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ABSTRACT

Since the advent of high-speed motorized vehicles drowsy driving accidents
haveclaimedthelivesofmillionsofpeopleacrosstheglobe.Withmoreresearchhappeningi
nadvancedhigh-speedengines,theriskofsuchaccidentshasincreasedten-fold  times.
To avoid such accidents, this paper proposes a Computer Vision-
basedsystemdrowsinesssystemformotorizedvehicleswithWebPushNotificationstonoti
fythedriverbeforeanyaccidentoccurs.Areal-
timevideosystemcapturesthefaceofthedriverandapre-
trainedmachinelearningmodeldetectstheeyeboundaries from that real-time video
stream. Then each eye is represented by 6 —coordinates (x,y) starting from the left
corner of the eye and then working
clockwisearoundtheeye.TheEAR(EarAspectRatio)iscalculatedfor20consecutivefram
es,which if less than a threshold sounds an alarm and sends an alert on your
mobiledevice through a Web Push Notification. The alert when opened also shows

somecoffeeshopsnear thedriver’s locationtoincreasethedriver’'salertness.



CHAPTER
NO:

TABLEOFCONTENTS

TITLE

ABSTRACT
LISTOFFIGURES
LISTOFABBREVIATIONS
INTRODUCTION

1.1 GENERAL

1.2 MOTIVATION

1.3 OUTLINEOFTHEPROJECT
1.3.1PROBLEMSTATEMENT
1.3.20BJCETIVEOFTHE PROJECT

LITERATURESURVEY

AIMANDSCOPEOFTHEPRESENTIN

VESTIGATION
31 AM

3.2 SCOPE

3.3 PROBLEMDEFENITION
3.4 EXISTINGSYSTEM

3.5 PROPOSEDSYSTEM

3.5.1ADVANTAGESOFPROPOSEDSYSTEM

EXPERIMENTAL METHODS OR

ALGORITHMUSED
41 ALGORITHM

4.2 ALGORITHMDESIGNANDDEVELOPMENT
4.2.1VIOLAJONESALGORITHMSTAGES

4.2.2 VIOLA-JONES FACE
DETECTIONALGORITHM

PAGENO

g wWw N DM N P P

~N o o o1 o1 o1 O

©o N NN


https://simple.wiktionary.org/wiki/i
https://simple.wiktionary.org/wiki/v
https://simple.wiktionary.org/w/index.php?title=vi&action=edit&redlink=1

4.3

4.4

4.5

4.6

4.7

4.8

4.2.3CASCADEOFCLASSIFIERS
ANALYSISANDTESTING
MODULES

4.4 1FACEDETECTION

4.4 2FACIALMAPPING

4.4 3EYEDETECTION

4.4 4DROWSINESSDETECTION
4.4 5ALARM
MACHINELEARNING

4.5.1K-MEANSALGORITHM

4.5.2NORMALORNAIVEBAYESCLASSIFIERAL

GORITHM

4.5.3DECISIONTREESALGORITHM
4.5.4BOOSTING
4.5.5RANDOMTREESALGORITHM

4.5.6FACEDETECTORALGORITHM

4.5.7 EXPECTATION MAXIMIZATION
(EM)ALGORITHM

4.5.8K-NEARESTNEIGHBOURS

4.5.9 NEURAL NETWORKS /
MULTILAYERPERCEPTRON(MLP)ALGORI
THM

4.5.10SUPPORTVECTORMACHINE(SVM)A
LGORITHM

SYSTEMARCHITECTURE
USECASEDIAGRAM
REQUIREMENT

4.8.1HARDWAREREQUIREMENT

11
11
12
12
13
15
16
16
17
17

17
17
18
18
18

18
19

19

19
20
20
20



4.8.2SOFTWAREREQUIREMENT
49 SOFTWAREDESCRIPTION

4.9.1 THEMATLABSYSTEM

4.9.2 DEVELOPMENTENVIRONMENTI
NTRODUCTION

4.9.3 MATLABAPPLICATION
410 IMAGEPROCESSINGTOOLBOX

RESULTSANDDISCUSSION
5.1 EXPERIMENTALRESULTS
5.2 LIMITATIONS
CONCLUSION

6.1 CONCLUSION

6.2 FUTUREENHANCEMENT
REFERENCES
APPENDICES
A.SOURCECODE

B.PUBLICATIONWITHPLAGIARISM
REPORT

21
21
21
21
21

22
23
23
26
27
27
28
29
30
30
35



FIGURE NO.

4.1
4.2
4.3
4.4
4.5
4.6

4.7
4.8

4.9
4.10
5.1
5.2

5.3
5.4

5.5
5.6
5.7
6.1

LISTOFFIGURES

FIGURENAME

HAARFEATUREUSEDINVIOLA-JONES
INTEGRALIMAGE
CASCADEOFCLASSIFIERS
FEATUREFOR FACEDETECTION
FACIAL LANDMARKSBYDIP

FACIALLANDMARKSSETWHICHISDETECTED
VIADIB
EYEASPECTRATIO

BLOCKDIAGRAMOFDROWSINESS
EVALUATORMODULEFORAVIDEOSEGMENT
SYSTEMARCHITECTURE

USECASEDIAGRAM
MATLABSNAP
COMMANDTODETECTEYES

COMMANDTODETECTMOUTH
CASCADEDETECTORSFORFACE,EACHEYE
ANDMOUTH

SAMPLEOUTPUT 1

SAMPLEOQUTPUT 2

ALERTNOTIFICATION

ACCURACY

PAGE.NO

10
11
12
13

15
16

19
20
23
24

24
24

25
25
25
27



LISTOFABBREVIATIONS

ABBREVIATIONS EXPANSION

DIP DIGITALIMAGEPROCESSING
ML MACHINELEARNING

DL DEEPLEARNING

EAR EYEASPECTRATIO

CVv COMPUTERVISION

PERCLOS PERCENTAGEOFEYECLOSURE
ANN ARTIFICIALNEURALNETWORKS
CNN CONVOLUTIONALNEURALNETWORKS
SVM SUPPORTVECTORMACHINE
EM EXPECTATIONMAXIMIZATION
MLP MULTILAYERPERCEPTRON
ECG ELECTROCARDIOGRAPHY

EEG ELECTROENCEPHALOGRAPHY

EOG ELECTROOCULOGRAPHY

Vi



CHAPTER

1INTRODUCTIO

N

1.1 GENERAL

Drowsy driving has become a serious issue in our society not only because
itaffects those who are driving, but also all other road users in danger. Accidents
dueto sleep deprivation is a common problem all around the world. According to
adatabase study conducted by the Australian Transport Bureau in 2002 about
fatalitycrashes it is found that 16.6% of fatal crashes were caused by sleep
deprivation
andbasedonthereportsubmittedbyMinistryofTransportationofOntarioin2004,25.5%o0finj
urycausingcrashesand17.8%ofcrasheswithfatalityrelatedtosleepdeprivation. All of the
above statistics is an estimate because in several cases thedrivers will not admit the
real cause to the Police. The aim of this project is to developa prototype for detecting
drowsiness called drowsiness detection system. The focuswill be placed on
designing a system that will accurately monitor the driver’s facialexpressions in real-
time. Our first challenge is how to define fatigue exactly and howto measure it.
Despite the progress of science, there is still no precise definition forfatigue.
Certainly, due to the lack of precise definition of fatigue, there is not anymeasurable
criterion or tool. However, a precise definition for fatigue is not definedyet, but there
is a relationship between fatigue and some symptoms including bodytemperature,
eye movement, heart rate. One of the most important symptoms offatigue appears in
the eye. This project helps drivers to get prevented from drasticaccidentsand the
lossof lifeandproperty canbesaved.

1.2 MOTIVATION
» Driver'ssafetyisanimportantfactorintoday’sgeneration.Accidentsoccurmainlybe

causeofagingfactor,fatigue, alcoholanddistraction.

