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Abstract. Driver’s distraction, inattention, sleepiness, stress, etc. are identified
as causal factors of vehicle crashes and accidents. Today, we know that phys-
iological signals are convenient and reliable measures of driver’s impairments.
Heterogeneous sensors are generating vast amount of signals, which need to be
handled and analyzed in a big data scenario. Here, we propose a big data
analytics approach for driver state monitoring using heterogeneous data that are
coming from multiple sources, i.e., physiological signals along with vehicular
data and contextual information. These data are processed and analyzed to aware
impaired vehicle drivers.

1 Introduction

Automotive industries are devoting to develop autonomous vehicle, however, before
achieving that final goal [1], we have to rely on human drivers. Hence, driver state
monitoring in terms of distraction, cognitive load, sleepiness, stress, etc. is essential in
the transportation research area. These states are identified as causal factors of critical
situations that can lead to road accidents and vehicle crashes. These driver impairments
need to be detected and predicted in order to reduce critical situations and road accidents.

In the past years, physiological signals along with vehicular data and contextual
information have become conventional measures in driver impairment research.
Physiological sensors signals, i.e., Electrooculogram (EOG), Electroencephalogram
(EEG), Electromyography (EMG), Electrogastrogram (EGG), etc. become the part of
big data biological process that are both structural and non-structural, and complex to
analyze. Furthermore, vehicular data, e.g., steering wheel movement, lateral position,
break, etc. and contextual data such as driving experience, time of driving, road con-
dition, etc. are also vital measures of driver’s impairments. Besides, in real-time sce-
nario, it requires a trade-off among resources, for handling the stream of sensor data [2].
Moreover, the advancement of technologies such as Internet, cloud computing, sensors,
and wireless networks consequential of generating huge amounts of data stream. Big
data analytics is the process that extract useful geometric and statistical pattern, retrieve
knowledge, and use for decision making by analyzing and understanding the features
of the massive dataset [3, 4]. The challenges in the big data analytics are to manage,
process and transform the extracted structured data [5]. Therefore, we propose a
multilayer approach for physiological big data analytics that can be used for vehicle
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driver monitoring; where usage of machine learning and reasoning with artificial
intelligence can facilitate the challenging tasks of big data analytics [6].

2 Approaches and Methods

A schematic diagram of big data analytics for drivers’ state monitoring, is shown in
Fig. 1. The first layer is the outlier detection and data cleaning layer. Sensor signals can
often be contaminated with noises and need to be cleaned before analyzing. For
example, EEG signals have gained increasing interest in mobile environments [7] such
as vehicle driving, however often contaminated by ocular and muscle artifacts. We
have developed a fully automated EEG artifacts handling algorithm called ARTE
(Automated aRTifacts handling in mobile EEG) [8]. ECG can be cleaned using existing
methods [9]. The next layer processes and creates structural data from the cleaned
signals. Vehicular and physiological signals are time synchronized and resampled;
categorical and quantitative information are retrieved and formatted from contextual
information. Later, features are extracted from all kinds of data and signals, and stored
for the data analytics.

The core module of this approach is the analytics platform. The analytics platform is
the combination of several sub-modules, i.e., decision-making, multimodal decision
support, data analytics, predictive analytics, and context-based reasoning. Decision-
making and data analytics can be achieved using statistical analysis, machine-learning
algorithms. Data mining and machine learning tools and methods can retrieve hidden
patterns in the data and also can be used for knowledge discovery [10, 11]. Deep learning
based approach will provide classification and prediction from the data. Case-based
decision-making is one possible use for the decision-making where previous decision
come useful and will be integrated with the multimodal decision support module.
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Fig. 1. Schematic diagram of proposed system
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3 Discussion

Impaired driving due to driver’s mental states, i.e., sleepiness, inattention, cognitive
load, stress, etc. are one of the main researches of Safety driving in the transportation
authorities and automotive industries. Most of the studies of driver’s state monitoring
are based on a single parameter, e.g., heart rate variability, eye tracking, or EEG signal
analysis. Moreover, now a day because of the sensors availability, cloud computing,
and IoT, datasets become huge in volume and also consist of a large variety in char-
acteristics, and data are gathered with high velocity. In our study, we have considered
multimodal approach, where several physiological signals, along with contextual
information and vehicular data can be used to classify driver’s state in real time. Using
adaptable artificial intelligence and machine learning algorithms, knowledge repre-
sentation, reasoning, and information retrieval can be handier and precise. Here, several
sub-modules are combined within the analytics platform, using various machine
learning algorithms that can provide constructive awareness to the impaired drivers.
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