrificing
accuracy.

After deciding on the use four mixture-GMM for maneuver rec-
ognition, we measure system performance with shorter segments
of the data. This experiment is crucial since we would like to assess
recognition performance for maneuvers in as close to real-time as
possible. This would be necessary in actual situations for critical

Speaker ID system accuracy with different length of speech data
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Fig. 7. Impact of speech signal test files duration for speaker (driver) ID, accuracy as follows: 2 s (68%), 5 s (86%), 10 s (96%) and 30 s (100%) time durations.

Fig. 8. Maneuver recognition system design steps.

Table 3
Number of drivers used in UBM formation, training and testing for maneuver
recognition system.

# Of drivers Steps RT LT LC % Of data

22 Initial UBM derivation 60 60 60
9 Addition from training data 50 30 40

31 Final UBM 110 90 110
9 Training 156 50 80 50
9 Testing 151 46 78 50

Table 4
The average performance of maneuver recognition system for nine drivers.

Mixtures Maneuvers

RT LT LC

2 0 0 100
4 86.33842 86.11 92.59
8 88.58388 88.88 89.46

16 88.58242 86.11 86.77
32 76.63501 47.7 65.81
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safety related systems. We measured the system performance for
5, 2 and 1 s – windows using four mixture-GMMs. The complete
results are presented in Table 5.

As seen from Table 5, reducing the length of the test data re-
duces performance for right turn (RT) recognition significantly
with performance falling to 33% for 1 s. However, left turns (LT)
and lane change (LC) performance is effective, with rates decreas-
ing slightly as test duration is reduced. In fact for 1 s test length of
data, left turn is recognized with average 73% accuracy and the
lane changes is recognized at 92% accuracy. This suggests that
the proposed system can recognize more risky maneuvers with
acceptable rates. While performance for RT is lower versus LT
and LC, both LT and LC offer greater opportunities for risky maneu-
ver/collision scenarios since in LTs, there is greater exposure to
oncoming traffic. Lane change (LC) can be considered risky if the
driver is distracted and is not focused on surrounding vehicles. This
theoretical framework will also be employed in the final sub-sys-
tem for distraction detection in the next session, assuming the
maneuver has been recognized by this system (as shown in Fig. 1).

6. Distraction detection system

The final sub-system is distraction detection (from Fig. 1). The
distraction detection system employs a GMM–UBM framework to
detect if a particular driving maneuver is performed by a distracted
or neutral driver. Since the driver and the current maneuver is
identified by the two previous systems (i.e., speaker ID and maneu-
ver recognition), the effect of the driver variability and the driving
context on distraction detection is minimized. For each driver, a
neutral and a distracted driving model GMM is adapted using a
UBM for each maneuver type individually. This means that for each
driver, six different GMM models are trained; however, since the
maneuver type is already identified by the maneuver recognition
system, the scoring only involves two GMMs representing the neu-
tral or distracted models for that maneuver. The overall system is
explained in the block diagram in Fig. 12.

The performance of the distraction detection system and false
rejection/false acceptance matrices for all three maneuver are gi-
ven in Table 6. As can be seen from this table, the average distrac-
tion detection performance is always above 70% for all maneuvers.
However, the system is not able to recognize neutral cases better
than 70% as well. Therefore, the false alarm rate is expected to be
approximately 30%, which is unacceptable for a final safety appli-
cation. However, the results are encouraging from a research per-
spective, since the amount of the available data is quite sparse.
The evaluation results presented here represent the case where
the (a priori) probability of neutral and distracted driving is equally
likely (e.g., Pneutral = Pdistracted = 0.5). However, it should be noted
that for an actual naturalistic driving scenario, the incidence of dis-
tracted driving will be much lower than that for neutral. Also, an
overall system should incorporate the cost in false rejects (i.e.,
P(N/D): probability of recognizing as neutral when it is distracted
driving) versus false accepts (i.e., P(D/N): probability of recognizing
as distracted when it is neutral driving). A final system should in-
clude these setting for a priori probabilities and decision costs
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Fig. 9. Right turn maneuver recognition rate for nine drivers.

Left turn maneuver recognition rate for 9 drivers
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Fig. 10. Left turn maneuver recognition performance for nine drivers.

Lane change recognition rate for 9 drivers
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Fig. 11. Lane change maneuver recognition for nine drivers.

Table 5
Maneuver recognition system performance with different data lengths used.

Time window length Recognition performance vs. driver ID No. Average (%) Std. dev.

1 2 4 7 8 10 12 19 24

5 s RT 50.00 53.40 36.70 49.10 47.30 52.60 34.10 47.50 49.30 46.70 6.70
5 s LT 90.90 96.70 84.60 75.00 93.75 60.00 38.40 88.90 86.70 79.40 18.90
5 s LC 100.00 100.00 100.00 100.00 80.00 83.30 75.00 100.00 92.80 92.30 10.10
2 s RT 66.40 33.80 33.00 43.50 26.70 38.30 36.60 40.10 27.30 38.40 11.80
2 s LT 76.00 98.50 90.00 44.40 94.10 90.90 24.10 73.60 81.20 74.70 24.90
2 s LC 94.80 98.40 97.80 100.00 72.40 88.00 78.90 100.00 85.70 90.60 10.00
1 s RT 70.80 24.40 21.70 40.60 20.80 38.70 26.30 40.90 18.20 33.60 16.50
1 s LT 74.20 97.40 90.40 28.50 96.20 93.30 17.70 82.90 79.10 73.30 29.60
1 s LC 95.00 97.50 98.00 10.00 78.10 91.30 80.00 100.00 88.20 92.00 28.10

300 A. Sathyanarayana et al. / Information Fusion 12 (2011) 293–303



Author's personal copy

using actual naturalistic driving data. Future corpus collection
using SHRP2 [22] should result in the ability to set these values
and determine directions for further system improvement.