+ TheU.S.NationalHighwayTrafficSafetyAdministrationhasreportedthatdriving

while drowsyisoneof thereasons behind roadaccidents.
1



« Based on the Ontario Ministry of Transportation’s Driver's Handbook,
drivers’abilitiesareaffectedbydrowsinessandfatiguelongbeforetheynoticethatthe

yare gettingtired.

« The above are therefore motivations to design and implement an

assistivemonitoringsystem inordertodetectdrivers’drowsinessandfatigue.

1.3 OUTLINEOFTHEPROJECT

The project is all about detecting drowsiness for drivers. This project helps the
driverto avoid accidents. We are using DIP technique for detecting the facial points. An
alarmisbeensetupsothatthedriverwakesup.Alarmisissuedwhenthedrivercloseshiseyefora

substantialamountoftime.Inthiscase,analarmisissuedandthedriverwakesup.

1.3.1 PROBLEMSTATEMENT

DesigningaprototypeDrowsinessDetectionSystemwhichwillfocusoncontinuously
and accurately monitoring the state of the driver’s eyes in real time tocheck whether
they are open or closed for more than a given period of time. Driver’'sinattention
might be the result of a lack of alerthess when driving due to
driverdrowsinessanddistraction.Driverdistractionoccurswhenanobjectoreventdrawsap
erson’sattentionawayfromthedrivingtask.Unlikedriverdistraction,driverdrowsinessinvol
vesnotriggeringeventbut,instead,ischaracterizedbyaprogressivewithdrawalofattentionf
romtheroadand
trafficdemands.Bothdriverdrowsinessanddistraction,however,mighthavethesameeffec
ts,thatisdecreaseddrivingperformance,longerreactiontime,andanincreasedriskofcrashi

nvolvement.

1.3.2 OBJECTIVEOFTHEPROJECT

Driver drowsiness detection is a car safety technology which spares the life of
thedriver by avoiding mishaps when the driver is getting languid. The framework

worksdisregardingdriverwearingdisplaysandindifferentlightingconditions.



CHAPTER

2LITERATUREREVIE

W

AccordingtotheSurveyonDriverDrowsinessDetectionSystem,thedetectionsysteminclude
s the processes of face image extraction, the human skin mapping, face
partextraction,classificationapproacheshasbeenusedtoreachtheobjectiveofthework.

Tunceretal.[1]proposedanassistantsystemtotrackalane,whichwillbeactivatedforthose

drivers who are not able to perform a good job of lane keeping. Another methodof face
detection based on locating facial features is developed by Graf et al. [2].thismethod
states that the morphological operations will be applied to find the areas
thathavehighintensitywithcertainshapes.InthedrowsinessdetectionmethodproposedbyPi
lutti et al, [3] driver assessment is determined in the context of a road

departurewarningandinterventionsystem.Thismethodstatesthatthevehiclelateral

positionisusedastheinputandsteeringwheelpositionastheoutputinordertodevelopa
system that will be updated during driving. Craw et al. [4] proposed the
followingmethod: the frontal view face is detected based on template matching. The

edgesextractedfrom Sobelfiltering willbegroupedtogethertolocatetheface.

The same procedure has to be repeated for finding other facial features such as
eyes,mouthandnoseinthecandidateface.Sigary,[5]proposedamethodforhypovigilancede

tectionbyprocessingoftheeyeregionandwithoutanexpliciteyedetectionstage.

Tabrizi and Zoroofi [6] proposed a non-intrusive and simple way of fatigue detection
bydeterminingwhethertheeyeisopenorclosed.Thealgorithmconsistofthreestepswhichwer
e analyzed, such as determining eye regions by eye map and locating pupil centerby
the center of mass of the eye region image and the refining the pupil center
anddetecting the iris boundary. Omidyeganeh et al. [7] used a method of fatigue
detectionbyapplyingtheStructuralSimilarityMeasuretofindtheeyelocation.Inthismethod,th
estructural similarity value will be evaluated between -1 and 1. When images are
thesame, the max gained value will be 1 and when there are some differences, the
resultwillbe-

1.Thenthehorizontalandverticalprojectionwillbeappliedontheeyeregiontodetermine  the
3



amount of eye closure and align the detected eye region. M.
SaradadeviandP.Bajaj,[8]propsedDriverFatigueDetectionUsingMouthandYawningAnaly

Sis,



IJCSNS International Journal of Computer Science and Network Security, vol. 8, no.

6,pp.183-188,June2008.

The robust and reliable method of face detection based on the Viola-Jones theory
hasbeenusedbyWangandShi[9]inordertolimitthemouthsearchareatothefaceregion. Them
outhregionislocatedbasedonmulti-thresholdbinarizationinintensityspaceandby using the
Gaussian model in RGB color space. The lip corner will be found bycalculating the
integral projection of the mouth in the vertical direction. The two lineswhich are running
through the lower and upper lip boundaries that is resulting from theintegral projection
which represents the mouth openness. In this method, the
yawningwillbedeterminedbyfindingthedegreeofmouthopeningintermsoftheaspectratiooft
hemouthboundingrectangle.Ahugemouthopeningoverapredefinedthresholdforacontinuo

usnumberofframesmeansthatthedriveris inastateofdrowsiness.

A. Cheng et. al. [10] described 'Driver Drowsiness Recognition Based on
ComputerVision Technology’. They presented an nonintrusive drowsiness recognition
methodusingeye-

trackingandimageprocessing.Robusteyedetectionalgorithmwasintroduced to address

the problems caused by changes in illumination and driverposture.



CHAPTERS3
AIMANDSCOPEOFTHEPRESENTINVESITGATION

3.1 AIM

The aim of our project is to design a system that will detect drowsiness and
takenecessarystepstoavoidaccidents.Thedriverdrowsinessdetectionsystem,whichisbe
en implemented in this project aims that it can easily be available and can be

usedwith different typesof vehicles.

3.2 SCOPE

e To automatically recognize the sleep and drowsiness of the driver and
itsdetection.

e Toanalyzethefocusofdriverwhiledriving.
e Todetermineconcentrationofdriverswhiledriving.
e Todetectwhetherthe cameraisfocusing properly andthe driver'sface.

e Toverifythedrowsiness.

3.3 PROBLEMDEFINITION

Fatigue is a safety problem that has not yet been deeply tackled by any
countryin the world mainly because of its nature. Fatigue, in general, is very difficult
tomeasure or observe unlike alcohol and drugs, which have clear key indicators
andteststhatareavailableeasily.Probably,thebestsolutionstothisproblemareawareness
about fatigue-related accidents and promoting drivers to  admit
fatiguewhenneeded.Theformerishardandmuchmoreexpensivetoachieve,andthelatteri

snotpossiblewithouttheformeras drivingforlong hoursisverylucrative.

3.4 EXISTINGSYSTEM

Inthedriverfacemonitoringsystems,usefulsymptomsforfatigueanddistractiondetectioncanbe

dividedintothree generalcategories:
(0 symptomsrelatedtotheeyeregion;
(in) symptomsrelatedtothemouthregion;

(i)  symptomsrelatedtothehead.



Eye is the most important area of the face where the symptoms of fatigue
anddistraction appear in it. Therefore, many of the driver face monitoring systems
detectdriver fatigue and distraction only based on the symptoms extracted from the
eyes.The symptoms related to eye region include PERCLOS eyelid distance, eye
blinkspeed, eye blink rate, and gaze direction. Yawning is one of the
hypovigilancessymptomsrelated to the mouth region.

This symptom was extracted by detecting the open mouth. The existing system
ofdriver drowsiness detection system has following disadvantages. There are
mainly,using of two cameras in the system one for monitoring the head movement
and theother one for facial expressions. The other disadvantage is aging of sensors

and allthesesensorsareattachedto thedriver's bodywhichmayaffectthedriver.

