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This paper considers the system of monitoring a driver behind the wheel of a car. The main
goal is to implement a system using methods of object detection and monitoring in the video data
stream, which will work in real-time and will use low computing power and low power
consumption for data processing. The system model consists of two parts: the selection of eye
landmarks and the use of the Naive Bayes classifier to determine the driver's behavior on signs of
fatigue, falling asleep, and distraction while driving.
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Introduction

Every day the car development progress is growing. There are even cars that have an
automatic control system, provided that the road meets the standards. In addition, systems are
being developed that monitor the road and notify a driver in case of danger. However, all
modern road tracking technologies are available only in new cars that appear on the market.

Also, every day the number of car accidents increases due to drowsiness of a driver or his
distraction while driving. According to statistics, the less a driver sleeps, the greater the risk of
an accident. According to researchers, severe sleep deprivation reduces attention and
concentration as well as alcohol.

The figures are really impressive: if a person slept for 6 hours - the risk of an accident
increases 1.3 times; 5-6 hours — almost twice; 4-5 hours — 4.3 times. And if the driver slept less
than 4 hours a night before the trip - the probability of an accident increases by 11.5 times.

In 2005, American researchers conducted a study by the National Sleep Foundation,
according to which about 168 million adults (60% of all motorists) got behind the wheel
sleepy, and a third of them fell asleep while driving. At the same time, for 13% of them this
situation occurs regularly, and about 11 million drivers were involved in accidents due to
fatigue and lack of concentration [7].

This paper considers the approach to solving this problem based on the observation of a
driver's behavior while driving.

Each car has a rearview mirror. The idea is to replace this mirror with a smart mirror,
which will monitor a driver's behavior through video surveillance and report it in case of
danger in the form of audio messages. In addition, the mirror will be able to interact with the
car's multimedia, which will give access to the car's audio output. Of course, these are only the
initial capabilities of the prototype, which will be developed in the process of research and
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implementation. The main condition is that the data processing must be performed in real-time,
and the monitoring model will run on a low-power microcomputer.

Model overview and experiments

Since the monitoring model will run on a low-power microcomputer, the model should
have simple and fast data processing techniques.

The model consists of eye landmark recognition, eye closing and blinking monitoring,
and inattention monitoring (fig. 1).
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Fig. 1. Driver monitoring system architecture

In real-time, the system takes an image frame from the video stream and performs facial
landmark recognition. The modified Histogram of Oriented Gradients method in combination
with the Linear SVM method is used to recognize the landmarks of facial elements [1, 9]. This
method of facial landmark recognition is implemented in the Dlib library. Dlib is a modern
C++ toolkit containing machine learning algorithms and tools for creating complex software in
C++ to solve real world problems [2]. Dlib's open source licensing allows you to use it in any
application, free of charge.

The face landmark detector, implemented in the dlib library, returns 68 (X, y) coordinates
that reflect specific facial structures. The detector model is trained in the iBUG 300-W dataset
[3], this model can be retrained if necessary.

The face landmark detector data (fig. 2):

= mouth - [48, 68];
right eyebrow — [17, 22];
left eyebrow — [22, 27];
right eye — [36, 42];
left eye — [42, 48];
nose — [27, 35];
jaw — [0, 17].
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Fig. 2. 68 (x, y) coordinates that reflect specific facial structures

The main element of the face for monitoring is the eyes. Recognizing the eye positions,
each eye is described by six coordinates in two-dimensional (2D) space (fig. 3).

Fig. 3. The result of eye landmark recognition: open and closed eye

In order to detect a condition of the open or closed eye, we perform the calculation of the
eye aspect ratio (EAR) between the height and width of the eye (1) [8]:
AR = P2 = Pell+1I P —ps Il "
2 ” P.— Py ”

where P, P,,..., Pg are the 2D landmark coordinates, depicted in fig. 3.

