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Abstract

Deep learning machine algorithm is successfully used in automatically driving of a toy
car. Firstly, the car was controlled by the system wirelessly to move along the
designated route, and the frame sample data and simultaneously records of the car
direction operation were collected using a camera to make the training data and label
separately. Secondly, the ResNet convolutional neural network was established by
using the frame sample data to predict the operation direction of the car. Thirdly, the
loss value calculated from the predicted action was compared with the value from
actual operation, and reduced by implementing the gradient descent algorithm. After a
series of experimental processes, the predicted value of the system can be equivalent to
the value obtained from actual driving action. The experimental results show that the

processing rate can effectively reach more than 30 fps with a high accuracy.
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1.Introduction

Withthecontinuousdevelopmentofartificialintelligenc
e,moreandmoreattentionhasbeenpaidontheresearchof
autonomousdriverlesscars. Thesystemusedinsmartcar
isahighlycomputer-basedandcomplexlyintegrated,wh
ichiscomposedofenvironmentalawareness,planninga
nddecisionmaking,andmulti-levelassisteddriving.Itis
wellknownthatthetransportationmodeinthefuturewill
besignificantlychanged,andprobablyreplacedbydrive
rlesscars. Theresearchonself-drivingstartedoyGoogle
andthenattractednumerousattentionsfromalloverthew
orld.In2009,Googlebegantotestitsownself-drivingcar,
whichhasbeentestedfor2.89millionkmuntillJuly2016!
Y However,highaccuracyoflanedetection,obstacledet
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ectionandtrafficidentificationofself-drivingcarcannot
beachievedwithoutthedeeplearningalgorithm!?7),

Nowadays,therearethreemainmethodstorealizeautom
aticdrivingbasedoncomputervision,i.e.,indirectpercep
tion,directperceptionandend-to-endcontrol.Indirectpe
rceptionsystemisatraditionalauto-drivingsystem,inclu
dingfoursub-modulesoftargettracking,targetdetection
,cameramodelandcalibration,and3dreconstruction!).
Thismethodisrealizedtointegratethedetectionresultsfr
omtheabovemodulestoestablishacompleteenvironme
ntrepresentation.Researchesonthissystemisveryabun
dant,resultingintheimprovementoftechnologiesinself-
drivingcars.However,thesystemhasobviousdisadvant
ageswithhighcomplexityandredundancy,andhighcost
forcommercialapplication.
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Directperceptionsystemisasystemimprovedbasedont
heindirectperceptionsystem™ Thelearningartificiali
ndicatorsareusedtodescribethetrafficscenewithoutthe
dependenceoneachsub-module.Forexample,whenthe
auto-vehicleisdetectingthedistancebetweenitselfando
thernearbyvehiclesontheroad,forthetraditionalindirec
tperceptionsystem,thetargetvehicleshouldbedetected
bystandardfirst,andthenconvertedintodistancethroug
hthecameramodelcalculation,whilethedirectperceptio
nsystemistolearnthevehiclesdistancebyneuralnetwor
k,leadingtoalowersystemcomplexity.However,thisme
thodisrelativelyweakinadaptabilityandhighinspecifici
ty,andspecifictrafficscenesareneededtomaximizeitsad
vantages.ltmayalsobedifficulttomigratetootherscenes