3.5 PROPOSEDSYSTEM
3.5.1ADVANTAGESOFPROPOSEDSYSTEM

Efficiencywhiledrivingandsafedriving.
Decreaseddeathrates.
Reducedmanualwork.
Asthesystemisautomateditdoesn’trequire
moreresourceslikehandwrittenrecordof

Driver’'ssafety,buttherecordismaintainedinthedatabase.

V V.V V V V V

The system has less hardware requirements in comparison to the

otherbiometric system.

Y

Asthesystemusesfewerresourcesthereforethecostofthesystem isless.

» Thesystemalsoreducesthehumaneffort.



CHAPTER4
EXPERIMENTALMETHODSOR ALGORITHMSUSED

4.1 ALGORITHM:

Theoverallalgorithmisprettystraightforwardone.Firstwehaveusedacamerawhichissetupat
desirable positionina car thatlooksfor facesstream.
Oncewegettheeyeregion,wecalculatetheEyeAspectRatioto  findoutiftheeye-lidsaredown
fora substantial amount oftime.
Theimplementationofthedrowsinessdetectorsystemincludesmachinelearningalgorithmsw
hichisviolajonesalgorithm.ltisusedtofacedetectiononly.ltcanbetrainedto detecta variety

ofobject classesit wasprimarily bytheproblemofface detection.

4.2 AlgorithmDesignandDevelopment

Afewalgorithmsandtechniquehasbeenusedintheprocessofdetectingface,eyesandmouth.
The algorithm and technique used is Cascade Object Detector. The CascadeObject
Detector uses the Viola-Jones algorithm to detect people’s face, nose, eyes,mouthor

upper body.

4.2.1 Violajonesalgorithmstages:

o SelectionoftheHaarFeatureforimage.
« Creatingthespecifiedintegrallmages.
« AdaboostTrainingfortheimagedataset.

o CascadingmethodfortheClassifier.

4.2.2 Viola-JonesFaceDetectionAlgorithm

Viola-

Jonesobjectdetectionframeworkcanbeusedtodetectavarietyofobjectclasses,butitismorefo
cusedonthedetectionoffaceandfacialfeatures.Thisalgorithmusestheconcept of rectangle
features which involves the sums of pixels within the rectangularareas. From Figure 8,

the sums of the pixels that lie within the white rectangles aresubtractedfromthesumof

8



pixelsinthe greyrectangles.



The value of a two-rectangle feature, which are represented by A and B is the
differencebetween the sum of pixels within two rectangular regions. The regions have

the samesize and shape. They are also horizontally or vertically oriented and adjacent

to eachother.Athree-

rectanglefeature,whichisrepresentedasC,computesthesumwithintwooutsiderectanglessu
btractedfromthesuminacenterrectangle.Finally,afour-rectanglefeature, which is
represented as D computes the difference between diagonal pairs ofrectangles.

The classifiers use Haar features in order to encode facial features. Features used
inareseenon Figure.4.1.

)

0 L
iEimimE

|1
SIS

O B

Fig.4.1 HaarFeatureUsed inViola-Jones

Foreachfeature,thevalueisthedifferencebetweenthesumofthepixelsinblackregionsandthe
sumofthepixelsin white regions.

Rectangle features can be computed rapidly using a representation for the image
whichis called integral image. which is an intermediate representation. The integral

image atlocation pixels (x, y) contains the sum of the upper left pixels of the original
image,inclusively. AsseenonFigure.4.1.

10



Fig.4.2Integrallmage

Thevalueoftheintegralimageatpoint(x,y)isthesumofallthepixelsaboveandtotheleft. Based
on the integral image, the sum of the pixels within rectangle D can becomputed with
four array references. The value of the integral image at location 1 is thesum of the
pixels in rectangle A. The value at location 2 is A + B, at location 3 is A + C,and at
location 4 is A + B + C + D. Then, the sum within D is computed as 4 + 1 — 2 —
3thatmeansthesumofthepixelswithinrectangleDiscomputedwithfourarrayreferences.Integ

ralimageprovidestheadvantageoffastfeatureevaluation.

Adaboost is used to select a small set of features and train the classifiers. The
learningalgorithm for weak classifiers is designed to select the single rectangle feature
bestseparating the positive and negative examples. For each feature, the weak

classifierdeterminesthe optimalthreshold.

4.2.3 CascadeofClassifiers

In a standard 24x24 pixel sub-window, there are a total of 45,396 possible features
thataredetected. Thisis&nuniber that istoolargeandprohibitivelyexpensiveto be evaluated.
In order to improve detection performance, features need to be added to theclassifiers.
However, this step directly increases the computation time and making thedetection
process much slower. Therefore, a cascade of classifiers is constructed

toincreasedetectionperformancewhileradicallyreducing computationtime.

11
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Fig.4.3 CascadeofClassifiers

The evaluation of the strong classifiers generated by the learning process can be
donequickly but it is not fast enough to run in real-time. Therefore, the strong classifiers
arearranged in a cascade in order of complexity. Each successive classifier is trained
onlyon selected samples which pass through the preceding classifiers. If at any stage in
thecascade a classifier rejects the sub- window under inspection, no further processing
isperformedand it continues to searchthe nextsub-window.

Weak classifiers rejecting non-face regions and accepting face regions, are trained
insuch a way that their false negative rate approaches 0. Then, they are combinedin
aformof adegenerate decision treewhichiscalled “cascade”.

For the task of face detection, the features that are selected to detect the location of
theface are shown in Figure 10. The two features are shown in the top row and are
overlayon a typical training face in the bottom row. The first feature measures the
difference inintensity between the region of the eyes and a region across the upper
cheeks. This isbecause the region of the eyes is often darker than the region of the
nose and uppercheeks. The second feature compares the intensities in the eye regions
to the intensityacrossthe bridge of the nose.

12



Fig.4.4FeatureforFaceDetection

4.3 AnalysisandTesting

In order to detect eye and mouth area, the face area need to be detected first.
However,this step will reduce the performance and the speed of the system due to a
large area ofdetection. The project objective is the detection of the drowsiness signs
which is eyesand mouth area. Therefore, this project limited the area of detection to eye
and mouth.This will enhance the performance of the system. Cascade Object Detector
algorithm isbeing tested by using MATLAB® software to get the detection area for the
system thatwill be develop. Testing needto be done to ensure it fulfils the required

parametersneeded.

4.4 MODULES
e Facedetection
e FacialMapping
o Eyedetection
e Drowsinessdetection

e Alarm



4.4.1 FACEDETECTION

For face detection itself, several approaches have been used in the
relatedliterature. Knowledge based methods try to encode human knowledge about
thecharacteristicsofatypicalface,suchastherelationshipsbetweenfacialfeatures,anduse
them as a way to detect faces in an image.The goal of the feature
invariantapproaches is to find structural face features, such as eyebrows, eyes, nose,
mouthand hairline, which persist under various poses, viewpoints or lighting and use
thosefeaturestodetectfaces.Suchfeaturesaremostlyextractedusingedgedetectors.The
video is obtained froma camera focused on the driver's face. The Haar-
basedclassifiercontainsseveralfeaturessuchasheights,weights,facefeatures,thethresh
old of face colours. It is constructed by using a lot of positive and negativesamples.
The cascade consists both positive and negative samples. Eyes and mouthfeatures
are extracted and parallel processing is preceded by successful driver's

facedetection.

4.4.2 FACIALMAPPING

The algorithm is implemented using a DIP that contains a landmark’s
facialdetector with pre trained models. The 68-point shape predictor dataset was

used totraintheDIPfaciallandmarkpredictorand isthe sourceof thesemarking.

