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Abstract

In recent years, driver drowsiness and driver inatention are the major causes for road ac-
cidents leading to severe traumas such as physidajuries, deaths, and economic losses.
This necessitates the need for a system that caredlthe driver on time, whenever he is
drowsy or inattentive. Previous research works repi the detection of either drowsiness or
inattention only. In this work, we aim to develop asystem that can detect hypovigilance,
which includes both drowsiness and inattention, usg Electromyogram (EMG) signals. Fif-
teen male volunteers participated in the data collgion experiment where they were asked
to drive for two hours at 3 different times of theday (00:00 — 02:00 hrs, 03:00 — 05:00 hrs
and 15:00 — 17:00 hrs) when their circadian rhythmis low. The results indicate that the
standard deviation feature of EMG is efficient to etect hypovigilance with a maximum clas-
sification accuracy of 89%.
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Introduction

According to the statistics released by the Workhlkh
Organisation more than 1.2 million people die egpehr
on the world’s roads, and between 20 and 50 mikiofa
fer non-fatal injuries due to road accidents [1heTNa-
tional Highway Traffic Safety Administration (NHTSA
USA conservatively estimated 100000 police reporis
vehicle crashes each year which were the direattsesf
driver drowsiness. Such accidents also result prag-

of the causalities due to road accidents are fioende-
veloping countries [6]. All these statistics convihat
driver hypovigilance, which includes both driveoasi-
ness and driver inattention is one of the mainoiacfor
road accidents throughout the world. Most of thasea-
dents can be avoided, if the fatigue or distrackeder is
alerted on time. This requires an efficient hypdsigce
detection system that can detect both drowsinessnait-
tention to be developed.

mately 1550 deaths, 71000 injuries and $12.5 hilio  The term ‘Hypovigilance’ is derived from two words
monetary losses [2]. The National Sleep FoundatiorHypo’ & “Vigilance’. *Hypo’ originates from a Grele
(NSF) reported that in 2009, 54% of adult driveesih word meaning ‘diminished’ and ‘vigilance’ meansett

driven a vehicle while feeling drowsy and 28% hatua
ally fallen asleep [3]. Driver inattention includesncen-
trating on secondary tasks like using cell phonasim
player, etc while driving. In the year 2008, NHT ®Ati-
mated 5870 deaths, 350,000 injuries and 745,000ep0

ness’. So, ‘hypovigilance’ together means ‘dimiigh
alertness,” and can be defined as anything thatesaa
decrease in paying a close and continuous atterition
pairment of alertness in a driver may be due téopged
sleepiness or short term inattention. It may |deddriver

damages due to driver distraction (NHTSA's Nationalto lose control of the vehicle which in turn camdeto

Centre for Statistics and Analysis, America, 2083ort).

accidents like crashing of the vehicle onto othehisles

In US alone, damages of $43 billion per year haanbe Or stationary surroundings. In order to prevenséhdev-

estimated due to cell phone related crashes [4latéral-
istic driving study found that 78% of crashes ab&o6of
near-crashes included inattention as a contributiatpr

astating incidents, the state of the driver shdaddcon-
tinuously monitored.

[5]. According to the United Nations Economic anak S Driver fatigue is synonymously used with driver wiso-
cial Commission for Asia and the Pacific (UNESCAP),ness. Driver drowsiness mainly depends on (i) tradity

around 1 million deaths, 23 million injuries and G-
lion vehicles are exposed to the road accidenttheéir
region every year. They also conclude that more 86
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of the last sleep, (ii) the circadian rhythm (tiokday)
and (iii) the increase in the duration of the driytask [7-
9]. Recent statistics from countries such as théedn
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Kingdom, the United States, Israel, Finland, andnEe
indicate that an increased number of vehicle aotide
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tions affect the reliability and accuracy of the amare-
ments [21]. Vehicle based measures are useful &sune

caused by driver drowsiness occurred during thek pediypovigilance when the driver’'s lack of vigilancashan

drowsiness periods sleeping hours of 02:00 to OBd0s
and 14:00 to 16:00 hours. During these time frartiess,
circadian rhythm shows higher chance of gettingvdso
and drivers are 3 times more likely to fall aslegghese
times than at 10:00 hours or at 19:00 hours [10]r&

searchers have manipulated drowsiness by asking
driver to drive for longer duration in a monotonarsvi-

ronment during times of day when their circadiaythim

is low. The term inattention and distraction hasrbased
synonymously. According to Hedlund et al. “Distiant
involves a diversion of attention from driving, bese the
driver is temporarily focusing on an object, pers@sk,

