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Abstract 
Drowsiness has been one of the leading causes of injuries or fatalities in vehicle accidents. 
Therefore, in this research work, it is proposed to develop an adaptive heavy vehicle driver 
fatigue and alertness model based on EEG frequency bands by combining signal processing 
algorithms and soft computing techniques such as Neuro-fuzzy algorithm to estimate the 
driver cognitive state while driving a vehicle in a virtual reality (VR)-based dynamic simulator 
under monotonous driving environment. Thus in this research, it is proposed to minimize the 
number of features using soft computing techniques and classification using non-linear 
supervised classification algorithms. The proposed adaptive model identifies the 
discrimination between the driver's level of fatigue by recognizing whether the driver is 
fatigue due to task-induced factors or attitude/behaviour using the brain responses, then the 
level of fatigue is related with sleepiness (i.e. level of alertness towards driving). Further, the 
adaptive model can be utilized to alert drivers and regulators in optimizing the properties of 
the interface systems in identifying potential catastrophe. The proposed system alerts the 
driver during fatigue/drowsiness according to the recognition of cognitive state and produce 
the fatigue index and level of alertness. The proposed system also helps the driver to be more 
attentive and intuitive to prevent from fatal road accidents. 
Keywords: BCI, EEG, Drowsiness, VR, Neuro-fuzzy Algorithm 
 
Introduction  
Fatigue, sleepiness and stress while driving are common among the heavy vehicle and car 
drivers in Malaysia, with various possible causes: acute and chronic sleep deprivation, driving 
the vehicle for long hours and at different driving patterns, irregular schedule changes, and 
sleep disorders due to the driver’s working conditions, especially at monotonous driving 
environment (Al-Sultan, Al-Bayatti, & Zedan, 2013; Fai, 2015).  
 

Driving a vehicle under the influences of fatigue/drowsiness will cause longer 
response time, vigilance reduction and deficits in communication and information processing, 
which may lead to higher risk of collision and lacks correctness in decision-making, especially 
at high speeds. Statistics on fatal or injury-causing traffic accidents by Malaysian Institute of 
Road Safety Research (MIROS) shows that the death-to-population ratio stands at 23.8 to 
100,000 Malaysian people, 80 % of fatal accidents are due to human errors (Mustafa, 2015). 
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The available technologies for monitoring the driver’s cognitive state are still in its 
infancy and the knowledge of understanding government policies (JPJ, PDRM, JKJR, MIROS, 
JKR) focusing on 4E (Engineering, Enforcement, Education and Environment) and vehicle 
manufacturer’s strategies are yet not sufficient to prevent from fatal road accidents 
(Jonathan, 2015).  

In recent years, a variety of methods and approaches have been proposed by 
researchers for detecting driver fatigue/drowsiness based on eye movements, head 
movements and bio signals. Among the various psychophysiological based approaches as 
indicative measure, EEG perhaps being the most promising indicators of driver fatigue. 
However, there are some challenges in developing EEG based driver alertness systems, which 
include, lack of significant index for detecting fatigue and pervasive noise interferences while 
acquiring the EEG signals in a realistic and dynamic driving environment (Liang et al., 2005).  

Furthermore, driver fatigue may also due to task-induced factors such as high density 
of traffic, body posture and under exposure to vibration and noise that may not relate with 
sleepiness. At present, there is no adaptive model to discriminate the correlation between 
the physical and cognitive consequences of fatigue that relates with driver alertness. Hence, 
it is necessary to develop an adaptive driver fatigue identification model considering various 
environmental and behavioral aspects of the driver and evaluate the level of alertness 
(Touryan et al., 2016).  

The Event-related potentials (ERP) observed from the drivers can be used to identify 
the cognitive state and fatigue index that may improve the driver’s performance capacity and 
prevents from catastrophic incident. However, there are limited information on the 
correlation between driver fatigues due to task-induced factors and attitude/behaviour. 
Therefore, understanding the psychology of fatigue may lead to better fatigue-alertness 
model (Yang, Lin, & Bhattacharya, 2010).  
 
Literature Review 

Heavy vehicles (E-class license) driver fatigue is a major exogenous cause of road 
accidents and has implications for Malaysian road safety (Lal, Craig, Boord, Kirkup, & Nguyen, 
2003; Mustafa, 2015). Statistics on fatal road accidents by Malaysian Institute of Road Safety 
Research (MIROS) shows that the death-to-population ratio stands at 23.8 to 100,000 people 
(10.3 % (lorry) and 1.59 % (Bus)), compared to the world average of 18 to 100,000 people, 
human errors being 80 % (Jonathan, 2015). The major aspect that causes human errors are 
fatigue or drowsiness due to personality and temperament, lack of sleep, consumption of 
alcohol, long driving hours and driving patterns such as driving at midnight, early dawn, mid-
afternoon hours and especially in the monotonous driving environment, personality and 
temperament may also influence fatigue (Stern, Boyer, & Schroeder, 1994; Wang & Wets, 
2013). Therefore, preventing such catastrophic accidents is thus a major focus of government 
policies, vehicle manufactures strategies and research efforts in the field of automotive and 
safety research(Charbonnier, Roy, Bonnet, & Campagne, 2016; Mustafa, 2015; Wang & Wets, 
2013). 

