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Abstract

Drowsiness is feeling abnormally sleepy or tired. Driving is a complex
psychomotor skill. Fatality rates rise as driver becomes drowsy. NHTSA
accounted 91,000 motor vehicle crashes have occurred due to drowsy driving
till 2017 and drowsy drivers cause 17% accidents with fatality. The IoT tech-
nology offers unprecedented opportunities to interconnect human beings as
well as facilitate Machine-to-Machine (M2M) communication. The sensors
and network allow all things to communicate directly with each other to share
information and allow us to have an instrumented system where accurate data
is readily available to make an informed optimal decision. This paper presents
one such practical system for detecting drowsiness of drivers. Consequently,
a system such as the one presented here can be of immense applicability in
reducing the fatality rate due to traffic accidents. Usually, IoT applications,
such as the one presented here, collect enormous quantity of data from the
sensors and extract some sensible output, possibly using a pattern recognition
algorithm. This is where Machine Learning, a branch of study under artificial
intelligence, is employed. This paper presents the implementation of a system
for detecting when a driver feels drowsy and sound an alarm to alert and
discusses the machine learning approach adopted and the use of cloud for
processing data.
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1 Introduction

A drowsy driver operates a vehicle with reduced efficiency and thereby
increases the risk of fatal accidents. Drowsiness is feeling abnormally sleepy
or tired [1]. Driving is a complex psychomotor skill [2]. 17% fatal accidents
are caused by drowsy drivers [3]. The extent to which a driver is drowsy can
be evaluated by three methods – vehicle-based, behavioural and physiological
responses [4]. Human body exhibits some prominent physiological reactions
while feeling drowsy. These can be monitored using any of the non-image
based methods such as Electrocardiogram (ECG), Electrooculogram (EOG),
Electroencephalogram (EEG), Electromyogram (EMG) and Photoplethysy-
mography (PPG) [5]. Heartbeat rate changes when one is drowsy and can
be sensed using ECG. The biofeedback signal generated from the potential
of electric field between cornea and retina is analysed is EOG. EEG records
brain waves, which can be searched for patterns induced by drowsiness. PPG
is the measure of changes in the vasomotor tone in the extremities. Trans-
ducers have been implemented that successfully detect drowsiness. Some
image processing based drowsiness detection schemes measure the blinking
frequency and detect the yawning of a driver. Infrared Light photodetector,
mounted onto wearable glasses, are also used as a non-image based system to
detect blinking using specially fabricated IR receivers having a bandwidth of
approximately 80 nm [6]. The system functions accurate only if it is mounted
onto spectacles. But, at a commercial level, these systems do not function
well as they obstruct the drivers’ vision. Automobile makers such as Ford,
Toyota, Volvo, Mercedes-Benz and Volkswagen have their own system to
alert the driver when feeling drowsy. The system comprises of camera and
sensors mounted on the steering column. Every company had loopholes in
their system where external noise could trigger a false alarm. The noise could
be a bump along the road that triggers the system. We propose a robust system
with reduced cost and increased efficiency. The system is a combination of
two vital sensors – Camera and Accelerometer.

2 Ground Reality of Drowsy Driving

This section lists a number of statistics about drowsiness as documented by
the various safety boards and suggests precautionary measures. Several safety
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and transportation-related administrations in the United States of America
established the fatal nature of drowsiness in drivers.

National Highway Transport Safety Administration (NHTSA) reported
that drivers’ fatigue could have costly effects on safety, health and quality of
life and had resulted in 795 deaths in 2017 and 91,000 motor vehicle crashes
until 2017. The report also suggests a few suggestions on avoiding such fatal
accidents which include the tracking of sleep hygiene. Strategic planning
named Drowsy Driving and Research Program Plan has been enforced in
2016 with broader focus on the measurement and problem identification,
awareness and education, policy development, high-risk populations, vehicle
technology and infrastructure [7].