Fig.4.5FaciallandmarksbyDIP

14
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Fig.4.6Faciallandmarksset whichisdetectedviadib

4.4.3 EYEDETECTION

Eye tracking is the process of measuring either the point of gaze (where
oneis looking) or the motion of an eye relative to the head. An eye tracker is a device
formeasuringeyepositionsandeyemovement.Eyetrackersareusedinresearchonthevisu
al system, in psychology, in psycholinguistics, marketing, as an input device
fornuman-computer interaction, and in product design. Eye trackers are also
beingincreasingly used for rehabilitative and assistive applications (related for
instance
tocontrolofwheelchairs,roboticarmsandprostheses).Thereareanumberofmethodsform
easuringeyemovement.Themostpopularvariantusesvideoimagesfromwhichtheeyeposi
tionisextracted.Wehereareusingeyetrackingindetectingthedrowsiness of the driver.
Eye tracking is helping us to detect and sense the sleep ofthe driver, whether he is
sleeping, wanting to sleep, getting exhausted while drivingetc. We are first trying to
generate a preview of the driver the web

through camera

15



ofthelaptop.Thedriver'spreviewimageisbeingcapturedsimultaneouslybytheweb

16



camera and the camera forms to give us a preview image. The camera now starts
torecord the video and automatically saves it in the backend so that it can be
analyzed.Aftertheimages,videos,framesarebeingrecordedandsaved,theeyesaredetect
edfrom themandthen tracked.

4.4 3.1EYEASPECTRATIO (EAR)

The eye tracking involves to calculate the value for the eye aspect ratio.
Eyeaspect ratio (EAR) is a parameter that Determines eye state used to figure out if
it isOpen or closed.lt can be calculated using facial landmarks plotted by the 68
faciallandmark point plot provided by python’s dlib library. Once we get the eye
region, wecalculate the Eye Aspect Ratio to find out if the eye-lids are down for a

substantialamountoftime.Oncewegettheeyeregion,wecalculatetheEyeAspectRatiotofi

_llp2 = psll + [lp3 — sl
2p1 - p4

EAR

nd

out if the eye-lids are down for a substantial amount of
time.Wherep1...p6are2Dfacial landmark location.

Thenumeratorofthisequationcomputesthedistancebetweentheverticaleyeland
marks while the denominator computes the distance between horizontal
eyelandmarks, weighting the denominator appropriately since there is only one set

ofhorizontalpoints but twosetsof verticalpoints.

17
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Fig.4.7Eyeaspectratio

4.4.4 DROWSINESSDETECTION

Drowsiness is characterized by a widely opened mouth. Yawning detection
isperformedintwomainsteps:Inthefirststep,theyawncomponentwillbedetectedintheface
independent of the mouth location. This component is basically the hole in the faceas
the result of wide mouth opening. In the second step, the mouth location will be
usedtoverifythevalidityofthedetectedcomponent.Liketheeyeclosuredetection,thefacial

18



landmarks are used to detect an open mouth. Lip distance isthe parameter used
todetermineifthesubject’smouthisopen.thelipdistancecalculatedfromtheframeisabovelipdi
stancethreshold,thesubjectisdeterminedtobedrowsiness.Analarmisraisedifthesubject

have drowsy more than the set boundary value consecutively. Small

openingsthatinrealityareconstruedasaresultoftalking,eating areignored.

Outputs of
right eye —
neural
Drowsiness Subject’s state
networks —»
Evaluator (Drowsy or alert)
Outputs of
left eve —*
neural T T
networks Right eye Left eye
region region

detection state detection state

vector vector

Fig4.8:BlockdiagramofDrowsinessEvaluatormoduleforavideo
segment

445 ALARM

Thealarmsoundalertsthedriverincaseofdrowsinessisdetected.Insteadofanalarm
i.ebuzzerwearegivinghereantextvoicetoalertthedriver.Forthatweareusingamodulecalled
web push notifications.
WebPushNotificationsareplatformindependentforlinux,windowsand
other
operating

Systems.

4.5 MACHINELEARNING

Machinelearning(ML)isthestudyofcomputeralgorithmsthatimproveautomatically
through experience. It is seen as a part of artificial intelligence. Machinelearning
algorithms build a model based on sample data, known as "training data”, inorder to

make predictions or decisions without being explicity programmed to do
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so.Machinelearninginvolvescomputersdiscoveringhowtheycanperformtaskswithout
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being explicitly programmed to do so. It involves computers learning from data
providedsothattheycarryoutcertaintasks.Forsimpletasksassignedtocomputers,itispossibl
eto program algorithmstellingthe
machinehowtoexecuteallstepsrequiredtosolvetheproblemathand;onthecomputer's

part, no learning is needed. For more advanced tasks, it can be challenging for a
humantomanually
createtheneededalgorithms.Inpractice,itcanturnouttobemoreeffectiveto help the machine
develop its own algorithm, rather than having human programmersspecifyevery

neededstep.

4.5.1 K-meansAlgorithm

Itisanunsupervisedclusteringalgorithmwhichsignifiesadistributionofdata

w.r.t. K centers, K being chosen by the coder. The difference between K-means
andexpectationmaximizationisthatink-
meansthecentersaren’tGaussian.Alsotheclustersformed look somewhat Ilike soap
bubbles, as centers compete to occupy the closest datapoints. All these cluster areas are
usually used as a form of sparse histogram bin forrepresentingthedata.

4.5.2 NormalorNaiveBayesclassifieralgorithm

ItisagenerativeclassifierwherefeaturesareoftenassumedtobeofGaussiandistributionand

alsostatisticallyindependentfromoneanother.

4.5.3 Decisiontreesalgorithm:

Itisapartiallydiscriminativeclassifier. Thetreewetalkaboutjustfindsasingulardatafea
tureanddeterminesathresholdvalueofthecurrentnodewhichbestdividesthedata into
different classes. The data is broken into parts and the procedure is recursivelyrepeated
through the left as well as the right branches of the decision tree. Even if it isnot the top

performer, it's usually the first thing we try as it is fast and has a very highfunctionality.

4.5.4 Boosting:

Itisadiscriminativegroupofclassifiers.Inboosting,thefinalclassificationdecisionismad
ebytakingintoaccountthecombinedweightedclassificationdecisionsofthegroupofclassifiers

\Welearnintrainingthegroupofclassifiersoneaftertheother.Each
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classifier present in the group is called a weak classifier. These weak classifiers
areusually composed of single-variable decision trees known as —stumps. Learning
itsclassification decisions from the given data and also learning a weight for its vote
basedonitsaccuracyonthedataarethingsthedecisiontreelearnsduringtraining.Whileeachcl
assifier is trained one after the other, the data points are re- weighted to make
moreattentionbepaidtothedatapointsinwhicherrorsweremade. Thiscontinuesuntiltheneterr
orovertheentiredataset,
obtainedfromthecombinedweightedvoteofallthedecisiontreespresent,fallsbelowa
pertai.rlltmeshold.ThisalgorithmisusualIyeffectivewhenaverylargequantityoftrainingdata
isavailable.

4.5.5 Randomtreesalgorithm

It is a discriminative woods of a great deal of choice trees, every one of which
isworkeddowntoamaximalpartprofundity. Attheseasonofadapting,eachhubofeachtreeis
permitted a decision of part factors, however just from an arbitrarily produced subsetof
the considerable number of information highlights. This makes sure that all the
treesbecomestatisticallyindependentandadecisionmaker.Intherunmode,allthetreesgetan
unweighted vote. Random trees are usually quite effective. They can also
performregressionbytakingtheaverageoftheoutputnumbersfromeverytree.

4.5.6 Facedetectoralgorithm

It is an object detection application. It is based on a smart use of boosting. A
trainedfrontal face detector is available with the OpenCV distribution. This works
remarkablywell. We can train the algorithm for other objects by using the software
provided. Thisworkswonderfullyfor rigidobjects.

4.5.7 Expectationmaximization(EM)algorithm

Itisusedforclustering.ltisagenerativeunsupervisedalgorithmitfitsNmultidimensional
Gaussians to the data, N being chosen by the wuser. It can act as
anefficientwayforrepresentingamorecomplexdistributionusingonlyafewparameters(i.e.me
ansandvariances).Usuallyusedinsegmentation,itcanbecomparedwithK-means.