Theautomaticdrivingsystemusingend-to-endcontrols
ystemdirectlyusestheneuralnetworktraininglearning
methodtolearnthedrivingaction,whichdoesnotdividet
hesystemintomultiplesub-modulestoperceivethedrivi
ngenvironment!™ Thevisualimageisinputinthesyste
maccordingtothetrainedneuralnetwork,andthenthesys
temwilljudgethecurrentcorrespondingleft-turn,right-t
urnorstraight-linedrivingactionsaccordingtothepredic
tedresultsofthenetworkoutput,whichcanbeattributedt
otheimageclassification.Asthenumberoflayersofneur
alnetworkincreases,theabstractionlayeroffeaturebeco
meshigher,andtheapproximationeffectofthesystemfu
nctionbecomesbetter. Thissystemhasalowcomplexity,
andeasytoobtaindata,andmoresuitableforsmallscenari
os.Pomerleaut*?successfullyestablishedasetofautono
mouslandvehicleinaneuralnetwork(ALVINN)in1989,
whichprovedthefeasibilityofend-to-endtrainingneural
networkmodelforauto-driving.
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Atthealgorithmlevel,theautomaticdrivingsystemalsor
eliesheavilyonresearchlevelofdeeplearningandcompu
tervisiontechnologies.Inrecentyears,deeplearningand
computervisiontechnologieshavedevelopedrapidly,b
utitstilltakesalongtimetorealizeautomaticdrivinginan
ycomplexenvironment.Amongthethreecommonauto
maticdrivingmethods,theindirectperceptionmethodis
moretraditionalwithhighsystemcomplexity,alargeam
ountofcomputingresourcesandoftenhighinvestmentc
ost.However,theresearchoftheothertwosystemmethod
sisstillintheearlystage,andtheextensibilityandstability
stillneedtobeverifiedbylong-termtheoreticalresearch.
Themethoddescribedinthisresearchbelongstotheend-t
o-endcontrolmethod,whichissignificantlyimportantfo
rthesystemdevelopment.

2.AnOverviewofConvolutionalNeuralNetworkOr
ganizationoftheText

Convolutionalneuralnetwork(CNN)belongstothecate
goryofartificialneuralnetwork!®! Becauseitsnetwork
modelisusuallycomposedofmultiplelayers,itisalsocall
eddeepconvolutionalneuralnetwork.ltisoneofthetypic
almodelsofdeeplearning. Comparedwiththetraditional
artificialneuralnetwork,convolutionalneuralnetworki
slocallinkandweightsharing,whichreducesnotonlythe
weightnumberofthenetworkbutalsothecomplexityoft
henetworkmodel. Therefore,thenetworkissuitablefort
askswithabundantinformationandlargeamountofinput
data,e.g.,imagerecognition.Thisisalsothereasonwhyth
isresearchchoosesconvolutionalneuralnetworkastheb
asicnetworkmodel.Aconvolutionalneuralnetworkgen
erallyincludesfivelayersneuralnetworkstructures,i.e.,i
nputlayer,convolutionallayer,poolinglayer,fullconnec
tionlayer,andSoftmaxlayer,asshowninFig.1.
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Fig.1.StructureofConvolutionalNeuralNetwork

2.1ConvolutionalLayer

Theconvolutionlayer,calledasfilter,isthemainpartofth
econvolutionalneuralnetworkstructure“. Thefilterisu
sedtoextractthecharacteristicinformationoftheinputda
tabyperformingconvolutioncalculationinthelocalsens
ingdomain.Differentfilterscanextractdifferentfeatures
,suchasshadows,outlinesandsoon.Withthecharacterist
icofweightsharing,itcangreatlyreducethetrainingpara

metersonneuralnetwork. Theconvolutionoperationisth
einnerproductoperation(elementmultiplicationandthe
nsummation)betweentheimagelocalwindowdataandt

hefilteringmatrix,asshowninFig.2. Theleftsidereprese

ntstheoriginalinputdata,themiddlepartisthefilteringm

atrix,andtherightsideisthetwo-dimensionaldataobtain
edaftertheconvolutionoperation.

Center element of the kernel is placed over the
source pixel. The source pixel is then replaced
with a weighted sum of itself and nearly pixels

Source pixel 0 0
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Fig.2.ConvolutionProcedure

Intheprocessof CNNtraining,multipleconvolutioncore
sareoftenusedforconvolutionoftheinputdatal*®. Aftert
hedatawindowconvolutionoperationiscompleted,thed

raph. Themathematicalexpressionoftheaboveprocessi
sshowninEq.1.