or event not related to driving, which in turn reds the
awareness, decision-making, and/or performancehef
driver, leading to an increased risk of correctaations,
near-crashes, or crashes” [11]. Since distractioag not
produce immediate consequences, it would be biétser
driver who is distracted is alerted on time. Reseans
have mainly dealt with two types of distraction redyn

cognitive distraction (e.g., talking in the cellgote) and
visual distraction (eg. Texting a sms) [12-15]

effect on vehicle control or deviation. However,smme
cases there was no impact on vehicle based panmamete
even if the driver was drowsy [7]. This makes véhic
based drowsiness detection system unreliable. Thoug
intrusive, physiological signal based measureseiable
tlaed accurate as they provide the true interna¢ sththe
driver. Electrooculogram (EoG) signal measureseibe-

tric potential difference between the cornea amdrétina

by generating an electrical field in context to treenta-
tion of the eyes [22-25]. Researchers have used t60G
track the eye movement, which is then used to tletec
drowsiness or inattention. ElectroencephalogramQEE
signal has various frequency bands such as tha loaitd

t (0.5-4 Hz) corresponding to the sleep activity, tiheta

band (4-8 Hz) related to drowsiness, the alpha l&nd
13 Hz) corresponding to relaxation and creatiatyg the
beta band (13-25 Hz) corresponding to activity aledt-
ness [26, 27]. Inattention is related to Beta band
drowsiness is related to theta band. Many reseerche
have extracted features from these bands and hass-c
fied drowsiness or inattention [26-29]. Heart rated
Heart Rate Variability (HRV) signals that are dedv

In general any one of the following measures hamnbe from Electrocardiogram (ECG) signals, is also fouad

used for measuring either drowsiness or distraciidiey

vary significantly during the different states betdriver

are 1) Behavioral measures 2) Vehicle based measursuch as alertness, drowsiness and inattentive@eskd|

and 3) Physiological measures.

The behavior of the driver, including yawning, egle-
sure, eye blinking, head pose, etc., is monitoneduigh a
camera and the driver is alerted if any of the dioess
or inattention symptoms are detected [16-18]. Visio
based measures are an efficient way to detect lgipov

30, 31]. Researchers have worked on HRV signals tha
are derived from ECG and analyzed features sudRRas
Interval (RRI) to detect driver drowsiness or ieatton
[29, 30, 32-34]. Also by extracting and analysirige t
Low-Frequency (LF) (0.04Hz - 0.15Hz) and High-
Frequency (HF) (0.15Hz - 0.45Hz) components, they
have found the ratio of the LF to HF to decreasgms-

lance and some real-time products have been deaelopsively as driver moves from alert to drowsy st@8-37].
such as Seeing Machines [19] and Lexus [20]. HoweveResearchers have also observed the heart rate #HR)

when evaluating the available real-time detectigsieans,
Lawrence et al. observed that different illuminatandi-

Table 1. Advantagesand Lim

vary significantly during the different states swuhinat-
tention and drowsiness [8, 14, 38, 39].

itations of various measures

References Measures Parameters Advantages Limitatie

14, 18, 44-46  Vehicle based measures Deviation flenlane position Nonintrusive Unreliable
Deterioration in acceleration pressure
Loss of control over the steering wheel
movements

16-18, 45 Behavioral Measures Yawning Non intrusive; Lighting
Eye closure Ease of use condition;
Eye blink Background
Head pose

8, 26, 34,47  Physiological measuresStatistical & energy features derived fronReliable; Intrusive

ECG,Eo0G, EEG

Accurate

The surface electromyography (SEMG) is a non-iniasi
index of the level of muscle activation [40]. Inceat
years, more attention is focused on the analysBMG
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signals during sleep because of known aberratiansgl
REM. Researchers have also attempted to quantifs- mu
cle activity from sEMG during sleep [41, 42]. Hoveey
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very few works have been done in the context ofedri
fatigue [43]. The advantages and limitations ofioas
measures are given in Table 1.

(iii) the increase in the duration of driving tg3k9].

Hence, the protocol was designed to take data glurin
three different times of the day (00:00 — 02:00 BZ00

Among the physiological parameters such as EEG, ,EOG 05:00 hrs and 15:00 — 17:00 hrs). The lightingdto
ECG and EMG, ECG and EMG can be measured in a leggns in laboratory were also simulated accordingly

intrusive manner. The EEG signals require a largaber
of electrodes to be placed on the scalp of theedrand
the electrodes for measuring EoG signal have foldeed
near the eye which can hinder vision when driviRg-
searchers have used non-intrusive means to mea€l@e
by placing electrodes in the steering wheel [48prthe
driver's seat [49] (Yu X, University of MinnesotBuluth
report 2009, Personal Communications). By congideri
the advantages of physiological measures over ther o
measures and the availability of non-intrusive meas

simulator game, TORCS, was used to enable drivitt) a
the maximum speed was set to 70 km/hr in orderdate
a monotonous environment [50].