Center for Disease Control & Prevention (CDC) reports that drowsiness
is not only caused by inadequate sleep, but also by untreated sleep disor-
ders, medications, drinking alcohol or work shifts. Morbidity and Mortality
Weekly Report in 2013 showed the dominant features due to drowsiness are
slower reaction time, reduced attentiveness and inability to take appropriate
decisions. Signs of drowsy drivers include frequent blinking, yawning, drift-
ing from lane, missing a lane and hitting the rumble strip on the side of road.
Morbidity and Mortality Weekly Report in 2014 showed that those sleeping
for less than 6 hours or snoring while sleeping were likely to fell drowsy
and fall asleep while driving. Drowsiness in drivers plays a substantial role in
motor vehicle crashes [8–10].

Food & Drug Administration (FDA) in a report of 2018 stated that
medications affect a driver’s ability to drive safely. The medications products
which have shown such effects are prescription drugs for anxiety, some
antidepressants, some cold remedies and allergy product, sleeping pills, and
pain killers. More medication consumption increases the chance of affecting a
driver’s driving ability. The general side effects are sleepiness, blurred vision
or fainting [11, 12].

Federal Highway Administration (FHWA) published that encountering
rumble strips while driving serves as a wake-up call for drowsy drivers.
The run-off-road (ROR) crashes account for one third of all traffic fatalities
nationwide and two thirds of all traffic fatalities in rural areas. Therefore,
rumble strips beside the roads were implemented in an aim to reduce the
ROR crashes in half. In the state of Utah, a safety analysis was carried out
on fatigue and drowsy driving. A few countermeasures were recommended
for the critical corridors and more reliable measures should be developed
based on the further research and analysis of results from current deployed
systems [13, 14].
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Federal Motor Carrier Safety Administration (FMCSA) developed a
questionnaire on the knowledge of the test taker on drowsy driver which
is very essential for educating the drivers. The dynamics of the questions
included impact on vehicle safety and human safety when sleep is avoided.
The answers to questionnaire state the facts based on research conducted by
many. The subjectivity of the answers are removed based on actual research.
Their report published in 2015 documents tips on driving commercial motor
vehicle focusing on the driver fatigue. It provides highlights on recognis-
ing the signals and dangers of drowsiness, avoiding medication that induce
drowsiness, maintaining a healthy diet etc. [15, 16].

National Center on Sleep Disorders Research & Office of Prevention,
Education & Control, an integral unit of NIH, convened a strategic devel-
opment workshop on educating the youth about sleep and drowsy driving. It
was focused on the youth in educating the importance of sleep, dangers of
sleep deprivation and the dangers of drowsy driving. Awareness is the first
step to handle any mishap, which was the motto of this workshop [17].

National Institute for Occupational Safety and Health (NIOSH) released a
set of quick sleep tips for truck drivers. It highlighted the importance of sleep
from a health perspective as well as ensuring safety. The sleep environment
is also an essential factor since quality of sleep follows an inverse relation to
fatigue. Some pre sleep preparation tips have also been suggested for proper
and adequate sleep [18].

National Transportation Safety Board (NTSB) developed a safety forum
Awake, Alert and Alive whose objective is to overcome the dangers of drowsy
driving. It highlights the often overlooked problem of drowsy driving, its
prevalence and its effect on non-commercial vehicle safety. Features of a safe
driver are to be well awake and alert [19].

National Sleep Foundation raised the awareness by dedicating a week in
the month of November as a Drowsy Driving Prevention Week. It focuses
on the facts around Drowsy driving and trying to spread the importance
of proper sleep as well as suggest countermeasures. Safety is a mutual
responsibility where one’s wrong step leads to many unwanted collateral
damages [20].

