
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 

Estimation and quantification of vigilance using ERPs and eye blink rate with a fuzzy
model-based approach

Samima, S., Sarma, M., Samanta, D., & Prasad, G. (2019). Estimation and quantification of vigilance using
ERPs and eye blink rate with a fuzzy model-based approach. Cognition, Technology and Work, 21, 517-533.
https://doi.org/10.1007/s10111-018-0533-8

Link to publication record in Ulster University Research Portal

Published in:
Cognition, Technology and Work

Publication Status:
Published (in print/issue): 01/08/2019

DOI:
10.1007/s10111-018-0533-8

Document Version
Author Accepted version

General rights
Copyright for the publications made accessible via Ulster University's Research Portal is retained by the author(s) and / or other copyright
owners and it is a condition of accessing these publications that users recognise and abide by the legal requirements associated with these
rights.

Take down policy
The Research Portal is Ulster University's institutional repository that provides access to Ulster's research outputs. Every effort has been
made to ensure that content in the Research Portal does not infringe any person's rights, or applicable UK laws. If you discover content in
the Research Portal that you believe breaches copyright or violates any law, please contact pure-support@ulster.ac.uk.

Download date: 23/05/2023

https://doi.org/10.1007/s10111-018-0533-8
https://pure.ulster.ac.uk/en/publications/23cfa243-a7f3-4243-b421-3d6774133d64
https://doi.org/10.1007/s10111-018-0533-8


Fuzzy Model-Based Approach to Vigilance

Estimation using ERPs and Eye Blink Rate

Abstract. Vigilance or sustained attention is defined as the ability to maintain

concentrated attention over prolonged time periods. Many methods for vigilance

detection, based on biological and behavioural characteristics, have been proposed

in the literature. In general, the existing approaches do not provide any solution to

measure vigilance level quantitatively and adopt costly equipment. This paper utilizes

a portable EEG device and presents a new method for estimation of vigilance level of

an individual by utilizing ERPs (P300 and N100) of EEG signals and eye blink rate.

Here, we propose a fuzzy rule-based system using amplitude and time variations of

ERPs (N100 and P300) and blink variability to establish the correlation among N100,

P300, eye blink and the vigilance activity. Besides, with the help of our proposed fuzzy

model we efficiently calculate and quantify the vigilance level, and thereby obtain a

numerical value of vigilance instead of its mere presence or absence. To validate the

results obtained from our fuzzy model, we performed subjective analysis (to assess

the mood and stress level of participants), reaction time analysis and compared the

vigilance values with target detection accuracy. The obtained results prove the efficacy

of our proposal.

1. Introduction

V igilance is mainly described as a quality or state of alertness or watchfulness. It can

also be thought of as the process of paying close and continuous attention to critical or

rare events over prolonged intervals of time [1, 2, 3]. Vigilance is a concept closely related

to attention; in fact, the word attention is often used while defining vigilance. In the

literature, several slightly varying definitions for the term attention have been coined by

the researchers working in different domains. Such definitions share a common central

theme, that is, attention involves the concentration of thinking (cognitive processes) on

a single object or thought to the exclusion of other stimuli or thoughts. Hence, many

authors use the terms sustained attention and vigilance interchangeably. Vigilance or

sustained attention is an important aspect especially in industries such as aviation,

nuclear power and transportation wherein operators continuously perform monotonous

and attention demanding tasks for long durations. However, it has been found that

human alertness and vigilance drops over a course of time due to monotonicity of

the job, high workload, time pressure, drowsiness, prolonged working hours, sleep

deprivation, high working stress and distraction [4, 5]. Besides, it is also clear that

different people have different tendencies to respond to vigilance tasks, hence, it is

important to assign individuals selectively to tasks with high vigilance requirements [3].

Therefore, an effective system is needed that can continuously monitor the vigilance
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level of an operator and assess their ability in decision making, thereby play a dominant

role in avoiding catastrophic situations arising due to deficit in vigilance.

In general, biological and behavioral attributes such as eye-closure, facial

expressions, head position, heart beats, brain activity and reaction time have been used

in the literature to develop ways and devices for vigilance detection. Corresponding to

this, the authors in [6] used eyelid related features from Electro-oculogram (EOG) signals

to develop a fuzzy expert system that can predict hypo-vigilance and help in providing

early warning signals. A similar hypo-vigilance detection work has been reported in

[7], which is based on facial image processing and where percentage of eye closure

(PERCLOS), eye closure rate and eyelid distance changes have been used to detect

hypo-vigilance among individuals. Monitoring the same parameters as in [7] along with

blink frequency, nodding frequency, face position and fixed gaze, authors in [8] detected

vigilance in drivers with the help of a hardware system and its software implementation,

by acquiring drivers’ images in real-time using an active IR illuminator. They also

utilized a fuzzy classifier to infer the level of inattentiveness of the drivers. Other worth

mentioning works [9, 10] utilized pupillometry, wherein authors measured eye features

such as pupil diameter, pupil eccentricity and pupil velocity for vigilance detection. In

[11], Körber et al. used the response time variations of the users and Dundee Stress State

Questionnaire in addition to eye related features to study the variability of vigilance

in individuals. Despite the fact that blink-related features appear to be a reasonable

contender for hypo-vigilance detection, literature [6] demonstrates that these features are

not exact and sufficiently dependable, since, they exhibit strong interpersonal (between

persons) and intra-personal (same person different times) variability. Apart from the

eye related features, Transcranial Doppler (TCD) sonography has been explored by the

authors in [12] for both “go” and “no-go” response-based vigilance tasks. However, as

TCD sonograph is not a portable device it can be quite uncomfortable if worn for longer

time periods. Moreover, the TCD device is suitable mainly for people with thin skull

structure [13]. Authors in [14], utilized electromyography and galvanic skin response

(GSR) as features for detecting fatigue symptoms in drivers. However, GSR is very much

affected by external factors (such as temperature and humidity) and internal factors

(such as medications). In [15], Lee et al. estimated drivers’ vigilance state by measuring

the ECG from their palm, while they were driving the vehicle. On the same line,

authors in [16] explored the impact of drowsiness on ECG and pulse signals. Vigilance

estimation has also been done using a non-invasive and inexpensive system utilizing

the photoplethysmography (PPG) signals [17]. The authors in [18] studied the impact

of varying functional near infrared spectroscopy (fNIRS) signals on the performance

of the task requiring sustained attention. Further, fNIRS has also been utilized to

distinguish between high and low levels of task engagement during the execution of a

selective attention task [19]. In [20], Tana et al. used functional magnetic resonance

imaging (fMRI) to study the localization, magnitude, and volume extent of activation

in brain regions that are involved in blood oxygen level-dependent (BOLD) response

during the Conners Continuous Performance Test (CPT). Although these methods are
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very promising, fMRI involves huge equipment cost because of which fMRI can only be

found at clinical centres for research purpose.