D-1F-1F-1
ataW|ndOWW|IIbeshlftedandmoveduntl!alIda}talstrave 3 = f (Z Z de,m,nxd,i+m,j+n +W,) (1)
rsed,andthenthenextconvolutionoperationwillbeproc d=0m=0n=0

essed.Eachconvolutionkernelgeneratesalayerfeatureg
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Where, Xd,i+m,j+n
representstheelementoftheinputimageintheithrowand
jthcolumnofthedthlayer, Wy

representstheweightvalueoftheconvolutionkernelinth
emthrowandnthcolumnofthedthlayer,drepresentsthed
epth.Frepresentsthewidthandheightinformationofthec

onvolutionkernel, A
representsthepartialtermoftheconvolutionkernel, g, ;

representstheelementofthefeaturegraphintheithrowan
djthcolumn,andf()representstheactivationfunction.

2.2PoolingLayer

Thepoolinglayerisinsertedbetweentwosuccessivecon
volutionlayers.Poolinglayeriscommonlyrecognizedas
theconversionofoneimagewithhighresolutionintoanot
herimagewithlowresolution. Itisusedtoreducesamplin
g,thespatialsizeofdatablocksinthenetworkgradually,a
ndthenumberofparametersinthenetwork,whileitimpro
vestheiterationrateofmodellearning,andovercomeove
rfitting!*®).

Similartotheconvolutionlayer,theforwardpropagation
processofthepoolinglayerisalsoperformedbymovingt
hestructureofsimilarfilters.However,thecalculationoft
hepoolinglayerfilterisnottheweightedsumofnodes,but
simplythemaximumvalue. Thepoolinglayerthatusesth
emaximumoperationiscalledthemaximumpoolinglay
er,andthepoolinglayerofthisstructureisusedfrequently
,asshowninFig.3.Thefiltersizeis2x2,andthepooledste
psizeis2,whichmeansthattheinputdataof4x4sizeischa
ngedto2x2throughthepoolinglayer.

Single depth slice

X 111|124
max pool with 2x2 filters S | 1
5|16|7 |8 and stride 2 6 8
'3[2[1]0 3|4
1| 2 PS4
y

Fig.3.MaximumPoolingLayerAlgorithm
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2.3LossFunction

Crossentropyisoneofthecommonlyusedlossfunctionst
oevaluatethegapbetweenpredictedvalueandexpectedv
alue. ThespecificformulaofcrossentropyisshowninEg.
2,wherepandqarerespectivelytheprobabilitydistributi

onsofpredictionandexpectation.

H(p.g) =->" p(x)logq(x) )

Accordingtotheaboveformula,crossentropydescribest
hedifferencebetweentheprobabilitydistributionofpred
ictionandexpectation,butinfact,theoutputofneuralnet
workisnotnecessarytotheprobabilitydistribution,whic
hdescribestheprobabilityofdifferentevents. Theprobab
ilityofanyeventhasaprobabilitybetweenOandl,andther
ewillalwaysbeaneventtohappen.Tosolvetheproblemo
fturningtheoutputofneuralnetworkintoaprobabilitydis
tribution,Softmaxregressionmethodisused.Supposeth
attheoutputpredictionvectorsoftheneuralnetworkarey
1,Y2,...,Yn,thentheoutputafterusingSoftmaxregression
methodis:
. _ e

soft max(y); =y :ﬁ (3)
Accordingtotheaboveformula,theoutputoftheoriginal
neuralnetworkisusedasconfidencetogeneratenewoutp
ut,whichmeetsallrequirementsofprobabilitydistributi
on.Inthisway,theoutputoftheneuralnetworkisturnedint
oaprobabilitydistribution,sothatthedistancebetweenth
epredictedprobabilitydistributionandtheactualprobab
ilitydistributionoftherealanswercanbecalculatedbycro
ssentropy.

Inthisresearch,theprobabilitydistributionofleft-turn,ri
ght-turnandstraight-linedrivingactionspredictedbyC
NNisamulti-classificationproblem,sothelossfunction
usescrossentropy.