Based on the eye aspect ratio, we can implement a classifier to predict the state of an open
or closed eye. To do this, we need to define a boundary for the separation of two classes (open
eye and closed eye). After the investigation, a limit was set that fluctuates within [0.25; 0.3]. In
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the morning driving, EAR for an open eye is greater than 0.25, in the evening — more than 0.3.
This behavior is observed because in the evening driving the area of an open eye is smaller
than in the morning due to the influence of less light and backlight cars [fig. 4, 5].
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Fig. 4. EAR in the evening

Usually, the blinking frequency in humans can be considered unchanged if there are no
external influencing factors. Accordingly, blinking often increases during long-term travel,
which should be considered as a trigger for an early sleep.

The next monitoring factor is the monitoring of driver inattention while driving. Driver
inattention is long glances in the side, sleep, use of smartphones or other devices while driving,
and so on.
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Fig. 5. EAR in the morning

The object of observation is the eye positions in two-dimensional spaces (X, y). Because
there are limitations in computing power, a simple and fast method of machine learning
classification is used — Naive Bayes classifiers.
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Naive Bayes classifiers are built on Bayesian classification methods. These rely on
Bayes's theorem, which is an equation describing the relationship of conditional probabilities
of statistical quantities. In Bayesian classification, we're interested in finding the probability of
a label given some observed features, which we can write as P(L | features). Bayes's theorem
tells us how to express this in terms of quantities we can compute more directly (2):

P( features | L)P(L)
P( features)

P(L | features) = 2

If we are trying to decide between two labels (let's call them L; and L) then one way to
make this decision is to compute the ratio of the posterior probabilities for each label (3):

P(L, | features)  P(features|L,)P(L,)
P(L, | features) P(features|L,)P(L,)

®)

Now we need a model by which we can compute P(features | L) for each label. Such a
model is called a generative model because it specifies the hypothetical random process that
generates the data. Specifying this generative model for each label is the main piece of the
training of such a Bayesian classifier. The general version of such a training step is a very
difficult task, but we can make it simpler through the use of some simplifying assumptions
about the form of this model.

This is where the "naive” in "naive Bayes" comes in: if we make very naive assumptions
about the generative model for each label, we can find a rough approximation of the generative
model for each class, and then proceed with the Bayesian classification [4, 5].

We used Gaussian naive Bayesian classifier. In this classifier, the assumption is that data
from each label is drawn from a simple Gaussian distribution. One extremely fast way to create
a simple model is to assume that the data is described by a Gaussian distribution with no
covariance between dimensions. This model can be fit by simply finding the mean and
standard deviation of the points within each label, which is all you need to define such a
distribution [5, 6].

Figure 6 shows the results of the Gaussian naive Bayesian classifier. Where the circles
reflect the probability levels of the point to the cluster center. According to the probabilistic
prediction, we can monitor the events of the driver's inattention, if his eye positions are outside
the confidence interval.
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Fig. 6. The result of the Gaussian naive Bayesian classifier
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Testing of the monitoring system

According to the described researches, the Driver behavior system was implemented.
Figures 7, 8 show the results of the system in the morning and evening. The implemented
system is a concept of the future system, which shows the possibility of research development.

Inattention: O Inattention: O EAR: 0.09 Inattention: 5
Blinks: O Blinks: 4 Blinks: 4

Fig. 7. Testing system in the morning time

Fig. 8. Testing system in the evening time



Andriian V. Rybak 67
ISSN 2224-087X. Electronics and information technologies. 2021. Issue 16

Data Security

The system only works offline. That is, everything works locally on the device you use,
similar to Face ID technology, where all data is processed on the device itself to ensure
maximum data processing speed and security.

In addition, each frame from the video stream is processed to find a person's face and its
elements (eyes, nose, ears, lips and chin), then the system uses only positioning in 2D space of
face elements as (x; y). No data from the camera is stored. Warning statistics are stored only
locally on the device and only with the driver's consent. The driver can prohibit the collection
of statistics or delete the entire history if permission has been granted to record events.