In order to closely observe how separable the maneuvers and
distracted versus normal data might be, we measured the
Kullback–Leibler (K–L) [23] round distance between the GMMs
representing these groups. The round K–L distance measurements
between maneuvers are given in Table 7 and the same measure-
ments are given for distracted/normal cases in Table 8.

Based on results from Table 7, K–L distance between right turn
and left turn is �7.63, right turn and lane change is �9.69, and fi-
nally lane change and left turn is �13.075. This means that lane
change models represent the most separable group, confirming

the high recognition rate of this maneuver (92%) even with time
windows as small as 1 s.

For the distracted vs. neutral separation, it should be examined
on a maneuver basis. For RT maneuvers, the K–L distance between
neutral and distracted maneuvers is �4.87. For LT, this measure is
�6.61, and for LC it is �4.57. LT maneuvers show the best model
separation between neutral and distracted. Furthermore, new
distraction detection metrics can be developed based on this result
since LT maneuver is a better indicator distraction compared to RT
and LC maneuvers. This result can be explained since drivers tend
to deteriorate in their lateral control in presence of a distraction. In
regulatory movements such as lane keeping, this effect is even
clearer. However, right turns and left turns include a continuous

Fig. 12. Distraction detection system based on GMM–UBM framework.

Table 6
Distraction detection system performance for nine drivers.

Four mixtures N vs. D Driver number ID Average (%) Std. dev.

1 2 4 7 8 10 12 19 24

LCD 60.00 85.19 84.62 100.00 63.64 100.00 60.00 77.78 66.67 77.54 15.99
LCN 50.00 56.25 75.00 50.00 66.67 60.00 100.00 80.00 57.14 66.12 16.41
LTD 85.71 62.50 100.00 50.00 66.67 50.00 100.00 66.67 71.43 72.55 18.94
LTN 50.00 61.54 50.00 50.00 57.14 100.00 100.00 100.00 100.00 74.30 24.67
RTD 58.82 66.67 76.19 81.25 78.26 78.57 100.00 70.00 85.00 77.20 11.73
RTN 78.57 50.00 40.00 57.14 42.86 52.38 11.11 64.29 44.44 48.98 18.58

RT Models LT Models

N D N D

Test data
N 50.71 49.29 N 72.34 27.66
D 23.95 76.05 D 27.50 72.50

LC Models

N D

Test data
N 63.04 36.96
D 22.22 77.78
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control with discrete decisions based on traffic conditions. There-
fore, a more similar model for LC (or RT) maneuver on the same
route between different days or hour of the day can be very low.

7. Conclusions and future work

In this study, an information fusion approach which prunes the
available raw data along three sub-tasks is applied to suggest a sys-
tem for detecting the driver distraction. In general, a system would
need to cope with the variability between drivers and maneuvers
(context), whereas the proposed system minimizes this problem
by applying a speaker ID system to recognize the driver, followed
by a maneuver recognition system to track the context. The perfor-
mance of the maneuver recognition and distraction detection mod-
ules can be made stronger with addition of head-eye movement
and road scene information in future works. Since the complexity
of the data is reduced to only intra-driver variability, the accuracy
of distraction detection is expected to be reasonable. In the result-
ing integrated system, speaker ID achieves excellent performance
with 100% accuracy with speech data length of 30 s or longer. This
system can be used in the beginning by engaging the driver in a
natural dialog with 30 s of data obtained before he/she enters into
driving route. Recognizing the driver does not only help in the fur-
ther operation of the system but can be employed as a security sys-
tem as well. The second sub-system can recognize the maneuvers
with 86.3%, 86.1% and 92.6% accuracy for right turn, left turn and
lane changes respectively. Finally, the third sub-system detects
the distraction with over 70% accuracy. This means that average
performance of the integrated system will be 60.2% in a worst case
scenario. This reduction in performance for each sub-system is ex-
pected, since the available data used to train and test the systems
become smaller following each sub-system. This problem can be
overcome by including more data per driver in the analysis.

The feature vectors used in this study are raw signals, deltas,
and standard deviation of steering wheel angle. An optimal set of
metrics/feature vectors should be studied in order to capture the
characteristics of the maneuver and characteristics of the anomaly
when that particular maneuver is affected by distraction. In our

future work, we plan on developing these optimal sets to better
represent maneuvers and their characteristics in the feature space.

It should be also noted that when the different cognitive load/
distraction conditions are tagged in UTDrive corpus, K–L distance
can be used to obtain a relative measure of distraction level com-
paring the deviation between the particular distraction and the
baseline driving of the same driver for the same segment of the
route performing the same maneuver.

In summary, the overall proposed CDA–AVS system is capable
of integrating driver ID (based on speech), maneuver recognition
(based on CAN-Bus), and distracted driver recognition given
estimated knowledge of the driver and maneuvers. While individ-
ual sub-systems can be improved in future work, the present for-
mulation and evaluations clearly show the viability of integrated
framework using actual UTDrive in-vehicle data. The CDA–AVS
contributes to information fusion for occupant safety systems.
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