2.4NeuralNetworkOptimizationAlgorithm

Thefunctionoftheoptimizationalgorithmistominimize
(ormaximize)thelossfunctionJ(x)byimprovingthetrai
ningmethod.Someparametersinthemodelareusedtocal
culatethedeviationbetweentherealandpredictedvalues
ofthetargetvalueYinthetestset.Basedontheseparamete
rs,thelossfunctionJ(x)isformed.Forexample,weight(

1960



TES'T

Engineering & Management

W)anddeviation(b)areinternalparameterscommonlyu
sedtocalculateoutputvaluesandplayamajorroleintraini
ngneuralnetworkmodels. Theinternalparametersofthe

modelplayanimportantroleineffectivelytrainingthemo
delandproducingaccurateresults. Thisisthereasonwhy

variousoptimizationstrategiesandalgorithmsareusedt

oupdateandcalculatenetworkparametersthataffectmo

deltrainingandoutputtomakethemclosetoorreachtheo

ptimalvalue.

Reversepropagationalgorithmandgradientdescentalg
orithmarethecoreoptimizationalgorithmsofneuralnet
work.Gradientdescentalgorithmistooptimizethesingle
parameterinthenetworktoreducethelossfunction. Ther
eversepropagationalgorithmperformsgradientdescent
onallparametersoftheentireneuralnetwork,optimizesa
IIparametersonthedefinedlossfunction,andmakestheo
veralllossfunctionoftheneuralnetworkreachasmallval
ue.

Adamalgorithmisanadaptivetimeestimationmethod,w
hichcanfurtheroptimizegradientdescentandhasagooda
ccelerationeffectondeepnetworktraining. Thealgorith
mcancalculatetheadaptivelearningrateofeachparamet
er,whichnotonlystorestheexponentialdecaymeanofthe
previoussquaregradientof AdaDelta,butalsoretainsthe
exponentialdecaymeanofthepreviousgradientm.

miisthemeanvalueatthefirstmomentofthegradient,and
viisthenon-centralvariancevalueatthesecondmomento
fthegradient.

m-
1 g
o (4)
R

Then,thefinalformulaforparameterupdateis:

o ®)

Where, B1issetto0.9,B,issetto0.9999,andeissetto10°®.

Inpracticalapplication,Adamalgorithmworkswell.Co

mparedwithotheradaptivelearningratealgorithms,Ada
malgorithmismoreeffectiveanditsconvergencespeedis
faster.Inaddition,someproblemsinotheroptimizationte
chniquescanbecorrected,suchastooslowconvergences

01+1:91_
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peed,disappearanceoflearningrateorparameterupdate
withhighvariance,sothatthelossfunctionfluctuatesgre
atly.

3.StructureDesignofConvolutionNetworkModel

Therearemanykindsofneuralnetworkmodelsthatcanbe
obtainedbycombiningthefivenetworkstructuresofinp
utlayer,convolutionallayer,poolinglayer,fullconnectio
nlayerandSoftmaxlayer,amongwhichmanyexcellentcl
assicalconvolutionalnetworkmodelsareproposedtosol
veimageprocessingproblemswithbettereffects,suchas
VGGNetandResNet.Indeepnetworktraining,ResNeth
asmoreobviousadvantages.Accordingtothelatestreco
mmendationrankingofdeeplearningnetworkmodel,Re
sNethasbecomeoneofthemostrecognizedefficientneur
alnetworkmodels. Theproposeddeeplearningalgorith
madoptstheResNetnetworkmodeltocontrolthetrainin
gnetworkofthecarinthisresearch.