In recent years, there are number of techniques and approaches that have been 
proposed to recognize vigilance changes in the past such as physical changes during fatigue 
and measuring physiological changes of drivers, such as eye activity measurement, heart beat 
rate, skin electric potential, and especially, brain wave activities as a means of detecting the 
cognitive states (Al-Sultan et al., 2013; Lee & Chung, 2012; Liang et al., 2005). Therefore, 
monitoring EEG signals during driver fatigue may be a promising variable for use in 
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fatigue/drowsiness countermeasure systems. EEG based identification of alertness levels 
have the advantages in making accurate and quantitative assessment and relatively shorter 
one to track second-to-second fluctuations in the driver’s performance.  

However, EEG based monitoring fatigue and evaluating the significant index level are 
still in its infancy and there are lot to explore such as the EEG frequency spindles correlates 
of fatigue and drowsiness, as well as to evaluate what extent these cognitive-state related 
EEG activities can be efficiently incorporated into a real-time fatigue monitoring system 
(Charbonnier et al., 2016; Johnson et al., 2011; Lal et al., 2003; Touryan et al., 2016). Also, 
there are challenges in processing the EEG signals, which contains pervasive noise 
interferences while recording the brain responses in a realistic and dynamic driving 
environment (Yang et al., 2010).  

Therefore, in this research work, it is proposed to develop an adaptive heavy vehicle 
driver fatigue and alertness model based on EEG frequency bands by combining signal 
processing algorithms and soft computing techniques such as Neuro-fuzzy algorithm to 
estimate the driver cognitive state while driving a vehicle in a virtual reality (VR)-based 
dynamic simulator under monotonous driving environment. To minimize the computational 
time, the features used for modelling should be minimal. Thus in this research, it is proposed 
to minimize the number of features using soft computing techniques and classification using 
non-linear supervised classification algorithms. The proposed adaptive model identifies the 
discrimination between the driver's level of fatigue by recognizing whether the driver is 
fatigue due to task-induced factors or attitude/behaviour using the brain responses, then the 
level of fatigue is related with sleepiness (i.e. level of alertness towards driving).  
 
Methodology 

The following are the methods to produce adaptive heavy vehicle fatigue and alertness. 
EEG signals and Neuro-fuzzy are used to estimate the driver's condition while using the driving 
simulator. Figure 1.0 is a flow chart regarding the formulation of the methodology performed 
 
Development of a Virtual Reality Driving Simulator 
The development of VR based driving simulation requires broad areas of knowledge and 
learning. Further, the placement of electrodes for the EEG acqusition corresponding to the 
cognitive state involves different experimental observations. 
 
Selection of EEG Electrodes, Subjects and Data Acqusition Methods 
Based on the literature, the placement of electrodes for the EEG acquisition corresponding to 
the cognitive state involves different experimental observations. Based on the number of 
channels chosen for the experiment, the EEG data acqusition methods have to be chosen. 
Subjects chosen for this study have to be from similar age groups. 
 
Protocol Development for VR based Driving Experiment 
An EEG data acquisition protocol have to be developed to capture the brain activity while the 
subject is drives the VR based driving simulator. The subjects have to be given unlimited 
access to practice the driving simulator and to be checked for health issues, smoking and 
alcohol consumption before the experiment. The protocol scenario has to involve real life 
simulations like, lane deviation, parking, driving up hill and driving in dark. Data validation 
protocols have to developed for validating the recorded EEG signals. 
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Algorithm Development for Feature Extraction 
The recorded EEG signals have to be pre-processed to remove artefacts and extract features 
corresponding to the nature of the activity. The feature extraction algorithms have to be 
applied upon the EEG samples to produce different data sets.  
 
Model Developement for Prediction of the Driver Drowsiness 
A generalized model have to be developed based on deep learning neural network to predict 
the drowsiness of the driver. The dataset prepared fom the feature extraction process has to 
be verified and validated for misssing or ourliers. Prominent features will be extracted from 
the dataset using feature selection and optimization algorithms. Then the datasets generated 
from the EEG signals during the VR based driving experiment have to be mapped with the 
corresponding drowsiness index 
 
Testing, Validation and Hardware Development 
The developed models have to be validated against the validation dataset for accuracy. A 
microcontroller based hardware setup has to be developed to demonstrate the working 
model of the developed prediction model. 
 

 
 
 

1.0  A flowchart to show the methodology operation steps of Brain Signal Based Driver 
Drowsiness Prediction. 

 
Conclusion 

The adaptive model can be utilized to alert drivers and regulators in optimizing the 
properties of the interface systems in identifying potential catastrophe. The proposed system 
alerts the driver during fatigue/drowsiness according to the recognition of cognitive state and 
produce the fatigue index and level of alertness. The proposed system also helps the driver 
to be more attentive and intuitive to prevent from fatal road accidents. 
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