The protocol used to obtain the data for normalgdie
and distraction states in the driver is as showkrigpuire 1.
In the first 15 minutes, normal signals were olgdifrom
the subjects, as they were only driving without ansr
traction. Then in order to stimulate visual distiat, the
subjects were asked to reply back for four textgagses

ment modalities, ECG and EMG signals are chosen téat were sent during the next five minutes, witlest

detect hypovigilance in this work. In this experimhewe
tend to find if alert, fatigue and distraction sg&tan been
traced from sEMG signals.

Materials and Methods

Protocol
Driver fatigue mainly depends on the: (i) the oyabf
the last sleep, (i) the circadian rhythm (timeda¥) and

tions related to their hobbies and general intesash as
food, sports, etc. Cognitive distraction was staed by
making a phone call to the subject at the 25th tainthe
subjects responded to the arithmetic questionsweae
asked. The level of difficulty was based on theespef
answering by the subject. This was done so thastife
ject could think for a while, rather than spontamsyp
answer. In order to stimulate drowsiness, the stbje
drove for an hour and half without any disturbance.

Driving alone

Q1 Q2 Q3 Q4

SMS (Have to respond) + DrivingDriving alone

Questions via patbne + Driving| Driving alone

Q1 Q2 Q3 Q4

15 5 5

min

v

Figure 1. Protocol of the experiment

Subjects and Experimental setup

The experimental set up is shown in Figure 2. Aedix
table top driving simulator was used to enableidgyvIn
the data collection experiment, two physiologidghals

hrs, 03:00 — 05:00 hrs and 15:00 — 17:00 hrs)thadlfif-
teen subjects returned on different days to fitlighthree
sessions.

Data Analysis

(sEMG and ECG) were obtained simultaneously. The

experimental results obtained from ECG signal heesnb
published in [39]. The SEMG data was collected lacp
ing corresponding electrodes in the trapezius neusntl

Preprocessing
The EMG signals obtained during driving are highly
prone to movement artifacts and noise. Removingethe

PHYWE (Germany) was used for the SEMG data collecartifacts is one of the biggest challenges in datalysis.

tion with a sampling frequency of 256 Hz. The vid#o
the subject’s face while driving was also recorétadthe
entire 2 hour session using an IR camera (30 Fpfgen
healthy university male students (mean age + S5.6 2
2.5 years, range 23-32) with valid driving licensetici-
pated in the experiment after providing written semt.
All the experiments were conducted during the tiraks
the day when fatigue is much prevalent (00:00 -0@2:

Biomed Res- India 2014 Volume 25 Issue 3

In this experiment, the high frequency noises were
moved using a2 order Chebyshev low pass filter with a
cutoff frequency of 30 Hz. In case of Chebysheefithe
total number of maxima and minima in the pass band
gion is equal to the filter order. This filter ipexified by
the maximum pass band gain, the cutoff frequenay an
the filter order. The raw signal and the filtereginal are
shown in Figure 3.
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Hluminator
LCD Screen
IR Camera
Driving simulator Laptop
Subject
Figure 2. Our experimental setup
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Figure 3. Raw and filtered EMG signal during different states
Discrete Fourier Transform wherew, = €2*'v x is the input signal, X is the signal in

DFT is an efficient algorithm that transforms thignsl
from time domain to frequency domain. For anynalg
X(t), the DFT is calculated as follows,

frequency domain and N is the total number of sampl
Discrete Fourier Transform provides information @ibo
the frequency content available in the entire digAtier
_ o\ (i =D(k applying DFT to the preprocessed signal, the varkia-
DFT X(K) ==L x(j)ef ¢ PPyIng prep ¢
tistical features were extracted.
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Classification

The extracted features were trained and classifsedg
the Linear Disciminant Analysis (LDA), Quadratic Di
criminant Analysis (QDA) [51-53] and k-nearest ridigr
(KNN) [51, 54, 55] classifiers.

Under LDA we assume that the density for X, given f
every class k is following a Gaussian distributidime
density formula for a multivariate Gaussian disttibn
is:
1 1
() =—— g2 (X~ HK)Z (X~ 1K)
@)z, | “

where p represents the dimension &kds the covariance
matrix. This involves the square root of the deteemt

of this matrix. In this case matrix multiplicatias done.

The vector x and the mean vecitk are both column
vectors.

For Linear discriminant analysis (LDAYk =%, [1k.

In LDA, an assumption that the covariance matrixién-

training class. In all cases, 70% of data is usedrhin-
ing, while the remaining 30% for testing.