ResNet'smethodaimsatsolvingtheproblemofdeepneur
alnetworkdegradation.Asthedepthoftheneuralnetwor
kincreases,theaccuracycontinuestoriseuntilitreachess
aturation. Ifthedepthcontinuestoincrease,theaccuracy
willdecrease. Thissituationisnotcausedbyover-fitting,
butbecauseintheprocessofneuralnetworktraining,noto
nlytheerroroftestsetincreases,butalsotheerroroftrainin
gsetincreases.Assumingthatthenetworkhasreachedthe
accuracyofsaturation,apairofy=xcompletemappingla
yersareaddedlater,andtheerrorwillnotrise,thatis,thepu
rposeisachievedbyaddingresidualnetworkblocks,assh
owninFigure4.Deeperneuralnetworksshouldnotleadt
oincreasederror. Thefullmappinglayeradditionprincipl
ementionedjustnowisthesourceofinspirationforResN
et.Itworthsmentioningthat,ResNetwonthel LSVRcha
mpionshipin2015andreachedthetop5errorrateof3.57
%.
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identity

Fig.4.ResNetResidualNetworkBlock

Afterfurthertheoreticalresearchverificationanddevelo
pment,ResNetgenerallyhas18layers,34layers,50layer
s,101layers,and152layersdepthsofthesuperiorstructur
e.ResNet-50andResNet-101areparticularlycommonl
yused.TheResNet-50convolutionalneuralnetworkmo
delisadoptedinthisresearch.AsshowninFig.5.,theRes
NetmoduleisapartialincompleteblockofResNet-50(in
cludingthree-layerconvolutionalnetwork),whichiskn
ownasthe"buildingblock™.Accordingtomanyrelevantr
esearches,theResNet-50networkisgenerallydividedin
tofiveparts,namelyconvl,conv2_x,conv3_x,conv4 X
andconv5_x.Eachpartcontainsmultiple"buildingbloc
ks",andthenetworkinall"buildingblocks"has50layersi
ntotal.Finally,imageclassificationisprocessedthrought
hefullconnectionlayerandSoftmaxlayer. TheResNet-5
Oconvolutionalneuralnetworkmodelisimplementedin
TensorFlowframework. TensorFlowisamainstreamde
eplearningframeworkofGooglecompanyopensource,s
upportsavarietyofdeeplearningalgorithms,andcanaut
omaticallycompletecalculusandothercomplexcalculat
ions.Inaddition, TensorFlowprovidestheinterfacetosu
pportC++andPythonlanguage,atthesametimecross-pl
atformoperation. TensorFlowusesdataflowdiagramtod
escribethecalculationprocess,andconvertseachcalcula
tionintoanodeonthecalculationdiagram,andthelinesbe
tweennodesrepresenttheconnectionsbetweencalculati
ons.
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Fig.5.ResNet-50IncompleteBlock

4.SystemDesignandImplementation

ThisdesignadoptsthetoycarcarryingRaspberriespiease
xperimentplatform,andthecarwasdrivenbyusinganUS
Bcameraanddrivemotor. Theimagedatacollectedbythe
camerawastransmittedbyusingtheRaspberrypietother
emotehostviawirelessnetwork,andthenthedrivingpred
ictionresultswasreturnedbytheremotehosttotheRaspb
errypieforexecution.ThisdesignisimplementedbyTen
sorFlowGoogledeeplearningframework.The320*240
resolutionimagedatacollectedbythecarinrealtimewere
takenastheinputofconvolutionalneuralnetwork,andth
edrivingactionofthesametimestampwastakenasthedat
alabel,thatis,eachtrainingdatashouldcontainthefirstvi
sualimageofthecarandtheappropriatedrivingdirection
correspondingtotheimage. Thefirstvisualimageofthec
arandthecorrespondingdrivingactionwereallmanually
selected. Therefore,thisalgorithmwasthesupervisedlea
rningalgorithmandthesamplecollectorwasthesupervis
or.Inaddition,inordertoensuretherepresentativenessan
dadaptabilityoftrainingsamples,datawascollectedund
erdifferentlightintensityandenvironmentalsites. Andth
econsistencyofthedataacquisitionstrategygreatlyaffec
tedtheentirenetworkstudyeffect. Thecardataacquisitio
nwasfocusedonthefirstrepresentativeofvisualimages,
suchasthecarinfrontofbarrier-freewaskeptdrivingdire
ction,whenclosetotheobstaclebegantoadjuststeering,
whichismoreconducivetoimageclassification. Thedata
acquisitionshouldalsotrytoreducetheoccurrenceofbad
data,topreventtheoverfittingcausedbynoisedata. Thesa
mpledatawasdividedinto80%trainingsetand20%tests
et,andthetrainingsetwasdividedintosmallbatchsetagai
n,whichwastrainedbyAdamadaptivelearningrateopti
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mizationalgorithm. Thenetworkoutputtheprobabilityd
istributionofforward,theleftandright,andcrossentropy
wasusedasthelossfunction.Bycontinuouslyreducingth
elossfunctionandupdatingtheweightofnetworktrainin
gparameters,theoptimalvaluesofalltrainingparameter
swereachieved.Incontrast,anoptimalabstractfeaturesa
mplerwastrainedintheconvolutionlayer.Afteroneiterat
ionoftraining,thetestsetwasusedforverificationtocalcu
latethetestsetaccuracy.Accordingtothehightestsetaccu
racy,aneuralnetworkmodelwithgoodeffectwasfinally
obtained.