To better understand the dynamics of human brain and to accurately estimate

vigilance, an alternate approach involving the use of an integrated hierarchical Gaussian

mixture model (hGMM) and taking into account the EEG signals has been utilized in

[21], wherein vigilance is determined using hGMM classifier with the help of features

such as, power spectral density and error score. Nevertheless, the approach requires

further study for generalization. In [22], authors proposed a hidden Markov model based

hypo-vigilance detection, for Unmanned Combat Aerial Vehicle (UCAV) operators, in

which EEG signals were captured while the participants were performing the tasks of

varying difficulty level. The authors in [23] proposed a method to distinguish between

two vigilant states (that is, sleep and awake) using spatio-temporal features of the EEG

signals. They used the common spatial patterns to select vigilance related features from

the recorded signals. Sauvet et al. [24] used the spectral power of each frequency band

of EEG signals and their ratios as features to detect vigilance. Besides, they also used

Karolinska Sleepiness Scale (KSS) for the subjective assessment of vigilance. Correlation

between wavelet coefficients of the EEG signal bands and vigilance state of a person has

been established in [25]. Further, authors in [25] used a sparse representation of these

signals to classify the vigilance states. In [26], Zhang et al. presented a vehicle safety

model for detecting drivers’ drowsiness by making use of EEG and sparse representation

where the authors first evaluated the Fast Fourier Transform (FFT) of EEG signals to

calculate the power spectral density (PSD). Next, they combined sparse representation

classification with k-singular value decomposition (KSVD) in PSD to estimate the

vigilance level. A novel fatigue detection system, for high speed train safety, by assessing

driver’s vigilance through a wearable EEG is presented in [27]. In [28], authors presented

a new application of adaptive neuro fuzzy system model for estimation of vigilance by

using EEG signals recorded during transition from wakefulness to sleep.

Further, many researchers have used more than one biological traits for vigilance

tasks. Zheng et al. [29] estimated vigilance by exploring the effects of EEG from different

brain areas in combination with EOGs of forehead. In [30], authors investigated vigilance

during detection, checking and response implementation tasks by subjective stress and

workload estimation and assessment of EEG, ECG and hemodynamic responses in the

context of a simulated operational scenario of a nuclear power plant. In [31], the authors

estimated vigilance level by using both EEG and EMG signals to increase the estimation

accuracy. Further, they measured the changes in EEG and EMG during transition from

wakefulness to sleep using an artificial neural network. Sun et al. in [32] developed

a system that can measure physiological signals such as EEG and ECG in real time

for health monitoring and drowsiness detection. In [33], the authors simultaneously

acquired fMRI and electroencephalographic measures of resting-state activity to assess

the relation between the fMRI global signal and EEG measures of vigilance in humans.

In [34], Czisch et al. used EEG and fMRI in liaison to study the effect of prolonged

sleep deprivation on vigilance level. In [35], a system that combines information from
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multimodal data is presented to determine the state of alertness of an individual. Helton

et al. [36] examined the impact of task interruptions on vigilance. Smit et al. show that

vigilance decreases due to hard mental work requiring many resources [37].

The above discussed methods, developed by considering physiological signals exhibit

a high degree of precision and have shown great deal of potential for vigilance detection.

Out of many such methods, non-invasive EEG-based methods have become extremely

popular amongst researchers for indicating vigilance, as brain signals can be studied

in a relatively simple and inexpensive way with the help of EEG devices. Besides, the

recent development of the portable, light weight, cost effective, hassle free, non-invasive

EEG devices have made the accessibility of the brain signals very convenient [38].

EEG devices can capture four categories of statistical brain signals namely event-

related desynchronization/synchronization (ERD/ERS) [39, 40, 41], steady state visual

evoke potentials (SSVEP) [42], event related potentials (ERPs), and slow cortical

potentials (SCPs). Amongst the above-mentioned brain signals, ERPs are especially

very popular for attention/vigilance detection [43, 44, 45, 46, 47, 48, 49, 50, 51, 52, 53].

The motivation behind using ERPs for vigilance detection is: 1) rare or critical events

evoke early and late ERP components that is, N100 and P300, respectively, and 2) ERPs

have high temporal resolution that allows for the measurement of brain activity within

milliseconds without any propagation delay. This allows to observe a series of cognitive

operations taking place inside brain from an instant before the occurrence of a sensory

information to an instant after the behavioural response. Besides, in a number of cases,

the timing information provided by ERPs is very critical in resolving major theoretical

issues in cognitive tasks. Further, the correlation between evoking of ERPs and

stimulus discrimination task is already present in the literature [54, 55, 56]. Moreover,

different combinations of ERPs and other features, namely N100-P200-P300, P50-

N100-P200, P300-LPC (Late Positive Complex), N2-ERN (Error-related Negativity),

P100-N100 have been used in [48, 49, 51, 53, 57, 58] for the purpose of performance

monitoring, involuntary visuospatial attention study, multiple goal and trait inference

study, studying the effect of faces expressing pain and personality judgement, etc.

It is already known that vigilance detection task involves monitoring of crucial

information over prolonged time periods and these crucial information are usually

infrequent and analogous to the task of stimulus discrimination. Therefore, by taking

the advantage of this similarity between crucial information monitoring and stimulus

discrimination, we propose to detect vigilance using ERP signals (P300 and N100).

Besides, we utilize the high interdependence of blink rate (a non-ERP feature) with

attention capabilities [59] in combination with N100 and P300 ERPs to establish

correlation with alertness present in an individual. The motivation behind using blink

rate in our study is that a high blink rate indicates low vigilance level of an individual

and as, the amplitude of blink is significantly higher comparison to the rhythmic brain

activity, this helps in the easy identification of eye blinks.

Although, the EEG signals are very effective in vigilance state discrimination - as

they can directly read from the brain, yet, sometimes due to gradual change of states the
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demarcation is indistinguishable. This is a challenging task, as it makes it difficult to

draw a sharp dividing lines between different states. Aiming to address the limitations

of the current hypo-vigilance detection and accident warning systems, we propose a

fuzzy rule-based system which can satisfactorily discriminate between various states of

human alertness using ERPs (P300 and N100) and eye blink rate as features. With this

aim, the objectives of our work are:

(i) To establish the correlation between ERPs (that is, N100 and P300) and the

vigilance activity.

(ii) To establish a numerical relationship between N100 ERP, P300 ERP and eye blink

(which is not so effective, if taken independently), such that these signals can be

used in combination to obtain improved accuracy in vigilance detection.