4.5.8 K-nearestneighbours

A lot of It is one of the simplest discriminative classifier. The training data is

simplystoredusinglabels.Then,atestdatapointisclassifiedinaccordancetothemajorityvote
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of the K nearest data points. K-nearest neighbours is probably the simplest algorithm
wecanuse.ltis usually effectivebut itcanbeslow. Italsorequires memory.

4.5.9 Neuralnetworks/Multilayerperceptron(MLP)algorithm

Itisadiscriminativealgorithmwhichalmostalwayscontainshiddenunitsinbetweentheoutput
and the input nodes for better representation of the input signal.lt is slow to

train,howeveritisquitefastto run.ltremainsthebestperformerforapplicationslikeletter.

4.5.10 Supportvectormachine(SVM)algorithm

It is a discriminative classifier that is likewise equipped for doing relapse. Here,
aseparation work in the middle of two information focuses is characterized in a higher-
dimensionalspace.(Anticipatinginformationontohighermeasurementshelpsinmaking the
information more probable for direct division.) Support vector machine(SVM) gets the
hang of isolating hyperplanes which maximally separate every one ofthe classes in
the higher measurement. This will in general be the best when there
isrestrictedinformation.Bethatasitmay,whenhugeinformationalindexesareaccessible,bo

ostingorarbitrary treesare liked.

4.6 SYSTEMARCHITECTURE

Vude? Process into N Face Detection
recording ‘ frames
Facial landmark |.
marking
Mouxh Head
detection devecticn bending
| Calculate EAR I .
- Drowsiness
Drowsiness g
N detection
detection

Fig.4.9systemarchitecture
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4.7 USECASEDIAGRAM

Start/Stop
camera

Iriver Real time

capturing

Eye status

camera phone

analyzing

Eye variable
storage

Drowsy status
detection

Alarm
running

facial processing

WakeApp application

Fig.4.10usecasediagram

4.8 REQUIREMENT

YV V V V V

4.8.1 HARDWAREREQUIREMENT

Asystem withminimum 8GBRAM.
Camera

Alarm

NodeMCU

UART Protocol
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4.8.2 SOFTWAREREQUIREMENT

» MATLAB2021a

» Imageprocessingtoolbox
4.9 SOFTWAREDESCRIPTION

4.9.1 TheMATLABSystem

TheMATLABsystemconsistsoffivemainparts:

4.9.1.1 DevelopmentEnvironment:
ThisisthesetoftoolsandfacilitiesthathelpyouuseMATLABfunctionsandfiles.Manyof these
tools are graphical wuser interfaces. It includes the MATLAB desktop
andCommandWindow,acommandhistory,andbrowsersforviewinghelp,theworkspace,file
s,and the searchpath.

4.9.2 MATLABApplication

TheMATLABapplicationisconsistedofaseveralfiles,eachoneisresponsibleofacertain

functionality,andit’sdividedintothreeparts:

> LearningModel:Thispartis  relatedtothelearningmodeltrainingandevaluation,
and is executed once a new model to be trained and it containsloading the
data using Image Datastore object and feed it to the model to betrainedas

explained insection.

> Server Connection: This part is related to establishment of the
connectionbetween the MATLAB and the server, and is consist of two parts
the
firstoneforestablishingtheconnection,calledonceatthebeginningandisusedtose
tthe host address, the port used, username, the password, java
databaseconnectorpathandstring,thenusetheJDPCdrivertoconnecttothedatab

aseserver.

> Preprocessingandimagemanipulation:Thispartincludesseveralpreprocessin
g functions which is applied to the data before the training or forthedata
tobeclassified,and contains functions for.

> TheMATLABapplicationisrunningalwaysontheserversideandthisfunction

25



islisteningtoanychangesinthedatabaseserver,anyadditioninthedatabaseserver
meansthattheandroidapplicationwroteanewinput,thenthisfunctiontriggersthe
MATLAB applicationtoprocessthe newinput.

> When the MATLAB discovers a new input from the database server,
thisfunction read the image path from the database and use that path to load
theimageinto theapplication toperformaclassificationtask.

> Thistaskistoloadapre-trainedmodelanduseittoclassifytheinputdataintoa suitable
class of skin diseases, this function is the main function of theapplication.

4.10 IMAGE PROCESSINGTOOL BOX:

In computer science, digital image processing is the use of computer algorithms
toperform image processing on digital images. Image Processing Toolbox™ provides
acomprehensivesetofreference-

standardalgorithmsandworkflowappsforimageprocessing, analysis, visualization, and
algorithm development. You can perform imagesegmentation, image enhancement,
noise reduction, geometric transformations,
andimageregistrationusingdeeplearningandtraditionalimageprocessingtechniques.Theto

olboxsupportsprocessingof2D,3D, and arbitrarilylargeimages.

ImageProcessingToolboxappsletyouautomatecommonimageprocessingworkflows.You

can interactively segment image data, compare image registration techniques,
andbatch-process large datasets. Visualization functions and apps let you explore
images,3D volumes, and videos; adjust contrast; create histograms; and manipulate

regions ofinterest (ROISs).

YoucanaccelerateyouralgorithmsbyrunningthemonmulticoreprocessorsandGPUs.Many
toolbox functions support C/C++ code generation for desktop prototyping

andembeddedvisionsystemdeployment.

The Image Processing Toolbox provides a set of functions and applications for
imageprocessing, analysis, and visualization. There are many functions available for
imageanalysis,imagesegmentation,imageenhancement,noisereduction,geometrictransfo

rmations,andimage registration.
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CHAPTER

SRESULTSANDDISCUSSION

5.1 EXPERIMENTALRESULTS

After doing literature survey, different techniques have been found for
detectingdriverdrowsinessandtheyusedifferenttypesofdataasinputfortheiralgorithm.Fir
st,we have used a camera which is setup at desirable position in a car that looks
forfaces stream. The face of the driver will be found in the video in such a way that
itshould not affect the performance of accurate face detection in terms of
varyinglightningconditions.|ffacegetsdetected,thefaciallandmarkdetectiontaskisapplie
dand region of eyes and mouth is extracted. Once we get the eye region, we
calculatethe Eye Aspect Ratio to find out if the eye-lids are down for a substantial
amount oftime and we are detecting the yawn. If the driver is drowsy then the driver

is alertedwith analarmsound.

Fig.5.1Mat|ab5nap»w
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1 % Create a cascade detector cbject.
2 - faceDetector = wision.CascadeObjectDetector ()

3

4 % Create a cascade detector to detect Left eye.

S -  LeftEyeDetector = vision.CascadeObjectDetector('Left

&

7 % Create a cascade detector to detect Right eye.

2 —  RightEyeDetector = vision.CascadeCbjectDetector ('R

9

10 % Read a video frame and run the detector.