4.1HardwareDesign

Accordingtothefunctionalrequirementsoftheautomati
cdrivingsystembasedonend-to-endcontrol,thehardwa
rewasmainlydividedintofourparts:motordrivedesign,

cameradesign,Raspberrypihardwareplatform,andrem
otehostPCterminalinteraction. Theoveralldesignframe
workisshowninFig.6.

DCmotordriverchipL298N:receiveRaspberrypieands
endPWMsignaltocontrolmotorrotation.

Raspberrypi3Bmaincontrol:collectcameradataandsen
dframedatatoPCthroughwirelesswifi; AcceptthePCter
minaldrivingactioninstructionstodrivethemotor.

USBcamera:collectreal-timeimagedatawhenthecaris
moving.

Remotehost:receivetheframedataofRaspberrypieandc
alculatethepredictionresultofconvolutionalneuralnet
workmodel,returnthedrivingcommandtoRaspberrypi
e.

Motor drive circuit

I

Raspberry pie

I

Camera

k— PC side

Fig.6.HardwareDesignBlockDiagram

Published by: The Mattingley Publishing Co., Inc.

July-August 2020
ISSN: 0193-4120 Page No. 3672 - 3680

4.2SoftwareDesign

Firstly,systemloggedinRaspberrypieremotelythrough
networkprotocolSSH.Then,makesurethatthetimezone
andtimesynchronizationbetweenRaspberrypieandPC
beforedatasamplecollectionbegan.Itthencalledthecam
eraintheRaspberrypieusingtheffmpegtoolandstoredth
evideobufferstream.ltstartedtheprogramscripttorecei
vethedrivingcommandofthecar,andcreatedanewcom
mandreceiverwebapplicationserviceintheRaspberrypi
e,whichisresponsibleforreceivingandexecutingthedri
vingactiononthewirelessnetworkatanytime.

ThePCsidereadtheimageframedatafromffmpegserver
serviceportofRaspberrypieinrealtime,andusedOpenC
VtoopenthevideostreamonthePCside.Whileobtaining
thecameraangleofRaspberrypie,theaccesscommandre
ceivedthewebservice.RaspberrypiereceivedthePCkey
boardkeyvaluefromtheport. Accordingtotheanalysisof
keyvalues,itistofindthecorrespondingdrivingcomman
dandtoachievethecomputerremotesynchronouscontro
lofthecar.Fig.7.andFig.8.respectivelyshowtheflowcha
rtofPCandRaspberrypie.

Start

A A
Send request for video Browser access to

streaming service the driving service

A 4

Save video

streams

Fig.7.SampleDataCollectionSoftwareDesignFramew
orkofPC
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port

Determine

Save and record the service Video streams service
service type
Car driving service
A 4 *
Save driving Interpret  driving Send  video
action action and streams
execute

Fig.8.SampleDataCollectionSoftwareDesignFrameworkofRaspberryPie

4.3SystemTest

Thesiteofthesoftwarecollectionwasinroom04010,zho
nghailoulaboratory,GuangdongOceanUniversity.First
ly,thebackgroundwebservicereleasedbyRaspberryPI
wasaccessedontheremotehostterminal,andthenthekey
boardkeyvaluewastransmittedthroughthewirelessnet

worktocontrolthecarmovementandrecordthetimestam
pofthedrivingaction.Meanwhile,theRaspberryPlinthe
carsentthecameradatatothehostforvideostreamingdata
storage.Finally,thetimestampsofthevideostreamanddr
ivingoperationswerematchedandpackagedintosample
data.Fig.9showsdataacquisitionprocess.