(iii) To numerically measure the vigilance level of an individual, instead of its mere

presence or absence.

(iv) To develop a fuzzy rule-base for efficiently calculating and quantifying the vigilance

level.

To fulfil the above objectives, we have designed the experiments to evoke N100 and

P300 ERP potentials for the critical stimulus. The N100 and P300 ERPs can easily

be detected and analyzed from the brain signals; besides, for increasing the accuracy

of the estimation we have also used eye blink activity in combination with both ERPs.

Finally, to estimate the vigilance and quantify it numerically we have proposed a fuzzy

rule-based system using amplitude and time variations of ERPs (N100 and P300) and

blink variability.

The rest of the paper is organized as follows: Section 2 provides preparatory study

about the ERP signals and the eye blink rate. Details about the proposed work has

been explained in Section 3, which also explains the EEG data acquisition method (along

with the experimental procedure) and EEG signal pre-processing and feature extraction

methods. Section 4 presents the results and discussions. Finally, Section 5 concludes

the paper.

2. Preliminaries

A brief account of N100, P300 and blink rate is given in the following:

2.1. N100 ERP for vigilance

The N100 ERP is mainly of two types that is, auditory and visual. In this work, we

have used visual stimuli for eliciting N100, thereby detecting vigilance. Hence, the

generated N100 falls into visual type. Usually, visual N100 is a negative deflection in

EEG signals, elicited between 100 to 200 milliseconds after the onset of stimulus (refer

to Figure 1). It is also known as as N1-P2 complex [60]. The amplitude of visual N100

is higher for a significant stimulus (N1-effect) in comparison to an insignificant stimulus
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[61, 62, 63]. This helps in easy discrimination between vigilant and non-vigilant states

of an individual. It is important to note here that significant stimulus represents the

stimulus at which target appears while an insignificant stimulus represents all other

non-target events.

2.2. P300 ERP for vigilance

P300 ERP was discovered by Sutton et al., in 1965 [64]. It is evoked by both- a visual

or auditory target stimulus in simultaneous presence of a target and non-target stimuli

during the process of decision making (see Figure 1) [65, 66]. It is an endogenous

potential, which can be seen as a positive deflection in the voltage with an average

latency of roughly 250 to 600 ms (maximum up to 900 ms) depending upon the task

[67], [68]. For example, the improbable event could be an infrequent target letter in

a stream of letters to which a subject has to respond with a button press or mental

counting of the target stimuli. The amplitude of P300 is larger when the stimulus is less

probable and is usually in the range of 2-20 µV. Its occurrence is linked to a person’s

reaction to a stimulus. More specifically, the P300 reflects processes involved in stimulus

evaluation or categorization.

Figure 1: N100 and P300 components of ERP

2.3. Blink rate during vigilance

Eye-blinks, which are generally considered as an artifact in an EEG signal are commonly

observable human behavior that usually occur in every four seconds or about 15 times

in a minute [69]. It is easy to identify eye blinks in the EEG signals due to their higher

amplitude (>40 µV) in comparison to the other brain rhythms (cf. Figure 2). Besides,

it has been noticed by the researchers that blink rates vary quite a lot depending on

emotional and mental states. Usually, stress and anxiety tend to increase a person’s

blink rate. However, intense concentration tends to reduce the blink rate, and in critical

situations blinking rate can even go way down, presumably to help look around quickly

without missing any event [70]. These findings suggest that thinking affects blinking

and the spontaneous blink rate can serve as an indicator of the attentional demands of

a cognitive task, since, the more attention a task requires the less often people blink.
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This notion has recently received ample attention from an fMRI study in [71]. Figure 3

shows EEG signal displaying eye blink rate recorded during a vigilance activity.

Figure 2: High amplitude peaks displaying eye blinks in EEG signal

Figure 3: Eye blink during a vigilance activity

Recent studies [70, 72] validate that eye-blinks are directly associated with the

attention mechanism. The authors also experimentally demonstrated that individuals

with higher blink rates are inefficient in performing visual tasks and are more likely to

commit errors. This proves the suitability of eye blink feature for vigilance detection

[70].

3. Methods and Materials

3.1. Subjects

Ten healthy participants (male: 8, female: 2) comprising of research scholars and post-

graduate students available on campus at IIT Kharagpur were randomly selected for this

study. The participants had no history of mental ailment and their age ranged between
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24-32 years. Each participant had normal or corrected-to-normal vision and were right

handed. Besides, the participants were not sleep deprived; they had no deviations

from their usual circadian cycle, and they took no medicine or alcohol. They were

asked to refrain from having tea or coffee three hours before the experiment. Informed

consent from all participants was taken before conducting the experiment. Appropriate

certificate of approval was also obtained from the Institutional Ethical Committee at

IIT Kharagpur.

3.2. Data Acquisition

Recording of the EEG data is done using the Emotiv Epoc+ device with 14 electrodes

(following the 10-20 international system), at a sampling rate of 128 Hz. The 14 channels

present in the device are: AF3, F7, F3, FC5, T7, P7, O1, O2, P8, T8, FC6, F4, F8 and

AF4, with 2 references at P3/P4 locations. The bandwidth of the device is in the range

of (0.2-43) Hz. The data is transferred through Bluetooth which is having a band power

of 2.4 GHz. The average battery life of the device is around 9 hours. All recorded EEG

data are digitally filtered in the range of 0.1-30 Hz. This is the frequency range which

is used for ERP based studies. Signals are analyzed using MATLAB R© version 2014a

running on PC with the following configuration: Processor: Intel(R) Core(TM) i3-3240,

CPU @ 3.40GHz, RAM: 4.00 GB, System Type: 64-bit Operating System, x64-based

processor.

In Emotiv Epoc+ device electrodes are absent at Fz, Cz, Pz and Oz locations. Also,

the reference locations in the headset are usually behind the ears that is, approximately

at P3/P4 positions. Thus, a significant component of P300 ERP which is prominently

detected at the central locations of the scalp [73, 74] gets subtracted from all other

channels if we select P3/P4 as reference electrodes. This results in considerable reduction

in the magnitude of P300 peak. Therefore, to minimize this effect, we have considered

alternate reference locations for collecting data (see Figure 4) and extracted P300 from

central location by averaging the central pair namely, O1/O2, F3/F4, AF3/AF4 and

P7/P8 [73]. Besides, it has been established in the literature [75], that N100 deflection

can be detected at most recording sites, including the occipital, parietal, central and

frontal electrode sites. Also, N100 peaks earlier over frontal than posterior regions of

the scalp, suggesting distinct neural and/or cognitive correlation [75, 76], and the visual

N100 component is usually largest over the occipital region [61]. Hence, keeping these

in mind, we have gathered the information about N100 ERP from F3, F4, AF3, AF4,

P7, P8, O1 and O2 electrodes. Further, it has also been observed that blink signatures

in EEG data are immediately recognizable from the AF3 channel.