11 - videoFileReader = vision.VideoFileReader ('videoS5.mp4');

12 -  videoFrame = step(videoFileReader):

13 — bbox = step(faceDetector, videoFrame) ;

14

15 —  coface=[bbox (1,1)+bbox(1,3)/2, bbox(l,2)+bbox(1,4)/2];

15

17 -  videoFileReader = vision.VideoFileReader( =05.mpd’):

18 — videoFrame = step(videoFileReader) :

19 - bbox_1 = step (LeftEyeDetector, videoFrams) ;

20

21 % Remove outl left eve

22 — [nl,ncl=size (bbox 1) ;

23 - [for i=1:nl

24 — cotmp=[bbox_1(i,1)+bbox_1(i,3)/2, bbox_1(i,2)+bbox_1(i,4)/2 1
25 — if( (egtmp(l,1l)<cgface(l,1)) && (cgtmp(l,2)<coface(l,2) ) )
26 — CoordLeftEye=bbox_1(i,:):

27 = end

22— lend

Fig.5.2Commandto DetectEyes

BadiuzamanMATLAB.m* = | FaceTrackingFromVideol.m = Irisdetection.m ><| mouthdetection.m ><|

% Create a cascade detector object.
- Detector = vision.CascadeCbjectDetector('Mou

% Read a video frame and r T detector.
- videoFileReader = vision.VideoFileReader('
videoFrame = step(videoFileReader);

- bbox = step(Detector,videoFrame) ;

ideo2.mp4'):

% Draw the returned bound.
- videoOut = insertObjectAnnotation (videoFrame,'re
- fighre, imshow(videoOut), title('Detected Mouth');

ng box around the detec

c

L I T T R
I

o

Fig.5.3CommandtoDetectMouth

MATLAB R2013a

HOME PLOTS Apps EDITOR PUBLISH VEW

rjr_:] | ﬁ E?F"‘d Fles imset 51 f Mk D é} % 2] Run Section
Run Run
v Tme

Compare v  Comment % g 7 GoTo =
New Open Save %z @ Breakpoints and Runand [5G Advance
<Y S v indent =] ) 74 L Fnd = < s
FILE 1 E | MAVIGATE | BREAKPOINTS | RUN i

@ = EE L b G Users + Badiuzaman b Documents » MATLAB »
7 Editor - C:\Users\Badiuzaman\Documents\MATLAB\FINAL code.m
[FINALcodem x| UpdateEndEyeBlinkDetect... x | getframes.m  x

1-  clear: close all: clc:
2

3 %% Creation of the detectors for Face, Eyes (left and right) and Mouth
1

s % Create a cascade detector cbiect to detect Face.

6—  FaceDetector = vision.CascadeObjectDetector () ;

7

(] ¢ Create a cascade detector to detect Left

8- ILer r = vision.CascadeObjectDetector ('Lef

10

11 % Create a cascade detector to detect Right eve.

12—  RigntEyeDetector = vision.CascadeobjectDetector (’

13

14 t Create ector to detect Mouth.

15 - CascadeObjectDetector ' Mouth' ) ;

16

17 : ector to detect

18 * Edg dgeDetecto:

19~ nbpix=6;

20 - t=linspace (-nbpix,nbpix, 2*nbpix+1):

21 - sig=l.5:

= x=exp (- (t.*2)/(2*sig"2)) ./ (sqre (2*pi) *sig) :

23— figure,plot(x):

24— ym(-(2%6)/(2%21972) ) . ¥exp (- (5.°2) / (2%219°2) ) ./ (sazt (2#pi) *sig)
25~ rigure, plot(y);

26— Hx=xrry:

27— Hy=y'*x;

< i

Fig.5.4CascadeDetectorsforFace,EachEyeandMouth

28



Bl Edh Vi beer Toch Desaos Window
Dcda|@ 08| rE

@
L QN = -
=

Fig.5.5sampleoutputl

Fig.5.6sampleoutput2

Alert!... Sleeping Condition

<

Ay

Fig.5.7AlertNotification

29



5.2 LIMITATIONS

1. Dependenceonambientlight

With poor lighting conditions even though face is easily detected,
sometimesthesystemisunabletodetecttheeyes.Soitgivesanerroneousresultwhichmust
betaken care of. In real time scenario infrared backlights should be used to avoid

poorlightingconditions.

2.Hardwarerequirements

Our system was run in a PC with a configuration of 1.6GHz and 1GB
RAMPentium dual core processor. Though the system runs fine on higher
configurations,when a system has an inferior configuration, the system may not be
smooth anddrowsiness detection will be slow. 46 The problem was resolved by using
dedicatedhardwareinrealtimeapplications,sothereareno

issuesofframebufferingorslowerdetection.

3. Poordetectionwithspectacles

Whenthedriverwearsglassesthesystemfailstodetecteyeswhichisthemostsignifica
nt drawback of our system. This issue has not yet been resolved and is achallengefor
almostalleyedetectionsystemsdesignedsofar.

4. Problemwithmultiplefaces

If more than one face is detected by the webcam, then our system gives
anerroneous result. This problem is not important as we want to detect the

drowsinessofasingledriver.
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CHAPTER

6CONCLUSIO

N

6.1 CONCLUSION

Hencedriverdrowsinessdetectionisaveryimportantpartforthedriverwhilehedrives
the car. So every driver should have a drowsiness detection system in hisvehicle so
that he can be almost safe and secure from road accidents, deaths fromroad
accidents. A sleep of even a second can take the life of the driver. Then why totake
any risk? This risk can be prevented when the driver uses the drowsinessdetection
system. The truck drivers, car passengers, taxi drivers, all can be
awareaboutthissystem.Theycanmanagetogethelpthroughit. Alsotheymustbetrackedon
every route where they are driving to prevent any mishappening.The
fatiguedetectionsystemindrivershasthusbeensimulatedinOpenCV.Therealtimesystem
hasbeensuccessfullycreatedtodetectthefaceandhencetheeyesandmouthofthedriverto
checkwhetherheisblinkingoryawningtoacquireinformationabouthislevelofalertness.Th
ealarmthathasbeenimplementedisawebpushnotificationsoftwarewhich converts text
to speech to alert the driver. To realize  the  drowsiness

detectionontherealroads,theheadposture isalsoagoodchoicein thefuturework.

Accuracy %

DROWSINESS DETECTION BASED ON  DRIVER DROWSINESS DETECTION REAL TIME DRIVER DROWSINESS COMPUTER VISION BASED
VIDEO ANALYSIS APPROACH BASED ON EYE ANALYSIS DETECTION FOR ANDROID DROWSINESS DETECTION DETECTION
APPLICATION USING DEEP NEURAL FOR MOTORIZED VEHICLES WITH WEB
NETWORKS TECHNIQUES PUSH NOTIFICATIONS
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Fig6.1Accuracy
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6.2 FUTUREENHANCEMENT

Some drivers cover their mouth while yawning or they have different signs
ofsleepiness like eye closure or falling head; in this case, future work may consist

ofcombiningthedetection ofdifferent fatiguesigns.

When the driver wears glasses the system may not detect eyes which is the
mostnoteworthydisadvantageofthesesystems.Thisissuehasnotyetbeensettledinnearfu

ture itcanbesortedout.
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APPENDICES

A. SOURCECODE:

clc;clear

all;close

all;

%%
delete(imagfind)vid=videoinpu
t('winvideo',1);triggerconfig(vid
, manual’);set(vid,'FramesPerT
rigger’,1

);set(vid, TriggerRepeat',Inf);
Y%start(vid);

%View the default color space used for the data — The value of
theReturnedColorSpace property indicates the color space of the image
data.color_spec=vid.ReturnedColorSpace;

% Modify the color space used for the data — To change the color space of
thereturnedimagedata,setthevalueoftheReturnedColorSpaceproperty.
if~strcmp(color_spec,'rgb’)set(vid,'Returned

ColorSpace’,'rgb");
end

start(vid)
%Createa detectorobject
faceDetector=vision.CascadeObjectDetector;
faceDetectorLeye =
vision.CascadeObjectDetector('EyePairBig');faceDetectorM=visi
on.CascadeObjectDetector(‘Mouth’);
loadix
forii=

1:100trigge

r(vid);

im=getdata(vid,1); % Get the frame in

imimshow(im)

subplot(3,4,[]1256 9

10]);imshow(im)
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%Detectfaces
bbox=step(faceDetector,im);
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~isempty(bbox);bb

ox=bbox(1,:);

% Plot
boxrectangle('Position’,bbox,'edgecolor’,'r);