Statistics can mislead a research. Just because a sample suggests a trend,
same cannot be always true about the entire population. The various admin-
istrations carried out their individual survey upon which this trend can be
verified and relied upon. They laid such concrete foundations and resources
to avoid fatal crashes. It highlights the fact that stressful life cannot be avoided
due to high work output demand by employees in their workplaces. Despite
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its impact on fatality rate, drowsiness of drivers continues to be a threat to
traffic safety. Therefore, there exists an urgent need to implement an active
warning system in vehicles to detect the drowsiness level of the drivers and
alert the drivers.

3 Literature Review

Researchers have explored drowsiness detection system extensively over
the years [21] to [26]. Drowsiness can very easily be misunderstood as
fatigue. While feeling tired corresponds to fatigue, finding it difficult to
keep awake corresponds to drowsiness. The extent to which one is drowsy
can be evaluated using three responses, namely – vehicle based, behavioural
based and physiological response. Vehicle based drowsiness can be measured
using metrics such as the rate of change of position of the vehicle within a
lane, drastic movements of steering wheel, or uneven exertion of pressure on
acceleration pedal. The deviation of these metrics from a threshold provides
a measure of drowsiness. Appropriate features must be extracted out of the
three signals generated by sensors. Techniques for feature extraction utilize
many statistical approaches whose accuracy depends on the availability of
large and accurate data sets.

Behavioural signs appear on the faces and in actions. They include
nodding of head, yawning, closing of eyes for longer period and rapid
blinking. Yawning is an involuntary behaviour characterized by wide opening
of mouths. Many features are extracted like degree of mouth openness, his-
togram of oriented gradients (HOGs) and local binary patterns (LBPs) [27].
Systems based on behavioural signs detect both hand-covered and uncovered
spontaneous yawns. By segregating the regions of a face into mouth region of
interest and eye region of interest, one can facilitate a system to distinguish
between yawning and speaking.

Physiological responses include activities from central nervous system,
autonomous nervous system and neuromuscules. They include EEG, EOG
and ECG, skin temperature, galvanic skin response and EMG respectively.

ECG signals give feedback upon key parameters that are very closely
related to drowsiness. Heart rate, respiration rate and heart rate variability are
amongst those parameters. A reduction of heart rate has been observed by
many researchers. Respiration rate is the frequency of breathing. Unanimous
observations are not available to suggest the trend but authors suggest a fall in
the frequency. A widely used parameter, heart rate variability, calculates the
variation in time interval between two consecutive heartbeats, also called R-R
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Interval. After many contradictions, research found that heart rate increases
with physical work load, but heart rate variation decreases [28].

Humans behaviour and gestures play an important role in drowsiness
estimation. Eye blink patterns are used in real time scenario to control the
android device which suggests a good pattern recognition technique [29].

EEGs are closely associated with vigilance, sleep and cognition.
Researchers have recommended classifying EEG signals into delta band,
theta band, alpha band and beta band which prove to be prominently activated
during drowsiness. Independent trails were conducted and concluded with
increment in all band power. EOG signal measures the potential between
cornea and retina. Parameters such as blink duration, blink frequency, blink
amplitude, PERCLOS, delay of lid reopening and eye ball movement could
be extracted with ease for drowsiness detection. These features are very
distinguishable in themselves to detect drowsiness but it is infeasible to place
sensors on drivers. EMG deals with muscle contraction, which shows a neg-
ative deviation in amplitude during fatigue. The disadvantage of this process
is that it is complex and random in nature, which is subject to structural and
biological properties of the muscle. The indications are prominent in nature
with EEG being the most accurate. Results are promising but, at a commercial
level, the feasibility is doubtful. Those sensors are intrusive and pose a threat
of interference to drivers.

Processing of signals or responses for pattern recognition is the primary
task of the system with accuracy and low latency, keeping the price low. The
multi-modal system proposed here removes the dependency upon a single
sensor and gathers a precise reading even if one component fails, thereby
helps to prevent fatal accidents.