3.3. Vigilance Task

In this paper, we used the Mackworth Clock Test [77] implemented in Psychology

Experiment Building Language (PEBL) [78] for the vigilance detection experiment.

In this task, a participant monitors a red pointer moving circularly in front of a black
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Figure 4: Alternate reference location

background in steps like the seconds’ hand of a clock and responds when the clock hand

makes a random jump. The probability of clock skipping a normal step/jump is 0.4.

Each shift of the pointer depicts a trial. The pointer shifts to a new position throughout

the experiment after lapse of one second, such that after at most 60 movements/shifts it

completes one full circular round. In a session, whenever the clock skips a normal jump,

the user has to promptly press the ‘space bar’ key. Note that the size of the pointers

and the radius of the clock can be varied according to the requirement.

3.4. Subjective Measures

Before performing the vigilance task, each participant was requested to fill their

background information along with the pencil-and-paper version of Global Vigor and

Affect (GVA) form, whose scale ranges from 0 to 100 [79]. This helps in subjective

analysis of affective state (feelings, mood) and level of vigor (alertness, vigilance) of

each participant. Moreover, the subjects also filled a Visual Analogue Scale (VAS) to

indicate their present mood. The VAS scale ranges from 0 to 10, where ‘10’ signifies a

“happy” mood and ‘0’ corresponds to a “sad” mood.

Further, immediately after the completion of the session, the participants expressed

their present state using the VAS form. Along with this, the participants also reckoned

the task difficulty using the NASA-TLX [80] questionnaire on the scale of 20.

3.5. Procedure

The experiment was carried out in a quiet and isolated room with maintained room

temperature, where each participant was seated comfortably. A large 20-inch monitor

was placed approximately 65 cm away from the participants for presenting visual

stimuli. Initially, to inure each participant, we asked them to relax for a duration of ten

minutes. Thereafter, in the next five minutes, we asked participants to fill subjective
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questionnaires namely VAS and GVA. Through these questionnaires, we assessed the

physiological health of participants via their own judgements about various parameters

relating to them. After this task, a five minutes’ instruction, demonstration and practice

session was arranged for each participant, which was followed by baseline EEG data

recording. During baseline data recording the participants were asked to sit idle for

five minutes with restricted movement of body organs. Besides, during the complete

session participants were asked to avoid, as far as possible, movement of any kind

except for responding to the target stimuli. After baseline data recording, we performed

a 20 minutes’ clock test (involving 1200 trials) discussed earlier in Section 3.3. Next,

participants were again asked to fill the subjective questionnaires namely VAS and

NASA-TLX for assessing the toughness, present mood and effort required during the

experiment. Further, a five minutes’ baseline data recording was done again to seek the

changes in the mental stress/load of the participants, which was followed by a repetition

of the clock test with 600 trials for ten minutes. This experiment was conducted once

with each participant. Moreover, only a single participant’s data was recorded in a day.

The data recording was done between 7:00 AM - 10:00 AM as per the availability of the

participants. This complete procedure has been graphically shown in Figure 5 for the

sake of clarity.

Figure 5: Description of experimental protocol

3.6. Feature Extraction

The extraction of features (ERPs and eyeblink) from EEG involves several steps. These

steps have been described in detail in the following:

(i) ERP Detection: EEG data is susceptible to noise from various electro-

physiological sources. Hence, to remove the noise and for extracting the desired

features (ERPs) from EEG, we perform:

(a) Filtering: The recorded raw signals are first pre-processed to remove artifacts

of all kinds and to harness crucial information. For this, we resorted to basic

filtering process using Chebyshev’s high pass filter (having cut off frequency

of 0.1 Hz) to remove disturbing components emerging due to breathing

and voltage changes in neuronal and non-neuronal artifacts. We also used
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Chebyshev’s low pass filter (having cut off frequency of 30 Hz) to eliminate

noise arising from muscle movements. Besides, we considered a notch filter,

with null frequency of 50 Hz, at the recording time to ensure perfect rejection

of the strong 50 Hz power supply interference, impedance fluctuation, cable

defects, electrical noise, and unbalanced impedances of the electrodes. Further,

the processed signals were also inspected visually for the presence of muscle

and motion, eye movements and other artifacts. The independent components

analysis (ICA) was employed to reject all unqualified data caused by eye blinks.

(b) Epoch Marking: In this step, we extract the corresponding event epochs from

the EEG signals. This is accomplished by identifying the locations that is, the

time instants of stimuli occurrence of the target and the non-target stimuli.

This process marks every target and non-target events. Here, the term target

events indicate the locations where the clock skips a beat/jump and non-target

events indicate the normal ticking of the clock. The window length for each

epoch is kept from -500 ms to 1000 ms.

(c) Baseline Removal: This is to remove the artifacts arising from low frequency

drifts and leading to data skewness. The baseline removal also eliminates the

overall voltage offset (if any) from the waveforms in each epoch. Besides, it is

done to prevent unnecessary rejection of many trials owing to the presence of

overall voltage offset. For removing baseline signals, we segmented the epochs

representing the target events into 500 ms pre-stimulus and 1000 ms post-

stimulus epochs. Then, we evaluated the arithmetic mean of the pre-stimulus

data and subtracted it from each value of the considered post-stimulus data to

complete the baseline removal process.

(d) Trial Averaging: To increase the Signal-to-Noise-Ratio (SNR) of ERPs,

we used temporal processing method (ensemble averaging) on large number

of trials. In this method, a large number of trials comprising of signals

having random Gaussian noise, which is not correlated to the signals and not

necessarily periodic although repetitive, are averaged together to enhance the

SNR. This gradually prunes the noise from the background. Further, to obtain

the recognizable ERP waveforms the post stimulus data are averaged according

to the ordinal position of the target stimulus sequence. The remaining

epochs are also averaged across the entire non-target stimuli sequence to allow

evaluation of non-stimulus response. Next, after obtaining the ERP signals, we

identify the N100 (amplitude and latency) and P300 (amplitude and latency).

An instance of ERP scalp array obtained from target events is shown in Figure

6. Further, the ERP plot for F4 channel is shown in Figure 7 which clearly

indicates the difference between target and non-target events.

(ii) Eye Blink Detection: It is well-known that in a normal human-being an eye

blink lasts for about 400 milliseconds and has an amplitude of at least 40 µV.