Ilc =
imcrop(im,bbox);sub
plot(3,4,[3
4]);imshow(Ic)

bboxeye = step(faceDetectorLeye,

Ic);if~isempty(bboxeye);
bboxeye=bboxeye(1,:);
Eeye=imcrop(lc,bboxeye);
% Plot
boxrectangle('Position’,bboxeye,'edgecolor','y’);
else
disp('Eyes not
detected’)end

if
isempty(bboxeye
)continue;
endlc(1:bboxeye(2)+2*bboxeye(4),:,:)
:O’
%DetectMouth
bboxM=step(faceDetectorM,Ic);

~isempty(bboxM);bbo
xMtemp=bboxM;

if~isempty(bboxMtemp)

bboxM =

bboxMtemp(1,:);Emouth=imc

rop(lc,bboxM);

% Plot
boxrectangle('Position’,bboxM,'edgecolor’,'y’)
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else
disp(‘Mouthnot detected")end
else
disp('Mouth not
detected")end
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[nrencek ] =size(Eeye);

%Divideintotwoparts
Leye=Eeye(:,1:round(nce/2),:);Reye=
Eeye(:,round(nce/2+1):end,:);

subplot(3,4,7)imshow(Le
ye);subplot(3,4,8)imshow
(Reye);subplot(3,4,[11,12
1);imshow(Emouth);

Leye=rgb2gray(Leye);Reye
rgb2gray(Reye);Emouth=rgb
2gray(Emouth);

imwrite(Leye,['Database/LE/' num2str(ix)
“bmp’);imwrite(Reye,['Database/RE/" num2str(ix)
.bmp']);imwrite(Emouth,['Database/M/' num2str(ix)
“bmp');ix=ix+1,;
save ix
ixpause(0.0000
5)

end

end

clc;clear

all;close

all;

%%
delete(imagfind)vid=videoinpu
t('winvideo',1);triggerconfig(vid
,manual’);set(vid,'FramesPerT
rigger’,1

);set(vid, TriggerRepeat',Inf);
%ostart(vid);

%View the default color space used for the data — The value of

theReturnedColorSpace property indicates the color space of the image
data.color_spec=vid.ReturnedColorSpace;
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% Modify the color space used for the data — To change the color space of
thereturnedimagedata,setthevalueoftheReturnedColorSpaceproperty.
if~strcmp(color_spec,'rgb’)set(vid,'Returned

ColorSpace’,'rgbh");
end

start(vid)

%Createa detectorobject
faceDetector=vision.CascadeObjectDetector;

faceDetectorLeye =
vision.CascadeObjectDetector('EyePairBig');faceDetectorM=visi
on.CascadeObjectDetector('Mouth');

forii =
1:500trigge
r(vid);
im=getdata(vid,1); % Get the frame in
imimshow(im)

subplot(3,4,[1256 9
10]);imshow(im)
%Detectfaces
bbox=step(faceDetector,im);

if
~isempty(bbox);bb
ox=bbox(1,:);

% Plot
boxrectangle('Position’,bbox,'edgecolor’,'r');

Ilc =
imcrop(im,bbox);sub
plot(3,4,[3
4]);imshow(Ic)

bboxeye = step(faceDetectorLeye,

Ic);if~isempty(bboxeye);
bboxeye=bboxeye(1,:);

Eeye=imcrop(lc,bboxeye);
% Plot
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boxrectangle('Position’,bboxeye,'edgecolor’,'y’);
else

msgbox(‘Alert!... Sleeping
Condition")end
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isempty(bboxeye

)continue;
endlc(1:bboxeye(2)+2*bboxeye(4),:,:)
:0’

%DetectMouth
bboxM=step(faceDetectorM,Ic);

if
~isempty(bboxM);bbo
xMtemp=bboxM,;

if~isempty(bboxMtemp)

bboxM =
bboxMtemp(1,:);Emouth=imc
rop(lc,bboxM);

% Plot
boxrectangle('Position’,bboxM,'edgecolor’,'y")
else
msgbox('50% Sleeping
Condition")end
else
msgbox('Keep focus the
camera’)end

[nrencek ] =size(Eeye);

%Divideintotwoparts
Leye=Eeye(:,1:round(nce/2),:);Reye=
Eeye(:,round(nce/2+1):end,:);
%
Emouthsubplot(3,4,7
)imshow(Leye);subpl
ot(3,4,8)imshow(Rey
e);subplot(3,4,[11,12]
);imshow(Emouth);p
ause(0.00005)

end
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end
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Abirami R, DR V.Nirmalrani,Archana
CDepartmentoflT-SchoolofComputing
Sathyabama Institute of Science and Technology Chennai -

600119abirami25aug@gmail.com,archu2762@gmail.com,nirmalrani.it@gamail

Lom

Abstract

Consideringthattheappearanceoffastmechanizedvehiclestiredutilizingmishapshave
killedhugenumber
ofindividualsallthroughround.Furtherprominentexaminationsoccurringinunparalleled
rapidengines,theriskofsuchsetbackshaschippedawayatmultipletimes.Tokeepaways
uchmishaps,thisthesisoffersaPCinventiveandperceptivebasedmachinelazinessmac
hineformechanizedautomobilewithwebmessagepop-
uptoilluminatetomainimpetussoonerthananyoccurrencehappens.Acontinuousvideo
devicecatchesthesubstanceofthedriverand a pre-prepared contraption acquiring
information on variant recognizes
theconsiderationrestrictionsfromthatongoingvideodissemination.Then,atthatpoint,b
oth sight addressed via niche of the consideration after which running
clockwisedeterminedfortwentybacktobackoutlines,whichifconsiderablylessthanane
dgesounds a caution and sends an alarm in your cell phone through message
pop-
up.whenunlockedlikewisedemonstratesacoupleofcafésclosetothedriver'sareatodev

elopmentthe mainthrust's readiness.

Keywords

Digital image processing technique (DIP), Drowsy, Alarm, Eye detection,

HumanSkinMapping, FacePart Extraction.

1. Introduction

Sleepy riding has end up being a top notch inconvenience in the past years

andyears with the development of guests and studies in fast mechanized engines
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thewounds in light of tiredness has raised drastically. With almost 328,000

crasheseverybuyer in the US.
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This is the fundamental justification for why such countless analysts are
chippingawayatlazinessrecognitionalgorithms.Theessentialgoaloftheproposedcanva
sesistoplanandgrowthedriverhelpmodelormainthrustlanguorreadydevicethroughthe
utilization of the edge location, viola jones calculation to alarm the main thrust
ifthereshouldbeanoccurrenceofanyextraordinaryinterestonthefaceistakesnote.The

admonition message should assist the main thrust with pulling together
andincludeasafeexcursiontohimandalsotodifferentpeoplegroups.Uptofivedevicescan
beboughtintothewebPushNotificationsalltogetherthatnownotbestthemainimpetus but
rather his advisers can likewise be advised. Net Push Notifications arestage fair
and subsequently might be sent on any web empower tool.To keep awayfrom such
wounds, this endeavor a pc innovative and insightful  based

contraptionlanguordevice.

SteadywithTurkishStatisticallnstitute,theamountofsiteguestswoundsincrementsstepb
y stepevery year.This isn'tgenerally justanissueofourusofa, it'sfarrathera worldwide
issue. With regards to connection for safe overall road travel, around1.Three million
people kick the bucket in street crashes like clockwork, this impliesthat 3287
passings every day . The situation is comparative inside the U.S.A..
Datashowthatlikeclockwork37000individualsbitethedustinroadcrashesandacoupleof
thirty five million are harmed or debilitated. Road crashes esteem the usa
$230.6billionwithregardstoyr.Oneofthedominatingintentionsofautocollisionsissluggish
utilizing.InaccordancewiththeassessmentmadethroughUScountrywidemotorway

traffic security the board, every year around 100,000 guests wounds
getupfromthoughtprocessforcesluggishnessandexhaustion.Withregardstoinformatio
n assembled via national government, inside the U.S. No less than 1500people kick
the bucket and 40000 people are harmed in lazy thought process
forcecrasheseachyr.Thosenumbersaremostextremeplausibleagenuinemisrepresent

ation.
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2. Literature Review

Tuncer et al.[l] has presented path global positioning framework that will be
startedfor individuals who can't keep a path following. One more strategy for face
discoveryin light offinding facial highlights is created by Graf et al. [2].In this
techniqueexpresses geomorphology activities functional to observe the regions
which haveextreme focus with specific shapes. sluggishness discovery proposed
Pilutti et
al,[3]thedriverevaluationwillbenoticedforstreetadvancenoticeandmediationframework.
. The accompanying methodology was proposed by Craw et al.[4] Thelayout
framework distinguishes the front facing view face. Sigary [5] discovered astrategy
the discovery of hypovigilance medicaments for eye area except an expressperiodof
eye identification.