Accelerometer has the capability to track acceleration change and gyro-
scopic changes in three dimensions. The generated data can be processed to
extract features about the motion. Researchers have formulated algorithms
that can extract driver response pattern.

Cluster Analysis is one of the methods used to detect the driving per-
formance using statistical parameters like standard deviation and mean of
velocity and steering angle. It is also integrated with horizontal and vertical
gaze location of eyes. Those driving responses are used to find the mental
workload during typical driving scenarios. Hierarchical clustering is specif-
ically used with extraction of change in variance in the cluster formed. It
directly relates to the safety-first driving.

Recent studies correlated acceleration pattern to cognitive and physical
health [30] of the drivers. The cause of variation is unclear between physical
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and cognitive health differences. Coefficient of variation (CoV) of accelera-
tion and jerk signal are the key parameters. Further, various categorization has
been done out of acceleration event into start velocity, change in velocity, final
velocity and change in heading. CoV segregated the older drivers from stable
healthy people and provide clinically relevant information. The information
ranges from better cognitive and better physical to worse of each respectively.

Reference [31] implements Naïve Bayesian based classifier using sta-
tistical increment for detecting abnormal driving behavior, which includes
sudden braking, lane-changing casually, quick turn, fast U-turn and long-time
parking. The technique utilizes data from GPS, accelerometer, orientation and
timestamp of android smartphone for above mentioned features extraction.
The technique achieves a precision that is 3% more than that of Support
Vector Machine (SVM), with the added advantage of reduced complexity.
The net accuracy turns out to be 98.40%, which is much higher than that of
SVM.

Roads may have obstructions or other temporary infrastructures possibly
due to road construction, repair, accidents, or environmental factors. Design-
ing algorithms for lane change detection under such practical situations may
be difficult. Median strip or central reservation detection [32] algorithm
has been used to detect the lane change, a classic example of image-based
approach. Results are promising but at the cost of increased complexity.

Commercial sensors in vehicles can be aggregated with many systems
to achieve accuracy. Intelligent Transport Systems suggest combinations of
accelerometer, gyroscope and Global Positioning Systems (GPS) for Inertial
Navigation Systems (INS) for determining vehicle’s position, orientation and
velocity [33].

4 Proposed Method

The proposed method is a multi-modal system that combines the input from
two kinds of sensors, non-image based and image-based. This reduces the
error and makes the system highly reliable. It requires more processing
power over the current commercial systems but the trade-off is worth the
preliminary results obtained. Algorithm features multiple classifiers which is
more reliable over single classifier. Its objective is to reduce the error and
make the system robust. The classifiers used are combinations of Extra Tree
Classifier, Random Forest, Logistic Regression, Stochastic Gradient Descent
and Support Vector Classifier. Use of many classifiers makes the system error
free and facilitates a meaningful classification of events using real time data
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from sensors. The accelerometer produces gyroscopic and acceleration data
that are then fed into the model. Finally, fast dynamic time warping with
combination of K-Nearest Neighbour is used as the principal classifier.

Tree classification for such prediction is introduced in the algorithm
since the computational cost of generating and using the tree is very low.
Consequently, the classification system can rapidly process data. Extra tree
and random forest are very similar to each other in their operation but vary in
two aspects – extra tree does not apply the bagging procedure to construct a
set of training samples for each tree and selects a node randomly by assigning
the variable index and variable splitting value randomly. Random tree prefers
to search the best split. Overall, they reduce the computational complexity
and increase the speed of processing. It is a non-parametric method that
requires less data cleaning.

Logistic Regression uses a very well-known function called Sigmoid
function that has range of 0 to 1 for a domain from −∞ to +∞. It has an
excellent squeezing property and facilitates accurate feature extraction from a
large dataset with ease. This kind of regression has proven to be very efficient
for multinomial cases where the probable outcomes are more than three.