Results and Discussions

The distribution of various statistical features h@rmal,
fatigue and cognitive distraction states is showable
2. The statistically significant standard deviatfeature,
obtained during the various states of the driverewesed
to classify the fatigue and inattentiveness usiigAL
QDA and KNN classifiers.

Table 2. Satistical features of different states

Normal Fatigue  Cognitive p-value
SD 1.507843 1.373976 6.314599 7.31E-56
Mean  1.4E-10 3.21E-10 2.94E-10 0.939891
Med 0.000153 0.000398 0.000527 0.81698
Var 2.71E+18 8.84E+15 4.71E+18 0.284668
Power 1.24E-06 0.009319 5.11E-07 6.48E-09

tical for different k is made and thereby the dféessbe-
comes linear. Linear Discriminant Analysis (LDA)-de
termines parameters in such a way that, thereeidbést
discrimination between the various classes. It dbissby
preserving most of the class discriminatory infotiora

The only difference of LDA from QDA is that in casé
QDA no assumption that the covariance matrix iside
cal for different classes is made, but insteaddgeision
boundary is determined by a quadratic function.

KNN is a simple data driven lazy learning algarmith
where an unlabelled point is attributed to the prethant
class within the k nearest labeled points belonginthe

Table 3 shows the results obtained by classifylireginat-
tentive, fatigue and normal state of the drivere Thassi-
fication of fatigue is 80.45 % in case of LDA, wheas in
the case of knn it is 71.26 %. However, the classibn
accuracy is 100% for normal state in QDA and knt bu
very less in LDA classifier. In the case of inatien,
QDA and KNN performed best giving an accuracy of
97.29 %. In general, QDA and KNN classifiers praztlic
improved results. This indicates that a hypovigiame-
tection system can be developed by extracting ¢tingen-
tional standard deviation feature from EMG signatl a
this can be used with other reliable physiolog&ighals
for reliable results.

Table 3. Classification of Sandard Deviation feature

Feature Classifier Fatigue (%) Normal (%) Inattention (%) Accuracy (%)
SD QDA 68.96 100 97.29 88.75
LDA 80.45 26.08 72.97 59.83
knn(1) 72.41 71.73 83.78 75.97
knn(6) 71.26 84.78 97.29 84.44
knn(7) 71.26 100 97.29 89.52

Most of the published work on drowsiness or inditen

left forearm flexor (LW), right forearm flexor (RW§nd

has focused on either EEG or ECG. However, Balasurontal (L) muscles, are valid and reliable indarat of

bramanian et al. observed that the muscle actiltityng
simulated driving showed significant difference vibegn
1% minute and 1% minute of driving [43]. SEMG was
captured from trapezius and deltoid muscles dunitgy
notonous car driving and muscle fatigue was andlyme
[56]. Researchers have investigated and provedtlteat
sEMG variables of left biceps (LB), right bicepsB)R

Biomed Res- India 2014 Volume 25 Issue 3

muscular fatigue [57]. They recommended that aiglys
has to be made on different groups of muscles létes-
simus dorsi, gluteus maximus, deltoid, trapeziosjut-
ther verify whether the proposed metrics providefuis
information about the fatigue level. Though sEMG ha
not been studied in the context of drowsinesspiild be
significant to analyze the pattern of muscle fatigluring
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drowsiness. Akin et al. observed the success mateet
higher when using a combination of EEG and EMG sig-
nals compared to using either one of signal in aieig
drowsiness [26]. This also indicates that SEMG ban 8.
used along with other physiological signals to emeghe
performance of the system [22, 25]. Researchers ao
found that thinking or cognitive work activates s&M8,

59]. However, so far no research work has been timne °.
correlate inattention and driving in the contexts&fMG
signals. In our work, it was observed that sEMG lbara
viable tool to detect fatigue and inattention.

11.

Conclusion

Monitoring driver behavior is a much needed fadtor
safe driving as driver drowsiness and driver imdite

are the major causes for road accidents. Thouglarels- 12

ers have probed into either drowsiness or inatientot
one of them has worked on a universal system tectlet
both drowsiness and inattention. In this work, dwgi-

lance has been detected using EMG signals. Thesigaw 13.

nals being prone to noise were preprocessed ugiing e
cient filtering methods. The standard deviatiorea of
the preprocessed EMG signal has been classifiedtiet
various hypovigilance states such as fatigue, nbeme
inattention successfully with accuracy of 89.52%ased
on the outcome of this research study, a systedetect 5
the hypovigilance and alert the driver can be wdr&at.

The EMG measure can also be combined with other non
intrusive physiological measures like ECG for relea

results. In the future, behavioral measures andchkeh 16,

based measures can also be fused with physiological
measures for better and robust detection.
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