Using these two parameters as threshold we detected eye blinks from the EEG

signals (see Figure 3), through the AF3 channel of the EEG device, due to its
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Figure 6: An instance of obtained ERP scalp array for target events

Figure 7: ERP comparison between target and non-target events

prominent presence at this location [81]. This task requires minimization of the

false detection of eye blinks, and was carefully performed by dividing the recorded

signals (from AF3 channel) into overlapping windows wherein each window had a

width of 110 samples.

To minimize the false detection of eye blinks we checked whether a complete eye

blink was present in a window or not. If it was successfully detected, it was

considered as true eye blink; however, if only a trough was observed in a window

then the adjacent window was checked for the presence of its crest. If the crest was

also observed then it was regarded as true eye blink and noted, otherwise, it was

regarded as a false signal originating due to some noise and was rejected.

3.7. Vigilance Computation

Vigilance assessment is a very complicated process as it is highly influenced by factors

such as environment, health and sleep history. The effect of these factors is not always

visually observable and can only be inferred from the available physiological information.

Moreover, due to the above factors perceptual sensitivity of vigilance declines over the

course of time.

In a vigilance detection experiment, a participant responds by tapping a key in

case a target stimulus appears on the screen. For this, his/her mind internally processes

the information about decision making (that is responding to a target) and thereby
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eliciting N100 and P300 waveforms. So, by capturing brain activities we can easily and

accurately assess the vigilance state of any individual.

Traditional signal processing analyzes events and categorizes them into discrete

mutually exclusive categories. However, such form of assessment is not desirable or

possible in case of vigilance measurement. In the present work, we subsequently

combined P300 and N100 ERPs along with eye blink rate for robustly and accurately

characterizing the vigilance level of an individual. To extend the measurement beyond

the traditional crisp method, we have chosen fuzzy rule-based technique for its well-

known linguistic concept modeling ability. The fusion of the parameters have been done

using a fuzzy system, such that it allows for events to be simultaneously present in more

than one category; thereby, making the response dimensions continuous. To perform

the fuzzy analysis, the following procedure has been followed.

(i) Fuzzification: Fuzzification permits the quantification of uncertainty inherent in the

response. In our vigilance detection task, three parameters (N100, P300 and Eye

blink rate) are taken as input to evaluate the vigilance level of an individual. The

three variables which vary with variation in vigilance level are: (i) Elicitation time

(t) of N100 and P300, (ii) Amplitude (a) of N100 and P300, and (iii) Blink rate.

During fuzzification, these variables are defined linguistically (Mamdani approach)

based on the range they cover (refer Table 1). Let us denote P300 as P and

N100 as N, then for amplitude, we define three linguistic states namely: Low

Amplitude (LA), Medium Amplitude (MA) and High Amplitude (HA). Similarly,

the linguistic states for time are classified as: Before Time (BT ), Optimum Time

(OT ) and After Time (AT ). Finally, blink rate is categorized into three states such

as: Fast Blink (FB), Normal Blink (ηB) and Slow Blink (SB). Now, depending

on the amplitude and time, P300 (P ) is divided into four fuzzy sub-categories:

No P300 (NP ), Low P300 (LP ), Moderate P300 (MP ) and High P300 (HP ).

Similarly, N100 (N) is divided as: No N100 (NN), Low N100 (LN), Moderate N100

(MN) and High N100 (HN). The above definitions of P300 and N100 signal can

be mathematically represented as:

Za,t = Y where

Z represents considered ERP features,

Z ∈ {P,N}
a ∈ {LA,MA,HA}
t ∈ {BT,OT,AT} and
Y is the set of all possible states of

considered ERP features,

Y ∈ {NP,LP,MP,HP,NN, LN,MN, HN}

Figure 8, shows the relationship between amplitude and time for N100 and P300

signals. In this fuzzy rule base system, vigilance has been graded into four classes:
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Table 1: Input and output value ranges of fuzzy variables

Input
Linguistic

Value
Function Values

N100
Amplitude

Low

Medium

High

Triangular

[0 0 1]

[0.25 2 4]

[2.5 6 6]

Time

Before

Optimum

After

Triangular

[70 70 100]

[90 100 180]

[140 200 200]

P300
Amplitude

Low

Medium

High

Triangular

[0 0 4]

[2 5 10]

[6 20 20]

Time

Before

Optimum

After

Triangular

[200 200 270]

[250 312 550]

[500 700 700]

Blink Time

Fast

Normal

Slow

Triangular

[0 0 4]

[2 5 7]

[5 10 10]

ERP
N100

Absence

Low

Moderate

High

Triangular

[0 0 1.5]

[0 2.2 5]

[3.5 6 9]

[8 10 10]

P300

Absence

Low

Moderate

High

Triangular

[0 0 1.5]

[0 2.2 5]

[3.5 6 9]

[8 10 10]

Vigilance

Level
ERP

No

Low

Moderate

High

Triangular

Triangular

Triangular

Triangular

[0 0 1.5]

[0 2.2 5]

[3.5 6 9]

[8 10 10]

No Vigilance (NV ), Low Vigilance (LV ), Moderate Vigilance (MV ) and High

Vigilance (HV ).

Figure 8: Relationship between amplitude and time for N100 and P300 signals

(ii) Fuzzy Rule Base: The designed fuzzy rule base uses the ERP signals and the blink

rate. Here, it should be noted that the ERP signals form an intermediate state of the

fuzzy system and are fuzzily defined as: No ERP (NE), Low ERP (LE), Moderate

ERP (ME) and High ERP (HE). Vigilance determination is accomplished using

two level fuzzy rules. In the first level, from the N100 and P300 signals, intensity

of ERP signals is identified and next, using the intensity of ERP signals and the

blink rate, vigilance level is determined. To clarify the notion, the fuzzy inference
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system for vigilance estimation is shown in Figure 9, and the overall fuzzy rule base

matrix is shown in Figure 10. Besides, the proposed logic for calculating vigilance

from the ERP signals and blink rate is given in Eq. ii.

V igilance = (P300 ∨N100) ∧Blink Rate

Figure 9: Fuzzy inference system for vigilance estimation

Figure 10: Fuzzy rule base matrix

The logic behind Eq. ii is: under the effect of target stimulus, both P300 and N100

are elicited; however, the environmental noise deteriorates both P300 and N100.

In many cases, these ERPs become completely invisible or either of them may be

present with very low magnitude. In order to address this issue, we perform OR

operation between P300 and N100, so as to obtain values from either of the two

ERPs. Next, we use AND operator between the obtained intermediate result and

the blink rate (which is independent of ERPs) to quantify the vigilance. The rule
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base contains a total of 48 rules for all possible instances. Now, at any particular

instance (that is, a given condition or input), membership values along with rule

strength are computed.