Stochastic gradient descent is an iterative method of optimizing the objec-
tive function. Sample selection is carried out in shuffled manner to process
out information from the likelihood function. This method is preferred for
datasets that are rough and time varying signals. Sampling is carried out in
small batches, which proves to be computationally faster despite requiring
increased number of iterations.

Support Vector Classification is also introduced into the algorithm for
its low memory requirement and effectiveness in high dimensional spaces.
This method is very effective in classification than regression challenges. This
classifier extracts an appropriate hyper-plane amongst the datasets.

Dynamic time warping (DTW) is the method of finding similarity
between two time varying signals to extract features out of them. FastDTW
is a recursive implementation of the DTW by a multilevel approach of
coarsening, projection and refinement. A specific function has been dedicated
for trimming of insignificant data. Therefore, the combined results are very
appealing and accurate. The algorithm currently takes accelerometer data and
finds out the instances using various statistical approach.

The problem arises when datasets were needed to tune the machine
learning algorithm. Datasets were available for tuning the algorithm but
not compatible to the one presented in the paper. Thus, scientific dataset
generation session was carried out that was compatible as shown in Figure 1.
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Figure 1 Scientific experimentation for generation of training data set.

Various events such as lane change, acceleration, deceleration, braking and U-
turn were categorized and dataset for every event was generated and a sample
event comprising various events was generated and tested.

The image-based processing depends upon the eye aspect ratio (EAR).
Camera provides video at 24 frames per second. It is converted into greyscale
and then facial landmarks are detected. Out of those facial landmarks, the
positions of the eyes are detected with specific points of interest as stated
below. EAR is then calculated as per formula below. When the parameter
EAR falls below a threshold value, it is indicative that eyes are closed and
the duration of closure is calculated as shown in Figure 2. An audio-visual
alert system is activated upon closure of eyes for a specified duration. This
image-based system has been found to be very effective.

The overall algorithm collects data from the accelerometer in a matrix
composed of three-dimensional accelerometric values as well as gyroscopic
values sampled at the rate set by the sensor module and the data acquisition
system. This data in real time is minimised with dimensionality reduction
technique. It is then scaled such that the data does not mismatch with the
domain of any of the five classifiers. The data is then used to estimate
the type of movement in the vehicle that has been categorised earlier. The
estimators used are logistic regression, vector support classifier, stochastic
gradient descent classifier, extra tree classifier and random forest classifier.
On each of the classifications, the highest mean score among them is used
to infer the vehicular movement pattern. The eye aspect ratio, as explained
above, is considered with the vehicular movement pattern to detect the level
of drowsiness and accordingly activate the audio-visual alert unit. It thus



320 S. Karmakar and S. Mohan

Figure 2 Graphical implementation of the image based algorithm to detect E.Y.E.

Figure 3 Real time operation.

satisfies the multimodal strategy of this system.

EAR =
|p2− p6|+ |p3− p5|

2 ∗ |p1− p4|

5 Results and Conclusion

The image-based system issues an alert whenever the intended ratio falls
below a specific threshold. Figure 3 shows a snapshot of the system in
operation in real time.

The non-image based system was tuned using very limited datasets but
the results were very promising giving the accuracy up to 58%.

Figures 4 and 5 shows the various mean scores of the various classifiers
for a specific event. For a limited dataset, the outcomes of the classifiers
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Figure 4 Real time classification.

Figure 5 Classifier mean score.

Camera 

Accelerometer 

Raspberry Pi 

Cloud System 

Alert System  
Activation 

Figure 6 Model of the system.
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are very promising. This paper discusses an on-board processing approach.
The algorithm processing and decision making can be implemented in a
cloud and the on-board system could directly send the instances to cloud.
A brief model is shown in Figure 6. A cloud-based implementation can
simultaneously reduce the computational burden on the low-powered sensors
and processing units and increase prediction accuracy. Systems are available
as per the requirement which include reduced network latency which is very
essential in this system. A very extensive research about the architecture is
essential with very deep understanding of the pros and cons of the system.
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