Conclusion

In our study, we have shown an approach to identifying the special features of the object
of observation and the classification of features to recognize the driver's behavior while
driving. Methods for monitoring eye-opening / closing based on eye aspect ratio and
inattention monitoring using the Naive Bayesian classifier were considered. The results of the
system of monitoring a driver's behavior behind the wheel of the car are given. The
implemented system is a concept of the future system, which shows the possibility of research
development and a feature of such a system is its work in offline mode. In the next article, we
will look at a detailed overview of how the system works on a low-power microcomputer in
offline mode.
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B wiii poOOTi pO3TISAIAETHCS CUCTEMA CIIOCTEPEKEHHS 3a MOBEIIHKOIO BOJIis, IKUI TIepeOyBae
3a KepMOM aBTOMOOITsE. OCHOBHOIO METOIO € peaji3amis CHCTEMH 3 BHKOPHCTaHHSIM METOIIB
JIeTEeKLiT Ta MOHITOPUHT'Y 00’ €KTIB y Bi/IeO IMOTOL JaHUX, sIKa Oyze MpaIfoBaTH Y peaJbHOMY daci
3 BUKOPHCTaHHSIM Mayoi OOYHCIIIOBAJIBHOI MOTYXHOCTI Ta HHU3BKOTO €HEPrOCIIOXKHMBAHHS IS
00pOOKH TaHUX.

VY KO’)XKHOMY aBTO € J3epKajo 3aJHbOro OadeHHs. [neero € 3aMiHa [bOTo A3epKaia Ha pO3yMHe
I3epKano, ske Oyle BUKOHYBAaTH MOHITOPHHI IIOBEIIHKH BOJisl 3a JOMOMOTOIO Bifeo-
CIIOCTEPEKEHHS Ta MOBIIOMIIATH HOTO Yy pasi HeGe3neku y Gopmari 3ByKOBUX MOBigoMIIeHb. Kpim
LBOTO, J3epKayio Oyae MaTH MOMIIMBICTh B3a€MOIii 3 MYJIBTUMEII€I0 aBTOMOOLIA, IO JacTh
MOJKJIMBICTh [JOCTYIY 1O ayJio-BHXOIY aBTO YHM BHUKOPHCTaHHSA IHIMIMX (PYHKIIOHATBHUX
KOMIIOHCHTIB aBTO, MI00 BYAaCHO TMOBIJOMHUTH BOMdiS NpO HeOe3nmeky 1 3abes3medyBaTu
(YHKIIOHYBaHHSI CHCTEMH TLIBKH ITiJ1 4ac pyxy aBTo.

Cucrema Tmpalioe TITbKM B aBTOHOMHOMY peXHMi, TOOTO BCe IpaIfoe JIOKAJbHO Ha
MaJIONOTY>KHOMY MIKPOKOMIT'IOTepi i BCi JaHi 3 KaMepH OOpOOJIAIOTHCS HAa CaMOMY IPHCTPOI,
o6 3a0e3neynTH MakCHMallbHY MIBHAKICTE OOpoOKHM MaHWX Ta ix Oe3meky. 3okpema, IaHi 3
KaMepu He 30epiraroTbcs, a CTATUCTUKA MOMEpPEIKECHb 30epiraeThCs TUTBKHA JIOKATBHO Ha
MPUCTPOT 1 TUTBKH 32 3r0I0I0 BOJIS.

Moienb CHCTEMHU CKIIAJa€ThCs 3 ABOX YACTHH: BHIUICHHS OPIEHTHPY O4Yel Ta 3aCTOCYBaHHS
Naive Bayes knacudikaropa s BU3HAUCHHS MOBEIIHKH BOJIisl HA O3HAKH CTOMJICHHS, 3aCHHAHHS
Ta BiJIBOJIIKAHHS TIiJl Yac BOJAIHHA aBTOMOOiNs. PeanmizoBaHa cucteMa € KOHIICTIII€0 MallOyTHBOT
CHCTEMH, sIKa NOKa3ye MOJXKJIMBICTH PO3BUTKY NOCII/DKEHb i OCOONHMBICTIO Takoi CHCTEMH € ii
(YHKIIOHYBaHHSI B aBTOHOMHOMY PEXHMI.

Kniouogi cnoga: posnizHaBaHHs 00’ €KTIiB, OpIEHTHPH OOJINYYS CIIBBITHOIIEHHS CTOPIH OYeii,
Naive Bayes xnacucdikarop, 6e3neka 1aHuX.
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