(iii) Defuzzification: To extract deeper insight from the results obtained, the fuzzified

values are defuzzified into crisp forms. In this paper, we have used the Mean of

Maximum (MoM) method to obtain the crisp values. The MoM strategy generates

a quantity which represents the mean value of all outputs, whose membership

functions reach the maximum [82]. This method is known to provide the most

plausible result. In other words, the fuzzy controller uses the typical value of the

consequent term of the most valid rule as the crisp output value.

X =
n∑

i=1

wi

n

where,

{wi|µc(wi) ≥ µc(wj), wi, wj ∈ W,wi 6= wj}

and n is the number of such support values.

4. Results and Discussion

To establish the correlation among ERPs, eye blink and vigilance activity, and to obtain

a numerical relationship among them, we performed each experiment in two phases. In

the first phase, a continuous data recording of brain signals was done for 20 minutes.

In the next phase, data recording was done for 10 minutes. For accurately observing

various phenomenon recorded in EEG signals, the data recorded in the two phases

of the experiment was further divided in equal segments of 2 minutes, such that the

data recorded in the first phase and second phase comprises of 10 and 5 equal parts,

respectively. Besides, the other analysis carried out by us and the results obtained

therein are discussed hereunder:

4.1. Behavioural Analysis

(a) Visual Analogue Scale (VAS)

For the vigilance experiment, it is important to observe changes in the mood of the

participants before and after the experiment. Hence, we performed a subjective

analysis using VAS. Next, we set the hypotheses as follows: H0 = The null

hypothesis: the mood of each participant remains same throughout the experiment;

Ha = The alternate hypothesis: when the mood of each participant before and after

the experiment differs significantly, and performed a paired t-test. The results at

significance level 0.05 indicated that there is a significant difference between the

moods of the participants prior to experiment and post experiment (refer Figure

11). This is probably due to the high cognitive load involved in the experiment

requiring sustained attention on the moving pointer in the clock test.
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Figure 11: Histogram plot of the paired t-test for the VAS scale

(b) Global Vigor and Affect Scale (GVA)

We utilized one-way ANOVA and Tukey’s pairwise comparison of means of factors

for analysing Global Vigor (GV) and Global Affect (GA) subjective ratings. The

GV (mean, µ = 74.8 and standard deviation, σ = 0.86) evaluation involves factors

namely, alert, effort, weary and sleepy ; whereas, in GA, happy, calm, sad and

tense are the contributing elements. Results obtained from GV suggests that all

contributing factors are significant at α = 5% (significance level), wherein factors

have µ and σ as follows: alert (µ = 6.750, σ = 1.620), effort (µ = 3.050, σ = 1.499),

weary (µ = 2.700, σ = 1.418) and sleepy (µ = 2.100 , σ = 1.524). The post-hoc

Tukey’s comparison test (refer to Figure 12 (a)) revealed that alert factor at p <

0.001 is highly significant than effort, weary and sleepy factors.

Likewise, the factors involved in GA (µ = 52.825 and σ = 0.89) are significant at

α = 5%, wherein factors have µ and σ as follows: happy (µ = 7.450, σ = 1.212),

calm (µ = 6.900, σ = 2.234), sad (µ = 2.200, σ = 1.549) and tense (µ = 1.900, σ =

1.912). Further, the Tukey’s comparison test (refer to Figure 12 (b)) revealed that

factor happy is highly significant than sad and tense at p < 0.001; whereas, calm

is significant than sad and tense at p < 0.001.

(c) NASA-TLX

Similar to GVA, here, we used one-way ANOVA and Tukey’s pairwise comparison

test for multiple mean comparisons of NASA-TLX subjective load index (µ = 12.09

and σ = 1.69). The results reveal that the factors considered are significant at α

= 5% (significance level). The mean and standard deviation for each of the factors

are as follows: mental demand (µ = 14.000, σ = 2.981), physical demand (µ =

6.76, σ = 4.86), temporal demand (µ = 10.22, σ = 4.05), performance (µ = 13.80,

σ = 3.38), effort (µ = 10.88, σ = 3.26), frustration (µ = 7.06, σ = 3.91). Further,

Tukey’s pairwise comparisons (refer to Figure 13) is used for grouping of significant
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(a) Difference mean plot for global vigor factors (b) Difference mean plot for global affect

factors

Figure 12: Difference mean plot for Global Vigor and Affect Scale (GVA)

and non-significant comparisons. From the assessment of NASA-TLX, we observed

that the mental demand and performance are highly significant factors; effort and

temporal demand are moderately significant factors; and frustration and physical

demand are least significant factors. We also observed that mental demand is more

significant to both physical demand at p < 0.001 and frustration at p < 0.002. Also,

it is observed that physical demand is more significant than performance at p <

0.002, while, performance is more significant than frustration at p < 0.003.

Figure 13: Difference mean plot for factors involved in NASA-TLX questionnaire
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4.2. Reaction Time Analysis

The mean reaction time taken by each user for correctly detecting and responding to the

critical stimuli during the first phase of the experiment is plotted in Figure 14. We can

clearly observe from Figure 14 (a) that the mean response time rapidly increases initially

for few minutes of the experiment, then it becomes almost stable indicating that the

participants becomes accustomed to the task. Later parts of the first phase again show

an increasing trend of the mean reaction time, which is due to the mental fatigue; but,

strangely during the last two-minutes of the first phase, mean reaction time decreased

significantly. The reason behind this decrement in the reaction time during the last

two-minutes of the first phase is against the intuitive behaviour and was observed in

case of each participant. The plot of the standard deviation of reaction times, shown in

Figure 14 (b), obtained from different participants during the first phase indicates that

there is little deviation in the reaction times of different participants. This suggests that

the clock test affects all participants in similar way and induces similar mental demand

from each participant.

(a) Mean reaction time (b) Standard deviation of the reaction time

Figure 14: Reaction time during the first phase of the experiment

The mean reaction time during the second phase of the experiment has been plotted

in Figure 15. The trend-line starts at a lower level in comparison to the starting

reaction time of the first phase. This happens mainly due to: a) the 5 minutes rest

given to each participant before beginning the second phase, and b) the participants

became accustomed to the task which they were performing. Besides, this phase also

shows an increasing mean reaction time due to monotonous nature of the job under

consideration. Through this we can infer that if a person/operator takes short spans

of rest while continuously performing any monotonous task the reaction time to any

alarming situation can be considerably reduced. The plot of the standard deviation of

reaction times are obtained from different participants during the second phase, shown

in Figure 15 depicts that there is not much deviations in the reaction times of different

participants.
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(a) Mean reaction time (b) Standard deviation of the reaction time

Figure 15: Reaction time during the second phase of the experiment

The plots shown in Figure 16 display the errors made by each participant during

the first and second phase of the experiment, respectively.