Fig.9.DataCollectionProcess
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TheframeworktoolofTensorFlowwasusedtotrainRes
Net-50neuralnetworkmodel,inwhichthesystemselecte
dthegraphicscardplatformNVIDIAGTX1050,collecte
dabout2GBimagedatavolume,anditeratedtrainingforl
00timesintheconvolutionalneuralnetwork,andtheGP
Uconsumedabout30hoursintraining.Aftertheinputofs

-

training accuracy:
training accuracy:
training accuracy:
training accuracy:

M

-

-

-

training accuracy:
training accuracy:
training accuracy:
training accuracy:

(2}
al
p
E}
4)
5
6
7
8
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ampledata,thenetworkmodelkeptlearningandtraining.
Withtheincreaseofthenumberofiterations,theaccuracy
becamehigherandhigher,upto89%.Theexperimentalre
sultsshowthattheframeratecanreachabove30fpswithhi
ghaccuracy.Fig.10showsthetrainingpartialresultsofth

econvolutionalneuralnetwork.

training accuracy: 0.3499999940395355, validation accuracy: ©.44999998807907104
0.5, validation accuracy: 0.5249999761581421
0.5, validation accuracy: 0.4749999940395355
0.574999988079071, validation accuracy: 0.6499999761581421
0.4749999940395355, validation accuracy: 0.5249999761581421
training accuracy: 0.5, validation accuracy: 0.4000000059604645
0.574999988079071, validation accuracy: 0.5
0.5, validation accuracy: ©.6000000238418579
0.675000011920929, validation accuracy: 0.574999988079071
0.6000000238418579, validation accuracy: 0.675000011920929

training accuracy: b.6000090238418579, validation accuracy: 0.574999988079071

training accuracy:
training accuracy:
training accuracy:
training accuracy:
training accuracy:
training accuracy:
training accuracy:

.675000011920929, validation accuracy: ©.550000011920929
.699999988079071, validation accuracy: 0.824999988079071
.699999988079071, validation accuracy: ©.699999988079071
.574999988079071, validation accuracy: 0.5

.625, validation accuracy: 0.550000011920929

.75, validation accuracy: 0.625

.625, validation accuracy: 0.6000000238418579

Fig.10.PartialResultsofNeuralNetworkTraining

Fig.11.TestResultUsingNeuralNetwork

5.Conclusions

Inthisresearch,anend-to-enddrivingschememodelbas
edondeeplearningwasdesignedandimplemented. Ther
eal-timetrafficimageswerelearnedthroughtheconvolut
ionalneuralnetworktomapoutthecardrivingactions.Th
isresearchfirstlyintroducedthedeeplearningalgorithm,
namelythedeepconvolutionalneuralnetworkalgorithm
,anddescribedthestructuremodel,principleandmethod
oftheconvolutionalneuralnetwork.Secondly,thestruct

Published by: The Mattingley Publishing Co., Inc.

ureoftheconvolutionalnetworkmodelwaspresentedin
detail. Thirdly,theGoogleTensorFlowdeeplearningope
nsourceframeworkwasusedtotrainalgorithm.Experim
entalresultsverifiedthefeasibilityofend-to-endautono
mousdrivingtechnology. Thedefectofthissystemisthatt
hesensorisnotperfectandthesystemislimitedbytheunc
omplicatedfield. Theoveralldesignofthesystemneedst
obefurtherimprovedwithcorrecttheoreticalsupport,wh
ilethedeeplearningalgorithmtheoryneedstobedevelop

edoveralongerperiodoftime.
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