BychoosinginanycaseforexaminetheeyesareopenorshutTabriziandZoroofi[6]proposed
a non-meddling and basic approach to identifying exhaustion by decidingconclusion
of eyes. Calculation comprises of three stages that have been dissected,for example,
the ID of eye districts by eye area and the area ofeleve. Omidyeganehet al.[7] the
eye not set in stone by utilizing the action called Structural closeness. Onthe off
chance that the edges are comparative, in general addition esteem is 1, andwhen
there are varieties, the impact is - 1. The eye region will then, at that point,
beprojected on a level plane and in an upward direction to survey and notice the

eye.SaradadeviandBajaj,[8] proposedDriver Exhaustionldentification.

3. Proposed Work

Haar cascade

Dividing

1 A Camera
e Face detection into frames

samples for
face

detection

Haar cascade — drowsiness

eyes detection — detection

samples for

ris detection

—_— Alarm

48



Figure.3.1BlockDiagram
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3.1 Existingsystem

Snoozing,drowsing conclusion of the eyes can be examine drowsiness. One of
theprimarycomponentsofdrowsinessiseyes.Foridentifyinganindividualisdrowsythatare
different qualities. So far, for sorting out the drowsy conductsomebody bestexactness
might be determined. A caution or an alarm isn't generally given to theindividual that
is encountering steady conduct Simion recognized laziness inside theeyes through
identifying eye squints and afterward estimated time in middle bothprogressive eye
flicker. Through sum up the wide assortment of edges wherein
thedriver'seyesareshutandontheoffchancethatthatsurpassesalimit,themainthrustgetsa

visualadmonition onhis routeshow.

3.2 ProposedSystem

In this proposed work we have proposed the idea by utilizing the advanced
picturehandlingtechniques(DIP)inMAT Labforidentificationofdriverlanguorbyutilizingth
eviolajonescalculation. Thehumanskinplanning,facepartextraction,characterizationapp

roacheshasbeenutilizedtoarriveatthegoalofthework

Eyes detection Mouth detection Skn segmentation

e Alarm generated No alarm generated

Figure.3.2Data flowdiagram
50



3.3 Systemarchitecture

Figure.3.3architecturediagram

4. Methodology
4.1 ViolajonesAlgorithmhas4steps:

e SelectionoftheHaarFeatureforimage.
e Creatingthespecifiedintegrallmages.
e AdaboostTrainingfortheimagedataset.

e CascadingmethodfortheClassifier

4.2 SelectionoftheHaarFeature forimage

AHaar-
likeelementcontemplatesclosebyrectangularareasataspecificregioninanacknowledgm
ent window, sums up the pixel powers in each space and finds out thequalification
among these aggregates. This differentiation is then used to arrangesubsections of a
photograph. It is computerized picture highlight utilized in objectprominence.It’sfar

used tosort coercionsofanimage.
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Figure4.1Haarfeature

4.2Creatingthespecifiedintegrallmages
A vital picture is the place where every pixel addresses the aggregate amount of
arelatinginputpixelwithallpixelsaboveandleftoftheinformationpixel. Thiscalculationemp
owers fast computation of summations over picture sub-regions.This idea
waspresentedby ViolaandJonesand isotherwise calledaddedAreatable.

gt S g Talge

Figure4.2integralimages

4.4 AdaboostTrainingfortheimagedataset

AdaBoost is a forceful dominating arrangement ofruleswhich creates a
strongclassifierbychoosingvisualabilitiessurroundedbyfamilymembersofsimpleclassifi

ers and joining them straightly. Versatile Boosting is a supporting strategyutilized as
a gathering method in machine dominating. It's miles known as AdaptiveBoosting on
the grounds that the loads are re-relegated to each model, with betterloadsallotedto

inaccurately namedoccasion.
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Figure4.2adaboosttraining

4.5 Cascadingmethodfortheclassifier
Cascadingclassifiersarepreparedwithafewhundred"positive"exampleperspectives on
a specific item and erratic "negative" pictures of a similar size
Aftertheclassifierisprepareditverywellmaybeappliedtoalocaleofapictureandidentifythea
rticle being referred to.
Thecourseengineeringhasintriguingramificationsforthepresentationofthesingularclassi
fiers. Since the initiation of every classifier relies altogether upon the conduct

ofitsancestor, theboguspositiveratefor awhole course is:

Additionally,theidentificationrateis:
K

D=]]d.

=1

i
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input pattern classified as a non-object

CoursewithNstagesofclassifiers.Eachstageofclassifierispreparedtoaccomplishahitpac

eofh anda deception rate.

5. ResultsandDiscussion

The primary goal of the proposed work is to plan and foster the driver help model
ordriversleepinessreadyframeworkbyutilizingtheedgelocation,violajonescalculationtoc
autionthedriverifthereshouldbeanoccurrenceofanyuncommonmovementonthefaceista
kesnote.Theadmonitionmessageshouldassistthedriverwithrefocusing and have a
protected excursion to him and furthermore to different peoplegroups. Up to 5
gadgets can be bought into the Web Push Notifications with the goalthat the driver
as well as his well wishers can likewise be informed. Web
PushNotificationsarestagefreeandhenceforthcanbesentonanywebempowergadget.In

theeventthatthedriver islanguid,thedrivercautioned withanalertaudio.

> e ]

Figure.1lApplicationSnapshot
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Figure.3 Output

55



ense

Figure.4Output

Alert!... Sleeping Condition

Figure.5Alertnotifications

6.Conclusion

Viola Jones set of rules has been carried out by means of the use of Matlab and
Ditechnology.We'vegotcorrectlyestablishedthemachinefordetectingthemotiveforceDr

owsiness.Thedriverswhoarenotcautiouswillpurposetheinjuriesatthehighway.It's going
to price many lives. For this reason the usage of the proposed device
willalertthedriverandwillhelpinsavingthelivesofthemandothers.Thel5fpsvideo
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frames are processed in the k-manner and Sobel aspect detector to teach the
eye,mouthhobby to determinethedriversituation
Therealtimeframeworkforobservinganindividual'sfaceturnedouttobeproductivelymade,
thus, eye points, lips of somebody to test that the driver squints or yawns
toadvantage data around his phase of readiness. A caution that has been carried out
isa web message pop-up programming project to alarm the thought process force.
Soastostaggeronexhaustionongenuinestreets,headposeismoreoveranexceptionallyb
etter forfatework
Weacquireninetynine.Onepercentageexactnessinthelazinesslocation,ittrulyisastrong
result. There's a compromise between brain local area's feedback length andthe
memory and time expected with the guide of utilizing brain organization. Darkscaling
and resizing the consideration place pictures to 12x18 gives us the gamble toinvolve
a truckload significantly less neurons in brain local area. Histogram
eveningoutwillbuildthegeneralexhibitionofeyecountrydiscoverysinceitdiminisheshorribl
eimpactsemergingfromenlightenmentvarieties.Blendingtheresultofappropriateandleft
brain organizations, in exceptional expressions, discarding outlines for right
andleftbrainnetworkstrulydoneveragainconcur,willdevelopmenttheconsiderationUSof

America identification exactnessofour procedure.
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