(a) Errors in each 2 minute duration of the first

phase of vigilance task

(b) Errors in each 2 minute duration of the

second phase of vigilance task

Figure 16: Number of errors made by the participants

To evaluate the the performance of the participants, accuracy is used as an

evaluation criterion. For estimating the accuracy of detection, the recorded EEG data

is divided into four sub-categories defined as true alarm (TA), true skip (TS), false

alarm (FA) and false skip (FS), where true alarm represents correct identification of

target stimuli, true skip represents correct identification of non-target stimuli, false

alarm represents incorrect key pressed at non-targets and false skip represents non-

identification of the target stimuli. Based on these data, the accuracy is calculated

using the formula given in equation 1. The plots of accuracy of detection for both

phases of the experiment can be seen in Figure 17.

Accuracy =
TA+ TS

TA+ TS + FA+ FS
(1)
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(a) Detections in the first phase of vigilance

task

(b) Detections in the second phase of vigilance

task

Figure 17: Percentage of accurate detections made by the participants

4.3. P300 Analysis

As already discussed in previous sections, the level of vigilance of an operator or an

individual varies with passing time. Hence, to carefully study such a variation we

observed the variation of P300 amplitude of each individual within small intervals of

two minutes, obtained by slicing the complete time interval of both experimental phases

(that is, I and II) into equal slots of two minutes duration.

From the first phase (that is, 20 minutes clock test) of the experiment, we observed

that for each participant, P300 amplitude either decreased or remained steady with the

passing time, see Figure 18 (a). Besides, we also observed that with passing time the

latency in invocation of P300 increased for almost all participants, see Figure 18 (b).

This signifies that both P300 ERP and vigilance are time dependent quantities and their

amplitude falls with passing time. Further, in the second phase of the experiment (that

is, 10 minutes clock test), which was performed after a short period of rest of 5 minutes,

we observed similar behaviour, as was observed in first phase, of P300 amplitude and

latency (see Figure 19).

(a) P300 amplitude variation in Phase I (b) P300 latency variation in Phase I

Figure 18: Analysis of 20 minutes clock test
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(a) P300 amplitude variation in Phase II (b) P300 latency variation in Phase II

Figure 19: Analysis of 10 minutes clock test

(a) N100 amplitude variation in Phase I (b) N100 latency variation in Phase I

Figure 20: Analysis of 20 minutes clock test

(a) N100 amplitude variation in Phase II (b) N100 latency variation in Phase II

Figure 21: Analysis of 10 minutes clock test

4.4. N100 Analysis

N100 ERP is associated with an individual’s pre-attention and perception. It usually

affects neural activity in the human brain while performing a discrimination task.
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Further, it is known that N100 amplitude has higher negative deflection for locations

where stimuli are successfully attended and vice-versa for unattended locations [83], [84].

Besides, N100 ERP depict a small decrement in amplitude after several minutes due to

repetition of similar stimuli. Thus, to fruitfully study these phenomenon, we analysed

N100 component in both the phases of the experiment, wherein we observed that N100

amplitude either decreases or remains steady with passing time (see Figure 20 (a) and

21 (a)). However, for N100 latency no particular trend was observed (refer Figure 20

(b) and 21 (b)).

4.5. Calculation of Vigilance through our proposed Fuzzy Rule-based System

After processing the EEG signals, thereby removing the inherent noise, we locate the

P300 and N100 peaks, and extract their respective amplitudes and latency time. We

also note the number of eye-blinks and their corresponding intervals. Then, we feed

this information in eq. ii of Fuzzy inference system for vigilance estimation (see Figure

9). The fuzzy rules utilized for quantifying vigilance are already discussed in Figure

8 and Figure 10. The numeric evaluation of vigilance, through fuzzy rule-base, for

each participant has been done (for every two minutes interval) for both phases of the

experiment. The obtained results are tabulated in Table 2 and Table 3. Besides, the

overall mean and standard deviation of each variable (N100, P300 and eye blink) during

the entire Phase I and Phase II of the experiment have been tabulated in Table 4 and

5. On comparison of the fuzzy output obtained from each participant (refer Table 2

and 3), it can be observed that for participant 3, 4 and 9, the vigilance level in phase

I was higher in comparison to phase II, while for participant 6 and 8 the scenario was

vice-versa and for the remaining participants the level remained consistent in both the

phases.

Table 2: Variation of vigilance for every two minute interval in Phase I

Participant
Vigilance value within interval

Mean Vigilance
(0-2) min (2-4) min (4-6) min (6-8) min (8-10) min (10-12) min (12-14) min (14-16) min (16-18) min (18-20) min

P1 10 9.75 6 10 10 6 10 10 10 10 9.175

P2 6.75 9.8 6 10 6 10 10 6 6 9.85 8.04

P3 9.9 9.85 9.85 9.85 9.85 9.7 9.75 9.9 9.9 10 9.855

P4 6 9.9 10 9.9 9.75 9.95 9.85 6.05 9.75 2.4 8.355

P5 2.25 10 9.9 9.75 9.95 2.25 9.9 6 6 6.05 7.205

P6 10 9.85 10 9.95 10 10 10 10 2.25 6 8.805

P7 9.85 10 10 10 10 9.9 10 9.9 9.9 9.85 9.94

P8 10 6 9.9 9.9 6 2.4 9.95 6 10 2.4 7.255

P9 9.95 10 2.45 9.9 10 10 9.95 10 10 10 9.225

P10 6.5 9.8 9.85 10 9.9 10 6 6 6 6 8.005

4.6. Validation of the proposed Fuzzy Model

To validate the accuracy and efficiency of the proposed model, we compared the mean

vigilance level obtained by averaging all vigilance data, of 2 minute slices, of each

individual with the target detection accuracy (from clock test) of each individual. To

accomplish this task, we divide the accuracy levels into four bands, namely: a) very low

accuracy - if the value is > 0 and < 30 percent; b) low accuracy - if the value is > 30 and
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Table 3: Variation of vigilance for every two minute interval in Phase II

Participant
Vigilance value within interval

Mean Vigilance
(0-2) min (2-4) min (4-6) min (6-8) min (8-10) min

P1 10 2.75 9.85 7.5 9.9 8

P2 2.4 9.85 9.85 10 9.9 8.4

P3 7.25 6 6 6.2 9.9 7.07

P4 2.25 9.85 10 7.25 9.8 7.83

P5 6 10 9.95 9.75 9.85 9.11

P6 10 10 10 10 9.95 9.99

P7 10 9.85 10 10 9.95 9.96

P8 7.25 9.85 6 9.9 10 8.6

P9 2.45 2.4 9.85 9.85 10 6.91

P10 9.95 10 2.25 10 9.95 8.43

Table 4: Fuzzy vigilance calculation of Phase I experiment

Phase I Clock Test (20 minutes)

Participant
N100 amplitude N100 latency P300 amplitude P300 latency No. of Blinks

Vigilance (through

fuzzy rule-base)

Mean S. D. Mean S. D. Mean S. D. Mean S. D. Mean S. D. Mean S. D.

P1 -1.9829 0.57424 139.1 14.186 14.37 5.07304 432.1 90.5239 10.3 6.51579 9.175 1.675186557

P2 -2.834 0.7396 117.3 9.28858 13.4 4.15711 385.3 97.7561 15.2 6.97296 8.04 2.005797154

P3 -4.1458 0.84732 121 15.6261 10.61 4.49522 402.3 82.4673 10.1 4.7481 9.855 0.0831665

P4 -3.4742 1.44458 142.2 19.0734 8.437 5.44178 384.4 68.0988 13.5 6.8678 8.355 2.634646297

P5 -3.7026 1.07791 128.9 22.1734 11.92 3.59605 385.2 49.6765 15.4 8.14043 7.205 3.156866414

P6 -2.384 1.26757 121.5 22.3937 9.941 3.70311 400 43.3823 2.9 6.77331 8.805 2.620586236

P7 -4.2045 3.71946 131.3 23.7655 8.717 3.09416 405.5 79.7056 3.2 2.65832 9.94 0.065828059

P8 -2.8605 1.46003 153 21.5989 6.733 2.27298 412.2 102.837 14.7 6.86456 7.255 3.13035763

P9 -3.68748 1.44836 143.8 20.5755 11.73 2.9064 353.1 54.2341 4.8 2.52982 9.225 2.380738681

P10 -2.23856 0.94677 125.8 24.5457 14.03 4.48668 389.9 88.66 19 10.8115 8.005 2.01445471

Table 5: Fuzzy vigilance calculation of Phase II experiment

Phase II Clock Test (10 minutes)

Participant
N100 amplitude N100 latency P300 amplitude P300 latency No. of Blinks

Vigilance (through

fuzzy rule-base)

Mean S. D. Mean S. D. Mean S. D. Mean S. D. Mean S. D. Mean S. D.

P1 -3.1198 1.6518 151.6 8.94164 17.78 8.77905 396.9 70.6531 9.6 7.19722 8 3.116287856

P2 -2.62504 2.13999 123.5 37.2058 20.67 7.87324 403.1 110.419 10.2 8.25833 8.4 3.354660937

P3 -3.7002 1.49647 140.6 19.9254 9.425 4.64824 465.6 88.4832 21.4 9.93982 7.07 1.664932431

P4 -4.1648 1.61156 136.7 30.525 8.784 1.15045 450 52.0011 8 5.52268 7.83 3.322009934

P5 -3.2872 0.92644 129.7 20.3725 13.55 2.80776 385.9 69.3685 14.8 4.91935 9.11 1.74119212

P6 -2.6282 1.27052 126.6 16.91 9.825 2.61004 365.6 72.3295 5.6 3.20936 9.99 0.02236068

P7 -4.1234 2.16166 153.1 26.839 10.07 4.59565 378.1 41.5647 5.6 4.66905 9.96 0.065192024

P8 -3.893 1.59709 128.1 27.4645 10.72 2.51113 389.1 76.2162 5.6 3.36155 8.6 1.857081043

P9 -3.407 2.08605 162.5 21.6784 14.09 6.2778 446.9 97.5062 7.6 4.39318 6.91 4.094722213

P10 -3.1252 2.32441 119.8 10.78 13.05 3.0376 401.6 51.3786 4.6 3.1305 8.43 3.45481548

< 50 percent c) moderate accuracy - if the value is > 50 and 6 80 percent and d) high

accuracy - if the value is > 80 and 6 100 percent. The respective bands for vigilance

are already discussed in Section 3.7. The obtained values are tabulated for comparison

and can be seen in Table 6. It is clearly evident from Table 6 that the values obtained

from fuzzy model suitably mimic the accuracy, thereby vigilance in both phases of the
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Table 6: Comparison of vigilance with accuracy

Participant
20 minutes Clock Test 10 minutes Clock Test

Fuzzy Result

(numeric)

Fuzzy Vigilance

Level

Clock Test

Accuracy (%)

Accuracy

Level

Fuzzy Result

(numeric)

Fuzzy Vigilance

Level

Clock Test

Accuracy (%)

Accuracy

Level

P1 9.175 High 98.53043478 High 8 High 98.83861237 High

P2 8.04 High 91.10715836 High 8.4 High 93.28183203 High

P3 9.855 High 90.2249373 High 7.07 Moderate 79.41550758 Moderate

P4 8.355 High 93.3789222 High 7.83 Moderate 79.21559895 Moderate

P5 7.205 Moderate 97.23231964 High 9.11 High 100 High

P6 8.805 High 89.5006181 High 9.99 High 96.19246124 High

P7 9.94 High 88.17685928 High 9.96 High 90.40641873 High

P8 7.255 Moderate 79.75911231 Moderate 8.6 High 95.49763562 High

P9 9.225 High 94.20888276 High 6.91 Moderate 80.82084969 Moderate

P10 8.005 High 97.29157218 High 8.43 High 99.63636364 High

experiment. From the results shown in Table 6, it can also be observed that there is

only one instance in which the obtained fuzzy vigilance level differs from the achieved

accuracy of the participant, and found that the overall accuracy of our fuzzy model is

95 %. To search the reason behind 5 % inaccuracy, we observed the input parameters

of the concerned participant. We verified that the associated P300 latency with the

participant was quite high, due to which the fuzzy rule-base system resulted in low

vigilance value for the participant.

5. Conclusion

This paper presented a new vigilance estimation method using EEG signals, recorded

with the help of Emotiv Epoc+, and fuzzy rule-base. Through this work we achieved

multiple objectives: First, we analysed the mood and stress level of each participant

with the help of subjective analysis; Second, we extracted ERPs (N100 and P300) and

eye blinks from the recorded EEG signals and established the correlation between the

ERPs, eye blinks and vigilance; Third, with the help of our proposed fuzzy logic we

increased the credibility of the vigilance estimation, which in earlier works used to be

mostly qualitative due to the uncertainty in the EEG signal classification and indicated

mere presence or absence; Fourth, we validated the performance of our proposed fuzzy

model against the target detection accuracy and found that the average estimation

accuracy of our fuzzy model is 95%.

According to the results obtained, we judged that the proposed fuzzy vigilance

estimation method performs effectively with EEG signals and can be regarded to be

as good as an expert’s opinion. Hence, the method can be instrumental to predict an

individual’s vigilance in real-time.
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